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Abstract : Electronic Data Capture (EDC) systems have become the cornerstone of modern clinical trials, enabling streamlined
data collection and real-time monitoring across global research networks. While EDC systems offer numerous advantages over
paper-based methods, managing data discrepancies remains a persistent challenge. Discrepancies can arise from human error, system
inconsistencies, or integration failures with external data sources such as electronic health records (EHRS). This review explores the
landscape of discrepancy management in EDC systems, analyzing both traditional rule-based methods and emerging artificial
intelligence (Al)-driven solutions. We present theoretical frameworks, experimental results, and comparative analyses to evaluate
current practices and propose an adaptive, scalable model for real-time discrepancy detection and resolution. Findings indicate that
Al-enhanced systems significantly outperform traditional methods in terms of accuracy, efficiency, and cost. Future directions point
toward hybrid systems, real-world data integration, and regulatory-aligned Al solutions to further improve data integrity in clinical
research.
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Introduction

In the era of digital transformation, the collection, management, and analysis of clinical trial data have seen remarkable
improvements, particularly through the adoption of Electronic Data Capture (EDC) systems. These systems have significantly
replaced traditional paper-based methods, offering streamlined, efficient, and accurate mechanisms for data collection in clinical
research settings. EDC systems enable real-time access to data, enhance data integrity, reduce transcription errors, and facilitate
multi-center trial coordination, thereby improving overall research productivity and compliance with regulatory standards [1].
Despite their substantial advantages, EDC systems introduce new operational and technical challenges—chief among them being
the effective management of data discrepancies.

Discrepancy management refers to the identification, documentation, resolution, and tracking of inconsistencies or anomalies within
clinical trial data. These inconsistencies may stem from a multitude of sources including manual entry errors, protocol deviations,
system glitches, or ambiguities in source documentation. If left unaddressed, discrepancies can compromise data quality, delay study
timelines, and, most critically, threaten the validity and reliability of clinical trial outcomes [2]. In an environment where regulatory
scrutiny is intensifying and data integrity is paramount for drug approval and post-market surveillance, robust discrepancy
management within EDC platforms is not merely a procedural necessity but a scientific imperative.

The relevance of this topic in today’s research landscape cannot be overstated. With the increasing complexity of clinical trial
designs, globalization of research, and incorporation of adaptive trial methodologies, the volume and velocity of data being collected
have escalated dramatically. According to the Tufts Center for the Study of Drug Development, the average Phase Il trial collects
over 1 million data points—a staggering 183% increase from trials conducted a decade earlier [3]. This exponential growth amplifies
the need for advanced discrepancy detection and resolution strategies that can handle large, heterogeneous datasets while ensuring
regulatory compliance. Moreover, in the wake of the COVID-19 pandemic, the industry has accelerated its shift toward decentralized
trials and remote monitoring, further emphasizing the need for automated, scalable, and intelligent discrepancy management
solutions [4].

Within the broader domain of healthcare informatics and Al-driven technologies, effective discrepancy management plays a critical
role. Not only does it contribute to improved trial outcomes and faster drug development cycles, but it also complements larger
initiatives such as real-world evidence generation, pharmacovigilance, and personalized medicine. The integration of artificial
intelligence (Al) and machine learning (ML) methods into EDC platforms, for instance, has begun to revolutionize discrepancy

IJRAR25C1622 | International Journal of Research and Analytical Reviews (IJRAR) www.ijrar.org \ 948



© 2025 IJRAR July 2025, Volume 12, Issue 3 www.ijrar.org (E-ISSN 2348-1269, P- ISSN 2349-5138)
detection by enabling predictive analytics, anomaly detection, and rule-based data validation at scale [5]. Nevertheless, despite
growing interest and progress in this area, several research gaps remain.

Current literature often focuses on technical descriptions of EDC architectures or on specific functionalities such as data capture,
audit trails, and user interface design. Far less attention has been given to holistic, comparative evaluations of discrepancy
management strategies—particularly those incorporating advanced Al techniques, automated workflows, and cross-platform
interoperability [6]. Additionally, most discrepancy management protocols remain reactive rather than proactive, relying heavily on
manual review and static data queries. This creates inefficiencies and increases the risk of human error, especially in large
multicenter trials.

To address these gaps, this review aims to comprehensively examine the current landscape of discrepancy management in EDC
systems, with a special focus on both traditional methodologies and emerging Al-powered techniques. By systematically analyzing
published research, industry practices, and regulatory guidelines from the last decade, this article seeks to illuminate best practices,
identify persistent challenges, and propose actionable strategies for improvement. Readers can expect an in-depth exploration of the
following: (1) fundamental concepts and workflows in discrepancy management; (2) comparative analysis of leading EDC platforms
and their built-in discrepancy tools; (3) a critical review of AlI/ML approaches used for discrepancy detection and resolution; and
(4) future directions for research and system design.

In summary, as the clinical research ecosystem continues to evolve toward greater digitization, the importance of robust discrepancy
management cannot be overlooked. This review serves as a timely contribution to the ongoing discourse, offering both theoretical
insights and practical guidance for researchers, data managers, and technology developers engaged in optimizing EDC systems.

Table 1. Summary of Key Research Studies on Discrepancy Management in EDC Systems

Year Title Focus Findings

Found that EDC systems
significantly reduce data
entry errors compared to
paper-based systems.
Manual queries dropped
by 35% post-
implementation.

2010 Improving Data Quality in | Examines general data
Clinical Trials Using quality improvements
EDC Systems [7] through EDC

2012 Strategies for Query
Management in EDC: A
Comparative Study [8]

Compares manual and
automated query
generation across
platforms

Automated query
generation improved
response times and
reduced open query rates
by 40%. Highlighted need
for intelligent discrepancy
prioritization.

Discrepancy Detection in
Clinical Data [11]

algorithms to flag data
anomalies

2014 EHR-EDC Integration: A | Explores integrating EHR | Demonstrated 50% fewer
Discrepancy Prevention with EDC to prevent discrepancies when EDCs
Strategy [9] discrepancies directly integrated with
EHR systems, mainly due
to auto-population of
source data.
2015 Human Error in Data Investigates common Concluded that most
Entry: A Clinical sources of human error in | discrepancies arise from
Perspective [10] EDC systems user fatigue, ambiguous
forms, and inconsistent
training. Recommends
UX improvements and
role-based access.
2017 Al and Rule-Based Proposes rule-based Al Al models flagged 20%

more discrepancies than
conventional systems,
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with higher precision and
lower false positives.
2018 An Evaluation of CDISC | Assesses how clinical data | Found that CDISC-
Standards in Discrepancy | standards impact compliant formats
Resolution [12] discrepancy management | simplified resolution
workflows and improved
data traceability across
studies.
2019 The Cost of Data Economic analysis of Estimated that poorly
Cleaning: Economic discrepancy-related delays | managed discrepancies
Implications of Query and costs increase trial costs by up
Management [13] to 12%. Al-assisted
management reduced
costs by 8%.
2020 Decentralized Trials and | Analyzes discrepancy Emphasized real-time
Remote Discrepancy management in alerts and mobile-friendly
Monitoring: A Pandemic | decentralized and remote | EDC interfaces to reduce
Perspective [14] monitoring environments | delay in resolving
discrepancies in remote
settings.
2022 Machine Learning in Comprehensive review of | Neural networks and
Clinical Data Validation: | ML methods used for data | ensemble methods
A Review[15] quality control showed strong promise in
pattern recognition and
proactive discrepancy
prediction.
2023 Proactive vs Reactive Compares Al-based Proactive ML-based tools
Discrepancy proactive detection vs reduced discrepancy
Management: A traditional reactive resolution time by 60%,
Comparative Al Study systems improving both cost-
[16] efficiency and data
integrity.

Block Diagrams and Theoretical Models for Discrepancy Management in EDC Systems

Conceptual Overview

Effective discrepancy management in Electronic Data Capture (EDC) systems is pivotal to ensuring the accuracy, integrity, and
regulatory compliance of clinical trial data. As clinical data volume grows exponentially, the challenge lies in architecting a system
that detects, classifies, and resolves discrepancies in real time while minimizing the involvement of manual data monitors.

Discrepancies are inconsistencies between expected and recorded data. These may arise from multiple sources including manual
entry errors, protocol deviations, system misconfigurations, or synchronization issues between data sources such as EHRs and lab
systems [17]. Modern discrepancy management systems therefore require a theoretical model that integrates components of
automated validation, intelligent rule engines, machine learning (ML), and feedback mechanisms for adaptive learning.

Block Diagram 1: Traditional Discrepancy Management Workflow

Below is a simplified block diagram of the traditional EDC discrepancy workflow, which largely depends on manual processes
and static validation checks.
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Figure 1. Traditional Discrepancy Management Workflow
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Explanation:

In this model, discrepancies are detected using pre-defined hard and soft edit checks. These are then manually reviewed, followed
by query resolution involving clinical site staff. While this approach is effective for small-scale trials, it is inefficient for high-
volume data environments due to its heavy reliance on human oversight and non-adaptive validation rules [18].
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Block Diagram 2: Al-Enhanced Discrepancy Management Framework

With advances in artificial intelligence and real-time data integration, a more dynamic, scalable, and proactive architecture is
necessary. The proposed Al-Enhanced Discrepancy Management Framework (AEDMF) adds intelligent layers to the workflow.

Figure 2. Al-Enhanced Discrepancy Management Framework (AEDMF)
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Explanation:

In this proposed model:

Hybrid validation combines hard-coded checks with machine learning models trained on historical discrepancy patterns.
The Classification Engine prioritizes discrepancies (e.g., critical protocol deviations vs minor input issues), allowing
targeted resolution.

The Al-driven feedback loop uses resolved queries to update model weights, continuously improving detection accuracy.
Real-time integration of EHR, lab, and wearable data enhances consistency and data synchronization [19].

This model not only improves detection accuracy but also reduces time to resolution by up to 60%, as demonstrated in recent Al
trials for discrepancy management [20].

4. Theoretical Framework

We propose a Theoretical Model for Adaptive Discrepancy Management (TADM), which includes the following layers:

Layer Function

Input Layer Accepts structured and semi-structured data from EDC,
EHR, wearables, and labs

Preprocessing Layer Normalizes, cleans, and synchronizes data timestamps
across sources

Validation Layer Applies a hybrid of hard-coded logic (CDISC/SDTM
rules) and ML models

Discrepancy Detection Layer Flags anomalies and categorizes them by severity

Resolution Layer Generates queries with suggestions for correction (e.g.,

most probable accurate value or site reminder)

Learning Layer Updates ML models based on feedback from
successfully resolved queries

Audit Layer Logs all discrepancies, actions, and resolution
outcomes for regulatory review

This model builds on principles from information theory, data governance, and supervised learning. It assumes discrepancies follow
certain probabilistic patterns, which can be predicted given enough labeled training data from historical trials [19].

Benefits of the Theoretical Model:

Scalability: Can handle large datasets across multiple study arms and sites.

Proactivity: Detects and resolves issues before downstream consequences arise.

Self-Improvement: Learns from user corrections to enhance future detection.

Compliance: Maintains a full audit trail for regulatory submission (e.g., FDA 21 CFR Part 11 compliance).

Challenges in Implementation
Despite its promise, implementing AEDMF and TADM in practice comes with challenges:

Data labeling for ML model training is labor-intensive.

Privacy concerns must be addressed during data integration (especially with EHR and wearables).
Interoperability issues may arise when integrating multiple legacy systems.

Regulatory acceptance of Al-assisted processes remains inconsistent globally [20].

Hence, future research should focus on explainable Al models that enhance transparency and build trust among regulators and
clinical professionals.
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Experimental Results, Graphs, and Tables on Discrepancy Management in EDC Systems

To validate and compare the performance of various discrepancy management strategies in Electronic Data Capture (EDC) systems,
multiple empirical studies have been conducted. These experiments span traditional rule-based systems, hybrid frameworks, and
Al-enhanced discrepancy detection models. This section presents experimental findings, performance metrics, and comparative
analyses from peer-reviewed studies. Graphs and tables summarize improvements in key indicators such as discrepancy resolution
time, detection accuracy, cost efficiency, and system scalability.

1. Experimental Setup

Several clinical data management research groups have implemented controlled experiments comparing three primary models of
discrepancy detection:

e Model A (Traditional): Manual and rule-based detection (hard/soft edit checks only).
e Model B (Hybrid): Rule-based + basic automated flagging (e.g., range, type checks).

e Model C (Al-Enhanced): Supervised machine learning (ML) models including logistic regression, decision trees, and
random forests trained on historical discrepancy data.

These models were evaluated on datasets from five anonymized Phase I1/111 clinical trials (N = 2,000 subjects, 15,000 data fields).
Key metrics included precision, recall, time to resolution, and system alert fatigue rates [21].

2. Performance Metrics Table

Table 2. Performance Metrics of Discrepancy Detection Models

Metric Model A: Traditional Model B: Hybrid Model C: Al-Enhanced
Detection Accuracy (%) 74.2 82.5 93.7
False Positive Rate (%) 14.8 10.2 4.3
Average Resolution Time | 12.6 8.3 3.7
(hrs)

Precision 0.70 0.78 0.92
Recall 0.68 0.81 0.94
Cost per Query Resolved | $9.20 $6.80 $3.50
(USD)

Alert Fatigue Index (0-1 0.67 0.44 0.19
scale)

Source: Simulated test trials from Zhang et al. [21], Johnson et al. [22], and Thomas & Mohanty [23].
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3. Graphical Comparisons

Model A: Traditional, Model B: Hybrid and Model C:
Al-Enhanced

Model C: Al-Enhanced [ Model B: Hybrid [ Model A: Traditional

300
200
100
0 I
Detection False Average Precision Recall Cost per Alert Fatigue
Accuracy Positive Resolution Query Index (0-1
(%) Rate (%)  Time (hrs) R?jglr\sc)ed scale)

Metric

Model C significantly reduces time to resolution (3.7 hours vs. 12.6 hours in traditional systems), offering substantial time savings
in large-scale trials [22].

4. Cost and Efficiency Gains

Al-enhanced systems demonstrated a cost reduction of over 60% per resolved discrepancy, driven by fewer false positives, faster
resolution, and reduced need for manual data review. Johnson et al. [22] noted that when scaled to enterprise-level trials, Al-driven
tools could reduce discrepancy resolution costs by up to $1.2 million per trial in late-stage studies.

5. Statistical Significance Testing

To confirm the validity of observed improvements, paired t-tests and ANOVA were conducted.

Metric Tested p-value
Accuracy: Model A vs. Model C 0.0003
Cost per query: Avs. C 0.0011
Resolution time: Avs. C <0.0001
Alert Fatigue: B vs. C 0.008

At p < 0.05, all results were statistically significant, indicating that performance improvements from Al-enhanced discrepancy
management tools are robust [23].
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p-value vs. Metric Tested
0.008

0.006

0.004

p-value

0.002

0.000 4_—-

Accuracy: Model A Cost per query: A Resolution time: A Alert Fatigue: B vs.
vs. Model C vs.C vs.C Cc

Metric Tested

6. Key Observations from Experimental Results

e Model C consistently demonstrated superiority across all tested KPlIs, confirming the value of Al in reducing manual labor,
minimizing false alarms, and improving resolution timelines.

e Hybrid models (Model B) offered moderate gains and were more practical for low-resource settings where full Al
integration is not feasible.

e Traditional systems (Model A), while still in use, exhibit growing inefficiencies as data complexity and volume scale
upward.

These findings align with the recent industry push towards Real-Time Risk-Based Monitoring (RBM) strategies supported by
AIl/ML platforms, as recommended by regulatory agencies like the FDA and EMA [24].

Future Directions

As clinical research evolves into more digitized, decentralized, and patient-centric formats, the strategies for managing discrepancies
in EDC systems must also adapt. Several future directions are expected to shape this evolving field.

1. Explainable Al (XAl) in Discrepancy Detection

One pressing concern with Al adoption in clinical systems is the "black box" nature of many machine learning algorithms.
Explainable Al (XAI) seeks to bridge this gap by providing transparency into how models detect discrepancies and make
recommendations [25]. Integrating XAl into EDC systems will foster greater trust among data managers, clinical investigators, and
regulators, enabling broader acceptance of automated discrepancy resolution.

2. Real-World Data (RWD) and Real-World Evidence (RWE)

As real-world data from EHRSs, insurance claims, wearables, and patient registries becomes central to regulatory decisions, future
discrepancy management systems must handle not only clinical trial data but also noisy, unstructured, real-world datasets [26].
Advanced natural language processing (NLP) tools and semantic harmonization techniques will be crucial to detect discrepancies
in non-standardized data formats.

3. Blockchain for Auditability and Discrepancy Tracking

Blockchain technology offers a promising solution for ensuring transparency and immutability in discrepancy tracking. Smart
contracts can automate rule execution for discrepancy detection, while the ledger can provide a tamper-proof audit trail for regulatory
submissions [27]. This could revolutionize how discrepancies are managed and reviewed in highly regulated environments.
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4. Human-in-the-Loop (HITL) Systems

While Al holds promise, human judgment remains indispensable, especially for critical discrepancies requiring clinical context.
Future EDC systems may evolve toward hybrid HITL models where Al provides recommendations and prioritization, while human
experts validate or override based on domain expertise. This collaboration ensures both efficiency and contextual accuracy [28].

5. Global Harmonization and Regulatory Convergence

Discrepancy management standards and technologies must eventually align with regulatory expectations across regions. The
convergence of standards between the FDA, EMA, and PMDA (Japan) on data quality requirements will push vendors to develop
globally compliant, modular, and auditable discrepancy resolution tools. Incorporating ICH-GCP R3 principles into system design
will become critical.

Conclusion

The integrity of clinical trial data is paramount—not only for regulatory approval but for patient safety and scientific credibility.
Discrepancy management is a core function of EDC systems that directly impacts data quality, yet remains one of the most resource-
intensive processes in data management workflows.

This review has demonstrated that while traditional systems are reliable, they are no longer sufficient for the volume and complexity
of modern clinical data. Al-enhanced discrepancy management frameworks offer compelling advantages in detection accuracy,
resolution time, and cost efficiency. The integration of machine learning, real-time analytics, and adaptive learning models can
revolutionize how clinical trials detect and respond to data anomalies.

However, realizing this vision requires a balance between automation and human oversight, regulatory alignment, and technological
maturity. The future of discrepancy management lies in building systems that are intelligent yet transparent, automated yet auditable,
and innovative yet compliant. As digital health and Al continue to intersect with clinical research, discrepancy management will
not just be a quality control process—but a strategic pillar for next-generation evidence generation.
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