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Abstract
Aims  The aim of the study was to construct and validate a risk nomogram for clinically significant macular edema (CSME) 
prediction in diabetes mellitus (DM) patients using systemic variables.
Methods  In this retrospective study, DM inpatients who underwent routine diabetic retinopathy screening were recruited 
and divided into training and validation sets according to their admission date. Ninety-three demographic and systemic vari-
ables were collected. The least absolute shrinkage and selection operator was used to select the predictive variables from the 
training set. The selected variables were used to construct the CSME prediction nomogram. Internal and external validations 
were performed. The C-index, calibration curve and decision curve analysis (DCA) were reported.
Results  A total of 349 patients were divided into the training set (240, 68.77%) and the validation set (109, 31.23%). The 
presence of diabetic peripheral neuropathy (DPN) symptoms, uric acid, use of insulin only or not for treatment, insulin dos-
age, urinary protein grade and disease duration were chosen for the nomogram. The C-index of the prediction nomogram was 
0.896, 0.878 and 0.837 in the training set, internal validation and external validation, respectively. The calibration curves of 
the nomogram showed good agreement between the predicted and actual outcomes. DCA demonstrated that the nomogram 
was clinically useful.
Conclusions  A nomogram with good performance for predicting CSME using systemic variables was developed. It suggested 
that DPN symptoms and renal function may be crucial risk factors for CSME. Moreover, this nomogram may be a conveni-
ent tool for non-ophthalmic specialists to rapidly recognize CSME in patients and to transfer them to ophthalmologists for 
early diagnosis and treatment.

Keywords  Nomogram · Prediction · Clinically significant macular edema · Diabetes mellitus · Systemic · Least absolute 
shrinkage and selection operator

Introduction

The number of people with diabetes mellitus (DM) has 
dramatically increased worldwide in the past few decades, 
and it is estimated to exceed 693 million in 2045 [1]. Dia-
betic retinopathy (DR) is one of the severe complications 
of DM. Diabetic macular edema (DME), characterized by 
subretinal or intraretinal fluid accumulation in the macula, 
is the most common form of sight-threatening DR in the 
global working population. One-fifteenth of DM individuals, 
that is, more than 20 million people, have been affected by 
DME [2]. Clinically significant macular edema (CSME) is a 
term commonly applied to describe DME cases with retinal 
thickening and adjacent hard exudates. Frequent follow-ups 
and timely treatments should be adopted in patients with 
DME, especially in those with CSME [3], because a longer 
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time of exudative fluid accumulation may further impair 
visual function; this requires physicians to recognize these 
CSME patients as early as possible during the DM treatment 
process. It is especially needed in local and rural hospitals 
without ophthalmologists or retina specialists. Nevertheless, 
the systemic risk factors for DME or CSME remain unclear 
and inconsistent in different studies. Vié and colleagues [4] 
found that obstructive sleep apnoea is associated with DME 
because of nocturnal hypoxemia. Glitazones, a well-known 
oral antidiabetic drug (OAD), was found to be closely related 
to DME risk [5]. Other studies [6, 7] reported dyslipidemia, 
smoking and high systolic blood pressure as DME or CSME 
risk factors. Liu [8] suggested that emerging genetic influ-
ences should be emphasized in DME. In addition, epigenetic 
mechanisms including histone modifications, DNA methyla-
tion and non-coding RNA regulation may also contribute to 
the modulation of pathways associated with oxidative stress, 
inflammation and other biological processes in DR or DME 
[9]. These studies tell us which parameters might be DME 
risk factors, but they lack quantitative standards to measure 
how much these factors may affect a DM patient.

Nomograms are a common tool used to predict the prob-
ability of a clinical event in oncology and chronic diseases. 
It is a pictorial and quantitative visualization of a complex 
mathematical model. It helps clinical decision-making and 
fulfils the drive of personalized medicine [10]. Recently, 
several predictive nomograms have been developed to assess 
diabetic complications [11–13], such as diabetes nephropa-
thy (DN), DR and diabetes foot (DF). These graphic tools 
have contributed benefit and convenience to diabetic compli-
cation evaluations. However, we still lack a convenient and 
quantitative tool for internal medicine specialists to rapidly 
recognize CSME in patients and to transfer them to oph-
thalmologists for early diagnosis and treatment. The reason 
why we need to emphasize CSME in DR is that CSME can 
be noticed in different stages of DR. Moreover, patients are 
likely be vision-threatened when macular fovea is involved 
and the condition deteriorates.

Therefore, the purpose of this study was to construct 
and validate a risk nomogram for CSME prediction in DM 
patients using systemic variables.

Methods

Study design and participants

This retrospective study was approved by the institutional 
review board of Sun Yat-sen Memorial Hospital, Sun Yat-
sen University (SYSEC-KY-KS-2021-263) and was per-
formed in accordance with the tenets of the Declaration 
of Helsinki. In this study, DM inpatients from the endocri-
nology department who underwent routine DR screening 

in the ophthalmology department were recruited from 
November 2017 to October 2021. The inclusion criteria 
were a diagnosis of DM according to the 2015 American 
Diabetes Association (ADA) criteria [14] and a complete 
record of systemic and ocular variables. The exclusion cri-
teria were as follows: (1) incomplete clinical information; 
(2) suspected DM individuals were finally diagnosed with 
impaired glucose tolerance instead of DM: as some indi-
viduals were diagnosed with suspected DM when referring 
to our routine DR screening, while the biochemical indexes 
of these patients did not reach the standards of DM after 
thorough examinations; (3) uncontrollable high blood pres-
sure (HBP) (≥ 180/110 mmHg); (4) non-diabetic renal dis-
eases; (5) malignant tumors, tumors that may affect visual 
function and other severe systemic diseases; (6) corneal or 
lens opacities affecting imaging: as blurred retinal images 
may make it difficult to determine whether an individual 
has DME; (7) high myopia (refractive error > -6 dioptres or 
axial length > 26 mm); (8) macular edema and retinal dis-
eases caused by non-diabetic diseases; (9) glaucoma, optic 
neuropathy and other optic neuropathies; and (10) a history 
of retinal laser photocoagulation or intraocular surgery for 
glaucoma or retinal diseases.

Patients from November 2017 to December 2019 were 
assigned to the training set, which was used to construct 
the model, and patients from January 2020 to October 2021 
were assigned to the validation set, which was used to evalu-
ate the model performance.

Collection of clinical data

For the demographic and systemic data, 93 common vari-
ables which were routinely tested or recorded in the endocri-
nology department were collected. These variables included 
sex, age, height, weight, body mass index, body fat rate, 
waist circumference, hip circumference, waist-to-hip ratio, 
basal metabolic rate, disease duration, random blood glu-
cose, glycosylated hemoglobin (HbAlc), fasting blood glu-
cose (GLU0 h), DM type, diabetes treatment (OAD only, 
insulin only, OAD and insulin; and insulin dosage), presence 
of HBP, systolic pressure (SP); diastolic pressure, presence 
of coronary heart disease, phosphocreatine kinase, lactate 
dehydrogenase, creatine kinase-MB, percutaneous coro-
nary intervention history, stroke history, total cholesterol, 
triglyceride, high-density lipoprotein cholesterol (HDL-
C), low-density lipoprotein cholesterol, apolipoprotein 
(Apo) A1, Apo B, Apo E, n-terminal pro-brain natriuretic 
peptide, smoking and alcohol consumption status, pres-
ence of diabetic peripheral neuropathy (DPN) symptoms, 
urea, creatinine (Cre), estimated glomerular filtration rate 
(eGFR), blood urea nitrogen to creatinine ratio (BUN/Cre), 
uric acid (UA), cystatin C (Cys C), urinary albumin excre-
tion rate (UAER), the presence of diabetic foot, diabetic 
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ketoacidosis, free triiodothyronine (FT3), free thyroxine, 
thyroid-stimulating hormone (TSH), anti-thyroid peroxi-
dase, anti-thyroglobulin, alanine aminotransferase, aspar-
tate transaminase, total bilirubin (TBIL), direct bilirubin, 
indirect bilirubin, γ-glutamyl transpeptidase, alkaline phos-
phatase, essential elements (K, Na, Cl, Ca, P, Mg), carbon 
dioxide combining power, β-hydroxybutyrate, prealbumin 
(PA), total protein, albumin (ALB), GLO (globulin), ALB-
to-GLO ratio (ALB/GLO), total bile acid, glycocholic acid, 
high sensitive C reaction protein, cholinesterase, leucyl ami-
nopeptidase, retinol binding protein (RBP), α- L-fucosidase, 
serum amylase, serum iron (SIR), unsaturated iron bind-
ing force, total iron binding capacity, serum iron saturation 
(SIS), serum ferritin (SF), transferrin, adenosine deaminase, 
superoxide dismutase (SOD) and free fatty acids (FFA). BP 
was measured twice when patients were in resting status, and 
an average value was calculated. The eGFR was calculated 
based on the Xiangya equation, which is more suitable for 
Chinese patients [15].

A rapid bedside neuropathy disability score (NDS) was 
applied to assess whether these inpatients have DPN symp-
toms. The NDS include scores were obtained from examina-
tions of pin-prick, vibration and temperature sensations in 
the great toes and the presence or absence for ankle reflex. 
For each side, the sensory functions were scored as present 
(0) or reduced/absent (1), and ankle reflex was scored as 
normal (0), present with reinforcement (1) or absent (2). 
Patients with a score of > 2 was considered to have DPN 
symptoms. Besides, according to the Toronto Diabetic 
Neuropathy Expert Group [16], DPN symptoms refer to 
decreased sensation and positive neuropathic sensory dys-
functions (burning, aching, prickling, stabbing or asleep 
numbness) mainly in the legs, feet and toes. If patients report 
one or more of these symptoms in their medical records, 
they will also be considered to have DPN symptoms.

In addition, all patients underwent thorough ophthal-
mic examinations, including best-corrected visual acuity 
(BCVA), intraocular pressure (IOP), anterior chamber depth 
(ACD), axial length (AL), fundus photographs (FP) (Canon, 
Inc., Tokyo, Japan), dilated-pupil fundus examination with 
slit-lamp biomicroscopy and indirect ophthalmoscopy, opti-
cal coherence tomography angiography (OCTA) and fluo-
rescein fundus angiography (FFA), if necessary. IOP was 
measured using the Canon TX-20 non-contact tonometer 
(Canon Inc., Tokyo, Japan). AL and ACD were measured 
using IOLMaster (Carl Zeiss Meditec, Inc., Dublin, USA). 
OCT B-scan images, including a retina map image and a 
cross line image, were obtained using AngioVue software 
2.0 of the RTVue XR Avanti device (Optovue, Inc., CA, 
USA). DR staging was confirmed mainly based on dilated-
pupil fundus examination and FP, and FFA were performed 
if needed. The staging criteria were in accordance with the 
position statement released by the ADA in 2017 [16]. An 

eye with a more severe stage was chosen if the severity was 
different in both eyes, and a random eye was chosen if the 
severity was the same. The diagnosis of CSME was deter-
mined based on the OCT B-scan images and FP [3].

Statistical analysis

The clinical data, including the demographic, systemic and 
ocular variables, were compared between the training set and 
the validation set using SPSS 24.0 (SPSS Inc., IL, USA). 
Independent Student’s t tests were applied for normally dis-
tributed data, and chi-squared tests were applied for cat-
egorical variables. A p value of < 0.05 was considered to 
indicate statistical significance.

The model was constructed and validated using R statisti-
cal software (version 3.6.3, http://​www.R-​proje​ct.​org/). The 
least absolute shrinkage and selection operator (LASSO) 
regression algorithm is an advanced machine-learning tech-
nique to screen predictive variables and to construct predic-
tive models [17]. In LASSO regression algorithm, the values 
of data are shrunk toward a central point. A penalty equal to 
the absolute value of the magnitude of coefficients is added. 
When some coefficients become zero, they are finally elimi-
nated from the model. The compression of the coefficients of 
variables helps to avoid the occurrence of model overfitting 
(including too many variables) using a penalty function. In 
our study, LASSO regression algorithm which is suitable for 
small sample sizes and high-dimensional data with collin-
earity, was used to choose the predictive variables from the 
training set. Significant and proper variables with nonzero 
coefficients identified by the LASSO regression model were 
chosen for binary multivariable logistic regression analy-
sis. The regression coefficients (β), odds ratios (ORs), 95% 
confidence intervals (CIs) and p values for the chosen vari-
ables were reported. Meanwhile, a static nomogram and its 
corresponding dynamic nomogram were constructed. A 
calibration curve was plotted to evaluate the calibration of 
the nomogram, and a C-index was reported to assess the 
concordance between the predicted and actual outcomes. An 
internal validation for the nomogram was performed in the 
training set using 1,000 bootstrapping. An external valida-
tion was then performed in the validation set. The calibration 
curve and C-index for each validation were also provided. 
Finally, decision curve analysis (DCA) was performed to 
quantitatively determine the clinical use of the nomogram 
using net benefits in the training set and the validation set.

http://www.R-project.org/
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Results

Participant characteristics

Among 395 recruited patients, 46 patients were excluded, 
and a total of 349 patients were finally included in this 
study. The included patients were divided into the train-
ing set (240, 68.77%) and the validation set (109, 31.23%) 
according to the admission date. The detailed flowchart is 
shown in Fig. 1.

The clinical features were similar in these two sets. 
There was no significant difference between the two sets 
with regard to sex, age or most of the variables. However, 
some variables (disease duration, eGFR, BUN/Cre, TBIL, 
GLO, UIBC) in the training set had significantly higher 
values than those in the validation set, while others (GLU0 
h, LDL-C, urea, Cre, FT3, TSH, P, Mg, Cys C, PA, ALB, 
RBP, SIS, SF, AD, SOD, FFA, AL) in the training set 
had significantly lower values than those in the validation 
set. There was a significantly higher proportion of mild or 
moderate non-proliferative diabetic retinopathy (NPDR) 
and a significantly lower proportion of severe NPDR in 
the training set than in the validation set.

In both sets, a longer disease duration, a higher level of 
insulin dosage, SP, LDH, urea, Cre, UAER, urinary protein 
grade, Cys C and BCVA (logMAR), a higher proportion 
of “insulin only” users, the presence of DPN symptoms, 
HBP, severe NPDR and proliferative diabetic retinopa-
thy (PDR), a lower level of eGFR, IBIL, TP, ALB, ALB/
GLO, SIR and SOD and a lower proportion of “OAD only” 

users were observed in the CSME group when compared 
to the non-CSME group. Additional significant differences 
between the CSME and non-CSME groups could also be 
observed in a single set.

Details are shown in Supplemental Tables 1 (demo-
graphic and systemic variables) and 2 (ocular variables).

Clinical feature selection

In the LASSO binary logistic regression model, 93 demo-
graphic and systemic variables were introduced, and their 
coefficients were calculated (Fig. 2A). In the cross-validated 
error plot (Fig. 2B), 9 variables with nonzero coefficients 
were included at minimum cross-validated error, while 
only 2 variables with nonzero coefficients were obtained at 
minimum cross-validated error within 1 standard error of 
the minimum. To avoid overfitting, 6 variables (presence 
of DPN symptoms, UA, insulin only or not, insulin dosage, 
urinary protein grade and HDL-C) were chosen when the 
λ value was 0.059. However, HDL-C was a controversial 
variable. Some studies emphasized its role in ameliorating 
DM, and others argued that the level of HDL-C did not refer 
to the level of functional HDL-C [18]. In addition, disease 
duration is usually recognized as a risk factor for DME 
[19–21]. Therefore, the presence of DPN symptoms, UA, 
insulin only or not, insulin dosage, urinary protein grade 
and disease duration were finally chosen to construct the 
prediction model.

Fig. 1   Flowchart of study par-
ticipants. DM, diabetes mellitus; 
DR, diabetic retinopathy; IGT, 
impaired glucose tolerance; 
PRP, panretinal photocoagula-
tion; AION, anterior ischemic 
optic neuropathy; AMD, age-
related macular degeneration
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Development and validation of the prediction 
nomogram

The results of the binary multivariable logistic regression 
analysis among the presence of DPN symptoms, UA, insu-
lin only or not, insulin dosage, urinary protein grade and 
disease duration are shown in Table 1. A static nomogram 
for CSME risk prediction was formed and is presented in 
Fig. 3. Meanwhile, a corresponding dynamic nomogram 

online application was developed by using the shiny pack-
age in R statistical software (Fig. 4) (URL: https://​csmep​
redic​tion.​shiny​apps.​io/​dynno​mapp/).

The C-index of the prediction nomogram was 0.896 
in the training set and was 0.878 after 1,000 bootstrap-
ping internal validation. The C-index still reached 0.837 
in external validation. The calibration curves of the nomo-
gram for CSME also presented good agreement between 
the predicted and actual outcomes (Fig. 5).

Clinical use of the prediction nomogram

The results of DCA for the nomogram are presented in 
Fig. 6. According to the DCA, the use of this nomogram for 
CSME prediction is more accurate than previous schemes 
when the CSME risk threshold probability was between 1 
and 83% in the training set and was generally between 1 and 
80% (except 67 70 and 71%) in the validation set.

Discussion

Most previous studies on DME or CSME simply focus on 
analyzing the risk factors, while few of them developed a 
nomogram or validated it [20, 21]. Therefore, the reliability 
of these risk factors may be uncertain. In our nomogram, 
the six variables included the presence of DPN symptoms, 
UA, use of insulin only or not, insulin dosage, urinary pro-
tein grade and disease duration. The C-index in the internal 
validation and in the external validation exceeded 0.85 and 
0.8, respectively. The calibration curves of the nomogram 

Fig. 2   Clinical feature selection using the least absolute shrinkage 
and selection operator (LASSO) binary logistic regression model. 
A LASSO coefficient profiles of 93 clinical variables. A coefficient 
profile plot was produced against log(lambda). B The optimal lambda 
in the LASSO model was validated using tenfold cross-validation. 

The partial likelihood deviance (binomial deviance) curve was plot-
ted against log(lambda). The left vertical dotted line represents the 
minimum cross-validated error, and the right vertical dotted line rep-
resents the minimum error within 1 standard error of the minimum

Table 1   Prediction factors for clinically significant macular edema in 
the training set

β, regression coefficient; OR, odds ratio; CI, confidence interval; 
DPN, diabetic peripheral neuropathy; DN, diabetic nephropathy; 
*p < 0.05

Intercept and variable Prediction model

β OR (95% CI) p value

Intercept  − 6.173 0.002(0–0.013)  < 0.001*
DPN symptoms 2.462 11.727(3.901–45.828)  < 0.001*
UA (μmol/L) 0.004 1.004(1–1.007) 0.030*
Insulin only 1.474 4.369 (1.638–11.853) 0.003*
Insulin dosage (IU) 0.018 1.018(0.995–1.042) 0.119
Urinary protein grade
 ( +) 0.964 2.623(0.907–7.415) 0.070
  ≥ (+ +) 2.550 12.808(4.958–35.595)  < 0.001*

Disease duration 
(years)

0.026 1.026(0.965–1.09) 0.401

https://csmeprediction.shinyapps.io/dynnomapp/
https://csmeprediction.shinyapps.io/dynnomapp/
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yielded good agreement, and the DCA results were also 
acceptable in the two sets. The model was deemed suffi-
ciently accurate and suitable. To our knowledge, this was the 
first study to construct and validate a nomogram for CSME 
risk prediction in DM patients. Although CSME or DME 
risk nomograms have not been developed before, a handful 
of DR risk nomograms have been presented in recent stud-
ies. In Mo’s research [22], HbA1c contributed the most to 
DR prediction. Good agreement between the predicted and 
actual outcomes was achieved, but the C-index and DCA 
results did not seem as satisfactory as ours. Chen’s study 
[23] showed that age and HbA1c may be key factors for DR 

development in a type 2 DM cohort. However, calibration 
curves and DCA were not further performed. Moreover, an 
increased arterial BP and the onset of diabetes at approxi-
mately age 30 was found to be more related to DME than to 
PDR in another study [24]. Therefore, risk factors might be 
different between DR and DME.

The application of LASSO regression in the clinical fea-
ture selection helped to avoid overfitting (too many variables 
selected) and reduce collinearity. In addition, controversial 
variables were removed, and generally admitted variables 
were introduced, which made the model more reasonable. 
Moreover, common variables were used during model 

Fig. 3   Nomogram for predicting the risk of clinically significant 
macular edema in diabetes mellitus inpatients. DPN, diabetic periph-
eral neuropathy; UA, uric acid; CSME, clinically significant macular 
edema. Draw a straight line upward to the “points” axis from the cor-
responding value of each variable and obtain points. Locate the total 

number on the “total points” axis after adding up the points. After-
ward, determine the corresponding CSME risk by drawing a straight 
line down to the “CSME” axis. Units: UA, μmol/L; insulin dosage, 
IU; disease duration, years

Fig. 4   The operator interface of the dynamic nomogram online application. A A blank table where users can enter data. B A graphic summary 
of the entered data. C A numerical summary of the entered data. D The nomogram model summary
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construction, making the use of the nomogram widely and 
easily applicable. Therefore, our study not only provided a 
clinical-based CSME risk factor analysis but also developed 
a convenient and quantitative tool for non-ophthalmic spe-
cialists to rapidly recognize high-CSME-risk patients so as 
to assist them in receiving ophthalmic interventions.

It is of particular interest that the presence of DPN 
symptoms was rather crucial in this model (if the answer 
was “yes,” approximately 90 points were obtained, while 
the total point was 400. Zander [19, 25] the relationship 
between DPN and DME has been relatively lacking in previ-
ous studies. Only two studies showed similar results to our 
study. In an Indian study including 911 participants [25], 

Fig. 5   Calibration curves for the clinically significant macular edema 
(CSME) nomogram in the training set (A) and the validation set (B). 
The y-axis represents the actual risk of CSME, and the x-axis repre-
sents the predicted risk of CSME. The diagonal line (A & B “ideal” 
line) represents a perfect prediction by an ideal model. A The “appar-
ent” line represents the apparent performance of the nomogram in 

the training set, while the “bias-corrected” line represents the perfor-
mance of the nomogram after 1,000 bootstrapping iterations in the 
training set. B The “nonparametric” line represents the performance 
of the nomogram in the validation set. A closer fit to the diagonal line 
meant a better predictive effect

Fig. 6   Decision curve analyses for the clinically significant macular 
edema (CSME) nomogram in the training set (A) and the validation 
set (B). The y-axis represents the net benefit, and the x-axis repre-
sents the threshold probability. The green line represents the assump-
tion that all patients have CSME, while the black line represents the 
assumption that all patients have non-CSME. The blue and red lines 

represent the performance of the nomogram in the training set (A) 
and the validation set (B), respectively. For example, if the CSME 
threshold probability of a patient is 50%, the net benefit is 0.111 in 
the validation set, which means that 11 out of 100 patients may ben-
efit from using this nomogram
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DPN was found to be significantly associated with center-
involved CSME (CI-CSME) and non-center-involved CSME 
(NCI-CSME). Moreover, the risk of DPN was greater in CI-
CSME than in NCI-CSME. More interestingly, Zander and 
his colleagues [19] found that cardiovascular autonomic and 
peripheral neuropathy may contribute to DME. These facts 
suggested that a common and mutual process affecting the 
autonomic nervous system, the peripheral nervous system 
and the retinal microvasculature might exist. In the past few 
years, the concept of a “neurovascular unit” in the retina has 
been raised [26]. The unit, including neurons, microvascu-
lature, glia and microglia, plays a pivotal role in the process 
of neurovascular coupling between neuronal activity and 
blood flow adjustment. Correspondingly, previous OCTA 
studies [27] showed that the ganglion cell complex (GCC) 
thickness and vessel density were simultaneously reduced 
in DR. Moreover, significantly decreased retinal nerve fiber 
layer and GCC thickness were noticed in DPN patients [28]. 
Therefore, the “neurovascular unit” in the retina and the rela-
tionship between retinal neuropathy and peripheral neuropa-
thy may provide some related evidence to understand the 
link between DME and DPN. Nevertheless, the relationship 
between DPN and DME has not been well elucidated, and 
large-scale prospective clinical trials and animal experi-
ments should be performed in the future.

Another important risk factor for CSME in this model 
was the level of urinary protein. Similarly, the positive corre-
lation between proteinuria level and DME severity has been 
illustrated in some studies [29, 30]. Lai’s study revealed that 
a thicker central subfoveal retinal thickness and a more fre-
quent presence of intraretinal cysts were observed in patients 
with proteinuria than in those without proteinuria [31]. 
DME is a result of fluid imbalance. It is generally admitted 
that increased levels of vascular endothelial growth factor 
(VEGF) contribute to barrier disruption in the retina and are 
the main reason for DME [32]. Protein loss and overhydra-
tion might also contribute to DME. Obvious protein loss 
caused by proteinuria induces low oncotic pressure, which 
may subsequently drive fluid from the intervascular space 
to the interstitial tissue [33]. Overhydration was common 
in DN individuals, and furosemide helped patients partially 
recover from DME in some cases [34]. Therefore, proteinu-
ria and DME may be the consequences of a similar process, 
and they were mutually related.

For the relationship between UA and DME, a positive 
correlation between serum UA and CSME risk levels existed 
in our study. This relationship has been explored in only a 
handful of previous studies. Our result was supported by 
Krizova’s and Zhu’s studies Krizova [35, 36]. Krizova et al. 
[35] found that the levels of serum and vitreous UA in DME 
patients with type 2 DM were higher than those in the con-
trols. Zhu’s study [36] revealed that a high UA level based 
on high glucose status accelerated retinal inflammation by 

regulating the Notch signaling pathway. However, a prospec-
tive cohort study performed in Asia showed that a higher 
level of serum UA was correlated with increased DR risk in 
males with type 2 DM but not in females [37]. Notably, in 
another study in Denmark [38], a higher plasma UA level 
and DR severity were not significantly related after adjust-
ment for diabetes duration. The varied results of these stud-
ies may be partially due to the variation in DM type, race, 
the collection method of UA (plasma or serum) and other 
factors. Although serum UA was chosen as a predictor in 
this nomogram, it did not mean that other factors were not 
important. The levels of urea, Cre, UAER, Cys C and eGFR 
were also vital renal function indicators. Interestingly, a 
significantly higher level of urea, Cre, UAER and Cys C 
and a significantly lower level of eGFR were found in the 
CSME group in both sets, which jointly suggested that DM 
patients with reduced renal function may be more vulner-
able to CSME.

Insulin use only in DM treatment and a higher insulin 
dosage were correlated with CSME risk in our study, which 
was consistent with Wang’s and Acan’s results [21, 39]. It 
was quite easy to understand the reasons. Individuals taking 
insulin may have poorer glycemic control, worse islet func-
tion and consequently more severe complications. Previous 
studies Stratton [40, 41] have shown that early and inten-
sive glycemic control decreased DR onset and progression. 
However, a rapid drop of blood glucose induced by intensive 
glycemic control has been reported to be related to a wors-
ened DR in a growing number of studies. According to a 
meta-analysis [42], the DR progression risk increased after 
6 to 12 months of intensive insulin therapy (odds ratio: 2.11) 
when compared to conventional insulin treatments. Never-
theless, the increased DR risk was reversed after 24 months 
of intensive insulin treatments. Similar results were also 
shown in various studies Zhao [43, 44]. The phenomenon 
may be explained by a synergistic hypothesis that high level 
of exogenous insulin and VEGF induced by ischemic retina 
may synergistically trigger proliferation of the vessels and 
the development of DR [45]. The mechanisms deserve fur-
ther exploration. Regarding disease duration, a generally 
admitted risk factor for DME was not as pivotal as other 
factors in the nomogram. Most of the disease durations were 
self-reported, and many patients may have DM long before 
they were diagnosed clinically.

In addition to the variables included in the nomogram, a 
lower level of SOD was noticed in the CSME group in both 
sets. Oxidative stress is crucial in the presence of diabetic 
complications, and SOD, as an antioxidant enzyme, plays a 
pivotal role in oxidative stress. Decreased serum SOD activ-
ity was suggested to be related to more severe DR, DN and 
DPN in Chinese type 2 DM patients [46, 47]. However, there 
have been no SOD-related studies specific to CSME or DME 
in the past few years.
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There were some limitations in our study. First, the vali-
dation set was retrospective and was from the same hospital. 
Therefore, to realize widespread use of the model, it should 
also be prospectively validated in different hospitals, differ-
ent populations of different areas and be adjusted according 
to practical use in the future work. Second, type 1 and type 
2 DM patients were combined for analyses in this study. 
In our future investigations, to establish CSME nomograms 
for type 1 and type 2 DM individuals, respectively, will be 
more precise and help to improve the quality and reliability 
of the models in different population. Moreover, this was a 
retrospective hospital-based study, and some bias may have 
occurred during the process. For instance, DPN symptom 
assessments were mainly based on daily clinical processes 
and medical records. A standardized/previously validated 
questionnaire or quantitative sensory tests were not applied 
in the assessments. A large-sample well-designed prospec-
tive study should be performed in the future if possible.

In conclusion, a nomogram with good performance for 
predicting CSME using systemic variables was developed in 
our study. It suggested that DPN symptoms and renal func-
tion may be crucial risk factors for CSME. The nomogram 
may be a convenient tool for non-ophthalmic specialists to 
rapidly recognize CSME in patients and to transfer them to 
ophthalmologists for early diagnosis and treatment.
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