Article type: Original article
Title: AI-Powered Standardized Imaging for Objective Psoriasis Severity Assessment at home
Mariona Oliver1,2*, Monika Molnarova5*, Menthe Bergmans1, Rahul Ranjan5, Vasileios Exadaktylos1, Tessa Niemeyer van der Kolk1, Marieke M.B. Seyger6, Leonard Wee7, Deepak M.W. Balak3, Martijn B.A. van Doorn1,4, Robert Rissmann1,2,3, Harald Schnidar5, Jannik Rousel1,2, The Next Generation ImmunoDermatology Consortium (NGID).
1 Centre for Human Drug Research, Leiden, the Netherlands
2 Leiden Academic Centre for Drug Research, Leiden University, Leiden, the Netherlands 
3 Leiden University Medical Centre, Leiden, the Netherlands
4 Erasmus Medical Center, Rotterdam, the Netherlands
5 SCARLETRED Holding GmbH, Vienna, Austria
6 Radboud University Medical Center, Nijmegen
7 MAASTRO (Dept of Radiation Oncology), GROW Research Institute of Oncology and Reproduction, Maastricht University, The Netherlands.
*Contributed equally
Author Contributions: RRi, MD, TN and JR designed the research study. JR and MB performed the research under supervision of MD, RRi, DB, TN. MM developed the machine learning algorithms and generated the AI-derived data, with contributions from RRa. Data analyses were performed by MM, MO, JR, and RRa. The initial manuscript draft was prepared by MO in collaboration with MM. RRi, HS, MM, MB, MS, LW, DB, MD, VE and JR reviewed the manuscript. All authors have read and approved the manuscript.
Corresponding author: Robert Rissmann 
Robert Rissmann
Centre for Human Drug Research, Zernikedreef 8, 2333CL Leiden, The Netherlands; 
Electronic address: rrissmann@chdr.nl.
Collaborators: Rob Vreeken, Maastricht University; Eva Cuypers, Maastricht University; Sylvia van Beugen, Leiden University; Antoinette van Laarhoven, Leiden University; Boudewijn Lelieveldt, Leiden University Medical Center; Abdoel El Ghalbzouri, Leiden University Medical Center; Hanna 
Niehues, Radboud University Medical Center; Marieke Seyger, Radboud University Medical Center; Juul van den Reek, Radboud University Medical Center; Ellen van den Bogaard, Radboud University Medical Center; Annemarie Sluijmers, Nationale vereniging voor mensen met lupus, APS, sclerodermie en MCTD; Jorien Versteeg, Hidradenitis Patiënten Vereniging; Bernd Arents, Vereniging voor Mensen met Constitutioneel Eczeem; Ilse van Ee, Psoriasispatiënten Nederland; Jim van der Zon, Psoriasispatiënten Nederland; Mieke de Leeuw, Stichting Huidlymfoom, Ton de Leeuw, Stichting Huidlymfoom; Peter van den Broek, Huid Nederland en Patiëntenplatform Urticaria; Camiël Berghof, Patiëntenplatform Urticaria; Els van der Pool, HAN University of Applied Sciences; Nanda Olde, HAN University of Applied Sciences; Debra Trampe, HAN University of Applied Sciences; Ellen Stijl-’t Hart, Leiden University Medical Center; Lisanne Wezendonk, Leiden University Medical Center; Douwe Vellinga, Alrijne Hospital Leiderdorp; Stephan Weidinger University Hospital Kiel Schleswig Holstein; Sandrine Dubrak, Medical University of Innsbruck; Yang Li, Helmholtz Centre for Infection Research, Maurice van Steensel, Nanyang Technological University, Singapore; Martina Marchetti-Deschmann, Technical University Wien; Jimmy Bakker, Perimed AB
Funding information: This study was funded by the Centre for Human Drug Research (CHDR) as part of an investigator-initiated clinical trial and Scarletred. It forms part of the SKINERGY PP trial conducted under the NWA-ORC project (NWA.1389.20.182), titled Next Generation ImmunoDermatology (NGID). Janssen-Cilag B.V. provided the medication for use in the clinical study and was involved in the approval of the study protocol.
Conflicts of interest: Monika Molnarova and Rahul Ranjan are employees and Harald Schnidar is CEO, founder and shareholder of SCARLETRED Holding GmbH, the company providing the imaging technology used in this study. Dr. van Doorn has received consulting fees or honorarium from Novartis, AbbVie, Pfizer, LEO pharma, Sanofi, Lilly, Janssen and Celgene and grant and payment for lectures including service on speakers bureaus from Novartis, Sanofi and Janssen outside the submitted work. All other authors declare no competing interests. Dr. Seyger received grants from/was involved in clinical trials from Eli Lilly and Janssen. She served as a consultant for Abbvie, BMS, Eli Lilly, Janssen, Novartis and UCB; fees were paid directly to the institution.
Ethics statement: Reviewed and approved by the Medische Ethische Toetsings Commissie Brabant (IRB approval number P1926). Written informed consent was obtained from all participants to participate in the study prior to any study-related procedures.
Data availability statement: The data that support the findings of this study are available from the corresponding author upon reasonable request.
Manuscript word count: 2,971
Abstract word count: 196
Capsule Summary word count: 32
References: 68
Figures: 7
Supplementary figures: 1
Tables: 0
Supplementary tables: 2
Keywords: Psoriasis, artificial intelligence, severity assessment, medical imaging, objective assessment, machine learning, convolutional neural network, smartphone, dermatology, target lesion score, psoriasis area and severity index.
Capsule Summary
· Psoriasis Area and Severity Index (PASI) assessments are limited to clinic visits and inter-observer variability.
· AI–based imaging monitoring supports clinicians with reproducible, objective data between visits while enabling continuous, accessible care.


Abstract
Background: Psoriasis requires long-term monitoring, yet conventional tools like the Psoriasis Area and Severity Index (PASI) are time-consuming and prone to inter-rater variability. Artificial intelligence (AI) may overcome these limitations by providing remote and objective assessments. 
Objectives: To evaluate the feasibility and performance of AI-based smartphone imaging for remote monitoring of psoriatic lesion response to treatment. 
Methods: In a 16-week, double-blinded, placebo-controlled trial, 26 patients with mild-to-moderate psoriasis received guselkumab or placebo. Using a color-calibrated smartphone medical platform, patients captured daily home images of target lesions. Physicians assessed PASI, Target Lesion Score (TLS) and clinical images. Machine learning quantified and predicted erythema, scaling, and to generate an AI-derived TLS (aiTLS). 
Results: aiTLS showed strong agreement with physician-assessed TLS (r=0.82, p<0.001). From week 8, AI detected reductions in erythema and scaling in the guselkumab group (p < 0.05), across both at-home and in-clinic images. Baseline comparisons showed no significant differences between clinic and home image quality.
Limitations: Limited by a small cohort, single-lesion focus, and lack of diverse skin tones or severe phenotypes.
Conclusions: AI-based smartphone imaging reliably quantifies psoriasis severity, matching in-clinic, physician scores. This approach enables scalable remote monitoring in clinical trials and routine practice.

Introduction
Psoriasis is a chronic immune-mediated skin disease that affects approximately 2% of the global population and significantly impacts quality of life (1). It is characterized by well demarcated erythematosquamous and indurated plaques and follows an unpredictable course with periods of flare and remission (2). Managing moderate to severe psoriasis requires regular follow up to assess treatment response, identify patients who are not improving, and adjust therapy when needed (3–9). 
The Psoriasis Area and Severity Index (PASI) (10), or when localized to a single lesion, the Target Lesion Score (TLS) (11), are widely used but are subject to intra- and inter- rater variability (13), and require time-consuming in-clinic evaluation by trained physicians (12–14). These limitations challenge both physicians and patients and imposes logistical burden for patients (15,16). 
Recent progress in digital health have created opportunities for remote and more objective assessment between visits. Among these innovations, high resolution cameras in widely available devices enable patients to capture standardized images of their lesions at home (17,18). Studies have shown that both primary care providers and dermatologists can reliably assess skin lesions using patient-taken images, and that patients increasingly use such photographs to track their own disease and communicate with clinicians (19–23). Artificial intelligence (AI)-based imaging allows visible features such as erythema, scaling, and lesion area to be measured (24–30). AI-driven platforms have demonstrated diagnostic accuracy comparable to dermatologists, especially in conditions such as skin cancer, including malignant melanoma and keratinocyte carcinomas (31–35).  
Much of existing work has been restricted to controlled clinical environments. It remains uncertain whether patients can consistently produce images of sufficient quality at home and whether AI‑assisted scoring can capture treatment responses under real‑world conditions (36,37). 
This 
study outlines a structured approach for remote assessment of psoriasis severity using a smartphone based, AI-assisted imaging platform that objectively measures lesion features (9,44). These parameters correspond to clinically relevant features also assessed by conventional scoring and may address limitations of existing methods (45). In patients randomized to placebo or guselkumab, an interleukin-23 inhibitor approved for moderate-to-severe psoriasis (6), the study examines how image-derived metrics reflect disease severity and treatment response. By combining AI-derived measures with physician scoring, the study evaluates the performance of remote image-based assessment alongside standard clinical evaluation, supporting integration into research and routine care. 

Material and Methods 
Study design 
This single-centre, double-blinded, placebo-controlled randomized trial (ClinicalTrials.gov Identifier NCT03688971) was conducted between September 2020 to January 2023, at the Centre for Human Drug Research, in Leiden, the Netherlands, in accordance with the Declaration of Helsinki. Eligible adults (18–75 years) had plaque psoriasis with an overall PASI of <5 or >10 with at least one lesion with a TLS of 6–9 and no active treatment. Full inclusion and exclusion criteria are listed in the supplemental information. 
Patients were randomized 3:1 to receive subcutaneous guselkumab 100 mg or placebo at weeks 0, 4, and 12. Clinic visits occurred two weeks prior to treatment start and at weeks 0, 2, 4, 8, 12, and 16. For PASI, erythema, scaling, and induration were rated across body regions; for TLS, the same subscores (0–4) were applied to a single representative lesion and summed (46). Imaging was performed using 
Patients captured standardized daily photographs using the CE class 1m medical device certified system Scarletred® Vision application (Scarletred, Vienna, Austria), with target lesion images captured both in-clinic using an iPhone 11 by a physician and at home by the patient using a supplied iPhone SE (Apple Inc., Cupertino, CA, United States). 
(Insert Figure 1)
Data Preparation
Images were standardized using a calibration patch placed on healthy skin, automatically detected by the app. Following acquisition, the software performed automatic color calibration, ensuring uniformity across all images in terms of color balance and spatial dimensions (39,40). The full dataset of 2,200 target lesion images (152 in-clinic and 2,048 at-home), was then randomly shuffled and allocated to training, test and validation sets, according to the analysis task (Figure 2). Basic down sampling and geometric data augmentation were applied to improve generalization. Additional methodological details are provided in the Supplementary Materials. 
(Insert Figure 2)

Lesion Segmentation 
Accurate isolation of psoriatic regions formed the basis for classification and severity assessment. All images were manually annotated by a physician, to provide reference lesion boundaries. A deep learning model was fine‑tuned via transfer learning on these annotations. (see Supplementary Materials for full methodological details).

Tissue Classification 
Following segmentation, tissue classification was performed to analyze the composition of each lesion. The analysis identified erythematous, scaling, and healthy skin regions. Classification was limited to the segmented lesion areas to ensure clinical relevance.
A total of 152 images were manually annotated by a physician to create reference data for model training. Each annotated image was divided into adaptatively generated superpixels labeled as erythema, scaling, or healthy skin. Induration was excluded from compositional tissue analysis, as it is not a visible surface feature and was separately evaluated for aiTLS scoring only.
Severity Scoring 
Automated severity grading was based on the TLS, evaluating erythema, scaling, and induration. Each TLS component was modelled separately using a Random Forest classifier trained on expert-assigned sub-scores collected during in-clinic visits (0–4 for erythema, scaling, and induration). Due to the limited availability of high-severity cases, training was constrained to a 0–3 range. 
Technical details of feature extraction, classifier training, and specific image-derived metrics are provided in the Supplementary Materials.

Statistics
Comparisons between treatment groups at individual timepoints were performed using two-sided t-tests or Mann–Whitney U tests, as appropriate. Longitudinal effects were evaluated using mixed-effects linear models, with patients as a random effect and treatment group, tissue class, and week as fixed effects, with post-hoc comparisons at key timepoints. 
Reliability of repeated measurements was assessed using the two-way mixed-effects Intraclass Correlation Coefficient (ICC). Agreement between Physician and aiTLS scores was evaluated using both Pearson and Spearman correlation coefficients. All tests were two-sided; 95% confidence intervals were reported, and p < 0.05 was considered statistically significant.


Results
Seventy eight patients were screened, of whom 27 were enrolled, and 26 completed the study (guselkumab n = 20, placebo n = 6) (Table S1). Baseline PASI and TLS were comparable between groups. At-home imaging compliance declined over time, averaging 60% across the study. Full demographics are provided in Supplementary Table S1.
Lesion stability and reproducibility during the run-in period
Target lesions were assessed using standardized images obtained in-clinic at 2 weeks prior to start of the treatment (week -2) and baseline, as well as at home in the days between. Tissue classification showed strong agreement between in-clinic and at-home images in the initial two-week baseline period, indicating consistent lesion composition across settings. Physician-assigned TLS showed no significant differences, confirming lesion stability prior to treatment (Figure 3). The alignment between AI-based tissue classification and clinical scoring supports the reliability of at-home lesion monitoring and provides a stable baseline for evaluating treatment effects (Figure 7). 
(Insert Figure 3)

Changes in lesion composition over time
Lesion changes were detected consistently in both in-clinic and at-home images. The segmentation model reliably distinguished psoriatic lesions from surrounding healthy skin, achieving a mean Intersection over Union (IoU) of 0.85 and an F1 score of 0.92 on the test set. The CNN architecture maintained a robust performance across lesion sizes, locations, and imaging settings. Tissue classification using a Random Forest classifier effectively separated erythema, scaling, and healthy skin within the lesion areas. The high precision (>0.94), recall (<0.85) and F1 scores (>0.90) across all classes demonstrate the model’s strong ability to accurately identify and differentiate tissue types (Table S2).
The percentage of erythematous and scaling tissue decreased significantly over time in the guselkumab group. The percentage of healthy tissue within the normalized ROI significantly increased concurrently.  This reduction was visible in both clinical and home settings. By week 16, the treated group showed a significant reduction in lesional area, while the placebo group remained unchanged (Figure 4). Measurements averaged across timepoints showed high reliability (ICC3k = 0.88, 95% CI: 0.78–0.95 for erythema; ICC3k = 0.85–0.90 for scaling; ICC3k = 0.86–0.91 for healthy tissue), confirming consistency and reproducibility in the data.

(Insert Figure 4)

Erythema intensity measured by SEV* declined significantly during treatment. In-clinic assessments showed improvement in the treated group from week 4 onward (p < 0.05), with similar changes captured at home. Significant differences between treated and placebo groups were observed at weeks 8, 12, and 16 (p < 0.05) (Figure 5). Measurement reproducibility across timepoints supports the robustness of these findings (ICC₃ₖ = 0.69, 95% CI: 0.43–0.86). 
(Insert Figure 5)

Clinical efficacy based on automated Target Lesion Score (aiTLS) 
Automated severity sub-scoring was performed independently for each component of the TLS: erythema, desquamation and induration. The performance showed robust performance across all parameters, demonstrating reliable discrimination between severity levels 0–3 (Figure 6). Erythema predictions showed lower accuracy at higher severity levels.
(Insert Figure 6)

The three automated severity sub-scores were combined to produce a composite aiTLS. Guselkumab-treated patients showed significant clinical improvement over time compared to placebo for PASI, TLS, and aiTLS with a decrease beginning at Week 4 continuing to decline through Week 16 (Figure 7). Placebo-treated patients showed little to no change. These trends were consistent across all three measures, with no statistically significant differences between expert TLS and aiTLS at any time point. Both physician-assessed TLS and aiTLS demonstrated good reliability across timepoints (ICC₃ₖ = 0.85–0.90) and were strongly correlated overall (Pearson r = 0.82, Spearman ρ = 0.80, p < 0.001). Beginning with moderate agreement at baseline and Week 2 (r ≈ 0.57, ρ ≈ 0.60), correlations strengthened at later timepoints (Weeks 12–16: r ≈ 0.86–0.88, ρ ≈ 0.86–0.88), indicating that aiTLS closely mirrors physician assessment. These results support the use of TLS as a single-lesion alternative to PASI for tracking disease severity and demonstrate that aiTLS reliably and similarly captures lesion changes over time.
(Insert Figure 7)

Discussion 
This study demonstrates the feasibility of AI-assisted smartphone imaging for remote monitoring of psoriasis. AI-derived measures of erythema, scaling and lesion size showed consistent reductions in guselkumab-treated patients. These findings aligned with clinical scores, supporting the potential for clinical practice integration.
Previous work has explored digital imaging tools for psoriasis in-clinic assessment (30,53). Multimodal imaging has been validated to objectively assess lesion perfusion and expansion, confirming its ability to identify key disease features (48,49). Strong agreement between physicians and patient-captured images, when combined with severity scorings,  has supported reliable remote assessment in psoriasis and atopic dermatitis (28,29,50). Automated PASI scoring systems have achieved accuracy comparable to physician assessments (30,51–53). ML approaches provide objective, time-efficient alternatives that reduce observer variability (12,54). 
This study expands image-based assessment by allowing in-clinic evaluations to be complemented by photographs captured by patients at home. Because full-body photography is challenging to perform independently (55), single-lesion imaging represents a practical alternative that minimizes patient burden and supports adherence (56). The TLS was therefore used for longitudinal monitoring. Although TLS and PASI assess disease severity differently, both capture comparable treatment response trends. Monitoring a single lesion may fail to reflect overall disease activity or detect flares elsewhere (57). However, smartphone photography readily allows patients to document multiple lesions in real-world use, mitigating this limitation.. 
Beyond feasibility, clinical adoption relies on patient engagement. When image capture is not overly burdensome, it can promote self-awareness, strengthen adherence and support communication between patients and clinicians. (55,58,59). Complementary electronic diaries may improve compliance and data completeness (22,60). In this study, compliance declined to approximately 60 per cent over time, but the large number of daily, patient-captured images enabled the detection of subtle visual changes in lesion characteristics, underscoring the potential for therapeutic adjustments without frequent in-clinic visits. This is particularly relevant for biologic therapies, where identifying an early response is crucial (61,62). Remote imaging may reduce the economic and logistical burden and improve access in underserved regions (5,45,63,64). Translation into larger, phase 3 or post-marketing studies could streamline logistics and improve patient monitoring (65). 
Despite these advantages, patient-captured images still vary in lighting, positioning, and daily activities (e.g. showering or scratching), which can influence the AI output. The color calibration patch reduces part of this variation, but image quality still depends on how each patient captured their photos (66). Nevertheless, the ML pipeline showed robustness, with pixel-level quantification capturing subtle, longitudinal changes consistent with clinical scoring. This reflects broader progress in AI applications in psoriasis, including lesion detection, segmentation, subtype identification, severity scoring, and response prediction (32,36,67). Translation to home environments with effective internal calibrators represents an important advance toward scalable remote monitoring.
Erythema remains a visually complex and subjective feature, yet the algorithm detected consistent trends matching the clinical scoring. Although induration could not be captured directly from images and was therefore only included in the ai-TLS prediction model, these could be reliably deduced by the trained model based on clinical scores. Indeed, post-hoc analysis enables induration to be effectively assessed (50). A further increase in clinically scored images may provide a fully independent AI evaluation of disease severity, which now remains partially limited by the required physician input. Extending the dataset further to include elderly patients, children, women, patients with darker skin tones, and those with more severe phenotypes will additionally strengthen its real-world applicability (65,68). The severity scoring model was trained only on mild-to-moderate patients, and high-severity lesions were scarce, reducing generalizability and introducing bias in AI performance (36,69). In any case, clinicians should use these platforms as an extension of their own judgement for treatment decisions instead of a replacement (66,70). Future work should include larger and more diverse datasets to support predictive and clinically integrable AI models.
Conclusion
AI-assisted remote monitoring represents a promising approach for regular follow-up and objective evaluation of treatment responses. This study shows that patient captured images can be used reliably in a small cohort and highlights their promise for wider clinical and research settings. Predictive analytics is within reach, but further studies are warranted to establish robust AI models capable of paralleling clinical decision-making. Scaling this approach could reduce the burden of monitoring, improve patient engagement and support timely therapeutic decisions.
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Figure Legends
Figure 1. Workflow for AI-based skin lesion monitoring using smartphone images. Images were captured in-clinic by physicians at each timepoint and daily at home by patients using smartphones containing the Scarletred®Vision mobile App, in combination with a calibration patch to ensure color, distance and angle standardization. After uploading to the system’s web platform, images underwent tissue classification as well as clinical and AI-derived TLS scoring. Lesion segmentation identified erythema (red), scaling (blue), and uninvolved skin (green), enabling objective tracking of lesion features over time.
Figure 2. Dataset composition and allocation. Collected target lesion images (152 in-clinic, 2,048 at-home) and their allocation to training, validation, and test sets. Lesion segmentation was performed on both in-clinic and at-home datasets, while AI-based TLS scoring used a Random Forest trained only on in-clinic images with available clinician scores.
Figure 3. Stability of lesion measurements prior treatment across clinic and home images, normalized with full lesion size at baseline. Panel (a) shows the relative tissue composition 14 days prior to the start of treatment (Week -2) and at Baseline for clinical and home images based on AI tissue classification, (b) illustrates the physician-assessed target lesion scores from clinical images in same time points and (c) presents the corresponding p-values.
Figure 4. Tissue composition changes over the study period in clinic and home settings. The plots present the results of automated tissue classification for erythema, scaling, and uninvolved skin within the normalized region of interest. Results from at-home images were grouped and averaged by timepoints. Statistical significance between guselkumab and placebo group is indicated in the top right for by asterisks (*; p<0.05, **; p<0.01, ***; p<0.001).
Figure 5. Erythema intensity assessment using SEV* values over time for treated and placebo groups. Statistical significance between guselkumab and placebo group is indicated in the top right corner and by asterisks (*; p<0.05, **; p<0.01, ***; p<0.001).
Figure 6. Confusion matrices illustrating the accuracy of automated severity scoring for individual TLS components. The matrices display the alignment between predicted and physician-assigned severity scores on the test dataset for (a) erythema, (b) desquamation, and (c) induration.
Figure 7. Treatment efficacy over time assessed by PASI and Target Lesion Score (TLS). Physician-assessed PASI scores for placebo and treated groups (a). Statistical significance at Week 16 is indicated for TLS, AI-TLS, and PASI. (b) Comparison of Expert TLS and AI-derived TLS in the Treated group and panel. Data points represent mean ± standard deviation at each timepoint.
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