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Abstract—Psoriatic arthritis (PsA) is a complex inflamma-
tory disease and a more severe condition of psoriasis (PsO),
frequently accompanied by skin and nail lesions. Early differ-
entiation between these conditions is crucial for appropriate
treatment selection and improved patient outcomes. Therefore,
this study assesses the contribution of the unaffected fingernail
indicators and presents PsACasNet, a multi-modal cascaded
fusion neural network for effective classification of PsA out
of PsO. The framework integrates the clinical phenotypes,
protein structural features, and morphology of the unaffected
fingernails of patients. PsACasNet implements a biology-driven
cascade fusion pathway from molecular (spectral) to morpho-
logical (SEM image), and then to clinical indicators. Through
comprehensive ablation studies evaluating seven different modal
combinations, we demonstrate the effectiveness of our model,
which follows a biology-driven molecular-to-morphological-to-
clinical fusion pathway. Experimental results show that dual-
modal combinations of Clinical+Spectral and Spectral+Image
achieve optimal performance (92.0% accuracy), while spectral
features alone reach 84.0% accuracy, highlighting the discrimi-
native power of molecular characteristics. The comparison with
other traditional machine-learning methods demonstrates the
efficiency of our multi-modal fusion strategies. Moreover, through
the interpretability analysis of the model, we found that the
morphological and protein characteristics of the uninvolved nails
have made outstanding contributions to the diagnosis of PsA and
can serve as effective biomarkers to promote diagnosis.

Index Terms—Multi-model Fusion, Deep Learning, Psoriasis
Diagnosis, Nail Involvement Characteristics

I. INTRODUCTION

PsO and PsA represent significant challenges in derma-
tology and rheumatology, affecting approximately 2-3% of
the global population [1]. PsO is a chronic autoimmune
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condition characterized by rapid skin cell proliferation, leading
to distinctive scaling and inflammation. PsA, a more severe
condition, develops in approximately 30% of PsO patients,
causing progressive joint damage and significant disability if
left untreated [2, 3]. Given the absence of therapeutic interven-
tions capable of reversing joint disability, early identification
of patients at high risk for progression from psoriasis to
PsA is paramount. However, identifying such patients presents
significant challenges, as diagnostic biomarkers for early PsA
detection are currently lacking.

Nail psoriasis represents one of the most predictive clin-
ical indicators for PsA development [4]. Psoriasis patients
with nail lesions (e.g., pitting, onycholysis, crumbling, dis-
coloration) show higher PsA susceptibility than those without
nail involvement [4, 5], though not all PSA patients manifest
nail pathology. Current clinical assessment of psoriatic nail
changes is limited to visual observation, and it remains unclear
whether apparently normal nails possess identical microstruc-
tural characteristics in PsO versus PsA patients. As nails
consist primarily of keratin [6, 7], their mechanical stability
depends critically on: (1) disulfide-bonded keratin chains, (2)
peptide-bonded amide I (1620-1640 cm~!) and amide II
groups stabilized by hydrogen bonding and S-sheets [8, 9],
making these bonds essential for nail quality evaluation.

Currently, the automated diagnostic systems for PsO and
PsA face significant challenges. Conventional diagnostic ap-
proaches rely on clinical observation, medical history, and
laboratory examinations, which are inherently subjective and
time-consuming. Moreover, the subtle molecular changes that
precede visible symptoms remain largely undetected by con-
ventional methods. The application of artificial intelligence
technology has greatly improved the diagnosis and prediction
of diseases, but it predominantly focus on single-modal data
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Fig. 1. Overview of the PsACasNet architecture of multi-modal fusion for PSA/PsO classification.

analysis, missing synergistic information across multiple bi-
ological scales. Besides, many systems lack interpretability,
hindering further promotion and application. Advances in
biomedical technology have enabled multi-scale biological
data collection and analysis [10]. Integration of clinical phe-
notypic data, molecular-level spectroscopic information, and
cellular morphological characteristics provides a methodology
for more accurate early diagnosis [11].

This study focuses on the morphology and keratin structure
features of healthy nails, exploring the role of nails in pre-
dicting the development of PsA in PsO patients. we develop
an enhanced hierarchical multimodal [12] deep learning net-
work, PsACasNet, that integrates multi-scale biomedical data
through a biology-driven hierarchical architecture mirroring
natural disease progression from molecular to clinical mani-
festations, providing accurate classification and interpretable
results (Fig. 1)

II. MATERIALS AND METHODS
A. Sample collection

Clipped fingernail plates were collected (Nov 2023-
Aug 2024) from healthy volunteers, PsO patients with
dermatologist-confirmed silvery scales, and PsA patients di-
agnosed according to the Classification Criteria for Psoriatic
Arthritis (CASPAR). CASPAR, established by the interna-
tional rheumatology community in 2006 [13], provides stan-
dardized diagnostic criteria for PSA with high sensitivity and
specificity.

All patients with psoriasis were treatment naive for 3 months
and excluded for comorbidities or nail infections. Patients with
comorbidities such as cancer, hepatitis, renal insufficiency,
primary and secondary hyperparathyroidism, osteoporosis, un-
explained elevations in alkaline phosphatase, finger injuries,
and nail fungal infections were excluded from this study.
Unaffected distal segments (1-3 mm) of the right middle
fingernail were washed, dried, bagged, and stored at -20°C.
Samples were analyzed within one week. Ethics approval
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(Xiangya Hospital #202308636) and informed consent were
obtained.

B. SEM

Scanning electron microscopy (SEM) was conducted using a
Czech Tescan MIRA LMS to examine the surface morphology
of nail plate samples (both dorsal and ventral sides). To
enhance the conductivity of the samples, a thin layer of gold
was deposited on their surfaces using ion sputtering coating
technology. Observations of the samples were made under a
secondary electron (SE) mode at an accelerating voltage of 15
keV.

C. Micro-Fourier Transform Infrared Spectroscopy (FTIR)
analysis

Nail samples underwent micro-FTIR (Thermo Nicolet iN10)
in Attenuated Total Reflectance (ATR) mode (400—4000 cm™?,
32 scans, 4 cm~! resolution). Post-background scan, spectra
were Fourier-transformed and processed via Omnic software
(absorbance conversion, baseline correction, smoothing). Peak
positions (local maxima) and areas of Amide I/II and Disulfide
bands were quantified in Origin 2022 software, using healthy
nails as a reference for relative calculations.

D. Model Construction

The psoriasis classification task is formulated as binary clas-
sification predicting y; € {0, 1} for PsA and PsO. Each sample
comprises the multi-modal data of clinical characteristics c; €
R®, spectral characteristics s; € R® of infrared spectroscopy,
and SEM images I; € R?24x224X3_ The objective learns an
optimal mapping integrating all modalities:

file,si i) =y )

Our hierarchical multi-modal framework uses three en-
coders: a two-layer network for clinical data, a three-layer net-
work for spectral patterns, and EfficientNet-BO with attention
for SEM images.The multi-modal data were integrated by a
two-stage hierarchical fusion that first combines molecular and
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morphological features, then integrates clinical information,
mirroring the biological progression from molecular alter-
ations to clinical manifestations (Fig. 1).

1) Single-mode encoder design: Three specialized en-
coders extract features: a two-layer network for clinical data, a
three-layer network for spectral patterns, and EfficientNet-BO
with attention for SEM images.

a) Clinical Data Encoder: Two-layer network processes
5-dimensional clinical features (5—32—16):

h, = ReLUBN(W® . ReLUBN(WMc + b)) + b))

2

b) Spectral Data Encoder: Three-layer architecture ex-
tracts molecular signatures (5—64—32—16):

h, =Dropout(ReLU(BN(W(*) . ReLU(BN(W?) . ReLU
(BN(W{Us + b{!)) + b{*))) + b{*)))
3)
c) Image Encoder: We employ EfficientNet-BO for its
proven effectiveness in biomedical image analysis and optimal
balance between computational efficiency and feature extrac-

tion capability. EfficientNet-BO0 extracts features from 224x224
SEM images:

f;ny = EfficientNet(I), h; = GlobalAvgPool(f;,,) € R'*%°

“4)
Attention mechanism refines features:
QK™
A = Softmax(———), h; . = AV 5
( \/@ ) ,att ( )
h/"* = Linear(h; 4;;) € R% (6)

2) Hierarchical Fusion Strategy: Two-stage biologically-
motivated fusion mirrors pathophysiological progression from
molecular to clinical manifestations. Our two-stage fusion
follows the natural progression from microscopic to macro-
scopic disease manifestation: molecular alterations precede
morphological changes, which ultimately manifest as clinical
symptoms.

a) Stage 1: Biological Feature Fusion: Combines spec-
tral and image features:

hy;o = ReLU(BN(Wo[hs; h;] + byo)) @)

where [hy; h;] € R® creates unified molecular-morphological
representation hy;, € R32,

b) Stage 2: Clinical Integration: Integrates biological
representation with clinical features:

hfinal = ReLU(BN(Wf'Lnal [hbio; hc] + bfinal)) (8)

3) Biological Significance of the Two-Stage Hierarchical
Architecture: Our hierarchical fusion architecture models
biological causality in psoriatic conditions. Stage 1 (Eq. 7)
captures molecular alterations driving morphological changes,
while Stage 2 (Eq. 8) integrates biological evidence with
patient phenotype for diagnosis. This approach improves ac-
curacy while providing clinically interpretable insights aligned
with pathophysiological knowledge.
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E. Loss Function Design

Our loss function balances classification accuracy, general-
ization, and interpretability through three components: binary
cross-entropy for PsA/PsO classification, L2 regularization
to prevent overfitting, and attention regularization for inter-
pretable patterns.

a) Primary Classification Loss: Binary cross-entropy
handles class imbalance:
1N
Los = == ) lyilog(4:) + (1 — yi) log(1 — §i)]
i=1

9)
b) Regularization Loss: L2 regularization prevents over-

fitting:
Lreg=A)_1I6If3
€O

(10)

where A\ = 1 x 10~ controls regularization strength.
c) Attention Regularization: Encourages focused, inter-
pretable attention:

N N
Eatt:aZHAiHl +5ZH(A1‘) (11)
i=1 i=1
with sparsity term (o = 0.01) and entropy term (5 = 0.001).
The total loss combines all components:

£total = Ecls + Ereg + Eatt (12)

FE. Training Strategy and Optimization

The model was trained on 124 patients using a stratified
split ratio of approximately 64:16:20 to ensure balanced rep-
resentation of PsA and PsO cases across sets: 79 patients for
training, 20 for validation, and 25 for testing. This stratified
splitting approach maintained consistent disease prevalence
across all datasets to prevent sampling bias. The model used
Adam optimizer(5; = 0.9, f2 = 0.999) with initial learning
rate 1 x 10™% and cosine annealing scheduler. Training used
batch size 8 over 200 epochs with early stopping (patience
20). Training used batch size 8 over 200 epochs with early
stopping (patience 20), as smaller batch sizes demonstrated
superior convergence and generalization compared to larger
alternatives (16, 24). The loss function combined binary cross-
entropy, L2 regularization (A = 1 x 107%), and attention
regularization (o« = 0.01, 8 = 0.001). Data augmentation in-
cluded random flipping, rotation (£15°), and intensity normal-
ization for images, with standardization for clinical/spectral
features. EfficientNet-BO used ImageNet pre-trained weights
with dropout (p = 0.2) in the spectral encoder, achieving
92.0% test accuracy. In this project, we utilize the EfficientNet
model due to its superior accuracy-efficiency trade-off and
significantly reduced computational requirements [14].

G. Ablation Study Design

To systematically evaluate the contribution of each modality
and the effectiveness of the hierarchical fusion strategy, we
designed a comprehensive ablation study with seven distinct
configurations, as detailed in Table I. This study, through
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TABLE I
ABLATION STUDY CONFIGURATION DESIGN

Model Specs Modalities Model Formulation Rationale & Objective
Clinical Clinical file) =y Establish baseline performance using only
structured clinical data.
Spectral Spectral fa(s) =y Evaluate the independent discriminative power of
molecular features.
Image Image f3(I) =y Assess the independent contribution of
morphological image features.
Clinical + Spectral Clinical, Spectral fa(e,s) =y Evaluate the synergistic effect of combining clinical
and molecular data.
Clinical + Image Clinical, Image f5(c,I) =y Assess the synergy between clinical context and
morphological features.
Spectral + Image Spectral, Image fe(s,I) = y Test the performance of the first-level biological
feature fusion.
PsACasNet Clinical, Spectral, fr(e,s,I) =y Evaluate the full hierarchical fusion model with all

Image

three modalities.

configurations C1-C7, allows us to isolate the performance of
individual modalities and their combinations, providing clear
insights into their synergistic and independent contributions.

H. Statistical Analysis

For continuous variables, statistical differences were esti-
mated by the Wilcoxon rank-sum test. Categorical variables
were compared using the Chi-square test. Correlation analy-
sis was performed using Spearman’s method. All statistical
analyses were two-sided.

III. RESULTS
A. Patients Characteristics

We first conducted a comparative analysis of baseline de-
mographic characteristics, clinical features, and nail keratin
profiles between collected cohorts of PsO and PsA patients.
The results revealed no statistically significant differences in
baseline characteristics such as gender, age, or body mass
index (BMI) between the two groups (Fig. 2A-C). However,
significant differences in the Psoriasis Area and Severity Index
(PASI) and the percentage of Body Surface Area (BSA) were
observed, which align with the disease severity between groups
(Fig. 2D-E). Furthermore, the nail keratin structural features
based on the micro-Fourier-transform infrared (FTIR) spec-
troscopy demonstrate more distinct distributions, including the
assessment of amide I bond, amide II bond, and disulfide
bonds, suggesting that they may possess stronger independent
discriminative power for classification (Fig. 2F-J).

B. Model Performance Analysis

To assess the contribution of features of unaffected fin-
gernails in classifying PsA, we performed comprehensive
ablation experiments (Table I). Training and validation curves
demonstrate distinct convergence patterns across configura-
tions. Spectral-based models show rapid convergence with
stable validation performance, while Image models exhibit
more volatile training dynamics (Fig. 3A). The PsACasNet
configuration shows gradual improvement with occasional
overfitting, highlighting the challenge of optimizing complex
multi-modal architectures with limited data. The hierarchical
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fusion strategy of PsACasNet implements a biologically mo-
tivated two-stage integration process that mirrors the patho-
physiological progression from molecular changes to clinical
manifestations in psoriatic conditions.

Further, the diagnostic performance of different model
configurations was evaluated using Receiver Operating Char-
acteristic (ROC) curves (Fig. 3B). The dual-modal Clini-
cal+Spectral configuration achieved the highest AUC of 0.993,
followed by Spectral+Image at 0.979. Notably, the Spectral
model alone reached an AUC of 0.958, while the Clinical
model showed limited discriminative power. The PsACasNet
fusion model achieved an AUC of 0.965, demonstrating the
effectiveness of our integrated approach (Table II).

Feature representation analysis was conducted using UMAP
(Uniform Manifold Approximation and Projection) to visual-
ize learned embeddings across multiple modalities (Fig. 3C).
Prior to UMAP visualization, PCA was conducted on the
embeddings extracted from the final linear layer to reduce
dimensionality while preserving key feature relationships.

The UMAP projections revealed distinct clustering patterns,
with spectral features showing the strongest class separation
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TABLE II
PERFORMANCE EVALUATION OF DIFFERENT MULTI-MODAL FUSION
STRATEGIES AND PREVIOUS MODELS

Model Acc. Prec. Rec. F1 AUC
Ablation Configurations

Clinical+Spectral 92.0  93.8 93.8 93.8 0.993
Spectral+Image 92.0 938 938 93.8 0.979
PsACasNet 88.0 842 100.0 914 0.965
Spectral 84.0 87.5 875 87.5 0.958
Clinical+Image 76.0 7277 100.0 842 0.819
Image 720 714 93.8 81.1 0.646
Clinical 520 643 562 60.0 0.514
Traditional ML Models

SVM 65.8 66.7 91.7 772 0.634
Log. Reg. 632 632 1000 774 0.446
Random Forest 553 62.1 75.0 679 0.551
KNN 52.6  60.7 70.8 654 0.579
Naive Bayes 526 615 667 640 0.455
Decision Tree 474 583 583 583 0435

capability.

In addition, we compared our model with the traditional
machine-learning methods, including support vector machine
(SVM), logistic regression, random forest, K-nearest neigh-
bors, naive bayes, and decision tree. The accuracy (Acc.),
precision (Prec.), recall (Rec.), Fl-score, and AUC are com-
prehensively compared, and our model outperformed the above
traditional methods, further suggesting the effectiveness of the
multi-modal fusion in PsO classification (Table II).

C. Model Interpretability

To enhance interpretability, we analyzed different modali-
ties’ contributions. Spearman’s correlation analysis (Fig. 4A)
revealed strong correlation between PASI and BSA scores
(p 0.84), while demographic and clinical indicators
showed weak correlations with spectral features. Strong intra-
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correlations existed among spectral features (Amide bond I
and II: p = 0.99; disulfide bond: p = 0.80), supporting their
integration in our multi-modal framework.

SHAP analysis revealed nail keratin’s molecular features as
the strongest contributors to classification (Fig. 4B). Disulfide
bond content was the primary discriminative feature (mean
|SHAP| = 0.1799), followed by amide bond markers (Amide
Content II: 0.1057; I: 0.0725, Fig. 4B). Clinical features
showed modest influence, with BSA (mean |[SHAP| = 0.0267)
and age (mean |SHAP| = 0.0239) as leading parameters
(Fig. 4B).

IV. DISCUSSION

This study validates the efficacy of a biologically inspired
hierarchical fusion network for precise and interpretable diag-
nosis of PsA. We innovatively proposed PsACasNet, integrat-
ing molecular features with morphological characteristics and
clinical phenotypes. Through systematic ablation studies, we
found dual-modal combinations (Clinical+Spectral and Spec-
tral+Image) achieved superior accuracy (92.0%), primarily
due to the strong discriminative power of spectral features
(84.0%). The hierarchical PsACasNet achieved 88.0% accu-
racy, with performance limitations likely due to information
redundancy and increased model complexity. SHAP analysis
revealed significant molecular and clinical determinants of PSA
diagnosis. Our study’s limitations include moderate dataset
size and need for external validation. Future work will focus
on data expansion and computational optimization to enhance
the model’s generalizability.

V. CONCLUSION

This research successfully developed a hierarchical multi-
modal fusion deep learning network for high-accuracy pso-
riasis classification. Key findings demonstrate the strong dis-
criminative power of spectral features, and their integration
with the clinical and image data. Scientifically, it offers a
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novel biology-driven theoretical framework, systematic abla-
tion methodology, validated multi-modal diagnostic utility, and
a foundational technical reference for related Al-driven disease
diagnosis. Project code is available at GitHub.
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