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EFFECT OF FARMING                                            
TECHNOLOGIES INTENSIFICATION ON WHEAT 

YIELD IN THE DRY STEPPE OF SIBERIA: 
AN ANALYSIS BASED ON THE METHOD                                                                             

OF PROPENSITY SCORE MATCHING

K.O. Tarasov, E.V. Ponkina, A.B. Nugumanova 

The study examines the effect of crop production technology intensification 
on wheat yield under drought conditions. The causal effect of fertilizers and 
herbicides usage was quantified based on a dataset of reports from 196 farms 
located in the Kulunda Steppe in Altai Krai. To quantify causal effects, the various 
methods were tested – Two Means Comparison tests and Linear regression. Due 
to the not experimental nature of the data, Propensity Score Matching was used 
to balance the sample based on the main indicative signs (covariates). 

We refined the effects of crop technologies intensification based on the 
balanced sample. The results showed that, according to all considered methods, 
intensification of agriculture even in the dry climatic conditions resulted in the 
expected growth of wheat yield. The average causal effect of intensive farming 
was +2.02 dt/ha. The results also showed that it is possible to obtain more 
correct estimates of causal effects based on balanced samples. Using simple 
approaches like Two Means Comparison methods lead to underestimation or 
overestimation. Finally, we highlighted some limitations and peculiarities of the 
Propensity Score Matching method. However, the Propensity Score Matching 
can be considered a good and prospective tool for developing digital services 
in agricultural analytics.
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ВЛИЯНИЕ ИНТЕНСИФИКАЦИИ                       
ТЕХНОЛОГИЙ ЗЕМЛЕДЕЛИЯ НА УРОЖАЙНОСТЬ 

ПШЕНИЦЫ В СУХОЙ СТЕПИ СИБИРИ:                     
АНАЛИЗ НА ОСНОВЕ МЕТОДА СОПОСТАВЛЕНИЯ 

ОЦЕНОК СКЛОННОСТЕЙ

К.О. Тарасов, Е.В. Понькина, А.Б. Нугуманова 

В работе изучены подходы к оценке влияния элементов интенсифика-
ции технологии растениеводства на урожайность пшеницы в засушливых 
климатических условиях. Причинный эффект от применения удобрений и 
гербицидов был количественно рассчитан на основе данных отчетов 196 
хозяйств, расположенных в Кулундинской степи Алтайского края. Для коли-
чественной оценки был использован набор методов статистического ана-
лиза – тесты парных сравнений среднего и линейная регрессия. Поскольку 
данные не относятся к экспериментальным, выборка была сбалансирована по 
основным индикативным признакам (ковариатам) методом сопоставления 
оценок склонностей и получены уточненные оценки эффектов интенсифи-
кации технологии земледелия. Результаты показали, что согласно всем рас-
смотренным методам интенсификация земледелия даже в засушливых кли-
матических условиях привела к увеличению урожайности пшеницы. Средний 
эффект, выраженный величиной пророста урожайности от использования 
удобрений и гербицидов составляет +2,02 ц/га. Также показано, что более 
корректные оценки причинного эффекта могут быть получены на основе 
сбалансированных выборок, а использование простых методов парных сравне-
ний приводит к недооценке или переоценке величины эффекта. В завершении 
работы проанализированы некоторые ограничения и особенности метода 
псевдорандомизации как одного из инструментов потенциально интересных 
для развития цифровых сервисов в аграрной аналитике.
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Introduction
Despite being a region with the largest wheat sowing area, Altai Krai is lags 

behind in comparison with wheat yield from such regions as Krasnodar Krai and 
Stavropol Krai, because it is one of the lowest grain yields in the country [9]. 
Though Altai farmers managed to achieve the 16 dt/ha of wheat yield in 2018 
and 2019 it was significantly lower compared to the region of Kuban (where 
the yield leader – Krasnodar Krai – is situated) – 62.9 dt/ha in 2019 [5]. It is 
worth mentioning that the climatic conditions in Kuban and Krasnodar Krai are 
more favorable for wheat production. However, according to long-term field 
experiments and farmers’ experience, the potential wheat yield (depending on 
varieties and climatic zones of Altai Krai) can reach more than 25.2-39.8 dt/ha 
[3]. It is also worth mentioning that growing the optimized-for-region varieties 
of wheat makes it possible to raise it to more than 60 dt/ha [6]. Due to heavy 
draughts, wheat yield dramatically dropped to 5-10 dt/ha in arid and semi-arid 
zones of the Altai Krai in 2012 [2]. In 2020, after another heavy draught, wheat 
yield results might set a new record low since the already reported wheat yield 
in the regions most affected by the drought was less than 5 dt/ha [7]. There-
fore, there is a wheat yield gap in the Altai Krai due to many reasons, and one 
of them is ineffective or extensive farming practices.

Since the collapse of the Soviet Union, usage of intensive crop production 
technologies became less widespread in Altai Krai. The input of mineral fertil-
izers has declined from 22 kg per hectare in 1990 to 4 kg in 2012 [10]. Since 
2013, mineral fertilizers usage has increased to 15.3 kg per hectare. However, it 
is still 7 and 9 times lower than in Stavropol and Krasnodar regions. Moreover, 
it is 4 times lower than on average in Russia. Adoption of modern technolo-
gies aimed at improving soil fertility, preventing soil erosion, and increasing 
crop yield, is still not widespread in Altai Krai. Sustainable farming practices 
like “No-Till” and “Strip-Till” have been adopted only at 418 thousand hect-
ares (8% of the total sown area) in 2019 [4]. Farmers often avoid fertilizers 
and herbicides usage due to different reasons, one of which is the uncertainty 
of possible positive effects on crop yield. That is why it is crucial to estimate 
the effect of using chemical treatments on wheat productivity based on current 
farming practices in the region. Finally, we can consider methods of the effect 
estimation as an additional effective tool for its implementation in digital ser-
vices for agricultural analytics.

The effect of an intervention is quantified and measured according to 
the theory of causality. It is based on relations between causes and effects 
when an action (an intervention) directly causes an effect. Causal inference 
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is a way to analyze the effect of an intervention or a cause on the resultant 
signs (target indicators). It helps to conclude the truth of hypotheses by 
finding differences between facts and hypothetical situations (counterfac-
tuals). The fundamental basis for the study of causal effects is the Theory 
of Potential Outcomes (TPO) proposed by J. Neyman and D. Rubin [23]. 
The central problem of the TPO is an estimation of the causal effect as a 
result of an intervention.

According to TPO, a causal effect is a difference between two potential 
outcomes for a unit – Y(1) and Y(0). Y(1) represents an measurement of the 
features resulting from the intervention (intervention = TRUE) while Y(0) is 
an evaluation of the resultant indicator in a case of no intervention (interven-
tion = FALSE) [16; 18; 23]. If we can observe two outcomes simultaneously, 
Y(1)-Y(0) is presented the True Causal Effect at a unit level.

The fundamental problem of causal inference is the problem of missing 
values – we cannot observe resultant signs with and without intervention for 
each individual unit simultaneously. That is why the True Causal Effect at a 
unit level can not be measured. To solve this problem, researchers supposed 
that the causal effect could be quantified by comparing the resultant features 
measured for two groups: a Treated Group (TG) – the group of units treated 
by an intervention, a Control Group (CG) – the group had no intervention. 
We should note that units in TG and CG have to be homogeneous and be 
identically distributed. It is usually achieved in experimental studies with a 
random sampling procedure. However, an assessment of the causal effect is 
often based on unbalanced data samples (in terms of control features such as 
age, respondent’s education, farm size, etc.) that are not represented by ran-
domized experimental data. That leads to biased estimates of the causal effect 
(Bias error) [23] if we apply traditional statistical methods like two means 
comparison or regression estimations.

To bring the conditions of a study based on observational data closer to 
an experimental study, G.W. Imbens and D. Rubin [17] proposed the Ru-
bin-Neyman Causal Model. It allows pseudorandomizing data, reducing bias 
in the causal effect estimates and bringing them closer to the True Causal 
Effect. The data of agricultural enterprises describing farming practices 
and resulting crop yield refer specifically to observational data and require 
balancing. Therefore, we considered a Propensity Score Matching as a data 
balancing method to estimate the effects of crop production technology in-
tensification.

Therefore, the key research questions of the study were:
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• What is the expected growth of spring wheat yield resulting from fertiliz-
ers input under drought conditions in Altai Krai?

• What is the expected growth of spring wheat yields resulting from crop 
protection agents (chemical treatments) under drought conditions in the 
Altai Krai?

• What are the differences among causal effects assessed by various methods?
• What methods are better to use for causal effects estimating?
The results contribute to effect farming technology estimation methods 

within regional studies and comparison studies within field experiments. They 
also contribute to developing applied digital services for farm management to 
analyze various effects of farming and tillage systems on crop productivity.

Materials and methods
The area under study. The Kulunda steppe zone is situated in the south-east-

ern part of Western Siberia and stretches from the center to the south of Altai 
Krai. In 2011, 576 agricultural organizations, 1325 peasant farms, and indi-
vidual entrepreneurs (IP) operated in the Kulunda steppe zone, where spring 
wheat is primary commodity production. Approximately 34% of agricultural 
organizations and farms grew the spring wheat on less than 2000 ha of arable 
land, 28% of them – on 2000-6000 ha, and 38% – on more than 6000 ha [21].

Kulunda has a continental climate with long-time average temperatures of 
-18 °C in the coldest month (January) and +19 °C in the warmest month (July) 
[1]. The Kulunda Steppe area is characterized by a dry climate, with the amount 
of precipitation during the growing season being the main limiting factor for 
spring wheat yields. The climatic condition of the 2012 growing season was 
drought and characterized by low rainfall and the record low spring wheat yield. 
Frequent droughts in Altai Krai significantly reduce crop yields and increase 
climatic risks for agricultural producers [13; 20]. The wheat yield varies con-
siderably depending on soil-climatic and agro-ecological subzones identified in 
the Kulunda steppe. In 1996-2011, the average wheat yield was 15 dt/ha in the 
forest-steppe zone, in typical steppe – 11 dt/ha, and in dry steppe zone reached 
8 dt/ha [11]. In 2012, the average wheat yield plunged to the lowest value over 
many years – 7.7 dt/ha due to the drought. The significantly lower productivity 
of wheat in 2012 is explained by low precipitation – 86 mm on average over 
the territory (from April to August).

Climatic conditions in this area are critical for achieving high wheat yields. 
Therefore, it is essential to assess the effect of fertilizers and chemical treatment 
usage under the drought conditions of 2012.
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Data collection. The data comes from the farmers’ survey conducted in 
2013 [21] within project Kulunda. The survey was aimed at revealing the most 
critical determinants of the wheat yield based on current farming practices 
in the study area. The questionnaire consisted of information about agroeco-
logical and climatic conditions, farm’s and farm manager’s characteristics, 
agronomical parameters of wheat production technologies. The survey was 
done in a face-to-face interview with managers and specialists of agricultur-
al enterprises to assure truthfulness and completeness of answers. The list of 
interviewed farmers was formed as a randomized sample. Farmers were cho-
sen taking their distribution among 3 agroecological subzones of the Kulunda 
steppe into account. On average, each interview lasted 2–2.5 hours, including 
filling out the questionnaire. 

Respondents were mainly managers of agricultural enterprises or heads of 
private farms. Missing data were excluded from the raw data sample. We se-
lected the target and control variables based on survey results (67 interviews). 
Finally, we enriched the survey dataset with data from official statistical reports 
of agricultural enterprises in 2012.

The dataset consisted of 196 agricultural enterprises with different legal 
forms, of which 111 had the legal form “Obshchestvo s ogranichennoy otvet-
stvennost’u” – OOO (Limited Liability Companies – LLC) and “Akzioner-
noe obshchestvo” – AO (Stock Companies), and others 85 were the private 
peasant farms or individual interpreters. The average area of agricultural land 
was 9,333 ha, and the cultivated area was 7,150 ha. The 2012 vegetation sea-
son showed a low average wheat yield of 6.01 dt/ha in 2012, with 9.36 dt/ha 
for 2008-2012. 

Table 1 shows the descriptive statistics of the dataset, where the entire 
sample was divided into two groups. Group 1 represents farmers who applied 
herbicides and/or fertilizers within wheat production technologies in 2012. 
Group 2 represents farmers who applied neither intervention. Descriptive sta-
tistics revealed that only 24% of farmers put in mineral fertilizers, while 69% 
used crop protection agents. 

However, 30% of the surveyed farmers used neither fertilizers nor chemi-
cal treatments. We also found the differences in average wheat yield between 
these two groups. Thus, the average yield of farmers who practiced intensive 
technologies was 8.0 dt/ha, while farmers from Group 2 reported only 5.4 dt/
ha in 2012. Notably, such difference can be observed in the 5-year average 
wheat yield. We also should note that the Shapiro-Wilk test showed that the 
normal distribution hypothesis was rejected for all continuous variables.
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Methods. The Propensity Score Matching (PSM) method and weighted lin-
ear regression were employed to quantify the causal effects of intensive farming 
practices on wheat yield. The PSM method was developed by Donald Rubin in 
collaboration with Paul Rosenbaum in 1983 in order to reduce the bias asso-
ciated with confounders or unrandomized samples, which can be found when 
calculating a causal effect of an intervention. A confounder (confounding vari-
able) is a factor that influences both an independent variable and the outcome 
(dependent variable). They create a difference between an estimated causal ef-
fect and the actual causal effect, causing a spurious association and conclusion. 
As the distribution of treatments on a sample in observational studies does not 
meet the requirements of randomization, the problem of bias requires a specif-
ic solution to be found to reduce or eliminate it. The PSM method allows the 
simulation of a randomized sample using the Propensity Score and then various 
matchmaking techniques to obtain better results than matchmaking techniques 
on an untreated controlled sample. PSM can utilize the Stable Unit Treatment 
Value Assumption (SUTVA) [22] if we are not sure all covariates were found. 
Additionally, SUTVA assumes that the outcomes of one unit are not affected 
by the treatment assignment of another unit.

There are five main steps to implement PSM.
Let Y be the resultant indicator of the intervention/non-intervention, and D 

be a treatment binary variable (1/0).
The first step is data collection and preliminary data analysis. After data 

collection, it is necessary to understand whether the PSM method should be 
applied. Therefore, it is essential to analyze the balance between the original 
control and treatment data groups, clean outliers, drop missing data and com-
pare distributions between TG and CG.

The second step is the selection of covariates (the components of a vector 
X) to add them to the compliance model. Covariates are factors that predict re-
ceiving the treatment for units. They are selected to improve a balance of ob-
servations (surveyed farms) between TG and CG in order to reduce the bias. 
Thus, covariates are similarity features that allow matching a pair of units from 
TG and CG. They can also be related to the target variable (wheat yield) and the 
treatment variables (usage of fertilizers or herbicides). After balancing across 
a set of selected covariates, data consistency should be improved; if this has 
happened, the covariates have been chosen correctly.

The third step is to select a model for computing Propensity Score estimates. 
There are several ways, but the most popular is logistic regression. This model 
describes the probability of a unit i to get treatment (Di=1) given Xi:
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1Pr( 1 | )
1 ii i aXD X

e−= =
+

                                     ,(1)

where 1 1 2 2 ...i i i n i naX a x a x a x= + + + , Xi – vector covariates.
A unit i’s propensity score is indicated the propensity of the unit to get the 

treatment (Yi=1):
Score Pr( 1 | )i i iD X= = .                                       (2)

The fourth step is a selection of a matching method. The choice of a match-
ing method largely determines the composition of treatment and control groups. 
Therefore, multiple procedures are often used in one study. The choice of matching 
method is based on comparing results of data balancing. There are several meth-
ods – Exact Matching (for discrete covariates), Subclassification, Nearest Neigh-
bor Matching, Optimal Matching, Full Matching, and Genetic Matching [12; 14]. 
All of these methods are available in various software packages. Using a distance 
metric, the matching procedure finds a pair of units – one from TG and one from 
CG to estimate the causal effect on the outcome variable. In order to obtain im-
proved estimations, we tested two methods – Full Matching and Genetic Matching.

The Full Matching method finds a pair for each unit based on a distance 
metric:

Distance(i, j) = |Scorei – Scorej|, i, j=1,…,N.                     (3)
The Genetic Matching method (GenMatch algorithm) operates the Gen-

eralized Mahalanobis Distance (GMD) [12], which has an additional weight 
matrix W:

1 1
2 2( , , ) ( ) ( ) ( )T T

i j i jGMD i j W X X S WS X X
− −

= − − ,                (4)

where W is a positive specific weight (balance) matrix of size and is the Chole-
sky decomposition of a parameter S, the variance-covariance matrix of X. All 
elements of W are limited to zero, except for those located on the main diagonal, 
which consists of k parameters to be selected. When a formula for propensity 
scores estimation is applied, X is replaced by Z. Z is a matrix composed of pro-
pensity scores and primary covariates X. It is beneficial to combine PSM and 
Mahalanobis distance [12].

The fifth step is a data balancing analysis. There are different ways to quan-
tify the efficiency of data balancing – QQ plot and Love plot, draw the data 
distribution for TG and CG before and after matching [26]. The QQ plot is a 
scatter plot created by placing two sets of quantiles opposite each other. The 
Love plot visually inspects the quality of data balancing by comparing the ab-
solute standardized mean difference in covariates calculated for TG and CG 
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before and after matching. If an average absolute standardized difference is 
close to 0, the data is balanced well, indicating minor differences between the 
control and treatment groups in the resulted sample. Software packages often 
also provide comparison using parameter tables with averages for groups with 
calculated percentage improvements. 

The main problem with the PSM method is that it is possible to increase 
bias after balancing if implemented incorrectly. This phenomenon has been 
called the Propensity Score Matching Paradox [19]. Therefore, it is necessary 
to use this method with utmost care and compare the residual bias with the 
original bias, which will show that pseudo randomization does not worsen the 
data distribution.

After completing these five steps, it is possible to calculate the causal effect, 
which can be done using various statistical methods.

Some matching procedures like the genetic and nearest neighbors matching 
results in the reduced matched sample for that the average causal effect can be 
estimated as an average treatment effect on the treated (ATT) [16]:

( (1) (0) | 1, )ATT E Y Y D X= − = ,                                (5)
where D – is a treatment variable, X – is a vector of covariates. The ATT is cal-
culated as an expected value of differences between Y(1) and Y(0) employed 
all matched units (D – 1) from TG and their pairs from CG.

The full matching procedure leads to an estimation of an average treatment 
effect (ATE) [16] utilizes all matched units from TG and CG:

( (1) (0) | , )ATE E Y Y D X= − .                                 (5’)
One way of causal effect calculation is the generalized linear regression 

model [15] that allows us to quantify the effect of an intervention Di (fertilizers 
or herbicides) on an outcome variable (Yi – wheat yield) given other influenc-
ing factors Xi:

,
i i i iY aD bX c= + + + ε ,                                       (6)

where εi – an error term, a – a value of ATE or ATT (depending on a method), 
Xi – a vector of independent variables or covariates, Yi – an outcome variable.

We should note that a confidence interval (CI) of ATE (or ATT) estimations 
highlights an amplitude of the causal effects.

To compare the performance of PSM and highlight various ATE estimations, 
we tested the following methods:

Option 1. Unbalanced sample:
• t-test – the Student’s t-test [25];
• U-test – the Mann-Whitney U-test [27];
• GLM – the generalized linear regression approach [15] according to (6).
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Option 2. Balanced sample:
• PSM with the full matching techniques, ATE estimation according to (6).
• PSM with the genetic matching techniques, ATT estimation according to (6).
All calculations were performed in R (the free software) with the additional 

packages MatchIt and Matching [24, 16].
Results and Discussion. To quantify causal effects of wheat production tech-

nology intensification, we analyzed the following variants of interventions:
– Fertilizers usage;
– Herbicides usage;
– Application of both treatments.
The concept of calculation is given in Table 2.

Table 2.
The variants of the causal effect estimations

The intervention 
option

Treatment Group Control Group

Fertilizers usage Fertilizers_Use = 1
Herbicides_Use = 1 or 0

Fertilizers_Use = 0
Herbicides_Use = 1 or 0

Herbicides usage Herbicides_Use = 1
Fertilizers_Use = 1 or 0

Herbicides_Use = 0
Fertilizers_Use = 1 or 0

Fertilizers & Herbi-
cides

Fertilizers_Use = 1
Herbicides_Use = 1

Fertilizers_Use = 0
Herbicides_Use = 0

To balance environmental conditions, we used the amount of precipita-
tion from April to August in 2012 (Precipitation). The farm’s characteristics 
were balanced via information about the scale of crop production (Sown_area), 
farm’s specialization (Farm_Specialization, Labor_ha_Persons), a legal form 
of an enterprise (Type_Ownership) as well as features of a crop production 
technology (Fallow_Share, Wheat_Share). The sown area shows an overall 
farm size, and the share of wheat in the sown area indicates how much an en-
terprise is specialized in wheat production. The indicator Labor_ha_Persons 
showing production load on workers (in hectares), is significantly different for 
crop and livestock enterprises. Considering that current farming practices like 
fertilizers and herbicides usage depend on the personal characteristics of farm 
managers, we also included information about farmers’ age and the presence of 
agricultural education. Table 3 represents logit model estimations to balance the 
sample in both cases – fertilizers usage (Model F) and herbicides usage (Model 
H) separately. We also considered that the studied treatments could influence 
each other. All selected variables are involved with the farm’s performance and 
consequently related to the wheat yield.
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Interestingly, as fertilizer application was not a determinant of crop chemi-
cal protection while herbicides were not a factor in applying mineral nutrients. 
Moreover, the shares of wheat and fallow are not indicators of farm propensity 
to the studied treatments. The presence of agricultural education also is not a 
significant factor as well. Finally, the farmer’s age played minor role.

Table 3.
Determinants affecting intensive crop technology according                                                                 

to logit regression estimates

Variable
Model F  

(Fertilizers usage)
Model H

(Herbicides usage)
Coeff. St. Error Coeff. St. Error

Fertilizer_Use - - 0.28 0.39
Herbicides_Use 0.31 0.38 - -
Type_Ownership 0.61* 0.36 -0.56 0.37

Sown_area 9.7e-05** 3.7e-05 1.1e-04** 4.2e-05
Labor_ha_Persons -4.0e-03** 1.7e-03 -2.5e-03* 1.2e-03

Farm_Specialization 0.64 0.70 1.90** 0.69
Wheat_Share 0.63 0.95 0.01 0.88
Fallow_Share 2.0 1.0 -2.89 1.1
Precipitation 6.6e-03* 4.1e-03 8.9e-03* 4.7e-03

Age -9.4e-03 1.9e-02 5.1e-03 1.9e-02
Education -0.71 0.37 0.21 0.37

Intercept point -2.0 1.2 -1.5 1.2
AIC 246.4 246.9

McFadden’s pseudo R2 0.10 0.11
Note: *, ** – p-value < 0.1, 0.05 according to z-test in model F or H, respectively.

Considering the statistically significant variables highlighted in logit models 
and selecting covariates that could improve data balance, we balanced the data 
in TG and CG using the full and genetic matching procedures. Exact match-
ing options applied for binary covariates like Fertilizers_Use, Herbicides_Use, 
Education, and Type_Ownership. Quality of data balancing is graphically rep-
resented by Love plots (Appendixes A, B, and C). In addition, quantitative anal-
ysis of data balancing represented by Percent Balance Improvement and values 
of average standardized mean differences can be found in Appendixes D and E. 
The full matching gave better data balance than the genetic matching technique. 

As shown in Appendixes A and D, Farm_Specialization and Wheat_Share 
covariates worsened data balance slightly in the case of fertilizers treatment 
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(Model F). However, the overall balance of the sample is good, and excluding 
these variables worsened the result significantly. The full matching showed an 
excellent balance of data for herbicides usage treatment (Model H) – the balance 
was improved for all covariates (Appendixes D and E). The genetic matching 
technique was inconsistent for all covariates, except Fertilizers_Use matched 
according to the exact matching. Thus, the results of causal effect estimation 
according to genetic matching for herbicides usage treatment can not be consid-
ered satisfactory. Data balance in the case of causal effect estimation for both 
treatments (Appendix C) was not perfect and showed a similar quality for both 
methods. However, the initial balance was improved for all selected covariates. 
Restriction of the sample by considering only observations with equal treat-
ment status (Fertilizers_Use=Herbicides_Use=1 for TG; Fertilizers_Use=Her-
bicides_Use=0 for CG) resulted in reducing the sample to 93 observations – 46 
in TG and 46 in CG. 

Assessments of the causal effects of production technology intensification 
on yield wheat are given in Table 4. A positive effect of intensification can be 
seen from the wheat-growing practices in the Kulunda steppe of Altai Krai. 
According to the expected value of causal effect, the results showed that crop 
chemical treatment and fertilizers might increase the wheat yield by 1.0-3.5 dt/
ha even under drought conditions in the Kulunda Steppe of Altai Krai. It could 
have brought an additional profit when an average selling price per ton of grain 
of 8,500 rubles in 2012 [8]. The cost of herbicides would have been around 280 
rubles per hectare, while the cost of fertilizers would have been 328 rubles per 
hectare on average.

In general, according to the full matching, the causal effects within the 95% 
confidence interval (CI) resulting from fertilizers input ranged from 0 to 2.0 
dt/ha, from herbicides application varied from 0.7 to 2.8 dt/ha. Application of 
both treatments led to increased wheat yield by 0.6-3.4 dt/ha. The considered 
interventions, among other factors, were statistically significant variables that 
explained the difference of wheat yield between TG and CG (p-value < 0.1). 
We should also note that all methods showed statistically significant differences 
in wheat yield between TG and CG. 

The results also showed that the calculation of causal effect does not satisfy 
the additivity criterion. Thus, it confirmed that the sum of effects (fertilizers and 
herbicides usage) does not equal the causal effect of both treatments. 

We also confirmed that the simple statistical techniques and the genetic 
matching routing, which gave insufficient data balance, estimated the caus-
al effect higher than the full matching procedure. Comparative evaluations in 
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agriculture on large-scale areas such as the Kulunda steppe have to be done 
considering various factors met on farm level (scale of production, legal form, 
climatic conditions, farm specialization, etc.) due to heterogeneity of produc-
tion units and variability of environmental conditions. Therefore, we concluded 
that the full matching estimations were more confident compared with others.

Table 4.
Results of the causal effect estimations of crop technology intensification                         

on wheat yield, Kulunda steppe, Altai Krai, Russia, 2012

Method Statistics
Wheat production technology intensification
Fertilizers 

usage
Herbicides 

usage
Herbicides & 

Fertilizers
Means Comparison:

T-test Expected value
95% CI
p-value

1.85 
(0.68; 3.02)

0.002

2.11 
(1.09; 3.13)

0.001

3.47 
(2.02; 4.51)

0.001
U-test Expected value

95% CI
p-value

1.60 
(0.60; 2.6)

0.002

2.00 
(1.10; 2.90)

0.001

3.20
(2.00; 4.50)

0.001
Regression analysis:

Simple 
linear re-
gression

Expected value
95% CI
p-value

1.85
(0.79; 2.91)

0.001

2.11
(1.05; 3.18)

0.001

3.47
(2.00; 4.94)

0.001
Multiple 
linear re-
gression

Expected value
95% CI
p-value

1.50
(0.48; 2.58)

0.007

2.06
(0.94; 3.18)

0.001

3.12
(1.34; 4.91)

0.001
Propensity Score Matching:

Full 
matching 
method

Expected value
95% CI
p-value

0.96
(-0.03; 1.95)

0.060

1.75
(0.72; 2.77)

0.001

2.02
(0.61; 3.42)

0.006
Genetic 

matching 
method

Expected value
95% CI
p-value

1.29
(-0.22; 2.80)

0.097

2.12
(0.63; 3.60)

0.006

2.71
(0.85; 4.60)

0.005
Notes: CI – the confidence interval. 

Conclusion
This study investigated the causal effect of chemical crop protection agents (in-

cluding herbicides) and fertilizers usage on wheat yield in the Kulunda steppe in 
Altai Krai under drought conditions of 2012. Based on the dataset collected from 
the farmers’ survey and annual reports, we revealed that intensification of wheat 
production technology is one of the possible ways to reduce the yield gap in Altai 
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Krai. All methods showed an improvement in wheat yield, which would cause the 
average wheat yield to increase about 18-64% for farmers who declined chemical 
treatment and fertilizers usage due to various reasons. In fact, they had only 5.4 dt/
ha grain wheat reduced their net profit. We should note that we highlighted positive 
expected wheat yield growth without clarifying dozes and types of plant protection 
products as well as kinds of used fertilizers. The laters significantly define yield vari-
ability within a treated group of farmers. We could not include such information in 
the dataset due to the enormous variability of treatments in current farming practices. 
That creates considerable difficulties in detecting binary forms of interventions. For 
instance, we did not exclude crop rotation as a treatment variable of crop production 
technology for the same reasons. Moreover, such causal effects (nutrient doze or 
chemical plant protection product) can be estimated correctly within the field exper-
iments under local climatic and soil conditions under the same soil tillage system.

Increasing crop productivity, particularly wheat, is a core problem of agricultur-
al development and directly affects the profitability of agricultural enterprises. We 
believe that this study can raise the question of the importance of crop production 
intensification, especially in the light of global warming occurring, effects of which 
have already been seen in Altai Krai. Droughts as one in 2012 occurred more often 
in the last years. We believe that intensification of crop production in line with the 
introduction of modern digital services in agriculture, growing acclimatized wheat 
varieties would lead to a significant improvement in wheat yield in Altai Krai, thus 
improving the local economy. Therefore, we propose that additional funding from 
the local and state governments to develop some digital agricultural services, which 
have analytical functions and can help farmers quantify the causal effect on their 
cultivated fields, would help drive the process of intensification. Additionally, it is 
helpful to implement such services at a regional level to assess the current effect of 
different crop production strategies on a regional scale.

The advantages of the PSM method over other methods are primarily in 
applying pseudorandomization of data, which makes it possible to consider 
the resulting causal effect assessment close to the true causal effect and reduce 
the bias. This method also makes it possible to carry out studies close to exper-
imental conditions on datasets from large areas where experimental research 
is impossible or extremely difficult to conduct, such as agriculture. Balancing 
data via the PSM method provides unit comparisons and causal effect estima-
tion with greater correctness than simple statistical methods. However, it is 
worth mentioning that this method sometimes worsens a data balance [18; 19]. 
Therefore, it is essential to follow the implementation procedure and check the 
data balance at the crucial stages. It is also important to double-check the list 
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of covariates since missing even one causes more bias, thus rendering all data 
balancing made after this useless. 

In light of widespread digital services implementation in agriculture, PSM 
algorithms can be adopted as an element of an applied digital tool in smart agri-
cultural systems. It is possible to create a cloud-based digital system, which can 
suggest the best amount of fertilizers and herbicides used, based on combining 
methods and data from various digital soil moisture and climatic monitoring 
systems. Implementing such technologies in the Kulunda steppe, including ar-
eas in Kazakhstan, would allow farmers to prevent profit loss and minimize 
the yield gap under uncertain climatic conditions. We believe that is the future 
direction of digital technology development in agriculture.
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Appendix A. Results of the data balancing for fertilizer usage treatment.

a) Full Matching method
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b) Genetic Matching method
Source: Authors’ calculations.

Appendix B. Results of the data balancing for herbicide usage treatment.

a) Full Matching method.
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b) Genetic Matching method.
Source: Authors’ calculations.

Appendix C. Results of the data balancing for both treatment usage  
(Fertilizers & Herbicides).

a) Full Matching method
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b) Genetic Matching method.
Source: Authors’ calculations.

Appendix D. Data balance improvement, fertilizer usage treatment.

Variable

Initial balance  
(All data) Matched data Percent 

Balance 
Improve-

ment
Mean 
TG

Mean 
CG

Std. Mean 
Diff.

Mean 
TG

Mean 
CG

Std. Mean 
Diff.

Full matching
Distance 0.36 0.29 0.60 0.31 0.31 0.03 94.3
Sown_area 8297 6632 0.31 7468 7195 0.05 83.6
Labor_ha_Persons 125 164 -0.29 149 160 -0.08 70.8
Farm_Specialization 0.53 0.54 -0.01 0.54 0.55 -0.03 -180.8
Wheat_Share 0.44 0.45 -0.04 0.44 0.46 -0.06 -59.2
Fallow_Share 0.17 0.14 0.21 0.14 0.15 -0.07 67.2
Precipitation 90.8 84.1 0.18 87.0 85.3 0.04 75.2
Type_Ownership 0.65 0.52 0.26 0.57 0.57 0 100
Education 0.59 0.70 -0.24 0.66 0.66 0 100
Herbicides_Use 0.77 0.66 0.25 0.69 0.69 0 100
Obs.
Unmatched 61 135 - 61

0
135
0 - -

Genetic Matching
Distance 0.34 0.29 0.50 0.35 0.33 0.26 48.0
Sown_area 8297 6632 0.31 8375 7736 0.11 61.6
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End of a table
Labor_ha_Persons 125.3 164.3 -0.33 109.8 125.5 -0.13 59.6
Farm_Specialization 0.53 0.54 -0.01 0.52 0.50 0.07 -524.1
Wheat_Share 0.44 0.45 -0.03 0.45 0.44 0.06 -88.1
Type_Ownership 0.65 0.52 0.27 0.62 0.62 0 100
Education 0.59 0.70 -0.23 0.64 0.64 0 100
Herbicides_Use 0.77 0.65 0.26 0.75 0.75 0 100
Obs.
Unmatched 61 135 - 56

5
56
79 - -

Source: Authors’ calculations.

Appendix E. Data balance improvement, herbicide usage treatment.

Variable

Initial balance  
(All data) Matched sample Percent 

Balance 
Improve-

ment
Means 
Treat-

ed

Means 
Con-
trol

Std. 
Mean 
Diff.

Means 
Treat-

ed

Means 
Con-
trol

Std. 
Mean 
Diff.

Full matching
Distance 0.73 0.62 0.71 0.70 0.69 0.06 91.4
Sown_area 7757 5775 0.38 7279 6637 0.12 67.6
Labor_ha_Persons 143.6 171.5 -0.19 158.3 158.7 -0.00 98.5
Farm_Specialization 0.56 0.49 0.22 0.54 0.55 -0.02 90.3
Wheat_Share 0.44 0.46 -0.07 0.44 0.44 -0.01 81.7
Fallow_Share 0.14 0.16 -0.08 0.14 0.13 0.02 73.9
Precipitation 89.3 79.0 0.27 87.8 88.2 -0.01 96.5
Fertilizers_Use 0.35 0.23 0.25 0.31 0.31 0 100.0
Obs.
Unmatched 60 136 - 60

0
136
0 - -

Genetic Matching
Distance 0.72 0.61 0.86 0.82 0.62 1.64 -90.2
Sown_area 7757 5774 0.35 10193.9 5774.7 0.80 -122.9
Labor_ha_Persons 143.5 171.5 -0.21 137.1 171.6 -0.26 -23.1
Farm_Specialization 0.56 0.49 0.24 0.64 0.49 0.52 -115.7
Wheat_Share 0.44 0.46 -0.07 0.42 0.46 -0.19 -140.8
Fallow_Share 0.14 0.16 -0.11 0.14 0.16 -0.16 -42.6
Precipitation 89.3 79.0 0.28 99.7 79.0 0.56 -100.4
Fertilizers_Use 0.34 0.23 0.23 0.23 0.23 0 0
Obs.
Unmatched 60 136 - 60

0
60
76 - -

Source: Authors’ calculations.
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