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Abstract
Production machine learning models rarely maintain their perfor-
mance over time, requiring frequent retraining due to drifts. How-
ever, optimizing and benchmarking drift detectors is a challenging
process, and drift detection is underexplored in regression scenarios
compared to classification. We introduce our regression-focused
toolkit, RegDriftKit, a modular and extensible Python package for
drift detection experimentation. RegDriftKit provides utilities and
pipelines for richly annotated dataset generation or emulation with
controllable data and concept drifts, drift detection, and benchmark-
ing. Our experiments show that RegDriftKit can reliably automate
data drift tuning across a wide range of numerical distributions and
diverse drift intensities in scenarios with consistent and sufficiently
large data flows. We also propose additional rules to improve detec-
tion accuracy evaluation in edge cases or with non-sudden drifts,
and share our source code and example drift-annotated datasets
that can be used to benchmark data drift detection methods.

CCS Concepts
• Software and its engineering → Object oriented frame-
works; • General and reference → Evaluation; Experimenta-
tion; • Computing methodologies→ Supervised learning by
regression; Discrete-event simulation; • Information systems→
Data stream mining.
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1 Introduction
In supervised machine learning (ML), model performance is typi-
cally evaluated using a test set that is not used to train the model,
allowing ML practitioners to infer the performance in the produc-
tion environment. However, in real-life scenarios, it is uncommon
for models to maintain their evaluated performance levels over
longer periods of time. Baier et al. [6] found that only 9% of the
ML practitioners interviewed indicated that their ML models adapt
to data drifts, suggesting drift detection and adaptation are still a
challenge in the industry.

Despite regression forming a significant portion of machine
learning problems [5], drift detection and drift adaptation are un-
derexplored for regression [5, 7, 38, 68]. Studies that focused on
drift in regression commonly focused on adaptationwithout explicit
detection, possibly due to the challenging and subjective nature
of error quantification in regression (what is a significant error?)
and the lack of regression datasets with drift annotations in the
literature. However, the performance of the model itself is not a
sufficient metric for drift detection [3], and evaluating the detection
performance can produce more robust and explainable methods.
Thus, there is a need for a study that focuses on regression, uses
drift-annotated regression datasets, and evaluates drift detection
independently of model performance.

Real datasets lack the drift ground truth that is needed to obtain
drift detection metrics, which necessitates using synthetic datasets.
Existing data synthesis methods are largely focused on realism and
privacy preservation, with little consideration for drifts, especially
for regression tasks. Moreover, relevant synthetic datasets and gen-
erators commonly focus on concept drift rather than data drift and
classification rather than regression [38]. For drift detection and
adaptation research, there is a need for dataset generation methods
that allow highly controllable data and concept drift generation.

This research is conducted in collaboration with IFS Canada Inc.
IFS Canada develops enterprise software solutions, such as resource
planning, asset management, and field service management, for cus-
tomers from diverse industries such as aerospace, defense, energy,
construction, manufacturing, and telecommunications.

IFS Canada aimed to incorporate drift detection into its MLOps
workflow to promote reliable and explainable machine learning,
with a focus on data drifts in univariate regression scenarios and tab-
ular data. Consequently, this study focuses on developing a toolkit

https://doi.org/10.1145/3793653.3793769
https://doi.org/10.1145/3793653.3793769
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3793653.3793769


CAIN ’26, April 12–13, 2026, Rio de Janeiro, Brazil Kilic et al.

for ML practitioners to study, simulate, and automate drift detec-
tion for research and potential workflow integration. The toolkit
is developed to be used within a no-code platform, enabling non-
technical, internal domain experts to generate synthetic datasets
resembling customer data and evaluate drift detection and retrain-
ing strategies to help decision-making. The research objectives are
as follows:

• Developing a synthetic data generator capable of inducing
data or concept drifts with various temporal patterns for
regression problems.

• Generating synthetic regression datasets with annotated
ground truth for drift occurrence and using them to evaluate
and compare the effectiveness of different data drift detection
methods under various conditions.

• Developing a drift detection rather than adaptation in re-
gression settings.

• Design of a modular and extensible framework for drift de-
tection and benchmarking.

In this study, we address the following research questions:

RQ1: To what extent can we generate synthetic datasets
with highly controllable data drifts?
Since reliably evaluating detection methods requires (or
assumes) that ground truth drifts are known, our approach
depends on synthetic data generated with precise data
drifts. At the same time, there is a need for a method that
can be used without in-depth statistical knowledge that
would facilitate automated dataset generation and data
drift detection evaluation. We design an experiment to
evaluate our smart data drift generation approach.

RQ2: How can the performance of data drift detection
methods be reliably assessed without using proxy-
based metrics?
Data drifts in regression scenarios are rarely explored
in the literature and are mostly addressed by adaptation
rather than explicit detection. With a focus on detection
for reliability and explainability, there is a need for de-
tection metrics and pipelines to evaluate the detection
performance of different methods, instead of using proxy
metrics such as prediction performance. Following our
synthetic data and drift generation method and our data
drift detection evaluation pipeline, we designed an ex-
periment to demonstrate how different methods can be
benchmarked.

To the best of our knowledge, RegDriftKit is the first drift-focused
solution for regression scenarios that allows (1) fitting a generator
to a reference dataset, (2) annotated dataset generation with drift
ground truths and extensive metadata, (3) precise data and concept
drift generation, and (4) reliable yet automated and declarative data
drift tuning without deep statistical knowledge.

2 Background and Related Work
In this section, we provide background information regarding popu-
lar drift categories and briefly cover related work on drift detection
tools, datasets/data generators, and data imitation methods.

2.1 Drift Types
Model drifts indicate a significant performance loss of a trained
model, either due to encountering input values outside the known
and modeled distributions or changes in the underlying concept.

Data drifts, also known as “covariate shifts” [62], correspond to
changes in the newly observed input distribution compared to the
training set, with some varying interpretations. Multiple studies
[34, 35, 49] also used the term “virtual drift” or “virtual concept drift”
for a change in the data, while some others explicitly referred to
changes in the data without a change in the concept [53]. Tsymbal
[78] referred to changes in the data that require a change in the
model, requiring a model drift for both data and concept drifts.
Microsoft used “virtual drifts” to indicate data or target drifts that
do not cause a change in the concept [69]. Lesort et al. [48] also
explained that “virtual drifts” can be interpreted as data drifts with
neither a concept nor a target drift, also known as “domain drifts.”
While some studies explicitly included the term “concept” in “virtual
concept drift” [35, 68], other studies simply used the term “virtual
drift” [23, 34, 48, 49, 53, 88], without a clear pattern.

Concept drift (or “dataset/concept shift” [53, 62, 87]) is a change
in the joint probability distribution of a set of inputs and the target
variable [5], altering the underlying input-to-target mapping. There
is a lack of consensus on what counts as a concept drift [7]. Some
studies categorized data drifts under concept drift using the term
“virtual concept drift” [34, 52–54, 90].

We define any input variable change as data drift, and changes
in the input-target relationship as concept drift.

2.2 Temporal Patterns of Drifts
Drift occurrences are commonly categorized based on their tem-
poral characteristics. Sudden/abrupt drifts indicate a change that
occurs immediately, which is usually easier to detect [4]. Gradual
drifts occur when the frequency of observing instances with drift
increases over time and ultimately completely takes over the pre-
vious concept or distribution, while incremental drifts occur when
the new distribution or concept drifts away with intermediate steps
[34]. Gradual and incremental drifts can be harder to detect over
a short period of time and can cause significant model drift [70].
Reoccurring drifts1 occur when the initial concept or distribution is
observed after some time from drift occurrence, potentially indicat-
ing seasonality effects.

2.3 Detection Tools
There are multiple tools for drift detection, originating from both
industry and academia, such as Evidently [30], Frouros [21], Alibi
Detect [84], Deepchecks [18], Menelaus [59], NannyML [63], River
[61], and Google Cloud’s new model monitoring service [36].

In our study, we implemented detection classes that work with
Evidently and Frouros libraries due to their maturity, active de-
velopment, adoption, and permissive license. Evidently is a ma-
ture framework for evaluating, testing, and monitoring machine

1In the literature, reoccurring drifts are also commonly referred to as “recurrent” and
“recurring” drifts. While multiple studies used both terms interchangeably [2, 27, 60],
we explicitly preferred the term “reoccurring” due to “recurrent” implying seasonality
and predictability, which are not actually guaranteed for drifts. To clarify the difference,
Costa et al. [19] differentiated the two types by defining them as “recurrent cyclical”
and “recurrent acyclical” drifts.
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learning models, offering extensive visualization and data-quality
metrics. However, its drift detection is limited to univariate meth-
ods applied per feature, and it favors custom test functions over
extensible monitor classes. Frouros focuses solely on drift detection
algorithms, covering both univariate and multivariate data and
concept drifts. It provides a wide range of implementations and has
been used in major European Union research projects [1, 42].

2.4 Datasets and Data Generators
Most of the popular real and synthetic datasets used in drift de-
tection are classification-oriented [10, 12, 24, 29, 33, 37, 40, 43–
45, 66, 71–73, 76, 79, 80]. The state-of-the-art offers fewer real,
regression-oriented datasets [22, 31, 46, 50, 57, 65, 81, 82], featuring
a mixture of numerical, categorical, temporal, and Boolean input
variables. However, real datasets naturally do not include or allow
the extraction of drift ground truth. Turing Change Point Detection
Benchmark [83] provides 37 different time-series from different
domains that can be used to evaluate change point detection algo-
rithms. To address the lack of ground truth related to when changes
occur, manual change point annotations for each time series for
each dataset. However, only four of its datasets are multivariate,
and its emphasis on time-series data does not suit our study’s focus
on general, non-time-series regression problems.

While there are some synthetic regression data generators that
have drift generation capabilities, customizability is very limited.
Friedman data generator [41] changes a portion or the whole func-
tion used to obtain the target variable in different manners to pro-
duce sudden/gradual local/global concept drifts. Wang et al. [86]
use a linear regression formula with some added noise for target
variable generation, and switch the active preset (coefficients of
variables) to generate sudden and reoccurring drifts. While [61]
provides popular real and synthetic datasets that can be used to
evaluate drift detection methods, only one of its data generators has
a regression focus and explicit drift generation capabilities (imple-
mented based on Ikonomovska et al. [41]). None of the mentioned
examples provides support for customizable data or concept drift
generation. A recently proposed tool, SiD2Re [38], is designed for
the generation of synthetic datasets with data and concept drifts,
and model-dependent features through Cholesky decomposition
[8]. However, its data generation is limited to uniform, constant,
Gaussian, and periodic features. Furthermore, its data drift approach
focuses on seasonality-like temporal behaviors, not allowing precise
and parameter-level drift generation.

Drift-enabled synthetic dataset generation tools commonly in-
duce drifts by manipulating instance classes rather than inducing
data drifts through feature manipulations [55]. Lewis et al. [49]
proposed a toolset, Augur, that can be used to simulate and de-
tect drifts with modules for dataset generation, model training,
and inference. Its dataset generation module allows for inducing
data drifts in different temporal patterns. However, Augur was de-
signed for and tested with classification problems, creating drifts
by manipulating target class occurrences, and requires significant
changes to be used for regression. While Lukats et al. [55] addressed
the limitations of class distribution manipulation by swapping the
underlying function used to generate data, they did not provide
directly usable datasets; their generator did not provide the drift

ground truth, their simulated drifts were always abrupt, and they
focused on classification, like many other studies.

2.5 Data Imitation
Synthetic dataset generation from a reference dataset (data im-
itation) largely focuses on realism or privacy-preservation, and
can be summarized under deep-learning-based and standard (non-
deep-learning-based) methods [32]. While deep-learning-based ap-
proaches (especially Generative Adversarial Networks) are popular
and found to yield more realistic results, they are also more complex
and less interpretable due to their black-box nature, which hinders
controlled drift generation.

Among standard methods, Zhang et al. [89] employed Bayesian
networks to model a given dataset as a set of conditional distribu-
tions, focusing on privacy preservation. Nowok et al. [67] proposed
sequentially generating variables to preserve dependencies, but its
order dependence reduces controllability and offers limited realism
when modeling complex feature relationships. Copula-based meth-
ods [75] model features and feature dependencies separately, but
traditional copulas struggle with high-dimensional relationships
[39], and elliptical copulas have limited flexibility [77]. Vine cop-
ulas improve scalability by modeling dependencies as cascades of
bivariate copulas [13], but their exponentially growing complex-
ity requires optimized configuration [77] and manipulating one
marginal cascades the entire joint distribution, making it difficult
to induce controlled and isolated drifts. Overall, existing methods
trade univariate drift ground truth at the marginal level for added
realism and do not consider drift generation.

3 Toolkit Overview
RegDriftKit’s primary functions are to generate annotated regres-
sion data sets, provide a unified interface for drift monitoring using
different algorithms and libraries, and benchmark drift monitors.
Its top-level packages are defined as follows:
• Generator: Classes and functions for dataset and drift generation,
statistical distribution classes, drift tuning, and dataset fitting.

• Data Monitor: Data drift detection classes (also called “data
monitors”) and functions to instantiate or optimize them.

• ModelMonitor: A model drift detection class (also called “model
monitor”) and functions to instantiate it (or future model monitor
implementations).

• Benchmark: A benchmark dataset class that encapsulates ob-
jects and metadata relevant to a generated dataset and functions
to evaluate data monitors using such datasets.

• Pipeline: Pipeline classes that can be run from a terminal.
• Utilities: Various utility modules grouped under different sub-
packages (collections, file operations, statistical distributions,
data generation,monitoring, persistence, and visualization). These
are used by the core packages.

• ML: Helper functions to train and optimize different types of
regression models that are used in benchmarking.
Figure 1 illustrates two key pipelines of the toolkit: one for gen-

erating benchmark datasets (that can mirror a reference dataset),
and another one for evaluating data monitors with configurable
settings.
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Figure 1: Dataset generation and data drift detector bench-
marking pipelines

3.1 Synthetic Dataset Generation
Evaluating drift detection is more difficult in regression compared to
classification, where a prediction can be deemed correct or not. Ob-
taining ground truths for the drift occurrences is therefore crucial,
especially with non-sudden drifts where the shift occurs over a pe-
riod of time. Real datasets naturally do not include the drift ground
truth due to the complex and unknown relationships. While sudden
changes can be retroactively identified, identifying the ground truth
becomes particularly challenging for gradual and non-sudden drifts
[26].

Due to not having the complications observed in real data and all
drifts occurring under control, synthetic datasets are more suitable
for drift detection evaluation. However, many existing synthetic
generators focus on classification or have limited customizabil-
ity. Considering these limitations, we developed a generalizable
synthetic data generator with highly customizable drift synthesis
capabilities.

We implemented a data generator, LinearRegressionDrifter, that
acts as a discrete event simulator to sample input and target vari-
ables and induce data and/or concept drifts on demand or a defined
schedule, generating new data in batches or as a stream. Each fea-
ture is modeled as an independent marginal distribution, allowing
controlled feature-level drifts. The toolkit supports SciPy [74] dis-
tribution and custom distribution classes (such as the included
example Gaussian mixture custom class) that follow the SciPy dis-
tributions’ API. The target variable is modeled through a linear
regression formula, where each input variable is an independent
variable, and optional noise is added. To avoid feature range imbal-
ance, feature values are standardized under the hood before their
target variables are obtained.

Drift options are specified through specific data classes, which
define drift timing (manual, automatic, or semi-automatic), occur-
rence interval, pattern (sudden, gradual, incremental, or reoccur-
ring), and amount. Concept drifts modify regression coefficients or
the intercept, and coefficients can be explicitly specified through
absolute or relative drift expressions, along with other options
such as sampling drifting variables or allowing cumulative and
random-direction drifts. Data drifts change feature distributions or
parameters used to create the distributions using drift expressions.
Due to the discrete nature of the simulation, gradual and incremen-
tal drifts are converted into a series of intermediary sudden drifts
(using the drift expression, pattern steps, and the drift amount) and
put into drift queues to be processed over time. Drift options can
be specified during or after initialization of the data generator.

To reduce the statistical knowledge required for specifying drift
magnitude and to support no-code usability of the toolkit, we im-
plemented a smart data drift generation feature that automatically

Figure 2: Dataset fitting process that models marginal dis-
tributions and the target variable to generate a dataset that
mimics the given reference.

tunes distribution parameter changes. Users provide the desired
p-value between two batches generated before and after the drift,
and the toolkit optimizes the new parameter values by first heuris-
tically defining bounded search spaces based on the distribution
parameter types. Different rules are applied for location, standard
deviation, rate, scale, shape, and probability. For some distributions,
such as binomial and negative binomial, the number of trial/success
parameters is kept intact to preserve the originally observed range
of discrete values. The toolkit then applies Bayesian optimization to
match the target p-value using the Cramér–von Mises test [20, 85].

The generator can also fit itself to a reference dataset, estimating
marginal distributions and a regression model to reproduce realistic
characteristics. A set of suitable candidate distribution objects is
fitted to each marginal distribution and selected using AIC, AICc,
or BIC. It currently supports 20 SciPy distributions and the custom
Gaussian mixture distribution for fitting.

Generated datasets and metadata are encapsulated in benchmark
dataset objects that store inputs, targets, metadata, and the gen-
erator object for reproducibility and visualization. A benchmark
dataset can be saved as a folder and loaded back from it. It also
includes some visualization utilities to see the value, parameter, or
concept changes in the dataset over time.

3.2 A Unifying Approach for Drift Detection
Our toolkit has a unifying approach to drift detection in two ways.
While there are multiple drift detection libraries (some having a
considerable overlap of methods), there is no API standard, which
prevents drop-in replacement or easily combining methods from
different libraries. In RegDriftKit, we implemented wrapper data
drift detectors (data monitors) that support batch-based detection
methods from Evidently and Frouros libraries (35 methods in to-
tal). These wrappers standardize data ingestion, detection output,
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and initialization (with some necessary diversion) under a uni-
fied interface, allowing users to switch between detector instances
or combine methods from different libraries using the same API.
They encapsulate preprocessing, drift checking, and postprocess-
ing through common methods while delegating the detection logic
to the wrapped library. Both monitors support Boolean signaling
with custom thresholds, preprocessing/postprocessing, comparison
context management, and metadata output, enabling consistent
integration with the toolkit and other pipelines. Our Evidently
wrapper also supports using multiple univariate detection methods
and combining their signals, and drift detection report generation.

A common design pattern in drift detection frameworks is the
separation between offline (batch) and online (streaming) monitor-
ing. For instance, Alibi Detect and Frouros implement the same
methods (e.g., Kolmogorov–Smirnov, Maximum Mean Discrepancy,
Cramér–von Mises) multiple times, one per paradigm. However,
both compare new and historical data, and the two approaches start
to converge in drift detection. It is still necessary to periodically
update or prune the reference dataset in batch processing to ensure
its relevance, and some stream processing methods batch incoming
data first. A unified, hybrid architecture could therefore support
both scheduled and ad-hoc detection, accommodating diverse inges-
tion modes within a single framework. We implemented an abstract
class that manages data ingestion, comparison window (cache), de-
tection scheduling, and other operations that can be decoupled
from detection logic. The cache is an adaptive window inspired by
ADWIN [9] due to its popularity and influence in the literature [53],
robustness to non-sudden drifts [9], and ease of implementation.
Each newly observed instance is appended to the cache, and the
cache grows (“adaptive windowing”) until a drift is detected or the
cache limit is reached. When the cache hits a user-defined length
or space limitation after a new observation, the oldest instances (or
the oldest group of instances if group atomicity is preferred) are
dropped. Having a fixed reference set or a fixed moving window
for comparison is also supported. This approach facilitates stream
compatibility for batch-oriented methods while allowing focus on
detection logic. Our wrappers inherit these base functionalities and
also provide a heuristic candidate cut-off date selection method
from Bifet and Gavalda [9], which can be included in custom data
monitors through a reusable utility function.

We currently provide one model monitor class for model drift
detection. It evaluates a given model on a validation dataset using
a user-defined performance metric and returns a drift signal. If
specified, the signal can be Boolean based on the user-defined
metric threshold. The model monitor shares the same configuration
and initialization logic as data monitors. It also has a similar API,
but does not have some of the more advanced features, such as
context management.

3.3 Detection Evaluation
Previous studies, even the ones that focused on drift detection rather
than drift adaptation, commonly used proxy metrics such as MAE,
RMSE, SMAPE, for regression [5, 25] and average class accuracy,
average classification error rate, average classification accuracy, for
classification [26, 51, 64]. These metrics evaluate not the detection
performance itself but rather the prediction performance of an ML

model or ensemble that is altered by the proposed method, provid-
ing a comparison between the proposed and alternative methods or
the baseline. However, such metrics offer only a partial perspective,
as they typically assess overall drift-handling performance without
isolating individual components of the process. As a result, a model
may appear to perform well while still lacking clarity or accuracy
in explaining the underlying causes of the drift. For example, in
a high-volume data scenario, a detection method with high recall
but low precision can improve model accuracy while producing
frequent false alarms, reducing interpretability and efficiency in
practice.

For detection evaluation, we use the Mean Time Ratio (MTR)
metric adapted from Bifet et al. [11] and used by other studies
[15–17, 28], defined in Equation 1 as

𝑀𝑇𝑅 =
𝑇𝐹𝑃

𝑇𝑇𝐷
× 𝐷𝑅 (1)

where MTR is calculated by the mean time between false positives
(TFP) divided by the mean time to detect (TTD), multiplied by
the detection rate (DR). Since an ideal detection method is both
fast and accurate — two goals often in trade-off — MTR evaluates
both dimensions given a sequence of ground-truth drift events and
corresponding monitor signals. TTD is calculated using the average
difference between the times a ground truth drift occurs and the
monitor detects it, while DR is calculated by dividing the true
positive count by the number of ground-truth drift events. While
this metric was originally proposed for concept drift detection, it
is also suitable for data drift ground truths and Boolean signals.
We also report TTD, TFP, DR, TPR (true positive rate), FPR (false
positive rate), and F1 score metrics.

Similar to Lukats et al. [55], we observed thatMTRwas undefined
in some edge cases due to zero-division problems. To ensure a
reliable comparison between monitors using all metrics, we added
the following considerations:
• If no ground-truth drift event is present, the evaluation is omitted,
as the absence of drift provides no valid basis for assessing the
monitor’s performance.

• If a monitor exhibits no false positives, we assume that false
positives occurred before and after their signals were captured.
Therefore, its mean time between false positives (TFP) is defined
as the total sequence length + 1. Bifet et al. [11] similarly use the
sequence length in such cases.

• Since a detection is defined as a true positive for a given drift if it
occurs before the next drift event, a monitor with no detections
is optimistically assumed to need one additional opportunity to
detect each ground-truth drift. Therefore, in such cases, TTD
is calculated from the maximum possible detection time (right
before the following drift occurs) + 1 for each ground-truth drift
except the last one. The last drift is excluded, since its maximum
detection window is unknown. Bifet et al. [11] do not consider
this because they only report the MTR metric, which can be
simply set to 0 in this case. If only a single drift is present, a
similar assumption used in the FPR calculation is applied: drifts
occur immediately before the first step and immediately after the
last step, and the distance between these two points is used to
obtain the maximum possible time to detect.
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• Since a monitor can detect a drift the moment it is induced,
their TTD can be 0, which can cause a zero-division problem
for MTR. Therefore, for the MTR calculation, TTD is clamped
to a minimum of 10−𝑚𝑖𝑛 (3, 𝑑𝑒𝑡𝑒𝑐𝑡𝑖𝑜𝑛 𝑐𝑜𝑢𝑛𝑡 ) , providing numerical
stability while still rewarding fast detectors with an adjusted
confidence.

• Other zero-division cases are replaced with 0.
An additional limitation of the proposed metrics, also explained

by Lukats et al. [55], is that they use single points in time that
correspond to a drift occurrence. However, gradual and incremental
drifts take multiple time steps to stabilize. To address this limitation,
we define the following specifications for the detection evaluation:
• A positive drift signal shall be considered a true positive if it
was observed between the initial induction of a drift and the
induction of the next one. A false negative is recorded when no
detection occurs between two drift inductions. In other words, a
valid detection may take place either during the progression of
the drift or after it has stabilized, as long as it is observed before
the induction of the next drift event.

• When a gradual or incremental drift is detected while it is still
ongoing, any additional positive drift signal before the next drift
induction is treated as a false positive.

• TTD is calculated using the induction time of the drift and the
first positive signal after induction.
In our experiments, data monitors that obtained perfect or near-

perfect performance without generating any false positives led to
highly skewed MTR results. To mitigate the skewness, we propose
applying a log1p transformation and analyzing Log MTR instead
(𝐿𝑜𝑔 𝑀𝑇𝑅 = 𝑙𝑛(𝑀𝑇𝑅+1)). This transformation allows compressing
larger numbers while preserving the MTR’s monotonic relationship
with other metrics, such as the F1 score.

As an alternative to using the ground truth from the metadata,
we defined two empirical methods to obtain ground truths for de-
tection evaluation. In the first one, for a given marginal distribution,
whether there is a significant change between two time steps is
decided using the observed values, while the second one uses the
distributions stored in the metadata and does sampling from those
distributions with the requested sample size before making the
comparison. These alternative methods are useful when drifts are
not reasonably ensured to create a significant difference. However,
their usefulness is limited depending on the sample size. We did
not leverage the alternatives, as we created our own datasets with
tuned drift significance and relied on the tuned ground-truth drifts.

3.4 Pipelines
To support benchmarking and experimentation, we developed three
pipelines that extend a base class, support YAML or JSON configu-
ration files (which are validated against the pipeline schema), and
can be executed through Python or a command-line interface.

Our first pipeline, SmartDriftGenerator, is a wrapper for our
dataset modeling and smart data drift generation features men-
tioned in Section 3.1.

Our second pipeline, UnivariateDataMonitorBenchmark, facili-
tates optimizing, benchmarking, and selecting data monitors. If a
reference dataset is provided, the pipeline first generates a bench-
mark dataset using SmartDriftGenerator. If optimization is needed,

two datasets are needed (or generated using different seeds) to
prevent overfitting. The result of this pipeline indicates the best
configuration for each data monitor, user-specified detection met-
rics, and which data monitors perform best for each input variable.

Our third pipeline, RetrainingStrategyBenchmark, facilitates com-
paring different retraining strategies (no retraining, periodic retrain-
ing, retraining based on model drift detection, and retraining based
on data drift detection) using a set of performance and consumption
metrics calculated over time using a benchmarking dataset. In this
pipeline, the given set of univariate data drift detectors is weighted
based on the feature importance of the features they track, and their
consolidated drift signal is compared with a user-defined thresh-
old to trigger retraining along with additional parameters. Apart
from returning benchmark results, the pipeline can also generate
an HTML report that visualizes data drifts, retraining trigger times
and time ranges, predictor performance, and resource consumption
over time, along with comparative plots across different strategies.

For modularity and reusability, we designed the classes and their
configuration schema to facilitate easy subtask delegation between
pipelines. For example, if the user passes a reference dataset to
RetrainingStrategyBenchmark pipeline and provides data monitors
that have parameters set to be optimized, data monitor optimiza-
tion and benchmarking are delegated to the UnivariateDataMonitor-
Benchmark pipeline, which delegates benchmark dataset creation
to the SmartDriftGenerator pipeline.

4 Experiment
Our toolkit features smart drift generation that enables users to
create data drifts without requiring in-depth statistical knowledge
by providing the desired p-value between two sample distributions
— before and after drift generation.We hypothesized that smart drift
generation can produce drifts that closely match the target p-value,
ensuring controlled and statistically meaningful drift simulation.

4.1 Setup
To test our smart data drift generation, we created a base set of
15 distributions consisting of different SciPy distributions and our
Gaussian mixture class (all supported for dataset fitting). Figure 3
illustrates the distribution histograms using a sample size of 1,000,
demonstrating that the set is curated to include diverse distribution
types with respect to shape, range, skewness, continuity, tailedness,
cyclicity, discreteness, and modality.

For each distribution, we performed drift tuning using the de-
fault configuration that heuristically determines a bounded search
range for each distribution parameter type and using an optimiza-
tion budget of 100 iterations. Since our drift tuning evaluates only
the final outcome rather than individual steps — and steps (for
gradual and incremental drifts) are calculated from the desired final
state — we limited this experiment to sudden drifts. To mimic a
real scenario in which distributions evolve over time through mul-
tiple drifts, we performed 100 consecutive drifts for each feature
to evaluate the robustness of our method. We repeated this experi-
ment with four different target p-values to evaluate our approach’s
capability to generate drifts of varying statistical strength: 0.001
(highly significant), 0.01 (very significant), 0.05 (significant), and
0.5 (insignificant, effectively noise). For parameter optimization,
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Figure 3: Distributions used to simulate a diverse set of fea-
tures.

we applied the absolute error of the observed p-value as the loss
to minimize and a sample size of 1,000 with different seeds for
optimization and evaluation to statistically compare the original
and drifted distributions.

4.2 Evaluation
For statistical testing, we considered multiple candidate tests from
SciPy. We wanted to use a statistical test that can be applied to both
continuous and discrete distributions, therefore eliminating the
Kolmogorov–Smirnov test. We excluded the Eppstein–Singleton
test because it exhibits numerical instability in some discrete dis-
tributions. We also excluded the Anderson–Darling test because
of its p-value cap. We did not adopt a permutation test approach
due to computational complexity. Instead, we used the Cramér–von
Mises test due to its applicability to both continuous and discrete
distributions, ease of interpretation, computational simplicity, and
balanced sensitivity throughout the distribution.

For each target significance and feature combination, we ana-
lyzed the residuals (the difference between the observed and target
p-values) and performed an equivalence test using two one-sided
t-tests (TOST) with the residuals. Since p-values exhibit some log-
normal characteristics, where the difference in 𝑝 corresponds to
a larger change in the lower extremes and p-value thresholds are
traditionally log-spaced, we defined a multiplicative factor 𝑓 . Fol-
lowing Lužar-Stiffler and Stiffler [56], we set 𝑓 to 1.25 due to mar-
gins obtained from 𝑓 being logarithmically symmetrical around
zero, as 𝑙𝑛(1.25−1) = −0.223 and 𝑙𝑛(1.25) = +0.223. Therefore,
for a target p-value 𝑝 , we defined the region of equivalence E as
[𝑝 · 1.25−1, 𝑝 · 1.25]. Using this formula, we obtained the following
regions of equivalence for each target p-value:

• 0.001: [0.0008, 0.00125] ([-0.0002, 0.00025] for the residuals)
• 0.01: [0.008, 0.0125] ([-0.002, 0.0025] for the residuals)
• 0.05: [0.04, 0.0625] ([-0.01, 0.0125] for the residuals)
• 0.5: [0.4, 0.625] ([-0.1, 0.125] for the residuals)

Figure 4 presents target p-values and their equivalence regions
using both linear and logarithmic scales. We observe that the re-
gions are both symmetrical and uniform, while the target p-values
are approximately equidistant on the logarithmic scale. These mar-
gins also allowed us to have non-overlapping regions that also grow
with the growing target p-value. Using our multiplicative factor,

Figure 4: Target p-values and their equivalence regions in
linear and logarithmic scales.

we defined our two null hypotheses as

𝐻01 :
𝜇

𝑝
≤ 1

𝑓
, 𝐻02 :

𝜇

𝑝
≥ 𝑓 (2)

where 𝜇 represents themean of the residual population. Therefore, if
the p-values are significantly higher than the lower bound (rejecting
𝐻01) and significantly lower than the upper bound (rejecting 𝐻02),
the p-values are considered to be within the equivalence region and
close enough to the target value. We used residuals instead of raw
p-values for easier comparison and error direction analysis across
different significance levels.

It was important that drift tuning does not yield monotonic
trends in samples unless the user intentionally specifies a very slow
incremental drift, as a trend over longer periods of time could be
interpreted as an incremental drift itself, reducing the reliability of
the ground truth. A monotonic trend in drift tuning performance
was also potentially dangerous, as it would suggest that drift tuning
is not reliable in longer runs. It was also important that drift tuning
does not produce autocorrelations. An autocorrelation in sample
means can reduce the statistical power of tests, and over longer
periods of time, it can have negative impacts on drift detection
algorithms. An autocorrelation in drift tuning performance can
suggest that drift tuningmay stagnate after arriving at a distribution
state. For these reasons, we tested both drift tuning performance
(using p-value residuals) and distribution sample means.

For drift tuning performance, we checked for monotonic trends
using the Spearman rank correlation between the residuals and the
time indices. To check for autocorrelations, using residuals and time
indices again, we employed the Ljung–Box test with an alpha of 0.05
and a maximum lag of 5, following the recommended percentage
(5% of the time-series length) by Burns [14]. To account for the
increased false discovery rate (FDR), we applied the Benjamini–
Hochberg correction using the number of features for each p-value
(separately for each target p-value). For sample means, we followed
the same Spearman and Ljung–Box procedures using the sample
means and the time indices.

4.3 Findings
By subtracting the target p-value from the observed p-values for
each tuned drift, we obtained residuals showing how far each drift
was from the target (0.001 for highly significant, 0.01 for very sig-
nificant, 0.05 for significant, and 0.5 for insignificant). Figure 5



CAIN ’26, April 12–13, 2026, Rio de Janeiro, Brazil Kilic et al.

Figure 5: Residuals obtained from p-values and target p-
values for each distribution. Dashed lines represent the equiv-
alence margins for each target p-value.

illustrates the residuals for each feature and target p-value combina-
tion, along with target-specific equivalence margins. The residuals
had an extremely narrow range for drifts that target a p-value of
0.001 (highly significant), while their range and variance increased
progressively with higher target p-values.

According to the TOST criteria, equivalence regions also indicate
the 90% confidence interval into which each distribution’s residuals
must fall at each target p-value. Distributions that do not satisfy
this condition are considered to exhibit drift levels that deviate
from the desired intensity; these cases are highlighted in red in
Figure 5. With the exception of the negative binomial distribution,
smart drift generation achieved results within equivalence mar-
gins for very significant, significant, and insignificant drift levels.
With highly significant drifts, the negative binomial, binomial, and
Poisson distributions exhibited residuals statistically different from
zero. In particular, the Poisson distribution showed the greatest
deviation, displaying a notably wider confidence interval with less
significant drifts compared to the other distributions. Across all
target p-values, the negative binomial distribution had a positive
skewness, especially exhibiting greater variance in very significant
and other less significant target p-values.

Figure 6 shows the Spearman rank correlations between the time
indices and either (a) the residuals or (b) sample means for each
feature and target p-value, where the insignificant correlations are

(a) Residuals (b) Sample means

Figure 6: Spearman correlations between time indices and
residuals (left) or sample means (right). Darker shading indi-
cates statistically insignificant relationships (𝑝 ≥ 0.05).

shaded darker (alpha = 0.05). For residuals, most correlations were
found negligible and insignificant. With insignificant drifts, we
noticed that negative binomial and uniform distributions had sig-
nificant yet weak positive correlations (0.22 and 0.21, respectively),
suggesting tuned drift p-value has a slight positive trend over time
for such distributions. For sample means, no significant correlation
existed in highly significant drifts. With very significant drifts, nbi-
nom had a weak negative correlation (-0.24). With significant drifts,
laplace had a weak positive correlation (-0.24). With insignificant
drifts, norm had a moderate positive correlation (0.31).

Our Ljung–Box test results for residuals and sample means for
each feature and target p-value combination are reported in Table 1.
With an alpha of 0.05 and a maximum lag of 5, the critical cut-off
𝜒25,0.95 for the Ljung–Box statistic (𝑄) was 11.07. With residuals,
most distributions’ raw 𝑄 was fairly below this threshold. As an
exception, skewnorm and vonmises in very significant drifts and
gaussianmix in significant drifts had a𝑄 higher than the critical cut-
off. However, due to testing for 15 features, we used the Benjamini–
Hochberg correction within each target p-value group and reported
the adjusted p-values. Obtaining the minimum adjusted p-value
of 0.23, we did not reject the null hypothesis that there was no
autocorrelation. We obtained similar results with sample means;
after applying the Benjamini–Hochberg correction, the minimum
adjusted p-value was 0.175, not finding a significant autocorrelation.

We also visually examined sample means over time by plot-
ting line charts, color-coded by their target p-value. The results
showed no consistent directional trend in the means. However, we
observed a clear pattern that distributions with more significant
drifts demonstrated consistently stronger oscillations, while those
with less significant drifts displayed narrower oscillation ranges
and were more densely concentrated around the central region. An
example is presented in Figure 7.
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Adjusted p-value per target drift level

Residual Sample mean

Feature 0.001 0.01 0.05 0.5 0.001 0.01 0.05 0.5

uniform 0.98 0.43 0.97 0.88 0.68 0.66 0.72 0.84
norm 0.98 0.77 0.97 0.97 0.72 0.59 0.48 0.73
skewnorm 0.98 0.29 0.40 0.97 0.72 0.18 0.91 0.80
truncnorm 0.98 0.58 0.97 0.88 0.68 0.66 0.94 0.73
lognorm 0.98 0.85 0.97 0.97 0.91 0.95 0.71 0.73
loguniform 0.98 0.58 0.97 0.97 0.68 0.66 0.48 0.73
weibull_min 0.98 0.51 0.97 0.88 0.68 0.95 0.91 0.73
beta 0.98 0.36 0.97 0.97 0.72 0.95 0.94 0.73
laplace 0.98 0.71 0.97 0.97 0.68 0.66 0.48 0.73
vonmises 0.98 0.36 0.97 0.88 0.68 0.18 0.51 0.73
gaussianmix 0.98 0.43 0.23 0.97 0.87 0.72 0.91 0.84
poisson 0.98 0.68 0.97 0.88 0.74 0.66 0.91 0.73
bernoulli 0.98 0.58 0.97 0.97 0.72 0.66 0.48 0.73
binom 0.98 0.58 0.97 0.97 0.89 0.66 0.91 0.73
nbinom 0.98 0.51 0.97 0.88 0.92 0.38 0.72 0.73

Table 1: Ljung-Box test results with residuals and sam-
ple means denoting the autocorrelation up to lag=5 with
Benjamini-Hochberg correction for each target drift level.

Figure 7: norm sample mean over time, color-coded by target
p-value.

We observed a similar pattern with distribution parameter values
over time, particularly for location parameters. The pattern was
less visible in parameters that had a competing effect with other
parameters or had a non-linear impact on the sample, which also
had greater residuals. Given the complex relationship between
parameter values and the samples, and since our primary focus was
on drift tuning performance and sample means, we did not conduct
further analysis of parameter values.

Temporal sample means and parameter value plots, and other
additional materials are available in our replication package [47].

5 Discussion
In this section, we discuss our experiment results, implications, and
limitations.

5.1 Smart Drift Generation
We hypothesized that our smart data drift generation approach
can reliably induce drifts that are sufficiently close to the desired
levels without manual specification of distribution parameters. We
defined reasonable regions of equivalence using multiplicatively
symmetrical margins from the literature [56]. We then performed
two one-sided t-tests to evaluate if the observed drift magnitudes
fell within these predefined equivalence bounds. Our results demon-
strated that, except for the negative binomial distribution, our smart
data drift generation can reliably tune drifts to desired p-values of
0.01 (very significant), 0.05 (significant), and 0.5 (insignificant).

Our results were less reliable for highly significant drifts, in par-
ticular, for Poisson, binomial, and negative binomial distributions.
Considering all three distributions are discrete, we argue that drift
tuning is less reliable with discrete distributions. This is supported
by the fact that small changes can cause a larger shift more easily
in discrete distributions compared to continuous ones, in particular
with heavy tails. Moreover, all three distributions had only one
tunable parameter (𝑝 for the binomial and negative binomial distri-
butions,𝑚𝑢 for the Poisson distribution) that also had a non-linear
effect on the shape of the distribution.

For discrete distributions or distributions with fewer parameters,
increasing the number of iterations can address the parameter’s
nonlinear effect on the distribution. While the drift tuning function-
ality allows specifying the iteration count, our pipeline currently
uses a single configuration parameter for all features.

We note that the region of equivalence for the target p-value of
0.001 was very narrow (between 0.0008 and 0.00125). Furthermore,
we observed that most distributions with residuals that were sta-
tistically too different from zero had a central tendency below the
target significance. Therefore, for use cases where the user has an
upper bound but not a lower bound for the significance, it might
be possible to reliably use even a negative binomial distribution. In
other cases, for distributions with known below-target tendencies,
using the provided asymmetrical penalty option may be helpful.

Across all target p-values and distributions, Spearman rank corre-
lations between p-value residuals and time steps yielded significant
correlations with only negative binomial and uniform distributions
when combined with insignificant drifts, and their correlation was
weak (0.22 and 0.21, respectively). Spearman rank correlations be-
tween sample means and time indices displayed a similar pattern,
where most distributions exhibit no significant correlation, except
for three distributions, and the largest correlation was moderate
(0.31) with insignificant drifts.

While the correlations suggest that our drift tuning and data
shifts generally neither stagnate nor show a trend over time, signif-
icant correlations were more frequent and intense for insignificant
drifts. Due to a likely larger parameter space satisfying insignifi-
cance compared to significance, insignificant drift generation may
be less prone to the oscillation behavior observed with significant
drifts, potentially exhibiting a weak monotonic trend. However, ad-
ditional tests are needed to identify if and why insignificant drifts
are statistically more likely to have an overall trend.

Through Ljung–Box tests, we found no autocorrelation in drift
tuning performance or sample means over time, suggesting that
our drift tuning not only does not stagnate over time, but it is also
more likely to recover from underoptimisation.

RQ1: To what extent can we generate synthetic datasets with
highly controllable data drifts?

Answer: Our toolkit enables precise control over data drift
generation by allowing users to specify changes in distribution
parameters. It also supports declarative and automated drift
generation, reliably adjusting drift intensity across a wide
range of continuous and discrete distributions.
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5.2 Drift Detection Evaluation
We proposed a set of additional rules that addresses edge cases and
non-sudden drifts, which were not covered by Bifet et al. [11].

Using the drift ground truth annotations of our data generator
and Boolean data monitor signals, we facilitated the use of popu-
lar classification-oriented metrics, such as the F1 score, and drift
detection metrics, such as MTR and TTD, that were originally not
possible to use in this domain due to a lack of ground truth.

We developed a configurable benchmarking pipeline that facili-
tates optimizing and evaluating detection speed and accuracy of
data monitors using different metrics.

There are multiple possible ways to consider whether a drift
signal is correct or not. Our one-signal-per-induction rule provides a
somewhat flexible but straightforward approach and coincides with
our drift tuning, which focuses only on the final difference rather
than each step. However, it may also be unfavorable for gradual
drifts, especially of longer durations, due to their oscillating nature.
It also favors configurations that signal a drift more sparingly, likely
towards their stabilization point, which is potentially more suitable
if labeling of newer instances is costly or infeasible.

RQ2: To what extent can we generate synthetic datasets with
highly controllable data drifts?

Answer:We generated synthetic datasets with well-defined
data drift ground truths and established evaluation rules to
classify detection signals as true positives, true negatives,
false positives, and false negatives. We developed a data drift
detection benchmarking pipeline that computes a variety of
metrics, including F1 score, Mean Time Ratio (MTR), Time to
Detect (TTD), and others. Furthermore, we extended existing
evaluation and computation rules to ensure that these metrics
are applicable across all evaluation scenarios.

5.3 Implications
Our toolkit offers a tool support for practitioners such as data
scientists and ML engineers to conduct drift detection experiments.
It facilitates dataset fitting, data generation with and without data
or concept drifts, and evaluation of different detection methods. A
unified data monitor interface facilitates switching between data
monitors, combining libraries, and adapting batch-based methods
to streaming. ML or data engineers can integrate the toolkit into
their production workflows.

By integrating it with a graphical user interface, abstracting sta-
tistical details, and using configuration presets, domain experts can
be supported for decision-making regarding data monitor choice
or other ML lifecycle decisions.

5.4 Limitations
A major limitation of our data generation method is that, while it
preserves marginal distribution characteristics, it does not capture
correlations and complex relationships between features due to in-
dependent feature sampling. However, this limitation is a trade-off
that ensures marginal distribution isolation, which is necessary to

know if there is a shift in a given distribution at a given time. More-
over, univariate approaches are inherently more explainable than
multivariate approaches. Furthermore, almost all batch-based data
drift detection methods in relevant libraries are either univariate by
design or only applicable in a univariate manner (16/17 for Frouos
and 18/18 for Evidently); thus, our study is limited to univariate
drift detection methods, which inherently cannot detect certain
multivariate changes (such as individual distributions being stable
while their correlations drift).

To keep concept drifts easy to generate and interpret, we chose
to model the target variable using an OLS linear regression model,
which is fitted to the original data and used to generate the target
variable. However, this limits our data generator to numerical dis-
tributions, which can be partially addressed by one-hot-encoding
and the use of ordinal representation. It likely also limits the target
variable representativeness of our benchmark datasets, since linear
regression is limited to linear relationships. While our study focuses
on data drifts, concept drift simulation remains a limitation.

We used a sample size of 1,000 for statistical convenience. Small
sample sizes reduce the statistical power and can result in exagger-
ated drifts to ensure the desired significance. We observed that drift
tuning stability suffers under a sample lower than a few hundred.
To address this limitation, the drift tuning feature allows overrid-
ing the sample size to be used during tuning, or the user can use
empirical evaluation alternatives from the toolkit (albeit provided
as functions and not as a pipeline). Additional studies are needed
to understand the effect of sample size on drift tuning.

6 Conclusion
In this work, we proposed a modular and extensible toolkit, Reg-
DriftKit, to support data generation, drift detection, and drift detec-
tion benchmarking in regression scenarios, and we evaluated the
toolkit’s smart data drift generation functionality. Our drift gen-
eration experiment demonstrates that RegDriftKit allows reliable,
precise, and declarative data drift generation without requiring
deep statistical knowledge.

We extended the previously proposed drift detection metric,
MTR, by proposing a set of complementary rules to allow its use
in edge cases and with non-sudden drifts. 12 benchmark datasets
with metadata, the toolkit’s source code, UML diagrams, supporting
materials used to obtain our experimental results, and a document
with additional figures and tables are publicly available [47].

Future work: RegDriftKit is an open-source prototype and will
be refactored by IFS Canada before it is released as a fully-fledged
open-source project. Further work may evaluate its dataset fitting
performance, which affects data monitor optimization and predictor
performance. Future developments may explore smart concept drift
generation and dataset fitting alternatives that preserve feature
correlations at the expense of univariate data drift ground truth.
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