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Abstract: Farm income is a policy-relevant proxy for farm households' viability. Volatile income 
levels reduce the well-being of farmers and decrease their incentives to produce, invest, and 
innovate. This article provides a comprehensive analysis of the associations between agricul-
tural subsidies, farm characteristics, and the stability of farm income, along with their relative 
importance, by applying a linear fixed-effects model to the Estonian Farm Accountancy Data 
Network (FADN) sample. Building on previous analyses, we show that a significant portion of 
agricultural subsidies in gross farm income is positively associated with income instability. Our 
estimates suggest that financial immobility is positively correlated with income stability. This 
indicates that farm-specific grants can provide opportunities to invest while also alleviating 
budget constraints for indebted farms. After controlling for various farm characteristics, we find 
that income becomes more stable as farmers age, while income volatility associated with ag-
ricultural production is positively linked to rising land prices. 

Keywords: Agriculture, Agricultural Subsidies, Farm Income Instability, Within Instrumental 
Variables Estimator, Estonia 

1 Introduction 

Average income levels are frequently used to assess the general well-being of farms and the 
farming sector. Sufficiently high and stable incomes are an essential for farms’ capacity to 
provide agricultural produce and public goods (Finger, El Benni, 2021). Income instability af-
fects farmers’ well-being and ability to expand operations, repay debt and in turn, it may have 
indirect long-term effects on agribusiness firms and creditors (Bojnec, Fertő, 2018; Kata, 
Wosiek, 2020).  

There is a growing literature on farm income stability investigation. However, the results in 
scientific literature remain ambiguous. Farm income variation, instability and inequality may 
refer to variations of income between regions, farm types and size, but also to variation of 
income of an individual farm over time (Finger and El Benni, 2021). Several studies (e.g., 
Castañeda-Vera, Garrido, 2017; Severini et al., 2019; Harkness et al., 2021; Nitta et al., 2022) 
explained the association between variability of farm income and economic and structural char-
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acteristics of farms. By examining a range of different farm types, Harkness et al. (2021) con-
cluded that the stability of farm income is positively associated with greater agricultural diver-
sity. Harkness et al. (2021) and El Benni et al. (2012) showed that the greater agricultural 
diversity reduces the variability of farm income, while Bojnec, Fertő (2018) suggest the spe-
cialisation more likely increases that. Financial structure also has a role. A high share of fixed 
assets increases financial immobility and associated costs, and may thereby increase farm 
income variability (Bojnec, Fertő, 2018). Low share of owned land, one of the main fixed as-
sets, enables farms to use current assets more flexibly but on the other hand, it hinders the 
borrowing capacity of farms (Biagini et al., 2020). It has been suggested that income variability 
management instruments (e.g., income insurance schemes, mutual funds), non-farm income 
sources, and policy interventions to facilitate their uptake may decrease income inequalities 
between farms (Finger, El Benni, 2014; Severini et al., 2019) and may stabilize agricultural 
income (Castañeda-Vera, Garrido, 2017). 

Studies have found that agricultural subsidies implemented under the Common Agricultural 
Policy (CAP) of the European Union (EU) stabilise farm income and reduce its volatility (En-
jolras et al., 2014; Castañeda-Vera, Garrido, 2017; Aleksandrova et al., 2022), and that direct 
payments in specific help to stabilize farm income (El Benni et al., 2012; Severini et al., 2016). 
However, receiving government payments may lead farmers to take on more risks by reducing 
self-insurance and therefore, such farmers may face a higher income variability in turn (Koun-
douri et al., 2009; Poon, Weersink, 2011; Bozzola, Finger, 2021). Fertő, Stalgienė (2016) en-
couraged this by finding that the agricultural subsidies had a positive correlation with the in-
come variability in Lithuanian dairy farms.  

Analyses of income variation are affected also by the data granularity. Hill, Bradley (2015) and 
Dabkienė (2020) showed that income instability measured by aggregate data understates the 
degree of instability experienced at the individual farm level. Therefore, analysing income 
changes of individual farms over three- or five-year periods is a preferred approach (Bojnec, 
Fertő, 2018). The mixed results on earnings volatility may also arise from the fact that different 
studies consider different sets of variables. We address this gap by analysing simultaneously 
three major sets of variables that influence farm income stability.  

The aim of the paper is to comprehensively analyse the effects and the relative importance of 
farm characteristics, farm financial structure and agricultural subsidies on the stability of farm 
income in Estonia based on Estonian Farm Accountancy Data Network (FADN) sample. Be-
sides analysing these relationships in the sample of all farm types over long time (2006-2019), 
the study scrutinizes farm income variability and its relationships with these variables in crop, 
livestock and mixed farms. To the best of our knowledge, there is no analysis of income vari-
ability in the literature that simultaneously includes these three variables sets. 

Econometric approach is based on a linear fixed-effects model. We employ instrumental vari-
ables approach to account for a potential endogenous explanatory variable (Wooldridge, 
2009). We assume potential endogeneity in our data: possible reverse effects could make farm 
income variability, agricultural subsidies and cost of farm debt endogenous variables (de Mey 
et al., 2016). The farm may face higher debt costs due to the perceived risk of unstable income. 
Income variability may lead to increased government subsidies. At the same time, these sub-
sidies might reduce income variability, creating a feedback loop where income variability influ-
ences the subsidy amount. Agricultural subsidies account for a large share of farm income 
(Aleksandrova et al., 2022) and could possibly be correlated with unobserved local conditions. 

Accordingly, the main contribution of this paper is threefold. First, according to our knowledge, 
it is the first study that provides evidence on farm income variability in a Northern European 
country. Second, most existing studies have explored the association between direct payments 
and farm income variability, whereas our analysis examines the factors contributing to gross 
farm income variability considering all agricultural subsidies and their share in gross farm in-
come. Third, the association of farm financial structure and farm income volatility is considered. 
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The remaining of the paper is structured as follows. Chapter 2 provides an overview of Esto-
nian agriculture and its main characteristics that are relevant for the farm income variability 
analysis. Also, this chapter explains how farm income variability is measured in this paper, 
gives an overview of the data that is used, presents the hypotheses of the study. Chapter 3 
presents the empirical model. Chapter 4 presents the results of the analysis and Chapter 5 
discusses the implications of the findings. The paper ends with the concluding chapter.  

2 Material and Methods 

2.1 Study Area 

Estonia is located in Northern Europe, on the eastern shores of the Baltic Sea, between 57.5 
and 59.51 latitude, and covers an area of 45,215 km2 (Figure 1). Estonia is placed in a maritime 
and continental climate transition zone. The average temperature varies from -6 °C in February 
to 16 °C in July. The average annual rainfall is 630 mm. With a population of 1.3 million people 
and utilised agricultural area (UAA) of 1 million ha, Estonia is a relatively rich in agricultural 
area per capita, and therefore has an export potential in certain agricultural products (OECD, 
2018). Estonia has traditionally been a net-exporter of dairy products (Viira et al., 2015). After 
the EU accession in 2004, cereals production increased, and the country has become a net-
exporter of cereals. At the same time, Estonia is a net importer of meat, eggs, fruits and veg-
etables (OECD, 2018). Estonia is a smallest country among Baltic countries, and one of the 
most developed among post-communist countries (Viira et al., 2009). Estonian farm structure 
is dualistic and livestock farms are the most prevalent farm type. A significant share of land 
area is farmed under extensive and biodiversity-friendly agricultural practices, compared with 
more intensive systems (below 10%) that concern mainly livestock farming (OECD, 2018).  

Estonian agriculture is significantly supported by the EU funds: OECD producer support esti-
mate (PSE) in the EU has stabilised at around 19% of gross farm receipts since 2010 (OECD, 
2019). Total subsidies (excluding on investments) in the period 2006-2019 increased by 96% 
and their variation was comparable with the variation of total intermediate consumption (Alek-
sandrova et al., 2022).  

 

Figure 1. Estonia and its location in the EU 

Source: authors’ elaboration 
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In 2004, accession to the EU improved agricultural policy and market conditions for Estonian 
farmers and started a period of agricultural growth (Viira et al., 2009; Šapolaitė et al., 2019). 
Value of the output of agricultural industry (in current prices) increased by 85% from 2006‒
2019. Growth in crop output (139%) outpaced the growth in animal output (41%) (Figure 2). At 
the same time, value of animal output showed larger variation than the value of crop output. 
Fixed capital consumption increased by 155%, total intermediate consumption increased by 
114%, and compensation for employees increased by 87%. According to Looga et al. (2018), 
during the observed period, all these cost items showed markedly smaller variation than out-
put. Paid interests increased by 57% and paid rents increased by 304%. While Aleksandrova 
et al. (2022) showed that the variation of paid interests was comparable to the variation in 
animal output, the variation of paid rents was significantly larger than other cost and revenue 
categories, indicating potential uncertainties related to land prices. Entrepreneurial income de-
creased by 16% and its variation exceeded variation in output and most of the cost categories.  

 

Figure 2. Change in value of output, costs and subsidies (in current prices) of  
Estonian agriculture, and associated variation (detrended) (2006-2019) 

Note: size of the circle indicates value in Euros in 2019 
Source: authors’ calculation based on Statistics Estonia (2021) 

Variation in the value of crop output is mainly due to variation in yield and crop prices. Animal 
production has generally been more stable, but its output value was significantly impacted by 
several events: the financial crisis in 2009, the import ban imposed by the Russian Federation 
in 2015-2016, and the outbreak of African Swine Fever from 2015 onward. These factors af-
fected prices, dairy and pig herds, and consequently, overall animal output (OECD, 2018). 

2.2 Data and Sampling Procedure  

For the empirical estimation, this paper uses the Estonian FADN individual farm data from the 
period 2006–2019. In the Estonian FADN dataset, the sampling methodology relies on non-
random sampling techniques (Heckelei et al., 2023), specifically stratified and quota sampling, 
to ensure the representativeness of farms. The data was provided by the Centre of Estonian 
Rural Research and Knowledge (METK), which is a liaison agency for the FADN data collec-
tion in Estonia and follows this structured approach to ensure that the collected data is both 
representative and useful for policy analysis and economic research. The FADN dataset is a 
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rotating, unbalanced panel that includes representative farms in order to assess the economic 
development of the whole farming sector (Aleksandrova et al., 2023). In addition to the man-
datory data transmitted to the EC, several other indicators are collected in Estonia, which are 
necessary for a more comprehensive analysis of the economic results of the agricultural sector 
at the domestic level and for evaluating the effectiveness of support measures implemented 
for the development of rural life (FADN FARM RETURN, 2020). Estonian FADN dataset for 
the period 2006-2019 is an unbalanced panel containing 8,591 observations.  

During this period a total of 1,256 farms were surveyed with 646 farms (51%) having at least 
six consecutive years of entries. To address the issue of missing data, but to still be able to 
measure possible income variability shifts over time, we followed the approach that has been 
developed by El Benni et al. (2012), Bojnec, Fertő (2018), Harkness et al. (2021). The whole 
period was split into 10 partially overlapping periods, each comprising five consecutive years. 
The first time period comprised five income records for each farm that had entries for all years 
between 2006 and 2010. Consequently, the second period comprised five income records for 
each farm that had entries for all years between 2007 and 2011, etc. (El Benni et al., 2012; 
Bojnec, Fertő, 2018).  

In the empirical models we use the following variables: 

1. Gross farm income (FADN variable is coded SE410) is used as the measure of income 
and is calculated as the sum of revenues and grants and tax balance minus cost of 
external factors of the i-th farm in period t;  

2. Subsidies is calculated as the ratio of total subsidies (excluding on investments) (FADN 
variable is coded SE605) to gross farm income (FADN variable is coded SE410) of the 
i-th farm in period t; 

3. Profitability is calculated as the ratio of gross farm income (FADN variable is coded 
SE410) to total assets (FADN variable is coded SE436) of the i-th farm in period t-1; 

4. Age is defined as farm owner’s or farm manager’s (if owner was not a manager) age 
of the i-th farm in period t; 

5. Farm size is defined as farms with a standard output (SO) 4000‒8000 euros belong to 
size class 3, farms with SO above 3 000 000 euros belong to size class 14 of the i-th 
farm in period t; 

6. HHI is calculated as Herfindahl-Hirschman Index (HHI) of sales revenue of crops, share 
of livestock products, and share of non-agricultural activities in total sales revenue of 
the i-th farm in period t; 

7. Land is the share of owned land (considered as a difference of total utilized agricultural 
area (FADN variable is coded SE025) and leased agricultural land (FADN variable is 
coded SE030) of the i-th farm in period t divided by the total utilized agricultural area 
(FADN variable is coded SE025) of the i-th farm in period t; 

8. Cost of farm debt is represented by the ratio of interest paid (FADN variable is coded 
SE380) over total outstanding farm debt (FADN variable is coded SE485) of the i-th 
farm in period t; 

9. Financial immobility is represented by the ratio of fixed assets (FADN variable coded 
SE441) to total assets (FADN variable is coded SE436) of the i-th farm in period t; 

10. Land price is represented by the ratio of value of land, permanent crops and quotas 
(FADN variable is coded SE446) to owned land (difference between total UAA (FADN 
variable is coded SE025) and leased agricultural area (FADN variable is coded SE030) 
of the i-th farm in period t. In the empirical estimation, natural logarithm of land price 
was used. 

Table 1 provides descriptive statistics of independent variables used in the empirical estima-
tion.  
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Table 1. The independent variables and their descriptive statistics 

Variable Mean SD 
Subsidies 0.17 15.45 
Profitability 0.21 0.08 
Age 52.66 10.46 
Farm size 7.70 2.28 
HHI 0.78 0.17 
Land 0.48 0.26 
Cost of farm debt 0.08 0.30 
Financial immobility 0.75 0.11 
Ln (Land price) 6.52 0.88 

Source: authors’ calculations based on FADN data for Estonia 

The dataset was compiled from the full dataset by selecting observations for those farms that: 
(i) did not have missing values for the variables needed for estimation, (ii) were present in the 
dataset for at least six consecutive years, and (iii) did not present zero values in the denomi-
nator of used variables. These observations were considered outliers and were removed from 
the initial dataset. After removing the outliers, our final unbalanced dataset contained 2,584 
observations (455 farms). 

The sample selection procedure might be potential source of bias compared to initial dataset. 
Figure 3 shows the share of farms in the whole and restricted samples (after removing outliers 
and constructing of final dataset). With regard to the considered data set, the percentage of 
farms in general are similar in the restricted and the full data set. Livestock farms are slightly 
overrepresented in the restricted panel for 2015 and 2016, comprising 45% of the total in 2015 
and 50% in the final dataset, while in 2016, they account for 40% of the total and 45% in the 
final dataset. Conversely, crop farms are slightly underrepresented in 2016, making up 44% of 
the total sample compared to 37% in the final dataset. However, the differences in the re-
stricted panel and whole data sample are not large. Thus, removing the outliers and construct-
ing of final datasets did not cause a bias compared to initial sample selection. 

 

Figure 3. Share of livestock, crop and mixed farms in total and restricted samples 

Note: Type of farming (livestock; crop production and mixed) was determined according to the EU classification of 
types of farming (EC, 2015); “whole sample“ refers to the share of livestock, crop and mixed farms in the total 

sample. “At least 6 year“ refers to the share of livestock, crop and mixed farms among those farms with at least 
six consecutive years of entries; “final sample” refers to the share of livestock, crop and mixed farms in the final 

dataset. 
Source: author’s calculations based on FADN data for Estonia 
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Despite applying outlier rules (i)-(iii), there were still outliers in the subsidy, cost of farm debt, 
and income variability variables in the final dataset. Therefore, to mitigate effect of outliers 
during model fitting, the Winsorization technique1 was used (Yuliyani et al. 2017). We utilized 
this technique to avoid even greater data loss due to simple deletion of data containing outliers.  

Farm production type also affects income variability due to differences in the seasonality of 
production, exposure to changing weather conditions, frequency of sales and market transac-
tions, inherent price instabilities, influences of government programs, differences in production 
variabilities, and other factors (Severini et al., 2016). Farms were divided into following pro-
duction types (EC, 2015): (1) crop farms (specialist cereals, oilseeds and protein crops, spe-
cialist other field crops, and mixed crops); (2) livestock farms (specialist milk, specialist cattle, 
specialist sheep and goats, specialist granivores, and mixed livestock); and (3) mixed farms 
(mixed crops and livestock).  

2.3 Measuring the Stability of Farm Income 

In this study we use three different measures for the stability of farm income (Table 2): CV and 
two annual measures of stability (absolute and relative anomaly) of farm income (Harkness et 
al., 2021).  

Table 2. Measures of Farm Income (FI) stability used in our analysis 

Stability measure Calculation What does the measure show? 
Coefficient of variation from the roll-
ing 5-year: ratio of standard devia-
tion from farm mean divided by roll-
ing 5-year mean 

𝐶𝐶𝐶𝐶 = 𝜎𝜎
𝑌𝑌�
, where 

 𝑌𝑌� = 1
5
∑ 𝑌𝑌𝑖𝑖𝑡𝑡+4
𝑡𝑡  

Coefficient of variation of FI at the indi-
vidual farm.  

Absolute deviation from the rolling 5-
year means of individual farm (MAD: 
mean absolute deviation) 

𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑡𝑡 = |𝑌𝑌𝑖𝑖𝑡𝑡 − 𝑌𝑌�|  Absolute deviation in FI at each farm 
from the average efficiency at the farm 
𝑌𝑌� in year t. 

Relative MAD: ratio of absolute de-
viation from farm mean divided by 
rolling 5-year mean 

𝑅𝑅𝑅𝑅𝑅𝑅𝑖𝑖𝑡𝑡 = 𝐴𝐴𝐴𝐴𝐴𝐴𝑖𝑖𝑖𝑖
𝑌𝑌�

  Relative deviation in FI; absolute devia-
tion from the mean efficiency at the in-
dividual farm, scaled to the 5-year roll-
ing mean FI of farms  

Source: author’s calculations based on FADN data for Estonia 

Figure 4 shows that the coefficient of variation of gross farm income decreased from 2011 to 
2013 and from 2016 to 2019, but increased from 2013 to 2016. Period 2013-2016 was con-
nected with difficult periods for Estonian agriculture: import ban imposed by the Russian Fed-
eration in 2014, abolition of dairy quota in 2015, and spread of African Swine Fever in produc-
tion farms in 2015-2017. 

                                                
1  To winsorize data means to set extreme outliers equal to a specified percentile of the data. We winsorized the 

dependent variable (variability of farm income), subsidies and cost of farm debt at the 95th percentile: the upper 
5% of the data is replaced by the value of the data at the 95th percentile and the value of the under 5% of the 
data is replaced by the value of the data at the 5th percentile. 
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Figure 4. Coefficient of variation of gross farm income over time (on average, across all farms) 

Note: Coefficient of variation is calculated from the rolling 5-year as shown in Table 2 
Source: authors’ calculation based on FADN data for Estonia 

2.4 Hypotheses 

The hypotheses and the respective explanatory variables are divided to three groups: (i) farm 
income; (ii) farm characteristics; and (iii) financial structure and assets (Figure 5). Share of 
owned land is considered to characterise both farm and its financial structure and assets.  

 

Figure 5. Factors that affect gross farm income variability and their hypothesized associations 

Note: “plus” and “minus” signs point to hypothetical associations between dependent and independent variables. 
Source: authors’ elaboration 
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Following Bojnec, Fertő (2018), we consider that share of agricultural subsidies (excluding 
subsidies on investments) in farm gross farm income is negatively associated with farm income 
variability.  

• H1: The share of subsidies in gross farm income is negatively associated with farm 
income variability.  

In our farm income variability equations, we expect to find a negative association with past 
levels of profitability. Farm profitability is measured by the ratio of gross farm income and as-
sets (de Mey et al., 2016). 

• H2: There is a negative association between past levels of profitability and farm income 
variability.  

Older farmers are assumed more risk averse than younger farmers (Fertő, Stalgienė, 2016; El 
Benni, Finger, 2013), and follow more conservative technology yielding lower income variabil-
ity.  

• H3: There is a negative association between farmers’ age and FI variability.  

Larger farms may be able to better manage extreme events and benefit more from economies 
of scale and production efficiencies (Bojnec, Fertő, 2018). In the FADN database, the type and 
economic size of farm households is determined based on the value of the standard output 
(SO). In the empirical estimation, economic size classes (that range from 3 to14) are used as 
an indicator of farm size. 

• H4: There is a negative association between farm size and FI variability. 

Diversification of activities is the usual income stabilisation management tool, while speciali-
zation is a source of economic efficiency via economies of scale (El Benni, Finger, 2013). In 
the empirical model, the concentration of activities is measured by the Herfindahl-Hirschman 
Index (HHI), which is calculated based on the shares of sales revenues from crop, livestock 
and non-agricultural production in total revenues. The index ranges between 0 and 1, and the 
closer the value to 0, the higher the degree of specialization.  

• H5a: Concentration of farmer’s activity is positively associated with farm income varia-
bility.  

• H5b: There is a non-linear negatively association between concentration of farmer’s ac-
tivity and farm income variability.  

Farm households that own a larger percentage of their land have higher levels of equity, which 
positively affects their borrowing capacity and liquidity (Biagini et al., 2020). Thus, share of 
owned land characterises both, the farm and the structure of its assets. Low proportion of 
owned land may increase uncertainty of the agricultural land use, and thus increase the varia-
bility on farm income. 

• H6a: Share of owned agricultural land is positively associated with farm income variability.  
• H6b: There is a non-linear negative association between share of owned of agricultural 

land and farm income variability.  

Financial structure may substantially influence the variability of returns to equity and stability 
of farm equity. In particular, increases in the debt to assets ratio or the interest paid to assets 
ratio will increase the variability of farm income (Biagini et al., 2020). The cost of farm debt is 
represented by the interest paid over total outstanding farm debt (de Mey et al., 2016).  

• H7: Farm income variability is positively associated with cost of farm debt.  
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Fixed assets potentially represent higher sunk costs, therefore, the higher the share of fixed 
assets in total assets, the less financially immobile farms are, the lower the farm liquidity, and 
thus the higher the farm income variability (Bojnec and Fertő, 2018). Higher liquidity may allow 
a farmer to deal with more risks and therefore it is expected to reduce income variability (Fertő, 
Stalgienė, 2016).  

• H8: Farm income variability is positively related with farm financial immobility. 

As credit adjusts to new equity values, land value influences credit availability positively, 
thereby increasing liquidity and allowing financial variability also to increase (Biagini et al. 
2020). In the empirical model, value of agricultural land is used as a proxy of price of agricul-
tural land, and natural logarithm is used to reduce the range of values for the variable. 

• H9: There is a positive association between price of land and farm income variability.  

To test the hypotheses, we rely on statistical null hypothesis testing based on the estimated 
coefficients from Equation (1) using the Within Instrumental Variables Estimator (w2sls) (Crois-
sant, Millo, 2019) under the assumption of random sampling. We use estimated confidence 
intervals to interpret the compatibility of the model with our data (Amrhein, Greenland, 2022). 

3 Empirical Model 

One key concern in this analysis is the issue of reverse causality, which can pose significant 
challenges when interpreting the relationships between variables. Reverse causality occurs 
when it is unclear whether the independent variable influences the dependent variable or vice 
versa. We expect the causality to be a problem in our study due to data design and model 
specification. The gross farm income variable is used for design of dependent variable and two 
independent variables such as subsidies and profitability. Agricultural subsidies may not only 
affect farm income but also be influenced by it: if a farm experiences low income due to poor 
yields or market conditions, it might become eligible for more subsidies. Farms with higher 
debt levels may engage in riskier activities to generate higher returns, potentially increasing 
income variability (Severini et al., 2017). Higher farm income variability leads farm households 
to diversify their assets as a risk management strategy, indicating that income variability influ-
ences debt decisions (Serra et al., 2004). Increased debt can negatively impact farm profita-
bility. For instance, in the dairy sector, a higher debt-to-asset ratio is associated with lower 
productivity and profitability (Ma et al., 2020). 

To avoid reverse causality problem between farm income variability, farm profitability and cost 
of farm debt at the same time, in the Equation (1) we have included a past level of profitability. 
Using lagged values helps mitigate the reverse causality problem because they reflect histori-
cal financial performance that may affect current decisions or conditions, such as investment 
choices or risk management strategies. 

The estimation of income variability in partially overlapping periods leads to a high level of 
autocorrelation, i.e., all values are correlated with others from previous and next periods (El 
Benni et al., 2012). In order to obtain the robust results, this autocorrelation has to be taken 
into account. Furthermore, Breusch-Godfrey test (Breusch, 1978) for autocorrelation in panel 
data was conducted and the null hypothesis of no first order autocorrelation was rejected at 
the critical 5 percent significance level (Wooldridge, 2009). The Breusch-Godfrey test based 
on the idea of Lagrange multiplier testing yielded a related Lagrange multiplier (LM) statistics 
equal 757.9 for Equation (1). Thereby the H0 of no first-order autocorrelation at the 5 percent 
statistically significance level can be rejected under the assumption of random sampling. Since 
the variance inflation factors (VIF) of all regressors (without squared) are between 1 and 1.5, 
there is no indication of multicollinearity problems in the data.  
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Therefore, we estimate a linear fixed-effects model of the following form:  

𝑦𝑦𝑖𝑖𝑡𝑡 = 𝛽𝛽1𝐴𝐴𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑖𝑖𝑡𝑡 + 𝛽𝛽2𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑆𝑆𝑃𝑃𝑃𝑃𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑃𝑃𝑦𝑦𝑖𝑖𝑡𝑡−1 + 𝛽𝛽3𝐴𝐴𝐴𝐴𝑆𝑆𝑖𝑖𝑡𝑡 + 𝛽𝛽4𝐹𝐹𝑃𝑃𝑃𝑃𝐹𝐹 𝑆𝑆𝑆𝑆𝑠𝑠𝑆𝑆𝑖𝑖𝑡𝑡 + 𝛽𝛽5𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑡𝑡 +

+𝛽𝛽6𝐻𝐻𝐻𝐻𝐻𝐻𝑖𝑖𝑡𝑡2 + +𝛽𝛽7𝑅𝑅𝑃𝑃𝐿𝐿𝑆𝑆𝑖𝑖𝑡𝑡 + 𝛽𝛽8𝑅𝑅𝑃𝑃𝐿𝐿𝑆𝑆𝑖𝑖𝑡𝑡2 + 𝛽𝛽9𝐶𝐶𝑃𝑃𝑆𝑆𝑃𝑃 𝑃𝑃𝑃𝑃 𝑃𝑃𝑃𝑃𝑃𝑃𝐹𝐹 𝑆𝑆𝑆𝑆𝑆𝑆𝑃𝑃𝑖𝑖𝑡𝑡 +

+𝛽𝛽10𝐹𝐹𝑆𝑆𝐿𝐿𝑃𝑃𝐿𝐿𝐹𝐹𝑆𝑆𝑃𝑃𝑃𝑃 𝑆𝑆𝐹𝐹𝐹𝐹𝑃𝑃𝑆𝑆𝑆𝑆𝑃𝑃𝑆𝑆𝑃𝑃𝑦𝑦𝑖𝑖𝑡𝑡 + +𝛽𝛽11𝑃𝑃𝐿𝐿(𝑅𝑅𝑃𝑃𝐿𝐿𝑆𝑆 𝑝𝑝𝑃𝑃𝑆𝑆𝐹𝐹𝑆𝑆)𝑖𝑖𝑡𝑡 + 𝑆𝑆𝑡𝑡 + 𝑆𝑆𝑖𝑖𝑡𝑡. (1) 

where 
𝑦𝑦𝑖𝑖𝑡𝑡 is the variability of income for each farm operation, i, and five-year time period, t; 
𝛽𝛽𝑖𝑖 represents the parameters of the explanatory variables; 
𝑆𝑆𝑡𝑡 is the time specific effects; 
𝑆𝑆𝑖𝑖𝑡𝑡 is the idiosyncratic error term. 

To account for unobserved heterogeneity due to the panel structure of the FADN data set, the 
model is estimated as a fixed-effects (FE) regression where time effects accounting for unob-
served heterogeneity that evolves over time but is constant across farms due to highly unba-
lanced panel per year (only 35% of all farms do exist over the whole period). This regression 
model refers to the inclusion of time-period-specific effects in panel data models to control for 
unobservable factors that vary over time but are constant across individuals (Wooldridge, 
2010). To test the presence of time-fixed effects in panel data, we estimated the pooled model, 
the FE model with time effects and the two-way FE model. Comparing of RSS (residual sum 
of squares) and the adjusted R-squared values of the models indicates that the model with 
time-fixed effects provides a better fit (Appendix, Table A1). In addition, the vcovSCC2 function 
used to compute a robust covariance matrix of parameters for a panel model according to the 
Driscoll, Kraay (1998) method, which is consistent with cross–sectional and serial correlation 
in a T-asymptotic setting and irrespective of the N dimension. 

The instrumental variable (IV) approach deals with endogeneity using a two-stage approach 
(Wooldridge, 2009). The set of instruments are lagged values of subsidy variable, lagged va-
lues expenditures (in euros) of fertilizers and pesticides3 and lagged values of cost of farm 
debt. The variables lagged expenditures (previous periods’ spending) of fertilizers and pesti-
cides constitute suitable instrumental variables because lagged expenditures of inputs can 
influence subsidy decisions, reflecting cost compensation measures by the government (com-
pensating farmers who incur high input costs to encourage continued production). However, 
these expenditures are not affected by current income variability, ensuring they are exogenous 
to the main regression equation. To deal with endogeneity, we apply the Within Instrumental 
Variables Estimator (w2sls), which is consistent, even if the individual effects are correlated 
with the covariates (Croissant, Millo, 2019). The instrumental variables estimator is computed 
using the plm function (package “plm”) (Croissant, Millo, 2019). Estimator w2sls with time ef-
fects is removed time effects, is instrumented the endogenous variables with the specified 
instruments, and is estimated the coefficients based on the adjusted values of the endogenous 
variables. 

To robustness check of our results, we have used the same approach with 3 and 4-years rolling 
data. Results of these estimations can be found into Appendix (Coefficients plots estimates 
Figures A1-A6). 

                                                
2  The R program uses a non-parametric technique but do not automatically select the maximum lag to be 

considered in the autocorrelation structure. We selected the maximum lag equal to 5 since our variables are 
calculated using moving averages of five years. 

3  These variables FADN are coded SE295 and SE300, respectively. 
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4 Results 
Tables4 3-5 show the results of the three models, using three different measures of farm in-
come variability (the inverse of stability), as described in Table 2. The tables include coeffi-
cients indicating the relative strength of factors associated with income variability by farm type. 
The 95% confidence intervals based on Driscoll and Kraay robust standard errors are reported 
in parentheses. Coefficient plots (Figures 6-8) visualize the 95% confidence intervals and their 
corresponding regression estimates. We follow Amrhein, Greenland (2022), who proposed re-
naming confidence intervals as compatibility intervals, to interpret these results. 

Hypothesis H1 (the share of subsidies in gross farm income is negatively associated with farm 
income variability) is rejected: the share of subsidies in gross farm income is positively asso-
ciated with farm income variability. The range of values for the subsidy variable's coefficient 
shows a significant difference between different samples. The size of this coefficient is more 
compatible with our data when income variability is measured as CV or relative MAD, com-
pared to when it is measured as absolute MAD (Figures 6-8).  

Hypothesis H2 (there is a negative association between past levels of profitability and farm 
income variability) is not rejected when farm income (FI) variability is measured as CV (Table 
3) or relative MAD (Table 4), but it is rejected when FI variability is measured as absolute MAD 
(Table 5) for crop farms and the whole sample. The size of the past-level profitability coeffi-
cients is compatible with our data sample (the midpoints of all confidence intervals are close 
to each other) (Tables 3-4; Figures 6-7). However, when absolute MAD is used as the depend-
ent variable, the results differ. Thus, the value of this coefficient is sensitive to how FI variability 
is measured (Figures 6-8). 

Hypothesis H3 (there is a negative association between farmers’ age and FI variability) is not 
rejected. The ranges of the confidence intervals for the age coefficients indicate that their im-
pact may not appear in the next time period. This suggests that the difference in FI variability 
for a farmer aged 25 versus 26 years old is not big. However, for the same farmer at ages 25 
and 50, the difference in FI variability might become larger.  

Hypothesis H4 (there is a negative association between farm size and FI variability) is not re-
jected when FI variability is measured as CV (Table 3) or relative MAD (Table 4) (excluding 
mixed farms), but it is rejected when FI variability is measured as absolute MAD (Table 5). The 
size of the corresponding coefficients (in absolute value) is larger in Table 5. 

Hypothesis H5a (concentration of farmer’s activity is positively associated with farm income 
variability) is not rejected when the dependent variable in Equation (1) is CV, except for mixed 
farms (Table 3); it is not rejected when the dependent variable is relative MAD (Table 4); and 
it is not rejected for farm types when the dependent variable is absolute MAD (Table 5). The 
size of these coefficients varies and depends on the measure of FI variability. 

Hypothesis H5b (there is a non-linear negative association between concentration of farmer’s 
activity and farm income variability) is not rejected when the dependent variable in Equation 
(1) is CV (Table 3), except for mixed farms; it is not rejected when the dependent variable in 
Equation (1) is relative MAD (Table 4), except for mixed farms; and it is not rejected for farm 
types when the dependent variable in Equation (1) is absolute MAD (Table 5). The size of 
these coefficients varies and depends on the measure of FI variability. 

Hypothesis H6a (share of owned agricultural land is positively associated with farm income 
variability) is not rejected when the dependent variable in Equation (1) is CV, except for mixed 
farms (Table 3); or when the dependent variable in Equation (1) is absolute MAD (Table 5), 
except for livestock and mixed farms. However, this hypothesis is rejected when the dependent 
variable in Equation (1) is relative MAD (Table 4), excluding the livestock sample. 

                                                
4  We used package stargazer (Hlavac, 2022) in R to format the tables. 
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Hypothesis H6b (there is a non-linear negative association between share of owned of agricul-
tural land and farm income variability) is not rejected when the dependent variable in Equation 
(1) is absolute MAD for crop farms and the whole sample (Table 5); however, this hypothesis 
is rejected when the dependent variable in Equation (1) is relative MAD (Table 4), excluding 
the livestock sample, or when the dependent variable is CV (Table 3). 

Hypothesis H7 (farm income variability is positively associated with cost of farm debt) is not 
rejected: the coefficients for farm costs fall within overlapping compatibility intervals and are 
similar in value, excluding crop farms. Therefore, we can conclude that farm costs are com-
patible with our data set. 

Hypothesis H8 (farm income variability is positively related with farm financial immobility) is 
rejected: coefficients for farm immobility are within overlapping compatibility intervals (Tables 
3-5, Figures 6-8) and are clearly compatible with our data sample. 

Hypothesis H9 (there is a positive association between price of land and farm income variabil-
ity) is not rejected: coefficients for the natural logarithm of land price are small and positive, 
and their confidence intervals are compatible with each other (Figures 6-8). As previously men-
tioned, the narrow confidence intervals for the coefficients may indicate that rising land prices 
increase FI variability in the long term, not necessarily in the next time period (year). 

Table 3. Regression results for determinants of farm income variability:  
dependent variable is CV(FI), Within Instrumental Variables Estimator (w2sls) 

 
Whole sample  Livestock  Crop Mixed 

Subsidies 0.08 
(0.05, 0.11) 

0.07 
(0.003, 0.14) 

0.07 
(-0.12, 0.26) 

0.13 
(0.09, 0.18) 

Profitability -0.63 
(-0.78, -0.49) 

-0.80 
(-1.09, -0.50) 

-0.55 
(-0.66, -0.44) 

-0.46 
(-0.84, -0.07) 

Age -0.0004 
(-0.001, 0.0004) 

0.0004 
(-0.0003, 0.001) 

-0.001 
(-0.001, -0.0004) 

-0.002 
(-0.004, 0.0002) 

Farm size -0.01 
(-0.02, -0.003) 

-0.01 
(-0.02, 0.01) 

-0.02 
(-0.04, -0.004) 

0.01 
(0.003, 0.01) 

HHI 0.89 
(0.63, 1.16) 

0.91 
(0.37, 1.45) 

0.58 
(-1.10, 2.26) 

-0.08 
(-1.41, 1.25) 

HHI2 -0.58 
(-0.76, -0.40) 

-0.59 
(-0.88, -0.31) 

-0.39 
(-1.39, 0.60) 

0.19 
(-0.87, 1.25) 

Land 0.01 
(-0.03, 0.05) 

0.04 
(-0.06, 0.13) 

0.01 
(-0.12, 0.14) 

-0.04 
(-0.34, 0.26) 

Land2 0.05 
(0.02, 0.08) 

0.03 
(-0.03, 0.09) 

0.08 
(-0.12, 0.27) 

0.07 
(-0.14, 0.28) 

Cost of farm debt 0.63 
(0.09, 1.17) 

0.83 
(-0.25, 1.91) 

0.13 
(-0.35, 0.61) 

0.04 
(-1.38, 1.47) 

Financial immobility -0.29 
(-0.32, -0.25) 

-0.29 
(-0.50, -0.09) 

-0.25 
(-0.29, -0.20) 

-0.37 
(-0.51, -0.23) 

Ln(Land price) 0.03 
(0.02, 0.04) 

0.03 
(0.01, 0.05) 

0.01 
(-0.01, 0.03) 

0.06 
(0.03, 0.09) 

Observations 2,544 1,209 999 336 
R2 0.21 0.27 0.16 0.22 
Adjusted R2 0.20 0.26 0.15 0.17 
F Statistic 660.76 451.31 170.59 105.28 

Note: variables are taken with 5-year rolling; 95% confidence intervals based on Driscoll and Kraay robust 
standard errors are reported in parentheses. 

Source: author’s calculations based on FADN data for Estonia 
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Table 4. Regression results for determinants of farm income variability:  
dependent variable is relative MAD, Within Instrumental Variables Estimator (w2sls) 

 
Whole sample  Livestock  Crop Mixed 

Subsidies 0.05 
(0.03, 0.07) 

0.05 
(0.02, 0.07) 

0.02 
(-0.11, 0.15) 

0.17 
(0.06, 0.27) 

Profitability -0.53 
(-0.63, -0.42) 

-0.68 
(-0.94, -0.42) 

-0.45 
(-0.56, -0.34) 

-0.40 
(-0.83, 0.03) 

Age -0.0004 
(-0.001, 0.0003) 

0.001 
(-0.0003, 0.002) 

-0.001 
(-0.001, -0.0003) 

-0.003 
(-0.005, -0.001) 

Farm size -0.01 
(-0.02, -0.004) 

-0.01 
(-0.02, -0.003) 

-0.02 
(-0.03, -0.004) 

0.003 
(-0.001, 0.01) 

HHI 0.79 
(0.56, 1.02) 

0.73 
(0.59, 0.87) 

1.21 
(-0.07, 2.49) 

0.04 
(-1.28, 1.36) 

HHI2 -0.51 
(-0.67, -0.35) 

-0.48 
(-0.56, -0.41) 

-0.78 
(-1.53, -0.04) 

0.02 
(-1.00, 1.04) 

Land -0.003 
(-0.04, 0.03) 

0.05 
(-0.02, 0.12) 

-0.004 
(-0.18, 0.17) 

-0.03 
(-0.26, 0.20) 

Land2 0.05 
(0.02, 0.07) 

-0.002 
(-0.05, 0.05) 

0.07 
(-0.14, 0.29) 

0.03 
(-0.09, 0.15) 

Cost of farm debt 0.45 
(0.002, 0.91) 

1.00 
(0.44, 1.57) 

-0.05 
(-0.35, 0.24) 

0.41 
(-0.49, 1.31) 

Financial immobility -0.23 
(-0.25, -0.20) 

-0.26 
(-0.38, -0.14) 

-0.16 
(-0.22, -0.10) 

-0.40 
(-0.68, -0.11) 

Ln(Land price) 0.02 
(0.01, 0.03) 

0.02 
(0.01, 0.04) 

0.001 
(-0.01, 0.02) 

0.06 
(0.04, 0.09) 

Observations 2,548 1,232 925 391 
R2 0.21 0.24 0.13 0.20 
Adjusted R2 0.20 0.22 0.11 0.16 
F Statistic 620.37 408.52 127.14 131.57 

Note: variables are taken with 5-year rolling; 95% confidence intervals based on Driscoll and Kraay robust 
standard errors are reported in parentheses. 

Source: author’s calculations based on FADN data for Estonia 
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Table 5. Regression results for determinants of farm income variability:  
dependent variable is natural logarithm of MAD, Within Instrumental Variables Estimator (w2sls) 

 Whole sample  Livestock  Crop Mixed 
Subsidies 0.38 

(0.29, 0.47) 
0.13 
(-0.26, 0.52) 

1.05 
(0.72, 1.39) 

-0.32 
(-0.57, -0.08) 

Profitability 0.54 
(0.15, 0.92) 

-0.51 
(-0.82, -0.19) 

1.30 
(0.51, 2.10) 

-0.09 
(-0.85, 0.68) 

Age -0.01 
(-0.01, -0.005) 

-0.01 
(-0.01, -0.004) 

-0.005 
(-0.01, -0.002) 

-0.01 
(-0.01, -0.003) 

Farm size 0.56 
(0.54, 0.57) 

0.54 
(0.48, 0.60) 

0.60 
(0.59, 0.61) 

0.53 
(0.50, 0.55) 

HHI 2.65 
(1.62, 3.67) 

1.53 
(0.77, 2.29) 

1.86 
(-1.36, 5.08) 

2.73 
(-1.06, 6.53) 

HHI2 -1.76 
(-2.54, -0.99) 

-1.32 
(-1.94, -0.71) 

-1.28 
(-3.13, 0.58) 

-2.15 
(-5.12, 0.82) 

Land 0.18 
(0.04, 0.32) 

-0.42 
(-0.63, -0.20) 

0.75 
(0.13, 1.37) 

-0.78 
(-1.58, 0.03) 

Land2 -0.13 
(-0.33, 0.08) 

0.49 
(0.14, 0.85) 

-0.42 
(-1.00, 0.17) 

0.31 
(-0.21, 0.83) 

Cost of farm debt 3.56 
(2.09, 5.02) 

1.35 
(0.40, 2.30) 

0.64 
(0.15, 1.13) 

0.82 
(-1.39, 3.03) 

Financial immobility -0.58 
(-0.82, -0.35) 

0.21 
(-0.50, 0.92) 

-0.86 
(-1.39, -0.34) 

-0.30 
(-0.84, 0.24) 

Ln(Land price) 0.25 
(0.21, 0.30) 

0.14 
(0.07, 0.20) 

0.30 
(0.22, 0.37) 

0.21 
(0.08, 0.34) 

Observations 2,548 1,209 1,003 336 
R2 0.77 0.86 0.61 0.86 
Adjusted R2 0.77 0.86 0.60 0.86 
F Statistic 8,531.22 7,272.27 1,744.26 1,997.84 

Note: variables are taken with 5-year rolling; 95% confidence intervals based on Driscoll and Kraay robust 
standard errors are reported in parentheses. 

Source: author’s calculations based on FADN data for Estonia 
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Figure 6. Coefficients plots for model results using coefficient of variation of gross farm  
income as dependent variable for whole, livestock, crop and mixed farms:  

Within Instrumental Variables Estimator (w2sls) 

Source: author’s calculations based on FADN data for Estonia 

 

 

Figure 7. Coefficients plots for model results using relative MAD as dependent variable for 
whole, livestock, crop and mixed farms: Within Instrumental Variables Estimator (w2sls) 

Source: author’s calculations based on FADN data for Estonia 
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Figure 8. Coefficients plots for model results using natural logarithm of MAD as dependent  
variable for whole, livestock, crop and mixed farms: Within Instrumental Variables Estimator 

(w2sls) 

Source: author’s calculations based on FADN data for Estonia 

5 Discussion 

5.1 Farm Income (Subsidies and Profitability) 

Our results show that higher share of subsidies in gross farm income is associated with higher 
variability of gross farm income. This result could be interpreted in two ways. As suggested by 
Poon, Weersink (2011) and Koundouri et al. (2009), farm subsidies might lead farmers to more 
risky behaviour. On the other hand, these results may also indicate that in Estonia, from 2006-
2019 farm payments were correlated with market income. In the period 2006-2019, the corre-
lation between output of agricultural industry and farm subsidies was 0.84. From Figure 9 it 
appears that in 2009, and from 2014-2016, subsidies were smaller than in the preceding year. 
If the share of subsidies in gross farm income is high, any decrease or increase in subsidies 
will result in a larger change in gross farm income compared to a scenario where the share of 
subsidies is smaller. 
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Figure 9. Output of agricultural industry and farm subsidies in Estonia (2006-2019) 

Source: Statistics Estonia 

In contrast to our findings for other types of farms, most previous research indicates that agri-
cultural subsidies stabilize farm income and associate with reduce income volatility (El Benni 
et al., 2012; Enjolras et al., 2014; Castañeda-Vera, Garrido, 2017). This suggests that subsi-
dies are linked to increased use of variable inputs, improved agricultural performance, and 
higher income among farming households. In other words, how subsidies are allocated, the 
price of global inputs, and stakeholder targeting all have significant consequences for the ex-
pected outcomes.  

We have ambiguous results for profitability, depending on how FI variability was measured. In 
cases of CV and relative MAD our results indicate that past profitability levels are negatively 
associated with farm income variability across all farm types. This finding aligns with the work 
of Slijper et al. (2022) that profitability is positively associated with robustness (related to sta-
bility) of Swedish farms. However, our results contrast with other findings from Slijper et al. 
(2022), where they report that profitability is negatively associated with robustness for farms in 
Southern, Eastern, and Western Europe.  

5.2 Farm Characteristics (Age of Farm Operator, Farm Size, Concentration 
of Activities) 

As farmer age their income becomes more stable if farmer has not gone out of farm business 
for all the years of the farm’s existence. The results in this point are consistent with findings of 
other researchers. E.g., Fertő, Stalgienė (2016) found this for Lithuanian farms, El Benni, Fin-
ger (2013) for Swiss farms, Trestini et al. (2017) for Italian farms. Their results point out that 
older farmers are more risk averse than younger ones. This may be related to the fact that 
farm business often exhibits life cycle pattern that parallels the life cycle of the farm operator 
(de Mey et al., 2014); according to the life cycle approach, farmers prefer to pay off their debts 
as they become older. 

There are mixed results for different measures of farm income variability and its relationship 
with farm size. For absolute MAD of income there is positive association whereas for relative 
MAD and CV the association is negative (except for mixed farms). Larger farms are more 
stable, coping with price fluctuations due to diversified sources of income. Our findings in this 
point are consistent with those of El Benni et al. (2012) about Swiss, Trestini et al. (2017) about 
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Italian farms. They found that farm size has a negative association with the gross farm income 
instability.  

It can be concluded that concentration of farm activities is positively associated with a gross 
farm income volatility. Here our result is consistent with the results for Slovenian farms (Bojnec, 
Fertő, 2018), but inconsistent with El Benni et al. (2012), Harkness et al. (2021) who found the 
greater diversity of agricultural activities associates with increasing of income variability in 
Swiss agriculture and in England and Wales respectively.  

Results indicate the share of owned land is positively associated with FI variability in long term. 
A lower share of owned land is generally associated with higher rates of return and business 
growth (Liu et al., 2018).  

5.3 Financial Structure and Assets (Cost of Farm Debt, Financial  
Immobility and Land Price) 

Cost of farm debt, measured by the interest paid over total outstanding farm debt, is positively 
associated with farm gross income variability. It should be noted that the cost of borrowing has 
been relatively low during the period considered.  

The financial immobility has negative association with farm income variability. This may indi-
cate that farms with a smaller share of fixed assets and greater share of current assets may 
use variable inputs more intensively; this way they take larger risks by larger cost investment 
and have a potential for higher outputs, but also more volatile gross farm income. However, 
our finding here is not consistent with El Benni et al. (2012), who found the financial immobility 
was not associated with changes in farmers' incomes in Swiss agriculture.  

The price of land is positively associated with the instability gross farm income in Estonia. 
According to our knowledge, this is the first result obtained for its association with farm income 
variability. 

This study, like many other studies, has some limitations: (i) due to the lack of such data, the 
analysis disregards off-farm income that has been found to reduce the variability of the overall 
income of farm households (e.g., Mishra, Sandretto, 2002); (ii) due to lack of the respective 
panel data in this study did not consider the farm income variability dependencies on 
weather/climate that impact agricultural production; (iii) the limited causal interpretability be-
tween variables used.  

6 Conclusions 

Our study provides new insights into the associations between agricultural subsidies, farm 
characteristics, and the stability of farm income. The novelty and contribution of this paper lie 
in its analysis of the determinants of farm income variability across the three main farm types 
in Estonia. The analysis was conducted using the Winsorization technique, fixed-effects (FE) 
models, and an instrumental variable (IV) approach (w2sls) applied to the FE models. 

The results show that a higher proportion of fixed assets relative to total assets is associated 
with decreased income variability. This finding supports the inclusion of investment subsidies 
in rural development policies, as farm-specific funding can create opportunities for investment 
while also alleviating budget constraints for indebted farms. Additionally, increasing the diver-
sity of agricultural activities is positively associated with the stability of gross farm income. 
Conversely, a higher share of agricultural subsidies in gross farm income is positively associ-
ated with increased income volatility. This can be explained by the heterogeneity of farms in 
terms of income volatility over time and the use of production-specific environmental technol-
ogies. In further analyses, practices including agri-environment payments that may lead to 
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sustainable incomes should consider this farm heterogeneity more extensively when informing 
policy decisions. 

Based on these results, several policy implications can be drawn. First, providing farmers with 
income variability management tools, such as crop insurance, can help mitigate the impacts 
of plant or livestock diseases and other risks on their income. Factors such as the farm’s asset 
liquidity, degree of specialization, farmer's age, and profitability should also be considered in 
potential revenue insurance contracts. Second, improving access to credit and financial ser-
vices can enable farmers to better manage their finances and invest in their operations, thereby 
reducing their vulnerability to income variability. Third, encouraging farmers to diversify their 
income sources can help reduce their dependence on a single agricultural activity and lower 
their exposure to income fluctuations. 

Analysing farm income variability is crucial for developing effective farm income insurance in-
struments; therefore, our empirical assessments are important for advising farmers, policy-
makers, and other stakeholders on strategies to reduce income variability. 

Future research could incorporate additional explanatory factors to distinguish between market 
and weather/climate dependencies affecting farm income volatility, as well as include other 
farm and household characteristics as control variables. While the results of our study are 
specific to Estonia, applying this approach in other EU countries could provide valuable com-
parative insights. 

Acknowledgements 

The authors are grateful for providing FADN data to Mrs. Marju Aamisepp from the Centre of 
Estonian Rural Research and Knowledge. The authors acknowledge the helpful and construc-
tive comments of editor, Prof. Dr. Silke Hüttel and two anonymous reviewers. Final editing of 
the paper was supported by the Centre of Excellence for Sustainable Land Use „Fu-
tureScapes“ (Project No. TK232 U8). 

References 
Aleksandrova, O., Zhmykhova, T., Viira A.-H. (2022): The role of subsidies in stabilising farm 

income: Evidence from Estonia. Agricultural and Food Science 31 (1): 24-36. 
https://doi.org/10.23986/afsci.112241. 

Aleksandrova, O., Fertő I., Viira, A.-H. (2023): Investments, subsidies and financial constraints 
in Estonian agriculture. Agricultural Finance Review 83 (4/5): 597-616. 
https://doi.org/10.1108/AFR-10-2022-0132. 

Amrhein, V., Greenland, S. (2022): Discuss practical importance of results based on interval 
estimates and p-value functions, not only on point estimates and null p-values. Journal of 
Information Technology 37 (3): 316-320. https://doi.org/10.1177/02683962221105904.  

Biagini, L., Federico, A., Severini, S. (2020): The Role of the Common Agricultural Policy in 
Enhancing Farm Income: A Dynamic Panel Analysis Accounting for Farm Size in Italy. Jour-
nal of Agricultural Economics 71 (3): 652-675. https://doi.org/10.1111/1477-9552.12383. 

Bojnec Š., Fertő, I. (2018): Assessing and understanding the drivers of farm income risk: Evi-
dence from Slovenia. New Medit 17 (3): 23-35. https://doi.org/10.30682/nm1803c. 

Bozzola, M., Finger, R. (2021): Stability of risk attitude, agricultural policies and production 
shocks: evidence from Italy. European Review of Agricultural Economics 48 (3): 477-501. 
https://doi.org/10.1093/erae/jbaa021. 

Breusch, T.S. (1978): Testing for Autocorrelation in Dynamic Linear Models. Australian Eco-
nomic Papers 17 (31): 334-355. https://doi.org/10.1111/j.1467-8454.1978.tb00635.x. 

20

https://doi.org/10.23986/afsci.112241
https://doi.org/10.1108/AFR-10-2022-0132
https://doi.org/10.1177/02683962221105904
https://doi.org/10.1111/1477-9552.12383
https://doi.org/10.30682/nm1803c
https://doi.org/10.1093/erae/jbaa021
https://doi.org/10.1111/j.1467-8454.1978.tb00635.x


Aleksandrova et al. | Ger J Agr Econ 73 (2024), No. 3 

 

Castañeda-Vera, A., Garrido, A. (2017): Evaluation of risk management tools for stabilising 
farm income under CAP 2014-2020. Economía Agraria y Recursos Naturales 17 (1): 03-23. 
https://doi.org/10.7201/earn.2017.01.01. 

Croissant, Y., Millo, G. (2019): Panel data econometrics with R. First edition. John Wiley & 
Sons, Hoboken, NJ. https://cdn.oujdalibrary.com/books/73/73-panel-data-econometrics-
with-r-(www.tawcer.com).pdf. 

Dabkienė, V. (2020): Off-farm role in stabilizing disposable farm income: A Lithuanian case 
study. Agricultural Economics – Czech 66 (7): 325-334. https://doi.org/10.17221/69/2020-
AGRICECON. 

de Mey Y., Van Winsen, F., Wauters, E., Vancauteren, M., Lauwers, L., van Passel, S. (2014): 
Farm-level evidence on risk balancing behavior in the EU-15. Agricultural Finance Review 
74 (1): 17-37. https://doi.org/10.1108/AFR-11-2012-0066. 

de Mey Y., Wauters, E., Schmid, D., Lips, M., Vancauteren, M., van Passel, S. (2016): Farm 
household risk balancing empirical evidence from Switzerland. European Review of Agri-
cultural Economics 43 (4): 637-662. https://doi.org/10.1093/erae/jbv030. 

Driscoll, J.C., Kraay, A.C. (1998): Consistent covariance matrix estimation with spatially de-
pendent panel data. Review of economics and statistics 80 (4): 549-560. 
https://doi.org/10.1162/003465398557825. 

EC (2015): Commission implementing regulation (EU) 2015/220 of 3 February 2015 laying 
down rules for the application of Council Regulation (EC) No 1217/2009 setting up a net-
work for the collection of accountancy data on the incomes and business operation of agri-
cultural holdings in the European Union. https://www.legislation.gov.uk/eur/2015/220/2019-
10-31. 

El Benni, N., Finger, R., Mann, S. (2012): Effects of agricultural policy reforms and farm char-
acteristics on income risk in Swiss agriculture. Agricultural Finance Review 72 (3): 301-324. 

https://doi.org/10.1108/00021461211277204. 
El Benni, N., Finger, R. (2013): Gross revenue risk in Swiss dairy farming. Journal of Dairy 

Science 96 (2): 936-948. https://doi.org/10.3168/jds.2012-5695. 
Finger, R., El Benni, N. (2014): A note on the effects of the Income Stabilisation Tool on income 

inequality in agriculture. Journal of Agricultural Economics 65 (3): 739-745. 
http://dx.doi.org/10.3168/jds.2012-5695. 

Enjolras G., Capitanio F., Aubert M., Adinolfi, F. (2014): Direct payments, crop insurance and 
the volatility of farm income: some evidence in France and in Italy. New Medit 13 (1): 31-
40. https://doi.org/10.22004/ag.econ.122478. 

FADN FARM RETURN (2020): https://metk.agri.ee/sites/default/files/documents/2023-
01/2021-FADN-majandusnaitajad-2020-aasta-kohta-MMAO-eraamat_21-12-03.pdf. 

Fertő I., Stalgienė, A. (2016): Effects of agricultural subsidies on income risk in Lithuanian dairy 
farms. Management Theory and Studies for Rural Business and Infrastructure Development 
38 (4): 351-358. https://doi.org/10.15544/mts.2016.27  

Finger, R., El Benni, N. (2021): Farm income in European agriculture: new perspectives on 
measurement and implications for policy evaluation. European Review of Agricultural Eco-
nomics 48 (2): 253-265. https://doi.org/10.1093/erae/jbab011. 

Harkness, C., Areal, F.J., Semenov, M.A., Senapati, N., Shield, I. F., Bishop, J. (2021): Stability 
of farm income: The role of agricultural diversity and agri-environment scheme payments. 
Agricultural Systems 187: 103009. https://doi.org/10.1016/j.agsy.2020.103009. 

Heckelei Th., Hüttel, S., Odening M., Rommel, J. (2023): The p-Value Debate and Statistical 
(Mal)practice – Implications for the Agricultural and Food Economics Community. German 
Journal of Agricultural Economics 72 (1): 47-67. https://doi.org/10.30430/gjae.2023.0231. 

Hill, B., Bradley, B.D. (2015): Comparison of Farmer's Incomes in the EU Member States - 
Study for the European Parliament. European Parliament Directorate-General for Internal 
Policies, Policy Department B: Structural and Cohesion Policies Agriculture and Rural De-
velopment. European Union, Brussels. http://www.europarl.europa.eu/studies. 

21

https://doi.org/10.7201/earn.2017.01.01
https://cdn.oujdalibrary.com/books/73/73-panel-data-econometrics-with-r-(www.tawcer.com).pdf
https://cdn.oujdalibrary.com/books/73/73-panel-data-econometrics-with-r-(www.tawcer.com).pdf
https://doi.org/10.17221/69/2020-AGRICECON
https://doi.org/10.17221/69/2020-AGRICECON
https://doi.org/10.1108/AFR-11-2012-0066
https://doi.org/10.1093/erae/jbv030
https://doi.org/10.1162/003465398557825
https://www.legislation.gov.uk/eur/2015/220/2019-10-31
https://www.legislation.gov.uk/eur/2015/220/2019-10-31
https://doi.org/10.1108/00021461211277204
https://doi.org/10.3168/jds.2012-5695
http://dx.doi.org/10.3168/jds.2012-5695
https://doi.org/10.22004/ag.econ.122478
https://metk.agri.ee/sites/default/files/documents/2023-01/2021-FADN-majandusnaitajad-2020-aasta-kohta-MMAO-eraamat_21-12-03.pdf
https://metk.agri.ee/sites/default/files/documents/2023-01/2021-FADN-majandusnaitajad-2020-aasta-kohta-MMAO-eraamat_21-12-03.pdf
https://doi.org/10.15544/mts.2016.27
https://doi.org/10.1093/erae/jbab011
https://doi.org/10.1016/j.agsy.2020.103009
https://doi.org/10.30430/gjae.2023.0231
http://www.europarl.europa.eu/studies


Aleksandrova et al. | Ger J Agr Econ 73 (2024), No. 3 

 

Hlavac, M. (2022): Stargazer: Well-Formatted Regression and Summary Statistics Tables. R 
package version 5.2.3. https://CRAN.R-project.org/package=stargazer.  

Kata, R., Wosiek, M. (2020): Inequality of Income in Agricultural Holdings in Poland in the 
Context of Sustainable Agricultural Development. Sustainability 12 (12): 4963. 
https://doi.org/10.3390/su12124963. 

Koundouri, P., Laukkanen, M., Myyrä, S., Nauges, C. (2009): The effects of EU agricultural 
policy changes on farmers' risk attitudes. European Review of Agricultural Economics 36 
(1): 53-77. https://doi.org/10.1093/erae/jbp003. 

Liu, Y., Li, J., Yang, Y. (2018): Strategic adjustment of land use policy under the economic 
transformation. Land Use Policy 74: 5-14. https://doi.org/10.1016/j.landusepol.2017.07.005. 

Looga, J., Jürgenson, E., Sikk, K., Matveev, E., Maasikamäe, S. (2018): Land fragmentation 
and other determinants of agricultural farm productivity: The case of Estonia. Land use pol-
icy 79: 285-292. https://doi.org/10.1016/j.landusepol.2018.08.021. 

Ma, W., Renwick, A., Zhou, X. (2020): Short communication: The relationship between farm 
debt and dairy productivity and profitability in New Zealand. Journal of Dairy Science 103 
(9): 8251-8256. https://doi.org/10.3168/jds.2019-17506. 

Mishra, A.K., Sandretto, C.L. (2002): Stability of farm income and the role of nonfarm income. 
Review of Agricultural Economics 24 (1): 208-221. https://www.jstor.org/stable/1349829. 

Nitta, A., Yamamoto, Y., Severini, S., Kondo, K., Sawauchi, D. (2022): Effects of direct pay-
ments on rice income variability in Japan. Australian Journal of Agricultural and Resource 
Economics 66 (1): 118-135. https://doi.org/10.1111/1467-8489.12445. 

OECD (2018): Innovation, Agricultural Productivity and Sustainability in Estonia. 
https://doi.org/10.1787/9789264288744-en. 

OECD (2019): Agricultural Policy Monitoring and Evaluation 2019. 
https://doi.org/10.1787/d974f297-en. 

Poon, K., Weersink, A. (2011): Factors affecting variability in farm and off‐farm income. Agri-
cultural Finance Review 71 (3): 379-397. https://doi.org/10.1108/00021461111177639. 

Šapolaitė, V., Veveris, A., Volkov, A., Namiotko, V. (2019): Dynamics in the agricultural sectors 
of the Baltic States: the effects of the common agricultural policy and challenges for the 
future. Montenegrin journal of economics 15 (4): 205-217. 
https://ideas.repec.org/a/mje/mjejnl/v15y2019i4211-223.html. 

Serra, T., Goodwin, B.K., Featherstone, A.M.(2004): Determinants of investments in non‐farm 
assets by farm households. Agricultural Finance Review 64 (1): 17-32. 
https://doi.org/10.1108/00215100480001151. 

Severini, S., Tantari A., Di Tommaso, G. (2016): Do CAP direct payments stabilise farm in-
come? Empirical evidences from a constant sample of Italian farms. Agricultural and Food 
Economics 4 (6). https://doi.org/10.1186/s40100-016-0050-0. 

Severini, S., Tantari, A., Di Tommaso, G. (2017): Effect of agricultural policy on income and 
revenue risks in Italian farms: Implications for the use of risk management policies. Agricul-
tural Finance Review 77 (2): 295-311. https://doi.org/10.1108/AFR-07-2016-0067. 

Severini, S., Di Tommaso, G., Finger, R. (2019): Effects of the Income Stabilization Tool on 
farm income level, variability and concentration in Italian agriculture. Agricultural and Food 
Economics 7 (23). https://doi.org/10.1186/s40100-019-0141-9.  

Slijper T., de Mey, Y., Poortvliet P.M., Meuwissen M.P.M. (2022): Quantifying the resilience of 
European farms using FADN. European Review of Agricultural Economics 49 (1): 121-150. 
https://doi.org/10.1093/erae/jbab042. 

Statistics Estonia (2021): Statistics Estonia. http://www.stat.ee/. 
Trestini, S., Pomarici, E., Giampietri, E. (2017): Around the economic sustainability of Italian 

viticulture: do farm strategies tackle income risks? Quality – Access to Success 18 (2): 461-
467. https://www.proquest.com/docview/2095687709?sourcetype=Scholarly%20Journals. 

22

https://cran.r-project.org/package=stargazer
https://doi.org/10.3390/su12124963
https://doi.org/10.1093/erae/jbp003
https://doi.org/10.1016/j.landusepol.2017.07.005
https://doi.org/10.1016/j.landusepol.2018.08.021
https://doi.org/10.3168/jds.2019-17506
https://www.jstor.org/stable/1349829
https://doi.org/10.1111/1467-8489.12445
https://doi.org/10.1787/9789264288744-en
https://doi.org/10.1787/d974f297-en
https://doi.org/10.1108/00021461111177639
https://ideas.repec.org/a/mje/mjejnl/v15y2019i4211-223.html
https://www.emerald.com/insight/search?q=Teresa%20Serra
https://www.emerald.com/insight/search?q=Barry%20K.%20Goodwin
https://www.emerald.com/insight/search?q=Allen%20M.%20Featherstone
https://www.emerald.com/insight/publication/issn/0002-1466
https://doi.org/10.1108/00215100480001151
https://doi.org/10.1186/s40100-016-0050-0
https://www.emerald.com/insight/search?q=Simone%20Severini
https://www.emerald.com/insight/search?q=Antonella%20Tantari
https://www.emerald.com/insight/search?q=Giuliano%20Di%20Tommaso
https://www.emerald.com/insight/publication/issn/0002-1466
https://www.emerald.com/insight/publication/issn/0002-1466
https://doi.org/10.1108/AFR-07-2016-0067
https://doi.org/10.1186/s40100-019-0141-9
https://doi.org/10.1093/erae/jbab042
http://www.stat.ee/
https://www.proquest.com/docview/2095687709?sourcetype=Scholarly%20Journals


Aleksandrova et al. | Ger J Agr Econ 73 (2024), No. 3 

 

Viira, A.-H., Põder, A., Värnik, R. (2009): 20 years of transition- institutional reforms and the 
adaptation of production in Estonian agriculture. Agrarwirtschaft 58 (7): 286-295. 
https://doi.org/10.52825/gjae.v58i7.1759. 

Viira, A.-H., Omel, R., Värnik, R., Luik, H., Maasing, B., Põldaru, R. (2015): Competitiveness 
of the Estonian dairy sector, 1994-2014. Agraarteadus 24 (2): 84-104. 
http://agrt.emu.ee/pdf/2015_2_viira.pdf. 

Wooldridge, J.M. (2009): Introductory Econometrics: A Modern Approach. Fourth Edition. Cen-
gage Learning, Boston. 

Wooldridge, J.M. (2010): Econometric Analysis of Cross–Section and Panel Data. 2nd ed. MIT 
Press, Cambridge, Massachusetts. 

Yuliyani, L., Kurnia, A., Indahwati (2017): Winsorization on Linear Mixed Model (Case Study: 
National Exam of Senior High School in West Java). AIP Conference Proceedings 1827, 
020020. https://doi.org/10.1063/1.4979436. 

Contact Author 

Dr. Olha Aleksandrova 
Estonian University of Life Sciences  
Institute of Agricultural and Environmental Sciences 
Fr. R. Kreutzwaldi, 1, 51006 Tartu, Estonia 
e-mail: olha.aleksandrova@emu.ee  

 

 

 

 

 

Appendix  

Table A1. Statistical results for the pooled model, the FE with time effects and the two-way FE 
model: Equation (1) estimates for different dependent variables 

Dependent 
variable 

 Pooled model  FE with time  
effects 

Two-way FE model 

CV RSS 73.51 72.80 30.02 
R2 adj. 0.22 0.22 -0.115 
F-statistic 66.80 64.11 18.80 

Ln(MAD) RSS 1.7246e+12 1.6893e+12 4.6691e+11 
R2 adj. 0.73 0.73 -0.19 
F-statistic 624.95 625.22 6.08 

Relative MAD RSS 53.62 53.16 22.54 
R2 adj. 0.21 0.20 -0.13 
F-statistic 62.45 59.78 16.41 

Note: RSS is the residual sum squares 
Source: author’s calculations based on FADN data for Estonia 
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Figure A1. Coefficients plots for model results using coefficient of variation of gross farm  
income as dependent variable for whole, livestock, crop and mixed farms 

Note: CV is a coefficient of variation from the rolling 3-year 
Source: author’s calculations based on FADN data for Estonia 

 

 

Figure A2. Coefficients plots for model results using relative MAD as dependent variable for 
whole, livestock, crop and mixed farms 

Note: Relative MAD is the ratio of absolute deviation from farm mean divided by rolling 3-year mean have been  
calculated as shown in the Table 2. 

Source: author’s calculations based on FADN data for Estonia 
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Figure A3. Coefficients plots for model results using natural logarithm of absolute MAD as  
dependent variable for whole, livestock, crop and mixed farms 

Note: absolute MAD is the absolute deviation from the rolling 3-year mean of individual farm have been calculated 
as shown in the Table 2. 

Source: author’s calculations based on FADN data for Estonia 

 

 

Figure A4. Coefficients plots for model results using coefficient of variation of gross farm  
income as dependent variable for whole, livestock, crop and mixed farms 

Note: CV is a coefficient of variation from the rolling 4-year. 
Source: author’s calculations based on FADN data for Estonia 
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Figure A5. Coefficients plots for model results using relative MAD as dependent variable for 
whole, livestock, crop and mixed farms 

Note: relative MAD is the ratio of absolute deviation from farm mean divided by rolling 4-year mean have been  
calculated as shown in the Table 2. 

Source: author’s calculations based on FADN data for Estonia 

 

 

Figure A6. Coefficients plots for model results using natural logarithm of absolute MAD as  
dependent variable for whole, livestock, crop and mixed farms 

Note: absolute MAD is the absolute deviation from the rolling 4-year mean of individual farm have been calculated 
as shown in the Table 2. 

Source: author’s calculations based on FADN data for Estonia 
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