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ABSTRACT: This study aimed to assess the possibilities of predicting the future 
development of farms and to identify indicators capable of predicting the success of a 
farm and its potential risks. This study uses data from Czech farms from 1997 to 2023, 
which includes financial statements and other production and economic data. Farms 
are divided into six categories based on a combination of the average four-year return 
on assets (ROA) and profitability stability. The forecast is carried out using the Random 
Forest (RF) methodology. The study confirmed the predictability of the future development 
of farms with an accuracy of 88 %. An essential result of the study is the necessity of 
using volatility indicators. Operational indicators significantly improve the reliability of the 
prediction. As regards year-on-year fluctuations in financial ratios, the use of their multi-year 
average is more appropriate. A recursive representative classification tree was developed 
and the number of variables needed to classify a company was reduced to five. For the 
correct classification of a company, the value and volatility of ROA, return on sales, and 
diversification of production focus are sufficient. 
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Introduction

From the point of view of estimating future 
development, agriculture is a specific, hard-to-
predict area. The sector is highly dependent on 
external factors, especially on highly volatile sales 
prices (Harwood et al., 1999; Meuwissen et al., 
2001) leading to sharp, significant year-on-year 
changes in the profitability of the sector (Špička 
et al., 2009; Díaz-Bonilla, 2016; Lee et al., 2016). 
Additional specifics of agricultural enterprises 
include biological character (Céu and Gaspar, 2022), 
dependence on climatic conditions (Fan et al., 2024), 
dependence on local weather fluctuations (Di Falco 
and Chavas, 2006), high volatility of yields (Špička 
et al., 2009), and high fixed costs (Sedláček, 2010). 
The inhomogeneity of production focus can also 
be a problem for forecasting. Under the conditions 
of Central Europe, with decreasing altitude, the 
share of plant production increases, and the crop 
structure changes (Lososová and Zdeněk, 2013). 
Each commodity has its price development, specific 
asset structure, and different asset utilization levels. 
The use of assets and achieved profitability are also 
influenced by other factors (company size, legal form 
of the business, etc. - more detailed in e.g., Bojnec 
and Fertő, 2020; 2021; 2024; Fertő et al., 2024). All 
these factors make the reliability of predicting the 
future development of farms problematic.

Existing prediction models can be divided into 
two categories. The first category of models predicts 
profitability, financial health, or bankruptcy (Purves 
et al., 2015; Rajin et al., 2016; Stojanović and Drinić, 
2017; Prusak, 2018), and the second focuses on 

risk estimation (Harwood et al., 1999; Coble et al., 
2000; Goodwin et al., 2000; Špička et al., 2009). Both 
approaches have their shortcomings and limitations.

This study aimed to create an innovative 
prediction model that combines existing approaches 
to predicting farm profitability and potential risks 
while respecting the industry’s uniqueness. The 
intention is to eliminate the influence of external 
factors as much as possible so that the model provides 
the best possible estimate of successful management.

The novelty of our approach lies in several 
changes compared to existing models. The research 
team defined threshold for successful business as 
maintaining an above-average ranking over the long 
term, and the selection of independent variables was 
also changed. As a result, the effects of the external 
environment were filtered out while maintaining the 
influence of management quality.

Materials and Methods

Theoretical Backgrounds

The economic development of farms has received 
extensive attention in the literature due to the 
specifics of agriculture. Recent studies focus on 
assessing the viability and sustainability of farms 
(Barnes et al., 2015; Latruffe et al., 2016; Špička et 
al., 2019; Coppola et al., 2020; Hlavsa et al., 2020; 
Ribašauskienė et al., 2024). Studies investigating 
factors influenced by farm size (e.g., Bojnec and 
Fertő, 2020; 2021; 2024) and assessing technical 
efficiency (e.g., Čechura et al., 2022; Fan et al., 2024; 
Eder, 2025) are common.

B
io

m
et

ry
, M

od
el

in
g 

an
d 

St
at

is
tic

s

Research article

financial, risk, and operational indicators

https://orcid.org/0000-0002-6122-6332
https://orcid.org/0000-0002-4081-6392
https://orcid.org/0000-0001-9610-1436
https://orcid.org/0000-0001-6945-6485
https://orcid.org/0000-0001-5492-1612


2

Kopta et al. Concept for predicting the future of farms

Sci. Agric. v.83, e20250054, 2026

Research on predictors of farm financial health 
has focused mainly on quantitative variables and 
financial ratios (Céu and Gaspar, 2022). Particularly 
well-known studies include Altman (1968; 1983) 
or Ohlson (1980). However, there is a lack of 
research on specific variables related to agricultural 
production structure, growth, and risks (Céu and 
Gaspar, 2022). The accuracy of prediction models 
decreases when applied to a different industry, 
period, or economic environment (Gavurova et al., 
2017; Karas et al., 2017). That is why models specific 
to individual countries or sectors are emerging 
(Purves et al., 2015; Rajin et al., 2016; Stojanović and 
Drinić, 2017; Prusak, 2018; Fiala et al., 2020). The 
research demonstrated low predictive ability caused 
by inappropriate boundaries of categories, as well 
as indicators, and their high volatility (Kopta, 2009; 
Srebro et al., 2021).

One of the most extensive international 
questionnaires was carried out within the Agri Bench-
mark Cash Crop Project. The farmers (regardless 
of the region) cited price volatility as the riskiest 
factor (Chibanda et al., 2020). Several studies dealt 
with price volatility, the shape of its distribution 
(Harwood et al., 1999; Goodwin et al., 2000; Špička 
et al., 2009; Goodwin et al., 2018), and correlation 
between the price of commodities and their yield 
(Weisensel and Schoney, 1989; Coble et al., 2000). 
Proper risk analysis of yields does not provide clear 
results, and neither is the normality of distribution 
clear (Annan et al., 2013; Zhang, 2017). The frequent 
mistake made in studies on yields volatility is using 
spatially aggregated data instead of holdings data 
(Špička et al., 2009; Just and Weninger, 1999). 

Unexpected price volatility and changing 
environmental conditions can make it harder for 
farmers to decide what to cultivate. These decisions 
are crucial to securing their revenue (Lee et al., 
2016). There is a need to determine whether price 
variations respond to cyclical and shorter-term 
movements or result from a changing trend reflecting 
adjustments in long-term fundamentals that must be 
correctly understood (Díaz-Bonilla, 2016). 

External conditions affect the profitability 
of farms, but economic performance among farms 
operating under similar conditions may vary 
considerably. Financial results are usually attributed 
to differences in management (Rougoor et al., 1998). 
They note that management processes can only be 
checked to a certain extent, as stochastic elements, 
such as weather, pest and disease incidence, market 
fluctuations, soil and climatic conditions, and 
political interventions can all influence agriculture. 
The tendency of farms towards worse or better 
economic results draws attention to the growing 
influence of external factors, especially prices and 
climatic conditions (Střeleček et al., 2011; Lososová 
and Zdeněk, 2013). In general, external factors 

significantly influence the year-on-year comparison, 
and the impact of management quality can be 
observed in the inter-company comparison.

Data

This study used data from the long-term collected 
database of Czech farms from 1997 to 2017, which 
includes financial statements (balance sheet and 
profit/loss statement) and other production and 
economic data. The sample included 247 farms 
that had participated in the survey for at least eight 
consecutive years. The prediction was determined 
based on the first four years of monitoring, followed 
by a further four years to verify the accuracy of the 
model. The individual farm could be included in 
the sample repeatedly if the prediction periods did 
not overlap. A total of 714 cases were obtained, 600 
companies were used to create the model, and 114 
companies were used to test the model. The model 
was back-tested on 54 companies (2018-2023 data) to 
verify the stability of the model over time.

Hypotheses

The study is focused on the possibility of predicting 
the profitability of farms. During the research, 
compiling a sufficiently reliable model that would 
predict future value of profitability was impossible. 
The problem was in the year-on-year trend. In years 
when there was a year-on-year increase in profit in 
the entire sector, the model underestimated the actual 
profitability; in cases where there was a decrease in 
profit in agriculture, the model overestimated the 
values calculated.

Hypothesis H1: Due to the fluctuation of 
financial indicators, it is more appropriate to use their 
multi-year average as input indicators. This extension 
of the observation period is consistent with studies 
pointing out that classical statistical prediction models 
are subject to several problems related to using only 
a single observation (i.e., one annual account) for 
each firm in the estimation samples (Dirickx and Van 
Landeghem, 1994; Shumway, 2001).

Hypothesis H2: The inclusion of operational 
indicators increases the accuracy of the prediction. 
The predictive ability of non-financial indicators in 
combination with financial indicators was investigated 
by Liang et al. (2016), Jones et al. (2017), and Doumpos 
et al. (2017). Non-financial indicators are indicators of 
the company’s management method, macroeconomic 
factors, and other indicators specific to the industry and 
companies. Research uniformly confirms increased 
predictive power after using these indicators (Purves 
et al., 2015). 

Hypothesis H3: The inclusion of risk indicators 
is necessary for the prediction of companies at risk 
of profitability fluctuations. The suitability of such 
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an adjustment was pointed out, for example, by 
Dambolena and Khoury (1980), who used three- or 
four-year volatility for prediction. Four-year volatility 
was also used for prediction by Li and Rahgozar (2012).

Classification of farms

The classification of farms incorporated the following 
assumptions. An average return on assets (ROA) for 
four consecutive years was established following the 
basic success rate criterion of each farm monitored. 
Given the high year-on-year variability in profit/
loss and its considerable dependence on external 
conditions, overall success was measured in relative 
terms, i.e., by the farm’s rank: 25 % of farms with 
the highest profitability were considered successful, 
and 25 % of the farms with the lowest profitability 
were considered unsuccessful. The remaining farms 
were classified as average. The stability of their 
profitability was regarded as a second criterion 
of their success rate, i.e., farms were considered 
problematic if their ranking dropped by 50 % or more 
in at least one of the years monitored in comparison 
with their usual position. The combination of these 
two risks led to the determination of the following 
six groups.

Group 1: Unprofitable farms (145 cases) include 
25 % of the farms with the lowest four-year average 
profitability, while profitability had to reach negative 
values. 

Group 2: Average farms with profit fluctuations (41 
cases) having average four-year profitability, but their 
ROA had dropped at least once, and the company was 
ranked among the quarter of the worst farms. 

Group 3: Average farms (243 cases) having average 
four-year profitability and no significant profitability 
drop during the reference period. 

Group 4: Above average farms (73 cases). The 
company was ranked among the 25 % with the 
highest four-year profitability but its relative ranking 
had dropped by at least 25 % at least once. 

Group 5: Above average farms with profit fluctuations 
(63 cases) had above-average four-year profitability, 
and the ROA had dropped by more than 50 % at least 
once, and the farms had been assessed as below-
average.

Group 6: Excellent farms (35 cases). This group was 
included additionally to describe the most successful 
farms. An excellent farm was among the 25 % of 
farms with the highest four-year profitability and 
25 % of the most profitable farms in each year of the 
four-year period.

Independent variables

The independent variables were divided into four 
groups. The first group (p) included financial ratios, 
specifically ROA (p1 = Net Profit / Assets), return on 
sales (p2 = Net Profit / Sales), return on fixed assets 
(p3 = Net Profit / Fixed assets), assets turnover 
ratio (p4 = Sales / Asset), fixed assets turnover ratio 
(p5 = Sales / Fixed Assets), current assets turnover 
ratio (p6 = Sales / Current Assets), debt ratio 
(p7 = Debt / Assets), debt to cash flow (p8 = Debt 
/ Operating Cash Flow), debt to sales (p9 = Debt / 
Sales), current ratio (p10 = Current assets / Short-
term liabilities), quick ratio (p11 = (Receivables + 
Financial assets) / Short-term liabilities), write-off 
ratio (p12 = Accumulated depreciation / Input price 
of property) and fixed assets to total assets (p13). 
The values of these indicators were calculated from 
the one year and as an average over a four-year 
period. Selected ratios show significant differences 
between at least two groups of farms (tested by the 
Kruskal-Wallis’s Analysis of Variance).

The second group (v) includes volatility 
indicators. It is obvious that if the success of 
businesses is defined by their riskiness, some risk 
indicators must be applied as the independent 
variables. The volatility was calculated as the 
standard deviation over a four-year period. 
Specifically, the following were selected: volatility 
of ROA (v1), volatility of return on sales (v2), 
volatility of return on fixed assets (v3), volatility of 
assets turnover ratio (v4), volatility of fixed assets 
turnover ratio (v5), volatility of current assets 
turnover ratio (v6).

In the third group (d), indicators measure the 
revenues and profit per hectare. The tests for these 
variables showed greater differences between the 
defined groups than for classic financial ratios. The 
indicators used were profit per hectare (d1), revenue 
per hectare (d2), debt per hectare (d3), assets per 
hectare (d4), labour productivity (d5). This group 
also includes altitude (d6), which fundamentally 
affects the way of farming.

The fourth group (k) of indicators can be 
designated as operating indicators and includes the 
yield on four dominant agricultural commodities. 
These are yields on wheat (k6), barley (k7), oilseed 
rape (k8), and milk yield (k9). To distinguish 
production intensity, the costs of the production base 
of these commodities were included. In particular, 
the costs per dairy cow (k1), and costs per hectare of 
land (k4) were thus calculated. Given the effect of 
inflation, individual years were converted to 1997 
constant prices through the agricultural producer 
price index (CSO, 2023). This group also includes 
the diversification of sales, which was measured 
by the share of the three dominant commodities in 
total sales (k5).
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Random Forest

The data matrix was randomly divided into two parts 
- a training part (included circa 84 % of cases) and 
a testing part. The Random Forest (RF) algorithm by 
Breiman (2001) was then applied to the training data 
matrix. This method was chosen on account of the 
character of the input data (no normality, correlation 
between independent variables, etc.). The stepwise 
model construction was evaluated based on error 
reduction. 

Random Forest algorithm is basically a tree 
algorithm combining several trees in a specific way. 
Through their combination, followed by voting, better 
predictive properties are achieved than in the case of 
using only one classification tree. RF had superior 
forecasting accuracy with commonly used classifiers 
in the classification of financial distress data (Tanaka 
et al., 2016; Shen et al., 2020). The principle of the 
method used can be described as follows: by using 
bagging, a new random selection D1 is created based 
on the data matrix D having n rows and p columns 
while 1/3 of the cases are not included in the D1. 
These excluded cases were used for the non-deviated 
estimate of misclassification - this is the out-of-
bag selection. The classification tree on the D1 was 
“grown”. However, during its growth, only q variables 
were used in each node split where q << p applied. 
The choice in the q set of variables used was random. 
As a rule, q was determined as approximately p  for 
the classification RF. Full-grown trees from individual 
D1, D2, …, Dm data files were not pruned. The 
final forecast was then obtained by “voting” of the 
individual classification trees thus obtained.

In this way, a set of voting trees was created. 
Subsequently, several different methods and 
techniques were used to identify the most important 
variables, i.e., such variables that contribute as much 
as possible to the correct classification of cases: 
distribution of the minimum depths of variables 
during which the node of a variable was split; a 
number of trees where the root of the classification 
tree was split by a given variable; the total number 
of nodes in which the trees are split by a given 
variable; change in average accuracy and impurity in 
nodes due to a given variable (as measured by the 
Gini coefficient). Through the selected variables, a 
“representative classification” tree was constructed 
using binary recursion.

Results

The accuracy of the classification model

The prediction error calculated in the training set is 
shown in Table 1. The overall prediction accuracy 
of model based on current financial data was only 
63 %. The incorrect classification is evident for 
unprofitable companies and companies at risk of 
negative profitability. If the one year’s financial data 
was replaced by a four-year average, the classification 
error dropped to 24.8 % (valid H1). The improvement 
was particularly evident in predicting companies at 
risk of negative profitability. Here, the error dropped 
from 34.5 to just 9 %. The ability to predict companies 
at risk of profitability fluctuations remained low (the 
error rate exceeds 73 and 84 %). Next, financial ratios 
were supplemented by operational indicators and 
the prediction improved for all groups (valid H2). 
The overall error rate dropped from 24.8 to 18 %. 
However, detecting companies at risk of volatility was 
still impossible. Group 2 had an error rate of 44 %, 
and group 5 even 66.7 %. By including volatility, the 
total error rate fell to 10.8 % (valid H3). The error rate 
of companies at risk of volatility fluctuations fell to 
12.7 %. The group of excellent companies became the 
least predictable group, with an error rate of 17.14 %.

Variables having the strongest effect

Distribution of the minimum depths for the first ten 
identified variables among the trees of the “grown” 
forest from the training data set is shown in Figure 1A. 
The average depth for each variable is indicated by a 
vertical line with a value designation. The x-axis values 
range from zero to the maximum number of trees 
grown where any variable was used for classification. 
The results reveal that the most important variables 
used in classification are represented by p1, p2, v2, 
p3, d2, v1, d4, k4, d3, v3 and k5.

The relationship between the three 
characteristics (average depth in which case the node 
of a given variable was used, the number of trees 
where the classification tree root is split by a given 
variable, and the total number of nodes where the 
trees are split by that variable) for each variable is 
shown in Figure 1B. The variables that achieved the 
best possible values for these three characteristics 
were then highlighted. These results corroborated 

Table 1 – Classification error on training sample in %.
Indicators used\Group 1 2 3 4 5 6 Total
Financial (one year) 34.5 73.2 6.2 50.7 84.1 100 36.7
Financial (four years) 8.97 65.9 6.2 15.1 96.8 62.9 24.8
Financial and operating 6.2 43.9 5.4 15.1 66.7 43.9 18.0
Financial, operating, and volatility 10.3 17.1 8.2 12.3 12.7 17.1 10.8

Number of trees = 500; number of variables tried at each split = 6; out-of-bag selection error rate estimate = 10.83 %.
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the results provided by the first method. Again, 
the following variables were identified as the most 
influential: p1, p2, v2, p3, d2, v1, d4, k4, v3.

The third way of evaluating the influence of 
individual variables is based on the decrease in average 
accuracy and impurity in nodes (measured by the Gini 
coefficient). The results are shown in Table 2, showing 
the first 20 variables. The influence of individual 
variables was similar to the previous findings. 

Classification tree by recursive splitting

For easier interpretation, the classification tree was 
then derived using the “identified variables” and 
recursive binary splitting. The resulting structure 
is apparent from Figure 2. The number of variables 
needed to classify a holding dropped to five. For a 
proper classification it is necessary to know the ROA, 
return on sales, volatility of ROA, and volatility of 
return on sales and the costs per hectare of land. 
The given tree shows that the average four-year 
profitability, as well as its volatility, is relatively 
steady and the situation in the predicted period can 
be estimated only from the values achieved in the 
period monitored.

Model testing

The next step in the analysis was to verify the model 
on the test data. The classification error was reduced 
by gradually incorporating the long-term average, 
operational, and variability indicators (Table 3). The 
lowest success rate was achieved by using current 
financial ratios. While the error rate was 36 % on 
the training set, it increased to 46 % on the test set. 
Replacing current financial data with their four-year 
average led to a decrease in the error rate in the test 
set to 34 %. Including operational indicators further 
reduced the error rate to 27 %. However, it was 
again confirmed that only companies threatened by 
negative profitability can be predicted. Companies 
threatened by profitability fluctuations are not 
detected. The final model (including financial ratios, 
operational, and volatility variables) achieved an 
error rate of 12.3 %. Companies threatened by 
profitability fluctuations can be predicted only with 
the inclusion of volatility. The reliability of the model 
was also tested over time (for the period 2018-2023). 
Unfortunately, there were only 54 businesses with 
available data. Of this amount, 44 were correctly 
classified. This represented a success rate of 81.48 %.

Table 2 – Decrease in accuracy and impurity in nodes (in %).
Variable p1 p2 p3 d2 d4 k5 p9 k4 i3 v1
Decrease of accuracy 37.7 33.5 26.1 22.0 18.9 18.1 13.8 13.1 8.0 22.0
Decrease of Gini 64.2 61.2 35.8 21.5 12.8 12.0 10.7 7.6 4.2 26.0
Variable p11 d1 d3 i5 v2 v11 k1 d5 d6 p5
Decrease of accuracy 8.5 11.8 19.8 9.9 40.6 4.9 6.5 9.0 7.8 6.9
Decrease of Gini 4.8 10.1 12.1 5.6 50.3 3.9 3.6 6.3 3.9 3.9
p1 = net profit / assets; p2 = net profit / sales; p3 = net profit / fixed assets; d2 = revenue per hectare; d4 = assets per hectare; k5 = share of the three 
dominant commodities in total sales; p9 = debt / sales; k4 = costs per hectare of land; i3 = average growth rate of return on fixed assets; v1 = volatility of p1; 
p11 = quick ratio; d1 = profit per hectare; d3 = debt per hectare; i5 = average growth rate of sales / fixed assets; v2 = volatility of p2; v11 = volatility of p11; 
k1 = costs per dairy cow; d5 = labour productivity; d6 = altitude; p5 = sales / fixed assets.

Figure 1 – A) The minimal depth for the first ten identified variables; B) The relationship between depth, the number of times the variable is 
selected as a root, and the number of nodes. p1 = net profit / assets; p2 = net profit / sales; p3 = net profit / fixed assets; p9 = debt / sales; 
v1 = volatility of p1; v2 = volatility of p2; v3 = volatility of p3; k4 = costs per hectare of land; d2 = revenue per hectare; d3 = debt per hectare; 
d4 = assets per hectare; NA = not available.
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Discussion

The study demonstrates that farm success is relatively 
stable over time, with many enterprises maintaining 
consistent long-term rankings while some experience 
significant profitability fluctuations. The research 
shows that these categories of enterprises can be 
identified, and their future development predicted. 
Using the RF algorithm, the classification accuracy in 
the test sample was approximately 88 %, consistent 
even during verification testing from 2018 to 2023, 
confirming the model’s reliability.

The model showed low accuracy in extreme 
categories, i.e., the most profitable and loss-
making enterprises. Unprofitable enterprises were 
defined by their database position and negative 
profitability. Predicting profits in absolute values 
remains questionable, as authors failed to create 
a model that would predict profit with sufficient 
accuracy. Literature also lacks consensus on profit 
predictability, e.g., Graham et al. (2005) found that 
80 % of managers believed volatility reduces profit 
predictability, while Dichev and Tang (2009) suggested 

that profits would be stable without economic shocks, 
and they confirmed the predictive power of past 
profit volatility against the persistence of current 
profit. These findings in British companies were 
confirmed by Frankel and Litov (2009). Our results 
align with these studies, highlighting the necessity 
of volatility indicators in the model. Without them, 
predicting categories affected by profit fluctuations is 
impossible. In the reduced model, volatility indicators 
constituted two of the five inputs, confirming the 
assumptions (Dambolena and Khoury, 1980; Li and 
Rahgozar, 2012) of their predictive usefulness.

The hypothesis that a multi-year average is 
better for determining farm success than the current 
year alone was confirmed. Using four-year average 
profitability provided the highest level of prediction 
accuracy. Shorter periods increased error rates for 
volatile companies, while more extended periods 
reduced accuracy for low-profitability and above-
average companies.

Operational indicators positively impacted 
model reliability. Purves et al. (2015) used these 
indicators to predict agricultural enterprise 
development. Our indicators focused on production 
intensity, natural conditions, and diversification. The 
most effective predictors were the share of main 
commodities, costs per hectare of land, and altitude. 
A narrow production focus increased profitability 
fluctuation risks, confirming findings by Guvele 
(2001), Di Falco and Perrings (2003), and Pellegrini 
and Tasciotti (2014).

Profitability was a decisive financial ratio. ROA, 
profitability of sales, and fixed assets significantly 
influenced classification. Similar results were noted 
by Klepac and Hampel (2017) and Fertő et al. (2024). 
Other financial ratios had lower predictive ability, 
with no predictive ability for activity ratios - Altman 
(2002) eliminated the total assets turnover ratio from 
his model, and Boďa and Úradníček (2019) noted lower 
predictive power for activity indicators due to high 
inter-company volatility. The dependence between the 
activity ratios and company’s production focus was 
demonstrated by Lososová and Zdeněk (2013).

Indebtedness and liquidity did not predict future 
development. The correlation between profitability 
and liquidity is often debated, with mixed results - 
Ehiedu (2014) hypothesises a positive correlation 
between ROA and liquidity; Saleem and Rehman 
(2011) note a low dependence on most profitability 
indicators. In agriculture, liquidity depends more on 
production focus (Střeleček et al., 2011). Most studies 
indicate a negative correlation between profitability 
and indebtedness (Gabrić, 2015; Maxim, 2021), 
Muscettola and Naccarato (2016) found correlation 
that was negative in successful sectors but positive in 
failed sectors. Due to historical factors, indebtedness 
depends on legal form in Czech agriculture (Aulová 
and Hlavsa, 2013).

Table 3 – Classification error in % according to the input variables 
(testing sample).

Group Financial ratios 
(one year)

Financial ratios 
(four years 
average)

Financial and 
operating 

ratios

Financial, 
operating ratios, 

and volatility

1 36.4 9.1 6.1 15.2
2 100 88.9 55.6 22.2
3 17.5 17.5 20.0 7.5
4 56.3 31.3 12.5 0
5 100 100 81.8 27.3
6 100 100 100 28.6
Total 46.5 34.2 27.2 12.3

Figure 2 – Tree graph. p1 = net profit / assets; v1 = volatility of p1; 
p2 = net profit / sales; v2 = volatility of p2; k4 = costs per hectare 
of land; n = number of observations; err = error rate.
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Using per-hectare indicators led to higher 
prediction reliability. Revenue per hectare, asset 
per hectare, and debt per hectare were effective 
predictors. This may be due to better consideration 
of production intensity or shortcomings in Czech 
national accounting. If the first reason were valid, 
then using per-hectare indicators to predict future 
development would have general validity. It would 
also be possible to recommend them for other models. 
The impact of accounting methods on financial 
statement explanatory power was discussed by 
Drábková (2018) and Sedláček (2010). Czech standards 
do not include leased or subsidised property in the 
balance sheet (Střeleček et al., 2010; Zdeněk et al., 
2024), which distorts financial statements. The higher 
predictive ability of per-hectare indicators might not 
apply to International Financial Reporting Standards-
accounting companies despite providing a more 
accurate financial view (Basu et al., 1998; Ashbaugh 
and Pincus, 2001; Beaver et al., 2012; Elad, 2004; 
Argilés-Bosch et al., 2012).

The idea that business success could be 
predicted from yield indicators was not confirmed. 
Above-average yields did not necessarily lead to higher 
profits, and farms with different intensities could 
achieve similar profitability. For example, a positive 
relationship between yield per hectare and profitability 
is assumed by Cornia (1985), but Hyblova and Skalicky 
(2018) found mixed results. The influence of company 
size was highlighted by Chrastinová (2008), and studies 
on crop production confirmed the ambiguous effect of 
production intensity on profitability (Krpalkova et al., 
2016; Gołaś, 2017).

The focus on Czech farms brings to light a possible 
limitation of the usability of some of the results. The 
model is entirely usable only for agricultural farms. 
The findings regarding the low predictive ability of 
activity, liquidity, and debt indicators are based on the 
specifics of farms in Central Europe and may not be 
generally valid. Similarly, the findings that the success 
and threats of farms are relatively stable factors, and 
their future development can be reliably predicted 
but can be applied only to Czech companies. On the 
other hand, other results can be generalized (with 
a certain amount of caution) and used for further 
research. The prediction of the relative success of 
a company (as given by the company’s rank) can 
be beneficial in industries with a strong influence 
from external factors (i.e., in a situation that does 
not allow for the prediction of absolute success). 
The advantage of this model is that it can predict the 
company’s future development so that the influence 
of external factors is eliminated, and the model best 
estimates the success of management - a significant 
finding in terms of the form of independent variables. 
Using a four-year average can lead to a significantly 
better prediction than its current value in certain 
industries. The results also showed the importance of 

using volatility to predict future development. Based 
on financial indicators without volatility, it was not 
possible to identify companies at risk of profitability 
fluctuations. This finding may also be important 
in other highly volatile industries. Using adjusted 
per-hectare ratios allows for better benchmarking, 
especially in countries where accounting systems 
could distort financial statements. It is critical for 
consultants and banks when comparing different 
business models. Governments can use this research 
to better target subsidies or support schemes - 
focusing on farms at risk due to volatility or structural 
disadvantages (e.g., undiversified production).
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