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Abstract: Economists and policy makers are interested in producers’ responses to policies in order 

to achieve some national or sectoral objectives, e.g., growth, employment, food security. The way 

producers respond to policy depends on their production function. If producers do not have ho-

mogenous production function, policy responses will be heterogeneous. We use the underlying 

functional relationship to derive homogenous groupings. The paper employs finite regression mix-

ture models to specify and estimate farm groups with regard to pre-specified functional relation-

ship. The proposed approach is illustrated with regard to the aggregate production function of Ko-

sovo agriculture, characterised by high prevalence of small farmers. The results point out to two 

farm clusters. The first one extracts more output from labour and intermediate consumption. The 

second one makes a better use of land. Perhaps, surprisingly, both clusters appear quite similar in 

terms of their stock of production inputs. Cluster 1 however appears to be more specialised. We can 

conclude that in Kosovo agriculture appearances and size are not primary determinants of produc-

tivity. 

Keywords: finite mixture models; production function; land use diversity 

 

1. Introduction 

Economists and policy makers have always been interested in producers’ responses 

to policies in order to achieve some national or sectoral objectives, e.g., growth, employ-

ment, food security. The way producers respond to policy depends on their production 

function. The commonplace assumption that all observed units have homogenous pro-

duction function leads to expectation of homogenous response [1] which is, however, not 

particularly realistic. If this assumption does not hold, production units’ policy responses 

will be heterogeneous. This heterogeneity in responses is the focus of the present paper. 

Modelling heterogeneous responses has a long tradition in economics, and in partic-

ular in agricultural economics in the area of the so called ‘representative farm modelling’ 

[1,2]. The traditional approach splits the units of interest into relatively homogenous 

groups with regard to a set of pre-defined characteristics and models these separately [3–

5]. Often the purpose of such modelling is to use the results for mathematical program-

ming models of these different groups. The way these groups are derived can, however, 

be problematic. Often some form of factor analysis or principal components analysis is 

applied with regard to selected observable characteristics in order to identify the groups. 

The problem with this approach is that it yields groups which are similar with regard to 

the observable variables used in the analysis, but not necessarily with regard to the func-

tional relationship which is of primary interest in such an approach. 

In the present application we have an additional issue. All Kosovo farms are small. 

Furthermore their endowments, as demonstrated later, are quite concentrated. This 

means that trying to deduce different responses form differences in their characteristics 
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would be challenging. Furthermore, one cannot safely assume that there is a dramatic 

difference between small-scale farms and the rest, when the rest is virtually non-existent. 

Hence, while in may CEECs countries a well-defined dualistic farming structure (with a 

large number of small farms and a very small number of larger ones) provides a natural 

differentiation in which smallholders coexists with large production units his is not the 

case in Kosovo. It could be tempting to assume that all small farms are to some extent 

similar, since they have similar characteristics. Yet, such an assumption would only hold 

if their response to production incentives is fully defined by their characteristics. Such an 

assumptions is, however, entirely baseless since it essentially is equivalent to assuming 

that production functions (the production response) only depend on farming characteris-

tics. The production function, however, is a function of these characteristics and hence 

such an assumption is equivalent to saying that all farms share the same production func-

tion. In this paper we invert the question and ask: given the observed production re-

sponse, how many qualitatively different production functions are necessary to describe 

the farming population. 

We propose to specify homogeneous groups with regard to the pre-specified func-

tional relationship, in this case a production function. The groups are estimated using fi-

nite regression mixture models. We propose this method as the most adequate when the 

issue in hand is either to investigate policy responses of groups of firms (farms) with sim-

ilar production function, or to model their production function in a follow-up simulation 

model. The empirical analysis is focused on the aggregate agriculture production relation-

ship. It provides a farm classification based on the production function which, in contrast 

to the farm characteristics generally used in the clustering approach, is not directly ob-

servable. Examining such a classification for a specific country has distinct policy impli-

cations. Different groups of farms, identified using the proposed methodology, are ex-

pected to react differently to production incentives and to shock as the most recent 

COVID-19 and the war in Ukraine, as well as to policy attempts to smooth these shocks, 

since by definition they have different production functions. Although still there is not 

systematic farm level management data on the impact of the above shocks, the study in 

this paper will provide insights to policy-makers whether they should expect harmonized 

or differentiated response by smallholders to their policy incentives to smooth the conse-

quences of these unexpected shocks. The aggregate reaction of the agricultural sector will 

be a weighted average of the responses of the different groups. 

The proposed approach is illustrated with regard to the aggregate production func-

tion of Kosovo agriculture. Kosovo is chosen as a case study since the interest in this paper 

is on smallholders. Kosovo is one of the poorest countries in Europe. Table 1 compares 

Kosovo with the other Western Balkan countries, the European Union (EU) and the coun-

tries of Europe and Central Asia, excluding the high income ones [6]. The data indicates 

that Kosovo is consistently the poorest country. Compared to the EU (Kosovo contem-

plates to join the Union and formally applied for membership in 2022), GDP per capita in 

Kosovo in purchasing power parity is within the range of one fifth to one fourth of the 

value in the EU. 

Table 1. GDP per capita, Purchasing Power Parity (constant 2017 international dollars). 

  2015 2016 2017 2018 2019 2020 2021 

Albania 11,879 12,292 12,771 13,317 13,653 13,254 14,520 

Kosovo 9445 10,031 10,436 10,755 11,319 10,707 11,579 

Montenegro 18,264 18,798 19,682 20,687 21,534 18,259 20,567 

North Macedonia 15,139 15,553 15,706 16,146 16,773 15,780 16,464 

Bosnia and Herzegovina 12,631 13,194 13,754 14,387 14,897 14,521 15,635 

Serbia 15,578 16,183 16,611 17,453 18,307 18,255 19,762 

European Union 40,752 41,516 42,678 43,558 44,395 41,721 44,024 

Europe & Central Asia 20,041 20,208 20,830 21,368 21,754 21,350 22,712 
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(excluding high income) 

Kosovo GDP per capita as % 

of the EU 
23.2 24.2 24.5 24.7 25.5 25.7 26.3 

Source: World Bank World Development Indicators. Series : GDP per capita, PPP (constant 2017 

international $) 

In line with the other countries in the Western Balkans, agriculture is an important 

sector in Kosovo[7]. Kosovo share of agriculture, forestry and fisheries in the GDP in the 

period 2012-2020 varied between 7-8% (Table 2), while in the EU it was between 1.6 and 

1.7% [6]. Kosovo's agriculture is characterised by serious structural problems. These in-

clude land fragmentation, low labour efficiency and high production costs [3]. The major-

ity of farms are very small in physical size. According to the Agricultural Household Sur-

vey, carried out by the Kosovo Agency of Statistics, in 2018 there were 108,108 agricultural 

holdings with total land area of 185,130 ha. In terms of land area, the largest proportion 

(i.e., 74%) constituted smaller holdings with less than 2 ha, while only 1.7% were holdings 

larger than 10 ha [7,8]. 

Table 2. Agriculture, forestry, and fishing, value added (% of GDP). 

  2015 2016 2017 2018 2019 2020 2021 

Albania 19.8 19.8 19 18.4 18.4 19.3 17.7 

Kosovo 7.7 8.2 7.4 6.5 7.2 7.4 7 

Montenegro 8.1 7.5 6.9 6.7 6.4 7.6 6.3 

North Macedonia 9.7 9.2 7.9 8.5 8.1 8.6 7.6 

Bosnia and Herzegovina 6.2 6.4 5.6 5.9 5.6 6.1 5.7 

Serbia 6.7 6.8 6 6.3 6 6.3 6.5 

European Union 1.6 1.6 1.7 1.6 1.6 1.7 1.6 

Europe & Central Asia (excluding 

high income) 
6.3 6.1 5.5 5.2 5.4 5.9 5.6 

Source: World Bank World Development Indicators 

Despite these structural problems, Kosovo agriculture faced by the unexpected 

COVID-19 shock has been resilient. For example, if the non-food retail trade shrunk, the 

turnover of food retail in spring 2020 increased in comparison to 2019 [9]. Apart from 

increasing demand, since people stored food at home, two other factors boosted the resil-

ience of the agricultural sector. First, by the time COVID-19 started farmers had managed 

to purchase their inputs. Second, the government introduced several measures to support 

agriculture, e.g., increased subsidies on some perishable products and doubled (as one-

off) the amount of direct payments on a range of eligible crop and livestock products 

[10,11]. Therefore, a stable food demand accompanied by boosted agricultural policy sup-

port allowed Kosovo farming sector to adjust to the shock of the pandemic. However, the 

negative consequences for small farmers, focus of the present paper, have been more ex-

acerbated than could be revealed by the overall agricultural performance. For some period 

of time they were out of their traditional marketing channels, i.e., local open air markets 

which were closed during the pandemic. Only large supermarket chains were allowed to 

continue trading but small farmers were not integrated in the supermarkets’ value chains. 

The results from our analysis point out to two farm clusters in Kosovo. What is strik-

ing in the obtained classification is that these two groups appear very similar with regard 

to production factors, with exception of capital. Yet, the two groups make very different 

use of their endowments in terms of the amount of output they manage to extract from 

each of these production factors. A more detailed characterisation of the differences be-

tween the two groups shows that the more productive group appears to be more special-

ised in a variety of ways. 
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The remaining of the paper is structured as follows. The next section provides the 

motivation for the proposed approach in comparison to alternatives. Sections 3 and 4 in-

clude methodology and data, respectively. Section 5 discusses the results and Section 6 

concludes. 

2. Motivation 

In this section the authors are motivated to propose a novel methodology. The rea-

sons for this choice are presented hereafter. Economic theory has a longstanding tradition 

of emphasising uniformity. The principle of the ‘representative economic agent’ is proba-

bly the best known theoretical abstraction in economics. Assuming such uniformity is 

very useful in deriving theoretical properties helping microeconomic models to be easily 

expressed into common sense logic. This approach has been very fruitful in producing 

logical outcomes based on sound principles of rationality. Furthermore, it has also pro-

vided a basis for statistical investigation. Since this concept is an abstraction and it is ob-

tained by averaging the reactions of the actual economic agents, the representative agent 

responses can be obtained by averaging the observed responses of the actual agents. 

Hence, although directly unobservable, estimating a mean regression type of statistical 

model implicitly yields the response of the representative economic agent. 

This uniformity principle, although useful, has its limitations and has been ques-

tioned. From a theoretical point of view, models of bounded rationality which combine 

two types of representative agents have been shown to be able to produce qualitatively 

different outcomes. For example, [12] present a model with rational agents and noise trad-

ers who behave randomly and interact with the rational agents. One of the surprising 

outcomes of this model is that the noise traders, who non-intentionally (i.e., randomly) 

make very risky investments, may under certain conditions end up dominating the mar-

ket. [13] further investigate this issue, which is now accepted in financial literature [14,15]. 

The use of typologies is aimed at somewhat relaxing the uniformity principle by ac-

counting for farm heterogeneity. However, the purpose of establishing such typologies is 

not descriptive, but rather functional [16]. 

Clusters describing farmer typologies are often created with the intention to derive 

implications for some policy design [17] or market responses [18]. The idea is that account-

ing for inherent heterogeneity allows for better aggregation of farm-level responses. For 

this purpose however individual farm-level responses need to be coherently aggregated 

[16] in order to obtain reliable results for policy adjustments. To differentiate driving ef-

fects, the use of farm types as a consolidated model is particularly helpful [19]. In order to 

be able to achieve such a coherent aggregation we need two preconditions: first, the 

groups (types) need to be representative with regard to the desired (i.e., investigated) re-

action function and second, we need to be able to identify the relative shares of these types, 

so that appropriate weighting for aggregating the heterogeneous responses can be estab-

lished 

In this paper, however, we are not concerned with the theoretical challenges to the 

uniformity principle, but rather with some empirical considerations. A major problem in 

empirical research is that the theory rarely prescribes the form of the functional relation-

ship between the variables in question. It is essentially not possible to know beforehand 

the functional form of this relationship. Hence, the problem of ‘representativeness’, i.e., 

homogeneity in response, becomes intertwined with the issue of the functional specifica-

tion. There is a clear trade-off in this area. Using more flexible functional representation 

reduces this problem, but also makes the interpretation and inference more difficult, and 

in some cases impossible (as in the case of the curse of dimensionality problem). Using 

more restrictive functional representations results in more tractable models, but in this 

case the representativeness assumption is more likely to be violated simply because the 

used functional representation is inadequate. Therefore, the representativeness condition 

in empirical modelling is dependent on a given functional specification. In other words, 



Land 2023, 12, 146 5 of 16 
 

the question of whether the units of analysis exhibit the same relationship is only mean-

ingful with regard to the given functional form of this relationship. 

To simplify the issue, the following discussion focuses on the production function, 

but our argument is equally applicable to other functional relationships. Grouping units 

of analysis with regard to their production function (or any other functional relationship 

of interest), we propose in this paper, not only asks the relevant question (i.e., what dif-

ferent functional relationships describe the data) directly, but also makes the classification 

issue explicitly dependent on the choice of the functional form. It provides a clear defini-

tion of the kind of representativeness the researcher is looking at. If the aim is to group 

farms with similar production function either because this is the characteristic of interest 

or because the intention is to model their production function in a follow-on simulation 

model, this is clearly the question that has to be asked. A clustering type of approach, in 

contrast, asks a very different question. It asks how similar the units appear to be with 

regard to some predefined observable characteristics. Such a question leaves the issue of 

‘representativeness’ very vague. In contrast to this in many empirical clustering applica-

tions the choice of cluster building components such as fusion algorithms or distance 

measures is not explicitly dependent on the purpose of such classification meaning that 

the results can impose a certain structure rather than reveal one [20]. The clustering ap-

proach also implicitly claims a kind of logically inconsistent universality. For example, 

one may use some set of ‘relevant variables’ to cluster units and then assume that the 

functional relationship is homogeneous within each cluster. However, the same approach 

could be applied to a wide range of relationships, such as, e.g., cost, profit and production 

functions. Therefore, the units in the same cluster are assumed to have the same type of 

functional relationship for all of the above. This is an unrealistic assumption. 

Finally, there is another more practical consideration. Economic analysis is often 

based, as in this paper, on aggregate relationships, which undoubtedly contain unob-

served heterogeneity. For example, when one looks at the issue of production function, 

since technologies are very different for different farm typologies, it is reasonable to con-

sider different production functions for different types of farming typologies, e.g., live-

stock, crop, vegetables, etc. farms. Yet, doing so, results in a large number of underlying 

models without actually solving the problem of unobserved heterogeneity, since even 

within a certain typology different technologies could co-exists, based on characteristics 

that are not directly observable. Therefore, from a purely practical point of view, there is 

a trade-off: on the one hand, one would want a small number of functional relationships, 

but on the other, would want these relationships to encompass both the similarities and 

differences amongst the units of interest, in this case farms. In other words, subject to the 

constraints defined by the choice of functional relationship, one wants the best combina-

tion of such functional relationships that describes the data. Hence, in our application of 

the proposed method of classification the main question becomes: how many distinct pro-

duction functions can describe the output response of Kosovo agriculture and what are 

their characteristics? In this way, one not only provides a characterisation of an economic 

sector (agriculture), but also simultaneously determines the behaviour of its production 

units. 

Whenever the policies do not affect the structure of agriculture, i.e., they do not affect 

the balance (i.e., the weights) of the different groups, the proposed methodology will just 

provide an approximation to that response (i.e., production function). However, useful 

such an approximation might be, there are alternatives that can achieve the same result 

(e.g., using a more flexible functional form). The real advantage is apparent when policies 

have structural effects and they affect the balance of the classified groups. In this case, the 

structural change effects can be inferred by examining the differential production re-

sponses by different groups. 
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3. Materials and Methods 

We employ finite regression mixture model to specify and estimate farm groups with 

regard to the pre-specified production function. It is assumed that, conditional on a set of 

covariates X, y arises from a probability distribution with the following density: 

𝑓(𝑦|𝜃, 𝑋) = ∑𝑝𝑘𝑔(𝑦|𝜆𝑘, 𝑋)

𝐾

𝑘=1

 (1) 

where pk are the mixing proportions (0<pk<1 for all k and ∑ 𝑝𝑘 = 1𝐾
𝑘=1 ), and 𝑔𝑘(𝑦|𝜆𝑘) 

probability distribution, parameterised by 𝜆𝑘. This means that y can be viewed as drawn 

from K different underlying (conditional) probability distributions. The parameters 𝜆𝑘 

specify a regression model, i.e., they include regression coefficients, as well as the distri-

bution parameters. In this study, we use a linear regression specification [21,22], but in 

principle any other parametric specification, could be used instead. The nature of the es-

timation algorithm is very general and allows for a wide range of specifications. Equation 

(1) states that the data-generating process for y, conditional on X, is a mixture of regres-

sions. Thus, if y is the output and X are the inputs, this expression states that the data 

comes from several distinct production functions. 

One can obtain the maximum likelihood estimate for the parameters 𝜃 by using the 

Expectation Maximisation (EM) algorithm of [23] and then apply the ‘maximum a poste-

riori’ (MAP) principle to assign observations to each of the underlying distributions. The 

EM algorithm we used in the analysis consists of the following two steps, namely, the 

E(xpectation) step and the M(aximisation) step. In the E step the conditional probability 

of observation i belonging to𝑔𝑘(. )during the m-th iteration for all i and k, is given by: 

𝑡𝑖𝑘
(𝑚)

= 𝑡𝑘
(𝑚)

(𝑦|𝜃(𝑚−1), 𝑋) =
𝑝𝑘
(𝑚−1)𝑔𝑘(𝑦|𝜆𝑘

(𝑚−1), 𝑋)

∑ 𝑝𝑙
(𝑚−1)𝑔𝑙(𝑦|𝜆𝑙

(𝑚−1), 𝑋)𝐾
𝑙=1

 (2) 

where the bracketed superscripts denote estimates for the parameters during the cor-

responding iteration. 

In the M step the ML estimate, 𝜃(𝑚) of 𝜃, is updated using the conditional probabil-

ities, 𝑡𝑖𝑘
(𝑚)

, as conditional mixing weights. This leads to maximizing: 

𝐹(𝜃|𝑦, 𝑡(𝑚)) =∑∑𝑡𝑖𝑘
(𝑚)

𝑙𝑛(𝑝𝑘𝑔𝑘(𝑦𝑖|𝜆𝑘, 𝑋))

𝐾

𝑘=1

𝑛

𝑖=1

 (3) 

The updated expressions for the mixing proportions are given by: 

𝑝𝑘
(𝑚)

=
∑ 𝑡𝑖𝑘

(𝑚)𝑛
𝑖=1

𝑛
  (4) 

The updating of 𝜆𝑘 depends on the parametric specification and, therefore, no gen-

eral formula can be given. The maximisation step is essentially the standard maximisation 

routine used to estimate the conditional model given some fixed, determined in the ex-

pectation step, mixing proportions. The generic equation (3) expresses calculating the log-

likelihoods for each separate component and maximising the weighed likelihood with 

weights given by the posterior probabilities𝑝𝑘
(𝑚)

. Thus, by adapting the maximisation step, 

a wide range of models could be fitted. 

The above description assumes that one knows the exact number of clusters. How-

ever, this is typically not the case. Choosing the appropriate number of mixing distribu-

tions (clusters) is essentially a model selection problem. One can estimate the regression 

mixture models for different number of clusters and then selects amongst these. A popular 
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criterion in model selection problems is the Bayesian Information Criterion (BIC) defined 

as: 

BICmK = -2 Lmk +vmKln(n) (5) 

where m is any model (thus m denotes the choice of the parametric (conditional) dis-

tributions g(.) or any combination thereof), K is the number of components, L is the (max-

imised) complete log-likelihood and v is the number of free parameters in the model and 

n is the sample size. If the choice of g(.) is taken for granted, then (5) suggests a strategy of 

consecutive estimation of (m, K) models for K=1,2,.. until BIC increases. The consecutive 

estimation strategy also ensures against the danger of over-fitting the statistical model.  

The BIC is based on an asymptotic approximation of the integrated log-likelihood 

valid under some regularity conditions. It has been proven that the BIC is consistent and 

efficient on practical grounds [24]. Moreover, the whole class of penalised likelihood esti-

mators, of which the BIC is a special class, are consistent [25,26]. The BIC is furthermore 

approximately equivalent to the popular in information theory Minimum Description 

Length (MDL) criterion [27] 

In order to select a model where in addition to the model fit the ability to define well 

separated clusters is taken into account, the integrated complete likelihood (ICL) criterion 

can be used. According to [16], the ICL can be expressed as BIC with an additional entropy 

penalty term as follows : 

ICLmK = -2 BICmk -2∑ ∑ 𝑧𝑖𝑘𝑙𝑛𝑡𝑖𝑘
𝐾
𝑘=1

𝑛
𝑖=1  (6) 

where 𝑧𝑖𝑘 are the cluster membership indicators. In the present application, one is 

explicitly interested in the degree of separation of clusters. Hence, the ICL will be used. 

The finite regression mixture approach describes the functional relationship as a hi-

erarchical mixture model, where the data generation process generates each observation 

from a finite set of underlying sub-models, which define separate clusters. As explained 

in the motivation section, these clusters represent different functional relationships (i.e., 

different production functions). Hence, the representativeness condition is defined di-

rectly with regard to the production function conditional on its functional form. An ad-

vantage of the finite mixture approach is the ease by which data observations can be at-

tached to the different underlying production functions. 

4. Data and Choice of Functional Form 

As explained, the approach to specify homogenous groups of observations based on 

underlying functional relationship is applied empirically to farms in Kosovo. Empirical 

estimations are based on data from the Kosovo version of the Farm Accountancy Data 

Network (FADN) for 2016 [28]. It follows the EU's FADN which monitors farms' income 

and business activities and provides microeconomic management data based on harmo-

nised questionnaire and national surveys of farmers [29,30]. Funded by the European 

Agency for Reconstruction, in 2005 a pilot FADN project started in Kosovo with a survey 

of 50 farms. This network was expanded to 159 farms in 2006, continuing, with an increase 

in the number of holdings to 300 in 2008 and 394 in 2013 and 2014 [28]. In 2011, as a legal 

basis setting the criteria for inclusion of farms in FADN and the identification of the an-

nual farm income, an administrative instruction was approved. Until 2012, data was col-

lected by advisory services but since 2013 a specialised company was contracted to collect 

data in different regions of Kosovo. 

A qualitative improvement in Kosovo FADN coverage has taken place since 2016 

when a new sample was designed based on the results from Agriculture Census 2014. 

Agriculture holdings have been classified based on the type of farming and economic size. 

The sample units of FADN observation covered 54% of total number of agriculture hold-

ings, 91.6% of total standard output, 86.6% of total UAA and 89.3% of total LSU. The data 
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cover information on the farm, land use, production and assets, marketing activities and 

subsidies[28]. This improved FADN sample is used in this paper. 

In the empirical specification the farm output is specified as a function of four inputs, 

namely capital, labour, land and intermediate consumption (IC). These are the standard 

production factors in agricultural production routinely employed in production function 

estimations [31]. 

Summary statistics for the data are presented in Table 3. Labour is measured in An-

nual Work Units (AWU) and Land in hectares (ha), while all other variables are in mone-

tary terms, namely in euros. Relatively small farms manage to pass the FADN inclusion 

threshold, which in Kosovo is low in comparison to other EU Member States in order to 

reflect the nature of Kosovo farms structure (2,000 EUR Standard Output). There seems to 

be considerable heterogeneity in terms of all variables amongst the farms included in the 

dataset. Since the mean values for all variables are closer to the minimum than the maxi-

mum values, there are more relatively smaller farming units and a very long right tail 

representing the smaller number of larger farms in the distribution for all considered var-

iables. This distributional feature is not particularly surprising, but any such heterogene-

ity suggests that the functional relationships amongst these variables may also be hetero-

geneous. In particular, the considerable differences in terms of size that are evident in the 

data set could lend themselves to differences in the production relationship, since it is not 

unreasonable to expect that as farms grow larger, the organisation of their activities 

changes and therefore the input/output relationship might change too. 

Table 3. Summary statistics. 

 Mean SD Min Max 

capital 5915.07 12,604.81 1.00 188,050.00 

labour 1.54 1.90 0.01 41.00 

land 10.83 29.51 0.03 650.00 

IC 12,640.06 30,059.07 1.00 432,880.00 

The key question in the paper is whether the Kosovo farms can be described by the 

same production function. As already discussed, this question requires specifying the in-

puts and the functional form for the specific production function. There is extensive liter-

ature on the issue of production functions, and their theoretical and empirical properties 

[32–34]. With regard to the problem in hand, it is advisable to employ a production func-

tion specification that is sufficiently flexible, since in a finite regression modelling frame-

work there is a clear trade-off between flexibility and the potential number of homoge-

nous groups, i.e., more flexible functional forms will reduce the number of groups. Here, 

we employ the translog functional specification. 

In the production function literature the term ‘flexible’ has a specific meaning. Ac-

cording to [35], a functional form can be denoted as ‘flexible’ if its shape is only restricted 

by theoretical consistency. The translog functional specification can be restricted to satisfy 

the homotheticity, homogeneity or separability, but in this application no such restrictions 

have been applied. The main reason for this is that by avoiding restrictions one can main-

tain its generality. Furthermore, as our previous argument demonstrates, there is a clear 

trade-off between flexibility and the potential number of clusters since flexible specifica-

tions would result in a smaller number of clusters. Therefore, since the question is whether 

a single production function specification is sufficient to describe the data, it makes sense 

to avoid imposing restrictions that could inflate the potential number of clusters. 

Although in more recent studies the translog appears to have somewhat fallen out of 

favour with empirical researchers, it is still the most extensively investigated second order 

flexible functional form and surely the one with the most empirical applications as its 

empirical applicability in terms of statistical significance is outstanding [36,37]. Further-

more, the fact that the translog function can be considered as a second order (Taylor series) 
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approximation of a more general production function provides a sound justification in 

applying it here, since the uncertainty about the production function is a major justifica-

tion for the present study. 

An important reason for the choice of the translog specification is also that it is linear 

with regard to the parameters, which means that standard linear regression techniques 

can be used for estimation and testing purposes. In principle, estimating a finite regression 

model simply requires plugging in the M step an estimation routine for the underlying 

model, which creates tremendous flexibility since this means that the underlying model 

can be fully nonparametric. Linear specifications offer considerable savings in terms of 

computational costs. 

5. Results 

The model fitting ICL criterion indicates that a single common translog production 

function is not sufficient to describe the Kosovo farms and points out to two clusters (Fig-

ure 1). Furthermore, since ICL accounts for both model fit and cluster separation, this 

demonstrates that these two clusters are well separated. In practical terms, this means that 

at least some of the corresponding coefficients are significantly different, resulting in two 

quite different production functions, subject to the functional restriction of a translog func-

tional form. 

 

Figure 1. ICL determination of number of clusters. 

Table 4 presents some summary statistics for the two clusters. Cluster 1 is considera-

bly smaller with only 144 farms while Cluster 2 contains 1,044 farms. In terms of the var-

iables used in the production function, however, there do not appear to be major differ-

ences between the two clusters. With exception of capital, where Cluster 2 has more on 

average and maybe intermediate consumption where it is the other way round, the clus-

ters look very similar in that respect. Since the standard deviations for all variables are 

smaller in Cluster 1 one may say that it is more compact (in the sense that it exhibits more 

internal similarity) than Cluster 2. In order to formally check the above propositions, we 

carried out several tests and their P-values are presented in the second part of Table 2. The 

standard t-Test for equality in the means is insignificant except for capital implying that 

only the capital endowments of the two clusters are different. The other two tests – the 

Kolmogornov-Smirnov (KS) and the Mann–Whitney U-test (which is essentially a two-

sample version of the Wilcoxon test) are more general tests for difference in the 
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distributions. As expected, both these are significant for capital (since the cluster means 

are different, distributions will clearly differ), but they fail to detect any distributional 

difference for any other factor of production or indeed output. Hence, we can conclude 

that the two clusters only differ in terms of their capital endowments.  

Table 4. Clusters summary and separation. 

Clusters summary 

 
number 

of farms 
 Output Capital Labour Land IC 

Cluster 1 144 Mean 23,925.97 1,220.51 1.46 10.51 15,162.77 

  SD 33,126.29 3,111.43 1.07 19.39 27,271.16 

Cluster 2 1088 Mean 25,116.76 6,545.04 1.55 10.88 12,301.53 

  SD 83,264.18 13,250.38 1.99 30.62 30,409.38 

        

P-values for tests for differences in the clusters 

T-Test   0.23 0.00 0.58 0.85 0.20 

KS test   0.15 0.00 0.39 0.99 0.19 

Mann–

Whitney U 

test 

  0.44 0.00 0.54 0.99 0.98 

Yet, our estimation suggests that in spite of looking very similar, the two clusters 

have very different production functions. Due to the non-linear functional form of these, 

however, comparing estimated coefficients would be impractical and non-informative. A 

reliable way to compare two non-linear functions is by comparing their partial correlation 

plots. This amounts to using the estimated models to predict the dependent variable (i.e., 

output) and then plot the predicted values against the values for a given factor by keeping 

the other factors fixed at ‘typical’ values. In this way, we can visualize the effect of a given 

production factor when the rest of the inputs are kept fixed. The first issue is what would 

be the reasonable values for the fixed inputs. This would depend on the purpose of the 

above plot. If the interest is in average effects, using the average values over the estimation 

sample would be an easy way to achieve ‘reasonable values’. Sometimes averaging would 

not be a reasonable strategy, in particular in the case of discrete values [see, e.g., 31]. In 

the present study, all the inputs are continuous variables, therefore, averaging over the 

estimation sample is used as a viable option. 

The second issue concerns the need to create a prediction sample containing a range 

of values for the input variable of interest, create the relevant (transformed) variables 

needed in the translog specification and predict from the estimated linear model. The only 

choice necessary is the range of values for the analysed input. We have employed a regular 

grid of 100 points defined over the range within which the input in question is observed. 

Since the two clusters are potentially different in their input mixes, it is reasonable to pro-

duce separate ranges for each cluster. In this way, the values for the variable of interest 

are actually observable within the estimation sample. The resulting plots show the range 

of values for each input by cluster and this facilitates the interpretation of the results. It 

also avoids the danger of predicting outside the range over which each of the two clusters 

is defined. As for the variables over which any such plot is conditioned upon (i.e., the 

other inputs), averaging over the whole sample is applied in order to ensure that the ef-

fects plotted for the two clusters are comparable. Since the summary statistics for both 

clusters exhibit considerable dispersion, it is easy to verify that such common ‘typical’ 

values lie comfortably within the range of observable values for each of the two clusters 

and, therefore, the synthetic observations created in order to produce the effects of interest 

are feasible. 

Plotting the effects for each input can provide a useful overview of the differences 

between the corresponding production functions. However, the usefulness of such a 
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comparison would be limited without information on how different statistically these are, 

which requires confidence intervals for such effects that can be obtained by bootstrapping 

the corresponding models. Here, we used the nonparametric case bootstrap, following 

[25]. 

The partial correlation plots for the inputs are presented in Figures 2–5. Both output 

and the inputs have been transformed back into the original units in order to facilitate a 

meaningful interpretation. Due to the non-linear nature of the model, the confidence in-

tervals are asymmetric. The differences in the production relationships are quite striking. 

Cluster 1 manages to extract more output from labour and intermediate consumption, 

while Cluster 2 makes more productive use of land. Since the effects are only plotted over 

the effective range of values for the corresponding inputs, it can be seen that the maximum 

values for both labour and land (as well as capital) are smaller in Cluster 1. The capital 

effects only show a tentative picture in that they suggest that Cluster 1 might be able to 

make a better use of its smaller stock of capital. However, since the confidence intervals 

for the capital effect in Cluster 1 are quite wide, statistically such a difference cannot be 

established. 

 

Figure 2. Capital effects by cluster. 
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Figure 3. Labour effects by cluster. 

 

Figure 4. Land effects by cluster. 
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Figure 5. Intermediate consumption effects by cluster. 

Furthermore, the partial correlation plots demonstrate a clear differentiation between 

the two clusters in that the corresponding confidence intervals rarely overlap reinforcing 

the conclusion that their production functions are markedly different. 

Given the similarity of the two clusters and the startling difference in their respective 

production functions, an important question is about the source of this difference. One of 

the possible explanations is that these clusters differ in terms of other unobservable, with 

regard to the empirical approach adopted in this paper, characteristics. Additionally, 

while some clustering based on a set of such characteristics could always be an option in 

empirical analysis, it is clear that by modifying the set of such characteristics one may end 

up with different characterisations, while the approach we adopted here produces unique 

with regard to the assumed functional relationship groupings. Yet, it would be informa-

tive to test whether the two cluster differ with regard to such unobservable characteristics. 

Another potential source of such difference could be the different types of land use by 

farms. Cultivating, e.g., different crops, imposes different requirements for labour and 

capital, as well as different configuration of intermediate consumption. Instead of looking 

at the multitude of such possible land use configurations, we employed a single measure 

of the distribution of land use. Three specific measures are applied, i.e., Shanon (entropy) 

diversity index, richness and the equitability index. The Shannon index is 𝑆 =

−∑ 𝛼𝑖
𝑁
𝑖=1 𝑙𝑛𝛼𝑖 , where 𝛼𝑖 is the land area share allocated to the ith land use, while the eq-

uitability is defined as E=S/Max(S). The equitability index is a standardised Shannon index 

(divided by its maximum value, so that it fits the [0,1] interval). The richness is simply the 

number of separate land uses found on a farm. 

In simple terms, the above three measures capture the extent to which land use is 

concentrated or more evenly spread amongst different types of uses. The idea is that more 

specialised farms will be characterised by a lower values across all these measures. Fur-

thermore, the distribution for any of the above measures will reflect the extent of multiple 

land use within the farms and, hence, by comparing the corresponding distributions one 
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should be able to reflect on the difference in the two clusters. Unfortunately, the Kosovo 

FADN only provides a rough classification of land use consisting on 12 different types of 

use. It does not, for example, distinguish between the different types of cereals. However, 

this is probably sufficient for our purposes since crops within the same group (e.g., 

oilseeds or cereals) typically have similar production technologies. 

Table 5 presents some summary statistics concerning the distribution of these 

measures within each of the two clusters. In particular, the table presents the overall range 

minimum and maximum, alongside the empirical quartiles and the means for each clus-

ter. A look at these summaries suggests that the values for all such statistics is typically 

larger for Cluster 2, hinting that Cluster 1 may be more specialised, which could explain 

its higher productivity. To check this conjecture, we tested tor difference in means and 

distribution, as before (in Table 2). All these tests, with exception of the (non-parametric) 

Mann- Whitney U-test for equitablity index, suggest that the underlying distributions are 

indeed different. One can therefore confirm that Cluster 1 is more specialised than Cluster 

2. 

Table 5. Land use differences between the clusters. 

  Min. 1st Quartile  Median Mean 3rd Quartile Max. 

Shannon En-

tropy 
Cluster1 0.00 0.00 0.54 0.39 0.67 1.26 

 Cluster2 0.00 0.20 0.58 0.49 0.69 1.38 

Richness Cluster1 1.00 1.00 2.00 1.75 2.00 4.00 

 Cluster2 1.00 2.00 2.00 1.99 2.00 5.00 

Equitability Cluster1 0.00 0.00 0.43 0.31 0.53 1.00 

 Cluster2 0.00 0.14 0.42 0.35 0.50 1.00 

        

 
Shannon En-

tropy 
 Richness Equitability     

T-Test 0.00 0.00 0.09     

KS test 0.01 0.01 0.00     

Mann–Whit-

ney U test 
0.00 0.00 0.40     

6. Conclusions 

In this paper we used finite regression mixture models, based on an underlying rela-

tionship of interest for classification of heterogeneous units of analysis. We applied the 

proposed approach to Kosovo farms production function. 

The results suggest that there are at least two clusters with distinct production func-

tions. While these two clusters appear to be similar in terms of their aggregate inputs, they 

have very different production functions. Cluster 1 is much smaller in terms of number of 

farms but manages to extract considerably more output from most inputs with the excep-

tion of land, whilst Cluster 2 is more productive. What is particularly interesting is that 

while being similar in many respect, the one difference between the two clusters is the 

capital endowments since Cluster 2 has much more capital. Yet, in contrast to conven-

tional thinking, more capital does not extend to higher productivity. In fact, it is Cluster 1 

which manages to make more productive use of its inputs. The main reason for this dif-

ferential productivity performance appears to be the higher level of specialisation of Clus-

ter 1. 

It would be useful to consider how such production system might respond to exter-

nal shocks. The general economic shocks could be expected to increase unemployment 

implying more labour supply to agriculture. This would benefit Cluster 1 which extracts 

more output from labour. Yet, this is the smaller (in terms of number of farms ) cluster. 
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Hence, the positive labour effects would be somewhat limited. Cluster 2 has higher ab-

sorption capacity for the extra labour. It extracts more output from land, which is in re-

stricted supply, meaning that land is essential for allocating the surplus labour. As we 

have discussed, Cluster 2 is also more diversified in terms of different uses for its land. 

Such a diversification is an expected livelihoods supporting strategy. It could therefore be 

expected that crises and external shocks would lead to relative growth of Cluster 2. Yet, 

the production potential is clearly in Cluster 1. This suggests that agricultural policies 

should be more focused on enabling the growth of this particular cluster. 

The analysis in the paper has several limitations which we intend to deal with in 

future work on small farmers. The proposed approach is explicitly conditioned on a pre-

defined functional relationship. Re-appraising the latter in both functional form or addi-

tional characteristics of interest would allow one to better tune the empirical application 

with a more focused research context. Furthermore, although the present application used 

a cross-sectional data, it is straightforward to extend to a longitudinal data contexts, where 

a more detailed insight could be obtained.  

An external constraint we faced is that the collection and finalization of FADN data 

normally takes several years before the network is ready for analysis and could be ac-

cessed. Our data precedes the external shocks of COVID-19 and the war in Ukraine. We 

would like to repeat this study with more recent data which will allow to see the impact 

on small farmers and their adjustment process. Such an analysis calls for a longitudinal 

study. 
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