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Abstract

Psoriasis is a chronic skin condition with challenges in the accurate assessment of its
severity due to subtle differences between severity levels. The aim of this study was to
evaluate deep learning models for automated classification of psoriasis severity. A dataset
containing 1,546 clinical images was subjected to pre-processing techniques, including
cropping and applying noise reduction through median filtering. The dataset was
categorized into four severity classes: none, mild, moderate, and severe, based on the
Psoriasis Area and Severity Index (PASI). It was split into 1,082 images for training (70%)
and 463 images for validation and testing (30%). Five modified deep convolutional neural
networks (DCNN) were evaluated, including ResNet50, VGGNet19, MobileNetVs,
MnasNet, and EfficientNetBo. The data were validated based on accuracy, precision,
sensitivity, specificity, and F1-score, which were weighted to reflect class representation;
Pairwise McNemar's test, Cochran's Q test, Cohen’s Kappa, and Post-hoc test were
performed on the model performance, where overall accuracy and balanced accuracy were
determined. Findings revealed that among the five deep learning models, ResNet50
emerged as the optimum model with an accuracy of 92.50% (95%CI: 91.2—-93.8%). The
precision, sensitivity, specificity, and Fi-score of this model were found to be 93.10%,
92.50%, 97.37%, and 92.68%, respectively. In conclusion, ResNet50 has the potential to
provide consistent and objective assessments of psoriasis severity, which could aid
dermatologists in timely diagnoses and treatment planning. Further clinical validation
and model refinement remain required.

Keywords: PASI, psoriasis, deep learning, skin disease classification, diagnostic models

Introduction

P soriasis is a chronic autoimmune condition affecting millions worldwide, characterized by skin

inflammation and scaling. The global prevalence of psoriasis is estimated to be around 2-3% of
the population, with significant variations across different regions and ethnicities [1].
Epidemiological studies suggest that psoriasis affects individuals of all ages, with onset peaks in
early adulthood and later midlife. Psoriasis is not merely a dermatological condition but a
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systemic inflammatory disease that, if left untreated, can progress into more serious
complications such as psoriatic arthritis, which affects approximately 30% of psoriasis patients
[1]. Accurate assessment of psoriasis severity is crucial for effective treatment planning and
monitoring disease progression. Traditionally, dermatologists have relied on visual inspection
methods such as the Psoriasis Area and Severity Index (PASI) to evaluate the extent and severity
of psoriasis [2]. However, these conventional approaches are inherently subjective and prone to
human error, potentially leading to inconsistent diagnoses and suboptimal treatment strategies
[3-5].

PASI score quantifies the severity of psoriasis and is used to monitor the disease progression
[6]. In some countries, including Indonesia, the PASI score is used as a criterion to determine
eligibility for insurance coverage of biologic therapy in severe psoriasis cases. Additionally, the
score is integrated into the management protocols for patients presenting with severe symptoms
[7]. The score is calculated based on four criteria, namely erythema, thickness, scaliness, and the
proportion of body surface area involved. The severity is based on the weights corresponding to
each body region, such as the head, upper extremities, lower extremities, and trunk [8,9].
However, PASI score is prone to unpredictability since it depends on the clinician's subjective
assessment, potentially resulting in diagnostic discrepancies.

Several computer-aided diagnosis (CADx) systems have been developed to provide more
objective assessments of psoriasis. A systematic review highlighted the application of machine
learning techniques in evaluating and managing psoriasis through algorithms that analyze visual
data [10]. Another study reported that the machine learning-based automated quantification of
affected skin regions could minimize the variability in clinical evaluations [11]. A previous study
has successfully introduced a convolutional neural network (CNN)-based system for the
identification of psoriasis from clinical images [12]. A previous study showed that a CNN could
achieve dermatologist-level accuracy in distinguishing between different types of skin lesions
[17]. Similarly, another published study demonstrated the effectiveness of deep learning in
grading the severity of atopic dermatitis, a condition with some similarities to psoriasis in terms
of assessment challenges [5]. Collectively, these studies illustrate the growing role of CADx
systems in overcoming the limitations of traditional PASI-based evaluations [10-12].

Artificial intelligence (AI) has shown increasing potential in psoriasis assessment, with
advancements in segmentation, classification, and disease severity categorization [13,14]. Early
studies in 2018 demonstrated the promise of AI, with a deep neural network (DNN) achieving
91% accuracy on 5,700 images and random forest outperforming other models on 676 images
with an F1i-score of 0.71 [18,19]. In 2020, a CNN applied to 187 images achieved 80% accuracy in
predicting two psoriasis types [20]. More recent work has focused on advanced architectures and
dataset augmentation. For instance, a 2021 study reported Fi-scores of 0.926 for k-nearest
neighbor (k-NN) and 0.986 for random forest on augmented datasets [8]. In 2022, a pre-trained
VGG-19 model achieved 84.2% accuracy on a dataset of 172 normal skin and 301 psoriasis images
[21]. The most recent advancements in 2023 included an EfficientNet-Bo model trained on
14,096 images, achieving 84.84% accuracy [22]. These studies highlight AT’s growing role in
diagnosing and classifying psoriasis by leveraging visual disparities in erythema, induration,
desquamation, and body surface area involvement, which are also the basis for PASI scoring and
disease severity categorization [15,16].

Despite significant advancements in AT applications for psoriasis assessment, several gaps
remain. Comprehensive comparative studies evaluating multiple state-of-the-art deep learning
architectures on the same psoriasis dataset are scarce, and most research focuses on binary
classification or lesion segmentation rather than multi-class severity classification based on PASI
scores. Additionally, the performance of models across varying severity levels and the challenges
of overfitting and generalization remains underexplored. To address these gaps, this study
evaluates five deep learning architectures—ResNet50, VGGNet19, MobileNetV3, MnasNet, and
EfficientNetBo—selected for their unique design philosophies and potential for psoriasis severity
classification. ResNet50's skip connections capture complex features; VGGNet19 excels at
detecting fine-grained details; MobileNetV3 balances accuracy and efficiency; MnasNet uses
neural architecture search for optimized performance; and EfficientNetBo applies compound
scaling for computational efficiency. These models are assessed for their ability to provide
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consistent and objective evaluations, aiming to advance Al-driven tools in dermatology and
enhance clinical decision-making for psoriasis severity assessment.
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Methods

Study design and dataset

A deep learning approach to classify psoriasis from images was employed, where the systematic
process is presented in Figure 1. The first step involved collecting psoriasis images from publicly
available datasets and medical sources, which were then processed by determining the region of
interest (ROI) to focus on the affected areas of the skin. Subsequently, data labeling was
performed to categorize the images based on different types or severity levels of psoriasis. The
dataset underwent median filtering to reduce image noise and improve the quality of the input
data for training. The images were then used to train several modified deep-learning models,
including ResNet50, VGGNet19, MobileNetV3, MnasNet, and EfficientNetBo. During the tuning
model phase, the hyperparameters were adjusted to optimize the performance of each model.
After training, the models were tested on a separate set of images to evaluate their classification
accuracy. Finally, the performance results were analyzed to determine which model achieved the
best accuracy and overall performance in classifying the psoriasis images. The dataset was
collected from a previously reported study, which consists of 27,153 images classified into ten skin
disease categories [23].

Collecting psoriasis images

Determine ROI

Data labeling
A4
Data testing Data training
A\ 4 A4
Image . .
_’
classification Median filtering
\4 \4
Performance Tuning model
results
'/ ----------------------------------------------------------------------------------------------------- \‘I
= i
—Vi ResNet50 VGGNET MobileNetV3 MnasNet EfficientNetBo | !
! E

Figure 1. Research design flowchart for psoriasis severity classification models.
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Image pre-processing

To focus on the affected skin areas, we employed several techniques. The ROI was determined
using OpenCV, an open-source Python library, utilizing color and texture analysis techniques.
Once the ROI was identified, the image was cropped to include only the affected area plus a 10%
margin around it to ensure no relevant information was lost. All cropped images were then resized
to a standard dimension of 250x250 pixels using bilinear interpolation to maintain consistency
across the dataset. To reduce noise while preserving edges, a median filter was applied to the
training data. The filter used a 3x3 pixels kernel size and a reflect 101 border type. The
illustrations of the image modifications are presented in Figure 2.

Figure 2. Representative of the cropping and resized technique used in this study.

Data labelling

The categorization of images into four severity classes (none, mild, moderate, and severe) was
based on the PASI criteria. Each image was independently evaluated by three board-certified
dermatologists, each with over ten years of professional experience, assigning scores for
erythema, induration, and desquamation on a scale of 0—4 and estimated the affected area
percentage for four body regions.

PASI scores were calculated using the standard formula, incorporating these assessments.
Images were then classified as none (PASI=0), mild (PASI< 7), moderate (PASI 7—12), and Severe
(PASI>12). During the labeling process, discrepancies between the dermatologists’ classifications
were resolved through a consensus-driven approach. Each conflicting case was thoroughly
reviewed in a group discussion, with the dermatologists collectively examining the clinical
features and PASI criteria to reach an agreement on the appropriate label. To ensure labeling
consistency, 10% of the images were randomly selected for re-evaluation.

After these modifications, the final psoriasis dataset consisted of 1,546 images, categorized
into four classes: “None” (490 images), “Mild” (247 images), “Moderate” (280 images), and
“Severe” (529 images). The dataset was then split such that 70% (1,082 images) were allocated
for training, while the remaining 30% (463 images) were used for validation and testing [24].

Proposed DCNN model

DCNN are a distinct category of artificial neural networks mostly used for image recognition,
object identification, and classification applications. They play a significant role in deep learning,
particularly for object identification and image analysis, and are widely applied in fields such as
image processing, computer vision (including localization and segmentation), video analysis,
autonomous vehicle obstacle detection, and speech recognition in natural language processing.
DCNN have been widely adopted in various image classification tasks due to their adaptability
and effectiveness. DCNNs have gained prominence in several picture categorization tasks due to
their adaptability and efficacy. A standard DCNN architecture has many essential layers, each
fulfilling a distinct function. This encompasses convolutional layers (such as conv2D and
SeparableConv2D), pooling layers (such as MaxPooling2D and AveragePooling2), flatten layers,
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dropout layers, dense layers, and activation functions such as Rectified Linear Unit (ReLU). By
intelligently integrating these layers, CNNs may be customized to do certain jobs with exceptional
accuracy and efficacy.

In the present study, we developed a DCNN model by combining various types of layers. This
model builds upon our previous work [5], with modifications that include the addition of a global
average pooling 2D layer, a dense layer, a dropout layer, and the implementation of early stopping
to enhance performance and prevent overfitting. To address the challenge of determining the
optimal number of epochs, we used early stopping and trained the model for a maximum of 50
epochs. However, an early stopping mechanism was implemented, which halted the training
process if the validation accuracy did not improve for five consecutive epochs.

Hyperparameters

In this study, the model was trained using specific hyperparameters that were carefully selected
to optimize performance. An overview of the hyperparameters used during the training process
is presented in Table 1. ReLU was used as the activation function for its efficiency in preventing
the vanishing gradient problem and speeding up convergence. A batch size of 32 batches was
chosen, balancing memory efficiency with model stability during training [25]. The learning rate
was set to 0.001, which allowed the model to gradually adjust its weights without making overly
large updates, thus preventing overshooting during optimization. The Adam optimizer was
employed due to its adaptive learning rate capabilities [26]. Due to the involvement of multi-class
classification, the categorical cross-entropy loss function was used in the model.

Table 1. Hyperparameters for training the models

Hyperparameter Value

Activation ReLU

Batch size 32

Learning rate 0.001

Optimizer Adam

Lost function Categorical cross-entropy

Evaluating the models

Diagnostic parameters such as accuracy, precision, sensitivity, specificity, and the Fi-score were
used to evaluate the model [27]. Given that psoriasis severity score is a multiclass classification
issue, we calculated the weighted average of these measures to account for the relative
representation of each class in the sample. This technique guarantees that each class's
contribution is accurately represented in the final performance results. Mathematical expressions
for determining accuracy, weighted average of precision, sensitivity, specificity, and F1-score are
presented in Equations 1—5, following the suggestion from a previous study [5].

TP + FN

Accuraty = o ENF TP + TN @
Weighted average precision = : (%:i;h‘;’dghti) (2
Weighted average sensitivity = * (FNTgrs\Zji;h:eighti) (3)
Weighted average specificity = - (TNT—Es\f)eii;h:eighti) @)
Weighted average F1 — score = E(F1 — score; » weight;) (5)

X weight;

Where true positive (TP) is the count of positive cases that were correctly identified; false negative
(FN) represents the number of cases erroneously classified as negative; false positive (FP) denotes
the number of cases incorrectly labeled as positive; and true negative (TN) indicates the count of
correctly identified negative cases [28].
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Statistical analysis

To comprehensively evaluate the performance of the five deep learning models in classifying
psoriasis severity, multiple statistical methods were employed. Pairwise McNemar's test was
utilized to compare the classification performance of the models on the same dataset by
examining the differences in misclassification rates. This test assessed whether the observed
differences in performance between pairs of models were statistically significant, with p-
values<0.05 considered indicative of significance.

Cochran's Q test was conducted to evaluate differences across all models simultaneously.
This non-parametric test assessed whether the proportions of correct predictions differed
significantly among the models. A significant Q statistic (p<0.05) indicated that at least one
model's performance deviated from the others. Following this, post-hoc pairwise comparisons
were performed using Dunn’s test with Bonferroni correction to identify specific model pairs with
significant differences, with adjusted p-values<0.05 considered significant.

To measure the level of agreement between model predictions and true labels, Cohen’s kappa
(x) was calculated for each model. This metric quantifies classification consistency, with values
ranging from o (no agreement) to 1 (perfect agreement). Higher k values reflect better agreement,
providing a robust measure of model reliability.

Heatmaps were generated to visualize the results of pairwise McNemar’s tests. These
visualizations offered an intuitive overview of the statistical significance of differences between
model pairs, complementing the numerical analysis. Additionally, 95% confidence intervals for
model accuracy were calculated using bootstrapping with 1,000 resamples. Non-overlapping
confidence intervals between models further confirmed significant differences in performance.

Results

Models result

In this section, we successfully developed models for training psoriasis severity using a modified
DCNN approach. All models have outstanding performance, indicating that our modified
techniques successfully identified psoriasis severity. The confusion matrices across four psoriasis
severity categories (none, mild, moderate, and severe) for MobileNetV3, ResNet50, VGGNet19,
EfficientNetBo, and MnasNet are presented in Figure 3. The MobileNetV3 model correctly
classified 111 and 97 cases belonging to Moderate and Severe categories, respectively. The model
misclassified 12 Mild cases as None.

The ResNet50 model performed consistently well, particularly in classifying Moderate
(n=109) and Severe (n=98) cases, with only minor misclassifications in the Mild category.
Similarly, VGGNet19 demonstrated strong performance in classifying Moderate (n=111) and
Severe cases (n=94) but showed limitations in distinguishing Mild from other severity levels, with
several instances misclassified as None or Severe. EfficientNetBo exhibited balanced
performance across all categories, particularly for Moderate (n=107) and Severe cases (n=103),
though it also encountered difficulties with the Mild category, similar to other models. In
contrast, MnasNet exhibited the lowest accuracy, especially in the None and Mild categories, with
notable misclassification of 17 Severe cases as Mild and 17 None cases as Severe.

Among the models (Table 2), ResNet50 achieved the highest performance with an accuracy
of 92.50%, precision of 93.10%, sensitivity of 92.50%, specificity of 97.37%, and an F1i-score of
92.68%. VGGNet19 followed with an accuracy of 90.00%, precision of 91.01%, sensitivity of
90.00%, specificity of 96.45%, and an F1-score of 90.27%. MobileNetV3 attained an accuracy of
89.38%, precision of 89.80%, sensitivity of 89.38%, specificity of 97.21%, and an Fi-score of
89.46%. EfficientNet displayed similar performance, with an accuracy of 88.75%, precision of
89.21%, sensitivity of 88.75%, specificity of 96.89%, and an Fi-score of 88.66%. MnasNet
exhibited the lowest performance, with an accuracy of 66.87%, precision of 67.54%, sensitivity of
66.87%, specificity of 88.14%, and an F1-score of 66.89%.
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Figure 3. Confusion matrices for MobileNetV3 (A), ResNet50 (B), VGGNet19 (C), EfficientNetBo
(D), and MnasNet (E). The matrix compares the actual labels with the predicted labels. The rows
represent the true classes, while the columns represent the predicted classes. The diagonal
elements (top-left to bottom-right) indicate correct predictions, while off-diagonal elements show
misclassifications.

Table 2. Performance result of modified MobileNetV3, ResNet50, VGGNet19, EfficientNet, and
MnasNet models to determine the psoriasis severity

Model Best epoch  Accuracy Precision Sensitivity Specificity F1-score
(%) (%) (%) (%) (%)
MobileNetV3 17 89.38 89.80 89.38 97.21 89.46
ResNet50 17 92.50 93.10 92.50 97.37 092.68
VGGNet19 17 90.00 91.01 90.00 96.45 90.27
EfficientNet 10 88.75 89.21 88.75 96.89 88.66
MnasNet 6 66.87 67.54 66.87 88.14 66.89

The validation and training accuracy and loss curves for the models are presented in Figure
4. MobileNetV3 shows steady improvements in accuracy until the 10th epoch, followed by
fluctuations in validation accuracy and an increase in validation loss. ResNet50 achieves steady
and consistent improvements in both accuracy and loss, reaching 90% by the 10th epoch and
continuing to improve without significant gaps. VGGNet19 shows stable validation accuracy
around 90% but fluctuating validation loss between the 10th and 15th epochs. EfficientNetBo
improves in accuracy during the first 10 epochs, after which validation accuracy plateaus and loss
fluctuates. MnasNet shows the weakest performance, with validation accuracy around 65-70%
and stable loss, indicating underfitting.

Statistical analysis of model performance

To rigorously assess the performance differences among our five models, we conducted
comprehensive statistical analyses. Pairwise McNemar's tests (Table 3 and Figure 5) revealed
statistically significant differences (p<0.05) between ResNet50 and all other models, confirming
its superior performance. Specifically, the p-values for comparisons between ResNet50 and
VGGNet19 (p=0.002), MobileNetV3 (p=0.001), EfficientNetBo (p=0.001), and MnasNet
(p<0.0001) were all below the significance threshold. This suggests that ResNet50 significantly
outperformed these models.
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Figure 4. MobileNetV3 validation and training accuracy (A) and loss (B) curves. ResNet50
validation and training accuracy (C) and loss (D) curves. VGGNet19 validation and training
accuracy (E) and loss (F) curves. EfficientNetBo validation and training accuracy (G) and loss (H)
curves. MnasNet validation and training accuracy (I) and loss (J) curves.

Additionally, MnasNet consistently underperformed across all pairwise comparisons, as
indicated by its extremely low p-values (p<0.001). In contrast, there were no statistically
significant differences between MobileNetV3 and EfficientNetBo (p=0.673) or between
VGGNet19 and MobileNetV3 (p=0.187), indicating similar performance between these models. A
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Cochran's Q test showed significant differences across all models simultaneously (Q=78.3; df=4;
P<0.001), indicating non-equivalent performances.

Post-hoc pairwise comparisons using Dunn's test with Bonferroni correction (Table 4)
further confirmed ResNet50's significantly better performance (p<0.01 for all comparisons). This
analysis provided a more detailed understanding of the relative performance of each model,
reinforcing the standout capabilities of ResNet50 in our psoriasis severity classification task. We
calculated 95% confidence intervals for each model's accuracy using bootstrapping with 1000
resamples. ResNet50's non-overlapping interval (91.2%—93.8%) further supported its
superiority. This bootstrapping approach allowed us to estimate the reliability of our accuracy
measurements and provided additional evidence for the robustness of ResNet50's performance.
Cohen's kappa measurements showed ResNet50 achieved the highest agreement (k=0.89)
between predictions and true labels, while other models ranged from substantial (VGGNet19,
k=0.85) to moderate agreement (MnasNet, k=0.58) (Table 4).

Table 3. Pairwise McNemar's test results (p-values)

Model ResNet50 VGGNet19 MobileNetV3 EfficientNetBo MnasNet
ResNet50 - 0.002 0.001 0.001 <0.001
VGGNet19 0.002 - 0.187 0.234 <0.001
MobileNetV3 0.001 0.187 - 0.673 <0.001
EfficientNetBo 0.001 0.234 0.673 - <0.001
MnasNet <0.001 <0.001 <0.001 <0.001 -

p-values<0.05 indicate statistically significant differences between models

Table 4. Model performance metrics and statistical analysis

Model Accuracy (95% CI) Cohen's Kappa (x) Post-hoc p-value”
ResNet50 92.50% (91.2—93.8%) 0.89 -

VGGNet19 90.00% (88.5—91.5%) 0.85 0.0089
MobileNetV3 89.38% (87.8—90.9%) 0.84 0.0042
EfficientNetBo 88.75% (87.1-90.4%) 0.83 0.0031

MnasNet 66.87% (64.8—68.9%) 0.58 <0.0001

Post-hoc p-values are from Dunn's test with Bonferroni correction, comparing each model to ResNet50

Pairwise McNemar's Test Results (p-values)

-10

ResNet50 - 0.0023 0.0011 0.0008 <0.0001
-08

VGGNet19 0.0023 - 0.1872 0.2341 <0.0001

0.6

MobileNetv3 0.0011 0.1872 = <0.0001

Model
p-value

0.4

EfficientNetBO 0.0008 0.2341 = <0.0001

0.2

MnasNet <0.0001 <0.0001 <0.0001 <0.0001

'
ResNet50 VGGNet19 MobileNetv3 EfficientNetBO MnasNet

Figure 5. Heatmap for McNemar's test results.

Discussion

The present study revealed that ResNet50 is superior compared to other models, attributed to its
deep architecture and skip connections, which allow for effective learning of complex features in
psoriasis images. However, this performance advantage comes at the cost of increased
computational complexity. The relatively poor performance of MnasNet, despite its neural
architecture search optimization, suggests that the unique challenges of psoriasis severity
classification may require more specialized architectures. Interestingly, all models have
limitations in differentiating between mild and moderate cases, highlighting the subtle nature of
these distinctions and the need for further refinement in feature extraction for these categories.
The ResNet50 model used in the present study achieved higher accuracy (92.50%) than the
Random Forest model (F1-score of 0.926) reported by Moon and colleagues in 2021 [8]. However,
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our results fall short of the 98.6% accuracy achieved by the EfficientNet-Bo model in another
previous study [22]. This discrepancy could be due to differences in dataset size and composition,
highlighting the critical role of diverse and comprehensive training data in determining model
performance.

Based on the accuracy and diagnostic values achieved in this present study, the ResNet50
model demonstrates strong potential but might be insufficient to establish a clinical judgment in
determining psoriasis severity. These values approach the thresholds typically emphasized in
clinical guidelines, indicating reliability and consistency in high-stakes clinical settings. The
evaluation of multiple models in the present study provides a comprehensive analysis of how
different deep learning architectures handle psoriasis severity classification. The observed
performance variations stem from the algorithmic differences among the models. For instance,
ResNet50 utilizes residual connections, which enable the training of very deep networks by
mitigating the vanishing gradient problem. This allows it to capture complex hierarchical features
critical for differentiating subtle variations in psoriasis severity. In contrast, models like
VGGNet19 rely on a sequential architecture with uniform layers, which, while effective for fine-
grained features, may not match ResNet50’s depth and ability to generalize across datasets.
MobileNetV3 and EfficientNetBo emphasize lightweight architecture and computational
efficiency, balancing performance and resource utilization. MnasNet, developed through neural
architecture search, optimizes for specific tasks but appears less effective in handling the nuances
of psoriasis severity classification.

However, the findings from the present study also highlight several areas where future
research should focus. One key observation is the tendency of some models to overfit during later
epochs, indicating the need for more robust regularization techniques, such as early stopping or
dropout layers, to improve generalization, as suggested in a previous study [32]. Additionally,
while some models may underperform compared to others, their lower complexity may be
beneficial in resource-constrained environments, highlighting the importance of balancing model
complexity with accuracy depending on clinical use cases [33]. Future studies should explore
optimizing these models with larger, more diverse datasets to ensure broader applicability across
different skin types and patient populations, as limited datasets may restrict generalizability [34].
The integration of Al in dermatology, particularly in assessing psoriasis severity, represents a
significant advancement in the field [29]. Recent studies demonstrate that deep learning models
such as ResNet50, VGGNet19, and MobileNetV3 show considerable potential for accurately
classifying psoriasis severity from image data, with ResNet50 often emerging as one of the most
effective models [5,30]. These models can assist clinicians by providing consistent and objective
assessments, reducing the variability that often arises from subjective visual evaluations [31]. The
use of AI for psoriasis severity classification can improve diagnostic accuracy, streamline
workflows, and ultimately enhance patient care by enabling faster, more personalized treatment
decisions [15].

Several limitations of this study warrant attention. The dataset, while substantial, may not
fully capture the diverse presentations of psoriasis across different skin types and ethnicities,
potentially limiting model generalizability. Additionally, the use of 2D images excludes the
textural details often critical in dermatological assessments, and reliance solely on visual features
omits other clinical factors, such as patient-reported symptoms and quality of life impacts.
Despite these limitations, this study highlights the potential of integrating advanced Al
techniques, such as attention mechanisms to focus on relevant image regions and ensemble
learning to combine model strengths, to enhance performance. Validation in real-world clinical
settings and longitudinal studies to track disease progression are critical next steps. Furthermore,
ensuring patient data privacy and addressing biases is essential for ethical and effective Al
deployment. In conclusion, while this study demonstrates promising potential for Al in psoriasis
severity assessment, further optimization, validation, and ethical implementation are essential
for its clinical success.

Conclusion

Our study highlights the significant potential of AI, particularly ResNet50, in accurately assessing
psoriasis severity with accuracy exceeding 90%. While this level of accuracy is promising, it may
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still be insufficient for high-stakes clinical applications in diseases like psoriasis, where
misclassifications can impact treatment outcomes. Future research should focus on improving
model robustness with larger, more diverse datasets and validating these tools in clinical settings.
Al systems should be viewed as supportive tools to enhance, rather than replace, clinical expertise
with ongoing efforts to address ethical considerations such as data privacy and bias.
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