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Construction of risk prediction models for psoriasis
based on 45 dietary nutrients using machine learning

and SHAP analysis
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Background and Objectives: To develop and validate a machine learning model to predict the risk of psoriasis
based on 45 dietary nutrients. Methods and Study Design: 12,749 participants from the National Health and Nu-
trition Examination Survey from 2009-2014 were included and their demographic, lifestyle, health status, and di-
etary nutrient-related information is collected. Imbalanced data were processed using the synthetic minority over-
sampling technique (SMOTE). After removing the covariate features, important features were further screened
using the Boruta algorithm and six machine learning models were constructed including Random Forest (RF),
Light Gradient Boosting Machine (Light GBM), Kernel K-Nearest Neighbor (K-KNN), L Naive Bayes, Support
Vector Machine (SVM) and Extreme Gradient Boosting (XGBoost). The performance of the models was evaluat-
ed using benchmarking and the area under the ROC curve (AUC) was the main evaluation metric to choose the
optimal machine learning model. Shapley additive explanation (SHAP) values were computed to evaluate each
feature's prediction role in the mode. Results: The Boruta algorithm screened 10 baseline features and 23 dietary
nutrient features, and six machine learning models were developed based on them. Compared with other machine
learning models, XGBoost demonstrated superior prediction ability. SHAP analysis showed that theobromine, ly-
copene, caffeine, vitamin D, dietary fiber and vitamin E were the key features that influenced the prediction re-
sults. Conclusions: The machine learning (ML) algorithm constructed a prediction model for psoriasis by incor-
porating baseline features and dietary nutrient features. The SHAP values indicate the dominant role of dietary

nutrients in the model.
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INTRODUCTION
Psoriasis is a common chronic inflammatory skin disease
characterized primarily by hyperproliferation and
parakeratosis of keratinocytes. Statistically, psoriasis af-
fects approximately 2-3% of the U.S. population (about
7.5 million people),'? and costs over $110 billion annual-
ly,> posing a significant economic challenge to society.
Psoriasis not only causes psychological and physical bur-
dens to patients, but also leads to disfigurement, disability
and other related comorbidities such as psoriatic arthritis
if not controlled.? The pathogenesis of psoriasis is com-
plex, involving immunoinflammatory, genetic and envi-
ronmental factors (including diet).* Elevated inflammato-
ry factors put patients with psoriasis at significantly in-
creased risk for other chronic serious diseases, including
metabolic syndrome, diabetes mellitus, cardiovascular
disease, Crohn's disease, and lymphoma.>® Conversely,
these diseases exacerbate the systemic and cutaneous in-
flammatory response in psoriasis.>!° Controlling inflam-
mation has important implications for the prevention and
treatment of psoriasis.

Although the inflammatory response caused by im-
mune imbalance plays a dominant role in the patho-
genesis of psoriasis, diet is also an important source

of inflammation in the body. An increasing amount of
evidence points to a potential close connection between
different dietary structures and the pathophysiology and
etiology of psoriasis.”!! A high-fat diet (HFD) and exces-
sive saturated fatty acid intake may lead to an elevated
risk of psoriasis exacerbation,'? whereas fasting, low-
energy diets, vegetarian diets, and the consumption of n-3
polyunsaturated fatty acid-rich foods attenuate skin dam-
age and reduce the risk of comorbidities, improving the
prognosis of psoriasis patients.”!® In addition, some re-
searchers have suggested that a gluten-free diet has a pos-
itive impact on the course of psoriasis,'# although only in
patients with gluten sensitivity or serological results of
elevated IgA/IgG gliadin antibodies,'> and the Medical
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Board of the National Psoriasis Foundation does not
strongly recommend a gluten-free diet.!® Previous studies
have been limited to individual or specific nutrients to
explore the potential impact of diet on psoriasis and have
not taken into account the interactions between various
dietary components. Therefore, it is crucial to investigate
the association between dietary nutrients and psoriasis in
terms of overall dietary patterns.

In recent years, the construction of risk prediction mod-
els for diseases based on ML algorithms has significant
advantages, bringing breakthroughs to medical practice.!”
ML algorithms are able to deal with high-dimensional
data, mine the data for complex patterns and hidden non-
linear relationships, increase prediction accuracy, enable
individualized assessment, and optimize clinical decision-
making.'®!® SHAP analysis is a powerful technique to
improve the interpretability of ML models. It is based on
the classical concepts of game theory (Shapley values)
and provides a consistent and interpretable assignment of
each feature's contribution to the model's prediction, thus
explaining the internal decision logic of ML models.?%?!

Therefore, this study intends to use adult data from the
National Health and Nutrition Examination Survey
(NHANES) to identify potential associations between
dietary nutrient intake and psoriasis risk using ML algo-
rithms. It also aims to elucidate the precise role of each
dietary nutrient in the model and its clinical significance
through SHAP values, as well as to develop effective
dietary interventions.

METHODS

Study population

This study used data from the 2009-2014 NHANES,
which collected demographic, socioeconomic, and die-
tary-related data. The study population for this paper con-
sisted primarily of adults (>20 years old) from the United
States from 2009 through 2014. Populations with missing
important variables were excluded. The detailed inclusion
and exclusion criteria are shown in Supplementary Figure
1. Ultimately, 12,749 subjects were included.

Data sources for dietary nutrients

Forty-five foods or nutrients were obtained from
NHANES dietary recall data, including added vitamin B-
12, alcohol, alpha-carotene, alpha-tocopherol, beta- caro-
tene, beta-cryptoxanthin, caffeine, calcium, carbohydrate,
cholesterol, copper, dietary fiber, folate, folic acid, food
folate. iron, luteintzeaxanthin, lycopene, magnesium,
moisture, monounsaturated fatty acids, niacin, phospho-
rus, polyunsaturated fatty acids, potassium, protein, reti-
nol, saturated fatty acids, selenium, sodium, theobromine,
total choline, total fat, total folate, total sugar, Vitamin
A/B1/B12/B2/B6 /C/D/E/K, Zinc. The NHANES data-
base provided the subjects with two 24-h dietary recall
interviews and the average daily intake of dietary nutri-
ents was calculated using the information above.

Diagnosis of psoriasis

A questionnaire was used to collect the prevalence of
psoriasis among participants. Participants were catego-
rized as having psoriasis if they answered positively to
the question, “Have you ever been told by a doctor or

other health care professional that you had psoriasis?”.
This definition is consistent with previous studies.?>?

Variables of the study and their pretreatment

The study initially included 10 baseline characteristics
related to demographics, lifestyle, and health status and
46 characteristics related to dietary nutrients (including
energy). The baseline characteristics mainly included
Age, Sex, Race (Mexican, Other Hispanic, Non-Hispanic
White, Non-Hispanic Black, Other Race), Education
(<9th grade, 9-11th grade, High School, Some College,
College graduate), Family income to poverty ratio, body
mass index (BMI), drinking status, smoking status, hyper-
tension, diabetes. Hypertension is defined as “Ever told
you had high blood pressure” and “Now taking prescribed
medicine for HBP”.?* Diabetes was defined as “Doctor
told you had diabetes”, “Two Hour Glucose (OGTT)
(mmol/L) >11.17, and “Fasting Glucose (mmol/L)
>7.0”.% Smoking status was categorized as non-current
smokers (never smoked or quit smoking for more than 1
year) or current smokers (current smokers or smokers
who smoked more than 1 day in the past 30 days or
smoked more than 2 cigarettes per day after waking up or
quitting smoking).?® Drinking status was classified as
either never drinking (less than 12 drinks in lifetime) or
drinking (at least 12 drinks per year or more than 6 drinks
in the past 12 months).?’

Furthermore, in order to reduce multicollinearity be-
tween features, variance inflation factor (VIF) was used
to test for collinearity and features with a VIF greater
than 3 were eliminated.

Boruta algorithm

The Boruta algorithm (R package version 8.0.0) is a
wrapper method for determining important features
around the random forest classification algorithm.?®?® The
Boruta algorithm first uses the random forest model to
calculate the importance of each feature and creates the
shadow features. The importance of the original feature is
compared to the shadow feature, and if the importance of
the original feature is significantly higher than the maxi-
mum importance of the shadow feature, then it is consid-
ered “important”, and vice versa for “irrelevant”. For
those whose importance cannot be determined, the algo-
rithm marks them as “TBD” (to be determined). The pro-
cess is repeated 100 times until all important variables are
selected.

Construction of machine learning models

A total of six machine learning methods were construct-
ed, namely RF, Light GBM, K-KNN, L-Naive Bayes,
SVM, and XGBoost. RF is an ensemble learning algo-
rithm that generates multiple decision trees and classifies
or regresses them to improve the accuracy and perfor-
mance of the model, which effectively prevents overfit-
ting.>® Light GBM is based on gradient boosting, which
improves each new tree based on the error of the previous
one and gradually improves the accuracy of the model,
and it is more speedy when dealing with large-scale da-
ta.3! XGBoost is similar to Light GBM and its core is also
based on the gradient boosting decision tree (GBDT) to
construct a prediction model. Unlike Light GBM, the
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former adopts a level-wise tree growth strategy to make
the tree structure relatively balanced, while the latter
adopts a leaf-wise tree growth strategy to make the tree
depth deeper and the model fit stronger.>?> SVM is a fea-
ture selection method that combines supervised learning
and iterative optimization to filter the optimal features
through weight ranking and iterative culling.* K-KNN is
a classification method for screening similar samples,
which is relatively simple to compute.>* L-Naive Bayes is
a probabilistic statistical classification algorithm that pre-
dicts the class of a sample by calculating the probability
of the sample containing a certain feature under each
class.®

SHAP interpretability analysis

SHAP analysis is a method for interpreting the prediction
results of machine learning models that quantifies the
importance of features by calculating the marginal contri-
bution of each feature to the model prediction and
weighting the average of the marginal contributions to
obtain the SHAP value of each feature. SHAP analysis
can interpret the degree of each feature's contribution to
each individual predicted probability and identify the key
features that have the greatest impact on the model pre-
diction results, making a global interpretation.®

Statistical analysis

The R package (version 4.4.1), Matlab (R2021 a), and
Python (3.7.3) were used for all data analyses. Survey-
weighted statistical analyses were first used to character-
ize participants, with continuous variables expressed as
means and standard deviations (SD) and categorical vari-
ables expressed as frequencies and percentages. Inde-
pendent t-tests were used for continuous variables and
chi-square tests were used for categorical variables. The
SMOTE algorithm implemented in Matlab software was
used to solve the sample imbalance problem, and six ma-
chine learning models were constructed, with a 6:4 ratio
dividing the training and validation sets, and 10 internal
cross-validations to prevent overfitting. The models are
then benchmarked on metrics including accuracy, F-beta,
AUC, sensitivity (recall), specificity, and precision-recall
area under the curve (PR-AUC). AUC is the primary as-
sessment parameter utilized to choose the best model, and
the SHAP algorithm was used to interpret these results.
The ANOVA test and the Kruskal-Wallis test were used
to test the differences in the metrics between the different
models. To evaluate the robustness of the findings, a sen-
sitivity analysis was additionally conducted using the
original imbalanced dataset without SMOTE resampling.
The same feature selection procedures and machine learn-
ing algorithms were applied, and the resulting model per-
formance and feature importance rank6ings were com-
pared with those obtained from the SMOTE-balanced
dataset. All statistical tests were two-sided and p <0.05
was considered statistically significant.

RESULTS

Patient characteristics

A total of 12,749 participants were included in this re-
search, of whom 370 (2.9%) were diagnosed with psoria-
sis. Compared to participants without psoriasis, those

with psoriasis were typically older (52.03 + 16.63 vs.
48.50 = 17.67, p <0.001), predominantly Non-Hispanic
White (p <0.001), had a higher BMI (30.10 = 6.93 vs.
29.13 + 6.99, p = 0.003), higher blood pressure (47.30%
vs. 35.54%, p <0.001), higher likelihood of comorbid
diabetes (17.03% vs. 12.51%, p = 0.016)), and lower in-
take of Vitamin B12 (0.87 £ 2.54 vs. 0.97 £ 2.62, p =
0.013), higher intakes of Selenium (184.77 £ 227.19 vs.
152.78 £202.70, p = 0.002) and Caffeine (47.88 + 100.97
vs. 35.68 £ 77.68, p = 0.020). See Table 1 for details.

Screening of predictors

Due to the substantial correlation between some of the
variables, correlation coefficients between dietary nutri-
ent characteristics were first calculated using VIF (Figure
1A). Twenty-three variables with high correlation, such
as alcohol and alpha-carotene, were eliminated when the
VIF was more than three, indicating that the variables
were multicollinear. The importance of the remaining 33
features was then assessed using the Boruta algorithm to
identify the most crucial features associated with the risk
of developing psoriasis. Eventually, 33 key features such
as Lutein. zeaxanthin, Hypertension, Lycopene, Sodium,
Theobromine were incorporated, including 10 baseline
features and 23 dietary nutritional features (Figure 1B).

Model development and validation

As the number of control group was substantially greater
than that of psoriasis group, we employed the Smote al-
gorithm to address the imbalanced dataset. Ultimately,
12,379 non-psoriasis patients and 8,665 psoriasis patients
were included in this paper (Supplementary Figure 2) and
split into training and validation sets in a 6:4 ratio. Six
different techniques of ML were used to build predictive
models based on the 33 features that were screened above
and the predictive performance of these models was eval-
uated in terms of accuracy, F-beta, AUC, sensitivity,
specificity, and PR-AUC. The XGBoost model demon-
strates excellent predictive performance in both the train-
ing and validation sets, with the largest area under the
ROC curve and maximum recall (Figure 2), indicating
that the model has a high diagnostic value and is able to
identify more patients who actually have psoriasis. The
performance of the six ML models in the training and
validation sets is detailed in Tables 2 and 3, respectively.
In the training set (Table 2), the AUC values of the six
models, which use AUC as the primary evaluation criteri-
on, are 0.982 for RF, 0.973 for Light GBM, 0.963 for K-
KNN, 0.602 for Naive Bayes, 0.845 for SVM, and 0.991
for XGBoost. In the validation set (Table 3), the corre-
sponding AUC values of the above models are 0.992,
0.982, 0.966, 0.594, 0.868, and 0.997, respectively. In
addition, the XGBoost model exhibits higher accuracy, F-
beta value, specificity, and PR-AUC. Following a thor-
ough assessment, XGBoost was selected as the best ML
model.
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Table 1. Baseline characteristics of the participants

Characteristic N Overall No psoriasis Psoriasis p
N=12,749 N=12,379 N =370
Age (year), Mean + SD 12,749 48.6 £17.7 48.5+17.7 52.0+16.6 <0.001
Sex*, n (%) 12,749 0.973
Female 6,351 (49.8%) 6,167 (49.8%) 184 (49.7%)
Male 6,398 (50.2%) 6,212 (50.2%) 186 (50.3%)
Race/ethnicity?, n (%) 12,749 <0.001
Mexican 1,701 (13.3%) 1,670 (13.5%) 31 (8.38%)
Other Hispanic 1,150 (9.02%) 1,114 (9.00%) 36 (9.73%)
Non-Hispanic White 5,927 (46.5%) 5,703 (46.1%) 224 (60.5%)
Non-Hispanic Black 2,632 (20.6%) 2,590 (20.9%) 42 (11.4%)
Other Race 1,339 (10.5%) 1,302 (10.5%) 37 (10.0%)
Education?, n (%) 12,749 0.589
Less Than 9th 1,052 (8.3%) 1,028 (8.30%) 24 (6.49%)
9-11th 1,748 (13.7%) 1,702 (13.8%) 46 (12.4%)
High School 2,846 (22.3%) 2,755 (22.3%) 91 (24.6%)
Some College 3,936 (30.9%) 3,820 (30.9%) 116 (31.4%)
College Graduate 3,167 (24.8%) 3,074 (24.8%) 93 (25.1%)
Family income to poverty ratiof, Mean = SD 12,749 2.51 £1.65 2.51 £1.65 2.52+£1.70 0.903
BMI', Mean + SD 12,749 29.2 £6.99 29.1 £6.99 30.1+6.93 0.003
Hypertension®, n (%) 12,749 <0.001
No 8,175 (64.1%) 7,980 (64.5%) 195 (52.7%)
Yes 4,574 (35.9%) 4,399 (35.5%) 175 (47.3%)
Diabetes?, n (%) 12,749 0.016
No 10,237 (80.3%) 9,961 (80.5%) 276 (74.6%)
Yes 1,612 (12.6%) 1,549 (12.5%) 63 (17.0%)
Borderline 900 (7.06%) 869 (7.02%) 31 (8.38%)
Smoking status, n (%) 12,749 0.239
No 10,065 (79.0%) 9,782 (79.0%) 283 (76.5%)
Yes 2,684 (21.1%) 2,597 (21.0%) 87 (23.5%)
Drinking status*, n (%) 12,749 0.386
No 1,745 (13.7%) 1,700 (13.7%) 45 (12.2%)
Yes 11,004 (86.3%) 10,679 (86.3%) 325 (87.8%)
Energy’, Mean + SD 12,749 2,134 £ 998 2,134 £999 2,141 £948 0.552
Protein’, Mean + SD 12,749 82.3+43.2 82.4+434 80.5+35.7 0.527
Carbohydrate’, Mean + SD 12,749 259+ 127 259+ 127 257+ 126 0.894
Total Sugarf, Mean + SD 12,749 115+£79.3 115+£79.0 118+ 87.0 0.862
Dietary fiber, Mean + SD 12,749 17.0 £10.6 17.0£10.6 17.0£10.6 0.874
Total Fatf, Mean + SD 12,749 79.9 £46.2 79.8 £46.3 82.9+44.6 0.085
Saturated fatty acids’, Mean + SD 12,749 257+164 257+164 26.7+16.6 0.163

Student t-test; *Chi-square test; SD: standard deviation.
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Table 1. Baseline characteristics of the participants

Characteristic N Overall No psoriasis Psoriasis p
N=12,749 N=12,379 N =370

Monounsaturated fatty acids’, Mean + SD 12,749 28.5+17.5 28.5+17.5 29.5+16.7 0.090
Polyunsaturated fatty acids’, Mean + SD 12,749 185+12.5 185+12.5 193 +11.9 0.058
Cholesterol’, Mean + SD 12,749 291.5 +238 292 +239 273 +213 0.226
Vitamin E as alpha-tocopherol’, Mean + SD 12,749 8.36 +6.88 8.35+6.89 8.77+6.37 0.065
Alpha-tocopherolf, Mean = SD 12,749 0.62 +3.16 0.63 £3.19 0.47 £2.01 0.474
Retinolf, Mean = SD 12,749 411 + 527 410 £ 528 426+ 492 0.991
Vitamin Af, Mean + SD 12,749 613 + 682 613 + 684 625 + 594 0.782
Alpha-carotene’, Mean + SD 12,749 397 + 1,267 397+ 1,274 412 +1,027 0.391
Beta-carotene’, Mean + SD 12,749 2,194 £ 4,604 2,195 +£4,627 2,151+ 3,739 0.250
Beta-cryptoxanthin®, Mean + SD 12,749 88.8 £322 89.2 £325 75.7 £ 154 0.076
Lycopene’, Mean + SD 12,749 4,998 +9,118 4,978 £ 9,049 5,654+ 11,185 0.934
Lutein+zeaxanthin®, Mean + SD 12,749 1,574 + 3,526 1,571 +£3,517 1,703 + 3,804 0.913
Thiamin (Vitamin B1), Mean + SD 12,749 1.60 +0.90 1.60 +0.90 1.61 £0.93 0.856
Riboflavin (Vitamin B2), Mean + SD 12,749 2.07+1.29 2.07+1.29 2.13+1.33 0.417
Niacinf, Mean + SD 12,749 257+15.6 257+15.6 246+ 144 0.238
Vitamin B67, Mean + SD 12,749 2.11 £1.65 2.11 £ 1.66 2.02+1.45 0.268
Total folate’, Mean = SD 12,749 181+ 177 181+ 176 186 + 224 0.426
Folic acid’, Mean + SD 12,749 222 + 147 222 + 147 230 + 151 0.451
Food folate’, Mean + SD 12,749 530+ 359 529 +356 546+ 437 0.961
Folate (DFE)’, Mean + SD 12,749 339 +206 339 +207 326+ 176 0.608
Total choline’, Mean + SD 12,749 5.09+6.25 5.10+6.30 4.90 +4.40 0.568
Vitamin B12%, Mean + SD 12,749 0.97+2.61 0.97 +£2.62 0.87 +2.54 0.013
Added vitamin B127, Mean + SD 12,749 83.4+98.7 83.4+98.0 84.6 +122 0.593
Vitamin Cf, Mean + SD 12,749 112+216 112+217 115+ 164 0.466
Vitamin Kf, Mean + SD 12,749 948 + 600 946 + 599 997 + 642 0.145
Calciumf, Mean + SD 12,749 1,377 £ 693 1,377 + 695 1,390 + 647 0.284
Phosphorus’, Mean + SD 12,749 300+ 153 300+ 153 306+ 149 0.233
Magnesium’, Mean + SD 12,749 14.8 £8.62 14.8 £8.63 14.6 £8.27 0.778
Iront, Mean = SD 12,749 11.3+7.06 11.3+7.08 11.3 +£6.49 0.643
Zincf, Mean + SD 12,749 1.27 +£1.02 1.27 £1.03 1.26 +£0.65 0.392
Copperf, Mean + SD 12,749 3,528 £1,819 3,526 + 1,820 3,587 +1,785 0.433
Sodiumf, Mean + SD 12,749 2,663 +1,280 2,660 + 1,281 2,736 £ 1,263 0.132
Potassium’, Mean + SD 12,749 115+65.7 115+ 66.0 110+ 54.5 0.855
Seleniumf, Mean + SD 12,749 154 £ 204 153 £203 185+ 227 0.002
Caffeine’, Mean + SD 12,749 36.0+78.5 35.7+77.7 479+ 101 0.020
Theobrominef, Mean + SD 12,749 11.1+29.9 11.2+299 10.4 +30.5 0.063
Alcohol’, Mean + SD 12,749 2,936 +1,516 2,933 +1,518 3,028 + 1,471 0.084
Moisturef, Mean = SD 12,749 4.73 £5.68 4.72 £5.66 4.99 +£6.08 0.910
Vitamin D, Mean + SD 12,749 2,134 + 998 2,134+ 999 2,141 £ 948 0.552

Student t-test; *Chi-square test; SD: standard deviation.
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Table 2. Six ML models' predictive performance for psoriasis in training set

Model Accuracy FBeta  Areaunderthe Sensitivity Specificity Area under the PR
ROC curve curve
Random Forest 0.937 0.949 0.982 0.973 0.885 0.986
Light GBM 0.918 0.932 0.973 0.937 0.889 0.979
K-KNN 0.850 0.857 0.963 0.751 0.997 0.981
Naive Bayes 0.489 0.387 0.602 0.270 0.814 0.676
SVM 0.760 0.803 0.845 0.821 0.670 0.890
XGBoost 0.957 0.964 0.991 0.958 0.955 0.992
P <.001? <.001* <.001® <.001* <.001?* <.001°
FANOVA test; fKruskal-Wallis.
Table 3. Six ML models' predictive performance for psoriasis in validation set
Model Accuracy FBeta  Areaunderthe Sensitivity Specificity Area under the PR
ROC curve curve
Random Forest 0.958 0.965 0.992 0.977 0.932 0.994
Light GBM 0.933 0.943 0.982 0.948 0.913 0.986
K-KNN 0.868 0.872 0.966 0.773 1.000 0.983
Naive Bayes 0.483 0.336 0.594 0.225 0.843 0.651
SVM 0.787 0.818 0.868 0.819 0.743 0.898
XGBoost 0.976 0.979 0.997 0.972 0.981 0.998
p <.001? <.001? <.001° <.001* <.001* <.001?
TANOVA test; *Kruskal-Wallis.
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Figure 1. Results of important predictor screening. (A) VIF was used to check for multicollinearity among variables. When VIF >3, multi-
collinearity was present. When VIF <3, multicollinearity was low. (B) The Boruta algorithm was used to screen for important variables

Screening important dietary features based on SHAP
values

SHAP analysis was used to identify the key features that
had the greatest impact on the model's prediction results.
The bee swarm plot (Figure 3A) shows the features that,
taken as a whole, have the greatest impact on the model’s

anticipated outcomes, along with the effects of these fea-
tures on the model's output. The vertical axis on the left
side of the image visualizes the ranking of the importance
of the features, from highest to lowest the top 15 features
are theobromine (0.0500), lycopene (0.0485), caffeine
(0.0463), vitamin D (0.0428), dietary fiber (0.0354), vit-
amin E (0.0353), vitamin B2 (0.0344), moisture (0.0329),
copper (0.0323), calcium (0.0323), niacin (0.0322), vita-
min B1 (0.0316), lutein+zeaxanthin (0.0309) and vitamin
B6 (0.0290). All above characteristics had a negative im-
pact on model output. The distinct effects of the different
dietary nutrient features on the model outputs in the pso-

riasis versus non-psoriasis groups are displayed in the
SHAP force diagrams and waterfall plots (Figure 3B-C).
The waterfall diagram demonstrates the features' incre-
mental contribution to the model's final anticipated val-
ues, whereas the force diagram concentrates on breaking
down the effects of the features on the model output. The
final results suggested that the dietary nutrients described
above were associated with lower model-predicted psori-
asis probability and contributed negatively to the model
output. In addition, we plotted a SHAP dependency plot
(Figure S3) showing the nonlinear relationship between
dietary components and SHAP values. The results re-
vealed that higher levels of theobromine, lycopene, caf-
feine, vitamin D, dietary fiber, and vitamin E within spe-
cific ranges were associated with lower SHAP values and
lower model-predicted psoriasis probability.
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Figure 2. Performance comparison of six different prediction models. (A) Training set ROC curves. (B) Validation set ROC curves. (C)
Training set recall rates. (D) Validation set recall rates.
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Figure 3. SHAP values of dietary features in the XGBoost model. (A) SHAP beeswarm plot. Each point represents a feature value, and the
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Sensitivity analysis

A sensitivity analysis was performed using the original
imbalanced dataset without SMOTE resampling. Alt-
hough the predictive performance of the models was
slightly reduced compared with the SMOTE-balanced
dataset, the major dietary features identified by SHAP
remained generally consistent (Supplementary Figure 4A-
G). In particular, theobromine, caffeine, lycopene, vita-
min D, vitamin E, and moisture continued to rank among
the most influential predictors. These findings suggest
that the observed feature importance patterns were rela-
tively robust and not primarily driven by the SMOTE
procedure.

DISCUSSION

In this paper, a dietary nutrient-based psoriasis risk pre-
diction model was constructed using the ML algorithm,
and the performance and stability of the model were eval-
uated. The results demonstrated that the XGBoost model
had the best predictive performance with an AUC of
0.991. SHAP analysis identified theobromine, lycopene,
caffeine, vitamin D, dietary fiber, and vitamin E as the
most influential features contributing to model predic-
tions.

To our knowledge, this is the first study to use ML al-
gorithms to build and validate a psoriasis risk prediction
model based on dietary nutrients, and the model also in-
corporates the baseline characteristics of the participants
to enhance the predictive performance and accuracy of
the model. In a previous study, the authors used the die-
tary inflammation index (DII) to explore the relationship
between dietary inflammation and psoriasis risk, but did
not find any association.>” There are two possible expla-
nations for this: first, the DII was only calculated based
on a few dietary factors; second, there were less psoriasis
patients than in the control group, which decreased the
statistical effectiveness. In order to address the issue of
dataset imbalance and enhance the built ML model's ca-
pacity to identify categories with few samples, we em-
ployed the Smote algorithm in this research.

In recent years, an increasing number of studies have
used ML algorithms to construct risk prediction models
for psoriasis (PsO) or psoriatic arthritis (PsA), including,
but not limited to, diagnosing or differentiating between
PsO and PsA;3%3 assessing the severity of psoriatic skin
lesions;***! forecasting the therapeutic efficacy of biolog-
ics.*>% For instance, Tsung-Ju Lee et al.** developed a
risk prediction model for PsA using convolutional neural
networks based on a large-scale and multidimensional
electronic medical record in a chronological order, help-
ing physicians to identify high-risk populations at an ear-
ly stage. Muntyanu et al.,* based on demographic data
from the Canadian province of Quebec, and gradient-
boosting ML techniques identified the main risk factors
for psoriasis incidence at the community level, including
climate, vegetation, urbanization, and socio-economic
characteristics of the community. Li et al.* investigated
the association between probiotics and the prevalence of
psoriasis using a range of machine learning algorithms,
including multivariate logistic regression, decision tree
(DT), AdaBoost, artificial neural network, RF, XGBoost,
and K-KNN and found a non-significant negative correla-

tion. A subsequent meta-analysis showed that probiotic
supplementation considerably lessened the severity of
psoriasis. The article emphasizes that while probiotics
help modulate the immune response and reduce inflam-
mation, they are insufficient to lower the risk of psoria-
sis.* This is similar to the view of Liu, who suggested
that while pro-inflammatory diets have the potential to
contribute to the development of psoriasis, this role may
remain subtle compared to other risk factors.’’

Although psoriasis is a genetically predisposed disease
with a complex etiology, accumulating evidence suggests
that both genetic susceptibility and environmental factors,
including nutrition and metabolism, may contribute to
disease development and progression.!>* It is well known
that psoriasis is an immune-inflammatory skin disease
mediated by T cells, in which increased activity of Th17
lymphocytes and elevated pro-inflammatory cytokines
such as IL-6 and TNF-o play a key role.” Nakamizo et
al.'"> found that high-fat diet (HFD) fed mice exhibited
exacerbated psoriasis-like dermatitis, mainly as a result of
an increased accumulation of Vy4+ y3 T cells in the skin
which produced IL-17A and cytokines chemotactic for
Vy4+ vyd T. In another study, researchers found that HFD
was able to induce the accumulation of specific types of
CDllc+ macrophages in the skin by triggering the
NLRP3 inflammasome pathway and initiate IL-1p and
IL-18 signaling pathways, which in turn stimulate the
activation of effector T cells and the proliferation of
keratinocytes in skin tissues, thereby intensifying skin
inflammation.48 In addition, HFD may activate the im-
mune system by altering the gut microbiota, resulting in a
subclinical inflammatory state.* In contrast, a study con-
ducted by Jensen et al. confirmed that a low-energy diet
(800-1000kcal per day) reduced psoriasis lesions and im-
proved the Dermatology Life Quality Index (DLQI).'
However, the aforementioned studies have emphasized
more on the effect of diet on the severity of psoriasis, and
the relationship between diet and the risk of psoriasis re-
mains to be investigated.

Therefore, this paper attempted to construct psoriasis
risk prediction models based on dietary nutrient features
using six ML algorithms and evaluated important varia-
bles by SHAP analysis, including theobromine, lycopene,
caffeine, vitamin D, dietary fiber, and vitamin E. Previous
studies have reported associations between these dietary
characteristics and psoriasis-related inflammatory path-
ways or disease activity. Vitamin E is a common antioxi-
dant that reduces peroxyl radicals and forms tocolytic
oxyl radicals,* attenuating oxidative stress and antioxi-
dant defense imbalances associated with skin inflamma-
tion in psoriasis. Dietary fiber has systemic and intestinal
anti-inflammatory effects, modulating intestinal inflam-
mation by metabolizing short-chain fatty acids (SCFA),
such as butyrate,’! and exerting a similar effect in the
skin.”?> SCFA ameliorates psoriasis skin lesions by pro-
moting the activity of regulatory T cells (Treg). Previous
findings have shown that sodium butyrate restores re-
duced regulatory T-cell (Treg), IL-10, and Foxp3 expres-
sion in the blood of patients with psoriasis and elevated
IL-17 and IL-6 expression in skin lesions.>? Vitamin D is
an inflammatory regulator with an important role in the
regulation of immune cells and inflammatory factors.
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Vitamin D, on the one hand, acts on monocyte macro-
phages and down-regulates their production of inflamma-
tory factors such as TNF-a, IL-1B and IL-6.>* Conversely,
vitamin D regulates the proliferation and differentiation
of T-cells, inhibits the production of IL-17A and IL-22 in
Th17 cells® and induces the production of Tregs.’® In
addition, vitamin D has an inhibitory effect on the prolif-
eration of keratinocytes and reduces the synthesis of pso-
riasin.” Both Finamor et al.’” and Gaal et al.’® observed a
decrease in disease activity in patients who were orally
supplemented with vitamin D3. Lycopene is a carotenoid
that scavenges oxygen free radicals,> protects against UV
damage, and improves endothelial cell function.®® Results
of a previous cross-sectional study showed low serum
levels of lycopene in patients with psoriasis.®' Shih et al.®?
discovered that topical and oral administration of lyco-
pene attenuated psoriasiform dermatitis in mice. This may
be due to lycopene's ability to inhibit epidermal cell pro-
liferation and reduce adhesion of monocyte molecules,
which is extremely important in the pathogenesis of pso-
riasis.®* Theobromine and caffeine are important bioac-
tive constituents of coffee and belong to the group of
methylxanthines, but their mechanisms of action are not
identical. Theobromine possesses potent antioxidant and
anti-inflammatory properties64 and stimulates the pro-
duction of nitric oxide to dilate blood vessels and improve
blood circulation.65 Caffeine inhibits Th1/Th2 cell pro-
liferation and reduces the release of pro-inflammatory
cytokines (IL-1, IL-6, TNF-).®® However, the effect of
coffee appears to be dose-dependent, and excessive cof-
fee intake has been associated with more severe psoriasis
manifestations,’ which is also consistent with the findings
of this paper.

Interestingly, the SHAP dependency plots demonstrat-
ed nonlinear relationships between several dietary nutri-
ents and model-predicted psoriasis probability. Several
explanations may account for these findings. First,
threshold effects may exist, whereby dietary nutrients
exert beneficial biological effects only after reaching a
certain intake level. For example, antioxidant nutrients
such as vitamin E, lycopene, and vitamin D may not sub-
stantially influence oxidative stress or immune regulation
when intake is insufficient, whereas moderate intake lev-
els may be associated with more favorable biological re-
sponses. Similar threshold-like dose-response relation-
ships have been reported in nutritional epidemiology and
dietary exposure studies.®”*® Second, saturation effects
may occur because the physiological pathways involved
in antioxidant defense, inflammatory regulation, and im-
mune homeostasis have finite capacities. Consequently,
increases in nutrient intake beyond a specific threshold
may provide diminishing biological benefits and result in
nonlinear exposure-response patterns.®*’® Third, residual
confounding cannot be excluded. Individuals with higher
intakes of antioxidant-rich nutrients may also engage in
other healthy lifestyle behaviors that were not fully cap-
tured in the NHANES database, potentially contributing
to the observed nonlinear associations. Furthermore, die-
tary intake in NHANES was assessed using 24-hour die-
tary recalls, which may introduce measurement error and
increase variability at extreme intake levels. Similar non-
linear and dose-dependent relationships have been report-

ed for coffee consumption and psoriasis-related out-
comes, suggesting that moderate intake may be associated
with more favorable outcomes than either very low or
excessive consumption.”! Therefore, the nonlinear pat-
terns identified by SHAP may reflect a combination of
biological mechanisms, exposure thresholds, saturation
effects, and residual confounding, and should be further
evaluated in prospective studies using explainable ma-
chine learning approaches.”

This study successfully developed a prediction model
with good predictive performance, suggesting that dietary
nutrient information may improve the identification of
individuals with a higher predicted probability of psoria-
sis. Meanwhile, SHAP analysis indicated that several
dietary antioxidant-related nutrients were associated with
lower model-predicted psoriasis probability.”> However,
these findings should not be interpreted as evidence of a
causal protective effect. Rather, they highlight potentially
relevant dietary features that warrant further investigation
in prospective cohort studies and randomized controlled
trials. In the future, gredater awareness of anti-
inflammatory and pro-inflammatory dietary patterns may
support public health strategies aimed at promoting
healthier dietary behaviors.

Because the prevalence of psoriasis in NHANES was
relatively low, SMOTE was used to address class imbal-
ance during model development. To assess whether the
identified associations were driven by synthetic over-
sampling, we conducted a sensitivity analysis using the
original dataset without SMOTE. The major dietary fea-
tures identified by SHAP remained largely consistent
across analyses, supporting the robustness of the findings.
Nevertheless, synthetic oversampling may alter the under-
lying data distribution and potentially affect model esti-
mates. Therefore, the identified dietary features should be
interpreted as predictors contributing to model perfor-
mance rather than definitive causal risk or protective fac-
tors.

From a clinical and public health perspective, the pre-
sent findings may have several important implications.
First, dietary nutrient profiles identified through explain-
able machine learning models may serve as complemen-
tary tools for identifying individuals with a higher pre-
dicted probability of psoriasis, consistent with the grow-
ing application of machine learning models in nutritional
risk stratification and clinical prediction. Second, alt-
hough causal relationships cannot be established from this
cross-sectional study, the consistent identification of anti-
oxidant-related nutrients, including vitamin D, vitamin E,
dietary fiber, lycopene, caffeine, and theobromine, sug-
gests that these dietary components may warrant further
consideration in future nutritional recommendations for
individuals at risk of psoriasis. Third, our findings pro-
vide potential targets for future intervention studies. Pro-
spective cohort studies could evaluate whether long-term
adherence to dietary patterns enriched in these nutrients is
associated with psoriasis incidence, while randomized
controlled trials could investigate whether modifying die-
tary intake influences discase onset, progression, or
treatment response. Furthermore, the nonlinear associa-
tions observed in the SHAP analyses suggest that future
intervention studies should consider potential threshold
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and saturation effects when determining optimal intake
levels. Collectively, these findings may contribute to the
development of more precise nutrition-based prevention
and management strategies for psoriasis in the future.”>"

However, this study has several limitations. First, this
paper utilized a cross-sectional design that did not allow
for the determination of a causal relationship between
dietary nutrients and psoriasis risk. Therefore, the asso-
ciations identified by the machine learning models and
SHAP analysis should be interpreted as predictive rather
than causal. Second, there may have been recall bias be-
cause the diagnosis of psoriasis was partially relied on
self-reported information from the NHANES interview
questionnaire. Third, confounding factors could not be
totally eliminated, even though covariates were as closely
controlled as feasible throughout the investigation. In
addition, this paper is a study based on the NHANES da-
tabase, which mainly represents the dietary nutrient in-
take habits of the adult population in the U.S. The model's
predictions could be impacted by dietary differences
among various groups and geographical areas.

Therefore, further large-scale prospective cohort stud-
ies and multicenter RCTs are required to further explore
the association in depth.

Conclusion

In this study, risk prediction models for psoriasis were
developed using six machine learning models including
RF, Light GBM, K-KNN, L-Naive Bayes, SVM, and
XGBoost, of which XGBoost had the best prediction per-
formance. Theobromine, lycopene, caffeine, vitamin D,
dietary fiber, and vitamin E were identified as the main
nutritional characteristics by SHAP analysis. The validity
of the model will be further confirmed in the future and
the model will be utilized in clinical practice to improve
disease prevention and management.
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