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(Table 1) Literature Reviews on Trade Exports Prediction

Authors Methodology Key variables Purpose of Research
o . 1 GDP, real i X o .
Building export function and rea . real meome Building export forecasting
Hong, 2017 redicting export amount nominal exchange rate, model
P g oxp " FTA, FDI
Park, 2015 Random effect model GDP, GNI, population, Forecasting agriculture
distance trade volume

Mo et al, 2015

GARCH, EGARCH, GJR

Predicting volatility of
Seaborne Trade export volume in
Gwangyang Port

Analysis of turning point,

Composite leading Construction of leading

Lee, 2006 . R indicators index, Export .
Correlation analysis . export index
price index, Exchange rate
International Logistics Competitiveness analysis
Jeon, 2019 Multiple regression Transport. Infrastruct r,e using logistics performance
port, uetu index
Son et al. 2020 Fixed effect model, random effect Logistics performance Verification of variables
” model index(LPI) about domestic exports
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(Table 2) Literature Reviews on Separate Learning

P f ) .
Authors Method Hrpose o Segmentation Technique
Research
Hong et al., Customer purchase Separation based on customer purchase amount by
SVR L .
2010 prediction promotion
Lu Ning et Split customer group into two clusters based on the
al., 2012 Random Forest Churn management assigned weights obtained through Adaboost.
Prediction of . . .
Joo et al., Seasonal ARIMA Passenger in Jeju Separation of airport pe.ts.senger data into trend and
2015 . volatility parts
Airport
Bae et al, ARIMA, VAR, Prediction of real Separating stable market situation when the market
SVM, RF, . L . .
2018 estate price index situation changes rapidly and build model
LSTM
Jo et al., ARIMA, RF, Prediction of Separating datasets by region and improving accuracy of
2020 LST™M apartment price prediction
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(Figure 1) Distribution of Exports




(Table 3) Criteria of Separating Datasets (USD)

Group Name Group Separation Criteria Number of Rows
Group 1 Exports < 10,000 2,626
Group 2 10,000 < Exports < 1,000,000 11,093
Group 3 1,000,000 < Exports < 10,000,000 5,069
Group 4 10,000,000 < Exports < 100,000,000 1,995
Group 5 100,000,000 < Exports 406
Growp 1 Growp 2 Group 3 Group 4 Growp 5

(Figure 2) Distribution of Exports by Group

(Table 4) Descriptive Statistics by Group(USD)

To wehA dlolElE 579 e EFIch

Group 1 Group 2 Group 3 Group 4 Group 5 Whole Dataset
Mean 3,025.7 257,048 3,502,275 30,438,794 735,923,761 17,939,632
S:;:z‘:i 3,022 259,598 2,339,254 21,259,375 3,401,611,749 481,003,321
Max 9,996 999,996 9,998,596 99,796,985 63,695,330,669 63,695,330,669
Min 0 10,017 1,000,844 10,018,681 100,031,034 0
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(Table 5) External Variable List

Variable name

Description

Variable name Description

ratio_fuel

Ratio of exported fuel

eco_growth Economic growth rate

ratio_ores_metal

Ratio of exported metal

trade_balance Trade Balance to Korea

ratio_manufac

Ratio of exported
manufacturing products

Whether South Korea has

FTA
signed FTA in 2017

survival_rate_item
(1~5 year)

Survival rate of each item

Survival rate of company
by country

survival_rate_company
(1~5 year)

marine_freight

World Seaborne Trade

air_freight Air traffic trade

GDP_real
GDP_Nominal
GDP_Deflator

GDP deflator

The number of
active/entering/exiting
companies by country

Active company
Entering company
Existing company

CS_price

Consumer Price Index(CPI)

LPI Logistic Performance index

Small firm export
Mid_firm_export
Big_firm_export

Exports and export growth
rates of small/mid/big firm

The amount of
active/entering/exiting
money by country

Active money
Entering money
Existing money

(Table 6) Derived Variable List

Variable name

Description

Variable name Description

Exports of one item in one

RCA Revealed Comparative Advantage hs_counrty share country / Whole exports of
all items in one country
Comparative Advantages by . Average distance — distance
CAC Countries range_distinct with South Korea(by item)
Gross Domestic Product per
GDP_per_person . SHARE RATE Market share
capita
. . Export increase /
gravity GDP / distance GROWTH_RATE
Decrease rate

country_share

Whole exports of one item in
one country / Whole exports of -

one item in all countries
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F3F Stepwise Selection
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(Table 7) Model Description

Model No. Model Description
Model 1 Train whole dataset with LightGBM
Model 2 Group 1~Group 4 — LightGBM without separated learning method
Group 5 — Exponential moving average
Model 3 Group 1~5 — LightGBM with separated learning method
Model 4 Group 1~Group 4 — LightGBM with separated learning method
(Suggested Model) Group 5 — Exponential moving average

(Table 8) Prediction Accuracy by Model Structure (USD)

Ul

Model 4
Model 1 Model 2 Model 3 (Suggested Model)
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Whole
Dataset 8,404,585 | 202,572,091 | 4,303,968 | 46,595,205 | 6,799,060 | 136,949,211 | 4,097,177 46,533,099
Group 1 2,269 3,368 2,269 3,368
Group 2 108,084 167,801 108,084 167,801
1,357,196 4,869,561
Group 3 8,404,585 202,572,091 1,110,682 1,611,359 1,100,682 1,611,359
Group 4 8,552,013 13,574,801 8,552,013 13,574,801
Group 5 153,690,929 | 333,217,413 | 293,398,034 | 984,299,585 | 153,690,929 | 333,217,413
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g Fze) ®dg msg, 2+ = v
E_ O:]:[Loﬂk]‘:_ j=R=]Ke) oﬂz. A]1=0 l:l‘ 7].1] H}
o - =18 45 : °; : ° A& <Table 7>?+ 7ELE}.
A _Q vl 2 3 7}3] = A = do
0| %qz**b—ﬂlﬂé 3, F HAZE . s
T ] U} ]~—| 0o = ]‘ﬁ ;T o Ho og ;(«];q] ];-]]o]]:/] nghtGBM_Q_ @j'—.%\_-g}
- = R -
£ GEFe BE AF A WA oo o e

th HU7l AFXEE BF MAES RMSES A&
ot

s 2l F84S AFsr] 98]
2 Tz mE dF AsE vudd £
TollA AR EElehs 2
Q=S vwEgom AL

=29 13 FARSA, 73h
o slgste HolB W Aol EH TR 53
AA ol E TRH~T5
E UAA BYstsS o, Agelsdde A
43514 93 25 LightGBMS A3 mdllo|t},
npA RO 2 RE 4= B AFoA Aokg Y

2, T{H~TZHE LightGBMO.Z o Z3}a
50 Gk HolH e Aol sHTOE 9
53 2do|t},

mdojt}, 2 32



(Table 9) Prediction Accuracy by Algorithm (USD)

Linear Regression SVR Random Forest LightGBM
MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Whole dataset 6,133,309 | 110,743,562 4,942,853 | 54,908,829 4,111,969 | 46,545,150 4,097,177 | 46,533,099
Group 1 2,325 3,413 2,216 3,024 2,194 3,239 2,269 3,368
Group 2 239,842 2,945,087 176,758 255,019 108,705 169,438 108,084 167,801
Group 3 8,308,857 | 205,334,174 3,645,118 | 59,003,138 1,100,400 1,620,096 1,100,682 1,611,359
Group 4 11,137,744 | 17,595,025 | 10,690,474 | 19,290,933 8,706,564 | 13,646,544 8,552,013 | 13,574,801
Group 5 153,690,929 | 333,217,413 | 153,690,929 | 333,217,413 | 153,690,929 | 333,217,413 | 153,690,929 | 333,217,413
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Abstract

Export Prediction Using Separated Learning
Method and Recommendation of Potential
Export Countries*

Yeongjin Jang** - Jongkwan Won*** - Chaerok Lee****

One of the characteristics of South Korea’s economic structure is that it is highly dependent on
exports. Thus, many businesses are closely related to the global economy and diplomatic situation. In
addition, small and medium-sized enterprises(SMEs) specialized in exporting are struggling due to the
spread of COVID-19. Therefore, this study aimed to develop a model to forecast exports for next year
to support SMEs' export strategy and decision making. Also, this study proposed a strategy to recommend
promising export countries of each item based on the forecasting model.

We analyzed important variables used in previous studies such as country-specific, item-specific, and
macro-economic variables and collected those variables to train our prediction model. Next, through the
exploratory data analysis(EDA) it was found that exports, which is a target variable, have a highly skewed
distribution. To deal with this issue and improve predictive performance, we suggest a separated learning
method. In a separated learning method, the whole dataset is divided into homogeneous subgroups and a
prediction algorithm is applied to each group. Thus, characteristics of each group can be more precisely
trained using different input variables and algorithms. In this study, we divided the dataset into five
subgroups based on the exports to decrease skewness of the target variable. After the separation, we found
that each group has different characteristics in countries and goods. For example, In Group 1, most of the
exporting countries are developing countries and the majority of exporting goods are low value products
such as glass and prints. On the other hand, major exporting countries of South Korea such as China, USA,
and Vietnam are included in Group 4 and Group 5 and most exporting goods in these groups are high

value products.
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Then we used LightGBM(LGBM) and Exponential Moving Average(EMA) for prediction.
Considering the characteristics of each group, models were built using LGBM for Group 1 to 4 and EMA
for Group 5. To evaluate the performance of the model, we compare different model structures and
algorithms. As a result, it was found that the separated learning model had best performance compared
to other models. After the model was built, we also provided variable importance of each group using
SHAP-value to add explainability of our model.

Based on the prediction model, we proposed a second-stage recommendation strategy for potential
export countries. In the first phase, BCG matrix was used to find Star and Question Mark markets that
are expected to grow rapidly. In the second phase, we calculated scores for each country and
recommendations were made according to ranking. Using this recommendation framework, potential export
countries were selected and information about those countries for each item was presented.

There are several implications of this study. First of all, most of the preceding studies have
conducted research on the specific situation or country. However, this study use various variables and
develops a machine learning model for a wide range of countries and items. Second, as to our knowledge,
it is the first attempt to adopt a separated learning method for exports prediction. By separating the dataset
into 5 homogeneous subgroups, we could enhance the predictive performance of the model. Also, more
detailed explanation of models by group is provided using SHAP values.

Lastly, this study has several practical implications. There are some platforms which serve trade
information including KOTRA, but most of them are based on past data. Therefore, it is not ecasy for
companies to predict future trends. By utilizing the model and recommendation strategy in this research,
trade related services in each platform can be improved so that companies including SMEs can fully utilize

the service when making strategies and decisions for exports.

Key Words : Exports prediction, Machine learning, Separated learning, LightGBM, SHapley value
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