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Abstract
The paper submitted offers an assessment and comparison of three approaches to agricultural cost inputs 
short-term forecasting, that have been proposed as possible alternatives to tackle the problem. The data 
applied have been taken from the Czech Statistical Office and the Farm Accountancy Data Network data 
sources. The forecasts were prepared using time series analyses based on methods of exponential smoothing 
and Box-Jenkins methodology of autoregressive integrated process moving averages. The proposed change 
index numbers for the 2012, 2013 and 2014 years from three approaches were confronted with the real 
development of costs time series as it was found in the statistical FADN survey results. The main conclusion 
drawn pointed out that, for the purpose of economic income estimation based on the FADN database,  
the cost prediction approach based on the same database, i.e., on time series analysis of the FADN panel data, is  
the most applicable one. However, it is recommended, too, to use other approaches for crops protection 
products cost and labour cost development.
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Introduction
The business development in agriculture 
considers the economic, environmental and social 
sustainability, based on the fundamental functions 
of agriculture for life in the landscape and society. 
For assessment of the economic sustainability  
of agriculture usually the production outcomes 
are considered, incomes in the shape of subsidies  
and the cost inputs. Applying this set of information, 
the economy results can then be expressed using 
various indicators.

Among those most important belongs the multi-
factor productivity rate (the ratio of agricultural 
outputs to agricultural inputs), which is employed 
using various approaches for performance appraisal 
of agricultural holdings (Kostlivý et al., 2017) 
on the one side, and for agricultural policies 
assessment on the other side (Quiroga et al., 2017; 
Rizov et al., 2013). Another important measure 
of the final economy outcome is income, that can 
be expressed, e.g., using indicators of the type 
of Farm Net Value Added or Farm Net Income 
(European Commission – FADN EU, 2016) having 

been applied in many differently aimed analytical 
works (Špička, 2014; Deppermann et al., 2016).  
To support the management of agricultural holdings 
and the assessment of planned agricultural policies, 
a model has been formed based on the micro-
economic data from the FADN network in the Czech 
Republic, for estimation of the economic outcomes 
of agriculture, using the indicators mentioned above 
(Hloušková et al., 2014). The paper presented here 
is dealing with the partial problem of year-on-year 
change of selected cost items, with the intention  
to submit a recommendation for agricultural 
incomes estimation modeling in its complex.

Costs can be sorted according to various viewpoints. 
The present text is considering the approach to costs 
sorting that is applied in the FADN and displayed 
in the Figure 1. The total costs are subdivided into 
Specific costs, Farming overheads, External costs 
and Other costs. The external costs are applied 
in the Family Farm Income indicator evaluation, 
what corresponds to profit after wages, interest 
and renting costs subtraction, and investment 
subsidies addition, less the investment tax.  
The biggest portion of the total costs is represented 
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by intermediate consumption, set up of specific costs 
and farming overheads (European Commission  
– EU FADN, 2016). European Commission (2016) 
states that seeds, feed, energy and fertilizers belong 
among the intermediate consumption main costs; 
the long-term depreciation prediction (European 
Commission, 2016) is based on the production  
and inflation development function, and for costs  
projection the macro-economic data  
from the Economic Accounts for Agriculture are 
employed.

Source: own processing based on FADN methodology
Figure 1: Costs sorting scheme.
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As a target of the paper presented, a comparison 
of the three approaches to the short-term prediction 
of cost inputs into agriculture can be assumed, 
and selection of the most suitable method  
for the cost component given. Solutions of the year-
on-year prediction considered start from various 
data sources and different methods use. As data 
sources, the macro-economic data from the Czech 
Statistical Office (CZSO) and the micro-economic 
data from the Farm Accountancy Data Network  
in the Czech Republic (FADN CZ) have been 
applied. Among the cost items tested there are seed 
costs, fertilizers, crop protection, electricity costs, 
wages, and rent paid.

The shares of separate cost types on the total costs 
and the development of these between 2001 and 
2014 years is presented in Figure 2. During that 
period, a significant reduction could have been 
observed of the cost shares on feed, pesticides, wages  
and maintenance of machinery and buildings. 
On the other hand, the shares of cost items  
on depreciation, renting, energy, seeds  
and agricultural services have risen.  
The fertilizer costs share remains the same. These 
changes observed are related to the development 

of agriculture´s structure and of the market 
environment.

Source: own processing based on Economic Accounts  
for Agriculture (CZSO)

Figure 2: Shares of cost items on the total costs (%).
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Processing predictions in agriculture is complex 
in general, since the results are often affected  
by unforeseeable circumstances. In particular, it is 
the development of weather, infection situations  
in animal breeds, political instability (Allen, 1994) 
and unexpected changes in global development. 
These phenomena have an impact not only upon 
the agricultural production quality and quantity 
but upon the agricultural commodities market 
prices, too, the market situation, the consumer 
behaviour, and last but not least, upon the cost-
input prices. In recent years there have been large 
fluctuations in commodity prices, which pose  
a problem in developing strategies both for farmers 
and agribusiness entrepreneurs and for policy 
makers (Khalid et al., 2014). For example, seed 
costs and feed costs belong among the basic costs 
of production consumption that are closely related 
to the results of agricultural production.

The specifics of agriculture should be reflected 
not only in modeling but for all the kinds  
of analyses (Allen, 1994). Usually, data on crop  
yields, numbers of animals or agricultural 
prices have been predicted using the time series  
in agriculture (Allen, 1994; Labys, 2003; Ishaque 
and Ziblim, 2013; Hamjah, 2014). For forecasting 
purposes, the exponential smoothing methods 
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and the autoregressive integrated moving average 
(ARIMA) have been used in modeling most 
frequently. In case of cost prediction, it is advisable 
to consult research outside the field of agriculture, 
too. Many works have been dedicated to the crude 
oil prices projection, where E et al. (2017) have 
arrived with a combination of the variational mode 
decomposition methods, independent component 
analysis and ARIMA methods, whereby more 
precise forecasts have been reached.

In agriculture, medium-term and short-
term forecasts have been applied (European 
Commission, 2017) or, forward-looking forecasts 
(European Commission, 2016; OECD, 2017).  
The present paper offers forecasts of change index 
numbers for one year ahead, i.e., it is a short-
term forecast. Exponential smoothing methods 
and the Box-Jenkins autoregressive integrated 
processes methodology have been applied  
in the processing proper. The index numbers 
predicted have been compared with the actual time 
series development of the separate costs using 
the method of differences and totals, as it had 
been disclosed from the FADN statistical survey 
outcomes. This way, the most appropriate approach 
to the costs estimate has been found subsequently, 
and the resulting recommendation for the separate 
cost items forecast presented.

The main finding of the contribution is then  
the recommendation for use of the data 
source as well as the procedure for prediction 
processing of the cost component, which is a part  
of the comprehensive estimate of the income results 
of agricultural enterprises based on FADN CZ data.

Materials and methods
Three ways are accessible for prediction  
of the cost variables employed by the FADN method 
in the Czech Republic, in the business outcomes 
estimation.

Firstly, (i), it is possible to apply index numbers 
from the Czech Statistical Office output "Input 
agricultural price indices (corresponding period 
of previous year = 100)". A disadvantage  
of this approach, anyway, is in the late availability 
of the data – these are published quarterly  
with one-and-half month lag. It means,  
the information on index development during  
the estimated year could be available in the middle 
of February next year. The farm income prediction 
methodology has applied in the cost items 
estimation the "Input agricultural price indices" 
for the 3rd quarter of the year, which then was 
available at mid-November of the year estimated, 

from the Czech Statistical Office public database 
(Hloušková et al., 2014). Nevertheless, this index 
does not contain the cost prices development over 
the last three months of the year.

As a second approach (ii), the cost items time series 
panel data forecast from FADN database in the CR 
was identified. Results of this processing have been 
presented by Hloušková et al. (2015) in their final 
report. The process designed utilizes the population 
of panel data in time series since 2001. The basic 
advantage of panel data application is the reduction 
of impact of farm variation within the sample, upon 
results of the forecast. Among other advantages 
mentioned by Hsiao (2014) are, e.g., "more 
accurate predictions for individual outcomes", 
or, "providing micro-foundations for aggregate 
data analysis". Both the advantages of panel data 
mentioned have been utilized by the methodology 
described above in obtaining an accurate estimate 
of the representative FADN sample, generalized 
by weights and subsequently aggregated upon  
the level of the entire CR agriculture.

By the third way (iii), the prediction is utilized based 
on the time series of cost items in current prices 
from the Economic Accounts for Agriculture (EAA) 
published by CZSO. Prediction modeling based  
on the EAA data (CZSO, 2016b) has been performed 
within this paper. The time series available publicly 
contains data since 2001. STATISTICA CZ 12 
programme has been employed in the processing.

In the second (ii) and third (iii) approaches, five 
models for data prediction in short time horizon 
have been applied, i.e., one-year prediction has 
been performed based on annual time series:

1.	 ARIMA (1,1,0), time series stationarisation 
by means of the first difference, 
autoregression parameter 1, with Melard 
method of exact estimate;

2.	 ARIMA (1,1,0), without estimate  
of the constant, stationarisation by means  
of the first difference, autoregression 
parameter 1, with Melard method of exact 
estimate; 

3.	 Linear Holt exponential smoothing, without 
seasonal component, level smoothing 
parameter α = 0.1, trend smoothing parameter 
β = 0.1;

4.	 Smoothing of the time series by means  
of Fourier transformation, ARIMA (1,1,0), 
time series stationarisation by means  
of the first difference, autoregression 
parameter 1, with Melard method of exact 
estimate;
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5.	 Smoothing of the time series by means 
of Fourier transformation, linear Holt 
exponential smoothing, without seasonal 
component, level smoothing parameter  
α = 0.1, trend smoothing parameter β = 0.1.

Six cost items obtained from the resources 
given above have been processed in comparison  
of the indices change. These are: purchased seed 
and seedlings, purchased fertilizers, plant protection 
costs, electrical energy, personal costs and 
renting costs. In order to obtain the change index 
numbers, time series since 2001 have been applied  
in the ii and iii approaches. The results have been 
verified on actual data from the given periods  
by means of differences and totals. To obtain 
reliable conclusions, testing has been performed  
for three years predicted, 2012, 2013 and 2014. 

Advanced time series analysis adaptive techniques 
have been employed in the processing. Adaptive 
time series smoothing procedures using different 
parameters in separate short sections can be applied 
in such a case, when the time series cannot be 
explained by one function, i.e., the trend function 
is changing in time and it does not have constant 
parameters. When using the adaptive models, it 
is supposed that, the most up-to-date data have 
the strongest impact upon future development. 
Therefore, the most up-to-date data are preferred 
here, and older information in the time series given 
is assigned lower weights. For example, the method 
of moving averages or the exponential smoothing 
method can be included here. When shorter time 
series, typical for all the three varieties compared 
in this work become the object of study, among the 
various methods, e.g., the exponential smoothing 
method can be applied (Artlová and Artl, 1995). 
Using weighted averages, weights are assigned 
to separate observations and the weights become 
exponentially reduced, i.e., the lowest weights 
become linked to the oldest observations. We 
can then distinguish between simple exponential 
smoothing, double (Brown) exponential smoothing 
or Holt linear exponential smoothing.

Using the expanded simple exponential smoothing 
Holt succeeded already in 1957 at predicting time 
series with a trend. The Holt linear exponential 
smoothing model is composed of the balancing 
equation for estimation of the linear trend level  
in time t and of the balancing equation for estimation 
of the linear trend angle in time t, for h = 1, 2, ...  
and it can be expressed as

	 (1)

where the estimate of the level is equal to

	 (2)

and the trend estimate can be derived from 

	 (3)

where α is the level equalizing constant (0 ≤ α ≤1) 
and β* is the trend equalizing constant (0≤ β* ≤1) 
(Hyndman and Athanasopoulos, 2013).

Another approach applied in time series forecasting 
in this work is the Box-Jenkins methodology 
of moving averages autoregressive integrated 
processes, called ARIMA modeling. 

The aim of the models is to describe autocorrelation 
in the data. Autocorrelation informs about the power  
of linear relationship between random variables, 
where each observation is composed of the random 
error component (random shock) and   a linear 
combination of previous observations. Partial 
autocorrelation cleans the random quantities  
from the impact of quantities situated among them. 
Applying graphical expression of autocorrelation, 
it can be simply discovered, whether the time series 
is a stationary one (Artl et al. 2002). 

The Box-Jenkins methodology is assuming 
time series stationarity. As far as the time series 
properties are not dependent upon time of the series 
studied, the series can be considered a stationary 
one. Time series with trends or with seasonality 
are not stationary, since trend and seasonality 
should influence the time series values at different 
times. Conversely, a time series with white noise 
processes is stationary. Stationary processes are 
not frequent, therefore various methods can be 
applied in time series stabilization. One of these 
is the differentiation, where differences between 
subsequent observations are evaluated (Linden  
et al., 2003). In time series smoothing the Fourier 
transformation has been applied, too, so far used  
in commodity prices modeling in agricultural 
issues, e.g., by Enders and Holt (2012). 

ARIMA models are based on the moving average 
processes (MA) and on autocorrelation processes 
(AR) and contain three parameters: p, d and q. 
The writing of such a model is done as ARIMA  
(p, d, q), where p is the autoregression parameter,  
d means the number of differentiations and by q is 
the moving average (Mošová, 2013).

The verification that, a function is not autocorrelated, 
has been done by means of graphical expression 
of the residual autocorrelation function (ACF), 
which is the expression of linear dependence  
of lagged values (horizontal axis) on autocorrelation 
coefficients of the residues rk (vertical axis).  
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The non-systematic component is not autocorrelated 
in case, that none of the autocorrelation coefficients 
exceeds the limits of 95% confidence interval 

 In case, that annual time series are being 
analysed, it is recommended to use time series 
length of 30 years or more (Hanke and Wichern, 
2008; StatSoft, 2013), which may be misleading 
in some cases. As Hyndman and Kostenko (2007) 
state, the time series length depends especially  
on data variation and number of applied 
parameters. The problem of EAA and FADN 
data use are short time series, available since 
2001 only. They are annual time series unable  
to expand and not containing the seasonal component. 
Considering absence of other data sources at such 
a high discrimination level of cost items and taking  
into account the relevant outcomes, the methods 
applied at selected cost items have not been refused 
despite the risk of a less exact model construction.

Results and discussion
The solution is presenting a comparison  
of outcomes of the three approaches described 
above, in processing of development forecasts  
of selected cost items, where the predicted change 
index numbers have been confronted with the actual 
FADN results over the 2012-2014 period.

The change index numbers for the first approach 
(i) have been taken over from the published 
estimates of the year-on-year change in the inputs  
into agriculture quarterly index numbers  
(CZSO, 2016a). Change index numbers  
for the second approach (ii) have been taken  
over from the outputs of internal research project 
titled "Estimation of economic results in agriculture 
with low or null information on development  
in predicted year based on FADN" (Hloušková  
et al., 2015). The index numbers for the third 

designed approach (iii), which have been derived 
from the Economic Accounts for Agriculture 
(CZSO, 2016b), have been processed as part of this 
study based on the time series analysis methodology 
as given above.

The comparison of results of the selected cost 
items change index numbers considered for use 
in the micro-economic model of the agricultural 
income estimate based on FADN CZ is presented  
in Table 1. This table contains the actual  
year-on-year change index numbers, too, based  
on the results of finished FADN surveys. Results for 
the 2012, 2013 and 2014 years estimates have been 
compared here. Within the (ii) and (iii) approaches 
the analysis based on 10-year, 11-year and 12-year 
time series of year-on-year index numbers, begun 
within the 2002/2001 period, has been presented.

Most frequently, in fifteen cases, the ARIMA 
(1,1,0) method has been applied for forecasting. 
In eight cases the ARIMA (1,1,0) method  
with smoothing has been used. In six cases  
the ARIMA (1,1,0) constant-free method  
and the Holt linear exponential smoothing have 
been used. In one case, the Holt linear exponential 
smoothing method with time series smoothing 
using transformation has been used.

In the next step, deviations of each index number 
predicted from the actual year-on-year change  
of the cost items results registered by FADN survey 
were evaluated. The deviations are compared  
in Table 2, where the best fitting predictions  
for every cost item and period are highlighted  
in bold figures. Most occurrences with the lowest 
deviation from reality observed have been identified 
within the second approach which is based on time 
series analysis methods applied on the FADN CZ 
panel data. This approach suits best in the seed 
costs and renting forecasts. The first approach 

Indicator predicted Period Approach Index number predicted Method (source) Actual index number (2)

Seed and seedlings

2012/2011

i 1.0350 (1)

1.0735ii 1.0491 3 (3)

iii 1.0367 1 (4)

2013/2012

i 1.0780 (1)

1.0341ii 1.0132 3 (3)

iii 1.1290 3 (4)

2014/2013

i 0.9770 (1)

1.0152ii 1.0186 3 (3)

iii 1.0276 1 (4)

Note: (1) Change index number taken from CZSO (2016a), (2) Change index number of weighted FADN results, (3) Change index number 
taken from Hloušková et al. (2015), (4) Own processing, data source CZSO (2016b), NA: not available
Source: own processing based on FADN methodology

Table 1: Results of change index numbers (to be continued).
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Note: (1) Change index number taken from CZSO (2016a), (2) Change index number of weighted FADN results, (3) Change index number 
taken from Hloušková et al. (2015), (4) Own processing, data source CZSO (2016b), NA: not available
Source: own processing based on FADN methodology

Table 1: Results of change index numbers (continuation).

Indicator predicted Period Approach Index number predicted Method (source) Actual index number (2)

Fertilizers and soil improvers

2012/2011

i 1.1240 (1)

1.0972ii 1.0151 4 (3)

iii 1.0282 1 (4)

2013/2012

i 1.0310 (1)

1.1289ii 1.0482 4 (3)

iii 1.0167 1 (4)

2014/2013

i 0.9360 (1)

1.0146ii 1.0350 4 (3)

iii 1.0189 1 (4)

Plant protection products

2012/2011

i 1.0780 (1)

1.0603ii 1.0123 4 (3)

iii 1.0006 1 (4)

2013/2012

i 1.0340 (1)

1.0823ii 1.0249 4 (3)

iii 0.9708 5 (4)

2014/2013

i 1.0200 (1)

1.0671ii 1.0204 4 (3)

iii 0.9912 1 (4)

Electrical energy

2012/2011

i 1.0830 (1)

0.9733ii 0.9833 4 (3)

iii 1.0198 2 (4)

2013/2012

i 1.0310 (1)

1.0386ii 1.0017 1 (3)

iii 1.1137 2 (4)

2014/2013

i 0.8860 (1)

0.9118ii 1.0020 1 (3)

iii 1.0037 2 (4)

Wages paid

2012/2011

i NA

1.0358ii 1.0109 1 (3)

iii 1.0305 3 (4)

2013/2012

i NA

1.0335ii 1.0123 1 (3)

iii 1.0249 3 (4)

2014/2013

i NA

1.0557ii 1.0124 1 (3)

iii 1.0092 1 (4)

Rent paid

2012/2011

i NA

1.0772ii 1.0543 1 (3)

iii 1.0433 2 (4)

2013/2012

i NA

1.1324ii 1.0515 1 (3)

iii 1.0319 2 (4)

2014/2013

i NA

1.1078ii 1.0477 4 (3)

iii 1.0618 2 (4)
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(i) has estimated the index numbers best in five 
cases and in case of the third approach, the lowest 
deviations then have been found in four cases only. 
For the wages cost change forecast over 2014/2013 
almost identical deviations have been found both  
in the second and third approach cases. Seed 
forecast for the 2012/2011 period has been obtained 
very similar in the first and third approach cases.  
The plant protection products forecast for 2014/2013 
is similar for the first and second approach cases.

The lowest mean deviation over all the three 
approaches compared has been obtained in case  
of the wages costs. On the contrary, the highest mean 
differences between predicted and actual year-on-
year index numbers have been obtained in fertilizer 
and electrical energy cost variables. For wages  
and renting costs the information on agricultural 
inputs prices index numbers from CZSO is not 

available, since this data source does not contain 
the items mentioned.

The amounts of average absolute deviation over all 
the periods tested for separate cost items (Table 3)  
define the approach (ii) as the best suited one  
(the analysis of FADN panel data), since four 
cost items from the total of six items studied have 
been predicted most accurately. The wages costs 
development, on the contrary, is best predicted  
by means of the (iii) approach based on the CZSO 
macro-economic data time series analysis. As  
an interesting outcome, the most accurate 
prediction of plant protection products by means 
of the (i) approach has been discovered, where  
the "Input agricultural price indices" from the first  
two quarters of the year estimated have been 
applied (CZSO).

Source: own processing based on FADN methodology
Table 2: Resulting comparison of approaches.

Indicator predicted Period
Approach

i ii iii

Seed and seedlings

2012/2011 -0.0385 -0.0244 -0.0368

2013/2012 0.0439 -0.0209 0.0949

2014/2013 -0.0382 0.0034 0.0124

Fertilizers and soil 
improvers

2012/2011 0.0268 -0.0821 -0.0690

2013/2012 -0.0979 -0.0807 -0.1122

2014/2013 -0.0786 0.0204 0.0043

Plant protection products

2012/2011 0.0177 -0.0480 -0.0597

2013/2012 -0.0483 -0.0574 -0.1115

2014/2013 -0.0471 -0.0467 -0.0759

Electrical energy

2012/2011 0.1097 0.0100 0.0465

2013/2012 -0.0076 -0.0369 0.0751

2014/2013 -0.0258 0.0902 0.0919

Wages paid

2012/2011 NA -0.0249 -0.0053

2013/2012 NA -0.0212 -0.0086

2014/2013 NA -0.0433 -0.0465

Rent paid

2012/2011 NA -0.0229 -0.0339

2013/2012 NA -0.0809 -0.1005

2014/2013 NA -0.0601 -0.0460

The number of occurrences with the lowest 
deviation 5 9 4

Source: own processing based on FADN methodology
Table 3: Comparison of deviation averages.

Indicator predicted i ii iii

Seed and seedlings 0.0402 0.0162 0.0480

Fertilizers and soil improvers 0.0678 0.0611 0.0618

Plant protection products 0.0377 0.0507 0.0824

Electrical energy 0.0477 0.0457 0.0712

Wages paid  0.0298 0.0201

Rent paid  0.0546 0.0601
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Estimates of economic results of agriculture 
processed based on the FADN database micro-
economic modeling have been presented  
e.g. by the Natural Resources Institute Finland 
(2016), where the average agricultural production 
purchase price index numbers have been employed 
in the cost development forecasts. As far as plant 
protection products are concerned, the methodology 
designed here suits better for the Czech Republic 
environment needs than the Great Britain approach. 
This type of estimates is prepared there within  
the Farm Business Survey (Rural Business 
Research, 2016) based on the FADN statistical 
survey. However, plant protection costs are 
considered at the same amounts as in the last year, 
because the amounts spent on plant protection are 
not connected with input costs (oil, natural gas) 
whose market prices are available. This approach 
applies the so-called naive forecasting, presuming 
that, the costs in future years will be at the same 
height as it is known from the most up-to-date 
information.

In the USA the income forecasts in agriculture 
are processed within the Farm Sector Income 
Forecast (USDA, 2016), where, as data source,  
the Agricultural Resource Management Survey  
at farm level is employed. 

Other input information is consulted  
with agricultural project design macro-economic 
outputs (Agricultural Baseline Projection). Here, 
e.g., a projection of energy costs until 2025 has been 
prepared, expecting that, lower prices of oil and gas 
will bring about a decrease of costs in agriculture, 
which in particular concerns fertilizers and fuel.

In Canada, the Canadian Agricultural Dynamic 
Microsimulation Model (CADMS) has been 
applied, supplying forecasts concerning sales, costs 
and business assets at enterprise level. The model 
outcomes, inter alia, offer an overview of revenues 
in a more detailed shape, what is the value added  
of this model (Galbraith et al., 2011).

Conclusion
In the Czech Republic, there are limited information 
sources on prices of the separate cost items entering 
the production process of agricultural enterprises. 
For trend determination in the development  
of costs two relevant sources of representative data 
are available. These are the CZSO macro-economic 
data and the FADN CZ micro-economic data.

Outcomes of the studied issues bring new knowledge 
on the chances of costs forecasting in agriculture. 
Through comparison of the three approaches 

designed, differing in processing methodology 
and input information, it was discovered that,  
for agriculture income estimation based  
on the FADN database, the second approach (ii), 
based on the FADN panel data time series analysis, 
is the best applicable one. The advantage of this 
approach for the given purpose is data availability. 
In particular, current data available at the moment 
of application. Moreover, data can be subdivided 
in various categories according to needs,  
and the development of costs can be distinguished 
by the various enterprise size groups or production 
farm type. It has been confirmed that, good 
outcomes can be obtained applying time series 
of several cost item types, available in FADN CZ 
database since 2001.

However, other conclusions include the finding that 
not only one of the tested methodologies can be 
selected to predict various cost types, even though 
one approach is identified as the most accurate  
in many cases tested. When processing a short-term 
estimate, the cost type has to be taken in account. 
Based on the results, the "Input agricultural price 
indices" from the CZSO can be recommended  
for plant protection products development 
estimates, that have been found most accurate.  
The plant protection products time series is not 
suitable for future development forecasting, 
using the time series analysis described above,  
from none of the data sources applied.  
The development of fertilizer costs, which  
in each test period approached the real development  
of another tested technique, appears unclear.  
On the contrary, the third procedure approach, (iii), 
based on the Economic Accounts for Agriculture 
time series analysis, has been recommended  
for the wages costs future development.

The conclusions coming out from the presented 
paper set up an important background for updating 
the current methodical approach of the agriculture 
results estimation based on the FADN data.
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