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Objectives: Cardiovascular diseases are the common cause of death in patients
with idiopathic inflammatory myopathies (IIMs). Diabetes mellitus was associated
with higher cardiovascular mortality, but few studies focused on the risk of
diabetes mellitus in IIMs patients. Our study is aimed at developing a predictive
model of diabetes mellitus in [IMs patients.

Methods: A total of 354 patients were included in this study, of whom 35 (9.9%)
were diagnosed as new-onset diabetes mellitus. The predictive nomogram was
drawn based on the features selected by least absolute shrinkage and selection
operator (LASSO) regression, univariate logistic regression, multivariable logistic
regression, and clinical relationship. The discriminative capacity of the
nomogram was assessed by C-index, calibration plot, and clinical usefulness.
The predictive model was verified by the bootstrapping validation.

Results: The nomogram mainly included predictors such as age, gender,
hypertension, uric acid, and serum creatinine. This predictive model
demonstrated good discrimination and calibration in primary cohort (C-
index=0.762, 95% CI: 0.677-0.847) and validation cohort (C-index=0.725).
Decision curve analysis indicated that this predictive model was clinically useful.

Conclusions: Clinicians can assess the risk of diabetes mellitus in [IMs patients by
using this prediction model, and preventive measures should be taken early for
high-risk patients, ultimately reducing the adverse cardiovascular prognosis.
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1 Introduction

Idiopathic inflammatory myopathies (IIMs) are a group of rare
autoimmune diseases characterized by chronic inflammatory
infiltration of the skeletal muscle and proximal muscle weakness,
which affect approximately 14.0 to 17.4 per 100,000 person-years (1).
Multiple organs are involved in patients with IIMs, including skin,
lungs, heart, and gastrointestinal tract, etc. Although the overall survival
rate of patients with IIMs has improved, cardiac involvement remains a
poor prognostic factor that as a cause of death has been reported in 10-
20% of IIMs patients (2-4). Numerous studies demonstrated that the
risk of cardiac involvement in patients with IIMs was higher than that
in the general population, which was the same as other connective
tissue diseases (CTD) (5, 6). Moreover, diabetes mellitus, a well-known
traditional risk factor for cardiovascular events, was associated with
higher cardiovascular mortality in patients with CTD, such as systemic
lupus erythematosus (SLE) and rheumatoid arthritis (RA) (7, 8).
However, the underlying mechanisms and pathogenesis of diabetes
mellitus in these diseases remained unknown. Limited evidence
revealed that inflammation, insulin resistance and pancreatic B cell
dysfunction may play an important role in the process (8-10). More
recent studies showed that diabetes mellitus in IIMs patients was not
uncommon, as it occurred in about 4.2% to 29% of patients, whose
prevalence was also higher than that in age- and sex-matched healthy
controls (11-13). Despite the prevalence of diabetes mellitus in IIMs
patients was high, it was often ignored the presence and onset of
diabetes mellitus by clinicians. Of note, Yu et al. pointed out that
diabetes mellitus was positively associated with mortality in patients
with polymyositis and dermatomyositis (HR=2.57, 95%CI: 1.38-4.80,
P< 0.0001) (9). In addition, patients with diabetes mellitus not only
reduce the quality of life but also may lead to serious complications that
increase medical expenses (14, 15). Therefore, it was crucial to predict
the risk of developing diabetes mellitus in IIMs patients and then take
preventive measures early for high-risk cases, and ultimately reduce the
adverse cardiovascular prognosis.

To data, some models and clinical nomograms have been
developed to predict the incidence of diabetes mellitus, but most
of them are focused on the general population and rarely involved
in subjects with autoimmune diseases. As far as we know, no study
has been conducted to predict the incidence of diabetes mellitus in
IIMs patients. Hence, the purpose of the current study is to establish
an effective prediction model for diabetes mellitus based on
demographic and clinical features of IIMs patients.

2 Materials and methods

2.1 Study population and
follow-up evaluation

We conducted a retrospective cohort study including patients with
IIMs who underwent a regular follow-up at the Third People’s Hospital
of Chengdu between January 2010 and December 2020. The diagnosis
of IIMs was determined by experienced clinicians according to the
criteria of Bohan and Peter (16). All participants received periodical
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follow-ups and clinical examinations (at least once every three months)
during the study period. The follow-up time was defined as the time
from the onset of IIM to the date of diagnosis of diabetes mellitus or the
last visit, whichever occurred first. Patients were not included if they
had previous history of type 1 or type 2 diabetes, malignant tumor,
infectious diseases, hyperthyroidism, congenital heart disease,
myocardial infarction, heart failure, chronic obstructive pulmonary
disease, severe hepatic and renal insufficiency, and overlap syndrome at
baseline. Furthermore, subjects with irregular follow-up or incomplete
data were also excluded from the study. Finally, this study included a
total of 354 patients who met the above-mentioned criteria. This
retrospective study was approved by the Ethic Committee of the
Third People’s Hospital of Chengdu and performed in accordance
with the Declaration of Helsinki (2019 S-20). All patients signed
written informed consent.

Information, such as demographic characteristics, clinical
manifestations, and drug administration, on each patient was
collected through face-to-face interviews by trained physicians.
After a 12-h fasting period, venous blood was collected in the
morning from all subjects, and laboratory parameters were
determined by using standard clinical laboratory techniques.

2.2 Diabetes mellitus assessment

During the study period, a fasting plasma glucose (FPG) >7.0
mmol/L, and/or self-reported diabetes can be considered as new-
onset diabetes (17). Plasma glucose levels were measured on YSI
glucose analyzer 2700 by the glucose oxidase method. Patients were
checked at the time of diagnosis of diabetes mellitus or the last visit,
whichever came first.

2.3 Data collection

The patients’ data were recorded in electronic medical records
system during routine clinical follow-up. Demographics, clinical
manifestations, laboratory parameters, and drug administration
were systematically extracted from electronic medical records.
Data were collected by two trained graduate students and checked
by an experienced clinician.

2.4 Definition

In the current study, the diagnosis of overlap syndrome was
based on the American College of Rheumatology (ACR) criteria for
SLE (18), RA (19) and systemic sclerosis (20). Smoking was defined
as having at least one cigarette per day and persisting for more than
one year (21). Hypertension was defined as systolic blood pressure
(SBP) 2140mmHg and/or diastolic blood pressure (DBP) 290
mmHg, and/or the use of antihypertensive medication (22). The
following laboratory parameters were assessed: total protein (TP,
normal range: 60-83 g/L), albumin (ALB, normal range: 35-55 g/L),
urea (normal range: 3.38-8.57 mmol/L), serum creatinine (Scr,
normal range: 53-140 wmol/L), serum uric acid (UA, normal
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range: 240-490 pmol/L), triglyceride (TG, normal range: 0.29-1.83
mmol/L), total cholesterol (TC, normal range: 2.8-5.7 mmol/L),
high-density lipoprotein-cholesterol (HDL-C, normal range: >0.9
mmol/L), low-density lipoprotein-cholesterol (LDL-C, normal
range: <4.0 mmol/L), C-relative protein (CRP, normal range: <10
mg/L), and erythrocyte sedimentation rate (ESR, normal range: <40
mm/h).

2.5 Statistical analysis

All data mainly including baseline characteristics, clinical
manifestations, laboratory parameters, and drug administration
were expressed as count (%) or mean + SD. All statistical analyses
were conducted by using the R software (Version 4.1.0; https://
www.R-project.org). A P-value of less than 0.1 (two-tailed) was
considered statistically significant.

The least absolute shrinkage and selection operator (LASSO)
regression was a punitive regression method, which estimated the
regression coefficient by maximizing the logarithmic likelihood
function and limited the sum of the absolute values of the regression
coefficients (23). And the LASSO regression removed unnecessary
covariates, which was applied to the reduction of high dimensional
data. In this study, we first selected the most important variables related
to diabetes mellitus in patients with IIM by using the LASSO regression
model. Then, the features selected by the LASSO regression were used
for univariate logistic regression and multivariable logistic regression
analysis. The features were considered as odds ratio (OR) having 95%
confidence interval (CI) and as P-value. The development of predictive
model for diabetes mellitus in IIMs patients was based on the results of
the LASSO regression, multivariable logistic regression, and
clinical relationship.

The nomogram was utilized to show the risk prediction model of
new-onset diabetes mellitus in patients with IIMs. The prediction
model was validated from three aspects: discrimination ability,
calibration ability, and clinical usefulness. Harrell's C-index was used
to evaluate the predictive accuracy of the nomogram (24). The C-index
can range from 0.5 to 1.0. The C-index of 0.5, which represented
random chance and this model had no predictive value, and the C-
index of 1.0, which indicated exactly the same and this model had
perfect discrimination. In general, C-index >0.7 was considered to have
better discrimination ability. The goodness of fit was assessed using a
calibration curve, and the area under the curve (AUC) of receiver
operating characteristic (ROC) was similar to the C-index. Decision
curve analysis (DCA) was also conducted to evaluate the clinical
usefulness of the prediction model by quantifying the net benefits for
a range of threshold probabilities in the whole cohort (25). This
nomogram was further validated by bootstrapping (1000 bootstrap
replicates) to calculate the relatively correctional C-index.

3 Results

3.1 Patients’ characteristics

A total of 354 IIMs patients met the inclusion criteria for this
study, with the mean age of 48 years (range: 18-82 years), of whom
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67.2% were female. This cohort consisted of 95 patients with
polymyositis, 247 patients with dermatomyositis, and 12 patients
with inclusion body myositis. The median follow-up time in the
current study was 6 months (ranging from 1 to 120 months). There
were 35 out of 354 patients (19 female and 16 male) who developed
diabetes mellitus, with the mean age of 55 years (range: 20-76
years). The mean of baseline FPG of the included subjects was 4.72
+ 0.77 mmol/L, and there was no statistical difference in FPG
between patients with or without diabetes mellitus (4.87 + 0.73
mmol/L vs. 4.70 + 0.78 mmol/L). The detailed characteristics of
patients with IIMs were presented in Table 1.

3.2 Features selection

The LASSO regression model was applied to select the most
optimal predictive features. In this study, there were 35 variables for
LASSO logistic regression analysis, and 7 of them had nonzero
coefficients (Figure 1). These 7 features included age, gender,
hypertension, UA, Scr, ESR, and Raynaud’s phenomenon. Then,
these 7 features were analyzed by univariate logistic regression and
multivariable logistic regression, and the results pointed out that
age, gender, hypertension, UA, and Scr were statistically significant
between the two groups. Based on the results of LASSO regression
analysis and logistic regression analysis, and clinical correlation, we
selected age, gender, hypertension, UA, and Scr as predictors of
diabetes mellitus in IIMs patients (Tables 2, 3).

3.3 Development of an individualized
prediction model

As shown in Figure 2, the nomogram was drawn to provide a
quantitative and convenient tool to predict the risk of diabetes
mellitus in IIMs patients by using age, gender, hypertension, UA
and Scr. The point of each predictor can be determined by drawing
a vertical line to the point axis, and the total points can be calculated
by summing point of each related factor in the nomogram. The
higher the total points, the higher the risk of developing diabetes
mellitus in patients with IIMs.

3.4 Validation of the nomogram of
diabetes mellitus in [IMs patients

The calibration curve of the prediction diabetes mellitus
nomogram in these patients presented good calibration
(Figure 3). The C-index of this predictive nomogram was 0.762
(95% CI: 0.677-0.847) for the primary cohort, which was confirmed
to be 0.725 by bootstrapping validation. The AUC value of this
prediction model was 0.754 (95% CI: 0.665-0.843). DCA was used
to evaluate the clinical usefulness of the predictive nomogram.
From the perspective of the decision curve (Figure 4), if the
threshold probability of a patient and a doctor was >2% and
<68%, respectively, using this nomogram to predict the risk of
diabetes mellitus in IIMs patients would achieve a favorable net
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TABLE 1 Clinical and demographic characteristics of 1IMs patients.

Diabetes mellitus Non-diabetes mellitus
Characteristics

(n=35) (n=319)

Age (mean * SD) (years) 55+ 14 48 + 13 48 + 14

‘ Gender (n,%)

Female 19 (54.3) 219 (68.7) 238 (67.2)
Male 16 (45.7) 100 (31.3) 116 (32.8)
FPG (mean + SD) (mmol/L) 4.96 + 0.71 471 +0.78 473 +0.77

‘ Follow-up (n,%) (months)

<6 15 (42.9) 149 (46.7) 164 (46.3)
>6 20 (57.1) 170 (53.3) 190 (53.7)

Smoking (n,%) 3 (8.6) 23 (7.2) 26 (7.3)
Hypertension (n,%) 10 (28.6) 40 (12.5) 50 (14.1)
Dysphagia (n,%) 10 (28.6) 78 (24.5) 88 (24.9)
Myalgia (n,%) 14 (40.0) 159 (49.8) 173 (48.9)
Arthralgia (n,%) 10 (28.6) 133 (41.7) 143 (40.4)
Rash (n,%) 25 (71.4) 216 (67.7) 241 (68.1)
Lung involvement (n,%) 13 (37.1) 114 (35.7) 127 (35.9)
Gottron’s sign (n,%) 8 (22.9) 88 (27.6) 96 (27.1)
Raynaud’s phenomenon (n,%) 0 (0.0) 33 (10.3) 33 (9.3)
ESR positive (n,%) 21 (60.0) 232 (72.7) 253 (71.5)
CRP positive (n,%) 21 (60.0) 179 (56.1) 200 (56.5)

‘ TP (n,%)

Below normal 11 (31.4) 94 (29.5) 105 (29.7)
Normal 24 (68.6) 222 (69.6) 246 (69.5)

Above normal 0 (0.0) 3(0.9) 3(0.8)

‘ ALB (n,%)

Below normal 18 (51.4) 151 (47.3) 169 (47.7)

Normal 17 (48.6) 168 (52.7) 185 (52.3)

‘ Urea (n,%)

Below normal 4 (11.4) 40 (12.5) 44 (12.4)
Normal 30 (85.7) 256 (80.3) 286 (80.8)
Above normal 1(2.9) 23 (7.2) 24 (6.8)

‘ Scr (n,%)

Below normal 21 (60.0) 157 (49.2) 178 (50.3)
Normal 14 (40.0) 162 (50.8) 176 (49.7)
‘ UA (n,%)
Below normal 19 (54.3) 98 (30.7) 117 (33.1)
Normal 16 (45.7) 221 (69.3) 237 (66.9)
‘ TG (n,%)

(Continued)
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TABLE 1 Continued

Diabetes mellitus

Characteristics

10.3389/fendo.2023.1118620

Non-diabetes mellitus

(n=35) (n=319)
Normal 17 (48.6) 160 (50.2) 177 (50.0)
Above normal 18 (51.4) 159 (49.8) 177 (50.0)
TC (n,%)
Below normal 2 (5.7) 21 (6.6) 23 (6.5)
Normal 27 (77.2) 246 (77.1) 273 (77.1)
Above normal 6 (17.1) 52 (16.3) 58 (16.4)
HDL-C (n,%)
Below normal 10 (28.6) 79 (24.8) 89 (25.1)
Normal 25 (71.4) 240 (75.2) 265 (74.9)
LDL-C (n,%)
Normal 32 (91.4) 298 (93.4) 330 (93.2)
Above normal 3(8.6) 21 (6.6) 24 (6.8)
Antinuclear antibody positive (n,%) 21 (60.0) 214 (67.1) 235 (66.4)
Anti SSA antibody positive (n,%) 4(11.4) 43 (13.5) 47 (13.3)
Anti SSB antibody postive (n,%) 0 (0.0) 16 (5.0) 16 (4.5)
Anti-SCL-70 antibody postive (n,%) 0 (0.0) 5 (1.6) 5(1.4)
Anti-Jol antibody postive (n,%) 1(2.9) 23 (7.2) 24 (6.8)
Use of GC (n,%) 15 (42.9) 137 (42.9) 152 (42.9)
Use of MTX (n,%) 3 (8.6) 34 (10.7) 37 (10.5)
Use of CTX (n,%) 1(2.9) 8 (2.5) 9 (2.5)
Use of HCQ (n,%) 1(2.9) 23 (7.2) 24 (6.8)
Use of AZA (n,%) 1(29) 6 (1.9) 7 (2.0)
Use of TII (n,%) 0 (0.0) 9 (2.8) 9 (2.5)
Use of TGP (n,%) 2 (5.7) 7(2.2) 9 (2.5)

FPG, fasting plasma glucose; ESR, erythrocyte sedimentation rate; CRP, C-relative protein; TP, total protein; ALB, albumin; Scr, serum creatinine; UA, uric acid; TG, triglyceride; TC, total
cholesterol; HDL-C, high-density lipoprotein-cholesterol; LDL-C, low-density lipoprotein-cholesterol; GC, glucocorticoid; MTX, methotrexate; CTX, cyclophosphamide; HCQ,
hydroxychloroquine; AZA, azathioprine; TII, tripterygium wilfordii; TGP, total glucosides of paeony.

benefit than the scheme. What’s more, the net benefit was
comparable with several overlaps, on the basis of the predictive
nomogram of diabetes mellitus in this range. In short, these results
all suggested this model had good discrimination.

4 Discussion

Cardiac involvement in patients with IIMs was mostly atypical
and seldom attracted the attention of clinicians. However,
increasing amounts of data demonstrated that cardiovascular
events were the common cause of death in IIMs. Early
identification and control of cardiovascular risk factors can
reduce mortality and improve the quality of life in IIMs patients.
Diabetes mellitus was an indispensable risk factor for cardiovascular

Frontiers in Endocrinology

diseases, so it was greatly significant to identify the risk of diabetes
mellitus in patients with IIMs. As a tool to evaluate the risk and
prognosis of disease, nomogram has been paid more attention and
applied in medical research and clinical practice. To the best of our
knowledge, our study was the first to provide a relatively accurate
prediction model of diabetes mellitus in patients with IIMs based on
generally available clinical features. Nomogram illustrated that
older age, male, hypertension, low levels of UA and Scr were
more likely to develop diabetes mellitus in patients with IIMs.
The C-index of the constructed nomogram and the internal
validation was up to 0.762 and 0.725, respectively, which
demonstrated that this predictive model had adequate
discrimination and calibration. Furthermore, the decision curve
analysis indicated this nomogram also had good clinical usefulness.
Therefore, we think that clinicians can assess the risk of diabetes
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Coefficients

Log Lambda

Demographic and clinical features selection using the LASSO regression model. (A) Optimal tuning parameter (A) selection in the LASSO regression
model used ten-fold cross-validation via minimum criteria. The binomial deviance curve was plotted versus log (A). Dotted vertical lines were drawn
at the optimal values by using the minimum criteria and 1 standard error (SE) of the minimum criteria (the 1-SE criteria). (B) LASSO coefficient profiles
of the 35 features. A coefficient profile plot was produced against the log (A) sequence. Vertical line was drawn at the value selected using ten-fold
cross-validation, where optimal lambda resulted in 7 features with nonzero coefficients.

TABLE 2 Univariate logistic regression for features of diabetes mellitus.

variable Odds ratio (95%Cl) P-value
Age, years
>60 1.5280(1.1220-2.0820) 0.0070
45-59 1.5330(0.9760-2.4080) 0.0640
18-44 1.0000(Ref.) —
Hypertension
Yes 3.8670(1.4640-10.2150) 0.0060
No 1.0000(Ref.) —
Gender
Male 2.6750(1.1890-6.0150) 0.0170
Female 1.0000(Ref.) —
Scr
Below normal 2.4910(1.0970-5.6530) 0.0290
Normal 1.0000(Ref.) —
UA
Below normal 2.7990(1.2830-6.1090) 0.0100
Normal 1.0000(Ref.) —
Raynaud's phenomenon
Yes 0.3320(0.0420-2.6100) 0.2950
No 1.0000(Ref.) —
ESR
Below normal 1.9600(0.8870-4.3350) 0.0960
Normal 1.0000(Ref.) —

Scr, serum creatinine; UA, uric acid; ESR, erythrocyte sedimentation rate.

Frontiers in Endocrinology

mellitus in IIMs patients by referring to this prediction model. For
high-risk patients, preventive measures should be taken as soon as
possible to reduce or delay the occurrence of diabetes mellitus.
The findings of our study were consistent with those of previous
studies in other CTD or general population. For example, age and
gender were considered to be important risk factors for diabetes
mellitus, and the risk of diabetes mellitus increased with age.
Similarly, a cross-sectional study demonstrated that the
prevalence of diabetes mellitus increased with age, and subjects
aged 60 years or older and aged 44-59 years had 2.35-fold and 2.77-
fold increased risk of diabetes mellitus compared to subjects
younger than 44 years, respectively (26). It may be contributed to
the gradual decline of pancreatic B cell function with aging,
eventually resulting in relative or absolute lack of insulin and
altered glucose metabolism (27). It was worth noting that the
epigenetic changes caused by aging may also affect pancreatic
islets gene expression and insulin secretion. Age-related changes
in pancreatic islets DNA methylation also can increase insulin
resistance, impaired pancreatic B cell function, and induce
diabetes mellitus (28). In addition, the prevalence of IIMs patients
in women was higher than that in men, and the latter had a higher
risk of developing diabetes mellitus than females that was also
similar to the general population (29, 30). A study on the
complications of polymyositis revealed that the prevalence of
diabetes mellitus had a difference in men and women (26.1% vs
13.5%), but it was not statistically significant (P=0.201) (13). The
relationship between gender and diabetes mellitus may be
associated with sex steroids (31). The levels of testosterone in
men decreased with the increase of age, and lower levels of serum
testosterone in men were often correlated with insulin resistance,
obesity and metabolic compromise (32, 33). It has been confirmed
that low levels of serum testosterone in men may be applied to
predict the development of type 2 diabetes (34). Additionally, there
were great differences in pancreatic islets DNA methylation
between genders, and extensive DNA methylation often occurred
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TABLE 3 Multivariable logistic regression model for features of diabetes mellitus.

Intercept and variable

Prediction model

Odds ratio (95%Cl)

Intercept -4.3077 0.0134 (0.0041-0.0386) <0.0001
Age, years
=60 0.9137 2.4936(0.9027-7.1909) 0.0811
45-59 0.7651 2.1492(0.8413-5.7979) 0.1157
18-44 — 1.0000(Ref.) —
Hypertension
Yes 1.2247 3.4033(1.2833-8.8116) 0.0119
No — 1.0000(Ref.) —
Gender
Male 1.0126 2.7529(1.2436-6.1956) 0.0129
Female — 1.0000(Ref.) —
Scr
Below normal 0.8587 2.3602(1.0669-5.3914) 0.0365
Normal — 1.0000(Ref.) —
UA
Below normal 0.9381 2.5550(1.1942-5.5531) 0.0160
Normal — 1.0000(Ref.) —

Scr, serum creatinine; UA, uric acid.

in women that can lead to increased insulin secretion, reducing the
risk of diabetes mellitus (28). Hypertension was not uncommon in
patients with IIMs, and the reported prevalence of hypertension in
IIMs patients varied from 38.7 to 71% based on different patient
selection and different definitions of disease used in the studies (12,
13). Patients with hypertension probably tended to have
concomitant metabolic disorders, and researchers had identified
that patients with hypertension were nearly 2.5 times more likely to

Points

Yes
Hypertension

Age
<50

Female

Below_normal

UA

Normal Above_normal

Below_normal

Normal

Total Points
450

(2%

03 04 05 08 07

FIGURE 2
Developed the predictive nomogram of diabetes mellitus in [IMs
patients. The predictive nomogram was developed in the cohort,
with the age, gender, hypertension, uric acid (UA), and serum
creatinine (Scr) incorporated.
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develop diabetes mellitus than healthy subjects (35). In patients
with hypertension, there was a 9% elevation in the risk of diabetes
mellitus for each 10 mmHg increased in systolic blood pressure
(36). Hypertension and diabetes mellitus often coexist and interact
with each other, and their pathogenesis may be related to
inflammation. Proinflammatory cytokines such as tumor-necrosis
factor o (TNF-0) and interleukin-6 (IL-6) not only involved in the
pathogenesis of hypertension, but also interfered with the insulin
signaling pathways which were associated with insulin resistance
and diabetes mellitus (37, 38). UA was mostly produced by the liver
and excreted by the kidneys, and UA played a pivotal role in the
antioxidant defense system in humans (39). Notably, Pitocco et al.
pointed out that there was a negative correlation between UA and
glycemia (r=-0.28, P=0.027), which was consistent with the result of
current study (39). However, the precise mechanism of
hypouricemia on the development of diabetes mellitus in IIMs
patients was still poorly determined. Limited evidence
demonstrated that the relationship between UA and glycemia
may be contributed to the excessive production of NO caused by
oxidative stress, and NO can restrict the production of UA by
inhibiting the activity of endothelial xanthine oxidase activity (39,
40). Furthermore, oxidative stress often presents in the early stage of
diabetes mellitus (39). To date, the study focusing on low Scr and
diabetes mellitus in autoimmune diseases were rare. However, a
large prospective study demonstrated that low Scr was associated
with an increased risk of diabetes mellitus in the general population
(41). Creatinine was a metabolite of muscle creatine and its
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FIGURE 3

Calibration curves of the predictive nomogram of diabetes mellitus
in the cohort. The x-axis represents the predicted risk of diabetes
mellitus. The y-axis represents the probability of the actual
diagnosed diabetes mellitus. The diagonal dotted line represents a
perfect prediction by an ideal model. The solid line represents the
performance of the nomogram, of which a closer fit to the diagonal
dotted line represents a better prediction.

concentration in serum was proportional to muscle mass, muscle
mass was negatively related to insulin resistance and diabetes (42).
Thus, it was speculated that low serum creatinine may be a
predictor of diabetes mellitus (43). It was worth mentioning that
whether the clinical manifestations and the treatment of IIMs were
associated with the development of diabetes mellitus was still
unknown. However, a study presented that hydroxychloroquine
(HCQ), methotrexate (MTX) and tumor-necrosis factor inhibitors
(TNFi) were related to decreased risk of incident diabetes mellitus
in RA patients, and glucocorticoid (GC) was associated with
increased risk of diabetes mellitus in a dose-dependent manner
(44). The mechanism underlying the diabetes risk reduction with
HCQ, MTX and TNFi may be attributed to the reduction of
inflammatory, the improvement of glucose metabolism and
pancreatic 3 cell function (44). Glucocorticoid increased glucose
by augmenting hepatic gluconeogenesis, inhibiting glucose uptake
in adipose tissue, and antagonizing insulin-mediated glucose
disposal in a dose-dependent manner (45, 46). Therefore, drugs
should be reasonably selected to reduce the risk of diabetes in the
treatment of autoimmune diseases.

There are currently no studies on diabetes risk prediction
models in connective tissue diseases; But in recent years,
multivariate risk scores have been developed to predict the risk of
diabetes in healthy individuals and most risk scores contain typical
diabetes risk factors such as age, gender, degree of obesity, family
history of diabetes and blood pressure status (47-50). In this study,
a prediction model of diabetes prevalence in IIMs was developed,
and the important characteristics derived included age, gender,
hypertension, UA, and Scr, which were somewhat coincident and
similar to the results of previous studies (48). Due to different
research factors and statistical methods, different prediction models
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FIGURE 4

Decision curve analysis for the predictive nomogram of diabetes
mellitus. The y-axis measures the net benefit. The dotted line
represents the risk of predictive nomogram. The thin solid line
represents the assumption that all patients have diabetes mellitus.
Thin thick solid line represents the assumption that no patients have
diabetes mellitus. The decision curve demonstrates that if the
threshold probability of a patient and a doctor is >2% and <68%,
respectively, using this nomogram to predict diabetes mellitus of
|IMs adds more benefit than the scheme.

may also get different prediction findings. Previous studies mostly
used univariate or multivariate analysis to obtain the results, which
may be prone to multicollinearity problems. LASSO regression
analysis can better resolves confound from multicollinearity (51).
It builds a model with better accuracy and stability by reducing the
complexity of the model. After filtering out meaningful variables,
univariate and multivariate logistic regression analyses were used
again to make the results more reliable and stable. The constructed
model was also verified for its discrimination, calibration and
clinical applicability, thus we can establish a model with better
validity and applicability.

There are some limitations to this study that are worth
mentioning. First, our study is a retrospective study in which
individuals with incomplete data are exclude, which may lead to
selection bias. Second, although this study includes a wide range of
potential predictors, there are other factors that cannot be acquired,
such as drinking status, family history of diabetes, and the dosage of
drugs, etc, which may lead to the limited prediction power of the
model. Third, the sample size of this cohort is relatively small and it
is not representative of all Chinese patients with IIMs. Nonetheless,
as far as we know, this is the largest prediction model focused on
diabetes mellitus in autoimmune diseases. Fourth, the prediction
model is not validated externally. Therefore, more prospective
studies are needed to further confirm the current results and
make it universally applicable.

In conclusion, we have established a relatively accurate and
simple nomogram based on five risk factors, namely age, male,
hypertension, hypouricemia, and low serum creatinine, to predict
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the risk of developing diabetes mellitus in IIMs patients. Clinicians
and patients can take more necessary measures early to reduce the
incidence of diabetes mellitus for high-risk patients.
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