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Abstract

The escalating trade war between China and the United States, initiated in 2018,
has significantly impacted the trade pattern of these two nations. This event can be
treated as an intervention which has led to a series of retaliatory actions, resulting
in substantial economic and trade frictions between the two largest economies. This
paper aims to analyze the economic impacts of the trade war effects using advanced
econometric techniques. Our empirical study employs panel data analysis combined
with a factor model, inspired by the methodologies of Hsiao, Ching and Wan (2012)
and Bai, Li and Ouyang (2014), to construct trade patterns for both China and the US.
By using annual trade data from multiple countries as a control group, we construct
counterfactual results for China’s and the US’s imports, exports, and trade balance,
respectively. Under a non-stationary setting, the counterfactual results indicate a sig-
nificant decline in China’s exports and a notable reduction in its trade surplus with
the US post-2018. Meanwhile, US imports from China decreased, aligning with the
trade war’s goal of reducing the trade deficit, while US exports to China unexpectedly
increased, possibly influenced by the Phase One trade agreement. Furthermore, our
method, compared to other approaches, demonstrates superior accuracy and reliability
in illustrating the effects of the trade war.
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1 Introduction

In March 2018, President Trump signed a presidential memorandum based on the results of

the “Section 301 Investigation”, planning to impose large-scale tariffs on goods imported from

China and to restrict Chinese companies from investing in and acquiring U.S. businesses.

Over the following two years, the Trump administration continuously imposed additional

tariffs, escalating economic and trade frictions between the U.S. and China. In July and

August 2018, the U.S. government imposed a 25% tariff on $50 billion worth of Chinese

imports in two batches. In response, China implemented equivalent measures of the same

scale, targeting American products. By September 2018, the U.S. imposed a 10% tariff

on $200 billion worth of Chinese goods. As a response, China levied tariffs on $60 billion

worth of U.S. goods. Over time, the U.S. reneged on its commitments and continued to

apply maximum pressure, escalating the trade war by imposing tariffs on approximately

$370 billion worth of Chinese goods. After President Biden took office in January 2021, the

U.S. further escalated tensions, launching the so-called “strategic competition with China

through measures such as tariffs, export controls, and industrial subsidies. The motivations

behind these trade sanctions are multifaceted. First, the U.S. sought to reduce its significant

trade deficit with China. Second, it criticized China for not providing fair and mutual market

access to American companies. Finally, accusations of intellectual property theft by China

served as a major catalyst for initiating the trade war.

While this study does not aim to explore the entrenched causes of the trade war, its

objective is to analyze the effects of this conflict on both countries within the context of

global economic integration. The trade war between the U.S. and China – given the scale

of the tariffs and the size of the economies involved – has had, and may continue to have,

significant impacts on the trade formats of both nations. This raises several critical questions:

”What if” the trade war had never occurred? How would China’s export scale have evolved?

What would have been the scale of U.S. imports? Would these changes have had positive,

negative, or neutral effects on the two economies? To answer these questions, we employ

causal inference techniques that help identify the causal relationships between variables by

comparing observed outcomes under conditions where the intervention did not occur.
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The literature on causal inference in trade war studies spans various methodological ap-

proaches, with notable reliance on techniques like the difference-in-differences (DiD) method

and the synthetic control method (SCM). The DiD estimates causal effects by comparing

changes in outcomes between the treatment and control groups, adjusting for time-varying

confounders, while the SCM creates a synthetic control by weighting control units to con-

struct a counterfactual for the treated unit. Both methods, which fall under the broader

category of quasi-experimental designs, are effective for isolating causal effects under specific

assumptions. However, these methods can be limited when dealing with non-stationary time

series data. To address these challenges, this study draws on the econometric frameworks

introduced by Hsiao et al. (2012) (HCW) for stationary time series and extended by Bai et al.

(2014) (BLO) to nonstationary scenarios, termed as panel data analysis (PDA) approach,

which leverages the structure of panel data to model complex dynamics and generates coun-

terfactual scenarios. These methods are particularly well-suited for capturing the evolving

impacts of the trade war.

By using the HCW and BLO methods, this study enhances causal inference in the con-

text of trade wars, offering a more dynamic and robust analysis compared to traditional

approaches. Our analysis contributes to the literature by introducing advanced econometric

models that capture complex patterns from a causal inference perspective. Unlike previous

studies, which predominantly report negative effects for both countries, our findings reveal

mixed effects on trade flows between the U.S. and China. Furthermore, our methodology

generates more reliable and interpretable counterfactual results in a non-stationary setting

compared to the traditional SCM or its modified versions, such as the approach proposed by

Li and Sonnier (2022).

The remainder of this paper is organized as follows. Section 2 reviews the literature

on the effects of the trade war and causal inference studies, particularly those utilizing

panel data analysis. Section 3 outlines the econometric framework employed to estimate

counterfactual outcomes. Section 4 presents an empirical study applying the econometric

methods introduced in Section 3 to analyze the trade war’s impact on global and bilateral

trade patterns between the U.S. and China. This section also compares our findings with

results from alternative methods, demonstrating the robustness of our approach. Finally,
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Section 5 concludes the paper.

2 Literature Review

The literature on the US-China trade war employs a variety of methodologies, reflecting

the diverse perspectives on its economic impacts. While some studies apply causal infer-

ence techniques to isolate the effects of the trade war, others focus on descriptive analyses,

case studies, or structural models. The trade war has generated significant economic con-

sequences, prompting researchers to explore its effects using a range of methods. Among

the most common are the SCM, DiD, and computable general equilibrium (CGE) models.

For instance, Fajgelbaum and Khandelwal (2022) found that while the trade war initially

reduces the US trade deficit and increases China’s trade surplus in short run, it exacer-

bates the trade deficit in the USA and diminishes the trade surplus in China in the long

run. In addition to this, Li et al. (2018) examined the impacts of varying tariff levels, con-

cluding that trade wars generally harm most countries, particularly in terms of GDP and

manufacturing employment, though they can benefit welfare and trade. However, the study

primarily discusses potential outcomes rather than empirically observed effects. Similarly,

Goulard (2020) assessed the trade war’s impact on the EU, noting short-term benefits from

trade diversions but warning of significant risks to global economic stability. Their analysis

highlights how the US-China trade conflict could bring short-term trade advantages to the

EU, yet the broader implications remain threatening for global stability and growth. Further

research has focused on specific sectors, such as Qiu et al. (2019), exploring the impact on

international feed grain futures markets and Chinas pork market using Granger causality

and the DCC-GARCH model. Their findings indicate that the trade war significantly in-

creased volatility in Chinese pork prices. On a more macroeconomic scale, Steinbock (2018)

contributed to the discussion on the potential for global economic decoupling and the risks

tied to the USs foreign policy, although their study was limited by data and methodological

constraints. The CGE model has been widely used to quantify trade war impacts, as demon-

strated by studies such as Fajgelbaum and Khandelwal (2022), Li et al. (2018), and Cui et al.

(2018). Finally, Fan et al. (2022) applied the DiD method to analyze how tariff trade barriers

3



affect the operational performance of domestic firms, emphasizing the relationship between

geopolitical uncertainty and firm performance. While the DiD method effectively controls

for time-invariant unobserved heterogeneity and is relatively straightforward to implement,

it assumes parallel trends in the absence of treatment, a limitation highlighted by Hsiao

et al. (2012), noting that this assumption may not capture dynamic effects over time.

Some studies focus on the evolving relationship between China and the US over time, of-

fering valuable insights to enhance the understanding of our analytical results. For example,

Itakura (2020) constructed three scenarios for the period 20112035 using a modified model

incorporating global value chains. They analyzed the effects of US tariff increases on imports

from China across various goods categories. Expanding on this, Chong and Li (2019) argued

that the economic impacts on China remain manageable even under worst-case scenarios.

They also highlighted fundamental conflicts that could lead to prolonged economic ten-

sions between the two countries. Similarly, Jiao et al. (2024) focused on Chinese exporters,

finding that free-on-board prices of Chinese exports remained stable after accounting for

firm-specific fixed effects. Although exports to the US decreased significantly, there was a

moderate increase in exports to the EU, and sales within China or to other international

markets remained largely unaffected. Further, Hanson (2020) analyzed the direct correlation

between tariffs and US prices, noting a nearly one-for-one impact. However, they concluded

that these tariffs are unlikely to significantly affect manufacturing employment in the United

States, and not all US imports were subject to them. In a broader context, Liu and Woo

(2018) recommended that China should enhance trade and investment reciprocity with other

developed economies, while advising the US to distinguish between strategic and economic

competition. This approach could foster long-term mutual benefits instead of immediate

zero-sum outcomes. Other researchers have examined trade impacts through different the-

oretical aspects. For example, Qiu et al. (2019) explored various trade theories, including

imperfect competition, increasing returns, terms of trade, and distributional effects, to of-

fer a comprehensive understanding of the trade war’s implications. Meanwhile, Kapustina

et al. (2020) provided a detailed timeline of trade war milestones, emphasizing the political

dimensions alongside economic consequences. However, our study focuses exclusively on the

economic impacts, leaving political considerations outside its scope. Finally, Teimouri and
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Raeissadat (2019) investigated the trade wars side effects on countries within the Association

of Southeast Asian Nations (ASEAN). Their findings indicate that China has a larger export

share and deeper influence in poorer ASEAN countries compared to the US. Moreover, they

noted that US tariffs have had minimal impact on ASEAN economies.

Clearly, the existing literature has laid a solid foundation for understanding the back-

ground and reasons behind the trade war’s effects on national and global economies. As

expected, many studies highlight negative outcomes from various perspectives. However,

some fall short in offering sophisticated econometric models capable of capturing the intri-

cate patterns underlying these impacts. To address this gap, we adopt the PDA method

based on the factor model for panel data proposed by Hsiao et al. (2012), which has been

successfully employed by many studies such as Bai et al. (2014), Ouyang and Peng (2015),

and Ke and Hsiao (2022), and further extended by Bai et al. (2014) and Li and Sonnier

(2022). Building on this foundation, we enhance the methodology by integrating general-

ized factor models developed by Bai et al. (2014), which extends the basic factor model to

account for more complex data structures and interactions. Additionally, we incorporate

the advancements proposed by Li and Sonnier (2022) for scenarios involving a single treated

unit and a fixed number of control units with long panels. Using the projection theory,

their approach demonstrates that modified synthetic control estimates and unconstrained

estimators under HCW method are asymptotically distributed. By applying this advanced

statistical framework, our study aims to provide a clearer and more detailed understanding of

the trade war’s impacts on China and the US. This contribution is expected to address exist-

ing methodological limitations in the literature and offer valuable insights into the economic

implications of the trade war.

3 Econometric Framework

In this section, we outline the econometric framework employed to estimate the effects of

the trade war. While the observed impacts on the economies of China and the US are well-

documented, the hypothetical scenario in the absence of the trade war remains unknown.

To address this, constructing credible counterfactuals is essential, as these represent the
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economic outcomes that would have occurred without the intervention. Several methods for

counterfactual construction have been proposed in Section 2, each built upon distinct sets

of assumptions (Abadie and Gardeazabal (2003); Abadie et al. (2010); Hsiao et al. (2012);

Ouyang and Peng (2015); Li and Sonnier (2022)). In this study, we adopt the HCW approach,

which utilizes observed outcomes from a control group to estimate counterfactuals, along with

insights from Bai et al. (2014) to refine the estimation. This method is particularly suitable

for our analysis as it accounts for unobserved heterogeneity influencing trade dynamics,

ensuring a robust framework for evaluating the trade war’s causal impacts.

We consider an outcome of interest denoted by Yit for unit 1 ≤ i ≤ N at time 1 ≤ t ≤ T .

A single treated unit receives an intervention starting at time T0, while control units remain

unaffected throughout the study period. The intervention1 is indicated by Dit, where Dit = 1

signifies that unit i receives the intervention at time t, and Dit = 0 otherwise. A single

treated unit receives an intervention starting at time t depending on the historical sequence

of treatment indicators preceding t. By adopting the notations from Robbins et al. (2004)

and Boruvka et al. (2018), the potential outcomes influenced by prior treatment applications

are defined as follows. Let Yit(1) and Yit(0) represent the potential outcomes for unit i if it

were treated or not treated, respectively, from time T0 onward:

Yit(1) = Yit(0 · · · 0󰁿 󰁾󰁽 󰂀
T0

, 1 · · · 1󰁿 󰁾󰁽 󰂀
T−T0

) and Yit(0) = Yit(0 · · · 0󰁿 󰁾󰁽 󰂀
T0

, 0 · · · 0󰁿 󰁾󰁽 󰂀
T−T0

).

Following the framework of Hsiao et al. (2012)2, the first unit receives treatment starting

at time T0, such that Y1t = Y1t(1) for t = T0 + 1, . . . , T , while the remaining units remain

untreated, Yit = Yit(0) for i = 2, . . . , N and t = 1, . . . , T .

The treatment effect for the unique treated unit, i = 1, over time t from T0 + 1 to T is

defined as:

τt = Y1t(1)− Y1t(0),

and its average treatment effect (ATE) is given by τ = E [Y1t(1)− Y1t(0)]. In practice, both

τt and τ are estimable only if Y1t(0) would be observable, denoted by τ̂t and τ̂ , respectively.

1In this paper, we use the terms intervention, exposure, and treatment interchangeably.
2Throughout the paper, the method described by Hsiao et al. (2012) is equivalently referred to as the

“HCW” or “PDA” or “factor model”.
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Specifically, τ̂ can be estimated over the entire policy evaluation period [T0 + 1, T ] as τ̂ =
󰁓T

t=T0+1 τ̂t/(T − T0) if Y1t(0) would be observable. The primary challenge lies in the fact

that Y1t(0) is generally unobservable and may exhibit nonstationary behavior, so that it

complicates its estimation.

To estimate the counterfactual outcome Y1t(0) for the treated unit after treatment, we

employ the HCWmethod, utilizing outcomes from the control group. Specifically, we assume

that the N cross-sectional units, denoted by Yt = (Y1t, . . . , YNt)
⊤, are generated from the

following factor model:

Yt = a+Bft + ut,

where a are N × 1 fixed unit effects, ft is an r × 1 vector of common factors, B is an N × r

factor loadings, and ut are N × 1 idiosyncratic error term with E(ut|a, ft) = 0. Then, under

certain assumptions (see Assumption 5 in Bai et al. (2014)), it follows from Proposition 2.1

in Bai et al. (2014)3 that the model for the treated outcome Y1t can be simplified to:

Y1t = γ0 + γ⊤
1 Ỹt + e1t, (1)

where Ỹt = (Y2t, . . . , YNt)
⊤ denotes the outcomes of the control units4.

In the HCW method, the factor ft was initially assumed to follow a strictly stationary

process. However, in our empirical study, variables may be nonstationary and endogenous.

To address these difficulties, Bai et al. (2014) and Li (2020) showed that, under regularity

conditions, the presence of mildly endogenous regressors does not compromise the consistency

of the least squares estimators γ̂0 and γ̂1. Consequently, the counterfactual outcome Y1t(0)

can be estimated by (1) as Ŷ1t(0) = γ̂0 + γ̂⊤
1 Ỹt for t ≥ T0 + 1.

The steps for estimating counterfactual results are summarized as follows:

1. Estimation of Unobserved Factors: We assume that the control units are un-

affected by the treatment, allowing their observed outcomes to serve as a basis for

3Refer to Bai et al. (2014) for further details.
4In practical applications, the model in (1) can be extended to include a p-dimensional vector of exogenous

covariates, Xt, as follows:
Y1t = γ0 + γ⊤

1 Ỹt + γ⊤
2 Xt + e2t.

However, in this study, we do not include such covariates in our analysis.
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estimating the latent factors ft. In our empirical analysis, these latent factors are

approximated using the outcomes of the control group. Specifically, from (1), we do

not estimate ft directly but instead run the regression model specified in (1) for the

pre-treatment period (1 ≤ t ≤ T0) to obtain γ̂0 and γ̂1.

2. Predicting Counterfactuals: The counterfactual outcomes for the treated unit,

assuming the absence of treatment, are predicted using the estimated coefficients. The

counterfactual outcome at time t is computed as Ŷ1t(0) = γ̂0 + γ̂⊤
1 Ỹt for t ≥ T0 + 1.

3. Calculation of Treatment Effects: The treatment effect for the treated unit at each

time t is calculated as the difference between the observed outcomes and the predicted

counterfactual outcomes as τ̂1t = Y1t − Ŷ1t(0).

4 Empirical Study on Evaluating Trade War Effects

The China-US trade war, which began in 2018, represents a pivotal moment in interna-

tional economics, fundamentally altering trade dynamics between two of the world’s largest

economies. This empirical study seeks to assess the ongoing impacts of the trade war on

China and the US using a causal analysis framework. Given the complexity and world-

wide effects of this event, accurate evaluation requires a nuanced approach, using advanced

econometric techniques to effectively capture these shifts.

A key requirement for applying the HCW method is the careful selection of a control

group. For example, the control group should share economic characteristics with the treated

unit, China for instance, such as being export-oriented, while remaining unaffected by the

trade war. However, the interconnected nature of the global economy poses challenges in

constructing a perfectly matched synthetic control group, as no country or group can fully

replicate Chinas trade dynamics. Despite this inherent limitation, this study strives to

construct credible comparisons that highlight the multifaceted effects of the China-US trade

war while mitigating potential biases from these assumptions.

The evaluation process is divided into three main parts. First, we describe the dataset,

detailing its characteristics and presenting results from the augmented Dickey-Fuller (ADF)
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tests applied to each country’s trade data. Second, we analyze the trade war’s effects from

two perspectives: a “global view” and a “China-US trade view”, to examine its impact on

both nations5. Finally, we compare the results obtained using the HCW method with those

derived from alternative methods, including the SCM and the modified synthetic control

(MSC) approach, to assess the robustness and reliability of our findings.

4.1 Data Description

The ChinaUSA trade war officially began in March 2018, although its economic impacts

were already evident by January 2018. Therefore, the intervention point for the analysis is

set in 2018. This study evaluates the trade war’s ongoing effects on the trade performance

of both China and the United States, noting that the starting point for available data differs

across scenarios.

4.1.1 Global Perspective on China Trade

For this part of the analysis, we use annual total export and import data6 for China from

1988 to 20227. The control group consists 17 countries, including South Korea, Japan, Aus-

tralia, New Zealand, Thailand, Vietnam, Malaysia, Indonesia, Singapore, India, Germany,

Italy, France, South Africa, Mexico, Brazil, and Argentina. These countries were selected

to provide a robust benchmark for modeling China’s trade performance, considering their

economic characteristics and trade dynamics.

The analysis covers 18 countries, with China as the treated unit and the remaining 17 as

the control group. The treatment is assumed to begin in year T0 = 30 (2018), and the total

duration of the study spans T = 35 years of time. The factor model introduced in Section 3

is applied to construct counterfactual outcomes for Chinas total exports, imports, and trade

balance. This approach enables us to quantify the trade wars overall impact on Chinas trade

performance.

5Due to China and the US adopting different statistical standards for calculating trade imports and
exports, the following analysis separates the data for China and the US.

6Data Source: World Integrated Trade Solution
7This study utilizes the most recent and comprehensive trade data available at the time of the research.
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4.1.2 Global Perspective on US Trade

For the analysis of the United States’ international trade, we use annual total export

and import data spanning from 1988 to 2022. The control group comprises 23 countries:

South Korea, Japan, Australia, Thailand, Vietnam, Malaysia, Indonesia, Singapore, India,

Germany, Italy, France, Mexico, Brazil, the United Kingdom, the Netherlands, Canada,

Spain, Turkey, Poland, Switzerland, the United Arab Emirates, and Austria.

To assess the impact, we apply the factor model to synthesize potential outcomes for the

US’s total exports and imports as if they were unaffected by the trade war, thus evaluating

the general impact of the trade war on US international trade. For this scenario, the mea-

surements include 24 countries in total with one unit in the treatment group and 23 in the

control group, spanning a total duration of T = 35 time units.

4.1.3 Bilateral Trade of China and the US: China’s Perspective

The second part of the analysis examines the trade relationship between China and

the US. Using trade data with other countries, we estimate potential trade outcomes and

compare the impact of the trade war on both nations.

From China’s perspective, the dataset spans from 1992 to 2022 8. Here, the treated unit

is China’s total trade with the US, while the control group consists of 20 of China’s major

trade partners: South Korea, Japan, Australia, New Zealand, Thailand, Malaysia, Indonesia,

Singapore, India, Vietnam, Germany, Italy, France, South Africa, Mexico, Brazil, Canada,

Netherlands, Russian Federation, and the UK. This selection ensures a representative and

comprehensive view of potential trade outcomes between China and the US. The analysis

encompasses a total of 21 countries, with one treated unit and 20 control units, spanning a

total duration of T = 31 time units, and T0 = 26.

4.1.4 Bilateral Trade of China and the US: US Perspective

From the US perspective, the analysis focuses on US trade with China as the treated

unit, with data spanning 1991 to 2022. The control group consists of 18 key trade partners:

South Korea, Australia, Japan, Thailand, Malaysia, Singapore, India, Germany, Italy, New

8This represents the longest available time frame from China’s official sources.
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Zealand, France, South Africa, Mexico, Brazil, Canada, the United Kingdom, Switzerland,

and Israel.

The composition of the control group reflects the distinct trade relationships and eco-

nomic dynamics of the US compared to China. For this scenario, the measurements include

19 countries with one unit in the treatment group and 18 in the control group, T0 = 27, and

the total duration T = 32.

4.2 Unit Root Tests of the Data

In this section, we test for the presence of unit roots in the trade data to examine the

stationarity of the series. The results of these tests are summarized in Tables 1, 2, 3, and 4,

respectively.

Table 1 presents the results of the Augmented Dickey-Fuller (ADF) test for export data

across all countries. At log levels, most countries are non-stationary, except for a few like

Japan, Thailand, and Malaysia, when drift or trend is included. After first differencing,

most countries achieve stationarity, with significant p-values across all specifications, partic-

ularly for China, the US, and South Korea. However, a few countries, like Indonesia and

Switzerland, still exhibit non-stationarity under certain conditions.

The ADF test results for import data, shown in Table 2, indicate that many countries

remain non-stationary even after first differencing. While countries like China, the United

States, Japan, and South Korea exhibit strong stationarity after first differencing with sig-

nificant p-values across all test specifications, approximately half of the countries, such as

Brazil, Argentina, and Poland, still display non-stationarity under certain conditions. For

example, countries like India, Indonesia, and Austria show higher p-values after first differ-

encing, indicating non-stationarity in some cases.

For Table 3, which presents the ADF test results for countries’ imports from China, the

outcomes show mixed significance across the different specifications. Some countries, such

as the United States, Japan, and Germany, exhibit significant results after first differencing

under certain conditions (e.g., none, drift, or trend), while others, such as South Korea and

Australia, show non-significant p-values under specific conditions.

Similarly, Table 4 presents the ADF test results for countries’ imports from the US.
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Table 1: Augmented Dickey-Fuller test results for exports data

Variable
Log Levels Log-First Differences

None Drift Trend None Drift Trend

China 0.9999 0.9972 0.4785 0.0082*** 0.0001*** 0.0001***
United States 0.9970 0.7434 0.4785 0.0000*** 0.0000*** 0.0000***
South Korea 1.0000 0.0162 0.4412 0.0001*** 0.0000*** 0.0068***
Japan 0.9977 0.0000*** 0.0021*** 0.0000*** 0.0000*** 0.0000***
Australia 0.9999 0.2123 0.0381 0.0001*** 0.0000*** 0.0001***
New Zealand 0.9544 0.5475 0.5480 0.0270 0.1953 0.3935
Thailand 1.0000 0.0000*** 0.0057*** 0.0059*** 0.0000*** 0.0000***
Vietnam 1.0000 0.1370 0.0000*** 0.0831 0.0085*** 0.0078***
Malaysia 1.0000 0.0000*** 0.0058*** 0.0000*** 0.0000*** 0.0345
Indonesia 1.0000 0.0353 0.8320 0.0016*** 0.0005*** 0.0994
Singapore 0.9999 0.0000*** 0.0008*** 0.0000*** 0.0001*** 0.0001***
India 1.0000 0.0033*** 0.5494 0.0152 0.0001*** 0.0000***
Germany 1.0000 0.0000*** 0.0765 0.0385 0.0003*** 0.5399
Italy 1.0000 0.0004*** 0.1203 0.0005*** 0.0079*** 0.0064***
France 1.0000 0.0000*** 0.1554 0.0148 0.0032*** 0.0029***
South Africa 1.0000 0.0399 0.9879 0.0974 0.3300 0.0004***
Mexico 0.9975 0.0001*** 0.0138 0.0000 0.0000*** 0.0000***
Brazil 1.0000 0.0156 0.7466 0.0156 0.0000*** 0.1284
Argentina 1.0000 0.0000*** 0.0311*** 0.0001*** 0.0004*** 0.0004***
United Kingdom 0.9994 0.0029*** 0.3826 0.0002*** 0.0004*** 0.0893
Netherlands 0.9999 0.0023*** 0.8149 0.0013*** 0.0024*** 0.0022***
Canada 0.9775 0.5605 0.1878 0.0000*** 0.0859 0.7493
Spain 0.9999 0.1742 0.5861 0.0475 0.1427 0.1787
Turkey 1.0000 0.0039*** 0.8538 0.0162 0.0685 0.1344
Poland 1.0000 0.0010*** 0.3930 0.0467 0.1418 0.0852
Switzerland 1.0000 0.3240 0.5297 0.0548 0.0741 0.6828
United Arab Emirates 0.9991 0.0051*** 0.6495 0.0001*** 0.0078*** 0.0941
Austria 1.0000 0.0016*** 0.5206 0.0762 0.1195 0.2267

Note: This table provides detailed p-values of the augmented Dickey-Fuller (ADF)tests for both log levels
and log-first differences on each country’s export data under different assumptions. ”None” means no drift
or trend; ”Drift” indicates the test specification allows for a drift; and ”Trend” implies the test includes a
time trend. P-values marked with *** indicate significance at the 1% level, implying the rejection of the null
hypothesis of non-stationarity.

The results indicate that while many countries’ data at log levels show non-significant p-

values across all cases, most countries, including Australia, Brazil, France, India, and Italy,

demonstrate a clear shift to significance after first differencing. However, countries like

Malaysia and New Zealand show mixed results, with non-significant p-values under certain
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Table 2: Augmented Dickey-Fuller test results for imports data

Variable
Log Levels Log-First Differences

None Drift Trend None Drift Trend

China 1.0000 1.0000 0.9848 0.9268 0.8347 0.0019***
United States 0.9969 0.9456 0.0172 0.0000*** 0.0000*** 0.0000***
South Korea 0.9996 0.1572 0.2051 0.0871 0.0007*** 0.0005***
Japan 0.9983 0.0000*** 0.0029*** 0.0000*** 0.0000*** 0.0203
Australia 0.9999 0.2471 0.3538 0.0000*** 0.0000*** 0.0955
New Zealand 0.9980 0.1027 0.5498 0.0761 0.0018*** 0.0004***
Thailand 0.9997 0.1131 0.2137 0.0000*** 0.0001*** 0.0007***
Vietnam 1.0000 0.3424 1.0000 0.0173 0.0234 0.0215
Malaysia 0.9988 0.9644 0.0000*** 0.0000*** 0.0114 0.0239
Indonesia 0.9986 0.1715 0.4235 0.0196 0.0890 0.2207
Singapore 0.9999 0.1939 0.0113 0.0000*** 0.0017*** 0.0853
India 1.0000 0.2262 0.9780 0.0035*** 0.0042*** 0.0802
Germany 0.9999 0.0849 0.0908 0.0310 0.0526 0.0021***
Italy 0.9995 0.1833 0.7587 0.0620 0.0700 0.1596
France 0.9997 0.4071 0.6841 0.0512 0.1487 0.0004***
South Africa 0.9998 0.3890 0.9700 0.0002*** 0.0446 0.0000***
Mexico 0.9972 0.2834 0.6044 0.0001*** 0.0001*** 0.0007***
Brazil 0.9995 0.8024 0.6565 0.0089*** 0.0074*** 0.0551
Argentina 0.9927 0.1619 0.0069*** 0.0002*** 0.0712 0.0382
United Kingdom 0.9994 0.0029*** 0.3826 0.0002*** 0.0004*** 0.0893
Netherlands 0.9999 0.0023*** 0.8149 0.0013*** 0.0024*** 0.0022***
Canada 0.9817 0.1148 0.1841 0.0000*** 0.1575 0.0749
Spain 0.9995 0.1286 0.7790 0.0475 0.1253 0.0980
Turkey 0.9999 0.0017*** 0.7749 0.0162 0.1035 0.0720
Poland 1.0000 0.0010*** 0.5562 0.0467 0.2719 0.2949
Switzerland 1.0000 0.3241 0.5297 0.0548 0.0741 0.6828
United Arab Emirates 1.0000 0.0023*** 0.6495 0.0001*** 0.0029*** 0.0001***
Austria 0.9999 0.1814 0.8874 0.0762 0.1801 0.1557

Note: This table provides detailed p-values of the ADF tests for both log levels and log-first differences on
each country imports data under different assumptions. P-values marked with *** indicate significance at
the 1% level, implying the rejection of the null hypothesis of non-stationarity.

conditions9.

Based on the ADF test results presented in the tables above, it is evident that not all

data series are stationary. This highlights the need for the BLO method, which accounts

9To maintain clarity in the paper, the data on countries’ exports to China and the US have been omitted
to avoid unnecessary complexity, as these results show similar mixed outcomes for stationarity, with some
countries remaining non-stationary even after differencing.
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Table 3: ADF Test Results for countries import from China

Variable
Log Levels Log-First Differences

None Drift Trend None Drift Trend

United States 0.9656 0.9974 0.2322 0.3522 0.0000*** 0.0000***
South Korea 0.9999 0.2941 0.8881 0.0961 0.0002*** 0.2330
Japan 0.9999 0.1417 0.8329 0.0476 0.0010*** 0.1170
Australia 0.9971 0.0918 0.9844 0.0865 0.0026*** 0.3782
New Zealand 1.0000 0.6386 0.9856 0.0908 0.0016*** 0.8114
Thailand 0.9999 0.8941 0.5913 0.0284 0.0000*** 0.0124
Malaysia 0.9989 0.4979 1.0000 0.1042 0.0009*** 0.1418
Indonesia 0.9999 0.4158 0.7571 0.0531 0.0017*** 0.6103
Singapore 0.9869 0.5560 0.9357 0.0330 0.0031*** 0.2174
India 0.9999 0.4158 0.7571 0.0531 0.0017*** 0.6103
Germany 1.0000 0.0000*** 0.9805 0.0233 0.0018*** 0.3204
Italy 1.0000 0.4624 0.3079 0.1580 0.0001*** 0.3811
France 0.8948 0.6926 0.9763 0.1018 0.0041*** 0.2275
South Africa 1.0000 0.0000*** 0.0000*** 0.0796 0.0000*** 0.1127
Mexico 0.8087 0.2711 0.9915 0.1580 0.0098*** 0.4593
Brazil 0.9999 0.1171 0.9969 0.3494 0.0042*** 0.3366
Canada 0.9976 0.1322 0.2970 0.0834 0.0007*** 0.4590
Netherlands 1.0000 0.4873 0.9813 0.0805 0.0083*** 0.0561
Russia 0.9844 0.9128 0.6458 0.0601 0.0024*** 0.4226
United Kingdom 0.9998 0.0008*** 0.9648 0.2404 0.0091*** 0.1233
Vietnam 0.8341 0.2373 1.0000 0.4866 0.0973 0.6070

Note: This table provides detailed p-values of the ADF tests for both log levels and log-first differences on
each country imports from China under different assumptions. P-values marked with *** indicate significance
at the 1% level, implying the rejection of the null hypothesis of non-stationarity. At log levels, most of them
are non-stationary, while with log-first differences, most of them show a trend but without a drift.

for the non-stationarity of the data and allows for the construction of counterfactual results

under I(1) processes.

4.3 Empirical Results

In this section, the first part presents a global perspective, discussing the total imports

and exports of China and the US and the second part analyzes the trade patterns of each

country individually, with a focus on the changes brought about by the trade war.

4.3.1 Global Trade of China and the US

A. Global Perspective on China Trade
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Table 4: ADF Test Results for countries import from the US

Variable
Log Levels Log-First Differences

None Drift Trend None Drift Trend

China 0.9994 0.9984 0.1057 0.8182 0.2394 0.1086
Australia 0.9877 0.7068 0.1556 0.0000*** 0.0000*** 0.0001***
Brazil 0.9998 0.9710 0.2602 0.0004*** 0.0133 0.1150
Canada 1.0000 0.3145 0.9946 0.5497 0.0003*** 0.0090***
France 0.9926 0.9256 0.2954 0.0003*** 0.0006*** 0.0055***
Germany 0.9885 0.8607 0.4879 0.0001*** 0.0001*** 0.0162
India 0.9995 0.8645 0.9170 0.0001*** 0.0000*** 0.0001***
Israel 0.9778 0.4083 0.4995 0.0000*** 0.0000*** 0.0065***
Italy 1.0000 0.7918 0.0002*** 0.0000*** 0.0000*** 0.0000***
Japan 0.8601 0.1112 0.8517 0.0000*** 0.0000*** 0.0532
Korea, Rep. 0.9929 0.5828 0.5647 0.0000*** 0.0000*** 0.5474
Malaysia 0.9380 0.0010*** 0.6613 0.0000*** 0.0000*** 0.1075
Mexico 0.9992 0.9145 0.7170 0.0000*** 0.0086*** 0.1023
New Zealand 0.9998 0.9686 0.2349 0.0001*** 0.0110 0.0815
Singapore 0.9927 0.1991 0.2886 0.0000*** 0.0012*** 0.0516
South Africa 0.9051 0.5393 0.4602 0.0000*** 0.0000*** 0.2624
Switzerland 0.9665 0.7386 0.1491 0.0002*** 0.1634 0.4143
Thailand 0.9488 0.4963 0.5741 0.0000*** 0.0000*** 0.5696
United Kingdom 1.0000 0.9205 0.0000*** 0.0002*** 0.0002*** 0.0061***

Note: This table provides detailed p-values of the ADF tests for both log levels and log-first differences on
each country imports from the US. P-values marked with *** indicate significance at the 1% level, implying
the rejection of the null hypothesis of non-stationarity. At log levels, most of them are non-stationary, while
with log-first differences, most of them are stationary.

Figure 1 presents the predicted results for China’s total exports and imports. Figure

2 displays the difference between actual and predicted total exports of China from 1988

to 2022. Two key observations can be made: prior to 2018, the differences are small and

stable, indicating the model’s accuracy in predicting China’s export pattern. After 2018,

following the onset of the trade war, a noticeable divergence occurs, with actual exports

falling below the predicted values. During 2019-2020, the gap between actual and predicted

exports narrows significantly, suggesting a return to normal export levels. This indicates that

despite the trade war, China managed to stabilize its exports, possibly by finding alternative

markets or adjusting trade strategies to mitigate the impact of the trade war. Since 2021,

the difference slightly widens again, which may be attributed to factors such as changes in

global demand or adaptations by Chinese exporters.
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(a) China’s total exports. (b) China’s total imports.

Figure 1: China’s total exports (left panel) and imports (right panel): the true value in solid
line and the predicted value in dashed line, from 1998 to 2022.

(a) Treatment effect of China total exports. (b) Treatment effect of China total imports.

Figure 2: The difference between actual and predicted total exports (left panel) and imports
(right panel) of China from 1988 to 2022.

Figure 3 displays China’s trade balance, while Figure 3a compares actual and predicted

trade balances. A clear departure begins in 2017 and becomes more pronounced in 2018,

indicating a shrinking trade balance due to reduced exports. One possible contributing

factor could be the Covid-19 outbreak. Figure 3b highlights the decline and fluctuations in

China’s trade balance from 2018 to 2022, suggesting the impact of US sanctions on Chinese

exports. The difference widens after 2020 and does not return to the potential level until

2022, indicating the continued impact of the trade conflict on Chinas trade balance as a

whole.

The reduction in China’s trade balance can be attributed to several factors. However,

imports initially show stability, with actual imports exceeding predicted values. This may be
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(a) Trade balances of China. (b) Treatment effect of China trade balance.

Figure 3: Trade Balance of China from 1998 to 2021. The left panel is for trade balance of
China: the true value in the solid line and predicted value in the dashed line, and the right
panel is for the treatment effect.

due to China diversifying its import sources, reducing reliance on US goods, and increasing

imports from other countries. Despite the shocks to China’s exports, which were still under

control, this helped mitigate the trade war’s impact on total import volumes.

Overall, the trade war had a direct and immediate negative effect on China’s total exports

starting in 2018, while imports were less affected. The expected reduction in exports due to

US sanctions is evident – In 2018, President Trump imposed tariffs on $34 billion worth of

Chinese goods, with additional tariffs on $200 billion of goods later introduced. However,

China’s import strategies effectively mitigated the adverse effects, resulting in unexpectedly

increased import volumes from the global market.

B. Global Perspective on US Trade

Figure 4 depicts the predicted trade volume for US total exports and imports. In Figure

4a, the actual exports appear to diverge downward from the predicted values, suggesting a

possible impact of the trade war on US export behavior. Compared to China’s exports, this

divergence is more pronounced for the US in terms of scale rather than volume. However, in

terms of imports, as shown in Figure 4b, the actual values do not significantly deviate from

the estimated results, indicating that imports may not have been substantially influenced

by the trade war after 2018.

In Figure 5a, there is a slight drop in exports post-2018, likely due to China’s retal-

iatory tariffs, followed by a direct increase to the predicted levels after 2019, though still
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(a) US’s total exports. (b) US total imports.

Figure 4: US’s total exports (left panel) and imports (right panel): the true value in solid
line and the predicted value in dashed line, from 1998 to 2022.

below the potential level. The US exports fell for a number of reasons. One was China’s

imposition of retaliatory tariffs in response to President Trump putting duties on over $300

billion of Chinese exports. A second reason was the reduced competitiveness of American

products, driven by higher input costs from Trump’s tariffs, which mainly affected parts and

components essential for businesses. According to Figure 5b, imports do not appear to be

(a) Treatment effect of US’s total exports. (b) Treatment effect of US total imports.

Figure 5: The difference between actual and predicted total exports (left panel) and imports
(right panel) of the US from 1988 to 2022.

significantly affected by the trade war, exhibiting reasonable fluctuations while remaining

slightly higher than the predicted imports overall. This indicates that the US generally

maintained its global export and import levels despite the trade conflict.

Finally, Figure 6 presents the predicted trade balance of the US, showing a higher pre-

dicted balance compared to the actual data from 2018 to 2019, suggesting that the trade
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war did not significantly reduce the US trade deficit. After 2020, the actual trade balance

continues to decline, albeit at a slower rate, and does not converge with the predicted result.

This indicates that the trade war had a limited effect overall. The treatment effect on the

US trade balance does not appear to have had a significant impact on the US international

market compared to its impact on China. Further details will be discussed in Section 4.3.2.

(a) Trade balances of the US. (b) Treatment effect of the US trade balance.

Figure 6: Trade Balance of the US from 1998 to 2022. The left panel is for trade balance of
China: the true value in the solid line and predicted value in the dashed line, and the right
panel is for the treatment effect.

4.3.2 Bilateral Trade of China and the US

In the second part of the analysis, we examine the trade between China and the US to

capture the effects of the trade war on their trade dynamics. Discrepancies in trade data

arise because China employs the general trade system (GTS) for both exports and imports,

while the US primarily uses for imports but relies on domestic exports for goods produced

within the US, excluding re-exports. Furthermore, differences in how administrative and

processing zones are accounted for may contribute to inconsistencies in the data.

A. Bilateral Trade from China’s Perspective

From China’s perspective, three cases are analyzed as treated units: China’s exports to

the US, imports from the US, and the trade balance with the US. Figure 7 presents the

predicted results for China’s exports to and imports from the US. Both exports and imports

show a decline immediately after 2018, with imports experiencing a more significant drop

due to China’s retaliatory tariffs in response to US duties on Chinese exports.
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(a) Predicted China exports to US (b) Predicted China imports from US

Figure 7: Predicted results by factor model

Figure 8 shows the differences between the actual trade data and the predicted results,

highlighting decreases in both exports and imports post-2018 as treatment effects, with im-

ports declining more sharply. The difference in exports highlights the impact of US sanctions

on China, which negatively affected China’s exports. However, after 2020, there are signs of

recovery. In contrast, the difference in imports from the US fluctuates significantly but still

lags behind the potential level, emphasizing China’s response to the US sanctions. These

sanctions, imposed due to perceived ”unfair trade practices,” contributed to the widening

US trade imbalance.

(a) Treatment effects over time - China exports
to US

(b) Treatment Effects over time - China imports
from US

Figure 8: Predicted results by factor model

As we know, if the predicted results are higher than the actual data, it indicates that

the trade war has negatively impacted China’s trade surplus, and vice versa. Figure 9 shows

China’s trade balance with the US, where the predicted result is higher than the actual trade
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balance, suggesting that US sanctions reduced China’s trade balance with the US by over

$100 billion. Despite this, China still maintained a trade surplus with the US, and the trade

balance has shown signs of recovery after 2020.

(a) Predicted Trade Balance of China with US
(b) Treatment Effects - China Trade Balance
with US

Figure 9: Predicted Results by Factor Model

Overall, from China’s perspective, the trade war has led to a decline in both exports

to and imports from the US, with a more significant drop in imports, highlighting China’s

strong reaction to US sanctions. This reflects China’s strategic efforts to mitigate the effects

of US tariffs, resulting in a substantial decrease in the trade surplus with the US.

B. Bilateral Trade from the US Perspective

Next, we analyze the trade changes from the US perspective. Similarly, Figure 10 presents

the predicted results for US exports to and imports from China. In Figure 10a, we observe

that actual US exports to China exceeded the predicted results in general. This is likely

due to the ‘Phase One Trade Agreement’ signed in January 2020, in which China committed

to significantly increasing its purchases of US goods and services over the next two years,

leading to actual exports surpassing normal levels.

Figure 11 combines the differences in US exports to and imports from China, revealing

no significant impact on US exports. However, imports from China decreased, which aligns

with the initial objectives of the trade war discussed in Section 4.3.1.

Figure 12 shows the US trade balance with China. From Figure 12a, we observe that

the actual trade balance is higher than the predicted one, indicating that the trade war
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(a) Predicted US exports to China (b) Predicted US imports from China

Figure 10: Predicted results by factor model

(a) Treatment effects over Time - US exports to
China

(b) Treatment effects over time - US imports to
China

Figure 11: Predicted results by factor model
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increased the US trade balance with China. This aligns with the initial goal of reducing

the trade deficit. The result supports a point made by Fajgelbaum and Khandelwal (2022),

which suggests that the trade war reduces the US trade deficit while boosting Chinas trade

surplus. However, in the long run, the trend may reverse.

(a) Predicted Trade Balance of US with
China

(b) Treatment Effects - US Trade Balance
with China

Figure 12: Predicted Results by Factor Model

Overall, from the US perspective, the trade war with China has had mixed effects on trade

dynamics. While the trade war led to a decrease in US imports from China, contributing

to the goal of reducing the trade deficit, the Phase One agreement resulted in higher-than-

expected US exports to China, somewhat mitigating the overall positive impact on trade

dynamics.

Building on the analysis, these results raise an important question: What is the mediation

effect accompanying the trade wars impact? In other words, if China and the US reduce

exports or imports from each other, which other countries or regions might influence their

trade patterns? This can be explored in a future research.

4.4 Comparisons with Other Methods

The following presents counterfactual results obtained using various methods, providing

a basis for comparison with our applied method. This comparison demonstrates that our

chosen approach yields more reliable counterfactual results, offering a clearer illustration of

the trade conflict between China and the US. This reinforces the reliability of our method

for this empirical study.
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4.4.1 Comparison with the SCM Method

We first apply the synthetic control method, introduced by Abadie and Gardeazabal

(2003); Abadie et al. (2010), to derive counterfactual outcomes. Figures 13 and 14 display

the SCM results and treatment effects for China, while Figures 15 and 16 illustrate the SCM

results for selected US cases.

(a) SCM results – China exports (b) Treatment Effects –China exports

Figure 13: Difference between SCM and Real

(a) SCM results – China exports to US (b) Treatment effects –China exports to US

Figure 14: Difference between the SCM and real

A key observation from these figures is the notable divergence before 2018, indicating that

the SCM may fail to accurately capture the trade patterns of both countries. In contrast,

our method is more likely to yield reliable counterfactual results. Furthermore, the figures

suggest positive treatment effects for both China and the US, implying that the trade war had

beneficial impacts for both countriesa conclusion inconsistent with reality. This misleading
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(a) SCM results – US exports (b) Treatment effects – US exports

Figure 15: Difference between the SCM and real

(a) SCM results – US exports to China (b) Treatment effects – US exports to China

Figure 16: Difference between the SCM and real
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outcome is likely due to the constraints imposed by the SCM, where the weights in the

control group must not only be positive but also sum to one.

4.4.2 Comparison with MSC Method

The modified synthetic control method proposed by Li and Sonnier (2022) represents a

notable improvement, particularly for high-dimensional data and less restrictions compared

with the HCW method. Nevertheless, it is not suitable for our empirical analysis due to its

requirement for a long panel and the subsampling method to achieve non-negative optimal

weights for controls 10. Additionally, the counterfactual results often exhibit a significant

discrepancy compared to the actual data due to incompatible objective functions and con-

straints. Figures 17 and 18 illustrate this issue with examples from China’s trade patterns

and the US’s trade volume, respectively.

(a) MSC results – China exports (b) MSC results – China exports to US

Figure 17: Difference between MSC and Real

Figure 17 displays China’s total exports and exports to the US. It is evident that the

differences before the trade war are extremely large, which diminishes somewhat after the

onset of the trade war; however, the MSC results still remain substantially lower than the

actual data, which is unreasonable. Similarly, Figure 18 shows the US’s total exports and

exports to China. In contrast to China’s results, the MSC for the US shows opposite effects.

Yet, the counterfactual results for the US also diverge significantly from the real data, espe-

10The MSC does not require the weights summed to 1.
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(a) MSC results – US exports (b) MSC results – US exports to China

Figure 18: Difference between MSC and Real

cially before 2018. This indicates that the MSC method might introduce significant biases

in estimating treatment effects, leading to potentially inaccurate conclusions.

Overall, our chosen method provides more reliable counterfactual results regarding the

effects of the trade war between China and the US, while alternative methods may produce

substantial biases due to various limitations.

5 Conclusion

This section summarizes the findings from the analysis and offers future research directions

and remarks related to this study. Based on the results above, several key conclusions can

be drawn:

First, the trade war initiated by the US in 2018 has had a substantial impact on China’s

trade patterns. A more flexible factor model applied in this study reveals that China’s exports

experienced a significant decline post-2018, as actual export figures fell below the predicted

values. This decline is attributable to the US-imposed tariffs on Chinese goods, leading

to a noticeable drop in trade volumes. Despite the trade war, China managed to stabilize

its exports, possibly by finding alternative markets or adjusting trade strategies. However,

the overall negative impact on China’s trade surplus is evident, with the predicted trade

balance indicating a substantial reduction in China’s trade surplus with the US, exceeding

$100 billion. The decline in imports was also significant but less pronounced than exports,

27



reflecting China’s strategic response to mitigate the impact of US tariffs.

Second, the US trade pattern showed mixed effects due to the trade war with China.

While the predicted results indicated a decline in US imports from China, aligning with the

initial goal of reducing the trade deficit, US exports to China remained relatively stable and

even exceeded predicted predictions post-2020. The overall effect of the trade war on the

US trade balance with China was positive in the short term, as it helped reduce the trade

deficit. However, the long-term effects might differ and require further analysis.

Third, the trade war has had far-reaching economic effects, with China facing more

substantial adverse impacts compared to the US. The significant reduction in China’s trade

surplus, coupled with the corresponding decrease in the US trade deficit, highlights the direct

consequences of the trade conflict. Beyond bilateral trade, the broader economic effects have

influenced global trade dynamics, disrupted supply chains, and shaped economic policies,

potentially creating indirect and long-lasting repercussions for international trade.

Finally, the paper by Bai et al. (2014) further supports using the HCW method, particu-

larly when dealing with non-stationary data. Their approach is computationally simpler and

avoids the biases present in the traditional SCM, which requires the assumption of no sample

selection effects and homogeneous impacts of underlying factors. Although the MSC method

relaxes the constraint of weights summing to 1, it still requires non-negativity. By applying

the HCW method, the analysis of the trade war effects gains flexibility and robustness in

estimating treatment effects, accurately capturing the dynamic changes in trade patterns

between China and the US during the trade war, and offering valuable insights into complex

trade relationships.

Next, based on the empirical study discussed above, some future research topics should

be warranted as follows. First, the results of the US overall trade balance still show an overall

deficit, indicating that there may be mediators affecting the results. Future research should

explore these mediation effects to provide a deeper understanding of the factors influencing

the trade dynamics beyond the direct impacts of tariffs and retaliatory measures. Moreover,

future studies can combine the traditional SCM with some advanced econometric techniques

to improve the accuracy and reliability of the predicted control results. By integrating

penalized regression methods and better weights choosing approach, researchers can better
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capture the underlying trade dynamics and provide more precise estimates of treatment

effects. Finally, some machine learning methods for treatment effect estimation could deliver

a better understanding if a high-dimensional covariate is involved.
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