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Executive summary

In recent decades, agricultural support of the pean Common Agricultural Policy (CAP)
has increasingly shifted from market price suppodasures to budgetary payments. This
development has made support more visible andaised public attention to the distribution
of support, which in turn increased political awaess of the topic. Fittingly, the European
Commission (2012, p. 8f) states in iBeport on the Distribution of Direct Aids to
Agricultural Producers for the financial year 20%hat “direct payments have lost their
compensatory character over time and have incrgigsiecome a support ensuring a certain
farm income stability” and that “the proposals foe CAP after 2013 [...] aim to reduce the
discrepancies between the levels of payments addtafter full implementation of the current
legislation, between farmers, regions and MembateSt.

This interest regarding redistributive effects gfrieultural policy is also reflected in the
scientific literature. Most of the literature ingHield, however, is ex-post and static in nature.
Despite the undoubted usefulness and importanes-pbst analyses, they are of limited use
when it comes to the evaluation of policies that planned to be implemented in the future.
Since the outcomes of future policy reforms carimotested in a laboratory counterfactual
situations have to be constructed artificially.

Simulation models are tools frequently used for élxeante analysis of policy reforms. In
other scientific areas, e.g. poverty analysis »rédorm analysis, it is quite common to assess
impacts of macroeconomic shocks on income disiobuton a national scale by the
application of behavioural ex-ante models and rigfgrto the level of individual incomes.
The level of aggregation is particularly importamthe analysis of redistributive effects since
heterogeneity is exactly the parameter under cersiibn and the first best level of
disaggregation for inequality analysis is the imdlixal level. Hence, methods were developed
to commonly analyse impacts of macroeconomic shookan aggregate and individual level
by combining outputs of macro models with indivitakata; mostly large population or
household surveys.

Similar tools for the measurement of impacts ot@@at or macroeconomic policies on the
individual farm income level are less frequent tloe agricultural sector and, apart from few
exceptions, ex-ante studies of redistributive eéff@t agricultural policy are rare.

Yet, in general, ex-ante policy impact analysigha agricultural sector has a long tradition.
The combination of models to jointly assess effettglifferent levels of aggregation and
taking behavioural effects into account is very omon. Most of the model chains, however,
take farm groups or average farms into accounterathan accounting for effects at the
individual farm level. Some attempts have been madsombine macro or sectoral models
with micro models, which incorporate the behaviaidrindividual farms. Such research,
however, is often restricted to the analysis oftaiertypes of farms. In general, ex-ante
analyses of redistributive effects among individéeims on a supra-regional level in the
sense of evaluating a counterfactual distributidnintome with regard to a reference
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distribution of income including an assessmentrofjpessivity or related concepts can hardly
be found for the agricultural sector.

Against this background, the main objective of thiwk is to develop a tool that is able to
consistently assess impacts of agricultural polay individual farm incomes, thereby
building on existing modelling approaches and thaking behavioural effects into account
for the ex-ante analysis of redistributive effeatsgricultural policy. Subsequently, different
liberalization scenarios are defined and a detailealysis of redistributive effects is carried
out for the western German agricultural sectorh®ydpplication of methodologies borrowed
from the field of tax progressivity analysis. Theye several contributions to the
understanding of modelling inequality effects arexdey methodologically as well as
empirically.

The modelling system consists of three layers. /& sectoral and the meso-level two
previously developed large scale models are applige European Simulation Model
(ESIM) is an agricultural sector model with a sgdocus on the CAP. It depicts the world
agricultural sector — though in different degreésegional disaggregation — and quantifies
effects of agricultural policy at the European ameimber state level. It is, however, unable to
estimate intra-sectoral income changes at the fau®l. The Farm Modelling Information
System (FARMIS) is a more disaggregate model tleaiatis the German agricultural sector
in great detail. It applies 628 homogenous farnugsoand is used in the modelling chain to
estimate impacts on the intra-sectoral distributadnincome at the meso-level. The two
models at the sectoral and meso-level are condigtarked via an iterative solution process.
After convergence is achieved between ESIM and FARNhe integrated results are further
processed in a micro model, estimating impacthairtdividual farm level. The micro model
has been developed for this study, is static imineatand relies on the results of the meso-
model.

After changes in individual incomes are calculadsd first step by the modelling system for
different scenarios, model results are analyse@ isecond step by the application of a
methodology for the measurement of redistributiffeats that was originally developed for

the analysis of tax reforms. Based on the comparsod decomposition of relative and

absolute Gini coefficients, detailed redistributivgpacts of changes in agricultural policy are
presented. This methodology is applied for thet fiisne in an ex-ante analysis of

redistributive effects in the agricultural sectorthe best knowledge of the author. For the
analysis, scenario results for the year 2020 aatuated relative to the income distribution of
a reference scenario where the CAP is still ingliac2020.

To account for different conceptual impacts of &gy analysis on results, the analysis is
carried out at different aggregation levels, fdfedent income classifications, and for income
data generated in a static way in comparison ta gaherated by the modelling system.

It can be stated that inequality effects are rolwistt regard to the conceptual differences
tested for, at least in terms of the directionr&quality changes. All calculated liberalization
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scenarios lead to decreasing absolute income elfées among western German farms in
2020 because high-income farms lose higher absalataints of money than small-income
farms. Relative to their Baseline incomes, howel@v-income farms tend to lose a higher
share compared to high-income farms which leadsmdreasing relative inequality due to

liberalization. Only one exemption from this pattexf results exists: if grouped results are
disaggregated and total household income is coregidastead of family farm income.

With regard to the different policy instrumentstutns out that the abolishment of market

price support is more progressive in absolute teantsless regressive in relative terms than
the abolishment of direct payments. This is becanseme reductions caused by the

abolishment of market price support is more undgutstributed (a higher share of losses in

the upper tail of the distribution and a lower ghiar the lower tail) than losses caused by the
abolishment of direct payments.

Additionally, a decomposition of inequality effeadé CAP liberalization by subgroups is
carried out in this work. When the Gini coefficierd decomposed, three inequality
components can be defined: inequality within subpgsy inequality between subgroup means
and a term that arises when distributions of suljggare overlapping. From the overlapping
term the state of segregation of the farm populatth regard to subgroups can be derived.
Furthermore, a more detailed picture of the undeglyprocesses of inequality changes can be
revealed with this methodology.

The analysis is carried out with regard to différgnouping criteria. In a first analysis,

subgroups refer to farm types while in a secondyarsa subgroups refer to the region a farm
is located in. Based on this analysis, the impagaof the group of dairy farms for inequality
effects is discovered.

Even though the defined minimum requirement of aPQ&form (a positive redistributive
effect in absolute terms) is fulfilled in all cortted scenarios, it is difficult to give policy
recommendations based solely on these analyses saultstributive effects are only one
concern of agricultural policy. The developed médgltool mainly is suited to observe
(unintended) distributional effects of CAP reformshich is not intended to be the sole
decision criterion, but rather to complement oghaicy analyses.

In summary, this work provides an innovative coralion and extension of different
simulation models, which enables the ex-ante measemt of income changes for individual
farms. This information in turn facilitates the maeement of redistributive effects in the
agricultural sector taking behavioural effects iatwount. The new modelling system is able
to answer questions which might become more retefancoming reforms of the CAP. In
combination with advanced methodologies for the sussment of redistributive effects and
for the decomposition of inequality indices, theltoan provide valuable contributions to the
development and design of agricultural policy.
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Zusammenfassung

Verschiedene Reformen der letzten Jahrzehnte hdizeAusgestaltung der Gemeinsamen
Agrarpolitik (GAP) der Europaischen Union grundledeverandert. Traditionelle Instrumente
der Marktpreisstutzung wurden in zunehmendem Mafechd Direktzahlungen an
landwirtschaftliche Betriebe ersetzt. Diese Entiiol fihrte zu einer erhéhten Transparenz
in der politischen Stutzung des Agrarsektors uncktdl die Frage der Verteilung von
Subventionen starker in den Fokus des offentliciberesses. Die Verteilungsaspekte der
europaischen Agrarpolitik fanden daraufhin verdt&ikgang in den politischen Diskurs und
wurden unter anderem von der Europaischen KomnmmissidhremBericht zur Verteilung der
Direktzahlungen an Landwirte flr das Geschaftsjabt 1aufgegriffen.

Das gesteigerte Interesse an den Verteilungswisumnigr Agrarpolitik spiegelt sich auch in

der wissenschaftlichen Fachliteratur wieder. Deo($Bil der wissenschaftlichen Arbeiten zu
diesem Thema besteht jedoch aus ex-post Analysdnwumde ohne Einbeziehung von

maoglichen Verhaltensanderungen einzelner landvnaflicher Betriebe in Reaktion auf

agrarpolitische Mal3hahmen und ihre Effekte durdifgyef Trotz des unbestrittenen Nutzens
von ex-post Analysen sind diese jedoch nur vonesialgranktem Wert fir die Evaluation der
Folgen politischer Reformen vor ihrer Umsetzung.pohtische Reformen vorab jedoch nicht
in einer neutralen Umgebung getestet werden konmérssen kontrafaktische Situationen
durch die Anwendung von Modellen kinstlich erzeugtden.

Fur diese Art der Politikfolgenabschatzung wird alegalBig auf Simulationsmodelle
zurtckgegriffen. In anderen wissenschaftlichen Béen — beispielsweise in der Analyse
von Armutseffekten oder in der Analyse von Stederreen — ist es gangige Praxis, die
Auswirkungen makrodkonomischer Verédnderungen auf e di individuelle
Einkommensverteilung eines Landes durch die Anwegdeon Simulationsmodellen vorab
zu bewerten. FiUr die Bewertung von Verteilungseéfiekist die Aggregationsstufe des
verwendeten empirischen Modells essentiell. DaHB&rogenitat der Einkommen bewertet
werden soll, ist die First-Best-Aggregationsstuife die Analyse von Verteilungseffekten der
individuelle Einkommensbezieher. Folglich wurdentMelen fir die simultane Modellierung
von Auswirkungen makrodkonomischer Anderungen aufchh aggregiertem und
individuellem Level entwickelt. Fir diese Art vomalysen werden haufig Ergebnisse aus
Makromodellen mit umfangreichen Haushaltsdatensdtpenbiniert.

Ahnliche Instrumente fir die Bemessung von Auswiden sektoraler oder
makrookonomischer Politiken auf die Hohe individeleEinkommen gibt es weniger oft fur
die Analyse des Agrarsektors. Von seltenen Ausnahahbgesehen, sind ex-ante Studien zu
den Wirkungen von Agrarpolitik auf die individuellEnkommensverteilung im Agrarsektor
kaum zu finden.
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Grundsétzlich gibt es jedoch eine lange Traditiordér Entwicklung von Modellen fir die
Politikfolgenabschéatzung im Agrarsektor. Auch dambinierte Nutzung von verschiedenen
Einzelmodellen fir die gemeinsame, konsistente Bewg von Politikszenarien auf
verschiedenen Aggregationsstufen ist Ublich. Diestae Modell-Kombinationen beziehen
sich jedoch auf die Auswertung von Betriebsgruppter Durchschnittsbetrieben als
niedrigste Aggregationsstufe. Es existieren einigasatze, die Makromodelle mit
Mikromodellen verknupfen, die ihrerseits Verhal@mmsassungen einzelner Betriebe
abbilden. Viele dieser Studien beschranken sicbgedauf die Abbildung von bestimmten
Betriebstypen oder Regionen. Grundsatzlich istztdslten, dass bislang nur sehr wenige
Uberregionale ex-ante Analysen von betriebsindefidn Verteilungseffekten durchgefuhrt
wurden. Unter einer Analyse von Verteilungseffekisgrdabei eine vergleichende Bewertung
verschiedener Einkommensverteilungen unter Zulalieme von Konzepten zur
Progressivitatsmessung oder verwandter Konzeptematehen.

Vor diesem Hintergrund ist es Ziel der vorliegend&rbeit, eine Analysemethode zur
simultanen und konsistenten Bewertung von agrarpcti induzierten
Einkommensverteilungswirkungen auf aggregierter uratriebsindividueller Ebene im
Agrarsektor zu entwickeln. Dabei wird auf bereitestehende Einzelmodelle zur
Politikfolgenabschéatzung zuriickgegriffen. Mit derntwickelten Methode werden
verschiedene Liberalisierungsszenarien der eurcipéis Agrarpolitik ausgewertet. Eine
detaillierte Analyse von Auswirkungen auf die batsindividuelle Einkommensverteilung
wird fUr den westdeutschen Agrarsektor prasentizgabei werden verschiedene methodische
und empirische Beitrage zum Verstandnis der ex-Btudellierung von Verteilungseffekten
geleistet.

Das in der vorliegenden Arbeit entwickelte Modedtgym besteht aus drei verschiedenen
Stufen. Auf der sektoralen Ebene und dem Meso-Lkweimen zwei bereits existierende
Modelle zur Politikfolgenabschatzung zum EinsatasD,European Simulation Model”
(ESIM) ist ein Agrarsektormodell mit einem stark&wokus auf die europaische Agrarpolitik.
Das Modell wird zur Quantifizierung von agrarpdaah induzierten Effekten auf europaischer
Ebene sowie auf Ebene der Mitgliedstaaten verwendeifgrund seiner hohen
Aggregationsebene kann das Modell jedoch nicht Bestimmung von intra-sektoralen
Einkommensanderungen verwendet werden. Hierzu dasl ,Farm Modelling Information
System” (FARMIS) hinzugezogen. Letzteres operiafteaner niedrigeren Aggregationsstufe
und bildet die Produktionsseite des deutschen Agkaors in grof3erem Detail ab. In dem
Modell werden 628 homogene Betriebsgruppen verwendem intra-sektorale
Einkommensanderungen auf dem Meso-Level abzubilden.

Die beiden Modelle werden in einem iterativen Psszeniteinander verlinkt. Nachdem
Konvergenz zwischen ESIM und FARMIS erreicht isgrden die Ergebnisse fur die 628
Betriebsgruppen in einem Mikromodell weiter disaggert. Das Mikromodell wurde fir die
vorliegende Studie entwickelt. Es handelt sich umstatisches Modell, das keine eigenen
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Verhaltenséanderungen einzelner Betriebe abbilded eng auf das FARMIS Modell
abgestimmt ist.

Die in einem ersten Schritt unter Anwendung des &llsgstems simulierten

betriebsindividuellen Einkommensanderungen werdeginem zweiten Schritt analysiert. Zu
diesem Zweck wird eine Methode zur Messung von éflerigseffekten angewendet, die
ursprunglich fur die Analyse von Steuerreformenwerkelt wurde. Basierend auf einem
Vergleich und einer Zerlegung von relativen und oftlten Gini-Koeffizienten kénnen

detaillierte Aussagen Uber die Auswirkungen vonagglitischen Reformen auf die
Einkommensverteilung im Agrarsektor getroffen werdBiese Methode wird nach bestem
Wissen des Autors zum ersten Mal im Zusammenhangemer ex-ante Analyse flr den
Agrarsektor verwendet. Auswirkungen verschiedenerefofnszenarien auf die

Einkommensverteilung im Agrarsektor werden fur dihr 2020 mit Bezug auf die
Einkommensverteilung eines Referenzszenarios betyem welchem die GAP nach
aktuellem Stand im Jahr 2020 implementiert ist.

Um den Einfluss verschiedener methodischer Ansdifelie Ergebnisse abzuschétzen, wird
die Analyse flr verschiedene Aggregationslevelsei@iedene Einkommensklassifizierungen
und verschiedene Arten der Berechnung von Einkorsdreterungen (statisch versus
modellbasiert) durchgefihrt.

Bezuglich der Ergebnisse kann konstatiert werdeags ddie getesteten konzeptionellen
Unterschiede mit einer Ausnahme keinen Einfluss di@fRichtung der Verteilungseffekte

haben. Die simulierten Szenarien, die einen Abbawu Abrarpolitik beinhalten, fihren zu

einer Verringerung von absoluten Einkommensuntédgem zwischen westdeutschen
Betrieben im Jahr 2020. Betriebe, die im Referemzaro ein hohes Einkommen erzielen,
verlieren durch eine Liberalisierung absolut geseheehr Einkommen, als Betriebe mit
geringerem Einkommen in der Referenzsituation. tRetpesehen verlieren jedoch Betriebe
mit geringerem Einkommen einen groReren Anteil ShReferenzeinkommens in 2020 als
Betriebe mit hoherem Referenzeinkommen. Diesed fitheiner Vergrél3erung von relativer
Ungleichheit, aber zu einer Verringerung von abwolWngleichheit. Fur die Abschaffung

der Marktpreisstitzung wird eine starkere Progvéiési in absoluten Werten und eine
weniger starke Regressivitat in relativen Wertemeggsen, als fur die Abschaffung von
Direktzahlungen.

Zusatzlich werden in der vorliegenden Arbeit die fekfe auf die sektorale

Einkommensverteilung in Effekte fir einzelne Untegpen zerlegt. Durch die Zerlegung des
Gini-Koeffizienten koénnen drei Ungleichheits-Komgorten unterschieden werden:
Ungleichheit in den einzelnen Untergruppen, Undleeat zwischen den

Durchschnittseinkommen der Untergruppen und einenanente fur die Uberschneidung
der Einkommensverteilungen einzelner Untergrupperand der letzten Komponente kann
der Grad der Segregation verschiedener Untergrufpestimmt werden. Aul3erdem wird
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durch die Zerlegung ein detaillierteres Bild dergaundeliegenden Verteilungsprozesse
gezeichnet.

Die Zerlegung in Ungleichheits-Komponenten wird @amth verschiedener Kriterien getestet.
Fur eine erste Analyse werden Untergruppen nacheBstypen und fir eine zweite Analyse
nach Regionen gebildet. Basierend auf dieser Methatden beispielsweise starke Einfliisse
der Gruppe der Milchviehbetriebe auf die Gesaméierig aufgedeckt.

Obwohl die definierte Mindestanforderung an eineRaAberalisierung — ein ausgleichender
absoluter Verteilungseffekt — in allen Szenaridfilkrwird, konnen Politikempfehlungen auf
der Basis der Modellergebnisse nur eingeschranktgeletet werden, da die
Verteilungswirkung von Agrarpolitik nur ein Bewentgskriterium unter Vielen ist. Die in der
vorliegenden Arbeit entwickelte Methode ist haupldi@h geeignet zur Quantifizierung von
(unbeabsichtigten) Effekten auf die Einkommensvertg. Ergebnisse sollten allerdings in
Kombination mit Kennzahlen verwendet werden, dieneei Erreichung weiterer
agrarpolitischer Ziele wiederspiegeln.

Zusammenfassend lasst sich sagen, dass die vodiegebeit eine innovative Kombination
und Erweiterung verschiedener bestehender Simokhodelle prasentiert, die eine ex-ante
Messung betriebsindividueller Einkommensanderungermdglicht. Die mit dem
Modellsystem generierten Ergebnisse wiederum ernctiggh eine Evaluierung von
agrarpolitisch induzierten Effekten auf die Einkoemaverteilung im Agrarsektor unter der
Bertcksichtigung von Anpassungseffekten auf bdidkeér Ebene. Auf Grundlage des
Modellsystems konnen Umverteilungsfragen beantwowterden, deren Bedeutung fir
zukUnftige GAP-Reformen weiter zunehmen dirfte.
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1 Introduction !

In its early years, the European Common Agricultéralicy (CAP) was designed to foster
production and ensure food security, predominatmifgugh high commodity prices, border
protection and export subsidies. After serious f@wmis such as overproduction, high
administrative costs, and environmental damage® w&perienced in the 1970s and 80s,
fundamental reforms were implemented. Due to aesedf reforms, starting with the

McSharry reform in 1992, the CAP became more maokeinted. Classical market price

support measures as intervention prices and exuirsidies were gradually reduced and
replaced by budgetary payments, so called “diregtnents” (DPs). DPs were initially

introduced to compensate farmers for declining mtagkice support and were coupled to
production. In 2003 it was decided to decouple nebgthe payments from production since
decoupled payments are assumed to be less markgetrtidg than coupled payments
(European Commission, 2013).

Moreddu (2011) argues that due to this shift froarkat price support measures to budgetary
payments, agricultural support becomes more visilnlé consequently, the distribution of
support among farmers has gained more public aterfittingly, the European Commission
(2012, p. 8) states in its annudgport on the Distribution of Direct Aids to Agrittural
Producersthat “direct payments have lost their compensatbigracter over time and have
increasingly become a support ensuring a certam facome stability” and Schmid et al.
(2006, p. 2) argue that the CAP “has evolved framaHocative towards adistributive
policy”. Increasing public interest in the distrilmn of agricultural support and the question
of ‘who gets what’ is reflected by media coverageg( tagesschau.de, 2009) and in the
specialized press (e.g. Agra-Europe, 2013, p. BysTequity issues in the agricultural sector
also increasingly become an area of political canc&he European Commission (2012, p.
8f) e.g. claims that “the proposals for the CARRR013 [...] aim to reduce the discrepancies
between the levels of payments obtained afterifgilementation of the current legislation,
between farmers, regions and Member States”. Ajreind 1998 OECD ministers of
agriculture agreed that, among other criteria, mmess of agricultural policy should be
equitable (OECD, 1998).

Besides growing public and political interest, thare also good economic reasons to analyse
the effects of agricultural policy on income distriion in the agricultural sector. Mishra et al.
(2009) for instance refer to links between farmoime inequality and technology adaption,
productivity, sector growth, and further socialiss such as family health.

This interest is also reflected in the scientifterbture (see Section 5.2). However, most of
the literature regarding redistributive effectsagfricultural policy is ex-post and static in
nature. Several studies focus on the distributibdigect payments (e.g. Keeney, 2000; El

! Parts of this section are identical with partsiedipter 1 in Deppermann et al. (2013).



Benni and Finger, 2012). Fewer authors also taleztsf of market price support into account
and aim to assess redistributive effects of thelevlsystem of agricultural support (e.g.
Allanson, 2006; 2008; Moreddu, 2011). Furtherm@@ne attempts are made to evaluate
impacts of possible future reforms of EU agricudfypolicy on individual farm incomes at the
national level in an ex-ante way, but without takany behavioural effects into account (e.g.
Severini and Tantari , 2013).

Yet, despite the undoubted usefulness and impatahex-post analyses, they are of limited
use when it comes to the evaluation of “distribmdilbimpacts of policies or policy designs
thatdo not currently existout thatmightexist in the future” (Bourguignon and Ferreira, 200
p. 123). For such an exercise, counterfactual tsios have to be constructed. In the best
case, incentive effects of individuals are taketo inonsideration since they “respond to
policy changes by changing their own actions” dangf “counterfactual[s] must rely on some
representation of [...] behaviour” (ibidem, p. 124).

Simulation models account for behavioural effedtst the measurement of inequality is
highly sensitive to the aggregation of individuata and the traditional approach of applying
few representative groups within a simulation motlehed out to be inadequate due to
unobservable changes in inner-group inequality (Baignon et al., 2005; Savard, 2005). The
share of total inequality that is accounted forrhgasuring inequality between groups is
expected to increase with the number of subgroypspalation is divided into, other factors
being equal (Shorrocks and Wan, 2005). Still, d®E et al. (2005) empirically find, even a
relatively high number of subgroups may coincidehwa high within-group inequality
component.

In other scientific areas, e.g. poverty analysigaor reform analysis, it is quite common to
assess impacts of macroeconomic shocks on incostréodiions on a national scale by the
application of behavioural ex-ante models and refgrto the level of individual incomes. To
this end, methods were developed to commonly aeahgpacts of macroeconomic shocks on
an aggregate and individual level by combining atgmf macro models with individual data;
mostly large population or household surveys. Déife approaches are extensively reviewed
in section 2.3.3 of this study.

Similar tools for the measurement of impacts ot@@t or macroeconomic policies on the
individual farm income level are less frequenttfoe agricultural sector. An example is a tool
presented in Keeney and Beckman (2009), Keeney9j2@mhd Hertel et al. (2007), which
combine a computable general equilibrium (CGE) rhedth a large-scale farm household
survey. However, the link to the micro level isadgished through identical changes for all
farm households in labour allocation, consumptiod @roduction and thus heterogeneity
mainly is introduced by farm specific differencagnitial income sources. Other attempts are
made to combine macro or sectoral models with migradels, which incorporate the

2 However, it shall be mentioned that in their weti a relatively high number of individuals is bedded in an
average group.
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behaviour of individual farms; however, such reskas often restricted to the analysis of
specific types of farms. Some model chains, howed@include a high number of individual
farms (e.g. Louhichi and Valin, 2012) and mightdx¢éendable to represent the whole sector.
Furthermore, in principle, the LElI model funnel ggated by van Tongeren (2000) and
Woltjers et al. (2011) would enable the analysismacroeconomic impacts on individual
farm incomes via the Financial-Economic Simulatioodel (FES), which is an FADN
based, non-behavioural accounting model on thdesiiagm level. However, the analysis of
redistributive effects among individual farms on a supra-regional levak mot been
conducted so far, to the best knowledge of the cauivith any of these models. Income
effects rather are reported in more aggregated formspecific farm types or regions.

Further tools worth mentioning are models, whichidefarms at regional or farm type level,
e.g. the CAPRI model (Britz and Witzke, 2012). Tdn&sds of models are suitable to assess
income changes at a certain level of disaggregativmot on the single farm level.

Yet, even though ex-ante studies which explicitijm aat the estimation of redistributive

effects of agricultural policy are rare, in gengrak-ante policy impact analysis in the
agricultural sector has a long tradition. The camabibn of models to mutually assess effects
at different levels of aggregation, taking behavabieffects into account, is very common
(see section 2.3.2 for a review of different linkimpproaches).

Against this background, the main objective of thiwk is to develop a tool that is able to
consistently assess impacts of agricultural polay individual farm incomes, thereby
building up on existing modelling approaches andsthtaking behavioural effects into
account for the ex-ante analysis of redistribug¥fects of agricultural policy. Subsequently,
different liberalization scenarios are defined andetailed analysis of redistributive effects is
carried out for the western German agriculturakseby the application of methodologies
borrowed from the field of tax progressivity anadydn doing so, several contributions to the
understanding of modelling inequality effects areadey methodologically as well as
empirically.

The modelling system consists of three layers. g sectoral and the meso-level two
previously developed large scale models are applied European Simulation Model (ESIM,
Grethe, 2012) is an agricultural sector model vaitetrong focus on the CAP. It depicts the
world agricultural sector — though in different degs of disaggregation — and quantifies
effects of agricultural policy at the European levr¢owever, it is unable to estimate intra-
sectoral income changes at the farm level. The FMtadelling Information System

(FARMIS, Osterburg et al., 2001; Bertelsmeier, 20086fermann et al., 2005) is a more
disaggregate model that depicts the German agiralilsector in great detail. It applies 628

3 Farm Accountancy Data Network
* The term ‘redistributive effects' in this case koitly refers to the evaluation of a new incomstdbution with
regard to another income distribution and the assent of progressivity or related concepts. It dugsrefer to
the pure calculation of income changes in differegions or for different farm types, as for exagptesented
in Louhichi and Valin (2012).
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homogenous farm groups and is used in the modeadhiagn to estimate impacts on the intra-
sectoral distribution of income at the meso-levdle two models at the sectoral and meso-
level are consistently linked via an iterative $iolo process.

The ESIM model depicts the German agricultural @etiiroughrepresentative individuals
(Kirman, 1992) for supply and demand, not differatimg between the different actors within
the sector. Thus, ESIM is clearly exposed to thiticsr regarding the representative
individuals approach, especially in terms of aggtiem biases. Due to its more disaggregated
structure, the FARMIS model is able to incorporatdividual behaviour in more detail.
Particularly, biophysical constraints and individudifferences e.g. in terms of factor
endowments can be accounted for. Neverthelesstodilie application of farm groups rather
than single farms, results also are supposed toidsed by aggregation, however, to a far
lesser extent than in ESIM. Thus, due to the ctersiscombination of the two models the
aggregation bias in ESIM probably will be relax@the determination of the impact of the
joint application of the models on the results e esub-goal of this study. To this end,
differences in the reaction of both stand-alone ef®do the same price changes will be
discussed in chapter 4.2 before mutual resultpr@sented.

After convergence is achieved between ESIM and FARMhe mutual results are

subsequently further processed in a micro modethviestimates impacts at the individual
farm level. The micro model has been developedHhisr study, is static in nature, and relies
on the results of the meso-model. Comparabilityveet corporate and family farms cannot
be ensured when using family farm income (FFI)ragdicator for income. Thus, due to the
dominance of corporate farms in eastern Germarsylte regarding the measurement of
inequality are presented for western Germany only.

The methodology for the measurement of inequalityhis study is traditionally developed
and applied in the field of tax analysis. Basedtm comparison and decomposition of Gini
coefficients, detailed redistributive impacts ofaoges in agricultural policy are presented.
Inter alia, different measures of agricultural ppl{DPs vs. market price support) are assessed
regarding their redistributive impacts and diffdresoncepts of inequality (relative vs.
absolute) are applied.

Due to an application of data at different aggregalevels (farm groups vs. individual farms)
the magnitude of the aggregation bias regardinguality parameters due to data grouping is
assessed. Furthermore, to assess the relevancenksf between market income and
agricultural support, a static analysis is conddi@ed compared to the model based analysis.
In addition, analyses for different concepts ofoime (i.e. family farm income vs. total farm
household income) are compared regarding theirstrdolitive outcomes. Results are
discussed with reference to existing insights ftbmscientific literature.

Furthermore, a detailed analysis of inequality @Hewith regard to farm types and regions is
presented. To this end, the overall farm populaisosubdivided into farm type and regional
groups, respectively. Subsequently, the Gini inbyuandex is decomposed with regard to
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these groups. Thereby, effects can be distinguishtdrespect to within-group inequality,
between-groups inequality, and an overlapping tdime. latter is conceptually closely related
to stratification characteristics of the overaliniapopulation and to the best knowledge of the
author, the methodology is applied for the firstdiin agricultural sector impact analysis.

The present study consists of seven chapters. Aalipthis introduction, inChapter 2the
theoretical background for this study is provided alevant literature for the combination of
models depicting different levels of aggregationrasiewed. InChapter 3the modelling
chain which is established and applied afterwandsis work is described in detail. Scenario
descriptions and sectoral results are providedCirapter 4 Chapter 5is dedicated to
introducing the methodology which is applied fore ttmeasurement of inequality and
redistribution. Furthermore, literature which isncerned with the distributional effects of
agricultural policy in the agricultural sector isviewed and subsequently, redistributive
effects are presented for different liberalizatsmenarios in western Germany.Ghapter 6a
subgroup decomposition of inequality effects issprded. InChapter 7 the work is
summarized and concluded.



2 Heterogeneity and Simulation Model Coupling — Theoetical
Considerations and State of the Art

The endeavour of the following lines is to give aaming to the term ‘simulation model'.
Thereatfter, potential problems of utilizing aggregidata in simulation models are discussed.
One possible way to overcome these problems arsihtoltaneously assess impacts at the
macro and micro level is the combination of différestand-alone models. A subsequent
literature review is presented on the coupling ofleis for the purposes of agricultural sector
analysis and the measurement of inequality impacts.

2.1 Simulation modelling

Empirical models are suited for the evaluation olitigal reforms in complex environments.
Models are able to reduce complexity by abstracting certain degree from reality and by
focusing on the problem area under consideration.

If a policy reform is already implemented, ex-pastlyses can generate valuable insights on
the outcomes of that reform. However, if informatmn the possible outcomes of a reform is
desired as basis for decision-making before a mef implemented, ex-ante analysis is
required. Since in economics the outcome of poleforms can hardly be tested in a
laboratory, a simulation of the likely outcomes s@nve as a substitute to provide the desired
information. Thus, conducting ex-ante analyses meamswering ‘what if' questions by
generating a counterfactual situation that can @@pared to the status quo or to other
simulated scenarios. Consequently, to generate uatedactual situation as realistic as
possible, the behaviour of actors under consideratieeds to be taken into account and
incentive effects should be incorporated (PeicBQ® Bourguignon and Ferreira, 2003).

To conclude, simulation models generally are téotghe execution of ex-ante analyses and
at best, take behavioural effects into account. él@wr the latter is not an inevitable
condition since certain questions may require imftron on first-round effects. Furthermore,
no model can account fall behavioural effects. From this perception, a statodel may
simply be seen as a variation of a behavioural iinbdé assumes constant behaviour.

The impacts of a policy reform may have various efisions. In the absence of the ‘world
model’ (van Tongeren et al., 2001), specific polstyulation tools exist in various fields of
research, are concerned with different problems, @ conducted at different levels of
aggregation. To concretize the very broad definitd simulation models given above, in the
following, different types of models, which are dreently applied for ex-ante policy
evaluations in the agricultural sector, are intimeth Subsequently, micro-simulation models,
which are typically applied for the analysis of istdbutive effects, are introduced. Only
model types which are relevant for the work at hand those that are closely related are
discussed since manifold approaches of simulatimdets exist and the field is very
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fragmented. Thus, several other modelling appraaetiech by definition also are simulation
models are not explicitly mentioned in this ovewie

One model type, which is, among applications in ynather research fields, regularly utilised
for economic ex-ante analyses of agricultural pedicis the CGE model. CGE models rely on
general equilibrium theory. They depict all sectaisd agents (households, firms and
government) of an economy and their interrelatiai@ugh mostly on a high level of
aggregation. The reactions of agents are spechigdunderlying functional forms and
exogenously implemented behavioural parametersthéumore, optimizing behaviour of
agents is assumed. The objective of the models isvaluate the impacts of changes in
exogenous parameters on endogenous variablessdompde on prices and quantities. For this
purpose the models are calibrated to a consisegatet which was observed at one point in
time. This procedure ensures that observed dateephlieated when the model is solved for
the base period. For the generation of counterfhctoenarios, one or more exogenous
parameters are changed and the system is forcdémhdoa new equilibrium with newly
calculated endogenous variables (Hertel et al.72B@ichl, 2009).

Other frequently applied models are partial equiilitm (PE) models. Similar to CGE models,
in PE models behaviour is determined by functidoahs and behavioural parameters. Also,
optimizing behaviour of agents is assumed and tbdefs are calibrated to observed base
year data. However, in contrast to general equilfbrmodels, partial models only depict one
sector of the economy. For the agricultural seofan industrialized country, the underlying
assumption is that the sector is so small thateedldack effects exist to other sectors of the
economy. Thus, macroeconomic indicators and otlaerables like the rate of technical
progress are introduced exogenously. The advantégeartial equilibrium modes of the
agricultural sector is that interrelations betweemand and supply of agricultural products
can be depicted in greater detail (van Tongerexh €2001).

The third model type is well established at themfdevel and is based on programming
approaches. Models in this category are also pantaels since only the agricultural sector
is considered. Mostly, only the supply side is nilede or the programming model is
combined with a demand component to endogenoushyuadt for price effects in agriculture,
as well (see e.g. CAPRI, Britz and Witzke, 2012)e basic concept of programming models
relies on the depiction of several farm groups Whace represented by an objective function
that is optimized under several constraints. Thopr@ach, in general, allows for a more
disaggregated and detailed depiction of agricultpraduction compared to equilibrium
models.

For the analysis of policy induced redistributiviieets, micro-simulation models frequently
are applied. Micro-simulation models are “microatial partial models focusing on one side
(usually the household side) of markets” (Peicl@p2 p. 305) and “allow simulating the
effects of a policy on a sample of economic aggnikat the individual level” (Bourguignon

and Spadaro, 2006, p. 77). When applied for théysisaof redistributive effects they mostly
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are based on large population or household sunBxysrguignon et al. (2008b) differentiate
between models with micro accounting and modelé& Wwéhavioural micro simulation. The
first group of models are static models and doatiotv for the adjustment of consumption or
production when prices are changed and thus, omy-rbund effects are taken into
consideration. The latter models take behavioufatts into account to a certain degree and
often rely on econometric approaches.

A subcategory of micro-simulation models which freqtly is applied in the analysis of the
agricultural sector is subsumed under the termriagased models’ (ABM). ABMs aim to

model behaviour of individual farms (agents) aneirtinteraction with each other. The ABM

approach usually relies on income maximizing behawviof the agents and builds on
mathematical programming techniques. It allows tfog integration of detailed economic
factors (like e.g. transaction costs) or of nonrernic factors that have impacts on individual
behaviour (Kremmydas, 2012). Most of the ABMs dapg the agricultural sector are
applied on a regional scale, though exemptionswaadable: The SWISSland model (Mack et
al., 2011) e.g. depicts the whole Swiss agricultseator. However, ABMs have rarely been
applied for the analysis of redistributive effeictshe agricultural sector, so far.

In general, models operating at a high level ofraggtion typically depict the economy in a
less detailed manner. However, variables may chdhge nature at different levels of
aggregation, i.e. being exogenous at the individengl but endogenous at the macro level
(Laborte et al, 2007). The trade-off between gditgr@nd scope on the one side and detailed-
ness on the other can be observed in many modedhegcises (e.g. Gohin and Moschini,
2006). In the following sections, biases that trlaaek to the aggregation of data are discussed
in more detail before the coupling of different stealone models is discussed as one
possibility to overcome this trade-off.

2.2 Heterogeneity and aggregation

Depending on the type of aggregation, differenesypf biases may occur. Potential biases of
empirical models due to the utilization of aggregatlata will be discussed briefly in the next

section. Subsequently, the specific problems dd dgfyregation with regard to the analysis of
distributional effects will be presented.

2.2.1 Aggregation biases in simulation modelling

Depending on the type of model and the particulggregation of the underlying data,
different types of errors presumably occur in mbagl exercises. One can distinguish
between individual aggregation, special aggregatmoduct or sectoral aggregation, and
temporal aggregation of data.

When data oveindividualsare aggregated, the heterogeneity of the basdagimpuneeds to
be taken into account to draw reliable inferenaeag@gregate reactions on parameter changes
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e.g. in the political environment of a sector (&Stpker, 1993). Heterogeneity of farms might
stem from various sources, such as different rettonscale, environmental constraints, or
management abilities, which can be subsumed uhddetm production technology. Usually,
equilibrium models apply behavioural parameterscilare econometrically estimated or rely
on expert knowledge to determine the intensityeations of their implemented agents. Even
if these parameters take heterogeneity fully intooant, they cannot account for a likely
changing composition of individual farms which presbly leads to changing marginal
reactions of the aggregate. Furthermore, policessgthed to have different impacts on certain
types of farms (e.g. the currently discussed cappihdirect payments for the post-2013
phase of the Common Agricultural Policy of the Eap hardly be depicted in models which
work with highly aggregated data. Thus, a highlygragated model might lead to
considerably differing results compared to a mogi@érating at a disaggregated level. A
similar argument counts for the depiction of bigsgibal or environmental constraints which
might be binding for some individual farms but fat others.

Spatialaggregation errors are virtually all a special-syie of individual aggregation errors
as individual characteristics related to a regia@uhponent are taken into account. Different
adjustment reactions might be caused in differegtons due to region-specific constraints in
production (e.g. environmental requirements) orargjly designed policy measures (e.g. the
regional model of direct payments in Europe). Défe regions might face different prices
(e.g. due to transportation costs). An aggregaiiaT regions excludes this and may therefor
lead to biased results.

Other biases might occur in models due to aggregatver differentproductsor sectors
When combining different products or factors tocenmon aggregate one implicitly treats
them as perfect substitutes, which certainly lgadstronger biases the more heterogeneous
the products are.

Narayanan et al. (2010) describe the disadvantaigesing sectoral aggregated data for trade
policy analysis in CGE models. They argue that pobdpecific tariffs and policies cannot

properly be depicted in models with highly commypdiise aggregated data as many
products are not explicitly identified. Furthereyhfind aggregation biases due to “false
competition”. This term refers to a situation whé&rgo countries that do not compete in a

third market at the disaggregated level (e.g. orpoks engine blocks and one auto
transmissions), may appear as competitors at aregatg (auto parts) level” (Narayanan et
al., 2010, p. 755).

Data aggregation ovetime has not been widely discussed explicitly in relatiwith
simulation modelling. Nevertheless, it is clearlly ioterest when dealing with seasonable
labour or harvesting periods for example. Furtheendme and adjustment processes are
crucial parameters in the analysis of policy refer(@an Tongeren, 2000) since short run
effects may be oppositional to long run effects.



Clearly, in more disaggregated models lower agdgi@gydiases are expectedteris paribus
Building models in a more disaggregate way, howeoften comes at the cost of restricting
the scope of the area depicted in the model.

Findings on the importance of aggregation biasesmnpirical work, however, are ambiguous.
Shumway and Davis (2001) for example review nineliss focusing either on individual or
commodity-wise aggregation and find that the majareport small inferential errors due to
aggregation. The authors also found, however,ititaiding distributional information about
individuals generally reduces the existing erroragigregation over individuals. Wu and
Adams (2002) argue that the prediction accuracyagdregate models is not necessarily
problematic, especially if over-predictions for sammdividuals are compensated by under-
predictions for others. However, other studies l&kg. Charteris and Winchester (2010),
Narayanan et al. (2010) or Bektasoglu et al. (2Gikf) serious problems due to sectoral
aggregation and large impacts on simulation results

2.2.2 Data aggregation and measurement of inequalify

In general the measurement of inequality is higidysitive to the aggregation of data since
heterogeneity is exactly the parameter under cersiidn. The impact of the information loss

due to aggregation becomes most obvious in theemetrcase when there is only one
aggregate group used for simulation (e.g. with thpresentative individual approach).

Without any information on the distribution of arteén variable — let's assume income — an
inequality measurement is impossible.

Consider a population being divided itonutually exclusive groups anti®® representing an
additively decomposabléncome inequality index of the form:

(1) Jtotal — pwithin 4 [between

where I"™" is a (weighted) sum of income inequality inside khgroups and®"*®"the
inequality between subpopulation means (DeutschSilier, 1999). In the extreme case of
just one representative group, all the desiredrinétion would be hidden if"™" whereas
only 1®™**"would be measurable, but without any meaningimdase. Obviously, inequality
inside of aggregated groups is not observable hus, the loss on information generates a
downward bias in the measurement of overall inetyudly only incorporating grouped
income data, even with a higher number of groups.

® It shall be mentioned that these studies are eoadewith testing for inferential errors due to egggtion, but
not explicitly are related to any kind of simulatimodelling.
® Parts of this section are identical with partstodipter 1 in Deppermann et al. (2013).
" The term ‘additively decomposable’ refers to theperty of an inequality index, to be subgroup deposable
into exactly two terms: the between-groups inequalomponent which is gained by replacing all indial
incomes by subgroup means and the within-group ooapt, which is a weighted average of inequalitshimi
subgroups. As will be seen later on, the Gini doiffit e.g. is not additively decomposable in thénse
(Deutsch and Silber, 1999).
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However, since for a long time many official statis only provided classified income data,
some methodologies were developed to deal withotdoairring bias and to approximate the
real overall inequality. Two approaches can bamdjsished which are sometimes commonly
applied. One is based on the calculation of upperlawer bounds of the distribution. The
lower bound is derived by assuming that all memizéra group have the same (average)
income — which basically means settif§" to zero — and the upper bound is derived by the
calculation of maximum possible inequality insitie single groups. Ogwang (2006) gives a
recent survey on existing approaches. Neverthesesae minimum descriptive information
about the single groups is required. In generabwkedge of the income bounds (the
minimum and maximum income inside one group) oep#dequate information is necessary
for the computation of the maximum possible ingideup inequality.

A second way to deal with grouped income data lisutph the application of a functional
form that satisfies the properties of a Lorenz eui@gwang, 2006). However, at least some
observed points of the Lorenz curve are requirecafmeaningful utilization of this method.
These minimum requirements are met in most classificome data, because the groups are
non-overlapping and static, but usually not whesuged data are used in policy simulatidns.
Since mostly analysts are interested in (averagg)me effects of subpopulations defined by
diverse attributes other than income (e.g. gerateq, etc.) income bounds of the subgroups
are overlapping. Furthermore, bounds can only keemied in the moment of calibration,
when the groups are generated on the basis ofidudiv data. After conducting scenario
simulations with the model, only average valuesodrgervable for groups.

Even if the goal is not the identification of theaet effects on overall inequality but rather the
effectiveness of a certain policy (e.g. does ingtyualecrease at all?), it is not a priori
unambiguous that measurement of sole between-ginapsality detects the direction of the
change of overall inequality. To identify the charaf total inequalityAItot@ = AJvithin 4
AIbetween it has to be ensured, that the change of the wmebd within-component is not
overcompensating the change of the between-compo8award (2005), Bourguignon et al.
(2005) and Ahuja et al. (1997) empirically show timgortance of within group inequality. It
also becomes clear that the occasionally used apiprto exogenously define inequality
within groups and apply the distribution with a newerage income after the simulation is not
sufficient to capture unambiguously the effect®wdrall inequality changes, because there is
no reason why income distribution should be unaéi@dy different scenario assumptions.
Nevertheless, for an approximation of the effeats tbe absolute level of poverty this
approach may be judicious (e.g. Pereira da Sihah. €2003).

Clearly, with an increasing level of disaggregat{pa. an increasing number of groups) and
an increasing homogeneity of the individuals graupegether, an increasing part of the
necessary information is expected to shift from uhebservable into the observable part of
inequality (Shorrocks and Wan, 2005). A sufficiéenel of disaggregation, however, is a

8 Unless subgroups consist of only one individubtaurse.
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priori not ascertainable. Elbers et al. (2005), fiostance, empirically find that even a
relatively high number of subgroups may coincidehwa high within-group inequality
component. Thus, the first, best level of disaggtieg for inequality analysis is the
individual level.

To avoid the occurrence of all kinds of aggregatiases, more disaggregated and detailed
models are required. These kinds of models, orother hand, often fail to adequately take
into account interactions at the macro level. Teroeme the trade-off between detailedness
and generality, different stand-alone models carcdgpled. In the following section, the
current state of research on coupling differentdation models is introduced.

2.3 State of the art of model coupling for agriculturalsectoral policy
impact analysis and the assessment of income redibution

This chapter starts with a look at the motivationcobuple stand-alone models, which is
mentioned in the literature. Subsequently, an deervof different attempts of model linkages
is given. Due to the manifold usage of simulatioodeis in policy analysis the focus is laid
on two specific strands of literature, which aréatedd to the present work and may be
understood as a pragmatic way of summarizing releitarature.

One strand of literature refers to the combinatbstand-alone simulation models that focus
on the agricultural sector (including side effefcis example on the environment or land use
effects) and is presented in section 2.3.2. Thexeonly a few attempts which aim at an ex-

ante analysis of redistributive effects of agriotdl policy and even fewer which apply a

modelling chain for that purpose. Nevertheless, esanodel chains estimate reactions of
individual farms on sectoral policy changes. Gelheraimulation model based analysis of

macroeconomic impacts on income distribution haanksone in numerous ways, however,
mostly with regard to household income or povessues on the consumption side. These
studies are surveyed in section 2.3.3.

For the sake of completeness it shall be mentidhatiredistributive effects of agricultural
policy have been analysed in manifold ways, buthii& of the studies are ex-post studies. A
few ex-ante analyses have been carried out, yethéyapplication of static models. The
respective literature will be reviewed extensivelgection 5.2.

2.3.1 Motivation

Looking into the literature, authors give seveedsons why they combine different models.
Helming and Banse (2008, p. 371) state that a f'cb&imodels gives results that are more
realistic and consistent with the economic behavaduthe different levels of aggregation”
and that “linking models also allows to conduct remmic analysis which covers various
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degrees of regional and commodity coverage”. Fder@fann (2008, p. 361) the “increased
coverage” and the “improved consistency of scesaroe also major advantages of linking
models. Britz (2008, p. 363) mentions the “combinedlysis of economic and environmental
consequences of policy”. Helming et al. (2006) Kuthlman et al. (2006) argue that different
models possibly create diverging results for thmesavariable and that linking different
models can counteract this issue, while creatingenmupnsistent results with economic
behaviour at different aggregation levels. Bohrmged Rutherford (2006, p. 1) recognise
that with an increasing level of aggregation “madelay also violate fundamental physical
restrictions”.

Summing up, two main arguments are at the centtmkihg models: besides the increased
consistency and plausibility of the analyses dubdtier depiction of behavioural effects at
different aggregation levels, the increased nunobebservable variables to evaluate a policy
simultaneously from several different perspectijes. market effects and environmental
effects) is mentioned.

Both of these objectives are also central to tlesgmt work. Models are coupled to broaden
the scope of the analysis and observe effects lafypchanges on income distribution, which
requires the combined measurement of price effcés aggregate level and income effects
on the individual farm level. Second, the accuraicgupply reactions to policy changes under
consideration shall be increased by the combinatfahfferent models.

2.3.2 Linking simulation models for policy impact assessment purposes in the
agricultural sector

Different simulation models are coupled in differarays by using data from other models or
providing data for other models (Britz, 2008). Ihetliterature, coupling attempts are
commonly distinguished by their degree of modetgnation (e.g. Banse and Grethe, 2008b).
Britz (2008, p. 363f) divides linking approachesoirthree classes: ‘model chain without
calibration’, ‘one-way calibration’ and ‘sequentiatalibration’. In this chapter, his
classification is used to give an overview aboutent attempts of coupling models. The last
category, however, is referred to as ‘iterativé&ilng’ instead of ‘sequential calibration’.

Not considered are cases where exogenous varidtggsopulation or GDP growth estimates
are simply implemented in stand-alone models. @pigroach is very common and virtually
no simulation model would be able to run withoutlsexogenous information. The focus of
this review relies on approaches using differentdet® to conjointly answer a specific
research question by conjointly calculating a pobcenario and comparing it to a common

° This distinction might seem artificial, as in maogses a more detailed depiction increases the eupfb
variables as well as the consistency of the armlydevertheless, the distinction adds valuable rdteal
insights to understand, why models are coupledwdrat kind of advantages and challenges couplingdsléa.
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reference scenario. This clearly distinguishesveeie model linkages from implicit linkages
that utilize results of other models to createfaremce scenario itself.

The first category (‘model chain without calibratipis the oldest way of linking models. For
this approach one model is used to generate datahwubsequently is used to shock another
model. This approach results in an informal coupbmce inconsistencies commonly arise in
the conjoint outputs due to differences in undedydata, functional forms and assumptions
of the stand-alone models. Nevertheless, so catiidinkages are less vulnerable in terms of
model evolution compared to more integrated forinsadel coupling since different models
usually are run by different persons or institusiofritz, 2008). Soft linkages often are
applied to combine more than two models with eablero

One such modelling system is presented by van Tfend@000). In his article he presents the
“LElI Modelling Funnel” which consists of models regenting five different levels of
aggregation, starting with a global CGE model andiry up at the farm process level
represented by technical models. In between, maatelsapplied representing the EU, the
Netherlands and the farm level. These models aupled in a top-down manner where
results from a higher aggregation level are useskagenous information in the models at the
next aggregation level. The main focus of the mddehel is CAP analysis. Since the
informal way of model coupling (without any calibom or iteration) is applied, the funnel is
characterized as “loosely coupled”. Van Tongeref0(® opposes the disadvantage of
possible inconsistencies in results to the advantafgpreciseness, which can be achieved
through personal communication and as a consequanoeking underlying assumptions
explicit due to the discussion of specific resulka. update of the model funnel is presented
by Woltjer et al. (2011). However, the main couglimethodology still relies on soft linkages
between the models.

In principle, the model funnel would enable the lgsia of macroeconomic impacts on
individual farm incomes via the Financial-EconorSicnulation model (FES; see Woltjers et
al., 2011), which is an FADN data based, non-behaai accounting model on the single
farm level. Price and policy changes are exogeyaugblemented and mapped to the single
farms while taking replacement investments intoswberation. However, the analysis of
redistributive effects among individual farms onsapra-regional level has not been
conducted so far, to the best knowledge of theauth

A similar coupling approach is applied by Manegetdl. (1998), Bertelsmeier et al. (2003)
and Offermann et al. (2012) which present the “Wddeling Funnel” and its precursors.
They use different models at different aggregatievels to analyse agricultural policy
impacts from the global to the farm group leveldarmany. Like van Tongeren (2000) they
couple different stand-alone models in an informval, so that the single models still are
independent from each other. Bertelsmeier et &l03p state that due to the exchange of
information and the coordination of important modskumptions, a mutual monitoring of
results is achieved. This approach is also apphedowicki et al. (2009) for the common
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analysis of agricultural policy with a general angartial equilibrium model. A comparative
overview about model funnels is given by Brockmeied Urban (2008).

Breen et al. (2005) take commodity and input piic®rmation from the partial model
FAPRI-Ireland and feed them into optimization maded single farms to measure the effect
of decoupling of direct payments at the farm lefeel cattle, tillage and dairy farms in the
Irish agricultural sector. Production decisionstla¢ farm level are modelled by linear
programming models for each relevant FADN farmirgyon the assumption of net margin
maximization.

In the second category (one-way calibration) modeés coupled in such a way that one
model generates results, which in turn are usedhi@rcalibration of a second model. This
procedure usually is applied in a bottom-up marmamer shall ensure that a certain part of the
higher aggregated model behaves in the same wayhé&disaggregated model does.

An example for this category is the work of BritzdaHertel (2011) who combine a partial
equilibrium programming supply model of the agriathl sector with a global general
equilibrium model to analyse environmental impaaftbiofuel policies. Based on sensitivity
experiments the highly disaggregated supply maglelsed to generate a set of compensated
own- and cross-price supply elasticities for crapugs to represent aggregate EU supply
reactions. The standard production functions inGBE model are replaced by more flexible
functions which then are calibrated so that theegatied elasticities are replicated. In this
way, supply behaviour of the two different modslgnsured to be consistent.

A similar approach is described in Pérez Domingeezal. (2009). They develop the
EXPAMOD meta-model to econometrically parameted@zenarket model using simulated
price reactions of bio-economic farm level mod&spply response of the farm level models
is extrapolated depending on prices, farm- andrenmental characteristics. Regional supply
modules of a market model are then calibrateddedlestimates.

Louhichi and Valin (2012) combine a CGE model agr@gramming model of agricultural

supply of the French arable sector to estimate atspaf biofuel policies at the farm level. In

the programming model behaviour of all individuedlale farms of the French FADN sample
is modelled. In a first step, elasticities geneddig the farm level model are implemented in
the CGE model. Subsequently, price changes arelatdd by the CGE model for different
scenarios and the farm level model is shocked whith new prices. Income effects are
presented on a regional basis. Since only arabhesfare modelled, redistributive effects of
the whole agricultural sector cannot be estimated.

A less formalized approach is applied by Banse@rethe (2008b) combining a CGE model

with a partial agricultural sector model for theabysis of different CAP liberalization

scenarios. In principle their approach is a simplapping down of results that are

endogenously calculated in the CGE model and exagdy implemented in the partial

model (very much similar to the “without calibratioapproach). However, additionally a

detailed comparison of supply response of the tifferdnt models for the same scenario is
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carried out and in case of major deviations the Gfaitlel is recalibrated to reproduce the
generally more plausible results of the partial slod

The third category of model coupling (‘iterativenking’) aims at full consistency of the
combined models. This is mostly achieved by amiiee procedure where results of one
model are mutually used as input in another maliisson et al. (2009) use this approach to
couple a CGE model with a PE model of the agricaltsector. The purpose of their exercise
is to exploit the models specific strengths — aitled depiction of the agricultural sector in
the partial and the representation of the wholemesty in the general model — and at the
same time avoid conflicting results. The full ligk the models is achieved by iteratively
running the models. Thereby price changes are leddol by the CGE model and
implemented in the PE model and the sectoral respah the PE model is mimicked via
shifting the functions in the CGE model until corpence is reached.

Helming et al. (2006) couple a CGE and partial nhodiéere the latter is a mathematical
programming model for the Dutch agricultural sectaran iterative procedure real product
price changes and changes of sectoral productvéygenerated by the CGE model and used
as exogenous inputs in the programming model. Eurtbre, the non-linear cost terms of the
programming model are calibrated to CGE resulte giogramming model in turn generates
changes of agricultural production which are exogsty implemented in the CGE model.
This procedure is continued until convergence antbegnodels is achieved. Kuhlman et al.
(2006) apply the same model chain and identify thatstrongest differences between model
results (in the first iteration) can be observed fwoducts where quantitative policy
restrictions are in place. This is due to the fhat the CGE model does not take such bounds
into account and tends to overestimate changesoduption. A similar procedure for the
combination of a CGE with a programming supply modepresented in Béhringer and
Rutherford (2005) for the energy sector.

A global aggregate agricultural market model is ststently combined with non-linear
regional programming models representing the cbtbeo CAPRI model (Britz and Witzke,
2012). CAPRI itself is a PE model for the agrictalusector aiming at the analysis of
agricultural policy changes. The linkage of the kearand the supply modules is carried out
via a sequential calibration procedure, whereby rierket models supply functions are
iteratively calibrated to the results of the pragraing models which in turn are driven by the
prices provided by the market models (Britz, 20@)cht et al. (2013) use the CAPRI model
to calculate effects of different scenarios of dirpayment harmonization for regional farm
types in Europe. They report income changes on raesthte and farm type level.

Grant et al. (2007) present another iterative aogptxample. However, their partial model is
not represented as a quadratic programming probleum, is a mixed-complementary

formulation subsector model representing the ds@ctor for trade analysis at the tariff line.
With price changes generated by the higher aggedg@GE model and aggregate price
response in the dairy sector generated by theapartdel convergence is achieved “after just
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a few iterations” according to the authors (Grardlge 2007, p. 274). Comparing model chain
results with stand-alone results of the CGE motledy conclude that aggregate welfare
changes are quite robust, but that output respandetrade flow reactions to dairy market
liberalization tend to be underestimated by th&éaEOmodel.

An iterative linkage between a CGE and an integragssessment model measuring policy
impacts on bio-physical processes is presentedpens of van Meijl et al. (2006) and Prins et
al. (2011). Here, sectoral production growth ratasd use and productivity changes are
provided by the CGE model and implemented in the-pbiysical model which in turn
delivers yields, land supply and feed efficiendgsao the CGE model. Due to this procedure
a harmonization of land use in both models is agte

Deppermann et al. (2012) link an energy system inade an agricultural sector model to
assess the outcomes of EU greenhouse gas emisgigation policies. In their stand-alone
versions, biomass supply is exogenous to the ersrsiem model and biomass demand for
energy production purposes is exogenous to thecudgmal sector model. Through an
iterative combination of the models, demand anglupf energy crops are endogenized.

An attempt at measuring impacts on the single faking market price effects into account is
presented in Valdivia et al. (2012). Their approatdesn’t exactly fit into one of the
categories used before as they basically extendrra fevel supply model (the Tradeoff
Analysis Model, TOA) by a single demand module, ahhihey refer to as model coupling.
The TOA model consists of bio-physical process nwded economic decision models
representing a statistically representative saroplarms in a specific region. Based on the
individual farm results an aggregate regional csapply curve is estimated. This regional
crop supply curve is augmented by a demand mouddiieh enables the model system to also
endogenously take price changes at the regional lato account. In a final step the new
equilibrium price is implemented in the disaggregatmodule again. Valdivia et al.
demonstrate their approach with a case study ®oK#nyan region Machakos. The modelling
system enables an ex-ante analysis of outcome®lmlypreforms in terms of poverty or
inequality based on single farms in the agricultsector. However, the analysis is restricted
to a regional scale, where the occurrence of peltanges is assumed because of poorly
integrated markets, and to the depiction of a fespg only.

Another approach for the consistent assessmentpddts at the sectoral and individual farm
level is presented by Helming and Schrijver (2008)their work they combine a partial
equilibrium model for the European agricultural teeavith a programming model for the
Dutch agricultural sector and a bio-economic mawel individual dairy farms. The two
aggregate models are treated as a one-model systdnare iteratively linked to the bio-
economic dairy farm model. Prices of agriculturaimenodities and factors are calculated at
the more aggregate level and passed to the biomsedormodel, which in turn delivers area
specific results on yield changes, animal dengity anit costs per type of dairy cow to the
more aggregate models.
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2.3.3 Linking simulation models for policy impact assessmnt purposes on poverty and
income distribution

Tools for the ex-ante analysis of redistributivgpants of macroeconomic or sectoral policies
in the agricultural sector taking effects at thagi farm level into account are rarely
presented in the literature. Even though some @gpes exist which account for impacts at
the individual farm level, most of them only depa&tshare of farms like e.g. dairy farms
(Helming and Schrijver, 2008) or arable farms (Lichhand Valin, 2012). Only a few tools
with a sector-wide coverage of individual farms gresented and seldom applied for the
analysis of redistributive effects in the agrictdilusector. Noticeable exemptions can be
found in Keeney and Beckman (2009), Keeney (2088 Hertel et al. (2007) which all
apply the same model chain in their studies (séaw)eMany more studies are concerned
with impacts of macroeconomic shocks on povertyiandme distribution among the overall
population.

The measurement of inequality effects based onréuitional approach by the application of
a few representative household groups (RHG) withirmacro model turned out to be
inadequate due to the unobservable changes in-gmoap inequality (Savard, 2005;
Bourguignon et al., 2005, see also section 2.Z1)s, methods were developed to commonly
assess impacts of macroeconomic shocks on an aggragd individual level by combining
outputs of macro models with individual data, mp&irge population or household surveys.
In general, any kind of macro model can be appiadhis kind of analyses. However, in
most of the cases macro models are of the CGE(Bmarguignon et al., 2010).

Apart from the traditional RHG approach, one castidguish three different approaches of
macro-micro-economic modelling for the analysiglstributional effects (based on Mussard
and Savard, 2018) the top-down approach, the iterative approach #rel integrated
approach. Similar to the approaches of model cogpfor policy impact analysis in the
agricultural sector, approaches are distinguishgdtheir degree of model integration.
Nevertheless, categories are differently definedesiother, more integrated approaches exist
in the literature of ex-ante modelling of distrilmuntal effects.

Following the top-down approachmacroeconomic shocks are implemented in the macro
model and solution variables are used as extenpaits at the individual micro-level. This
procedure implies that no feedback effects are waded for in this kind of analysis.
Bourguignon et al. (2008b) further differentiatee thop-down approach into two sub-
branches: the top-down approach with micro accagnénd the top-down approach with
behavioural micro simulations. In the former indwals do not adjust their consumption or
production (quantities) to changing prices, whiokams that only first-round effects are taken

9 For other possible classifications see e.g. Bdgrmn et al. (2008a) or Agénor et al. (2004).
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into account. The latter approach involves a micooemic model that additionally accounts
for behavioural responses.

Depending on the richness of information availablehe applied survey data, the micro
accounting procedure might vary in specificity. Floe simplest alternative, individual data
on total consumption or total income are requirad #he relative consumption or income
changes provided by the macro model for the resmectpresentative household group are
used to scale all incomes of corresponding indidslu(or households). This simple
procedure, however, still does not account for haierogeneity inside the groups. If the
survey contains more disaggregated data on incamgasition (factor types or transfer
sources) or even commodity specific informationratividual consumption, this information
can be used to account for more heterogeneity.ré&sgective macro model results can be
matched to different types of factors or transterd individual real incomes can be adjusted
by the calculation of an cost-of-living index faxah individual (Lofgren et al., 2003).

According to Bourguignon et al. (2008b) the advgataf the micro accounting method is the
straightforward implementation giving consideratido the largest impacts of the

macroeconomic shock on individuals. They conclinde tirst round effects approximate total
welfare effects accurately in the short to medium and if price changes are small and
markets competitive.

Such a micro accounting approach is chosen by Keame Beckman (2009), Keeney (2009),
and Hertel et al. (2007) to assess distributiongbacts of WTO reforms or changes in
agricultural policy in the U.S. agricultural sectdio this end, in their papers they apply a
CGE model (GTAP) which is refined to distinguishtveeen market clearing wages and
capital rents for agriculture and non-agricultuiehe model implies one representative
household for each region. After the CGE modehcked results are combined with a large-
scale farm household survey to estimate welfaragés of individual farm households.

Keeney and Beckman (2009) assume that individuaisétoolds in the U.S. behave in

accordance with the representative household #itts the U.S. in the CGE model. Labour
allocation (on- versus off-farm), production andnsomption response as well as price
changes are identical for all households. Thusgrbgeneity is introduced by farm specific

differences in initial income sources. Income cleangre deflated by a consumer price index
and first-round approximations of welfare changes aalculated for each household.

Distributional effects are identified on the basfiglecile groups.

Keeney (2009) and Hertel et al. (2007) apply thenes&CGE model and farm household
survey, however, only superficially explain howyHmk CGE results to disaggregated farm
households. Keeney (2009, p. 1290) draws on "factarkets linking the macro- and micro-
components of a policy simulation” and Hertel et @007, p. 300) refer to “the general
equilibrium changes in product and factor pricess @mbined with disaggregated household
data to evaluate the welfare impact on differerttugs of farm households”. To the best
knowledge of the author, these three studies aenly ones which are explicitly aimed at an
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ex-ante measurement of distributional effects andbricultural sector. The following studies
refer to impact assessments of macroeconomic shamtksoverty and income distribution
among the overall population.

Ravallion and Lokshin (2008) also apply the top doapproach with micro accounting to
assess welfare impacts of different trade polidprres for cereals in Morocco. For their
analysis they commonly use a CGE model and a holgssample consisting of 5,117 single
households. The CGE model is applied in a firgb stesimulate price changes for different
trade policy scenarios. In a second step, thes® mihanges are used to calculate welfare
gains for individual households in monetary teris.prices and wages are not included in
the household survey data, price changes are veeidiyt their corresponding expenditure and
revenue shares (including earnings and househalduption activities) and the first order
approximations of welfare changes per householdgaieed by the difference between
revenue and expenditure changes. Subsequentlgemadi vertical and horizontal inequality
are calculated for the baseline and the counter&cscenarios, respectively, to assess
inequality impacts.

Another application of the top down approach witicnm accounting is provided by Bussolo
et al. (2008). They estimate impacts of differeatle reform scenarios on poverty in Brazil,
Chile, Colombia and Mexico. Again, macroeconomie@&s on commodity and factor prices
are calculated by a CGE model and then mapped dovire different household surveys to
adjust real household incomes and to generate nenterfactual situations without allowing
individual households to adjust their quantitiessEssimulated changes in average real
wages, in average real capital/land rents (diffeaéad by agriculture and non-agricultural)
and in prices of food and non-food commodities arapped to the endowments and
consumption patterns of the individual househokitsusehold income from pensions, public
transfers, remittances and auto-consumption isn@duo be constant. Changes in household
incomes are deflated with a newly calculated céditving index. Finally, poverty measures
are calculated based on the counterfactual indalidlausehold incomes.

Ferreira et al. (2008) provide an example for ttipdown approach with behavioural micro-
simulations. They assess distributional impacta ofirrency crisis for Brazil. To analyse the
effects of such a macroeconomic shock they econarakly estimate a model “based on a set
of investment savings and liquidity preference nyosepply (IS-LM) equations [...] using
time-series national accounts and aggregated holdsshrvey data from Brazil for 1981-
2000” (Ferreira et al., 2008, p. 120). Levels ofpfsgment and unemployment, wage levels
and consumer price levels are generated by theonmaadel (distinct for different household
groups and sectors) and used to recalibrate pagesniet the micro-simulation model. The
latter is a reduced-form model of household incode¢ermination and able to simulate
individual responses to the mean changes calculatgtie macro model, however, without
giving any feedback to the macro level.
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The iterative approachis applied by Bourguignon and Savard (2008) far purpose of
assessing trade reforms for the Philippines in $eofdistributional effects. They combine a
CGE model with a micro-simulation household modwettaccounts for household income
structure, expenditure behaviour and labour supmj#gisions. In an iterative resolution
process, they feed price changes calculated ah#ueo level into the micro-simulation model
and pass back total consumption and labour sujplyefs from the micro to the macro level.
They compare the modelling system with and withtbatimplementation of feedback effects
and find important differences in case of the exise of rigidities in the labour market.
Further applications of the iterative approachmesented in e.g. Essama-Nssah et al. (2007)
and Mussard and Savard (2010).

Cockburn et al. (2010) present two applicationghefintegrated approactior Nepal and the
Philippines. In contrast to the iterative approadtere two different models are connected via
the exchange of solution variables, in the integtapproach each household from a
representative household survey is depicted indallg in a CGE framework. In principle,
this approach can be seen as a continuation ofefhresentative household approach. The
number of household groups is expanded until italqgthe number of households in the
survey, i.e. each household group contains only indezidual household. This approach
usually requires a considerable effort to reconthie data used by the CGE model with the
household survey (Cockburn et al., 2010). For taralyses Cockburn et al. (2010) integrate
3,388 individual households for Nepal and 24,79idsetolds for the Philippines in a CGE
model. Mussard and Savard (2010) state that madetif complex behaviour (like regime
switching decisions) is difficult within the integjed approach and is therefore, often avoided.

2.3.4 Synthesis

In the preceding sections, literature regardingusation model based policy impact analysis
for the agricultural sector and regarding the satiaoh model based impact assessment on
income distribution has been reviewed. These twandites of literature are hardly
overlapping. Nevertheless, first attempts are mamleex-ante estimate policy induced
distributional impacts for the agricultural sectdn example is the macro-micro framework
presented by Keeney and Beckman (2009), Keeney9j2@@d Hertel et al. (2007). These
authors combine a highly aggregated CGE model sviirge farm household data survey by
mapping quantity and price changes, but withoutpibssibility for farms to adapt production
patterns. Further approaches exist, in principldiegble for the consistent measurement of
sectoral impacts and at the same time income ckaagehe individual farm level. An
example is the LEI modelling funnel, among otherasisting of macro and sectoral level
models on the one side and farm level models orother. A few other model chains in
principle also are able to estimate income chaag#ése individual farm level, however, they
often only depict specific farm types. Furthermastgtic ex-ante approaches of measuring
income effects at the individual farm level do ¢Xrefer to section 5.2), though, to the best

21



knowledge of the author, none of them have beekedinto a sectoral or macroeconomic
model to assess redistributive effects of agricaltpolicy at the national level. Moreover,
several agricultural sector models correspond o fdrm level, but they apply rather to
regional farms or farm types (like the CAPRI mofielexample) instead of individual farms.

In contrast, manifold approaches of consistentbeasing impacts of macroeconomic policies
at the macro and micro level exist in the fielda{ incidence or poverty analysis. Due to the
high number of publications not all studies couldl ¢onsidered here, however, selected
publications are reviewed, covering all relevanthodological branches. Virtually all studies
measuring impacts on income distribution refer sodehold income or consumption rather
than to enterprise profits. Keeney and Beckman q20Beeney (2009), and Hertel et al.
(2007) account for changes in farm production, haweunder the assumption that all
individual farms behave in the same way accordmngécro results.

For an analysis of policy induced redistributivéeefs in the agricultural sector, impacts have
to be assessed consistently at the sectoral atftedarm level since some variables (e.g.
prices) are exogenous at the farm level and ofteegs individual income) are not observable
at the sectoral level. Furthermore, due to the ¢oation of differently aggregated models the
trade-off between generality and detailednes&&ylito be relaxed.
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3 Modelling Chain™!

In this chapter, a modelling system for the agtigall sector is presented, consistently taking
effects of the sectoral and individual farm levetoi account. For this purpose, different
components observed in the field of agriculturaligyoanalysis and the field of impact

assessment on income distribution are combined. B&mavioural large-scale agricultural

sector models are combined in an iterative proeedcft section 2.3.2). As a third model, a
micro accounting model is connected to the othera iop-down manner (cf. section 2.3.3).
Farm groups can adjust their production relyingioiormation from the sectoral model

before results are further disaggregated by a cstatodel, which introduces more

heterogeneity in the analysis.

After a broad overview about the whole modellingaioh the single models and linking
approaches are explained in more detail.

3.1 Description of the overall modelling chain

The modelling system consists of three differengjle models depicting three different levels
of aggregation to consistently measure changesdiridual incomes among western German
farms resulting from agricultural policy reforms. gehematic overview of the modelling
chain is presented in Figure 3.1. The model with kighest level of aggregation is an
agricultural sector model depicting European adpucal markets in detail and the
agricultural sector of the rest of the world in armmaggregate manner. It is a partial model in
the sense that it explicity models the agricultusactor and takes all other sectors as
exogenously given. Thus, the core macroeconomiablas such as inflation rates and GDP
growth rates are exogenous to the model. At the+desl, a model which depicts the supply
side of the German agricultural sector in greatitles applied to measure impacts of
agricultural policy changes on 628 heterogeneours fgroups. Both simulation models are
two already pre-existing large scale models, ES@®fethe, 2012) at the sectoral level and
FARMIS (Osterburg et al., 2001; Bertelsmeier, 2008fermann et al., 2005) at the farm
group level. They both have been used in numertudies, alternatively as stand-alone
versions (e.g. Banse and Grethe, 2008a; Bertels#@3) or in combination with other
models (e.g. Banse and Grethe, 2008b; Offermaral.e2012). Yet, both models so far
haven't been coupled in a consistent (iteratively wéth other models. This iterative
approach is undertaken for the study at hand tothe two models at the first stage of the
overall modelling systertf. Effects of agricultural policy at the Europeandksre quantified
by ESIM and a resulting vector of price and yielsieges is exogenously implemented into
FARMIS. Based on the new set of parameters, FAR&&IBulates new supply quantities for

1 This chapter served as a basis for the paper Deyp® et al. (2013) and in parts is equivalent.to i
12 Deppermann et al. 2010 present a common intedadke two models. However, the paper is part @& th
dissertation project.
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the German agricultural sector and a respectivéovenf supply changes is exogenously
implemented in ESIM. This procedure is continuetll tooth models converge in the analysis
of a joint scenario. The models and the linkingcedure are described in more detail in
Section 3.2 below.

After convergence between ESIM and FARMIS is aahigvarm group results are passed in
a top-down manner to the newly developed micro rhtm@ssess individual farm incomes
for the year 2020, the final year of the simulatpariod. The micro model is an accounting
model in the sense of Bourguignon et al. (2008e (section 2.3.3), which further
disaggregates the results of the farm groups coryrgaiculated by ESIM and FARMIS.
The micro model serves as an add-on for the FARMdS8el, since it relies on its structure. It
is based on the German farm accountancy data netfF#DN). More information on the
micro-accounting model is provided in section 3Bhv.

With this modelling system, different ex-ante ewdions of policy scenarios are conducted.
Based on simulation results for the year 2020, nmedistribution indices are calculated.
Results for the year 2020 are utilized in an ext-poanner for the calculation of different
inequality indices to evaluate the state of incanegjuality in the agricultural sector and the
degree of progressivity of different reform packag&o this end, inequality indices of
different policy scenarios are compared to a refeFescenario, the so-callédseline.Since
the methodology of measuring inequality effectmdependent from the modelling system, it
is discussed in chapter 5, before the empiricalugision of the redistributive effects.

All models are coded in the The General Algebramdkling System (GAMS) programming
language, which facilitates an automatized couplofgthe models. Furthermore, the
calculation of inequality indices is also done IAMES. The ESIM-FARMIS link (the box in
the upper part of Figure 3.1) is managed by a isigdile (see Annex A), which was
developed to run the system without manually exghmn results between the single
elements. Further technical information on the ©gds provided in section 3.4 below.
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Agricultural Sector Model
ESIM
(EU27 member states in a global
context)
AP (EU27) Loop until A AREA (crops)
AYield | AP;-AP,[<0.01 A Q (livestock)
(Germany) (Germany)

Agricultural Supply Model
FARMIS
(628 farm groups representing the
German agricultural sector)

Farm Group Results (2020)

Micro-accounting Model

Single Farm Income Single Farm Income
(Baseline, 2020) (Scenarios, 2020)

Analysis of redistributive effects

LEGEND:

A: % change 2020 to baseyear
P: Price vector

Q: Supply vector

AREA: Area vector

YIELD: Yield vector

i: Iteration step

Figure 3.1: Methodological framework for an ex-ante measurdgneémedistributive effects
of agricultural policies on farm incomes

Source: Adapted from Mussard and Savard (2010).

3.2 From the sectoral to the meso-level: an iterative@roach

Before a more formal explanation of the ESIM-FARMI&upling procedure is presented, the
single models themselves are introduced in theviollg sections.
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3.2.1 The single models

Both models are ex-ante models, however, with dffetheoretical foundations. The ESIM
model represents agricultural demand and suppllgeofigricultural sector based on isoelastic
functions. FARMIS is a programming model that depiGerman agricultural production and
is based on the income maximization assumptiosdueral farm groups.

3.2.1.1 The agricultural sector model ESIM

ESIM is a partial equilibrium model of the agriautil sector (Grethe, 2012). It is a
comparative static net trade model, which depibes agricultural sector of the EU-27 on
member state level. Furthermore, Croatia, Turkbg, Western Balkans and the USA are
modelled as single areas and all other countriesabsumed in an aggregate named “rest of
the world” (RoW). The first pillar of the CAP of éhEuropean Union is depicted in great
detail, implying ad valorem and specific tariffayitf rate quotas, production quotas, export
subsidies, coupled and decoupled direct paymemnis, set-aside regulations. Outside the
EU-27 agricultural policies are not taken into adesation since the focus of the model is on
the analysis of CAP reforms. All behavioural funas are isoelastic except for sugar supply
and altogether 15 crops, 6 animal products, 21gased products, pasture and voluntary set-
aside are covered by the model. ESIM abstracts fregional price differences inside the
EU-27 and assumes a point market mechanism fotradlble products. Prices for non-
tradable products (raw milk, fresh milk, potatoésgder, silage maize and pasture) are
determined by a market clearing mechanism at thalmee state level (Grethe, 2012).

Human demand functions are given for all farm arat@ssed products except for raw milk,
pasture, fodder, silage maize, set-aside, and eagefaw milk is split up into its components
— fat and protein — which are further processed isgveral dairy products for human
consumption or for direct use as animal feed. Furgprocessing demand is defined for
oilseeds, and inputs for biofuel production. Thefleel module depicts the production of
bioethanol and biodiesel. Inputs for ethanol areathcorn, and sugar. Biodiesel is produced
from rape oil, sunflower oil, soy oil and palm dihput ratios are endogenously determined
by a CES function. Byproducts of biofuel productiare accounted for and are used as
additional feeding stuff in the livestock sector¢the, 2012; Banse and Grethe, 2008a). In
the following a more detailed description of stamdfcrop and livestock production is given
because these are the two components which arexampated to FARMIS results for
Germany in the final model chain and thus, havddomodified in ESIM. The following
explanations are based on Grethe (2012).

For EU-27 member states supply of crops is detaxthiny a yield function and an area
allocation function which are multiplicatively comied:

31n ESIM some products are depicted by differepipdy equations. These products, however, mainlgrzeto
the group of processed products which are not riestifh the course of model coupling and thus, at n
presented in this short overview of the basic matkracteristics. A very detailed description canfdund in
Grethe (2012).
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(2)  SUPPLY o =YIELD ¢ ¢ x AREAcc oy -

Yield per hectare3) is a function of the endogenous own (produceigepof the respective
crop, changes in factor costs, which are repreddmnteexogenously implemented cost indices
and an exogenous trend parameter. Five categofiéscior costs (intermediates, capital,
labour, energy, and fertilizer) are taken into aedofor the yield function. The trend
parameter reflects an exogenous trend in yield gésncaused for example by technical
progress in plant breeding. Furthermore, an inpgrggarameter is calculated for the
calibration of the model, i.e. to meet a certaimbmation of price and yield per hectare
observed in reality for the base year of the sitmdgperiod.

The yield function is specified as:

elastydcc,cr elast.y.fcee fecor

(3) YIELDc = yield.intcec, x PPy * [fec f-costs,q ;.. * tP. GTyc.or
where

cc = Index of countries

cr = Index of crops

fcc = Index of factor cost components

YIELD = Yield per hectare

yield.int = Intercept of the yield function

PP = Producer price in country

f.costs = Factor cost index

elastyd = Own price elasticity of yield

elast.y.fc = Elasticity of yield with respect to factor cest
tp.gr = Trend parameter.

Area allocation is a function of own- and crossicéntive) prices, the land price and other
factor costs (4). Incentive prices in ESIM consisthe producer price for the specific product
and the price-equivalent of direct payments thatssumed to have an impact on production
decisions (i.e. 100% for coupled and 20% for detsmdipayments). This approach takes into
account that in reality farmers are only able tceree decoupled payments in combination
with eligible land™* Product and land prices are endogenously calcliat&SIM, while all

1% The reader may find it more logical to introdube DPs on top of the land price instead of the peed price
as payments are linked to land in reality. Howeedasticities of area demand with respect to irigerprices
are set proportionally to elasticities of area dethaith respect to land prices, taking the sharkod costs in
total costs into account. Thus, impacts on areaatemare similar, no matter where the subsidy echtced.
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other factor costs are exogenously determined. difligatory intercept again is used for
model calibration purposes for the base year ofribdel.

(4) AREAcc,cr =

cc,cr

elast.a.fceefpecer
. elasts elast.l Ehat
area.intcg c, * | |P1 Peeerer 4 LANDPRICE,, Peeer 4 | |f. costs
cr

fee ce,fec
where
cc = Index of countries
cr = Index of crops
fcc = Index of factor cost components
AREA = Area used for production
area.int = Intercept of the area allocation function
Pl = Incentive price

LANDPRICE = Hectare price for land

f.costs = Factor cost index

elastsp = Elasticity of area allocation with respect torevand cross-prices
elast.lp = Elasticity of area allocation with respto the land price
elast.a.fc = Elasticity of area allocation with respect &otbr costs.

Supply of animal products in ESIM is a functionesfdogenous own- and cross- (incentive)
prices of animal products, an endogenous indexesgniting feed costs for respective animal
products, exogenously determined factor costs,aanéxogenous technical progress shifter
representing for example progress in breeding.

(5) SUPPLY.,;, =

. elasts elast.lv. elast.lv.fc 1
SUp. inteey * | | PI Peelvlv 4 FCJ feetv | | f.costs eIl S tD. gTecv
v

celv ce,lv cefec
fce

where

cc = Index of countries

Iv = Index of animal products

fcc = Index of factor cost components

sup.int = Intercept of the supply function

Pl = Incentive price
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FCI = Feed cost index representing changes in avéeagecosts

f.costs = Factor cost index

tp.or = Trend parameter

elastsp = Elasticity of animal product supply with respecown- and cross-prices
elast.Iv.f = Elasticity of animal product supply with respezthe feed cost index
elast.lv.fc = Elasticity of animal product supply with respazfactor costs.

3.2.1.2 The programming model FARMIS

FARMIS is a comparative-static process-analyticebgpamming model for the German
agricultural sector (Osterburg et al., 2001; Bertedier, 2005; Offermann et al., 2005). The
model version applied for the study at hand incoajes 628 homogenous farm groups,
generated by the aggregation of individual farmd atratified by region, type and size.
Sectoral production covers 27 crop and 15 livestmtlities. The German farm accountancy
data network (FADNY is used as the main data source for model spatifit, covering
about 11,000 individual farms. Farm group spediichnical coefficients are either directly
taken from the data network or calculated undertiah@l consideration of management
manuals. The application of farm-specific weightirfgctors ensures a consistent
representation of the sectors’ overall productiord ancome indicators (for a detailed
description of the calculation of aggregation fasteee Osterburg et al., 2001).

The core model is based on the assumption of inaoasamization and each farm group is
represented by an objective function subject toewsdvconstraints, which determines
production patterns and factor allocation. In mathtcal terms the objective function of the
model is represented bg)((Bertelsmeier, 2005; Sanders, 2067)

5 It shall be noted that in the FADN, very smallnfar with less than 16 European Size Units are erdudr
the years of our model base period. Thus, the sbfarented land in the farms covered by the moslalightly
higher than that for all farms since very smalhfarusually operate with a higher share of own land.
® For a more consolidated representation of the rgérfanctionality of the model, the original equati
(Bertelsmeier, 2005, p. 79) is presented heremodified version, abstracting from different levelsintensity
of agricultural production and also leaving out arendetailed depiction of different subsidy andnpixen
payments.
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where
n = Index of farm groups

i = Index of production activities
j = Index of output products

I = Index of land type

u = Index of labour

% = Index of fertilisers

Z = Objective function

Y = Sales of agricultural products in tons

X = Level of activities in ha or livestock housingits (LHU)
PX = Level of activities eligible for direct paymenisha or LHU
U = Level of labour input/requirements in 1,000 eour

\% = Level of fertiliser input/requirements in tons

LAND = Level of rented utilised agricultural area in ha

QUOT = Rented milk quota in tons

p = Prices for agricultural products in €

C = Net of activity-specific costs and subsidiesaédn LHU
dp = Activity-specific direct payments in €/ha or LH

Fu = Labour costs in €/agricultural working unit

MMy = Expenditures for fertilisers in €/ton

Il = Rental costs for UAA in €/ha

K = Parameter associated with the linear PMP term

® = Parameter associated with the non-linear PMR.ter
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The first term of the objective function depictse thevenues from selling agricultural
production. The second term covers the specifiaafgrable per unit costs and subsidies of
production times the activity level. The third temeflects the amount of direct payments
accessible by the farm group. The fourth, fiftixtlsiand seventh term comprise labour costs,
expenditure for fertilisers, rental costs for mikota, and rental costs for agricultural land,
respectively. Terms number eight and nine are sloecalled hidden costs”, which are “used
to reproduce the activity levels of the base yd&idnders, 2007, p. 77). These two terms
correspond to the application of a positive matherabprogramming (PMP) procedure for
model calibration and are constructed to meet eatlr given point elasticities in the
calibration point. For this analysis an averageéhoée subsequent years (2006-2008) is used
as a model base in order to reduce the impact @ftypical yearly fluctuations in the
agricultural sector on model results. A more dethdlescription of the objective function and
the model calibration procedure of FARMIS can henfibin Bertelsmeier (2003) and Sanders
(2007).

Model constraints refer to “the areas of feedingefgy and nutrient requirements, calibrated
feed rations), intermediate use of young stockijlisar use (organic and mineral), labour
(seasonally differentiated), crop rotations, andtipal instruments (e.g., set-aside, quotas)”
(Offermann et al., 2005, p. 2).

For the conduction of an (ex-ante) scenario, assomgpon the continuation of agricultural
policy, changes in general farm structure, andsraié technical progress have to be
implemented exogenously. Furthermore, all priceepkfor specific agricultural production
factors (milk quota, land, and young livestock) axegenous to the model (Offermann et al.,
2005).

3.2.2 A formal approach of model linking

In this section a formal approach of model linkiagresented to sketch the basic ideas of the
exercise before the development of the interfacerdmn ESIM and FARMIS is discussed in
more detail in section 3.2.4. The approach relreghe formal explanation of coupling a CGE
with a PE model, presented in Jansson et al. (300B7ff), however, adapted for purposes of
this study.

In this study an iterative coupling between twotiphmodels is achieved at the first stage of
the model chain (cf. Figure 3.1). The model attthge (ESIM) is a PE model for the world
agricultural sector and shall be represented;bgdicating the vector of variables for each
year of the simulation periadand bye; indicating the respective vector of parameterthef
model. Withf connoting a vector of functions of the same leragtix, an optimal solution of
ESIM as a stand-alone version is representet{yay;) = 0. The more disaggregated model
FARMIS covers the German agricultural sector ane@esented by indicating the vector
of variables ang; the vector of parameters for the yeatn optimal solution is characterised
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by Zpn, (Ve Be) = max,, . Znyt(Vne Be) Yn denoting that all individual farm groups
are maximizing their objective functiahin the yeat.

For their base yeat £ base) both models are calibrated to observea d&iis is done by
endogenizing sub-vectors afase and fpase@nd in turn fixing variable§pase aNd Vpase to the
observed value¥. This procedure ensures that observed base yeaesvalre met by the
model. For all t# basea and g are completely exogenous parameters and variarkes
endogenous. Since all results presented later ahisnstudy refer to the year 2020, time
indices are omitted henceforth, and all parametadsvariables are defined to correspond to
2020 unless differently stated.

The two models shall be linked by the mutual exgeaof solution vectors until convergence
on the exchanged variables is achieved. For thaigse, ESIM provides results for yields
and prices and FARMIS provides results on areaation and animal product supply for the
German agricultural sector. The transmission afgwiand yields from the higher to the lower
aggregated model is straightforward, since theyeadogenous to the former and exogenous
to the latter. The mapping procedure can be destddy the vector valued functidh Y —

B, with Y denoting a set of all possible solutioos ESIM and B the set of all possible
parameters of FARMIS.

The aggregation function that transmits disaggesy®&ARMIS results into more aggregate
ESIM categories is nameld. Since FARMIS covers the supply side of the German
agricultural sector and ESIM depicts supply and aledn worldwide, the vector of all
variablesy shall be split up into two sub-vectoysxc (EXC referring to results that shall be
exchanged) anggrest Where the former includes all ESIM variables whmtrrespond to
aggregated FARMIS results and the latter to aleotlariables/ = (Yexc,Yresy- Then we can
write h: V — Yexc, with V indicating the set of all possible solutgof the FARMIS model.
The final goal of the modelling chain is to get #ame optimal solution for both modglsc

= h(v) with regard to the same vector of prices anddgigl= I'(y).

Since area allocation and supply for animal praslutGermany are variables in both models,
respective functions in ESIM have to be approximate FARMIS results while all others
shall behave like before. L&ikcbe a sub-vector dffor all functions that have to be shifted to
mimic FARMIS results andresta sub-vector of all other functions with= (fexcfres?.
Furthermore, letiexc be a sub-vector of all parameters that have tohasmged in order to
shift the functiondexc andaresta sub-vector of all other parameters with (aexc, aresy. TO
approximateyexc according to FARMIS resultis(Vv), aexc is modified to@exc such thaffexc
(Yexc = h(v), @exc, ores) = 0. A formal expression for the shifting opeoatithat transmits
Yexc = h(V), Yrestand orestinto @exc shall be denotedexc = @(Yexc = h(V), Yrest ares?)-
Settingd@exc = aexc would create the original ESIM model. A simple huet to approximate

" For the moment, it is abstracted from addition@icplculations which are required for the PMP catibn
procedure in FARMIS. The philosophy of model califozn in principle is the same: parameters areutatied
based on observed data which from the next petiodilh be variables.
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FARMIS results could be to repla&sc by a vector of constants reflecting FARMIS results
This would entail@exc = @(h(v), Yrest aresy) = h(v) and settingfexc t0 @exc - Yexc = O.
However, this solution not necessarily leads toveogence. Different options to approximate
Vexc to h(v) are discussed in section 3.2.3.

Based on the former definitions, the iterative ilingkof the two models includes the following
steps:

Step 1: Set i := 0; Soli&/;0) =0

Step 2: Computg = ()

Step 3: SolveZ,, (v}, B) = max,;i Zn, (vi,B) vn

Step 4: Comput@exc = @(h(V), Yrest: ares)
Step 5: Seti =i+ 1; SolMéy; @exc *ares) = 0
Step 6: IFY - y™) < tolerance, THEN terminate, ELSE go to step 2.

After a first stand-alone run of the ESIM modek(stl), prices and yields are implemented
into FARMIS (step 2), which is solved subsequefghgp 3). In step 4 shifters for ESIM are

calculated. Taking the shifters into account ES#Msolved (step 5). If ESIM results between

the last two iterations differ less than a predeieed tolerance value, the procedure stops,
otherwise it starts again with step 2.

After the iteration process is terminated (i.e.\@gence is achieved), the parameter vectors
0 andp are endogenised in the modelling system. An optsolaition to the modelling system
is denoted by:

f(y=(Yexc Yres); @exc ares) = 0
D(Yexc,YResT; 0Res) = TExc

Yexc = h(v)

Zn,(vp, B) = maxy, Zn, (v, B) Vnand

B=TI(y).

The single models rely on different conceptual earmrks and also use different data bases
for their base year calibration. Thus, variatiomsag the models’ base year data are likely to
occur for their common solution space, which cosgsithe equilibrium quantities and prices
of the German agricultural sector. One way to tdlese differences into account is to avoid
the exchange of absolute results and rather appge rates of solution variables between
the calibrated base year and the year 2020. I otbels, the relative difference of quantities
and prices which exists in the base year betweenwlo models is kept constant for the
simulation period. Thud)(v2020 aggregates FARMIS results in 2020 expressedsigmee in
FARMIS base year values which are then multipligdHSIM base year values to gain
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absolute ESIM values for 2020. The same applief farhich maps price and yield changes
instead of absolute values.

3.2.3 Sequential calibration

After discussing the general approach of coupli®ME and FARMIS, the next step is a

detailed presentation of the way results are exgddimamong the models. Regarding the top-
down part of the linkage, ESIM results are impletednnto FARMIS as parameters. This

requires a simple mapping procedure of prices apttly (still, there are some possible

variations of this approach which will be discusse¢dhe end of this section). The bottom-up
part of the linkage (i.e@(h(v),yrest,orest) ) IS less straightforward and offers several
different approaches. Jansson et al. (2009, p. @@uss advantages and problems of
different methods of a sequential calibration pdare. Their preferred general approach
described for an iterative coupling of a CGE arffEamodel is applied in this study, as well.

In the following lines their work is outlined andapted to the study at hand.

As already shown in the preceding section, one Igimppssibility for implementing FARMIS
results into ESIM would be droppirfgxc and fixing yexc to h(v). But, this approach is not
free from shortcomings.

Figure 3.2 sketches a partial one-commodity mafetGermany with S representing the
sectoral supply curve provided by the FARMIS moaledl D depicting the demand curve of
the ESIM model. Assuming for the moment that botbdels only depict this single
commodity, convergence would be reached in thesargspoint of supply and demand. The
initial endogenous supply curve of ESIM is not &siflly presented in the graph, but it is very
likely that the first stand-alone run of ESIM (sstep 1, Section 3.2.2) creates a price which is
different from the convergence-price. Thus, letiteeation procedure start with the arbitrary
initial ESIM-price 8 (point A in the graph). With PFARMIS would calculate a respective
quantity of supply 3 Now, the original ESIM supply curve is replacedéconstant supply
curve in accordance with FARMIS results, which épidted by the dotted vertical line &t q
Solving ESIM with the new (constant) supply wouldngrate price lp In the next step
FARMIS would respond with a supply af.dFollowing this procedure further on, it is
noticeable from the graph that the point of conearg will never be reached, even though it
uniquely exists. Convergence will only occur “ifetislope of the supply schedule is greater
than the (negative of the) slope of the demandddbé (Jansson et al., 2009, p. 20). This,
however, cannot easily be ensured for all singharoodity markets in the modelling system.
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Figure 3.2: Iteration process with diversion.

Source: Adapted from Jansson et al. (2009).

Instead of fixing supply quantities in ESIM, a ridoation of the original ESIM supply
curves is a better option to provide convergentes @pproach is sketched in Figure 3.3 by
means of linear demand and supply functions; howekie general idea also works with the
non-linear functions applied in ESIM (cf. Sectio2.3.1).

The sectoral supply curve provided by FARMIS isated by $ and the ESIM demand curve
by D. The original ESIM supply curve is namegk&’ and the stand-alone equilibrium of
ESIM is indicated by point A. Like in the first afgach the price is implemented into the
FARMIS model, which subsequently calculates theeesve supply quantity. In the next
step the ESIM quantity is not fixed, but the origifi supply curve of ESIM is recalibrated to
the new price-quantity combination °(@"), indicated by S'. The resulting ESIM-
endogenous equilibrium accrues at point C. The quore restarts until the ESIM-
endogenous equilibrium equals the equilibrium @f thodel chain. In comparison to the first
approach of fixing ESIM supply, this approach isren@obust and leads more likely to
conversion. Furthermore, even if the first approaes leading to convergence, the second
approach would be more efficient in terms of soluttime since fewer steps are needed to
find the equilibrium of the modelling systerh.

18 However, in the full ESIM model with several conmfities and several cross relations among theseupted
the original supply function is modified (the crastations to other commodities are cut) to faaiéta better
approximation of the FAMRIS supply reactions.
9 The recalibration approach was used for most codities in ESIM. However, for a few commodities
(especially for livestock products) supply was dyrfixed to FARMIS results for the sake of convamie. This
is efficient since prices for these products artemeined by the world market/European market and,tbnly a
few iterations are necessary to reach convergemgsosy.
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Figure 3.3: Iteration process with linear approximation.

Source: Adapted from Jansson et al. (2009).

Referring to specific ESIM equations for area akoan (4) and animal product supply) (
presented in section 3.2.1.&rea.int and sup.int respectively are the parameters to be
recalibrated. With additionally cutting the crosations to other commodities and also factor
costs, equations for recalibration are:

i i i elastsp Ger" cr ji—
(7) area. lnt"GER",crl = h(Xcr)l / (PI"GER",CTGER Cr)l !

whereX indicates the level of activities in hectare cited by FARMIS (cf. equations),
h(-) denotes the aggregation function from FARMISutes to ESIM categories (cf. section
3.2.2), the index “GER” denotes that only Germappy is affected and indexrepresents
the iteration step. The function for recalibratminthe animal product supply curves in ESIM
appears similarly:

i i i elastsprGer" v~ i—
(8) Sup.mtuGER..'lv‘ =h(Xp)'/ (PI"GER",IUGER ! )i 1

with X indicating levels of livestock housing units ireseof hectare.

However, since even the recalibration method do¢guarantee convergence in any case, an
additional mechanism is applied to further incretiserobustness of the iteration procedure.
This mechanism corresponds to the top-down pattietinkage and Jansson et al. (2009, p.
21) refer to it as “partial adjustment”. Prices afhiare transmitted to FARMIS are not simply
replaced by the latest ESIM prices as suggestéukeigraphs above, but by an average of the
last and second to last iteration. This furtheraases probability of convergence, however, it
cannot be guaranteed in any case.
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3.2.4 Development of an ESIM-FARMIS interface®

After the basic idea of coupling was presentedhm ¢hapters above, it is described more
specifically which steps were undertaken to linkME&nd FARMIS in the following.

At first, consistent product interfaces were deafinth some cases the product aggregation
level is different in ESIM and FARMIS and decisionsere made about adequately mapping
solution variables between both models. The detai@pping is presented in Table B.1 in
Annex B. Unlike for other commodities of agriculiliiproduction, prices for animal feed in
FARMIS are not delivered by ESIM since they areagahously determined in FARMIS,
which is necessary in order to define the ratiaveen feed that is produced on farm and feed
that is additionally purchased. Feed productiof=ARMIS, however, is related to animal
production and required area for fodder productiam determined by FARMIS is
implemented into ESIM to consistently depict the@reffects on other commodities in the
next iteration step. Some by-products of the bibifugustry can be used as feeding stuff. For
these products prices are handed over from ESIMARRMIS since biofuel production is not
depicted in FARMIS.

For a first scenario, policy assumptions as weladagide range of parameters exogenous to
both models were harmonized, including technoldgicagress, GDP growth, inflation rates
and changes of exogenous factor costs. Furthernrk@BMIS depicts the production of
energy maize which is not explicitly covered in ESISince demand for energy maize is
assumed to increase significantly until 2020, th&pective area is exogenously removed in
ESIM to account for price effects on cross produttss is already done in the first stand-
alone version of ESIM to facilitate a comparisonneddel reactions to the same vector of
price and yield changes. This comparison is preskint section 4.2 and emerging differences
among the models are discussed there.

3.3 From the meso to the micro-level: a top-down approzh with micro
accounting

After ESIM and FARMIS converged in the first stefptloe modelling chain, detailed results

regarding production patterns, factor demand awcdnme sources for 628 farm groups are
obtained representing the whole German agriculsgator. This information is necessary to
further be disaggregated for an analysis of inetyuaffects. For this reason a micro-

simulation model is developed and integrated iht® rmodelling system (see Figure 3.1). In
the following chapters the choice of the methodglagll be discussed first and the income
variables under consideration are explained bdaf@enodel is introduced in detail.

% |n this section, some parts are identical with [@Emann et al. (2010).
L This chapter served as a basis for the paper Dewpa et al. (2013) and in parts is equivalent.to i
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3.3.1 Pre-information

FARMIS applies farm groups instead of individuainis due to better manageability and an
increased robustness of the model. Potential dedasan individual cases in particular could
result in higher solution instability. Furthermotiee application of individual data would lead
to high variations among the calculated input-ottmefficients between farms (Osterburg et
al. 2001). Thus, the aggregation bias which ocdwom aggregation over individuals is
accepted in favour of stability and manageabilityh® model. This certainly is a justifiable
choice, especially when taking into account thatrexand under predictions of individual
production patterns tend to cancel each other muheé aggregate level (Wu and Adams,
2002). Furthermore, the time needed to set up tbdeimwith an updated database (which
would likely be longer with the implementation ofdividual farms) has to be taken into
account. Yet, for the measurement of inequalityictvlso far has not been a traditional field
of analysis for the FARMIS model, this choice ithex unfortunate because a certain part of
inequality will be hidden inside the groups andsthwill not be observable (cf. section 2.2.2).

For this study it was decided that the two largdesenodels at the top of the modelling chain
shall be kept exercisable as stand-alone models.hHs the advantage that updated versions
of the single models can easily be implementedénnhodelling chain. This rather practical
choice relates to the “institutional challenge” “stistainable maintenance of linked model
systems”, which is a matter of “sufficient finaricend/or human resources” (Offermann,
2008, p. 361). Hence, to make use of synergy effiactnodel development it was decided to
run the FARMIS model based on farm groups and @g@vah add-on model that allows a
further disaggregation of the grouped results adtef directly accounting for reactions of
individual farms (like it was done e.g. in Louhicind Valin (2012) for arable farms). The
micro-simulation model itself can easily be switdhie an updated model database.

The indicator applied for the measurement of incameguality among farms in the German
agricultural sector is family farm income (FFI). IFsrovides information on the return to
land, labour, and capital resources owned by tha family, as well as the remuneration of
entrepreneurial ris Henceforth the terms income and FFI will be usgtbaymously. Later
on, results are presented for FFI both without atth taking additional non-farm income
(which is not incorporated in the modelling systentp account. Whenever the latter is the
case it is clearly stated.

In the base period of the analysis, data for 628dgenous farm groups are generated based
on information from the German FADN set coveringowhb 11,000 farms. Due to the
dominance of corporate farms in eastern Germangualtessional analyses related to the
measurement of inequality in this study are restddo 467 western German farm groups

2 FF| is not equal to the objective function valuefZequation §) since for instance hidden costs of the PMP-
terms do not appear in FFI and in the objectivection family workers are paid by their assumed oppoty
costs of time.
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representing 8034 individual farms, because no ecoaiplity between different farm
structures could be ensured when using FFI aschcaitor.

For the base period, both individual and groupeth daan be observed and thus, the
information on inequality which is lost due to dgtauping and working with average values
instead of micro data can be calculated. For tlmeentibase data of the modelling system, a
comparison of the relative Gini coefficient revesdsne differences in inequality for the base
period: the relative Gini coefficient of single fiarincome data is 0.55 and the relative Gini
coefficient of farm group income data is 0.40.

3.3.2 The micro-simulation model

The objective of the micro-simulation model is theaggregation of farm group results of the
last year of the simulation period. Individual Fddta are generated by tracing back farm
group results to the individual farms which weredi$or the generation of farm groups in the
base year. The basic idea of the model is to cleubase year values of the shares each
single production activity contributes to individuéarm gross margin and resource
requirements, and then adapt these proportionatigrding to the changes of respective farm
group activity levels, gross margins and factocgsibetween the base year and 2020.

Figure 3.4 sketches the mode of operation of traysimulation model. Thirst step(steps
are indicated by Roman numerals in dashed circkfg)s to the generation of farm groups
based on individual FADN data in the base perigdutdization in the FARMIS model. For
the study at hand, the micro-model takes 467 famngs into account, which are generated
by aggregation of 8034 western German farms thatirarluded in the FADN data for the
base year. Grouping implies the calculation of agerproduction quantities, factor costs,
gross margins and income values as well as therggore of aggregation factors to represent
the respective proportion of the basic population édach farm group. These values are
subsequently applied in the FARMIS model to runudations.

Gross margins for single production activities refe market revenues less attributable
production costs for a specific activity and are divectly apparent in FADN data Since
this information is crucial for running simulationgth FARMIS, several assumptions and
additional calculations are made to generate agtpecific gross margins, when defining the
farm group programming model (for details see Off@nn at al., 2005 and Osterburg et al.,
2001).

In step two base year income of individual farms is brokemvidonto several components
which reflect the shares that single productionvdigs contribute to the individual farm

income. For that purpose activity levels from FARIdta are combined with respective
average gross margins which were calculated for MARgroups in step one. Furthermore,

% For example, variable input costs are not direatisibuted to production activities in the GerntakDN.
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individual costs for hired labour, capital, andteghland are as well separately calculated by
utilizing average group prices and individual inguentities.

Since not all commodities, income sources, andsaasticated in the German FADN are also
allocated to activities and included in FARMIS (e.tprestry and agri-tourism are not
explicitly covered in the model), a part of thegimal FFI is not changed by the model and is
assumed to be fixed. In step two the ‘variable’parthe income (the part depicted in the
FARMIS model, i.e. the core agricultural productexctivities) is calculated for all individual
farms by summing up all income components of theglsi production activities and all
(negative) factor costs.

Step threandicates a simulation run of the ESIM-FARMIS mididg chain. In this process,
farm group results for the year 2020 are generdtkd.generated changes of activity levels
between the base year and the year 2020 are appliedividual base year levels step
four. That is, all individual farms covered by a spieciarm group have the same percentage
changes in production for all commodities. The samgroach is used for capital costs. The
guantity of rented land is calculated accordingnésv farm specific crop activity levels less
the farm owned share of land.

Labour requirements are calculated regarding newdymtion quantities. With new
production patterns in 2020 an individual farm nhaye excess capacity of family workers.
In such a case it is assumed that the farm sellk ¥ other farms at market conditions.
However, work can only be ‘traded’ within one fagroup to ensure consistency between
group income and aggregated income of individuah§& Thus, in the case that the whole
group as an aggregate has excess capacity of favoilyers, these workers are assumed to
work off-farm*

Then, adjusted activity levels and resource requargs are multiplied by respective gross
margins and factor prices calculated by the maakeliystem for the year 2020. Adding up
the single gross margins and cost components gesetfze variable part of each individual
farm income for 2020.

In step five the difference of the variable part of the incoméhe base year and the variable
part of the income in 2020 (which can be positivenegative) is added to the original base
year FADN values of farm income. That way, alsoftked part of the income is considered.

In a last step the generated individual data agreted and compared to original group
results. In most cases group results are perfentty In case of small divergences, individual
incomes are scaled to meet group results.

24 Off-farm work is not included in FFI. However, thenount of income earned off the farm makes a miffee
when total household income is analysed insteaBFdf(section 5.3.2). Thus, sensitivity of incomedks of
additional off-farm workers on distributional paret@rs was tested. To this end, a version wherdiaddi off-
farm workers earn 80% of employed on-farm workees wompared to a version where additional off-farm
workers are unemployed and have no income. Howglvelimpact of this assumption on the final resisltsnly
marginal.
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Figure 3.4: Micro-simulation model in connection with FARMIS.

Source: own compilation.

The micro-model is of the micro accounting typehe sense of Bourguignon et al. (2008b)
since the model is static which means there iset@mbiour depicted in the model itself (see
section 2.3.3). A similar approach for the generatf farm incomes at the micro level is
used in the FES model (Woltjer et al., 2011) whagiplies exogenous price changes to static
single farms.

The model takes adaptions of production patterrie tonsideration, though, only as
exogenous information. In principle, it would bespible to account for behaviour of single
farms (compare, for example the approach of Louhachl Valin (2012) for arable farms).

Nevertheless, due to the reasons presented isSe&:8.1 behaviour of single farms was not
taken into consideration.

The same proportional reaction of all farms in gneup to new price incentives is certainly a
strong assumption. Still, heterogeneity among pectidn patterns of farms in the same group
is taken into consideration because different codities might face different price changes.
Furthermore, taking into account that an averagemrepresents 17.2 FADN farms and that
stratification was undertaken according to typegiae, and size, an assumed similar
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behaviour of individual farms belonging to the sagneup seems acceptable. It can be argued
that behavioural adaption processes are to a grdant already covered by the FARMIS
model, which also makes the missing feedback efésd relevant. The application of 467
behavioural farm groups also distinguishes the ntiadechain from a similar methodology
presented in Keeney and Beckman (2009), Keeneydj2@ad Hertel et al. (2007), which, in

a nutshell, map quantities and prices resultingnfanly one regional household of a CGE
model to a disaggregated farm household survey.

One caveat, however, which appears in almost allyaas of distributional effects on the
national or comparable level remains. The overatimf population of western Germany
consist of more than 160,000 farms. This in turransethat 8,024 FADN farms still account
for only a fraction of all farms and have to be gi#ed by an aggregation factor to represent
their respective proportion of the overall popwati Thus, an implicit assumption is that one
single farm depicted in the modelling system (othe FADN data) on average represents
more than 20 farms of the overall population. Tassumption is common to virtually all
analyses of distributional effects since only obedrunits can be modelled and complete
population surveys on the national level practjcdt not exist.

Summing up, the model is applied to account foetwgeneity of farms inside a group to
allow for measuring changes in inside-group ineipaResults are disaggregated in a static,
top-down manner, after the ESIM-FARMIS model chaisolved. In principle, the approach

is comparable to other standard micro accountimyagehes utilizing representative groups,
however, this analysis refers to 467 representdawa groups from a behavioural model,

which in comparison is an outstanding high numBerLofgren et al. (2003, p. 334) argue,

the distinction between the micro-simulation appho@f modelling a single unit and the

representative agent approach of applying only gedudata is not always sharp. This
especially becomes evident, when it is taken imtwoant that single units from large data
surveys are assumed to be representative for a sh#re overall population.

3.4 Technical implementation of model communication

All parts of the overall modelling system are codedhe GAMS programming language.
This facilitates an automated coupling of the tar@é scale models ESIM and FARMIS and
a successional run of the disaggregation and iiégaamponents.

The ESIM-FARMIS coupling is managed by a steeriiig, foresented in Appendix A. In
principle, it implements the steps defined in SBT®.2.2 until convergence among the model
results is ensured. To keep the structure of théelscautonomous, so that they readily can be
removed by an updated model version, it is necgdsarun them independently from each
other. Furthermore, the models have to be run aktiares with redefining parameters after
each solve of a single model. Thus, models havetstarted at execution time of the GAMS
system since they are not readily available at ¢latign time, yet.
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The basic idea to do so is to run GAMS from witliie main GAMS program. This is
achieved by theexecute’command which in general allows the implementabbexternal
programs during execution time of GAMS (McCarl dt, 2012). This command is
complemented by the use ‘ekecute_unloadand‘execute_loadto store results in gdxfile

and load them at execution time, respectively. [@klter two commands are used to hand over
results after each single-model run to the main GAddogram, convert them into commodity
categories of the second model, and subsequentig tteem over to a subservient GAMS
program for running the adapted second model.

To save computation time, the ESIM model is spiinto a component which runs the model
until the year 2019 and a second component whials the model only for 2020. This is

possible due to the comparative static nature efntilodel. The first component is only run
once at the beginning of the iteration process mmermediate results are saved for a
subsequent utilization in the (adapted) 2020 corapthi

4 Scenario description and sectoral results

In the empirical part of this study, different sagns are analysed with the above described
modelling system. These scenarios are introducethig section. Subsequently, sectoral
results of the first part of the modelling systeonly ESIM-FARMIS) are presented.
Inequality effects are presented afterwards in tgrdpand 6.

4.1 Scenario descriptiorf®

Scenarios are conducted for the year 2020 withlmtbéel base period being an average of the
years 2006-2008. Three different liberalization scenarios are carepg with a reference
scenario (the baseline) regarding their market wstand later on regarding their income
distribution. In the baseline, tH2003 Reformand theHealth Checkof the CAP are fully
implemented except for the abolishment of milk ggotMilk quotas are assumed to increase
until 2015 according to thégenda 200@lecision, including the additional 2% quota inseea

in 2008 and the fat adjustment in 2009/10. It suased that a (first generation) biofuel share
of 8% in total EU transport fuel consumption wi# beached by 2020. Furthermore, the sugar
market reform decided upon in 2005 is implemented] set-aside obligations are removed in
2008. The baseline adopts constant levels of saeftport subsidies, tariff rate quotas (except
for sugar), and the current system of intervenpaces. For the international environment,
ESIM is calibrated to FAPRI world market price mciions (FAPRI, 2011) and no changes
in external trade policies of the EU are assumei 2020.

% Actually, it is only necessary to solve the mofielthe base year and 2020. However, for techmizasons it
is easier to run the model until 2019 and storermediate results for subsequent utilization.
% This section is almost identical to Deppermanal £2013) and Deppermann et al. (2014).
2" The FARMIS model applies 2006-2008 data for itsebperiod and the baseline calibration of the nindggel
system for 2020 refers also to prices of 2006-2008vever, the ESIM base period refers to 2006-2063,
which may lead to slight inconsistencies.
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To account for the effects of liberalizing agricu#il policy on production and income in the
agricultural sector, the baseline results in 2020campared with results of other scenarios in
2020. The single scenario results reflect impadtslitberent, exogenously defined policy
changes to the baseline scenario.

The strongest liberalization scenario assumes exdiization of all first pillar agricultural
policies (i.e., the abolishment of all interventipnces, tariffs, quotas, subsidies, and direct
payments). Therefore, in 2020 the EU price levela¢s)the world market price for tradable
products. In another scenario isolated effects sép@arate abolishment of first pillar direct
payments (DP) are analysed (henceforth, No_DP sogrend in another scenario all price
policies are abolished (henceforth, No_Pricepohaude), but direct payments are still paid to
farmers to single out the effects of different pplinstruments. Furthermore, a scenario with
a cut of 50% of DPs is carried out (50 _DP scenatiopnalyse whether results are in
accordance with the full abolishment of DPs, sifacea 100% cut the FARMIS model clearly
generates results which would be dampened in yehjit structural change which is not
depicted in the model.

4.2 Sectoral result$®

In the following sections sectoral results of thesatibed scenarios are discussed in detail.
Thus, only results of the ESIM-FARMIS modelling ahare presented without application of
the micro model. At first the baseline scenario,iohserves as a reference later on, is
described. Subsequently market impacts of the psbenarios are presented.

To evaluate the importance of the iterative couplamocedure differences in the reaction of
both stand-alone models to the same price changedevdiscussed. This gives also an
indication for the occurrence of aggregation biases

4.2.1 Integrated Baseline

The overall trend of world market prices in US-dolin the baseline is based on projections
published by FAPRI for 2020 (FAPRI, 2011). The depenent of world market prices
between the base year (2006-2008) and 2020 isctbared by a slight increase of real crop
prices and a stronger increase of the real pridexirof animal products (see Figud).
While the crop price index increases by roughly@.@ntil 2020, animal product prices rise
on average by 7% in the same time period. Consdiguéine real price index of all farms
shows an intermediate increase of about 5%.

8 Some parts of this chapter are identical to thEep®eppermann et al. (2010).
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Figure 4.1: Real world market price indices for agriculturabgucts.

Source: Own calculations.

The development of the European agricultural sestatetermined by developments of the
world agricultural market; however, it is addititigaaffected by European agricultural policy
and other macroeconomic variables. In the basalim@ntinuous appreciation of one percent
per year of the Euro against the US-Dollar is agsuifFAPRI, 201%Y. This is the main
reason for the decrease of agricultural prices umopge, as presented in Figure 4.2. In
accordance with the world market prices (US-Dobased), the European price index for
crops (Euro based) shows the greatest decreasepribieeindex of animal products declines
slightly and the overall farm price index is intedmte. Additional to the exchange rate
effect, the crop price index is affected by theaumarket reform which is implemented
between the base year and 2010 and which subdiargiduces the European price for sugar.

In spite of declining Euro-prices in the agricutlisector, supply of crops and livestock
products increases until 2020. This is caused mgexously implemented supply shifters
which reflect yield increases in the agriculturat®r and which are linear extrapolations of
yield data of the FAO database from 1992 until 2(0XO, n.d.).

# |n the original data (FAPRI, 2011) the developmehthe exchange rates is more volatile. For thee saf
convenience the yearly development is averagedsoude the model runs more stable and our intégsesily in
comparative static results of the baseline andatmterfactuals in the year 2020, which are natcaéfd by the
time path a parameter follows.
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Figure 4.2: Development of EU-27 Indices of Agricultural Pscand
Production (Base year — 2020).

Source: Own calculations.

In Table 4.1 price changes and responding quasuiyly changes for single products of the
German agricultural sector are displayed. Columi3sréfer to the baseline development of
ESIM and FARMIS as stand-alone models (before temtion process), whereby ESIM
prices are used to generate FARMIS results. Thusan be assessed how the two different
models react on the same vector of price changes.

Crop prices develop in line with the overall Eurapeprice index with only the wheat price

slightly increasing. This is caused by the fact the EU switches from a net export position
in the base year to a net import position in 2080 a threshold price is applied in the EU,

which lies slightly above the world market priceheéTonly commodity shown among the

animal products with a decreasing price is porki, Yerk has a high value share among the
animal products and poultry pri¢dslso decline, which explains the decreasing gridex

of animal products in Figure 4.2 despite risingflaea milk prices.

Price drops and an increasing amount of energy enpipduction which is exogenously
implemented in the models lead to a substantialirdean utilized agricultural area for all
other crops in 2020 compared to the base yeartim inodels. In the stand-alone version of
FARMIS this effect is slightly stronger for mostopiucts than in ESIM. In general reactions
of the models go into the same direction and arsiroflar scope. Yet, there are two main
exemptions from that: beef and set-aside.

%9 poultry is not presented in the table because arpart of the poultry production is considered&ARMIS.
Namely, only poultry farming on farms with areadispicted and in western Germany production on gatpo
farms is excluded. In the base year, poultry prtdadn FARMIS accounts for 42% of the productiogpitted
in ESIM.
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Differences in model reactions regarding beef pctida have to be discussed in combination
with the milk market. Milk supply increases by 4% hoth models, which is the effect of a
slight expansion of the EU milk quota until 202MeTlimited production of milk together
with an output increase per dairy cow cause a mkech beef production in FARMIS, since
with higher milk output per animal less milk cows ameeded to fulfil the milk quota and calf
production is reduced. In ESIM, this link is miggsinMilk and beef are modelled as
complementary goods, i.e. connected by a positresseprice elasticity. Given this and a
binding milk production quota, ESIM results tendhb® erroneous. In the case at hand, the
stable milk price doesn’t affect beef productiorl dhe latter increases due to the projected
price increase.

Set-aside land reported in Table 4.1 refers sdlelyoluntary set-aside, in the base year as
well as in 2020. Obligatory set-aside is aboliskaér@ady in 2008. The different reactions
among the models regarding set-aside mainly go baakifferent modelling concepts. In
ESIM the quantity of set-aside land depends ofoits-price”, which in fact is the amount of
direct payments linked to one hectare of eligibled, and to prices of arable crops. However,
cross-price elasticities to arable crops are verglsand with decreasing real values of direct
payments (since nominal direct payments are asstonied constant until 2020) the quantity
decreases slightly, as well. In FARMIS the quantityproduction depends on gross margins.
With only slightly falling values of direct paymenper hectare and at the same time heavily
decreasing prices of other crops, set-aside beconwes favourable and thus, its quantity
increases.

These two major differences and the minor deviatiame dealt with by the iterative
procedure, resulting in a convergence of model ltesafter four iterations. Results are
presented in columns four and six of Table 4.1. ther majority of products, Germany is a
small country inside the European Union. This mettuas (EU determined) prices do not
react much to relatively small changes in Germappku For these products, FARMIS
determined quantity changes do not generate amyael price feedback and after one
iteration step convergence is already reached.

The model linkage is rather relevant for non-trddamods or such goods where in Germany
a big part of total EU supply is produced. An exénfor the latter is rye: an 8% area
reduction in 2020 due to FARMIS results goes togethith a decrease in prices of two
percentage points. Furthermore, German beef prauiueccounts for roughly 15% of total
European production in the base year and thuscieaee of eleven percentage points causes
a two percentage point increase in beef prices aoeato the ESIM stand-alone baseline.

Potatoes and raw milk are the only two goods than@odelled as non-tradable in ESIM and
at the same time are more relevant for the mod&hge. While in the case of potatoes a
strong price effect occurs due to the less pronedirgrea reduction in FARMIS, there are no
effects in milk supply. This is due to EU milk gaatestrictions. Here, the iteration process
becomes relevant in case of a non-binding quota.
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In the final baseline, overall utilized agriculturarea declines for most crops with the
exception of wheat. Also voluntary set-aside ieaged; however, the absolute area is rather
small (roughly 2% of total arable land in the basar). Not depicted in the table is the
exogenously driven increase of energy maize whitoants for about 7.5% of German
agricultural area. Effects are clearly strongeFARMIS, which is more price sensitive than
ESIM. In case of beef supply, biophysical restoios are crucial for the decline in quantity.
Milk and sugar supply is determined by the quota.

Table 4.1: Price and area/quantity changes (in %) in the libees€2020 compared to base
year) for Germany before and after Iteration.

Before iteration

After iteration

Products
Change | Change in| Change in| Change in price | Change in
in price | area/supply | area/supply area/supply
in ESIM in FARMIS
1) 2 3 4 ®) (6) (1)
% . %
comp. to| % comp.to | % comp.to % L points % points
comp. | differ- | comp. :
base base year | baseyear | tobasel ence | tobase 9iff€r-
year year | with (1) | year w?tﬂc(eZ)
Area changes (crops)
Wheat 2 -1 3 2 0 2 3
Barley -6 -6 -7 -5 1 -7 1
Corn -3 -1 -3 -2 1 -3 2
Rapeseed -22 -21 -35 -21 1 -35 14
Rye -9 -6 -15 -7 2 -14 8
Sugar -22 -19 -17 -22 0 -16 -3
Other Grains® -10 -7 -18 -9 1 -17 -10
Potatoes -20 -16 -7 -30 10 -14 -2
Fodder” - 0 3 - - 3 3
Silage Maize - -8 -4 - - -4 4
Grass - 0 0 - - 0 0
Volunt. Set-aside - -1 29 - - 27 30
Supply changes
(animal products)
Pork -2 1 8 -2 0 8 7
Beef 7 4 -7 9 2 -7 11
Milk 1 4 4 2 1 4 0

2 Other grains: triticale and oafs-odder: other fodder except silage maize and grass

Source: Own calculations.

4.2.2 Liberalization Scenarios

In this chapter the four different liberalizatiocegarios (see section 4.1) are presented and
compared to the reference scenario. At first resarié presented at the European level.
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Figure 4.3 shows that the scenarios with a 50%aafhf@0% cut of DPs have similar results,

whereby the effects of the full cut are clearlyosgger. Results at the European level are
largely determined by ESIM since FARMIS solely pdms results for Germany, which in the

European context have only a minor impact as séeady in the discussion of baseline

results.

When DPs are cut, farm supply is decreasing beganaskiction incentives are reduced. This
effect is stronger for crops since the bulk of Dd’soupled to land. Yet, for animal products
some coupled DPs are still left (e.g. Article 68mants) and additionally higher feedstock
prices reduce the supply quantity in the scenasults, but to a lesser extent. Lower supply
guantities subsequently result in higher prices.

It is visible from Figure 4.3 that the abolishmehprice policies has much stronger effects on
market development than the abolishment of DPss, Thowever, is only true for the ESIM
model. Diverging results regarding cuts in DPs agntve models can be observed in the
following tables and will be discussed in the remdair of this section in more detalil.

5%

0% -

m50_DP

mNo_DP
No_Pricepol

mFull_Lib

-5%

-10%

-15%

-20%

Figure 4.3: Scenario Results Relative to Baseline — EU-27cksliof Agricultural Prices and
Supply Quantities (2020).

Source: Own calculations.

The abolishment of price policies causes a diffetgpe of shock than a cut in direct

payments does. The latter reduces the incentiy@daduce, which leads to increased market
prices. The abolishment of price policies like ftarior intervention prices directly causes

lower domestic market prices, which reduce theritige to produce (Figure 4.3J.

%1 Since quota restrictions are implemented togetliigr border protection measures, the quantity éfface not

a priori assessable.
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In the Full_Lib scenario supply indices decreaseamian in the No_Pricepol scenario
reflecting lower production incentives due to ambhial cuts in DPs, which results in a higher
average price level compared to the No_Pricepolaioe

Results for the German level are presented in Taldeto Table 4.5. Again, the first three

columns refer to the model results when they ameduss stand-alone versions without
iteration procedure and the remaining columns shesults of the two models commonly

applied and differences to the stand-alone versésnlts. Scenario results are presented in
relation to baseline results to provideteris paribusconditions and single out the effects of

policy reforms.

Table 4.2 presents results for the German agri@llsector under the scenario No_DP, which
entails a full abolition of DPs. Results of therstalone version of ESIM show only a slight
decline in utilized area for most of the crops, védas area changes in FARMIS are
significant. FARMIS reacts much more sensibly tésdn decoupled DPs than ESIM does.
The explanation is inherent to the models. In E®INd assumed that decoupled payments
have an effect on production which is equivalenitoincrease in prices by 20% of their
value. Thus, only 20% of the DPs are incorporatethe model and an abolishment of DPs
causes a comparatively low shock. Furthermorectsiral change — in terms of an increase in
average farm size as well as in terms of adoptibmew production technologies — is
incorporated in the supply elasticities that ardized in ESIM. Hence, effects of strong
income shocks in the agricultural sector are mooelerate since it is assumed that the sector
adapts not solely within given production structuipeit also by changing structures.

In FARMIS the land market is modelled on a regiolelel. DPs are assumed to fully
capitalize in the land market. Hence, a reductibDBs only affects production when gross
margins without DPs become negative and subsegquerdtuction is reduced in respective
regions. In many regions land rental prices areld@oto absorb abolished DPs, which then
leads to a strong decline in utilized area as showhable 4.2. In reality effects probably
would be dampened by structural changes in theif@rector, however, in the current
version the programming approach applied in FARMiIEes structural changes into account
only exogenously between the base year and thé yew of the simulation period. This
means that the same rate of structural change ®a&ueach scenario, independently from
sectoral market developments. Thus, in contraBiSt\M no structural changes occur between
baseline results and scenario results. Accordintgat FARMIS results should be interpreted
against the background that with strong reductionaverage income, significant structural
change such as an increase in farm size and fateaing the sector can be expected which
is not depicted in current model specifications.
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Table 4.2: Price and Area/Quantity Changes (in %) in the NB_$xenario (2020 compared
to Baseline in 2020) for Germany before and atemation.

Before iteration

After iteration

Products
Change | Change in| Change in| Change in price | Change in
in price | area/supply | area/supply area/supply
in ESIM in FARMIS
@) 2 3 4 ©) (6) (1)
% % % % % points % %
differ- points
ence differ-
with (1) ence
with (2)
Area changes (crops)
Wheat -0.6 -0.3 -14.6 2 2.6 -12 11.7
Barley 0 -0.6 -19 1.7 1.7 -17.7 17.1
Corn 0 -0.1 -9.7 0 0| -10.1 10
Rapeseed 0.2 -1.5 -38 1.1 09| -354 33.9
Rye 1.3 -1.6 -23 8.7 74| -16.3 14.7
Sugar 0 0 0 0.1 0.1 0 0
Other Grains® 0.6 -1 -24.1 3.1 3.7 -22 21
Potatoes -1.5 0.1 -1.6 2.7 4.2 -0.4 0.5
Volunt. Set-aside - -40 -60 - -| -60.7 20.7
Fodder’ - -1.3 -11 - -] 111 9.8
Silage Maize - -1.6 -1.8 - - -1.9 0.3
Gras - -0.2 -14.2 - - -14 13.8
Supply changes
(animal products)
Pork 0 0.1 -0.2 0.5 0.5 -0.5 0.6
Beef 1 0.2 -3 0.7 0.3 -3.1 3.3
Milk 0 0 0 0.2 0.2 0 0

2 Other grains: triticale and oafs-odder: other fodder except silage maize and grass

Source: Own calculations.

ESIM results in the livestock sector might seemlaupible at first glance. In Germany, beef
guantities and price rise simultaneously after RRsabolished. This, however, is a specific
result for Germany since DPs are fully decouplelikanin many other countries (e.g. France,
Spain, and Austria) which kept a small share of D&gpled, especially in the beef sector.
The abolishment of coupled payments in these cmsnligads to a reduction of the incentive
price for beef production, which in turn reducep@y and increases the market price for beef
in Europe® Since no coupled DPs are left in the baseline @mn@ny in 2020, German
farmers do not suffer from abolished DPs for begfdve profiting from an increase in market
prices. In ESIM this own price effect even overcemgates the increasing feedstock costs

32 1n ESIM a European point market is assumed. #bistracted from the possibility of different regibprices
that might occur due to transportation or othemgeation costs.
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which result from higher crop prices. Thus, at #ygregate European level beef supply is
reduced but in the German sector it is slightlyeagied. In FARMIS the slightly increasing
beef price is not sufficient to overcompensatehigher feedstock prices, hence, beef supply
decreases.

After the iteration process, a significant reductio utilized area compared to the stand-alone
ESIM results (see Table 4.2, column 7) leads therasmall price changes (column 5). This
again reflects that Germany is a small country witBurope (and the world) in terms of
agricultural production for most commodities. Faynriradable goods (potatoes) and for
crops where a substantial share of world suppfyrasluced in Germany (rye) stronger price
effects occur and the FARMIS results are dampened.

In Table 4.3 results of a 50% DP cut scenario aesgnted. Effects are less pronounced for
this scenario compared to the full abolishment. HARMIS stand-alone version still
generates significantly stronger effects than tis&#ME stand-alone version. However, area
declines less than half the amount of the scenaiib full abolishment of the DPs. The
relation between the share of DPs that are cutl@decline of area under production is non-
linear because the production decision is onlycé#ie when gross margins become negative.

The still strong area effects in FARMIS are maioBused by low rental prices which are
observed in southern German regions in the baseli2®20. Here, even a 50% cut of DPs
cannot be absorbed by the land market, wheredseimdrth most regions still have positive
land rents after the cut. In a more aggregate amersf the model these effects would have
been weaker since an average land price would geawviore scope for an absorption of DP
cuts, since the threshold of zero rental priceslavbardly be passed. This is a good example
to highlight the strengths and weaknesses of the dingle models: while ESIM tends to
underestimate effects of DP cuts due to an agdoegatror FARMIS tends to overestimate
the effects in the scenario at hand due to a lanaepiction of structural changes that likely
would occur.

When the models are commonly used in the iteratieeelling chain, these weaknesses are
not fundamentally solved. Since the FARMIS modgdlaees only the German supply in
ESIM, price effects are still determined to a greatent by the other European countries
which are not disaggregated. Furthermore, the &sffiec Germany are likely overrated since
guantity effects generated by FARMIS hardly are paned by the small price effects at the
European level.
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Table 4.3:Price and Area/Quantity Changes (in %) in the 50 Se€nario (2020 compared to
Baseline in 2020) for Germany before and afteatten.

Before iteration

After iteration

Products
Change | Change in| Change in| Change in price | Change in
in price | area/supply | area/supply area/supply
in ESIM in FARMIS
@) 2 3 4 ©) (6) (1)
% % % % % points % %
differ- points
ence differ-
with (1) ence
with (2)
Area changes (crops)
Wheat -0.1 -0.1 -5.3 0.7 0.8 -3.8 3.7
Barley 0.1 -0.5 -6.6 0.6 0.5 -5.9 5.4
Corn 0 -0.1 -2.9 0 0 -3.2 3.1
Rapeseed 0.1 -1.2 -11.4 0.4 0.3| -10.3 9.1
Rye 0.7 -1 -7.2 2.3 1.6 -5 4
Sugar 0 0 0 0 0 0 0
Other Grains® 0.5 -0.7 -7.5 1.1 0.6 -6.7 6
Potatoes -0.5 0 -0.8 0.6 1.1 0 0
Volunt. Set-aside - -7 -18.4 - -| -184 114
Fodder’ - -0.8 -7.6 - -l -75 6.7
Silage Maize - -0.9 -1 - - -0.9 0
Gras - 0 -3.3 - - -3.1 3.1
Supply changes
(animal products)
Pork 0 0 0 0.1 0.1 -0.1 0.1
Beef 0.6 0.1 -0.9 0.4 0.2 -0.9 1
Milk 0 0 0 0 0 0 0

2 Other grains: triticale and oafs-odder: other fodder except silage maize and grass

Source: Own calculations.

Comparatively strong price changes occur in theMimepol scenario (Table 4.4). For wheat
and corn strong price cuts arise because of thiesshbeent of intervention prices which were
relevant in the baseline in 2020. An even strongeluction occurs for sugar due to the
abolishment of the quota restrictions, the spet#idf, and the intervention price. In the case
of beef and pork meat, high tariffs are reduced, dequality mark-up of roughly 25% of
world market prices is assumed for these produrcthe No_Pricepol scenario to reflect the
assumption that consumers care about the origlivegtock products and on average have a
higher willingness to pay for domestically producedat. Despite the mark-up, beef prices
drop by 34.8% compared to the baseline in 2020.pdrk meat price drops to a much lesser
extent because under baseline assumptions the Elarhalmost balanced net-trade (net-
exports account for about 1% of EU consumption) pmeks are almost at world market level
in the baseline (plus the mark-up). The abolishnm@nthe European milk quota and the
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simultaneous liberalization of dairy product maskétxport subsidies and tariffs) lead to an
18.8% lower milk price compared to the baseline.

As has already been observed in baseline resuliepaysical link in FARMIS restricts beef
production when a binding milk quota is in placéeTreverse effect is now observable when
the milk quota is abolished. While in ESIM beef glyps reduced by 29% due to strong price
effects, FARMIS results only show a reduction d8%. Due to a strong increase in milk
supply additional beef meat is produced as a comgri¢ary product which compensates the
price induced decline in beef production to a gresent. Pork production in ESIM is
extended despite a reduced price. This effect sdoecause the price drop is relatively small
compared to other livestock products and the ovicepeffect is overcompensated by cross-
price effects.

A similar case occurs for barley, rye, other graiasd rapeseed. Area in both models is
extended despite reduced own-prices because d$-prae effects which are triggered by a
strong decline in wheat, corn and sugar prices. retaively small reduction of wheat and

corn area in ESIM is also explained by cross-peitects.

The area utilized for feeding-stuff production ésluced in ESIM due to decreasing livestock
production. The less pronounced decline in livdsfgoduction in FARMIS and the increase
in milk supply lead to an increasing demand fordfeg-stuff and accordingly area is

expanded.
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Table 4.4: Price and Area/Quantity Changes (in %) in the Nmepol Scenario (2020
compared to Baseline in 2020) for Germany befockaidter Iteration

Before iteration

After iteration

Products
Change | Change in| Change in| Change in price | Change in
in price | area/supply | area/supply area/supply
in ESIM in FARMIS
1) 2) (3 4 ®) (6) (1)
% % % % % points % %
differ- points
ence differ-
with (1) ence
with (2)
Area changes (crops)
Wheat -19 -5.3 -16.1| -18.6 04| -154 10.1
Barley -3.8 4.3 2.9 -3.4 0.4 3.5 0.8
Corn -19 -3 -18.2 -19 0| -182 15.2
Rapeseed 0.9 9.3 15.1 0.9 0 15.1 5.8
Rye -3.8 4.4 4 -3.4 0.4 4.3 0.1
Sugar -33.6 -19.8 -24.1| -33.3 0.3| -23.6 3.8
Other Grains® -2.8 4.7 55 -3 0.2 5.3 0.6
Potatoes -5 0.1 -1 -3.7 1.3 -0.2 0.3
Volunt. Set-aside - 1.7 21.2 - - 215 19.8
Fodder’ - -9.4 4.9 - - 3 12.4
Silage Maize - -12 4.7 - - 3.6 15.6
Gras - -1.6 0 - - 0 1.6
Supply changes
(animal products)
Pork -4.3 0.5 -2 -3.9 0.4 -2.2 2.7
Beef -34.8 -29 -1.8| -35.4 0.6 -2.6 26.4
Milk -18.8 3.3 11.3] -21.1 2.3 9.8 6.5

2 Other grains: triticale and oats. ° Fodder: other fodder except silage maize and grass.

Source: Own calculations.

In the Full_Lib scenario a full market liberalizati of EU agricultural policies is simulated,

i.e. the abolishment of all price policies anddiliect payments at once. ESIM results only
marginally change compared to the No_Pricepol s@efa FARMIS results conversely

indicate that area for almost all crops declineavitg due to an additional abolishment of
DPs. After the abolishment of price policies, agergross margins in FARMIS already are
reduced so that an additional cut in DPs causeativegyross margins in many regions. Even
with these enormous declines in production, worldrkat prices are hardly affected by
implementing FARMIS results into ESIM.

% The only exception is voluntary setaside whichsittegenerate any income anymore when DPs aresiieali
However, due to isoelastic functional forms produtivalues cannot become zero.
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Table 4.5:Price and Area/Quantity Changes (in %) in the Full Scenario (2020 compared
to Baseline in 2020) for Germany before and atemation.

Before iteration

After iteration

Products
Change | Change in| Change in| Change in price | Change in
in price | area/supply | area/supply area/supply
in ESIM in FARMIS
@) 2 3 4 ©) (6) (1)
% % % % % points % %
differ- points
ence differ-
with (1) ence
with (2)
Area changes (crops)
Wheat -19.6 -5.3 -35| -17.8 18| -33.2 27.9
Barley -3.9 3.5 -21.4 -1.7 22| -19.1 22.6
Corn -19.2 -2.9 -30.5| -18.7 05| -304 27.5
Rapeseed 1 7.7 -34.4 2.3 1.3| -30.8 38.5
Rye -2.8 2.6 -25.2 2.2 5| -20.3 22.9
Sugar -33.7 -23 -38 -33 0.7| -36.9 13.9
Other Grains® -2.7 3.5 -25 -1.9 0.8| -23.9 27.4
Potatoes -6.6 0.4 -3.2 -0.6 6 -0.6 1
Volunt. Set-aside - -39.6 -55.5 - -| -55.2 15.6
Fodder’ - -12 -13 - -| -13.4 1.4
Silage Maize - -14.7 0.4 - - -0.5 14.2
Gras - 2.1 -15.7 - -| -16.3 14.2
Supply changes
(animal products)
Pork -4.3 0.6 -2.2 -3.5 0.8 -2.8 3.4
Beef -34.5 -29 -6.8 -35 0.5 -7.6 21.4
Milk -18.6 2.8 8.1 -20 14 7.1 4.3

2 Other grains: triticale and oafs-odder: other fodder except silage maize and grass

Source: Own calculations.

4.2.3 Discussion

In the baseline, for most commaodities reactionthefmodels go in the same direction and are
of similar scope. Under scenario conditions, howegueite a few differences can be observed
between the stand-alone versions of the two models.

In the No_Pricepol scenario reactions for fieldpsr@re broadly in line among the models.
However, FARMIS seems to be more sensitive reggrgimce changes than ESIM. Larger
disparities occur in the livestock sector, mairdyised by different impacts of the milk quota

abolishment.

Differences in scenarios with DP cuts are much npooaounced. This goes back to different
theoretical concepts with regard to the modellifglicect payments and the implementation
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of structural change. ESIM to a certain degree idens (historically observed) structural
change since it implicitly is included in its belmwal parameters. Furthermore, only 20% of
the value of decoupled DPs is assumed to havefaat @hich is equivalent to a change in
market prices. Contrarily, structural change in FR is implemented exogenously. With
strong reductions in average income, an increaswanage farm size would be expected in
reality; however, this dampening effect on supelgations does not arise in the current model
specification. Additionally, DPs are fully accoudtéor. When land markets are not able to
absorb DP cuts via a reduction in rental pricesdpction becomes unprofitable in certain
regions. The regional differentiation of land mdskgives a more detailed picture compared
to a model with a single region. In the 50_DP sden@roduction declines in some regions
even though the average land price of all regioaslevbe high enough to absorb the cut in
DPs almost entirely. ESIM only implicitly takes regal differences into account at the
aggregate level via its elasticity approach. Howetrhes approach implies that all farms have
constant marginal reactions on a cut in DPs, naenat the depth of the cut. Considering all
these points, it can be concluded that impactsfchts tend to be underestimated in ESIM
and overestimated in FARMIS.

The different model reactions are dealt with in iggrative procedure. However, even

significant declines in supply in FARMIS do not sauwstrong price feedback in ESIM. Prices
are similar for many products before and afteritbation. This is due to the fact that prices

in ESIM are determined at the world or Europearelleather than at the German level.

Germany is a small country for most of the agrimalt products. Only in cases where a
considerable share of world production is produice@ermany or where commodities are

non-tradable, are price reactions more pronountkds, the iteration procedure is relevant
only for few commodities depicted in the modelsofirer picture would emerge, when more

countries depicted in ESIM would simultaneouslysbéstituted by programming models of

the FARMIS type. In such a case supply changesdvoelmore pronounced at the aggregate
level and prices would react accordingly.

From the discussion above it becomes clear that thaugh considerable differences among
the models occur, they only partially can be trabadk to the different levels of model
aggregation. Nevertheless, due to the disaggregdtedture, FARMIS clearly accounts for
more heterogeneity of the sector, which also itecéfd in aggregate results. For example,
effects in the 50_DP scenario would be much lowEARMIS was run on a higher level of
aggregation. Another example is the bio-physiaa between milk and beef production in
FARMIS. Farmers that already fulfil their milk dediries under quota restrictions need less
dairy cows, which has an effect on calf and coneertiy beef production at the aggregate
level.
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5 Redistributive effects of agricultural policy

After the modelling system has been introduced alaowd it has been explained how ex-ante
data are generated, in a second step these datartrer analysed to draw conclusions
regarding distributional effects of the differen¢farms of agricultural policy in the
agricultural sector of western Germany.

5.1 Measuring inequality and redistributive effects — nethodological
aspects

In this chapter, methodological aspects of the mremsent of inequality and the measurement
of redistributive effects are discussed. Firsghall be clarified how inequality is measured

and what in general is meant by an index of inatyualhere is a broad consensus in the

literature what kind of basic properties such ateiis desired to satisfy. These properties are
presented in the next section. Thereafter, it iglaared how impacts on inequality can be

assessed.

Since in the empirical analysis (presented belowdction 5.3) several farms have negative
incomes, the reaction of indices on the appearasfc@egative values in the income
distribution is discussed. Negative incomes suvabyld be an inconceivable concept in the
case of wage earners; however, for farmers negais@mes reflect losses, which at least
temporarily are not unusual in the agriculturaltsec

5.1.1 Definition and properties of inequality indices
Foster (1985, p. 12) gives a general definitiomefsures of inequality:

“In the most general sense, a measure of inequality functional relationship
between a sdD of social states and a $®tof comparison points ordered by a binary
relation> . The measure extracts from a given social ddate D aspects that are
relevant to inequality and assigns an elem@tin R to reflect these aspects. The
relation> then indicates the inequality level of the stalative to other social states.”

This very broad definition of an inequality measuris commonly refined by several basic
properties for the measurement of income inequaktye among others Foster, 1985;
Chakravarty, 1999 and 2001; Bosmans and Cowellp¥b1Following these authors, the
income of an individual is a real numbex,. The income distribution fon individuals
arranged in ascending order is denoted sy (xy,...,%) in the Euclidean n-spad€. The set
of all possible income distributionsigy’ R™ = X. The dimension of an income distributirn
is denoted by(x) andu(x) is the mean income. The expressidrchiaracterizes a vector of
dimensionn with all components being equal to 1. An inegyaliteasure is a real valued
continuous functior:X 2R. I(x) is increasing with higher income inequality analkloe

% There exists a broad consensus about these gemeparties of inequality measures in the litertufor
further sources refer to the references given iaktdvarty (1999).
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defined for n> 2 only.I(x) = 0 in case of an equal distribution. The follogviproperties are
defined (Bosmans and Cowell, 2010; Chakravarty 150

Pigout-Dalton Transfer Principle (PD):

For all x € X and any positive real numbér it counts that(xa,....%,....%,....%) >
[(X1,.... %+ 0,00 X—0,...,.%) If Xi < Xi+ 0< X —0<X.

PD ensures that a rank preserving progressive egeye) transfer has a decreasing
(increasing) effect on the inequality index.

Symmetry: For allx € X, I(x) = I(X’) if X’ is obtained fronx by rearrangement of
components.

Symmetry ensures that the degree of inequality doeshange when individuals switch their
rankings.

Population Principle: For everyx € X, 1(x,x) = I(x).

The population principle ensures that an inequatitiex is the same for a given distribution
and any of its replications.

A fourth criterion is differentiated for absolutach relative measures of inequalffy A
relative index of inequality should satisfy:

Homogeneity For everyx € X andod being any scalar > 0(x) = 1(dx).
Absolute measures of inequality should satisfy:
Translation invariance: For everyx € X and any real numbey 1(x) = 1(x + 61").

Homogeneity ensures that proportional changes linneabmes do not change inequality.
Translation Invariance implies that equal absolcib@anges in all incomes do not cause
changes in the index of inequality. A more detaitidcussion of relative and absolute
concepts of inequality is presented in the nextiGec

The presented basic properties are in generalfiedtiby most of the well-known and

frequently used indices of inequality. Examples refative indices are the family of

generalized entropy measures (including Theilsidesl), the Atkinson index, and the Gini
index. Examples for absolute indices are the vadgathe Kolm index, and the absolute Gini
index (all these measures are discussed in moeel detChakravarty, 1999). It is worth

noting, however, that not all statistical measuoésnequality satisfy all the mentioned
principles; e.g. the interquartile ratio does raitsfy the PD property (Deaton, 1997).

Each of the different indices of inequality measueat has its own specific features and the
“choice of a particular index will be guided by tispecific objective one has in mind”

% The names of the properties differ among diffearthors. The formal expressions are taken frormos
and Cowell (2010) and Chakravarty (2001) in casdarhogeneity.
% For sake of completeness it shall be mentioned alep “intermediate” measures exist. For a dedaile
introduction refer to the relevant literature, d8gssert and Pfingsten (1985) and Pfingsten (1986).
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(Chakravarty, 2001, p. 87). For the study at h&edrélative and the absolute Gini coefficient
have been chosen to measure the distributionalatepd policy reforms in the agricultural
sector. The rank-based formulation of the Gini toehts is a particularly important feature
since it allows the measurement of re-ranking ¢dfeEurthermore, at least the relative Gini
coefficient is a well-known and widely used measwih a straightforward geometric
interpretation. However, Gini indices cannot beaheposed into only two components — the
sum of inequality among subgroup means and a wesgéiim of within group inequality — if
subgroup income ranges overlap (Mookherjee andr&tis, 1982). This may make the
interpretation of a decomposed Gini coefficientslasraightforward, but will also in turn
facilitate further insights in the composition okguality. A detailed discussion of subgroup
decomposability is presented in chapter 6. A furtiferacteristic that is worth mentioning is
that both the absolute and the relative Gini ingliae2 most sensitive to transfers around the
middle of a distribution (Chakravarty, 2001).

The relative Gini indexs can (in discrete form) be specified®s:

> 3% - x|

1 =53

9 G=
(9) o 7

wherex; is the income of individual (i = 1,2,3,...,n) ang: represents the average income.
The relative Gini coefficient is conceptually clbseelated to the relative Lorenz curve. The
latter relates the share in overall income off#e poorest people to the share they represent
in the overall population. An arbitrary relativerenz curve is presented in Figure 5.1, where
population is ordered from the poorest to the 5tz the abscissa. The area between the 45°-
line (i.e. the line of equality) and the Lorenz\audivided by the triangle under the 45°-line
represents the relative Gini coefficient.

37 See Pyatt (1976) and Stuart and Ord (1994).
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Figure 5.1:Relative Lorenz curve.

Source: Adapted from Jenkins (1991).

The absolute Gini indeAG is equal to the relative one multiplied by meacome of the
sample (Chakravarty, 1999) and thus, can be spdcd:

(10) AG=G :Z—iZZn:Zn:‘x— >§‘.

i=1 j=1
An arbitrary absolute Lorenz curve is presente#igure 5.2, again with the ordering of the
population from the poorest to the richest. Sirtoe ¢concept of absolute Lorenz curves is

hardly applied in the economic literature, it shadl briefly introduced in the following lines,
which are taken from Jenkins, 1991, p. 4:

“An Absolute Lorenz curve [...] graphp[%] times average income among the
poorestp[%] minus[p% times] the population average income, againstutatine
population sharep[%]. If there is complete equality, the curve caites with the
horizontal axis [...], and with inequality the curtxangs below the axis like a tear-
drop [...]. In the extreme case where one personaliathe income, the Absolute
Lorenz curve is straight-edged a¥d -shaped, wi¢hléngth of the vertical section
equal to mean income. [...] The closer the Absoludeehz curve is to the horizontal,
the more equal the distribution.”
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Figure 5.2: Absolute Lorenz curve.

Source: Adapted from Jenkins (1991).

Furthermore, the concept of concentration indieeg. (Kakwani, 1980; Jenkins, 1988) shall
be introduced in the following since it is exterdwused in the next chapters. Starting point
shall be the relative concentrationrvebecause a relative concentratindexcan be derived
from a concentratiogurvein a similar way as the Gimndexcan be derived from a Lorenz
curve

Figure 5.3 presents an artificial concentrationveurThe concept is closely related to the
concept of Lorenz curves; however, instead of mragnkncome units in ascending order with
respect to the variable under consideration, incanits are kept in the ordering of another
distribution. For example, a concentration curvetafes with respect to the ordering of
before-tax income graphs the share in overall tat@sh have to be paid by thp86 poorest
income receivers (according to before-tax inconmggirest the share they represent in the
overall population. If a tax function takes othdtributes except before-tax income into
account it may happen that some people with a loak in the before-tax ordering have to
pay more taxes than people with a higher beforarieame and a higher rank. This would
lead to a kinked curve as presented in Figurelb.general, relative concentration curves are
not restricted to lie below the 45°-line. They atsm be flipped to the other side above the
45°-line. In this case the respective concentratnaiex would take a negative value which
would indicate that income units in the lower w@ilthe distribution (e.g. with lower before-
tax incomes) have a larger share of the variabtéeuugonsideration (e.g. bear a higher tax
burden). The Lorenz curve is a special case ohaarration curve when the orderings of the
two variables are identical.

Following Vernizzi et al. (2010), the relative cemdration index can be specified as:
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(11) CYZan i=1-=1lu le{rX(yi)—rx(y]-)},

whereyy is the mean of a variabje(e.g. taxes)i(yi) represents the rank of individuah the
X-ordering andy{z} is an indicator function such that{z=1 if z>0, y{z}=0 if z=z0 and
w{z}=-1 if z<0. Absolute concentration indices are equal tatned ones multiplied by mean
incomes of the variable under consideration si,e.
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Figure 5.3: Relative concentration curve of varialgleanked with respect to variabte
Source: Own compilation on the basis of Pyatl.gt1880).

5.1.2 Measuring redistributive effects

After having explained how inequality is measuréd,this section the measurement of
redistributive effects is presented. As LambertO®0p. 39) points out, “redistribution is a
term in the English language commonly understooefer tothe new distribution of a given
total.” Yet, how can we talk about redistributive effetisa case where mean income is not
comparable? According to Lambert (2001), this isgtide because we implicitly compare the
new situation with another one in which income vwdbobhhve been changed in a distribution
neutral way. The latter is used as a natural beadkiho evaluate distributional effects.

In the following paragraphs, two different but telh methodologies for the measurement of
redistributive effects are introduced. The firsteoaoriginally stems from the field of tax
analysis. It has been applied for the analysigdistributive effects of agricultural policy (see
e.g. Allanson, 2006) and is also used in the wotkaad. It distinguishes between vertical and
re-ranking effects. The second methodology is almsmmonly utilized for the analysis of
policy induced impacts on income distributions abased on the decomposition of the Gini
coefficient by income sources.
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5.1.2.1 Vertical redistribution, re-ranking and progressivf

In section 5.1.1 it was discussed how income tistibns can be expressed by single indices.
As already mentioned by Foster (1985) in the inicddry quotation, to evaluate the degree of
inequality of a specific distribution, it has to bempared to a reference distribution. In the
study at hand different liberalization scenarics @mpared with the income distribution of a
reference scenario to evaluate reforms of agricalltpolicy in terms of (re-)distributional
effects among farm incomes. Since the modelingesysioes not account for farm exits
triggered by liberalization, negative impacts onamdarm income can be expected for the
scenarios introduced in chapter 4.1.

Kakwani (1986) develops the following measure oflisibution that is based on a
comparison of relative Gini coefficients and decosgs the total effect into a vertical and a
re-ranking component, which Allanson (2006) appiceagricultural policy:

(12 R=G -G =(G~G)+(G- §= W H

whereR represents the overall effect of redistributionttesdifference of the Gini index in the
base situationG&,) and the Gini index in the new situatid@), Cy, is the concentration index
of income in the new situation with respect to bemekings, andv andH are indices of
vertical redistribution and re-ranking, respectyvebenerally, the concept of vertical equity
represents the idea that a monetary burden onichails should increase with their capacity
to bear that burden. A positive (negative) signondicates that in case of income losses, in
this work due to a reduction of government supgbg,burden is progressively (regressively)
allocated among the total farm population. Nevédesse V does not measure the “pure”
degree of deviation from a proportional burden shart it also depends on the share of the
average burden in average base income. The “pagree of deviation rather is indicated by
the comparison of the concentration index of thelenCg and the initial Gini coefficien®,
which is presented by the Kakwani (1977) measup@ajressivity:

(13) P=C;s - G

P measures the extent to which the burden is digt more unequally or equally than
income in the base situation (Aronson et al., 1994)

The connection betweahandP is given as follows (Kakwani, 1986):

_ PIs

oK  (1-5)

wheres represents the share of the average burden iagevdrase income of the whole farm
population®®

% parts of this section are identical with Deppermanal. (2011, 2013) and Deppermann et al. (2014).
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Yet, the degree of deviation from a proportionarshof the burden does not entirely explain
the new state of distribution (Atkinson, 1980; Rlok, 1981). The index of vertical
redistribution equals the overall effect of redmsition only if no re-ranking of farms occurs.
In our analysis this would be the case if farmsensaranged in ascending order of income in
the baseline situation and still held the same raifivdr liberalizing the agricultural sector.
Otherwise the index of vertical equity overestirsatee redistribution effect by not including
rank reversal effects. To illustrate the impactgesfanking on inequality, let us assume an
extreme case in which, due to an imaginary polaljndividuals of a population have to
switch their income: The highest income is replaveth the lowest, the second highest
income with the second lowest, and so on. Thiscpaliould be highly progressive since the
highest income-earners would have to bear the@gebtrden and the lowest income-earners
would obtain the most, but there would be no changte overall distribution of income
(refer to the symmetry property of the Gini indgresented in section 5.1.1). To account for
re-ranking, the index (which is also known as the Atkinson-Plotnik-ind&ixre-ranking) is
applied in equation (12). It can be interprete@msndicator of arbitrariness or discrimination
of the examined income redistribution system. Adkim (1980) refers to the effect as
“mobility” induced by an income policy, which migle of interest in its own right. If re-
ranking occurs, it always has a negative impacthenoverall redistribution index (Lambert,
2001). A graphical presentation of the decompasitbthe overall redistributive effect in a
vertical and a re-ranking component is providedrigure 5.4. The redistributive effeBtis
represented by the area between the continuousitarerve which represents the initial
income distribution and the dotted Lorenz curvejciwhpresent the final state of income
distribution. In this artificial case, a burdengea tax) would be inequality reducing. The
vertical effectV refers to the area between the initial (continjldusrenz curve and the
kinked concentration curve. Since some re-rankoucs in this fictive situation, the vertical
effect would overstate the reduction of inequalithwus, after (re-)ranking income units in
ascending order of the new distribution the dottexten curve would appear and the
(negative) re-ranking indeld refers to the area between the kinked concentratiove and
the dotted Lorenz curve.

% The reduction of income caused by liberalizat®tréated like a tax. In case one wants to medkareffects
of cash benefits, the formula should\be (G,-Cg)*(s/(1+9)).
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Figure 5.4: Overall redistribution, vertical effects and rexkang.

Source: Own compilation.

The described approach has so far been based ogldhige Gini coefficient. One property of

relative measures of inequality is that proportloci@anges in all incomes do not change
inequality (refer to the homogeneity property datiee inequality indices in section 5.1.1).

However, it depends on subjective evaluation whead kof changes keep inequality

unaffected (Chakravarty, 1990). According to difer normative views on inequality

equivalence, different concepts of inequality measuexist. In addition to the relative

measure the absolute Gini index is applied in #nsk to broaden the view on inequality

effects. The two concepts are closely related stheeabsolute Gini index is obtained by
multiplying the relative one by the mean incomelhsd sample, yet they react differently to
income changes. Absolute measures of inequalityraagiant to equal absolute changes in
all incomes (refer to the translation invarianceparty of absolute inequality measures
introduced in section 5.1.1).

In his seminal paper, Kolm (1976, p. 417) labelatree measures “rightist” and absolute
ones “leftist” in a context of wage and salary rnegmmns. His view is based on the
observation that social forces that traditionalbhuld - in a political sense - be classified as
leftists (e.g. trade unions) rather favor absokdeal increases of salaries than proportional
ones. He explicitly states that the term “musth®taken too literally” and that it is based on
a situation with “an equal increase in all incomather than an equal decrease” (ibid., p.
419). In our analysis we deal with decreasing ineqon average) and thus, the terms might
be misleading, since “leftists” probably prefer sogmortional burden for everybody to an
equal absolute cut in income.
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Following Kolm (1976) and Pfingsten (1986), relatiand absolute measures represent two
extreme cases of inequality concepts because mangie value an absolute equal levy as
inequality extending and a proportional one as ity reducing®’

Generally, the described method of decomposingoterall redistribution effect can be
applied to the absolute Gini index as well (Allams®008):

(15) AR=AG- AG=4, G-, G=(u, G, Q+(,Gu,G= A¥ A

where A indicates the absolute versions of theaespe measures anpg anduy, represent the
average income of the base and new situation, cagply. In the absolute version, the
(relative) concentration index of burde@g] indicates whether a burden is progressively or
regressively distributed. It shows how the shaffethe total burden are distributed, keeping
the ranks in sequence of the base situation. Tehasgative (positivels indicates that small
initial incomes have to bear a greater (smaller} p&the burden than higher inconfés.
ComparingCg with the relative index of progressivity?) makes it clear that in absolute
terms, a burden might be indicated as progresgwsit{ve Cg) while in relative terms it is
denoted as regressive in the case at< G, sinceP = Cg — Gx. These potential
discrepancies might also be found with regard ® dkierall effect of distribution. In the
following it is clarified how the relative and aldst indices in the analysis at hand can be
interpreted against this background.

Starting from an arbitrary distribution with pos#iaverage income and not all incomes being
equal, five possible cases can occur with the implgation of a tax or levy (see Figure 5.5).
The horizontal line indicates a constant total antaid levies that all individuals have to bear
together. When moving along the line, only therdistion of the burden among individuals
is changed, i.e., inequality in the new situatiomtcuously is reduced by moving from the
left to the right, keeping average levies constaettiona in Figure 5.5 represents a situation
in which both the relative and the absolute indé&owerall redistribution have a negative
sign. Thus, the new situation is less equal contpbéwethe initial one. In section, both
indices assess the new situation as more equdl bwih showing positive values). However,
in sectionb we find contradicting results with the relativedéx indicating increasing
inequality and the absolute index indicating desirgginequality. Here, there is decreasing
absolute income spreads in the after-burden sttngbsolute Gini coefficient), which are
not large enough to not be overcompensated byetthéced mean in case of the relative Gini
coefficient (asG = AG/u). Furthermore, with an equiproportionate reductdrall incomes,
the effect of redistribution in relative terms isr@, but the redistribution effect in absolute
terms is positive because absolute income spread®duced. With the implementation of a

0 Therefore they suggest some “centrist” (Kolm, 19@6434) or “intermediate” (Pfingsten, 1986, p 638
concepts of inequality, which, however, are alseellaon normative views on inequality.
*I However,Cg does not measure the degree of progressivity solate terms. It simply indicates thelative
distribution of the respective burden. An equalddlte change of the burden for all individuals wbahuse a
change inCg which, in absolute terms, should be a neutral freadion.
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uniform levy, the absolute index of redistributiomlicates no change to the prior situation
and the relative index shows less equal distriloudi® average income is reduced.

R=0

- R<0 —|—R>O
a T b - c

AR <0 — AR>(0——

AR=0

R - Overall effect of redistribution in relative terms
AR - Overall effect of redistribution in absolute terms

Figure 5.5: Relation of the reactions of relative and absoheistributive indices in the
context of an average income reduction.

Source: Own compilation.

To evaluate a liberalization of agricultural poliay positive in terms of redistributive effects,
it is obvious that the new situation should be nemeal than the previous situation. Based on
the above discussion, the argumentation is thabvieeall redistributive effect of any reform
package must be at least positive in absolute tandgpreferably be positive in relative terms
as well.

5.1.2.2 Distributional effects of income components

Other studies measuring inequality effects in tipgcaltural sector have decomposed the Gini
coefficient by income sources (e.g. El Benni andgEr, 2012; Keeney, 2000). This
methodology allows for the identification of impaan overall inequality caused by marginal
changes in average incomes from one specific sderge direct payments). In opposition to
the methodology presented in section 5.1.2.1, dlnece decomposition of the Gini coefficient
“does not serve to provide an explicit charactéinsaof the redistributive properties of farm
income support measures” (Allanson, 2006, p. 1N&vertheless, the methodology shall
shortly be introduced in the following to providebatter understanding of results of other
studies presented in chapter 5.2. Additionally, sasimilarities and relations of the two
methodologies shall be revealed. Typically, thetreé version of the Gini coefficient is
decomposed by income sources in the current literaand thus, the presentation of the
methodology is limited to this case in the follogin

The income source decomposition usually starts faooovariance-based formulation of the
relative Gini coefficient as presented in Lermam afitzhaki (1984), which is numerically
equivalent to the already introduced formulatiori@n
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_ 2co\ X, F(X)
U
whereF(X) is the cumulative distribution function of the dam variableX representing total
income. With decomposing total income into diffararcome sources such thét=x; + x, +
. + % and F(Xy) representing the cumulative distribution functiohincome sourcek
equation (16) can be extended to (Lerman and YkizAQ85):

(16) G

17) G:ZK: covx ., F(X) , 2covx , F(X ), A4
i cov X, F(X, )] H .
(18) G:ZRXGKX S.

Following Lerman and Yitzhaki (1985), the ter® is named Gini correlation between
income sourcd and total incomeGy depicts the relative Gini coefficient of incomeusmek
andS represents the share of income from solricetotal income.

Multiplying Rq and Gy yields the concentration inde¥ which measures the distribution of
income sourc& when income units are ranked according to théa focome:

o _Cov[x, F(X)  2cov[x ,F(X )

i1 COV [X, F(X, )] Hy .

The concentration inde&y sometimes also is referred to as ‘Pseudo-Ginifiooeit’. It is O
if all income units get an absolute equal amounhodéme from sourck, negative if income
units in the lower tail of a distribution have adar share of income from sourke and
positive if income units in the upper tail of atdisution get the larger share of souicéEl
Benni and Finger, 2012).

(19) Ci=2 RxG=

Following Lerman and Yitzhaki (1985), El Benni akthger (2012) and Keeney (2000)
calculate the impact a marginal change in the nieeome of sourcé& would have on the
overall Gini coefficient under the assumption ttte internal concentration index remains
undisturbed:

20) n=gls(a-9)

From equation (20) it can be observed that thecefiea marginal increase of income from
one specific sourck depends on the share of income from solrae total incomeS,, the
concentration indexCy, and the relative Gini coefficient of total inconi2 As already
specified in section 5.1.1, the concentration in@gxmeasures the distribution of income
sourcek when income units are ranked according to theal tacome. ThusCy for example
measures the distribution of direct payments acthssfarm population when farms are
ranked with respect to total income. This, howeveeasures exactly the same as the
concentration index of burdegy (introduced in section 5.1.2.1) measures in aat@nhere
direct payments are abolished.
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Thus, the results gained from a source decompasaiothe Gini coefficient can also be
calculated based on the indices introduced in @edil.2.1, buwice versare-ranking and
vertical effects are not attainable from the indiogroduced in this chapter.

5.1.3 Measuring inequality and negative income

Many authors have recognized difficulties in intetption of relative indices of inequality
when negative values are allowed for in the distrdn under consideration. This is observed
especially in case of the relative Gini coefficigatnong many others Chen et al., 1982,
Ahearn et al.,1985; Boisvert and Ranney, 1990hS$1i®©96).

When negative incomé&sappear in the distribution the relative Gini islanger bound by the
maximum value of one. Chen et al. (1982, p. 47%ckale from this “... that the [relative]
Gini coefficient may overestimate the inequality iocome distribution when negative
incomes are included”. Ahearn et al. (1985) e.ge tihis into account and try to circumvent
the problem by recoding all negative incomes toozetile recognizing that this will
underestimate the level of inequality.

Chen et al. (1982) suggest adjustedrelative Gini coefficient which accounts for naegat
incomes as long as average income of the distobuis positive. They also present a
graphical interpretation of their approach (Fig&té). Using their terms, the conventional
relative Gini can be expressed as (A+B) / (B+C)erelas without negative values A = 0. To
account for negative values, they suggest rewritivy Gini in theadjustedform: (A+B) /
(A+B+C), since the “...conventional Gini goes wrongchuse it treats the indefinite size of
(A + B + C) as a definite size of 2" (Chen et 4B82, p. 477). Thus, thadjustedGini is
bound by the maximum value of one, even with theeapance of negative incomes. In other
words, Chen et al. implicitly scale the maximum rmeg of inequality, which for the
conventional relative Gini is equal to the denortonaB+C and which implies that one
member of the population owns all available incand all others have zefd.

“2 This discussion of course applies for any otherabde as well. However, since income is the vdeiamder
consideration in this work it is used as the tefratmice here.
*3 Precisely speaking, the area between the linetal equality (the 45° line) and the Lorenz cunfethe
distribution “one owing all and all others nothingfiproximates B+C with a large number of incomesuni
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Figure 5.6: The relative Lorenz curve and negative incomes.

Source: Chen et al. (1982, p. 476).

This approach is criticised by van der Ven (20Q111: “Chen et al. (1982) explicitly avoid
the conceptual issues associated with the defin@fgerfect inequality ... which complicates
anyinterpretation of the coefficient that they adwetaDue to this shortcoming “comparison
between two distributions are complicated ... byubke of different scaling factors” (p. 11).

Another explicit criticism of the application ofdfrelative Gini with negative values is, that
transformations of the distribution under consitleramight cause counterintuitive reactions.
In a seldom recognized paper, Stich (1996, p. 2@%ines the “Greatest Gets More axiom”
(GGM), which, as he demonstrates, doesn’t hold gdiyefor the relative Gini coefficient.

GGM: I(X) < I(Xq,...,%-1,% + k) for every k > 0.

The GGM axiom states that an inequality indeises in the case that the richest individual
gets more income and all others keep their incomg. underlying mechanism for the

inability of the relative Gini coefficient to fulfthe GMM axiom when negative values arise
in the distribution can be explained by splitting the simple transformation process (i.e. the
richest individual gets more income) into two stepsst, assume a mean increasing but
inequality preserving change. For the relative Gmi all incomes are proportionally scaled
by the same factor (refer to the homogeneity ptgjpeihis in turn implies that negative

incomes become more negative. In the second stepmee that the additional income now is
collected (also the additional negative income) gnekn to the richest person. This step
implies that all persons with positive incomes gtdbe richest lose money and all persons
with negative incomes gain by reducing their deW#h a high share of negative incomes,
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their gains and the losses of the positive incomggect for the richest are weighted more
than the gain of the richest person and overalljuagty is announced to decrease. Stich
(1996) explains the mechanism with the reactiothefLorenz curve. Referring to Figure 5.6,

an increase of the highest income would increasa Brbut at the same time downsize area
A.

Stich (1996) concludes that relative measures equality should be avoided when negative
incomes appear in the income distribution. He psegdhe utilization of absolute or in certain
cases intermediate measures of inequality.

However, absolute measures have a different novenatsis than relative measures and thus,
they cannot be considered as good substitute$ cases. Also, the above proposed solutions
(replacing negative values by zero; adjusting thekerence base of inequality) have their
shortcomings and hamper interpretation. Due to ethdificulties the relative Gini and
underlying data are not adjusted in the analysigatl, even though a considerable amount of
negative incomes appear in the distributions uesdasideration, as will be seen later on. The
need to further utilize the relative Gini coeffiotefor the calculation of other indices would
especially complicate their interpretation. The adii® Gini coefficient however, is used
additionally.

Furthermore, many authors apply the convention&tive Gini coefficient even with

negative values. Amiel et al. (1996, p. 65) arghat tthe relative Gini is a “pratical

alternative” when negative values appear in th&ibdigion since many other scale invariant
measures are undefined in such a case. Allansdib)28/en develops a methodology to
compare relative Gini coefficients of distributiongith negative and positive average
incomes.

To become more familiar with the implications ofgaive values on the calculation of
relative Gini coefficients, a small artificial emigal experiment is provided in the following

lines. This proceeding of course cannot generageganeral conclusions nor is it meant to do
so. However, it might help the reader to bettelentithe shortcomings of the relative Gini as
discussed above.

In an artificial situation, consider an income wgcdf three persons {15,10,5}. This initial
situation is constantly changed by reducing thenme of each person by one Euro (Table
5.1).
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Table 5.1: Constant absolute differences with
reduced mean incomes.

Income Income Income|relative 2.5
1 2 3 Gini

A | 15 10 5 02222 || > [

B 14 9 4 0.2469 /

C 13 8 3 0.2778 | | 15

D 12 7 2 0.3175 /

E 11 6 1 0.3704 1

F 10 5 0 0.4444 /

G 9 4 -1 0.5556 | | 0,5

H 8 3 -2 0.7407 —

I 7 2 -3 11111 | O+ T

J 6 1 4 2 2999 A B CDEFGHI J
Source: own calculations. Figure 5.7: Impact of mean income

reductions on the relative Gini coefficient.
Source: own calculations.

From Table 5.1 and Figure 5.7 it can be seen tmatrelative Gini, assumed that absolute
distances between income units do not change,aseseexponentially with decreasing mean
income. In a more general sense this becomesnyeacalling that average distances among
individuals appear in the numerator of the rela@®rei and mean income in the denominator:

(9) G — i=1 j=1

This reaction takes place also when negative insoare excluded (until distribution F).
However, the appearance of negative incomes temdasake this effect more pronounced
because the spread between numerator and denomindtus case may increase without
having a ‘natural bound’. Absolute average distancan be kept constant and at the same
time mean income can become close to“Zend vice versa, with the allowance for negative
incomes absolute average distances can increakeuwii ‘natural bound’ while keeping
mean income constant. If this happens with an dyresomparatively low mean income,
changes in absolute distances may seem dispropalttictrong in relative terms.

Furthermore, it should be kept in mind that thetree Gini does not necessarily violate the
GGM axiom as soon as one negative value in themecgdistribution appears: The term(2-

1)u is equal to the maximum possible sum of absoliséanices that can occur between
individual incomes when only non-negative incomesallowed, i.e. in a situation when one

4 Of course mean income can become negative aswiglh would result in a negative value for theatisle
Gini. However, it is abstracted from this posstiilnere since the discussion of negative Giniseigobd the
scope of this work and not relevant in the empirdcslysis.
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person owns everything and all others own noth®lgserving that an increase of the highest

income by an additional unit increases the distarmraong all unitszi'1:lzz1:l‘><i - xj‘ (i.e.

the numerator of the relative Gini) by the samephlie amount as it increases the temn2
1)u (i.e. the denominator of the relative Gini foraagen)*, it can be concluded that for large
populations only relative Ginis close to one oragee than one will not fulfill the GGM
axiom. Thus, counterintuitive reactions not autooadly appear when negative incomes

exist; rather the rati(ii”:lZ?zl‘xi - xj‘ to (2n?w) is crucial.

It can be stated that even though the relative @Girtechnically correctly specified when
negative incomes are considered, it can reactnayathat might not be in line with normative
expectations and thus, may lead to misinterpretatidhis should be kept in mind when
relative inequality is discussed later in the emopirpart of this work. Additionally, Lorenz

curves are presented to illustrate the impact afahee values. If Lorenz curves do not
intersect, no counterintuitive reactions can be eetgd. Yet, disproportionally strong
reactions are of course still possible.

5.2 Literature review

After the discussion of methodological aspects tlie measurement of inequality and
redistribution, empirical results shall be presdnt®efore redistributive effects of the

calculated scenarios are discussed in detail ferwkstern German agricultural sector, a
literature review of studies concerned with the soe@ament of income distribution and the
redistributive effects of agricultural policy isqguided below.

As already stated in the introduction, most of stedies assessing redistributive effects of
agricultural policy on farm incomes are ex-posti#s and static in natufé Many studies
only refer to separate measures of agriculturatpalhich are directly observable from the
data without side calculations. However, other arghapply sophisticated methodologies for
the quantification of support, which is not dirgadbservable, like border protection e.g.

Within the literature regarding the measuremenedfstributive effects of agricultural policy,
one methodology is dominating. Several authors yapipé source decomposition of the
relative Gini coefficient, which was introduced section 5.1.2.2. This method enables the
assessment of impacts on overall inequality calbgecharginal changes in income sources.
Besides the application of a similar methodologgstrof these studies have in common that
they focus on agricultural support that is direahservable from official statistics, e.g. DPs
of the CAP. More subtle support such as transfessi fconsumers to farmers often is
neglected. Furthermore, most studies abstract frapitalization of support in production
factors and assume that farmers are the ultimatefioearies of such payments. Furthermore,

“5 For a large populationit holds that 1/8% ~ 1/2n(n-1)u.
“8 The few exemptions are already discussed in se2ti®
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incentive effects in general are not taken intooaat. Some studies additionally analyse
inequality effects of off-farm incomes.

Keeney (2000) presents such a study for Ireland. #daggregates family farm income into
DPs and market income, where the latter includesnafarm income sources but DPs. Based
on the decomposition of the relative Gini coeffitieshe finds that DPs reduced relative
income inequality in Ireland between 1992 and 189é states that an increased share of DPs
has equalizing effects on farm income distribution.

In a study for Switzerland, El Benni and Finger {2p differentiate inequality effects by
region, i.e. by valley, hill and mountain area. Yiodserve changes in farm household income
inequality in relative terms between 1990 and 2808 decompose overall income into off-
farm income, DPs and a remainder market incomey Tind that off-farm income and DPs
have equalizing effects on the distribution of lehad income and the opposite for market
incomes. Furthermore, their results show that DRBsehstronger marginal effects on
inequality than off-farm incomes.

Based on the same static methodology, Severini @adtari (2013) analyse likely
redistributive impacts of different possible refariof first pillar DPs for Italy. In their study,
farm net value added is the income indicator umdeisideration which is decomposed into
income from DPs and market based income. For #tasstjuo they find a high concentration
of income which is reduced by DPs in relative terifigeir simulation of a shift from the
historical to the regional DPs model reveals ongfight reduction of inequality compared to
the baseline.

Von Witzke and Noleppa (2007) decompose a reldBire coefficient as well as a measure
of absolute inequality of total farm profit into reponents for direct payments and market
profit. The authors conclude that direct paymerdsoant for about one-third of overall
inequality for family farms and for two-thirds of/erall inequality for incorporated farms in
Germany. However, from their numerical resultsah de concluded that in relative terms
DPs have an inequality reducing effect on familynfa since the reported “pseudo factor
Gini” is lower than the relative Gini coefficienorf total income. The fact that the “pseudo
factor Gini” has a positive value itself demonstgathat DPs have an inequality increasing
effect in absolute terms.

Several similar studies have been carried out {& fdrm households. Ahearn et al. (1985)
analyse the effects of direct government paymentsmicome of farm operator households in
1984. They find equalizing effects of direct govaant payments and off-farm income at the
margin in relative terms. Findeis and Reddy (198#fgrentiate by regions and conclude that
off-farm income has inequality reducing effectstta margin in relative terms in regions
where full-time farming predominates.
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Boisvert and Ranney (1990) apply the methodologMea York dairy farms. They consider
net farm income, off-farm income and direct goveeninpayments and conclude that the last
two have inequality reducing effects. El-Osta et (4995) include non-monetdfyand
monetary income in their analysis. They find equag effects of government payments and
off-farm incomes at the margin in relative terms.

Mishra et al. (2009) investigate relative inequyabffects of government payments on farm
household incomes, differentiated for nine farmiagions in the U.S. They conclude that a
marginal increase in the off-farm and governmennpents components would reduce overall
inequality; this is also true at the regional lefeglgovernment payments and for most regions
in the case of off-farm income.

As an interim conclusion it can be stated thatcalisidered studies which apply the Gini

coefficient decomposition methodology find equal@ieffects of DPs or other direct

government support in relative terms, no mattervitwich country or period the study is

carried out. If off-farm incomes are included i thnalyses, this component is also found to
be inequality reducing in most of the cases. Howeragional differences appear in some
analyses. The only study explicitly taking absolutequality into account (von Witzke and

Noleppa, 2007) suggests inequality increasing tffetdirect payments.

To account for different dimensions of inequalitypacts, Allanson (2006, 2007, 2008) and
Allanson and Rocchi (2008), through a series ofepgpuse the approach which was
introduced in section 5.1.2.1 and which is base@ @omparison of Gini indices of pre- and
post-support income. They take overall agricult¢€P) support into account. Support from
market price measures is calculated on the bas@E&ED producer support estimate data.
Besides, DPs and other grants and subsidies asdeoed in the analyses. Furthermore, in
contrast to the majority of the studies, they actdor the fact that support only partly
benefits the farmers and that a part of the paysnesit capitalize into prices of production
factors not owned by the farm. The four studiespaesented in the following in more detail.

Allanson (2006) estimates changes of relative Goeifficients for family farm incomes in the
Scottish agricultural sector. In this paper, theerall redistribution effect of agricultural
policy support is split up into a vertical dimensiof inequality and a re-ranking effect. The
analysis suggests that support is progressive solate terms, which has to be interpreted
against the background of a negative average inaminfcottish farms in the pre-support
situation. However, an unequalizing overall effettagricultural policy is found in relative
terms, which is caused by re-ranking effects okartathe equalizing vertical effects.

In a paper explicitly taking classical horizontagguity*® into account, Allanson (2007) finds
the same result based on three different relaneguality measures. In absolute terms his

" Non-monetary income refers to the value of hommdpeced and consumed goods and the rental value of
dwelling (El- Osta et al., 1995).
8 The concept of classical horizontal inequity refer the unequal treatment of equals. It is disfistged from
other concepts of horizontal inequity like re-rarii
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results suggest a slight decrease in inequalitytdwsgricultural support. However, negative
horizontal inequity effects more or less outweigjuaizing vertical effects. Again, these

rather confusing results (a more equal absolutexirvdth a less equal relative index caused
by income increasing support) appear with a negativerage pre-support income which
makes interpretation more difficult.

Allanson (2008) presents an analysis in absolutagdor another time period than in his
afore mentioned papers. Results show for five aartsee years an unequalizing effect of
agricultural policy on the distribution of farm mmes in the Scottish agricultural sector. The
unequal treatment of pre-transfer equals is idextifo be the main reason for the increase in
overall inequality, which otherwise would have beeduced.

Allanson and Rocchi (2008) find similar results foverall inequality effects through a
comparative analysis for Tuscany and Scotland. Hewefor Tuscany transfers are
regressive in absolute terms rather than progressvin the Scottish case. In their paper, an
analysis for farm income is compared to an analysistotal household income which
additionally takes off-farm income into account. both areas — Tuscany and Scotland —
inequality would decrease by additionally taking-fafm income into account when keeping
ranks of the farm income distribution constant; boer, since the ranks of the farms also
change, pre-support income inequality effectivelgréases. When total household income is
the indicator of choice vertical effects are lesgressive/more progressive when agricultural
support is introduced.

OECD (2003) measures the degree of concentratiograds farm receipts, agricultural
support and net operating income by estimatingivelaini coefficients and Lorenz curves
based on farm quartiles. Support consists of DR$ m@arket price support, which is
calculated based on the OECD PSE database. Basaad¢amparison of these measures, the
authors conclude that for most OECD countries uedesideration, agricultural support has
relatively small effects on distribution by farnzsibecause the distribution of agricultural
support is only marginally less unequal than therdiution of gross receipts. Thus, they
conclude that the distribution of support is uneéduecause larger farms receive a greater
share. Furthermore, it is found that on averageketaprice support is more unequally
distributed than DPs.

Findings in a similar analysis by Moreddu (2011jonadditionally focuses on differences

among farm types and regions, are in line with éhessults. Using the assumption that
farmers are final beneficiaries of support, it aairid that market price support generally is
distributed more unequally than direct paymentd, ¥eese differences are found to be small
for Germany. It is concluded that overall suppsrtunequally distributed but less than gross
output which indicates inequality reducing effdctselative terms. Specifically for Germany,

it is found that total support is as unequallyritisited as gross agricultural output.

Schmid et al. (2006) compare relative Gini coedints of direct payments per farm holding
for single EU-15 member states. They show thatibgree of distribution of direct payments

77



is fundamentally different and closely relatedhe toncentration of land inside the respective
member states. In a more detailed analysis forrfaghey find that larger holdings receive
the bulk of direct payments and that less favoaread payments have little equalizing effects.

Von Witzke (1979) analyses the effects of priced jprice policies on income distribution in
the agricultural sector. Based on a theoretical ehathort- and long-run effects of price
changes are empirically analysed for a sample rofigdocated in a specific German region.
He finds that increasing prices lead to a lowerceotration of agricultural income in the
short-run (in relative terms). In the long-run,uis depend on the assumption regarding the
elasticity of scale. If the elasticity of scaleassumed to be positively correlated to farm
income increasing prices lead to a higher concgatraf agricultural income in the long-run.

Brown (1990) applies a comparative static part@gilrium model to identify long-run
effects on producer welfare in the EU-10. In atfstep, changes in producer welfare are
calculated on a commodity basis for a full libezation of the CAP. Subsequently, changes
are disaggregated among representative farms. ks fthat benefits of the CAP are
regressively distributed.

Another methodological approach with which to aealpolicy induced income effects in the
agricultural sector is the spatial micro-simulat@pproach applied by Hynes et al. (2009a,
2009b). They statistically match different largealsc datasets to generate a “synthetic
population of Irish farms representing the Irismatuspace” (Hynes et al., 2009a, p. 284).
Hynes et al. (2009a) analyse with their spatiainféevel micro-simulation model potential
effects of a possible shift from the historical BEheme to flat rate payments on the spatial
distribution of family farm income in Ireland andopide their results in a GIS-based
graphical form. Hynes et al. (2009b) use a sinajgroach to examine effects of carbon taxes
in Ireland. Both analyses are static in nature eeagh ex-ante policy analysis is carried
out.

A related branch of literature aims at the estioratof EU agricultural policy effects on
regional convergence. Hansen and Teuber (2011)disdet payments as well as market price
support into account by applying OECD producer suppstimate figures. They calculate
regional agricultural support per labour force et hectare. Based on the coefficient of
variation they calculate changes in regional inétyuaf farmers revenues with and without
CAP support over time for an area that consist®@MNRTS-3 regions in Hesse, Germany.
They find that inequality between farmers’ revenirgseases across regions over time and
that the CAP has only attenuating impacts on tieisct. With a similar approach Anders et al.
(2004) analyse the distribution of support in thene area and find increasing variations of
total support, support per farm and support petanecamong individual regions over time.
However, they state that per hectare support isthatdy correlated with regional per capita
income. For further relevant studies in this fiekfer to the introduction of Hansen and
Teuber (2011).
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In a completely different approach, Rocchi (2009es1a SAM-based model to analyse
income distribution changes from the single paynmsaiteme of the CAP for Italy. This
approach is able to distinguish between directiaddect impacts of agricultural policy on
income distribution among agricultural as well an+agricultural households. However, the
analysis is carried out at a highly aggregatedl lamd does not take price effects into account.

To conclude this section, it can be stated thatntlagority of the studies find explicitly or
implicitly (e.g. “the distribution of support is equal”) that agricultural support increases
inequality in absolute terms. On the other handcaljural support is found to be inequality
reducing in relative terms. Most of the studiesndd take re-ranking or classical horizontal
equity effects into account, however, their impocgis shown by Allanson (2006, 2008).

Virtually all of the studies which are assessingome effects at the farm level are static in
naturé®. Among them, only Allanson (2006, 2007, 2008) @iiénson and Rocchi (2008)
account for the fact that farmers probably arethetfinal beneficiaries of the whole amount
of support.

91t is not unambiguously clear to the author if gratial equilibrium model in Brown (1990) is a laefoural
model. However, in his study production patternthatfarm level are static.
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5.3 Redistributive effects of CAP reforms on western Ganan farm
iIncomes

In the following section, redistributive effects pblicy changes assumed in the different
scenarios (as introduced in section 4.1) are ptedenThereby, results of different
methodological approaches are compared to each. dfbeease the understanding of the
methodological differences behind the analyses eweat) Figure 5.8 gives an overview about
the different aggregation levels, types of incomma] the different styles of data generation.
The left part of the figure refers to data genetdig the modeling system as described above
and the right part refers to a static analysis Wwhices not take incentive effects into account.
The latter serves as a reference for comparisowdhbde described in detail later on.

At first, aggregation biases are accounted fomaquality analysis due to the application of
grouped data instead of individual data. To thid, @mequality impacts calculated on the basis
of 467 FARMIS groups are compared to results catedl on the basis of 8,024 individual
FADN-farms. This comparison is undertaken for theoime indicator FFI (second column of
the left part of Figure 5.8) and for the incomeitator ‘total household income’ which, in
addition to family farm income, accounts for offfaincome sources (column 2 + column 3
from the left part of Figure 5.8). Off-farm inconseurces are not covered by the modeling
system and the observed data in the base yeae a@inddysis is assumed to be constant in real
terms over time for all scenarios.

Second, an analysis for the indicator ‘FFI’ is camgul to an analysis for the indicator ‘total
household income’. Comparison is presented atrttividual farm level. Relating to Figure

5.8, results referring to the second column inlds row of the left part are compared to
results calculated on basis of the sum of the steod third column (FFI + off-farm income)

in the last row of the left part of the figure.

Third, since virtually all analyses which try tosass redistributive effects of agricultural
policy instruments are conducted in a static whg, importance of taking incentive effects
into account is assessed. To do so, an analys@sried out which compares statically derived
income distributions with distributions generated the modeling system. To ease the
analyses of the underlying processes, this conparsscarried out on the basis of FFI values
for 467 FARMIS groups (column 2, row 3, left handesvs. column 2, row 3, right hand

side).
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Figure 5.8: Overview of methodological approaches of inequaheasurement.

Source: own compilation.

For all scenarios, baseline results with the assustetus quo of agricultural policy serve as a
base situation where redistributive effects aresrrefl to in all cases. This implies the
weighting of all (marginal) income changes by basetankings (Lerman and Yitzhaki,

1995).

5.3.1 Redistributive effects and aggregation errot°

In this chapter redistributive effects of differerform scenarios are presented. Thereby,
results are based on generated single farm datheoane hand and on grouped data on the
other hand to evaluate the aggregation error whighears when redistributive effects are
measured by the application of grouped data.

Liberalizing the agricultural sector has clear riegaimpacts on average farm income. In the
Full_Lib scenario, the scenario with the lowestrage income, 31% of all individual farms
have negative incomes, whereas in the baseline tmer only 10%. The impact on relative
measures in this context is extensively discusbedain section 5.1.3 and will be referred to
again when distributional results are discussedeiail. Furthermore, as already examined in
chapter 4.2, the results should be interpretednagdéhe background that with this strong
reduction in average income, significant structefenge such as an increase in farm size and
farmers leaving the sector can be expected whichoisdepicted in the current model
specification.

0 This chapter was basis for the paper Deppermaah €013) and some numerical results and parhgrape
taken unaltered.
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5.3.1.1 Decile groups

Table5.2 provides an overview of the distribution of FFhsestern Germany for all scenarios
based on data for individual farms. Total farm gapan is segmented into decile groups
which are ten groups of equal size with the bottpoup containing 10% of farms with the

lowest incomes and the top group containing 10%awhs with the highest incomes. In the
column on the left (1), the baseline income of edehile group is reported. The next columns
refer to the different liberalization scenarios enthe situation in which the composition of
the decile groups does not change: Farms that m@adotvest income under the baseline
scenario are still located in the bottom decile.

Columns Ill, VI, IX, and XII present for each dexijroup its share in total income reduction
for the respective scenarios. The bottom decilejgnender the Full_Lib scenario bears only
3% of total income reduction and the top decilerez3%; however, for the top decile
income is reduced by 48% of baseline income, wisclower than the average reduction
among all farms, 69%.

On average, the effects of the 50_DP scenario@rgaratively moderate. This is partly due
to the high share of rented land — 68%, on avernagie baseline scenario — as well as the
high rate of capitalisation of DPs in land pricelieh is assumed in FARMIS. As a result,
land rental prices decrease significantly with dudion of DPs, which cushions negative
income effects especially for farms with a highrehaf rented land. The income effects more
than double in the No_DP scenario compared to thé®P scenario because in many regions
the full reduction of DPs is too high to completbly absorbed by the land market. Still, the
average income reduction of a full abolishment &sDs significantly lower (8,954 €) than
the average loss of direct payments (18,331 €).

Furthermore, it becomes clear that the Full_Lilmac® is not simply a sum-up of the No_DP
and the No_Pricepol scenarios. For example, orageeithe top decile loses 56,670 € in the
No_Pricepol scenario and loses 15,105 € in the N sPenario, whereas under the Full
Liberalization scenario, the top decile income dases by 73,723 €.
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Table 5.2: Family farm income decile groups for western Gerybased on individual farm

data.
50 DP scenario No_DP scenario

Baseline Income after 50%| Income Income | Income after 100% Income Income

income DP Cut reduction | differ- DP Cut reduction| differ-

ence ence

/base /base

income income
(0 (n (D) (v) V) (\4)) (VI

€ffarm | % | €/farm % o €/farm % of o
@) | of | (av) | ofan = 2Of (av.) all % of
) all ' total ) total
(1a) (Ib) (1a) (Ilb) reduction (Va) (Vb) reduction
1 -13,197 | -3 -15,633 -4 7 -0.18 -18,043 -5 5 -0.37
2 1,701 0 -486 0 6 1.29 -3,294 -1 6 2.94
3 10,267 | 2 8,028 2 6 0.22 5,071 1 6 0.51
4 20,607 5 16,759 4 11 0.19 11,609 10 0.44
5 31,570 7 28,210 7 9 0.11 23,536 9 0.25
6 41,791 9 38,133 9 10 0.09 32,600 10 0.22
7 52,623 | 12 | 48,530 12 11 0.08 42,243 12 12 0.20
8 67,286 | 15 | 63,167 15 11 0.06 56,637 16 12 0.16
9 88,967 | 20 84,457 20 13 0.05 76,827 21 14 0.14
10 152,622 | 34 | 147,241 35 15 0.04 137,517 38 17 0.10
All 45,424 | 100| 41,841 100 100 0.08 36,470 100 100 0.20
Source: Own calculations.

Table 5.2(continued): FFI decile groups for western Germlaased on individual farm data.

No_Pricepol scenario Full Liberalization scenario
Baseline Income after Income Income Income after full | Income Income
income abolition of price | reduction | difference liberalization reduc- | difference

policies /base tion /base

income income
() (VI (1X) (X) (XI (X1 (X1

€/farm % €/farm % of €/farm % of % of
(av.) of (av.) all % of total (av.) all tc())tal
all reduction reduct
(la) (Ib) | (Vllla) | (Vllib) (Xla) (XIb) )

1 -13,197 | -3 | -16,976 -7 2 -0.29 -21,835 | -16 3 -0.65
2 1,701 0 -3,245 -1 2 2.91 -8,340 -6 3 5.90
3 10,267 | 2 4,127 2 3 0.60 -1,209 -1 4 1.12
4 20,607 | 5 9,703 5 0.53 710 6 0.97
S 31,570 | 7 | 16,396 7 0.48 7,136 8 0.77
6 41,791 | 9 20,920 10 0.50 10,821 10 0.74
7 52,623 | 12 | 26,888 11 12 0.49 15,672 11 12 0.70
8 67,286 | 15 | 37,223 16 14 0.45 24,986 18 13 0.63
9 88,967 | 20 | 47,241 20 19 0.47 33,615 24 18 0.62
10 152,622 | 34 | 95,952 40 26 0.37 78,899 56 23 0.48
All 45,424 | 100 | 23,823 100 100 0.48 14,046 100 100 0.69

Source: Own calculations.
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When decile group values are calculated on thesbafsalready grouped (FARMIS) data
rather than on the basis of individual data, togildegroups have a lower average income and
bottom decile groups a higher one (Table 5.3). Téffect is intuitive since groups are
generated by criterions other than income (regigoe and size). When FARMIS groups are
disaggregated, higher individual incomes of midalte low-income groups move towards
higher decile groups and vice versa.

Difference in the distribution of respective incomeductions, however, can hardly be
observed. While the top decile group has a loweonme share by 25 percentage points in
total income in the Full_Lib scenario, the shargotal income reduction differs only by one
percentage point. From this it can be concludetlttit@ugh low individual incomes in high-
income (FARMIS) groups tend to be smaller than higtomes in low-income (FARMIS)
groups, they have similar income losses, on averager the different scenarios.

Table 5.3: Differences in FFI decile groups when data areuwated based on grouped data
compared to individual farm data (Table 5.2).

50 DP scenario No_DP scenario
Baseline Income after 50%| Income Income after Income
income DP Cut reduction 100% DP Cut | reduction
(0 (mn (1) V) (v
Differences to Table 5.2 in € or %-points respectivg
€/farm % €/farm % % of €/farm % of
(av.) of (av.) of all tc())tal (av.) all % of total
all reduction reduction
(1a) (Ib) (lla) (llb) (Va) (Vb)
1 11,890 3 11,997 3 0 12,209 3 0
2 7,301 | 2 7,057 2 6,856 2 0
3 8,058 2 7,235 2 2 5,803 2 3
4 8,596 2 9,170 2 -2 10,135 3 -2
5 7,256 | 2 6,864 2 1 6,096 2 1
6 2140 | O 3,267 1 -3 4,638 1 -3
7 -415 0 -754 0 -716 0 0
8 -3,184 -1 -3,909 -1 2 -4,455 -1
9 -8,681 | -2 | -7,990 -2 -2 -7,410 -2 -1
10 -32,973 | -7 | -32,950 -8 0 -33,169 -9 0
All 0 0 0 0 0 0 0 0

Source: Own calculations.
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Table 5.3 (continued): Differences in FFI decile groups whizta are calculated based on grouped
data compared to individual farm data (Table 5.2).

No_Pricepol scenario Full Liberalization scenario
Baseline Income after Income Income after full | Income
income abolition of price | reduction liberalization reduc-
policies tion
(1) (V1) (1X) (XI) (X1
Differences to Table 5.2 in € or %-points respectivg
€/farm % €/farm % of €/farm % of % of
(av.) of (av.) all % of total (av.) all tootal
all reduction reduct
(la) | (b) | (vila) | (Vliib) (Xla) (XIb) '
1 11,890 | 3 | 11,657 5 0 12,609 9 0
2 7301 | 2 | 7,174 3 0 6,735 5 0
3 8,058 2 6,364 3 1 4,208 3 1
4 8,596 2 6,946 3 1 8,409 6 0
5 7,256 | 2 3,277 1 2 2,450 2 2
6 2,140 | 0 | 6,215 3 -2 8,984 6 -2
7 -415 0 3,480 1 -2 2,938 2 -1
8 -3,184 -1 -3,953 -2 0 -5,223 -4 1
9 -8,681 | -2 | -5,805 -2 -1 -5,506 -4 -1
10 -32,973| -7 | -35,364| -15 1 -35,615 | -25 1
All 0 0 0 0 0 0 0 0

Source: Own calculations.

5.3.1.2 Lorenz curves

Before the methodology of measuring redistributfects as described in section 5.1.2 is
applied, Lorenz curves of the respective scenaegresented. Following Jenkins (1991, p.
6) it can be stated that if two relative (absolutejenz curves do not cross, the distribution
with the relative (absolute) Lorenz curve closeth® diagonal (horizontal) unambiguously is
more equal than the other, according to all “staditieelative (absolute) inequality measures.
By “standard” Jenkins refers to all inequality me&as that fulfil the properties introduced

within section 5.1.1: Pigout-Dalton Transfer Prplei Symmetry, and Population Principle.

The concept of absolute Lorenz domination originalas introduced into the literature by

Moyes (1987).

In Figure 5.9 relative Lorenz curves of the incodmgributions in 2020 based on individual
farm data for all scenarios are presented (Loremzes based on grouped data are presented
in Appendix C). Since the curves do not intersgéaan be concluded that the same ranking
of scenarios with regard to their degree of ineiyals identified by the Gini index later on
(Table 5.4) also would have been identified by a@her standard inequality measures.
Furthermore, it becomes apparent that the loweatleeage income of a scenario is, the more
unequal it is ranked in relative terms. From FigbhrE) it becomes clear that for the absolute
measure exactly the opposite is true. The basehith the highest average income
unambiguously has the most unequal distributionalosolute terms while the Full _Lib
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scenario with the lowest average income has theedowlegree of inequality among the
scenarios.

-==BL
— - <50_DP
No_DP
—— -No_PP
—— - Full_Lib

Figure 5.9 Relative Lorenz curves for baseline and all sazesdased on individual FFI
data.

Source: Own calculations.
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Figure 5.1Q Absolute Lorenz curves for baseline and all sues@dased on individual FFI
data.

Source: Own calculations.

86



5.3.1.3 Gini based analysis

In the following section, inequality effects of thdifferent liberalization scenarios are
analysed by decomposing the inequality changesvettical and re-ranking effects and by
measuring indices of progressivity (as described.in2). First, the results of the analysis,
which is conducted on the basis of individual dat@ analysed. This analysis reveals more
information on inequality than the analysis based FARMIS groups. Despite varying
magnitudes of the single indicators, the directadninequality effects is not substantially
different in general. Emerging differences are aésed in more detail subsequently.

In the 50_DP scenario (Table 5.4, section Il) inedsreduced by 3,583€ on average, which
accounts for 7.8% of income in the baseline scen&miabsolute terms the DP cut leads to a
slightly more equal situation. Very small re-rarkireffects occur and the overall
redistributive effect is also quite small. Thisdse to the low value of average support
reduction rather than a low level of progressiwafythe reduction. Th€g measure indicates
that support reduction is progressively distributdtich means that higher incomes bear a
higher burden of a DP cut than smaller incomesltie.results are in accordance with a priori
expectations: farms with higher income have a greatreage and get higher DPs. In relative
terms we observe an opposite inequality effect. DRecut is regressively distributed and
leads to a more unequal distribution of income. MmhgativeP value indicates that income
losses are more equally distributed than initiabme in the baseline scenario. Compared to
other scenarios? is even more negative if DPs are reduced by 508tesenting a higher
degree of regressivity of income reduction. Incdosses account for a larger share in lower
incomes compared to higher incomes.

Similar effects can be observed in the analysia bfll abolishment of the DPs (the No_DP
scenario, Table 5.4, section Ill): a more equaladion in the absolute analysis and a more
unequal situation in the relative analysis. A douplof the cut in DPs (from 50% to 100%)
leads to disproportionately higher effects in thequality analysis. A 100% cut has a less
negative index of progressivity which indicatest thdull abolishment in relative terms is less
regressive than a 50% cut. Farms with lower inctend to be less productive and tend to be
located in regions with relatively low land rent$ws, low-income farms already reduce their
production area with a 50% cut while high-incomerfa tend to not reduce production since
rental prices can absorb a great share of the DRmmigross margins are still positive. An
additional cut of the remaining DPs hits high-inefarms harder because they now also
reduce their production area whereas low-incomagalready reduced their production area.

In the No_Pricepol scenario (Table 5.4, section $dpport cuts are pronounced in the
livestock sector since tariffs and export subsidies in place for several products in the
baseline scenario and milk production is restricted to the quota scheme. Furthermore, the
sugar market is also heavily affected by relativalyh border protection and the production
quota that is still in place in our baseline scenf@ompare sector results in section 4.2).
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Compared to the No_DP scenario, much stronger ieceffects occur when price policies
are abolished, i.e. average income is reduced Wg.>A8The overall absolute effect of
redistribution AR) is positive, which also indicates a positive dboindex of vertical equity

since the absolute index of re-ranking is alway®-positive. Thus, farms with higher
incomes tend to bear a higher absolute burden frioenalization compared to farms with
lower incomes. The re-ranking effect reduces thiéoz effect by about 25%.

In relative terms, income inequality increases carag to Baseline values. The redistributive
effect is -0.222, which is more than double the@# in the No_DP scenario. Almost half of
the overall effect, however, originates from rekiag effects. Furthermore, due to a higher
share of negative incomes compared to the No_Difasice comparability might be distorted
in this case. The index of progressivitys clearly negative, which indicates that low-ine®
farms bear a larger share of the overall burden thair share of baseline income. For this
indicator, comparability is given since it relies ¢he indicatorsCg, which incorporates
(positive) income losses that rarely are negaawe,Gy, which is the relative Gini coefficient
of the Baseline. A comparison reveals that theisbwilent of market price policies clearly is
less regressive than the abolishment of DPs. Despibwer regressivity, overall effects are
more negative in the No_Pricepol scenario becausemge income reduction is much higher
and the negative vertical effect is amplified bgi#éidnal re-ranking effects.

In the Full_Lib scenario (Table 5.4, section V) tiberalization policies of the No_DP and
No_Pricepol scenarios are combined. Effects of lmtigle scenarios go into the same
direction, which is reflected in the results of thell_Lib scenario. Redistributive effects of
the combined scenario are stronger — i.e., theynare equalizing in absolute terms and more
unequalizing in relative terms — compared to timglsi scenarios. Progressivity, however, is
intermediate in the Full_Lib scenario. The obserirantease in overall redistributive effects
(more negative in relative and more positive inddlte terms) is caused by a larger scale
factor s. However, the more than proportionally strong tieacof R partly goes back to a
high share of negative incomes in the income tistion (see discussion in section 5.1.3).

5.3.1.4 Aggregation error

From Table 5.4 it can be observed that the anatisitsis based on individual data and the
one that is based on grouped FARMIS data cleaffgrdn terms of magnitude of the single

indicators. Yet, the direction of inequality effecnd the evaluation of policy reforms are
similar.

It is intuitive that both absolute and relative Gimdices are larger when calculated on the
basis of individual data since within-group inedtyails additionally included in the analysis.
For baseline results, between-groups inequalitpats for 75% of total inequality measured

*1 Income effects of this size should be interprétetight of the modelling system not allowing fonanges in
farm structure.
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on individual basi¥ while for the Full_Lib scenario between-groupsauality only covers
59% of total inequality.

Already, the decile group analysis revealed thateséarms with comparatively low (high)
incomes which were part of middle-class income pgsohefore the disaggregation move to
the lower (upper) fringe of the overall distributiafter disaggregation. In return, farms with
comparatively high (low) income which formerly werart of groups with low (high) average
incomes ascend (descend) in the income paradenmidkss clear that the ranking of incomes
in the individual approach is different from thenkang which appears when individuals are
ranked due to the average incomes of their growpsch is implicitly the ranking in the
grouped data approach. For Baseline results aveénagme is 3% lower in the lowest decile
group and 7% higher in the top group when individaakings are considered.

In each scenario the overall redistributive efieatnore negative in case of the relative Gini
and less positive in absolute terms when calculatedhe basis of individual data. The
vertical effect in absolute terms is higher forsénarios, but then more than compensated by
an also higher re-ranking effect. In relative terbmth,V andH are more negative in all
scenarios.

Redistributive effects, however, differ only slighin the absolute analysis. Tl indices,
which also determine the absolute vertical effeats,particular are close between the
approaches. For the relative analysis, differeacesigher between the two approaches. This
is comprehensible because after disaggregatiomaasidegree of distribution of losses is
combined with a higher degree of inequality in Biaseincomes sinc® = Cg — G. Thus,
similar absolute income losses are borne by higteemes in the upper tail of the distribution
and by lower incomes in the lower tail of the dmition. To conclude, it seems that after the
disaggregation of groups, individual farms charfygrtranks to a certain extent. However,
farms that change ranks, on average, lose sintisolate amounts of their incomes. This in
turn, leads to more regressive income changedatvwe terms.

The most remarkable difference occurs among thativel index of progressivity in the
No_Pricepol scenario. It is remarkable not becafighe scope of the difference but because
of the qualitative interpretation. The analysidefween-groups inequality suggests an almost
neutral distribution of income reductions in relatiterms. Contrarily, the analysis of
individual data shows a clear negative index whiaplies regressively distributed income
losses.

However, large differences in the relative analysspecially between th®, values, should

be interpreted with caution due to a higher shdraegative incomes in the individual
analysis because several individual farms with iegancomes were ‘hidden’ in groups with
positive average income (26% of groups in Full_biéve negative income and 36% of
individuals in the same scenario; for the Baselime ratio is 5% to 13%). Thus, with a

52 The ratio is the same for relative and absolutés.
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constant mean income (denominator) the numerattineofelative Gini can increase heavily
due to the fact that negative incomes are allowed f

So far, analyses of redistributive effects were parad between individual and grouped data
for the income indicator FFI. When instead totat$whold income is applied as indicator
(Table C.1 in Annex C) a slightly different pictusppears. Conclusions are widely the same;
however, due to additional off-farm income all tela Gini indices become smaller. For the
analysis of grouped data in the No_Pricepol andrile Lib scenarios this leads to slightly
positive indices of progressivity. The oppositdrige for the individual data-based analysis.
Here, the indices announce regressivity of libeedlon burdens in relative terms. Thus, the
additional disaggregation of the grouped data hsigrareversing effect on the progressivity
index in these two scenarios. Yet, again, the higsteare of negative incomes in the
disaggregated version has to be taken into accaodt might relativize the differences
between the approaches.

In comparison, two other studies using a similaprapch to account for the impacts of
grouping denote much stronger impacts on the @ik results. Bourguignon et al. (2005)
combine a standard multisector CGE model with aabeural micro-simulation model to
account for changes in real income under differeat devaluation scenarios for Indonesia.
They contrast results based on ten groups withtanhsvithin-group inequality with results
based on disaggregated incomes of 9,800 individhalseholds. Their results indicate
substantial differences between the two methodetgihey found sign reversing effects due
to the disaggregation. In a similar study Savard0f) compared results based on seven
representative household groups of a CGE model wai$ults based on additionally
disaggregated incomes for 39,520 households. Fwade liberalization scenario for the
Philippines he found that the two approaches “syateally produce inverse results”
(Savard, 2005, p. 326). However, the two cited istdiffer from the work at hand as they
apply behavioural micro-models instead of accogntimodels for further disaggregation of
the results and also much fewer and larger reptatses household groups in the aggregated
model. Thus, the aggregation bias in the aggregatatysis is likely much larger than in the
analysis based on 467 farm groups representingiddiddual farms on average.
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Table 5.4: Decomposition of changes in FFI inequality (indival data vs. grouped data).

Relative analysis

Absolute analysis

Individual data

Grouped Data

Individual data

Grouped Data

1) Baseline Results

Average income (in €) 45,424

Gini index of income A) G 0.560 0.422 25,443 19,164
I)  50_DP scenario

Average income (in €) 41,841

Average support reduction (in €) 3,583

Average rate of reduced support

(support reduction/base income) s 0.078

Gini index A G 0.598 0.448 25,028 18,743
Concentration index A)C 0.595 0.446 24,903 18,675
Total redistributive effect (AR -0.038 -0.026 414 422
Index of re-ranking (A H -0.003 -0.002 -125 -67
Index of vertical equity (A) V] -0.035 -0.024 539 489
'rre‘gi’ét?;npmgress""ty of support | . -0.410 -0.285 0.151 0.136
II)  No_DP scenario

Average income (in €) 36,470

Average support reduction (in €) 8,953

Average rate of reduced support

(support reduction/base income) s 0.197

Gini index A G 0.662 0.487 24,155 17,775
Concentration index A)C 0.649 0.480 23,662 17,496
Total redistributive effect (AR -0.102 -0.065 1,288 1,389
Index of re-ranking (A)H -0.014 -0.008 -493 -279
Index of vertical equity (A) V] -0.089 -0.058 1,781 1,668
Index pf progressivity of support P:G 0361 20.236 0.199 0.186
reduction

IV) No_Pricepol scenario

Average income (in €) 23,823

Average support reduction (in €) 21,601

Average rate of reduced support

(support reduction/base income) s 0.476

Gini index (A) Gy, 0.782 0.498 18,632 11,857
Concentration index (A)C 0.683 0.434 16,265 10,349
Total redistributive effect (AR -0.222 -0.076 6,811 7,308
Index of re-ranking (A H -0.099 -0.063 -2,367 -1,508
Index of vertical equity (A) V] -0.123 -0.013 9,178 8,815
Index of progressivity of support PG 20135 0014 0.425 0.408

reduction

Source: Own calculations.
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Table 5.4 (continued): Decomposition of changes in incomequmality (individual data vs.
grouped data).

Relative analysis Absolute analysis

Individual data Grouped Data  Individual data Grouped Data

Baseline Results
Average income (in €) 45 424
Gini index of income A) G 0.560 0.422 25,443 19,164

V)  Full Liberalization scenario

Average income (in €) 14,046
Average support reduction (in €) 31,378
Average rate of reduced support

. . S 0.691
(support reduction/base income)
Gini index A G 1.256 0.739 17,642 10,377
Concentration index A)C 1.005 0.582 14,111 8,179
Total redistributive effect (AR -0.696 -0.317 7,801 8,787
Index of re-ranking (A)H -0.251 -0.156 -3,531 -2,198
Index of vertical equity (A) V] -0.445 -0.160 11,331 10,985
Index pf progressivity of support P:G 0.199 0.072 0.361 0.350
reduction

Source: Own calculations.

5.3.2 Indicator effects — family farm income versus totahousehold income

In this section redistributive effects are analybaded on two different concepts of income —
family farm income and total household income. keady stated above, family farm income

provides information on return to land, labour, arapital resources owned by the farm
family, as well as the remuneration of entreprer@usk. In contrast, total household income
additionally takes all off-farm sources into accou®ince off-farm income is not depicted in

the modelling system, observed base year valuessartened to be constant in real terms until
2020 and for all scenarios. This assumption likebds to an underestimation of inequality
compensation effects of off-farm income sourcesabse it can be expected that the
development of off-farm income and agricultural poih are negatively correlated (e.qg.

Vergara et al., 2004; Kwon et al., 2006).

Before going into details, it is worth emphasizithgt for both income concepts only the
income base is changing while losses are remathi@game for each farm. In other words,
the same liberalization losses calculated in tlem@cos are referred to an (on average) higher
income, since off-farm income is added as an amthti constant income source. Baseline
rankings according to the indicator FFI differ fraieinkings according to total household
income because off-farm income and on-farm incomee regatively correlated and some
farms with a lower FFI overcome other farms whetaltbousehold income is considered.
Nevertheless, in Baseline results inequality isdovYor total household income than for FFI.
Thus, inequality reducing effects of additionallkihg off-farm income into account are not
overcompensated by re-ranking effects when switcfriom FFI to total household income as
it is in the case of Allanson and Rocchi (2008)drample.
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The Lorenz curves for total household income aseied in Figure 5.11 and Figure 5.12
indicate that scenarios are ranked in the samewitayregard to the degree of inequality as in
the analysis of only FFI. A closer look at the dbsolLorenz curves, however, uncovers that
the curve of the Full_Lib scenario lies outside ather curves for the first 3% of the
population and inside for the remaining 97%. Thenates that absolute distances of
cumulative household income to the mean incomelanger for the smallest 3% of the
population in the Full_Lib scenario than in all @tlscenarios. It also denotes that for the rest
of the population, absolute distances of cumuldtivesehold income to the mean are smaller
than in all other scenarios. Thus, some indiceaexfuality might exist which explicitly focus
on the lower tail of the distribution and accordiyngnay rank distributions in a different way.

The relative Lorenz curves reveal that the numbianegative values in the distribution of

total household income is considerably lower coragdo the distribution of FFI (cf. Figure

5.9) for all scenarios. For total household incorfe of the farms have negative incomes in
the Baseline and 23% in the Full_Lib scenario, carag to respectively 13% and 36% of
negative values for FFI.
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No_DP
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Figure 5.11:Relative Lorenz curves for baseline and all sdesdrased on individuabtal
household incomdata.

Source: Own calculations.
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Figure 5.12: Absolute Lorenz curves for baseline and all sdesdrased on individuabtal
household incomdata.

Source: Own calculations.

In Table 5.5 it can be observed thatolutevertical and overall effects are smaller whenltota
income is applied as the indicator for all scermribhis can be explained by the fact that
farms with a low FFI tend to have higher incomerfroff-farm sources and in some cases rise
in the ranking due to the additional consideratbroff-farm income. Thus, since the losses
are distributed progressively with regard to FFrenfarms with higher absolute losses
descend in the ranking of total income and farnth Veiwer losses ascend in the ranking. This
trend is also reflected in th€&g indices which indicate that losses (which have shene
average size in both analyses) are less concemhimateng the high-income farms when total
farm income is considered instead of FFI.

Absolute differences in vertical and overall effeare stronger for scenarios in which an
abolishment of market price support measures islwed (i.e. No_Pricepol and Full_Lib)
compared to the scenarios with DP cuts. Here, diael lof average income losses is higher
and at the same time losses are more concentratedgahigh-FFI farms, which leads to
stronger effects when switching to total incoménascator.

In relativeterms all indicators are closer to zero for thalgsis of total household inequality.
This can partly be explained by a higher averagenre (also leading to less negative values
in the distribution). Thus, relative Gini coeffigis are less sensitive with respect to changes
in average income. Nevertheless, taking off-fareome sources also into account has an
equalizing effect in relative terms due to the riegacorrelation of off-farm income and on-
farm income.
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Table 5.5 Decomposition of changes in income inequality Hawe individual data (total household

income vs. FFI).

Relative analysis

Absolute analysis

Total Income FFI Total Income FFI
) Baseline Results 52,798 45,424 52,798 45,424
Average income (in €)
Gini index of income A) & 0.468 0.560 24,714 25,443
1)  50_DP scenario
Average income (in €) 49,215 41,841 49,215 41,841
Average support reduction (in €) 3,583 3,583 3,583 3,583
Average rate of_ reduced_support S 0.068 0.078 0.068 0.078
(support reduction/base income)
Gini index AG 0.495 0.598 24,386 25,028
Concentration index A)C 0.493 0.595 24,256 24,903
Total redistributive effect (AR -0.027 -0.038 329 414
Index of re-ranking (A)H -0.003 -0.003 -130 -125
Index of vertical equity (A)V -0.025 -0.035 459 539
Index pf progressivity of support PG -0.340 -0.410 0.128 0.151
reduction
1)  No_DP scenario
Average income (in €) 43,844 36,470 43,844 36,470
Average support reduction (in €) 8,953 8,953 8,953 8,953
Average rate of_ reduced_support S 0170 0197 0170 0197
(support reduction/base income)
Gini index A)G 0.54 0.662 23,688 24,155
Concentration index A) G 0.529 0.649 23,173 23,662
Total redistributive effect (AR -0.072 -0.102 1,026 1,288
Index of re-ranking (A H -0.012 -0.014 -515 -493
Index of vertical equity (A) V] -0.06 -0.089 1,541 1,781
Index pf progressivity of support PG -0.296 -0.361 0.172 0.199
reduction
IV) No_Pricepol scenario
Average income (in €) 31,197 23,823 31,197 23,823
Average support reduction (in €) 21,601 21,601 6Q1, 21,601
Average rate of_ reduced_support S 0.409 0.476 0.409 0.476
(support reduction/base income)
Gini index (A) Gy 0.608 0.782 18,957 18,632
Concentration index (A) Cy 0.518 0.683 16,158 16,265
Total redistributive effect (AR -0.14 -0.222 5,757 6,811
Index of re-ranking (A H -0.09 -0.099 -2,799 -2,367
Index of vertical equity (A) V] -0.05 -0.123 8,556 9,178
Index (_)f progressivity of support PG 0.072 0135 0.396 0.425
reduction

Source: Own calculations.
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Table 5.5 (continued): Decomposition of changes in incomegurality based on individual
data (total household income vs. FFI).

Relative analysis

Absolute analysis

Total Income FFI Total Income FFI
Baseline Results 52,798 45,424 52,798 45,424
Average income (in €)
Gini index of income A) G 0.468 0.560 24,714 25,443
V)  Full Liberalization scenario
Average income (in €) 21,420 14,046 21,420 14,046
Average support reduction (in €) 31,378 31,378 3238, 31,378
Average rate of_ reduced_support S 0594 0691 0594 0691
(support reduction/base income)
Gini index AG 0.861 1.256 18,446 17,642
Concentration index (A) G 0.667 1.005 14,278 14,111
Total redistributive effect (AR -0.393 -0.696 6,268 7,801
Index of re-ranking (A)H -0.195 -0.251 -4,168 -3,5631
Index of vertical equity (A)V -0.198 -0.445 10,436 11,331
Index pf progressivity of support PG 0136 -0.199 0.333 0.361
reduction

Source: Own calculations.

5.3.3 The relevance of taking into account policy-inducedproduction and market
responses in ex-ante inequality analysis

To illustrate the impact of taking into accountentive effects of agricultural policy, model-
based results are compared to those of an anaWsth does not allow for any adjustments
to take place. To estimate income changes resutiimg a liberalization of the CAP without
allowing for production and market responses, idssumed that European domestic prices
equal world market prices (in principle, followitige procedure adopted by Allanson (2006)
and OECD (2003)) and production patterns in the MA&RR model are fixed to those of the
baseline scenario. In this approach, the full anaafnreduction in support is still not
translated one to one into lower farm incomes siheeland price is kept variable in the
FARMIS model and tends to decrease with decliniogpmodity prices and DPs. Further
reductions in input prices, such as feed and sesis,care also still taken into account. For the
calculation of the No_DP scenario without adjusttreffects, we rely on the assumption that
DPs are essentially decoupled from production,thaod that domestic baseline prices will not
change. Consequently, the No_DP scenario withgusadent effects is calculated by solely
abolishing all DPs while keeping production pattefired>*

>3 This section in parts is identical with parts loé paper Deppermann et al. (2014).
> |n the farm group model the link between paymenitlements and land is taken into account. In toldj the
requirement to keep land which receives paymentood agricultural and environmental condition tawe
an impact on production in regions where agriceltwould not be profitable without payments (Kilienal.,
2012). This causes varying results compared tovtrsion without adjustment effects. Decoupled direc
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Since this section focuses primarily on a comparisd methodologies, the analysis is

conducted on the basis of grouped (FARMIS) dataoBitting the additional disaggregation

step for the calculation of individual farm datiae tcomplexity of the analysis is reduced and
results are easier to compare and interpret.

In the No_DP scenario, inequality effects are galhem the same direction in both versions,
i.e., with adjustment and without adjustment (Tdhlk section IlI). Compared to the version
without adjustment, average income losses are lavhen adjustment is accounted for. This
is because farms adjust their production pattesribe new support structure and specifically
abstain from unprofitable activities. Comparedtie version without adjustment, inequality
decreases in both relative and absolute terms wHgprstment is allowed. In absolute terms,
however, this only occurs because of a decreasenanking which offsets the lower vertical
effect in the version with adjustment. If ranksloé baseline are held constant, higher-income
farms tend to reduce losses marginally more bysadijent in absolute termAQC, increases
when adjustment is allowed for), while lower-incofaems gain more in relative term€,(
decreases). High&s values in the version with adjustment indicatd tbever-income farms
can reduce their share in the overall income lossesuing from the abolishment of DPs
because of adjustment.

Many individual farm characteristics explain adpsnt reactions of a farm and thus the
ability to reduce income losses from a DP cut. &iacthat determine the reaction of a farm
are: regional land prices, shares of farm owned,lardividual production patterns, and gross
margins per hectare. In the analysis at hand, tiseome key factor among these attributes
which explains why low-income farms tend to redtlegr share in the overall income losses
of all farms when adjustment is accounted for camgdo the version without adjustment: in
the sample, lower-income farms have a lower groasgm, on average, for most of the
important products. As a consequence, due to theubHower-income farms have a higher
share of production activities with negative grosargins, on average, compared to farms
with a higher income. Thus, when adjustments dmvald, lower-income farms are able to
reduce their income losses by reducing or stoppireg respective production activities.
Higher-income farms, in contrast, tend to have ghéi share of production with positive
gross margins even after the abolishment of DPecéleeven though adjustment is accounted
for, higher-income farms cannot reduce their lodsesimply abandoning these activities.
Resources may be shifted to other farming actsjitiget other activities are in most cases
affected by reduced support payments as well. Thusan be observed that low-income
farms tend to reduce their production to a largéert when adjustment is allowed, compared
to farms with higher income.

payments may also affect production via wealth imsdrance effects (Bhaskar and Beghin, 2009), hewev
these effects are not taken into account in théysisa
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Table 5.6: Decomposition of changes in income inequality dase (FARMIS) groups
results (dynamically vs. statically derived FFI).

Relative analysis Absolute analysis

with adjustment  no adjustment  with adjustment  no adjustment

1) Baseline Results
Average income (in €) 45,369
Gini index of income A) & 0.422 19,149

1)  No_DP scenario

Average income (in €) 36,376 33,864 36,376 33,864
Average support reduction (in €) 8,993 11,505 8,99 11,505
(support reductionibase moome) 0.20 0.25 0.20 0.25
Gini index A)G 0.49 0.53 17,748 17,815
Concentration index A)C 0.48 0.51 17,467 17,427
Total redistributive effect (AR -0.07 -0.1 1,401 1,335
Index of re-ranking (A)H -0.01 -0.01 -281 -388
Index of vertical equity AV -0.06 -0.09 1,682 1,722
Irr;gﬁétio;nprogressivity of support P:G 023 027 0.19 0.15

Ill)  No_Pricepol scenario

Average income (in €) 23,899 22,918 23,899 22,918
Average support reduction (in €) 21,470 22,450 470, 22,450
et A SR
Gini index A)G 0.5 0.53 11,893 12,118
Concentration index A)LC 0.44 0.47 10,396 10,695
Total redistributive effect (AR -0.08 -0.11 7,256 7,032
Index of re-ranking (A H -0.06 -0.06 -1,497 -1,423
Index of vertical equity (A V -0.02 -0.04 8,753 8,454
Irrégﬁétio(;‘nprogressivity of support PG 001 0.05 0.41 0.38

IV)  Full Liberalization scenario

Average income (in €) 14,191 10,510 14,191 10,510
Average support reduction (in €) 31,178 34,859 1383, 34,859
(suppor recuctonibase mcome) 0.69 077 0.69 077
Gini index A G 0.74 1.09 10,455 11,498
Concentration index AL 0.58 0.84 8,273 8,878
Total redistributive effect (AR -0.31 -0.67 8,695 7,652
Index of re-ranking (A H -0.15 -0.25 -2,181 -2,620
Index of vertical equity (A V -0.16 -0.42 10,876 10,271
Index of progressivity of support PG 007 013 0.35 0.29

reduction

Source: Own calculations.

Note: Numerical results of the analysis with adnestit minimally differ from the figures presentedab for
the comparison between different levels of aggiegafThese differences occur due to slight chanigehe
model code. However, results and conclusions araffected.
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A comparison of the No_Pricepol scenarios (Tablé, Section Ill) with and without
adjustment reveals similar differences found indbmparison between the No_DP scenarios.
In the No_Pricepol scenarios, inequality decreasemparison to the static version when
adjustments are allowed. Lower-income farms are &blreduce income losses to a larger
extent, on average, than higher-income farms -enlytin relative terms, but also in absolute
terms. This is indicated by a lower absolute cotreéion index AC) and a higher absolute
vertical effect of liberalizationAV) in the version with adjustment compared to thesioa
without adjustment.

Again, adjustment reactions of farms depend orviddal characteristics such as production
patterns and factor endowments. In the No_Pricepehario, production patterns are even
more relevant because product price reactions vatly commodity specific adjustment
effects (world market prices increase, on averagesn adjustment is allowed, dampening
price cuts that accrue in the static scenario)thieamore, due to the abolition of production
guotas, the farm specific magnitudes of quota relsts impact adaption abilities.

One reason for the higher reduction of losses solalte terms in lower-income farms in the
No_Pricepol scenario with adjustment compared ® dbenario without adjustment, is an
effect triggered by the abolishment of the milk gudNithout being restricted by the quota
scheme, dairy production, on average, increases valdgustment is allowe¥. As a by-
product of increased dairy production, the supglgalves increases. At the same time, the
abolishment of price policies leads to a decreasbeef prices and thus a decrease in the
profitability of beef fattening activities. Whenqgatuction patterns are adjusted, this leads to a
decrease in the demand for calves. The resultiggtive price effect for calves negatively
affect dairy farms, on average, in the scenarichwitljustment compared to the scenario
without adjustment. In our baseline scenario, grice dairy products are high and most dairy
farms are in the upper two income terciles. Thhs, riegative income effect resulting from
these specific market price adjustments counterdesreduction of income losses from
adjustments in farm production, mainly for highecome farms. The negative income effect
of falling calf prices also explains the lower retian of average losses of all farms due to
adjustment in the No_Pricepol scenario compardddegdNo DP scenario.

Nevertheless, dairy farms do not show homogenoysstdent behaviour. Some farms
decrease dairy production because of low baseluwaqgrents, while others expand milk
production because of initially high quota rents & consequence, some dairy farms have
even greater losses from liberalization when pradocand market adjustments are allowed,
compared to when adjustments are not allowed, gikencombination of lower calf prices
and decreased milk production due to low quotastédther dairy farms, however, can partly
compensate their losses by increasing milk prodocti

% In the version without adjustment quantities aed to baseline values.
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Another reason for the comparatively high reductbmcome losses of lower-income farms
due to adjustments in the No_Pricepol scenarichésfact that many of the farms which
specialized in beef production are in the lowesbme tercile in the baseline scenario. Since
beef is a highly protected product in the Basekgenario, liberalization entails a higher
demand and a lower supply in Europe. These maxdfestnent effects have considerable
positive impacts on the world market price of b&dfus, taking market adjustment effects
into account, price cuts for beef are lower comgdoethe version without adjustment effects.

Due to these additional adjustment processes ilNthéd°ricepol scenario, the general pattern
of adaption observed in the No_DP scenario —it.&ging easier for lower-income farms to
avoid income losses from liberalization by abandgnproduction activities which have
negative margins under scenario conditions — sil@portant in the No_Pricepol scenario.

In the Full_Lib scenario (Table 5.6, Section IV)ffetences between the version with and
without adjustment are more distinct, both in lgwatand absolute terms. Similar to the
No_Pricepol scenario, lower-income farms can redbe& losses to a greater extent due to
adjustment processes, even in absolute terms.iglmslicated by a higher index of vertical

equity AV) in the version with adjustment, compared to thesion without adjustment.

The more profound differences between the analy#is and without adjustment can be

explained mainly by two effects. First, with highererage support cuts, a larger share of
production activities obtain negative marginal im&s, which is mainly the case for less

profitable farms with lower incomes. These lossesraore readily avoided by abandoning

unprofitable farming activities than losses caulgdupport cuts for products that still have

positive marginal income effects. Second, profgafhrms with a high share of quota

products, particularly dairy farms, tend to hav@aging adjustment strategies in the No_DP
and No_Pricepol scenarios: In the former, producactivities tend to be reduced because
unprofitable land is taken out of production. le tatter, production, on average, is extended
due to the abolishment of quota restrictions. Tévalmnation of these two opposing strategies
leads to a lower ability of farms to reduce losdes to adjustment in the Full_Lib scenario,

mainly for farms with a higher income.

When adjustment effects are allowed, in all threenarios, lower-income farms tend to
reduce their share in overall income losses condptireéhe version without adjustment. In
general, the adjustment mechanisms of factor mankeght counteract this effect. This is
particularly with an abolition of production quotsisice more profitable farms tend to extend
their production, resulting in additional costs less profitable farms due to a demand-driven
increase in factor prices. In our analysis, howgthes effect is less distinct and other effects
dominate the results.

In the No_Pricepol and the Full_Lib scenarios, Iowmeome farms, on average, are able to
avoid liberalization losses to a greater extenttduadjustment processes compared to higher-
income farms — even in absolute terms. This effeatrather specific feature of the empirical
analysis for western Germany and is mainly causethb dampening market price effect,
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particularly for farms that specialize in beef puotion and that tend to have low Baseline
incomes, and the negative effect of lower calf ggidor dairy farms which tend to have
middle or high incomes in the Baseline scenario.

Furthermore, farm specific production patternsjaegl factor markets, and individual factor
endowments determine the ability of farms to adapbtew market structures and to avoid
income losses. For these factors, however, no gemstinction between low and high
income farms can be made based on our model results

From the empirical analysis, it can be concludeat thking adjustment effects into account
clearly has an impact on the dimension of inequafiticators. When comparing analyses
that ignore adjustment effects to ones that do tha,largest differences are found in the
Full_Lib scenario. Nevertheless, in all of the smews, distributional effects have the same
directional impact both in the static analysis amdhe analysis with adjustment effects. In
general, the evaluation and ranking of the diffeneiorm scenarios with respect to their
impact on income equality is similar regardlesadjistment effects.

5.3.4 Discussion

To conclude, it can be said that the results otieulated scenarios are robust with regard to
the tested aggregation levels, income indicators the inclusion of behavioural effects, at
least with regard to the direction of redistribetieffects. Only when total household income
is applied does a further disaggregation of groumsdlts lead to sign reversing effects for
vertical effects of two scenarios. Still, resultfed substantially in magnitude, mostly when
different levels of aggregation are compared wabheother.

Results are in line with most of the existing kterre. An abolishment of market price support
and/or direct payments would decrease absoluteriaatifferences in the agricultural sector
because high-income farms lose higher amounts afe;noOn the other hand, low-income
farms would have to bear a higher share of thedyurd relative terms. With regard to the
different policy instruments, it turns out that thgolishment of market price support is more
progressive in absolute terms and less regressivelative terms than the abolishment of
DPs.

A caveat of the analysis is clearly the static wayhich the micro-model disaggregates the
grouped results. Due to this approach, individummlome changes are to a certain extent
determined by changes in production patterns ofélpective farm groups at the meso-level.
Furthermore, no structural change is implementatienrmodelling system. This likely has an

effect on the analysis of income distribution sifi@ens with large negative incomes would

probably leave the sector and average farm sizddniaarease. Moreover, the adaption of

new production technologies is not considered énahalysis.

In addition, several assumptions regarding the ldpweent of agricultural markets until the
final year of the analysis have to be made forgleeration of the Baseline scenario. It is
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well-known that redistributive effects are influexicby the distribution of income in the base
situation (Lerman and Yitzhaki, 1995). Thus, it sllobe kept in mind that any ex-ante
analysis implies a certain extent of uncertainty.

6 Subgroup decomposition of inequality effects in thevestern
German agricultural sector

In section 2.2.2 the terms between-groups inequaid within-group inequality were
introduced to substantiate the claim that inequaisystematically underestimated when it is
measured on the basis of grouped data. After tteglel@ explanation of how individual farm
income data are generated in this work and aftexxéensive analysis of redistributive effects
of CAP liberalization, now a subgroup decompositdnnequality indices is undertaken. To
give a more detailed picture of the underlying psses of inequality changes, individual
farms are grouped according to different farm cotisréstics to reveal the contribution of
inequality within the groups and between the grotpsoverall inequality. Total farm
population is decomposed into subgroups accordinigrm types and in a second analysis,
according to regional criteria.

6.1 Methodology

The literature generally distinguishes between uiaéity measures which are additively
decomposable into only two components and measwiaesh yield three components.
Generalized Entropy indices, among others, belomgthie first group. They can be
decomposed into one component containing inequalithin groups and another one
containing inequality between groups. Inequalitygen groups in this context is accounted
for by substituting all individual incomes withingiaven group by the groups mean income. In
summary, both components yield the overall inedquével (for an overview and axiomatic
derivations see Deutsch and Silber, 1999). Sucleasuore can be represented by equation (1)
in section 2.2.2[t0tal = [within 4 [between

The Gini coefficient, both in absolute and in relatterms, is decomposable into a measure of
inequality within groups and a measure of inequdlgtween group means only if subgroup
populations do not overlap. Two subgroups do netrlap if all members of the group with
the lower mean income are poorer than the pooreshber of the richer group. Such a
situation is depicted in Figure 6.1b.
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a) Large Overlap Component in Gini Decomposition
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b) Small Overlap Component in Gini Decomposition

Figure 6.1 Overlappingof Distributions.

NB: Vertical lines depict mean incomes of subgsoup
Source: Milanovic (2002).

In the case of overlapping group distributions {espnted in Figure 6.1a) a third term appears
when the Gini coefficient is decomposed. Wihdepicting the Gini coefficientGy the
within-group inequality componengg the between-group inequality component, @\dthe
overlapping term it counts:

(21) G=G, +G,+ OV.

Bhattacharya and Mahalanobis (1967) were among fils¢ authors using the Gini

decomposition by subgroups in their analysis ofdetwld consumption in India. Other
authors followed suit, with each proposing a neehtécal decomposition methodology or
interpretation (see Deutsch and Silber (1998), M@@07), and Radaelli (2010) for historical
outlines of the development of decomposing the @agfficient by subgroups). For a long
time the methodology was discussed controversiatypecially because of the overlapping
term which was seen as a rather disturbing termcoataining any valuable information.

Often, two-term decomposable indices were consitless superior. Mookherjee and
Shorrocks (1982, p. 889) for instance write abbetdverlapping term: “However, there still
remains [...] the ‘interaction effect’ [...], which impossible to interpret with any precision,
except to say that it is the residual necessamaimtain the identity. Furthermore, the way in
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which it reacts [...] is so obscure that it can catise overall Gini value to respond
perversely”. Lambert and Aronson (1993) provideeargetrical analysis of the overlapping
term within the Lorenz diagram. They interp@V as a term which accounts for the re-
ranking which is “necessary to form the true incopaeade, from the poorest to the overall
richest” (p. 1222) when in the initial situatiordimiduals are ranked in ascending order within
subgroups and subgroups in ascending order witirdelg their mean income. However, they
did not see the Gini coefficient “rehabilitated"dasuggest Generalized Entropy measures for
the analysis of inequality sources (p. 1225).

In other papers, however, the overlapping termpgpreciated as a source of additional
information (e.g. Dagum, 1997; Lambert and Deco&@05). Dagum (1997, p. 519) suggests
that between groups inequality is more accuratelyiaded when overlapping is explicitly

taken into consideration. To “take the income meafsthe subpopulation as their

representative values to estimate inequality batveedpopulations [...] is inappropriate for

the income distributions of the subpopulations rofthffer in variance and asymmetry”.

Yitzhaki and Lerman (1991) and Yitzhaki (1994) expl the link between income

distribution and income stratification. Yitzhaki9@4) develops an index of stratification

based on the overlapping of subgroup distributibt®yever, the stratification index and the
between-groups component in this literature dififem the ‘traditional’ approach in the sense
of Bhattacharya and Mahalanobis (1967) and oth@rmadin (1999, 2000) develops an
indicator which is very similar to Yitzhaki’'s (1994ndicator, but which is rooted in the

‘traditional’ approach.

Monti (2007) shows that results of the decompasitpproaches proposed by Mookherjee
and Shorrocks (1982), Lambert and Aronson (1998¢ Bagum (1997) are numerically
equivalent. Radaelli (2010, p. 82) refers to ttapegifically, to Dagum’s) approach as the
“most widespread Gini index decomposition currergpplied in a subgroups framework”.
This approach is also applied in the work at hamdl ia presented in detail below. Equations
are taken from Monti (2009) who shows that the overlapping term can be further
decomposed as a weighted sum of overlapping betwaeh pair of groups. Equations are
adopted where it seemed appropriate to the styadhielli (2010) to increase intelligibility.

Using the same notations as before withrepresenting the income of individual(i =
1,2,3,...n) andu the average income, the relative Gini coefficieart be expressed as:

B 1 n n _ _A
@ 6= 5t S x-x-

with A indicating Gini's mean difference, which represetiite average distance between all
possible pairs of income in the distribution. Ndet, us consider a segmentation of the total
populationn into k mutually exclusive subgroups with members, an average incomeugf

%% Monti (2007) in turn builds on the equations presd in Dagum (1997).
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and the total number of groups The mean difference among all members of group
denoted\k. Then, the relative Gini index for each grduis represented by:

N M

(23) i
Gy = an ” Z:,]Zl X = xK,\
and total within-group inequality is subsumedag, which is defined as
(24) Gy =D Gu RS
k

with px representing the population share of gr@&up overall population ane its share in
overall income. Accounting for the fact that alflividuals within one group build pairs (and
thus cause inequality) not only with members of fae group but also with all other
members of the total population, a Gini ratio igganted which accounts for inequality
between members of grok@and grouph, but not within the subgroups:

N Mh

eI —x|=—F

n nh(,Uk"',Uh =1 j=1 Hy +/~’

(25) G, =

= Gy

Based on equation (25) the gross Gini compoiyatis defined, subsuming inequality that
occurs between groups and excluding the inequalityin the groups:

(26) Gee ZZ G Py S,

h#k

Gross inequality between grou@gg is further decomposable. The compon@ptrepresents
net inequality between groups and is obtained Ingtsuting all individual incomes within a
given group by the respective groups’ mean incorhe. second terr®V is a component that
reflects the degree of overlapping of distributiofisus:

(27) Ggs = Gz + OV
with

1
(28) B :2_22|ﬂk_ﬂh|pk P

P
and
1

(29) OV = ZZ (7AW _|fuk _tuh|) PS,

k hek My T H,

Above, the decomposition methodology was introdulgcthe relative Gini coefficient. In
the work at hand the absolute Gini coefficientdsliionally used. Thus, absolute versions of
the inequality components are derived in the foilmy We know that the relative Gini
coefficient is equal to the absolute Gini dividgdrbean income. Thus, we easily can see that:

(30) AG=Gu= G u+ Gu+ OV = AG+ AG+ AO)

and thus, from equations (23) and (24)
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(31) AGy =31 CuPs =2 AG (R Iwith AG, = anda—kzk-

Furthermore, multiplying (28) and (29) by mean imepyields:

1
(32) AG; :Ezklzh]ﬂk _/Jh| B By
and
(33) AQV = ﬂzz " (Akh_|:uk_tuh|) B,
hek M T My,
e | _:uh|) +(Ahk_|ﬂh_ﬂlj)
IUZ; h=1 H P M+l s
S (A — | ,Uh|) +
SRy (RSt RS
K k-1
n
:zz k?h(Akh_LUk_,UhD-S?
k=2 h=1 N

The three presented Gini components so Gy, (A)Gs and A)OV sum up to the total
(absolute) Gini coefficient and thus, representsti@es of inequality which are caused by the
respective types when divided by the overall cogdfit. )Gy itself is a weighted sum of
Gini ratios representing inequality within the deaggroups. A)Gg and @)OV are,
respectively, weighted sums of Gini ratios représgrinequality between each single pair of
groups when individual incomes are replaced by gnmeans, and overlapping that occurs
between each pair of groups (as was shown by M20@i7). These (unweighted) single ratios
henceforth shall be denoted as ‘fractional Gireshighlight the fact that a Gini coefficient is
calculated by only taking a fraction of the ovemapulation into consideration.

Relative ‘fractional Ginis’ are defined asg{sfor within group inequality, as|[uk- Hh | / (ut
up)] for the between group inequality and asf(- | e pn | )/(uu+ )] for the overlapping
term. The absolute versions are defined asifBG | u- pn | /2], and [Aun - | - pn | )2] in
respective order. By weighting a Gini equivalenthwits respective weight and dividing it by
the overall Gini coefficient one calculates thershia overall inequality that is respectively
caused by inequality within a group, inequalityvben the means of two specific groups or
overlapping of two specific groups with each otlgonti, 2007; Mussard, 2004). As an
example, | show for the share of overall inequahtyich is caused by overlapping between
groupk and grouph, that it depends only on the distances betweercdhsidered incomes
and has the same numerical value in the relateren(L) and the absolute version (term 2):

°’ By observing thatp, S, + B, S :[ n q(,uk+,uh)] / A (Monti, 2007, p. 7).
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1

Regarding the interpretation of the overlappingntekambert and Aronson (1993) recognize
that it would be higher the closer the means ofdiigpopulations. They state that the term
OV is “at once a between groups and a within groufecte[which] measures a between
groups phenomenon, overlapping, that is generateddouality within groups” and which is
“a phenomenon with intrinsic economic interest”. 224). Shorroks and Wan (2005)
conclude that a reduced overlapping componenkédylito translate into increasing between
group inequality, but that this relation is not mmambiguous one since distances between
subgroup means do not necessarily have to increase overlapping is reduced.

A link between the overlapping term and the coreeftstratification and segmentation is
established by Yitzhaki and Lerman (1991) and Yakii(1994). In their works, overlapping
is interpreted as non-stratification. Based on ihésght, Yitzhaki (1994) develops a clearly
defined index of overlapping that is consistenttyegrated in the framework of a Gini
decomposition. Thereby, the Gini is decomposed timee terms. However, only the within-
groups inequality component is numerically equah® one presented by Dagum (1997) and
others. Yitzhaki (1994) emphasises the importarfceh® measurement of stratification in
connection with income inequality by linking it tbe inequality tolerance of a society. He
points out with reference to Runciman (1966) timaguality tolerance is higher in stratified
societies. Furthermore, he suggests the applicatfohis index in the field of market
segmentation or to measure the “segmentation ofstbdents’ population by school ...
[which] is an important factor which determines #iality to predict students’ performance
from knowing their school” (p. 149).

The between-groups and the overlapping componeatsliferently defined. Still, the two
different ways of Gini decomposition are closellated, which is demonstrated by Milanovic
and Yitzhaki (2002) and by Monti and Santoro (200®11).

Gradin (1999, 2000) develops an overlapping indéickvis close to the index of Yitzhaki
(1994) but is rooted in the ‘traditional’ approach Gini decomposition proposed by
Bhattacharya and Mahalanobis (1967), Dagum (19&7q, others. In his work he utilizes
overlapping within his framework to estimate pdtation by subgroup characteristics in
Spain. His index is based on the decompositioncambr presented above. It is presented in
the following section and is later on applied ie #fmpirical analysis of the work at hand.
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Milanovic (2002) utilizes the Gini decomposition tinedology to analyse composition of
world income. He connects the overlapping comportenthe stratification literature of
Yitzhaki and Lerman (1991) and Yitzhaki (1994) amderprets it as ‘homogeneity’ of
population. He concludes that “...[tthe more impottahe ‘overlapping’ component
compared to the other two, the more homogeneougdpelation — or differently put, the less
one’s income depends on where she lives” (p. 70).

Pyatt (1976) and Mussard and Savard (2012) go @pefgrther and recognize a link between
overlapping and incentives. Pyatt connects oveiteppo the decision of an individual to
migrate from one group to another group. Mussai Savard refer to overlapping as ‘good
inequality’. They argue that “For instance, in tese of wage inequalities, we have some
close interrelations with incentives. Hence, if omdividuals of the poorest groups feel
deprived compared to other groups, they may inerehsir effort to earn more than the
members of the richest groups” (p. 1239). Even ghouheir argument may not be
straightforward because considering the exact afgpeffect (e.g. resignation in the poorest
group) is also possible, it stresses the impactaverlapping might have on incentives.

In the work at hand, different scenarios of agtioal policy reforms are analysed regarding
their impacts on individual farm incomes. One iaging analysis regarding subgroup
decomposition is now to decompose farms by typ¢heir specialization and analyse the
impacts on inequality within subgroups. Furthermates of interest, how the subgroups
relate to each other.

A certain degree of overlapping between the diffefarm type groups can be expected a
priori; however, the extent of overlapping betwées subgroups and especially the impact of
different reforms cannot be anticipated. The refatbetween the groups might on its own be
of interest to a policy maker to anticipate uniwted policy effects. Moreover, based on the
links between incentives and overlapping as presebefore, an interesting interpretation
might be with regard to structural change in thecadfural sector. As stated earlier, structural
change is not implemented in the modelling systent,due to an inequality decomposition
analysis of model results some developments mighardicipated. In general, two types of
structural changes can be identified: structuraingie in terms of farm exits and increasing
average farms size and structural change in teiffrfarm specialization (as described for
instance in Gocht et al., 2012). When a subgrowgpatterised by a specific farm type has a
comparatively low average income and is also setgdeat the lower part of the income scale
with no or little overlapping to other subgroupsspioportionally many farm exits (or
downgrades to part time farms) might accrue amarqérs of this specific farm type.
Moreover, the incentives to change the speciatimabf the farm might be higher if the
farmer observes that most of the farms with theesapecialization have lower incomes then
farms with other specializations (i.e. the overiagpcomponent is small). Of course, the
individual decision of a farm exit or change innflaspecialization depends on many factors
and clearly more research is needed to test the Hetween overlapping and structural
change.
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Another possibility to group farms is by region.|®e, both a farm type and a regional
decomposition analysis for scenario results areiethrout. Before the presentation of
empirical results, the overlapping index of Gra¢i@99, 2000) is presented in more detail in
the following lines.

Gradin (2000, p. 464) introduces an overlappingx @y, for thek-th group with respect to
theh-th group as:

:ﬁjﬂx‘ﬂdﬁ(YNE(X¥V&—ﬂ4
[ [7 1%y dR; (y)dR (x)

(35) O,

with F¢ denoting the cumulative distribution of grodp Gradin (2000) notes that the
denominator is equal to the absolute Gini coeffitief thek-th group and that the index is
group-symmetric only if both subgroups share thmesabsolute Gini. The term in the
numerator is numerically equal to the absoluteigarsf the overlapping index as expressed
(in discrete form) in equation (33). Gradin’s folation of the index is only defined for non-
negative values. Since in the work at hand incocaesbe negative, the index is calculated as
AOVkh / AGy, where the numerator refers to the absolute gweirtg between the groups
andh and the denominator is the absolute Gini coeffictd groupk.

Thus, the overlapping between two subpopulationsxjgressed in relation to the absolute
Gini of one of the subpopulations. Properties @f ithdex are described by Gradin (2000, p.
464), given that, > u: “(1) Own and Oy are non-negative and unbounded. They are equal to
0 if, and only if, there is no overlap between bgtbups, and by definitio® = 1. (2) The
larger the share of people linwith incomes below the richest persorkjrthe higher théyp.

The larger the share of people in grdugvith incomes above the poorest persorh,irthe
higher theOy. [...] (4) Given the distribution ok, Ok, reaches its maximum if all income in
the grouph is concentrated on one individuaf.

The overlapping index of groupwith all the other groups is defined as:

(36) Q = Z Oin P,

This index indicates the overlapping of grdupith the overall distribution, including group
k itself. Thus, its minimum value is the populatishare of grougk, sinceOw = 1 per
definition.

The aggregated overlapping index for all subpoparatis a weighted average ©f:

37) 0= Qn

*%In the original version, Gradin (2000) usgistead 0Oy
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As shown by Gradin (1999), the index of overlappiag consistently be integrated in the
Gini decomposition:

(38) G=G;+),5GQ.

With equations (30) and (31) we can verify that #iesolute Gini can be decomposed
equivalently, without changing the formulation bétoverlapping indef:

(39) AG=AG+) R AG Q.

The fact that the minimum value @ is the population share of the grokipas described
above, hampers comparability between the differgidups regarding their degree of
stratification. Thus, for comparison of the ovepdaqy between grou and the rest of the
population simply an indef®y restin the sense of equation (33) is computed whevapk is
compared with one other group in which the reghefpopulation is subsumed.

6.2 Empirical analysis

In the following, an empirical analysis of scenaresults using the Gini decomposition is
presented. Total farm population is decomposed sutbgroups according to farm types
which are defined by the predominant commodity spieation of a farm. Farms are
classified according to standard gross marginfiénbiase year of the modelling exercise and
cannot switch their status during the simulatiomique Farms are mutually exclusively
assigned to one of the following groups (acronymgarenthesis):

* Dairy farms (DF)

* Pig and poultry farms (PP)

* Arable farms (AF)

» Other grazing livestock farms (GL)
e Permanent crops farms (PC)

* Mixed farms (MF).

In Table 6.1 aggregated results of an analysisesobohposed inequality effects by farm types
are presented. Since the same scenarios are catsakepresented in the chapters before, we
already know that relative inequality increases aimbolute inequality decreases with
increasing average income losses.

Within groups, inequality strongly correlates watierall inequality: increasing relative and
decreasing absolute inequality can on average bedfevithin the subgroups. The within-
groups inequality component constantly amountsrtamne fifth of overall inequality for all
scenarios. Cuts in DPs slightly increase the nedaéind absolute between-groups Ginis and
also the share of between-groups inequality in alve@requality. The share and the value of
the absolute overlapping component decrease gfiglttile in relative terms the value of the

overlapping component is increased. In absolut@gethis indicates that average distances
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within subgroups are reduced but distances betwgrenp means are increased. This
combination leads to a reduction of overlappingic8ithe relative Gini is equal to the
absolute Gini divided by mean income, we can cateluhat absolute changes are
overcompensated by a reduced mean income in rel@imns for the within-groups inequality
and the overlapping components while the incre&ieedbetween-groups Gini is amplified.

Unlike for within-groups inequality, the sharesbatween-groups inequality and overlapping
are not constant for all scenarios. Strongest riffees to baseline shares can be observed in
the No_Pricepol scenario. Here, the share of betweeups inequality decreases to 23% and
overlapping rises to 57% starting from 39% and 44%e baseline, respectively. Disparities
between group means are significantly reduced,cepein absolute terms. Together with an
almost constant share of inequality within the gothis drives the share of overlapping in
overall inequality. Following the argumentation Mflanovic (2002), the farm population is
more homogenous after the abolishment of markeepoblicies and farm income depends
less on the specialization of the farm. Regardimg ¢hare of inequality components, the
Full_Lib scenario shows intermediate result betwéke No DP and the No_Pricepol
scenarios.
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Table 6.1 Aggregate results of farm type decomposition ¢dasn FFI).

BL 50_DP No_DP No_PP Full_Lib
Average income (€) 45,424 41,841 36,470 23,823 14,046
RELATIV
Gini 0.56 0.598 0.662 0.782 1.256
ini
100% 100% 100% 100% 100%
o 0.109 0.115 0.126 0.156 0.244
Gini-Within
19% 19% 19% 20% 19%
o 0.22 0.248 0.283 0.178 0.375
Gini-Between
39% 41% 43% 23% 30%
) 0.231 0.235 0.254 0.449 0.636
Overlapping
41% 39% 38% 57% 51%
ABSOLUT
- 25,443 25,028 24,155 18,632 17,642
Abs. Gini
100% 100% 100% 100% 100%
o 4,934 4,808 4,595 3,711 3,433
Abs. Gini-Within
19% 19% 19% 20% 19%
o 10,003 10,376 10,314 4,232 5,269
Abs. Gini-Between
39% 41% 43% 23% 30%
) 10,505 9,845 9,246 10,687 8,940
Abs. Overlapping
41% 39% 38% 57% 51%
O Gradir 0.678 0.662 0.653 0.812 0.753

Source: own calculations.

Due to the high deviations of results of the Noc&pbl scenario in comparison to the
Baseline, this scenario is discussed in greateaildiet the following paragraphs. Detailed
results for all other scenarios are presented ibleT®.1 to Table D.7 in Annex D.
Disaggregated results are only presented for atesolequality because of the prevalence of
negative incomes in some subgroups. In the Full sci#nario, for example, average income
for other grazing livestock farms is negative irR@0These effects are difficult to interpret.
Furthermore, the share of inequality that is causgdlifferent inequality components is
independent from the concept of inequality measerdgn(cf. equation (34)) and basic
conclusions can be drawn either way.

At first, detailed results for the Baseline areserged in Table 6.2. Subsequently, Table 6.3
shows results for the No_Pricepol scenario andahld 6.4 changes between Baseline and
No_Pricepol results are presented. The reasorhéosignificant decrease in between-groups
inequality can be easily discerned by looking anges in average group income in Table
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6.4. The group with the former highest income +yd&rms — lose 60% of their income when
market price policies are abolished, which is duegieat part to the removal of the milk

production quota. The group with the former secbigthest income — pig and poultry farms —
lose only 25% on average, however, this group anlyounts for 6% of the farm population

while dairy farms account for 32%. On the otheesid the income spectrum, the group with
the lowest income (grazing livestock farms) los8%o60f income on average but accounts
only for 11% of overall population while the secdodest income group (arable farms) have
to bear only losses of 39% on average and repr@€8atof the population. Thus, on average
income disparities between group means are reduaathermore, permanent crop farms
hardly lose income because the bulk of their preducommodities is not affected by

agricultural policy or not depicted as variabletire modelling system, e.g. wine or fruit

production.
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Table 6.2 Detailed results of farm type decomposition i2@Q@or the Baseline scenario.

BASELINE AF DF GL MF PP PC
Average Income (€) 28,787 68,825 19,514 42,982 4,1 31,421
Income share 0.12 0.48 0.05 0.21 0.07 0.07
Farm population 31,762 51,376 17,135 36,376 9,445 5,97P
Population share 0.20 0.32 0.11 0.22 0.06 0.10
% Contribution to Gini and Absolute Gini
AF DF GL MF PP PC SUM
Within 3.4% 9.2% 0.8% 4.9% 0.4% 0.8% 19.5%
Between AF 7.2%
DF 4.9% 14.5%
GL 0.4% 3.2% 5.3%
MF 1.2% 3.6% 1.1% 6.7%
PP 0.6% 0.5% 0.4% 0.3% 2.1%
PC 0.1% 2.3% 0.2% 0.5% 0.3% 3.4%
Overlapping AF 8.8%
DF 2.4% 9.5%
GL 1.3% 0.7% 3.8%
MF 3.0% 3.9% 1.1% 10.6%
PP 0.6% 1.4% 0.2% 1.1% 3.6%
PC 1.5% 1.1% 0.5% 1.5% 0.3% 4.9%
100%
Absolute fractional Ginis
AF DF GL MF PP PC Average
Within 22,753 23,241 17,293 24,699 26,800 20,204
Betweenp, AF 11,565
DF 20,019 17,131
GL 4,636 24,656 14,486
MF 7,098 12,922 11,734 9,830
PP 12,694 7,325 17,331 5,597 9,578
PC 1,317 18,702 5,954 5,780 11,377 9,736
Overlapping AF 14,293
DF 9,652 11,080
GL 15,717 5,425 10,302
MF 17,486 13,831 11,427 15,382
PP 14,469 18,872 9,086 20,557 16,765
PC 20,314 9,118 13,378 17,370 14,155 14,432

NB: Values of between-groups inequality and overiag for the same groups are symmetric. For reaebnkearness only

half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —

Permanent crop farms
Source: own calculations.
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Table 6.3 Detailed results of farm type decomposition i2@@or the No_Pricepol scenario.

No_Pricepol AF DF GL MF PP PC
Average Income (€) 17,542 27,339 6,309 25,047 40,832 30,943
Income share 0.14 0.36 0.03 0.24 0.10 0.13
Farm population 31,762 51,376 17,135 36,376 9,445 5,970
Population share 0.20 0.32 0.11 0.22 0.06 0.10
% Contribution to Gini and Absolute Gini
AF DF GL MF PP PC SUM
Within 4.0% 8.2% 0.8% 5.5% 0.4% 1.0% 19.9%
Betweenp, AF 4.5%
DF 1.6% 4.9%
GL 0.6% 1.9% 5.0%
MF 0.9% 0.4% 1.2% 3.5%
PP 0.7% 0.7% 0.6% 0.6% 2.8%
PC 0.7% 0.3% 0.7% 0.4% 0.2% 2.3%
Overlapping AF 11.7%
DF 4.4% 16.0%
GL 1.2% 1.1% 4.0%
MF 3.9% 6.4% 1.1% 14.6%
PP 0.8% 1.4% 0.2% 1.1% 4.0%
PC 1.4% 2.7% 0.4% 2.1% 0.5% 7.1%
100%
Absolute fractional Ginis
AF DF GL MF PP PC Average
Within 19,339 15,151 12,736 20,394 23,864 20,029
Betweenp, AF 5,383
DF 4,898 4,246
GL 5,617 10,515 9,792
MF 3,752 1,146 9,369 3,662
PP 11,645 6,746 17,262 7,893 9,031
PC 6,701 1,802 12,317 2,948 4,944 4,589
Overlapping AF 13,892
DF 13,326 13,765
GL 10,890 5,985 7,856
MF 16,517 16,879 8,887 15,639
PP 12,448 13,751 6,099 15,201 13,383
PC 13,812 15,895 6,528 17,402 17,727 14,837

NB: Values of between-groups inequality and overiag for the same groups are symmetric. For reaebnkearness only

half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —

Permanent crop farms
Source: own calculations.

115



Table 6.4: Results of farm type decomposition in 2020 for te Pricepol scenario in
comparison to Baseline results in 2020.

No_Pricepol /
BASELINE AF DF GL MF PP PC
Average Income (€) 0.61 0.40 0.32 0.58 0.75 0.98
Relative to Baseline(% Contribution to Gini and Absolute Gini)
AF DF GL MF PP PC SUM
Within 1.18 0.89 1.00 1.12 1.00 1.25 1.02
Between AF 0.63
DF 0.33 0.34
GL 1.50 0.59 0.94
MF 0.75 0.11 1.09 0.52
PP 1.17 1.40 1.50 2.00 1.33
PC 7.00 0.13 3.50 0.80 0.67 0.68
Overlappingn AF 1.33
DF 1.83 1.68
GL 0.92 1.57 1.05
MF 1.30 1.64 1.00 1.38
PP 1.33 1.00 1.00 1.00 1.11
PC 0.93 2.45 0.80 1.40 1.67 1.45
Relative to Baseline(Absolute fractional Ginis)
AF DF GL MF PP PC Average
Within 0.85 0.65 0.74 0.83 0.89 0.99
Betweenp, AF 0.47
DF 0.24 0.25
GL 1.21 0.43 0.68
MF 0.53 0.09 0.80 0.37
PP 0.92 0.92 1.00 1.41 0.94
PC 5.09 0.10 2.07 0.51 0.43 0.47
Overlapping AF 0.97
DF 1.38 1.24
GL 0.69 1.10 0.76
MF 0.94 1.22 0.78 1.02
PP 0.86 0.73 0.67 0.74 0.80
PC 0.68 1.74 0.49 1.00 1.25 1.03

NB: Values of between-groups inequality and overiag for the same groups are symmetric. For reaebnkearness only
half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —
Permanent crop farms

Source: own calculations.
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In the aggregate results it was observed that @sang within-group inequality are
proportional to the overall development of ineqtyalBy looking at disaggregated results we
can observe that the average numbers conceal sdonmation. Table 6.4 shows that within-
group inequality prominently decreases for the grotidairy farms when price policies are
abolished while for some other groups like permapesp farms, a changed inequality within
the group can hardly be detected. In the Baselieggtoup of dairy farms accounts for 9.2%
of overall inequality due to within-group inequgli{Table 6.2). By replacing individual
incomes of dairy farmers by the mean income ofiailty farmers, overall inequality would be
reduced by at least 9.2% (further reductions irrlapping are expected but cannot be exactly
guantified). This conclusion can be drawn sinceeftap cannot rise as the result of a within-
group rich-to-poor money transfer” (Lambert and &ser, 2005, p. 8), between-groups
inequality would be constant, and within-group in&dfy would vanish.

The group of dairy farms has the largest shareitifinvgroup and between-group inequality
and the second largest share of inequality caugeddrlapping with other groups. However,
when looking at absolute fractional Ginis, we césarve that within-group and overlapping
values are not among the highest and thus, higleslaoverall inequality are mainly caused
by the high population share of the group. Thetioaal Gini for between-groups inequality
in contrast is the highest among the groups whedleats the comparatively high average
income of dairy farms. After the abolishment ofcerpolicies we can see from Table 6.3 and
Table 6.4 that for inequality caused by dairy farenseduction in within-group inequality and
between-groups inequality is partly compensatedrbincreased overlapping term.

Table 6.5 reveals that dairy farms have the sniabiesrlap with the group of grazing
livestock farms, which have the smallest averadmwup income. The last column of Table
6.5 shows the overlapping ind€X . when a group is compared with an aggregate of all
other groups but the group itself. The group ofydéarms has the smallest value among all
farms in the Baseline. Thus, we can conclude thahé Baseline this is the most clearly
stratified group in the agricultural sector. Theler of overlapping relates the overlapping
component between two groups to the within-grougguality of one of the groups; thus,
ceteris paribusthe smaller the amount of inequality within thewp, the higher the index.
This may reflect the perception of overlapping loé group members. The same amount of
overlapping may be more strongly perceived by aimbers of a group with small within-
group inequality than by members of a group witljhhinequality. The former group is more
homogenous and thus relations to other membersb@magerceived to be stronger than in the
latter group where members may recognize links tteeromembers more loosely since
distances within the group are large.
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Table 6.5 Disaggregate results of the overlapping indekaai type decomposition for the
Baseline and the No_Pricepol scenario.

(@) ink=

O_Gradin kh Y O__G?arz:jr:nkkh * D O_Gradin k rest

Baseline
AF DF GL MF PP PC

AF 0.424 0.691 0.769 0.636 0.893 0.70 0.63
DF 0.415 0.233 0.595 0.812 0.392 0.64 0.48
GL 0.909 0.314 0.661 0.525 0.774 0.64 0.60
MF 0.708 0.560 0.463 0.832 0.703 0.71 0.62
PP 0.540 0.704 0.339 0.767 0.528 0.65 0.63
PC 1.005 0.451 0.662 0.860 0.701 0.74 0.71
No_Pricepol
AF 0.689 0.563 0.854 0.644 0.714 0.77 0.72
DF 0.880 0.395 1.114 0.908 1.049 0.94 0.91
GL 0.855 0.470 0.698 0.479 0.513 0.66 0.62
MF 0.810 0.828 0.436 0.745 0.853 0.82 0.77
PP 0.522 0.576 0.256 0.637 0.743 0.59 0.56
PC 0.690 0.794 0.326 0.869 0.885 0.77 0.74

NB: DF — Dairy farms; MF — Mixed farms; PP — Pigdgmoultry farms; AF — Arable farms; GL — Grazingdstock farms;
PC — Permanent crop farms.
Source: own calculations.

In the second-to-last column of Table 6.5, the Wield average of all single comparisons is
presented. Here, the value for the index of daarynk is very close to the groups of other
grazing livestock farms, and pig and poultry pragtsc This is the case because in the
weighted average the overlapping of each group ust#if is included. The overlapping of
one group with itself by definition is one and thtlse group contributes its full weight (the
population share) to the index. Thus, the higheslohAdairy farms in the sample cushions the
degree of segregation of their group.

It should be noted that even though the group ofdarms seems to be the most separated, a
considerable amount of overlapping still appeats/éen this group and the other groups. For
a better understanding of this concept, histograit®/o distributions are presented in Figure
6.2. One histogram refers to the frequency of deirgns in different income intervals in the
Baseline and the other refers to all other farnthénBaseline.
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Figure 6.2 Histogram of incomes of milk farmers in the Baselin 2020 in comparison to
all other farms.

Source: own calculations.

Compared to the distribution of all other farms thstribution of dairy farms is shifted to the
right. The area of overlapping, however, is higll &ncan be seen that the between-groups
inequality, which is measured by replacing all im&s by their respective group income
means, would clearly understate the inequality betwall members of the two groups.

After price policies are abolished, the distribatiof dairy farms lies almost in the center of
the distribution of all other farms, which is ddpit in Figure 6.3. This is also reflected by the
overlapping term in Table 6.5, which increases fribim lowest value in the Baseline to the
highest in the No_Pricepol scenario.
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Figure 6.3 Histogram of incomes of milk farmers in the NoicBpol scenario in 2020 in
comparison to all other farms.

Source: own calculations.

The only group whose overlapping term decreases \wiaket price policies are abolished is
the class of pig and poultry farms. In the Baselpig and poultry farmers are the group with
the second highest average income. Due to relatimetlerate losses (Table 6.4) they become
the group with the highest average income aftecepmpolicies are abolished. Thus,
comparatively high values of between-group inequaind comparatively low overlapping
values occur. The relatively moderate losses emieegause pig production in this group is
predominant and pig meat prices only decreasetbligiompared to other products when
price policies are abolished. From Table 6.4 anbleré&.5 we can observe that overlapping
with all other groups except for the group of pemeva crops farms is reduced in the
No_Pricepol scenario. Particularly with dairy fameoverlapping is reduced since the two
groups had a high overlapping component in the IBesbut develop differently with regard
to average income under scenario conditions.

The only exceptional group for which increasing rtgping with the group of pig and
poultry producers is reported, is the group of maremt crops farms. Permanent crops farms
are able to almost keep their average Baselinariesaunder scenario conditions. Since mean
incomes of the two groups are closer to each datfter the abolishment of price policies and
at the same time within-group inequality is onligistly reduced, between-groups inequality
is reduced and overlapping is increased.
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Nevertheless, in general, the group of pig andtppflhrms tends to be more separated from
the majority of the other groups in the No_Pricepa¢nario. However, given its population

share of 6% this effect is overcompensated by #iowing effects of the other groups in the
aggregate results.

A decomposition analysis for regional subgroupals® carried out. Groups are constructed
according to eigh? western Germarrederal Laender namelyNordrhein-Westfalen (NR)
Niedersachsen (NS)Schleswig-Holstein (SH)Bayern (BA) Baden-Wirttemberg (BW)
Hessen (HE)Saarland (SLpandRheinland-Pfalz (RP)

Compared to the farm type decomposition, the reddidecomposition clearly reveals higher
overlapping components already in the BaselinesTharm specialization matters more for
the expected income of a farm than the region whde¥m is located. Nevertheless, regions
with a higher frequency of large dairy farnidi€dersachsemandSchleswig-Holsteintend to
have a higher average income and slightly lowerrlapping with other regions in the
Baseline. Effects of liberalization scenarios oe tomposition of overall inequality are less
pronounced in the regional analysis. Detailed tsdol the regional subgroup decomposition
are presented in Annex D (Table D.8 until Table8).1

Furthermore, aggregated results of farm type arglomal decomposition analyses are
presented for total household income rather thanifFRAnnex D in Table D.19 and Table

D.20, respectively. Farm type groups with lowerrage FFI tend to have a higher additional
non-farm income. It follows that the share of thetween-groups income component
decreases and the share of overlapping increases tetal household income is taken into
account, especially in the No_Pricepol and the il scenarios.

The regional decomposition of total household ineomequality reveals very similar
aggregate patterns like the analysis based onnttheator FFI. Overlapping, however, is
slightly more important for total household inconmethe No_Pricepol and the Full_Lib
scenarios.

% The cities ofHamburg and Bremenhave the status of Bederal Land However, due to their small size,
Hamburgis added to the larg&ederal Landof Schleswig-HolsteiandBremenis added tdNiedersachsen
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7 Summary and conclusions

In this last chapter, the presented work shallurarsarized and conclusions shall be drawn.
Furthermore, some weaknesses and caveats are saltirand future research areas are
proposed.

7.1 Background and achievement

In recent decades agricultural support in Europe ihereasingly shifted from market price
support measures to budgetary payments. This dawelot has made support more visible
and it has raised public attention to the distitoutof support, which in turn increased
political awareness of the topic. Thus, the retistive effects of agricultural policy and
further reforms of agricultural policy have becomw®re important in political terms.
Furthermore, the analysis of effects of agricultyp@alicy on the income distribution among
farmers is also of intrinsic economic interest.

While in many other policy fields it is a commonaptice to analyse redistributive effects
before a reform is implemented, the bulk of theerdture regarding policy induced
redistributive effects in the agricultural sect®carried out ex post.

Since the aggregation of data may create a signifibias when redistributive effects are
analysed (Bourguignon et al., 2005; Savard, 2003))y standard tools that are developed for
policy analysis in the agricultural sector are maitable for distribution analyses.
Furthermore, the CAP is a sector wide policy whiaay influence (world market) prices of
agricultural products. A pure microanalysis wouldig not be able to take these effects into
account properly.

In agricultural economics, however, some approadoaesxist to model redistributive effects

in an ex-ante way. For example, Keeney and Becki2@09), Keeney (2009), and Hertel et
al. (2007) combine CGE model results with a lamenf household data survey for the U.S.;
however, they map results from one representatig®nal household to disaggregated farm
households, resulting in equal behavioural adjustmef all individual farms. Furthermore,

in principle, it is possible to model income chaxgé the single farm level which are induced
by sectoral policies with the LEI model funnel meted by van Tongeren (2000) and
Woltjers et al. (2011). Moreover, several modelichdnave been developed which account
for behaviour at the single farm level (e.g. Louhiand Valin, 2012, Helming and Schrijver,

2008). These attempts, however, are mostly restritd certain farm types and to the best
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knowledge of the author no analysis of redistripeiteffects® has been undertaken by the
application of these tools so far.

Against this background, in the work at hand a tealeveloped which enables the consistent
assessment of CAP reform induced impacts on indalithrm incomes while simultaneously
taking sectoral adjustments into account and tHasjlitates an ex-ante analysis of
redistributive effects in the western German agpucal sector. To this end, two pre-existing
large-scale simulation models are linked and exdngy a newly developed micro model.
The model chain is then applied to different CAretalization scenarios.

The additional implementation of a meso-model whatlows for individual adjustment of
production patterns of different farm groups, idiroes a high degree of heterogeneity in the
analysis and distinguishes the work from previoasearch on ex-ante measurement of
redistributive impacts of agricultural policy (Kemnand Beckman, 2009; Keeney, 2009;
Hertel et al., 2007). Moreover, the applicatioragficultural sector models allows for a more
detailed depiction of farm production processesvextbeless, the approach applied in
previous research allows for the adjustment of famm incomes which are assumed to be
constant in the work at hand.

After changes in individual incomes are calculated first step by the modelling system for
different scenarios, model results are analyse@ isecond step by the application of a
methodology for the measurement of redistributiffeats which was originally developed for

the analysis of tax reforms and has also been wtsedssess redistributive effects of
agricultural policy (e.g. Allanson, 2006, 2008).i9 methodology is applied for the first time

in an ex-ante analysis of redistributive effectghe agricultural sector. For the analysis of
redistributive effects, scenario results are evaldiaelative to the income distribution of the
Baseline scenario where the CAP is still in place.

To account for different conceptual impacts of &gy analysis on results, the analysis is
carried out at different aggregation levels, fdfaient income classifications, and for income
data generated in a static way in comparison ta gabherated by the modelling system.

Additionally, the Gini inequality index is decommak by subgroups to conduct a more
detailed inequality analysis and to detect undegydevelopments which are not visible
through the analysis of overall inequality effedibe methodology facilitates the analysis of
the degree of separation between subgroups andhfggetance of the grouping attribute for
the expected income of a farm.

¢ As already specified above, the term ‘redistriigeffects’ in this case explicitly refers to theakiation of a
new income distribution with regard to another meodistribution and the assessment of progressivitglated
concepts. It does not refer to the pure calculaibmcome changes in different regions or for eliént farm
types, as for example presented in Louhichi andn\2i012).
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7.2 Major results

It can be stated that inequality effects are robugt regard to the conceptual differences
tested for, at least in terms of the directionr@quality changes. All calculated liberalization
scenarios lead to decreasing absolute income eliffes among western German farms in
2020 because high-income farms lose higher absahtaunts of money than small-income
farms. However, relative to their Baseline inconms-income farms tend to lose a higher
share compared to high-income farms which leadsmdreasing relative inequality due to

liberalization. Only one exemption from this pattesf results exists, namely, if grouped

results are disaggregated and total household ieéemronsidered instead of FFI.

In general, when inequality is considered with rdgdao FFI, inequality indices are
significantly higher after the disaggregation af tirouped data, already in the Baseline. This
IS intuitive since within-group inequality is addnally included in the analysis.
Redistributive indicators show less equalizing @Beof the same reform in absolute terms
and stronger unequalizing effects in relative temen data are disaggregated. However,
differences in absolute redistributive effects ameall. For the relative analysis, differences
are more pronounced because after disaggregasonilar degree of distribution of absolute
losses is compared to a higher degree of inequalitidaseline incomes. Thus, similar
absolute income losses have to be borne by higlermies in the upper tail of the distribution
and by lower incomes in the lower tail of the dimition. Large differences in relative terms,
however, should be interpreted with caution dua togher share of negative incomes in the
disaggregated distribution.

Despite these differences, total effects head ensdime direction in both the analyses, based
on grouped and disaggregated data, when FFI isvdn@ble under consideration. When
instead total household income is applied, conchssiare widely the same, but for two
exceptions. For the analysis of grouped data inNtbePricepol and the Full_Lib scenarios,
slightly positive indices of progressivity are peated while for the individual data-based
analysis the opposite is true, i.e. indices of pegivity are negative. This is because the
adding of off-farm incomes to FFl as a constantitp@sincome variable has an inequality
decreasing effect on all relative Gini coefficierftar grouped as well as disaggregated data.
For the analysis based on grouped data, initiadl tbbusehold income is more equally
distributed than absolute income losses. In coraparithe analysis of disaggregated data
reveals that absolute income losses are similadirilbuted but initial income inequality
increases after disaggregation so that lossesegressively distributed in relative terms.
Thus, different directions of relative redistrilugi effects between the group-based and the
disaggregated data-based analyses are triggerethebyncrease of initial inequality of
household incomes rather than by a change of gtgliition of income losses.

A comparison explicitly undertaken to examine tifeecences between an inequality analysis
of the variable FFI and an analysis of the variabdal household income reveals
comparatively small differences between inequadlityices in absolute terms and stronger
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differences in relative terms. In absolute terrassés are slightly less concentrated among the
high-income farms when total farm income is con®deinstead of FFIl. This can be
explained by the fact that farms with a low FFlddaon have higher income from off-farm
sources and tend to rise in the ranking due t@tltktional consideration of off-farm income.
Thus, since losses are distributed progressivetl végard to FFI, more farms with higher
absolute losses descend in the ranking of totalnmecand vice versa, i.e. farms with lower
absolute losses ascend in the ranking.

In relative terms all inequality indicators are less pronodnfme the analysis of the variable
total household income. This can partly be explhirn®y less negative values in the
distribution. Consequently, relative Gini coefficts are less sensitive with respect to changes
in average income. Nevertheless, taking off-farcome sources additionally into account
has an equalizing effect in relative terms dueht iegative correlation of off-farm income
and on-farm income.

Moreover, the relevance of taking into account @elnduced production and market
responses in ex-ante inequality analysis was asg@sgthis work. Since most of the existing
literature regarding distributional effects of agitural policy is static in nature, it has been
attempted to quantify the bias that occurs wherabelral effects are neglected. From the
empirical analysis, it can be concluded that taladgistment effects into account clearly has
an impact on the magnitude of the inequality inglid@verall inequality is lower in absolute
as well as relative terms and losses are distigbotere progressively/less regressively in the
different scenarios when adjustment is taken imoseration. When comparing the static
analysis to the model based analysis, the largstahces can be observed for the Full_Lib
scenario which also causes the strongest redudtiamserage incomes. Nevertheless, in all of
the scenarios, distributional effects have the sdimeetional impact both in the static analysis
and in the analysis with adjustment effects. Inegah the evaluation and ranking of the
different reform scenarios with respect to theipauot on income equality is similar regardless
of adjustment effects. In all scenarios with adjpestt effects, some evidence is found that
lower-income farms have a lower share in total medosses compared to the static analysis.
Among other scenario-specific reasons, this is leeat is easier for lower-income farms to
reduce income losses from liberalization by abamdprproduction activities that have
negative margins under scenario conditions comparéigher-income farms that often have
still positive marginal incomes for great partgtwgir production activities.

Again, the comparison of relative inequality anak/$ias to be undertaken with caution since
negative incomes appear in all of the distributiongler consideration and the relative Gini
coefficient reacts more sensitively in this caskiclv might relativize the differences between
the approaches in relative terms.

With regard to the different policy instrumentstutns out that the abolishment of market
price support is more progressive in absolute teantsless regressive in relative terms than
the abolishment of DPs. This is because incomectamhs caused by the abolishment of
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market price support is more unequally distribyeedtigher share of losses in the upper tail of
the distribution and a lower share in the lowel) tdian losses caused by the abolishment of
DPs.

Even though the defined minimum requirement of &G&form, i.e. a positive redistributive

effect in absolute terms, is fulfilled in all coredad scenarios, it is difficult to give policy

recommendations based solely on this analyses seutistributive effects are only one

concern of agricultural policy. The developed médgltool is mainly suited to observe

(unintended) distributional effects of CAP reformdyich are intended rather, to complement
other policy analyses than being the sole decisrirrion. In general, it can be stated that
DPs are better suited to shape redistributive pobéfects than market price support
instruments since eligibility can more easily beumled to specific farm features.

Nevertheless, each reform proposal needs to baateal individually.

From a methodological point of view further contiions could be made to the existing
literature. The iterative coupling procedure applie this work can be found in several other
publications, as well. Nevertheless, only few ex@®exist (e.g. Britz and Witzke, 2012)
where a partial equilibrium model of the agricudtusector (ESIM) is linked to a more
disaggregated programming model (FARMIS). The d$p#gi of this work is that agricultural
production of only one out of several countriesicieyl in the partial equilibrium model is
substituted by another, more detailed model. Dubitoapproach, even significant changes in
production in FARMIS cause only minor price reacfion ESIM since prices are determined
by worldwide or European-wide supply quantitiesri@any is a small country in economic
terms for most of the depicted commodities. Folyanifew products where a considerable
share of world supply is produced in Germany, pgtfects can be observed. Additionally,
the iteration procedure matters for non-tradabledpcts. Another picture probably would
emerge if more or all countries were substitutednoye disaggregated programming models.

Additionally, a decomposition of inequality effeatd CAP liberalization by subgroups is

carried out in this work, which to the best knovgef the author is done for the first time
with regard to the agricultural sector. When theniGioefficient is decomposed, three
inequality components can be defined: inequalitghimi subgroups, inequality between

subgroup means and a term that arises when distriisuof subgroups are overlapping. From
the overlapping term the state of segregation efféihm population with regard to subgroups
can be derived. Furthermore, a more detailed madfithe underlying processes of inequality
changes can be revealed with this methodology.

In a first analysis subgroups refer to farm typed i a second analysis subgroups refer to the
region a farm is located in. Based on this analysisexample, the importance of the group

of dairy farmers for inequality effects is discoe@r Furthermore, there is some evidence that
farm specialization matters more for the expectewbine of a farm than the region where a

farm is located.
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7.3 Limitations and outlook

Finally, some limitations of the work at hand amsulting future research options shall be
addressed. In the modelling system only one snmalhtty of the worldwide agricultural
sector, which is depicted in the partial equilibniumodel, is substituted by a more
disaggregated programming model. Thus, quantitygés of the programming model cause
only small price changes for most tradable comneslih the partial equilibrium model and
for these commaodities the iterative coupling mossiyof limited value. The substitution of
additional countries by more disaggregated modelslavincrease feedback effects emerging
at the micro level and thus increase the detailesinéthe analysis.

Generally, incentive effects are accounted forha &nalysis due to the application of the
introduced modelling chain. In reality, howeverdaidnal adjustment processes are likely to
occur which are not depicted in the current versibrthe models. Structural change, for
example, is implemented only exogenously in thegg@mmming model. This has an effect on
the analysis of income distribution since farmawérge negative incomes would likely leave
the sector in reality and average farm size wontatease. In addition, the adaption of new
production technologies is not considered in thalyais. This drawback of the current
modelling tool could be addressed by the endogemizf structural changes in the
programming model.

Another limitation of the analysis is clearly th@atgc nature of the micro-model. Due to this
approach individual income changes are affecteadh@nges in production patterns of the
respective farm groups at the meso-level.

A related caveat is almost inevitable and commoralinsimilar analyses because only
observed units can be modelled and complete popalaturveys hardly exist on the national
level. Even though the analysis is conducted forameady high number of farms, one
simulated farm still represents more than 20 faofthe overall farm population. To account
for this fact, simulated farms are weighted by a@gragation factor and it is implicitly
assumed that one simulated farm reacts represeasiyator many others. Thus, representative
agent and micro-simulation approaches cannot alMeaysharply distinguished (Lofgren et
al., 2003).

In addition, several assumptions regarding the ldpwmeent of agricultural markets until the

final year of the analysis have to be made forgbleeration of the Baseline scenario. It is
well-known that redistributive effects are influexcby the distribution of income in the base
situation (Lerman and Yitzhaki, 1995). Thus, it sllobe kept in mind that any ex-ante

analysis implies a certain extent of uncertaintgl #mat results are affected by the choice of
behavioural parameters and by base year conditions.

Moreover, interactions with other sectors of th@rmmmy are neglected by the applied
modelling system which consists solely of agric@dtisector models. This limitation could be
overcome by the additional integration of a CGE etadto the modelling system. However,
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given the relatively small share of agricultureowerall GDP and workforce in Europe and
especially Germany, impacts on factor prices (excdep land, which is taken into
consideration by the presented modelling chainukhbe limited.

Furthermore, off-farm income is not adapted, bsuased to be constant in the analysis. This
assumption has rather strong impacts at the mesel ind likely leads to an underestimation
of inequality compensation effects of off-farm ino® sources because it can be expected that
the development of off-farm income and agricultilsapport are negatively correlated (e.g.
Vergara et al., 2004; Kwon et al., 2006). To ovareothis weakness, a micro-simulation
model depicting the labour allocation decision afni households could additionally be
applied in the analysis of redistributive effect<CAP liberalization.

Summing up, this work provides an innovative combon and extension of different
simulation models which enables the ex-ante measeneof income changes for individual
farms. This information in turn facilitates the maeement of redistributive effects in the
agricultural sector taking behavioural effects iatwount. The new modelling system is able
to answer questions which might become more retefcancoming reforms of the CAP. In
combination with advanced methodologies for the sussment of redistributive effects and
for the decomposition of inequality indices, theltoan provide valuable contributions to the
development and design of agricultural policy.
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Appendix A — Steering file

*Baselinename

$setglobal BASELINENAME "fap_new"
*scenario name

*$setglobal scenario "baseline”
*$setglobal scenari "baseline”
$setglobal scenario "full_lib"

*full scenario name in Farmis result files
$setglobal scenarioname "%Baselinename%_%scenario%"

*$setglobal Lice "D:\Lizenz\gamslice.txt"
$setglobal Inequality_path "E:\Agrarpolitik\KOPPLIBNGESAMTMODELLAINEQUALITY"

**********************fo r FAR M I S******************* kkkkkkkkkhkkkkhkkhkkkkkkkhkkhkhkkkhkhkkkk

$setglobal Farmis_Path "E:\AgrarpolitikkKOPPLUNG\&&MTMODELL\FARMIS"
$setglobal scenario_file "scenario_DE_test.xIs"
*DE_test auf BL Ebene

$setglobal report_file "Project_files\DE_test\ repdata\report DE_DE"
$setglobal report_file_groups "Project_files\DE_DRB08\_report_data\report DE_DE"
* DE_DFG_0608 - Gruppenebene

* *% *%k%k * * *k%k *% * *kk * *% * *%

FRERRRRRkkkkkook for ES| M eektetokekekook
$setglobal ESIM "E:\Agrarpolitik KOPPLUNGESAMTMODELL\ESIM"
$setglobal ESIM_path  "E:\Agrarpolitik\ KOPPLUNGESAMTMODELL"
$setglobal save_file  "E:\AgrarpolitiktKOPPLUNGESAMTMODELL\ESIM_2019"
$setglobal ESIM_FOLDER "./ESIM/"

*$setglobal version "esim_fix"
$setglobal version "esim_calib"

* *% * *% * *%k%k *% * *k%k *% * *k%k * *% * *%

$set gamsparm "ide=%gams.ide% lo=%gams.l0% erre¥ggams.errorlog% errmsg=1"

$include map_price_yield.inc
$include map_quantities.inc

set time /base, 2020 /;

set results /r_pd, r_area, r_supp /;

set results_comm /r_hdem, r_sdem, r_fdem, r_tugel,r_pdem, r_supp, r_area, r_yiel /;
set results_cc / landprl /;

Parameter
farmis_quant(IND)
esim_quant(esim_pr)
esim_prices(esim_pr)
esim_inc(esim_pr)
FARMIS_Price(FARMIS pr)
esim_yield(esim_pr)
farmis_yield(farmis_pr)
chk_diff(*,*,*)

sum_chk_diff

counter
intercept_ge(esim_pr)
first_quant(esim_pr)
farmis_first_quant
esim_vgl(time,esim_pr,results)
vgl_ohne_iter

137



farmis_quant(IND) =0;
esim_quant(esim_pr) =0;
esim_prices(esim_pr) =0;
FARMIS_Price(FARMIS pr) =0;
esim_yield(esim_pr) =0;
farmis_yield(farmis_pr) = 0;

Parameter
r_comm(*,***)
r_CC(*,*,*

set cc /GE /;

Set iter
/0*100/

Scalar turn;
turn = 0;

Scalar el;
Scalar infl_rate;

Parameter
iter_results(iter,*,*);

chk_diff(iter,"esim_quant”,esim_pr) = 0;

PARAMETER REPORT_SECTOR(**);
REPORT_SECTOR("BAS","dummy")=0;
REPORT_SECTOR("%scenarioname%","dummy")=0;
PARAMETER REPORT_SECTOR_FARM(*,*);

Parameter
CH_PRICE(**,*,*,*
CH_YIELD(*,*,*, FARMIS pr);

Parameter
exog_area;

* Introduction of area used for growing Energy Main FARMIS in 2020
execute_load '%Farmis_Path%\%report_file%', REPCFEICTOR;
exog_area = REPORT_SECTOR("%scenarioname%","L_ENEAYZ
REPORT_SECTOR("BAS","L_EMAIZE");

execute_unload '\ESIM\Exog_area.gdx' exog_area;

*1) First stand-alone run of ESIM to generate agfjield vector

execute 'gams.exe esim.gms Wdir=%ESIM% %gamspareg¥d a"%scenario%
user2="%BASELINENAME%" user3="%ESIM_FOLDER%" s=%sga¥ile%";
*license=%Lice%

el = errorlevel,

display "errorlevel", el;

if (el<>0, abort "ERROR");

*1a) execute only for 2020:

execute 'gams.exe simulation_2020.gms Wdir=%ESIMgasparm% r=%save_file% '

*license=%Lice%
el = errorlevel,
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display "errorlevel", el;
if (el<>0, abort "ERROR");

* Price and Yield changes as well as conversiom imminal terms already done in ESIM!!!
execute_LOAD '\esim\esim_p_y.gdx', esim_pricesnegield, esim_vgl|, infl_rate, esim_inc;

execute_load "\esim\results.gdx', r_comm, r_cc;

iter_results("0","r_hdem",esim_pr) = r_comm("GERQ20",esim_pr,"r_hdem") ;
iter_results("0","r_supp",esim_pr) = r_comm("GRQ20",esim_pr,"r_supp") ;
iter_results("0","r_sdem",esim_pr) = r_comm("GRQ20",esim_pr,"r_sdem") ;
iter_results("0","r_fdem",esim_pr) = r_comm("GE020",esim_pr,"r_fdem") ;
iter_results("0","r_pdem",esim_pr) = r_comm("GRQ20",esim_pr,"r_pdem") ;
iter_results("0","r_pd",esim_pr) = r_comm("GE"Q20",esim_pr,"r_pd") ;
iter_results("0","r_tuse",esim_pr) = r_comm("GRQ20",esim_pr,"r_tuse") ;
iter_results("0","r_area",esim_pr) = r_comm("GR0Q20",esim_pr,"r_area") ;
iter_results("0","r_yiel",esim_pr) = r_comm("GE2020",esim_pr,"r_yiel") ;
iter_results("0","r_landprl",esim_pr) = r_cc("GE020","r_landpr1");
iter_results("0","esim_prices",esim_pr) = esimcps(esim_pr);
iter_results("0","av_esim_pr",esim_pr) = esimcps(esim_pr);
iter_results("0","esim_inc",esim_pr) = esim_(@sim_pr);
iter_results("0","av_esim_inc",esim_pr) = esim (ggim_pr);
iter_results("0","real_esim_prices",esim_pr) =negprices(esim_pr) / infl_rate ;
iter_results("0","real_av_esim_pr",esim_pr) =nesprices(esim_pr) / infl_rate ;
iter_results("0","real_esim_inc",esim_pr) =rasinc(esim_pr) /infl_rate ;

iter_results("0","real_av_esim_inc",esim_pr) =nesinc(esim_pr) /infl_rate ;
display iter_results;

*Prices for Calibration in the first run
execute_unload '.\%version%\av_price.gdx' esimeprinfl_rate, esim_inc;

* *% * *% * *%k%k * *% * *k%k *%

rkx START ITERATION LOOP ek

* *% *% *%k%k *% * *k%k *%

Repeat(
turn = turn+1;

* Mapping of prices and yield from ESIM resultsRARMIS categories

FARMIS_Price(FARMIS_pr) $ SUM(map_farmis_esim(fasmpr,esim_pr),1)
100*SUM(map_farmis_esim(farmis_pr,esim_pr),esimc@s{esim_pr))/SUM(map_farmis_esim(farmis_pr,esim
_bpr),1)-100;

display FARMIS Price;

FARMIS_YIELD(FARMIS_y) $ SUM(map_farmis_esim(farmig,ESIM_Y),1)

100*SUM(map_farmis_esim(farmis_y,ESIM_Y),ESIM_Yié¢k5IM_Y))/SUM(map_farmis_esim(farmis_y,ESI
M_Y),1)-100;
display FARMIS_YIELD;

CH_PRICE("DE","GROWTHRATE","CON","%scenarioname%ARMIS_pr) =
FARMIS_Price(FARMIS_pr);

execute_unload 'temp_price.gdx',CH_PRICE;

EXECUTE 'GDXXRW temp_price.gdx o=%Farmis_Path%\nsec®_data\%scenario_file% par=CH_PRICE
rng=price_scela4 merge'
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CH_YIELD("DE","GROWTHRATE","%scenarioname%",FARMIPr) = FARMIS_YIELD(FARMIS_pr);
execute_unload 'temp_yield.gdx',CH_YIELD;

EXECUTE 'GDXXRW temp_yield.gdx 0=%Farmis_Path%\ reméo_data\%scenario_file% par=CH_YIELD
rng=yield_sce!b3 merge'

*3a) Run FARMIS on laender level with ESIM price®dayields to determin young livestock prices
execute 'copy %Farmis_Path%\4_project_DE_test.gfarfiis_Path%\4 project.gms’

execute 'copy %Farmis_Path%\Project_files\DE_teBdmis_steering_KopplungESIM.gms
%Farmis_Path%\Project_files\DE_test\d Farmis_gstgagims'

execute 'gams.exe 3_farmis_main.gms Wdir=%FarmtedP&dir=%Farmis_Path% %gamsparm% --
Xscenario %Scenario% --XBaselinename %Baselinendme%

el = errorlevel;

display "errorlevel", el;

if (el<>0, abort "ERROR");

*get young livestock prices
execute_load '%Farmis_Path%\%report_file%', REPCGBECTOR_FARM,REPORT_SECTOR,;

kkkkkkkkkkkhkkkkhkkkkhkkkkkkkkkkhkkhkhkkkhkhkkkhkkkkkkkkkkhk kkkkkkkkkhkkkkkkhkkkkkkhkkhhkkhkkkhkhkkkk

*---from here comment out in case of not usinggheup specific version of FARMIS ----*
khkkkkkkkkkkkkkkkkkkkkkkhkkhkhkhkkkkkkkkkkkkkkkkkhkhkhkx kkkkkkkkkkkkhkkkkkhkkkkkkkkkkkkhkhhkhhhkhkx
*$ontext
CH_PRICE("DE","GROWTHRATE","CON","%scenarioname%dpngani2) $
sum(map_yani_prices(youngani2,yaniprices),REPORTTRER_FARM('BAS",yaniprices))

= sum(map_yanicpsi(youngani2,yaniprices),

(REPORT_SEM®R G-ARM("%scenarioname%",yaniprices)-
REPORT_SECTOR_FARM("BAS",yaniprices))/REPORT_SECTGRRM("BAS",yaniprices)*100);
execute_unload 'temp_price.gdx',CH_PRICE;

EXECUTE 'GDXXRW temp_price.gdx o=%Farmis_Path%\nsec®_data\%scenario_file% par=CH_PRICE
rng=price_sce'a4 merge'

*3b) Run FARMIS owith ESIM prices and yields anduigiprium young livestock prices

execute 'copy %Farmis_Path%\4_project DE_DFGO0608 ¥frarmis_Path%\4_project.gms’

execute 'copy %Farmis_Path%\Project_files\DE_DF®886 Farmis_steering_KopplungESIM.gms
%Farmis_Path%\Project_files\DE_DFG_0608\4_Farméersig.gms'

execute 'gams.exe 3_farmis_main.gms Wdir=%Farmth%P&dir=%Farmis_Path% --Xscenario %Scenario% -
-XBaselinename %Baselinename%'

* Mapping of FARMIS results to ESIM products
execute_load '%Farmis_Path%\%report_file_groupRBERORT_SECTOR,;

*$offtext

kkkkkkkkkkkkkkkhkkkkhkkkkkkkkkkhkkkkkkkk

R comment out until here ----- *
khkkkkkkkhkkkhhkkhhkhhkhhhhhhhhhhhhhihrk

farmis_quant(IND) $ REPORT_SECTOR("BAS",IND) =
REPORT_SECTOR("%scenarioname%",IND)/REPORT_SECTBRE",IND);
display farmis_quant;

exog_area = REPORT_SECTOR("%scenarioname%","L_ENEAYZ
REPORT_SECTOR("BAS","L_EMAIZE");

execute_unload '.\%version%\Exog_area.gdx' exog; are
esim_quant(esim_pr)$ SUM(map_quantities(esim_pr)|&D=
SUM(map_quantities(esim_pr,IND),farmis_quant(IND));

display esim_quant;

execute_unload ".\%version%\esim_change.gdx' esiemtg
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*4) Run ESIM with fixed supply side

execute 'gams.exe simulation_2020 %version%.gms3diSIM_path%\%version% %gamsparm%
r=%save_file% °;

*license=%Lice%

el = errorlevel;

display "errorlevel", el;

if (el<>0, abort "ERROR");

execute LOAD '\%version%\esim_p_y.gdx', esim_wj@sim_yield, intercept_ge, infl_rate, esim_inc;

execute_load "\%version%!\results.gdx’, r_commg;r_c

* Storage of intermediate iteration results
loop(iter$((ord(iter)-1) = turn),

iter_results(iter,"farmis_quant”,IND)$farmis_qudhtD) = farmis_quant(IND) ;
iter_results(iter,"esim_quant",esim_pr)$esim_quesiti_pr) = esim_quant(esim_pr) ;
iter_results(iter,"esim_prices",esim_pr)$esim_gs{esim_pr) = esim_prices(esim_pr) ;
iter_results(iter,"FARMIS_Price",farmis_pr)$FARMIBrice(FARMIS_pr) = FARMIS_Price(FARMIS_|
iter_results(iter,"esim_yield",esim_pr)$esim_yi&sifn_pr) = esim_yield(esim_pr) ;
iter_results(iter,"farmis_yield",farmis_pr)$farmigeld(farmis_pr) = farmis_yield(farmis_pr) ;
iter_results(iter,"intercept_ge",esim_pr)$interce@t(esim_pr) = intercept_ge(esim_pr) ;
iter_results(iter,"esim_inc",esim_pr)$esim_inc(espr) = esim_inc(esim_pr) ;

iter_results(iter,"r_hdem",esim_pr) = r_comm("GR020",esim_pr,"r_hdem") ;
iter_results(iter,"r_supp",esim_pr) = r_comm("GRB020",esim_pr,"r_supp") ;
iter_results(iter,"r_sdem",esim_pr) = r_comm("GB020",esim_pr,"r_sdem") ;
iter_results(iter,"r_fdem",esim_pr) = r_comm("GR020",esim_pr,"r_fdem") ;
iter_results(iter,"r_pdem",esim_pr) = r_comm("GR020",esim_pr,"r_pdem") ;
iter_results(iter,"r_pd",esim_pr) = r_comm("GE020",esim_pr,"r_pd") ;
iter_results(iter,"r_tuse",esim_pr) comm("GR020",esim_pr,"r_tuse") ;
iter_results(iter,"r_area",esim_pr) comm("GB020",esim_pr,"r_area") ;
iter_results(iter,"r_yiel",esim_pr) = r_comm("GE*020",esim_pr,"r_yiel") ;
iter_results(iter,"r_landprl",esim_pr) = r_cc("GE020","r_landprl");

:r_
=r

iter_results(iter,"real_esim_prices",esim_pr) Fmegprices(esim_pr) / infl_rate ;
iter_results(iter,"real_av_esim_pr",esim_pr) =nmegprices(esim_pr) / infl_rate ;
iter_results(iter,"real_esim_inc",esim_pr) =nesnc(esim_pr) /infl_rate;

iter_results(iter,"real_av_esim_inc",esim_pr) dnesnc(esim_pr) /infl_rate ;

chk_diff(iter,"esim_prices",esim_pr) = 0;
chk_diff(iter,"esim_prices",esim_pr)$(iter_resuits(-1,"esim_prices",esim_pr) gt 0)
= round( (iter_results(iter,"esim_pricesim_pr) - iter_results(iter-1,"esim_prices",egim) ,3);
counter(esim_pr) = 0;
counter(esim_pr)$(abs(chk_diff(iter,"esim_pricesie _pr)) le 0.01) = 1;
display chk_diff;
*for the use in FARMIS to anticipate convergence
esim_prices(esim_pr) = 0.5 * esim_prices(esim+m)5 * iter_results(iter-1,"av_esim_pr",esim_pr);

esim_inc(esim_pr) = 0.5 * esim_inc(esim_pr) + Diter_results(iter-1,"av_esim_inc",esim_pr);

iter_results(iter,"av_esim_pr",esim_pr)$esim_priessn_pr) = esim_prices(esim_pr) ;
iter_results(iter,"av_esim_inc",esim_pr)$esim_isafe _pr) = esim_inc(esim_pr) ;

*loop iter end

);

execute_unload '.\%version%\av_price.gdx' esimeprinfl_rate, esim_inc;

pr);
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display counter;

until( ((sum(esim_pr,counter(esim_pr)) eq card(egir)) or (turn = 15))
*Until end

)

*Repeat end

);

Kkkkkkkk

execute_unload "res_%version%_%BASELINENAME%_%sdefa.gdx”, iter_results;
execute_unload "\INEQUALITY\inflation.gdx" infl_te;

142



Appendix B — Mapping of commodities between FARMI&nd

ESIM

Table B.1: Mapping of commodities between ESIM and FARMIS.

ESIM FARMIS

Poultry Broiler meat; Other poultry meat; Poultry meat from laying hens

Pork Pork meat; Sows meat

Potatoes Potatoes

Beef Beef from a bull; Beef from a heifer
Meat from slaughtered cows (dairy cull suckler)
Veal from fattening calves

Corn Grain maize

Milk Milk

Wheat Soft wheat; Summer wheat; Winter wheat

Rye Rye

Durum Durum wheat

Eggs Eggs from laying hens

Rapeseed Rapeseed; Oilseeds for energy; Non Food (QOilseeds)

Barley Summer barley; Winter barley; Feeding cereals

Rap meal Feeding stuffs (by-products) energy-rich

Sun meal; Gluten feed
SMP

Soymeal

Other Grains

Sunseed

Sheep

Sugar

Feeding stuffs (by-products) other

Milk replacer

Feeding stuffs (by-products) protein-rich
Oats; Other cereals; Triticale

Sunseed; Other oils

Meat from sheep and goat for fattening
Wool from sheep

Sugar beet

Source: Own Compilation.
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Appendix C — Additional results of analysing redistibutive effects

1
0,8
0.6 -==BL
— — 50 DP
0,4 No_DP
—— -No_PP
0,2 — e FU”_le
0
0
-0,2

Figure C. 1: Relative Lorenz curves for baseline and all saesdrased ogrouped data

Source: Own compilation.

O T T T T
¢L\ 0,2 0,4 0,6 0,8
2000 \\
N .
- ~ 24
-6000 h \ .\\‘ ,//' / ——
\ N = f — — 50_DP
-8000 \ > /] No_DP
k) ¢ —— -No_PP

-10000 \‘“ / - Full_Lib
:\ 4
N /
-12000 N 4

-14000

-16000

Figure C.2: Absolute Lorenz curves for baseline and all sdesdrased on grouped data.

Source: Own compilation.
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Table C.1: Decomposition of changes total household incommequality (individual data
vs. grouped data).

Relative analysis Absolute analysis

Individual data Grouped Data  Individual data Grouped Data
VI) Baseline Results
Average income (in €) 52,798
Gini index of income A) & 0.468 0.32 24,714 17,128
VII) 50_DP scenario
Average income (in €) 49,215
Average support reduction (in €) 3,583
Average rate of reduced support
(support reduction/base income) s 0.068
Gini index A G 0.495 0.34 24,386 16,758
Concentration index A) G 0.493 0.34 24,256 16,670
Total redistributive effect (AR -0.027 -0.02 329 370
Index of re-ranking (A H -0.003 0.00 -130 -88
Index of vertical equity (A)V -0.025 -0.01 459 458
'rggﬁ’étiognprogresswity of support | 5. -0.34 -0.20 0.128 0.13
VIIl) No_DP scenario
Average income (in €) 43,844
Average support reduction (in €) 8,953
Average rate of reduced support
(support reduction/base income) s 0.17
Gini index A G 0.54 0.36 23,688 15,894
Concentration index A) G 0.529 0.35 23,173 15,551
Total redistributive effect (AR -0.072 -0.04 1,026 1,234
Index of re-ranking (A)H -0.012 -0.01 -515 -343
Index of vertical equity (A)V -0.06 -0.03 1,541 1,577
'rggﬁ’étiognprogress""ty of support | . -0.296 -0.148 0.172 0.176
IX) No_Pricepol scenario
Average income (in €) 31,197
Average support reduction (in €) 21,601
Average rate of reduced support
(support reduction/base income) s 0409
Gini index (A) Gy 0.608 0.33 18,957 10,165
Concentration index (A)C 0.518 0.27 16,158 8,367
Total redistributive effect (AR -0.14 0.00 5,757 6,964
Index of re-ranking (A H -0.09 -0.06 -2,799 -1,798
Index of vertical equity (A) V] -0.05 0.06 8,556 8,761
'rre‘gi’ét‘i’;npmgress""ty of support | . -0.072 0.081 0.396 0.406

Source: own calculations.
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Table C.1 continued:Decomposition of changes itotal household incomenequality
(individual data vs. grouped data).

Relative analysis Absolute analysis

Individual data Grouped Data  Individual data Grouped Data

Baseline Results
Average income (in €) 52,798
Gini index of income A) & 0.468 0.32 24,714 17,128

X)  Full Liberalization scenario

Average income (in €) 21,420
Average support reduction (in €) 31,378
Average rate of reduced support

. . s 0.594
(support reduction/base income)
Gini index AG 0.861 0.43 18,446 9,145
Concentration index (A) G 0.667 0.29 14,278 6,303
Total redistributive effect (AR -0.393 -0.10 6,268 7,983
Index of re-ranking (A H -0.195 -0.13 -4,168 -2,841
Index of vertical equity (A)V -0.198 0.03 10,436 10,825
Index (_)f progressivity of support PG 20136 0.021 0.333 0.34
reduction

Source: own calculations.
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Appendix D — Subgroup decomposition results

Table D.1: Disaggregate results of the overlapping indexaoinftype decomposition for the
Baseline and the scenarios 50_DP, No_DP and Fill_Li

O_gradink=
O_gradin kh 25 O_cradinkh * O _gradin krest
Pn

Baseline

AF DF GL MF PP PC
AF 0.424 0.691 0.769 0.636 0.893 0.70 0.63
DF 0.415 0.233 0.595 0.812 0.392 0.64 0.48
GL 0.909 0.314 0.661 0.525 0.774 0.64 0.60
MF 0.708 0.560 0.463 0.832 0.703 0.71 0.62
PP 0.540 0.704 0.339 0.767 0.528 0.65 0.63
PC 1.005 0.451 0.662 0.860 0.701 0.74 0.71
50 _DP

AF DF GL MF PP PC
AF 0.392 0.733 0.750 0.602 0.821 0.68 0.60
DF 0.363 0.224 0.555 0.796 0.398 0.62 0.45
GL 0.919 0.304 0.657 0.509 0.714 0.63 0.59
MF 0.670 0.535 0.468 0.81 0.761 0.70 0.61
PP 0.488 0.696 0.329 0.735 0.548 0.63 0.61
PC 0.880 0.461 0.611 0.914 0.725 0.73 0.70
No_DP

AF DF GL MF PP PC
AF 0.374 0.738 0.741 0.577 0.738 0.67 0.58
DF 0.334 0.225 0.531 0.809 0.441 0.62 0.44
GL 0.870 0.296 0.624 0.476 0.609 0.60 0.55
MF 0.649 0.520 0.464 0.787 0.865 0.70 0.61
PP 0.448 0.703 0.314 0.699 0.595 0.62 0.59
PC 0.747 0.499 0.523 1.001 0.775 0.73 0.70
Full_Lib

AF DF GL MF PP PC
AF 0.627 0.621 0.813 0.575 0.529 0.73 0.66
DF 0.762 0.384 1.053 0.864 0.817 0.87 0.82
GL 0.866 0.441 0.670 0.438 0.355 0.63 0.58
MF 0.753 0.802 0.445 0.696 0.671 0.78 0.72
PP 0.427 0.528 0.233 0.559 0.845 0.54 0.51
PC 0.470 0.596 0.226 0.643 1.009 0.61 0.56

NB: Values of between-groups inequality and overiag for the same groups are symmetric. For reaebnkearness only
half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —
Permanent crop farms.

Source: own calculations.
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Table D. 2: Detailed results of farm type decomposition in@@®& the 50 _DP scenario.

50_DP AF DF GL MF PP PC
Average Income (£€) 23,346 66,219 15,810 38,527 &1,0 30,212
Income share 0.11 0.5 0.04 0.21 0.07 0.07
Farm population 31,762 51,376 17,135 36,376 9,445 5,97D
Population share 0.20 0.32 0.11 0.22 0.06 0.10
% Contribution to Gini and Absolute Gini
AF DF GL MF PP PC SUM
Within 3.3% 9.2% 0.8% 4.8% 0.4% 0.8% 19.3%
Betweenp, AF 7.8%
DF 5.3% 15.4%
GL 0.3% 3.4% 5.5%
MF 1.3% 3.9% 1.1% 7.0%
PP 0.6% 0.6% 0.4% 0.3% 2.1%
PC 0.3% 2.2% 0.3% 0.4% 0.2% 3.4%
Overlapping AF 8.2%
DF 2.1% 8.9%
GL 1.3% 0.7% 3.8%
MF 2.8% 3.6% 1.1% 10.1%
PP 0.6% 1.4% 0.2% 1.0% 3.5%
PC 1.4% 1.1% 0.5% 1.6% 0.3% 4.9%
100%
Absolute fractional Ginis
AF DF GL MF PP PC Average
Within 21,325 23,009 17,015 23,893 26,325 19,887
Betweenp, AF 12,492
DF 21,436 17,846
GL 3,768 25,204 14,554
MF 7,591 13,846 11,359 10,126
PP 13,872 7,565 17,639 6,281 10,003
PC 3,433 18,003 7,201 4,158 10,439 9,632
Overlapping AF 12,893
DF 8,352 10,281
GL 15,635 5,165 9,969
MF 15,999 12,776 11,183 14,555
PP 12,845 18,325 8,661 19,355 15,938
PC 17,508 9,164 12,156 18,184 14,428 13,915

NB: Values of between-groups inequality and oveplag for the same groups are symmetric. For reasbokearness only

half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —

Permanent crop farms.
Source: own calculations.
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Table D.3: Results of farm type decomposition in 2020 for%0e DP scenario in comparison
to Baseline results in 2020.

50_DP / BASELINE AF DF GL MF PP PC
Average Income (€) 0.81 0.96 0.81 0.90 0.94 0.96

Relative to Baseline(% Contribution to Gini and Absolute Gini)

AF DF GL MF PP PC SUM
Within 0.97 1.00 1.00 0.98 1.00 1.00 0.99
Betweenp, AF 1.08
DF 1.08 1.06
GL 0.75 1.06 1.04
MF 1.08 1.08 1.00 1.04
PP 1.00 1.20 1.00 1.00 1.00
PC 3.00 0.96 1.50 0.80 0.67 1.00
Overlapping AF 0.93
DF 0.88 0.94
GL 1.00 1.00 1.00
MF 0.93 0.92 1.00 0.95
PP 1.00 1.00 1.00 0.91 0.97
PC 0.93 1.00 1.00 1.07 1.00 1.00

Relative to Baseline(Absolute fractional Ginis)

AF DF GL MF PP PC Average
Within 0.94 0.99 0.98 0.97 0.98 0.98
Between, AF 1.08
DF 1.07 1.04
GL 0.81 1.02 1.00
MF 1.07 1.07 0.97 1.03
PP 1.09 1.03 1.02 1.12 1.04
PC 2.61 0.96 1.21 0.72 0.92 0.99
Overlapping AF 0.90
DF 0.87 0.93
GL 0.99 0.95 0.97
MF 0.91 0.92 0.98 0.95
PP 0.89 0.97 0.95 0.94 0.95
PC 0.86 1.01 0.91 1.05 1.02 0.96

NB: Values of between-groups inequality and oveplag for the same groups are symmetric. For reasbokearness only
half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —
Permanent crop farms.

Source: own calculations.
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Table D.4: Detailed results of farm type decomposition in@@& the No_DP scenario.

No_DP AF DF GL MF PP PC
Average Income (€) 17,469 60,447 9,578 32,544 46,40 29,054
Income share 0.09 0.53 0.03 0.2 0.07 0.08
Farm population 31,762 51,376 17,135 36,376 9,445 5,97P
Population share 0.20 0.32 0.11 0.22 0.06 0.10
% Contribution to Gini and Absolute Gini
AF DF GL MF PP PC SUM
Within 3.2% 9.2% 0.8% 4.7% 0.4% 0.8% 19.1%
Betweeny, AF 8.4%
DF 5.5% 15.6%
GL 0.3% 3.5% 5.8%
MF 1.4% 4.1% 1.1% 7.2%
PP 0.7% 0.5% 0.5% 0.4% 2.3%
PC 0.5% 2.0% 0.4% 0.2% 0.2% 3.3%
Overlapping AF 7.6%
DF 1.9% 8.8%
GL 1.3% 0.7% 3.6%
MF 2.7% 3.5% 1.0% 10.0%
PP 0.5% 1.4% 0.2% 1.0% 3.5%
PC 1.2% 1.3% 0.4% 1.8% 0.4% 5.1%
100%
Absolute fractional Ginis
AF DF GL MF PP PC Average
Within 19,813 22,176 16,810 22,640 25,502 19,576
Betweenp, AF 12,854
DF 21,489 17,552
GL 3,946 25,435 15,036
MF 7,538 13,951 11,483 9,915
PP 14,469 7,021 18,414 6,931 10,002
PC 5,793 15,697 9,738 1,745 8,676 8,917
Overlapping AF 11,567
DF 7,407 9,707
GL 14,631 4,981 9,256
MF 14,689 11,773 10,496 13,783
PP 11,431 17,939 8,000 17,814 15,150
PC 14,631 9,777 10,241 19,589 15,176 13,679

NB: Values of between-groups inequality and overiag for the same groups are symmetric. For reaebnkearness only

half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —

Permanent crop farms.
Source: own calculations.
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Table D.5: Results of farm type decomposition in 2020 for tNe_DP scenario in
comparison to Baseline results in 2020.

No_DP / BASELINE AF DF GL MF PP PC
Average Income (€) 0.61 0.88 0.49 0.76 0.86 0.92

Relative to Baseline(% Contribution to Gini and Absolute Gini)

AF DF GL MF PP PC SUM
Within 0.94 1.00 1.00 0.96 1.00 1.00 0.98
Betweenp, AF 1.17
DF 1.12 1.08
GL 0.75 1.09 1.09
MF 1.17 1.14 1.00 1.07
PP 1.17 1.00 1.25 1.33 1.10
PC 5.00 0.87 2.00 0.40 0.67 0.97
Overlapping AF 0.86
DF 0.79 0.93
GL 1.00 1.00 0.95
MF 0.90 0.90 0.91 0.94
PP 0.83 1.00 1.00 0.91 0.97
PC 0.80 1.18 0.80 1.20 1.33 1.04

Relative to Baseline(Absolute fractional Ginis)

AF DF GL MF PP PC Average
Within 0.87 0.95 0.97 0.92 0.95 0.97

Betweenp, AF 1.11
DF 1.07 1.02

GL 0.85 1.03 1.04

MF 1.06 1.08 0.98 1.01

PP 1.14 0.96 1.06 1.24 1.04

PC 4.40 0.84 1.64 0.30 0.76 0.92
Overlapping AF 0.81
DF 0.77 0.88

GL 0.93 0.92 0.90

MF 0.84 0.85 0.92 0.90

PP 0.79 0.95 0.88 0.87 0.90

PC 0.72 1.07 0.77 1.13 1.07 0.95

NB: Values of between-groups inequality and overiag for the same groups are symmetric. For reaebnkearness only
half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —
Permanent crop farms.

Source: own calculations.
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Table D.6: Detailed results of farm type decomposition in@@& the Full_Lib scenario.

Full_Lib AF DF GL MF PP PC
Average Income (€) 5,167 17,430 -3,696 14,058 3»,84 28,700
Income share 0.07 0.39 -0.03 0.22 0.14 0.20
Farm population 31,762 51,376 17,135 36,376 9,445 5,97P
Population share 0.20 0.32 0.11 0.22 0.06 0.10
% Contribution to Gini and Absolut Gini
AF DF GL MF PP PC SUM
Within 3.8% 8.1% 0.8% 5.3% 0.4% 1.1% 19.5%
Betweenp, AF 6.0%
DF 2.2% 6.7%
GL 0.5% 2.0% 5.3%
MF 1.1% 0.7% 1.2% 4.6%
PP 0.9% 0.8% 0.6% 0.7% 3.1%
PC 1.3% 1.0% 1.0% 0.9% 0.1% 4.3%
Overlapping AF 10.2%
DF 3.8% 14.2%
GL 1.3% 1.0% 3.9%
MF 3.5% 6.0% 1.1% 13.2%
PP 0.6% 1.3% 0.2% 1.0% 3.7%
PC 1.0% 2.1% 0.3% 1.6% 0.6% 5.6%
100%
Absolute fractional Ginis
AF DF GL MF PP PC Average
Within 17,248 14,194 12,362 18,628 23,204 19,442
Betweenp, AF 6,687
DF 6,131 5,419
GL 4,431 10,563 9,919
MF 4,446 1,686 8,877 4,659
PP 13,836 7,705 18,268 9,391 9,979
PC 11,766 5,635 16,198 7,321 2,070 8,396
Overlapping AF 11,426
DF 10,818 11,579
GL 10,705 5,450 7,194
MF 14,025 14,948 8,287 13,346
PP 9,913 12,260 5,415 12,967 11,941
PC 9,129 11,591 4,386 12,497 19,611 10,955

NB: Values of between-groups inequality and oveplag for the same groups are symmetric. For reasbokearness only

half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —

Permanent crop farms.
Source: own calculations.
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Table D.7: Results of farm type decomposition in 2020 for thell _Lib scenario in
comparison to Baseline results in 2020.

Full_Lib / BASELINE AF DF GL MF PP PC
Average Income (€) 0.18 0.25 -0.19 0.33 0.61 0.91

Relative to Baseline(% Contribution to Gini and Absolute Gini)

AF DF GL MF PP PC SUM
Within 1.12 0.88 1.00 1.08 1.00 1.38 1.00
Betweenp, AF 0.83
DF 0.45 0.46
GL 1.25 0.63 1.00
MF 0.92 0.19 1.09 0.69
PP 1.50 1.60 1.50 2.33 1.48
PC 13.00 0.43 5.00 1.80 0.33 1.26
Overlapping AF 1.16
DF 1.58 1.49
GL 1.00 1.43 1.03
MF 1.17 1.54 1.00 1.25
PP 1.00 0.93 1.00 0.91 1.03
PC 0.67 1.91 0.60 1.07 2.00 1.14

Relative to Baseline(Absolute fractional Ginis)

AF DF GL MF PP PC Average
Within 0.76 0.61 0.71 0.75 0.87 0.96
Between, AF 0.58
DF 0.31 0.32
GL 0.96 0.43 0.68
MF 0.63 0.13 0.76 0.47
PP 1.09 1.05 1.05 1.68 1.04
PC 8.93 0.30 2.72 1.27 0.18 0.86
Overlapping AF 0.80
DF 1.12 1.05
GL 0.68 1.00 0.70
MF 0.80 1.08 0.73 0.87
PP 0.69 0.65 0.60 0.63 0.71
PC 0.45 1.27 0.33 0.72 1.39 0.76

NB: Values of between-groups inequality and oveplag for the same groups are symmetric. For reasbokearness only
half of the table is filled.

DF — Dairy farms; MF — Mixed farms; PP — Pig andilpry farms; AF — Arable farms; GL — Grazing livesk farms; PC —
Permanent crop farms.

Source: own calculations.
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Table D.8: Aggregate results of regional subgroup decommus{tbased on FFI).

BL 50_DP No_DP No PP  Full_Lib
Average income (€) 45,424 41,841 36,470 23,823 14,046
RELATIV
0.56 0.598 0.662 0.782 1.256
Gini 100% 100% 100% 100% 100%
0.105 0.112 0.124 0.146 0.232
Gini-Within 19% 19% 19% 19% 18%
0.116 0.128 0.141 0.121 0.197
Gini-Between 21% 21% 21% 15% 16%
_ 0.339 0.358 0.397 0.514 0.827
Overlapping 61% 60% 60% 66% 66%
ABSOLUT
Abs. Gini 25,443 25,028 24,155 18,632 17,642
100% 100% 100% 100% 100%
Abs. Gini-Within 4,767 4,690 4,529 3,488 3,259
19% 19% 19% 19% 18%
Abs. Gini-Between 5,288 5,373 5,137 2,893 2,768
21% 21% 21% 16% 16%
ADbs. oVer|app|ng 15,388 14,965 14,489 12,251 11,614
60% 60% 60% 66% 66%
O oradi 0.839 0.833 0.836 0.884 0.887

Source: own calculations.
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Table D.9: Disaggregate results of the overlapping index efional subgroup
decomposition.
O_Gradin kh O_gradink= O_Gradin
2 O_cradinkh * K rest
Pn
Baseline
NR NS SH BA BW HE SL RP
NR 0.88 0.81 0.72 0.7 0.73 0.66 0.66 0.78 0.75
NS 0.79 0.92 0.55 0.54 0.57 0.51 0.51 0.67 0.61
SH 0.64 0.81 0.45 0.45 0.47 0.42 0.42 0.56 0.54
BA 0.99 0.84 0.78 0.97 1.02 091 0.92 0.95 0.92
BW 0.82 0.72 0.67 0.84 0.95 0.9 0.89 0.84 0.82
HE 0.86 0.75 0.7 0.88 0.96 0.92 0.93 0.87 0.86
SL 0.92 0.79 0.74 0.93 1.06 1.08 0.99 0.93 0.93
RP 0.93 0.80 0.75 0.94 1.05 1.09 1.00 0.94 0.93
50_DP
NR NS SH BA BW HE SL RP
NR 0.89 0.83 0.71 0.67 0.67 0.58 0.65 0.77 0.74
NS 0.8 0.93 0.55 0.53 0.53 0.46 0.51 0.67 0.61
SH 0.66 0.82 0.46 0.44 0.44 0.38 0.43 0.57 0.54
BA 0.97 0.85 0.8 0.94 0.95 0.82 0.92 0.94 0.91
BW 0.81 0.72 0.68 0.83 0.98 0.89 0.88 0.84 0.81
HE 0.83 0.73 0.7 0.86 0.99 0.89 0.91 0.86 0.85
SL 0.83 0.73 0.7 0.86 1.05 1.02 0.91 0.87 0.87
RP 0.92 0.81 0.76 0.94 1.02 1.02 0.89 0.93 0.92
No_DP
NR NS SH BA BW HE SL RP
NR 0.91 0.84 0.7 0.65 0.63 0.51 0.68 0.77 0.73
NS 0.81 0.92 0.55 0.53 0.51 0.41 054 0.67 0.61
SH 0.67 0.83 0.46 0.44 0.43 0.35 045 0.57 0.55
BA 0.96 0.87 0.8 0.94 0.91 0.73 0.97 0.95 0.92
BW 0.81 0.74 0.69 0.84 0.97 0.79 0.87 0.85 0.82
HE 0.81 0.74 0.69 0.85 1.01 0.82 0.88 0.85 0.84
SL 0.77 0.71 0.66 0.8 0.97 0.96 0.82 0.81 0.81
RP 0.93 0.84 0.78 0.96 0.97 0.94 0.75 0.93 0.92
No_Pricepol
NR NS SH BA BW HE SL RP
NR 1.02 0.92 0.68 0.73 0.64 055 0.91 0.82 0.79
NS 0.85 0.92 0.6 0.64 0.57 0.5 0.8 0.74 0.68
SH 0.83 0.98 0.56 0.61 0.53 0.46 0.77 0.71 0.70
BA 0.99 1.04 0.9 1.09 0.95 0.8 0.84 0.99 0.99
BW 0.88 0.93 0.82 0.91 0.88 0.77 0.78 0.90 0.89
HE 0.89 0.94 0.82 0.9 1.01 0.86 0.77 0.91 0.91
SL 0.91 0.98 0.84 0.91 1.04 1.03 0.76 0.93 0.93
RP 1.09 1.15 1.03 0.69 0.77 0.66 0.55 0.87 0.86
Full_Lib
NR NS SH BA BW HE SL RP
NR 1.08 0.99 0.65 0.74 0.58 0.43 0.88 0.81 0.78
NS 0.87 0.93 0.6 0.67 0.54 043 0.84 0.75 0.70
SH 0.92 1.07 0.59 0.68 0.53 0.4 0.9 0.77 0.76
BA 0.98 1.13 0.97 1.09 0.89 0.63 0.8 1.01 1.01
BW 0.91 1.02 0.9 0.88 0.78 0.58 0.77 0.91 0.89
HE 0.88 1.03 0.88 0.89 0.97 0.73 0.72 0.92 0.91
SL 0.77 0.95 0.77 0.75 0.84 0.86 0.6 0.80 0.79
RP 0.97 1.15 1.07 0.58 0.69 0.52 0.37 0.80 0.78

Source: own calculations.
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Table D.10: Detailed results of regional subgroup decompasiitno2020 for the Baseline.

Baseline NR NS SH BA BW HE SL RP
Average Income (£€) 49,524 60,307 70,290 40,643 35,400 37,651 36,902,3487
Income share 0.15 0.22 0.08 0.32 0.12 0.05 0.004 07 0.
Farm population 22,029 26,723 8,572 57,355 23,957,253 713 13,469
Population share 0.14 0.16 0.05 0.35 0.15 0.06  40.00 0.08
% Contribution to Gini and Absolute Gini
NR NS SH BA BW HE SL RP SUM
Within 2.0% 3.3% 0.4% 10.1% 2.0% 0.3% 0.0% 0.5% 18.6%
Betweeny NR 2.7%
NS 0.5% 5.2%
SH 0.3% 0.2% 2.6%
BA 0.8% 2.3% 1.1% 5.0%
BW  0.6% 1.2% 0.5% 0.5% 2.8%
HE 0.2% 0.4% 0.2% 0.1% 0.0% 0.9%
SL 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
RP 0.3% 0.6% 0.3% 0.2% 0.0% 0.0% 0.0% 1.4%
Overlappingn NR 9.5%
NS 2.2% 10.4%
SH 0.6% 1.0% 3.8%
BA 3.8% 4.0% 1.2% 17.1%
BW 1.5% 1.6% 0.5% 4.1% 9.5%
HE 0.6% 0.7% 0.2% 1.7% 0.7% 4.3%
SL 0.0% 0.0% 0.0% 0.1% 0.1% 0.0% 0.2%
RP 0.8% 0.9% 0.3% 2.2% 1.0% 0.4% 0.0% 5.6%
100%
Absolute fractional Ginis
NR NS SH BA BW HE SL RP Average
Within 27,982 31,284 35312 20,499 23,689 23,638 20,069,027
Between, NR 5,701
NS 5,392 9,543
SH 10,383 4,991 13,128
BA 4,440 9,832 14,824 5,614
BW 7,062 12,454 17,445 2,621 5,881
HE 5936 11,328 16,319 1,496 1,126 4,505
SL 6,311 11,703 16,694 1,871 751 375 4,503
RP 6,092 11,483 16,475 1,651 970 156 219 4,723
Overlappingn NR 20,905
NS 24,584 19,052
SH 22,613 28,700 19,056
BA 20,196 17,300 15,937 18,907
BW 19,493 17,022 15,925 19,889 19,334
HE 20,357 17,720 16,455 20,871 22,580 20,359
SL 18,400 15,870 14,768 18,714 21,361 21,666 18,656
RP 18,562 16,014 14,972 18,793 21,124 21,890 19,955 18,613

Source: own calculations.
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Table D.11:Detailed results of regional subgroup decompasitin2020 for the 50 _DP scen.

50_DP NR NS SH BA BW HE SL RP
Average Income (£€) 46,750 56,611 65,890 37,289 31,507 32,207 29,820,2234
Income share 0.15 0.22 0.08 0.32 0.11 0.04 0.003 07 O.
Farm population 22,029 26,723 8,572 57,355 23,957,253 713 13,469
Population share 0.14 0.16 0.05 0.35 0.15 0.06  40.00 0.08
% Contribution to Gini and Absolute Gini
NR NS SH BA BW HE SL RP SUM
Within 2.0% 3.4% 0.4% 10.1% 2.0% 0.3% 0.0% 0.5% 18.7%
Betweeny NR 0.0%
NS 0.4% 5.2%
SH 0.3% 0.2% 2.6%
BA 0.9% 2.3% 1.1% 5.3%
BW  0.6% 1.2% 0.5% 0.6% 3.0%
HE 0.2% 0.5% 0.2% 0.2% 0.0% 1.1%
SL 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
RP 0.3% 0.6% 0.3% 0.2% 0.1% 0.0% 0.0% 1.5%
Overlappingn NR 0.8% 9.6%
NS 2.2% 0.9% 10.3%
SH 0.7% 1.0% 0.3% 3.9%
BA 3.8% 4.0% 1.2% 2.2% 16.8%
BW 1.5% 1.6% 0.5% 4.0% 1.0% 9.5%
HE 0.6% 0.6% 0.2% 1.5% 0.8% 0.4% 4.1%
SL 0.0% 0.0% 0.0% 0.1% 0.1% 0.0% 0.0% 0.2%
RP 0.8% 0.9% 0.3% 2.2% 1.0% 0.4% 0.0% 5.6%
100%
Absolute fractional Ginis
NR NS SH BA BW HE SL RP Average
Within 27,728 31,073 35,207 20,170 22,800 22,376 19,373,821
Between, NR 5,894
NS 4,931 9,431
SH 9,570 4,639 12,696
BA 4,731 9,661 14,301 5,740
BW 7,622 12,652 17,191 2,891 6,072
HE 7,272 12,202 16,841 2,541 350 5,230
SL 8,465 13,396 18,035 3,734 843 1,193 6,037
RP 6,264 11,195 15,834 1,534 1,357 1,007 2,201 4,739
Overlappingn NR 20,386
NS 24,763 18,826
SH 23,073 28,846 19,090
BA 19,634 17,176 16,052 18,380
BW 18,446 16,390 15,566 19,024 18,543
HE 18,523 16,430 15,554 19,142 22,255 18,972
SL 16,142 14,223 13,520 16,569 20,381 19,815 16,801
RP 18,153 15,986 15,151 18,622 20,167 20,315 17,625 18,228

Source: own calculations.
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Table D.12: Results of regional subgroup decomposition in 2fa2Ghe 50 DP scenario in
comparison to Baseline results in 2020.

50_DP / Baseline NR NS SH BA BW HE SL RP
0.94 094 094 0.92 089 086 031 0.92

Relative to Baseline(% Contribution to Gini and Absolute Gini)

Average Income (€)

NR NS SH BA BW HE SL RP SUM
Within i« 1.00 1.03 100 1.00 1.00 1.00 - 1.00 1.01
Betweeny, NR B
NS 0.80 1.00
sH 100  1.00 1.00
BA 1.13 1.00 1.00 1.06
BW 1.00 1.00 1.00 1.20 1.07
HE 1.00 1.25 1.00 2.00 - 1.22
SL - - - - - - :
RP 1.00 1.00 1.00 1.00 - - - 1.07
Overlapping;,  NR 1.01
NS 1.00 0.99
sH 117 1.00 1.03
BA 1.00 1.00 1.00 0.98
BW 1.00 1.00 1.00 0.98 1.00
HE 1.00 086 1.00 0.88 1.14 0.95
SL - - - 1.00  1.00 - 1.00
RP 1.00 1.00 100 1.00 1.00 1.00 - 1.00
Relative to Baseline(Absolute fractional Ginis)
NR NS SH BA BW HE SL RP Average
Within 0.99 0.99 1.00 0.98 0.96 0.95 0.97 0.99
Between, NR 1.03
NS 091 0.99
SH 0.92 0.93 0.97
BA 107 098 0.96 1.02
pw 1.08 1.01 099 1.10 1.03
HE 1.23 1.08 1.03 1.70 0.31 1.16
s 134 114 108 200 112 3.8 1.34
RP 1.03 0.97 0.96 0.93 1.40 6.46 10.05 1.00
Overlappingn NR 0.98
NS 1.01 0.99
SH 1.02 1.01 1.00
BA 0.97 099 1.01 0.97
BW 0.95 0.96 0.98 0.96 0.96
HE 0.91 093 095 092 0.99 0.93
SL 0.88 0.90 0.92 0.89 0.95 0.91 0.90
RP 0.98 1.00 101 099 095 093 0.88 0.98

Source: own calculations.
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Table D.13:Detailed results of regional subgroup decompasitow the No_DP scenario.

No_DP NR NS SH BA BW HE SL RP
Average Income (£€) 41,733 50,433 59,015 31,932 26,679 26,075 21,263,5020
Income share 0.16 0.23 0.09 0.31 0.11 0.04 0.003 07 O.
Farm population 22,029 26,723 8,572 57,355 23,957,253 713 13,469
Population share 0.14 0.16 0.05 0.35 0.15 0.06  40.00 0.08
% Contribution to Gini and Absolute Gini
NR NS SH BA BW HE SL RP SUM
Within 2.1% 3.4% 0.4% 10.1% 2.0% 0.3% 0.0% 0.6% 18.9%
Betweeny NR 2.9%
NS 0.4% 5.1%
SH 0.3% 0.2% 2.5%
BA 1.0% 2.2% 1.0% 5.1%
BW  0.6% 1.2% 0.5% 0.6% 3.0%
HE 0.3% 0.5% 0.2% 0.2% 0.0% 0.0% 0.0% 1.2%
SL 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%  0.0%
RP 0.3% 0.6% 0.3% 0.1% 0.1% 0.0% 0.0% 1.4%
Overlappingn NR 9.5%
NS 2.3% 10.5%
SH 0.7% 1.0% 3.9%
BA 3.7% 4.1% 1.2% 16.9%
BW 1.5% 1.6% 0.5% 4.0% 9.3%
HE 0.5% 0.6% 0.2% 1.5% 0.7% 3.9%
SL 0.0% 0.0% 0.0% 0.1% 0.0% 0.0% 0.1%
RP 0.8% 0.9% 0.3% 2.3% 1.0% 0.4% 0.0% 5.7%
100%
Absolute fractional Ginis
NR NS SH BA BW HE SL RP Average
Within 26,827 30,426 33,825 19,430 21,733 20,886 17,743,586
Between, NR 5,763
NS 4,350 8,903
SH 8,641 4,291 11,902
BA 4,901 9,250 13,541 5,488
BW 7,527 11,877 16,168 2,627 5,813
HE 7,829 12,179 16,470 2,929 302 5,535
SL 10,235 14,585 18,876 5,335 2,708 2,406 7,637
RP 5,616 9,966 14,257 716 1,911 2,213 4,619 4,191
Overlappingn NR 19,643
NS 24,527 18,533
SH 22,666 28,113 18,552
BA 18,648 16,851 15,485 17,779
BW 17,555 16,092 15,026 18,349 17,816
HE 16,957 15,547 14,505 17,717 21,029 17,621
SL 13,642 12,519 11,772 14,129 17,223 17,089 14,341
RP 18,139 16,502 15,327 18,882 18,989 18,363 14,625 18,103

Source: own calculations.
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Table D.14: Results of regional subgroup decomposition in 2fa2Ghe No_DP scenario in

comparison to Baseline results in 2020.

No_DP / Baseline NR NS SH BA BW HE SL RP
Average Income (€) 0.84 084 084 079 075 069 058 0.82
Relative to Baseline(% Contribution to Gini and Absolute Gini)
NR NS SH BA BW HE SL RP SUM
Within , 1.05 1.03 1.00 1.00 1.00 1.00 - 1.20 1.02
Between, NR 1.07
NS  0.80 0.98
SH 1.00 1.00 0.96
BA 1.25 096 0.91 1.02
w 1.00 1.00 1.00 1.20 1.07
HE 1.50 125 1.00 2.00 - 1.33
SL - - - - - - -
RP 1.00 1.00 1.00 0.50 - - - 1.00
Overlapping,,  NR 1.00
NS 1.05 1.01
SH 1.17 1.00 1.03
BA 0.97 1.03 1.00 0.99
w 1.00 1.00 1.00 0.98 0.98
HE 0.83 0.86 1.00 0.88 1.00 0.91
SL - - - 1.00 0.00 - 0.50
RP 1.00 1.00 100 105 1.00 1.00 - 1.02
Relative to Baseline(Absolute fractional Ginis)
NR NS SH BA BW HE SL RP Average
Within 0.96 097 09 09 092 088 088 0.98
Between, NR 1.01
NS 081 0.93
SH 0.83 0.86 0.91
BA 1.10 094 0091 0.98
Bw 1.07 095 093 1.00 0.99
HE 1.32 1.08 1.01 196 0.27 1.23
SL 1.62 125 113 285 361 6.42 1.70
RP 0.92 087 087 043 197 1419 21.09 0.89
Overlappingn NR 0.94
NS 1.00 0.97
SH 1.00 0.98 0.97
BA 0.92 097 0.97 0.94
gw 0.90 095 094 0.92 0.92
HE 0.83 0.88 088 085 0.93 0.87
SL 0.74 079 080 075 081 0.79 0.77
RP 0.98 1.03 1.02 100 090 0.84 0.73 0.97

Source: own calculations.
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Table D.15: Detailed results of regional subgroup decompasitior the No_Pricepol
scenario in 2020.

No_Pricepol NR NS SH BA BW HE SL RP
Average Income (€) 27,549 31,049 33592 19,715 19,084 17,216 15,306,0888
Income share 0.16 0.22 0.08 0.29 0.12 0.04 0.003 10 0.
Farm population 22,029 26,723 8572 57,355 23,957,25% 713 13,469
Population share 0.14 0.16 0.05 0.35 0.15 0.06  40.00 0.08
% Contribution to Gini and Absolute Gini
NR NS SH BA BW HE SL RP SUM
Within y i 2.1% 37% 04% 97% 2.0% 03% 0.0% 0.6% 188%
Between, NR 2.0%
NS  0.2% 3.3%
SH 01%  0.1% 1.4%
BA 10%  18% 0.7% 4.4%
BW 05% 08% 03% 0.1% 2.0%
HE 02% 03% 01% 01%  0.0% 0.8%
SL  0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
RP  00% 01% 01% 07% 03% 01%  0.0% 1.3%
Overlappingn NR 10.4%
NS  2.6% 12.7%
SH 0.7% 1.1% 4.3%
BA 37% 47%  1.3% 17.6%
BW 1.6% 21%  0.6%  4.4% 10.3%
HE 06% 07% 02% 15%  0.7% 4.0%
SL  0.0% 0.0% 0.0% 01% 0.0%  0.0% 0.1%
RP  12%  15% 04% 1.9% 09%  03%  0.0% 6.2%
100%
Absolute fractional Ginis
NR NS SH BA BW HE SL RP Average
Within y 20,891 25,051 23,341 14,438 17,276 15084 12,686,521
Betweeny NR 3,245
NS 1,750 4,487
SH 3,022 1,272 5,157
BA 3917 5667 6,938 3,574
BW 4232 5982 7,254 316 2,925
HE 5,166 6,916 8,188 1,249 934 3,512
SL 6,121 7,871 9,143 2205 1,889 955 4,277
RP 269 1,481 2,753 4,185 4501 5435 6,390 3,175
Overlappingn NR 16,475
NS 21,303 17,134
SH 19,276 22,985 16,226
BA 14245 14976 13,053 14,318
BW 15,285 15988 14,145 15,670 15,319
HE 13,407 14,186 12,367 13,645 15277 13,701
SL 11,590 12,450 10,634 11,5529 13,256 13,047 11,825
RP 19,096 20,089 17,992 12,144 13441 11540 9,600 5,100

Source: own calculations.
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Table D.16: Results of regional subgroup decomposition in 26@0 the No_Pricepol
scenario in comparison to Baseline results in 2020.

No_Pricepol / Baseline

Average Income (€)

NR NS SH BA BW HE SL RP
0.56 0.51 0.48 0.49 0.54 0.46 0.41 0.75

Relative to Baseline(% Contribution to Gini and Absolute Gini)

NR NS SH BA BW HE SL RP SUM
Within i« 1.05 112 100 096  1.00  1.00 - 1.20 1.01
Betweenj, NR 0.74
NS 0.40 0.63
sH 033 0.50 0.54
BA 1.25 0.78 0.64 0.88
BW 0.83 0.67 0.60 0.20 0.71
HE 1.00 0.75 0.50 1.00 - 0.89
SL - - - - - - -
RP 0.00 0.17 0.33 3.50 - - - 0.93
Overlapping, NR 1.09
NS 1.18 1.22
sH 117 1.10 1.13
BA 0.97 1.18 1.08 1.03
BW 1.07 1.31 1.20 1.07 1.08
HE 1.00 1.00 1.00 0.88 1.00 0.93
SL - - - 1.00  0.00 - 0.50
RP 1.50 1.67 1.33 0.86 0.90 0.75 - 1.11
Relative to Baseline(Absolute fractional Ginis)
NR NS SH BA BW HE SL RP Average
Within 0.75 0.80 0.66 0.70 0.73 0.64 0.63 0.87
Between, NR 0.57
NS 032 0.47
SH 0.29 0.25 0.39
BA  0.88 0.58  0.47 0.64
BW 0.60 0.48 0.42 0.12 0.50
HE 0.87 0.61 0.50 0.83 0.83 0.78
SL 0.97 0.67 0.55 1.18 2.52 2.55 0.95
RP 0.04 0.13 0.17 2.53 4.64 34.84 29.18 0.67
Overlappingn NR 0.79
NS 0.87 0.90
SH 0.85 0.80 0.85
BA 0.71 0.87 0.82 0.76
BW 0.78 0.94 0.89 0.79 0.79
HE 0.66 0.80 0.75 0.65 0.68 0.67
SL 0.63 0.78 0.72 0.62 0.62 0.60 0.63
RP 1.03 1.25 1.20 0.65 0.64 0.53 0.48 0.81

Source: own calculations.
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Table D.17:Detailed results of regional subgroup decompasitos the Full_Lib scenario.

Full_Lib NR NS SH BA BW HE SL RP
Average Income (€) 18,245 19,888 20,340 9,808 10,683 6,537 1,119 281,44
Income share 0.18 0.23 0.08 0.25 0.11 0.03  0.0004.13 0
Farm population 22,029 26,723 8572 57,355 23,957,259 713 13,469
Population share 0.14 0.16 0.05 0.35 0.15 0.06  40.00 0.08
% Contribution to Gini and Absolute Gini
NR NS SH BA BW HE SL RP SUM
Within i 21%  38% 03% 93% 2.0% 02% 0.0% 0.7% 18.4%
Betweeny NR 2.1%
NS  0.1% 2.9%
SH 0.0%  0.0% 0.9%
BA  1.2% 1.7%  0.6% 4.8%
BW 04%  06% 02% 0.1% 1.8%
HE  0.3% 04% 01% 02%  0.1% 1.3%
SL  00% 00% 00% 00% 0.0% 0.0% 0.0%
RP  0.1% 01% 0.0% 1.0% 04% 02% 0.0% 1.8%
Overlapping;,  NR 10.3%
NS  2.7% 13.3%
SH  0.8% 1.1% 4.6%
BA  35% 49%  1.4% 17.2%
BW 1.7%  23% 0.6% 4.2% 10.3%
HE  0.5% 07% 02% 13%  0.6% 3.6%
SL  00% 00% 00% 01% 0.0% 0.0% 0.1%
RP  1.1% 16% 05% 18% 09% 03% 0.0% 6.2%
100%
Absolute fractional Ginis
NR NS SH BA BW HE SL RP Average
Within y 19,924 24,688 21,436 13,081 16,223 13,002 11,108,070
Between, NR 3,180
NS 822 3,682
SH 1,048 226 3,420
BA 4218 5040 5,266 3,627
BW 3,781 4603 4,828 437 2,663
HE 5854 6675 6901 1636 2,073 4,007
SL 8563 9,385 9611 4345 4,782 2,709 6,492
RP 1,602 780 554 5820 5383 7,456 10,165 4,037
Overlappingn NR 15,586
NS 21,551 17,175
SH 19,675 22,879 16,267
BA 12,859 14,758 12,743 13,221
BW 14,697 16,499 14,565 14,313 14,500
HE 11,480 13,398 11,419 11,587 12,651 11,844
SL 8583 10561 8577 8,306 9355 9,520 8,822
RP 17,537 20,826 19,344 10508 12505 9,402 6,693 1504

Source: own calculations.
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Table D.18:Results of regional subgroup decomposition in 2@2@he Full _Lib scenario in
comparison to Baseline results in 2020.

Full_Lib / Baseline NR NS SH BA BW HE SL RP
Average Income (€) 0.37 033 029 024 030 017 0.03 0.57
Relative to Baseline(% Contribution to Gini and Absolute Gini)
NR NS SH BA BW HE SL RP SUM
Within 1.05 1.15 0.75 092 1.00 0.67 - 1.40 0.99
Between, NR 0.78
NS 0.20 0.56
sH 0.00 0.00 0.35
Ba 1.50 0.74 055 0.96
Bw 0.67 050 040 0.20 0.64
HE 1.50 1.00 0.50 2.00 - 1.44
SL : } - - } : }
rRp 0.33 0.17 0.00 5.00 - - - 1.29
Overlapping,  NR 1.08
Ns 1.23 1.28
sH 1.33 1.10 121
Ba 0.92 123 117 1.01
Bw 1.13 144 120 1.02 1.08
HE 0.83 100 100 0.76 0.86 0.84
SL - - - 1.00 0.00 - 0.50
rRp 1.38 178 167 082 090 0.75 - 1.11
Relative to Baseline(Absolute fractional Ginis)
NR NS SH BA BW HE SL RP Average
Within 0.71 079 061 064 068 055 055 0.90
Between, NR 0.56
NS 0.15 0.39
sH 0.10 0.05 0.26
Ba 0.95 051 0.36 0.65
pw 0.54 037 028 0.17 0.45
HE 0.99 059 042 109 184 0.89
sL 1.36 080 058 232 637 722 1.44
rRp 0.26 0.07 0.03 353 555 47.79 46.42 0.85
Overlapping NR 0.75
NS 0.88 0.90
sy 0.87 0.80 0.85
Ba 0.64 0.85 0.80 0.70
Bw 0.75 097 091 0.72 0.75
HE 0.56 0.76 069 056 0.56 0.58
gL 047 067 058 044 044 044 0.47
rRp 0.94 130 129 056 059 043 0.34 0.76

Source: own calculations.
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Table D.19: Aggregate results darm type decomposition (based éotal household

income).

BL 50_DP No_DP No_PP Full_Lib
Average income (€) 52,798 49,215 43,844 31,197 21,420
RELATIV
o 0.47 0.496 0.54 0.608 0.861
Gini 100% 100% 100% 100% 100%
0.093 0.097 0.106 0.123 0.172
Gini-Within
20% 20% 20% 20% 20%
0.16 0.18 0.196 0.077 0.16
Gini-Between
34% 36% 36% 13% 19%
) 0.21 0.22 0.239 0.408 0.529
Overlapping
45% 45% 44% 67% 61%
ABSOLUT
24,714 24,368 23,688 18,957 18,446
Abs. Gini
100% 100% 100% 100% 100%
L 4,890 4,795 4,632 3,832 3,677
Abs. Gini-Within
20% 20% 20% 20% 20%
o 8,520 8,730 8,574 2,396 3,429
Abs. Gini-Between
34% 36% 36% 13% 19%
) 11,304 10,861 10,482 12,729 11,341
Abs. Overlapping
45% 45% 44% 67% 61%
O Gradi 0.711 0.702 0.699 0.901 0.849

Source: own calculations.
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Table D.20: Aggregate results wégional subgroupdecomposition (based ootal

household incomé.

BL 50_DP No_DP No_PP Full_Lib
Average income (€) 52,798 49,215 43,844 31,197 21,420
RELATIV
Gini 0.468 0.495 0.54 0.608 0.861
ini
100% 100% 100% 100% 100%
SiniWith 0.087 0.092 0.101 0.115 0.163
Ini-Within 19% 19% 19% 19% 19%
0.102 0.109 0.116 0.08 0.098
Gini-Between
22% 22% 21% 13% 11%
. 0.279 0.294 0.323 0.413 0.601
Overlapping
60% 59% 60% 68% 70%
ABSOLUT
. 24,714 24,386 23,688 18,957 18,446
Abs. Gini
100% 100% 100% 100% 100%
Abs. Gini-Within 4,607 4,549 4,431 3,594 3,488
19% 19% 19% 19% 19%
22% 22% 21% 13% 11%
Abs. Overlapping 14,738 14,465 14,183 12,875 12,868
60% 59% 60% 68% 70%
O Gradi 0.83 0.827 0.832 0.903 0.918

Source: own calculations.
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