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Abstract
Jupyter Notebooks have become the de-facto choice for data sci-

entists and machine learning (ML) engineers for prototyping and

experimenting with ML pipelines. Notebooks provide a rich interac-

tive interface with support for code, data, and visualization in one

place. However, notebooks provide limited support for testing. As a

result, during continuous development, many silent (non-crashing)

regressions often go unnoticed and make notebooks unreliable and

results hard to reproduce.

To enable more systematic testing of ML notebooks, we intro-

duce NBTestGen – the first automated assertion generation ap-

proach for ML notebooks. NBTestGen generates regression-based

assertions that check properties related to data processing, model

building, and model evaluation steps in a typical ML notebook. To

support systematic integration of such assertions in notebooks, we

introduce the first regression testing framework (called NBTest)
that can be used as a Jupyter plugin and allows developers to write

cell-scoped assertions in notebooks. Three key features of such as-

sertions are that they are 1) cell-scoped: they are linked to specific

notebook cells and execute only after those cells are executed, 2)

non-intrusive: they do not block notebook execution (in a Jupyter

session), so that development can continue when they fail, and 3)

they integrate with pytest and CI pipelines, allowing developers

to easily do regression testing of their notebooks.

We evaluate NBTestGen on a corpus of 585 notebooks from the

popular Kaggle platform. NBTestGen generates a total of 21542 as-

sertions (36.82 on average per notebook). The generated assertions

kill 72.21% of ML-specific mutations, while maintaining a high pass-

rate of 100.00%. We also show that NBTestGen can detect 69.68% of

historical regressions in 531 older versions of Kaggle notebooks. A

popular ML library, SHAP, integrated NBTest into their CI. Further,

we perform a user study with 17 ML developers that shows that

such users find NBTest highly intuitive and useful.

CCS Concepts
• Software and its engineering→ Software verification and
validation.

This work is licensed under a Creative Commons Attribution-NonCommercial-

NoDerivatives 4.0 International License.

ASE ’26, Munich, Germany
© 2026 Copyright held by the owner/author(s).

ACM ISBN 979-8-4007-2882-2/2026/10

https://doi.org/10.1145/3832783.3834390

Keywords
Jupyter Notebooks, Regression Testing, Automated Assertion Gen-

eration, Machine Learning

ACM Reference Format:
Yingao (Elaine) Yao, Vedant Nimje, Varun Viswanath, and Saikat Dutta.

2026. Automated Assertion Generation and Regression Testing for Machine

Learning Notebooks. In Proceedings of the 41st IEEE/ACM International
Conference on Automated Software Engineering (ASE ’26), October 12–16,
2026, Munich, Germany. ACM, New York, NY, USA, 12 pages. https://doi.

org/10.1145/3832783.3834390

1 Introduction
Computational Notebooks have become the most popular medium

for data scientists and machine learning engineers to author ma-

chine learning programs [63, 74]. Notebooks are popular because

they are an interactive medium for users to write code and visualize

results, such as training results, plots, and images – all in the same

file. Notebooks are sequences of cells. Each cell contains a code snip-
pet or a system command (e.g., to install a dependency) that can be

executed independently of other cells and in arbitrary order. Such

flexibility makes experimentation and exploration easier, especially

for ML code. Some popular platforms that support notebooks are

Jupyter [42], Kaggle [40], Pluto [67], and Google Colab [25].

Despite their popularity, notebooks are notorious for their poor

reliability and reproducibility [7, 31]. Due to their out-of-order

execution model and absence of tests, users often end up with

buggy notebooks that become hard to reuse and reproduce results

with [30, 66]. A recent study analyzed 1.4 million notebooks and re-

ported that fewer than 25% of notebooks could be executed without

execution errors, while only 4% reproduced the expected results [66].

Hence, a working notebook may become unusable due to regres-

sions caused by internal changes (such as code changes) or external

changes (e.g., changes in dependencies or datasets) across versions.

Further, regressions might manifest within a session, leading to

silent (non-crashing) bugs (e.g., due to out-of-order execution or

stale states [30]). Hence, like regular programs, notebooks also need

to follow regression testing practices. Currently, for testing and de-

bugging, notebook users follow ad hoc practices, such as using print

statements, writing test cases within the notebook, using a separate

test notebook for validation, or manually inspecting results [7, 31].

1.1 Our Work
AutomatedAssertionGeneration. To address the reliability prob-
lem in ML notebooks and to assist developers in writing assertions,

we propose an automated technique,NBTestGen, to generate asser-
tions for machine learning (ML) notebooks. A recent study showed
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(a) NBTest JupyterLab plugin (NBTest-lab-extension) (b) Executing assertions with
pytest

Figure 1: Example usage of NBTest. (a) shows NBTestGen assertions in a JupyterLab side panel, which can be hidden by Hide
Assertion Editor button, or enabled/disabled with the Toggle Assertions button. The green message bar (Assertions Passed)
indicates assertions passed. (b) shows pytest output for NBTest assertions.
that developers of ML notebooks often implement various integrity

checks for data and ML model-related properties, such as data

shape, model performance, and network architecture, using asser-

tions and print statements [73]. Motivated by this finding, we design

an assertion generation technique that first identifies model/data-

related APIs of popular ML/Data libraries (e.g., PyTorch [60], Ten-

sorFlow [2], Scikit-Learn [62], and Pandas [59]) used in a notebook,

instruments the API calls, executes the notebook to collect expected

results, and generates appropriate assertions in the notebook. A

key challenge of testing ML notebooks is that their execution can

often be non-deterministic due to randomness during training or

batching data – causing some assertions to be potentially flaky [15].

To mitigate this challenge, we execute the notebooks multiple times

to collect execution information and estimate the variance in the

results with statistical tests. We use the collected data to generate

approximate assertions (e.g., assert_allclose) to account for this
variance via tolerance bounds where needed [16].

Regression Testing Framework. To systematically integrate such

assertions in a notebook environment, we propose a novel re-

gression testing framework for notebooks: NBTest. The design of

NBTest is guided by a recent study that found that notebook users

often follow cell-based risk management, where users test changes
in a new cell before merging with old cells to isolate any errors [31].

With NBTest, we introduce the idea that developers can write cell-
scoped assertions to check the expected behavior of intermediate

computations in a notebook, specifically within each cell. Cell-

scoped assertions are linked to a specific cell and are executed only

after the cell completes execution. For instance, a developer may

want to check that the dataset was pre-processed correctly (e.g., no

null values), if themodel trainingwas set up correctly (e.g., model ar-

chitectures are defined as expected), or if the training accuracy was

close to expectations. Hence, cell-scoped assertions can potentially

improve the reliability of notebooks by mitigating regressions and

nudging developers towards better testing practices in notebooks.

The assertions in NBTest are designed to be non-intrusive – they

neither pollute the notebook state nor block notebook execution

when they fail. Non-intrusiveness allows developers to continue

development without being interrupted by assertion failures.

NBTest-lib is a Python library in NBTest that provides 11 as-

sertion APIs, covering two categories of assertions: (1) generic

assertions (e.g., assert_true(exp) to check if exp is true and

assert_allclose(X, Y, atol, rtol) to check if the values X

and Y are equal up to the desired tolerance), (2) data-related asser-

tions (e.g., assert_df_mean(df, col, expected_mean) to check
if the mean of a column in a data frame is close to the expected

mean). These APIs allow developers to easily write assertions

for regression testing of data, models, and other computations in

ML notebooks. NBTest integrates with pytest via the NBTest-lib
plugin, which allows all developer-written tests to be directly run

with pytest. This feature enables notebooks to be integrated with

continuous integration (CI) pipelines.

Example. Figure 1 presents a simplified example Jupyter Notebook

in JupyterLab with NBTest-lab-extension’s panel (Figure 1a) and

the output of running NBTest’s assertions using pytest (Figure 1b)
via NBTest-lib plugin. The notebook is training a convolutional

neural network (CNN) model for a digit recognition task (identify

the digit in an image). The left panel of Figure 1a shows one simpli-

fied cell of the notebook. The cell performs the following steps: 1)

loads the digit recognition dataset (train.csv) into a pandas data

frame called df (Line 1), 2) drops some unnecessary columns (e.g.,

source) from the data frame (Lines 2-3), 3) splits the data frame into

training and test sets using train_test_split in 80%-20% ratio

(Line 4), and 4) defines a CNN model for training using TensorFlow

APIs for neural network layers (Sequential, Conv2D, Dense, etc.)
(Lines 7-11). The rest of the notebook (not shown here) performs

training of the model and computes accuracy of the model on the

test set using TensorFlow APIs. Figure 1a right panel shows the

NBTest-lab-extension’s cell containing the assertions automatically

generated by NBTestGen written using NBTest’s APIs for this

cell. NBTestGen automatically generates assertions for checking

(1) data integrity properties (here: mean, variance, and shape of

training data frame (train_df)), (2) model integrity properties

(here: names and shapes of each intermediate layer in the CNN),

and (3) model performance properties (e.g., training accuracy) – not

shown here. Figure 1b shows the pytest output of running NBTest
assertions, each assertion reported as either PASSED or FAILED. In
this case, the output shows that all but the last assertion passed.

Each assertion is labeled by a unique “test_id”.

We envision that NBTest’s cell-scoped assertions (automated and

manual) can enable a lot of use cases for ML notebooks, such as doc-

umenting developer assumptions of expected behaviors, catching



Automated Assertion Generation and Regression Testing for Machine Learning Notebooks ASE ’26, October 12–16, 2026, Munich, Germany

regressions during interactive sessions, improving the reproducibil-

ity of notebooks, quantifying variance in training performance or

intermediate results, and identifying contracts that can be used for

monitoring of ML pipelines.

Results. We collect a corpus of 585 executable notebooks from

popular competitions in Kaggle. NBTestGen generates a total of

21542 assertions (36.82 assertions per notebook on average), includ-

ing assertions for dataset properties (18239), model architecture

properties (861), and model performance properties (2442). We

perform mutation analysis of the notebooks with assertions us-

ing ML-specific mutation operations, such as adding outliers in

data and modifying layers of neural networks. Overall, we obtain

a mutation score of 72.21%, showing that NBTestGen’s generated

assertions are robust to a variety of ML-specific mutations.

We also collect 531 older versions of Kaggle notebooks with

potential regressions and evaluate whether our generated assertions

could have caught these real-world regressions. Our generated

assertions can successfully detect regressions in 370 (69.68%) buggy

versions, showing the effectiveness of NBTestGen’s assertions.

User Study and Adoption. We conducted a user study with 17

ML developers. Overall, participants found NBTest very intuitive

(Rating 4.3/5), and useful in checking ML properties of interest

(Rating 4.24/5), and reported that the show/hide toggle feature in

JupyterLab significantly improved readability (Rating 4.7/5). Finally,
NBTest has been adopted by SHAP [51, 52], a popular ML library

(24.4k stars, 3.4k forks on GitHub) in their CI [45].

Contributions. Our key contributions in this work are as follows:

★ We propose NBTestGen, the first automated approach for gener-

ating assertions for machine learning notebooks; it accounts for

non-determinism in ML pipelines using statistical methods.

★ We develop NBTest, the first regression testing framework for

machine learning notebooks, integrated with pytest and Jupyter.
NBTest allows developers to write non-intrusive cell-scoped

assertions to check correctness of computations within each cell.

★ We evaluate NBTestGen on a corpus of 585 Kaggle notebooks

and show that NBTestGen generates 21542 assertions that obtain

a mutation score of 72.21% and could have caught 69.68% real-

world regressions.

★ We perform a user study with 17 participants that shows that

notebook users find NBTest intuitive and useful in writing asser-

tions and testing notebooks. Our tool and results are available

via GitHub [55] and Zenodo [5].

2 Methodology
2.1 Notebook Dataset Curation
We collect a corpus of runnable real-world notebooks from Kaggle.

Kaggle is the world’s leading platform for ML competitions and

contains many high-quality, end-to-end ML pipelines in the form of

notebooks. Hence, like prior studies on notebooks [85], we also col-

lect ML-related Python notebooks from Kaggle competitions. We

select five popular Kaggle competitions [38] that are related to ML

tasks: Titanic [41], Housing Prices [35], Spaceship Titanic [39], Jane

Street [37], and Digit recognizer [34]. We use the Kaggle API [36] to

download all notebooks related to these competitions. To avoid de-

pendency issues, we filter out notebooks older than two years. We

filter out notebooks with fewer than 10 votes to remove low-quality

samples. After these steps, we obtain 1753 notebooks. We select

notebooks that use at least one of the mainstream ML libraries: Py-

Torch, TensorFlow, Keras, or Scikit-learn, by checking their import

statements. We identify 1612 such notebooks.

Environment Setup. We use the pipreqs [43] tool to generate the

list of dependencies (a requirements.txt file) for each notebook.

We then create a conda environment for each notebook, install

the identified dependencies, and execute the notebook. Finally, we

retain notebooks that execute without any errors. After this process,

we obtain 585 Kaggle notebooks, out of which 529 use scikit-learn,

199 use TensorFlow/Keras, and 30 use PyTorch (non-exclusive).

Table 1: ML-related Mutation Operators

Mutation Operator Description

Data-based Mutations

Add Outliers [88] Introduces extreme values in numeric columns by multiplying selected

rows with large random values.

Repeat Data [53] Randomly replaces a portion of rows with other existing rows in the dataset,

simulating duplication noise.

Add Nulls [88] Adds NaN/None entries in a subset of rows and columns to simulatemissing

values.

Modify Labels [53] Introduces incorrect labels by randomly changing labels for selected sam-

ples.

Source Code-based Mutations

Remove Zero Grad [44] Removes optimizer.zero_grad(), allowing unwanted gradient accumu-

lation across training steps.

Modify Hyper-

parameters [88]

Changes critical hyperparameters like learning rate or dropout rate to

harmful but syntactically valid values.

Remove Hyper-

parameters [88]

Removes explicit hyperparameter values to fallback on library defaults,

potentially reducing model quality.

Remove Layers [53] Removes non-critical layers like ReLU or Dropout, potentially weakening

feature learning or regularization.

2.2 Mutation Testing
To evaluate the fault-detection ability of our generated assertions,

we develop eight mutation operators inspired by prior studies on

common bugs found in ML and data science projects [44, 53, 83,

88]. We reviewed mutation operators proposed for ML by Ma et

al. [53] and identified two main categories: data-related and model-

definition-related operators. From these categories, we selected a

representative subset that captures key mutation types, including

data distribution anomalies, corrupted training data, inappropriate

hyperparameters, and flawed model definitions. Our mutators sub-

sume those from [53], while also extending them based on common

ML development errors identified in [44, 83, 88].

We exclude certain mutation operators and error patterns found

in [44, 53, 83, 88] that typically lead to crashes, such as variable

redefinition and missing data. Our goal is to instead explore muta-

tions that lead to silent errors, which enables us to evaluate whether

NBTestGen assertions can identify hard-to-detect issues.

Table 1 presents all mutation operators that we support. We

implement two categories of mutation operators: (1) Data-based
mutations that mutate the dataset in the notebook, for example,

by adding outliers or introducing spurious data correlations, and

(2) Source code-based mutations that mutate the Python code in the

notebook, for example, by modifying training hyper-parameters

or removing neural network layers. Overall, we implement 4

data-based mutations and 4 source code-based mutations.
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2.3 Collecting Kaggle Notebook Versions
To evaluate the effectiveness of our generated assertions in detect-

ing real-world regressions, we need a dataset of Jupyter Notebooks

that contain regression bugs. Unfortunately, such a dataset is not

publicly available. Besides, unlike regular programs, developers

do not frequently commit changes in notebooks on GitHub, and

even if they do, the absence of tests often makes the regressions

go unnoticed. So, instead we leverage Kaggle, where users often

submit multiple public versions of notebooks to improve competi-

tion performance. Since the latest version is likely to be the most

stable and well-tested, we hypothesize that the older versions may

contain real-world silent regression bugs. Based on this hypothesis,

we collect older notebook versions, then apply assertions generated

from the latest version to each older version, to evaluate if these

assertions can detect regressions.

Collection and Filtering. We develop a web scraping tool to

extract all available versions of notebooks we consider in § 2.1. Out

of the 2172 available versions, we do not consider versions with

execution errors or large diffs (more than 500 diff lines) or duplicate

versions. This leaves us with 531 notebook versions.

Assertion transfer.We consider an assertion transferable between

versions if either (1) the statements it checks remain unchanged, or

(2) the statements checked differ syntactically but are semantically

equivalent, such as variable renaming or minor keyword change.

For the first case, since NBTest inserts the assertion immediately

after the statement, we can simply check whether the preceding

statement is identical between versions. To decide about assertions

in the second case, we require careful reasoning about program se-

mantics to determine whether the assertion is still valid in the older

version, despite syntactic differences. Given the strong capabilities

of LLMs in code understanding, we leverage an LLM (Gemini 3.0

Flash) for this task.

Specifically, we provide the LLM with (1) the latest version with

generated assertions, and (2) the older version with already trans-

ferred assertions in the first case, and ask the LLM to decide which

remaining assertions are transferable (prompt in [5]). When an as-

sertion is deemed transferable, the LLM inserts a lightweight macro

with the assertion ID (later replaced with the full assertion) at the

appropriate location, and outputs the modified old version. Then,

we perform two validation checks. First, we execute the notebook

to verify that it does not have formatting issues. We found only

six notebooks with missing closing brackets, which we corrected

manually. Second, to detect hallucinations, we verify that all trans-

ferred assertions are a subset of assertions to be transferred, then

remove any unexpected assertions. This produces the final note-

book with transferred assertions. While this process is not perfect,

it allows us to easily transfer many assertions for evaluation. In a

realistic setting, developers would directly modify the notebook

with assertions, so the transfer process would not be needed.

2.4 Assertion-Statement Dependency Mapping
In the presence of mutation or regression in a notebook, a failing

assertion may be caused either by the mutation itself, i.e., true pos-

itive (TP), or by unrelated factors such as randomness, i.e., false

positive (FP). To distinguish FP from TP, we construct a mapping

between each failed assertion and the set of preceding statements

that can reach it via control or data flow. Then we check if the mu-

tation or regression is within these statements. If so, we can classify

the assertion failure as a TP, otherwise as an FP. To build such a

mapping, we develop a custom Python tool that extracts notebook

AST, and performs standard data-flow analysis [3]. Similarly, we

can classify a passing assertion as a true negative (TN) or false

negative (FN).

2.5 Metrics
Passrate 𝑝. Given an assertion, let 𝑁 be the total number of execu-

tions, and let 𝑃 be the number of executions in which the assertion

passes. The passrate 𝑝 of the assertion is defined as: 𝑝 = 𝑃
𝑁
.

Mutation Score𝑚. Given an assertion, let𝑀 be the total number

of generated mutants. For each mutant 𝑀𝑖 (𝑖 ∈ [1, 𝑀]), let 𝑝𝑖 be
the passrate of the assertion on 𝑀𝑖 . The mutation score 𝑚 of the

assertion is defined as:𝑚 = 1

𝑀

∑𝑀
𝑖=1 (1 − 𝑝𝑖 ).

Number of Versions Killed 𝐾𝑉 . LetV denote the set of versions

of a notebook. For each version 𝑣 ∈ V , let 𝐴𝑣
be the number of

assertions, and let 𝑝𝑖 be the passrate of assertion 𝑖 ∈ [1, 𝐴𝑣] on 𝑣 .
The number of versions killed 𝐾𝑉 is defined as:

𝐾𝑉 =
∑

𝑣∈V 1(∃𝑖∈[1,𝐴𝑣 ], 𝑝𝑖<1) , where 1 is the indicator function.

False Positive andNegative Ratios. Let #FP denote the number of

failed assertions not caused bymutations or regressions, and #Failed
the total number of failed assertions. Let #FN denote the number of

passed assertions in the presence of mutations or regressions, and

#Passed the total number of passed assertions. Both are determined

by the assertion-statement dependency mapping in Section 2.4. The

FPR and FNR are defined as: FPR = #FP
#Failed , FNR = #FN

#Passed .

3 NBTestGen: Automated Assertion Generation
There are two key challenges in automating the generation of as-

sertions for ML Notebooks. First, there is a lack of clear criteria for

selecting which program variables or computations to target when

generating assertions in ML notebooks. In principle, one could add

assertions for every intermediate result/variable in the notebook,

which would provide comprehensive coverage. However, this brute-

force strategy may introduce assertions that are not meaningful to

the developer, cluttering the notebook interface, and reducing its

readability. Conversely, a minimal approach that adds assertions

only for the final outputs – such as checking the final evaluation

metrics of the trained model – may preserve usability but sacrifice

bug-detection capability. So, bugs that manifest in intermediate

computations might be hard to detect or localize. Hence, an asser-

tion generation approach must strike a balance between the fault

detection capability, testing key properties of the ML pipeline, and

preserving the notebook’s usability.

Second, it is well-known that ML pipelines often exhibit non-

determinism due to various operations like randomized batching,

randommodel initialization, and parallel execution on GPUs. Asser-

tions generated without accounting for this randomness can lead to

flaky assertions, where repeated executions of the same notebook

yield inconsistent outcomes. Researchers have previously identi-

fied flaky behavior in unit tests in ML libraries [15, 16, 56] and ML

training pipelines [65] showing that assertions must account for

underlying nondeterminism.
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Algorithm 1 NBTestGen’s Assertion Generation

Input: P: Jupyter Notebook, 𝑛: num. of runs, 𝐴𝑃𝐼𝑠: set of APIs to

check for properties, 𝑐: confidence level

Output: P′: Jupyter Notebook with generated assertions

1: I ← PropertyFinder(P,APIs)
2: P′ ← AssertionGenerator(P,I, 𝑛, 𝑐)
3: procedure PropertyFinder(P, APIs)
4: ASTP ← ParseAST(P)
5: {(𝑣1, 𝑙1, 𝜏1), . . . , up to N} ← FindAPI(APIs,ASTP )
6: return {(𝑣1, 𝑙1, 𝜏1), . . . , up to N}
7: end procedure
8: procedure AssertionGenerator(P,I, 𝑛, 𝑐)
9: P𝐼 ← Instrument(P,I)
10: D ← RunCollect(P𝐼 , 𝑛) ⊲ D is a set of 4-tuples (𝑣𝑖 , 𝑙𝑖 , 𝜏𝑖 ,

𝑠𝑖 )

11: P′ ← P
12: for (𝑣𝑖 , 𝑙𝑖 , 𝜏𝑖 , 𝑠𝑖 ) ∈ D do
13: 𝜖𝑖 ← ComputeTolerance(𝑠𝑖 , 𝑐)
14: 𝑎𝑖 ← GenerateAssertion(𝑣𝑖 , 𝜏𝑖 , 𝑠𝑖 , 𝜖𝑖 )
15: P′ ← InsertAssertion(P′, 𝑎𝑖 , 𝑙𝑖 )
16: end for
17: return P′
18: end procedure

Our Approach. To solve the above two challenges, we propose

NBTestGen’s assertion generation algorithm (Algorithm 1). Algo-

rithm 1 takes a notebook (P), the number of runs (𝑛) for tolerance

calculation, a set of APIs to check for properties (APIs), and a con-

fidence level (𝑐) as input, and outputs a notebook with generated

assertions (P′). It consists of two stages: (1) PropertyFinder that

identifies ML-specific properties in the notebook to target for asser-

tion generation (Line 1), and (2) Assertion Generator that generates

assertions for the identified properties (Line 2) while using statisti-

cal techniques to account for randomness.

(1) PropertyFinder. PropertyFinder extracts each notebook cell, ana-

lyzes its Abstract Syntax Tree (AST) (Line 4), passes the ASTP and

the APIs identifying key ML-related properties to FINDAPI (Line 5),
and outputs a set of (𝑣𝑖 , 𝑙𝑖 , 𝜏𝑖 ), where 𝑣𝑖 is a variable in the notebook

related to the property, 𝑙𝑖 is the line number of 𝑣𝑖 in the notebook,

and 𝜏𝑖 is the type of the property.

A property represents the program computation related to some

data or models.
1
Typically, ML notebooks contain various types

of computations such as data pre-processing, model initialization

and training, and model evaluation. So, for each type, we identified

specific properties to check by understanding common data quality

issues in machine learning reported by Polyzotis et al. [68], as well

as common properties checked by developers via print statements

and assertions [73]. We identified the three types of properties based
on popular APIs used by ML Notebooks:

• Dataset: We consider APIs that initialize datasets from a CSV

file (using pandas.read_csv), or from a dataset library (like

1
The notion of property in NBTest is different from what is typically used in property-

based testing. Our properties are regression-based (hence strongly tied to previous

execution(s) and the notebook), whereas the ones used for property-based testing

specify more general behavioral properties that may apply across different executions

and notebooks.

sklearn.datasets), or by splitting a dataset using train_test_
split from scikit-learn.

• Model Architecture (Model Arch.): We consider APIs that ini-

tialize models using Scikit-Learn (e.g., LogisticRegression) as
well as Deep Neural Network models using PyTorch/TensorFlow

APIs.

• Model Performance (Model Perf.): We consider APIs that

define metrics such as accuracy_score and r2_score, from
sklearn.metrics. Sometimes, they also define custom metrics

that build on top of common numerical APIs. So, we implement

a lightweight static analysis that parses such expressions to iden-

tify custom metrics used in the notebook.

PropertyFinder collects statements that either call one of the

above APIs, or appear in contexts where developers typically

inspect intermediate computations, such as print statements or

the last line in a cell [73]. The latter cases produce outputs in the

cell. To capture variance in computations, we assign a new random

seed to each notebook run. NBTestGen currently supports 100

APIs across four popular ML/Data libraries: Scikit-Learn, PyTorch,

TensorFlow, and Pandas. NBTest can be easily extended to similar

APIs by adding them to a configurable JSON file.

(2) Assertion Generation. For detected properties in PropertyFinder,

Assertion Generator first instruments the notebook (Line 9), exe-

cutes the instrumented notebook for 𝑛 iterations and collects the set

of outputs (𝑣𝑖 , 𝑙𝑖 , 𝜏𝑖 , 𝑠𝑖 ), where 𝑠𝑖 is the set of 𝑛 values collected for

variable 𝑣𝑖 across the 𝑛 runs (Line 10). For each set of collected val-

ues 𝑠𝑖 , Assertion Generator computes a tolerance bound 𝜖𝑖 (Line 13)

based on the confidence level 𝑐 . Based on the property type 𝜏𝑖 , the

tolerance bound 𝜖𝑖 , the checked variable 𝑣𝑖 and the correspond-

ing collected values 𝑠𝑖 , Assertion Generator generates an assertion

(Line 14) to check the integrity of the property. Finally, it inserts

the generated assertion in the original notebook (Line 15).

Specifically, Line 14 generates one or more assertions to check

the integrity of each property as follows:

• Dataset: For each dataset variable, it inserts assertions to check

properties such as the dataset’s size, column names and types,

and the mean and variance of numeric columns.

• Model Arch.: For model definitions, it inserts assertions to vali-

date the architecture, including the number and types of layers,

as well as associated hyperparameters.

• Model Perf.: It inserts assertions to check whether evaluation

metric values fall within an expected range. Given the inherent

randomness in ML pipelines, we use approximate assertions (e.g.,

assert_allclose) to capture expected variance in the results.

Assertion Bound Computation. Chebyshev’s inequality [8] is a

well-known technique in probability theory that guarantees that

no more than a certain proportion of values will exceed a certain

distance from the mean. Therefore, for any property with variance

in outputs (such as Model Perf.), we use Chebyshev’s Concentration

Inequality to compute a tolerance bound for the assertion. Given

the confidence level 𝑐 , Equation 1 shows how to compute a value

such that the probability of the property exceeding it is at most

1 − 𝑐 , where 𝑋 is a scalar random variable with a finite mean 𝜇 and

variance 𝜎2.

𝑃𝑟 ( |𝑋 − 𝜇 | ≥ 𝑘𝜎) ≤ 1 − 𝑐, (𝑘 > 0) (1)
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Chebyshev’s Inequality is a conservative choice when the un-

derlying distribution of the data is unknown. If the distribution is

known, more precise bounds can be computed [16].

Test Oracle. Because property-based oracles are scarce in the ML

domain, in this work, we rely on regression-based oracles to check

for correctness. Naturally, this approach assumes that the current

version of the notebook is correct, which may not be true. However,

regression-based oracles can help document the developer’s as-

sumptions, as well as capture the current state of the notebook, and

their violation can indicate regressions or reveal incorrect assump-

tions in the future. Regression oracles have also been proposed in

prior test generation techniques [24, 47, 50, 84]. Further, developers

can also modify the generated assertions to use manual oracles.

4 Regression Testing Framework
We developed a regression testing framework, NBTest, for Jupyter

Notebooks that consists of three components: (1) NBTest-lib: a
Python library that provides APIs for writing cell-scoped assertions

in Jupyter Notebooks. It works as a pytest plugin that collects

these assertions like standard unit tests; (2) NBTestGen: a Python
library that automatically generates cell-scoped assertions for a

Jupyter Notebook by identifying commonly used ML-related APIs

(implementing the technique discussed in § 3); and (3) NBTest-lab-
extension: a JupyterLab plugin for running NBTest’s assertions

in Jupyter Notebooks. Users can install these three components

independently via pip. We describe the design of NBTest-lib and

NBTest-lab-extension in § 4.1 and § 4.2 respectively.

4.1 NBTest Python Library (NBTest-lib)
We support two categories of assertions, and 11 assertions in total.

(1) Generic Assertions: NBTest-lib provides standard assertions

including assert_equal, assert_allclose, assert_true,
and assert_false. These functions follow the familiar seman-

tics of traditional unit testing frameworks but are tailored for

execution within notebooks. Users can also use these assertions

to check model architecture and model performance properties.

(2) Data-related Assertions: Because data processing is common

in machine learning workflows, NBTest-lib includes special-

ized assertions for validating properties of data represented

using pandas or numpy. The assert_shape function checks

the expected shape of the dataset. The assert_df_var and

assert_df_mean functions check the statistical properties of

dataframes while handling missing values appropriately. The

assert_column_types and assert_column_names assertions

verify the structural integrity of data, ensuring that schema

changes or data loading errors are detected early in the develop-

ment process. The assert_in assertion verifies the presence of

a column name in the dataset. The assert_no_class_balance
assertion checks if the label distribution in the dataset is overly

skewed towards one class.

We designed NBTest-lib’s APIs to mirror common assertions

such as Python’s assert and Numpy’s assert_allclose. Unlike
those assertions, NBTest-lib’s assertions are inactive during normal

execution, to not interrupt the development process. NBTest-lib in-

tegrates with pytest through a custom plugin. When invoked with

the –nbtest flag, pytest parses the Jupyter Notebook, locates cells

with NBTest assertions, and executes them as tests. Using pytest’s
collection hooks [69], each assertion is registered as an individual

test with a unique identifier. NBTest executes all notebook cells

regardless of execution failures, and then reports results.

4.2 JupyterLab Plugin (NBTest-lab-extension)
We developed a JupyterLab plugin (NBTest-lab-extension) that pro-
vides two key features: (1) toggling the visibility of assertions via

the Hide Assertion Editor button (Figure 1a), improving read-

ability by hiding assertions in a separate panel, and (2) enabling

or disabling assertion execution via the NBTest Asserts: ON tog-

gle. When enabled, assertions are executed with the cell, allowing
developers to quickly validate local changes without exiting the

notebook while not being interrupted by failures during normal

development.

Comparison with Existing Tools. There are several existing

tools for testing Jupyter Notebooks or ML pipelines. For instance,

nbval [21] performs regression testing by doing a textual compari-

son of a notebook’s current cell outputs against saved values from

prior executions. Deepchecks [9] andDeequ [72] provide libraries of

model and data integrity checks for ML pipelines, but they require

developers to manually incorporate such checks. Testbook [57] al-

lows developers to write unit tests in a separate file. However, none

of these tools can (1) automatically generate ML-specific tests like

NBTestGen (except nbval which can perform basic output check-

ing), (2) account for non-determinism like NBTestGen, or (3) allow

non-intrusive and cell-scoped testing within a Jupyter session like

NBTest-lab-extension. We provide a comparison with nbval in § 5.4.

In the future, we plan to extend NBTestGen to generate assertions

using Deepchecks’ and Deequ’s APIs.

5 Evaluation
We answer the following research questions in this work:

• RQ1: Howmany assertions does NBTestGen generate? How does

their passing rate change with different confidence thresholds?

• RQ2: How effective are the generated assertions in detecting

domain-specific mutations?

• RQ3: How effective are the generated assertions in detecting

real-world regressions in ML notebooks?

• RQ4: How does NBTestGen compare with nbval?

Experimental Setup. We run experiments on a large cluster of

diverse machines with GPUs and Ubuntu 20.04 OS. To run each

notebook, we set up a Conda environment with Python 3.9 and

install the dependencies for the notebook. We run NBTestGen with

30 iterations and use the Chebyshev’s statistical method with the

confidence intervals of 0.5, 0.7, 0.99, and 0.999 during assertion

generation for RQs 1-3. For mutation analysis, we need to balance

runningmany notebooks and reliably estimating themutation score.

Hence, similar to prior work [15], we run each notebook 30 times

to compute the mutation score.

ImplementationDetails.NBTestGen uses NBFormat [33] to parse

the notebooks and Python’s AST library to parse Python code in

each notebook cell. Specifically, NBTestGen uses AST’s [70] visitor

design pattern API to detect the variables related to the ML-specific

properties, and the transformer design pattern API to insert the

generated assertions back into the original notebook.
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Table 2: #Assertions generated per notebook by NBTestGen

Type Total #Assertions #Assertions/Notebook

Dataset 18239 31.18

Model Perf. 2442 4.17

Model Arch. 861 1.47

Total 21542 36.82

Table 3: Distribution of Passrates

Tool 0% (0 − 50]% (50 − 100)% 100% Total (Overall)

NBTest 0 0 16 21526 21542 (100.00%)

nbval 1655 400 113 12164 14332 (86.07%)

NBTest-lab-extension is implemented as a JupyterLab extension

in TypeScript. It registers two commands and integrates them into

the notebook toolbar. The Toggle Assertions command controls

assertion execution. It sends a Python snippet to the notebook’s

running kernel that flips an environment variable and updates the

NBTest Asserts: ON/OFF toolbar indicator accordingly. When the

variable is enabled, NBTest assertions are executed after the cells

containing them are executed. The Hide Assertion Editor com-

mand toggles assertion visibility by moving NBTest assertions be-

tween a cell’s source and its metadata. Assertions stored in the meta-

data are not executed. The total lines of code in NBTest are 2877.

5.1 RQ1: Passrates of NBTestGen’s Assertions
Table 2 presents the statistics of the assertions generated by NBTest-

Gen for 585 Kaggle notebooks. Out of 585, NBTestGen generates at

least one assertion (21542 in total) for 535 notebooks. The remain-

ing 50 notebooks did not use any of the ML APIs that NBTestGen

tracks (as described in § 3). As a result, NBTestGen was unable

to generate any assertions for them. On average, NBTestGen gen-

erates 36.82 assertions per notebook, showing that NBTestGen’s

approach of leveraging ML APIs to track relevant properties allows

it to generate many assertions for a majority of ML Notebooks.

NBTestGen generates the highest number of assertions for

datasets (18239). This is because, for each dataframe (a dataset

object loaded using pandas.read_csv) used in a notebook, NBTest-
Gen will generate five assertions that check the column names,

column types, mean and variance of numeric columns, as well

as the shape of the dataframe. NBTestGen generates 2442 Model

Perf. assertions (4.17 on Avg.). Most notebooks consist of (1) one

or more metrics of model performance, such as model accuracy or

precision, and (2) a prediction dataframe that contains predictions

of the trained model on test sets. In the latter case, similar to

dataset dataframes, NBTestGen generates multiple assertions for

the prediction dataframe, which are considered as Model Perf..

The average time NBTestGen takes for generating the asser-

tions per notebook is 1.57 hours when using 30 runs per notebook.

NBTestGen runtime is proportional to the notebook execution time

and the number of runs. However, like other test generation tools,

we expect NBTestGen to be used offline. The generated assertions

perform simple property checks, hence they do not add any sig-

nificant overhead to notebook execution time. Table 3 shows the

distribution of passrates of assertions generated by NBTestGen and

nbval (we compare them in § 5.4).

Table 4: Quality of assertions generated by NBTestGen

Threshold passrate mutation score Est. FPR Est. FNR
0.5 96.93% 0.82 0.1342 0.18

0.7 98.58% 0.78 0.0712 0.22

0.99 100.00% 0.72 0.0052 0.28

0.999 100.00% 0.71 0.0042 0.29

We observe that the passrate of all the assertions is 100.00%,

showing that most assertions generated by NBTestGen have high

reliability. Out of these, 21526 assertions always pass. 16 assertions

have a passrate between 50% and 100%. These 16 assertions, spread

across 8 notebooks, are of type assert_allclose that check model

performance. Due to the small number of runs (30), in some cases,

NBTest under-approximates the variance in the results and pro-

duces overly strict bounds. We inspect these 16 assertions and find

that in 10 of them, the assertion bounds were overly strict. When

rerun with 50 iterations at a 0.999 confidence level and validated

with 30 pytest runs, all assertions passed. The remaining 6 asser-

tions failed due to non-deterministic assertions on training history

values, where even very loose bounds could not ensure consistency.

The checked variables exhibited highly irregular distributions, so

even increasing the confidence level to 0.999 with 50 iterations did

not help.

Assertion Quality vs Confidence Thresholds. Table 4 shows
how the quality of the generated assertions, specifically, the pass-

rate, mutation score, estimated false positive rate (FPR), estimated

false negative rate (FNR), changes with different confidence thresh-

olds used during assertion generation. Because the static analysis

for Python is imprecise, the reported FPR only estimates the true

FPR. Ourmanual inspection of a sample of the reported FPs revealed

that many are in fact true positives, indicating that the reported FPR

overestimates the true one. Overall, when the confidence threshold

increases from 0.5 to 0.999, the passrate increases from 96.93% to

100.00%, as expected. However, the mutation score drops signifi-

cantly from 0.82 to 0.71, along with the FPR. Because Chebyshev’s

method is very conservative, the passrates are already very high

even at 0.5.An ideal confidence threshold should result in high pass-

rate, high mutation score, low FPR and low FNR. Both thresholds

0.99 and 0.999 have very high passrates. However, the mutation

score at 0.99 is slightly higher than at 0.999. Hence, we recommend

using a confidence threshold of 0.99 for generating assertions.

5.2 RQ2: Mutation Analysis of NBTestGen’s
Assertions

We apply the mutations described in § 2.2 to all the notebooks.

This process generates many mutant notebooks, each with a single

mutation, which we simply refer to as mutants hereafter. Some mu-

tations are randomized (e.g., Add Outliers) and/or generate multiple

mutants for the same notebook (e.g., Modify Hyper-parameters).

Hence, we apply such mutations multiple times and generate a

maximum of 4 mutants per mutation per notebook where applica-

ble. We run each mutant 30 times and compute the ratio of runs in

which the mutant is killed by an assertion.

Table 5 presents the results. Each row presents the mutation

score for one mutation. A mutant is killed if at least one assertion

fails. The first four rows represent Data-based mutations, while the

next four represent Source Code-based mutations.
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Table 5: Distribution of Mutation Scores

Mut.\Assert. Dataset Model
Perf.

Model
Arch.

Mut.
Gen.

Mut.
Killed

Mut.
Score

Add Outliers 652.47 80.67 0.00 743 655.47 0.88

Repeat Data 761.03 39.67 0.00 934 764.17 0.82

Add Nulls 708.37 38.80 0.00 817 709.37 0.87

Modify Labels 134.80 104.17 0.00 207 181.87 0.88

Data-based
Total/Mutation score

2256.67

(0.84)

263.30

(0.10)
0.00 (0.00) 2701 2310.87 0.86

Remove Zero Grad 0.00 8.83 0.00 19 7.90 0.42

Modify Hyper-parameters 0.00 533.57 563.97 1220 742.40 0.61

Remove Hyper-parameters 0.00 263.50 377.23 845 443.17 0.52

Remove Layers 0.00 16.67 32.00 132 46.33 0.35

Code-based
Total/Mutation score

0.00

(0.00)

822.57

(0.37)

973.20

(0.44)
2216 1239.80 0.56

Total (All Mutations) 2256.67 1085.87 973.20 4917 3550.67 0.72

General Trends. Overall, the assertions generated by NBTestGen

obtain a mutation score of 0.72 (or 72.21%) across all mutations.

We generate a total of 2701 dataset-related mutants. The mutants

are either killed by Dataset or Model Perf. assertions. Because ML

pipelines are often resilient to small data errors, we observe that

corrupting the dataset does not always cause an observable degra-

dation of the model performance. So, Model Perf. assertions only

have a mutation score of 0.10 for data-based mutations. In contrast,

the Dataset assertions obtain a mutation score of 0.84. They are

generally stricter, e.g., they check if the mean and variance of data

columns are close to expected values. Hence, they can detect data-

based mutations more accurately and earlier in the ML pipeline.

Model Arch. assertions are unable to detect such mutations because

they only check for the integrity of the ML model architecture and

its parameters.

We generate 2216 code-related mutants that either change the

training hyperparameters, or the model architecture (e.g., Remove

Layers). The overall mutation score is 0.56. Expectedly, dataset

assertions fail to detect most of these because these mutations

typically occur later in the pipeline. These mutations are mostly

detected by Model Arch. assertions (mutation score 0.44) or Model

Perf. assertions (mutation score 0.37). The Model Arch. assertions

are stricter in general, so they can detect bugs that affect the model

architecture easily.

Trends across Data-based mutants. We observe that almost

10.85% of Add Outliers, 4.75% of Add Nulls mutants, and 4.25% of

Repeat Data are killed by Model Perf. assertions. In such cases,

the model performance changes significantly. For example, for one

notebook [23] the accuracy dropped to 0.197 from 0.63 after apply-

ing the Add Outliers mutation. In another example [20], the Add

Outliers caused the accuracy to increase to 0.982.

Trends across Code-based mutants. Some mutations like Re-

move Zero Grad only impact the training process by affecting how

model gradients are updated across training iterations. Hence, they

often cause non-deterministic assertion failures, where the model

performance changes drastically but only in a fraction of the cases.

For Modify Hyper-parameters mutants, around 46.23% of them are

killed by Model Arch., and around 43.73% of them are killed by

Model Perf.. Since most of the Modify Hyper-parameters or Re-

move Hyper-parameters mutants modify the hyperparameters in

Table 6: Regression Testing of Kaggle versions

Assert Type Dataset Model Arch. Model Perf. Total

Versions killed 277 (52.17%) 116 (21.85%) 119 (22.41%) 370 (69.68%)

the model definition (such as choice of activation layer), the regres-

sion is detected by the Model Arch. easily. In some other cases, a

change in hyperparameters also causes drastic changes in model

performance, which is detected by Model Perf. assertions. Among

the surviving mutants, the major reason is typically when the hy-

perparameter change does not alter the training results beyond

the expected range in Model Perf. assertions. Because our muta-

tions are applied statically, there is no guarantee that these will

alter the pipeline behavior. An interesting future work would be to

design mutations that leverage dynamic information to generate

behavior-modifying mutants.

Surviving mutants.We manually inspect 70 surviving mutants.

We find that 27 mutants survived because the involved APIs are

not tracked by NBTestGen– these can potentially be killed by im-

proving API coverage. The remaining 43 are equivalent mutants

(8 data-based, 35 code-based) that either do not semantically mod-

ify the pipeline or do not create an observable difference during

the execution. Among the data-based equivalent mutants, three

mutants targeted dataframes with fewer than ten columns, so 10%

selection yielded no columns to mutate. Three mutants were ap-

plied to empty dataframes and two mutants introduced anomalies

which were later removed by preprocessing. Among the code-based

equivalent mutants, 28 Modify Hyper-parameters/Remove Hyper-

parameters mutants only changed the random seed. Three Remove

Hyper-parameters removed explicit hyperparameters already set

to their API defaults (e.g., learning_rate=0.1), and four Modify

Hyper-parameters mutants merely changed the verbosity or for-

matting. The presence of equivalent mutants can underestimate

NBTestGen’s true mutation score, but computing the true score is

generally undecidable [29]. Hence, we leave this for future work.

5.3 RQ3: Detecting Real-World Regressions
with NBTestGen’s Assertions

Using the methodology described in § 2.3, we collect 531 versions

of Kaggle notebooks from 90 notebooks (out of 585). For these

remaining notebook versions, we generate assertions in the latest

versions using NBTestGen and transfer the assertions to the older

versions using the methodology described in § 2.3. We successfully

injected 96.42% of the original assertions into 531 versions, with

39.12 assertions per version on average.

Table 6 presents how many of these versions (which denote

regressions) can be killed/detected by NBTestGen’s assertions. Each
cell denotes the number of versions killed by each type of assertion.

Overall, 370 versions (out of 531, 69.68%) are successfully killed by

our assertions, showing that our automatically generated assertions

are effective at detecting many real-world regressions. Overall, we

observe a relatively low false positive rate of 0.08. However, our

assertions also missed many regressions, with a false negative rate

of 0.30 (i.e., 161 versions).

Among versions that were killed by our assertions, the changes

typically involved dataset pre-processing modifications (e.g., drop-

ping different dataset columns [4]) and model architecture changes
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Table 7: NBTestGen vs. nbval: Assertion Statistics and Quality

Tool # Assertions #Assertions/Notebook passrate mutation score

nbval 14332 24.50 86.07% 0.96

NBTest (0.99) 21542 36.82 100.00% 0.72

(e.g., changing the number of estimators in scikit-learn’s Random

Forest Classifier [1]). These are typically detected via our Dataset

and Model Arch. assertions, respectively. Often, such changes also

significantly affect the performance of the ML pipeline, which

is then detected by our Model Perf. assertions. For example, a

notebook version [77] was killed by all three kinds of assertions.

Most missed regressions fall into one of the two categories: (1) the

changes made did not modify the program’s semantics, and (2)

significant changes to data pre-processing or model architecture

hindered the automatic transfer of original assertions.

5.4 RQ4: NBTestGen vs. Nbval
To compare nbval with NBTestGen, we use the same experimental

steps and collect the same metrics as in RQ1 for nbval. Table 7

presents the results. Overall, we observe that NBTestGen gener-

ates 7210 more assertions than nbval (50.31% greater). On average,

NBTestGen generates 12.33 more (or 50.31% more) assertions than

nbval per notebook. More importantly, the passrate of nbval is

13.93% lower than that of NBTestGen, indicating that NBTestGen

produces more reliable assertions. While nbval seems to achieve a

higher mutation score, on a closer inspection, we find that most of

the failures are unrelated to the mutants, meaning these assertion

failures are false positives. Because nbval performs strict output

comparisons, it often makes brittle checks that break due to differ-

ences in plot metadata and low-level logging data, which are not

meaningful to developers. This can be further confirmed by the

distribution of passrate of nbval’s assertions in Table 3. We find

11.55% of assertions fail in all runs, even though the code remains

unchanged.

While we computed FPR and FNR for NBTestGen, we cannot

compute them for nbval because nbval asserts on cell outputs in-

stead of specific variables and in general it is hard to determine

which statements are producing outputs. So, we manually inspect

20 notebooks to understand why nbval’s assertions fail consistently.

We find three main sources of failures: (1) notebook cells often

contain model outputs, such as prediction results or training loss,

which are typically non-deterministic and exact matches almost

always fail, (2) comparing plots almost always fails because of differ-

ences in plot metadata, and (3) comparing log data (e.g., timestamps,

training logs) that also cannot be compared across runs. Beyond

these cases, nbval often checks outputs that are not meaningful and

more importantly, not useful for debugging. In contrast, NBTest-

Gen targets important ML-related properties and also accounts for

non-determinism, thereby avoiding such problematic scenarios and

producing higher quality assertions.

6 User Study and Real-World Adoption
The goal of our user study was to understand: 1) if developers of ML

notebooks find NBTest’s Python library intuitive and convenient to

use in their daily workflows, and 2) if NBTestGen’s generated asser-

tions are useful compared to manually written assertions. To fulfill

this goal, we recruited 17 developers who have prior experience

with writing ML code in Jupyter notebooks.

Recruitment.We recruited 17 participants (15 graduate students,

2 software engineers) through online advertisements on social me-

dia and word-of-mouth referrals. Overall, three participants have

over five years of experience in machine learning, and four have

more than five years of experience using Jupyter notebooks for

ML-related tasks. None of the participants is an author of this paper

or contributed to this paper in any other way.

Study Design. For each participant, we sent them a document

containing the setup instructions, a tutorial of NBTest’s different

components and examples of API usage, the assertion generator, and

the JupyterLab plugin. We designed four tasks. In the first task, we

provided participants with a notebook and asked them to manually

write assertions using NBTest APIs for three cases to check for data

integrity, model integrity, and model performance. In the second

task, we asked participants to evaluate NBTestGen’s generated

assertions and compare them with their manual assertions. In the

third task, we injected a bug in the notebook and asked participants

to detect this bug using NBTestGen’s generated assertions. The

third task demonstrates that a bug can fail silently and remain

undetected during typical execution, while NBTestGen’s assertions

can detect it effectively. In the fourth task, we asked participants to

use NBTest-lab-extension’s hide/show feature.

After completing the tasks, we asked participants to fill out

a survey with 7 questions: (1) time taken to write assertions (in

minutes with a timer); (2) ease of writing assertions using NBTest’s

APIs (1 = very difficult, 5 = very easy); (3) whether NBTest’s cell-

scoped assertions better capture developer assumptions compared

to notebooks without them (Yes/No); (4) usefulness of automatically

generated assertions (1 = not useful, 5 = very useful); (5) willingness

to integrate NBTest into their Jupyter Notebook workflow (Yes/No);

(6) intuitiveness of using NBTest with Pytest (1 = not intuitive, 5

= very intuitive); and (7) readability of the Jupyter Notebook with

hide/show assertions feature (1 = poor, 5 = very good).

Study Results. On average, participants spent 7.9 minutes manu-

ally writing the assertions. The average rating for manually writing

assertions using NBTest’s APIs was 3.94. This suggests that while

NBTest’s APIs are useful, coming up with assertions manually

might be challenging for users. All participants agreed that the

notebook with cell-scoped assertions provided a better sense of

developer assumptions in the notebook than without them. Partic-

ipants found NBTestGen’s generated assertions very useful (avg.

rating 4.24, minimum 3). 16 participants said that they would like

to integrate NBTest into their workflow. Finally, the participants

found NBTest’s interface very intuitive (avg. score 4.3). The average

readability score was 4.7, suggesting that the hide/show feature is

highly effective in improving the readability of NBTest’s assertions.

Overall, we conclude that notebook users found NBTest’s interface

intuitive and its assertions useful.

Real-world Adoption. We reached out to developers of open-

source machine learning (ML) projects, and the initial responses

were encouraging.We submitted a pull request (PR) [45] to integrate

NBTest into the continuous integration (CI) pipeline of SHAP [51,

52], a popular open-source ML project (24.4k stars). The developers

have merged our PR and integrated NBTest into SHAP’s CI pipeline.
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We also have an ongoing PR [86] for fg-data-profiling [10], a popular

open-source ML project (13k stars). The developer labeled our issue

with the code quality tag and commented that they “tag it as part of

the roadmap so the community is aware that this is something we

are keen to integrate” [22]. Developers of the NVIDIA-BioNeMo

library [6] (820 stars) have also shown interest in integrating NBTest

into their CI [58]. These positive responses demonstrate the promise

of NBTest in the real world.

7 Discussion
Limitations. Our assertion generation relies on regression oracles.

Hence, it is unaware of the expected correct outputs. In the future,

we plan to integrate property-based oracles for data and training

validations. Also, while the assertion generation only runs once

offline, which is realistic for many workflows, the overhead of the

bound computation is still high for long-running notebooks. To

reduce the overhead of long-running notebooks and updating the

assertions after the notebook evolves, we plan to extend NBTest to

support: (1) cost amortization via CI : collecting multiple samples

across CI runs of the notebook and using such samples to esti-

mate bounds, (2) evolution-awareness: obtaining the backward and

forward slice of changed cells and only re-running those cells to up-

date assertions, (3) API-specific variance models: learning expected

output variance from historical notebook runs for each API.

Threats to Validity. (1) Internal: The internal threat comes from

the implementation of NBTest. To address this threat, multiple co-

authors carefully performed testing and code reviews to check that

it was correctly implemented. (2) External: Since our findings are
based on ML-focused notebooks, they may not generalize to non-

ML workflows; however, this is beyond the scope of this work. Also,

the studied notebooks might be limited to the covered ML domains

and frameworks. To mitigate this problem, we selected four diverse

and representative domains, i.e., tabular classification, time series

forecasting, computer vision, and deep learning, which is broader

than in prior work [13, 85]. (3) Construct:Mutants may not be repre-

sentative of real bugs. Tomitigate this, we choose historical versions

of Kaggle notebooks, which also showed high mutation scores. To

mitigate risk due to non-determinism, we run the notebooks mul-

tiple times and use statistical methods to compute metrics.

8 Related Work
Dynamic analysis of Jupyter Notebooks.Many prior techniques

improve the executability and reproducibility of Jupyter Notebooks.

Snifferdog [79] automatically infers correct library dependencies

for Jupyter Notebooks. Osiris [78] identifies possibly correct exe-

cution orders of Jupyter Notebook cells that reproduce the correct

results. NBSAFETY [54] combines dynamic and static analyses to

identify unsafe cell executions, such as out-of-order executions.

NBTest plays a complementary role to these tools by automatically

generating assertions that can detect regression bugs.

Empirical analysis of notebooks. Robinson et al. [71] studied

how student users debug various issues in notebooks. Chattopad-

hyay et al. [7] interviewed various notebook users and identified

several pain points, which included difficulty in debugging and

reproducibility of results. De Santana et al. [11] analyzed numerous

GitHub commits/StackOverflow posts to identify common sources

of bugs in Jupyter Notebooks. NBTestGen’s generated assertions

can potentially improve the quality and debuggability of notebooks.

Bug Detection for Notebooks. Prior work has targeted specific

types of bugs in Jupyter Notebooks, such as name-value inconsis-

tencies [61], data leakage [13, 75, 85], and syntax or dependency

errors [26, 27]. In contrast, NBTestGen uses a regression-based ora-

cle, but has the potential to detect a broader range of bugs, as shown

by our mutation analysis and experiments with Kaggle versions.

Assertion/Test Generation. Many ML-based techniques have

been proposed for generating assertions for unit tests [12, 32, 76,

80, 82]. However, these techniques focus on simpler assertions for

Java. Tools such as Pynguin [50] and DynaPyt [19] are general

test generation tools for Python, but they are not specialized for

ML programs or notebooks. In contrast, NBTestGen automatically

generates assertions to detect regression bugs in notebooks and

accounts for ML randomness.

Inline Tests. More recently, Liu et al. [47, 48] introduced a new

testing paradigm: inline testing that executes tests at a lower level

of granularity (statement level) than unit tests. Inline tests only

target one statement at a time and test general PL features (e.g.,

regexes, string manipulation). In contrast, NBTestGen’s assertions

check for the correctness of logic within a cell, and they lie in

between inline tests and unit tests in granularity and target ML-

related properties. Also, inline tests require developer inputs/oracles

(NBTestGen’s automated assertions do not) and are enforced at test-

time (NBTestGen’s assertions are enforced at both production-time

and test-time).

Testing Non-deterministic Systems. Prior work has tested ML

frameworks [46, 64, 81, 87] and probabilistic programming sys-

tems [14, 17, 49]. However, NBTest focuses on detecting regres-

sions. Flaky test techniques detect and repair tests or assertions

that fail non-deterministically [15, 16, 18, 28]. However, these focus

on tests and assertions developers have already written. In contrast,

NBTestGen automatically identifies important properties of an ML

pipeline and generates regression-based assertions that account for

non-determinism.

9 Conclusion
We presented NBTestGen, an automated assertion generation ap-

proach (and NBTest framework) for generating cell-scoped and

non-intrusive assertions for Jupyter Notebooks. We showed that

NBTestGen is effective at detecting mutations and real-world re-

gressions. NBTest has also been adopted by SHAP, a popular ML

library, and integrated into its CI pipeline, showing its promise

for real-world adoption. We envision that NBTest will encourage

developers to adopt test-driven development of ML Notebooks and

researchers to expand NBTest to detect other classes of bugs.

Data Availability.We share our artifacts and data here [5, 55].
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