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Abstract: Objective: To identify risk factors and construct a nomogram model using logistic regression to predict 
mood disturbance in patients with diabetic foot infection. Methods: We retrospectively analyzed 313 patients with 
diabetic foot infection who received treatment at our hospital between October 2020 and January 2023. Patients 
were grouped based on their post-treatment Self-Rating Anxiety Scale (SAS ≥50) and Self-Rating Depression Scale 
(SDS ≥53) scores into two groups: 134 patients with adverse mood and 179 with stable mood. The patients were 
divided into a test group (n=220) and a validation group (n=93) at a 7:3 ratio. Clinical data and laboratory indica-
tors were collected to screen characteristic factors using four machine learning models. Common risk factors were 
screened using logistic regression, visualized, and incorporated into a nomogram. The clinical value, accuracy, 
and predictive value of the model were evaluated using receiver operating characteristic curves (ROCs), calibra-
tion curves, and decision curve analyses (DCAs). Results: Analysis identified Wagner classification, comorbidities, 
glycated hemoglobin (HbA1c), gender, and history of diabetes as common features across four machine learning 
models. Multifactorial logistic regression confirmed that Wagner classification, comorbidities, HbA1c, gender, and 
history of diabetes were independent risk factors for adverse mood in patients with diabetic foot infection. We con-
structed a nomogram based on the five characteristic factors. ROC curve analysis yielded an area under the curve 
(AUC) of 0.829, indicating high predictive accuracy for mood disturbances in the test group. Calibration curve and 
DCA analysis demonstrated the model’s stability and clinical relevance, further supported by external validation. 
Conclusion: This study enhanced the predictive accuracy for mood disorders in patients with diabetic foot infections 
by leveraging machine learning to identify and visualize significant risk factors through a nomogram. This may be a 
valuable tool for clinical assessments and intervention.
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Introduction

Diabetes mellitus is a metabolic disease char-
acterized by persistent hyperglycemia caused 
primarily by insulin resistance and insufficient 
insulin secretion [1]. Among various types of 
diabetes, type 2 diabetes mellitus (T2DM) is 
the most prevalent, marked by a failure of the 
pancreas to secrete sufficient insulin or the fail-
ure of the body to use insulin effectively [2]. A 
study [3] has shown that people with T2DM 

often have mood disorders such as anxiety and 
depression. A national study [4] has shown that 
21.8% of 496 patients with T2DM suffered 
from anxiety or depression. Similarly, interna-
tional surveys have shown that diabetic patients 
are twice as likely to suffer from depression 
compared to non-diabetic patients, with the 
prevalence of anxiety disorders reaching 28% 
[5, 6]. This high prevalence may be related to 
socioeconomic and personal factors such as 
ongoing glucose testing, lifestyle changes asso-
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ciated with insulin injection, increased health-
care cost, excessive concern about complica-
tions, and the stress of long-term treatment [7].

Symptoms of anxiety include excessive worry, 
fidgeting, and easy fatigue, while depression is 
characterized by low mood and loss of interest 
in activities [8]. These mood disorders not only 
increase the frequency of medical visits for dia-
betic patients but also exacerbate the manage-
ment of serious complications such as diabetic 
foot-a chronic condition that significantly wors-
ens the physical and mental health of patients 
[9, 10]. Research indicates that patients with 
diabetic foot often suffer from underlying psy-
chosomatic disorders, experiencing isolation, 
helplessness, anxiety, and depression due to 
disrupted sleep, reduced mobility, and other 
challenges; the cumulative effect of these fac-
tors can escalate psychological stress [11-14]. 
Among patients with type 2 diabetes, those 
with depression are twice as likely to face 
amputation and mortality within five years of 
developing their first diabetic foot ulcer, com-
pared to those without depression [15]. Des- 
pite extensive knowledge in managing diabetes  
and its complications, the critical importance 

patients with diabetic foot infection who were 
treated in our hospital between October 2020 
and January 2023. This study was approved by 
the medical Ethics Committee of Baoji Central 
Hospital (Figure 1).

Inclusion and exclusion criteria

Inclusion criteria: ① Patients diagnosed with 
diabetes according to the 2020 edition of the 
Diabetes Medical Diagnosis and Treatment Cri- 
teria [16]; ② Patients with diabetic foot infec-
tions meeting the 2019 Guidelines for the Di- 
agnosis and Treatment of Diabetic Foot Infe- 
ctions [17]; ③ Patients with diabetic foot grad-
ed of Wagner 0-5 [18]; ④ Anxiety and depres-
sion scores of patients assessed using the 
Self-Rating Anxiety Scale (SAS) and Self-Rating 
Depression Scale (SDS) [19]; ⑤ Patients with 
complete clinical data; ⑥ Patients aged 18 
years and older.

Exclusion criteria: ① Patients with concomitant 
malignant tumors; ② Patients with combined 
hematologic diseases or coagulation disorders; 
③ Patients with systemic serious infectious 
diseases; ④ Pregnant women.

Figure 1. Case inclusion flowchart.

of mental health is frequent- 
ly underestimated by physi- 
cians.

Therefore, screening patients 
with diabetic foot infections at 
high risk for severe emotional 
distress is of great impor-
tance. Such proactive screen-
ing can help implement tar-
geted intervention to manage 
both the physical and emo-
tional aspects of diabetic 
complications, ultimately im- 
proving patients’ prognosis 
and quality of life. To this end, 
we screened for adverse emo-
tional factors based on a ma- 
chine learning model and em- 
ployed nomogram visualiza-
tion to provide clinicians with 
a predictive tool for assessing 
disease risk.

Patients and methods

Sample sources

This study involved a retro-
spective analysis of data from 
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Access to clinical information

Patient clinical information was retrieved from 
an electronic medical record system. Key data 
included age, sex, education, marital status, 
monthly household income, smoking history, in- 
cident foot infections, duration of diabetes his-
tory, comorbidities, Wagner classification, gly-
cosylated hemoglobin, risk of amputation, and 
SAS versus SDS scores.

Adverse mood assessment criteria

The SAS, comprising 20 items scored on a 4- 
point scale (1-4), evaluates the severity of anxi-
ety symptoms. The total score (80) is adjusted 
to 100 after multiplication by 1.25. The SDS 
was used to rate the severity of depression, 
with each item rated on a 4-point scale (1-4), 
totaling 80 points. Similarly, the total score was 
adjusted to 100 after multiplication by 1.25. 
Patients were classified as having an adverse 
mood if their SAS scores exceeded 50 and their 
SDS scores surpassed 53.

Sample grouping

According to the inclusion criteria, we identified 
a total of 313 eligible cases for this study. This 
cohort included 134 patients identified with 
adverse mood and 179 with stable mood. We 
then divided the patients into a test group (n= 
220) and a validation group (n=93) based on a 
7:3 ratio.

Machine learning model feature screening

We employed four machine learning models-
eXtreme Gradient Boosting (XGBoost), Support 
Vector Machine (SVM), Least Absolute Shrink- 
age and Selection Operator (Lasso), and Ran- 
dom Forest (RF)-to identify key features affect-
ing the emotional state of patients with diabetic 
foot infections.

XGBoost: XGBoost is an advanced implementa-
tion of gradient boosting decision trees, known 
for its speed and performance. It uses a se- 
quential process where each new tree corrects 
errors made by the previous tree, optimizing 
the overall model performance. XGBoost han-
dles missing data and prevents overfitting ef- 
fectively through regularization and can pro-
cess large datasets quickly, making it ideal for 
our analysis. SVM: SVM is a powerful classifica-
tion technique that identifies the optimal hyper-
plane for separating data into different classes. 

By maximizing the margin between the classes, 
SVM ensures the model’s generalizability to 
new data. This model is particularly effective 
for high-dimensional data and maintains robu- 
stness even with small sample sizes. 

Lasso: Lasso regression is beneficial for improv-
ing prediction accuracy and model interpret-
ability by performing both variable selection 
and regularization. Through L1 regularization, 
Lasso shrinks the coefficients of less important 
features to zero, effectively selecting a simpler 
model that avoids overfitting. This automatic 
feature selection is crucial for identifying the 
most relevant predictors in our dataset. RF: RF 
is an ensemble learning method that constr- 
ucts multiple decision trees during training and 
aggregates their predictions to improve accu-
racy and robustness. It improves model accu-
racy and controls overfitting by averaging the 
results of multiple trees. RF is highly effective 
for handling large datasets with many features 
and provides insights into feature importance.

Outcome measurement

Primary outcomes: 1. The risk factors for ad- 
verse mood in patients with diabetic foot infec-
tions were identified using four machine learn-
ing models. 2. A predictive model for diabetic 
foot infections leading to adverse mood was 
developed using a nomogram. 3. The stability 
of the model was externally validated using the 
data from the validation group. 4. The clinical 
value of the model was assessed using data 
from the validation group.

Secondary outcomes: 1. The clinical data dif-
ferences between the test group and the vali-
dation group were compared. 2. The baseline 
data differences in patients within the test gr- 
oup were analyzed.

Statistical analysis

The data were pre-processed using SPSS 26.0 
software. The counted data were expressed as 
rates (%) and analyzed for differences between 
groups using the chi-square test. In-depth sta-
tistical analysis was performed using R (4.3.2). 
Specific methods and tools used included: 
“gbtree” was utilized as the enhancer and bina-
ry logistic regression as the objective function, 
and the performance of the model was evalu-
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ated. The “glmnet” package was used for mod-
eling Lasso regression. The “xgboost” package 
was used to model the xgboost regression. 
SMV regression was conducted using the 
“caret” package. The “randomForest” package 
was used for RF regression modeling. The 
“rms” package was used for nomogram model-
ing. rmda “package for DCA (Decision Curve 
Analysis) and calibration curve plotting”. The 
“rocr” package was used to create ROC curves. 
Statistical significance was set at a p-value of 
less than 0.05.

Results

Comparison of baseline data between patients 
in the test and validation groups

Patients were divided into a test group and a 
validation group based on a 7:3 ratio. Compa- 
rison of baseline data between the two groups 
showed no significant differences in age, gen-
der, education, marital status, monthly house-
hold income, smoking history, incidence of foot 
infections, duration of diabetes, comorbidities, 
Wagner classification, glycosylated hemoglobin 
levels, amputation risk, or emotional state (all 
P>0.05, Table 1).

Comparison of baseline data of patients with 
different moods in test group

Patients with SAS score ≥50 and SDS score 
≥53 scores were classified into an adverse 
mood group, resulting in 94 patients classified 
into the adverse mood category and 126 in the 
stable mood category within the test group. 
Baseline data comparison revealed no statisti-
cal differences in age, education, marital sta-
tus, and monthly household income between 
the two sub-groups (all P>0.05). However, the 
adverse mood group had significantly higher 
proportions of females, individuals with foot 
infections lasting ≥6 months, a diabetes history 
of ≥10 years, ≥3 comorbidities, a Wagner clas-
sification of ≥2, glycosylated hemoglobin levels 
of ≥7, and a higher risk of amputation com-
pared to the stable mood group (all P<0.05, 
Table 2).

Four machine learning models to screen for 
adverse emotional characteristic factors

We used four machine learning models-Lasso, 
Xgboost, SVM, and RF-to identify significant 

factors affecting the mood of the patients. 
Lasso regression (1se) identified seven factors: 
sex, time to foot infection, history of diabetes, 
comorbidities, Wagner classification, glycated 
hemoglobin, and risk of amputation (Figure 2A, 
2B). Xgboost regression (Gain ≥0.05) revealed 
ten factors: Wagner classification, comorbidi-
ties, history of diabetes, glycated hemoglobin 
(repeated three times indicating its significant 
influence), risk of amputation, monthly house-
hold income, time to foot infection, age, and 
sex (Figure 2C). SVM regression identified five 
factors: Wagner classification, comorbidities, 
glycated hemoglobin, sex, and history of diabe-
tes (Figure 2D). RF regression highlighted se- 
ven factors: sex, time to foot infection, history 
of diabetes, comorbidities, Wagner classifica-
tion, glycated hemoglobin, and risk of amputa-
tion (Figure 2E). An analysis using a Venn dia-
gram demonstrated that Wagner classification, 
comorbidities, glycated hemoglobin, sex, and 
history of diabetes were consistent across all 
models (Figure 2F).

Logistic regression analysis of risk factors for 
mood disorders

We further evaluated the five mood-influencing 
factors identified by machine learning using 
univariate and multivariate logistic regression 
analyses. Multifactorial logistic regression re- 
sults indicated that Wagner classification (P< 
0.001, OR: 7.131), comorbidities (P<0.001, OR: 
4.189), glycated hemoglobin (P<0.001, OR: 
3.110), sex (P=0.012, OR: 0.424), and history 
of diabetes (P=0.002, OR: 3.022) were inde-
pendent risk factors for adverse mood among 
patients with diabetic foot infections (Figure 3).

Nomogram modeling of adverse emotions in 
patients with diabetic foot infections

Based on the 5 characterization factors, we 
constructed a nomogram model (Figure 4A). 
The calculated formula: -0.096843349 + Sex* 
0.857194336 + History_of_diabetes1* - 1.106- 
071679 + Comorbidities1* - 1.432546278 + 
Wagner_classification0*1.964396391 + Gly- 
cated_hemoglobin1* - 1.13467096. To evalu-
ate the predictive efficacy, stability, and clinical 
value of the model, we analyzed it using ROC 
curves, calibration curves, and Decision Curve 
Analysis (DCA) curves, respectively, as shown in 
Figure 4B. ROC curve analysis revealed that the 
AUC of the nomogram for predicting poor mood 
in patients with diabetic foot infection in the 
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test group was 0.829, indicating strong predic-
tive power. The calibration curve demonstrated 
high model stability, as the actual prediction 
values (depicted in blue) closely aligned with 
the ideal prediction values (shown in red) 
(Figure 4C). Lastly, the DCA curve demonstrat-
ed that the model offers substantial clinical 
benefits across a decision threshold interval of 

0%-93%, peaking at a clinical benefit of 57.27% 
(Figure 4D).

External validation of the nomogram model

We further assessed the clinical value of our 
model by using data from the validation group 
for external validation. The ROC curve analysis 

Table 1. Comparison of baseline data between patients in the test and validation groups
Test group (n=220) Validation group (n=93) χ2-value P-value

Age
    ≥60 years 118 53 0.296 0.586
    <60 years 102 40
Sex
    Male 128 54 <0.001 0.985
    Female 92 39
Educational attainment
    High School or above 119 42 2.087 0.149
    Below high school 101 51
Marital status
    Married 177 75 0.002 0.969
    Other 43 18
Monthly household income
    ≥4000 yuan 97 41 <0.001 0.999
    <4000 yuan 123 52
Smoking history
    Yes 130 55 <0.001 0.994
    No 90 38
Duration of foot infection
    ≥6 months 77 34 0.069 0.792
    <6 months 143 59
Duration of diabetes
    ≥10 years 73 27 0.518 0.472
    <10 years 147 66
Complications 
    ≥3 72 31 0.011 0.917
    <3 148 62
Wagner Grading
    ≥2 78 39 1.173 0.279
    <2 142 54
Glycosylated hemoglobin level
    ≥7 89 37 0.012 0.912
    <7 131 56
Risk of amputation
    Yes 104 42 0.117 0.732
    No 116 51
Emotional situation
    Bad mood 94 40 0.002 0.963
    Good mood 126 53
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Table 2. Analysis of baseline data of patients with different moods in the test group of patients
Adverse mood group (n=94) Good mood group (n=126) χ2-value P-value

Age
    ≥60 years 55 63 1.568 0.210
    <60 years 39 63
Sex
    Male 43 85 10.434 0.001
    Female 51 41
Educational attainment
    High school or above 46 73 1.756 0.185
    Blow high school 48 53
Marital status
    Married 73 104 0.815 0.367
    Other 21 22
Monthly household income
    ≥4000 yuan 36 61 2.234 0.135
    <4000 yuan 58 65
Smoking history
    Yes 54 80 0.826 0.363
    No 40 46
Duration of foot infection
    ≥6 months 42 35 6.761 0.009
    <6 months 52 91
Duration of diabetes
    ≥10 years 43 30 11.683 <0.001
    <10 years 51 96
Complication
    ≥3 46 26 19.586 <0.001
    <3 48 100
Wagner Grading
    ≥2 54 24 34.688 <0.001
    <2 40 102
Glycosylated hemoglobin
    ≥7 51 38 12.977 <0.001
    <7 43 88
Risk of amputation
    Yes 57 47 11.763 <0.001
    No 37 79

for this group showed that the AUC was 0.745 
in the validation set, demonstrating good pre-
dictive performance (Figure 5A). Delong’s test 
analysis resulted in a D value of -1.423 between 
the validation group and the test group model, 
indicating no significant difference (P=0.157). 
This suggests that the model performed simi-
larly in both groups. The calibration curve anal-
ysis confirmed the model’s stability, as the 
actual predicted values (depicted in blue) 
closely aligned with the ideal prediction values 
(shown in red) (Figure 5B). Additionally, DCA 

curve demonstrated that the model provided 
clinical benefits within a decision threshold 
interval of 0%-89%, peaking at a benefit rate of 
56.98% (Figure 5C). This further underscores 
the model’s utility in predicting mood distur-
bance in patients with diabetic foot infections 
across different patient populations.

Discussion

Due to prolonged high glucose and hypoxia sta-
tus in diabetic foot patients, they often suffer 
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from severe complications such as foot ab- 
scesses, gangrene, and infection. This progres-
sion significantly extends hospital stays, incre- 
ases the risk of amputation, and exacerbates 
the economic burden on patients [20, 21]. Ro- 
hde et al. analyzed 8,175 patients with T2DM 
and found that a considerable number of de- 
aths among these patients were due to pre-
existing depression, which was exacerbated by 
unhealthy lifestyles and comorbidities associ-
ated with depression [22]. Additionally, findings 
from an open randomized controlled trial indi-
cated that patients with diabetic foot frequently 
experience anxiety and depression, severely 
worsening their quality of life [23]. Therefore, 
diabetic foot infections not only intensify the 
physical burden on patients but may also am- 
plify psychological stress, leading to worse 
mental health. This dual burden makes patients 
more vulnerable to depression and anxiety, ad- 
versely affecting both treatment outcome and 
quality of life. Thus, it is crucial to conduct thor-
ough screenings and assessments for risk fac-

tors of anxiety and depression in patients with 
diabetic foot, considering their high risk for mul-
tiple complications, particularly mental health 
challenges.

In our study, we used four machine learning 
models to identify characteristic factors influ-
encing negative mood outcomes in patients 
with diabetic foot. XGBoost is renowned for its 
efficiency with large-scale datasets and opti-
mizing multiple decision trees to improve pre-
diction accuracy [24]; SVM is effective in high-
dimensional data classification and maintains 
robust generalization capabilities even with 
small sample sizes [25]. Lasso minimizes over-
fitting through L1 regularization, making it well-
suited for variable selection [26]. RF manages 
nonlinear relationships well and mitigates over-
fitting risks by averaging multiple decision tree 
outputs [27]. While each model has distinct 
advantages, the integration of these methods 
allowed us to refine our analysis. Using a Venn 
diagram, we identified common factors such as 

Figure 2. Identifying risk factors for mood distrubace by using four machine learning models. A, B. Lasso regression 
model. C. Xgboost Regression model. D. SVM model. E. RF model. F. Common factors across 4 machine learning 
models identified by Wayne Diagram. Note: XGBoost, eXtreme Gradient Boosting; SVM, Support Vector Machine; 
Lasso, Least Absolute Shrinkage and Selection Operator; RF, Random Forest.
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Wagner classification, number of comorbidi-
ties, glycosylated hemoglobin level, sex, and 
history of diabetes as central elements of our 
study. The synthesis of these characteristics 
not only leveraged the strengths of each model 
but also enhanced our understanding of the 
risk factors associated with negative emotions 
in patients with diabetic foot infection. Ulti- 
mately, we further analyzed these factors thr- 
ough logistic regression to pinpoint Wagner 
classification, number of comorbidities, glyco-
sylated hemoglobin level, sex, and history of 
diabetes as independent risk factors for dys-
phoria in this patient population. This approach 
significantly improved the precision of our 
assessment, providing crucial insight into man-
aging and mitigating adverse emotional out-

comes in patients suffering from diabetic foot 
infection.

We categorized the identified risk factors into 
physiological (Wagner classification, number of 
complications, and glycated hemoglobin level) 
and psychosocial (gender, history of diabetes) 
profiles. Each factor contributes distinctly to 
the overall risk of adverse mood outcome in 
diabetic foot patients. Wagner classification 
evaluates the severity of diabetic foot lesions. 
Higher Wagner classification indicates more 
severe lesions, often requiring frequent medi-
cal intervention and increasing the risk of 
amputation. The ongoing pain, functional limi-
tations, and the constant threat of amputation 
can significantly heighten psychological stress, 

Figure 3. Risk factors for mood disturbance in patients with diabetic foot infection. A. Univariate logistic regression 
analysis of risk factors for mood disturbance in patients with diabetic foot infection; B. Multivariate logistic regres-
sion analysis of independent risk factors for mood disturbance in patients with diabetic foot infection.
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Figure 4. Construction of a nomogram model and its internal validation. A. Nomogram model constructed with 5 
characteristic factors; B. ROC curve for validating the model’s predictive performance in the test group; C. Calibra-
tion curve for validating the model’s stability in the test group; D. DCA curve for validating the model’s clinical benefit 
in test group. Note: ROCs, Receiver operating characteristic curves; DCAs, Decision curve analyses.

Figure 5. Extermal validation of the nmodel in validation set. A. ROC curve for validating the model’s predictive 
performance in the validation set; B. Calibration curve for validating the model’s stability in the validation set; C. 
DCA curve for validating the model’s clinical benefit in validation set. Note: ROCs, Receiver operating characteristic 
curves; DCAs, Decision curve analyses.
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leading to anxiety and depression [28]. The 
coexistence of multiple comorbidities compli-
cates the management of diabetes and height-
ens treatment complexity [29]. Conditions like 
cardiovascular disease and renal failure not 
only worsen the medical prognosis but also 
amplify patients’ fears and anxiety, affecting 
their long-term survival and quality of life. 
Elevated glycated hemoglobin levels suggest 
poor glycemic control, correlating with a higher 
risk of complications and a poor health progno-
sis [30]. Challenges in managing glycemic lev-
els can escalate psychological stress due to 
continuous medical needs and perceived de- 
clines in quality of life. Besides, research has 
shown that females with diabetes are more 
prone to experiencing depression and anxiety 
compared to males [31]. This disparity is often 
attributed to gender differences in emotional 
expression, social support-seeking behaviors, 
and the additional pressures women may face 
in balancing family and professional responsi-
bilities. Individuals with a prolonged history of 
diabetes may experience emotional fatigue 
from continuous disease management and the 
persistent threat of complications, which can 
lead to feelings of helplessness and frustration 
[32]. Ahmad et al. have highlighted how the 
duration of diabetes and the presence of mul-
tiple comorbidities are linked with higher anxi-
ety levels in patients with diabetic foot [33]. 
These studies corroborate our findings and 
underscore the importance of identifying both 
physiological and psychosocial factors to more 
effectively predict and manage mood disorders 
in patients with diabetic foot. By recognizing 
these factors, we can better tailor interventions 
to improve treatment outcome and improve the 
quality of life for these patients. This compre-
hensive approach not only addresses the physi-
cal aspects of the disease but also the crucial 
psychological components, ultimately improv-
ing overall patient care and quality of life.

Visualization of risk factors enhances the com-
prehension and communication of medical da- 
ta, making it more accessible and actionable 
for clinical decision-making, research, and me- 
dical education. In our study, we used a nomo-
gram to visually represent five critical risk fac-
tors, providing a clear and intuitive method for 
understanding complex medical information. 
The predictive accuracy of our nomogram mo- 
del was confirmed by its AUC (Area Under the 
Curve) value of 0.829, indicating strong diag-
nostic capability. The model underwent both 

internal and external validations, affirming its 
generalizability and reliability across different 
patient populations. For comparison, Yu et al. 
[34] developed a prediction model for T2DM 
using Lasso and logistic regression, which in- 
cluded nine factors such as age, gender, pover-
ty-income ratio (PIR), body mass index (BMI), 
education, smoking status, LDL cholesterol, 
sleep duration, and sleep disorders. Their mo- 
del achieved a C-index of 0.780, signifying good 
predictive power, though slightly lower than our 
model. Similarly, Maimaitituerxun et al. [4] con-
structed a predictive model for anxiety, incor-
porating factors like age, diabetes-specific 
complications, education level, regular exer-
cise, and high socialization, achieving an AUC 
of 0.80. This suggests that our nomogram 
model may be superior in accuracy to others.

These comparisons highlight that our model 
accurately distinguishes between diabetic foot 
patients at high-risk and low-risk for developing 
mood disturbance. This capability is particular-
ly valuable for clinicians and healthcare provid-
ers, enabling them to implement early preven-
tive measures and customize treatment str- 
ategy effectively. However, there are still sever-
al key limitations of this study. First, the sample 
selection was predominantly from specific hos-
pitals or regions, which may restrict the gener-
alizability of our findings as these samples may 
not fully represent the diversity of all diabetic 
foot patients. Second, although the nomogram 
model showed good predictive properties in 
this study, its ability to generalize has not been 
validated across different populations or geo-
graphic locations, so more study is needed to 
support the applicability and accuracy of the 
model. This may be done by broadening the 
sample range and validating the model’s gener-
alizability in future studies.

In summary, our study identified five key risk 
factors affecting the mood of patients with dia-
betic foot, including Wagner classification, nu- 
mber of complications, glycated hemoglobin 
level, sex, and history of diabetes, by utilizing 
machine learning models. The constructed no- 
mogram demonstrated high accuracy in pre-
dicting mood disorders in diabetic foot patients.
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