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ABSTRACT

Data is a critical component of modern decision-making systems;
system malfunctions (e.g., performance degradation and module
failure) can often be traced back to a mismatch between the prop-
erties of the data and the assumptions of the system modules that
process the data. For example, with the increasing use of open-
source libraries to develop data science pipelines, common causes
of system malfunctions include inappropriately configured data
processing libraries for data cleaning tasks such as entity resolution
or missing value imputation. Our objective is to resolve malfunc-
tioning pipelines and improve their utility; we introduce PipeLens,
a framework that leverages successful and unsuccessful runs of past
pipelines for fixing pipeline malfunctions. PipeLens uses an acyclic
graph representation of the pipeline and performs causal reasoning
through interventions: when a system malfunctions with a given
dataset, PipeLens modifies the pipeline (by changing its structure
or the parameters of its modules) and observes the impact of this
intervention on system behavior. To focus on useful interventions,
we learn a proxy function that approximates the pipeline’s util-
ity over a dataset and guides the search for the best intervention.
Unlike traditional observational analysis that reports correlations
between system parameters and their behavior, we provide causally
verified root causes and suggest pipeline modifications that rectify
malfunctions. Empirical evaluation on four data science tasks over
four real-world datasets demonstrates that PipeLens consistently
outperforms baselines in terms of interventions performed to repair
malfunctions while maintaining practical running times.
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1 INTRODUCTION

The ubiquity of data science pipelines has made them indispensable
for modern decision-making systems. The lifecycle of data — acqui-
sition, curation, integration, transformation, modeling, and evalua-
tion — is increasingly mediated by complex, end-to-end pipelines
that translate raw, heterogeneous inputs into actionable knowledge.
Data flows from one stage in the pipeline to the next, and therefore,
the quality and characteristics of the input data play a crucial role in
determining their behavior and performance [11, 36]. Variations in
data over time can lead to unpredictable performance, particularly
when the original assumptions of the pipeline implementation do
not align with the properties of the incoming dataset [8, 20, 22, 26].

Examples of system malfunction due to a mismatched assump-
tion include: (i) Machine learning (ML) pipeline quality degradation

due to selection bias [7, 13, 15, 29]: an ML model often assumes that
the training data reflects a true random sample of the underlying
distribution. However, if the data excludes individuals from specific
regions or demographics, it can introduce bias and degrade qual-
ity metrics, e.g., F1 score. (ii) Data visualization pipeline assuming

uniqueness of records: the data integration component of the pipeline
may assume that all incoming records are unique, but the presence
of duplicates can lead to double-counting in generated visuals, re-
sulting in misleading conclusions. Other common issues arising
from a mismatch of assumptions include unfairness in decisions,
excessive running times, pipeline crashes, etc. With the advent
of advanced software paradigms, often termed Software 3.0, soft-
ware libraries increasingly rely on pre-trained models, automated
optimization, and self-correcting algorithms to improve system
performance [41]. Although traditional code-level bugs remain rel-
evant, system malfunctions are increasingly driven by data-related
failures, including improper pipeline configuration, inefficient data-
flow design, poorly defined stage dependencies, and inconsistent
data formats [42, 66]. Consequently, malfunction resolution is shift-
ing from code repair toward addressing data inconsistencies and
optimizing pipeline configurations.

We describe the challenges of dealing with these issues and
resolving malfunctioning pipelines with the following example.

Example 1.1 (E-commerce website: Entitymatching pipeline). Imag-
ine an e-commerce platform that aggregates books and novels from
multiple vendors (Figure 1). Each vendor provides the title, author,
year, and number of pages for each book. The e-commerce platform
uses an entity matching pipeline consisting of two components –
blocking and pair matching – to deduplicate products and list vari-
ations of the same entity together. The blocking component groups
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Figure 1: Example pipeline to perform entity matching; blue:

passing dataset, yellow: failing dataset. Green components

resolve pipeline malfunction on failing dataset.

books into candidate blocks based on shared title tokens; identified
blocks are used to enumerate candidate pairs which are processed
by the pair matching component to identify duplicates (labeling
products whose descriptions have a Jaccard similarity higher than
0.83 as matches). The pipeline is evaluated by computing F1 score
over output duplicates and ground truth; the dataset is considered
passing if the score is more than the pre-defined threshold of 0.87.
Suppose a new vendor starts listing novels in different languages
(shown in the yellow colored dataset). With this new dataset, the
original pipeline fails to identify several novels in different lan-
guages as duplicates and leads to an F1-score of 0.8, and the dataset
is deemed as failing. Reasons for this failure include: (a) language
assumption: because the pipeline assumed all product titles and de-
scriptions to be in the same language, variants of a novel in different
languages are not compared as their tokens do not overlap. (b) block-
ing configuration: since the blocking phase relies only on book titles,
the translated titles may not match original English titles due to
differences in phrasing or interpretation e.g., "À la recherche du
temps perdu" translates to "In Search of Wasted Time," which may
not match exactly with any existing English title (Remembrance of
Things Past) in the dataset. (c) low similarity scores: the pairwise
Jaccard similarity between the descriptions of non-English novels
and their English counterparts is generally low because translations
can vary significantly; hence, using a high similarity threshold (=
0.83) causes the pipeline to miss these matches.

This malfunction occurred even though the developer of the orig-
inal pipeline had tested it extensively on the initial dataset, which
only included English-language books. To resolve this malfunction,
the following modifications and additions are necessary (changes
are indicated in green): (i) insert a language detection and transla-
tion component; (ii) modify the blocking phase to use additional
attribute tokens, such as author names, which are less likely to
vary across translations; and (iii) adjust the similarity threshold. By
incorporating these changes, the pipeline can effectively match in-
ternational book listings with their English counterparts, ensuring
accurate deduplication and aggregation of product information.

Limitations of existing tools. Prior data debugging techniques
have primarily focused on identifying individual tuples or cell val-
ues [4] that are responsible for such malfunction. Recently, Bug-
Doc [36] focused on adjusting pipeline parameters to resolve sys-
tem malfunctions, but did not consider data transformations as a
means to resolve such issues; therefore, it would not have identified
that a new language translation component needs to be inserted

into the pipeline. DataPrism [20] identified data-profile transforma-
tions to resolve system malfunctions. Data profiles are treated as
explanation units, and the repair space is limited to input data trans-
formations; therefore, it does not cater to pipeline-level repairs (e.g.,
inserting a newmodule, changing component strategies, reordering
modules). Simultaneously, software debugging [45, 63, 67] focuses
on failure localization to determine parts of an input program that
cause failure. In contrast, data science pipelines are configurable
workflows that include black-box components, where failures arise
from interactions between data properties and pipeline configu-
rations. The complex issues in Example 1.1 require not only data
transformations or error localization but also modifications to the
pipeline’s structure and components, which are not adequately
addressed by existing tools.

Given a pipeline that malfunctions on an input dataset 𝐷 𝑓 𝑎𝑖𝑙

and passes on some historical dataset 𝐷𝑝𝑎𝑠𝑠 , we aim to identify
changes to the original pipeline that would resolve the malfunction
on 𝐷 𝑓 𝑎𝑖𝑙 . Different from pipeline optimization, our goal is to iden-
tify a minimal intervention on the original pipeline (e.g., module
insertion/deletion/reordering or parameter changes) that would
satisfy the desired utility threshold on 𝐷 𝑓 𝑎𝑖𝑙 . Effectively traversing
the search space of pipeline parameters and data transformations
is the key challenge in efficiently resolving the malfunction. We
identify several novel insights to address this problem. First, we
recognize the causal dependencies between pipeline components
and datasets, modeling the pipeline as a causal directed acyclic
graph (DAG) where a component’s parameters and its input data
affect pipeline utility. Second, we use data profiles [2, 20] to identify
dataset properties that are correlated with pipeline utility e.g., the
impact of missing values on model accuracy. Data profiles help rank
interventions by examining similarities in data distributions and
their influence on utility. Third, we utilize execution history from
the development environment to learn proxy functions (similar to
a Bayesian optimization technique [47]) that guide how different
interventions will impact pipeline utility, allowing us to prioritize
effective changes and ignore irrelevant ones. Our proposed solution,
PipeLens, integrates these insights to reduce the huge search space
of potential modifications to resolve malfunctioning pipelines. Note
that while the identified fix may (or may not) worsen the pipeline
utility for the passing dataset on 𝐷𝑝𝑎𝑠𝑠 , PipeLens can also model
additional requirements to ensure high utility for all datasets.
Solution sketch. At a high level, PipeLens first learns a proxy
function to estimate the importance of feasible pipeline interven-
tions on system utility (a general metric to capture performance,
accuracy, fairness, or any other requirement). Then, PipeLens op-
erates in two phases: optimistic search and exhaustive search. The
optimistic phase tries to iteratively choose the best intervention
(modifying the parameter of a component or modifying the pipeline
structure) to improve the overall utility. If unsuccessful, the second
phase explores the search space systematically, with the aim of
quickly identifying the best intervention. We consider two different
pipeline setups: (i) in the opaque-box setup, the intermediate output
of each component is not accessible, but pipeline modifications are
made by validating the effect of interventions on the final output.
(ii) in the glass-box setup, the pipeline provides complete access to
the intermediate outputs of each of its individual components.
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Contributions. In this work, we make the following contributions:
• We study the novel problem of resolving malfunctioning data

science pipelines through interventions. A pipeline is formalized
as a directed acyclic graph, where each node denotes a pipeline
component and edges capture data flow. This formulation is
applicable across various domains and pipeline structures.

• We consider two scenarios to identify the best intervention that
improves system utility: (i) opaque-box, where the internal me-
chanics of pipeline components are hidden, and (ii) glass-box,
where component internals are accessible. Our approach lever-
ages the causal relationship among pipeline parameters, data
profiles, and their impact on utility.

• We evaluate PipeLens on several data science tasks over four real-
world datasets and compare it with prior techniques. Compared
with the baselines, PipeLens reaches the desired utility with
fewer interventions, lower runtime, and effective scalability.

2 PRELIMINARIES

We formalize the notion of a data science pipeline and its constituent
components (or modules), pipeline malfunction, and pipeline in-
tervention to modify the pipeline. We then define the explanation
(cause and corresponding fix) of pipeline malfunction and formulate
the problem of modifying the pipeline to resolve the malfunction.

2.1 Data Processing Modules and Pipeline

A data-processing pipeline processes an input dataset D𝑖𝑛 through
a sequence of modules, such as data integration, normalization,
cleaning, model training, and analysis. Each module applies a trans-
formation to its input data using a selected configuration and pro-
duces an intermediate output that is consumed by downstream
modules. Modules may also impose input and output specifications,
such as required data types, attributes, or output formats. Formally,

Definition 1 (Module). A pipeline module𝑀 is characterized by

a tuple consisting of: (a) a list of parameters 𝜽 , (b) a transformation

function 𝑓 , (c) input specifications I denoting constraints that the

input dataset must satisfy, and (d) output specifications O denoting

constraints that the output dataset satisfies. Module𝑀 takes a dataset

D𝑖𝑛 as input and returns a dataset D𝑜𝑢𝑡 = 𝑓 (𝜽 ,D𝑖𝑛) whenever D𝑖𝑛

satisfies the input specifications. Transformation function 𝑓 maps

the inputs 𝜽 and D𝑖𝑛 to the output D𝑜𝑢𝑡 and guarantees that D𝑜𝑢𝑡

satisfies the output specifications.

We model a data science pipeline as a linear DAG, reflecting the
structure of most data science pipelines [10]. The pipeline orga-
nizes a set of modules M as a data-flow graph, where each mod-
ule 𝑀 ∈ M is a node, and edges denote the flow of intermediate
data. Each node stores information on the module type, transfor-
mation function, and its parameters. The edge set is initialized
as E = {(𝑀𝑖 , 𝑀𝑖+1)}𝑘−1𝑖=1 , such that an edge denotes the data flow
i.e., intermediate output produced by module𝑀𝑖 and consumed by
module𝑀𝑖+1. We assume a global module collection T with M ⊂ T,
and each module 𝑀 has a finite strategy set 𝑆𝑀 representing its
available transformation functions.

Definition 2 (Data Processing Pipeline). A data processing

pipeline is an s-t graph 𝐺 (M, E) consisting of the modulesM as the

nodes and directed edges 𝑒 ∈ E between modules. The pipeline takes a

collection of datasets D𝑖𝑛 as input and returns an output D𝑜𝑢𝑡 after

processing D𝑖𝑛 through the graph, i.e., D𝑜𝑢𝑡 = 𝐺 (M, E) (D𝑖𝑛). Note
that the input dataset D𝑖𝑛 must satisfy the input specifications of the

source node 𝑠 in 𝐺 .

Figure 1 shows the DAG of an example pipeline with each node
representing a module. In our implementation, module specifica-
tions are enforced via lightweight compatibility checks on the in-
termediate data object, including data type, required attributes, and
output format, mostly using standard Python libraries (Table 2).
For instance, numerical preprocessing modules require numeri-
cal attributes and return a tabular dataset, while entity-matching
modules operate on textual attributes or candidate record pairs.
Pipeline Utility and Malfunction. We quantify the quality of
a pipeline through its utility score and specify conditions for its
malfunction as defined below:

Definition 3 (Utility Score and Pipeline Malfunction).
Given a pipeline 𝐺 (M, E), the utility score of a dataset 𝐷 over the

pipeline 𝐺 , denoted by 𝑢𝐺 (𝐷) ∈ R, is a real value that quantifies the
quality of the analysis performed by the pipeline over the input 𝐷 .

A pipeline 𝐺 over dataset 𝐷 is considered to malfunction if 𝑢𝐺 (𝐷) is
less than a desired utility threshold 𝜏 .

The utility function is a user or application-defined scoring func-
tion over the pipeline output, analogous to an interestingness test
for deciding whether the output satisfies the application goal. With
ground truth, this score can be instantiated using standard su-
pervised evaluation metrics, such as F1 score for entity matching,
accuracy, precision, recall, or fairness metrics for classification, and
mean squared error for regression [48]. In non-ML data-processing
pipelines, utility can be defined through task-specific validation
checks, such as schema-validity rate, constraint satisfaction, run-
time, or aggregate error against trusted reference statistics [49]. For
visualization pipelines, utility can measure visualization interest-
ingness, such as deviation from a reference view as in SeeDB [62].
A dataset is failing if its utility falls below the desired threshold
and passing otherwise; this thresholded-utility function is anal-
ogous to the pass/fail oracle commonly used in automated soft-
ware debugging, which classifies inputs or executions as passing or
failure-inducing [45, 67]. We assume access to historical executions
consisting of pipelines and their corresponding utility scores.

2.2 Pipeline Intervention

We define an intervened pipeline 𝐺 ′ as a modified version of 𝐺
obtained through an intervention. A pipeline intervention consists
of: (i) a structural intervention, which changes the pipeline struc-
ture, and (ii) a parameter intervention, which specifies modules’
configuration. Concretely, interventions may replace specific nodes
with alternative modules, encompassing operations such as param-
eter updates, module substitution, insertion, or swapping.

Definition 4 (Pipeline Intervention). Given pipeline𝐺 (M, E),
a pipeline intervention is a composite transformation

𝐼 = 𝜎 ◦ Π : 𝐺 −→ 𝐺 ′ (M′, E′)
that jointly modifies the structure and parameters of the pipeline.

(i) Structural Intervention. Π : M→ M′ transforms the module

sequence by inserting, deleting, replacing, swapping, or retaining
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modules, such thatM′ ⊆ T. Specifically,M′ ⊂ M for deletion,M ⊂ M′

for insertion,M =M′ (samemultiset, but different order) for swapping,

and |M′ | = |M| where ∃𝑖 : M′𝑖 ≠ M𝑖 for replacing modules.

After each structural change, the edge set E is updated through

the Update-Edge operation to maintain structural consistency. In the

sequential pipelines, the DAG is implemented as an ordered list of

executable modules with edges between consecutive modules. Update-

Edge then rewires only the affected neighboring edges—connectingM
between its neighbors for insertion or replacement, linking adjacent

nodes for deletion, or exchanging connections for swapping—so that

the resulting graph𝐺 (M′, E′) preserves acyclicity and execution order.
(ii) Parameter Intervention. A mapping 𝜎 : M′ → ⋃︁

𝑀∈M′ 𝑆𝑀 as-

signs parameter configurations to pipeline modules, where 𝑆𝑀 denotes

the parameter space associated with module𝑀 .

Depending on the intervention type, the resulting pipeline 𝐺 ′ =
𝐼 (𝐺) encodes modifications to the structural topology, the param-
eter configuration, or a combination of both. The set of modified
modules is defined as Modified(𝐼 ) = 𝐺△𝐺 ′, i.e., the symmetric
difference between the original and intervened pipelines.

Definition 5 (Minimal Explanation of Pipeline Malfunc-
tion). Given a pipeline 𝐺 , desired utility 𝜏 , module search space

T, and failing dataset 𝐷 𝑓 𝑎𝑖𝑙 , an intervention 𝐼 is a minimal expla-

nation of the pipeline malfunction if 𝑢𝐼 (𝐺 ) (𝐷 𝑓 𝑎𝑖𝑙 ) ≥ 𝜏 and there

exists no intervention 𝐼 ′ such that Modified(𝐼 ′) ⊂ Modified(𝐼 ) and
𝑢𝐼 ′ (𝐺 ) (𝐷 𝑓 𝑎𝑖𝑙 ) ≥ 𝜏 .

Note that the explanation of a malfunction aims to identify min-
imal interventions that improve the utility of 𝐷 𝑓 𝑎𝑖𝑙 ; the same in-
tervention may worsen the utility of another dataset, which may
itself be either passing or failing under the original pipeline. A min-
imal explanation is a utility-driven repair set. Since utility may not
capture all domain-specific correctness requirements, the returned
intervention may be inspected through a human in the loop for
correctness before deployment. The definition of a malfunction can
be extended to ensure that the utility of a set of datasets should be
higher than 𝜏 ; for simplicity, we focus on a single failing dataset.

2.3 Problem Setting

Given a pipeline𝐺 , we define the pipeline repair discovery problem
that aims to identify a minimal set of interventions that improves
the overall utility.

Problem 1 (Discovering Pipeline Repair). Given a malfunc-

tioning pipeline𝐺 on a failing dataset 𝐷 𝑓 𝑎𝑖𝑙 such that 𝑢𝐺 (𝐷 𝑓 𝑎𝑖𝑙 ) < 𝜏 ,
identify a minimal explanation of pipeline malfunction 𝐼 such that

𝑢𝐺 ′ (𝐷 𝑓 𝑎𝑖𝑙 ) ≥ 𝜏 where 𝐺 ′ (M′, E′) = 𝐼 (𝐺).

We consider two extreme settings that capture varied visibil-
ity into the pipeline internals: opaque-box and glass-box. While
the glass-box setting provides access to intermediate outputs or
data after each pipeline stage, the opaque-box setting provides no
additional information about the pipeline structure.

3 PIPELENS ALGORITHM

We now describe our algorithm PipeLens to identify the best in-
tervention that explains the system malfunction on 𝐷 𝑓 𝑎𝑖𝑙 . We go

Race Gender Age Type Income Lien status Action taken

White Male 35-44 Conventional 28,000 First lien Not approved

White Female 25-34 Conventional 191,000 First lien Approved

Black Male 35-44 - 141,000 Not secured Not approved

White Male 45-54 VA 35,000 Subordinate Approved

Dataset Missing Value Imputer Normalizer ML Model Predictions

Race Gender Age Type Income Lien status Action taken

Black Female 35-44 - 77,000 First lien Not approved

White Male 25-34 Conventional 264,000 First lien Approved

Figure 2: An ML classification pipeline configured for low

classification error on the passing (blue) dataset; the configu-

ration has a higher error for the failing (yellow) dataset.

through an example scenario in Section 3.1, provide key insights in
Section 3.2 and the algorithm details in Section 3.3 and 3.4.

3.1 Example Scenario

We now illustrate the PipeLens framework through a small classifi-
cation example from our experiments in Section 4, using the glass-
box setting while also discussing the corresponding opaque-box
setup. As shown in Figure 2, consider a machine learning classifi-
cation pipeline that takes a dataset 𝐷1 as input and learns a model
to predict loan approval or denial for an individual. The pipeline
consists of a missing value imputer, followed by a normalizer and
a classifier, and evaluates the accuracy. The imputer module con-
siders dropping those instances with missing values, followed by
a MinMax [46] scaling approach, and with a logistic regression
model it achieves 87% accuracy. We seek to identify potential ways
to resolve the pipeline for a different dataset 𝐷2, following the
same schema, which has an accuracy of 0.82. In the following, we
illustrate how PipeLens operates, primarily in the glass-box setting:

(Step 1) Given historical executions, PipeLens constructs data
profiles for the passing dataset under pipeline𝐺 , as defined below:

Definition 6 (Data Profile). Given a pipeline G and dataset

𝐷 , a data profile is a fixed-length summary of the dataset’s charac-

teristics (or of the dataset after some pipeline stages). We define the

profile generator as 𝜙 (𝐷), or 𝜙 (𝐺 ;𝐷) when conditioned on a pipeline

𝐺 , which maps a dataset 𝐷 and an ordered sequence of preprocessing

modules to a fixed-length data profile vector: 𝜙 (𝐺 ;𝐷) → R𝑝 .

Importantly,𝜙 operates only on preprocessing modules, enabling
efficient characterization of intermediate data properties without
full pipeline execution. Profile selection follows a general principle:
each task is assigned the profiles that best capture its data char-
acteristics. We define reusable profile families based on standard
data profiling and fair ML practices [2, 39], requiring only minimal
task-specific mapping (refer to Table 1 for the profile assignment).
This mapping can be largely automated via task metadata, making
profile selection systematic and lightweight. A glimpse of profiles
for the passing dataset 𝐷1 is shown in Figure 3. A profile con-
sists of a triplet of profile type, attribute, and profile value. For
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Passing Data: 𝐷𝑝𝑎𝑠𝑠 ≡ 𝐷1 Failing Data: 𝐷 𝑓 𝑎𝑖𝑙 ≡ 𝐷2

⟨Missing, lien_status, 0.05⟩ ⟨Missing, lien_status, 0.1⟩
⟨% of outliers, applicant_age, 0.03⟩ ⟨% of outliers, applicant_age, 0.17⟩
⟨Corr with output, applicant_age, .29⟩ ⟨Corr with output, applicant_age, 0.33⟩

Figure 3: A glimpse of classification pipeline’s profiles for 𝐷1
and 𝐷2 based on the example scenario in Section 3.1.

example, ⟨Missing, lien_status, 0.05⟩ means that the attribute
lien_status has 5% missing values.

(Step 2) PipeLens takes into account the causal transitive re-
lationship in which pipeline parameters and module executions
influence the intermediate data distribution—captured through data
profiles—which, in turn, affects the final utility. To determine the ap-
propriate intervention for a malfunctioning pipeline 𝐺 𝑓 , PipeLens
ranks the available intervention space, which includes both struc-
tural and parameter interventions using several ranking strategies:
(i) similarity-based ranking, which ranks an intervention 𝑖 by the
cosine similarity between the passing profile 𝜙 (𝐺 𝑓 ;𝐷1) from Step 1
and the post-intervention failing-data profile 𝜙 (𝐺𝑖

𝑓
;𝐷2), with inter-

vention 𝑖; (ii) utility prediction ranking, which ranks interventions
using a regression model trained on historical executions. In the
glass-box setting, each execution is encoded with module strategies
and data profiles, e.g., 𝑥 𝑗 = [𝑆 𝑗

𝑀1
, 𝑆

𝑗

𝑀2
, . . . , 𝑆

𝑗

𝑀𝑘
, 𝜙 (𝐺 ;𝐷 𝑗 )], where

𝑆
𝑗

𝑀𝑖
is the strategy of module𝑀𝑖 in the 𝑗-th execution and 𝜙 (𝐺 ;𝐷 𝑗 )

is the corresponding profile vector; the observed utility is the target.
PipeLens trains a regression 𝑢 (𝑥 𝑗 ) to estimate the utility of candi-
date interventions, from its module choices and post-intervention
profile. In the opaque-box setting, intermediate profiles are un-
available, so 𝑥 𝑗 contains only exposed component strategies; or
(iii) a fusion ranking that combines the two rankings. The choice of
ranking method is adaptively determined from historical execution
characteristics, guided by historical lookup to ensure effective, data-
driven interventions. The ranking leverages the intuition that the
most effective intervention is the one that minimizes the divergence
between the resulting and passing profiles, i.e., the profile causally
linked to improved downstream utility. The resulting ranking then
guides the intervention process. In this example, the available in-
tervention space includes modifying the parameters of existing
modules in the malfunctioning pipeline as well as inserting new
modules—such as OutlierDetector or Deduplicator—from the
module catalog (see Table 2) under various strategies. Following the
above-mentioned ranking method, the top-ranked interventions are
(OutlierDetector, LocalOutlier Factor(k=20), 3), followed by
(OutlierDetector, 2×IQR, 3), suggesting that an outlier-detection
module should be inserted immediately after the Normalizer mod-
ule (index 3) in the malfunctioning pipeline. In other words, the
ranking indicates that the absence of an outlier-handling compo-
nent is likely contributing to the malfunction, and thus suggests an
insertion. Since the search space also includes different subsets and
re-orderings of the current pipeline, the ranking may similarly pri-
oritize deleting, replacing, or reordering an existing module when
it harms utility. Once the intervention ranking is identified, the
subsequent step evaluates utility following this order.

(Step 3) As shown in Figure 3, the column applicant_age con-
tains 17% outliers in the failing dataset 𝐷2 compared to only 3% in

the passing dataset. Accordingly, PipeLens prioritizes interventions
that transform the failing data profile to more closely resemble that
of the passing dataset. Before executing an intervention, PipeLens
verifies that the candidate module can consume the current inter-
mediate output and produce an output compatible with the next
module; incompatible candidates are removed from the intervention
space. Next, following the top-ranked intervention, the insertion of
LocalOutlierFactor(𝑘 = 20) at the identified position increases
classification accuracy to 0.85. In a subsequent step, PipeLens fur-
ther refines the outlier detector with 2 × IQR, continuing to align
the data profile with the passing distribution.
(Step 4) The second intervention raises the utility of the failing
dataset above the target threshold 𝜏 = 0.87. The resulting pipeline is
⟨MissingValue:Drop→Normalization:MinMax→OutlierDetector:
2 × IQR→Model:LogisticRegression ⟩. Thus, 𝐺 ′ = 𝐼 (𝐺) combines
module insertion and parameter refinement, with Modified(𝐼 ) =
{OutlierDetector : 2 × IQR}. Because intermediate profiles and
module order are hidden, the opaque-box setting supports only pa-
rameter interventions guided by utility prediction. For this example,
it requires five interventions, compared with two in the glass-box
setting. In both cases, the repair reaches the target without ex-
haustive search. Following GRASP [18], PipeLens may additionally
explore nearby configurations for further improvement.

3.2 Key Insights

We now present observations, key insights used by PipeLens, and
assumptions required to guarantee effectiveness of our algorithms.
(I1) Using data profiles for intervention discovery: Existing
research on data profiling [2] aims to identify dataset properties
which are predictive of outcome performance. For example, a higher
fraction of missing values in a dataset can lead to a lower F1-score
for the model. Additionally, datasets with similar distributions are
likely to have similar model performance. Using these intuitions,
we leverage data profiles as properties of datasets to identify config-
urations to resolve system malfunction. Although data profiles are
generally useful to model the relationship between input datasets
and output utility, the signals from a data profile may be noisy.
Therefore, PipeLens executes in two phases: the first phase relies
on the profile to rank the best intervention, and the second phase
systematically explores the overall space, reducing its reliance on
the individual intervention signaled by the profile.
(I2) Causal dependencies: The different pipeline modules and
datasets are causally dependent. Consider a module𝑀 which takes
𝐷 as input and produces 𝐷 ′ as the output. The data profiles of 𝐷 ′
are causally dependent on the parameters and choice of modules
𝑀 and the profiles of the input 𝐷 . We can therefore represent a
data science pipeline as a causal DAG where module parameters
and input data profiles impact output data profiles. These insights
do not apply in the opaque-box setting, where module impact is
modeled directly on utility, bypassing intermediate profiles.
(I3) Use of historical data to learn a proxy function: Generally,
a data science pipeline is extensively tested in the development envi-
ronment before deployment. Availability of this historical execution
data is helpful to infer how different modules impact the overall
utility of the pipeline. The proxy behavior of the pipeline learned
from historical executions can be used to estimate how different
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Algorithm 1: PipeLens (Glass-Box)
Input: Pipeline𝐺 (M, E) , Failing Dataset 𝐷𝑓 𝑎𝑖𝑙 , Search Space T,

Historical Executions H, Desired Utility 𝜏
Output: Intervened Pipeline𝐺 ′

1 P← Rank-Single Intervention(H,𝐺 , T)
2 ISize← 1
3 while 𝑢𝐺 (𝐷𝑓 𝑎𝑖𝑙 ) < 𝜏 ∧ ISize ≤ |M | do

/* Phase 1: Optimistic Search */

4 if ISize = 1 then
5 for (𝑀,𝑆𝑀 , 𝑖 ) ∈ P do

6 if 𝑀 ∈ M then 𝑆𝑀 ← 𝜎 (𝑀 ) ;
7 else if 𝑀 ∈ T \M then

8 𝑆𝑀 ← 𝜎 (𝑀 )
9 M← M[0:𝑖 ] + (𝑀 ) +M[𝑖:] /* +:insertion */

10 E← Update-Edge(E)

11 𝐺 ′ ← 𝐺 (M, E)

/* Phase 2: Exhaustive Search */

12 else if ISize > 1 then
13 C← Get-Conflict-Free-Comb(P,𝐺, ISize)
14 Q← Rank-Intervention-Comb(C)
15 for ( (𝑀,𝑆𝑀 , 𝑖 )𝑘 ) ∈ Q do

16 if 𝑀𝑘 ∈ M then 𝑆𝑀𝑘
← 𝜎 (𝑀𝑘 ), ∀ 𝑘 ∈ [2, ISize] ;

17 else if 𝑀𝑘 ∈ T \M then

18 M← M[0:𝑖𝑘 ] + (𝑀𝑘 ) +M[𝑖𝑘 :], ∀ 𝑘 ∈ [2, ISize]
19 𝑆𝑀𝑘

← 𝜎 (𝑀𝑘 ), ∀ 𝑘 ∈ [2, ISize]
20 E← Update-Edge(E)

21 𝐺 ′ ← 𝐺 (M, E)

22 if 𝑢𝐺 ′ (𝐷𝑓 𝑎𝑖𝑙 ) ≥ 𝜏 then break;
23 if 𝑢𝐺 ′ (𝐷𝑓 𝑎𝑖𝑙 ) > 𝑢𝐺 (𝐷𝑓 𝑎𝑖𝑙 ) then𝐺 ← 𝐺 ′;
24 ISize← ISize + 1
25 return𝐺 ′

module interventions would behave in the deployed environment.
To automate resolving pipeline malfunctions, the repository of past
executions can be maintained as a rolling log: every time a pipeline
is run in development or production, its profiles and utility can be
appended to the history. The surrogate can then be periodically
updated using a sliding window. Note that historical data is ex-
pected to be highly useful when the data used for development and
deployment satisfy the same distribution. This assumption may
fail in practical scenarios, but historical data is expected to still
de-prioritize interventions that are irrelevant.

3.3 PipeLens in glass-box setting

In practice, the utility metric depends on the profiles of the input
dataset, which are themselves influenced by module parameters. In
glass-box setting, PipeLens takes into account this causal relation-
ship, and ranks structural and parameter interventions individually
by their counterfactual scores and then applies them sequentially
following the ranking. The first phase follows an optimistic strategy,
applying interventions individually in descending order of their
ranking scores to evaluate their isolated impact on pipeline per-
formance. The second phase then explores combinations of these
individual interventions, systematically identifying interventions.

Line 1 begins by constructing the compatible atomic interven-
tion set from the module catalog. Lines 3–24 iterate over every
single intervention until the desired threshold is met or the inter-
vention space is exhausted. Lines 4– 11 evaluate optimistic search
one intervention at a time, where each intervention is represented
as a tuple (𝑀, 𝑆𝑀 , 𝑖) where module𝑀 with strategy 𝑆𝑀 is at the 𝑖-th
pipeline position. For example, (Imputer, Mean, 3) specifies a struc-
tural intervention that inserts a mean-imputation module at the be-
ginning of the pipeline. Line 6 Action: Parameter Change. If the
intervened module already exists in the pipeline, its strategy is up-
dated. If a module is suggested for deletion, map its strategy to None
and treat the module as obsolete. Lines 7-10 Action: Structural

Change. If the intervened module does not exist in the original
pipeline, it inserts the module with its corresponding strategy at the
optimal position of the pipeline. Consequently, it updates the edges
of DAG. Lines 11 updates pipeline with the new set of modules and
edges. Lines 12-21 initialize the second phase if the first one fails.
Lines 13-14 iterate all non-conflicting intervention combinations of
size (𝐼𝑆𝑖𝑧𝑒) and rank them by the average of their individual scores
discussed in Step 2, Section 3.1. Each intervention is represented as a
nested tuple of 𝐼𝑆𝑖𝑧𝑒 entries in the form (𝑀, 𝑆𝑀 , 𝑖), where𝑀 denotes
the module, 𝑆𝑀 the strategy, and 𝑖 the insertion position. For exam-
ple, for 𝐼𝑆𝑖𝑧𝑒 = 2, ((Imputer, Mean, 3), (Scaling, Min − Max, None),
the first tuple is a structural intervention inserting an imputation
module at the beginning of the pipeline, and the second tuple is a pa-
rameter intervention changing the scaling module to Min–Max. In
Lines 16-21, the intervention either changes a module or updates
the pipeline structure. The pipeline and its edges are then updated.
Lines 22-24 checks whether an intervention improves the utility. If
it does, the intervened pipeline is stored for subsequent iterations.
Iterate until the utility goal is achieved or the set of interventions
is exhausted. This approach ensures that the local changes to the
pipeline contribute toward the final solution.
Helper Functions. 1. Rank-Single Intervention ranks the
intervention space using the ranking methods discussed in Step 2,
Section 3.1 for glass-box setting. For each candidate, PipeLens com-
putes the post-intervention profile of the failing data and assigns
a ranking score. 2. Get-Conflict-Free-Comb filters the full
intervention combination space of size ISize and returns only combi-
nations that are conflict-free—i.e., no module is targeted more than
once, and no strategy appears redundantly within a combination.
3. Rank-Intervention-Comb rank all conflict-free interven-
tion combinations by averaging the constituent single-intervention
similarity scores obtained in Rank-Single- Intervention; higher
averages indicate stronger combinations.
Complexity. Algorithm 1 has an overall runtime complexity ap-
proximated by 𝑇 = 𝑂

(︁
𝑆 𝐶prof + 𝑆 log 𝑆 + 𝐾 𝐶eval

)︁
, where 𝑆 is the

number of candidate single interventions, 𝐶prof denotes the cost of
computing a data profile,𝐶eval is the cost of evaluating an interven-
tion, and 𝐾 represents the number of candidates evaluated before
achieving the target utility.

3.4 PipeLens in opaque-box setting

In the opaque-box setting, internal module order and intermedi-
ate outputs are inaccessible. Thus, instead of using data profiles,
PipeLens learns a surrogate from historical executions, where each
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Algorithm 2: PipeLens (Opaqe-Box)
Input: Pipeline𝐺 (M, E) , Failing Dataset 𝐷𝑓 𝑎𝑖𝑙 , Search Space T,

Historical Executions H, Desired Utility 𝜏
Output: Intervened Pipeline𝐺 ′

1 P← Rank Parameter(H,𝐺 , T)
2 𝑢 ← 𝑢𝐺 (𝐷𝑓 𝑎𝑖𝑙 ) /* Failing data utility */

3 ISize← 1 /* Determines the intervention size */

4 while 𝑢 < 𝜏 ∧ ISize ≤ |M | do
5 if ISize = 1 then
6 for (𝑀,𝑆𝑀 ) ∈ P do

7 𝑆𝑀 ← 𝜎 (𝑀 ) /* Pick the top parameter */

8 𝐺 ′ ←Modify strategy of𝑀 to 𝑆𝑀
9 𝑢′ ← 𝑢𝐺 ′ (𝐷𝑓 𝑎𝑖𝑙 ) /* Post intervention 𝑢 */

10 else if ISize > 1 then
11 C← Get-Conflict-Free-Comb(P,𝐺, ISize)
12 Q← Rank-Intervention-Comb(C)
13 for (𝑀,𝑆𝑀 )𝑘 ∈ Q do

14 𝑆𝑀𝑘
← 𝜎 (𝑀𝑘 ), ∀ 𝑘 ∈ [2, ISize]

15 𝐺 ′ ← Intervene on the modules in𝐺
16 𝑢′ ← 𝑢𝐺 ′ (𝐷𝑓 𝑎𝑖𝑙 )

17 if 𝑢′ > 𝑢 then𝐺 ← 𝐺 ′; 𝑢 ← 𝑢′ /* Update Pipeline */;
18 if 𝑢 ≥ 𝜏 then break;
19 ISize← ISize + 1
20 return𝐺 ′

execution is represented by exposedmodule strategies and observed
utility (Step 2, Section 3.1). Following the Bayesian-optimization
intuition (I3), the surrogate assigns importance scores to individual
modules and parameters. Additionally, since the pipeline structure
is opaque, PipeLens_O is limited to parameter interventions only.

We now describe PipeLens_O, the opaque-box variant of Pipe-
Lens. It follows the same optimistic-then-exhaustive search struc-
ture as Algorithm 1, but differs in its ranking strategy and restricts
the search space to parameter interventions. In Lines 1–3, Pipe-
Lens_O trains a surrogate regression from historical executions and
ranks module–strategy pairs by their impact on predicted utility.
Lines 4–9 perform optimistic search by applying one ranked pa-
rameter intervention at a time and re-evaluating the failing dataset.
If no single intervention reaches the target, Lines 10–16 evaluate
conflict-free combinations of ranked parameter interventions. Fi-
nally, Lines 17–19 update the current pipeline whenever the utility
improves and terminate once the desired threshold is achieved.
Helper Functions. 1. Rank-Parameters takes historical ex-
ecutions, pipeline, and search space as input; trains a regression
surrogate𝑢 (𝑥 𝑗 ) to predict utility from strategy choices (as discussed
in Step 2, Section 3.1). Finally, it learns module importance from the
model coefficients and ranks the parameter intervention by impact.
Complexity. Algorithm 2 first trains a surrogate from historical ex-
ecutions, with cost𝐶sur. If the intervention phase evaluates at most
K candidates, the runtime complexity is 𝑇 = 𝑂 (𝐶sur + 𝐾 𝐶eval) ,
where 𝐶eval is the cost of running an intervened pipeline on 𝐷 𝑓 𝑎𝑖𝑙 .

4 EXPERIMENTAL EVALUATION

In this section, we seek to answer the following research questions:
RQ1: How effective is PipeLens in identifying interventions for re-
solving malfunctioning data science pipelines compared to existing
baselines? (Section 4.2); RQ2: How do the initial pipeline structure
and utility goals affect the performance of PipeLens? (Section 4.3,
Figure 8); RQ3: How robust are PipeLens and its variants to the
availability of historical data of pipeline executions? (Section 4.3,
Figure 9); RQ4: How well does PipeLens scale as the search space
grows? (Section 4.3, Figure 10); RQ5: How does the efficiency of
PipeLens compare to other baselines? (Section 4.3, Figure 11).

4.1 Experimental Setup

We evaluate four data science tasks—entity matching, classification
(fairness and accuracy), and regression—across multiple datasets
using diverse modules and performance metrics to assess PipeLens.

4.1.1 Global module catalog. We define a global module catalog
that is compatible with the modality and pipelines comprising 46
components applicable to the ML, image, and NLP pipelines (Ta-
ble 2). Each module supports multiple strategies (e.g., drop, mean,
median, mode, k-nearest Neighbour for imputation), enabling struc-
tural and parameter interventions. Detailed catalog and strategy
definitions are available in the source code link: PipeLens.

4.1.2 Base pipeline structure and data profiles. For each applica-
tion, Table 1 specifies the task-specific base data-processing pipeline
structure and module sequence, along with the data profiles, learn-
ing model, and utility metric. We optimize this base pipeline on
the passing dataset, while the remaining modules in Table 2 consti-
tute the candidate module space from which PipeLens may insert
appropriate new modules to resolve a malfunctioning pipeline.

4.1.3 Datasets and Tasks. DBLP-ACM [30] contains selected pub-
lication entities from two CS bibliographic data sources, DBLP and
ACM digital library. Task: find entities referring to the same pub-
lication from both datasets (entity matching). Home Mortgage

Disclosure Act (HMDA) contains publicly available loan-level
information on 3, 075 mortgage applications. Task: predict loan ap-
proval/denial (classification). Adult Census Income [5] contains
demographic and financial information of 48, 842 individuals. Task:
predict whether an individual earns more than 50K annually (classi-
fication). We use this dataset to evaluate fairness of outcomes with
gender as the sensitive attribute. Housing prices [14] contains
information on the characteristics and listed price of 1, 460 houses.
Task: predict price of a house given its characteristics (regression).

We split each dataset into passing and failing datasets. We begin
by optimizing the task-specific base data-processing pipeline struc-
ture in Table 1 and its strategy on the passing data using sampled
grid search, and store the resulting historical execution logs sepa-
rately for each PipeLens variant. To systematically evaluate pipeline
repair, we convert the remaining split into failing datasets by inject-
ing controlled perturbations, following data-cleaning benchmarks
that corrupt clean data to obtain instances with known ground
truth, e.g., BART [3]. Similar to prior ML data-cleaning bench-
marks [1, 6], we inject common data-quality violations, including
invalid values, missing entries, outliers, duplicates, class imbalance,
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Table 1: Data-profile assignment and base data processing pipeline across different tasks

Task Data Profiles Base Pipeline Model & Metric

Entity Matching Dataset size; stopword distributions; similarity
distributions of candidate pairs; stopwords per candidate
pair; proxy F1 on a 10% subsample.

⟨ Blocking, Block Cleaner, Comparison
Cleaner, Matcher ⟩

Matcher; F1 score of the pre-
dicted matching pairs against
the ground-truth matches.

Core ML Missing-value fraction; outlier fraction after each module;
outliers per column; input–target correlation.

⟨ Sampling, InvalidValue, TextCleaner, Miss-
ingValue, Encoding, FloatingPoint, UnitCon-
verter, DistributionShape, Multicollinearity,
Normalization, Outlier, FeatureSelection, Di-
mensionalityReduction, Model ⟩

⊲ Classification Core ML + class-imbalance ratio. Neural Network/LR; Accuracy
⊲ Fairness Core ML + class-imbalance; sensitive-attribute ratio; base

rate; Cov(Target, Sensitive) .
NN/LR; Statistical Parity [39]

⊲ Regression Core ML + output median. Regression; RMSE

and feature-correlation corruption. These perturbations model re-
alistic pipeline assumption violations, such as domain violations,
incomplete records, noisy measurements, repeated entities, and
shifted class distributions. The corruption process is used only to
construct benchmark failures and is not exposed to PipeLens.

4.1.4 Competing methods. We consider four families of baselines:
optimization methods, data-driven debugging methods, software-
debugging methods, and PipeLens variants:
GridSearch-ES searches randomly over the set of all combina-
tions of parameters and stops as soon as the goal utility is achieved.
Learn2Clean [6] uses reinforcement learning to determine the
best ML pipeline for a given dataset and a quality performance
metric. We modified the initial reward matrix to reflect our pipeline
structure, and use the default hyperparameter settings.
BugDoc [36] explores different system parameter configurations
to determine the root cause of system failure. We consider an opti-
mized version that identifies a cause in the smallest possible budget.
DataPrism [20] is a debugging technique that identifies data pro-
files that are root causes of performance degradation and proposes
modifying the data profiles to improve system behavior.
ProbDD [63] extends delta debugging [67] by localizing candi-
dates with suspiciousness probabilities. We treat the input data as
candidates and conduct a probabilistic search to find a minimal
error-inducing subset.
DStar [65] ranks suspicious program statements from passing and
failing executions. We adapt it by treating modules and strategies
as statements, computing their suspiciousness over the test space,
and intervening in ascending order of rank.

Table 2: Global module catalog

Module Category

Numerical Data: (count=15)

Sampling, Imputer [46], Standardizer [46], Outlier Detector [46], Deduplicator,
Encoder, DistributionShapeCorrector [46], Binning, FloatingPointStabilization, In-
validValueRepair, UnitConverter, MulticollinearityDetection [46], Dimensionali-
tyReduction [46], NonLinearFeatureTransformer, FeatureSelector.

Entity Matching & NLP: (count=22)

Blocking, BlockCleaner, ComparisonCleaner, Matcher, StopwordRemover [9], Punc-
tuationRemover, LanguageDetector, LanguageTranslator, SpellChecker [35], To-
kenizer, Embedding [46], Lemmatizer [9], Stemmer [9], DateSeparator, Vocabu-
laryPruning, SpecialCharacterRemover, QueryNormalizer, Reranker, Retriever, Lan-
guageWrapper, ContextBuilder, Lowercaser.

Image Data: (count=4) Format Converter[60], Cropper[60], Resizer[60], Rotator[60].
Models: (count=5). Logistic Regression [46], Linear Regression [46], SVM [46], Ran-
dom Forest [46], Neural Network [46].

PipeLens is our glass-box solution (Algorithm 1) that uses data
profiles to guide the search space of system parameters.
PipeLens_O is our opaque-box solution (Algorithm 2) that ranks
system parameters based on their correlation with the output and
utilizes the ranking to select parameter combinations.
PipeLens_P is a combined variant of PipeLens that integrates
PipeLens_O. Specifically, parameter interventions are ranked using
PipeLens_O, structural interventions are ranked using PipeLens.

4.1.5 Performance metrics. We sample a set of malfunctioning
pipeline configurations and evaluate each method by the number
of interventions (i.e., model training), wall-clock time, and peak
memory overhead to reach utility targets on the failing dataset.

4.2 End-to-end System Performance

In this set of experiments, we answerRQ1 by comparing the perfor-
mance of our solution PipeLens with the corresponding baselines
for each data science application.

4.2.1 Performance analyses. Given a set of malfunctioning pipeline
configurations, we compare methods by the number of iterations,
i.e., model trainings, required to reach a target utility; fewer itera-
tions indicate better performance. Figures 4–7 report results across
tasks. Subfigures (a) and (b) show the median (50th percentile) and
worst-case (100th percentile) iteration counts, respectively, while
subfigures (c) and (d) show percentile-based iteration distributions
for an easier goal met by approximately 80% of configurations and
a stricter goal met by approximately 5%.
Entity matching. Figure 4 shows that PipeLens consistently re-
quires fewer interventions across utility goals. In the median case
(Figure 4a), PipeLens reaches the target within 1–7 iterations, while
the baselines require up to 43 for GridSearch-ES, 23 for DataPrism
and Learn2Clean, 11 for BugDoc, and hundreds for DStar and
ProbDD. PipeLens_O also remains competitive, requiring at most
17 iterations despite operating in the opaque-box setting without
intermediate profiles. The gap is larger in the worst case (Figure 4b):
PipeLens needs at most 10 iterations and PipeLens_O at most 25,
whereas the remaining baselines require up to 104–268 iterations,
with DStar and ProbDD exceeding 500 iterations. The percentile
plots confirm that PipeLens is more stable across failing configu-
rations. For the easier goal (Figure 4c), DataPrism is competitive
in lower percentiles but grows to 20 iterations, while PipeLens re-
mains within 2–10. Under the stricter goal (Figure 4d), DataPrism
increases to 162 iterations, whereas PipeLens stays within 5–10
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Figure 4: Comparison of number of iterations for the entity matching pipeline.

Table 3: Entity matching case study.
∗∗
indicates the passing

pipeline. (BC: BlockCleaner; CC: ComparisonCleaner)

Iteration Blocking Block
Cleaning

BC
threshold

CC
weight

Matching
threshold

initial 0 0 0.35 2 0.65
1 5 0 0.35 2 0.65
2 5 0 0.95 2 0.65
3∗∗ 5 0 0.05 2 0.65

across all percentiles. ProbDD and DStar remain costly because
they repeatedly retrain models and evaluate pipelines only to rank
suspicious elements, without providing repair guidance; after local-
ization, we still use PipeLens’s repair search mechanism.

We further analyze a malfunctioning pipeline as a case study
in Table 3, which details the repair trajectory. The initial param-
eters achieve an F1-score of 0.95105 on the passing dataset but
only 0.0491 on the failing dataset. Starting from this configuration,
PipeLens reaches the target F1-score of 0.93 in 3 iterations, com-
pared to 6 iterations for GridSearch-ES in the median case (best:
3, worst: 11). Following the ranked profiles, PipeLens first modifies
the blocking parameter (Iteration 1) to reduce average similarity,
then adjusts the block-cleaning threshold (Iteration 2) to improve
similarity distribution statistics. Since higher-order similarity pro-
files are already optimized, the final step (Iteration 3) targets the
sample F1-score directly, resulting in an F1-score of 0.9316 and early
termination.
Classification (accuracy).We allow both structural and param-
eter interventions, enabling methods to insert, reorder, or modify
modules and their strategies. Figures 5a and 5b show that Pipe-
Lens consistently requires fewer interventions in both median and
worst-case settings. In the median case, PipeLens reaches the target
within 1–13 iterations, compared with up to 16 for PipeLens_O,
39 for GridSearch-ES, 27 for Learn2Clean, 47 for BugDoc, and
hundreds for DStar and ProbDD. In the worst case, PipeLens re-
quires at most 28 iterations and PipeLens_O remains close with at
most 31, while the other baselines require substantially more itera-
tions, reaching up to 270 for GridSearch-ES, 64 for BugDoc, 709
for DStar, and 588 for ProbDD. BugDoc becomes costly because
structural interventions and module reordering expand its combi-
natorial design space. Learn2Clean explores module parameters

through Q-learning, but its reward-driven search may overlook
effective configurations in the larger action space, especially for
stricter goals. Notably, BugDoc and Learn2Clean mostly fail to
reach the stricter goal within the iteration limit. GridSearch-ES
can occasionally find good configurations for easier goals, but lacks
search guidance and therefore requires many iterations. ProbDD
and DStar remain costly because they first localize failure-inducing
inputs by repeatedly evaluating each split or suspicious subset,
rather than directly searching for repairs. PipeLens_O improves
over these methods by using historical execution signals in the
opaque-box setting, while PipeLens further leverages the interme-
diate profile to rank interventions more precisely. The percentile
plots confirm the same trend. For the easier goal (Figure 5c), Pipe-
Lens reaches the target within 1–10 iterations across percentiles,
and PipeLens_O remains similarly efficient within 1–8. Under the
stricter goal (Figure 5d), the gap widens: PipeLens requires only
5–28 iterations, while PipeLens_O stays within 31, GridSearch-ES
reaches 270, and BugDoc requires 44–64 iterations.
Classification (fairness). PipeLens shows a consistent advan-
tage on the fairness task because the utility goal depends strongly
on distributional and subgroup-sensitive profiles. By using these
profile signals, PipeLens prioritizes interventions that directly im-
prove fairness rather than broadly exploring the pipeline space.
As shown in Figures 6a and 6b, PipeLens reaches the target with
few interventions in both median and worst-case settings, while
PipeLens_O remains competitive but needs more iterations be-
cause it lacks intermediate profiles. The percentile plots show the
same trend with one notable exception: for the easier fairness goal
(Figure 6c), both PipeLens_O and GridSearch-ES also perform
well, since many configurations easily satisfy this relaxed thresh-
old. However, under the stricter goal (Figure 6d), the gap becomes
clear: PipeLens remains within 1–18 iterations, while PipeLens_O
reaches 38, GridSearch-ES grows substantially, and BugDoc re-
quires more evaluations due to its larger combinatorial search space.
Learn2Clean and ProbDD fail to cover all percentiles under the
strict goal, while DStar remains similarly costly.
Regression. The regression task differs from classification because
utility is driven by continuous prediction error rather than discrete
decision quality. In Figure 7, we report normalized RMSE utility,
where 1.00 corresponds to the stricter RMSE target (= 156) and
0.85 to the easier target (= 180). PipeLens performs especially well
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Figure 5: Comparison of number of iterations for the classification pipeline (accuracy; neural network).

0.84 0.86 0.88 0.9
Utility Goal

100

101

102

103

#i
te

ra
tio

ns

(a) Median-case analysis

0.84 0.86 0.88 0.9
Utility Goal

100

101

102

103

#i
te

ra
tio

ns

(b) Worst-case analysis

25 50 75 100
Percentile

100

101

102

103

#i
te
ra
tio

ns

(c) Easier fairness goal: 0.84

25 50 75 100
Percentile

100

101

102

103

#i
te
ra
tio

ns

(d) Strict fairness goal: 0.90
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Figure 7: Comparison of number of iterations for the regression pipeline

.

in this setting: in the median case (Figure 7a), it reaches all targets
within 1–2 interventions, and in the worst case (Figure 7b) remains
within 11. This indicates that the profile-guided ranking quickly
identifies the numerical preprocessing changes that most affect
RMSE. The percentile plots further show that regression repairs are
highly concentrated for PipeLens. For the easier goal (Figure 7c),
PipeLens needs only one intervention across all percentiles. Under
the stricter goal (Figure 7d), it remains bounded within 1–11 in-
terventions, while PipeLens_O reaches 15 and the other baselines
grow more substantially, with GridSearch-ES reaching 110 and
BugDoc requiring 36–37. ProbDD and DStar remain much higher
because their repeated localization-style evaluations do not directly
target RMSE-improving pipeline repairs.

4.3 Ablation Analysis

In this set of experiments, we answer RQ2 to RQ5 by reporting
the performance of PipeLens in different settings.
Varying pipeline size and utility goal. In this section, we address
RQ2 by varying the initial configuration, including base pipeline
size and goal utility. In Figure 8a, we evaluate PipeLens on the
fairness task (Adult Income Dataset) with logistic regression for a
goal utility of 0.95 while varying the base pipeline size from 4 to 16
modules. From a pool of 25 modules—comprising the base modules
in Table 1 and additional components from Table 2—we gradually
increase the number of modules in the initial pipeline, with the
remaining modules forming the new module space for insertion.
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Figure 8: Effect of initial pipeline and target goal.

When the base pipeline is small, PipeLens quickly identifies passing
configurations, primarily by inserting beneficial modules from new
module space with appropriate parameter settings. As pipeline
size increases (for example, from 6 to 10 modules), the number
of required iterations rises modestly, reflecting the need for more
complex actions, such as parameter adjustments or the deletion
of detrimental modules along with insertions. Beyond this range,
iteration counts stabilize despite further increases in pipeline size.

In Figure 8b, we examine PipeLens under progressively stricter
utility goals using the same dataset. For easier utility goal, PipeLens
identifies minimal interventions in only a few iterations. As the
requirement tightens beyond 0.93, the iteration count increases
approximately linearly, reflecting the shrinking feasible space of
valid configurations. At the strictest fairness goal (0.98), which is
satisfied by fewer than 1% of pipeline configurations, none of the
baselines reach the target within the 1000-iteration limit. In contrast,
PipeLens achieves the goal with a median of 20 iterations and an
interquartile range of 9–31, demonstrating robust performance
under highly constrained fairness objectives.
Effect of historical run size. Here we address RQ3 by varying
the size of the historical dataset and comparing PipeLens with the
opaque-box variant PipeLens_O and the hybrid variant PipeLens_P.
Since other baselines do not utilize historical data, they are excluded
except for GridSearch-ES as a reference. Figure 9 reports the
iterations (worst-case) required to reach the strictest utility goal
for a fixed pipeline as a function of historical run size.

For the EM pipeline (Figure 9a), with a smaller historical dataset
size, PipeLens requires far more iterations than its variants. With
limited passing-profiles information, PipeLens does not learn a re-
liable ranking. This trend is also evident in PipeLens_P which uses
profiles to obtain parameter rankings. With a random sampling of
historical data, PipeLens_O is not affected by the lack of enough his-
torical data, needing comparable iterations across all historical data
sizes. Note that with a little over half of historical data, PipeLens
requires drastically fewer iterations. For classification (Figure 9b),
historical size has less impact on PipeLens because a single passing
profile is often enough for similarity-based comparison. However,
PipeLens_O and PipeLens_P depend more on historical runs for
learning stable rankings, although even a small sample of about
100 instances captures useful signals and further reduces iterations.
Scalability analysis. Figure 10 addresses RQ4 by reporting worst-
case performance under the strictest utility goals while varying
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Figure 9: Effect of historical dataset size.
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Figure 10: Effect of search space size.

search space. For entity matching (Figure 10a), we vary the param-
eter search space while keeping the pipeline structure fixed. As
the search space expands, all methods require more iterations to
achieve the target. Variants of PipeLens show sub-linear growth; al-
though PipeLens_O and PipeLens_P leverage historical data, they
do not explicitly model how parameters influence intermediate
data profiles and, consequently, the utility metric, leading to higher
iteration counts than PipeLens.

For the fairness task (Figure 10b), where both structural and pa-
rameter interventions are allowed, the search space grows factorial-
exponentially as

∑︁
M⊆{1,...,𝑛} |M|!

∏︁
𝑀∈M 𝑆𝑀 , where 𝑛 denotes the

number of modules in the search space and 𝑆𝑀 the strategy set of
module𝑀 . As 𝑛 increases from 8 to 16, other methods show a clear
upward trend in iterations. In contrast, PipeLens maintains nearly
constant performance, as it ranks interventions individually based
on their proxy impact and applies them in priority order, making
its effectiveness largely independent of the search space size.
Efficiency. To address RQ5, we evaluate efficiency by selecting
one arbitrary malfunctioning pipeline from each application and
optimizing it toward a moderately strict goal. Figures 11a and 11b
report wall-clock time and peak memory overhead, respectively,
while Figures 4d–7d provide the corresponding intervention counts.

As shown in Figure 11a, PipeLens is generally faster on larger
or higher-dimensional tasks, such as classification (fairness) and re-
gression, because its ranking-based search avoids many expensive
intervention evaluations and model retrainings. Across tasks, Pipe-
Lens spends roughly 90% of its runtime on one-time intervention
ranking; this front-loaded cost prioritizes the most promising in-
terventions and makes the subsequent search phase much cheaper,
requiring only about 10% of the runtime for iterative evaluation and
decision making. In contrast, GridSearch-ES requires repeated
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Figure 11: Efficiency comparison under stricter utility goals.

retraining over the full dataset, BugDoc suffers from a larger com-
binatorial search space, Learn2Clean incurs reward-update over-
head, and ProbDD/DStar require many evaluations to localize
failure-inducing subsets. The main exception is classification (accu-
racy), where Learn2Clean is faster because the dataset is lower
dimensional, so PipeLens’s profiling overhead is not fully amor-
tized. Nevertheless, PipeLens remains more evaluation-efficient,
which is important when training is expensive.

Figure 11b further shows that PipeLens incurs only modest peak
memory overhead. This overhead comes from generating data pro-
files and ranked interventions, but it does not dominate execution.
In most ML settings, PipeLens requires less peak memory than
most competing methods, with the lowest peak memory in the
classification-fairness task. In entity matching, PipeLens uses more
memory than Learn2Clean and DStar due to richer matching-
profile storage, but this cost accompanies a large reduction in both
runtime and intervention count (Figure 4d).
Takeaway. Overall, the experiments show that PipeLens consis-
tently identifies utility-improving interventions with fewer eval-
uations across tasks, goals, and search-space sizes. Its advantage
comes from leveraging profile-guided ranking, which narrows the
search space to promising structural and parameter interventions
while maintaining practical runtime and memory overhead.

5 RELATEDWORK

Debugging. Data-driven debugging mechanisms [20, 36] deter-
mine parameter settings or data transformations as root causes
of pipeline failures, but do not explain the underlying reasons.
While DataPrism [20] transforms the failing dataset to fix violating
data profiles that cause failure, PipeLens leverages data profiles
to determine changes that must be made to the pipeline to re-
solve the malfunction. Data debuggers such as Dagger [51] and
CheckCell [4] operate on specific primitives or individual cells.
Data-cleaning [50, 52] and fair ML [21, 40, 55] techniques sug-
gest transformations yet do not determine concrete interventions
for pipeline repair. Failure localization has been a longstanding
focus in software debugging [17, 45, 63, 67]. Techniques such as
Tarantula [27], DStar [65], and Op2 [43] rank suspicious program
elements using passing and failing executions, while BIGSIFT [23]
combines data provenance with delta debugging [67] to localize
failure-inducing inputs. These approaches assume a fixed program
and focus on identifying the origin of failures while data science
pipelines are configurable workflows, often containing black-box

modules, where failures arise from interactions between data prop-
erties and pipeline configurations. They identifywhere failures arise
but are not sufficient to determine how to resolve them.
ML-based data cleaning. HoloClean [50] and HoloDetect [25]
incorporate repair signals into statistical models but require manual
tuning. ActiveClean [33], Raha [38], and Baran [37] rely on user-
defined cleaning processes or labeled clusters to identify dirty data.
Unlike these approaches, PipeLens operates over entire pipelines
and automatically selects interventions that fix malfunction.
Task-dependent data cleaning.Methods such as ActiveClean [33],
BoostClean [32], AlphaClean [34], CPClean [28], REIN [1] and
Learn2Clean [6] leverage ML model feedback but target specific
models or error types. Saga [57] enumerates candidate pipelines
to improve model quality but does not use historical executions to
guide search. Moreover, these techniques construct pipelines from
scratch rather than intervening on an existing one.
AutoML and hyperparameter optimization. Systems such as
AutoWEKA [31, 59], Auto-sklearn [19], BOHB [16], TuPAQ [58],
TPOT [44], Alpine Meadow [56], DeepLine [24] integrate limited
preprocessing and primarily focus on model selection and tuning.
They neither generalize beyond ML tasks nor support pipeline
interventions. PipeLens uses search and utility improvement as
mechanisms for discovering pipeline repairs: in contrast to pipeline
optimization, it starts from an existing pipeline that satisfied the ap-
plication requirement on one dataset but malfunctions on another.
Explanations. Prior work explains query results [64], identifies
data generation errors [64], or discovers dataset relationships [12].
Explainable AI methods [53, 54] approximate model behavior by
perturbations, while others [61] analyze failure causes under known
corruption mechanisms. However, none provide actionable inter-
ventions to repair pipeline malfunction, which is our focus.

6 CONCLUSION

We consider the problem of resolving malfunctioning data science
pipelines through targeted interventions such as data transfor-
mations or pipeline configuration modifications. We formalize a
pipeline as a directed acyclic graph, with nodes as components and
edges representing data flow, making the approach broadly applica-
ble to various domains. We consider two scenarios: (i) opaque-box,
where component internals are hidden, and (ii) glass-box, where the
outputs of pipeline components are accessible. Our proposed algo-
rithm PipeLens exploits the causal relationships between pipeline
parameters, data profiles, and their impact on pipeline utility, along
with historical executions, to prioritize interventions. Empirical
evaluation demonstrates the superior performance of PipeLens
compared to several baselines. In the future, we plan to extend
PipeLens to handle multi-objective optimization of data science
pipelines with cycles.
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