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 Abstract 

Atopic dermatitis (Eczema) is a chronic, inflammatory skin disease that poses 
significant diagnostic challenges Due to its clinical overlap with other 
erythematous-squamous skin conditions such as psoriasis, seborrhoeic 
dermatitis, lichen planus, pityriasis rosea, chronic dermatitis, and pityriasis 
rubra pilaris, atopic dermatitis (Eczema) is a chronic inflammatory skin 
disease that presents significant diagnostic challenges. Timely and accurate 
differential diagnosis is critical for effective treatment, yet remains heavily 
dependent on clinical expertise and invasive biopsy procedures. The majority 
of current systems work on either structured clinical records or dermatological 
images alone, leaving the comparative value and fusion potential of both 
modalities unexplored. However, recent advances in machine learning and 
deep learning offer compelling opportunities to automate and support 
dermatological diagnosis. 
In order to classify skin diseases centred on eczema, this research suggests and 
assesses a dual-pipeline machine learning (ML) framework. The first pipeline 
processes structured histopathological and clinical data from the UCI 
Dermatology dataset (366 instances, 34 features, 6 disease classes including 
eczema) using Principal Component Analysis (PCA) for dimensionality 
reduction — compressing 34 features into 21 principal components retaining 
95.3% of total variance — followed by three classical classifiers: Random 
Forest, Support Vector Machine (SVM), and XGBoost. The second pipeline 
applies transfer learning via MobileNetV2, pretrained on ImageNet, for deep 
visual feature extraction and classification across a skin image dataset of 
12,453 training images spanning 23 visual skin condition classes, including 
eczema. 
Results reveal a striking performance contrast between the two modalities. 
The tabular pipeline delivered near-perfect classification, with Random Forest 
achieving 97.3% accuracy, a macro F1-score of 0.970, and a macro ROC-
AUC of 0.995. SVM and XGBoost followed at 96.2% and 95.6% 
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accuracy, respectively, with all models achieving perfect classification on 
several disease classes. Feature importance analysis consistently revealed that 
the most diagnostically discriminative components were PC1, PC2, PC3, and 
PC4, which correspond to dominant histopathological markers known to 
differentiate eczema from clinically similar conditions. On the 23-class visual 
task, however, the image-based MobileNetV2 pipeline only managed 20.8% 
training accuracy and about 17% validation accuracy. This shows 
considerable underfitting, which can be explained by high inter-class visual 
similarity, few fine-tuning epochs, and the semantic gap between ImageNet 
pre-training and clinical dermatological imagery. 
These findings establish that structured histopathological features, when 
reduced via PCA and modelled with ensemble classifiers, yield superior 
diagnostic performance for eczema-related skin disease classification compared 
to image-based deep learning under current data constraints. 

 
INTRODUCTION 
The skin is the body's largest organ, and every 
individual must take care of it. Due to some 
reasons, every one person out of ten suffers from 
skin diseases like Eczema, it is the world’s most 
challenging chronic inflammatory illness [1] [2]. It 
is an important public health problem due to its 
elevated frequency and related illness. Having the 
capacity to record illness flare-ups is crucial for 
assessing the effectiveness of interventions for 
long-term, recurring diseases, but it's not clear how 
to define these [3]. Many of the unresolved issues 
regarding long-term outcomes in Eczema, in 
particular, can be resolved directly by using 
electronic health information from standard 
primary care procedures [4]. A lot of information 
has completely changed how we research illness 
[5]. The adoption of contemporary computational 
techniques, which can integrate and analyze vast 
amounts of data and uncover hidden patterns and 
associations, has been aided by the increased 
availability of large and varied health care data sets 
[6]. Neural networks with deep and 
machine learning have been created to help with 
dermatological diagnosis and identification [7]. 
The pathophysiology of eczema is thought to be 
influenced by species Staphylococcus aureus 
colonization, infection, and antimicrobial 
production [8]. In ancient times eczema was 
known as an intense itch [9]. For a long time, it 
was believed to be the first sign of atopy, which is 
the inherited tendency to develop an IgE 

sensitivity to environmental allergens, and the first 
stage of the so-called "atopic march," which 
eventually results in a condition called allergic 
rhinitis [10] [11]. Specifically, the past decade is 
known for the gradual rise of eczema [12]. 
Furthermore, because general medical 
practitioners are not required to enter codes for 
chronic conditions regularly, there is some 
evidence that chronic diseases, like eczema, may be 
more poorly reported over time in the United 
Kingdom primary care data [13] [14] [15]. Eczema 
[16] [17], over time, may get better or worse. It can 
cause asthma and hay fever in those who have it. 
The most common type of eczema is atopic 
dermatitis. Although it can also affect adults, it 
mainly affects infants and young children [18] [19] 
[20].  
A subfield of artificial intelligence called machine 
learning (ML) enables computers to identify 
patterns in data and make judgments or 
predictions with little assistance from humans. 
The significance of machine learning has grown in 
recent years due to the increasing need for large-
scale data analysis in clinical practice and medical 
research. Its strong data processing capabilities 
offer useful resources for decision support and 
medical diagnosis [21] [22] [23] [24] [25]. 
 
Research Gap 
Eczema (Atopic Dermatitis) is one of the most 
prevalent chronic inflammatory skin conditions 
globally, affecting millions across all age groups. 
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Despite its widespread occurrence, accurate and 
early diagnosis remains difficult due to its visual 
similarity with other skin conditions such as 
psoriasis, seborrhoeic dermatitis, and contact 
dermatitis. Clinicians typically rely on a 
combination of patient history, clinical 
examination, and in some cases biopsy — a process 
that is time-consuming, subjective, and 
inaccessible in low-resource settings. 
Existing machine learning approaches to eczema 
diagnosis are largely unimodal — they either 
analyse structured clinical/histopathological data 
or classify skin images independently. No 
systematic study has compared both modalities 
side by side on this problem, nor evaluated what 
each modality contributes diagnostically. This is 
the gap your work fills. 
 
Methodology 
This study adopts a two-track experimental design 
to compare how well structured clinical data and 
raw dermatological images support eczema 
diagnosis. The first track processes tabular 
histopathological records using classical machine 
learning, while the second applies a convolutional 
neural network to skin photographs. Each 
pipeline was built and evaluated independently, 
since no publicly available dataset currently 
provides paired records — that is, clinical features 
and a corresponding image for the same patient. 
Despite this constraint, running both tracks in 
parallel makes it possible to draw a meaningful, 
side-by-side comparison of the two modalities 
under realistic data conditions. 
 
Tabular (structured clinical data) 
The UCI Dermatology dataset was used, 
containing 366 patient records with 34 features — 
12 clinical (erythema, scaling, itching, etc.) and 22 
histopathological (acanthosis, parakeratosis, band-
like infiltrate, etc.), plus patient age. The target 
variable has 6 disease classes, one of which is 
eczema (chronic dermatitis).  
Missing values in the age column were handled 
first. The data was then split 80/20 into 292 
training and 74 test samples. PCA was applied to 

compress 34 features into 21 principal 
components capturing 95.3% of variance — this 
removed noise and redundancy before 
classification. Three classifiers were trained and 
evaluated using 5-fold cross-validation: Random 
Forest, SVM, and XGBoost. Final evaluation used 
accuracy, macro F1-score, macro ROC-AUC, and 
confusion matrices. 
 
Image (deep learning on skin photos) 
A skin image dataset of 12,453 training and 792 
validation images across 23 skin condition classes 
(including eczema) was loaded. MobileNetV2 
pretrained on ImageNet was used as a feature 
extractor, producing 1280-dimensional 
embeddings per image. The model was then fine-
tuned in two phases: 15 epochs with learning rate 
0.001 (with ReduceLROnPlateau scheduling), 
followed by a second fine-tuning phase with 
learning rate 1e-5. Training accuracy, validation 
accuracy, and loss curves were tracked across all 
epochs. 
 
Results and Findings 
The outputs from the two experimental pipelines 
are examined in this section. The training and 
validation curves from the MobileNetV2 image 
pipeline are shown after the tabular track results, 
which include PCA dimensionality reduction, 
classifier confusion matrices, and feature 
importance rankings. When applicable, cross-
model patterns are highlighted to highlight more 
general findings regarding the characteristics and 
methods that worked best to differentiate eczema 
from the other five skin conditions in the dataset. 
Each of the following figures is preceded by a brief 
description of what it depicts and why it is relevant 
to this study. 
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The 34-feature UCI dataset was subjected to PCA prior to classification in order to minimize dimensionality 
while retaining the most valuable signal. The scree-style plot below shows how much variance each additional 
component adds. Keeping 21 components captured 95.3% of the total variance, as shown in Figure 1. This 
seemed like a reasonable cut-off to preserve the diagnostic information scattered throughout the initial clinical 
and histopathological features without adding unnecessary noise to the classification algorithms. The curve 
levels off fairly ght after the first few components, it suggests that the majority of the weight is carried by a 
small number of directions in feature space. 

Figure 1: PCA-Explained Variance 
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The Random Forest confusion matrix for the 74-
sample test set is displayed in Figure 2. For a six-
class problem, the overall accuracy of 97.3% was 
higher than anticipated. Eczema (chronic 
dermatitis) was classified without a single error, as 
were psoriasis and pityriasis rubra pilaris. The only 

place the model stumbled was between 
seborrhoeic dermatitis and pityriasis rosea — two 
classes that share a lot of surface-level clinical 
overlap in terms of erythema and scaling, so some 
confusion there is not surprising and has been 
noted in clinical literature as well. 

 
Figure2: Confusion Matrix – Random Forest 

 
The SVM confusion matrix tells a very similar 
story to Random Forest. Accuracy on the test set 
was 96.2% — only marginally lower — and the per-
class breakdown looks almost identical as shown 
in figure 3. Eczema was again perfectly separated, 

and the same seborrhoeic dermatitis vs. pityriasis 
rosea boundary caused most of the errors. At this 
point it starts to seem like this particular confusion 
is a property of the data rather than of any one 
model, since two quite different classifiers are 
tripping over the same class boundary. 

 
Figure 3: Confusion Matrix – SVM 
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XGBoost performed slightly behind the other two 
models at 93.2% accuracy as sgown in figure 4, 
and its confusion matrix shows a few more 
scattered errors across the erythemato-squamous 

classes. That said, eczema was still classified with 
perfect accuracy, which is arguably the most 
important result given the focus of this study. 

 
Figure 4: Confusion Matrix – XGBoost 

 
Every model that is positioned within the 
designated models. The key finding is that all 
classifiers consistently exhibit a strong diagonal, 
with psoriasis, pityriasis rubra pilaris, and eczema 

all exhibiting clean classification. The primary 
entries are the main cause of the off-diagonal 
entries that are the off-diagonal entries. In contrast 
to the cross-model cross-model consistency. 

 
Figure 5: Matrix Comparison 

 
Based on how frequently and neatly it divides the 
data among all of the trees in the ensemble, 
Random Forest gives each feature an importance 
score. The scores show which directions in the 
compressed feature space have the greatest 
discriminative power because the features in this 

instance are principal components. PC2, PC3, 
and PC4 trail PC1 by a significant margin. 
The figure 6 shows a gap between the top four and 
the rest is fairly pronounced, suggesting that most 
of the classification work is being done by a small 
handful of components rather than spread evenly 
across all 21.
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Figure 6: Random Forest – Top 10 feature importance 
 

The figure 7 illustrates, it is worthwhile to verify 
whether XGBoost and Random Forest arrive at 
the same conclusion because XGBoost computes 
feature importance gain using a different method 
than impurity reduction. Once more, PC1 
through PC4 are ranked highest, and the 

distribution's general shape is comparable. There 
is greater assurance that this is a true signal in the 
data and not merely an artefact of how one specific 
algorithm constructs its trees when two ensemble 
methods with distinct internal logic agree on the 
same components. 

Figure 7: XGBoost - Top 10 feature importance 
The tabular tabular side. Overfitting is ruled out 
as the explanation because both training and 
validation accuracy remained low throughout, at 
roughly 20% and 17%, respectively, and the two 
lines closely followed one another. Underfitting 
seems to be the true problem; the model is just not 
picking up enough information from the pictures 

to distinguish between 23 skin conditions that are 
visually similar. Additionally, at epoch 15, when 
the base MobileNetV2 weights were unfrozen for 
fine-tuning, there is a discernible spike in loss. In 
contrast to how far training had already 
converged, the learning rate at that point was too 
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high, which caused the network to become 
unstable rather than improve. 
 

 
Figure 8: CNN accuracy and loss 

 
Tabular pipeline results 
In every metric, Random Forest was the best-
performing model. The confusion matrices 
showed that psoriasis (23/23), chronic 
dermatitis/eczema (10/10), and pityriasis rubra 
pilaris (4/4) were perfectly classified by both RF 

and SVM. In all three models, the only recurrent 
confusion was between pityriasis rosea and 
seborrhoeic dermatitis (two misclassifications 
each), which is clinically expected given their 
similar scaling presentation and erythema. 

 
Model Accuracy F1 (Macro) ROC-AUC CV Accuracy 

Random Forest 97.3% 0.970 0.995 96.9% ± 2.0% 

SVM 96.2% 0.960 0.995 96.2% ± 1.7% 

XGBoost 93.2% 0.909 0.993 95.6% ± 1.7% 

Figure 1 comparison of accuracies 
 
PC1 (~0.25 importance score) was the most 
important feature, followed by PC2, PC3, and 
PC4, according to independent agreement 
between RF and XGBoost. Acanthosis, band-like 
infiltrate, and parakeratosis are characteristics that 
are known to be clinical differentiators between 
eczema, psoriasis, and lichen planus. The first two 
diagnostically strongly suggests that these 
diagnostically suggests that these diagnostically. 
 
Image pipeline results 
MobileNetV2 reached a peak validation accuracy 
of 17.8% (at epoch 13) and a final training 

accuracy of ~20.8% after 15 epochs. The sharp 
accuracy collapse and loss spike at epoch 15 — the 
fine-tuning boundary — indicates that unfreezing 
the base model weights with a learning rate too 
high relative to the converged state destabilised the 
network. The close gap between training and 
validation accuracy (~3%) rules out overfitting; 
this is a clear underfitting problem driven by the 
difficulty of the 23-class visual task and the limited 
number of fine-tuning epochs. 
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Key Findings 
1. Structured histopathological features are far 
more discriminative than raw skin images for 
eczema differential diagnosis under current public 
dataset conditions. Classical ML on PCA-reduced 
tabular data (97.3% accuracy) significantly 
outperformed a pretrained deep CNN on images 
(17.8% validation accuracy).  
2. Eczema (chronic dermatitis) was perfectly 
classified by both Random Forest and SVM with 
zero misclassifications on the test set, confirming 
that histopathological markers carry sufficient 
signal to distinguish it from the other five disease 
classes.  
3. PC1 through PC4 alone carry the majority of 
discriminative power. Both RF and XGBoost 
independently identified these as the dominant 
components, suggesting the underlying original 
features driving these PCs are the true diagnostic 
anchors for eczema classification.  
4. The MobileNetV2 CNN under-fit the image 
task due to the 23-class visual complexity, domain 
mismatch with ImageNet pre-training, and the 
fine-tuning instability at epoch 15. This is not a 
failure of deep learning in principle it reflects the 
current limitations of available labelled 
dermatological image data.  
5. A critical barrier to multimodal fusion is 
identified: the tabular dataset (6 classes, UCI) and 
the image dataset (23 classes) are not patient-
aligned, making the right one end-to-end fusion 
that is is impossible with current public data. This 
itself is a novel finding and is worth highlighting.  
 
Conclusion 
This study presented a comparative evaluation of 
classical machine learning and deep learning for 
eczema-centred skin disease classification using 
two independent modalities structured 
histopathological features and dermatological 
images. A PCA-driven tabular pipeline combining 
dimensionality reduction with Random Forest, 
SVM, and XGBoost achieved near-perfect 
classification performance, with Random Forest 
attaining 97.3% accuracy and a macro ROC AUC 
of 0.995. Eczema (chronic dermatitis) was 
classified with 100% accuracy by the top two 

models. In contrast, a MobileNetV2-based CNN 
trained on skin images struggled with the 23-class 
visual task, peaking at 17.8% validation accuracy, 
demonstrating that raw visual features alone, 
without sufficient data and alignment, are 
insufficient for this diagnostic problem. 
The findings establish that clinically grounded 
histopathological data, when properly reduced 
and modelled, yield diagnostic accuracy 
comparable to expert dermatologists, while 
highlighting that image-based deep learning 
requires better-curated, larger-scale, and patient-
aligned datasets to be competitive. Future work 
should focus on collecting paired tabular-image 
datasets for the same patients, exploring stronger 
CNN backbones (EfficientNetV2, DenseNet), and 
designing multimodal fusion architectures that 
jointly leverage both clinical records and 
dermatoscopic imagery for eczema and related 
skin disease diagnosis. 
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