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ABSTRACT 

In data-driven environments where datasets evolve over time, the challenge of maintaining consistent and high-

performing analytical models becomes increasingly critical. This paper investigates the impact of data 

versioning on the performance of longitudinal analytical models. We explore how changes in data over time, 

captured through systematic versioning, influence model accuracy, stability, and generalizability. Using real-

world longitudinal datasets and a comparative modeling framework, we assess various data versioning 

strategies and their effects on predictive performance. Our findings reveal that integrating data versioning not 

only enhances reproducibility but also enables more robust handling of performance drift over time. This 

research offers practical insights for data scientists and engineers aiming to maintain the fidelity of analytical 

systems in dynamic environments. 
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1. INTRODUCTION 

1.1. Context: Importance of Data in Analytical Modeling 

In the realm of modern analytical modeling, data serves as the foundational asset driving 

insights, decision-making, and predictive capabilities. From healthcare and finance to manufacturing 

and climate science, analytical models depend heavily on the availability, quality, and consistency of 

data to function effectively. The value of data in these domains is magnified when the analysis spans 

across time—capturing patterns, behaviors, and trends that unfold longitudinally. However, the 

dynamic nature of real-world environments means that data is rarely static. It is constantly evolving 

due to updates, corrections, schema changes, or newly acquired observations. As such, the ability to 

manage, trace, and analyze these changes becomes essential for ensuring that models remain accurate 

and reliable over time. 

 

1.2. Motivation: Why Data Versioning Matters In Longitudinal Analysis 

Longitudinal analysis inherently deals with temporal datasets—records that accumulate and 

change over weeks, months, or even years. In these scenarios, the same dataset may be modified 

multiple times due to corrections, inclusion of late-arriving data, or feature enrichment. Without a 

robust system to track and version these changes, it becomes difficult to determine how or why a 

model's performance shifts over time. Data versioning, therefore, offers a structured way to manage 

these changes, providing transparency and accountability in data handling. It enables practitioners to 

recreate past data states, assess the impact of specific data modifications, and compare model 

performance across different dataset versions. This is particularly critical in regulated domains like 

healthcare, where traceability and reproducibility are non-negotiable. 

 

1.3. Problem Statement 

Despite the increasing use of machine learning and data analytics in longitudinal settings, 

there is a lack of systematic understanding regarding how data versioning influences model 

performance over time. Most analytical workflows treat data as a static input, failing to account for 

the iterative and mutable nature of real-world datasets. As a result, models are often trained and 

evaluated on data snapshots that may not reflect the full history of changes, potentially leading to 

inaccurate performance estimations, poor generalization, or undetected bias. This paper addresses 

the gap by evaluating the influence of various data versioning strategies on the predictive 

performance of longitudinal models, highlighting the risks of neglecting data evolution in model 

development and maintenance. 

 

1.4. Objectives of the Paper 

The primary objective of this study is to investigate how data versioning affects the 

performance and reliability of longitudinal analytical models. Specifically, the paper aims to (1) 

define and categorize the types of data versioning applicable to longitudinal datasets, (2) assess how 

changes in data versions influence the outcomes of predictive models, and (3) provide empirical 

evidence on the benefits and limitations of versioned data in analytical pipelines. In doing so, the 

paper also aims to inform best practices for implementing data versioning strategies in real-world 

applications. 
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1.5. Structure of the Paper 

The paper is organized into several key sections. Following the introduction, Section 2 

provides background on longitudinal analytical modeling and data versioning technologies, as well 

as a review of related work on model drift and data management. Section 3 delves into the concept of 

data versioning in longitudinal contexts, discussing how data evolves over time and presenting 

illustrative scenarios. Section 4 outlines the methodology, including datasets, models, and 

performance metrics used in our experimental study. Section 5 presents the results and analysis, 

while Section 6 discusses the implications of the findings. The paper concludes in Section 7 with a 

summary of insights and recommendations for future work. 

 

2. BACKGROUND AND RELATED WORK 

2.1. Overview of Longitudinal Analytical Models 

Longitudinal analytical models are designed to analyze data collected across multiple time 

points. These models are crucial in fields such as healthcare (e.g., tracking patient health 

progression), predictive maintenance (e.g., forecasting equipment failure), and finance (e.g., credit 

risk modeling). Unlike cross-sectional models that analyze a single snapshot, longitudinal models 

must account for temporal dependencies, recurring patterns, and evolving features. Techniques used 

include time-series models like ARIMA, deep learning architectures such as LSTM and Transformer 

networks, and survival models like the Cox Proportional Hazards model. These models are highly 

sensitive to the temporal structure of the data, making them particularly vulnerable to inconsistencies 

and changes in the dataset over time. 

 

2.2. Data Versioning Fundamentals 

Data versioning is the process of tracking and managing changes to datasets over time. Just as 

software version control (e.g., Git) allows developers to manage code changes, data versioning tools 

like DVC (Data Version Control), Delta Lake, and Pachyderm enable similar functionality for 

datasets. These tools allow users to snapshot datasets, branch versions, and revert to earlier states, 

often integrating seamlessly with machine learning workflows. Versioning can be implemented at the 

file level (storing entire datasets), row level (storing deltas), or metadata level (storing references to 

changes). The goal is to ensure reproducibility, traceability, and accountability in data-driven 

processes. In longitudinal studies, versioning is particularly important because even small changes to 

time-dependent features can have significant effects on model predictions. 

 

2.3. Prior Research on Model Performance Drift and Data Management 

Model performance drift refers to the degradation of a model’s accuracy over time due to 

changes in the data distribution, target concept, or feature relationships. Several studies have 

explored performance drift in dynamic environments, proposing solutions such as continual 

learning, adaptive retraining, or drift detection algorithms. However, many of these approaches treat 

data change as an abstract phenomenon, without directly addressing the importance of managing 

historical data versions. Similarly, research on data management has focused on issues like data 

lineage, metadata tracking, and pipeline automation, often omitting explicit studies on how 
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versioned datasets impact longitudinal model outcomes. This highlights a disconnect between data 

governance and modeling practices. 

 

2.4. Gaps in the Current Literature 

Despite the critical role of data versioning in managing dynamic datasets, little empirical 

research has been done on its direct impact on longitudinal model performance. Most existing work 

treats data as static or assumes perfect temporal alignment between training and test data. There is a 

lack of benchmarks or frameworks that evaluate model robustness across evolving data versions. 

Moreover, no standardized methodology exists for integrating version control into longitudinal 

modeling pipelines. This paper seeks to fill this gap by offering a systematic exploration of how data 

versioning affects analytical outcomes over time. 

 

3. DATA VERSIONING IN LONGITUDINAL CONTEXTS 

3.1. Definition and Types of Data Versioning 

Data versioning in longitudinal contexts refers to the practice of capturing and managing 

distinct states of a dataset over time. This process can be implemented through different mechanisms: 

snapshotting (saving a complete version of the dataset at a given time), branching (creating parallel 

versions for experimentation), and timestamp-based versioning (tagging data by acquisition or 

processing time). Each method offers trade-offs in terms of storage, performance, and complexity. 

Snapshotting is simple but space-intensive; branching supports experimentation but requires clear 

lineage tracking; and timestamp-based methods are well-suited for streaming data or append-only 

logs. The choice of method depends on the specific needs of the longitudinal modeling task. 

 

3.2. How Data Evolves Over Time in Longitudinal Datasets 

Longitudinal datasets are inherently dynamic. In healthcare, patient records may be updated 

with new diagnoses, lab results, or treatments. In IoT applications, sensor readings may fluctuate or 

be recalibrated. In financial datasets, new transactions or market data arrive continuously. 

Additionally, data preprocessing pipelines may change (e.g., feature engineering strategies, data 

cleaning rules), leading to new versions of the same logical dataset. Such changes can alter the 

statistical properties of the data and, consequently, affect the performance and reliability of models 

trained on different versions. Understanding and controlling this evolution is essential for consistent 

and trustworthy longitudinal modeling. 

 

3.3. Case Scenarios Where Data Changes Affect Model Outcomes 

Consider a predictive maintenance system trained on sensor readings from a fleet of 

industrial machines. If the calibration of sensors is changed halfway through the year, models trained 

on earlier data may no longer be valid for newer data. Similarly, in a hospital setting, if diagnostic 

criteria are updated, models predicting patient risk might perform differently before and after the 

change. In these scenarios, versioning the data allows analysts to explicitly compare model 

performance across versions, identify performance degradation, and adjust model training 

accordingly. Without data versioning, it becomes difficult to pinpoint whether changes in model 

behavior are due to algorithmic flaws or underlying data shifts. 
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4. METHODOLOGY 

4.1. Datasets Used 

For this study, we employ multiple real-world longitudinal datasets that capture temporal 

dynamics over extended periods. These include electronic health records (EHRs) from a hospital 

system, industrial sensor data from a predictive maintenance dataset, and financial transaction logs 

for credit risk analysis. Each dataset presents unique challenges in terms of temporal granularity, 

feature stability, and update frequency. The use of diverse datasets allows us to generalize our 

findings across multiple domains and data types, offering a comprehensive view of how versioning 

affects model performance. 

 

4.2. Experimental Setup 

The experimental framework is designed to simulate a realistic longitudinal modeling 

pipeline with integrated data versioning. For each dataset, we create multiple versions by 

introducing temporal splits, feature updates, or simulated corrections. Models are trained and 

evaluated on these versions using time-aware cross-validation. We apply version control mechanisms 

to track changes and store metadata such as timestamp, change type, and version ID. The setup is 

fully automated using versioning tools and ML pipelines, ensuring reproducibility and scalability. 

Baseline comparisons are drawn between versioned and non-versioned workflows to highlight 

performance differences. 

 

4.3. Models Used 

We employ a range of machine learning models suited for longitudinal data analysis. These 

include Long Short-Term Memory (LSTM) networks for sequential data, Random Forests for robust 

tabular predictions, and Cox Proportional Hazards models for survival analysis. Each model is 

trained on different versions of the dataset and evaluated on temporally held-out data. This selection 

allows us to assess both deep learning and classical approaches under the influence of data 

versioning. 

 

4.4. Data Versioning Strategy 

Our versioning strategy involves both snapshotting and timestamp-based tracking. For each 

dataset, we define key version points—either based on real-world updates (e.g., policy changes, data 

cleaning stages) or synthetic interventions (e.g., added noise, missing values imputed differently). 

Each version is assigned a unique identifier and stored using DVC integrated with Git. This enables 

us to precisely match a model with the dataset version it was trained on, and trace back results to 

data changes. We also simulate scenarios where models are retrained on outdated versions to test for 

drift and degradation. 

 

4.5. Performance Metrics 

To evaluate model performance across versions, we employ standard metrics such as Mean 

Absolute Error (MAE), Root Mean Square Error (RMSE), ROC-AUC (for binary classification tasks), 

and Concordance Index (for survival analysis). We also monitor secondary metrics like calibration 
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curves, precision-recall trade-offs, and feature importance stability. Metrics are compared across 

versions to assess the consistency and robustness of each model in the presence of evolving data. 

 

4.6. Versioning Tools/Frameworks Applied 

We use Data Version Control (DVC) for dataset management, integrated with Git for pipeline 

tracking. Additionally, we leverage Delta Lake for versioned tabular data and Pachyderm for 

containerized pipeline execution. These tools provide a rich set of features for branching, diffing, and 

auditing datasets, which we utilize to analyze the relationship between data evolution and model 

behavior. Their integration into the ML workflow ensures that every model can be tied back to a 

specific version of the data and codebase. 

 

4.7. Baseline Comparison: With vs. Without Versioning 

To quantify the impact of versioning, we establish two modeling pipelines: one that employs 

full version control and one that treats the dataset as a single static entity. By comparing the 

performance and reproducibility of models trained under each regime, we demonstrate the value of 

versioning in mitigating drift, improving model stability, and enabling more insightful model 

evaluations. This comparison serves as the foundation for our conclusions on best practices for 

longitudinal model development. 

 

5. RESULTS AND ANALYSIS 

5.1. Impact of Different Versions on Model Training and Prediction 

Our experiments demonstrated that the versions of the data used during training and testing 

have a substantial effect on the overall model performance. Models trained on earlier data versions 

generally performed poorly when evaluated on newer versions of the dataset, indicating a mismatch 

in data distribution. For instance, in the electronic health record (EHR) dataset, changes such as 

updated diagnosis codes or newly recorded patient features led to inconsistent model behavior 

across different versions. In contrast, models trained on the most recent version but tested on older 

ones showed less degradation, suggesting that more recent data captures a wider variety of patterns. 

These findings underscore the importance of aligning model development cycles with versioned data 

to maintain predictive consistency. 

 

5.2. Performance Drift across Time and Versions 

A central observation in our analysis was the presence of performance drift—the decline or 

variation in model accuracy over time due to evolving data. By systematically comparing models 

trained and tested across sequential data versions, we observed a consistent pattern: performance 

metrics such as AUC, MAE, and c-index decreased as the time gap between training and testing 

versions widened. In the predictive maintenance dataset, for example, a Random Forest model 

trained on Version 1 (January–March) performed with 88% accuracy on Version 1 test data but 

dropped to 74% accuracy when evaluated on Version 3 (July–September). This drift illustrates that 

models quickly become outdated in dynamic environments unless retrained on updated versions, 

reinforcing the utility of continuous version tracking. 
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5.3. Visualizations (Version-Performance Plots, Error Bars) 

To better understand the relationship between data versioning and model outcomes, we 

visualized performance metrics across versions using line plots and bar graphs with error bars. Each 

plot represents a model's performance on different dataset versions, with confidence intervals 

calculated via bootstrapping. These visuals clearly illustrate the impact of drift: performance curves 

tend to slope downward as the dataset version diverges from the training version. For LSTM models, 

we observed increasing variance in predictions over time, reflected in the widening error bars. Such 

visualizations serve as compelling evidence of temporal instability and highlight the necessity of 

using version-controlled datasets to track these shifts effectively. 

 

5.4. Statistical Tests for Significance 

To determine the significance of observed performance differences across data versions, we 

conducted paired t-tests and Wilcoxon signed-rank tests on evaluation metrics. The results showed 

statistically significant differences (p < 0.05) in most scenarios when models were tested on 

misaligned versions. For instance, when comparing the AUC scores of a classifier on Version 2 and 

Version 4 of the financial dataset, the Wilcoxon test yielded p = 0.003, confirming that the drop in 

performance was not due to chance. These statistical tests provide a rigorous validation of the 

versioning impact, strengthening the reliability of our findings. 

 

6. DISCUSSION 

6.1. Key Insights and Implications 

The results affirm that data versioning is not merely a technical formality but a critical aspect 

of longitudinal model performance management. Our study shows that even subtle changes in 

data—whether through additional records, corrections, or feature engineering—can lead to 

significant shifts in model behavior. By integrating data versioning into the analytical pipeline, 

organizations can better detect, explain, and mitigate model performance drift. Furthermore, 

versioning enables teams to conduct post-hoc analyses, improve auditability, and maintain 

reproducibility in dynamic settings. 

 

6.2. Challenges in Managing Evolving Data 

Despite its benefits, managing evolving data introduces several operational and technical 

challenges. Storage overhead increases as more versions are saved, especially when dealing with 

large-scale or high-frequency data. Furthermore, maintaining metadata about what changed in each 

version and why can be complex, particularly in cross-functional teams. Another challenge is 

integrating versioned datasets with downstream tools like model monitoring platforms, which are 

not always built to handle non-static inputs. These challenges necessitate the development of 

standardized protocols and tools that balance precision with efficiency. 

 

6.3. Recommendations for Practitioners 

Based on our findings, we recommend that data science teams in longitudinal domains 

implement data versioning as a standard component of their workflow. Tools like DVC or Delta Lake 

can be integrated into existing pipelines with relatively low effort, offering long-term benefits in 
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traceability and model reliability. Teams should establish policies for version creation (e.g., after 

every batch ingest or major preprocessing change) and routinely compare model performance across 

versions. Additionally, embedding version information into model metadata enables easier 

debugging and auditing, especially in high-stakes environments like finance or healthcare. 

 

6.4. Limitations of the Study 

While the study offers valuable insights, it has several limitations. First, we only examined a 

select number of datasets and domains, which may limit generalizability. Second, our experimental 

design primarily involved batch learning models; real-time streaming scenarios could present 

different challenges. Third, although we simulated some versioning scenarios, many changes in real-

world datasets—such as policy shifts or data entry behaviors—are complex and harder to replicate in 

an experiment. Future studies could explore more diverse datasets and incorporate active learning or 

federated learning frameworks to build on our results. 

 

7. CONCLUSION AND FUTURE WORK 

7.1. Summary of Findings 

This paper explored the impact of data versioning on the performance of longitudinal 

analytical models, demonstrating that data evolution significantly affects predictive accuracy and 

stability. Our results show that neglecting data versioning can lead to model drift, reduced 

reproducibility, and challenges in performance interpretation. Conversely, systematic versioning 

improves model traceability, robustness, and enables more informed retraining decisions. 

 

7.2. Potential for Dynamic Model Adaptation 

One promising avenue emerging from this research is the concept of dynamic model 

adaptation, where models are not only retrained on new data versions but also adaptively evolve in 

response to versioned data inputs. This approach could involve the use of continuous learning 

models that incorporate version metadata as an input signal or automated retraining pipelines 

triggered by version changes. Such systems could maintain consistent performance in dynamic 

environments without extensive manual intervention. 

 

7.3. Suggestions for Further Research 

Future research should investigate automated retraining frameworks that are tightly coupled 

with data versioning systems. For example, tools that detect significant changes between versions 

(e.g., feature distribution shifts) could trigger retraining or flag drift events. Additionally, exploring 

the use of version-aware ensemble models—where different versions are used as inputs to separate 

learners combined at prediction time—could enhance model robustness. Lastly, the development of 

standardized evaluation benchmarks for versioning-aware modeling would provide a valuable 

resource for the research community. 
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