Supplemental Information:   
Study Population
Psoriasis cases and matched controls were selected from the Skin Disease Biorepository at Rhode Island Hospital (RIH), Providence, Rhode Island, with a pool of about 150 participants ≥ 18 years of age with diverse dermatologic diseases. Each patient’s visit included signing consent and obtaining a peripheral blood sample. Demographic information was extracted from patient medical records on age, sex, body mass index (BMI), and medications. We conducted a matched case-control study to evaluate epigenetic age among 20 cases with PsO (including 10 with concomitant PsA) as compared to 20 age, sex, and race-matched controls without PsO. Six of the controls had alopecia areata, an autoimmune hair loss disorder.  Other controls had various dermatologic conditions including acne, dermatitis, arthropod bites, unspecified rashes, or visited RIH for an annual full body skin examination/check. All procedures were approved by the Lifespan Institutional Review Board for Protection of Human Subjects.

DNA extraction and epigenetic assay
7 ml whole blood samples were collected using EDTA tubes, aliquoted and stored in the Biorepository at -80oC.1  Standardized methods of DNA isolation were performed using DNAEasy Blood and Tissue Kit, Qiagen and methylation levels were determined utilizing the Illumina Methylation EPIC BeadChip platform (Illumina, San Diego) DNA methylation microarray with 850,000 CpG sites. 



Epigenetic Age Calculators
Over the past decades, significant efforts have been dedicated to identifying aging-associated biomarkers, resulting in emergence of several novel markers for biological aging. The most promising among these markers is the epigenetic clock, which captures alterations in DNA methylation (DNAm) patterns occurring at CpG dinucleotides with age.2  

Hannum epigenetic clock was developed as a single-tissue DNA methylation-based age estimator. 3As Hannum’s clock was exclusively trained using blood samples and tailored specifically for adults, it may lead to inaccurate estimations in children and non-blood tissues.4 Horvath’s clock was developed as the first multi-tissue age estimator, enabling the estimation of DNAm age using multiple sources of cells, tissues and organs from children and adults.5  However, the first generation of epigenetic clocks, including Hannum and Horvath, primarily aimed to predict chronological age and displayed weak associations with clinical measures of physiological dysregulation such as blood pressure and blood lipids and glucose levels. Subsequently, PhenoAge was developed by substituting the prediction of chronological age with a measure of phenotypic aging and mortality risk by incorporating a combination of biomarkers.  PhenoAge can differentiate morbidity and mortality risk among individuals of the same age.6 PhenoAge demonstrates superior performance compared to the other DNAm age estimators in predicting survival, healthspan, physical function or cardiovascular disease. Additionally, it exhibits a robust correlation with diverse indicators of multi-morbidity. On the other hand, GrimAge particularly excels in predicting longevity and the onset of age-related pathological conditions and diseases compared to other epigenetic clocks.7 GrimAge was calculated using DNA methylation biomarkers of physiological risk factors and stress factors including several DNAm estimators of plasma proteins and smoking pack-years. Additionally, the development of the  SkinBloodAge provided a more accurate model using cultured cells, particularly fibroblasts, a widely used model system in cellular ageing.8 The SkinBloodAge is more accurate in all metrics of accuracy in fibroblasts, microvascular endothelial cells, buccal epithelial cells, keratinocytes, and dermis/epidermis samples.9 

    In our study,  to determine Horvath, Hannum, Pheno, Skin Blood, and Grim DNA methylation ages, the raw intensity of the Illumina Methylation EPIC BeadChip was scanned, extracted, summarized, and loaded into the R/Bioconductor package v3.4.3 via minfi v1.20.2 for normalization and QC, corrected for technical bias due to the two types of chemistry using the Subset-Quantile Within Array Normalization method.1,5,6,7 Quality of raw data files were determined using the methylation module in GenomeStudio (version 2011.1).1 Beta values were obtained and flow-sorted with FlowSorted.Blood.450k v1.12.0 after quantile normalization and were corrected for cell type using flow-sorted and estimated cell count data.  The corrected beta values were used to estimate epigenetic age with the age transformation function.  Non-corrected, quantile-normalized beta values were uploaded to the online age calculator for comparison.    

Data Analysis
Data were imported into SAS version 9.4 (SAS Institute Inc., Cary, NC) for statistical analyses. The distribution of the outcomes and model residuals were used to determine the appropriate link function and distribution of each model. Classical sandwich estimation was used to protect against model misspecification. Pairwise comparisons between groups were conducted within the model via orthogonal contrasts. All statistical tests were two-tailed, and the significance level was set at P<0.05. Our investigation aimed to initiate exploration rather than confirm definitive associations, serving as an initial inquiry into the potential links between epigenetic age and PsO. This study should be considered as a preliminary step toward understanding the potential relationship between these variables, emphasizing the need for further research with larger sample sizes and more extensive demographic representation to validate and elaborate on these initial findings.




Supplementary Table 1. Treatment information of psoriasis cases and corresponding epigenetic ages. 

	Among psoriasis patients by medications
	Calendar Age
	Horvath Age
	Hannum Age
	Pheno Age
	SkinBlood Age
	Grim Age

	Naïve (Yes) (6)
	61.5
	59.3
	59.8
	55.7
	61.3
	64.9

	Biologic, MTX (5)
	44.0
	63.1
	63.8
	52.5
	59.1
	65.9

	Biologic (5)
	50.8
	65.3
	65.5
	59.9
	59.0
	69.6

	Acitretin (2)
	56.0
	61.7
	61.8
	59.2
	59.5
	65.8

	Apremilast (1)
	23.0
	55.1
	55.1
	53.1
	59.0
	62.8

	MTX (1)
	65.0
	75.6
	74.8
	75.8
	81.4
	86.0
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