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Almost every country in the world depends in different amounts on its own
agriculture — it is important for providing its people with food, and its economy
with export profits. In our work we wanted to analyze how can open agricultural
data influence economical data, and examine possibility of predictions based on
this data. For our research we used data from World Bank Organisation, which
provides more than fourteen and a half thousand documents on different indicators
of participant countries since 1960.[1]

We used 20 indicators of more than two hundred countries for the last 60 years.
This includes:

e Arable land (% of land area);
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Land area (sq. km);

Agricultural land (% of land area);

Agricultural land (sq. km);

Employment in agriculture (% of total employment);

Agriculture, forestry, and fishing, value added (% of GDP);

Fertilizer consumption (kilograms per hectare of arable land);

Arable land (hectares per person);

Cereal yield (kg per hectare);

Rural population;

Rural population (% of total population);

GDP (constant 2010 USS$);

GDP growth (annual %);

Access to electricity, rural (% of rural population);

Imports of goods and services (current US$);

GDP per capita (constant 2010 US$);

Imports of goods and services (% of GDP);

Exports of goods and services (% of GDP);

Exports of goods and services (current USS$);

e Agricultural raw materials exports (% of merchandise exports).

Our first step was to analyze correlations in given dataset, so we can find any
helpful patterns. Unfortunately, we found out that most agricultural indicators
correlate weakly with financial ones. We used graphical analysis for further details.
For this, we plotted out all combinations of data and picked out the most
interesting ones for further analysis.

First one is a plot of arable land percentage to fraction of agriculture, forestry and
fish production in GDP. The trend in this dataset is insignificant, its coefficient of
determination is 0.04.

Next trend — agricultural land to same fraction of GDP — is insignificant as well.
The only interesting finding is that big countries, such as Russia, US, Canada,
China and others tend to have about 5-10% of their GDP as GVA from agriculture.
This plot is shown below.
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Graph 1. Agricultural land to Argicultural GVA

Same observation is further proven by further analysis, where we plotted arable
land percentage against total land area of countries. Beforementioned countries
tend to have about 15% of its overall land used for agriculture. Overall arable land
percentage tend to fall as countries grow, and big countries cant use all their land
and cant rely only on agricultural sector.

One of the most significant indicators was urbanization data. It is no surprise that
countries with low urbanization rates tend to have low GDP per capita, proven by
linear regression with rsquared of 0.32 and exponential regression with rsquared of
0.55. However, developing countries with big rural populace percentage tend to
have bigger GDP growth, but this trend is not profound.

Apart from direct analyzis, we tried out machine learning methods to further
analyze our data and explore the possibility of prediction based on our data. For
this, we used different lags: one, three, five and all 60 years. Our target indicators
were GDP per capita and Agricultural export. Both did not yield any reliable
results. Predictions were no more than 10% true. One of the interesting
observations from this though was that algorithm gave employment in agriculture
high weight while predicting agricultural export.

In conclusion, our goal was only partially achieved. We analyzed different
indicators and produced some observations, but it was not enough for fully fledged
predictions. There were no simple and significant correlations based on our data,
and predictions are impossible because most of the dispersion could not be
explained by our models. But this does not mean that there are no connection and it
is likely that applied methodology was not suitable for such reseach. We believe
that further research is needed.

References

1. World Bank Indicators // World Bank URL:
https://data.worldbank.org/indicator (15.03.2021).

29



2. Mexnynaponnas cratuctuka: yueOHuk / bamkatoB B.U., Cypunos A.E.,
Hecrepor JI.W. u np. // Mocksa, 2020. Cep. 76 Briciiee o6pazoBanue (3-¢ u3f.,
nep. u gom) 583 c.

3. AHanu3 pe3ynbTaTOB BCEPOCCUMCKOW CEIIbCKOXO3SIMCTBEHHOW MEPENUCH C
UCIOJIb30BaHUEM METOAO0B MalIMHHOro oO0yuenus / Xaputonoa A.E., Cynnynei
A.A., CxaukoBa C.A. // Byxyuer B cenbckom xo3siiictBe. — 2020. —No 12, —C. 41-
48.

4. HccnenoBanne posi CENbCKOro Xo03sicTBa B (OPMHPOBAHUU JOXOOB
peruonoB / PomanneBa IO.H., TamsyrmunoBa J[.®. // AIIK: Oxonomuka,
ynpasienue. —2018. — Ne 9. — C. 22-31.

VJIK 631:14
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Anoxun Hzopv Anexcandposeuu, cmyoenm 3 Kypca uncmumyma 3KOHOMUKU U
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Kagheopvl cmamucmuku u KUOepHemuKu, UHCMUMYma 3KOHOMUKU U YIPAGIeHUs.

AIIK, ®I'OY BO PI'AY-MCXA umenu K.A. Tumupszesa

Aunnomayun: B cmamve paccmompen ananuz OUHAMUKU IKCNOPMA MACA U 3ePHA
us Poccuiickoii ®edepayuu 6 ycro8usax 6HewlHUX o2paHudeHul. H3yueHvl
0CcoObeHHOCMU  CYWecmB8YIOWUX GHEUHUX O02PAHUYEHUL, BbLAGIEHbl USMEHEeHUs
cocmasa CmMpaH-uMnoOpmepo8 POCCULUCKOU CelbCKOXO3AUCMBEHHOU NPOOYKYULL.
s ananuza Ovliu paccyumauvl noxazamenu OUHAMUYECKUX PAO08, UHOEKC
Pabyesa ¢ yenvro oyewku cmpyKmypHwiX CO8U208 6 CMPAHAX-UMNOPMEPAX,
UCNONIb30B8AHBL 2pAPUYeCcKUll U MAOIUYHBIN MEMOObl.

Knwuesvie cnoea: ananus duHaMuKu, dKcnopm, cmpdaHbl-umnopmepbsl, 6HEeUIHUE
OCPAHUYEHUAL.

Ha cerogusmmuii neHp yBenuueHne 00BEMOB dKCIopTa siBisiercs it PO oqanM u3
BRKHEUIINX MCTOYHUKOB YBEIMYEHHS] TEMIIOB POCTa HAIMOHAIBLHOW 3KOHOMHKH. 32
nepuon ¢ 2014 o 2020 rr. Ha 3KkcHOpT 3epHA U Msica U3 Poccuiickoit @enepanu He
pa3 OKa3bpIBAJIM BIMSIHME BHEIIHWE orpaHuueHus. B coorBerctBuu ¢ TaMOXeHHBIM
Konekcom EADC mnop BHENIHUMH OrpaHUYEHUSIMU TMOHUMAETCS «KOMILIEKC Mep,
MPUMEHSIEMBIX B OTHOIIICHUU TOBApOB, TIEPEMENIAEMBIX Yepe3 TAMOXKEHHYIO TPaHHUILY,
BKJTFOYAIONTMIA Mephl HETapuU(HOTO PETyTUPOBAHMUS, MEPBI, BBOAMMBIC HCXOIS W3
HAIIMOHAIBHBIX HMHTEPECOB, OCOObIE BHJbI 3allPETOB W OrPAHUYCHUMN BHEITHEH
TOPrOBJIA TOBApaMH, MEPBI 3KCHOPTHOIO KOHTPOJS, B TOM YHWCJIE B OTHOIICHUU
MPOAYKIIMM BOEHHOIO HA3HAYEHHUSA, MEPbl TEXHUYECKOIO PETYIMPOBAHUS, a TaKKE
CaHUTApPHO-AIUAEMHUOJIOTHYECKHE, BETEpUHAPHBIC, KAPAHTUHHBIE, (PUTOCAHUTAPHBIE U
paaMaIMoHHbIe TpeOoBaHU) [5].
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