VOL. 6 ISSUE. 1 2006) E-2415-5934 htps://jcphs.com

An official Journal of Archives of Global Professionals

Forecasting China's Merchandise Export Growth with Import and

Exchange-Rate Changes
Liangyan Cai
School of Digital Intelligence and Management, Guangzhou Xinhua University, 510520,
Guangzhou, China.
Hanfu Liang
Satbayev University,050013,Almaty, Kazakhstan.

Abstract

This study forecasts the annual growth rate of China's merchandise exports measured in current US
dollars. The target variable is calculated from World Bank WDI merchandise export values [1]. The
predictors include lagged export growth, import growth, exchange-rate change, China's GDP
growth, and world GDP growth. The variable design reflects trade-flow persistence, external
demand, and price-conversion channels discussed in the international trade literature [3, 4, 5]. The
training sample is 1996-2018, and the test sample is 2019-2024. The results show that export
persistence and import growth are informative, but large external shocks make the forecast errors
larger than those in the GDP and consumption papers.
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1. Research Question and Data

The analysis focuses on a single trade variable: the annual growth rate of China's merchandise exports
in current US dollars. The target is narrower than trade competitiveness or industrial upgrading, but
it is suitable for testing whether lagged public indicators contain short-run forecasting information.
The data come from the World Bank WDI database [1]. Merchandise exports and imports are
converted into annual growth rates. The exchange-rate variable is the annual percentage change in
the official RMB per US dollar exchange rate. China's GDP growth and world GDP growth are also
included as broad domestic and external-demand indicators.

The target is export-value growth rather than export-volume growth. This distinction matters because
current-dollar export values are affected by quantities, prices, exchange rates, and product
composition [4, 10]. The results are therefore interpreted as export-value forecasts.

China Merchandise Export Growth: Actual and Egrecast Values
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Figure 1. Actual and foreca? merchandise export growth, 2019-2024
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Source: World Bank WDI; author's calculation using one-year lagged predictors.
2. Variable Construction
All predictors are lagged by one year. This design avoids using information from the forecast year
itself. It also makes the forecasting task harder, because trade flows can change quickly within a year.
Lagged export growth captures trade persistence. Lagged import growth may reflect processing trade
and domestic activity. Exchange-rate change captures a price-conversion channel. China GDP growth
reflects domestic production conditions, while world GDP growth approximates external demand [4,
5]. This variable set follows a trade-flow logic rather than a domestic-demand logic. Imports are
included because intermediate inputs and processing trade can move with later exports. The
exchange-rate variable is included because current-dollar export values may change even when the
physical volume response is smaller. World GDP growth is a rough demand proxy, not a substitute
for destination-market data. The test period from 2019 to 2024 includes trade tensions, the pandemic
shock, global inventory changes, and the 2024 recovery. These events make the export series more
volatile than GDP or household consumption growth.

Table 1. Recent data used in the merchandise export forecast

Year Export Import Exchange rate | China GDP | World GDP
2019 0.51 -2.69 4.42 6.07 2.68
2020 3.62 -0.60 -0.11 2.34 -2.90
2021 28.03 29.69 -6.55 8.57 6.41
2022 6.89 1.01 4.47 3.13 3.40
2023 -4.67 -5.53 5.15 541 2.95
2024 5.85 1.09 1.60 4.98 2.87

3. Model Design

The paper compares a historical mean, a linear regression model, and a random forest [11]. Export
growth is more volatile than the other two targets, so a linear model may be strongly affected by
extreme years. The random forest can represent simple nonlinear splits, although it remains limited
by the small sample. MAE and RMSE are used to evaluate forecast accuracy [14]. Since the target is
current-dollar export growth, errors can arise from price and exchange-rate movements even when
the model captures the general direction of external demand.

The model is intentionally modest. It does not use deep learning, large language models, or high-
dimensional trade data. The aim is to produce a replicable small empirical exercise based on open
data.

4. Forecasting Results

The forecast plot shows that export growth is highly volatile in the test period. The models lag behind
the strong rise in 2021 and the decline around 2023. This is expected because annual lagged variables
cannot fully capture global inventory cycles, freight rates, commodity prices, or trade-policy changes.
Compared with GDP and household consumption, export forecasting produces larger errors. This is
not a failure of calculation. It reflects the fact that export values respond to more external and price-
related factors.

Table 2. Forecast errors for merchandise export growth, test period 2019-2024
Model MAE RMSE
Historical mean 11.896 12.531
Linear regression 11.321 15.389
Random forest 8.204 9.949
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China Merchandise Export Growth: Random-Forest Variable Importance

Lagged export 022
Lagged import 0.20
Lagged exchange rate 0.18

Lagged China GDP 0.22

Lagged world GDP 0.17

Note: normalized split-gain importance from the random-forest model

Figure 2. Variable importance in the merchandise export forecast
Source: World Bank WDI; author's calculation using one-year lagged predictors.
The random-forest importance figure suggests that lagged export growth and lagged import growth
are important predictors. This is plausible because export activity has persistence and because imports
are linked to processing trade and domestic production activity. World GDP growth contributes to
the model, but it is too broad to capture the composition of China's export destinations and products.
A stronger trade model would use partner-country demand or product-level export data, following
the logic of gravity and heterogeneous trade-flow models [2, 3, 7]. The error table confirms that
export growth is a difficult annual forecasting target. The model can organize some information from
lagged indicators, but it should not be read as a complete trade-cycle forecasting system.
5. Discussion
The main strength of the paper is clarity. It defines the export measure, states that the target is current-
dollar value growth, and reports the limitations of annual lagged predictors. The results should
therefore be read as forecast evidence rather than as causal evidence on export competitiveness.
The findings also suggest a practical extension. If monthly customs data are available, the same
design can be applied to a narrower export category, such as automobiles, electronic products, or
textiles. That would reduce aggregation and make the forecast more informative. The trade
interpretation is different from the GDP and consumption papers. Here, the forecast error is not only
a domestic macro problem. It may reflect foreign demand, global inventories, shipping conditions,
commodity prices, exchange-rate valuation, and partner-country policy. A broad export variable is
useful for demonstration, but product-level data would be better for policy or business decisions.
Different export sectors have different price, demand, and exchange-rate sensitivities.
6. Limitations and Replication
The  replication  files  include  export raw wdi.csv,  export model data.csv,  and
export predictions.csv.  The  WDI  indicator codes are TX.VAL.MRCH.CD.WT,
TM.VAL.MRCH.CD.WT, PA.NUS.FCRF, and NY.GDP.MKTP.KD.ZG. World GDP growth uses
the WLD country aggregate. Export and import growth are calculated from current-dollar values.
Exchange-rate change is calculated from the annual official exchange rate. The random seed is fixed
at 20260620, and the random-forest settings are the same as in the GDP and consumption papers.
The main limitation is that current-dollar export values combine quantity and price effects. The model
also ignores partner-country composition and product structure. These limitations should be stated
clearly in any submission version. Another limitation is that world GDP growth is too broad to
represent external demand for Chinese exports. Demand from the United States, the European Union,
ASEAN economies, and emerging markets may move differently. A single global aggregate hides
those differences.
The model also omits shipping costs, commodity prices, tariff changes, and inventory cycles. These
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factors can move export values quickly, especially during periods of global disruption. Their omission

helps keep the exercise simple but reduces explanatory detail.

A stronger extension would use customs data by product group and destination market. The same

random-forest framework could then be applied to a narrower target, such as automobile exports or

electronics exports, where the economic interpretation would be sharper.

7. Conclusion

Lagged imports, lagged exports, exchange-rate changes, and GDP indicators provide some

information for forecasting China's merchandise export-value growth, but the test-period errors

remain large. The study is useful as a small open-data exercise. It shows the mechanics of constructing

a target variable, building lagged predictors, comparing models, and explaining random-forest

importance. The main practical message is caution. A machine-learning model can summarize lagged

trade and macro indicators, but export values are exposed to global shocks that are not fully visible

in annual public data. The model should therefore be used as a baseline, not as a complete forecasting

system. The narrow design is still valuable. It makes the target variable explicit, separates value

growth from volume growth, and shows exactly where the forecast performs poorly.Future work

should move from total exports to a product-destination panel. A model that forecasts, for example,

electric-vehicle exports to several major markets would have a clearer trade mechanism and a more

useful policy interpretation than an aggregate annual value forecast.
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