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Abstract. Green Public Procurement (GPP) of food in Latvia is a tool that directly provides the increase in sales
of local food products via purchases by local communities and state institutions in sectors such as education,
defence, interior, healthcare and welfare. Public procurement within the framework of GPP ensures that the
purchase of the food products or catering services minimizes the environmental impact while having positive social
consequences. The share of local farms in the total directly provided product volumes within GPP is minor and
the bulk of the farm produce goes through wholesale, food processing and public catering companies. The Latvian
agriculture is experiencing continuous structural changes with the consolidation and decrease in farm numbers.
The rate of the farm “disappearance” in rural counties with companies participating in the food GPP is similar to
the counties without such companies. This could lead to the expectations that changes in the farm numbers are not
affected by participation in GPP. While the previous research on the impact of GPP in the European countries has
extensively focused on the environmental, economic and social issues, the causal inference with respect to changes
in farm numbers has not been addressed. Coarsened exact matching (CEM) is the method for the estimation of the
causal effects that has been widely applied to observational data. The advantages of CEM are associated with the
reduction of the differences between multivariate distributions of covariates in treatment and control groups by
pruning the data with splitting into pre-determined bins. The research objective is to evaluate the net impact of the
participation in GPP by a rural county on the number of farms in this county. Considering the participation in GPP
as a treatment variable in the rural county panel data, the results of CEM reveal positive net impact on the farm
numbers in the treated counties. Albeit the direct farm participation in food GPP is negligible, the participation of
other companies in food GPP has positive net direct impact on farm numbers. Participation in a food GPP over the
period from 2018 to 2020 has contributed to sustainability of 2179 farms. Considering that only about 21% of rural
communities have direct participation in food GPP, a modification of the National regulation of GPP towards an
increased preferences for local suppliers would improve the resilience of the farming sector.
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Introduction

Since the initiation in 2017, the food Green Public Procurement (GPP) in value terms in Latvia has
been unstable. According to the publicly available information by the Procurement Supervision Office
(1UB), the average annual food GPP stands at around EUR 145 million [1]. The food GPP in Latvia can
be divided into two broad categories - procurement of food and procurement of catering services. On
the average, the share of catering services procurement fluctuates around 60% of total food GPP.
Specialized catering companies provide around 85% of these services. Food wholesalers and processors
provide around 50% and 35%, respectively, of food procurement. Direct participation of farms in food
GPP either in sole or combined contracts is negligible, as only 46 farms have been engaged in contracts
over the period from 2018 to 2020. On the demand side, educational establishments have 73% share in
total food GPP followed by the armed forces with 17% share.

The role of GPP in Latvian food market often is overestimated. In a study commissioned by a major
local retail network [2], in 2019 the total retail food market size is estimated at EUR 3.30 billion. The
annual turnover of the public catering sector in 2019 adds EUR 0.54 billion [3]. Total food GPP reached
EUR 68 million in 2019. Adding these three numbers yields the total Latvian food market size in 2019
at EUR 3.912 billion. The total food GPP in 2019 amounted to EUR 152 million. Hence, the share of
food and catering GPP in total the Latvian food market stands at about mere 3.9%. Moreover, the market
growth in the segment is limited by mostly unchanged allowances for daily meals in kindergartens and
primary schools, hospitals and care homes, prisons and armed forces.

The previous rather scarce research on the Latvian food GPP is mostly observational and it lacks
the estimation of possible causal inferences between the participation in food GPP and selected socio-
economic variables. Simanovska et.al. [4] regard the existing national legal framework regulating on
GPP as rather vague with a broad range of equally rated criteria. Hence, often less environmentally
beneficial options are chosen. Only in a fraction of tenders so called higher quality products are preferred
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including organic produce or products from integrated farming. National quality schemes are also
shunned. Zvaigzne et.al. (2018) [5] consider GPP an instrument contributing to an increase in local food
sales, jobs and business opportunities for small and medium enterprises. At the same time, in some areas
food GPP is provided almost entirely by large established wholesalers. Analysing GPP in general
without emphasis on food procurement, PelSa [6] stresses the importance of municipal purchases as
promoting a sustainable consumption. However, such suggestion has its caveats. Municipalities tend to
neglect small farm suppliers in favour of mid-term large contracts either in food or catering procurement
thus creating certain advantages for established large wholesalers and caterers. In other countries, the
advantages of an opposite approach are described by Mensah and Karriem (2021) [7]. South African
school feeding programmes with home-grown supplies assume decentralised catering model with
schools purchasing and preparing meals via budgets deposited into their accounts. This makes a vital
contribution to sustainable rural development. Cervantes-Zapana et.al. (2020) [8] regard institutional or
public food procurement programs from family farming (PP-FF) as beneficial to increase in income,
productivity, providing price support and market inclusion in Latin American and Caribbean countries.

According to the information provided by the Eurostat [9], the number of farms in Latvia has
declined from 128.6 thousand in 2005 to 69.1 thousand in 2016. Hence, the average annual decline in
farm numbers over the 2005-2016 period stands at about 4%. Breaking farms in two sets by their
economic size yields about 5% average annual decline in farm numbers in the smaller farm set while
for larger farms there is an 11% increase. The trend changes over the period from 2016 to 2020, when
total farm numbers are virtually unchanged. Nevertheless, the structure in the smaller farm set has
changed recording an increase in non-commercial subsistence and hobby farm numbers at the expense
of commercial farms.

Coming to an end of the continuous decline in farm numbers coincides with the period when GPP
in Latvia was introduced in 2017. This raises a question on the possibility to establish the causal
inference between the participation in food GPP and farm numbers.

Materials and methods

The experimental set of local data provided by the National Data Website [10] is used to retrieve
the information on rural communities in 2017. The information on the farm numbers in 2018 and 2001
is sourced from the Agricultural Census [11]. The data on participation in the food GPP are collected
from publicly available website of the National Procurement monitoring office (1UB).

One of the most popular methods used for causal analysis in observational studies is propensity
score matching (PSM) devised by Rosenbaum and Rubin [12]. They recommend to include as many as
possible pre-treatment covariates for calculations of propensity score. However, King and Nielsen [13]
argue that PSM often increases imbalance, inefficiency, model dependence and bias. Coarsened exact
matching (CEM) was proposed by lacus, King and Porro [14]. lacus et. al. [15] insist that CEM generates
matching solutions that are better balanced with estimates of the causal quantity of interest having lower
root mean square error than methods based on propensity scores. Nevertheless, Black et.al. [16] state
that CEM can produce very different results than the other methods and can produce full sample results
that are inconsistent with subsample results. While it provides reasonable covariate balance, this comes
at the cost of much smaller retained samples than other methods, and thus lower precision. Based on
randomized clinical trials Guy et.al. [17] compare the performance of PSM and CEM. They find both
methods leading to increased balance in pre-treatment baseline covariates, while retaining a majority of
the original data. When there are few pre-treatment variables, CEM yields satisfactory results. As there
are only seven pre-treatment variables available in the experimental set of local data, CEM was selected
for the research purposes.

The participation by the data panel unit in food GPP is considered a binary treatment variable. As
the participation in the scheme is not randomly assigned, there are differences in pre-treatment
covariates between treatment and control groups. The measure for overall imbalance was proposed by
lacus, King and Porro (2008) [18]. It is based on the difference between the multidimensional histogram
of pre-treatment covariates in the treatment and control groups. The first step in preparing the data is
coarsening the pre-treatment covariates into bins. The bin sizes can be selected either by user or, in the
case automated software is used, applied by functions enclosed in the software. One of the methods for
determining bin sizes predominantly used in automated software is the Scott break method [19]. The
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Scott’s rule to choose bin sizes is based on the standard deviation of the data. The formula for
establishing the bin length is:

S = 3.490n" /3, )

where S — bin length in units,
o — standard deviation of the covariate,
n — sample size.

The Rice’s rule is simpler, with bin size calculated as doubled cubed root from the sample size.

The second step after coarsening the variables is forming the strata over the full data sample of
coarsened variables. Each stratum contains the units having equal coarsened values for all k variables.
Only strata with at least one unit in treatment group and control group are kept for further calculations.
The other strata are dropped. The third step is calculations of overall multivariate imbalance, univariate
imbalance for coarsened data samples, as well as difference in means for original data samples for all
variables. The justification for further calculations is confirmed by decrease in multivariate imbalance,
univariate imbalance and difference in means.

The overall imbalance for coarsened data panel is calculated as:
1
Ll(f; g) = 5211...1;( fll....lk - gll...lk ) (2)

where £; — multivariate imbalance,
fl1....zk — k-dimensional relative frequencies for the treated units,

Iy, ~ k-dimensional relative frequencies for the control units.

The overall imbalance shows the similarity (or dissimilarity) between the distributions of selected
pre-treatment covariates among treatment units and control units. All unique values for all covariates
are put into the rows of the contingency table. For every row, in two columns frequencies for treatment
and control groups are calculated. After that, the absolute values of the differences between frequencies
in treatment and control columns are summed up. The calculated sum is divided by two.

The fourth step is the creation of weights for every stratum in the matched data panel. As the
research goal is to evaluate the average treatment effect on treated (ATT), treatment units are unweighted
getting the weight of 1 while control units get weighted:

we = 1, (3)
W, = —X—= 4

where w; — weights for the treated units,
w, — weights for the untreated units,
n; —humber of treated units within the stratum,
n. —number of untreated units within the stratum,
N; —number of treated units in the matched data sample,
N, — number of untreated units in the matched data sample.

The fifth step is the estimation of causal inference with the weighted ordinary least squares
(Weighted OLS) regression. In a matrix form, the weighted OLS regression is performed by regressing
the outcome variable of interest, Y on treatment variable T with some modifications in variable matrices:

B = (TTWT)"TTwy, (5)

where B (2 x 1) — matrix containing intercept 8, and regression slope 3,
T (n x 2) — matrix which first column is set to 1, the second column contains the binary
treatment variable,
W (n X n) — matrix which diagonal contains the calculated weights, the other cells are set
to zero,
Y (n x 1) — matrix containing the v alues of outcome variable,
n — size of the matched data sample.
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The variable of interest, 8, shows the value of the ATT effect.

Results and discussion

As the automated software is not used in calculations, instead of the Scott break method (formula
1) a rather convenient and simplified approach is used for coarsening the pre-treatment covariates into
bins. The variables are coarsened into quartiles. Thus, the coarsened variables can take values from 1 to
4. The original data panel of 504 units is divided into 203 strata containing 106 treated units and 398
untreated units. It means that in only about 21% of all rural communities there are companies
participating in food GPP. After dropping the unsuitable strata, the pruned data panel contains 44 strata
with 83 treated units and 163 untreated units. The calculated overall multivariate imbalance (formula
2), univariate imbalance for coarsened data samples, as well as the difference in means for original data
samples for all variables are shown in Table 1.

Table 1
Multivariate £4 distance, univariate distances and differences
in means before and after matching

Multivariate L1 Before After
distance 0.238 0.103
Pre-treatment Univariate imbalance

variables L1 mean L1 mean
Farms 0.152 30 0.056 18
Area 0.078 14 0.053 11
Population 0.270 1046 0.134 940
Employment 0.294 607 0.129 600
Vacancies 0.284 586 0.129 578
Production 0.301 6310998 0.108 2820293
Value added 0.289 5899096 0.108 5256744

As seen from the table, the multivariate imbalance, univariate imbalances in pre-treatment variables
before and after matching along with the average differences in means of variables all have decreased.
Hence, the research can proceed for the intended estimation of causal inference using the coarsened data
panel. The weights for every panel unit using formulae (3, 4) are calculated and formed into a diagonal
matrix. After that, the regression using formula (5) is performed. The regression results are shown in
Table 2.

Table 2
Results of the weighted OLS regression
Variables B SE t p

Treatment 15.42 9.280 1.66 0.098*

Constant 134.45 5.390 24.94 0.000***

R2 0.011

Adjusted R2 0.007

F(1,261) 2.76

Note: ***p < 0.001, **p < 0.05,* p < 0.1.

As the statistical significance has been reached, the variable of interest, the coefficient for treatment
variable at the value 15.42 shows the changes in farm numbers in a rural community caused solely by
participation at least of one company located in this community in food GPP over the period from 2018
to 2020.

The estimated ATT effect at 15.4 farms shows the direct net impact on the changes in farm numbers
over the three year period from 2018 to 2020. By dividing this number to three, the average expected
annual change in farm numbers with the participation in food GPP is obtained - 5.1 farms.

The gross annual ATT effect at the national level is calculated by multiplying the estimated ATT
annual effect by the number of communities that have participated in GPP from the original data panel
—106 and it equals about 545 farms. In other words, without the participation in GPP in every year from
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2018 to 2020 there would be 545 less farms in Latvia. By multiplying the gross annual ATT to four, the
gross ATT effect over the period from 2016 to 2020 is obtained (Fig. 1).

Gross ATT
w 70000 2179
&
5 200 69050 68980
z 0
2016 2020

Years
Fig. 1. Gross ATT effect from participation in food GPP on farm numbers in 2020

The calculated gross ATT effect at 2179 farms represents the number of farms that would have
ceased the operation if at least one company in the respective community had not directly participated
in food GPP in at least one year over the period from 2018 to 2020. In other words, the sustainability
for about 3.2% of Latvian farms in 2020 is attributable solely to food GPP.

The broader discussion of the results obtained is limited by the scarcity of the research on the topic
in EU. Therefore, it is not feasible to make cross-country comparisons, especially with neighbouring
countries such as Estonia and Lithuania.

Conclusions

1. Coarsened exact matching (CEM) has to be considered a suitable method applied in regional studies
for establishing a causal inference in longitudinal data panels using binary treatment variable.

2. The share of combined food and catering GPP in total Latvian food market stands at about mere
3.9% and it has to be considered a small and stagnant market segment.

3. While the direct farm participation in food GPP is negligible, the participation of other companies
has a positive net direct impact on farm numbers.

4. The positive net average annual direct impact of participation in food GPP on farm numbers in a
single rural community is around 5.1 farms.

5. The positive gross average annual impact of participation in food GPP on farm numbers in the
whole country is around 545 farms.

6. Participation in a food GPP over the period from 2018 to 2020 has contributed to sustainability of
2179 farms. Considering that only about 21% of rural communities have direct participation in food
GPP, a modification of the National regulation of GPP towards increased preferences for local
suppliers would improve the resilience of the farming sector.
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