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Abstract: Over the past two decades, artificial intelligence (AI) has revolutionized industries, with
machine learning (ML) at its core. While ML has enhanced supply chain management (SCM) in
efficiency and resilience, it often relies on correlations, risking decisions based on spurious
relationships. Causal machine learning (CML) offers a solution by focusing on cause-and-effect
relationships, promising accuracy and better decision-making. Leading companies like Amazon
and Walmart are beginning to harness CML for predictive modeling and Al-driven pricing
strategies. Despite its potential, CML in SCM remains nascent, with limited empirical research.
This chapter delves into the integration of causal inference in SCM, emphasizing methods that
avoid pre-selecting covariates. It reviews foundational causal estimation techniques, surveys CML
algorithms, and showcases their application through a simulation. By connecting theoretical
advancements with practical implementations, the chapter underscores CML’s transformative

potential for SCM research and practice, and outlines future directions for its development.



1. Introduction

Over the past two decades, artificial intelligence (Al) has experienced substantial developments
and entailed transformative changes for businesses globally (Dutta et al., 2024). Its core
technology involves algorithms broadly defined as machine learning (ML) methods. These
computationally intensive techniques learn from experience (i.e., past data) to make predictions
and improve accuracy, performance, and decision-making (Mobhri et al., 2018). The evolution of
Al has progressed from ML to more elaborate forms like deep learning (DL), natural language
processing (NLP), and generative Als (GenAl) (Goodfellow et al. 2016; Simonite 2023; Burtell
and Toner 2024). Although organizations initially employed Al systems for basic tasks, recent
theoretical and practical implications for firms and their supply chains have received significant
attention, particularly after large investments in AI and ML adoption took place in the late 2010s
(Dutta et al., 2024). Today, essential advancements propelled by large language models (LLMs)
and GenAl technology have created capabilities that aim to improve the management of supply

chains (Dutta et al., 2024; Liddell, 2023).

Some scholars suggest that firms employing Al have opportunities to enhance their supply chain
resilience by increasing visibility and improving sourcing, distribution, and last-mile delivery
(Modgil et al., 2021). Others indicate that firms implementing Al can gain efficiencies in supply
chain processes by taking advantage of digitalization and unphysicalization (Loske & Klumpp,
2022). Another perspective suggests that supply chain management (SCM), in theory and practice,
still needs to prepare for this capability and technological transformation because it entails risks

and challenges associated with Al-induced bias (Hendriksen, 2023).

The large-scale implementation of ML methods in SCM began in the late 1990s, initially focusing
on logistics, inventory management, and demand forecasting (e.g., Carbonneau et al., 2008). As
computational power increased and access to big data grew in the 2010s, the adoption of ML in
SCM expanded significantly (Ni et al., 2020; Tirkolaee et al., 2021). Most current applications rely
on learning algorithms designed to maximize an objective or minimize a loss function central to
the models’ training and fine-tuning, ensuring they perform as accurately as possible (Mohri et al.,
2018). In ML, these "black box" models are created directly from the data provided to the learning
algorithms. Often even the designers of these models cannot explain how variables are selected

and used to make predictions due to the complexity and opacity involved in the process (Rudin &



Radin, 2019; Wolf & March, 2024). Sometimes, though, using ML methods to address specific
problems in different fields of social sciences (e.g., Economics, SCM, and Marketing) requires
careful tuning and adaptation to exploit the structure of those problems. This structure refers,
among others, to the causal nature of many variables, endogeneity, panel structure, optimization

criteria, and selection of confounders (Athey & Imbens, 2019).

In SCM, understanding the structure or underlying causality mechanism that informs decision-
making is essential for businesses to improve their competitive position (Helgeson & Roa-
Henriquez, 2022). By identifying which actions actually cause improvements, firms can allocate
resources more effectively and invest in initiatives that will certainly improve performance rather
than relying on intuition or misleading correlations. For example, if a firm learns that adopting an
advanced digital analytics tool can causally reduce lead time variability within a supply chain,
whereas other factors such as demand volatility, production capacity, and supplier reliability only
correlate with lead time variability, the firm can confidently invest in the tool and gain a

competitive edge (see Figure 1).
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Figure 1. Directed Acyclic Graph (DAG) depicting a hypothetical causal relationship between
the causal factor (Digital Supply Chain Analytics Adoption), and the outcome (Lead
Time Variability)), including potential confounders. Source: Authors.

Under this scenario, it is possible to combine the advantages provided by ML models to answer
prediction questions with the framework provided by causal inference to respond “what if” type

of questions (Facure, 2023). Causal machine learning (CML) — or causal Al, more generally —is a



recent scientific innovation that goes beyond traditional predictive models by distinguishing
between genuine drivers of improvement and spurious relationships of factors that only appear
related. In this sense, it addresses the limitations of conventional data or ML models by integrating
them with the principles governing causal inference (Athey & Imbens, 2019; Wolf & March,

2024). This new approach has received particular attention from firms in different sectors with

capabilities to store, process, and analyze big data, as summarized in Table 1 below.

Table 1. Applications of CML in SCM

Application Industry Details CML Approach
Predicting Supply Automotive Combines deep learning with causal ~ Integration of deep learning
Chain Disruptions inference to assess supply chain and causal inference to
(Bodendorf et al., reliability based on supplier data. identify causal disruptions.
2023).

Optimal Rework Manufacturing Utilizes data from semiconductor Data-driven causal inference
Policies manufacturing to estimate rework model for policy

(Schwarz et al., 2024). policies. optimization.

Visual Component Entertainment Analyzes the causal impact of visual ~ Causal machine learning to
Impact (Netflix) components on viewer engagement. identify key drivers of

(Engin et al., 2023).

engagement.

Economic Decision- Technology Focuses on demand estimation, price ~ Uses causal inference to

Making (ALICE, n.d.). (Microsoft) optimization, and advertising guide economic strategies.
effectiveness.

Logistics and E-commerce Causal analysis of factors affecting Causal inference to enhance

Inventory Efficiency (Amazon) delivery times and inventory levels. logistics operations.

(Gotz & Budhathoki,

2022).

Causal Vector E-commerce Investigates permutations of Contextual vector analysis

Analysis (Amazon) contextual factors for hypothesis for causal hypothesis

(Cheikhrouhou, 2023; testing. testing.

Chen &

Kasiviswanathan,

2020).

Al-driven Pricing Retail (Walmart, Explores the causal effect of Al- Causal analysis to identify

Models Kroger) powered pricing on sales. pricing strategies’ impact on

(Pearson, 2021)

sales.

The applications of CML across various industries highlight its transformative potential to derive

actionable insights from complex datasets. Each application leverages causal inference to address



specific industry challenges, ranging from supply chain disruptions to customer engagement and

pricing strategies:

1. Automotive Industry: The integration of deep learning with causal inference in predicting
supply chain disruptions (Bodendorf et al., 2023) underscores the need for robust models
that can simultaneously handle large datasets and identify causative factors. This approach
enhances reliability in predicting disruptions, offering a significant advantage in a sector

where supply chain continuity is critical.

2. Manufacturing: The use of causal models for optimizing rework policies in
semiconductor manufacturing (Schwarz et al., 2024) illustrates the potential of CML to
improve operational efficiency. By focusing on causal relationships rather than
correlations, manufacturers can make informed decisions that directly impact production

efficiency and cost-effectiveness.

3. Entertainment: Netflix’s application of CML to evaluate the impact of visual components
(Engin et al., 2023) demonstrates the importance of causality in user engagement strategies.
Understanding what visual cues drive engagement enables more personalized content

delivery, enhancing user satisfaction and retention.

4. Technology: Microsoft’s ALICE project highlights the role of causal inference in
economic decision-making. By understanding causal factors in demand estimation and
pricing, technology firms can develop more effective strategies that align with market

dynamics.

5. E-commerce: Amazon’s exploration of causal factors in logistics and inventory efficiency
(Go6tz & Budhathoki, 2022) showcases CML’s ability to optimize supply chain operations.
By identifying causative elements, firms can streamline processes, reduce delivery times,

and increase customer satisfaction.

6. Retail: The use of Al-driven pricing models by Walmart and Kroger (Pearson, 2021) to
explore causal effects on sales exemplifies how CML can refine pricing strategies. By
focusing on causation, retailers can better understand the impact of pricing decisions on

consumer behavior and sales performance.



As Table 1 presents, CML is a recent approach employed in the field of SCM to obtain empirical
evidence. Although traditional empirical methods applied to observational studies have been more
broadly implemented, the application of these methods is still challenging if endogenous shocks
are present, simultaneously affecting inputs and firms’ outcomes (e.g., Dormady et al., 2022). In
this regard, because supply chains are deeply ingrained into the broader economy, the empirical
approach needed for causal identification of effects on firms’ outcomes becomes much more
complex. Additionally, as the application of these advanced methods mature, they may help
respond important policy questions associated with incentive misalignments along supply and
value chains when the bearers of disaster impacts in one location are different from those managing
much of the infrastructure of supply chains (Thomas and Helgeson 2021, 2022) or when

disruptions such as power outages affect delivery downstream (Thomas and Fung, 2022).

In this chapter, we discuss methods not often employed in SCM applications but that supply chain
practitioners can use for assessing causal effects without the common practice of pre-selecting
covariates. These CML approaches aim to identify treatment effects while providing valid
inferences under a data-driven selection of covariates (Huber, 2023). However, before presenting
this approach with a simulation example, we provide a review of the causal inference methods

under the potential outcome framework.

The chapter is organized as follows. Section 2 presents the classical approach to causal effect
estimation employed in Randomized Control Trials (RCT) and from observational data, the
potential outcome framework — also known as the Rubin causal model. Section 3 presents a survey
of different causal machine learning algorithms that are suitable to be employed in the context of
SCM applications. Lastly, section 4 presents a simulation example taken from the literature
(Y1lmaz et al., 2024) that was formerly implemented through matching methods (i.e., techniques
that require the pre-selection of covariates by creating comparable groups for treated and untreated
subjects). We employ the same data and implement it by using a causal machine learning approach.

In section 5, we summarize future research and provide a conclusion.

2. Causal Inference in SCM

SCM integrates operations processes needed to transform resources into products and logistics

processes needed to supply inputs and services to transformation centers (e.g., manufacturing



plants) and distribute products and services to customers (Jacobs & Chase, 2024). In terms of
research, the field has experienced a surge in empirical analysis over the last two decades with
most of empirical papers in operations management employing observational data to study causal
effects derived from, for instance, the implementation of programs or the adoption of policies
(Y1lmaz et al., 2024), the analysis of the relationship between visibility and performance (Swift et
al.,2019), and the implication of supply chain disruptions on prices of shipping containers (Mechai
& Wicaksono, 2024). Given the challenges posed by observational data for the estimation of causal
effects, we begin the discussion of how causal inference within the context of randomized
experiments can be implemented in the study of supply chains. Many of the foundational concepts
used for causal inference with observational data were developed for randomized experiments in

the early 20th century (Imbens and Rubin 2015) and remain relevant in this context.

Many people are familiar with randomized control trials; for instance, medical trials for new fever-
reducing medication are discussed in the context of randomized control trial efficacy. The classic
setup is that volunteers sign up for a medical trial and are randomly assigned to either the treatment
group (i.e., receive the medication) or the control group (i.e., receive the placebo drug). Data is
collected on all the volunteers to draw inferences on the effect of the medication for the reduction
of fevers. Assuming random assignment, any observed fever reductions on average can be
attributed to the treatment. In particular, the causal effect of the medication can be estimated as the
average difference in fevers for those in the treatment group and those in the control group.
Moreover, this causal effect is unbiased (Imbens 2024). Random assignment is key because it
provides confidence that the observed response to the medication (i.e., fever reduction) is purely

due to the treatment and not due other factors (i.e., confounders).

In the context of SCM, similar methodologies are employed. As mentioned in the introduction,
retailers often utilize Al to experiment with price adjustments (Pearson, 2021). These price
adjustments can be part of strategies to optimize resource allocation, such as inventory
management or order fulfillment. For instance, A/B testing, or split testing, serves as a practical

example of randomized control trials in this domain (EasyBA.Co 2023).



2.1 Potential Outcomes Framework

This concept is generally intuitive to those without any domain-specific expertise, but there is a
mathematical framework that provides the foundation for identifying such causal effects. The
potential outcomes framework is based on the assumption that causation is tied to an action (i.e.,
exposure to treatment) applied to a unit (e.g., individual, household, firm) (Imbens and Rubin
2015). The key observation is that while the individual was exposed to a particular condition (say
the medication), they could just as easily have been exposed to another condition (the placebo). In
that sense, each individual has a set of potential outcomes for each of the possible experimental

conditions.

As with the preceding example of a medical trial for a new fever-reducing medication, assume we
have a binary exposure (i.e., the treatment variable), W = {0,1}. Let i be denote an individual
volunteer in the medical trial. For each of the potential exposures in w € W, we assume there is a
corresponding potential outcome, Y;(0) and Y;(1), where Y;(w) would denote the individual’s

fever when their exposure is setto W = w.

By comparing the two potential outcomes, for instance the measured difference in fever with and
without the treatment, Y;(1) — Y;(0), we obtain an individual’s causal effect from the medication.
In other words, the causal effect compares an individuals’ actual outcome with their counterfactual

outcome: what would plausibly have happened if the individual’s exposure had been changed.

However, in a randomized experiment, it is impossible to observe all potential outcomes for each
individual, as we can only observe one; this is known as the "fundamental problem of causal
inference.! Instead, we assign many individuals to one of the exposures to observe outcomes across
both conditions. We can then estimate causal effects by comparing observed outcomes across

multiple units.

Suppose we have N individuals, indexed i = 1, ..., N and let W; denote the exposure indicator.

That is, W; = 1 if individual i receives the treatment (medication) and W; = 0 if individual i

! Note that some experiments can be designed to observe the same units over time (Imbens and Rubin 2015).



receives the control (placebo). Using this notation, the observed potential outcome for each
individual is expressed as:

Y;(0), ifW, =0

v =YW = {}1(1), W, =1 )

Without loss of generality, we write ¥; = Y,°* to denote the observed outcome. Moreover, we can
express the unobserved (“missing”) potential outcome as:

Y,(1), ifW,=0

.mis = . . ==
i LWy {Yi(O), ifw;, =1

(2)
Under a randomized assignment mechanism, the potential outcomes are independent of exposure:

W; 1 (Y;0),Y;(1)) (3)

We can then estimate the causal effect of interest, such as the sample average difference in

outcomes:

r=2 ) (K1) - () )

This causal effect, 7, is called the Average Treatment Effect (ATE) and is one of many potential

estimands of interest, which we will discuss further in Section 2.5.

The potential outcomes framework allows us to model the counterfactual (the "what if") as the
unobserved potential outcome. Importantly, this relies on a critical assumption: that individual i’s
observed outcome is not influenced by the exposure condition of any other individual. This
assumption is known as the Stable Unit Treatment Value Assumption (SUTVA), defined by
Imbens and Rubin (2015) as follows:

*  No interference: The outcome of unit i is unaffected by treatment exposure of another
unit, i.e., ;(W;, W) = Y,(Wp);
*  Counterfactual consistency: Each unit’s observed outcome corresponds to the potential

outcome, given exposure: that is, if W; = w then Y;(w) =Y,.



While SUTVA is a foundational assumption in causal inference, it is recognized as a strong
assumption that does not always hold in practice. There is a body of literature addressing the
estimation of causal effects in the presence of spillovers, where the treatment of one unit may
affect the outcomes of another (Imbens 2024). However, causal inference in the presence of such

spillovers is beyond the scope of this chapter.

Identifying causal effects typically relies on SUTVA and other critical assumptions. Among these
are exclusion restrictions, which assert that any effect on the outcome is solely through the
treatment, with no other pathways. While some exclusion restrictions are testable, others remain

untestable and depend on the context and domain knowledge.

Exchangeability implies that conditional on observed covariates, the distribution of potential
outcomes is the same for treated and untreated units. Positivity requires that there is a non-zero
probability of receiving each treatment level for all values of the covariates. Closely related is the
assumption of Conditional Independence (or selection on observables), which posits that, given
a set of observed covariates, the treatment assignment is independent of the potential outcomes.
These assumptions are crucial when observing the same or different units over time and underpin
many causal inference methodologies. In the subsequent sections, we will delve deeper into the

roles of Positivity and Conditional Independence in causal inference.
2.2 Observational Studies

The concept of the counterfactual, or unobserved potential outcome, is fundamental to the potential
outcomes framework. It formally asks the question, “What if we had done B instead of A?”” In the
social sciences, conducting idealized randomized experiments is often challenging, if not
impossible. Practical or ethical constraints frequently make it infeasible to randomly assign
households or businesses to different treatments solely to observe their responses. For instance,
when a small business receives a grant for workforce development, we cannot observe the business
outcomes had the grant not been awarded. Similarly, it would be unethical to provide disaster
assistance “at random” to small businesses affected by infrastructure damage simply for

experimental purposes.

Consequently, many causal inference studies rely on observational data. However, the real world

presents complexities, and in most cases, potential outcomes derived from observational data are



not independent of exposure (Imbens 2024). While observational data is not generated through an
experimental process, we can sometimes make certain assumptions about the data-generating

process so that the observed data appears “as if” random.

The literature on causal inference with observational data is rich and diverse, spanning various
fields and providing insights into numerous complex relationships. Classical examples include
Angrist and Krueger's (1991) study on the returns to schooling, which utilized the quarter of birth
as proxy (or instrumental variable, to be defined below) to address endogeneity in educational
attainment. In public health, observational studies often explore the effects of lifestyle factors on
health outcomes, such as diet and exercise, on cardiovascular health, assuming that the selection

of observables can adequately control for confounding variables.

In the context of SCM, Bodendorf et al. (2023) investigate the impacts of plausibly exogenous
factors, such as changes in political stability and variations in upstream and downstream
precipitation and wind speeds, on delivery reliability. This study highlights the use of observational
data to infer causal relationships by focusing on external factors that are likely independent of the
supply chain's internal dynamics. Another example in SCM might involve assessing the impact of
supplier diversity on procurement costs, assuming selection on observables to control for firm size
and industry characteristics that influence both supplier diversity and costs. These examples
illustrate the breadth of applications and the potential of observational data to yield valuable causal

insights across different domains.

A major challenge in observational studies is confounding, which involves disentangling the causal
effect of a treatment from other factors that influence the outcome. Addressing these challenges
requires key identification assumptions to condition observed data, allowing us to interpret
comparisons between treated and control units as causal effects. We discuss these assumptions
below, noting that identifying a causal effect depends on a combination of both testable and
untestable assumptions. In some instances, interpreting observed outcomes as causal effects may

be impossible due to unobserved confounding.
2.3 Selection on Observables

In controlled experiments, treatment is assigned randomly to the population under a random

assignment mechanism. In this setting, if potential outcomes are independent of the exposure



variable and the two groups (treated and control) are similar regarding outcomes, the causal

interpretation is justified (Imbens and Rubin 2015).

With observational data, units such as individuals, households, or firms have agency over their
exposure: they can select the treatment. For example, treatments in Bodendorf et al. (2023) include
shipping modes and changes in trading-partner economic conditions, which may not be plausibly
exogenous. Although we may not have a controlled experiment, we can compare outcomes when

the treated and non-treated groups differ only by observable characteristics.

A key assumption that justifies a causal interpretation in such cases is the Conditional

Independence Assumption, also known as Selection on Observables:
W, L (¥;(0), %, (D)IX; (5)

where X; denotes a vector of pretreatment variables observed by the analyst. This assumption
posits that treatment assignment is independent of potential outcomes, conditional on observables.
It is also referred to as Unconfounded Assignment, as opposed to randomized or individualized

assignment (Imbens and Rubin 2015).?
This assumption is typically paired with the assumption of positivity, sometimes called overlap:
e(x) =pr(W;, =w|X; =x) € (c,1—c), forsomec >0 (6)

Here, e(-) is known as the propensity score and models the exposure, conditional on observables.
For many problems, the propensity score is central to causal inference, as we show in the
discussion of estimators. Together, the conditional independence assumption and positivity are

known as the strong ignorability (or ignorable treatment) assumption.

In practice, a common mistake when selecting variables for estimating the Average Treatment
ATE under Conditional Independence is to use variables that are causally influenced by the

treatment or the outcome (Imbens, 2024). For example, in SCM, consider a scenario where a

2 Individualized assignment refers to a treatment assignment mechanism where the decision to assign a treatment is
based on individual characteristics and not randomly determined. This contrasts with randomized assignment, where
treatment is assigned randomly, and unconfounded assignment, treatment is assigned randomly conditional on
observed variables (Imbens and Rubin 2015).



company implements a new inventory management system (the treatment) to improve delivery
times (the outcome). If analysts mistakenly include delivery times as a variable to condition on
when estimating the ATE of the new system, they risk biasing the results because delivery times
are directly affected by the treatment itself. Instead, they should focus on variables that are not

influenced by the treatment or outcome, such as historical demand patterns.
2.4 Causal Inference without Unconfounded Assignment

In observational studies, the conditional independence assumption that treatment assignment is
independent of potential outcomes often does not hold, leading to endogeneity and bias.
Endogeneity is a pervasive issue, particularly in economics and other social sciences, arising from
omitted variables, measurement error, and simultaneity. These issues can lead to biased estimators,
complicating causal inference. For example, omitted variables correlated with both the treatment

and the outcome can confound the estimated treatment effect.

To address selection on unobservables, researchers employ several methods to infer causality in
natural or quasi-experimental settings. These methods include Instrumental Variables (IV),
Regression Discontinuity (RD), Difference-in-Differences (DiD), and Synthetic Control Designs.
Each method has specific strengths and weaknesses, depending on the context and available data.

We refer the reader to Imbens and Rubin (2015) for more details.

1. IV:IV methods are used to address endogeneity by identifying variables (instruments) that
are correlated with the treatment but not directly with the outcome. The key conditions for
a valid IV are relevance (the instrument is correlated with the treatment) and exogeneity
(the instrument affects the outcome only through the treatment).

2. Regression Discontinuity (RD): RD designs exploit situations where treatment
assignment is based on a cutoff score, such as a test score or income level. By comparing
individuals just above and below the cutoff, researchers can estimate the causal effect of
the treatment in a local neighborhood around the cutoft.

3. Difference-in-Differences (DiD): DiD methods compare the changes in outcomes over
time between a treatment group and a control group. This method assumes that, in the
absence of treatment, the average change in the outcome would have been the same for

both groups.



4. Synthetic Control Designs: Synthetic control methods construct a weighted combination
of control units to serve as a counterfactual for the treated unit. This approach is particularly
useful in comparative case studies where a single treated unit is compared to a synthetic

control group.
2.4.1 Instrumental Variables

For illustrative purposes, we present the IV approach to selection on unobservables. While other
methods for unconfounded assignment (including RD, DiD, and synthetic control) are also pivotal
in causal inference, our emphasis is motivated in part by its natural extension from the estimators
case study we present in this chapter. Understanding the IV approach also complements the CML
techniques we explore, as there is research on ML for IV (Chen and Hsiang (2019); Wang et al.
(2022)). For detailed discussions on other methods, we refer the reader to Imbens (2024).

IV methods address endogeneity by identifying instruments that are correlated with the treatment

but not directly with the outcome. The key conditions for a valid IV are:
e Relevance: The instrument must be correlated with the treatment.
e Exogeneity: The instrument affects the outcome only through the treatment.

Despite their potential, IV methods pose theoretical and empirical challenges. One challenge in
using Vs is finding instruments that satisfy both conditions. Theoretically, researchers must prove
instrument validity, while empirically, they must find suitable instruments. Conducting robustness
checks and sensitivity analyses is crucial to validate findings and ensure reliable causal estimates.
Weak instruments, which show a weak correlation with the treatment, can introduce bias.
Diagnostic tests, such as the F-statistic, help identify weak instruments. Researchers can use
multiple instruments or the Limited Information Maximum Likelihood (LIML) estimator to

address this issue. Angrist and Pischke (2009) cover these and other challenges in depth.

For researchers considering IVs or other methods to address selection on unobservables, careful
instrument selection, diagnostic testing, and cautious interpretation are paramount. Robustness
checks and sensitivity analyses are essential to ensure the reliability of causal estimates. Moreover,

recent advances have integrated machine learning techniques with IV estimation to improve



robustness and accuracy. Additionally, combining IV with other methods, like RD, enhances

causal effect identification.

2.5 Estimands and Estimators

In the potential outcomes framework, we define a range of potential estimands of interest. An
estimand is the target quantity we aim to estimate, such as the ATE introduced earlier. An estimand

may be estimated using various estimators, which are methods for quantifying the estimand.
Estimands are defined with respect to specific populations of interest.

e ATE measures the average effect of a treatment across the entire population:
Targ = E[Y (1) — Y (0)].

e The Average Treatment Effect on the Treated (ATT) measures the average effect of a

treatment on those who have received it:
Tarr = E[Y(1) = Y(0)|W = 1].

e The Average Treatment effect on the Untreated (ATU) can be defined analogously,

focusing on those that did not receive the treatment:
Tarp = E[Y(1) =Y (0)|W = 0].

e More generally, the Conditional Average Treatment Effect (CATE) targets heterogeneous
treatment effects and is defined as the average effect within a subpopulation characterized

by specific pretreatment observables X = x
Teare(x) = E[Y(1) = Y(0)|X = x].

Estimators are methods used to estimate these estimands and can be parametric, semi-parametric,
or non-parametric. In CML, the focus is often on developing robust estimators that minimize the
need for stringent parametric assumptions, allowing for more flexible modeling of complex

relationships.

e Parametric Estimators: Rely on specific functional forms and distributional assumptions.



e Semi-parametric Estimators: Combine parametric and non-parametric elements, offering a

balance between flexibility and interpretability.

e Non-parametric Estimators: Make minimal assumptions about the functional form,

allowing for greater flexibility in capturing complex patterns.

CML is particularly concerned with developing and applying estimators that can accurately

capture causal effects while reducing reliance on parametric assumptions.

In practice, estimands are obtained from a sample of the population of interest, calculated
analogously to the sample ATE presented in Section 2.1. Understanding and selecting appropriate

estimators is crucial for accurate causal inference, especially in complex data environments.
2.6 Mediation Analysis

In this section, we focus on mediation analysis. We refer the reader to Hernan and Robins (2024)
for a detailed discussion on causal mediation. In the context of supply chain management, by
identifying mediators (i.e., variables that transmit the effect of a predictor, such as a supply chain
disruption, to an outcome, such as supply chain performance), this analysis helps uncover the
indirect pathways through which resilience is achieved. This is the case of supply chain resilience,
for instance. The resilience of a supply chain might be influenced not only directly by the
robustness of its suppliers but also indirectly through factors such as inventory management
practices or the flexibility of logistics operations. Understanding these mediating effects can
provide deeper insights into the mechanisms by which supply chains absorb and adapt to
disruptions. This understanding allows supply chain managers to identify factors and design more

effective interventions that enhance resilience by strengthening direct and indirect pathways.

Causal mediation analysis also facilitates targeted improvements in supply chain resilience by
distinguishing between direct and indirect effects of risk management strategies. For example, a
strategy aimed at diversifying suppliers might directly benefit from reducing dependency on any
single supplier. However, its full impact might be mediated through improvements in lead time
variability and overall flexibility of the supply chain. By quantifying these mediating effects,

organizations can prioritize investments in areas that yield the most significant overall resilience



gains, making the supply chain more resistant to disruptions and more adaptive to changing market

conditions.

3. Causal Machine Learning in Supply Chain Management

If firms are solely interested in “good” predictions (relative to the decision maker’s loss function),
machine learning might be sufficient, as it focuses on finding patterns in data to make accurate
forecasts without explicitly understanding why those patterns exist. However, CML becomes
crucial when firms need to understand the underlying structure of cause-and-effect relationships
that drive these patterns. Causal insights allow firms to make informed, strategic decisions that go
beyond correlation (Athey and Imbens 2019; Brand et al. 2023). This can be critical when
economic conditions change and spurious correlations are broken. For instance, spurious
correlations may no longer apply as a result of an economic downturn, a natural hazard, or other
supply chain disruption. When spurious correlations no longer apply and there are limited data
observations to correct specification, a model can make suboptimal predictions. Additionally, it
can provide insight into what factors can be leveraged to change outcomes and the magnitude of

their effects.

Machine learning is typically described as a discipline focused on prediction rather than inference
(Breiman 2001; Athey and Imbens 2019). In causal inference, the goal is to understand how an
exposure (a feature or input into the model) affects the outcome of interest, providing confidence
in the magnitude of the estimand, such as through standard errors or confidence intervals. In
contrast, the goal of machine learning is to predict the outcome of interest “really well,” which
typically means optimizing metrics such as accuracy or precision based on a loss function. The
causal relationship is interesting only to the extent that it minimizes prediction error, with less

focus on the magnitude or confidence of estimated parameters like treatment effects.
3.1 Why Causal Machine Learning?

In the last decade, causal inference has increasingly incorporated machine learning methods while
maintaining the primary goal of inference. As highlighted in the introduction, notable applications
including Amazon's delivery-time analysis and Microsoft’s model focusing on demand estimation

and price optimization demonstrate the value of CML.



While causal inference fundamentally relies on identification assumptions rather than specific
estimators, machine learning can offer estimators with desirable properties, such as efficient first-
stage estimators, that can be seamlessly integrated into causal inference frameworks. Despite these
advances, inference remains a challenge, with ongoing differences between the econometrics-

statistics focus on inference and the machine learning focus on prediction.

Machine learning facilitates “model free” causal inference. Typically, estimating an estimand
requires unnecessary parametric assumptions on the effect of X on the outcome. For instance, in a
model such as Y; = tW; + BX;, under reasonable conditions, we can relax the parametric
assumption and use machine learning methods to learn the functional form of the relationship
between X and the outcome: Y; = tW; + f(X;). Under certain conditions, we can achieve

consistent estimators and asymptotic normality, providing confidence intervals for inference.

Parametric assumptions often lead to modeling choices that constrain the functional form of f. In
a linear model, it can be challenging to include many interaction effects or to estimate
heterogeneous treatment effects. Relaxing parametric assumptions allows for more flexible
modeling of the outcome and estimation of a broader range of estimands. However, semi- or non-
parametric model, or more complex machine learning models, may not always improve inference.
As we relax parametric assumptions, more observations (N) are needed to estimate f. More
flexibility also allows us to include more features, increasing the dimension K of X. Both factors
can introduce the curse of dimensionality, resulting in biased or inefficient (i.e., not consistent)

estimators as N or K (or both) increase.

In the next subsection, we elaborate on a few key semi- and non-parametric estimators that are
suitable in settings with selection on observables. We then discuss a few key machine learning
techniques, including regularization and ensemble methods, which can be used to implement a

broad range of estimators.

Figure 2 illustrates the intersection of machine learning and causal inference and some of the topics

we cover (as well as topics beyond the current chapter scope).
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Figure 2.Intersection of Causal Inference and Machine Learning. Causal Inference identifies causal links, while
Machine Learning excels in prediction. Causal Machine Learning leverages both to provide deeper causal insights
Source: Authors.

To set the stage, Table 2 below provides an overview of the machine learning models we discuss,
categorizing them into traditional and advanced models. For each model, we provide an
explanation, use cases, strengths, and weaknesses. This table is intended to serve as a reference

point, aiding readers in comparing and contrasting the various models discussed.



Table 2. Overview of machine learning methods, including use cases, strengths, and weaknesses.

Model Explanation Use Cases Strengths Weaknesses

A basic regression Predictine sales
Linear model that assumes a demand & ’ Simplicity, easy ~ Assumes linearity,
Regression linear relationship . interpretability sensitive to outliers

. forecasting
between variables.
. Interpretability
A 1 th, 1 . . ’ .
model that splits data Classification, handles both Prone to overfitting, can be

Decision Trees

Random
Forests

Gradient
Boosting

Neural
Networks

Ridge
Regression

Lasso
Regression

Elastic Net

into subsets based on
feature value decisions.

An ensemble of
decision trees to
improve prediction
accuracy.

An ensemble model
that iteratively
improves weak models.

Deep learning models
capable of capturing
complex patterns in
data.

Linear regression with
L2 regularization to
prevent overfitting by
penalizing large
coefficients.

Linear regression with
L1 regularization to
enforce sparsity in
features by shrinking
some coefficients to
Zero.

Combines L1 and L2
regularization for
feature selection and
model stability.

risk assessment

Demand
forecasting,
anomaly detection

Price
optimization,
customer behavior

Image
recognition,
demand prediction

Handling
multicollinearity
in supply chain
data; improving
model robustness.

Feature selection,
predictive
modeling

Predictive
modeling

numerical and
categorical data
Robust to
overfitting,
handles high
dimensionality

High accuracy,
handles complex
relationships

High flexibility,
can model non-
linear
relationships

Reduces model
variance;
stabilizes
estimates in
presence of
multicollinearity.

Reduces
overfitting,
performs
automatic feature
selection

Balances feature
selection and
model stability,
handles
correlated
features

unstable

Less interpretable,
computationally intensive

Prone to overfitting,
requires careful tuning

Requires large datasets,
opaque model structure

Does not perform variable
selection; all variables are
retained in the model.

May exclude relevant
features, sensitive to choice
of regularization

Requires careful tuning,
more complex than Lasso
or Ridge




3.2 Key Estimators in Causal Inference

Inverse-Propensity Weighting (IPW) adjusts for confounding by estimating treatment probabilities
based on observable covariates, assuming selection on observables and SUTVA (Rosenbaum and
Rubin 1984). Let é(x) = P(W = 1|x) denote the estimator of the exposure model (or propensity
score), or the probability of treatment given observable covariates. The IPW estimator of the ATE

1S
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Under correct specification of the propensity score model and the assumption of selection on
observables, the IPW estimator is consistent for the ATE (Imbens 2004). The efficiency of the
IPW estimator is contingent upon accurately estimating the propensity scores. Misspecification
can lead to inefficient estimates. Finally, while IPW can handle high-dimensional covariates, it is

sensitive to extreme propensity score values, which can inflate the variance.

The Augmented Inverse-Propensity Weighting (AIPW) estimator, introduced in Robins,
Rotnitzky, and Zhao (1994), additionally incorporates outcome estimation for each of the potential
outcomes Y; (x) and Y,(x). Like IPW, AIPW assumes selection on observables and SUTVA.
Combining both the propensity score model and the outcome model to estimate the ATE is

intended to mitigate potential biases from misspecification. The AIPW estimator of the ATE is

n ~ ~

. 1 Y -1 (X)) Y —-Y (X)) /o -

Tarpw = ;Z (Wi ey 1-wy Toe(x) + (Y1(Xi)—Yo(Xi)) (8)
=

The AIPW estimator often achieves higher efficiency compared to IPW alone by leveraging

information from both models. Moreover, by incorporating outcome models, the AIPW estimator

can reduce bias when the propensity score model is misspecified, offering more reliable causal

estimates. Finally, the AIPW estimator is doubly robust.’

3 We refer the reader to the excellent course notes by Stefan Wager (2022).



Doubly robust estimators, including AIPW and Targeted Maximum Likelihood Estimation
(TMLE),* combine the exposure model (W = g(Z)) with the outcome model (Y =fX )) to
estimate causal effects. A notable feature of these estimators is that the models can take any
functional form and the sets X and Z do not need to coincide. This flexibility allows for more

tailored modeling approaches.

One advantage of doubly robust estimators is the property of weak double robustness, which
refers to their ability to provide consistent estimates if either the exposure model, g, or the outcome
model, f, is correctly specified, though not necessarily both (Funk et al. 2011).> This property
provides a safeguard against misspecification, making these estimators particularly useful in
complex observational settings. More importantly, when both the exposure and outcome models
are correctly specified, the estimator achieves strong double robustness, allowing the estimator
to exhibit optimal statistical properties, such as consistency and asymptotic normality, ensuring

minimal variance.

Doubly robust estimators are desirable in settings where there is uncertainty about which model
(exposure or outcome) is correctly specified. They are particularly valuable in observational
studies with high-dimensional data or when there is potential for complex interactions and non-
linear relationships among covariates, allowing for the use of semi- and non-parametric machine
learning methods for the exposure or the outcome. Moreover, inference properties hold even when
the estimator uses cross-validation for model selection. The ability to achieve consistent estimation
even with partial model specification knowledge makes these estimators a powerful tool in causal

inference.

However, despite their advantages, doubly robust estimators also have several potential
disadvantages. Implementing these estimators can be computationally intensive, particularly in

large datasets or when using complex models, such as those involving machine learning

4 Targeted Maximum Likelihood Estimation (TMLE) is an approach that iteratively refines initial estimates of the
outcome model using the propensity score, ensuring that the final estimator is doubly robust. TMLE optimizes both
the bias and variance trade-offs, leading to efficient and consistent estimates under correct model specifications (van
der Laan and Rose, 2011).

3 More precisely, if one of the models is consistent.



techniques. While they can be consistent if either model is correct, the choice of models and their
specifications can be challenging. Poorly chosen models can lead to inefficiencies and increased
variance. In practice, doubly robust estimators may exhibit poor performance in small samples,
where the theoretical properties are less likely to hold. Although designed to be robust, the
performance of doubly robust estimators can degrade if both models are severely misspecified,

leading to biased estimates.

In settings with selection on unobservables, doubly robust estimators are typically not suitable.
These estimators rely on the assumption of selection on observables, meaning all relevant
confounding variables must be observed and accounted for in the models. When there is selection
on unobservables, the underlying assumption that either the treatment or outcome model
sufficiently adjusts for confounding is violated. In such cases, alternative methods that account for
unobserved confounders, such as instrumental variable approaches or structural modeling

techniques, may be more appropriate.
3.3 Advanced Machine Learning Techniques

Before diving into the specific techniques, it is important to understand why techniques such as
regularization and ensemble methods hold significance in causal inference, particularly within
SCM applications. Regularization methods, such as ridge and lasso, are powerful tools that help
prevent overfitting by penalizing overly complex models, thus improving the generalizability of
causal estimations. These techniques are especially useful in high-dimensional settings where the
number of potential covariates is large, providing a disciplined approach to model selection and
variable shrinkage. Similarly, ensemble methods like random forests offer robustness against
overfitting by combining multiple models to produce more stable and reliable estimates. Their
ability to capture complex interactions and non-linear relationships makes them valuable in

exploring causal effects, particularly when traditional parametric models may fall short.
3.3.1 Regularization Techniques

Regularization is a critical technique in machine learning that addresses the challenge of overfitting
by adding a penalty term to the loss function. This penalty discourages complex models that fit the

training data too closely, enhancing the model's generalization to new data (Hastie et al., 2009).



Regularization techniques help in feature selection and can handle multicollinearity among

predictors (Tibshirani, 1996).

For simplicity, we discuss regularization in the context of ordinary least squares (OLS) regression,
where f(X) =x7B + & and the objective is to minimize the sum of squared residuals,
(Y; — XT B)?. Note that these techniques have been extended to the full family of generalized linear
models (GLMs) that include logistic (binomial), Poisson, and gamma regression and the objective

is to minimize the (negative) log-likelihood function.®

Ridge regression (also known as L2 regularization) adds a penalty equal to the square of the

magnitude of coefficients:
n K
L= ) (h=X[RP+2) p? 9
i=1 j=1

Lasso regression (L1 regularization) adds a penalty equal to the absolute value of the magnitude

of coefficients:
n K
L= ) (h=XIB)? +2 ) Il (10)
i=1 j=1

Elastic net is a regularization technique that combines the penalties of both ridge and lasso,
providing a more flexible approach that can handle correlated variables and performs well in high-
dimensional settings (Zou and Hastie, 2005).
n K K
T Y2 l-a 2
Lo= ) (=XIB? +2{ a ) IBl+—=>"p (an
i=1 j=1 '

j=1

The regularization term in the elastic net is thus a mixture of L1 and L2, with A > 0 serving as a
tuning parameter and 0 < a < 1 as the hyperparameter that determines the mixture between L1

and L2.

¢ For further details on GLMs and elastic net regularization for GLMs, see Tay et al. (2023).



For causal inference, regularization can be particularly useful in selecting covariates and ensuring
that the estimation models are not overly complex, which could lead to biased estimators (Belloni

etal., 2014).
3.3.2 Ensemble Methods

Ensemble methods are a class of machine learning techniques that combine multiple models to
improve predictive performance and robustness. By aggregating the outputs of various models,
ensemble methods can mitigate the variance and bias typically associated with individual models,
leading to more reliable estimations. Common ensemble techniques include bagging, boosting,
and stacking. Bagging, or bootstrap aggregating, enhances model stability by training multiple
versions of a model on different subsets of the data and averaging their predictions (Breiman,
1996). Boosting, on the other hand, sequentially applies models to the data, focusing on correcting
the errors made by previous models, thus improving overall accuracy (Friedman, 2001). Stacking
involves training a meta-model to combine the predictions of several base models, potentially

capturing complex patterns that single models might miss (Wolpert, 1992).

In the realm of causal inference, ensemble methods like causal forests—a variant of random
forests—can be particularly valuable. They estimate heterogeneous treatment effects by leveraging
the ensemble's ability to handle complex interactions and non-linear relationships (Athey et al.,
2019). This is especially useful in SCM, where diverse and intricate causal factors often influence
outcomes. Ensemble methods thus provide a robust framework for exploring causal relationships,

allowing researchers and practitioners to derive actionable insights from complex data landscapes.
3.3.3 Random Forests

Random forests are an ensemble learning method that constructs multiple decision trees during
training and outputs the mode of their classes (for classification) or mean prediction (for
regression) (Breiman, 2001). This method is known for its robustness and ability to handle large
datasets with higher dimensionality, making it suitable for causal inference applications where

complex interactions and non-linearities are present.

In the context of CML, random forests can be adapted for causal inference through approaches

such as causal forests, which are specifically designed to estimate heterogeneous treatment effects



(Athey et al., 2019). These methods allow for flexible modeling of the treatment effect

heterogeneity without the need for pre-specifying interaction terms.
3.4 Summary of strengths and weaknesses

Machine learning techniques are increasingly applied in causal inference to address complex
supply chain challenges. Each technique has its unique strengths and limitations, making it crucial

for practitioners to understand when and how to use them effectively. Table 3 provides a

comprehensive overview of these aspects, alongside recommendations for practitioners.

Table 3. Summary of MLL Models and Methods for Causal Inference

Model Strengths Weaknesses Recommendations
IPW Straightforward adjustment  Sensitive to extreme Use when selection on
for confounding; suitable propensity scores; requires observables is plausible and
for high-dimensional data correct model specification  data is well-controlled; avoid
with extreme propensity values
ATPW Combines IPW with Computationally intensive;  Employ in settings with
outcome modeling for bias sensitive to model complex interactions; leverage
reduction; doubly robust misspecification machine learning for outcome
modeling
Doubly Robust  Protection against model High computational cost; Ideal for high-dimensional data
Estimators misspecification; consistent  challenging model and potential interactions;
if one model is correct specification ensure robust model validation
Regularization Prevents overfitting; aids in ~ May oversimplify models if ~ Suitable for high-dimensional
feature selection not carefully tuned settings; use cross-validation to
select hyperparameters
Ensemble Robustness against Lack of interpretability; Best for complex causal
Methods overfitting; captures computationally demanding  structures; use stacking to
complex interactions mitigate reliance on specific
models
Random Handles non-linear Interpretability challenges; Effective for exploring
Forests relationships; estimates requires large datasets heterogeneous effects; ensure

heterogeneous treatment
effects

sufficient data to avoid
overfitting

Integrating machine learning techniques such as regularization and ensemble methods with causal
inference tools like IPW, AIPW, and doubly robust estimators offers substantial benefits but also
presents challenges. The guidance for application of these methods in SCM can be summarized as

follows:

e IPW and AIPW: These methods are foundational in adjusting for confounding variables,
especially in high-dimensional settings. IPW 1is relatively straightforward but can be

sensitive to extreme propensity scores, which destabilizes the variance of estimates. AIPW



enhances this approach by incorporating outcome models, providing robustness against
misspecification of either the exposure or outcome model. In SCM applications, where
complex interactions are common, AIPW is particularly beneficial, although

computationally intensive.

e Doubly Robust Estimators: These estimators are valuable in settings with uncertainty
about model specification. By achieving consistency if either the treatment or outcome
model is correctly specified, they offer a safeguard against potential misspecification
errors. In practice, this requires careful consideration of model choices and validation

processes to ensure reliability, especially in high-dimensional data environments.

e Regularization Techniques: Regularization methods like ridge, lasso, and elastic net are
essential for handling multicollinearity and preventing overfitting, particularly in high-
dimensional SCM data. They are useful for feature selection and can be tuned using cross-
validation to optimize performance. However, practitioners must be cautious not to

oversimplify models, especially when capturing complex causal relationships.

e Ensemble Methods: Techniques such as bagging, boosting, and stacking provide
robustness by aggregating model outputs. They are particularly effective in scenarios with
complex causal structures, offering enhanced predictive performance and stability.
However, their lack of interpretability and computational demand should be carefully
managed. Stacking, which combines multiple models, is recommended for reducing

reliance on any single model specification.

¢ Random Forests and Causal Forests: These methods are adept at modeling non-linear
relationships and estimating heterogeneous treatment effects. In SCM, where diverse and
intricate causal factors influence outcomes, these approaches are powerful tools.
Nonetheless, they require large datasets to avoid overfitting and maintain interpretability.
Practitioners should ensure data sufficiency and consider interpretability trade-offs when

employing these models.

By understanding these strengths and limitations, practitioners can make informed decisions about
the appropriate use of these methods in their causal inference efforts within SCM, ensuring both

the reliability and relevance of their findings.



4. Application with synthetic data

With the purpose of highlighting the usefulness for the field of supply chain and operations
management and guiding scholars on how to approximate randomized experiments by using
synthetic control and matching methods, Yilmaz et al. (2024) presents implementation details in a
simulation study comparing matching algorithms. The hypothetical scenario describes a brick-and-
mortar store that is expanding to online sales, offering exclusive SKUs unavailable in-store. The
observations are customer transactions. The outcome of interest is customer spending. The
exposure is a promotion (special deal) that the retailer is offering to incentivize online sales. Thus,
we are interested in the causal impact of the deal on spending. The data-generating process (DGP)
follows a selection-on-observables model (satisfying SUTVA and the other key identification

assumptions), as per Heckman and Robb Jr. (1985).

Table 4 presents a summary of the variables, including details on the outcome and exposure

models. The outcome model is:
OnlineSpending = tDiscount + f(X) + u (12)

The DGP specifies a linear relationship between OnlineSpending and X, where X includes all

the covariates in Table 4 (with continuous covariates in log form).
The exposure model is
Discount™ = g(X') + v (13)

The DGP specifies a linear relationship between X’ and the latent variable, Discount”, where X’
includes Age, log(Distance), and log(PastVisits). The observed binary exposure, W =

Discount, is determined by a cutoff value, «;, such that Discount = 1 if Discount™ > k.

We make a minor modification to the exposure model by adding a squared Age term. This simple
modification allows us to explore the impacts of misspecification of our empirical models. In a
sense, we have a semi-parametric exposure model: Discount™ = 0Z + g(Age) + v, where Z =
(X’ \ Age) and g is the linear combination of Age and Age?. Given the new latent exposure, we

use an imbalanced treatment rule such that xis a random number between the 8th and 9th decile



of the latent exposure. More details on the data generating process, including model equations and

code, we refer to Yilmaz et al. (2024).

Table 4. Descriptive statistics for synthetic data, based on Yilmaz et al. (2024).

All Control | Treated
(N =10,000) (N=8637) | (N=1363)
Variable Definition Mean | SD Min Max Mean Mean
OnlineSpending | Spending at the first 50.59 18.68 | 18.46 | 239.01 48.59 63.25
online transaction
Male 1 if customer is male, 0 0.45 0.50 0 1 0.45 0.44
otherwise
Age Customer age 38.33 8.55 18 80 34.67 49.57
Income Customer household 59.92 | 35.03 10 250 55.70 73.90
income
PastStoreVisits | Number of store visits 5.96 3.15 1 23 5.94 6.32
last year
PastStoreSpent | Amount spent in the 208.22 | 314.51 60 | 4000 194.62 315.57
store last year
Midterm Medium-term customer 0.20 0.40 0 1 0.20 0.21
(24-47 months)
Longterm Long-term customer 0.40 0.49 0 1 0.40 0.40
(48+ months)
Distance Distance to the store 20.00 2.99 9.01 | 30.95 20.05 19.64

To provide a clearer understanding of the causal relationships inherent in our synthetic scenario,
we present a causal graph in Figure 3. This graph visually represents the assumptions about the
relationships between the treatment (Discount), the outcome (Online Spending), and relevant
covariates. The causal graph, constructed using a Directed Acyclic Graph (DAG), helps to
illustrate how we believe the promotional offer influences online spending, accounting for

potential confounding variables such as Age and Distance.



Discount (Treatment)
Online Spending (Outcome)

Past Store Spending

Figure 3. Directed Acyclic Graph (DAG) depicting causal relationships between the covariates, the treatment
(Discount), and the outcome (Online Spending), including potential confounders. Source: Authors.

The causal graph in Figure 3 depicts the hypothesized relationships among the treatment, outcome,
and covariates. The directed edges (arrows) represent causal assumptions, where the direction
indicates the presumed causal influence. For example, the treatment Discount is expected to
directly affect the Online Spending outcome. Additionally, covariates such as Age and Distance
are assumed to have causal effects on both the treatment and the outcome, suggesting their
potential role as confounders. Understanding these relationships is crucial for identifying causal

effects and ensuring that our analyses adjust appropriately for confounding.

4.1 Application setup

Our estimand of interest is the ATE. In the true DGP, we know the ATE is T = 10. We begin our
case study by illustrating naive estimation of the ATE: a GLM for the outcome model that is used
to predict both potential outcomes. The ATE is then the difference between the predicted potential
outcomes. We then explore the impact of misspecification (of the outcome model) on the results
from naive estimation. To incorporate an exposure model, we then explore IPW estimates of the
ATE. This time, we can explore the impact of misspecification of the exposure model as well as
the outcome model. Finally, we explore doubly robust estimation with AIPW, where again we
examine the impacts of misspecification. Moreover, we illustrate a few of the key machine learning

techniques (i.e., regularization, random forests, and ensembles with stacking).

Our analysis uses the R programming language (version 4.4.0, build aarch64-apple-darwin20 for

Mac OS Sequioa), including the following packages:



*  boot and rsample: These packages were used to construct bootstrap standard errors and
confidence intervals. The boot package allows for resampling with replacement, while
rsample facilitates the creation of resampling objects, supporting various types of
bootstrap strategies.

*  WeightIt: This package was employed for implementing [PW in our analysis. It provides
a flexible interface for creating weights that adjust for confounding, helping in estimating
causal effects from observational data.

*  AIPWand SuperLearner: For the AIPW analysis, we utilized the AIPW package. Coupled
with SuperLearner, a framework for ensemble learning, we enhanced the robustness of
our causal estimates by stacking multiple models and optimizing both bias and variance.

The authors did not generate the synthetic data used in this analysis. We adhered to the exact Stata
code provided in the cited paper by Yilmaz et al. (2024) to replicate the data generation process,

except for modifying the exposure model with the addition of the Age? term.

4.2 Naive ATE

First, we “naively” fit a linear outcome model (in particular, a GLM, with Gaussian link, which is

equivalent to classical linear regression, OLS). We use the linear model fit to predict the outcome:

* Y, when we assume all units are treated (W; = 1, Vi)

* Yy, when we assume all units are untreated (W; = 0, Vi)

We then compute the ATE as Y; —Y;. To obtain valid standard errors (and confidence intervals),

we bootstrap the process (based on ny,,; = 4000 replications).

The results are summarized in Table 5. The correctly specified model yields an ATE of 10.55 with
a standard error of 0.103, and a 95% confidence interval of (10.34, 10.74). However, omitting a
key variable, Age, results in a misspecified model, producing a biased ATE of 8.67 and increased

standard errors, highlighting the sensitivity to model specification.

Table 5. Comparison between the correctly specified and missepecified models for ATE.

Model ATE Standard 95% Confidence Bootstrap Calculation
Specification error interval replicates scale
Lower Upper
interval  interval
Naive ATE 10.55 0.103 10.34 10.74 4000 Original scale

Naive ATE, 8.67 0.154 8.36 8.97 4000 Original scale
misspecified




4.3 Inverse Probability Weighted estimates

Using [PW, we estimate separate exposure and outcome models, allowing for flexible modeling.
Results are shown in Table 6. With both models correctly specified, the estimated ATE is 10.08,
but misspecification of either model leads to biased results. When the outcome model is
misspecified, the ATE is underestimated (9.18) with a lower standard error. Misspecifying the

exposure model also results in bias, though less severe, with a reduced standard error.

Table 6. IPW-estimated ATE, standard error, and 95% confidence interval with correct and
misspecified outcome and exposure models.

Model Specification Estimated ATE Standard error 95% Confidence interval
Lower interval ~ Upper interval
IPW with correct outcome 10.08 0.501 9.10 11.07
and exposure model
IPW with misspecified 9.18 0.358 8.48 9.88

outcome model

IPW with misspecified 9.99 0.235 9.53 10.45
exposure model

4.4 Doubly robust estimates with AIPW

The doubly robust AIPW estimator is applied to further address model misspecification. We
explore stacking—a form of ensemble learning combining multiple models (e.g., linear models,
and random forests)—to mitigate restrictive assumptions. Stacking provides flexibility by

reducing reliance on precise model specification.

The results are summarized in Table 7. When both models are correctly specified and stacked with
differences in means and GLM, the estimated ATE is 10.09. Stacking with random forests and

regularization demonstrate stable ATE estimates, though slightly larger standard errors.

With misspecification, the estimated ATE is biased downward, with a misspecified outcome model
causing larger bias than a misspecified exposure model. However, stacking shows resilience

against misspecification, maintaining fairly stable estimates despite increased standard errors.



Table 7. AIPW-estimated ATE, standard error, and 95% confidence interval, with stacking and
correct and misspecified outcome and exposure models.

Model Specification Estimated ATE Standard error 95% Confidence interval

Lower interval ~ Upper interval

Correct (stacked with 10.09 0.069 9.953 10.223
stacked differences in
means and GLM)

Correct (stacked with 10.13 0.114 9.903 10.349
stacked difference in
means, GLM, and RF)

Correct (stacked with 10.00 0.114 9.78 10.226
stacked difference in
means, GLM, RF, and

GLMnet)

Misspecified outcome 8.77 0.069 8.637 8.909
(stacked with differences

in mean and GLM)

Misspecified outcome 8.89 0.111 8.67 9.106

(stacked with differences
in mean, GLM, and RF)

Misspecified outcome 8.87 0.108 8.658 9.080
(stacked with differences
in mean, GLM, RF, and

GLMnet)

Misspecified exposure 9.95 0.149 9.653 10.238
(stacked with differences

in mean and GLM)

Misspecified exposure 9.94 0.149 9.649 10.234

(stacked with differences
in mean, GLM, and RF)

Misspecified exposure 9.90 0.149 9.61 10.193
(stacked with differences

in mean and GLM, RF,

and GLMnet)

Note: GLM = Generalized Linear Model; GLMnet = Generalized Linear Model with elastic net regularization; RF =
random forests.

4.5 Key Takeaways

Both naive and IPW methods demonstrate significant sensitivity to model specification,
underscoring the importance of including relevant covariates. Machine learning methods,
especially AIPW with regularization and ensemble techniques, exhibit enhanced robustness to
model misspecification. Stacking, in particular, reduces dependency on precise parametric forms,

providing more reliable estimates.

While the case study uses synthetic data, the findings illustrate the potential value of CML
methods, like regularization and ensemble techniques, in SCM. These methods offer robust tools

for estimating causal effects, even amidst complex interactions and high-dimensional data. By



applying these approaches, practitioners can achieve more accurate causal inferences, aiding

strategic decision-making in dynamic environments like supply chain management.

5. Conclusions and Future Directions

CML is a recent scientific innovation that has emerged as a transformative approach for supply
chain management, enabling more accurate predictions and deeper understanding into the
underlying mechanism and drivers of supply chain performance. Traditional machine learning
methods often excel at pattern recognition but struggle to establish causation, a crucial aspect for
supply chains where decisions often depend on understanding the causal impact of various
strategies. By integrating causal inference techniques into ML, CML provides a more robust
framework for predicting how interventions (e.g., changes in inventory policies, supplier
adjustments, or transportation optimizations) will affect outcomes, including cost, lead time, and
service levels. SCM has experienced and benefited from the application of recent advancements
of causal inference techniques, such as propensity score matching, synthetic controls, and
instrumental variable approaches, which have been adapted to SCM settings. These methods allow
managers to evaluate the impact of interventions across the supply chain, even in the absence of
randomized experiments. For example, CML has been applied to assess the effects of quality
assurance programs (e.g., Giamattei et al., 2024), analyze demand forecasting methods’ impacts
on inventory levels (e.g., Wibowo, 2024), determine how transportation mode and order size
influence delivery performance (Bo and Xiao, 2024), and analyze the causal mechanism driving

supplier delivery delays (Wyrembek et al., 2025).

However, the adoption of CML in SCM is still in its early stages. The dynamic, interdependent
nature of supply chains poses challenges regarding data availability, the complexity of
confounding factors, and the contextual uniqueness of supply chain interventions. To enhance the
robustness and applicability of CML, future research should prioritize the development of models
that can handle the high-dimensional and often non-linear nature of SCM data. Advanced methods
could improve the precision of causal estimates and better account for the complexities in supply
chains. A crucial aspect is that CML holds significant potential to revolutionize the field of SCM
by shifting the focus from descriptive and predictive analytics to truly prescriptive analytics based

on causal understanding. This approach may help link disparate supply chains to help identify



weak points of intersection across spatial and temporal dimensions. Continued research into more
adaptable, scalable, and interpretable causal models will likely drive broader adoption in industry,

ultimately leading to more resilient, efficient, and responsive supply chains.
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