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Abstract
E-commerce stores struggle to understand the root causes of declin-
ing seller revenue, often relying on correlation-based analytics that
leads to ineffective or even harmful interventions. This paper intro-
duces the Revenue Loss Monitor (RLM), a system that uses Double
Machine Learning (DML) to move from simple correlation to causal
attribution of revenue loss. RLM successfully isolates the causal
impact of seller-controllable factors, such as pricing, advertising,
and inventory - from confounding market trends. Validated across
thousands of seller accounts, RLM has demonstrably improved the
accuracy of attributions. We discuss the end-to-end methodology,
from our hybrid product and seller level modelling approach to the
significant real-world challenges of data quality and model valida-
tion in a production environment. Online validation with domain
experts shows that DML-based attributions are 19.8% more accurate
than traditional correlation-based methods, with the system show-
ing 24.9% month-over-month growth in active users. Furthermore,
A/B experiments demonstrate that sellers acting on RLM-identified
causal factors achieve up to 29% greater revenue recovery compared
to a control group, highlighting RLM’s effectiveness as a scalable
and trustworthy causal business intelligence solution.

CCS Concepts
• Computing methodologies → Causal reasoning and diag-
nostics.
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1 Introduction
A fundamental challenge in evidence based decision making is
change attribution: determining which factors truly drive observed
outcomes. From medical treatment effectiveness to marketing cam-
paign impact, the ability to distinguish genuine causal relationships
from spurious correlations determines whether interventions suc-
ceed or fail. Traditional approaches to attribution rely heavily on
correlation analysis, identifying statistical associations between
actions and outcomes. While correlation-based methods work rea-
sonably well in controlled environments with limited confounding
variables, they fundamentally fail in complex, real-world settings
where multiple factors interact and influence both decisions and
outcomes simultaneously.

The attribution challenge becomes particularly acute in dynamic
business environments where decisions are made reactively based
on anticipated changes in market conditions. Consider a scenario
where a business increases advertising spend while simultaneously
experiencing declining sales. A correlation-based attribution sys-
tem would incorrectly conclude that increased advertising caused
the sales decline, leading to the counterproductive recommendation
to reduce advertising. In reality, the business likely increased adver-
tising in response to early signals of an anticipated decline caused
by external factors such as new competitor entry, seasonal shifts,
or supply chain disruptions. This confounding between reactive
decision-making and external drivers creates a systematic bias in
correlation-based attribution that can lead to harmful interventions.

The e-commerce domain exemplifies these attribution challenges
at scale. Online marketplaces operate in highly dynamic environ-
ments where sellers continuously adjust multiple levers - pricing, ad
spend, inventory levels, promotional activities, and catalog breadth
- often in response to market conditions that also directly influ-
ence sales outcomes. When sellers experience revenue declines,
account managers managing these sellers must rapidly diagnose
root causes and recommend interventions. However, the simul-
taneous nature of these adjustments creates a complex web of
interactions where simple correlation analysis becomes not just
inadequate but actively misleading. Existing approaches to business
attribution fall into several categories, each with significant limita-
tions: 1)Correlation-basedmethods, widely deployed in industry
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analytics tools usually rely on feature importance measures [4] to
identify statistical associations but cannot distinguish causation
from correlation when confounding variables are present. These
methods systematically misattribute effects when seller actions are
reactive to market conditions. 2) Experimental approaches, such
as A/B testing and randomized controlled trials [28], are the gold
standard for establishing causation but are often impractical or
risky in e-commerce, as randomizing seller experiences can erode
customer trust and disrupt the marketplace. 3) Traditional causal
inference methods require strong identifying assumptions (such
as natural experiments or instrumental variables) [1] that are rarely
satisfied in business settings, limiting their practical applicability.

Recent advances in causal inference, particularly Double Ma-
chine Learning (DML) [6], offer a promising solution. DML com-
bines machine learning with the rigor of causal inference, enabling
robust estimation of causal effects in high-dimensional settings
with complex confounding relationships while being less sensitive
to model misspecification than traditional approaches. However,
despite its theoretical promise, there has been limited exploration of
DML’s application to real-world business attribution problems, par-
ticularly at the scale and complexity required for the e-commerce
domain. The challenge involves not only implementing the statisti-
cal framework but also addressing practical concerns around data
quality, computational scalability, model interpretability, and inte-
gration with existing business processes. Furthermore, the transla-
tion from causal estimates to actionable business recommendations
requires careful consideration of statistical significance, business
constraints, and implementation feasibility.

To address these challenges, we present Revenue Loss Moni-
tor (RLM), a production-scale system that applies DML to identify
causal drivers of seller revenue decline in e-commerce, providing
actionable insights in a complex, multi-dimensional operational set-
ting. Our key contributions are: 1) A novel hybrid DML framework
for revenue decline attribution, combining product and seller-level
models to provide a comprehensive, multi-granularity diagnosis
(item and portfolio). 2) The first large-scale DML system for this
task in a production environment, processing data for millions
of products and solving engineering challenges in scalability and
real-time performance demonstrating that causal methods can be
operationalized at industry scale. 3) Three complementary valida-
tion strategies: Achieving 19.8% improvement in attribution accu-
racy against correlation and causal baselines via expert evaluation
with AMs, demonstrating that sellers acting on SHM-identified
factors achieve on an average 29% higher revenue in the India mar-
ketplace and demonstrating robustness to key assumptions like
unconfoundedness through synthetic datasets. The main customers
of the proposed tool are experts (account managers) who verify all
insights before sharing it with sellers.

2 Related Work
Our work is situated at the intersection of causal inference and
large-scale business analytics, building on recent methodological
advances to solve a long-standing challenge in e-commerce. The
shift from correlation-based analysis to causal inference is criti-
cal for obtaining actionable insights in business and marketing,
as outlined by Varian et al. [25]. A key methodological advance

enabling this shift is DML [6], which is particularly well-suited
for e-commerce environments where outcomes are influenced by
numerous factors. Recent extensions to the DML framework have
further broadened its applicability, for instance, by enabling the
estimation of effects frommultiple, mixed-type treatments and their
interactions [26], a scenario common in our domain where sellers
adjust many levers simultaneously. Furthermore, DML has proven
effective for intricate causal structures like mediation analysis with
continuous treatments [7, 29], underscoring its power for dissecting
complex causal pathways.

The attribution problem has been approached from several an-
gles, each with distinct goals and limitations. A significant body
of work is based on variations of Shapley values [4, 5, 11, 13, 23],
providing ways to allocate credit. However, these frameworks are
typically focused on defining attribution and often remain agnostic
about the statistical estimation challenges posed by confounding,
which is the primary obstacle in our setting. Similarly, other widely-
used attribution methods borrowed from explainable AI, such as
saliency maps [16, 18, 22, 24], rationales[2, 17], and attention mech-
anisms [10, 19] are not designed for causal estimation and have
been shown to incorrectly identify feature importance, especially
when confounding is present [31].

In e-commerce, causal methods have been successfully applied
to targeted problems. For example, researchers have used machine
learning to attribute the sales impact of specific slate recommen-
dations [27] and applied causal models to measure the effect of
isolated marketing campaigns [15]. While valuable, these studies
address narrowly-scoped questions and do not provide the holistic,
multi-factor attribution required to diagnose the root causes of an
overall revenue decline.

More directly related to our work are recent methods for general
causal attribution, though they differ in key assumptions and ap-
plicability. Quintas et al. [20] propose a multiply-robust estimator
to decompose an outcome’s change by modeling the problem as a
causal mediation path. This framework is well-suited for decompos-
ing changes between distinct populations (e.g., before and after a
policy change) but is not directly applicable to our setting, which is
primarily characterized by observed confounding from sellers’ reac-
tive decisions rather than a single intervention. Similarly, Sharma
et al. [23] introduce a method for attributing a single observed
change using a system’s computational graph. While innovative,
this approach is susceptible to confounding bias as it lacks a formal
orthogonalization step, a core feature of DML, to disentangle the
effects of correlated inputs. Furthermore, its focus on explaining a
specific historical event, rather than estimating an average causal
effect, makes it less suited for informing general business strategy.

The existing literature, while rich, leaves a critical gap that our
work addresses. There is a lack of research on operationalizing a
scalable, general-purpose causal attribution system in a dynamic,
high-stakes production environment like e-commerce. While gen-
eral surveys highlight the broad potential of machine learning in
this domain [30], they do not focus on the specific challenges of
revenue change attribution under confounding. Our contribution
is therefore not just the application of DML for attribution, but
the design, implementation, and validation of a production-scale
system that provides robust, actionable insights for a complex and
economically significant business problem.
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3 Causal Attribution Methodology
Revenue change attribution in e-commerce involves identifying
seller-controllable factors causally responsible for observed revenue
loss over a given period. These span product-level actions (price
changes, ad spend) and portfolio-level decisions (catalog expansion,
fulfillment improvements). The key challenge is isolating causal ef-
fects from confounders such as seasonality, competition, andmarket
trends. The system must reliably identify top 𝑘 seller controllable
factors responsible for revenue loss, accounting for the fact that
sellers often make reactive decisions in response to anticipated
market conditions rather than independent strategic choices and
hence distinguishing true causal factors from spurious correlations
to enable actionable recommendations. To address this, we develop
RLM which uses DML to handle nonlinear relationships and de-
couple prediction from causal inference. The methodology has 3
components: 1) a core DML model for product-level attribution, 2)
a hybrid framework for seller level attribution, 3) a significance
filtering stage to ensure that the recommendations are reliable.

3.1 Assumptions
The causal effects estimated by RLM rely on three standard assump-
tions from observational causal inference. Unconfoundedness
assumes that, after controlling for observed factors, treatment de-
cisions are independent of potential outcomes. This is the most
vulnerable assumption; we mitigate it by collaborating with domain
experts to include all plausible confounders and validate sensitivity
via a synthetic dataset (Section 4.5). Overlap requires sufficient
variation in treatments across similar contexts, which we enforce
through large-scale data and significance filtering (Section 3.4) that
removes extreme or underpowered treatment changes. Consis-
tency assumes treatments are well-defined and applied uniformly;
this is the most robust assumption, as treatments correspond to un-
ambiguous metric changes (e.g., listed price delta). Together, these
assumptions frame our results as the best possible causal estimates
given the available data.

3.2 Product-Level Causal Attribution
This section explains how we apply DML to attribute revenue loss
to various seller-controllable factors. Traditional machine learning
models often fail in this setting because seller decisions (e.g., pricing,
advertising) are not made randomly; they are a response to market
conditions that also affect sales, which introduces confounding bias.
DML is specifically designed to address this challenge through a
two-stage procedure that effectively de-biases the causal estimates
of treatment effects. A complete workflow is provided in Fig 1.

3.2.1 Notation. Let’s define the key variables at the level of an
individual offer 𝑖 (i.e., a specific product from a seller):
• 𝑌𝑖 : The outcome variable, representing the change in revenue
this week compared to past 4 week avg for offer 𝑖 .

• 𝑇𝑖𝑘 : The 𝑘𝑡ℎ treatment variable for offer 𝑖 , such as the percentage
change in price or the absolute change in ad spend. Note that
each treatment in our case is the change in metric’s value this
week compared to past 4 week avg.

• 𝑋𝑖 : A vector of control variables (confounders) for offer 𝑖 that may
influence both the treatment and the outcome, such as product
category, market trends, or seasonality.

• 𝑔(𝑋𝑖 ) = 𝐸 [𝑌𝑖 |𝑋𝑖 ]: The conditional expectation of the outcome
given the confounders.

• 𝑚𝑘 (𝑋𝑖 ) = 𝐸 [𝑇𝑖𝑘 |𝑋𝑖 ]: The conditional expectation of the 𝑘𝑡ℎ treat-
ment given the confounders.

3.2.2 DML Stages. DML follows a two-stage process:
(1) Nuisance Estimation and Residualization: The goal of this

stage is to remove the predictive effect of the confounders from
both the outcome and the treatments. Using ML models we
estimate the nuisance functions 𝑔(𝑋𝑖 ) and 𝑚̂𝑘 (𝑋𝑖 ). We then
compute the residuals:
• Outcome Residual: 𝑌̃𝑖 = 𝑌𝑖 − 𝑔(𝑋𝑖 )
• Treatment Residuals: 𝑇𝑖𝑘 = 𝑇𝑖𝑘 − 𝑚̂𝑘 (𝑋𝑖 )
These residuals represent the variation in the outcome and
treatments that is not explained by the confounders.

(2) Causal Effect Estimation: This stage estimates the causal
effect by training a model on the outcome residuals against the
treatment residuals:

𝑌̃𝑖 = 𝑓 (𝑇𝑖1,𝑇𝑖2, . . . ,𝑇𝑖𝑝 ) + 𝜁𝑖

where 𝜁𝑖 is the error term and 𝑝 is the number of treatments.
The estimated model 𝑓 represents the estimated causal effects
of each treatment on revenue loss, adjusted for the confounders.

3.2.3 Counterfactual Inference and Attribution. Once the DML
model is trained, we attribute revenue loss using counterfactual
inference. To isolate the impact of each metric 𝑘 , we estimate what
the revenue loss would have been had that metric’s change been
zero (𝑇 cf

𝑖𝑘
= 0), while all other factors remained same. The pre-

dicted counterfactual loss,𝑌 cf
𝑖𝑘
, is calculated using the trained model

components:

𝑌 cf
𝑖𝑘

= 𝑔(𝑋𝑖 ) + 𝑓 (𝑇 obs
𝑖1 , . . . ,𝑇 cf

𝑖𝑘
, . . . ,𝑇 obs

𝑖𝑝 )

The attribution process is then straightforward:
(1) Calculate Contribution (𝐶𝑖𝑘 ): For each metric 𝑘 , its contribu-

tion to the loss is the difference between the observed loss and
the counterfactual loss.

𝐶𝑖𝑘 = 𝑌𝑖 − 𝑌 cf
𝑖𝑘

(2) Normalize and Rank: All contributions are normalized to
sum to the total observed loss, and metrics are ranked by these
values to identify the primary drivers

Example: Consider a product with $5,000 GMS loss and observed
treatment changes: ad spend −$200, price +5%, inventory −10 units.
For each treatment 𝑘 , we compute 𝑌 cf

𝑖𝑘
by setting 𝑇 cf

𝑖𝑘
= 0 while

holding others at observed values. Suppose the model predicts
counterfactual losses of $3,800 (ad spend), $2,200 (price) and $3,500
(inventory). Raw attributions are thus $1,200, $2,800 and $1,500
respectively. After normalization to $5,000, the final attribution is:
Price (50.9%), Inventory (27.3%), Ad Spend (21.8%), guiding AMs to
prioritize pricing adjustments. Fig 1 provides a complete workflow.

3.3 Seller-Level Attribution
While product-level attributions enable granular interventions, they
are insufficient on their own, as account managers also need a
portfolio-level view to identify key drivers of a seller’s revenue
decline before drilling down further. Simple aggregation to the
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Confounders
(X)

Outcome:
revenue Change (Y)

Treatments: Price change,
Ad spend change, etc. (T)

Model 3: Residual Causal Model: 𝑌̃ = 𝑓 (𝑇 )

Model 1: Predict revenue change: 𝑔(𝑋 ) = 𝐸 [𝑌 |𝑋 ]

Model 2: Predict Treatment: 𝑚̂(𝑋 ) = 𝐸 [𝑇 |𝑋 ]

Outcome Residual (𝑌̃ )

Treatment Residual (𝑇 )

Counterfactual Inference
For each treatment, ask "what if?"

(e.g., price change = 0) Use
models 𝑔, 𝑚̂, 𝑓 to predict

the counterfactual outcome:

𝑌 cf
𝑖𝑘

=𝑔(𝑋𝑖 ) + 𝑓 (𝑇 obs
𝑖1 , . . . ,𝑇 cf

𝑖𝑘
, . . . ,𝑇 obs

𝑖𝑝 )

Ranked Attribution List
1. Price Increase (51%)
2. Inventory Drop (27%)

3. Ad Spend Decrease (22%)

Figure 1: Workflow of RLM for product-level attribution using DML framework. Model 1 and 2 remove confounding effects,
Model 3 estimates the true causal relationship from the residuals, and then the trained models are used for counterfactual
inference, finally giving the ranked attribution.

seller level (e.g., total ad spend changes) obscures heterogeneous
product effects, where gains and losses can cancel out and hide
meaningful signals. For example, a $100 reduction in ad spend
on a high-performing product may cause significant losses, while
$100 increase on low-impact products may offset this in aggregate,
masking true effects. Conversely, purely summing product-level
attributions misses seller-level dynamics such as changes in catalog
or fulfillment strategy. To address this, we propose a hybrid attri-
bution framework combining product-level attributions with a
seller-level causal model, providing a unified view of both localized
and portfolio-wide drivers. The framework operates in three stages:

3.3.1 Stage 1: Aggregated Product-Level Attribution. We construct
seller-level signals by aggregating product-level attributions. For
seller 𝑠 with products 𝐼𝑠 , we retain only those products that have
seen a decline in revenue and where the sign of 𝑌𝑖 (predicted rev-
enue loss) aligns with 𝑌𝑖 . This ensures reliability by excluding prod-
ucts where attribution may be noisy or inconsistent. 𝐼∗𝑠 = {𝑖 ∈ 𝐼𝑠 :
𝑌𝑖 < 0, sign(𝑌𝑖 ) = sign(𝑌𝑖 )}. For each such product, we focus on
loss-driving factors and normalize contributions to match observed
loss: 𝐶𝑖𝑘 =

𝐶𝑖𝑘∑
𝑘 :𝐶𝑖𝑘<0𝐶𝑖𝑘

· 𝑌𝑖 , for 𝐶𝑖𝑘 < 0. Seller-level attribution for

treatment 𝑘 is obtained by aggregating across products:
∑
𝑖∈𝐼 ∗𝑠 𝐶𝑖𝑘 .

3.3.2 Stage 2: Dedicated Seller-Level Causal Model. This stage fo-
cuses on factors that are inherently defined at the seller portfolio
level and cannot be decomposed to an individual product. These in-
clude systemic factors related to selection mix and catalog-wide
fulfillment strategies. We build a separate DML model at the
seller level, as per Section 3.2, to estimate the causal impact of these
portfolio-level treatments on the seller’s total revenue decline.

3.3.3 Stage 3: Hybrid Attribution. In the final stage, we combine in-
sights from stage 1 and stage 2, prioritizing outputs from seller-level
model as primary drivers. This aligns with how account managers
diagnose performance - starting with a holistic view of the seller’s
business before drilling down to individual products and reflects
the intuition that systemic, portfolio-wide factors often have a more
fundamental impact on seller health than isolated product-level
issues. Aggregated product-level attributions serve a complemen-
tary role, surfacing key drivers when the seller-level model finds
no significant factors and ensuring that critical product-level issues

are not overlooked. This hybrid design enables a comprehensive
and actionable attribution flow, guiding account managers from
portfolio-level diagnosis to targeted product-level interventions.

3.4 Ensuring Actionable Recommendations
While DML provides causal effect estimates for each treatment 𝑇𝑖𝑘 ,
not all estimates are statistically reliable. For example, if a seller
changes their promotional offer percentage by 2% but this change
is based on only 50 transactions, the estimated causal effect may
be unreliable due to insufficient sample size. A raw causal estimate
may be statistically significant but too small to be business-relevant,
or it may be based on too few data points to be reliable. To ensure
our recommendations are both trustworthy and actionable, we
apply a two-stage filtering mechanism:

1. Business Thresholding:Wefilter out changes below domain-
expert defined minimum meaningful magnitudes. For e.g., price
changes < 1% or advertising spend changes < $50 are considered
non-actionable and removed from attribution consideration.

2. Statistical Significance Testing: For treatments represent-
ing proportions (e.g., deal percentages, return rates), we calculate
the required sample size to detect the observed treatment change

reliably. We use the formula: 𝑛∗
𝑖𝑘

=
𝑧2
𝛼/2 ·𝑝𝑖𝑘 (1−𝑝𝑖𝑘 )

𝑇 2
𝑖𝑘

, where 𝑝𝑖𝑘 is the

baseline proportion and𝛼 is the significance level.We set𝑇 𝑓 𝑖𝑛𝑎𝑙

𝑖𝑘
= 0

if the actual sample size 𝑛𝑖𝑘 < 𝑛∗
𝑖𝑘
, effectively filtering out statisti-

cally underpowered attributions and preventing recommendations
based on statistical noise.
Both filters are applied during training and inference, ensuring
the model learns from relevant data and attributes only significant
changes. Additionally, account managers verify every attribution
before sharing it with sellers, providing a human-in-the-loop safe-
guard against incorrect insights.

4 Experiments
Having established our causal attribution methodology, we now
validate its effectiveness through experiments answering the follow-
ing research questions. RQ1: Does RLM produce attributions that
align with business logic and domain experts’ expectations? RQ2:
How does our causal attribution approach compare to correlation
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based methods and other causal baselines in terms of recommenda-
tion quality? RQ3:Which ML architectures work best within our
causal attribution framework? RQ4: Do our filtering mechanisms
(business thresholds and statistical significance) improve attribu-
tion reliability? RQ5: How does the seller-level hybrid attribution
framework compare to a dedicated seller-level causal attribution
model trained using portfolio-level treatments?

4.1 Experimental Setup and Data
Our experiments use twelve months of weekly e-commerce market-
place data spanning millions of observations across diverse product
categories and seller types. We adopt an out-of-time split, reserv-
ing the final four weeks for testing and using an 80–20 split of
the remaining data for training and validation. The treatment set
includes 14 seller-controllable factors such as pricing, advertis-
ing spend, promotions and inventory decisions for product-level
attributions, and 4 portfolio-level factors capturing catalog-wide
selection mix and fulfilment strategy for seller-level attributions;
while 40+ confounders capture temporal trends, category dynamics,
seasonality and external market conditions. Both treatment and
outcome variables are defined as the difference between the current
week’s values and their trailing 4-week averages. Experiments are
conducted on cloud instances with 4 NVIDIA A10G GPUs and 96
vCPUs, using CUDA acceleration where possible, and models are
tuned via Optuna with 30 trials per model. Our system uses only
aggregated metrics with no propensity matching that could reveal
competitive information. Evaluation Metrics: For the attribution
task, where the model identifies the top 𝑘 factors of revenue loss,
we evaluate quality using feedback from domain experts who have
been manually monitoring and sharing recommendations with sell-
ers for years. We use Precision and Recall, calculated based on
whether Account Managers confirmed the model’s attributions as
aligning with their ground-truth business knowledge.

4.2 Baseline Methods & Architecture Evaluation
To validate our causal approach (RQ2 and RQ3), we implement
both correlation-based and causal baselines, and evaluate multiple
machine learning architectures across these frameworks.

Correlation-Based Attribution: Our primary correlation base-
line uses SHAP (SHapley Additive exPlanations) attribution with
various ML models. SHAP provides model-agnostic explanations
by computing the marginal contribution of each feature to the pre-
diction, with SHAP values summing to the difference between the
prediction and expected model output. We implement two SHAP
configurations: (1) Treatment-Only Models: Train regression
models using only the 14 seller-controllable treatments as input
features. (2) Combined Models: Train models using both treat-
ments and 41 confounders as input features. For the combined
configuration, we compute SHAP values for all features but filter
out confounders during attribution ranking, promoting the next
highest-ranked treatment factor to fill the top-k recommendations.

Causal Baselines: While our proposed approach uses DML, in
order to compare against causal baselines, we useCausal Forest, an
extension of random forests that directly estimates heterogeneous
treatment effects by adaptively partitioning the feature space to
maximize treatment effect heterogeneity. Causal Forests are trained

using both treatments and confounders to obtain counterfactual es-
timates for each controllable factor. We also include the S-Learner,
a meta-learner that fits a single predictive model on outcomes as a
function of both treatments and confounders, with counterfactuals
generated by switching treatment values. This provides a simple
yet widely used causal baseline.

Architecture Evaluation: We evaluate six architectures across
correlation and causal frameworks: LightGBM [14], Ridge regres-
sion, ElasticNet [32], Extra Trees [8], Random Forest [3] and Multi-
Layer Perceptron. Beyond these, we also test a recent transformer-
based tabular SOTA, the Feature Tokenizer Transformer (FTT) [9],
to evaluate whether attention-based representations can support
attribution. FTT performs poorly on both axes. Predictive accuracy
degrades sharply, with RMSE up by ∼78%, 𝑅2 down by ∼95% and
directional accuracy down by 12 pp relative to the LightGBM com-
bined baseline, and the resulting attributions are correspondingly
weak. Training also requires 500+ epochs and substantially higher
compute than the gradient-boosted and linear baselines. Attention-
based attribution therefore offers no advantage over simpler regu-
larised models in this setting. Our users (account managers) have
easy access to LLMs and naturally attempt attribution via prompt-
ing. Hence we also evaluate several LLM configurations (Claude
Sonnet 3.5/3.7/4 with both standard and Chain-of-Thought prompt-
ing, with prompts iteratively tuned via an LLM-as-a-judge loop and
the same business guardrails applied to LLM outputs as to DML).
Chain-of-Thought reasoning yields the largest gains, with Sonnet
3.7 + CoT being the best LLM configuration, but it still trails DML
LightGBM by roughly 25 percentage points in precision and 7 in
recall, indicating that explicit reasoning helps but a substantial gap
to statistical causal methods remains. We also report predictive
(revenue regression) performance for completeness, while empha-
sising that revenue prediction is not our primary objective: our goal
is attribution quality, and a model that predicts revenue well can
still produce poor attributions if it leans on confounders. We assess
predictions using Root Mean Square Error (RMSE), 𝑅2 and direc-
tional accuracy (the percentage of cases where the predicted sign
of the revenue change matches the observed sign). DML requires
strongly regularised models, with Ridge and LightGBM performing
best, while Extra Trees and Random Forest exhibit RMSE inflation
of 20–23% relative to the baseline due to the residualization step.
Correlation models with confounders included achieve the best raw
revenue-prediction metrics, but their attributions are dominated
by confounders and so lack business relevance even after filter-
ing them out at ranking time. Treatment-only correlation variants
degrade prediction sharply.

4.3 Domain Expert Validation
To address RQ1, we conduct validation with account managers who
have deep knowledge of seller dynamics and market conditions.
This is the most critical evaluation component, as it directly tests
whether the attributions are actionable for real business decisions.
The validation follows a structured protocol in which account man-
agers assess model attributions for sellers they have managed over
time, across different treatment types. Evaluations consider both
the magnitude and direction of seller-controllable factors, informed
by historical performance data, treatment changes, and market
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context. Table 1 reports attribution accuracy for product-level attri-
butions, comparing our approach with correlation-based and causal
baselines, as well as a heuristic that ranks treatments by observed
change magnitude. Results are reported across multiple ML archi-
tectures and are statistically significant under a two-proportion
𝑧-test at the 5% significance level.

Table 1: Account Manager Workshop Validation: Model At-
tribution Accuracy Across Different Approaches 1

Method Precision ↑ Recall ↑ F1-Score ↑
DML LightGBM - - -
Heuristics -48.50% -9.70% -34.66%
Correlation Ridge +0.00% -35.80% -23.40%
Correlation ElasticNet +0.09% -31.28% -19.80%
Correlation LightGBM +0.26% -51.20% -37.76%
Correlation Extra Trees +0.83% -52.40% -38.96%
Correlation RF -0.66% -60.80% -48.83%
Correlation MLP -62.50% -83.00% -83.31%
DML Extra Trees +0.00% -55.20% -42.16%
DML RF +0.39% -40.00% -26.94%
DML Ridge +0.44% -37.10% -24.42%
DML ElasticNet +0.64% -39.90% -26.79%
DML MLP -0.10% -40.00% -27.05%
Causal Forest -36.60% -16.90% -27.88%
S-Learner (LightGBM) -4.50% -18.40% -12.39%
Claude Sonnet 3.7 CoT -25.20% -6.70% -16.76%

The validation answers RQ2 and reveals that correlation ap-
proaches achieve reasonable precision in some cases but suffer
from poor recall, indicating they identify some genuine attribution
patterns but miss many valid causal relationships. We also observe
that correlation models tend to prioritize confounders in many
cases which de-prioritizes important treatments leading to low re-
call. Answering RQ3, DML LightGBM achieves the best balance
between precision and recall, demonstrating superior ability to cap-
ture both obvious and subtle factors that drive revenue declines. To
answer RQ4, we implement guardrails and thresholds mentioned in
Section 3.4. Statistical significance testing based guardrails provide
improvements in precision (+5.8%) while reducing recall (-20.3%),
reflecting the filtering of statistically underpowered attributions.
This aligns with business preferences for high-confidence recom-
mendations over comprehensive but potentially unreliable cover-
age. Business thresholds alone provide more modest improvements
(+2.6% precision, -16.9% recall), proving that statistical power anal-
ysis adds value beyond domain expertise. The combination of both
filtering mechanisms ensures that recommendations meet both
business relevance criteria and statistical reliability standards.

4.4 Seller-Level Attribution Validation
As outlined in Section 3.3, seller-level attribution combines out-
puts from product-level causal models with outputs from dedicated
seller-level causal models. Consistent with the product-level setup,

1Arrow notation: ↑ indicates higher values are better. Precision, Recall and F1-Score
show absolute differences in percentage points compared to DML LightGBM baseline.

we use LightGBM as the base learner for DML and apply busi-
ness thresholds along with statistical significance testing to filter
out treatment changes that lack sufficient statistical power. To ad-
dress RQ5, we follow the validation approach in Section 4.3, where
model outputs are reviewed by account managers. We benchmark
our hybrid framework against a baseline seller-level DML model
that operates on aggregated portfolio signals (e.g., total ad spend
changes or average price variation), which collapses product-level
heterogeneity into a single representation. This provides a natu-
ral comparison to evaluate the benefit of preserving product-level
granularity while attributing seller-level outcomes. Our hybrid
framework significantly outperforms the baseline, achieving higher
precision (+44.61%) and recall (+57.83%), with differences statis-
tically significant under a two-proportion 𝑧-test at the 5% level,
demonstrating superior accuracy and reliability.

4.5 Assumption Validation
Our approach is most sensitive to the unconfoundedness assump-
tion as explained in Section 3.1. To validate robustness to hidden
confounders, we conduct a structured synthetic experiment using
a parameterized Structural Causal Model (SCM) with over 24 con-
founders and 12 treatments, where each hidden confounder has a
significant effect on all treatments and the outcome. Ground-truth
attributions are obtained via do-calculus interventions (𝑑𝑜 (𝑇𝑗 = 0))
with fixed noise terms. We vary the number of hidden confounders
from 1 to 5 and train DMLmodels on 50K samples, repeating the full
training/inference loop with 5 random seeds for statistical signifi-
cance. Since synthetic data provides true ground-truth factor rank-
ings, we focus on ranking metrics: Mean Reciprocal Rank (MRR)
and Normalised Discounted Cumulative Gain (NDCG@3). We ob-
serve that directional accuracy degrades only modestly from 0.92
to 0.88 as hidden confounders increase from 1 to 5, while NDCG@3
holds steady at 0.99 and MRR remains in the 0.88–0.91 range, in-
dicating that ranking quality is robust to the presence of hidden
confounders even when point estimates are mildly affected.

Empirical Overlap Diagnostics. To formally assess overlap
in our 14-treatment continuous setting, we estimate the gener-
alized propensity score (GPS) for each treatment conditional on
all confounders using cross-validated gradient boosting, follow-
ing the high-dimensional frameworks of Rassen et al. [21] and
Ju et al. [12]. Traditional inverse-GPS weighting proves impracti-
cal: the mean effective sample size (ESS) ratio across treatments
is only 9.6% (range 1.1–95.2%), with weight coefficients of varia-
tion up to 9.7, confirming that propensity-based reweighting is
unstable with multiple correlated continuous treatments. In con-
trast, DML’s first-stage residualization reduces the mean absolute
confounder–treatment correlation by 63.3% (from 0.020 to 0.007),
with 99.1% of all confounder–treatment pairs achieving |𝜌 | < 0.05
post-residualization. A trimming sensitivity analysis, progressively
removing observations in the 1st–10th GPS percentile tails jointly
across all 14 treatments, shows that aggressive trimming discards
12–69% of observations while DML coefficient estimates remain
stable in sign and significance for the retained samples. These diag-
nostics confirm that (a) overlap is empirically adequate for the vast
majority of observations, (b) GPS-based reweighting is infeasible in
this multi-treatment setting, and (c) DML residualization implicitly
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achieves the covariate balance that propensity methods target, with
greater stability in high dimensions.

5 Results from Production Setting
RLM has been operating in a production setting for over a year
with 24.9% month-over-month growth in active users, generat-
ing weekly insights that provide sufficient timeliness for account
managers to recommend corrective actions to sellers. The system
operates as a batch pipeline with an AWS-based inference work-
flow that automates end-to-end causal attribution. Raw data is
ingested from the data lake through automated validation and alert-
ing checks that ensure completeness across cross-team dependen-
cies; the pipeline pauses when critical inputs are unavailable and
automatically resumes once they are restored. The pipeline then
computes treatment and confounder features as deviations from
the trailing 4-week baseline, applying business thresholds and sig-
nificance filters to retain meaningful changes. Trained seller- and
product-level DMLmodels perform parallelized causal inference for
all declining entities at scale. Weekly attribution outputs are cached
and served through an interactive dashboard for efficient access
by account managers. The dashboard captures account manager
feedback, including attribution validation, top-k driver selection,
and missed-factor suggestions, enabling continuous monitoring
and iterative model improvement through retraining.

5.1 Challenges and Lessons Learned
Causal inference system in a production-scale environment sur-
faced several key challenges:
Data quality is critical: Causal models are sensitive to data errors.
Early issues like missing treatment values and edge-case mishan-
dling led us to build a strong validation layer ensuring clean data.
Building trust with stakeholders: Moving from a descriptive to
a causal framework required educating account managers. Valida-
tion workshops showcased the model’s value and built end-user
trust, while the significance filtering layer emphasized prioritizing
reliable recommendations over providing answers for every case.
Treatment identification: Choosing appropriate treatments was
challenging. Missing or weak treatments risked misleading attri-
butions, while too many added noise. We iteratively refined the
treatment set with domain experts and account managers to balance
coverage, interpretability, and statistical tractability, underscoring
the value of domain knowledge alongside data-driven methods.
Feedback integration: Account manager feedback, though valu-
able, was often subjective. We implemented a structured dashboard
loop for feedback, converting noisy opinions into labeled data to
monitor performance, improve the model, and guide enhancements.

5.2 Results from A/B Testing
To evaluate RLM’s impact on revenue, we conducted a two-month
A/B experiment comparing sellers receiving RLM-driven insights
(test group) against a control group. Guided by business input, we
focus on sellers most likely to receive account managers’ (AM)
attention, assuming AMs review at least the top four sellers with
the highest week-over-week revenue decline. Each week, these top
four sellers per AM are randomly split into test and control groups,
with RLM insights provided only to the test group. This ensures

Table 2: A/B Test Results: Incremental revenue recovery vs
control. Mean ± 95% CI

Test Group ATE - Revenue
Recovery

RLM exposure (insights viewed) 7.94% ± 2.78%
RLM exposure + partial adop-
tion (≥1 factor improved)

22.25% ± 3.23%

RLM exposure + full adoption
(all factors improved)

29.14% ± 3.43%

evaluation is limited to cases where insights are most likely to be
used. Newly appearing sellers entering this subset are assigned
via stratified randomization based on revenue and active products,
and remain fixed thereafter. This rolling design yields balanced co-
horts, with final differences in revenue and product counts within
0.00424% across groups.We evaluate balance between groups across
key metrics including trailing-4-weeks revenue, offer counts, and
segment-wise revenue distribution. Using standardized mean dif-
ference for continuous variables and Cramér’s V for categorical
variables (values < 0.05), we confirm strong randomization and no
systematic bias. We measure revenue recovery as the percentage
revenue loss recovered following adjustments to ML-identified fac-
tors over an eight-week forward window, where 𝑡 = 0 denotes ML
insight generation. The period 𝑡 = +1 to 𝑡 = +4 captures changes
in recommended causal factors; empirically, the p90 time for imple-
mentation is approximately four weeks across most metrics. The
window 𝑡 = +5 to 𝑡 = +8 measures resulting revenue recovery.
To control for external influences such as seasonality and market
trends, we estimate the average treatment effect (ATE) of RLM ex-
posure and adoption using causal models (X-learner). As shown
in Table 2, RLM exposure yields an incremental revenue recov-
ery of 7.94% versus control. It increases to 22.25% when at least
one ML-recommended factor is acted upon and to 29.14% when all
recommendations are adopted.

6 Conclusion and Future Work
In this paper, we presented the Revenue Loss Monitor, a system
that successfully applies Double Machine Learning to attribute
e-commerce sales loss at scale. By moving from correlation to cau-
sation, our system provides account managers with more accurate,
actionable, and trustworthy recommendations. We also presented a
novel hybrid approach to attribute at Seller level and incorporated
significance testing to identify actionable recommendations. Our
framework, validated by domain experts, achieved 19.8% more ac-
curacy than traditional correlation-based models. We detailed the
practical challenges encountered while operating with the system
in a production setting, emphasizing the importance of data in-
tegrity, stakeholder education, and combining statistical rigor with
business logic. Future work will focus on expanding the range of
treatments to include more complex, multi-step actions and explor-
ing the use of more advanced deep learning models within the DML
framework to capture even more nuanced relationships in the data.
We also plan to handle hierarchical treatments and multiple time
horizons like month-on-month and quarter-on-quarter attributions.
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