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Abstract

The efficacy of deep learning (DL) models is intrinsically linked to the quality of the data on
which they are trained and evaluated. This paper investigates the multifaceted impact of data
quality dimensions—including completeness, accuracy, consistency, and relevance—on the
predictive performance of DL models when applied to complex, real-world datasets. Through
a structured review and simulated experiments, we demonstrate that degradations in data
quality, such as introduced noise, missing values, and label errors, lead to significant and non-
linear declines in model accuracy, generalization, and robustness. The findings underscore that
data quality is not merely a preprocessing concern but a foundational determinant of model
success, necessitating rigorous data-centric practices in the machine learning pipeline.
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1.Introduction

The rapid ascent of deep learning has catalyzed breakthroughs across diverse fields, from
medical diagnostics to autonomous systems. These models, characterized by their deep
hierarchical architectures, excel at identifying intricate patterns within vast and high-
dimensional datasets. However, their renowned capability is predicated on a critical
assumption: the availability of large volumes of high-quality training data. In practice, complex
datasets sourced from real-world environments—such as clinical records, sensor networks, or
user-generated content—are invariably plagued by data quality (DQ) issues. These include, but
are not limited to, missing values, label inaccuracies, sampling biases, and inconsistent
formatting.

Despite significant advancements in model architecture and optimization algorithms, the
systematic evaluation of how fundamental DQ dimensions directly modulate predictive
performance remains underexplored. This gap is particularly consequential for applications
where reliability is paramount. This paper aims to methodically examine this relationship. We
posit that data quality acts as a primary bottleneck, often more constraining than model
complexity itself. The objective is to quantify the sensitivity of standard DL models to various
DQ degradation scenarios, thereby providing empirical evidence to prioritize data curation and
validation efforts in both research and industrial deployments.
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2. Literature Review

A growing body of literature acknowledges the paramount importance of data quality in
machine learning. Early works by (Breck et al., 2019) established a framework for tracking and
managing data quality in large-scale ML pipelines, identifying label accuracy and feature
completeness as key metrics. Research by (Northcutt et al., 2021) further highlighted the
prevalence and detrimental impact of label errors in popular test sets, showing that model
rankings can change significantly after error correction. In the domain of healthcare, (Cabitza
et al., 2017) warned of the "garbage in, gospel out" phenomenon, where models trained on
biased or incomplete medical data produce misleadingly confident but flawed predictions.

Studies have begun to quantify these effects. (Krishnan & Wu, 2019) demonstrated that
the cost of acquiring clean data is often lower than the cost of developing complex models to
cope with noisy data. Meanwhile, (Sambasivan et al., 2021) argued that data quality is the most
common root cause of failure in real-world Al deployments, emphasizing socio-technical
challenges in data collection. From a robustness perspective, (Zhang et al., 2020) explored how
different types of noise (e.g., feature vs. label noise) affect convolutional neural networks
differently. Complementary work by (Yao et al., 2022) proposed novel loss functions to
mitigate the impact of label noise. Furthermore, (Schelter et al., 2018) introduced automated
systems for data validation, and (Hooker, 2020) in her "Hardware Lottery" commentary,
implicitly stressed that data quality dictates which algorithmic approaches succeed, framing
data as a critical component of the ML ecosystem.

3. Dimensions of Data Quality and Their Metrics

We focus on four core DQ dimensions most relevant to supervised
DL: Completeness (the proportion of missing values per feature), Accuracy (the correctness
of labels and feature values), Consistency (the absence of contradictory records),
and Relevance (the pertinence of features to the prediction task). Each dimension can be
quantified; for instance, completeness via the Missing Value Ratio (MVR) and accuracy via
the Label Error Rate (LER) established through expert audits. Table 1 outlines these
dimensions, their common causes in complex datasets, and proposed quantitative metrics for
assessment. Understanding and measuring these dimensions is the first step in diagnosing
potential performance bottlenecks before model training commences.

Table 1: Key Data Quality Dimensions, Causes, and Metrics

D . .
.Q . Common Causes in Complex Data Proposed Metric
Dimension
Completeness Sensor failure, non-response, extraction Missing Value Ratio
P errors (MVR)
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D . .
.Q . Common Causes in Complex Data Proposed Metric
Dimension
Human annotation error, instrument
Accuracy . Label Error Rate (LER)
drift
. Schema evolution, integration from Number of Constraint
Consistency . C
multiple sources Violations
Domain shift, improperly defined Feature-Target Mutual
Relevance properly &

problem

Information

4. Experimental Framework and Simulation Design

To isolate the impact of DQ, we designed a controlled simulation using a benchmark
dataset (CIFAR-10) and a standard DL model (ResNet-18). We systematically degraded the
pristine training data along specific DQ dimensions to create corrupted datasets.
For completeness, we randomly masked pixel blocks. For accuracy, we injected symmetric
label noise by randomly shuffling a percentage of labels. For consistency, we applied
conflicting transformations to subsets. A separate, clean validation set was used for all
performance evaluations to ensure fair comparison. The model was trained from scratch on
each corrupted dataset, and its final test accuracy on the original, clean test set was recorded.
This process, illustrated in Figure 1, allows us to trace performance decline directly to a specific

DQ perturbation.
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Figure 1: Experimental Simulation Framework

5. Results and Analysis

The experimental results reveal a pronounced, non-linear relationship between DQ
degradation and predictive performance. As shown in Table 2, label noise (impacting accuracy)
had the most severe effect; a 30% label error rate caused a drop in accuracy of over 25
percentage points. Missing data (completeness) also caused significant harm, though the model
showed some resilience to low levels of scattered missing values. The decline in performance
across different corruption types is visualized in Figure 2, which plots test accuracy against the
severity of the corruption for each DQ dimension.
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Figure 2: Impact of Data Quality Degradation on Model Accuracy

The analysis indicates that DL models are not equally vulnerable to all DQ issues. Label
inaccuracy directly misguides the learning objective, causing profound misalignment. While
models can learn to interpolate or ignore some missing data, structured or large-area
missingness destroys local patterns critical for tasks like image recognition. These findings
quantitatively confirm that investments in improving data accuracy, particularly in labeling,
yield the highest marginal returns on model performance.

6. Mitigation Strategies and Data-Centric Al

Given the demonstrated sensitivity, adopting mitigation strategies is essential. For label
noise, techniques such as robust loss functions (e.g., Generalized Cross Entropy), co-teaching,
and leveraging clean validation sets for re-weighting are effective. For missing data, advanced
imputation methods (e.g., using generative models like VAESs) or algorithms designed to handle
missingness natively can be employed. The most fundamental strategy, however, is a shift
towards Data-Centric Al, which prioritizes systematic data improvement over iterative model
tuning. This involves establishing continuous data validation loops, implementing rigorous
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annotation protocols with quality checks, and fostering collaboration between domain experts
and data scientists to ensure relevance and accuracy from the outset. A data-centric workflow
is not a one-time preprocessing step but an integrated, iterative component of the ML lifecycle.

7. Conclusion

This paper has systematically evaluated the critical impact of data quality on the
predictive performance of deep learning models. Through a structured review and simulated
experiments, we have demonstrated that degradations in core dimensions—especially label
accuracy and completeness—Iead to substantial, non-linear declines in model efficacy. The
results underscore a pivotal insight: in the pursuit of reliable and robust Al, the quality of the
training data is as consequential as, if not more than, the sophistication of the model
architecture. Future work should extend these experiments to more diverse datasets, model
types, and real-world, multi-faceted DQ failures. The paradigm must shift from a purely model-
centric approach to a balanced, data-centric philosophy, where continuous investment in data
integrity, curation, and validation is recognized as the cornerstone of successful deep learning
deployments.
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