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Purpose: This study aims to develop and validate machine learning models for predicting hyperglycemia 
risk in psoriasis patients.
Methods: Clinical data from 575 psoriasis patients admitted to the Department of Dermatology were collected and randomly split into 
a training set and an internal test set in a 7:3 ratio. An external test set was derived from 135 psoriasis patients enrolled in the National 
Health and Nutrition Examination Survey (NHANES) during 2003–2004 and 2011–2012. Eleven machine learning algorithms, 
including decision trees, random forests, extreme gradient boosting (XGboost), light gradient boosting machine, support vector 
machines, multilayer perceptron, K-nearest neighbors, logistic regression, lasso regression, ridge regression, and elastic net, were 
systematically compared. Model performance was evaluated using area under the receiver operating characteristic curve (AUC), 
calibration curves and clinical decision curve (DCA).
Results: The extreme gradient boosting (XGboost) was selected as the final predictive model due to its robust performance across 
multiple evaluation metrics. The area under the curve values for the training, internal, and external test sets were 0.821 (95% 
confidence Interval (CI): 0.775–0.866), 0.820 (95% CI: 0.751–0.888), and 0.788 (95% CI: 0.695–0.881), respectively. Calibration and 
clinical decision curve analysis confirmed the model’s accuracy and clinical utility. Additionally, a web-based calculator was 
developed to improve the model’s accessibility and application.
Conclusion: The XGBoost-based model effectively predicts hyperglycemia risk in psoriasis patients, emphasizing personalized 
treatment plans for high-risk individuals to manage hyperglycemia progression and psoriasis-related inflammation.
Keywords: psoriasis, hyperglycemia, machine learning

Introduction
Psoriasis is a chronic inflammatory skin condition and a systemic disease. Compared to the general population, 
individuals with psoriasis are at an increased risk of developing metabolic and cardiovascular diseases.1 

A retrospective cohort study revealed that the risk ratios for diabetes mellitus, hypertension, and hypercholesterolemia 
increase with increasing psoriasis severity.2 Psoriasis and diabetes share a common pathogenesis, including overlapping 
susceptibility genes, including PTPN22, ST6GAL1, and JAZF13 and shared inflammatory pathways. In psoriasis, 
systemic inflammation is characterized by elevated serum pro-inflammatory cytokines (IL-17, IL-23, and TNF-α) and 
abnormal adipocytokine expression, which contribute to insulin resistance.4–7 Patrick et al confirmed a strong causal 
relationship between type 2 diabetes and psoriasis using Mendelian randomization.8 Additionally, a national cohort study 
in Denmark demonstrated that psoriasis increases the risk of newly diagnosed diabetes,9 with severe psoriasis exhibiting 
the strongest association.10
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Diabetes exacerbates psoriasis and reduces responsiveness to biologic therapies,11 resulting in suboptimal treatment 
outcomes. Psoriasis patients at risk for diabetes require active glycemic management to mitigate metabolic complications. 
Early detection of high-risk individuals and integrated therapeutic strategies are essential to improving outcomes, as 
psoriasis and diabetes synergistically contribute to poor prognoses. Established risk factors for diabetes in psoriasis patients 
include age, gender, obesity, smoking history, alcohol use, blood pressure, lipid profiles, liver and renal function, and 
psoriatic arthritis.12–16 Additionally, the systemic immune-inflammatory index (SII), a novel inflammatory marker, positively 
correlates with psoriasis.17 Each standard deviation (SD) increase in SII is associated with a 4–5% higher risk of type 2 
diabetes and insulin resistance.18 Additionally, the SII aids in identifying impaired glucose tolerance in non-diabetic patients.19

However, using merely one or a handful of indications to make accurate forecasts is still not feasible. Machine 
learning algorithms have demonstrated significant practical value in the medical area and are able to learn and generate 
predictions based on a huge number of data samples. Machine learning is still a useful tool to support clinical decision- 
making and can aid physicians with disease diagnosis, therapy, and prognosis, despite drawbacks such poor interpret
ability, limited generalization ability, and bias risk. As of right now, there is no prediction model for psoriasis patients’ 
risk of hyperglycemia. Therefore, in order to screen out the high-risk group and implement early intervention, as well as 
to provide guidance for the individualized treatment of psoriasis patients, we propose to build a prediction model for the 
risk of hyperglycemia in psoriasis patients using clinical data of psoriasis patients and machine learning algorithms.

Materials and Methods
Research Objectives
This was a retrospective study performed on the clinical data from 575 psoriasis patients admitted to the Department of 
Dermatology at The Affiliated Hospital of Guilin Medical University between December 1, 2018, and December 31, 
2022, retrieved through the inpatient electronic medical record system. For patients with multiple hospitalizations, only 
data from the initial admission were included. Based on the presence or absence of hyperglycemia, patients were 
categorized into the psoriasis-combined hyperglycemia group and the psoriasis-not-combined hyperglycemia group. The 
dataset was randomly divided into a training and an internal test set in a 7:3 ratio. Furthermore, data from 135 psoriasis 
patients were extracted from the National Health and Nutrition Examination Survey (NHANES) databases for 
2003–2004 and 2011–2012, serving as an external test set. Among the 8862 respondents to the NHANES psoriasis 
questionnaire, 202 were identified as having psoriasis. Of these, 135 psoriasis patients met this study’s inclusion and 
exclusion criteria. We confirmed that all methods were carried out following relevant guidelines and regulations. Our 
study complies with the Declaration of Helsinki.

Inclusion and Exclusion Criteria
Patients were included if they were over 18 years old and satisfied the diagnostic criteria for psoriasis. Exclusion criteria included 
the absence of hyperglycemia data, severe renal impairment (renal insufficiency progressing to uremia), hepatic impairment 
(transaminase levels exceeding three times the upper limit of normal, Liver function reference ranges: ALT: 9–50 U/L for males, 
7–40 U/L for females; AST: 15–40 U/L for males, 13–35 U/L for females20), pregnancy or lactation, and a history of malignant 
tumors. The study was approved by the Guilin Medical College Hospital Physical Committee (Approval No. 2024IITLL-31). 
The patient data were anonymized before analysis to ensure privacy and did not influence patient prognosis or treatment. 
Therefore, informed consent was not required; however, NHANES participants provided written informed consent. The study 
protocol was approved by the institutional review board of the National Center for Health Statistics.

Data Extraction
The extracted data included demographic details (age, gender, smoking, and drinking status), medical history (diabetes, 
hypertension, renal impairment, malignancy, pregnancy, lactation, and psoriatic arthritis), physical examination findings 
(weight, height, body mass index (BMI), and blood pressure), and laboratory test results. Laboratory assessments 
included fasting plasma glucose (FPG), triglycerides (TG), high-density lipoprotein cholesterol (HDL-C), alanine 
aminotransferase (ALT), aspartate aminotransferase (AST), blood urea nitrogen (BUN), creatinine (Cr), high- 
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sensitivity C-reactive protein (hs-CRP), SII (neutrophils multiplied by platelets divided by lymphocytes), and white 
blood cell (WBC) counts. The primary outcome measure was hyperglycemia.

Diagnostic Criteria and Definitions
Psoriasis diagnosis adhered to the “China Psoriasis Diagnosis and Treatment Guidelines (2023 edition)”.21 

Hyperglycemia was defined as having a prior confirmed diagnosis of diabetes mellitus or meeting the following criteria: 
FPG ≥ 6.1 mmol/L or oral glucose tolerance test, 2-h plasma glucose ≥ 7.8 mmol/L. The hypertension was defined as 
follows: the systolic blood pressure of ≥ 140 mmHg and/or the diastolic blood pressure of ≥ 90 mmHg from three 
measurements on different days without the use of antihypertensive drugs and/or a previously definitive diagnosis of 
hypertension managed with antihypertensive treatment. NHANES defined psoriasis: if a participant answered “Yes” to 
the question, “Have you ever been told by a healthcare provider that you have psoriasis?” they were considered to have 
the condition. The following categories were used to classify drinking and smoking status: “current smoker”, “current 
non-smoker”, “current drinker”, and “current non-drinker.”

Statistical Methods
R (version 4.2.1; R Foundation for Statistical Computing) and the Statistical Package for the Social Sciences (IBM SPSS 
Statistics 26.0) software were used to analyze the data. Multiple interpolation was employed to fill in the missing data 
(tidyverse package) for less than 10% of the data. In a 7:3 ratio, 575 psoriasis patients were randomly divided into 
training and internal test sets, while 135 patients from the NHANES database served as an external test set. For 
continuous data, the Shapiro–Wilk test was used to determine the data normality. Normally distributed data was 
expressed as mean ± SD, while non-normally distributed data was expressed as median and interquartile spacing (M 
(P25 and P75)). Count data are expressed as percentages (%). The model’s features were subjected to Spearman 
correlation analysis to determine the degree of correlation between them. A correlation index of < 0.4 was considered 
as low correlation, 0.4–0.7 as medium correlation, and > 0.7 as strongly correlated.

Eleven machine learning algorithms, including decision trees, random forests, extreme gradient boosting (XGboost), 
light gradient boosting machine, support vector machines, multilayer perceptron, K-nearest neighbors, logistic regression, 
lasso regression, ridge regression, and elastic net, were applied for model construction and validation using the tidymodel 
package. Five-fold cross-validation is used to determine the ideal hyperparameters in order to maximize the accuracy of 
the model. To thoroughly evaluate each model’s predictive power, the receiver operator characteristic curve (ROC) was 
used for each dataset, and the area under the curve (AUC) was calculated along with the accuracy, F1 score, and Brier 
score. The model’s accuracy was determined using calibration curves. Its clinical applicability was evaluated using 
clinical decision curve analysis (DCA), and the best model was selected by creating and launching an online calculator 
on the shinyapp website. Additionally, the value of each variable’s contribution to the prediction was determined using 
the SHapley Additive exPlanations (SHAP) approach to rank the variables’ significance and explain the final model’s 
output.

Results
Data Description and Variable Correlation Test
A total of 575 patients were included in the study and were randomly assigned to the training set (404 patients) and 
internal test set (171 patients) in a 7:3 ratio. Among these, 92 (22.7%) patients in the training set and 38 (22.2%) in the 
internal test set had both psoriasis and hyperglycemia. Similarly, 29 (21.4%) of the 135 patients in the external test set, 
sourced from the NHANES database, exhibited both conditions. Table 1 shows the comparison between the hypergly
cemic and non-hyperglycemic populations in the training set. Psoriasis patients with hyperglycemia showed significantly 
higher prevalence rates of male gender, smoking history, and hypertension compared to normoglycemic psoriasis 
patients. Furthermore, these patients had elevated mean values for age, TG, BUN, Cr, AST and ALT, coupled with 
reduced HDL-C level (P<0.05). Spearman correlation analysis was conducted for all variables in the model, with results 
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visualized in a heat map of correlation coefficients (Figure 1). The analysis confirmed that none of the features 
demonstrated a strong correlation, ensuring that multicollinearity did not compromise the model.

Model Construction and Selection
Eleven machine learning algorithms were applied to construct predictive models, using a five-fold cross-validation 
approach to enhance stability and optimize hyperparameters. Model performance was evaluated using accuracy, F1 score, 
Brier score, and AUC values calculated for the training, internal, and external test datasets. The AUC provided 
a numerical summary of predictive accuracy, while the ROC curve, which was composed of the true positive rate and 
false positive rate, served as a visual representation of model performance. An AUC closer to 1 indicates superior 
performance. Accuracy, ranging from 0 to 1, measures the proportion of accurately predicted samples to the total sample 
size, with higher values indicating better classification capability. The F1 score, representing the harmonic mean of 
precision and recall, ranges from 0 to 1, with higher values reflecting a balanced performance between these metrics. The 
Brier score, inversely related to model performance, quantifies the difference between predicted probabilities and actual 
outcomes, with lower scores indicating better predictive accuracy. Additionally, the mean and SD of these metrics across 
the datasets were calculated to determine model stability. Lower SD values indicate minimal variability and suggest 
robust model generalization, mitigating overfitting risks.

The comparative results of these metrics (Table 2) indicated XGBoost as the top-performing model, followed by 
logistic regression. XGBoost achieved AUC values of 0.821 (95% CI: 0.775–0.866) for the training set, 0.820 (95% CI: 
0.751–0.888) for the internal test set, and 0.788 (95% CI: 0.695–0.881) for the external test set (Figure 2A). Calibration 
curves and clinical decision curves (DCA) further validated the model’s accuracy and clinical applicability (Figure 2B 
and C). We created a web-based free calculator to help the reader see the model and comprehend the machine learning 

Table 1 Comparison of Hyperglycemic versus Non-Hyperglycemic Individuals in the Training Set [n (%), 
M (P25, P75)]

Characteristic Non-Hyperglycemia (n=312) Hyperglycemia (n=92) Total (n=404) P Value

Gender 0.007

Female 83 (26.6) 12 (13) 95 (23.5)

Male 229 (73.4) 80 (87) 309 (76.5)
Age(y) 51 (37, 60) 58 (53.5, 65) 53 (40.8, 62) < 0.001

Smoking 0.01

No 239 (76.6) 58 (63) 297 (73.5)
Yes 73 (23.4) 34 (37) 107 (26.5)

Drinking 0.058
No 275 (88.1) 74 (80.4) 349 (86.4)

Yes 37 (11.9) 18 (19.6) 55 (13.6)

Psoriatic Arthritis 0.944
No 267 (85.6) 79 (85.9) 346 (85.6)

Yes 45 (14.4) 13 (14.1) 58 (14.4)

Hypertension < 0.001
No 240 (76.9) 43 (46.7) 283 (70)

Yes 72 (23.1) 49 (53.3) 121 (30)

TG (mmol/L) 1.3 (0.9, 1.7) 1.6 (1.2, 2.2) 1.3 (0.9, 1.9) < 0.001
HDL-C (mmol/L) 1.1 (0.9, 1.2) 1 (0.8, 1.2) 1.1 (0.9, 1.2) < 0.001

BUN (mmol/L) 4.3 (3.5, 5.4) 5.5 (4, 6.5) 4.5 (3.6, 5.6) < 0.001

Cr (μmol/L) 71.3 (60, 82) 80 (66.5, 95.2) 72.7 (61, 84) < 0.001
AST (U/L) 19 (15.1, 22.5) 20.7 (15.1, 26) 19.1 (15.1, 23.2) 0.046

ALT (U/L) 17.7 (11.5, 24.7) 21.2 (13.3, 31) 18.1 (12, 25.7) 0.019

WBC (109/L) 6.9 (6, 8.5) 7.8 (6.2, 8.9) 7 (6, 8.6) 0.104
BMI (kg/m2) 23.6 (21.5, 26.2) 23.8 (21.5, 26.5) 23.6 (21.5, 26.3) 0.433

SII 589.6 (414.9, 914.4) 577.1 (410.6, 805.7) 585.4 (414.7, 848) 0.597
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method (URL: https://nemn.shinyapps.io/xgbdudu/). Users can input relevant values (Age 61, TG 13.92 mmol/L, and 
HDL-C 2.53 mmol/L) into the calculator to predict hyperglycemia risk. The output categorizes patients as “No” for low- 
risk or provides explicit risk predictions (Figure 3).

Importance Ranking of Model Features
The SHAP method was used to interpret the final model, quantifying the contribution of each variable to predictions. The 
top five features influencing the model were age, BUN, ALT, HDL-C, and TG. A summary bar chart (Figure 4A) ranked 
these features by average SHAP values. Conversely, a dot plot (Figure 4B) visualized the distribution of SHAP values 
across individual predictions, elucidating each variable’s role. Figure 4C represents the waterfall plot of a representative 
patient’s data, illustrating the individual contributions of each feature to the predicted outcome. Comparisons of actual 
and SHAP values for all 15 features (Figure 4D) further clarified their impact on the model.

Optimal cutoff values for the top five features were derived using the maximum Youden index method: Age (54 
years), BUN (5.35 mmol/L), ALT (21.4 U/L), HDL-C (0.825 mmol/L), and TG (1.235 mmol/L). These thresholds 
divided patients into high- and low-risk groups for hyperglycemia. To ensure reliability, confounding variables were 
addressed using propensity score matching (1:1 matching with a caliper of 0.02). This analysis yielded 103 matched 
cases for age, 95 for BUN, 67 for ALT, 60 for HDL-C, and 144 for TG. Chi-square tests indicated statistically significant 
differences in hyperglycemia incidence between high- and low-risk groups for all features except ALT (Figure 5). This 
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Figure 1 Correlation analysis based on Spearman analysis. The brighter the colors, the higher the relevance among variables.
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rigorous analysis confirms the clinical relevance and predictive reliability of the XGBoost model, offering a robust tool 
for determining hyperglycemia risk in psoriasis patients.

Discussion
The primary pathophysiological mechanisms of type 2 diabetes include insulin resistance and impaired pancreatic β-cell 
function. Extensive research, including epidemiological, genetic, and inflammatory pathway studies, has demonstrated 
a significant association between psoriasis and diabetes.3–7,22 In addition to the three primary pathogenic genes— 
PTPN22, ST6GAL1, and JAZF14—a widely accepted mechanism involves the activation of dendritic cells in psoriasis 
patients, which release IL-12 and IL-23. These cytokines activate Th1, Th22, and T-cells, producing IL-17. These T-cells 
stimulate the release of pro-inflammatory cytokines, including IL-1, IL-6, and TNF-α, resulting in increased insulin 
resistance and β-cell dysfunction, which increases blood glucose levels.23 Moreover, dysregulated adipokine production, 
including leptin, lipocalin, and reticulin, contributes to the secretion of TNF-α and IL-6. These factors not only 
exacerbate inflammation in psoriasis but also enhance insulin resistance.24

However, in clinical practice, obtaining these specific indicators for diagnosing and treating patients remains 
challenging. In this study, we used eleven machine learning algorithms to develop a predictive model for hyperglycemia 
risk in psoriasis patients, using clinically available and research-validated variables and initial proof of a possible link 
between hyperglycemia and psoriasis. The XGBoost algorithm was the most effective after screening, exhibiting high 
discrimination across the training, internal, and external test sets (AUC values of 0.821, 0.820, and 0.788, respectively). 
Clinical decision curves further highlighted the model’s clinical utility. However, models created by machine learning 
algorithms are typically perceived as “black boxes”, and in order to portray the models visually, we constructed a web- 
based online calculator that may be better understood and used by physicians.

This study used the SHAP method to rank variables by their impact on predictive outcomes, identifying AGE, BUN, 
ALT, HDL-C, and TG as the top five influential features. Age was the most significant, highlighting its key role in model 
prediction. Aging is linked to the decline of bodily systems, especially immune and metabolic.

Table 2 Predictive Algorithms Performance in Training, Internal and External Test Sets

Decision 
Tree

Random 
Forest

XGBoost Light 
gbm

SVM MLP KNN Logistic 
Regression

Lasso Ridge ENet

AUC Training 0.953 0.91 0.821 0.823 0.785 0.756 1 0.789 0.773 0.781 0.775

Internal test 0.695 0.773 0.82 0.798 0.801 0.75 0.628 0.8 0.801 0.785 0.799

External test 0.578 0.748 0.788 0.768 0.745 0.753 0.747 0.782 0.762 0.76 0.76

Mean 0.742 0.81* 0.81* 0.796* 0.777 0.753 0.792 0.79 0.779 0.775 0.778

Sd 0.192 0.087 0.019 0.028 0.029 0.003* 0.190 0.009* 0.020 0.013* 0.020

Accuracy Training 0.879 0.804 0.733 0.678 0.614 0.7 0.998 0.735 0.668 0.671 0.584

Internal test 0.678 0.673 0.719 0.667 0.614 0.69 0.725 0.719 0.649 0.661 0.573

External test 0.704 0.659 0.726 0.711 0.452 0.644 0.763 0.719 0.637 0.63 0.548

Mean 0.754* 0.712 0.726* 0.685 0.56 0.678 0.829* 0.724 0.651 0.654 0.568

Sd 0.109 0.08 0.007* 0.023 0.094 0.03 0.148 0.009* 0.016* 0.021 0.018

F1 Score Training 0.772 0.678 0.578 0.545 0.524 0.522 0.995 0.556 0.531 0.537 0.512

Internal test 0.421 0.472 0.529 0.513 0.507 0.465 0.319 0.538 0.508 0.517 0.49

External test 0.355 0.452 0.532 0.519 0.413 0.478 0.448 0.548 0.484 0.49 0.45

Mean 0.516 0.534 0.546* 0.526 0.481 0.488 0.587* 0.547* 0.508 0.515 0.484

Sd 0.224 0.125 0.027 0.017* 0.060 0.030 0.359 0.009* 0.024* 0.024 0.031

Brier 
Score

Training 0.069 0.115 0.156 0.153 0.149 0.183 0.033 0.143 0.154 0.161 0.164

Internal test 0.201 0.146 0.154 0.153 0.139 0.181 0.069 0.14 0.147 0.157 0.16

External test 0.215 0.147 0.157 0.153 0.162 0.181 0.163 0.14 0.145 0.155 0.162

Mean 0.162 0.136* 0.156 0.153 0.15 0.182 0.088* 0.141* 0.149 0.158 0.162

Sd 0.08 0.018 0.002* 0* 0.012 0.001* 0.067 0.002 0.005 0.003 0.002

Note: * Indicates models that rank among the top three in the corresponding metrics.
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The research revealed that age is associated with an increased risk of type 2 diabetes.25 As individuals age, the 
immune system exhibits characteristics of “immunosenescence”,26 characterized by diminished T-cell functionality and 
the persistent release of inflammatory mediators such as IL-6 and TNF-α. These inflammatory mediators not only directly 
contribute to the development of psoriatic lesions but also impede the insulin signaling pathway, thereby exacerbating 
insulin resistance. Additionally, aging leads to changes in gut microbiota, including decreased diversity and fewer short- 
chain fatty acids.27 A deficiency in SCFAs may compromise intestinal barrier integrity, facilitate the translocation of 
endotoxins (eg, lipopolysaccharides), and activate immune components such as the NLRP3 inflammasome, thereby 
exacerbating systemic inflammation and insulin resistance. Given that age is an immutable factor, vigilant monitoring of 

Figure 2 ROC, calibration, and DCA curves of all algorithms. (A) Receiver operating characteristic curve of all algorithms. (B) Calibration of all algorithms. (C) Decision 
curve analysis curves of all algorithms.
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blood glucose levels is particularly crucial for middle-aged and elderly psoriasis patients. Treatment plans should account 
for age-related declines in health and avoid drugs that might worsen blood sugar issues.

The XGBoost model ranked BUN as the second most important variable, suggesting that renal function is crucial in 
hyperglycemia development. BUN, a byproduct of protein metabolism primarily produced in the liver and excreted by 
the kidneys, is a key indicator of glomerular filtration function. Elevated BUN levels typically reflect impaired kidney 
function. A meta-analysis has demonstrated that psoriasis patients exhibit an elevated risk of developing chronic kidney 
disease (CKD) and end-stage renal disease (ESRD) in comparison to non-psoriatic controls, with these risks being 
positively associated with the severity of psoriasis.28 Psoriasis can induce renal dysfunction through various mechanisms, 
including dysregulation of the Th17/Tregs balance,29 immune complex deposition,30 and alterations in renal 
vasculature.31 Renal dysfunction can result in insulin resistance through various factors, including chronic inflammation, 
oxidative stress, metabolic acidosis, anemia, adipokine disorders, and lack of exercise. These factors contribute to insulin 
resistance or β-cell apoptosis by acting on the insulin signaling pathway or damaging β-cells, thereby promoting the 
development of type 2 diabetes.32 Monitoring BUN levels allows clinicians to detect renal function changes early and 
adjust treatments to prevent hyperglycemia and further kidney damage.

Furthermore, we identified ALT as a predictive variable for hyperglycemia. Psoriasis is frequently associated with 
liver dysfunction.33 The hyperactivation of Th17 cells, in conjunction with pro-inflammatory cytokines such as IL-17 and 
IL-23, exerts effects on the liver by activating hepatic Kupffer cells. This activation induces oxidative stress injury in 
hepatocytes, thereby initiating liver fibrosis.34 Concurrently, TNF-α, released during cutaneous inflammation, can 
upregulate the hepatic NF-κB signaling pathway, consequently promoting hepatocyte apoptosis.35 Furthermore, drugs 
commonly prescribed for psoriasis, such as methotrexate36 and cyclosporin,37 are known to possess significant hepato
toxic effects. The liver is integral to glucose metabolism, engaging in processes including glycogen synthesis, glyco
genolysis, and gluconeogenesis. Serum ALT and AST levels have long been used as markers of hepatic injury. Notably, 
every 1 SD increase in ALT has been associated with an increased risk of hypertension, metabolic syndrome, diabetes 
mellitus, impaired fasting glucose, and insulin resistance (OR 1.29–1.85, all P ≤ 0.002)38. Elevated ALT levels, even 
within the normal range, are associated with a dose-response relationship with type 2 diabetes, independent of BMI.39 

Therefore, for psoriasis patients with elevated ALT levels, it is essential to further evaluate liver function, adjust 
therapeutic medications, and implement measures to protect hepatic function, thereby reducing the risk of hyperglycemia 
development.

Figure 3 Web-based calculator using the XGBoost algorithm.
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TG and TG/HDL-C ratios have been suggested as markers of insulin resistance.40 High TG levels are correlated with 
insulin resistance, even in individuals with normal glucose tolerance.41 Elevated TG levels and reduced HDL-C were 
observed in psoriasis patients compared to healthy controls.42 The chronic inflammatory state associated with psoriasis is 
posited to disrupt lipid metabolism, resulting in increased serum TG levels, decreased HDL-C concentrations, and 
compromised HDL functionality.43 These alterations in lipid metabolism may contribute to insulin resistance, impair 
pancreatic β-cell secretion, and exacerbate the inflammatory response. Consequently, clinical management of psoriasis 
should incorporate patient education focused on weight management, dietary modifications, and the administration of 
lipid-lowering agents to ameliorate dyslipidemia, enhance insulin sensitivity, and mitigate the risk of hyperglycemia.

Figure 4 SHAP value. (A) The mean SHAP value of all features. (B) Distribution of SHAP values for each feature. (C) Contribution of patient 1’s characteristics in the 
training set to hyperglycemic outcome. (D) Comparison of actual and SHAP values for each feature.
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Figure 5 Comparison of the incidence of hyperglycemia in high-risk and low-risk groups.
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We established optimal cutoff values for each of the five continuous variables—age, BUN, ALT, HDL-C, and TG—and 
used these to categorize high- and low-risk groups, facilitating clinical decision-making. Besides, no significant difference in 
hyperglycemia incidence was observed between high- and low-risk groups for ALT after propensity score matching (likely 
due to the small sample size); however, significant differences were found for AGE, BUN, HDL-C, and TG. Furthermore, 
BUN > 5.35 mmol/L and TG > 1.235 mmol/L were identified as risk factors for hyperglycemia. However, these values were 
lower than the upper limits of normal for adults (7.1 mmol/L for BUN and 1.7 mmol/L for TG). This suggests that psoriasis 
patients can require more stringent renal and lipid management to reduce hyperglycemia risk.

The inflammatory injury associated with diabetes and psoriasis comorbidity can be mitigated by treatments that 
reduce systemic inflammation in psoriasis. Retinoids can treat psoriasis while reducing blood glucose levels.44 In 
addition to being a standard treatment for type 2 diabetes, metformin can reduce diabetes risk in individuals with pre- 
diabetes. A randomized controlled trial demonstrated that metformin treatment significantly improved obesity, FPG, TG, 
total cholesterol, and low-density lipoprotein cholesterol levels in psoriasis patients while improving erythema, scaling, 
and induration (ESI).45 In autoimmune diseases, including psoriasis and spondyloarthritis, where IL-17A is over
expressed, anti-IL-17A monoclonal antibodies can block IL-17A binding to IL-17RA, inhibiting inflammation. 
A study by IKUMI et al46 suggested that blocking IL-17A prevents β-cell dysfunction and the progression of type 2 
diabetes while improving hyperglycemic symptoms in psoriasis patients. Consequently, intensive glycemic management 
and repair of metabolic abnormalities should be integral to treating psoriasis patients with diabetes or those at high risk 
for hyperglycemia.

This work offers a viable method to predict the presence of hyperglycemia in psoriasis patients and investigates the 
probable correlation between psoriasis and hyperglycemia. Even with the model’s predictive power, our research still has 
additional drawbacks: First, the study’s generalizability was impacted because the training and internal test sets’ data 
originated from the same hospital. Additionally, the training set, internal validation set, and external validation set sample 
populations come from various continents, and bias may result from environmental and ethnic variations. Furthermore, 
the cross-sectional retrospective design of this study made it impossible to record several important blood glucose-related 
indicators (such as PASI scores, inflammatory markers, therapy type, etc)., which further diminishes the study’s 
therapeutic value. Therefore, new multicenter prospective studies with large samples are required to control for the 
aforementioned bias in order to further corroborate the conclusion, as the current findings are insufficient to inform 
therapeutic decision-making.

Conclusion
Since hyperglycemia and psoriasis are linked, we developed a prediction model for the incidence of hyperglycemia in 
psoriasis patients using their clinical examination indexes and general data. We also investigated the relationship between 
the two in a preliminary manner, which gave guidance for the next study. Five of these indicators—age, BUN, ALT, 
HDL-C, and TG—may have a rather strong correlation with blood glucose. A customized treatment plan is required for 
psoriasis patients who are also hyperglycemic or at risk for hyperglycemia in order to coordinate the management of 
psoriasis inflammation and glycemic development.
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