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Abstract

Introduction: Recent studies have reported that HbATc and lipid variability is useful for risk stratification in diabetes
mellitus. The present study evaluated the predictive value of the baseline, subsequent mean of at least three
measurements and variability of HbA1c and lipids for adverse outcomes.

Methods: This retrospective cohort study consists of type 1 and type 2 diabetic patients who were prescribed
insulin at outpatient clinics of Hong Kong public hospitals, from 1st January to 31st December 2009. Standard
deviation (SD) and coefficient of variation were used to measure the variability of HbA1c, total cholesterol, low-
density lipoprotein cholesterol (LDL-C), high-density lipoprotein cholesterol (HDL-C) and triglyceride. The primary
outcome is all-cause mortality. Secondary outcomes were diabetes-related complications.

Result: The study consists of 25,186 patients (mean age = 63.0, interquartile range [IQR] of age = 15.1 years, male =
50%). HbATc and lipid value and variability were significant predictors of all-cause mortality. Higher HbA1c and lipid
variability measures were associated with increased risks of neurological, ophthalmological and renal complications,
as well as incident dementia, osteoporosis, peripheral vascular disease, ischemic heart disease, atrial fibrillation and
heart failure (p < 0.05). Significant association was found between hypoglycemic frequency (p < 0.0001), HbA1c

(p < 0.0001) and lipid variability against baseline neutrophil-lymphocyte ratio (NLR).

Conclusion: Raised variability in HbATc and lipid parameters are associated with an elevated risk in both diabetic
complications and all-cause mortality. The association between hypoglycemic frequency, baseline NLR, and both
HbA1c and lipid variability implicate a role for inflammation in mediating adverse outcomes in diabetes, but this
should be explored further in future studies.
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Introduction

There is an increasing global prevalence of diabetes
mellitus, with over 400 million people around the world
currently suffering from the disease [1]. Diabetes
mellitus can lead to a variety of complications affecting
the cardiovascular, neurological, renal and other systems,
placing significant burdens on healthcare systems glo-
bally [2-4]. Given the aging population, an increasing
proportion of diabetic patients are elderly with multiple
comorbidities, leading to a call for a more personalized
and patient-centered approach in diabetic management
over recent years [5-7]. This raises the need for new
parameters for monitoring diabetes, other than blood
glucose, to improve the sensitivity towards the disease
progression across different organ systems [8—12].
Diabetic patients who are on insulin are more advanced
in the disease life course, and as such are at a higher risk
of complications and death. Recently, HbAlc and lipid
variability have attracted attention in its potential use for
diabetic monitoring and risk stratification for adverse
outcomes. However, existing studies focused on cardio-
vascular events and mortality [13-15]. Although the
exact pathways of pathogenesis by HbAlc and different
lipid variability are unclear and appear to be divergent,
the resulting chronic inflammation and endothelial dys-
function may have led to the presentation of systemic
complications in diabetes [16—18]. Other suggest that
raised variability in biomarkers reflects lifestyle changes,
incomplete treatment adherence, pharmacotherapy pre-
scribed, and generalized frailty [19-21]. Random survival
forest (RSF) is a class of machine learning algorithms for
survival analysis [22]. The advantage of RSF is that it can
reduce the variance and bias within the input variables
and automatically consider nonlinear effects and high-
level interactions among these variables. Thus, RSF can
be applied to select and rank variables based on their
importance. In this study, we aim to evaluate the pre-
dictive value of glycemic and lipid variability towards a
wide range of adverse outcomes in diabetes and that risk
prediction is more accurate using RSF.

Methods

Study population

The present study is a territory-wide observational study
that collects data from 43 public hospitals in Hong
Kong. The study was approved by The Joint Chinese
University of Hong Kong — New Territories East Cluster
Clinical Research Ethics Committee. It was performed in
accordance with the Declaration of Helsinki as well as
relevant guidelines and regulations. The cohort consists
of diabetic patients who have been prescribed insulin
from outpatient clinics of any public hospitals managed
by the Hong Kong Hospital Authority between January
1st to December 31st, 2009. Patients were not required
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to be on insulin for a minimum period. Through the
Clinical Data Analysis and Reporting System (CDARS), a
healthcare database that integrates patient information
across all publicly-funded hospitals and their associated
ambulatory and primary care clinics in Hong Kong to
establish holistic medical records, the cohort was
identified, and the data was extracted. The system has
been utilized for epidemiological research by multiple
research teams, including our team, in the past [23-26].

Patient data

Clinical outcomes, patient characteristics and pharmaco-
logical treatment details were extracted. The patient out-
comes from January 1st, 2009 to December 31st, 2019 were
extracted. Patients were followed up from January 1st, 2009
to either death, or December 31st, 2019. The primary out-
come is all-cause mortality, and the secondary outcomes, as
defined by their International Classification of Disease,
Ninth Edition (ICD-9) codes (Supplementary Table 1), in-
clude: 1) neurological, ophthalmological and renal diabetic
complications, 2) dementia, 3) osteoporosis, 4) peripheral
vascular disease (PVD), 5) intracranial hemorrhage, 6)
ischemic stroke and transient ischemic attack (TIA), 7)
ischemic heart disease (IHD), acute myocardial infarction
(AMI) and heart failure (HF), 8) atrial fibrillation (AF).

The extracted parameters of patient details were
summarized in Supplementary Table 2. The duration of
diabetes at baseline was extracted based on the following
three criteria, selected based on whichever is earlier: 1)
earliest ICD-9 coding of diabetes mellitus; 2) earliest
HbAlc > 6.5 mmol/L; 3) earliest fasting blood glucose >
7 mmol/L. The mean daily dose of anti-diabetic and
cardiovascular medications drug classes was reported.
The mean daily dose is derived from multiplying the
daily dose frequency against the drug dose, then
averaged by all patients that were prescribed drugs of
the specific drug class. In terms of biochemical data,
baseline neutrophil-lymphocyte ratio (NLR) was derived
from dividing the baseline absolute neutrophil count by
the lymphocyte count. To assess glycemic and lipid vari-
ability, data for the following variables between January
1st, 2004 and December 31st, 2008 were obtained: 1)
HbAlc, 2) total cholesterol, 3) high-density lipoprotein
cholesterol (HDL-C), 4) low-density lipoprotein choles-
terol (LDL-C), 5) total triglyceride. LDL-C includes both
findings from direct and calculated measurements.
Furthermore, the frequency of hypoglycemic episodes
across the entire follow-up period from laboratory tests
taken during outpatient, inpatient and accident and
emergency settings was extracted. Each episode is
defined by random or fasting blood glucose < 3.9 mg/
mmol. Additionally, the presence of anemia, defined by
hemoglobin < 13 g/dL and < 12 g/dL for male and female
patients respectively, were extracted. The presence of
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iron deficiency, defined by ferritin < 67.4 pmol/L, was
also extracted. Only patients with three or more mea-
surements for the specific parameter were included for
the variability analysis of the respective parameter.

Statistical analysis

Temporal variability was examined using the derivation
of standard deviation (SD) and coefficient of variation
(CV). CV was given by the temporal SD divided by the
temporal mean, then multiplied by 100. Univariate Cox
regression was applied to identify significant predictors
from demographic variables, biochemical parameters,
and anti-diabetic agents prescribed for the various
adverse outcomes. GLP agonists and meglitinide were
excluded from the analysis due to the limited number of
patients prescribed with the drugs. The hazard ratio
(HR) and 95% confidence interval (CI) were presented
for each predictor. Patients with missing data were
excluded from the analysis for that particular variable.
Predictors with P-value <0.10 under univariate analysis
for all-cause mortality is then selected to undergo multi-
variate Cox regression. Patients were excluded from the
multivariate analysis if they do not have at least three
measurements for the assessment of variability, or if
there are missing data in any of the significant predictors
found under univariate cox analysis.

To examine the inter-relationship between HbAlc
variability, intermittent hypoglycemia, and chronic in-
flammation, Gaussian, and Poisson regression were used
to assess the correlations of HbAlc variability against
baseline NLR and hypoglycemia frequency respectively.
Gaussian regression was also used to assess the association
between the lipid parameters, and lipid indices against
baseline NLR. Gaussian regression is a non-parametric
method to assess the association between two continuous
variables, hence suitable to assess the inter-relationship
between HbAlc/ lipid variability and baseline NLR.
Poisson regression is a model that allows the assessment
between a count variable, in this case hypoglycemic
frequency, and continuous variables. Odds ratio (OR) is
reported for both Poisson and Gaussian regression. Statis-
tical significance is defined as P-value <0.05. Statistical
analyses were performed using RStudio software (Version:
1.1.456) and Python (Version: 3.6).

Development of a regularized and weighted random
survival forests model

Random survival forests (RSF) [22] is machine-learning
modelling technique that can capture complex survival
data structures and overcome the restrictive assumption
of Cox proportional model to better uncover the nonlin-
ear relationships between covariates and the time of
event outcome. In contrast, assumptions about special-
ized basis functions in Cox models are not efficient for
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assessing the nonlinear effects by transformations or
expanding the design matrix. The RSF model is con-
structed with an ensemble tree method for the analysis
of right-censored survival data, extended from Breiman’s
random forests. It is an efficient ensemble learning
method by injecting randomization into base learning
processes and has become one of the most efficient
models in survival analysis.

In this study, the time for RSF survival learning is
defined as the duration from baseline date to event
presentation or mortality/study end date if no event
presentation before mortality and study end. More
specifically, as shown in Fig. 1 for the workflow of
regularized and weighted random survival forests model
that we developed to predict mortality and complication
outcomes, the regularized and weighted RSF model can
estimate the forest hazard survival function with an aver-
aging procedure through tree ensembling approach. The
ensembling procedure assigns equal weights on different
survival decision trees. In this study, we consider the
heterogeneity among the multiple ensembled survival
decision trees to give their predictions [27] and propose
to fill this gap by adopting a weighted averaging strategy
as shown in Fig. 1 to assign different weights to different
survival trees. The assigned weights for different survival
trees were learned with the objective of minimizing
the overall loss function (e.g., log likelihood we used in
this study). To avoid the problem of overfitting, we
adopted a L2 regularization strategy and the optimal
regularization strength parameter for the log likelihood
loss function in the model. The regularization parameters
were determined by five-fold cross validation on the train-
ing set (80% patients in the cohort). Different values for
the weighting and regularization parameters were tested,
and we selected those with the best results. In this way, we
obtain a regularized and weighted RSFs which consider
heterogeneity among those survival decision trees by
weighting strategy and avoid overfitting by adding L2
regularization to predict the outcomes of mortality and
different complications.

In addition, with the developed RSF machine learning
model, we can provide interpretations about the learning
results by estimating the relative importance and min-
imal depth approaches in the learned survival trees for
predicting the mortality and complication outcomes. A
variable importance approach was adopted based on
standard bootstrap theory to investigate the predictive
strength of the associated risk factors. The importance
value for the variable of interest is the prediction error
for the original ensemble event-specific cumulative
probability function (obtained when each out-of-bag in-
stance is just dropped down its in-bag competing risks
tree) subtracted from the prediction error for the new
ensemble obtained using randomizing assignments of
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Fig. 1 Workflow of regularized and weighted random survival forests model

the variable [28, 29]. The prediction errors are computed
using squared loss. Larger importance value indicates
higher predictive strength of the variable, whereas zero
or negative values identify nonpredictive variables.
Minimal depth approach [30] is an alternative method
to measure the predictive strength of variables in
random survival forests model, which ranks variables
through the inspection of the forest construction process

since in tree structured models’ variables with high im-
pact on the prediction are those that most frequently
split nodes nearest to the root node where they partition
the largest samples (higher impact). Minimal depth
approach identifies important variables by averaging the
depth of the first split for each variable over all trees
within the final forest to predict the mortality and differ-
ent complication outcomes.
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Significant variables from univariate Cox regression
were used as inputs into the regularized and weighted
RSF model. The performance of the model is compared
with several baseline models, including the RSF and the
Cox model. Missing values are “-1” padded. The model
is trained on the training set with a five-fold cross valid-
ation approach. Model’s discrimination performance is
accessed by Harrell's C-index, which is a generalization
of the area under the receiver operating characteristic
curve (AUC) that can handle right-censored data to esti-
mate the efficiency of the model at ranking survival
times. Comparisons on the performance of the model
with several baselines including RSF and Cox regression
model were also provided. The codes have been
uploaded to Github (https://github.com/jadonzhou/
Glycemic-and-lipid-variability-for-DM-prediction.git).

Results

Clinical and biochemical characteristics

The study cohort consists of 25,186 patients (mean age =
63.0, interquartile range [IQR] of age = 15.1 years, male =
50.4%, type 1 diabetes mellitus = 7.37%, baseline diabetes
duration = 2.84 + 2.54 years, total duration = 69,332 patient-
years, daily insulin dosage: 20.2 + 12.6 units). A graphical
illustration of the methodology is shown in Fig. 1. Tables 1
and 2 displays the discrete and continuous baseline charac-
teristics of the study cohort respectively. The most preva-
lent pre-existing comorbidity is hypertension (35.6%),
followed by ophthalmological conditions (32.2%), and IHD
(16.2%). Other baseline details include drug descriptions
are shown in the Supplementary Appendix.

Anti-diabetic drug classes and outcomes

Different classes of anti-diabetic agents are associated
with adverse outcomes differently. Thiazolidinedione
lowers the risk of neurological complications (HR =
0.718, 95% CI =[0.539, 0.956], p = 0.023) and HF (HR =
0.72, 95% CI = [0.54, 0.96], p < 0.0001), whilst biguanide
only lowers the risk of HF (HR=0.62, 95% CI =[0.56,
0.68], p< 0.0001). The risk for adverse cardiovascular
events were raised by sulphonylurea, biguanide, and
alpha-glucosidase inhibitor. Sulphonylurea is associated
with an increased risk of renal complications (HR =1.29,
95% CI=[1.22, 1.36], p< 0.0001) and dementia (HR =
1.22, 95% CI = [1.08, 1.39], p = 0.002), whilst biguanide is
related to ophthalmological complications (HR =1.09,
95% CI =[0.937, 1.26], p < 0.0001).

Adverse outcome and predictors

The characteristics of the adverse outcomes and
biochemical predictors are detailed in Tables 3 and 4
respectively. Anemia occurred in 39.1% (1 =9848) of the
cohort, with iron deficiency presented in 9.76% of the
2100 patients with ferritin measured. Throughout the
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Table 1 Discrete Baseline Characteristics

Patient
Percentage (%)
Demographic
Male 504
Type 1 Diabetes Mellitus 737
Comorbidities
Hypertension 356
Ophthalmological Complications 322
Ischemic Heart Disease 16.2
Ischemic Stroke and Transient Ischemic Attack 11.8
Heart Failure 9.8
Chronic Renal Disease 8.8
Chronic Liver Disease 58
Acute Myocardial Infarction 5.1
Chronic Obstructive Pulmonary Disease 35

Anti-diabetic Medication

Biguanide 576
Sulphonylurea 415
Thiazolidinedione 35
Alpha-Glucosidase 30
Dipeptidyl Peptidase-4 Inhibitor 04
Glucagon-Like Peptide-1 Receptor Agonist <0.1

Cardiovascular medication

Angiotensinogen-Converting Enzyme 598
Inhibitor/ Angiotensin-Receptor Blocker

Calcium Channel Blocker 436
Lipid-Lowering Agents 424
Aspirin 36.2
Diuretic 29.2
Beta-Adrenergic Receptor Blocker 28.1

study period, 12,372 incidences of death took place
(male =52.6%, age of death=69.7+12.0). The most
common adverse outcomes were death (49.1%), renal
(21.4%), and ophthalmological diabetic complications
(18.7%). Ophthalmological (onset age=62.8+11.9),
neurological (onset age =64.2 + 11.9) and renal diabetic
complications (onset age =66.5 +12.2) had the earliest
onset, whilst osteoporosis (onset age=72.1+11.3) and
dementia (onset age=74.4+8.30) occurred latest on
average, patients in the present cohort experience 1.74 +
1.72 adverse outcomes.

Multivariate Cox regression analysis was applied to
7913 patients from the study cohort. The multivariate
Cox regression for all-cause mortality is presented in
Table 5. Mean HbA1c was found to be protective against
mortality in univariate analysis (HR =0.964, p < 0.0001),
but became predictive on multivariate analysis. However,
after adjusting for hematological malignancies, iron
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Table 2 Continuous Baseline Characteristics

Mean Standard Deviation
Urinalysis
Albumin/Creatinine Ratio (mg/mmol) 38.1 121
Creatinine Clearance (ml/min) 54.1 359
Spot Protein (g/d) 117 1.96
Spot Albumin (mg/L) 170 545
Spot Glucose (mmol/L) 125 6.68
24-h Total Protein (g/d) 117 1.97
24-h Total Albumin (mg/d) 271 695
Baseline Blood Test
Fasting Glucose (mmol/L) 896 3.75
Random Glucose (mmol/L) 123 747
HbATc (%) 8.56 1.94
Total Cholesterol (mmol/L) 474 112
High Density Lipoprotein (HDL) Cholesterol (mmol/L) 124 0.403
Calculated Low Density Lipoprotein (LDL) Cholesterol (mmol/L) 274 0927
Direct LDL Cholesterol (mmol/L) 2.80 0.925
Triglyceride (mmol/L) 1.80 172
Renal Function Test
Creatinine (umol/L) 144 159
Sodium (mmol/L) 139 333
Potassium (mmol/L) 431 0.506
Urate (umol/L) 0.408 0.129
Urea (mmol/L) 8.82 6.04
Liver Function Test
Albumin (g/L) 392 5.56
Alanine Aminotransferase (ALT) (U/L) 243 216
Alkaline Phosphatase (ALP) (U/L) 85.2 47.0
Total Bilirubin (umol/L) 113 8.98
Total Protein (g/L) 744 713
Complete Blood Count
Hemoglobin (g/dL) 125 1.99
Mean Corpuscular Hemoglobin (MCH) (pg) 29.7 295
Mean Corpuscular Hemoglobin Concentration (MCHC) (g/dL) 340 0.952
Mean Corpuscular Volume (MCV) (fL) 87.2 744
Hematocrit (L/L) 0.376 0.539
Basophil (x10°/L) 0.029 0.042
Eosinophil (x10°/L) 0223 0.235
Lymphocyte (x10°/L) 1.87 0.867
Monocyte (x10°/L) 0.538 0.266
Neutrophil (x10%/L) 547 2.79
Platelet (x10%/L) 256 833
Red Blood Cell (x 10'%/L) 426 0740

White Blood Cell (x10%/L) 809 291
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Table 3 Adverse Outcome Characteristics
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Outcome Number of events Incidence rate Age of onset Number of pre-existing Mean onset in
comorbidities follow-up (days)

Mortality 12,372 49.12% 69.7 £ 120 271 £ 1.66 3056 + 1396
Renal 5389 21.40% 665+ 122 351 +167 3500 = 1367
Ophthalmological 4705 18.68% 628 £ 119 311+ 181 3590 + 1296
Ischemic Heart Disease 4532 17.99% 66.8 + 11.6 370+ 1.74 3700 £ 1119
Acute myocardial infarction 3178 12.62% 683 £ 11.1 415+ 159 3882 + 859
Neurological 1861 7.39% 642+ 119 403 +1.77 3952 + 835
Atrial Fibrillation 1846 7.33% 704 £ 103 375+ 174 3993 £ 715
Heart Failure 1810 7.19% 689+ 114 461 £ 145 3993 £ 711
Ischemic Stroke 1350 5.36% 69.2 £ 109 355+ 179 4037 + 634
Intracranial Hemorrhage 1049 4.17% 684 £ 11.7 345 £ 167 4075 + 530
Dementia 952 3.78% 744 + 830 337+ 168 4077 + 535
Peripheral vascular disease 71 2.82% 666 £ 124 439 +1.85 4094 + 505
Osteoporosis 275 1.09% 721 £ 113 301 +1.68 4146 + 299

deficiency status and lipid-lowering drug use (1 =652),
HbAlc mean and variability did not remain significant
predictors. Amongst the lipid predictors (n =7913), only
HDL-C mean (HR = 0.60, 95% CI = [0.51, 0.71], p < 0.0001)
and SD (HR=218, 95% CI=[1.51, 3.14], p< 0.0001)
remained significant after adjusting for cancer status and
lipid-lowering agent use.

In terms of prediction of secondary outcomes, the
predictors were similar to those for all-cause mortality and
are summarized in Supplementary Table 3. HbAlc variabil-
ity is predictive of the adverse outcomes besides osteopor-
osis, ischemic stroke, and AMI. HbAlc CV is mildly
protective of IHD (HR =0.996, 95% CI = [0.993, 1.00], p =
0.046). In terms of lipid predictors, elevated mean total
cholesterol is predictive of most adverse outcomes, except
for AF (HR =0.889, 95% CI =[0.838, 0.943], p< 0.0001).
Increased mean HDL-C lowers the risk for adverse out-
comes, except for osteoporosis (HR =1.78, 95% CI =[1.29,
2.44], p < 0.001). Heterogenous predictions were noted for
HDL-C variability and mean LDL-C. By contrast, increased
LDL-C variability predicts an increased risk for various
adverse outcomes. In terms of the predictiveness of trigly-
ceride level, both its value and variability were found to be
predictive of different adverse outcomes, except for CV of
triglyceride being protective against osteoporosis (HR =
0.990, 95% CI = [0.981, 0.998], p = 0.020). Baseline NLR and
frequency of hypoglycemic episodes were predictive for a
similar set of adverse outcomes, where they increase the
risk for PVD), HF, and all-cause mortality, but were associ-
ated with a lower risk for ophthalmological complications.

The relationship between NLR, frequency of
hypoglycemic episodes and glycemic variability

The average number of hypoglycemic episodes experienced
is 0.54 +1.38, and the mean baseline NLR is 3.80 + 4.16.

Baseline mean value of HbAlc was 8.56 + 1.94%. Variabil-
ity, represented by SD and CV, are 1.28 + 0.851 and 14.5 +
8.76 respectively. HbAlc and lipid variability were signifi-
cantly associated with baseline NLR with cancer status and
aspirin use adjusted, and the associations were summarized
in Table 6. Similarly, HbAlc variability was also found to
be positively correlated with hypoglycemic frequency (SD:
OR=1.13,95% CI =[1.12, 1.16], p < 0.0001; CV: OR = 1.02,
95% CI =[1.02, 1.02], p < 0.0001). Additionally, triglyceride
SD is positively correlated with both LDL-C (SD: OR =
1.86, 95% CI = [1.78, 1.93], p <0.0001; CV: OR =1.02, 95%
CI=[1.02, 1.02], p<0.0001) and HDL-C (OR =2.92, 95%
CI=[248, 3.43], p<0.0001) variability. After exclusion of
calculated LDL-C measurements, the significant associ-
ation between LDL-C variability and triglyceride SD
remains (SD: OR =1.90, 95% CI =[1.79, 2.02], p <0.0001;
CV: OR =1.02, 95% CI = [1.02, 1.02], p < 0.0001).

Survival learning results

A regularized and weighted RSF model was devised, with
significant variables identified from univariate Cox re-
gression inputted. This yielded the importance ranking
and minimal depth of each variable in the tree structure
of the model, as shown in Fig. 2 a for mortality, renal,
PVD, and neurological complications, Fig. 2 b for oph-
thalmological, ischemic stroke, AF, and HF complica-
tions, and Fig. 2 ¢ for ICH, IHD, AMI, and osteoporosis
complications. The corresponding decision rules derived
by using the regularized and weighted random survival
forests model were generated based on the out-of-bag
validation dataset (N=5037; Fig. 3 a, b and c). The
minimal depth assumes that variables with high impact
on the prediction are those that most frequently split
nodes nearest to the root node, where they partition the
largest samples of the population. Minimal depth
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Table 4 Biochemical Predictor Characteristics

Predictors Mean Standard Deviation
HbATc
Baseline (%, n = 24,064) 8.56 1.94
Mean (%, n=22,625) 8.64 136
Standard Deviation 1.28 0.851
Coefficient of Variation 14.5 876
Total Cholesterol (TC)
Baseline (mmol/L, n=23,532) 474 112
Mean (mmol/L, n =20,445) 482 0.871
Standard Deviation 0.663 0459
Coefficient of Variation 135 795
High Density Lipoprotein-Cholesterol (HDL-C)
Baseline (mmol/L, n=23,178) 1.24 0402
Mean (mmol/L, n=19,303) 1.25 0.362
Standard Deviation 0.161 0.100
Coefficient of Variation 1.24 0.403
Low Density Lipoprotein-Cholesterol (LDL-C)
Baseline (mmol/L, n=32,075) 124 0913
Mean (mmol/L, n=18,803) 2.78 0.734
Standard Deviation 0.553 0359
Coefficient of Variation 203 12.5
Triglyceride
Baseline (mmol/L, n=23,518) 1.80 172
Mean (mmol/L, n=20,398) 1.86 143
Standard Deviation 6.90 1.15
Coefficient of Variation 308 17.8
Other Tests
Baseline NLR 3.80 4.16
Baseline Hemoglobin Count (g/dL) 125 1.99
Hypoglycemia Frequency 0.537 1.38

The number of patients included for the calculation of mean is the same as
the number of patients included for the calculation of standard deviation and
coefficient of variation

measures important risk factors by averaging the depth
of the first split for each variable over all trees within the
forest. Smaller minimal depth values indicate that the
variable separates large groups of observations, and
therefore has a large impact on the prediction.

The performance of the model for survival analysis of
each complication outcome is compared with baselines
including RSF and Cox models, based on a five-fold
cross-validation approach (Table 7). According to the
evaluation metric of Harrell's C-index, our model out-
performs both RSF and Cox for survival analysis of all-
cause mortality, renal complications, PVD, ischemic
stroke, AF, HF, ICH, IHD, AMI, and osteoporosis com-
plications, and almost the same for dementia, neuro-
logical, ophthalmological, and complications. The model
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also shows higher prediction accuracy according to
evaluation metrics of precision, recall, and AUC.

Discussion

There are several major findings of the present study: 1)
HbAlc and lipid variability can be used to evaluate the
risk for a diverse range of adverse outcomes in diabetes;
2) HbAlc variability is positively associated with in-
creased NLR and frequency of hypoglycemia episode; 3)
there are interactions present between the value and
variability of different lipid parameters.

Although HbAlc and lipid indices were assumed to
show a positive linear correlation with mortality risk,
there is emerging evidence suggesting that the mortality
risk increases at the extreme ends of the parameters.
Currie et al. first demonstrated the increase in cardiovas-
cular event incidence and all-cause mortality under both
low and high mean HbAlc in 2010, which explained the
increased mortality under aggressive glycemic control in
clinical trials [31, 32]. Subsequent cohort studies pro-
vided further evidence for the J-shaped association be-
tween mean HbAlc and all-cause mortality [33-35].
Furthermore, recent studies have found that similar to
HbAlc, a U-shaped relationship is demonstrated be-
tween the lipid indices and adverse outcomes [36—38].
These findings explain the “reverse epidemiology” ob-
served in both the present study and existing studies,
where risk factors for the outcome lower the event risk
instead, such as the lowering of intracranial hemorrhage
and AF risk under raised mean LDL-C in this cohort
[39]. Overall, the J-shaped associations justify the
heterogenous predictions by mean HbAlc and lipid
indices.

Heterogeneity is also demonstrated in the prediction
findings of HDL-C variability. Currently, research on the
predictive value of HDL-C variability is limited and
yields conflicting findings. Whilst some studies report
greater risk for adverse events under increased HDL-C
variability, others reported insignificant findings [40—44].
Furthermore, as suggested by prior studies, the reflection
of lifestyle changes by HDL-C variability may be a con-
tributing factor, where the difference in the effect of
interaction between lifestyle factors such as smoking, al-
coholism, and physical activity lead to the varied predict-
ive value of HDL-C variability across different outcomes
[44, 45]. Since SD is positively correlated to the mean,
given the value and variability of HDL-C yields opposite
effects, the effects of variability may be reduced when
SD is used as a measure of variability [40]. The
standardization of variability measures can encourage
the application of parameters of variability into clinical
practice.

Although the mechanism behind HbAlc and lipid
variability is unclear, several hypotheses were raised and
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Table 5 Multivariate Cox Regression of All-Cause Mortality
Predictor Hazard Ratio (HR) 95% Confidence Interval (Cl) P-Value
Age 1.04 [1.03, 1.04] <0.0001
Male 1.18 [1.11,1.27] <0.0001
Diabetes Duration 0.956 [0.943, 0.970] <0.0001
HbATc
Mean 1.09 [1.04, 1.15] <0.001
Standard Deviation 1.10 [0.825, 147] 0511
Coefficient of Variation 0.998 [0.973, 1.02] 0.869
Total Cholesterol (TC)
Mean 1.14 [0.994, 1.30] 0.061
Standard Deviation 0.787 [0.501, 1.24] 0.299
Coefficient of Variation 1.02 [1.00, 1.05] 0.050
High Density Lipoprotein-Cholesterol (HDL-C)
Mean 0.603 [0.513, 0.708] <0.0001
Standard Deviation 219 [1.52,3.14] <0.0001
Low Density Lipoprotein-Cholesterol
Mean 0916 [0.811, 1.03] 0.157
Standard Deviation 1.19 [0.866, 1.64] 0.281
Coefficient of Variation 0.992 [0.983, 1.00] 0.062
Triglyceride (TG)
Baseline 0.996 [0.979, 1.01] 0.694
Mean 1.06 [0.993, 1.14] 0.080
Standard Deviation 0.932 [0.851, 1.02] 0.126
Coefficient of Variation 0.998 (0.995, 1.00] 0.190
Other Tests
Baseline Neutrophil-Lymphocyte Ratio 1.01 [1.01, 1.02] <0.001
Baseline Hemoglobin Count 0911 (0.889, 0.934] <0.0001
Baseline Anemia 1.08 [0.981, 1.19] 0.119
Hypoglycemia Frequency 1.03 [1.01, 1.05] 0.002
Anti-Diabetic Agent
Sulphonylurea 1.08 [1.02, 1.16] 0.015
Biguanide 0616 [0.575, 0.660] <0.0001
Dipeptidyl peptidase-4 Inhibitor 0.706 (0424, 1.18] 0.181
Thiazolidinedione 0.885 [0.761, 1.03] 0.110
Table 6 Significant associations between HbATc/ lipid variability with baseline neutrophil-lymphocyte ratio
HbA1c/ Lipid Variability Hazard ratio [95% Confidence Intervall P-Value
HbA1c: SD 1.01 [1.01, 1.01] < 0.0001
HbAlc: CV 1.13 [1.10, 1.17] < 0.0001
HDL-C: SD 1.00 [1.00, 1.00] < 0.0001
HDL-C: CV 1.19 [1.15, 1.23] < 0.0001
Triglyceride: CV 1.08 [1.01, 1.16] 0.019
Total Cholesterol: SD 1.01 [1.00, 1.01] < 0.0001
Total Cholesterol: CV 1.10 [1.07, 1.13] < 0.0001

The analysis was adjusted to cancer status and aspirin use
SD Standard deviation, CV Coefficient of variation, HDL-C High density lipoprotein-cholesterol
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regularized and weighted random survival forests model

Fig. 2 a Importance ranking and minimal depth of significant univariable variables to predict mortality, renal, PVD, and neurological
complications using regularized and weighted random survival forests model. b Importance ranking and minimal depth of significant univariable
variables to predict ophthalmological, ischemic stroke, AF, and HF complications using regularized and weighted random survival forests model. c
Importance ranking and minimal depth of significant univariable variables to predict ICH, IHD, AMI, and osteoporosis complications using

i Cepn o Vsl

explored. Large scale cohort studies have demonstrated
the association between HbAlc variability with all-cause
mortality and other adverse outcomes [46—48]. In
terms of HbAlc variability, it is proposed that its
relationship to intermittent hypoglycemia underlies the
increased mortality risk. Indeed, our team recently re-
ported a significant relationship between the frequency
of hypoglycemia episodes and HbAlc variability, with
the latter predicting all-cause mortality, cardiovascular-
specific mortality and various diabetic-related compli-
cations [49]. Besides mortality due to hypoglycemia, a
common and lethal complication in diabetes, intermit-
tent hypoglycemia induces a higher level of oxidative
stress [50, 51], causing endothelial dysfunction and
chronic inflammation, ultimately leading to increased
mortality risk [52—54]. It has been reported that both
acute and chronic glycemic variability can induce oxi-
dative stress and lead to chronic inflammation [55]. In-
deed, increased metabolic variability can induce
damage to different organs, leading to complications
such as heart failure [56]. The present study provides
supporting evidence for the hypothesis by demonstrat-
ing a significant association between HbAlc variability,
hypoglycemic frequency, and baseline NLR. Other than
NLR, further inflammatory markers such as C-reactive
protein were found to be associated with HbAlc vari-
ability [57]. Similar to HbAlc, the mechanism for lipid
variability to increase mortality risk is speculated to be
associated with induced oxidative stress. It is speculated
that large fluctuations in both LDL-C and HDL-C can

lead to plaque instability, therefore releases atherogenic
substances and therefore increase mortality risk [19,
58]. The significant association between baseline NLR
and variability across different lipid indices provide in-
sights towards the proposed underlying mechanisms
between lipid variability and chronic inflammation.
Additionally, the increased variability across biomarkers
may reflect generalized frailty [19].

The effects of anti-diabetic agents on the risk of
adverse events in diabetic patients have been well stud-
ied [59]. In agreement with the present study, sulphony-
lurea use has been reported to raise the risk of mortality,
cardiovascular events, and renal impairment significantly
[60-62]. It should be noted that the use of add-on therapy
to insulin may indicate more severe diabetes or used to
slow the progression of complications. Hence the drug-use
is the effect, rather than the cause of the adverse outcome.
This may explain the increased ophthalmological complica-
tion and cardiovascular event risk in biguanide and alpha-
glucosidase inhibitors in the present study, contrary to the
cardiovascular protective effects reported by existing studies
[63-65]. Additionally, the insignificant effect of DPP4
inhibitors and thiazolidinedione may be attributed to the
fewer number of patients prescribed with these drugs in the
present cohort. Previously, thiazolidinediones have been as-
sociated with a greater risk of heart failure. In our study,
this was associated with a lower risk of heart failure on
univariate Cox regression, but not after propensity score
matching for other antidiabetic drugs (unpublished results).
Nevertheless, thiazolidinedione has been associated with
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beneficial effects such as reducing the incidence of atrial
fibrillation [66], which are explicable by reverse remodeling
[67-70]. Finally, the annualized mortality rate in our study
was 5.87% in our cohort, compared to 3.4% in another local
study [71]. The reason is that our study cohort included
only diabetic patients who received insulin therapy, which
would invariably include those at the highest risk. More-
over, the inclusion of patients who were already on insulin
therapy in 2009 meant that few patients benefited from
newer anti-diabetic drug classes such as SGLT2 inhibitors,
which have been associated with lower mortality [72].

Statistical methods such as classification and regression
trees are commonly used and is familiar for clinicians but
are limited by high variance and poor performance [73, 74].
These can be overcome by RSF, which builds hundreds of
tree branches and outputs the results by voting [28]. RSF
reduces variance and bias by using all the collected vari-
ables, then automatically assess the nonlinear effects and
complex interactions amongst them [22]. RSF is fully non-
parametric, including the effects of the treatments and
predictor variables, whereas traditional methods such as
Cox model utilize a linear combination of attributes [75].
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Table 7 Model performance comparison analyses with five-fold cross validation

Our model RSF Cox

Precision Recall AUC C-index Precision Recall AUC C-index Precision Recall AUC C-index
Mortality 09212 08663 08936 0.8804  0.3463 08962 08377 08178 0.7576 08025 07221 07676
Renal 09237 09180 08763 0.8269 0.8855 08563 08577 0.8194 0.7625 0.7803  0.8008 0.7470
PVD 0.8913 08565 08830 0.8701  0.8922 08617 08517 0.7701 0.7779 07289 07517 0.7848
Neurological 09104 09252 09111 08318 0.8842 08223 08480 0.8511 0.7874 0.7434 0.7969 0.7706
Ophthalmological ~ 0.8902 08766 09065 0.8208 0.8557 08234 08643 0.8237 0.7671 0.7522 07814 0.7517
Ischemic stroke 0.8998 09010 08885 0.8527  0.8367 08983 0.8634 0.8484 0.7925 07752 07884 0.7538
AF 0.9352 08641 0.8998 0.8740 0.8194 08733 08523 08125 0.7747 0.7571 07742  0.7647
HF 0.8963 09175 0.8947 0.8943 0.8700 0.8533 08330 0.7767 0.8047 0.7708 0.7585 0.7749
ICH 0.7893 07992 07156 0.7154  0.7918 07796  0.7034 0.7070 0.6405 06590 06857 06414
IHD 0.8829 08948 09108 0.8528 0.8775 08375 08328 08794  0.7720 0.7579 07985 0.7738
AMI 0.9073 09077 0.8861 0.8386 0.8689 0.8455 08246 0.7782 0.7815 0.7640  0.7499  0.7845
Osteoporosis 0.7341 07142 07014 0.6372  0.6565 07487 07372 06244 06760 06717 06890 0.5857
Dementia 0.8837 08651 08660 0.8784 0.8354 08594 08549 0.8790  0.7566 0.7575 07345 07772

PVD Peripheral vascular disease, AF Atrial fibrillation, HF Heart failure, ICH Intracranial hemorrhage, IHD Ischemic heart disease, AMI Acute myocardial infarction

RSF has been applied in serval risk stratification
models for different diseases [76—82], and has been
shown to outperform classical statistical methods,
such as the Cox-proportional hazards models [76, 83].

Our study demonstrates the principle that machine
learning algorithms can further improve risk prediction of
time-to-event (mortality and complications) in diabetic
patients receiving insulin therapy. The generated import-
ance rankings and minimal depths of prognostic risk vari-
ables can be applied in clinical practice as an easy-for-use
complication score for early survival risk identification.
Through complication-specific risk stratification amongst
diabetic patients, a personalized management approach
with close monitoring for specific complications that indi-
vidual patients are high risk of can be adopted.

Strengths and limitations

The major strengths of the present study include: 1) the
effects of clinical and biochemical parameters on adverse
effects were assessed using a large population-based data-
set; 2) the risk for a diverse range of adverse events in dia-
betes is evaluated; 3) interrelations between chronic
inflammation and both HbA1lc and lipid variability is ex-
plored to provide insights on the underlying mechanisms
in the pathogenesis; 4) variability is examined by more
than one measure to limit the effects of inherent bias; 5)
long follow-up period allows for the capture of serial vari-
ability and long term adverse outcome.

Several limitations should be noted for the present
study. Firstly, similar to other observational studies, there
is potential under-coding, missing data, and coding error.
Moreover, observational studies can only establish correl-
ation, not causation. Furthermore, the duration of diabetes

was not accounted for. However, given that all patients in
the study cohort were prescribed insulin for glycemic con-
trol, an advanced stage of diabetes can be inferred. More-
over, there is a large change in the management
guidelines, therapeutic options, and treatment targets
throughout follow-up. Additionally, there is a lack of data
on the patient’s body mass index and lifestyle factors, such
as smoking, alcoholism, and diet, from the database. These
variables may affect the lipid levels, in particular HDL-C.
The analysis of all-cause mortality is especially affected,
given the wide range of contributing factors and influen-
tial effect of lifestyle choices. Finally, as the main aim of
this study was to examine the predictive values of HbAlc
or lipid variability for adverse outcomes, the initial ana-
lyses on the relationships between these variability indices,
NLR and hypoglycemia were exploratory. The inter-
relationships between these variables, including the use of
mediation analysis, will be explored in future studies.

Conclusion

In conclusion, the present study demonstrates that high
HbAlc and lipid variability is associated with an increased
risk for adverse outcomes in diabetes across different
organ systems. The association between hypoglycemic fre-
quency and baseline NLR with HbAlc and lipid variability
suggests that intermittent hypoglycemia and chronic
inflammation contribute to the mechanism underlying the
pathogenic effect of fluctuating glycated hemoglobin and
lipid levels. Future studies on the interactions between
lipid variability can help to facilitate the application of
variability measures in clinical risk stratification. The
effects of the sequence of diabetic adverse outcomes on
the ultimate patient survival can be explored to gain
insights on the systemic pathogenesis of diabetes.



Lee et al. BMC Endocrine Disorders (2021) 21:94

Supplementary Information
The online version contains supplementary material available at https://doi.
0rg/10.1186/512902-021-00751-4.

Additional file 1: Supplementary Table 1. ICD-9 of Outcome and
Pre-existing Comorbidities. Supplementary Table 2. Extracted parame-
ters of patient data. Supplementary Table 3. Univariate Cox Regression
for Adverse Outcomes.

Acknowledgements
None.

Authors’ contributions

SL, JZ: data analysis, data interpretation, statistical analysis, manuscript
drafting, critical revision of manuscript. WTW, ICKW, TL, WKKW: project
planning, data acquisition, data interpretation, critical revision of manuscript.
QZ, GT: study conception, study supervision, project planning, data
interpretation, statistical analysis, manuscript drafting, critical revision of
manuscript. The author(s) read and approved the final manuscript.

Funding

This study was supported by National Natural Science Foundation of China
(NSFQ): 71972164; Health and Medical Research Fund of the Food and
Health Bureau of Hong Kong: 16171991; Innovation and Technology Fund of
Innovation and Technology Commission of Hong Kong: MHP/081/19;
National Key Research and Development Program of China, Ministry of
Science and Technology of China: 2019YFE0198600.

Availability of data and materials
The data of this study are available upon reasonable request to the
corresponding author.

Declarations

Ethics approval and consent to participate

The study was approved by The Joint Chinese University of Hong Kong -
New Territories East Cluster Clinical Research Ethics Committee. Consent was
waived by the Ethics Committee owing to the retrospective and
observational nature of this study.

Consent for publication
Not applicable.

Competing interests
None.

Author details

!Cardiovascular Analytics Group, Laboratory of Cardiovascular Physiology,
Hong Kong, China. School of Data Science, City University of Hong Kong,
Hong Kong, China. *School of Life Sciences, Chinese University of Hong
Kong, Hong Kong, China. “Tianjin Key Laboratory of lonic-Molecular Function
of Cardiovascular disease, Department of Cardiology, Tianjin Institute of
Cardiology, Second Hospital of Tianjin Medical University, Tianjin 300211,
China. °Li Ka Shing Institute of Health Sciences, The Chinese University of
Hong Kong, Hong Kong, China. ®Department of Pharmacology and
Pharmacy, University of Hong Kong, Pokfulam, Hong Kong, China. "Medicines
Optimisation Research and Education (CMORE), UCL School of Pharmacy,
London, UK. ®Faculty of Health and Medical Sciences, University of Surrey,
Guildford GU2 7AL, UK.

Received: 20 November 2020 Accepted: 12 April 2021
Published online: 04 May 2021

References

1. Saeedi P, Petersohn |, Salpea P, Malanda B, Karuranga S, Unwin N, et al.
Global and regional diabetes prevalence estimates for 2019 and projections
for 2030 and 2045: results from the international diabetes federation
diabetes atlas, 9(th) edition. Diabetes Res Clin Pract. 2019;157:107843.
https.//doi.org/10.1016/j.diabres.2019.107843.

Page 13 of 15

Fung ACH, Tse G, Cheng HL, Lau ESH, Luk A, Ozaki R, et al. Depressive
symptoms, co-morbidities, and glycemic control in Hong Kong Chinese
elderly patients with type 2 diabetes mellitus. Front Endocrinol (Lausanne).
2018,9:261. https://doi.org/10.3389/fend0.2018.00261.

Alwafi H, Wei L, Naser AY, Mongkhon P, Tse G, Man KKC, et al. Trends in oral
anticoagulant prescribing in individuals with type 2 diabetes mellitus: a
population-based study in the UK. BMJ Open. 2020;10(5):¢034573. https://
doi.org/10.1136/bmjopen-2019-034573.

Xiong Z, Liu T, Tse G, Gong M, Gladding PA, Smaill BH, et al. A machine
learning aided systematic review and meta-analysis of the relative risk of
atrial fibrillation in patients with diabetes mellitus. Front Physiol. 2018;9:835.
https://doi.org/10.3389/fphys.2018.00835.

Bailey CJ, Aschner P, Del Prato S, LaSalle J, Ji L, Matthaei S. Global
Partnership for Effective Diabetes M: individualized glycaemic targets and
pharmacotherapy in type 2 diabetes. Diab Vasc Dis Res. 2013;10(5):397-409.
https.//doi.org/10.1177/1479164113490765.

Inzucchi SE, Bergenstal RM, Buse JB, Diamant M, Ferrannini E, Nauck M, et al.
Management of hyperglycemia in type 2 diabetes: a patient-centered
approach: position statement of the american diabetes association (ada)
and the european association for the study of diabetes (EASD). Diabetes
Care. 2012;35(6):1364-79. https://doi.org/10.2337/dc12-0413.

Harris SB, Cheng AYY, Davies MJ, Gerstein HC, Green JB, Skolnik N. Person-
centered, outcomes-driven treatment: a new paradigm for type 2 diabetes
in primary care. edn. Arlington; 2020. https://doi.org/10.2337/db2020-02.
Rama Chandran S. R AV, Thomas a, Lim LL, Ratnasingam J, Tan a, D SLG:
role of composite glycemic indices: a comparison of the comprehensive
glucose pentagon across diabetes types and HbA1c levels. Diabetes
Technol Ther. 2020;22(2):103-11. https://doi.org/10.1089/dia.2019.0277.
Rama Chandran S, Tay WL, Lye WK, Lim LL, Ratnasingam J, Tan ATB, et al.
Beyond HbATc: comparing glycemic variability and glycemic indices in
predicting hypoglycemia in type 1 and type 2 diabetes. Diabetes Technol
Ther. 2018;20(5):353-62. https://doi.org/10.1089/dia.2017.0388.

da Silva DE, Grande AJ, Roever L, Tse G, Liu T, Biondi-Zoccai G, et al. High-
intensity interval training in patients with type 2 diabetes mellitus: a
systematic review. Curr Atheroscler Rep. 2019,21(2):8. https;//doi.org/10.1
007/511883-019-0767-9.

Lakhani I, Gong M, Wong WT, Bazoukis G, Lampropoulos K, Wong SH, et al.
Fibroblast growth factor 21 in cardio-metabolic disorders: a systematic
review and meta-analysis. Metabolism. 2018,83:11-7. https://doi.org/10.101
6/j.metabol.2018.01.017.

Qi W, Zhang N, Korantzopoulos P, Letsas KP, Cheng M, Di F, et al. Serum
glycated hemoglobin level as a predictor of atrial fibrillation: a systematic
review with meta-analysis and meta-regression. PLoS One. 2017;12(3):
e0170955. https://doi.org/10.1371/journal.pone.0170955.

Ceriello A, De Cosmo S, Rossi MC, Lucisano G, Genovese S, Pontremoli
R, et al. Variability in HbATc, blood pressure, lipid parameters and
serum uric acid, and risk of development of chronic kidney disease in
type 2 diabetes. Diabetes Obes Metab. 2017;19(11):1570-8. https://doi.
0rg/10.1111/dom.12976.

Wan EYF, Yu EYT, Chin WY, Barrett JK, Mok AHY, Lau CST, et al. Greater
variability in lipid measurements associated with cardiovascular disease and
mortality: 10-year diabetes cohort study. Diabetes Obes Metab. 2020;22(10):
1777-88.

Echouffo-Tcheugui JB, Zhao S, Brock G, Matsouaka RA, Kline D, Joseph JJ.
Visit-to-visit glycemic variability and risks of cardiovascular events and all-
cause mortality: the ALLHAT study. Diabetes Care. 2019;42(3):486-93.
https://doi.org/10.2337/dc18-1430.

Ghasemzadeh Z, Abdi H, Asgari S, Tohidi M, Khalili D, Valizadeh M, et al.
Divergent pathway of lipid profile components for cardiovascular disease
and mortality events: results of over a decade follow-up among Iranian
population. Nutr Metab (Lond). 2016;13(1):43. https://doi.org/10.1186/512
986-016-0102-1.

Bardini G, Innocenti M, Rotella CM, Giannini S, Mannucci E. Variability of
triglyceride levels and incidence of microalbuminuria in type 2 diabetes. J
Clin Lipidol. 2016;10(1):109-15. https://doi.org/10.1016/jjacl.2015.10.001.

Gu J, Pan JA, Fan YQ, Zhang HL, Zhang JF, Wang CQ. Prognostic impact of
HbA1c variability on long-term outcomes in patients with heart failure and
type 2 diabetes mellitus. Cardiovasc Diabetol. 2018;17(1):96. https.//doi.org/1
0.1186/512933-018-0739-3.

Bangalore S, Breazna A, DeMicco DA, Wun CC, Messerli FH, Committee
TNTS. Investigators: visit-to-visit low-density lipoprotein cholesterol


https://doi.org/10.1186/s12902-021-00751-4
https://doi.org/10.1186/s12902-021-00751-4
https://doi.org/10.1016/j.diabres.2019.107843
https://doi.org/10.3389/fendo.2018.00261
https://doi.org/10.1136/bmjopen-2019-034573
https://doi.org/10.1136/bmjopen-2019-034573
https://doi.org/10.3389/fphys.2018.00835
https://doi.org/10.1177/1479164113490765
https://doi.org/10.2337/dc12-0413
https://doi.org/10.2337/db2020-02
https://doi.org/10.1089/dia.2019.0277
https://doi.org/10.1089/dia.2017.0388
https://doi.org/10.1007/s11883-019-0767-9
https://doi.org/10.1007/s11883-019-0767-9
https://doi.org/10.1016/j.metabol.2018.01.017
https://doi.org/10.1016/j.metabol.2018.01.017
https://doi.org/10.1371/journal.pone.0170955
https://doi.org/10.1111/dom.12976
https://doi.org/10.1111/dom.12976
https://doi.org/10.2337/dc18-1430
https://doi.org/10.1186/s12986-016-0102-1
https://doi.org/10.1186/s12986-016-0102-1
https://doi.org/10.1016/j.jacl.2015.10.001
https://doi.org/10.1186/s12933-018-0739-3
https://doi.org/10.1186/s12933-018-0739-3

Lee et al. BMC Endocrine Disorders

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.

34.

35.

36.

37.

38.

39.

(2021) 21:94

variability and risk of cardiovascular outcomes: insights from the TNT
trial. J Am Coll Cardiol. 2015;65(15):1539-48. https://doi.org/10.1016/} ja
€c.2015.02.017.

Bardini G, Dicemburini |, Rotella CM, Giannini S. Lipids seasonal variability in
type 2 diabetes. Metabolism. 2012,61(12):1674-7. https.//doi.org/10.1016/j.
metabol.2012.05.009.

Pineda A, Cubeddu LX. Statin rebound or withdrawal syndrome: does it
exist? Curr Atheroscler Rep. 2011;13(1):23-30. https://doi.org/10.1007/511
883-010-0148-x.

Ishwaran H, Kogalur UB, Blackstone EH, Lauer MS. Random survival forests.
Ann Appl Stat. 2008,2(3):841-60.

Man KKC, Chan EW, Ip P, Coghill D, Simonoff E, Chan PKL, et al. Prenatal
antidepressant use and risk of attention-deficit/hyperactivity disorder in
offspring: population based cohort study. BMJ. 2017;357;j2350.

Ju G Lai RWC, Li KHC, Hung JKF, Lai JCL, Ho J, et al. Comparative
cardiovascular risk in users versus non-users of xanthine oxidase inhibitors
and febuxostat versus allopurinol users. Rheumatology (Oxford). 2019,59(9):
2340-9. https://doi.org/10.1093/rheumatology/kez576.

Law SWY, Lau WCY, Wong ICK, Lip GYH, Mok MT, Siu CW, et al. Sex-based
differences in outcomes of Oral anticoagulation in patients with atrial
fibrillation. J Am Coll Cardiol. 2018;72(3):271-82. https;//doi.org/10.1016/j ja
€c.2018.04.066.

Zhou J, Wang X, Lee S, Wu WKK, Cheung BMY, Zhang Q, et al. Proton pump
inhibitor or famotidine use and severe COVID-19 disease: a propensity
score-matched territory-wide study. Gut. 2020:gutjnl-2020-323668. https.//
doi.org/10.1136/gutjnl-2020-323668. In press.

Athey S, Tibshirani J, Wager S. Generalized random forests. Ann Stat. 2019;
47:1179-203.

Breiman L. Random forests. Mach Learn. 2001;45(1):5-32. https://doi.org/10.1
023/A:1010933404324.

Ishwaran H. Variable importance in binary regression trees and forests.
Electron J Statist. 2007;1:519-37.

Steele AJ, Denaxas SC, Shah AD, Hemingway H, Luscombe NM.
Machine learning models in electronic health records can outperform
conventional survival models for predicting patient mortality in
coronary artery disease. PLoS One. 2018;13(8):¢0202344. https://doi.org/1
0.1371/journal.pone.0202344.

Currie CJ, Peters JR, Tynan A, Evans M, Heine RJ, Bracco OL, et al. Survival as
a function of HbA(1¢c) in people with type 2 diabetes: a retrospective cohort
study. Lancet. 2010;375(9713):481-9. https://doi.org/10.1016/S0140-673
6(09)61969-3.

Action to Control Cardiovascular Risk in Diabetes Study G, Gerstein HC,
Miller ME, Byington RP, Goff DC Jr, Bigger JT, et al. Effects of intensive
glucose lowering in type 2 diabetes. N Engl J Med. 2008;358(24):2545-59.
Anyanwagu U, Mamza J, Donnelly R, Idris I. Relationship between HbATc
and all-cause mortality in older patients with insulin-treated type 2 diabetes:
results of a large UK cohort study. Age Ageing. 2019,48(2):235-40. https.//
doi.org/10.1093/ageing/afy178.

Arnold LW, Wang Z. The HbA1c and all-cause mortality relationship in
patients with type 2 diabetes is J-shaped: a meta-analysis of observational
studies. Rev Diabet Stud. 2014;11(2):138-52. https://doi.org/10.1900/RDS.2
014.11.138.

Lee S, Zhou J, Leung KSK, Wu WKK, Wong WT, Liu T, et al. Development of
a predictive risk model for all-cause mortality in diabetic patients in Hong
Kong. BMJ Open Diabetes Res Care. 2021. In press.

Liu L, Shen G, Huang JY, Yu YL, Chen CL, Huang YQ, et al. U-shaped
association between low-density lipid cholesterol and diabetes mellitus in
patients with hypertension. Lipids Health Dis. 2019;18(1):163. https://doi.
0rg/10.1186/512944-019-1105-5.

Li X, Guan B, Wang Y, Tse G, Zou F, Khalid BW, et al. Association between
high-density lipoprotein cholesterol and all-cause mortality in the general
population of northern China. Sci Rep. 2019;9(1):14426. https://doi.org/10.1
038/541598-019-50924-4.

Yi SW, Yi JJ, Ohrr H. Total cholesterol and all-cause mortality by sex
and age: a prospective cohort study among 12.8 million adults. Sci Rep.
2019,9(1):1596.

Ahmadi SF, Streja E, Zahmatkesh G, Streja D, Kashyap M, Moradi H, et al.
Reverse epidemiology of traditional cardiovascular risk factors in the
geriatric population. J Am Med Dir Assoc. 2015;16(11):933-9. https://doi.
0rg/10.1016/jjamda.2015.07.014.

40.

42.

43.

45.

46.

47.

48.

49.

50.

52.

53.

54.

55.

56.

57.

Page 14 of 15

Han BH, Han K, Yoon KH, Kim MK, Lee SH. Impact of mean and variability of
high-density lipoprotein-cholesterol on the risk of myocardial infarction,
stroke, and mortality in the general population. J Am Heart Assoc. 2020,9(7):
€015493. https://doi.org/10.1161/JAHA.119.015493.

Boey E, Gay GM, Poh KK, Yeo TC, Tan HC, Lee CH. Visit-to-visit variability in
LDL- and HDL-cholesterol is associated with adverse events after ST-
segment elevation myocardial infarction: a 5-year follow-up study.
Atherosclerosis. 2016;244:86-92. https://doi.org/10.1016/j.atherosclerosis.201
5.10.110.

Lee HJ, Lee SR, Choi EK, Han KD, Oh S. Low lipid levels and high variability
are associated with the risk of new-onset atrial fibrillation. J Am Heart Assoc.
2019,8(23):¢012771. https://doi.org/10.1161/JAHA.119.012771.

Clark D 3rd, Nicholls SJ, St John J, Elshazly MB, Kapadia SR, Tuzcu EM, et al.
Visit-to-visit cholesterol variability correlates with coronary atheroma
progression and clinical outcomes. Eur Heart J. 2018;39(27):2551-8. https://
doi.org/10.1093/eurheartj/ehy209.

Park JB, Kim DH, Lee H, Hwang IC, Yoon YE, Park HE, et al. Mildly abnormal
lipid levels, but not high lipid variability, are associated with increased risk
of myocardial infarction and stroke in "statin-naive" young population a
Nationwide cohort study. Circ Res. 2020;126(7):824-35. https://doi.org/10.11
61/CIRCRESAHA.119.315705.

Ellison RC, Zhang Y, Qureshi MM, Knox S, Arnett DK, Province MA.
Investigators of the NFHS: lifestyle determinants of high-density lipoprotein
cholesterol: the National Heart, Lung, and Blood Institute family heart study.
Am Heart J. 2004;147(3):529-35. https://doi.org/10.1016/j.ahj.2003.10.033.
Sheng CS, Tian J, Miao Y, Cheng Y, Yang Y, Reaven PD, et al. Prognostic
significance of long-term HbA1c variability for all-cause mortality in the
ACCORD trial. Diabetes Care. 2020;43(6):1185-90. https://doi.org/10.2337/dc1
9-2589.

Forbes A, Murrells T, Mulnier H, Sinclair AJ. Mean HbA1c, HbATc variability,
and mortality in people with diabetes aged 70 years and older: a
retrospective cohort study. Lancet Diabetes Endocrinol. 2018,6(6):476-86.
https://doi.org/10.1016/52213-8587(18)30048-2.

Skriver MV, Sandbaek A, Kristensen JK, Stovring H. Relationship of HbA1c
variability, absolute changes in HbA1c, and all-cause mortality in type 2
diabetes: a Danish population-based prospective observational study. BMJ
Open Diabetes Res Care. 2015;3(1):2000060. https://doi.org/10.1136/
bmjdrc-2014-000060.

Lee S, Liu T, Zhou J, Zhang Q, Wong WT, Tse G. Predictions of diabetes
complications and mortality using hbalc variability: a 10-year observational
cohort study. Acta Diabetol. 2020;58(2):171-80. https://doi.org/10.1007/
500592-020-01605-6.

Tse G, Yan BP, Chan YW, Tian XY, Huang Y. Reactive oxygen species,
endoplasmic reticulum stress and mitochondrial dysfunction: the link with
cardiac arrhythmogenesis. Front Physiol. 2016;7:313.

Tse G, Lai ET, Tse V, Yeo JM. Molecular and electrophysiological mechanisms
underlying cardiac Arrhythmogenesis in diabetes mellitus. J Diabetes Res.
2016;2016:2848759.

Monnier L, Mas E, Ginet C, Michel F, Villon L, Cristol JP, et al. Activation of
oxidative stress by acute glucose fluctuations compared with sustained
chronic hyperglycemia in patients with type 2 diabetes. JAMA. 2006;295(14):
1681-7. https//doi.org/10.1001/jama.295.14.1681.

Costantino S, Paneni F, Battista R, Castello L, Capretti G, Chiandotto S, et al.
Impact of glycemic variability on chromatin remodeling, oxidative stress,
and endothelial dysfunction in patients with type 2 diabetes and with
target HbA1c levels. Diabetes. 2017,66(9):2472-82. https://doi.org/10.2337/
db17-0294.

Skrha J, Soupal J, Skrha J Jr, Prazny M. Glucose variability, HbA1c and
microvascular complications. Rev Endocr Metab Disord. 2016;17(1):103-10.
https://doi.org/10.1007/511154-016-9347-2.

Chang CM, Hsieh CJ, Huang JC, Huang IC. Acute and chronic fluctuations in
blood glucose levels can increase oxidative stress in type 2 diabetes
mellitus. Acta Diabetol. 2012,49(Suppl 1):S171-7.

Roever L, Tse G, Biondi-Zoccai G. Variability of metabolic parameters and
risk of heart failure: can it be a marker of incident heart failure? Int J Cardiol.
2019;293:183-4. https://doi.org/10.1016/jjcard.2019.07.007.

Akrivos J, Ravona-Springer R, Schmeidler J, LeRoith D, Heymann A, Preiss R,
et al. Glycemic control, inflammation, and cognitive function in older
patients with type 2 diabetes. Int J Geriatr Psychiatry. 2015;30(10):1093-100.
https://doi.org/10.1002/gps.4267.


https://doi.org/10.1016/j.jacc.2015.02.017
https://doi.org/10.1016/j.jacc.2015.02.017
https://doi.org/10.1016/j.metabol.2012.05.009
https://doi.org/10.1016/j.metabol.2012.05.009
https://doi.org/10.1007/s11883-010-0148-x
https://doi.org/10.1007/s11883-010-0148-x
https://doi.org/10.1093/rheumatology/kez576
https://doi.org/10.1016/j.jacc.2018.04.066
https://doi.org/10.1016/j.jacc.2018.04.066
https://doi.org/10.1136/gutjnl-2020-323668
https://doi.org/10.1136/gutjnl-2020-323668
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1023/A:1010933404324
https://doi.org/10.1371/journal.pone.0202344
https://doi.org/10.1371/journal.pone.0202344
https://doi.org/10.1016/S0140-6736(09)61969-3
https://doi.org/10.1016/S0140-6736(09)61969-3
https://doi.org/10.1093/ageing/afy178
https://doi.org/10.1093/ageing/afy178
https://doi.org/10.1900/RDS.2014.11.138
https://doi.org/10.1900/RDS.2014.11.138
https://doi.org/10.1186/s12944-019-1105-5
https://doi.org/10.1186/s12944-019-1105-5
https://doi.org/10.1038/s41598-019-50924-4
https://doi.org/10.1038/s41598-019-50924-4
https://doi.org/10.1016/j.jamda.2015.07.014
https://doi.org/10.1016/j.jamda.2015.07.014
https://doi.org/10.1161/JAHA.119.015493
https://doi.org/10.1016/j.atherosclerosis.2015.10.110
https://doi.org/10.1016/j.atherosclerosis.2015.10.110
https://doi.org/10.1161/JAHA.119.012771
https://doi.org/10.1093/eurheartj/ehy209
https://doi.org/10.1093/eurheartj/ehy209
https://doi.org/10.1161/CIRCRESAHA.119.315705
https://doi.org/10.1161/CIRCRESAHA.119.315705
https://doi.org/10.1016/j.ahj.2003.10.033
https://doi.org/10.2337/dc19-2589
https://doi.org/10.2337/dc19-2589
https://doi.org/10.1016/S2213-8587(18)30048-2
https://doi.org/10.1136/bmjdrc-2014-000060
https://doi.org/10.1136/bmjdrc-2014-000060
https://doi.org/10.1007/s00592-020-01605-6
https://doi.org/10.1007/s00592-020-01605-6
https://doi.org/10.1001/jama.295.14.1681
https://doi.org/10.2337/db17-0294
https://doi.org/10.2337/db17-0294
https://doi.org/10.1007/s11154-016-9347-2
https://doi.org/10.1016/j.ijcard.2019.07.007
https://doi.org/10.1002/gps.4267

Lee et al. BMC Endocrine Disorders

58.

59.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

71.

72.

73.

74.

(2021) 21:94

Lee EY, Yang Y, Kim HS, Cho JH, Yoon KH, Chung WS, et al. Effect of
visit-to-visit LDL-, HDL-, and non-HDL-cholesterol variability on mortality
and cardiovascular outcomes after percutaneous coronary intervention.
Atherosclerosis. 2018;279:1-9. https://doi.org/10.1016/j.atherosclerosis.201
8.10.012.

Lim LL, Tan AT, Moses K, Rajadhyaksha V, Chan SP. Place of sodium-
glucose cotransporter-2 inhibitors in east Asian subjects with type 2
diabetes mellitus: insights into the management of Asian phenotype. J
Diabetes Complicat. 2017;31(2):494-503. https://doi.org/10.1016/j jdia
comp.2016.10.008.

Azoulay L, Suissa S. Sulfonylureas and the risks of cardiovascular events and
death: a methodological meta-regression analysis of the observational
studies. Diabetes Care. 2017;40(5):706-14. https://doi.org/10.2337/dc16-1943.
Schramm TK, Gislason GH, Vaag A, Rasmussen JN, Folke F, Hansen ML, et al.
Mortality and cardiovascular risk associated with different insulin
secretagogues compared with metformin in type 2 diabetes, with or
without a previous myocardial infarction: a nationwide study. Eur Heart J.
2011;32(15):1900-8. https://doi.org/10.1093/eurheartj/ehr077.

Hung AM, Roumie CL, Greevy RA, Liu X, Grijalva CG, Murff HJ, et al. Kidney
function decline in metformin versus sulfonylurea initiators: assessment of
time-dependent contribution of weight, blood pressure, and glycemic
control. Pharmacoepidemiol Drug Saf. 2013;22(6):623-31. https://doi.org/1
0.1002/pds.3432.

Kooy A, de Jager J, Lehert P, Bets D, Wulffele MG, Donker AJ, et al.
Long-term effects of metformin on metabolism and microvascular and
macrovascular disease in patients with type 2 diabetes mellitus. Arch
Intern Med. 2009;169(6):616-25. https://doi.org/10.1001/archinternmed.2
009.20.

Chiasson JL, Josse RG, Gomis R, Hanefeld M, Karasik A, Laakso M, et al.
Acarbose for prevention of type 2 diabetes mellitus: the STOP-NIDDM
randomised trial. Lancet. 2002;359(9323):2072-7. https://doi.org/10.1016/
S0140-6736(02)08905-5.

Yi QY, Deng G, Chen N, Bai ZS, Yuan JS, Wu GH, et al. Metformin inhibits
development of diabetic retinopathy through inducing alternative splicing
of VEGF-A. Am J Transl Res. 2016;8(9):3947-54.

Zhang Z, Zhang X, Korantzopoulos P, Letsas KP, Tse G, Gong M, et al.
Thiazolidinedione use and atrial fibrillation in diabetic patients: a meta-
analysis. BMC Cardiovasc Disord. 2017;17(1):96. https://doi.org/10.1186/512
872-017-0531-4.

Liu G Liu R, Fu H, Li J, Wang X, Cheng L, et al. Pioglitazone attenuates atrial
remodeling and vulnerability to atrial fibrillation in alloxan-induced diabetic
rabbits. Cardiovasc Ther. 2017;35(5). https://doi.org/10.1111/1755-5922.122
84.

Xu D, Murakoshi N, Igarashi M, Hirayama A, Ito Y, Seo Y, et al. PPAR-gamma
activator pioglitazone prevents age-related atrial fibrillation susceptibility by
improving antioxidant capacity and reducing apoptosis in a rat model. J
Cardiovasc Electrophysiol. 2012;23(2):209-17. https.//doi.org/10.1111/}.1540-
8167.2011.02186.x.

Shimano M, Tsuji Y, Inden Y, Kitamura K, Uchikawa T, Harata S, et al.
Pioglitazone, a peroxisome proliferator-activated receptor-gamma activator,
attenuates atrial fibrosis and atrial fibrillation promotion in rabbits with
congestive heart failure. Heart Rhythm. 2008,5(3):451-9. https.//doi.org/10.1
016/j.hrthm.2007.12.010.

Korantzopoulos P, Kokkoris S, Kountouris E, Protopsaltis |, Siogas K, Melidonis
A. Regression of paroxysmal atrial fibrillation associated with
thiazolidinedione therapy. Int J Cardiol. 2008;125(3):e51-3. https://doi.org/1
0.1016/}ijcard.2006.12.063.

Lee S, Zhou J, Guo CL, Wong WT, Liu T, Wong ICK, et al. Predictive scores
for identifying patients with type 2 diabetes mellitus at risk of acute
myocardial infarction and sudden cardiac death. Endocrinol Diabetes
Metab. 2021;n/a(n/a):e00240. https://doi.org/10.1002/edm?2.240.

Lee S, Zhou J, Chang C, Liu T, Chang D, Wong WT, et al. Comparative
effects of sodium glucose cotransporter 2 (SGLT2) inhibitors and dipeptidy!
peptidase-4 (DPP4) inhibitors on new-onset atrial fibrillation and stroke
outcomes. medRxiv. 2021,2021.2001.2004.21249211.

Hsich E, Gorodeski EZ, Blackstone EH, Ishwaran H, Lauer MS. Identifying
important risk factors for survival in patient with systolic heart failure using
random survival forests. Circ Cardiovasc Qual Outcomes. 2011;4(1):39-45.
https://doi.org/10.1161/CIRCOUTCOMES.110.939371.

Breiman L. Classification and regression trees: Routledge; 2017. https://doi.
0rg/10.1201/9781315139470.

75.

76.

77.

78.

79.

80.

82.

83.

Page 15 of 15

Ishwaran H, Kogalur UB, Gorodeski EZ, Minn AJ, Lauer MS. High-dimensional
variable selection for survival data. J Am Stat Assoc. 2010;105(489):205-17.
https://doi.org/10.1198/jasa.2009.tm08622.

Hsich E, Gorodeski EZ, Blackstone EH, Ishwaran H, Lauer MS. Identifying
important risk factors for survival in patient with systolic heart failure using
random survival forests. Circulation. 2011;4(1):39-45. https.//doi.org/10.1161/
CIRCOUTCOMES.110.939371.

Miao F, Cai Y-P, Zhang Y-X, Li Y, Zhang Y-T. Risk prediction of one-year
mortality in patients with cardiac arrhythmias using random survival
forest. Comput Math Methods Med. 2015;2015:1-10. https://doi.org/1
0.1155/2015/303250.

Ward MM, Pajevic S, Dreyfuss J, Malley JD. Short-term prediction of
mortality in patients with systemic lupus erythematosus: classification of
outcomes using random forests. Arthritis Care Res. 2006;55(1):74-80. https.//
doi.org/10.1002/art.21695.

Mamyrova G, O'Hanlon TP, Monroe JB, Carrick DM, Malley JD, Adams S,

et al. Immunogenetic risk and protective factors for juvenile
dermatomyositis in Caucasians. Arthritis Rheumatism. 2006;54(12):3979-87.
https://doi.org/10.1002/art.22216.

Chen C, Zhou J, Yu H, Zhang Q, Gao L, Yin X, et al. Identification of
important risk factors for all-cause mortality of acquired long QT syndrome
patients using random survival forests and non-negative matrix
factorization. Heart Rhythm. 2020;18(3):426-33. https.//doi.org/10.1016/j.
hrthm.2020.10.022.

Tse G, Zhou J, Lee S, Liu T, Bazoukis G, Mililis P, et al. Incorporating Latent
Variables Using Nonnegative Matrix Factorization Improves Risk Stratification
in Brugada Syndrome. J Am Heart Assoc. 2020;9(22):e012714. https://doi.
org/10.1161/JAHA.119.012714.

Tse G, Lee S, Zhou J, Liu T, Wong ICK, Mak C, et al. Territory-wide
Chinese cohort of long QT syndrome: random survival Forest and cox
analyses. Front Cardiovasc Med. 2021;8:608592. https://doi.org/10.3389/
fcvm.2021.608592.

Qi Y, Bar-Joseph Z, Klein-Seetharaman J. Evaluation of different biological
data and computational classification methods for use in protein interaction
prediction. Proteins. 2006;63(3):490-500. https://doi.org/10.1002/prot.20865.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

e fast, convenient online submission

o thorough peer review by experienced researchers in your field

 rapid publication on acceptance

o support for research data, including large and complex data types

e gold Open Access which fosters wider collaboration and increased citations
e maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions



https://doi.org/10.1016/j.atherosclerosis.2018.10.012
https://doi.org/10.1016/j.atherosclerosis.2018.10.012
https://doi.org/10.1016/j.jdiacomp.2016.10.008
https://doi.org/10.1016/j.jdiacomp.2016.10.008
https://doi.org/10.2337/dc16-1943
https://doi.org/10.1093/eurheartj/ehr077
https://doi.org/10.1002/pds.3432
https://doi.org/10.1002/pds.3432
https://doi.org/10.1001/archinternmed.2009.20
https://doi.org/10.1001/archinternmed.2009.20
https://doi.org/10.1016/S0140-6736(02)08905-5
https://doi.org/10.1016/S0140-6736(02)08905-5
https://doi.org/10.1186/s12872-017-0531-4
https://doi.org/10.1186/s12872-017-0531-4
https://doi.org/10.1111/1755-5922.12284
https://doi.org/10.1111/1755-5922.12284
https://doi.org/10.1111/j.1540-8167.2011.02186.x
https://doi.org/10.1111/j.1540-8167.2011.02186.x
https://doi.org/10.1016/j.hrthm.2007.12.010
https://doi.org/10.1016/j.hrthm.2007.12.010
https://doi.org/10.1016/j.ijcard.2006.12.063
https://doi.org/10.1016/j.ijcard.2006.12.063
https://doi.org/10.1002/edm2.240
https://doi.org/10.1161/CIRCOUTCOMES.110.939371
https://doi.org/10.1201/9781315139470
https://doi.org/10.1201/9781315139470
https://doi.org/10.1198/jasa.2009.tm08622
https://doi.org/10.1161/CIRCOUTCOMES.110.939371
https://doi.org/10.1161/CIRCOUTCOMES.110.939371
https://doi.org/10.1155/2015/303250
https://doi.org/10.1155/2015/303250
https://doi.org/10.1002/art.21695
https://doi.org/10.1002/art.21695
https://doi.org/10.1002/art.22216
https://doi.org/10.1016/j.hrthm.2020.10.022
https://doi.org/10.1016/j.hrthm.2020.10.022
https://doi.org/10.1161/JAHA.119.012714
https://doi.org/10.1161/JAHA.119.012714
https://doi.org/10.3389/fcvm.2021.608592
https://doi.org/10.3389/fcvm.2021.608592
https://doi.org/10.1002/prot.20865

	Abstract
	Introduction
	Methods
	Result
	Conclusion

	Introduction
	Methods
	Study population
	Patient data
	Statistical analysis
	Development of a regularized and weighted random survival forests model

	Results
	Clinical and biochemical characteristics
	Anti-diabetic drug classes and outcomes
	Adverse outcome and predictors
	The relationship between NLR, frequency of hypoglycemic episodes and glycemic variability
	Survival learning results

	Discussion
	Strengths and limitations

	Conclusion
	Supplementary Information
	Acknowledgements
	Authors’ contributions
	Funding
	Availability of data and materials
	Declarations
	Ethics approval and consent to participate
	Consent for publication
	Competing interests
	Author details
	References
	Publisher’s Note

