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Abstract

In the online ride-hailing pricing context, companies often con-
duct randomized controlled trials (RCTs) and utilize uplift models
to assess the effect of discounts on customer orders, which sub-
stantially influences competitive market outcomes. However, due
to the high cost of RCTs, the proportion of trial data relative to
observational data is small, which only accounts for 0.65% of to-
tal traffic in our context, resulting in significant bias when gen-
eralizing to the broader user base. Additionally, the complexity
of industrial processes reduces the quality of RCT data, which is
often subject to heterogeneity from potential interference and se-
lection bias, making it difficult to correct. Moreover, existing data
fusion methods are challenging to implement effectively in com-
plex industrial settings due to the high dimensionality of features
and the strict assumptions that are hard to verify with real-world
data. To address these issues, we propose an empirical data fusion
method called pseudo-sample matching. By generating pseudo-
samples from biased, low-quality RCT data and matching them
with the most similar samples from large-scale observational data,
the method expands the RCT dataset while mitigating its hetero-
geneity. We validated the method through simulation experiments,
conducted offline and online tests using real-world data. In a week-
long online experiment, we achieved a 0.41% improvement in profit,
which is a considerable gain when scaled to industrial scenarios
with hundreds of millions in revenue. In addition, we discuss the
harm to model training, offline evaluation, and online economic
benefits when the RCT data quality is not high, and emphasize the
importance of improving RCT data quality in industrial scenarios.
Further details of the simulation experiments can be found in the
GitHub repository here.

t Corresponding author.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

CIKM °25, Seoul, Republic of Korea

© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-2040-6/2025/11

https://doi.org/10.1145/3746252.3761532

Weidong Huang
Didi Chuxing
Beijing, China
huangweidong@didiglobal.com

Taiyang Zhou
Didi Chuxing
Beijing, China
zhoutaiyang@didiglobal.com

Kun Kuang’
Zhejiang University
Hangzhou, China
kunkuang@zju.edu.cn

CCS Concepts

« Information systems — Data cleaning; - Computing method-
ologies — Causal reasoning and diagnostics.

Keywords
Uplift Model, Random Control Trial, Data Fusion

ACM Reference Format:

Kairong Han, Weidong Huang, Taiyang Zhou, Peng Zhen, and Kun Kuang.
2025. Augmenting Limited and Biased RCTs through Pseudo-Sample Matching-
Based Observational Data Fusion Method. In Proceedings of the 34th ACM
International Conference on Information and Knowledge Management (CIKM
’25), November 10-14, 2025, Seoul, Republic of Korea. ACM, New York, NY,
USA, 8 pages. https://doi.org/10.1145/3746252.3761532

1 Introduction

Ride-hailing, such as Uber [6] and DiDj, is a great example of the
creative economy in which owners of private vehicles provide
a convenient service to the public for a modest fee [12], which
has transformed the way people travel. A well-designed pricing
strategy can enhance user loyalty, increase the user base, improve
the customer experience, and maximize revenue while minimizing
costs [37]. To determine optimal pricing strategies, ride-hailing
companies conduct Randomized Controlled Trials (RCTs) [31], also
known as A/B tests. Specifically, when users request a ride, com-
panies randomly apply discounts from a set of alternatives and
observe user behavior, allowing them to calculate the heteroge-
neous causal effect of discounts on order rates. This information is
crucial for selecting discounts, budget control, cost optimization,
and profit calculation.

However, the real-world ride-hailing pricing scenario is highly
complex, and the idealized process described above may not per-
form well in practical industrial applications. Specifically, compa-
nies encounter two core challenges:

(1) The generalizability of a small amount of RCT data is
limited. The target customer base is vast, and the feature space
is highly dimensional [22]. And the cost of conducting large-scale
RCT experiments is also prohibitively high. In our scenario, the RCT
data represents only about 0.65% of the total traffic. Confounding
factors such as different scenarios, weather conditions, passenger
demographics, and supply-demand relationships all influence the
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Figure 1: Heterogeneity diagram from real-world data. Com-
plex link interference and potential selection bias lead to
biased RCTs. The user’s high-dimensional covariate X has
different distributions across the different treatment groups
T in the biased RCT.

causal effect of discounts on order rates. Consequently, when ap-
plied to real-world outcomes, the uplift model trained on this small
portion of RCT data exhibits significant bias.

(2) Complex relationships introduce inherent heterogene-
ity in randomized controlled trials. In real-world scenarios, the
experimental connections are intricate, making idealized random
experiments impractical, as shown in Figure 1. When conducting
RCTs, heterogeneity in the data can arise from several factors, in-
cluding budget constraints, promotional priorities in specific cities,
implementation errors in complex engineering systems, bottom-
line strategies, potential changes in population characteristics over
time, and even interdepartmental influences within the company.
These potential interferences and selection biases result in groups
in RCTs that are not entirely random, leading to discrepancies in
data distribution across different treatment groups. Consequently,
the inherent heterogeneity results in significant deviations in the
final trained uplift model.

To address these challenges, data fusion [11] methods are em-
ployed to incorporate biased but more comprehensive observational
data on population characteristics, thereby enhancing the general-
ization of RCT data. However, current data fusion techniques face
three significant challenges in industrial scenarios: (1) The assump-
tions are often overly stringent and difficult to verify with
real-world, high-dimensional data. For instance, most existing
methods require positive assumptions and Stable Unit Treatment
Value (SUTV) assumptions [39, 43], which are challenging to vali-
date in practical settings. (2) Traditional approaches treat RCTs
as the gold standard. However, RCT data may exhibit certain
biases and heterogeneity due to potential selection bias and uncon-
trollable interference in complex industrial scenarios. Overlooking
these biases may amplify estimation errors in downstream tasks,
ultimately affecting the conclusions. (3) Some depth-based data
fusion algorithms are prohibitively expensive and complex.
For example, the CorNet [20] necessitates training an additional cor-
rection model for each intervention group. However, in industrial

Kairong Han, Weidong Huang, Taiyang Zhou, Peng Zhen, & Kun Kuang

scenarios, there may be many treatment groups. For example, there
are 33 discrete treatments in our ride-hailing. Training a separate
correction model for each intervention group is too expensive and
difficult to iterate. Moreover, the high dimensionality of the data
further poses challenges to existing methods.

Therefore, we propose a data fusion method based on pseudo-
sample matching. It simply matches similar samples in observa-
tional data by constructing pseudo-samples of biased RCT data,
thereby enhancing the effect of the uplift model. We first proved
the effectiveness of the method in simulation experiments and
then applied the method to offline and online tests on real-world
data, which achieved positive results in online experiments. Our
contributions are summarized as follows:

e To address the issues of potential heterogeneity and signifi-
cant generalization bias due to insufficient sample sizes in
industrial RCTs, we propose a method for combining RCT
and observational data based on pseudo-sample matching.
We validated and analyzed the effectiveness of the proposed
method through simulation experiments, offline and online
experiments. In a week-long online experiment, we achieved
a 0.41% improvement in profit, which is a considerable gain
when scaled to industrial scenarios with hundreds of millions
in revenue.

We discuss the biases present in RCT data within industrial
settings and their potential risks. Our method is grounded in
real-world scenarios, offering strong practical applicability.
With flexible sample bucket and fusion ratio selection, the
method can be easily and effectively integrated into a wide
range of industrial applications.

2 Related Work

2.1 Uplift Model

Uplift modeling [15, 27, 41] is a predictive technique that estimates
the incremental impact of a treatment (e.g., a marketing action)
on individual behavior, which is widely used in recommendation
systems[4, 17, 18]. It is closely related to the estimation of hetero-
geneous treatment effects in causal inference [29, 35, 36, 44]. A
key distinction, however, lies in their assumptions: uplift modeling
methods are typically designed for data from randomized experi-
ments and often omit explicit assumptions. In contrast, methods
from the treatment effect heterogeneity literature specify assump-
tions. [41]. Many machine learning methods have been adapted
for estimating heterogeneous treatment effects, such as random
forest-based methods [34], Bayesian algorithms [1, 42], and deep
learning algorithms [24, 38, 40]. To evaluate the performance of the
uplift model, when the Ground-truth causal effect is known, the
researchers use the PEHE [21] and MAPE [14] metrics. When the
Ground-truth causal effect is unknown, the researchers construct
the Qini curve by ranking the sample estimated causal effect and
then obtaining the Qini coefficient for quantitative evaluation.

2.2 Combining Randomized Trials and
Observational Studies

Although RCT is the golden standard of causal inference and the
uplift model [7], the cost of RCT is too high, so it is difficult to



Augmenting Limited and Biased RCTs through Pseudo-Sample Matching-Based Observational Data Fusion Method CIKM °25, November 10-14, 2025, Seoul, Republic of Korea

obtain a large amount of RCT data, resulting in a small amount of
RCT data and an inability to generalize well to the target popula-
tion [8, 11]. Therefore, some studies focus on combining RCT and
observational data, either to ensure the unconfoundedness of the
observational analysis or to improve (conditional) average treat-
ment effect estimation (ATE). When observational data have no
treatment and outcome information, to identify the ATE on the
target population, most existing methods rely on direct modeling
of the selection score previously introduced. The selection score
adjustment methods include IPSW [5, 10, 32], stratification [28, 33],
and leverage regression formulation. The IPSW estimator of the
ATE is defined as the weighted difference of average outcomes be-
tween the treated and control group in the trial, to account for the
shift of the covariate distribution from the RCT sample to the target
population. Stratification is proposed as a solution to mitigate the
risks of extreme weights in the IPSW formula. Regression formula-
tion, known as plug-in g-formula estimators [13], fits a model of
the conditional outcome mean among trial participants, rather than
modeling the probability of trial participation. When observational
data have treatment and outcome information, efficiency improve-
ments can be obtained [23], and we could deal with unmeasured
confounders in observational data. One way is using an assumption
on secondary outcomes or surrogates [2]. The other way is using
the bias function to de-bias confounding. For instance, Kallus et
al. [25] use observational data to estimate a flexible, but biased func-
tion for the heterogeneous treatment effect and then aim to remove
the bias using the randomized data. Cheng et al. [9] estimate two
separate estimators: one biased estimator on observational data,
and another unbiased on randomized data. Hatt et al. [20] intro-
duce a two-step framework. First, they use observational data to
learn a shared structure, and then use randomized data to learn
the data-specific structures. They named this sample-efficient algo-
rithm CorNet. In this paper, we consider the quality risks of RCT
in complex real-world scenarios, while the above methods all use
RCT as the gold standard.

3 Empirical Method

3.1 Motivation and Intuition

Given the high cost and limited availability of RCTs, increasing data
volume is a practical strategy. Our setting involves 33 treatment
groups with varying discount values and slight distributional dif-
ferences. Directly matching each RCT group to observational data
introduces bias at the group level. In contrast, the overall RCT distri-
bution better captures the target population and reflects trade-offs
across interventions. Therefore, we represent the high-dimensional
data distribution using the mean and apply a bucketing strategy for
fine-grained control of key features. Since inter-group differences
are small, we introduce a subtle delta adjustment per sample to
align intervention groups with minimal distortion. The following
section shows details about how our method is conducted.

3.2 Method Description

In the online ride-hailing pricing scenario, our treatments are 33
discrete discount types: T = {T,-}?i’l, where Ny = 33. Under a
specific discount T;, the user’s price will be P * T; € R against the

original price P € R. After the user gets the discounted price, they

may choose to take an online ride-hailing service. Therefore, the
outcome is a binary variable Y € {1, 0} to mark whether the online
ride-hailing order is successfully issued. If the order is successfully
issued, Y = 1, and if it is not issued, Y = 0. In the above process, the
enterprise will comply with the user privacy agreement and record
a series of desensitized features, such as the time of the current
order, the supply and demand relationship of nearby vehicles, and
some statistical features. These variables together constitute the
high-dimensional feature X.

® Control,t=0
% Treated,t=1

® Control,t=0
® Treated,t=1

- distribution

[ ]
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Figure 2: (1) Construct pseudo-samples based on the fusion
ratio. (2) Cluster pseudo-samples from the observational data.
(3) Add selected observational data back into biased RCT data
to obtain good RCT.

To obtain the impact of discounts on order issuance, we use the
uplift model to estimate the heterogeneous causal effect of T; on Y
of x compared to Ty, that is,

E(Y|IT=T,X =x) — E(Y|T = Ty, X = x).

However, due to the small amount of RCT data, insufficient gen-
eralization, and the inherent heterogeneity of RCT data, this leads
to biased results. That means if f is a probability density function,
then the probability density function of X is different for different
T.

AT, TjeT let f(X|T=T)#f(X|T=T).

In our scenario, the RCT data R = {(T;, X, Yi)}fi’o is about 0.65%

of the observational data O = {(T;, X, Yi)}ﬁ%. To constrain the
heterogeneity between different treatments and expand the sample
size, we will take a part of the observational data as a supplement
to the RCT data. Specifically, the overall distribution of RCT data
is closer to the target distribution than an individual RCT group.
Since our data is high-dimensional and the time complexity of the
algorithm needs to be considered in the industry, we calculate the
feature mean of the selected j partially important features Xs € X
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dimensions for the RCT data to obtain the mean vector Vgyq of Ny

samples:
( 1 Z 1 Z 1 Z )
a9 N, b N, B N, J

= (XX .... X)).
For every RCT treatment group, we obtain separate mean vectors
V:
V={V,V...,Vn,}.

In data fusion, for each treatment group of RCT, we first calculate
the deviation § between its feature mean vector and the overall
distribution mean vector:

6 = Vavg -V

= (X1 = Xue=ir - Xj — Xj1=i)-

So we get a set of bias vectors J:
6={b1,...,0n,}.

According to the preset fusion ratio k, to make the fused mean of
the treatment equal to the overall distribution mean, the data mean
we need to extract from the observational data of treatment i is:

1
V,."”S=w+(1+E)*5,~.

Therefore, for each sample in the RCT, we construct a pseudo sample
to be fused with the target, that is
RPESU40 (T, [X, + (1+ %) « 81X/, 1, )}

Then we perform column normalization on the pseudo sample
and the observational data so that different dimensions are scaled
to the same range to avoid the interference of numerical values
in the selection of observational samples. After normalization, a
corresponding k data point with the closest feature to the pseudo
sample is extracted from the observational data. We use the bucket
first and the L2 distance:

P 00 if  bucket,, # bucket,
T |IXM - XP|2  if  bucket,, = bucket,

In industrial scenarios, several important variables have a huge
impact on the final effect of the model. For such variables, we hope
to ensure that the heterogeneity of the features in fused data is
aligned well between different treatments. Therefore, we will first
bucket the observational data and pseudo-sample data according to
these variables, and then calculate the similarity of the observational
samples and pseudo-samples in the same bucket. In addition, the
bucketing operation can make full use of the cluster environment,
allowing each bucket to be calculated on a distributed machine,
maximizing the concurrency of the algorithm and optimizing the
algorithm time under large-scale data. According to the different
importance of features and business needs, calculating L2 in the
distance measurement can add corresponding weights to different
features, so that the fusion process pays more attention to the
heterogeneity of these important features:

J
D we e IX = XL Lo
k=1
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Through the above process, we can implement the data fusion
algorithm at any fusion ratio k, select appropriate features in high-
dimensional scenarios, and choose different distance measurement
methods to adapt to complex industrial scenarios. The pseudo-code
of the algorithm is shown in Algorithm 1. The overall workflow of
the method is shown in Figure 2.

Algorithm 1 Pseudo-Sample Matching Algorithm

Require: RCT data R, Observational data O, Fusion ratio k
Ensure: Fused dataset S
Function DaTtaFusion(R, O, k)
Vavg — (Xl,Xz, ce ,Xj)
S0
fori « 1to N; do
Vi — Xi,p=is - -, X t=i)
0 Vavg — Vi
RPUO (T (X, + (14 ©) * 81X /X, 1, Vi)

1
Rfseudo, 0; « normalization(R?seUdo, 0i)
for g < 1 to number of samples in Rfseudo do
de DISTANCE(REf;udO, 0:)
S « S UK’s nearest samples in O;
end for

end for
return S

3.3 Time Complexity Analysis

Assume that the cluster has enough computing units, and each
computing unit can process a bucket in parallel. Given a total of Ny,
buckets with a relatively balanced distribution of samples across
buckets, where the number of RCT samples is N, and the number
of observational samples is Ny, the expected number of RCT and
observational samples in each bucket is approximately % and %Z,
respectively. For each sample, the time complexity of KNN [19]
clustering in the observational data is O(%‘:), and the total time

complexity is O(%) In actual industrial scenarios, the KNN
b
algorithm can also be accelerated using algorithms such as KD

trees [3, 16] to optimize the time complexity to O(N; * logNp).

4 Experimental Results

In Section 4.1, we provided a discussion of the evaluation metrics
used in our study. Section 4.2 detailed the simulation experiments.
Section 4.3 presented the model’s performance evaluation on real-
world data about offline and online evaluation.

4.1 Evaluation Metric

In the simulation evaluation and offline evaluation, we use Qini
coefficients, MAPE, and Click Over Predicted Click (COPC) to eval-
uate the uplift model. Since there are multiple intervention groups,
we calculate the metrics for each intervention group and the control
group, then take a weighted average based on the number of online
users. Noted that we selected 15 groups in the offline evaluation,
accounting for 92% of the total population. Therefore, the optimal
COPC is expected to be approximately 0.92. In the online verifica-
tion, economic benefit serves as a direct performance metric. We
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calculate Gross Merchandise Value (GMV), Gross Profit (GP), and
AA difference to estimate the overall business profit.

4.2 Simulation experiment

4.2.1 Data Generate Process. We use synthetic data for simulation
analysis. To simulate the real scenario of online ride-hailing pricing,
we need to follow three keys:

e The scale of observational data is much larger than RCT
data.

e RCT data has certain heterogeneity.

o Features are relatively high-dimensional vectors compared
to the data volume.

(1) Covariates, interventions, and outcomes: We set the fea-
ture covariates to 20 dimensions. In real scenarios, the covariates’
distribution is complex. For this reason, the simulation data we gen-
erated includes binomial distribution, Poisson distribution, normal
distribution, uniform distribution, bimodal distribution, and (non)
linear combinations of the above distributions, thereby simulating
complex real-world scenarios. Details are in the code repository.

According to the covariate X and the binary intervention dis-
count T, we generate heterogeneous causal effects and obtain the
binary label Y.

h<
1l

1 fyX.T)+6>p
0 fuX.T)+d<p

5~ N(0,1),
where
fyX,T)=a+b-T+c-X-T+d-X* T+e -X+g-X°

and a, b, ¢, d, e, g, it are hyperparameters. Further, we adjusted
the hyperparameters to ensure that the proportions of the four
categories — Persuadables, Sleeping Dogs, Lost Causes, and Sure
Things [26] — are reasonable and similar to the proportions ob-
served in real-world scenarios. For example, when the amount of
data is 1000, the ratio is shown in Table 1.

Table 1: The proportions of the four categories: Persuadables,
Sleeping Dogs, Lost Causes, and Sure Things. OBS represents
observational data.

Categories | Y(T'=1) Y(T=0) #RCT #OBS

Persuadables 1 0 237 23455
Sure Things 1 1 183 18683
Lost Causes 0 0 560 56083
Sleeping Dogs 0 1 20 1779

(2) Generation of biased RCT and observational data: We
use selection bias as the factor that causes heterogeneity in RCT
data. Specifically, for different covariates X, the probability of being
subjected to different interventions is different, that is, P(T|X) =
fp(X) and 3 xi,xj,fb(xi) * fb(x]').

Similarly, we use selection bias as the key factor that causes
heterogeneity in observational data. So P(T|X°Ps) = fo (X°Ps) and
3 x;)bs,x;?bs,fo(x?bS) + f;)(x})bs).

Note that the difference between the above two lies in the im-
pact of selection bias on data heterogeneity. In observational data,
selective bias has a greater impact, while this difference is relatively
small in biased RCT data. We adjust hyperparameters to make the
heterogeneity of the observational data larger than the biased RCT
data, and make the amount of observational data 100 times that of
the RCT data.

(3) Generate the Ground-Truth: To effectively assess the true
performance of our model, we construct a large-scale, unbiased
RCT, 100 times larger than the biased RCT, to serve as the ground
truth and gold standard for evaluating the model’s true capabilities.
In real-world scenarios, it is common to encounter discrepancies
where offline evaluation metrics and online performance diverge.
This inconsistency may stem from biases present in the RCT data.
Unfortunately, in practice, obtaining a truly unbiased RCT for model
evaluation is often infeasible. However, with synthetic data, we can
simulate an unbiased RCT by making assumptions about the data
distribution and the functional relationships among Y, X, and T. By
comparing test results using both unbiased and biased RCTs, we
can evaluate how imperfections in RCT data quality impact model
performance.

4.2.2  Experimental Setting. We use TARNet (TAR) [30] and Causal
Forests(CF) [34], which are widely used in industry scenarios as the
model for causal effect estimation. We split the generated biased
RCT into a training set and a test set in an 8:2 ratio. The data vol-
ume of biased RCT is 1000, 5000, and 10000. Correspondingly, the
observational data is also 100 times larger than the biased RCT. In
addition, we set the fusion ratio to 1, 3, and 5. We use the KD tree to
reduce the time complexity to O(logN). We evaluate ten times and
report the mean and standard deviation. The 1:3 fusion ratio is con-
sidered the main experiment, and three different fusion ratios (1:1,
1:3, and 1:5) are used to explore the impact of this hyperparameter.

4.2.3 Experimental Results. (1) Visualization of data hetero-
geneity.

We select two features with a data volume of 1000 and a fusion
ratio of 3 as an example, shown in Figure 3.

@l | T c‘ ==

biased RCT

OBS Data fusion

Figure 3: Illustration of data feature heterogeneity. We se-
lected two features. (a) represents the biased RCT data, (b)
represents the observational data, (c) is the generated unbi-
ased RCT data at the same scale, and (d) represents the fused

data after a 1:3 fusion.
From the analysis chart, we can observe that: (i) When the biased

RCT data has no heterogeneity in a certain dimension and large
heterogeneity in the observational data, our method can ensure
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Table 2: Our method (_f) is compared with the baseline and a control group (_r) where added data is randomly selected in equal

amounts from observational data.

Kairong Han, Weidong Huang, Taiyang Zhou, Peng Zhen, & Kun Kuang

Setting _ n=1000 _ n=5000 _ n=10000
Qini MAPE COPC Qini MAPE COPC Qini MAPE COPC

TAR 0.222+0.019  0.273+0.089  0.969+0.147 | 0.259+0.007  0.091+0.037  1.047+0.090 | 0.299+0.024 0.170+0.101  1.003+0.210
TAR r 0.222+0.024  0.259+0.125 0.973+£0.226 | 0.295+0.008 0.101+0.069  0.950+0.923 | 0.327+0.011 0.108+0.089  0.992+0.125
TAR_f(ours) | 0.250+0.027 0.219+0.160  0.927+0.150 | 0.323+0.005 0.078+0.074 0.981+0.101 | 0.341+0.004 0.057+0.046 1.021+0.073
CF 0.273+0.001  0.140+0.001 1.032+0.032 | 0.304+0.001 0.115+0.008 1.131%0.009 | 0.318+0.000 0.062+0.003  1.056:0.002
CF_r 0.296+0.005  0.120+0.001  1.109+0.000 | 0.325+0.001  0.070+0.000  1.056+0.003 | 0.328+0.000  0.053+0.000  1.053+0.000
CF_f(ours) | 0.316+0.003 0.102+0.016 1.117+0.034 | 0.330+£0.000 0.047+0.003 1.050+0.004 | 0.334+0.000 0.052+0.004 1.057+0.004

that the fused data will not introduce large deviations due to the
differences in the observational data. (ii) When the biased RCT has
large heterogeneity in a certain dimension, while the observational
data has no heterogeneity in this dimension, our method can effec-
tively correct the bias of the biased RCT data and ensure that the
fused data does not have large heterogeneity.

(2) Results and analysis. We use the model with a 1:3 fusion
ratio as our main experimental setting, with the baseline trained
on the original biased RCT data. The control group consists of
data randomly selected in a 1:3 ratio from the observational data.
Then tested on a large-scale unbiased RCT as the ground truth. The
results are shown in Table 2.

Moreover, we tested the model trained under different fusion
ratios and explored the impact when the RCT data used in industry
is biased. The test results are detailed in Figure 4.

(i) Data fusion can significantly improve the model’s effect on
the ground truth. As shown in Table 2, the evaluation metrics
outperform the baseline across different data scales.

(ii) Biased and unbiased RCTs yield contradictory trends. As
shown in Figure 4, increasing the fusion ratio leads to improved
Qini scores under the ground truth, while performance based on
biased RCTs fluctuates and deteriorates, exhibiting high variance.
MAPE and COPC show the same trend. This divergence under-
scores the risks of relying on low-quality RCTs, which may produce
misleading or even opposite conclusions, emphasizing the critical
need for high-quality RCT data in industrial applications.

(iii) Fusion ratio positively influences performance. In the syn-
thetic setting, higher fusion ratios consistently enhance Qini and
reduce MAPE.

4.3 Real World Data Verification

To test the effect of our method in real-world scenarios, we con-
ducted the offline and online verification. Specifically, in the online
ride-hailing pricing scenario, the RCT experiment accounts for
0.65% of the total online traffic. To train the uplift model, we use
RCT data from more than 200 main cities in China collected over
one year. And we use the RCT data closest to the current week
as the test set. We selected the 1:3 model, which performed well
in offline experiments, for online deployment. It was used for one
week across 62 major cities in China, during which economic gains
were observed.

4.3.1 Offline Evaluation. We conducted data fusion with multiple
ratios using the (biased) RCT data points obtained from experiments
in the aforementioned 200 cities. The fusion ratios were set to 1, 2, 3,

5,7, and 9, respectively. During the matching process, we imposed
a constraint that required the distance to RCT samples to reach at
least a certain threshold. The experimental results are shown in the
Table 3.

Table 3: The baseline represents the model trained using
the original biased RCT. The ratios from 1:1 to 1:9 indicate
different fusion ratios. The (w_) represents the weighted
average of the 15 treatments mentioned above based on their
population proportions (thus, the theoretical optimal value
of w_COPC should be close to 0.92). The gray row is what we
chose in the online experiment.

Setting | w_Qini w_MAPE w_COPC

baseline | 0.0907 0.0441 0.9509
1:1 0.0697 0.0402 0.8385
1:2 0.0967 0.0627 0.9496
1:3 0.0796 0.0308 0.9343
1:5 0.0865 0.0360 0.8718
1:7 0.0891 0.1064 0.7588
1:9 0.0788 0.1396 1.2216

Upon examining the result, we observe that data fusion has
produced a negative effect on the Qini coefficient across almost all
experimental groups, while it has shown a positive effect on MAPE
and COPC at certain fusion ratios. Since our test set is derived from
biased RCT data, the results may differ from or even contradict the
model’s true capabilities, as indicated by the simulation experiment
results in Section 4.2, but it still serves as an important reference for
mitigating online risks. The 1:3 setting requires fewer fused data
while simultaneously achieving better COPC and MAPE scores.
Therefore, through further consideration of the model and cost
estimation, we have selected the 1:3 model as the deployment model
and conducted online experiments in the next section. In addition,
we selected two key features and visualized them, with the results
presented in Figure 5. The eta and ecr are crucial for the supply and
demand relationship, which plays a significant role in our scenario.
As shown in the visualization, the fused data helps mitigate the
bias and heterogeneity in the RCT data, resulting in an improved
representation of the underlying relationships.

4.3.2  Real World Online Evaluation. Offline evaluation fails to re-
flect the actual online economic benefits. Therefore, we conducted
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Figure 4: The variation of the Qini, Mape, and COPC under different fusion ratios and using different test sets, where n represents
the data size and (+ratio) denotes the fusion ratio. In each subplot, the fusion ratio increases sequentially from left to right,
with red representing the biased RCT used as the test set and blue representing the ground truth.

Biased RCT Fusion data

0o =

X-axis: value

Y-axis: Density

Figure 5: Visualization of heterogeneity in real high-
dimensional data. We selected two features. From left to
right are observation data, biased RCT data, and our fusion
data.

one week! of online experiments in 62 major cities in China, with
the experimental traffic accounting for 20% of the total traffic. The
model trained using the 1:3 fused data was tested to verify whether
it could have positive results in an online setting. The model is used
to predict users’ real-time sensitivity to discounts when hailing
a ride online, and the predicted values serve as the basis for the
coupon issuance decisions made by the budgeting system. We com-
pared the performance of the fusion model and the baseline model
regarding GMV and GP, and calculated the AA difference for the
two experimental groups, as shown in Table 4. The model achieved
a 0.87% improvement in GMV. Because in large-scale online tests,
it is difficult to fully control all variables. Therefore, we rely on
the computed adjusted profit as the primary evaluation criterion,
considering the GP loss and AA difference, with the baseline as the
reference. The profit gain brought by the model is +0.41% on the
overall platform, demonstrating the effectiveness of the method.

!In the ride-hailing scenario, online performance exhibits weekly periodicity, and the
large volume of online data ensures statistical significance;

Table 4: The online performance of the model trained on the
original data and the 1:3 fused data. We compute and care
more about the profit, which corresponds to the gray area.

Setting | GMV  GP  AA

fused data(ours) | +0.87% -0.19
baseline 0.00%  +0.01

‘ profit

+0.15% | +0.41%
+0.09% | 0.00%

5 Conclusion

To address the issues of potential complex heterogeneity and signifi-
cant generalization bias due to insufficient sample sizes in industrial
RCTs, we propose a method for combining RCTs and observational
data based on pseudo-sample matching. Our method leverages
flexible bucketing and fusion rates to adapt to complex business
scenarios. We validate its effectiveness through simulations, offline
evaluation, and online experiments. In the simulation experiments,
we revealed the harm caused by biased RCTs to model training
and evaluation, as well as their impact on economic benefits. Our
method performed well on the simulation dataset. Through offline
validation with large-scale real-world data and online deployment
experiments of the model in multiple major cities in China, our
method achieved a 0.41% improvement in economic profit. We in-
troduce a new setting compared to previous studies, aiming to solve
real-world industrial problems, and hope that this work provides
valuable insights for handling data in industrial applications and
emphasizes the critical importance of RCT quality for the uplift
model performance.
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