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Variance Reduction In Online Controlled Experiments
Abstract:

Online controlled experiments help determine causal effects by randomly assigning
participants to treatment and control groups. However, a high variance within experi-
mentation data can obscure treatment effects. Variance reduction techniques mitigate
this noise, enhancing sensitivity, reducing the required sample size, and experiment
duration. Traditional variance reduction methods often struggle to reduce variance ef-
fectively because they don’t fully account for the partial correlations between multiple
covariates and business metrics. In this study, we integrate and evaluate established
machine learning-based variance reduction techniques within the internal experimenta-
tion platform of Bolt Technology OÜ, an Estonian multinational mobility company. We
show that these approaches reduce the variance of experiment metrics by up to 51.2%
and outperform existing internal methodologies by 6%. Our findings demonstrate that
machine learning-based methods can effectively overcome the limitations of traditional
methods, offering a more robust variance reduction in controlled experiments in the
ride-hailing domain.

Keywords:
Variance reduction, Machine Learning, Online Controlled Experiments

CERCS: P160 - Statistics, operation research, programming, actuarial mathematics.

Hajuvuse vähendamine veebipõhistes kontrollitud katsetes
Lühikokkuvõte:

Veebipõhised kontrollitud katsed aitavad kindlaks teha põhjuslikke seoseid, jagades
osalejad juhuslikult test- ja kontrollrühmadesse. Siiski võib katseandmete suur hajuvus
katse mõjusid varjutada. Hajuvuse vähendamise tehnikad leevendavad seda probleemi,
suurendades katse tundlikkust ning vähendades vajaliku valimi suurust ja katse kestust.
Sageli ei suuda traditsioonilised hajuvuse vähendamise meetodid hajuvust tõhusalt vä-
hendada, kuna need ei võta täielikult arvesse osalisi korrelatsioone mitme kovariandi
ja ärimõõdikute vahel. Selles uurimistöös rakendame masinõppel põhinevaid hajuvuse
vähendamise tehnikaid Eesti rahvusvahelise mobiilsusettevõtte Bolt Technology OÜ
sisekasutuses oleval testimisplatvormil. Näitame, et sellised meetodid vähendavad katse-
mõõdikute hajuvust kuni 51,2% ja töötavad senistest ettevõttes kasutatud meetoditest
6% võrra paremini. Meie tulemused näitavad, et masinõppel põhinevad meetodid suuda-
vad tõhusalt ületada traditsiooniliste meetodite piirangud, vähendades oluliselt hajuvust
sõidujagamise valdkonna kontrollitud katsetes.

Võtmesõnad:
Hajuvuse vähendamine, masinõpe, veebipõhised kontrollitud katsetused

2



CERCS: P160 - Statistika, operatsioonanalüüs, programmeerimine, finants- ja kindlus-
tusmatemaatika
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Disclaimer
Specific business metrics and model training input features have been anonymized to
protect proprietary company information. Metrics use placeholder names (e.g., business
metric-I, business metric-II, etc.), and features are described by their broader categories
rather than individual identifiers. Each category encompasses a group of related features.
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1 Introduction
One of the most critical factors for the success of a modern business, such as a ride-hailing
service, is the ability to make data-driven decisions. Online Controlled Experiment (OCE)
helps to evaluate the impact of modifications to a product or service and make data-driven
decisions (Kohavi et al., 2020). OCEs are widely used in the industry by companies like
Google, Facebook, Amazon, Bing, Yandex, eBay, Etsy, LinkedIn, Lyft, Uber, Airbnb,
Booking.com (Gupta et al., 2019), with thousands of experiments being run annually
(Deng et al., 2013). At Bolt, OCEs are embedded into product development workflows
to help teams measure the real-world impact of new features and changes before rolling
them out broadly.

The sample size is a key factor in OCEs (Kohavi and Longbotham, 2023). It is the
number of users participating in the experiment to detect the Minimum Detectable Effect
(MDE) with statistical power. The users’ enrollment rate determines the sample size in
the experiment variants (control and treatments) and the experiment duration (Kohavi
and Longbotham, 2023). At big companies, detecting small changes can have significant
business implications (Deng et al., 2013). However, small MDEs increase the required
sample size, prolong the experiment duration, and slow the business decision-making
process. Variance Reduction (VR) techniques mitigate this by reducing noise in OCEs,
lowering the required sample sizes, and reducing experiment duration.

This Master’s thesis was carried out in collaboration with the Estonian mobility company
Bolt. The company provided the required data, infrastructure, and mentorship to explore
VR methods. The study evaluates VR techniques that utilize Machine Learning (ML)
against the company’s current approaches to identify potential improvements.

In this thesis, we aim to address the business question: how can we improve the sensitivity
of OCEs conducted at Bolt, reduce sample sizes, shorten experiment durations, and enable
faster time to market using VR techniques? To this end, we apply VR approaches that
leverage ML.

The following sections of this thesis are structured as follows: Chapter 2 provides
an overview of related work in VR, encompassing traditional VR techniques that use
historical data Controlled Experiment Using Pre-Experiment Data (CUPED) (Deng
et al., 2013) and ML-based approaches Control Using Predictions as Covariate (CUPAC)
(Li et al., 2020) and Machine Learning for Variance Reduction in Online Experiments
(MLRATE) (Guo et al., 2022). Chapter 3 includes the methodology, data description,
implementation of VR techniques, and ML models. Chapter 4 presents the experimental
results, evaluation, and a comparison of the different approaches. In Chapter 5, we
discuss potential improvements for future research. Finally, Chapter 6 summarizes the
thesis’s outcomes.
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2 Related Work
In this chapter, we start by defining OCE and VR tasks, then give an overview of the
classical approaches that solve them, and finally introduce the state-of-the-art methods
focusing on CUPAC and MLRATE.

2.1 Online Controlled Experiments
Different stakeholders in a company, such as product managers, data scientists, and
engineers, develop a hypothesis about a new feature or service. OCE enables systematic
testing of the hypothesis and measuring the impact of the new feature on Overall Evalua-
tion Criterion (OEC), such as user engagement or revenue. Figure 1 shows the general
process of OCE. The process starts with a hypothesis, followed by a design phase, where
the experiment is designed and the sample size is determined. Next, the experiment is
run, enrolled users receive the different variants, and the data is collected. Finally, the
data is analyzed to determine the effect of the treatment.

Figure 1. General A/B testing process (Garousi and Mäntylä, 2016).

In most OCE, users are randomly assigned to treatment and control groups, and the
outcomes are then compared to understand the change’s causal effect on specific Business
Metric (BM), also known as OEC (Kohavi et al., 2020). The treatment group has access
to the new feature, while the control group doesn’t, see Figure 2. These online controlled
experiments are also known as A/B tests or controlled experiments.
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Figure 2. High-level structure of an online experiment (Kohavi and Longbotham, 2023).

2.2 Variance Reduction
Variance is a key variable in determining the required sample size of an OCE, and by
extension, it also influences the experiment’s duration. After developing a hypothesis,
the next step in OCE is to determine the required sample size, which is a function of
the MDE(δ), statistical power(1− β), significance level(α), and the variance(σ2). Both
MDE, statistical power, and significance level are fixed values. Conversely, the variance
is a random variable that needs to be estimated using historical data.

For comparison of means between two independent groups, a commonly used approxi-
mation is (Serdar et al., 2021):
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N =
(r + 1)(Zα/2 + Z1−β)

2σ2

rd2
(1)

where:

• N : required sample size for group 1 (if r = 1, same applies for group 2)

• r = n1

n2
: ratio of sample sizes between the two groups

• σ2: pooled variance of the two groups

• d: difference between the two group means (i.e., the MDE)

• Z1−β: Z-score corresponding to the desired power (e.g., 0.84 for 80% power)

• Zα/2: Z-score for the significance level (e.g., 1.96 for α = 0.05)

This work focuses on VR methods that leverage ML, namely CUPAC and MLRATE.
These methods use ML models to adjust the target metric and estimate the treatment
effect. We identify covariates and train different ML models to predict the target metric.
Various types of randomization units (Kohavi et al., 2020) exist in an OCE, such as user,
session, impression level, etc. In this work, we focus on experiments that have user-level
randomization units.

2.2.1 Stratification

Stratification involves dividing participants into homogeneous subgroups called strata
based on covariates (e.g., location or user device) (Xie and Aurisset, 2016). Each stratum
is then balanced between the control and treatment groups. This helps ensure that both
groups are similar with respect to these characteristics, which reduces variance and
improves sensitivity. In stratification, the K strata are independent, and there is no
correlation in the variability of the different subgroups. Stratified sampling reduces
variance by removing the between-strata variance (Xie and Aurisset, 2016). Despite its
effectiveness, the practical application of stratification is limited by the need to define
strata and the difficulty of balancing them.

2.2.2 Pre-Experiment and Experiment Data

Pre-experiment data refers to historical data collected before the experiment begins. It
is commonly used to estimate the variance of the target outcome during sample size
calculation. Additionally, it helps identify covariates that are correlated with the target
metric and can be used to adjust the outcome variable. Leveraging pre-experiment data
for metric adjustment ensures that VR methods are independent of the experiment effect
(Deng et al., 2013).
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Experiment data refers to the data collected during the experiment and is used to estimate
the treatment effect and draw conclusions about the hypothesis. Throughout this thesis,
we use the terms experiment data and in-experiment data interchangeably.

2.2.3 CUPED

CUPED utilizes pre-experiment data to reduce the variability of the target metric and
achieve better sensitivity (Deng et al., 2013). CUPED uses a single covariate to adjust
the target outcome. The choice of covariate is open. Generally, using pre-experiment
data of a target metric as a covariate provides the most significant variance reduction
(Deng et al., 2013).

Following the formulation from CUPED (Deng et al., 2013), the estimator is expressed
as:

Ycuped = Ȳ − θX̄ + θE[X] (2)

where Y is the target metric, X is the covariate, θ is any constant, and Ycuped is unbiased
estimator of E[Y ] because −θE[X̄] + θE[X] = 0, and the variance of the unbiased
estimator Ycuped is given by:

var(Ycuped) = var(Y − θX) =
1

n
(var(Y − θX)) (3)

=
1

n

(
var(Y ) + θ2var(X)− 2θcov(Y,X)

)
. (4)

To minimize var(Ycuped), the choice of θ is as follows:

θ =
cov(Y,X)

var(X)
(5)

where cov(Y,X) is the covariance between the target metric and the covariate, and
var(X) is the variance of the covariate. The coefficient θ adjusts the target metric based
on the relationship between the covariate and the target metric.

With the optimal choice of θ, the variance of the unbiased estimator Ycuped is given by:

var(Ycuped) = var(Ȳ )(1− ρ2) (6)

Where ρ is the correlation between Y and X , ρ = corr(Y,X).
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X is an independent variable that is used to adjust the target metric, and to reduce
variance effectively, it is crucial to select the covariate X with:

• High correlation with Y .

• Known E[X] value.

2.2.4 CUPAC

The CUPAC VR method extends CUPED to identify the partial correlation between
multiple covariates and target metric (Li et al., 2020). Similar to CUPED, CUPAC uses
pre-experiment data to adjust the target outcome. However, instead of using a single
variable as a control variate, a model is trained with data before the experiment, and used
to predict the target metric during the experiment. Next, the model prediction is used as
a control variate to adjust the target metric.

The formulation of CUPAC is as follows (Li et al., 2020):

Ycupac = Y − θg(X) + θE[g(X)] (7)

where Y is the target outcome, and g(X) is the model prediction.

The variance of the estimator Ycupac is given by:

var(Ycupac) =
1

n
(var(Y ) + θ2var(g(X))− 2θcov(Y, g(X)))

Similar to CUPED, to minimize var(Ycupac) the coefficient θ is computed as:

θ =
cov(Y, g(X))

var(g(X))

And with the optimal choice of θ, the variance of the unbiased estimator Ycupac is given
by:

var(Ycupac) = var(Y )(1− ρ2) (8)

Where ρ is the correlation between Y and g(X), ρ = corr(Y, g(X)).

15



2.2.5 MLRATE

MLRATE uses ML predictors for variance reduction (Guo et al., 2022). MLRATE
accounts for the correlation between a target outcome and multiple covariates using
ML. The model input features contain a list of covariates X that are correlated with the
target metric and the in-experiment metric as a target Y . MLRATE employs cross-fitting
to avoid overfitting biases and is robust to poor model predictions(Guo et al., 2022).
Supposing the predictions are uncorrelated with the outcomes. In that case, the MLRATE
estimator performs no worse than the difference-in-means estimator(Guo et al., 2022).
On the other hand, if predictions are highly correlated with outcomes, the rate of variance
reduction is high. In experiments conducted at Facebook, the MLRATE estimator has
over 70% lower variance compared to the difference in means estimator (Guo et al.,
2022).

The linear regression-adjusted estimator of treatment effect for MLRATE(Guo et al.,
2022) is expressed as:

Yi = α0 + α1Ti + α2g(Xi) + α3Ti(g(Xi)− E[g(X)]) + ϵi (9)

where Y is the target outcome, X represents the list of covariates, g(X) is the model
prediction. The term E[g(X)] is the average model prediction, and Ti is a treatment
indicator that indicates whether the participant is in the treatment or not. α0 is the
intercept, α1 is the treatment effect, α2 is the effect of model prediction g(Xi) on Yi, α3

is the interaction effect between treatment Ti and g(Xi)− E[g(X)], and ϵi is the error
term.
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2.3 Model selection
Different families of ML models can be used for the estimators. The choice of the
model depends on the specific task and the data available. In this work, we use a
Gradient Boosted Decision Trees (GBDT) model with different hyperparameter tuning
and workflows to optimize the model performance.

2.4 Model objective functions
ML-based VR is a regression problem that estimates the treatment effect with the least
variance by adjusting the target outcome using pre-experiment covariates. In this section,
we define different regression objective functions that can be used to train ML models
for VR. The choice of the objective function is crucial, as it directly affects the model’s
performance.

• Mean Absolute Error (MAE) measures the average absolute difference between
the predicted and actual values. It is defined as:

MAE =
1

n

n∑
i=1

|yi − ŷi| (10)

where yi is the actual value, ŷi is the predicted value, and n is the number of
samples.

• Mean Squared Error (MSE) measures the average squared difference between the
predicted and actual values. It is defined as:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2 (11)

where yi is the actual value, ŷi is the predicted value, and n is the number of
samples. MSE is sensitive to outliers and can be affected by extreme values.

• Root Mean Squared Error (RMSE) is the square root of the mean squared error. It
is defined as:

RMSE =
√

MSE (12)

=

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (13)
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where yi is the actual value, ŷi is the predicted value, and n is the number of
samples.

Selecting an appropriate objective function depends significantly on the particular task
under consideration. In cases where it remains unclear which objective function would
be most suitable, evaluating and comparing different objective functions empirically
through controlled experimentation is advisable.

2.5 Limitations
Methodologies such as CUPED only take into account the relationship between one
pre-experiment covariate and the target business metric. We address this limitation
by applying CUPAC and MLRATE to ride-hailing experiments. We leverage machine
learning to identify the partial relationship between multiple pre-experiment covariates
and the target business metric. These approaches allow us to reduce variance in OCEs
effectively.
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3 Methodology
This chapter provides an overview of the end-to-end pipeline, a description of the data
utilized for the research, outlining the preprocessing techniques, the models developed,
and the specific training methodologies employed.

Our experiments consist of several explorations and sequential steps. The starting
point of OCE is the formulation of a hypothesis, followed by the design and setup of
the experiment. After setting up the experiment, the variants are deployed, and the
experiment starts. After the experiment is started, data is collected for 1 week, and
an interim analysis is conducted using the experiment data to validate the variance
estimation. Finally, when the experiment concludes, the data is analyzed to estimate the
treatment effect and determine whether to accept or reject the hypothesis. The entire
process is illustrated in Figure 3.

VR methods such as CUPED, CUPAC, and MLRATE are integrated throughout the
pipeline. Historical data are used to estimate variance and determine sample size during
setup. At the interim stage, VR methods are applied to re-estimate variance, update
the required sample size, and adjust the experiment duration using early experiment
data. After the experiment, VR techniques are used to adjust the OEC and estimate the
treatment effect.
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Figure 3. End-to-end workflow of an OCE incorporating VR techniques. The diagram
presents the complete experimental lifecycle, from hypothesis formulation and A/B test
setup to interim analysis and post-experiment evaluation.

To apply the VR methods on real-world ride-hailing OCEs, first, user-level experimental
data is collected by Bolt Technology OÜ. The raw data undergoes feature engineering,
which includes cleaning, normalization, and encoding of categorical features. Next,
we develop predictive models for the three frequently used BMs. We explore two
model pipelines for CUPAC and one for MLRATE. Following model development, three
variance reduction methods are applied and compared: CUPED (used as a baseline),
CUPAC (with two data/model setups), and MLRATE. Finally, the effectiveness of each
variance reduction method is evaluated by measuring the percentage reduction in variance
of the target BM.

3.1 Data Description
Real-world data is used to evaluate the effectiveness of the variance reduction methods
applied to ride-hailing OCEs. The dataset is provided by Bolt Technology OÜ.

3.1.1 Real-World Data

The dataset contains information from experiments conducted in the ride-hailing business
vertical in 2024 in Tallinn, Estonia. The dataset comprises anonymized user-level data
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with no Personally Identifiable Information (PII) and experiment metric data.

3.1.2 Data Preprocessing and Feature Selection

For model training and evaluation, we identified the top 3 frequently used metrics in
the ride-hailing experiments that use user-level randomization. Next, we use historical
data and create a user profile. The user profile comprises 100+ features. Moreover, each
business metric’s feature set can differ, and we identify the most relevant features for
each metric. We preprocess the data by creating a removal criterion as follows:

• Domain knowledge: This experiment focuses on the ride-hailing business vertical,
so we remove features that are not relevant to this vertical.

• Missing values: features with too many missing values.

• Low variance: Non categorical features with low variance. We use a threshold of
0.01 to remove features with low variance.

• Correlation: Features with a Pearson correlation coefficient above 0.85 were
identified as highly correlated (see Figure 4), and the feature that has the least
mutual information with the target metric is removed.

• Mutual information: features with low mutual information with the target metric.
Using a threshold of 0.01.
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Figure 4. Correlation heatmap of features in the Ride History category (see Table 1), with
values ranging from −1 (strong negative correlation) to 1 (strong positive correlation).
Dark blue indicates a strong positive correlation, white indicates little to no correlation,
and red indicates a strong negative correlation.

Additionally, we apply normalization and one-hot encoding on categorical features.

As discussed in the disclaimer section , we refer to the top 3 frequently used business
metrics as BM-I, BM-II, and BM-III. Moreover, for the set of features, we prepared 11
categories shown in Table 1. Each category contains a group of features.
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No. Feature Category No. of Features
1 User Metadata 8
2 Account Lifecycle 4
3 Account Status and Flags 15
4 Communication Preferences 8
5 Ride History 28
6 Order History 7
7 User Spending Stats 14
8 Engagement and Activity 17
9 Segmentation and Cohorts 5

10 Data Change & Ingestion 6
11 Marketing Consent 15

Table 1. Feature categories for grouping a related set of features.

3.2 Gradient Boosted Decision Trees
We use LightGBM (Ke et al., 2017) for our GBDT implementation. To enhance Light-
GBM model performance, we performed hyperparameter tuning using the Hyperopt
library (Bergstra et al., 2013). Table 2 shows the optimal hyperparameter settings for the
three business metrics we selected in this study.

Hyperparameter ML Models
Business Metric-
I Model

Business Metric-
II Model

Business Metric-
III Model

boostingType gbdt gbdt gbdt
lambdaL2 0.02 1.5 1.43
learningRate 0.03 0.28 0.25
numIterations 170 200 280
numLeaves 300 200 150
objective tweedie tweedie tweedie
tweedieVariancePower 1.04 1.77 1.74

Table 2. Hyperparameter settings for business metric level ML models.

• boostingType: The type of boosting to use. We use GBDT.

• lambdaL2: The L2 regularization.

• learningRate: The learning rate for the model.

• numIterations: The number of boosting iterations.
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• numLeaves: The maximum number of leaves in one tree.

• objective: The objective for the regression model. The set of possible values
are: regression_l2, regression_l1, huber, fair, poisson, quantile, mape,
gamma or tweedie.

• tweedieVariancePower: The variance of tweedie distribution, and the value must
be between 1 and 2.

The hyperparameter tuning process begins with feature selection and engineering on
historical OCE data. The resulting dataset is used in a K-fold cross-validation setup
(K = 5), where each fold serves as the validation set once to ensure robust performance
evaluation. For each hyperparameter configuration, the average RMSE across the valida-
tion folds is computed and used as the optimization metric. We use MLFlow to track the
hyperparameters and evaluation metrics(see Figure 18). The end-to-end tuning workflow
is illustrated in Figure 5.

Figure 5. Hyperparameter tuning for the three business metrics.

3.3 Linear Regression
For MLRATE, the model predictions are first prepared using the GBDT model. Next,
we use Ordinary Least Squares (OLS) to estimate the treatment effect in an experiment,
compute the prediction (α2) and treatment interaction coefficients (α3) as discussed in
section 3.10.
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3.4 Model Pipeline
We develop one model for each BM per OCE. We used a different set of features for
each BM model. The model development pipeline begins with data extraction from
OCE, separated into pre-experiment and experiment datasets. Following this, a feature
engineering step transforms and prepares the data. The full dataset is then partitioned into
training and holdout sets. The holdout set is reserved for final performance evaluation.
Within the training set, K-fold cross-validation (K = 5) is used to assess model general-
ization ability. For each fold, a different subset of the data is used for validation while
the remainder is used for training. The average performance across folds is measured
using RMSE. Once cross-validation is complete, the model is evaluated on the holdout
set to estimate real-world performance. Both average cross-validation results and holdout
performance are tracked using MLFlow, which manages model metrics and artifacts.
The final model is then prepared using the full dataset. Figure 6 shows the end-to-end
model pipeline.

Figure 6. A high-level overview of the model pipeline consisting of data preparation,
feature selection, model development, and model evaluation.

It is important to note that this pipeline applies to the GBDT model and not the OLS
model.

3.5 Tools and Technologies
All models were implemented using Python version 3.11.9. GBDT was implemented
using LightGBM, scikit-learn (Pedregosa et al., 2011) is used in data processing, while
OLS regression was carried out using statsmodels (Seabold and Perktold, 2010). For
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distributed data processing, we used PySpark (The Apache Software Foundation, 2025;
Zaharia et al., 2010), Databricks, and SynapseML (Microsoft, 2024). Hyperparameter
optimization was performed using Hyperopt (Bergstra et al., 2013). Data visualization
tasks were accomplished using matplotlib (Hunter, 2007) and seaborn (Waskom, 2021).
Diagrams illustrating the model pipelines are prepared using DrawIO (Ltd., 2025). For
monitoring, logging, and managing the ML pipeline, we used MLflow (Chen et al.,
2020).

All training and experimental procedures were conducted within a Databricks environ-
ment, configured with 8 worker nodes. Each worker node provided 8 CPU cores and 61
GB of memory. The exact number of worker nodes used varied according to the compu-
tational requirements of each experiment and was managed by the cluster autoscaling
functionality.

ChatGPT-4 (OpenAI, 2025) was used as a coding assistant. Grammarly (Grammarly Inc.,
2025) was utilized to correct grammatical errors and improve vocabulary usage.

3.6 Baseline
In this research, our primary focuses are CUPAC and MLRATE, but to analyze their
performance, we use the existing data pipeline using CUPED as a baseline.

3.7 CUPED
We use CUPED as a reliable baseline to compare the performance of CUPAC and
MLRATE. CUPED is a traditional method that uses historical data to adjust the target
metric.

As discussed in section 2.2.3, the best explainer of a business metric Y is the pre-
experiment value of the same metric.

X = Ypre−experiment (14)

Historical Average (HA) of the BM is used as a control variate in this study.
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3.8 CUPAC
As discussed in section 2.2.4, CUPAC uses the output of a model prediction as a control
variate (Li et al., 2020). After feature selection, preprocessing, and model development,
we apply CUPAC with the GBDT model in ride-hailing experiments and compare it with
the baseline method.

Algorithm 1: CUPAC: Variance Reduction using Model Prediction
Input: Covariate vectors XT−2, XT−1; metric value YT−1; target metric YT

Result: Adjusted target metric ỸT

1 Construct training dataset D = {(X(i)
T−2, Y

(i)
T−1)}ni=1

2 Train predictive model g(X) on dataset D
3 Generate g(XT−1) predicting YT given XT−1: ŶT = g(XT−1)

4 Compute g(XT−1) as g(XT−1) =
1
n

∑n
i=1 g(X

(i)
T−1)

5 Compute θ as θ = cov(YT ,ŶT )

var(ŶT )

6 Compute adjusted metric ỸT = YT − θŶT + θg(XT−1)

In algorithm 1, T − 2 and T − 1 represent the pre-experiment period.

Within the CUPAC framework, we develop CUPAC-I and CUPAC-II as distinct variants
to explore different modeling approaches independently.

3.8.1 CUPAC Setup I (CUPAC-I)

We create three checkpoints: T − 2, T − 1, and T . Both T − 2 and T − 1 indicate a time
before starting the experiment, and T indicates a time after starting the experiment.
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Figure 7. CUPAC-I variance reduction using a list of covariates as model input

• Stage I: We prepare the model training dataset by combining the list of covariates
at T-2 with the metric value at T-1. Then, the dataset is used to train and evaluate a
model.

• Stage II: We generate a model prediction using the model trained at Stage I and
the list of covariates at T-1.

• Stage III: Finally, the target BM is adjusted using the model prediction from Stage
II.
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3.8.2 CUPAC Setup II (CUPAC-II)

From CUPED, we know that the best explainer of a given metric is the pre-experiment
value of the same metric. This method is similar to the first approach; the key difference
is that the historical metric value is also included as a model input feature.

Figure 8. CUPAC-II variance reduction using a list of covariates and pre-experiment
metric as model input feature

• Stage I: We prepare the model training dataset by combining the list of covariates
and metric values at T-2 as features and the metric value at T-1 as a target. Then,
the dataset is used to train and evaluate a model.

• Stage II: generate model predictions using the model trained at Stage I. Here, the
model input features are the list of covariates and metric values at T-1.
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• Stage III: Finally, the target primary metric is adjusted using the model prediction
from Stage II.

3.9 MLRATE
In our implementation of MLRATE, we used pre-experiment features as model input,
and the BM values during the experiment as a prediction target. Cross-fitting is applied
to avoid overfitting and introducing bias (Guo et al., 2022).

We divide the MLRATE process into four stages:

• Stage I: We prepare the dataset by combining the list of features before the
experiment starts, and the target metric value after starting the experiment.

Figure 9. Stage I: Dataset preparation by combining pre-experiment features with
experiment target metric values.

• Stage II: create N partitions of the data prepared at Stage I. Then, we train N
models. The number of partitions used to train one model is N − 1, then the model
is used to predict the remaining partition. Figure 10 shows two models, M1 and
M2, trained on different partitions, Partition1 and Partition2, respectively.
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Figure 10. Stage II: The dataset is randomly split in to N = 2 partitions. Subsequently,
two models are trained on the different partitions.

To avoid overfitting, we apply cross-fitting in our model training and prediction
process. Users are randomly assigned to one of N partitions using a pseudo-
random hash of an anonymous user ID (Kohavi et al., 2009, 2013). We use MD5
(Rivest, 1992) to generate the hash of the user ID. Next, we apply a modulo
operation. The randomization approach ensures balanced representation of user
characteristics (e.g., device types) across partitions.
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Algorithm 2: Cross-Fitting: Model training
Input: Number of partitions N , user ID list U

1 Divide the range [0, 1010) into N equal intervals {I1, I2, . . . , IN}
2 for each user u ∈ U do
3 Compute hash: hu = MD5(u) mod 1010

4 Assign user u to partition Pi such that hu ∈ Ii

5 for each partition i = 1 to N do
6 Train model Mi on users not in partition Pi

7 Store interval Ii as metadata for model Mi

• Stage III: At this stage, the model makes predictions on the partition not used
in training. For example, model M1 and M2 are trained on Partition1 and
Partition2, respectively. Therefore, M1 is used to predict Partition2, and M2 is
used to predict Partition1 (see Figure 11).

Algorithm 3: Cross-Fitting: Model prediction
Input: Number of partitions N , user ID list U

1 Divide the range [0, 1010) into N equal intervals {I1, I2, . . . , IN}
2 Load models {M1,M2, . . . ,MN} for each interval I
3 for each user u ∈ U do
4 Compute hu = MD5(u) mod 1010

5 Identify partition Pi such that hu ∈ Ii
6 Predict g(Xu) = Mi(Xu)

After applying the prediction to the different partitions, the partitions are combined
to form the final dataset of features and model predictions.
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Figure 11. Stage III: Model M1 trained on Partition1 is used to make prediction
on Partition2, and model M2 trained on Partition2 is used to make prediction on
Partition1.

• Stage IV: Finally, the BMs are adjusted using the combined dataset in a linear
regression step. We fit an OLS model using the model prediction and treatment
indicator features as discussed in section 2.2.5 to estimate the treatment effect.

3.10 Enrollment Rate
The enrollment rate is the ratio of users who are enrolled in the experiment after the
experiment starts. The enrollment rate is a key factor in determining the experiment
duration for a given sample size. We compute the daily enrollment rate as follows:
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E =
Ue

U
(15)

Where Ue is the number of users enrolled in the experiment in a day, and U is the total
number of users required for the experiment to reach the desired sample size.

The enrollment rate changes with time. We analyze the enrollment rate of experiments to
determine the impact of the variance reduction methods on the experiment duration and
the business.
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4 Experiment Results
In this chapter, we describe our experiments and the evaluation procedure for ML models,
which consists of computing regression metrics such as MSE, RMSE, MAE, and graphi-
cal distribution analysis. Moreover, we describe the effectiveness of variance reduction
methods on the different BMs. We also analyze the enrollment rate of experiments to
determine the impact of the variance reduction methods on the experiment duration.

4.1 Main Results
We conducted our experiments using the dataset described in Section 3.1.1. The results
of the variance reduction methods are summarized in Table 3. The table shows the rate of
variance reduction achieved by each method across three different business metrics. The
MLRATE method achieved the highest variance reduction across all metrics, followed
closely by CUPAC-II. The CUPED method showed the least variance reduction among
all methods.

Method Variance reduction (%)
BM-I BM-II BM-III

CUPED 44.6 44.2 32.4
CUPAC-I 49.3 49.2 27.5
CUPAC-II 50.1 50.3 28.5
MLRATE 51.2 50.4 32.8

Table 3. Percentage of variance reduction achieved by different methods across three
BMs. The highest variance reduction for each metric is shown in bold.

All methods perform poorly for BM-III, compared to BM-I and BM-II. Upon further
investigation, we found that the model’s prediction power for BM-III is lower than BM-I
and BM-II (see Figure 15), and it is caused by the limited pre-experiment data.

4.2 Gradient Boosted Decision Trees
We evaluated the importance of the feature for the Gradient Boosted Decision Trees
models using two approaches. First, we used the standard feature importance method
from the SynapseML Python library (Microsoft, 2024), which computes importance
based on the total gain from splits involving each feature (see Figure 12).
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Figure 12. LightGBM cumulative feature importance by category using SynapseML’s
native function. Feature importance values are aggregated by category, summing the
importance scores of all features within each category.
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Additionally, we applied the SHAP method (Lundberg and Lee, 2017) to provide a more
interpretable measure of feature impact, as illustrated in Figure 13. Both approaches
indicate that features related to ride history are the most influential across all three BMs.

Figure 13. Category-level SHAP summary plot for a LightGBM model. SHAP values for
individual features are aggregated by category to reflect group-level importance. Color
indicates the mean value of features within each category (red = high, blue = low).
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For each BM, we monitor model evaluation metrics, including cross-validation average
metrics and performance on the holdout dataset. Table 4 shows the performance of
models for the different VR methods as measured using MAE and RMSE. As we
can see, the MLRATE models perform best on the holdout dataset, which shows the
effectiveness of the cross-fitting technique. The second-best models are the CUPAC-II
models, which show that including the historical average of BM as a feature improves
model performance.

Method Model Target BM CV Average Metrics Holdout Metrics

MAE RMSE MAE RMSE

CUPAC-I
BM-I 2.91 5.24 3.87 7.28
BM-II 1.87 3.13 2.74 4.98
BM-III 17.82 33.35 27.22 46.32

CUPAC-II
BM-I 2.06 3.12 2.49 6.14
BM-II 1.65 2.64 2.26 4.41
BM-III 18.88 33.90 27.06 45.13

MLRATE
BM-I 1.58 2.53 2.07 4.54
BM-II 2.17 3.81 2.19 3.95
BM-III 14.41 27.46 17.89 32.43

Table 4. CV and Holdout Metrics of GBDT model used for VR

To graphically analyze the distribution similarity between BM values and model pre-
dictions, we plot the histogram of the BM values and predictions in the holdout dataset.
Figure 14 shows the histogram of BM values in the holdout dataset.

Figure 14. Histogram of BM values for the three business metrics in the holdout dataset.

The predicted BM values from the GBDT models for CUPAC-I, CUPAC-II, and ML-
RATE methods are shown in Figure 15. The histogram shows high distribution similarity
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for BM-I and BM-II. However, the predicted distribution for BM-III shows a difference
from the true BM-III distribution, which indicates the impact of limited data on the
model’s prediction power.

Figure 15. Histogram of normalized predicted BM values of ML models used for
CUPAC-I, CUPAC-II, and MLRATE.
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4.3 Enrollment Rate
To assess how variance reduction methods affect experiment duration, we examine the
enrollment rate progression in OCEs. Typically, over 50% of users are enrolled within the
first 7 days, with power users joining early in the experiment. As enrollment progresses,
the pool of eligible users diminishes, resulting in a declining enrollment rate.

In short-duration experiments with relatively small sample size requirements, reaching
the first 5% of the target sample is comparable to the time needed to get the final 5% (see
Figure 16).

Figure 16. Enrollment rate of experiments lasting less than fifteen days. The sample size
is calculated without VR.

In contrast, experiments that require larger sample sizes show a more noticeable slow-
down in enrollment. The initial 5% of users may be enrolled in just one day, while the
last 5% can take as long as 10 days (see Figure 17).
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Figure 17. Enrollment rate of experiments lasting more than fifteen days. The sample
size is calculated without VR.

The thesis does not report the average reduction in sample size. However, in our
experiments, the variance reduction methods CUPAC and MLRATE decreased the
required sample size by as much as 5% compared to the baseline method, CUPED.
The practical impact of this reduction varies depending on the original duration of the
experiment. We expect no significant time reduction for experiments running for less
than two weeks (Figure 16), but a reduction of multiple days for longer experiments
(Figure 17).
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5 Discussion
Our experimental results demonstrate that VR methods utilizing ML algorithms can
effectively capture partial correlations between covariates and business metrics and
improve the rate of variance reduction in ride-hailing experiments. Specifically, MLRATE
consistently outperformed baseline methods, including CUPED, CUPAC-I, and CUPAC-
II, across key BMs, achieving approximately 51% variance reduction from the original
metric variance.

OCEs measure different aspects of a business through various business metrics. Our
study found that MLRATE performed best across all evaluated metrics. The CUPED
baseline outperformed CUPAC-I and CUPAC-II methods in a specific metric where there
was limited data available for training and prediction. Additionally, the performance
of CUPAC on BM-III illustrates that the predictive power of a model can significantly
influence the effectiveness of VR methods. Therefore, it is crucial to monitor model
performance when applying VR methods that utilize ML.

We show that the relationship between the enrollment rate and time is not constant.
Typically, enrollment rates are high at the start of the experiment and decrease over time,
implying that for long-duration OCEs, enrolling the final 5% of the required sample size
demands substantially more time than enrolling the initial 5%. Our experiments show an
improvement in sample size and experiment duration compared to the CUPED baseline
method.

Employing variance reduction techniques that incorporate ML at scale requires additional
ML pipeline efforts and increased computational demands. In contrast, the baseline
method is more straightforward and less resource-intensive but shows performance
limitations. It is important to note that all approaches depend on the availability of
historical data.

Our thesis only covers OCEs conducted in one city with user-level randomization, and
further work is needed to evaluate these approaches at different randomization levels and
multiple cities. Evaluations at device or session levels and other experimental designs,
such as switchback tests, represent important areas for future research. Moreover, our
experiment was conducted with a fixed set of features, and further feature engineering
and hyperparameter tuning could yield even better model prediction performance and
reduce experiment duration.

In summary, while adding complexity, adopting ML-based VR methods such as MLRATE
offers compelling business advantages by reducing experiment duration, which facilitates
the decision-making process.
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6 Conclusion
In this thesis, we developed a data processing pipeline for preparing OCE data and
adjusting primary experiment metrics. We trained and evaluated LightGBM models
using covariates as inputs and the target metric as the prediction target. An evaluation
framework was implemented to compare the effectiveness of VR methods. Our results
show that the proposed pipeline machine learning-based VR method outperforms the
baseline CUPED. However, this improvement introduces additional complexity to the
experimentation workflow. Moreover, all approaches, CUPED, CUPAC, and MLRATE,
depend on pre-experiment data availability. We believe that with further feature engineer-
ing and optimization, the variance reduction rate can be improved further, making the
added complexity worthwhile.
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Appendix

I. Acronyms
BM Business Metric.

CUPAC Control Using Predictions as Covariate.

CUPED Controlled Experiment Using Pre-Experiment Data.

GBDT Gradient Boosted Decision Trees.

HA Historical Average.

MDE Minimum Detectable Effect.

ML Machine Learning.

MLRATE Machine Learning for Variance Reduction in Online Experiments.

OCE Online Controlled Experiment.

OEC Overall Evaluation Criterion.

OLS Ordinary Least Squares.

PII Personally Identifiable Information.

VR Variance Reduction.
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III. Visualizations

Figure 18. MLFlow monitoring model metrics during hyperparameter tuning.
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