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ABSTRACT

BACKGROUND: The dynamics of agricultural production have gradually moved toward mechanization
and maximizing efficiency. Understanding the relationship between mechanization and crop yield is crucial
to improve productivity.

AIM: This study assesses the temporal pattern similarity between crop yield and the level of mechanization
(LOM) and examines how LOM influences crop productivity over time.

MATERIALS AND METHODS: The study used ordinary least squares (OLS) regression with interaction
terms for trend analysis and dynamic time warping (DTW) for pattern similarity. Descriptive statistics
(standard deviation, mean, minimum, and maximum) and error metrics (MAE and RMSE) were used to
assess the DTW distance performance between sequences.

RESULTS: The OLS analysis showed almost parallel trend lines (0.038% and 0.053%). The DTW analysis
showed significant temporal alignment, with a 44.4% perfect match and a similarity score of 34 (34 optimal
paths across 28 dataset pairs). Performance evaluation metrics—standard deviation, mean, minimum, and
maximum—were 7.56 x 1073, 1.08 x 1072, 1.42 x 1075, and 3.22 x 1072, respectively. MAE and RMSE
values were 6.33 x 102 and 7.56 x 1073 respectively. Based on these values, average similarity,
consistency, alignment quality, and error metrics were used to assess the level of similarity. These values
indicate high similarity and consistency (based on the low mean DTW distances, standard deviation, and
error metrics), despite occasional poor alignment.

CONCLUSION: The temporal similarity between LOM and crop yield showed that variations in LOM
significantly impacted cereal crop yields. Agricultural productivity could benefit from mechanization
through the use of contemporary technologies, improved supportive policies, and the integration of
sustainable practices.
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AHHOTAIMA

O6GocHoBanme. J[MHaMHKa CEJIbCKOXO3IMCTBEHHOIO IIPOMU3BOJACTBA HAMpPaBJICHA HA IPOTPECCHUBHOE
MOBBIILICHUE YPOBHS MEXaHU3AMM U MakCUMU3aluio 3pdexruBHOCTH. [IoHMMaHNE B3aMMOCBSI3H MEXKIY
MEXaHU3allUed M YPOKAUHOCTBIO CEJIbCKOXO3SMCTBEHHBIX KYJIbTYp HMEET Ba)XKHOE 3HAYEHUE I
MOBBIIIEHHS TPOU3BOAUTEIBHOCTH.

Ienp uccienoBaHusi — OLEHKA BPEMEHHOTO CXOJCTBA MEXIY YPOXKANHOCTBIO CEIbCKOXO35ICTBEHHBIX
KylIbTyp M ypoBHeM MexaHuzauuu (YM), ¢ ymopom Ha To, Kak YM BiMseT Ha YpOXailHOCTh
CEJIbCKOXO3SMCTBEHHBIX KYJIBTYp C TEUEHHEM BPEMEHHU.

Metoabl. B wmccienoBaHum HCIONBb30Ballach MeToJ HanmMeHbIMX kBaapatoB (MHK) c¢ ycioBusamu
B3aMMOJIEHCTBUS JUIsl aHAJTM3a TPEH 1a U IMHAMHYeCKOe BEIpaBHUBAaHNE BPEMEHHBIX [TOCIE0BaTEIbHOCTEN
(ABB), nnst ananuza cxoxactBa nartepHoB. [iist onenku 3¢ dexTuBHOCTH onpeaesneHus pacctosHus BB
MEXly TOCIIEN0BATENIEHOCTAMH HCITOJIB30BAINCh ONACATENbHAS CTATUCTHKA — CTaHAAPTHOE OTKJIOHEHHE,
cpelHee, MUHUMAaJIbHOE U MaKCUMaJbHOE 3HAYCHUSI — HApsily C MOKA3aTeNsIMH OIIMOOK, B 4aCTHOCTH,
abcomoTHOM cpenneii ommoku (MAE) n cpennexBaaparuanoii ombku (RMSE).

Pesyabrarel. Ananmuz MHK BeisiBun moutn mapaisienbHble HarkioHbl nuHUE Tpenma (0,038 u 0,053
nponenTa). Ananu3 BB mnokaszan 3HauuTenpHOE BpeMEHHOE BblpaBHHBaHHE, ¢ 44,4% wuaeanbHOTo
COBMaJICHUSI M OleHKoi cxonctBa 34 (34 onTUManbHBIX MyTH B 28 mapax HAOOpPOB JaHHBIX).
CooTBeTCTBYIOIIME 3HAYEHHUS] METPUK OLEHKH TPOU3BOAUTEIBHOCTH — CTAaHAAPTHOE OTKJIOHEHHE,
cpemHee, MUHUMYM M MakKCHUMyM ObLIM paccuuTasbl kak 7,56x1073, 1,08x1072 1,42x107° u 3,22x107%
sHauenuss MAE u RMSE Obutn Berunciiens! kak 6,33x1073 u 7,56x1073 coorBeTcTBeHHO. Ha ocHOBE 3THX
3HAYEHUI OBLIN UCTIOIB30BaHbI CPeIHEE CXOCTBO, COTTIACOBAHHOCTh, KAYECTBO BHIPABHUBAHHS M OLTHOKU
JUIS OLICHKHM YPOBHS cxozacTBa. HaOopwl 1aHHBIX MPOAEMOHCTPUPOBAIN BBICOKMM YPOBEHb CXOJCTBA U
COIJIACOBAHHOTO BbIpaBHMBaHUS (Ha OCHOBE HM3KHX cpelHMX paccrosnuii BB, cranmapTHOro
OTKJIOHEHHS U OIIMOOK), HECMOTPS Ha HEKOTOPBIE CITyYaH IIOXOTO BEIPAaBHUBAHUSI.

3akmouenue. BpemenHoe cxonctso B JIBB m ypoxallHOCTH MOKa3ano, 4TO ypOXKalHOCTh 3€pHOBBIX
KyJIBTYp 3HaUMTEJIHO 3aBUCUT OT Kosnebanuii B JIBB. Cenbckoxo3siiicTBeHHas NPOLyKTHBHOCTh MOXKET
BBINTPATh OT MEXaHM3ALIMH 32 CYET BHEAPEHHSI COBPEMEHHBIX TEXHOJIOT UM, yTyUIISHUS TOAIEPKUBAIOIITIX
MOJIUTHK ¥ UHTETPAIMH yCTONYNBBIX TMPAKTHK.

KmoueBble ciioBa: BbIPABHUBAHUC NJAHHBIX, TMHAMHUYCCKOC UCKAKCHUC BPEMCHU, MCTOL HAUMCHBIIINX
KBaJgpaToB, OIITHMAaJIbHBIN IMyThb.
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BACKGROUND

Agriculture relies on a diverse range of input resources for successful and efficient production, in
addition to essential cultivation environment, including power sources (humans, animals, and/or
machines) [1]. Agricultural production has progressively advanced toward a highly mechanized
state, striving to maximize output with fewer resources [2—6].The level of mechanization (LOM)
can be measured by the extent to which mechanical power is used in the agricultural sector. One
common LOM indicator is the horse power (hp) per thousand hectares of cultivated land [3,4].

This metric varies over time, particularly in low-income countries, reflecting the influence of
prevailing socioeconomic, governmental, and other factors. Although technological advancements
offer cost-effective and efficient machines, agricultural sectors can be sensitive to investments in
mechanization during economic fluctuations (growth or recession) [5-8]. This progression of
LOM could exhibit periodic trends, influenced by a complex interaction of socioeconomic,
environmental, and policy factors that may fluctuate over time [9], leading to corresponding
variations in the agricultural production and productivity. This can be treated as a time series
problem, and the similarities in the pattern of the fluctuations between the two sequences can be
assessed using the ordinary least square (OLS) and the dynamic time warping (DTW) methods.

OLS is a versatile, widely used technique for establishing statistical relations between parameters.
Sharmaetal. (2011), Larrabee et al. (2014), and Sharma et al. (2013) have used the OLS to analyze
the relationships between crop yields and influencing factors such as average precipitation [10],
soil properties, management practices [11], and product quality and influencing factors [11]. OLS
is useful for analyzing economic factor effect [12], quantifying the effect of farm machinery on
crop yield, identifying the determinants of farm machinery adoption, examining the relationship
between the use of machinery and input resources, and assessing farm machinery investment
feasibility and profitability. It also enhances input management tactics and assesses the combined
impact of equipment adoption and off-farm employment on farm performance [13]. However, it
lacks precision in analyzing the temporal patterns of time series datasets.

The DTW is particularly effective in comparing sequences of similar patterns but differing in
timing, alignment, or length, and finding their optimal alignment [14-17]. In 1978, Sakoe applied
the DTW optimization algorithm to recognize spoken words [16]. The DTW algorithm can also
be used for automatic speech-to-lip alignment [18,19], fingerprint matching validation [20], and
facial and eye detection. It can be used for comparing, aligning, and combining time series
sequences across comparable [17,19] or incomparable spaces in multivariate time series
classification [21]. DTW also facilitates similarity analysis between two sequences of datasets with
temporal variability—whether shifted, scaled, or globally invariant [15]—and supports data
mining for determining averages and indexing [22].

In agriculture, DTW is useful for measuring similarities between two temporal sequences for land
use and land cover classification and mapping [23], for weighted derivative modification of DTW
in crop mapping [24—26], for determining the temporospatial characteristics of agricultural non-
point source pollution loads, and for identifying dominant processes and influencing factors.

The LOM is a significant determinant of production and productivity [8]. In Eritrean agriculture,
particularly in cereal production, the LOM’s modest growth and volatility may contribute to the
insignificant growth trend over the years. To examine the LOM’s effect on production, similarity
analysis can be conducted using time series records of the LOM and yield. However, few studies
have examined the similarity between cereal production and LOM time series datasets, both
globally and in Eritrea, particularly through DTW. Eritrean cereal production varies over the years
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with mild growth, similar to the LOM. However, no scientific evidence establishes this
relationship, effect, dependence, or similarity in pattern between these datasets.

Study Aim: This study analyzes the similarity between cereal production (yield) and the level of
mechanization (LOM) in Eritrean agriculture to examine LOMSs impact on crop yield using
ordinary least squares (OLS) regression method for trend analysis and DTW for pattern similarity
evaluation. By analyzing the temporal pattern similarity between yearly crop yields and LOM
fluctuations, this study evaluates the influence of LOM on agricultural productivity.

MATERIALS AND METHODS

Assessment of the LOM
Power availability per unit area serves as a fundamental parameter in evaluating the extent of
mechanization in agricultural systems. Accordingly, the LOM in kW/ha (hp/ha), as a function of

mechanical power available in a farm, is given by equation 1 [4].
LOM = 25 [1]

i=0
where P; is the machinery power (kW or hp) and L, is the total cultivated area (ha).

According to the United States department of agriculture (USDA), the LOM data for countries
worldwide from 1961 to 2020 is available online in an interactive format [27], allowing users to
inspect the LOM for each year within that range. A freely available CSV file containing diverse,
extensive data, part of which is the total horsepower (in multiples of 1000 hp) of farm machinery
in each country for specific years, is provided. These data were used to determine the LOM in
this study, with the corresponding year’s cultivated area (in multiples of 1000 ha) obtained from
the Eritrean Ministry of Agriculture.

Similarity analysis

A comprehensive multistep analysis was conducted to examine the similarity between the LOM
and yield. First, we used OLS regression with an interaction term for preliminary time series trend
similarity analysis and, second, we used a comprehensive analysis using DTW with robust
similarity metrics. This approach clarifies the temporal relationship between the LOM and yield.
The analysis was conducted in Python using appropriate libraries and packages. To address the
different scales of datasets, the yield dataset was standardized and scaled simultaneously to match
the LOM using equation 2 [28]:

Y-Y
Oy
where Y is the standardized yield; Y is the mean of the yield; ov is the yield standard deviation;
ox Is the LOM standard deviation; and x is the LOM mean.

Y =

S

X0, + X [2]

Ordinary Least Squares (OLS) Regression
The dependent and independent variables were modeled using OLS regression with an interaction
term: Interaction = Year_Centered x (Standardized Yield not NA). “LOM” and “Standardized
Yield” using first combined before configuring the regression model as [29]:

y = 3, + B, xYear _Centered + £3, x Interaction + & [3]
Dynamic Time Warping Distance Similarity Analysis
DTW aligns two datasets using dynamic programming to estimate local costs. For two
multivariate time series sequences, the standard DTW formulation (equation 4) analyzes the time
series x € R™*P and y € Rv*P, where Tx and T, represent the sequential duration of the
respective time series. Both sequences must have the same dimension p [15].
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DTW =min Zn: d(x,—v;) [4]

7eA(i, j)(i,j)er

where A (i, j) is the set of all permissible alignments between x and y. For most instances, the
ground metric d is defined as d(xi, yj) = Ixi — yjI°>. To efficiently estimated similarity, we use
dynamic programming based on the formulation in (equation 4) [14,15,21,30]:

DTW (xatl ! yatz —1)
DTW (X, Y., ) =d(X,, ¥, )+mins DTW(x,, 1,¥,,) [5]

DTW ( Xatl -1 yatz —1)

where x_,; represents the time series x observed up to time t.
The distance matrix of datasets X = {Xa, X, ...xn} and X = {y1, Y2, ...ym} with lengths n and m,
aligned using DTW, is derived from the information contained in the nxm matrix as

d(x,y;) d(x,y,) ..o d(X,Y,)

distMatrix = [6]

d(xn'yl) d(xn’yz) d(Xn’ym)
where distMatrix (i, j) is the distance of point i on X and pointjonY,and 1 <i<nand1<j<

m. The DTW aims to discover the warping path = {m1, m, . . ., mk} of the adjoining elements
that minimizes the cost function.

DT W Algorithm
Input: Two sequences to be aligned: X = {x1, x2, ...xn} and X = {y1, y2, ...ym} and num_iterations
(default is 1) and Output: optimal_path => similarity_score.

Algorithm Steps:
1. Data Alignment:
>No preprocessing is required as sequences are assumed to be aligned.

2. Dynamic Programming: Initialize a cumulative cost matrix A with size (m + 1) x (n + 1)
where m and n are the lengths of x and y, respectively, and initialize all cells of the matrix
with infinity values except for the top-left cell, A [0,0].

> For each cell A[i, j] in the matrix: local cost = |X[i] — Y[j]| => Update X[i] and Y[j] as
Ali, j] = localeost + minA[i — 1, j], Afl, j— 1] Ali - 1, j — 1]

3. Optimal Path Extraction: Initialize an empty list optimal path => start from A [m -1, n — 1]
(bottom-right corner) =>trace back to the top-left corner A [0, 0].

4. Similarity Measurement => similarity score => plot for visualization.

Evaluation of DTW distance similarity performance:

To measure the similarity between yield and LOM, we used the following DTW distance
parameters: mean, minimum, maximum, standard deviation, mean absolute error (MAE) and root
mean square error (RMSE). A combination of these metrics was used to measure the level of
similarity between the time series datasets, with lower values reflective of a better degree of
similarity, and vice versa.

RESULT

The LOM of the country for a specific year is determined by dividing the total available
horsepower in that year by the yearly cultivated area. The crop yield and the LOM over the years
are shown in Fig. 1. The yield followed a pattern similar to the LOM, although decreases and
increases varied, except in certain years where the yield response was affected by rainfall and
other factors. The yield response lagged by one year, as LOM introduced at the start of the
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production season affected the yields later. Therefore, the LOM values were shifted forward by
one year for better alignment (Fig. 1).
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Fig. 1. LOM was horizontally shifted by one year for better analysis, with yield plotted over the years 1993—
2020. The broken line represents standardized yield, while the solid line represents LOM.

Puc. 1. YpoBeHb mexaHunsauun (LOM) coBvHYT Ha OgvH roA Bnepes Ans Ny4ylero aHanuaa, a ypoxan
HaHeceH Ha rpadmk 3a 1993-2020 rogbl; NYHKTUPHAA NUHUA NpeacTaBndeT CTaH4ApPTM3MPOBaHHLIN
ypoxawn, a cnnowHasa nuHus — LOM.

Trend similarity and statistical analysis

The analysis aimed to determine whether the two datasets had similar trends. The slope (%) of
the LOM and yield trendlines (see Fig. 2) were 0.038 and 0.053, respectively (with a small slope
difference of 0.015%). The interaction term’s p-value was 0.123, exceeding the critical p-value
of 0.05, indicating no significant difference between the trends. Overall, the rising slope indicated
that over the past 28 years, an increase in LOM has been associated with an increase in the yield.
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Fig. 2. Trend Similarity between the LOM (red solid line) and crop yield (dark broken line) over the years
1993-2020.

Puc. 2. CxoactBo TeHaeHUUn mexay ypoBHeM Mmexanumsauun (LOM) (kpacHas cnnowHas nuHus) u
YPOXaHOCTbIO CEMbCKOXO3ANCTBEHHbIX KyNbTyp (TEMHas nomMaHas nuHusa) 3a 1993-2020 roabl.
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DTW similarity analysis

The initial segment of the optimal path (Fig. 4), from (1995, 1995) to (2001, 2001), shows a
diagonal alignment between yield and LOM, indicating their close temporal proximity (Fig. 3),
before diverging from (2002, 2001) to (2005, 2001). A deviation from the diagonal indicates
compression and expansion of the time axis, as one element matches many (Fig. 3), reflecting the
temporal variance between yield and LOM.

0.07 1

0.06 1

0.05

Standardized Yield and LOM values

0.03 1

1993
1995
1997 -
1999
2001
2003
2005
= 2007
2009 4
2011
2013
2015
2017
2019

Fig. 3. DTW distance matching involves repeating or compressing points to minimize the distance between
them. The thick line represents the standardized yield, the thin line indicates the LOM, and the green broken
lines show the optimal path finder.

Puc. 3. ConoctaBnenue guctaHumm DTW nyTem NOBTOPEHUsI UMK CaTUS TOYEK TakuM obpa3om, YToObI
MWHUMWN3MPOBATb PacCTOsiHUE MeXAY HUMW; ToncTas NUHUA NPeAcTaBnsieT CTaHAapTU3MPOBaHHLIN
ypoxaw, ToHkasi NnnHus — LOM, a 3enéHble NyHKTUPHbIE NUHMM 0603Ha4aloT NyTb ONTUMAanbHOro Nomcka.

The optimal cumulative cost path navigated the cost matrix by addressing the length differences.
Finally, the path followed the matrix’s diagonal from (2017, 2016) to (2021, 2020), representing
the temporal invariance between the datasets (Fig. 4).

Evaluation of the DTW distance similarity performance:

The DTW distance performance evaluation metrics were as follows: standard deviation (7.56 x
107%), mean (1.08 x 1072), minimum (1.42 x 107°), and maximum (3.220 x 10~2). The MAE and
RMSE were calculated as 6.33 x 107 and 7.56 x 1073, respectively. Based on these evaluation
metrics, further interpretation is provided in the discussion section.

DISCUSSION

Overall, 44.4% of the elements in the two sequences showed perfect temporal matching,
indicating that the timing of the yield and LOM was aligned (see Fig. 4) and, that the yield was
responding to fluctuations in the LOM for 44.4% of the years. In the remaining years, other
factors, such as rainfall, had a greater influence on the yield. However, there was some similarity
in the other sections of the pair of sequences, possibly suppressed by additional factors. The
similarity score was 34, indicating 34 pairs of aligned elements between the two sequences, which
reflects a comparatively higher degree of similarity.
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Fig. 4. Optimal similarity path between the LOM and crop yield from 1993 to 2020.
Puc. 4. OnTumanbHbIi NyTb cxoxecTn mexay LOM u ypoxanHocTbto 3a rogbl 1993-2020.

The level of similarity was assessed using average similarity, consistency, alignment quality, and
error metrics. The mean DTW distances were relatively low, suggesting a fairly similar time
series sequences, on average. The standard deviation of the DTW distances is relatively low,
indicating consistent similarity across the dataset. The minimum DTW distance is small,
indicating good alignment between sequences, although some instances show larger DTW
distances, suggesting occasional poor alignment. The small MAE and RMSE values indicate
close observed DTW distances.

CONCLUSION:

The OLS regression and DTW analysis show a steady increase in LOM and crop yields in Eritrea
over the past 28 years with no significant trend differences, despite low growth rates.
Furthermore, the DTW analysis reveals that 44.4% of the yield variations correlate with
fluctuations in the LOM. This implies that mechanizing agricultural operations in Eritrea
significant impacts crop yield, highlighting the need for enhancing LOM in the country. The
mean distances, standard deviation, minimum value, and error metrics show similar patterns in
both datasets over the years. However, the analysis showed minor disparities in cereal yields with
respect to LOM. While the LOM significantly enhances agricultural productivity, as seen in the
upward trend and optimal alignment of the DTW method, variations in alignment in certain years
suggest that other factors, such as climatic conditions, also significantly impact yield. To augment
LOM’s role in crop yield, recommendations include aligning agricultural mechanization with
sustainable practices, developing adaptable climate policies, investing in new technologies, and
reinforcing environmentally friendly policies for mechanization for sustained development of
Eritrea’s agricultural sector.
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AOMNOJNIHUTENIbHAA NH®OPMALINA

Bkaang aBTopoB. T.A. Menxa — 0030p TuTepaTypbl, KOHIETITyalnu3alus, pa3padoTka HCCIeI0BaHus,
cOOp JaHHBIX, METOJOJIOTYS, aHANM3 U Hanucanue pykonucu; A.I'. JIeBIIMH — TeXHUYECKHE COBETHI U
PYKOBOJICTBO B TeueHHE Bcero mnpouecca ucciaeaopanus; C.JI. Texknmallh — peLeH3UpPOBAHHE U
pelaKTUPOBAaHUE PYKOIUCH Ul MOBBIMICHUS SICHOCTU. Bce aBTOpHI 0100pmiIM PYKONUCH (BEPCHIO VIS
nyOMuKanuu), a TaKKe COIJIACWIMCh HECTH OTBETCTBEHHOCTh 3a BCE AaCHEKThl padOThl, TapaHTHPYs
HaJJIeXkallee PacCMOTPEHUE U PELICHHE BOIPOCOB, CBS3aHHBIX C TOYHOCTBIO M TOOPOCOBECTHOCTBHIO
nr060i1 e€ yactu.

Ituyeckas 3xkcneprusa. Henpumenumo.
Hcrounuku punancupoBanusi. OTCYyTCTBYIOT.

PackpbITHe HHTEpecOB. ABTOPHI 3asBISIOT 00 OTCYTCTBHH OTHOILICHHM, JIESITETEHOCTH U MHTEPECOB 32
NOCJIETHHUE TPU I'0J1a, CBSI3aHHBIX C TPETBUMHU JIMLAMU (KOMMEPUYECKUMH U HEKOMMEPUECKUMH), THTEPECHI
KOTOPBIX MOTYT OBITh 3aTPOHYTHI COICPKAHUEM CTAThH.

OpurunHanabHocTh. [Ipy co31anum HaCTOSIIEH PabOTHl ABTOPHI HE HCIIOIB30BAIH PAHEE OMyOIMKOBAHHBIC
cBeZIeHHs (TeKCT, WILTIOCTPAITUH, TaHHBIE).

Hoctyn k maHHbIM. PefakiioHHas MONUTHKA B OTHOIIEHWH COBMECTHOTO HCIIOJIb30BaHUS JTAHHBIX K
HaCTOsAIICH padoTe He MPUMEHUMA, HOBBIC JIAHHBIC HE COOMpPATU U HE CO3/IaBaJIH.

I'eHepaTuBHBII MCKYCCTBeHHBIN HHTeNIeKT. [lpy co3gaHMKM HaAcTOSAUIEH CTaTbU TEXHOJIOTHUH
FE€HEPaTUBHOIO MCKYCCTBEHHOTO UHTEIJIEKTa HE UCIIOJIb30BAJIU.

PaccmoTtpenne u peuenzuposanme. Hacrosimas pabora monana B )KypHaj B MHULMATUBHOM HOPSIIKE U
paccMoTpeHa 1o 00bIYHOI Iporenype. B perieH3npoBanry y4acTBOBaJIM OJMH BHEIIHUN PEIIEH3EHT, YJeH
PENaKIIMOHHOMN KOJJIETUH U HayYHBIH PEIaKTOp U3aHHUS.
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