
2025 IMEKO Joint Conference
TC8 - TC11 - TC25
Torino, Italy, September 14-17, 2025

The Impact of Data Quality on ML Diagnostic
Models: Ensuring Reliability in Medical AI

Bartlomiej Cieszynski1 and Joao Gregorio1

1Informatics, Data Science Department, National Physical Laboratory, Teddington, TW11 0LW,
London, United Kingdom, bartlomiej.cieszynski@npl.co.uk

2Informatics, Data Science Department, National Physical Laboratory, Glasgow G1 1RD, United
Kingdom, joao.gregorio@npl.co.uk

Abstract – The application of artificial intelligence and
machine learning algorithms in healthcare has grown
exponentially in recent years, offering benefits such as
improving diagnostic accuracy, efficiency, and address-
ing challenges such as interpretative bias or the increas-
ing volume of patient data. However, ensuring the re-
liability of such models necessitates robust evaluations
of their sensitivity to data quality – the extent to which
data meets required standards. This study explores
how variations in data accuracy, precision, and com-
pleteness affect an algorithms’ ability to correctly clas-
sify electrocardiogram results. The models analysed,
namely K-Nearest Neighbours, Random Forest, Arti-
ficial Neural Networks, and Convolutional Neural net-
works were selected due to their prevalence in electro-
cardiogram classification tasks. Using the PhysioNet’s
MIT-BIH Arrhythmia Dataset, the study classifies five
types of beats defined by the AAMI EC57. To simulate
varying data quality, the dataset has undergone system-
atic degradation through the addition of noise, round-
ing of numerical, and removing data features. The re-
evaluation of model performance, quantified by model
accuracy, precision, and recall has highlighted the ef-
fects of data quality on diagnostic outcomes, providing
insights into the robustness of models under subopti-
mal conditions. By examining these critical factors, the
study aims to inform the development of more reliable
machine learning diagnostic systems, raising awareness
of the importance of data integrity in medical applica-
tions. The study has shown that model performance is
most sensitive to accuracy, completeness and precision
in descending order; with accuracy showing greatest
reduction in model predictions. It has also displayed
that model sensitivity is correlated with class popula-
tion, as low represented classes have yielded greater de-
viation under the application of data degradation.

I. INTRODUCTION
The integration of Machine Learning (ML) and Artifi-

cial Intelligence (AI) across diverse industries has grown
significantly in recent years, revolutionising fields such as
healthcare, environmental science, and pharmaceuticals, as

well as transforming operations in finance, retail, and man-
ufacturing [2, 21, 20, 22]. However, the adoption of AI in
certain domains, such as healthcare, where decisions made
on erroneous AI predictions could result in significant fi-
nancial losses or safety risks, requires a rigorous proce-
dure to analyse the robustness and trustworthiness of per-
formance and outputs from AI models.

With current challenges in the national healthcare sys-
tem, AI offers a promising solution to improving its ser-
vices. By enabling faster and more accurate diagnostics,
AI models can alleviate the burden on healthcare systems,
improve decision-making, and reduce waiting times by
helping clinicians manage the rising volume and complex-
ity of patient information. The ability of AI models to learn
from vast datasets allows it to identify patterns and make
predictions that may not be immediately apparent to hu-
man practitioners. For AI models to be reliable and re-
silient in healthcare applications, validation, verification
and uncertainty quantification are necessary to ensure its
robustness, effectiveness, and safety under diverse clinical
conditions.

There is a direct correlation between the quality of the
input and output of the ML model [5]. This study exam-
ines how variations in Data Quality (DQ) - the extent to
which data meet the specifications established by an organ-
isation responsible for developing a product [13, 9] - influ-
ence the performance of ML algorithms in accurately di-
agnosing medical conditions based on Electrocardiogram
(ECG) data. The models evaluated in this work include K-
Nearest Neighbour (KNN), Random Forest (RF), Artificial
Neural Network (ANN), Convolutional Neural Network
(CNN), One-vs-Rest Logistic Regression (OVR), and De-
cision Tree (DS) algorithms. Examining how DQ dimen-
sions impact ML model performance enhances our under-
standing of these models, builds trust, and provides in-
sights into their application under varying conditions.

The exploration of ML methods using ECG data in di-
agnostics has been an active field of research in recent
years, with many studies evaluating the prediction accu-
racy of various models [14, 8, 3]. These studies focus on
model optimisation, feature extraction, and data handling.
Analysis of the effects of DQ and the reliability of these
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models garnered less attention. This work aims to support
the development of reliable, robust, and resilient AI and
ML in medical diagnostics, emphasising the importance of
DQ in the training process. To achieve this, the available
ECG dataset has undergone data degradation, specifically,
a reduction in data accuracy, precision, and completeness.
This has been done through application of noise, rounding
of values, and removal of features (dataset columns).

II. MATERIALS AND METHODS
A. Dataset

This study uses the the MIT-BIH Arrhythmia ECG
Heartbeat Categorisation Dataset, available on Kaggle [4]
to develop a case study investigating the relationship
between model performance and data quality. The
dataset is derived from PhysioNet’s MIT-BIH Arrhythmia
Dataset [15] and comprises 109,446 heartbeat samples,
sampled at 125 Hz. It is defined in accordance with the
AAMI EC57 standard [1, 10], and is partitioned into five
beat classes: class N (0), 72 471 samples, includes normal
sinus rhythm, left and right bundle branch block (LBBB,
RBBB), atrial escape and nodal escape; class S (1), 2 223
samples, includes supraventricular premature, aberrated
atrial premature, nodal (junctional) premature, atrial pre-
mature and ectopic rhythms; class V (2), 5 788 samples, in-
cludes premature ventricular contractions (PVC) and ven-
tricular escape beats; class F (3), 641 samples, consists of
fusions of ventricular and normal beats; and lastly class Q
(4), 6 431 samples, covers unclassified beats and noise.

The data has been imported in the form of a Comma-
Separated-Values (CSV) file, with the last column of the
data denoting the class of the sample. The data addition-
ally provides both training and testing samples for ML pur-
poses, and has been standardised such that all values are
between 0 and 1. However, a limitation of our methodol-
ogy is that it does not address the class imbalance present
in the original dataset. Maintaining class imbalance, al-
though may result in lowered performance of model for
less represented classes, will allow to establish any rela-
tionship between class representation and DQ.

B. ML Models
The models have been chosen based on their preva-

lence in ECG classification studies [10, 2, 14, 21, 3], as
well as their ease of implementation. All of the models,
apart from the CNN, have been implemented through the
scikit-learn Python library, while the CNN has been
developed with the use of Pytorch.

B..1 One-Vs-Rest Logistic Regression

The OVR algorithm is a multi-class adaptation of logis-
tic regression [17, 7], designed to estimate the probability
of an outcome being true given a predictor. While stan-

dard logistic regression is suited for binary classification,
OVR extends this approach by training multiple classifiers
simultaneously. Each classifier calculates the probability
of a sample belonging to one specific class versus all other
classes by maximising a likelihood function. The closer
the output of the function is to 1, the greater the probability
that the sample belongs to the target class over the alterna-
tives. This can be interpreted as multiple binary classifica-
tion predictions, where each individual class is compared
with the rest as collective, this is further reflected in the
name of the algorithm “One-Vs-Rest’,.

For this study, the OVR model was implemented us-
ing the OneVsRestClassifier function from the
scikit-learn library. The underlying classifier was
LogisticRegression, configured with a maximum
of 1,000 iterations, the limited memory Broyden-Fletcher-
Goldfarb-Shanno solver, and a regularisation strength of
10.

B..2 Decision Tree

DT models operate by recursively splitting the dataset into
subsets based on features or attributes, forming a tree-
like structure of decision nodes and leaves. Each deci-
sion node represents a condition on a feature, while each
leaf corresponds to a predicted class or value. The splits
are determined by maximising a criterion such as the Gini
impurity or information gain, which measures the qual-
ity of the split. For the purpose of this study, the model
has been initialised using default parameters set by the
scikit-learn DecisionTreeClassifier func-
tion with a random state of 42.

B..3 Random Forest

The RF model is an ensemble learning method that builds
decision trees during training and combines their results
to improve the accuracy and robustness of predictions. It
follows a process called bootstrap aggregating, which ran-
domly selects data samples with replacement; a process
which allows for re-selection of points with each itera-
tion [23].

For this study, the RF model was implemented us-
ing the RandomForestClassifier function from
the scikit-learn library. The model was op-
timised with the parameters: max_depth: None;
min_samples_leaf: 1; min_samples_split: 2;
n_estimators: 300; random_state: 42.

B..4 K-Nearest Neighbours

KNN is an instance-based algorithm that makes predic-
tions by measuring the similarity between data points [11].
It does not involve an explicit training phase; instead,
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it memorises the entire dataset and uses it during infer-
ence. Predictions are made by comparing a new data
point with stored examples through distance metrics such
as the Euclidean, Manhattan, Minkowski, or Hamming dis-
tance [16]. The algorithm assigns the new data point to the
class most common among its nearest neighbours, deter-
mined by the chosen distance metric.

The KNN algorithm was implemented in Python us-
ing the KNeighborsClassifier function from the
scikit-learn library. The model was configured with
three nearest neighbours, compared using the Manhattan
distance metric and weighted by distance, before being ap-
plied to the ECG data.

B..5 Artificial Neural Network

The ANN in this study has been implemented in the form
of a Multi-Layer Perceptron (MLP) model provided by the
scikit-learn library. The MLP is a supervised algo-
rithm which uses feature based neurons, where each neu-
ron transforms its input from the previous layer through a
weighted and biased linear summation followed by an acti-
vation function. The model is trained using iterative back-
propagation algorithm, which involves evaluating the er-
ror through a loss function, in this case the Cross-Entropy
loss - a negative log-likelihood quantifying the deviation
in a prediction probability distribution and the true distri-
bution [6, 12], and adjusting the weights to minimise this
error. For multi-class classification tasks, a softmax func-
tion is applied to the output layer of the ANN to produce
probability distributions over the classes [19].

The MLP has been applied with a network structure
of 128, 64, 32 neurons, the ReLU activation function,
300 maximum iterations, and a random state of 42. All
other parameters have been set to default settings of the
scikit-learn MLPClassifier function.

B..6 Convolutional Neural Network

A CNN differs from a traditional ANN primarily in its ar-
chitecture and how it processes data. While ANNs employ
fully connected layers where each neuron is connected to
every neuron in the subsequent layer, CNNs use a hierar-
chical structure consisting of convolutional layers, pooling
layers - which generally reduce the dimensionality of data
- and fully connected layers. Convolutional layers apply
kernels (filters) that slide across the input data, perform-
ing element-wise multiplications to extract spatial features
such as patterns. These kernels enable CNNs to learn local
and spatial hierarchies of features. Pooling layers, often
using operations like max-pooling, reduce the spatial di-
mensions of the feature maps, thereby lowering computa-
tional complexity and mitigating the risk of overfitting by
summarising feature information. Dropout layers are used

as regularizers to reduce overfitting by randomly disabling
a fraction of neurons during training. Finally, the extracted
features are passed through fully connected layers, and the
network’s output is computed using an activation function,
such as softmax, which transforms the results into proba-
bilities corresponding to the input’s classification into pre-
defined categories.

For the purpose of this study, a CNN with a random seed
of 30, two convolutional layers (32 and 64 filters of size 5
with stride 1 and padding 2), two pooling layers (kernel
of size 2 and stride 2), a ReLu activation function, a 50%
dropout layer, and two fully connected layers have been
used. The network was created in python through the use
of the Pytorch.

C. Data Quality Dimensions
Data accuracy, precision, and completeness have been

identified as key DQ dimensions, where, accuracy is “the
degree to which data has attributes that correctly represent
the true value of the intended attribute of a concept or event
in a specific context of use”, precision is “the degree to
which subject data associated with an entity has values for
all expected attributes and related entity instances in a spe-
cific context of use”, and completeness is “the degree to
which subject data associated with an entity has values for
all expected attributes and related entity instances in a spe-
cific context of use” [13].

To determine the impact of these dimensions on the orig-
inal MIT-BIH dataset, data degradations scripts have been
developed to investigate model performance. The original
dataset was used to establish a baseline for assessing data
quality. Hence, to simulate the effect of the above dimen-
sions the data has undergone the following.

To reduce data accuracy, varying intensities of Gaussian
noise have been applied. A noise array, controlled by the
magnitude of its standard deviation, has been generated in
the form of a normal distribution. This array has then been
added onto the original training dataset to mimic the effects
of lowered accuracy.

To reduce data precision, the original dataset has been
recreated with rounding to a varying number of decimal
places. Specifically, the data has been rounded from 16 to
13, 10, 7, and 4 decimal places.

To reduce data completeness, the original data has been
downsampled by removal of ECG features. To achieve
this, data features were systematically removed by retain-
ing only every second, third, or fifth column in each dataset
facilitating a controlled reduction in features.

D. Model Evaluation Metrics
To assess the performance of the models, the re-

sults have been summarised by the scikit-learn

classification_report function which outputs a
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score of model precision, recall, f1-score, support, and
overall accuracies. In this study, three key metrics were se-
lected for model evaluation: precision, recall, and overall
accuracy. Precision measures the proportion of true pos-
itives among all positive predictions, indicating how of-
ten the model correctly identifies each class when mak-
ing a positive prediction. Recall represents the propor-
tion of actual positive instances correctly identified by the
model. Overall accuracy quantifies the proportion of cor-
rect predictions relative to the total number of predictions
made [18].

III. RESULTS
The application of methods discussed in Section ii. has

resulted in multiple classification reports which allowed
to quantify the model performance. The OVR and DT
algorithms exhibited poor classification performance on
the original dataset, with precision and recall values rang-
ing from 10% to 60%. Due to their limited effectiveness
in multinomial classification, these models were excluded
from further analysis.

Figure 1 presents the overall accuracy of each remain-
ing model across different datasets. The x-axis represents
the evaluated models, while the y-axis denotes their accu-
racy. The results indicate consistently high classification
performance, with accuracy ranging from 95% to 98.5%,
regardless of input data quality. Conversely, the results in-
dicate that the model performance was most sensitive to
data accuracy, as the introduction of noise to data led to
the most significant decline in accuracy.

Figure 2 presents subplots for each model, illustrat-
ing the variation in precision and recall across degraded
datasets for each class. These results show something that
overall accuracy did not account for: that prediction per-
formance for Classes 1 and 3 is substantially lower than
for other classes, which are the least represented classes by
volume in the dataset. This result highlights the sensitivity
of the ML models to class representation.

Fig. 1. Bar chart displaying model performance for each
dataset based on overall accuracy of predictions.

Fig. 2. Full model comparison based on precision ver-
sus recall. Marker shapes indicate different classes, colors
represent datasets.

IV. DISCUSSION
The OVR and DT models were excluded from further

analysis due to their poor initial performance. While their
overall accuracy was acceptable, at 90.7% and 95.2%, re-
spectively, both models, particularly OVR, exhibited sig-
nificant sensitivity to data volume and class representation.
The OVR model yielded recall values of 15% and 21%
for classes 3 and 1, respectively, and precision values of
65% and 77% for classes 2 and 1. Although DT outper-
formed OVR, its recall and precision values for classes 3
and 1 remained suboptimal at 57%, 63%, 56%, and 62%,
respectively. Given their comparatively poor performance
on key metrics without further optimisation, these mod-
els have been excluded from further analysis. This deci-
sion is based on the principle that extensive optimisation
could obscure the effects of data quality degradation, as
a well-tuned model may compensate for lower-quality in-
puts, making it more difficult to assess the true sensitivity
of model performance to variations in data quality.

A. Model Accuracy
The results of this dataset indicate that ML models are

most sensitive to degradation in regards to data accuracy as
each model has experienced reduction in performance by
using noisy datasets for training, in contrast to the use of
the original dataset. The ANN and RF models in particular
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have shown biggest sensitivity with an approximate 1% re-
duction. Although CNN and KNN have experienced lower
reduction in model accuracy they still show a steady de-
crease in performance from the introduction of noise to the
training data. However, despite the effects of noise yield-
ing reduction in model accuracy in the order of a percent,
this does not truly represent the effect of data degradation
on model predictions. Instead, this is a results of bias intro-
duced by a combined accuracy, which negates the impact
of class population and imbalance. Class 0 with approx-
imately 70,000 samples dominates the dataset and yields
correct predictions between 95% and 99% of the time,
which significantly overshadows the reduction in predic-
tion accuracy for less represented classes.

Although the effects of degrading data completeness
have not matched or exceeded the effects resulting from the
degradation of accuracy, the results indicate that complete-
ness also affects model performance to a noticeable degree.
Each model experienced a reduction in accuracy caused
by the reduction of features, with more significant losses
for the ANN and CNN models in comparison to the KNN
and RF algorithms. Additionally, RF showed no change
between the downsampled_2 and downsampled_3 datasets
which indicates either low sensitivity to data completeness
or improper model optimisation.

Figure 1 shows the lack of model sensitivity to degrada-
tion of data precision. Each model displayed little to no re-
duction in classification accuracy whereas, the ANN model
displayed unexpected behaviour. The initial reduction of
precision from 16 to 13 decimal places has increased the
model performance, while the reduction from 16 to 10 has
yielded approximately the same result. Rounding of values
further to four decimal places has resulted in an increase of
model accuracy when compared to the same model train-
ing with the original data. A possible explanation for this
phenomena can be found in the use of data smoothing - re-
duction of “sharp” data characteristics - as a common pre-
processing technique to refine ML training to avoid over-
fitting.

The observations discussed above imply that the mod-
els evaluated are most sensitive to degradation of accuracy,
completeness, and precision in descending order. This may
be explained by considering how each data quality met-
ric actually affects the data. Addition of noise, affecting
dataset accuracy, resulted in the highest reduction in model
performance, caused by the introduction of random vari-
ation to dataset values. Considering the models use the
training data to observe patterns and trends in features, al-
tering these patterns can therefore reduce the models capa-
bility. Both completeness and precision may not explicitly
affect the data trends due to the systematic application of
data degradation. Rounding of all values and removal of
the same features in variable amounts may not explicitly
affect data trends in comparison to the the addition of ran-

dom noise to training data. However, completeness intro-
duces another difficulty, although it may not directly affect
data patterns numerically, removal of features may result
in a similar outcome. This can therefore lead to the obser-
vations made in Figure 1. Depending on the dataset resolu-
tion, systematic removal of features may not result in loss
of information due to smoothing effects.

B. Model Precision & Recall
Figure 2 allows for further evaluation of models on the

scale of individual classes and datasets; allowing for a
more robust review of model performance. It can be ob-
served that classes 0, 2, and 4 perform substantially better
than classes 1 and 3 on the basis of model precision and
recall, implying the sensitivity of the model to sample size
and class representation.

The MIT-BIH dataset is not balanced as the number of
available data samples for each class varies significantly.
Class 1 which is most represented in the data contains ap-
proximately 70,000 data points. The predictions for such
a well-populated class have been successful as all models
yield results above 97% for precision and recall. As the
class representation decreases, so does the model predic-
tive capabilities. This can be seen from interpreting the
performance of class 3 predictions, which is the least rep-
resented class with only 641 samples, as the models have
obtained precision and recall scores in the range between
30% to 80%.

The results indicate that the evaluated ML models, for
classification tasks, are more impacted by class represen-
tation and data volume, rather than the quality of the train-
ing dataset. Degradations in data quality resulted in loss of
performance on the scale of a percent, whereas, the sam-
ple size can result in reduction of almost 70% in the case
of RF predictions. The contrary however, can be observed
from the performance of the RF model, where class 2 pre-
dictions display a drop in recall by approximately 7% and
class 1 precision reduced by approximately two percent;
indicating a higher sensitivity of the model to quality of
training data even on well-populated classes. Despite the
clear effect of noise on the model, other models do not dis-
play the same effects.

Although the effect of sample size are very clear and
apparent, conclusions on the effects of data degradation
combined with low populated classes are ambiguous. This
is due to the vast spread of results for the less represented
classes in all models. Classes 0, 2, and 4 present to have
little deviation between the datasets as the points are all
within a small range. The range of results for complete-
ness and precision may be further validated due to the ef-
fects mimicking data preprocessing, such as smoothing,
where rounding or reduction of features may reduce over-
fitting and hence increase model performance. Alterna-
tively, class 1 and 3 show a wide spread of results for both
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precision and recall in all models. This may suggest that
models are more sensitive to data quality metrics in the ab-
sence of a well-populated sample. This once again appears
intuitive due to the nature of the algorithms. Observation
of patterns in the data which allow for the classification
may be limited in less populated samples, this may be fur-
ther impacted by noise, missing features or rounding of
values. This is further supported by the lower deviation
of results for the KNN model, where predictions are made
by direct calculation rather than indirect learning. Hence,
the currently displayed results do not allow for conclusive
comparisons of the effects of data degradation combined
with class representation.

C. Model Comparison
Figure 2 suggests that the CNN and KNN models out-

perform the ANN and RF algorithms based on the distribu-
tion of precision and recall values. However, the nature of
this research has not allowed for an explicit ‘better model’
comparison. The aim was not optimising models to obtain
best results, but analysing the effects of training data on the
performance of each model.

Alternatively, the sensitivity of each model to data qual-
ity can be discussed. The ANN shows overall high perfor-
mance, with a loss of prediction accuracy for less repre-
sented classes. Figure 2 also shows the sensitivity of the
model to data quality. For classes 1, 2, and 3, an almost
linear relationship can be observed from the performance
of noisy data, with the noisy_0.05 dataset resulting in the
lowest precision and recall values. Data accuracy how-
ever, is the only metric with a visible correlation. All other
datasets display a random nature affecting performance.

A similar conclusion can be made on the CNN model,
where results for class 1 and 3 show a clear reduction
in model precision under application of noise and reduc-
tion of features. However, the same cannot be said for
model recall as the noisy_0.05 dataset scored higher than
the noisy_0.01. This negates any conclusions on the effect
of data accuracy and completeness on model recall. Over-
all, the model reinforces the sensitivity of class sample on
predictions as the higher populated classes show the lowest
result deviation out of all the models.

Figure 1 also suggests that the KNN model is the least
affected by data quality, as evidenced by its consistent
performance despite variations in precision, accuracy, and
completeness. This may be a result of the nature of the
algorithm, as the KNN model does not undergo a direct
learning phase. Instead, it “memorises” the dataset and
evaluates the Manhattan metric for each sample. Such a
direct comparison alters the outcome from a standard pre-
diction to a more robust calculation which can therefore
reduce sensitivity to variation in data patterns. However,
despite the robust method of this model, it may not ac-
count for key patterns between data features which help

categorise samples, as seen from a higher overall perfor-
mance of the CNN model.

Based on observations from Figure 2 the model shows
a very clear correlation between data quality and model
recall. Classes 1 and 3 show little variation in precision
results but a clear reduction of recall under the degrada-
tion of accuracy and completeness. Additionally, the RF
algorithm is the only model which shows variation in class
0 results, with the noisy_0.03 and noisy_0.05 datasets re-
ducing model precision. This indicates the RF model is
most sensitive to degradation of data quality as even such a
well represented class suffers from the use of lower quality
training data as input. This could be a result of the na-
ture of the algorithm as, unlike neural networks, the RF
evaluates a likelihood mathematically. This suggests that
deviation in data values could lead to more explicit varia-
tions in the Gini impurity resulting in greater sensitivity to
training dataset quality.

V. CONCLUSIONS
This study investigated a range of ML models for sup-

porting medical diagnosis by using ECG data for classifi-
cation tasks. In particular, the effects of data accuracy, pre-
cision and completeness have been considered as key data
quality metrics affecting the performance of models such
as the MLP ANN, CNN, KNN, and RF. The models have
shown different levels of sensitivity to data quality, and
the effects seem to directly correlate with the sample size
of classes the models try to classify. Lower represented
classes have shown a clear dependence on data quality,
whereas the well-populated classes showed lower depen-
dence on data quality when compared with their sparsely
populated counterparts. This has been reflected in the re-
sults, where models such as the ANN and CNN yielded
a substantial range in prediction precision and recall, ap-
proximately 55% to 90% and 55% to 80%, respectively, for
the least represented class 3. The ANN model also displays
an almost linear correlation between dataset accuracy and
predictive performance for class 3. Additional clear corre-
lations between dataset quality and predictive performance
may be observed for lower represented classes in the CNN,
KNN, and RF models. These correlations however, apply
to either precision or recall individually, with less visual
correlation on combined performance. Meanwhile, well-
populated classes, such as class 0 and 4, displayed sub 5%
ranges in both precision and recall for all models, suggest-
ing class representation as the dominating factor of model
predictive capabilities. Despite the comparison of model
performance, this study was not tailored for direct deter-
mination of a ‘better’ model due to the lack of emphasis
on model optimisation, and the focus on training dataset
quality.
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