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Abstract

Breast cancer is a leading cause of death among women worldwide. Early diagnosis
can save many lives and this will lead to a proper treatment. Histopathological image analysis
is an important diagnostic method for detecting breast cancer. Computer-aided diagnosis of
breast images helps radiologists do the task more efficiently and appropriately. The reliable
evaluation of deep learning models in computational pathology depends strongly on how the
data is split during validation. In patch-based histopathology classification, random image-
level splitting can obscure inter-patient heterogeneity and produce overly stable performance
estimates. This study investigates the effect of the evaluation protocol on Invasive Ductal
Carcinoma (IDC) detection using the Breast Histopathology Images dataset. A lightweight
Convolutional Neural Network (CNN) was trained using balanced sampling and evaluated
under two 5-fold cross-validation schemes: strict patient-level separation and stratified
random image-level splitting. Under patient-level evaluation, the model achieved a mean
accuracy of 0.7826 + 0.0295 and a mean AUC of 0.8691 + 0.0257, with a Brier score of 0.1582
+ 0.0159. Random splitting produced similar mean accuracy (0.7867 + 0.0096) and AUC
(0.8652 + 0.0053), with slightly improved Brier score (0.1509 + 0.0047). While paired
statistical testing showed no significant differences in mean performance (p > 0.05), patient-
level evaluation exhibited substantially higher fold-wise variability. Calibration analysis
indicated moderate reliability with mild overconfidence, and error inspection revealed
consistent morphological failure patterns. Overall, the evaluation protocol mainly affects
perceived robustness rather than average performance, highlighting the importance of
patient-level validation and variability reporting.
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1 Introduction

Breast cancer remains the most frequently diagnosed cancer among women worldwide
and a leading cause of cancer-related mortality [1]. Histopathological examination of
Hematoxylin and Eosin (H&E) stained tissue slides remains the gold standard for definitive
diagnosis and grading [2]. However, manual microscopic evaluation is time-consuming,
subjective, and prone to inter-observer variability, particularly in borderline or
heterogeneous tissue regions [3]. Deep learning, especially convolutional neural network
(CNN), has recently shown strong performance in histopathological image classification
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tasks, such as detecting Invasive Ductal Carcinoma (IDC) [4]. Additionally, publicly
available datasets, such as the Breast Histopathology Images (IDC) dataset, enable to
reproduce benchmarked results for the automated cancer detection [5]. Most reported
results are also measured based on accuracy and Area Under Curve (AUC) values that
suggest good potential clinically [6].

Despite there are many advancements in detection systems for the histopathology-based
machine learning. But, there are still number of studies that concerns about the very
important methodologies used in the breast cancer detection, which are under-investigated.
A major problem with using histopathology using machine learning is data leakage as a
result of improperly divided images [7]. In cases where multiple image patches from the
same patient appear in both the training set and the testing set (image-level split), the model
learns the specific textures from the individual patient instead of the morphological
characteristics that define the disease. Thus, this results in overly optimistic estimates of
performance that do not accurately represent how well the model will perform in real-
world use [8].

Although multiple studies such as [9-11] have documented the need for a high degree
of separation at the level of individual patients. As stated, there is still a very limited
number of systematic and quantitative studies based on patient-level data that were
compared to those using randomly selected images especially when considering IDC
dataset. Although, beyond the classification accuracy, model reliability, calibration quality,
and prediction stability across the different folds are important aspects for the successful
translation into a clinical setting, they are often inadequately reported.

This study provides a leakage-aware and reliability-centered assessment of deep
learning architectures to detect IDC using the Breast Histopathology Images. The focus is
not only on achieving the greatest possible accuracy in the classification of images, but
also on assessing the effects for the evaluation method that has effects on both the
variability and probabilistic calibration using deep learning models.

Specifically, this study makes the following contributions:

o Leakage-Aware Evaluation Framework: To maintain consistent experimental
conditions, a strict 5-fold patient-level cross-validation was performed,
comparing our results to a stratified random image-level split.

¢ Quantitative Assessment of Protocol Sensitivity: The study compares the results
of fold-wise accuracies, AUC, and Brier scores. Whereas the study further uses
paired statistical testing to determine if different methods of evaluating models
have a significant impact on estimates of model performance.

e Reliability and Calibration Analysis: In addition to the analysis of
discrimination ability, the calibration of the model using reliability curves and
brier scores were evaluated; therefore, the study can assess the quality of the
confidence provided by the model.

e Error Pattern Characterization: The study performed an examination of the
qualitative aspects of errors (both false positive and false negative) and
identified the morphological characteristics of the errors, which indicate where
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the model fails, including low-cellularity malignant areas and structurally
complex benign tissue.

e Variance and Stability Analysis Across Folds: The study demonstrated that the
method used to evaluate the model does not only affect the average performance
of the model, but also affects the variance of the model's performance across
folds, which is important for determining the amount of information required
when reporting about the stability of a model in the medical Al research.

Findings from this study reveal that the average performance difference between
patient-level splits and random splits is often not statistically significant when sampling is
balanced. However, random splits produce lower variance estimates, which may mask
patient-level heterogeneity.

This research is designed into five sections. The overview of related studies in
literature is introduced in Section Il. Section Ill discusses the methodology for the
proposed model and the experiment design. Then, the results analysis is presented in
Section V. Whilst Section V discussed the results of the study. Finally, Section VI presents
the conclusion.

2  Related Work

Deep learning is currently the most prevalent method of computational pathology
to enable automatic identification and classification of malignant tissue in digitized
histopathology slides [12]. Such research in this area was based on the use of handcrafted
features and traditional machine learning methods; however, both were limited due to the
lack of expressiveness in the development of features and due to the color variability from
one type of staining to another. Numerous research has shown significant improvement in
the performance of multiple tasks related to histopathology using representation learning
with CNNs [13].

2.1 Deep Learning for Breast Histopathology and IDC Detection

Histopathology images from breast cancer have been widely analyzed as a result
of their clinical relevance in the detection of early-stage cancer and the availability of
public image databases [14]. The authors of [15] are notable for introducing what is likely
the most commonly used dataset for IDC patch-level breast histopathology, along with an
evaluation of both classical and CNN-based approaches for the detection of IDC. Since
then, studies have shown that utilizing a large-scale pre-trained CNN can enhance the
ability of the model to generalize across new datasets, especially for small medical datasets
[16, 17].

While several works studied deeper architectures like ResNet and Inception
variants and showed strong discrimination performance for patch-based IDC classification
[18, 19], the majority of the works focused mainly on improving the accuracy or AUC
performance and provided limited analyses on robustness, uncertainty, or leakage in the
evaluations.

2.2  Evaluation Protocols and Data Leakage in Medical Imaging

A number of studies have shown how a variety of methods used for evaluation
design directly affect the results produced by medical Al. One major issue is improper
splitting methods, which may lead to data leakage where inflated metrics and lower
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reproducibility result [20]. This type of leakage occurs within patch-based histopathology
data because the split can be done at the level of the individual slide or the patient-level.
When patches that come from the same patient or slide are assigned to both the training
and testing groups, this creates patient-specific memorization and reduces the potential for
the model to generalize well to different cases of the disease [21].

The issue of data leakage and biased evaluation is also found in all types of medical
imaging techniques, such as radiology and pathology [22]. In their paper [23] point out
that many of the published medical Al systems do not perform at the same level when they
are tested using an external validation, and this can be explained by several methodological
shortcomings, among them the lack of representativeness in the test sets used and the
presence of biases within the datasets. Hidden stratification was reported in [24] as another
major cause of clinically significant failure; these are models that perform well overall but
fail in very specific subgroups. Therefore, these findings reinforce that there is a need for
methods of assessment that take into account potential data leaks and thus reflect the actual
conditions in clinical practice.

2.3 Reliability, Calibration, and Uncertainty in Clinical Al

In addition to their classification accuracy, a reliable decision-support system must
also offer calibrated probability estimates of its output. Most neural networks are poorly
calibrated and produce overly confident probability estimates that are not reflective of the
actual likelihood. This issue is currently a growing area of study; researchers have
proposed methods, including temperature scaling and reliability diagrams, to measure and
improve the probabilistic quality of models [25]. Clinicians may make decisions based
upon the output confidence of predictive models in a clinical setting, which could be
particularly dangerous since they are relying upon the model's confidence to determine
case triage or workload priority [26].

Despite the limited study of calibration and quantifying uncertainty in
computational pathology compared to optimizing model performance, recent research
indicates that evaluating models with uncertainty awareness is more interpretable and
represents a safer path toward integrating into the clinical setting [27], and both Brier score
and ECE are increasingly being suggested as additional reliability metrics to report
alongside AUC and accuracy [28].

2.4 Error Analysis and Model Failure Characterization

A limitation in many research on deep learning for pathology is a complete lack of
systematic evaluation of errors in these models [29]. As such, reporting only average
statistics hides clinically important failures like borderline cases, artifacts from staining,
and ambiguous morphology, which lead to misclassifications [30].

Recent work in interpretable pathology has shown that false positives often arise
from benign tissue with high cellular density or inflammation, while false negatives may
occur in low-tumor-content regions or heterogeneous slides [31]. Such patterns motivate
the inclusion of qualitative error analysis as a complement to quantitative evaluation.

In summary, previous research has demonstrated that CNN-based approaches can
effectively be used in patch-based methods of detecting breast cancer. Nonetheless, there
are significant gaps that have not been sufficiently addressed in the context of the IDC
dataset:

e Systematized comparative evaluations of patient-level and randomly selected
image-level leakage awareness.

e Calibration and reliability reporting beyond traditional measures such as accuracy
and AUC.
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e Structural analysis of failure patterns associated with visual features of errors.
This work will address these gaps through the use of an empirically grounded and
reliability-centered evaluation methodology (cross-validated at the patient-level),
including comparative protocol assessments, calibration assessments, and qualitative
analyses of errors.

3  Methodology

3.1 Dataset

This study utilizes the publicly available Breast Histopathology Images (IDC)
dataset that includes Hematoxylin and Eosin (H&E) -stained patches of breast tissue
derived from the digitization of whole slide images of the breast tissue. These patches are
classified into one of two groups based on whether they contain Invasive Ductal Carcinoma
(IDC positive) or non-IDC (benign). As a result, the IDC dataset forms a binary
classification task. The dataset is organized in a manner that is consistent with patient
identification in that each patient's directory contains two subdirectories that correspond to
the two different classes [32].

The dataset from the experimental design of this study includes 279 patients with
no duplicate patients. The patient-level structure of the dataset was used to enable a strict
cross-validation model that prevented overlap between test and train sets. This is important
for preventing information leaking into the models during patch-based histopathology
classification experiments. An overview of the data set characteristics and experimental
design is described in Table 1.

Table 1. Dataset Summary and Experimental Configuration

Property Value
Number of patients 279
Task Binary classification (IDC vs Non-1DC)
Nominal patch size 50 x 50 pixels
Color space RGB
Cross-validation scheme 5-fold
Sampling strategy Balanced per class
Training samples per fold 4000 per class
Testing samples per fold 1000 per class

3.2  Preprocessing and Sampling

All patches were loaded into RGB format and scaled to the interval [0, 1]. The
dataset is generally referred to as having 50 x 50 patch sizes; however, there was a small
number of images with some minor size irregularities. Those patches that had size
irregularities were uniformly resized to 50 x 50 prior to model training. Only 285 images
were resized across all of the patient-level 5-fold evaluations, which represents an
exceptionally consistent dataset.

In order to have comparable data for all folds of the cross-validation as well as for
different evaluation protocols, a stratified sampling method (balanced sampling) was
chosen. From each partition for every fold, 1000 test samples and 4000 train samples were
randomly selected from each class. Stratified sampling is one of the most frequently used
methods for controlling the class-imbalance problem in the field of medical image
classification when the amount of available computing resources is limited, and a stable
estimation of the model's performance has to be achieved [33].
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3.3  Evaluation Protocols

A central objective of this study is to assess how evaluation design influences
reported performance. Therefore, two distinct cross-validation strategies were
implemented under controlled experimental conditions.

Firstly, a strict patient-level 5-fold cross-validation procedure was implemented. A
total of five groups of patients were randomly selected using an exact same random number
generator seed, to ensure results could be reproduced. In every iteration of the 5-fold, all
image patches of a single patient were assigned either to the training group, or the test
group; this method assures that there will be no patient specific morphological
characteristics that would be shared by both the training and testing images, thus reflecting
a real-world situation in which a trained model would encounter completely new patients
at the time of deployment. Cross-validation on a per-patient basis is recommended for
clinical Al evaluations and has been cited as a critical need for the successful development
of medical machine learning [34].

A second approach to evaluate the model is by using a stratified random image-
level 5-fold cross-validation protocol. The patches were split randomly in this case,
independent of the patients that they came from. Therefore, patches coming from the same
patient can be found in either the train set or the test set. This method reflects standard
methods of evaluating patches at the level of the patch; it also allows to quantify the amount
of bias due to leakage. To keep the experiments computationally feasible, yet
representative of all cases, up to 50 patches of each class per patient were sampled,
resulting in a total number of 27,259 images in the random-split experiment.

3.4  Model Architecture and Training

A reproducible model for a three-layered CNN has been developed. The number of

filters in each convolutional layer is increased, while a pooling operation follows after each
convolutional layer. With this approach, the increasingly high-level features such as
textures and morphology are captured. Then global average pooling is performed. Finally,
a fully connected layer follows, which reduces overfitting with dropout. The last layer had
a sigmoid activation function to produce probability outputs for the binary classification
task [35], because CNNs have shown excellent results for the classification of patches from
histopathology images in the past, and this is due to the ability of the CNNs to capture
discriminant texture and spatial relationships.
All models were trained using the Adam optimizer as well as a learning rate of 0-310" {-
3}110-3, binary cross entropy loss, and a batch size of 64 [36]. Each fold was trained for 5
epochs, and each epoch used 20% of the training data as an internal validation set. A fixed
random seed (42) was also used to be able to reproduce experiments. We did all of our
training on a CPU-only environment utilizing TensorFlow 2.20.

3.5 Performance Metrics and Reliability Assessment

To conduct an overall assessment of the model, both discrimination and reliability metrics
were evaluated. The discrimination of the model was evaluated by calculating accuracy
and the area under the receiver operating characteristic curve (AUC) as measures of how
well the model can distinguish malignant patches from benign patches. However, neither
of these metrics measures the quality of the predicted probability values.
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To evaluate probabilistic reliability, we report the Brier score [37], defined as in Eq. (1)

Brier =~ ¥, (p; —y)? (1)
Beyond numbers, calibration plots are used to show how the predicted confidence levels
for an image compare to the actual number of times that the same type of image is correct.
Further, a qualitative error assessment was performed through examination of false
positive and false negative patch examples to establish patterns in morphology related to
the misclassification of images.

3.6  Statistical Analysis

To assess whether the variations observed between patient-level and random image-level
protocols at the statistical level were significant, the authors performed a paired t-test of
the metrics they analyzed for each of the five splits or folds [38]. This paired approach was
applied to account for the potential variability from the different fold levels that are often
used in machine learning comparative analysis to provide a statistical framework for
comparing protocols.

4  Result Analysis

This This section will present the experimental data collected on the Baseline CNN model
using two different assessment methods: (i) patient-level 5-fold cross-validation strictly,
and (ii) stratified 5-fold cross-validation randomly at an image-level. Both discrimination
(accuracy and AUC) will be assessed, as well as reliability and stability (calibration metrics,
Brier score, and calibration plots) through the study of fold-by-fold variability and
qualitative visual error analysis. By providing these three levels of analysis for the same
model, the results provide a more clinically relevant description of how a model behaves
than that which would be provided by accuracy measures alone.

The experiment design has kept the same model architecture, training configuration, and
the way images were sampled for each dataset so as to isolate the effect of the test protocol
on the performance of the models. Therefore, the results from the two protocols are
comparable.

4.1 Patient-Level 5-Fold Cross-Validation Performance

The main assessment utilized a very strict patient-level separation to limit the possibility
of leakages. In Table 2, the accuracy, AUC, and Brier score for each fold were reported.
Table 2 shows that the model had an average accuracy of 0.7826 with an associated
standard deviation of 0.0295; similarly, the model had an average AUC of 0.8691 + 0.0257,
indicating strong ranking ability, considering both the compact structure of the model and
the few training epochs performed on the data.

The variance between folds was significant. The accuracy varied from 0.7400 in Fold 5 to
0.8170 in Fold 2. These fold-to-fold variations reflect a real clinical variation that exists
with the heterogeneity of breast morphology in patients, as some patients have more
difficult benign patterns to detect, slight malignant infiltration, or staining differences. The
clinical realism of this variance further supports why patient-specific analysis must be
performed in order to produce reliable reports.



139 Beyond Accuracy ...

The Brier scores for calibration ranged from 0.1444 to 0.1834, which had an average of
0.1582 £ 0.0159. As the lowest AUC was observed in the least reliable fold, this indicates
reliability loss is possible along with discrimination loss. Therefore, reporting calibration
related metrics in addition to AUC is important. Table 2 shows fold-wise performance
under strict patient-level separation.

Table 2. Patient-Level 5-Fold Cross-Validation Results

Fold Accuracy AUC Brier
1 0.7955 0.8750 0.1444
2 0.8170 0.8958 0.1511
3 0.7680 0.8649 0.1637
4 0.7925 0.8817 0.1482
5 0.7400 0.8278 0.1834

Mean £ Std  0.7826 £ 0.0295 0.8691 £ 0.0257 0.1582 + 0.0159

4.2  Random Image-Level 5-Fold Cross-Validation Performance

To assess the impact of the evaluation approach on classification performance, the
experiment was duplicated with a stratified random image-level cross-validation
procedure, as shown in Table 3. In addition to similar mean accuracy values (mean =
0.7867 £ 0.0096), the model also had similar mean AUC values (mean = 0.8652 + 0.0053).
Since both were only marginally different, the comparison suggests that the method used
to split data into training and test sets, random vs. patient-based, did not lead to large
increases in discriminatory ability when using balanced sample sizes as the constraint for
this study.

However, an important difference in terms of variability is observed when the
variability of the different methods is compared. The standard deviation of accuracy under
random splitting (.0096) is significantly less than under patient-level splitting (.0295), and
there is a significant reduction in the variance of AUC. Therefore, random splitting will
provide a more consistent performance estimate between splits; however, this could
mislead as to the amount of patient-level variability that is seen with patient-wise splitting.
In terms of reliability, the Brier score was consistently lower and more stable across folds
(mean 0.1509 £ 0.0047). This suggests that random splitting may also provide more
optimistic calibration estimates, potentially because patient-specific characteristics shared
between training and testing reduce uncertainty.

Table 3. Random Image-Level 5-Fold Cross-Validation Results

Fold Accuracy AUC Brier
1 0.7935 0.8686 0.1471
2 0.7773 0.8653 0.1560
3 0.7821 0.8629 0.1525
4 0.7804 0.8576 0.1541
5 0.8000 0.8714 0.1450

Mean + Std  0.7867 £ 0.0096 0.8652 + 0.0053 0.1509 + 0.0047

4.3  Direct Protocol Comparison and Statistical Significance

To provide a direct quantitative comparison between patient-level and random image-level
evaluation protocols, fold-wise paired differences were computed and statistical
significance was assessed using paired t-tests. Table 4 summarizes the mean paired
differences and p-values for accuracy, AUC, and Brier score.
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The results demonstrate that the observed differences in performance metrics were not
statistically significant (p>0.05 for all performance metrics). In particular, the random split
of the data increased the mean accuracy by a mere 0.0041, it reduced the mean AUC by
0.0039, and reduced the average Brier score by 0.0072. These changes, therefore, represent
minor impacts on model performance due to leakage inflation under an equal sample size
sampling scheme.

Although there are similarities in average performance between both methods, the
evaluation process significantly impacts fold-wise variability of the model's performance.
The higher dispersion of performance at the individual-patient-level reflects the true
difficulty of developing a model that will be generalizable to different unseen patients. The
lower variability of estimates developed using a random split may potentially fail to capture
clinical variation. Differences like this have significant implications for translating results
into clinical settings, as they will need to be able to generalize to many patient populations.

Table 4. Patient-Level vs Random-Level Comparison (Paired Across Folds)
Metric A Mean (Random — Patient) p-value

Accuracy +0.0041 0.8170
AUC —0.0039 0.7794
Brier —0.0072 0.4375

4.4  Calibration and Reliability Analysis

Beyond the measurement of discrimination, the model's confidence ratings were assessed
against actual correctness. Fig.1 provides a calibration plot based on the individual-patient-
level. This calibration curve indicates that while the model appears to be relatively well-
calibrated at lower levels of confidence when the model predicts less than a 0.3 chance of
the patient having breast cancer, it is also fairly accurate at higher confidence levels when
the model predicts more than an 0.8 chance.

However, slight over-confidence exists for the medium probability range
approximately (0.4-0.6) as the predictive probabilities slightly exceed the corresponding
true positive rates. This can also be seen to reflect typical calibration properties of present-
day artificial neural networks, which are well-documented to show some level of over-
confidence in the middle region of their decisions. Values for the Brier Score in Table 2
also illustrate that while there is a moderate degree of probabilistic reliability, the reliability
is not complete.
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Fig. 1: Calibration Curve Under Patient-Level Evaluation

Fig. 1 demonstrates that the model exhibits good calibration at both low and high predicted
probabilities, with predictions closely aligning with observed outcomes in these regions.
However, mild deviations from perfect calibration are observed in the mid-probability
range, indicating that predictions around 0.4-0.6 should be interpreted with caution in
clinical decision-support settings.

45 Confusion Matrix and Error Distribution

A confusion matrix was created to see how the classification errors were distributed for a
representative patient-level split. Fig. 2 shows the confusion matrix resulting from the
patient-level evaluation with strict application of the rules. A comparison of the number of
false positives and false negatives can be made in this matrix. This indicates that the
baseline model does not have a large imbalance in favor of one of the two classes when
using the configuration used for the balanced sampling.

The error distribution also indicates that both benign and malignant patches presented
equivalent classification challenges. Thus, the balance in the distribution of errors
highlights the need to analyze the modes of failures in addition to the overall accuracy,
because a single performance metric cannot fully describe all types of errors that may be
committed by a classification model.

The confusion matrix further supports the motivation for subsequent qualitative error
analysis, which examines representative false positive and false negative patches to
identify underlying morphological patterns associated with incorrect predictions.
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Fig. 2 Confusion matrix (Representative Patient-level Fold)

Fig. 2 shows that both false positives and false negatives contribute substantially to overall
error, motivating deeper qualitative analysis of failure patterns rather than assuming errors
are dominated by one class.

4.6  Qualitative Error Analysis (False Positives and False Negatives)

To characterize failure modes in a clinically interpretable manner, representative false
positive and false negative patches were visualized. Fig 3 presents a montage of false
positives and false negatives sampled from the patient-level evaluation.

False positives are commonly associated with benign tissues in areas of dense nuclei,
intense staining, or highly complex stroma. At a patch level, such characteristics can mimic
those seen in cancerous morphology, especially if there is some degree of disruption to
normal tissue architecture. False negatives typically arise from cancers having low
cellularity, minimal invasion, or cases in which the tumor only covers a limited area within
a patch. The observations above suggest that the baseline CNN uses predominantly textural
and density features and therefore does not capture the subtle structural malignancies
present in the images.

The results of this error analysis provide evidence that misclassifications occur based on a
non-random pattern, in the form of morphological characteristics. These patterns also
represent areas where new approaches to clinical Al models will need to be developed to
address current limitations, such as multi-scale contextualization and stain normalization.
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False Positives (True=0, Pred=1) — Highest Confidence

p=0.94

p=0.94 p=0.94

False Negatives (True=1, Pred=0) — Highest Confidence

p=0.05 p=0.07 p=0.07 p=0.08 p=0.08

p=0.09 p=0.09

Al .

Fig. 3: Representatlve False Posmves and False Negatives (Patient-Level Evaluation)

False positives commonly occur in benign regions with dense nuclei and complex textures,
whereas false negatives tend to appear in low-cellularity malignant regions or patches
where tumor occupies only a small fraction of the tissue.

4.7 Fold-Wise Stability and Variance Visualization

While Tables 2 and 3 report mean performance values, fold-wise variability is critical for
understanding model robustness. To visualize this, Fig 4 compares the distribution of fold-
wise accuracy under patient-level and random image-level evaluation protocols.

Fig 4 illustrates the substantial increase in variance at the patient-level when evaluating the
model rather than a random split. Random split results in accuracy values distributed over
a narrower area than patient-level evaluation. This narrowness is an indicator of the
stability of the model's accuracy; this is especially relevant when using datasets related to
pathology, where each patient has unique staining characteristics, and each dataset may be
acquired under different conditions.
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Fold-wise Accuracy: Patient-level vs Random-level

0.82
0.81

0.8
0.79

0.78
0.77
0.76
0.75
0.74

0.73
1 2 3 4 5

=@==Patient-level ==@=Random-level

Fig. 4: Fold-wise accuracy comparison between patient-level and random-level cross-
validation protocols.

Fig 4 highlights substantially higher variability under the patient-level protocol compared
to the random image-level protocol. This dispersion suggests sensitivity to patient
heterogeneity, whereas the random split yields more stable estimates that may
underestimate real-world uncertainty.

Fold-wise AUC: Patient-level vs Random-level
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Fig. 5: Fold-wise AUC comparison between patient-level and random-level cross-
validation protocols.

A similar pattern is observed for AUC, where patient-level evaluation exhibits wider fold-
to-fold fluctuations. This reinforces the importance of reporting dispersion measures and
fold-level performance rather than relying on a single point estimate.
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Fold-wise Brier Score: Patient-level vs Random-level
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Fig. 6:
Fold-wise Brier score comparison between patient-level and random-level cross-
validation protocols.

Image-level evaluation of random images results in a greater stability in the fold-wise
comparison of the Brier score as opposed to the patient-level evaluation, where there is a
higher degree of variability. This finding indicates that the choice of protocol affects not
only the metric of discrimination but also the probabilistic reliability of the system,
which is important for applications of medical decision support.

5 Discussion

This research explored how an evaluation methodology would influence a patch-based
breast cancer histopathology classification system using the IDC dataset. The results
demonstrate that the baseline CNN produced excellent discrimination performance for
both patient-level and random image-level cross-validation, but provide important
methodological observations extending beyond the average accuracy and AUC values.

One of the main findings was that mean performance measures cannot accurately
indicate model robustness. Mean accuracy and Brier scores for patient-level and image-
level splits, with a slight increase and slight decrease, respectively, were not significantly
different among protocols. The results suggest that with a controlled and balanced method
of random sampling, there will be minimal inflation of average performance in this study
design. However, the major difference between these methods was fold-to-fold variation.
The use of patient-level evaluations showed much larger variability from one-fold to
another due to patient heterogeneity. Random image splitting provided more consistent
and tighter cluster results.

Although the method shows stable results with random splitting, such stability may
overestimate overall generalizability. In fact, because patches of the same patient are
included in both the train and test partitions, there will inevitably be some degree of patient-
specific morphology that will be present in the data splits for training and testing. Although
sharing patient-specific features will likely have only a marginal effect on average
classification accuracy, it could effectively decrease variance and uncertainty around the
accuracy estimates, thus obscuring the real challenge of generalizing to new patients.
Clinical relevance lies in the ability of a model to perform robustly in diverse patient
populations; therefore, the potential marginal gain in average classification accuracy is less
relevant than the ability to achieve this result in multiple different patient populations.
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Another major contribution of this research was the incorporation of reliability analysis in
an explicit manner. Many studies reporting on discrimination metrics for histopathology
have done so without incorporating calibration metrics or Brier scores. Calibration curves
indicated moderate quality, with some evidence of mild overconfidence at intermediate
probabilities. Perhaps more importantly, calibration variability exhibited a pattern that was
very similar to that seen with discrimination variability: as with discrimination variability,
patient-level evaluation exhibited larger variance in Brier scores than did slide-level
evaluation. Therefore, it appears that the evaluation methodology employed to assess
classifier performance does not merely influence the accuracy of classifier-based
classifications but also impacts the reliability of predicted probabilities, which are relevant
when classifier-based predictions will be used to guide clinical action.

The qualitative error analysis also provides additional evidence to support the
interpretation of how the models behave. Typically, the false positives that occurred as a
result of the CNN misclassifying malignant tissues as benign resulted from having tissue
with either high nuclear density or with complex stromal texture characteristics, both of
which can be visually similar to malignant morphology at the patch level. Conversely, false
negative results typically occurred in the malignant regions with low levels of cellularity
or mild infiltration into normal tissue, where there are limited discriminative characteristics.
These results suggest that the baseline CNN is utilizing predominantly local textural
density characteristics to classify tissue, which can be inadequate to provide sufficient
detail of either subtle or context-dependent tumor architecture. This type of finding
corresponds with the larger body of research indicating that multi-scale models and
integrating information over space and time are both critical to providing improved
accuracy in classifying histopathologic images.

Although these studies have provided new understanding of the field, there are
many limitations that must be recognized. First, the model's architecture was developed as
a lightweight version in order to allow for processing on a CPU-based machine. This design
provides better reproducibility; however, better model designs and longer training times
can provide higher performance. Second, the study focused on patch-level classifications
and did not address whole-slide aggregations. Therefore, the results reported in this study
cannot be directly correlated with slide-level diagnostic accuracy. Third, balanced
sampling has been applied across the data sets in each fold to make direct comparisons
possible; however, balanced sampling does not reflect the typical unbalanced nature of
clinical datasets.

Future work should focus on developing multiscale architectural designs that will
include a larger amount of spatial information, in addition to utilizing stain normalization
and domain adaptation methodologies to reduce variability among patients. In addition,
focused on the development of uncertainty-based methods and explicit calibration
techniques, such as temperature scaling, to increase the reliability of the probabilistic
nature of the model. Furthermore, future work should expand the current evaluation to
assess the model at the level of individual slides rather than the whole glass-slide image to
further add to the clinical relevance of the model.

Overall, this study demonstrates that evaluation protocol design significantly
influences perceived model robustness in patch-based histopathology classification. While
mean performance differences between patient-level and random-level splitting may be
small under controlled sampling, variability analysis reveals substantial protocol-
dependent effects. These findings emphasize the necessity of reporting fold-wise
dispersion, calibration metrics, and qualitative error analysis in addition to traditional
discrimination scores when developing Al systems for medical imaging.
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6 Conclusion

This study presented a reproducible baseline evaluation of patch-based invasive ductal
carcinoma (IDC) detection using the Breast Histopathology Images dataset, with a specific
focus on how evaluation protocol design influences reported performance and robustness.
Using a lightweight CNN trained under controlled balanced sampling, we compared strict
patient-level 5-fold cross-validation against stratified random image-level splitting while
maintaining identical model architecture and training configuration.

Across both protocols, the model achieved competitive discrimination performance,
with mean AUC values around 0.86-0.87 and mean accuracy close to 0.78-0.79. Although
average performance differences between protocols were small and not statistically
significant, the analysis revealed an important methodological distinction: patient-level
evaluation produced substantially higher fold-wise variability, reflecting clinically realistic
heterogeneity across individuals. In contrast, random patch-level splitting yielded more
stable performance estimates that may underestimate real-world uncertainty and
generalization difficulty.

Beyond discrimination metrics, this work incorporated calibration assessment
through Brier score and calibration curves, demonstrating moderate reliability and
highlighting that protocol design also affects probabilistic stability. Furthermore,
qualitative inspection of false positives and false negatives identified consistent
morphological error patterns, suggesting that the baseline model relies heavily on local
density and texture cues and may fail in subtle infiltration or low-cellularity malignant
regions.

Overall, the results emphasize that reliable evaluation in computational pathology
requires more than reporting mean accuracy and AUC. Patient-level separation, fold-wise
dispersion reporting, calibration analysis, and interpretable error inspection should be
considered essential components of robust benchmarking. Future work should extend this
framework to multi-scale architectures, slide-level aggregation, and uncertainty-aware
modeling to further improve clinical relevance and reliability.
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