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Introduction
Studies with newer glucose-lowering drugs (GLDs) suggesting 

mortality and morbidity advantage over insulin have prompted a 
reexamination of treatment approaches in patients with diabetes 
mellitus in the real-world setting.1 Increased mortality attributed to 
insulin comes from observational studies which may be limited by 
treatment assignment bias. A meta-analysis of randomized trials found 
no such increased risk, albeit 70% of the effect was driven by a single 
trial2 where women comprised 35% of the population.25 We sought to 
identify risk variables for ACM in this underrepresented population3 
in a community care setting of Barranquilla, Colombia and estimate 

the risk attributable to insulin treatment when these variables are 
taken into consideration. Propensity score (PS)-based analytic tools 
adjust for confounding in observational studies and have enabled 
estimation of drug effect using data collected from clinical settings. 
To optimize comparability of the non-randomized treatment groups, 
a parsimonious model that prioritizes covariates identified by experts 
to affect outcome (e.g., ACM in diabetes) was used to estimate the 
effect attributed to insulin in a PS regression models.4 Reliance on 
previously established risk variables can result in residual confounding 
from unmeasured factors when data is derived from populations not 
previously studied. The availability of high dimensional data in real 
world clinical settings can overcome some of this limitation but 
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Abstract

Aims: To investigate all-cause mortality (ACM) attributable to insulin treated diabetes 
mellitus through propensity score (PS)-weighting with and without novel confounders 
identified by Random Survival Forest (a machine learning approach).

Methods: Prospective clinic encounter data was obtained from 1517 females with Type 
2 diabetes (mean age 63±12 years) from Barranquilla, Colombia (2003 – 2016, censored 
August 2017) for a median 10-year mortality follow-up. Risk variables of importance 
for ACM were identified on RSF screening. Survival was compared in retrospective 
cohorts, identified by baseline treatment with glucose-lowering therapy, and balanced for 
confounders through PS-weighting with and without RSF variables using multivariable 
Cox regression.

Results: RSF screening identified new risk variables (e.g., recruitment year, parity, 
reproductive lifespan) for ACM in women receiving insulin. The unweighted risk estimate 
showed a nonsignificant increased risk for ACM [HR 1.32 (.9, 2), p=0.2] compared to 
noninsulin treated women. After balancing for risk covariates in the compared cohorts, 
PS showed no significant effect of insulin on all-cause mortality [HR 95% CI 0.83 (0.5, 
1.4) p=0.5] whereas PS-weighted analyses incorporating RSF novel variables approached 
conservative ACM estimates [HR 95% CI 0.56 (0.3, 1.0) p=0.07)]. The estimated ACM risk 
from active smoking was also more conservative with RSF weighting. 

Conclusion: In this observational study, insulin treatment appeared to be a surrogate for 
higher-risk women with diabetes mellitus. RSF-augmented PS analysis showed that insulin 
treatment may potentially be associated with a survival advantage compared to non-insulin 
treatment in older female diabetics.

Keywords: machine learning, random survival forest, propensity score weighting, all-
cause mortality, females, diabetes, insulin, confounder

Article highlights

Observational studies suggest increased mortality from insulin treatment in diabetic patients. 
Propensity score methods enable inference from observational studies but cannot account 
for unknown confounders that were not included in developing the propensity model. To 
determine if insulin treatment increases mortality in adult females with diabetes mellitus 
in this observational study, we applied propensity score weighting, balancing known risk 
factors for mortality, enriched with new confounders identified by machine learning (RSF). 
Compared to unweight estimates of all-cause mortality risk, this approach resulted in a 
40% lower mortality risk (p=0.07) estimate observed with insulin treatment. Thus, machine 
learning approaches (such as RSF) can identify novel predictors that can minimize residual 
confounding bias when incorporated in PS analyses.
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balancing the compared populations using regression analysis may 
prove computationally challenging.

Machine learning methods such as Random survival forest (RSF) 
that can process highly dimensional data may be useful to employ 
in PS models. More recent PS models (high dimensional propensity 
score models or HDPS)5 have integrated machine learning for 
variable discovery. We chose to perform our analyses sequentially, 
first applying RSF to identify variables important for ACM, then 
using PS weighting to compare the effect attributable to insulin with 
and without the RSF identified variables not previously identified by 
domain experts. Using RSF, we previously reported diabetes mellitus 
as a top predictor of all-cause mortality (ACM) in male and female 
participants in our study (PRevalence of metabOlic disease and its 
influence on macrovascUlar Disease and Fractures; PROUD) in 
Barranquilla, Colombia.6 Moreover, insulin treatment was identified 
as a risk variable for ACM in subjects with diabetes mellitus, 
(n=1517, ~10% of the PROUD cohort). Age at menarche and number 
of pregnancies were additional ACM risk factors identified in females, 
who comprised 82.6% (9869 of 11952) of PROUD subjects. These 
findings motivated the investigation of the contribution of RSF to 
PS-weighted analysis of ACM risk in insulin and non-insulin treated 
female diabetics. The goal of this sub-study was to assess whether 
RSF can minimize residual confounding in pharmacoepidemiologic 
studies by identifying confounders that may have otherwise been 
overlooked.  

Methods

Study population and design

Barranquilla is a large industrial city on the Caribbean coast of 
Colombia, with a population (1.2 million in 2003) consisting mainly 
of mixed-race inhabitants. Universal health care is provided through 
community health centers complemented by tertiary care through 
a network of university-based and independent private hospitals. 
Between 2003 and 2016, 12000 adult participants (82% women) 
recruited from a community health program7–9 consented to provide 
demographic, anthropometric, medical history, reproductive, diet, 
and activity data in this study (PROUD) in Barranquilla, Colombia. 
Diabetic females with type 2 diabetes ≥18 years of age who received 
health care in the community center and agreed to participate were 
included in the current sub-study (Supplemental Figure 1). Subjects 
<18 years of age, with missing anthropomorphic and behavioral data 
were excluded from the study. The BIOMELAB Institutional Review 
Board, Barranquilla approved the study.

Source of data and definitions

Demographic characteristics, socioeconomic parameters, 
anthropometric measures, gestational (reproductive and lactation) 
history, baseline medical and family history, diet, physical activity, 
and recreational habits were collected onto a standard data collection 
instrument as part of routine medical care. Data preprocessing reduced 
over 300 variables into clinically relevant concepts; definitions based 
on current medical standards and their linkage to the tabulated data 
is shown in the final list of covariates (Table 2).  Derived variables, 
including socioeconomic status obtained by geolocation10 are 
summarized in Supplemental Tables 1 and 2. 

Baseline diagnosis of diabetes, hyperlipidemia, metabolic 
syndrome, and hypertension was based on self-reported diagnosis, 
confirmed by review of diagnostic test results at recruitment 
or treatment history from outpatient medical records. Waist 

circumference and obesity definitions thresholds were based on 
established Colombian reference standards.11 Age at menarche and 
menopause, menstrual cycle history, self-reported “infertility”, 
gravidity, parity, and lactation history were collected; reproductive 
lifespan at baseline (age in years at menopause minus age at menarche 
or interval in years between the first and last child for which maternal 
age is available) was derived from the collected data. Osteoporosis 
was based on self-reported diagnosis of osteoporosis or osteopenia 
and/or antiresorptive treatment. Cardiovascular disease was identified 
by self-report and treatment history. Healthy behavior, defined as a 
minimum of 3 of the 4 following factors:12 absence of smoking, no 
obesity, weekly physical exercise, and self-reported healthy diet was 
assessed from baseline food and activity questionnaires.  Baseline 
medication history included the name, dose, route, and year of GLD 
initiation. Research participants were retrospectively categorized 
into those receiving insulin treatment (alone or in combination with 
other GLD) and compared to those that did not receive treatment with 
insulin in addition to diet, exercise, and/or nutritional supplements. 
Baseline characteristics were compared to illustrate between-group 
differences (Table 1). For all analyses, a 2-tailed p<0.05 denoted 
statistical significance.

ACM for participants in PROUD (median follow-up of 10 years) 
was confirmed by linkage with the national mortality surveillance 
system. Mortality data consisted of the date and location of death, the 
physician recorded and final cause of death as reported to the national 
statistics and social benefit systems.13 All data was translated from 
Spanish; mortality data was further recategorized into ICD codes. 
Survival was prospectively followed from 2003 and administratively 
censored on August 31, 2017.  Overall survival was defined as the 
time (in days) from study baseline to death or censoring. 

Random survival forest (RSF) analysis 

RSF analysis14 was performed on the data of female participants of 
the PROUD,6 and in the sub study of females with diabetes mellitus. 
Variables with ≥10% missing data were excluded from all analyses 
(Supplemental Figure 2), leaving 85 of 88 variables for consideration 
in PS development. Of these, the top 50 variables, based on the 
estimated VIMP score15 were built into a model on the original data 
without missing imputation. Reproductive variables (including 
reproductive lifespan, a known risk for cardiovascular mortality)16–19 
were included in RSF model development (Table 2).  The final RSF 
model’s robustness was assessed through tuning different model 
hyperparameters, encompassing key variables such as the number 
of trees, ranging from 500, 800, to 1000, determined based on the 
out-of-bag error rate. To enhance robustness and address missing data 
effectively, we conducted a sensitivity analysis employing multiple 
imputation by chained equations (MICE). We finalized the model 
with specific hyperparameters for the RSF, consisting of 1000 trees, 
utilizing the log rank test as the splitting rule, and opting to omit 
missing data in the analysis. Model development and hyperparameter 
tuning (to discriminate the robustness of the final RSF model) are 
shown in Table 2 and Supplemental Table 3, respectively.

Propensity score (PS)-weighting 

The conditional probability (i.e., propensity) of receiving 
insulin (alone or in combination) vs. no insulin was estimated in a 
logistic regression model with insulin treatment as outcome variable 
conditioned on risk variables with or without the new variables 
identified by RSF analysis (year of recruitment, parity in pregnancy, 
reproductive lifespan).  The final model prioritized variables identified 
by subject matter experts as ACM predictors in diabetes (Supplemental 
Table 4). We performed PS weighting rather than matching to account 
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for all subjects and covariates in this study subset of PROUD.   The 
PS weights (calculated as an inverse of the PS) were then applied to 
the individuals in the insulin and non-insulin treatment cohorts20 and 
the balance of confounding variables across the compared populations 
assessed (Supplemental Figure 3). 

Survival analysis with and without PS-weighting

Survival analyses were performed using R Statistical Software 
(version 4.1.2, R Core Team 2021 and replicated in Stata (Stata 
Corp 2021 “Stata Statistical Software: Release 17”. College Station, 
TX: StataCorp LLC). The Kaplan-Meier survival curves were 
separately estimated for subjects receiving insulin (combination and 
monotherapy) vs. the non-insulin treated cohort and the incidence 
of ACM compared using the log-rank test for the unweighted and 
PS-weighted (with or without new RSF variables) populations. 
Significance of risk predictors for ACM was confirmed by traditional 
Cox proportional hazard (HR) regression. As monotherapy with 
insulin could have represented a phenotype that is fully insulin 

dependent (such as Type 1 diabetes mellitus), we compared the insulin 
monotherapy group vs. all other patients as a sensitivity analysis. 

Results
Baseline characteristics

Baseline characteristics of adult female diabetics receiving insulin 
vs. the non-insulin-treated cohort are summarized in Table 1. The 
mean age of study participants was 63 years (±11.8, range 19-91), 
with a majority considered as indigenous but multiracial and married 
or cohabiting (68%). Although the demographic, anthropometric, 
and gestational characteristics of the two groups were similar, 
insulin treated subjects differed in important diabetic, metabolic and 
co-morbid characteristics from their counterparts. Approximately 
one-third of the population belonged to the highest socioeconomic 
strata; subjects receiving insulin had more missing socioeconomic 
information and somewhat lower socioeconomic ranking.

Table 1 Baseline characteristics of 1517 female subjects with diabetes mellitus by treatment cohort

Baseline characteristics* Insulin treated (N=176) No insulin (N=1341) P value+
Demographics
Age(y) (n=1517) 63 ± 12 63 ± 12 0.87
Race (n (%)) (n=1517) 0.78
Black 2 (1) 14 (1)
White 3 (2) 38 (3)
Multiracial 171 (97) 1289 (96)
Socioeconomic Parameters
Marital status (n (%)) (n=1436)    0.29
Alone 61 (35) 395 (30)
       Single/Separated/Divorced 37 (21) 243 (18)
       Widow/widower 24 (14) 152 (11)
With Partner 108 (61) 872 (65)
        Married 90 (51) 785 (59)
        Living together 18 (10) 87 (7)
Socioeconomic strata (n (%)) (n=1217)            0.06
1(low) 13 (7) 130 (10)
2 28 (16) 222 (17)
3 30 (17)   225 (17)
4 10 (6) 33 (3)
5 (high) 49 (28) 477 (36)
Anthropometrics                                                  
SBP (mmHg) (n=1471) 140 ± 20 139 ±22 0.41
DBP (mmHg) (n=1471) 77 ± 11 79 ±11 0.02
Heart Rate (beats/min) (n=1494) 78 ± 11 78 ±10 0.52
Height (cm) (n=1494) 155 ± 7 154 ±7 0.24
Body Weight (kg) (n=1448) 68 ± 13 67 ± 13 0.17
Waist (cm) (n=1459) 92 ±11 90 ± 10 0.01
Hip (cm) (n=1459) 102 ± 11 102 ±.11 0.95
Waist/Hip Ratio(n=1459)                                                  .90 ±.07 .88 ± .06 <0.01
BMI (kg/m²) (n=1494)                                                  28 ±.4.99) 28 ±. 5 0.56
BMI Categories (n=1494)                                                  0.03
Underweight 6 (3.5) 14 (1.1)
Normal weight 35 (20.2) 332 (25.1)
Pre-Obese 73 (42.2) 560 (42.4)
Obese 59 (34.1) 415 (31.4)
Gestational    
Age at menarche (y) (n=1478) 13 ± 2 13 ± 3 0.06
Age at menopause onset age (y) (n=350) 47 ± 6 48± 6 0.62
Reproductive lifespan† (years) (n=1479) 47 ± 14 47 ± 13 0.94
Number of pregnancies (mean ± SD) (n=1404) 5 ± 3 6 ± 3 0.16
Number of deliveries (n=1383) 4 ± 2 5 ± 3 0.09
Parity in pregnancy (n, %) (n=1517) 0.76
0 18 (10) 105 (8)
1 15 (8) 91 (7)
2 20 (11) 170 (13)
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Baseline characteristics* Insulin treated (N=176) No insulin (N=1341) P value+
3 30 (17) 232 (17)
4 24 (14) 191 (14)
5-10 65 (37) 479 (36)
11-15 4 (2) 69 (5)
16-20 4 (2) 4 (0.1)
Total 176 (100) 1341 (100)
Number of abortions (n=688) 1.8 ± 1 1.7 ± 1 0.49
Number of live births (n=1516) 3.7 ± 2.5 4 ± 2.7 0.76
Cumulative lactation (months) (n=1518) 32 ± 51 32± 47 0.85
Baseline diabetes data
Age at diabetes diagnosis (y) 48.3 ± .13 56.6 ± .12 <0.01
Diabetes duration at baseline (y) 14.7 ± 9.0 6.6 ± 7.3 <0.01
Family history of diabetes 110 (62.5) 684 (51.0) <0.05
Glucose Lowering Interventions (n, row %) 176 (11.6) 1341 (88.4)
Insulin treated diabetics 176 (100)
Insulin monotherapy 96 (54.5)
Insulin combination therapy 80 (45.5)
            with sulfonylurea 19
            with metformin 44
            with sulfonylurea and metformin 14
            with other GLD‡ 3
Non-insulin treated diabetic 1341 (100)
           Metformin 201 (14.9)
           Sulfonylurea 472 (35.2)
           Metformin and Sulfonylurea 335 (24.9)
Other GLD 73 (5.4)
           Diet and/or nutritional supplements, and exercise 264 (19.7)
Other baseline diseases
Metabolic disease                                            
          Dyslipidemia 110 (62.5) 859 (64.1) 0.68
          Osteoporosis*(includes Osteopenia) 6 (3.4) 99 (7.3) 0.05
          Metabolic Syndrome 117 (66.5) 757 (56.5) 0.01
          Hyperuricemia 5 (2.8) 71 (5.3) 0.2
Other noncommunicable disease
          Hypertension 164 (93.2) 1182 (88.1) 0.047
          Stroke and/or MI 18 (10.2) 95 (7.1) 0.9
          Stroke 6 (3.1) 50 (3.7) 0.83
          MI 12 (6.8) 52 (3.8) 0.07
          Cancer 6 (3.4) 36 (2.7) 0.62
          Lung Disease 3 (1.7) 8 (0.6) 0.13
          Liver Disease 8 (4.6) 15 (1.2) <0.01
          Kidney disease 16 (9.1) 28 (2.1) <0.01
          Dementia 0 2 (0.1) 0.61
Communicable disease                            
          Tuberculosis 3 (1.7) 13 (0.97) 0.42
          HIV 1 (0.6) 0 0.12
Diet & habits §
Active Smoking 12 (7) 49 (3) 0.045
Smoking History 49 (28) 305 (23) 0.13
Alcohol Use 8 (4%) 81 (6) 0.43
Exercise 52 (30) 415 (31) 0.7
Healthy diet|| 75 (46) 615 (46) 0.45
Healthy lifestyle@ 17 (10) 166 (12) 0.3

*Categorical variables presented as frequencies and column percentages (n, %), numerical variables as mean and standard deviation (SD) unless stated otherwise. 

†duration of fertility at recruitment = age at menopause or age at baseline – age at menarche of if either is missing, calculate reproductive lifespan based on 
interval between the first and the 4th child (the latter being the last pregnancy for which age maternal age is recorded in the database.)  On this basis, there 
were 39 subjects with missing information.

‡ includes unrecalled medication name, or DPP4,          

§ active smoking- smoking of any tobacco product in any amount, weekly alcohol - intake of at least a single drink of alcoholic beverage once a week, regular 
exercise - at least 30 minutes of moderate activity at least weekly    

 || Khera et al (12)

Table 1 Continued...
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Metabolic syndrome was more frequent in the insulin- than non-
insulin treated participants (67% vs. 56%). Dyslipidemia occurred in 
~ two-thirds of both groups, whereas slightly more insulin-treated 
subjects had both dyslipidemia and osteoporosis. Seven percent of the 
population had osteoporosis, of whom 70% received pharmacologic 
treatment, which was twice as common in the noninsulin- compared 
to the insulin-treated group. Hypertension, cardiovascular, liver, lung, 
or kidney disease were more frequently reported in the insulin- than 
non-insulin treated group.

Mean onset of menarche was at 13 (± 1.8) years of age. Less than 
a quarter of the population (23%) reported onset of menopause (mean 
48 ± 6 years). Parity in pregnancy was high in both study groups: 41% 
had > 4 and 5% had > 10 pregnancies.  Ninety two percent of women 
had become pregnant (mean 6 ± 3 pregnancies) and delivered (mean 
5 ± 2 deliveries) over their reproductive lifespan at baseline (mean 
47 ± 13 years).   Cumulative duration of lactation over successive 
pregnancies was a mean of 32 months. However, lactation duration 
was not reported in 39% of fertile women, presumed to have bottle 
fed their infants. Less than half of women (n=688, 45%) reported 
spontaneous abortions; contraceptive history is not available. Albeit 
rare in both study groups, active smoking was more commonly 
reported in the insulin-treated group. Alcohol use was uncommon. 
Daily exercise (30%) and a healthy diet (45%) were similar in the two 
treatment groups.

Whereas historical data on fasting and postprandial hyperglycemia 
was obtained for all participants, confirmatory biochemical test 
values were available in only 8-23% of the population at baseline 
and, therefore, not included in risk analysis. Similarly, bone mineral 
density data, available in <50% of subjects, was not used in risk 
analysis.

Treatment for diabetes

Insulin use either in mono- or combination therapy constituted 
12% of the subjects (Table 1). Of the insulin-treated subjects, slightly 
more subjects were receiving insulin alone than in combination with 
oral GLDs. Glucose-lowering interventions in most non-insulin 
subjects consisted of sulfonylurea, metformin, or their combination, 
while 20% were treated with behavioral modification such as diet, 
exercise, nutritional supplements (e.g., dietary fiber, psyllium, 
chromium picolinate) or adjunctive therapy (e.g., lipid lowering with 
fibric acid). The proportion of GLD treated subjects increased over 
the period of recruitment (Figure 1). Not surprisingly, insulin treated 
subjects had more serious diabetes than their non-insulin treated 
counterparts as evidenced by a mean onset of diabetes of 48 years 
in insulin treated and 57 years in non-insulin treated subjects. The 
mean duration of diabetes was 15 years for insulin treated diabetics; 
approximately twice that observed for the non-insulin treated subjects 
(7 years). In the insulin-treated group, subjects recruited later in the 
study tended to be younger than those recruited earlier, compared to 
those that received no insulin (Figure 1, p=0.01). In the non-insulin 
treated group, subjects recruited later tended to have more long-
standing diabetes (p <0.01). No such trend was evident in the insulin-
treated group. Duration of diabetes and BMI remained essentially the 
same over the recruitment period in both groups (Figure 1). 

All-cause mortality (ACM)

A total of 202 deaths occurred among 1517 diabetic females over 
12,620 person years of observation. Of these, 24 deaths over 1193 
person years occurred in the insulin treated (incidence rate =2.0 per 
100 person-years) vs. 178 deaths (incidence rate=1.6 per 100 person-
years) over 11, 427 person years in the non-insulin treated group. The 

median age of the time at censoring was similar between insulin- vs. 
non-insulin-treated subjects (70 vs. 73 years, respectively), whereas 
the median attained age at death was younger in the insulin vs. the 
non-insulin treated subjects (67 vs. 76 years) (Supplemental figure 4, 
Panel A). Median time to censoring was 6.3 years compared to 9.3 
years in the insulin vs. the non-insulin treated subjects, respectively. 
Median time to death, was 4.8 years in the insulin treated vs.  5 years 
in the non-insulin treated cohorts (Supplemental figure 4, Panel B). 
Three subjects in the insulin treated and three in the non-insulin treated 
groups died at or below age 50: a 25-, 34- and 50-year-old subject 
died at 4.1, 3.1 and 2.9 years of observation in the insulin treated 
group and a 29-, 41- and 37-year-old with a time to death of 3.2, 1.4 
and 3.7 years of observation, respectively in the non-insulin treated 
group. Among the insulin treated subjects, death rate was higher but 
time to death was longer (16 of 96 (16.7%) subjects died with a mean 
time to death of 2131 days) in the insulin monotherapy treated group, 
compared to subjects treated with insulin combined with an oral GLD, 
(8 of 80 (10%) subjects died with a mean time to death of 980 days).

Figure 1 Proportion of insulin and oral GLD use (top) and trends in mean 
age, duration of diabetes and BMI (bottom) by year of recruitment for insulin 
and non-insulin treated cohorts.

Screening for ACM risk predictors by RSF and incorporation into 
PS-weighting

In our earlier study, RSF screening verified by Cox regression 
found age, diabetes, marital status, BMI and baseline comorbid 
conditions as significant ACM risks in all PROUD participants 
whereas reproductive and comorbid variables of fracture and cancer 
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were significant in female participants.6 Hyperparameter tuning found 
a stable model with the top 50 VIMP, with parity, anthropometric 
or vital signs variable categories ranked high, followed by diet / 
behavior, metabolic /co-morbid disorders.  GLD treatment, also 
significantly predicted ACM, defined treatment cohort assignment for 
this exploratory sub-study.

Table 2 lists variables in descending order by their VIMP score, 
significance in univariate regression, integration in the PS weights 
and inclusion in the final multivariable regression. RSF identified 
the known ACM risk factors in diabetes mellitus (Supplemental 
Table 4) and new variables not previously reported as ACM risks in 

diabetes mellitus (recruitment year, parity, and reproductive lifespan, 
the latter derived from baseline age or age at menopause minus age 
at menarche). Recruitment year [HR 3.8 95% CI (1.9, 7.6)] was a 
study-specific category. Of the reproductive and gestational variables, 
parity, and reproductive lifespan were retained in the logistic 
regression model to estimate the probability of treatment with insulin, 
selected based on their predictiveness for ACM.  Thus, the weighted 
comparison of the treatment cohorts was based on variables known 
to predict ACM in diabetes (PS weighting) or known variables plus 
the new RSF identified variables (RSF complemented PS weighting) 
(Supplemental Table 1). 

Table 2 Risk variables identified by RSF, their VIMP score, HR for ACM, consideration, and selection for PS weighing), and used in multivariable regression for 
all insulin comparisons

Hierarchy of 82 
variables in 1517 
females with diabetes 
mellitus 

VIMP† 
Score

Univariate Cox HR 
(95%CI) for ACM in 
females with diabetes 
mellitus

Considered in PS analysis Final variables included in 

weighting outcome PS Weighting with Novel 
RSF variables bolded

Multivariable 
regression

Parity 0.084522 1.09 (1.0, 1.1) x Parity Osteoporosis

BMI 1,3,* 0.069393 .93 (.90, .96) x Reproductive lifespan Active smoking

Weight 2,3 0.063659 .97 (.95, .96) x Year of recruitment‡ Race

Waist circumference 3 0.054312 .98 (.97, .99) x Age‡§ Kidney disease

Maximum age mother 2 0.053557 1.02 (0.01, 1.02) x WHO BMI categories

Duration of diabetes 2,* 0.053311 1.04 (1.0, 1.06) x Waist Hip ratio 

Age of first child 0.047738 1.02 (1.0, 1.0) x Duration of diabetes 

Reproductive lifespan** 0.045612 1.01 (1.0, 1.03) x Family history of diabetes

WHO BMI categories 0. 040774 1.16 (1.1, 1.27) x Hypertension

Height 3 0.040476 .96 (.94, .97) x Hypercholesterolemia 

Age 1,2* 0.040147 1.05 (1.0, 1.07) x Cancer

Age at menarche 3 0.032738 1.11 (1.03, 1.19) x Cardiovascular disease

Number of pregnancies 3   0.031677 1.08 (1.0, 1.1) x History of cigarette smoking

Hip circumference 3 0.030277 .97 (.96, .99) x History of alcohol use

Systolic BP 3 0.027123 1.01 (1.0, 1.01) x

Weekly alcohol use 0.023001 1.02 (1.01, 1.03) x

Duration of hypertension 0.021203 1.02 (1.00, 1.03) x

Diastolic blood pressure * 0.019218 1.00 (.99, 1.01) x

Lactation in months 0.018834 1.0 (1.00 ,1.00) x

Metabolic overlap 0. 017533 1.00 (.90, 1.12) x

Waist hip ratio 0.017378 2.03 (.21, 19.3) x

Heart rate 1 0.015727 1.00 (.99, 1.02) x

Smoking duration 2 0.011598 1.01 (1.0, 1.02) x

Cancer History 1 0.011259 1.97 (1.01, 3.85) x

Number of abortions 0.01084 1.09 (.98, 1.22) x

Active smoking 3* 0.010804 1.98 (1.2, 3.3) x

CVD * 0.010561 1.95 (1.34, 2.84) x
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Hierarchy of 82 
variables in 1517 
females with diabetes 
mellitus 

VIMP† 
Score

Univariate Cox HR 
(95%CI) for ACM in 
females with diabetes 
mellitus

Considered in PS analysis Final variables included in 

weighting outcome PS Weighting with Novel 
RSF variables bolded

Multivariable 
regression

Duration of dyslipidemia 0.008423 1.00 (.95, 1.05) x

Ischemic CVD 3 0.008343 2.06 (1.31, 3.23) x

Coffee cups / day 0.006964 1.02 (.98. 1.17) x

Kidney disease* 0.00635 1.00 (.99, .41) x 

Liver disease 0.005848 .52 (.73, 3.71) x

Family history of diabetes 
3

0.005457 .62 (.47, .82) x

Metabolic syndrome 0.005452 .54 (.38, .76) x

Duration of osteoporosis 0.005439 .97 (.89, 1.08) x

Duration of 
hypercholesterolemia 0.00454 1.0 (.96, 1.04) x

Daily fruit intake 1 0.004497 .75 (.54, 1.05) x

Stroke 1,3 0.001738 2.1 (.89, 4.99) x

Respiratory disease 0.003859 .75 (.31, 1.83) x

Osteoporosis 0.003768 .88 (.51, 1.51) x

History of MACE 0.003663 1.65 (1.2. 2.2) x

Hypertensive CVD 0.003423 .99 (.14, 7.14) x

Recruitment year 2,3 0.003402 3.8 (1.9, 7.6) ‡ x

CVD history & treatment 0.003299 1.6 (1.1, 2.45) x

Dyslipidemia 0.002844 .68 (.51, .91) x

Insulin monotherapy * 0.002793 1.51 (.90, 2.51)

Family history of 
hypertriglyceridemia 0.002755 .93 (.57, 1.5) x

Osteoporosis treatment 3 0.002573 .78 (.41, 1.5) x

Marital status (binary) 0.000368 1.0 (.80, 1.3) x

History of Alcohol Use 0.001727 .63 (.32, 1.22) x

Number of lipid disorders 0.001505 .85 (.78, .94) x

Dyslipidemia with Lab 
tests 0.001369 .43 (.29, 63) x

Healthy behavior 0.001196 .78 (.49, 1.2) x

Family History of Cancer 0.001174 .67 (.39, 1.1) x

Triglyceride treatment 0.000911 1.2 (.87, 1.78) x

Fish at least 2X /week 0.00088 .80 (.61, 1.06) x

Family history of 
Cholesterol

0.000679 .79 (.52, 1.2) x

All metformin therapy 0.000569 .97 (.72, 1.3)

History of 
Hypertriglyceridemia 0.000514 1.1 (.82, 1.5) x

Race 0.000494 .90 (.73, 1.11) x

Table 2 Continued...
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Hierarchy of 82 
variables in 1517 
females with diabetes 
mellitus 

VIMP† 
Score

Univariate Cox HR 
(95%CI) for ACM in 
females with diabetes 
mellitus

Considered in PS analysis Final variables included in 

weighting outcome PS Weighting with Novel 
RSF variables bolded

Multivariable 
regression

Combination GLD 
treatment 0.000417 1.2 (.85, 1.6)

Marital Status 0.000368 1.0 (.95, 1.1) x

Baseline Lung Disease 0.000303 1.6 (.38, 6.25) x

Metformin monotherapy 0.000299 .66 (.40, 1.1)

Cholesterol treatment* 0.000213 1.1 (.81, 1.44) x

Family history of 
osteoporosis 0.000154 .38 ((.16, .93) x

Sulfonylurea monotherapy 0.000134 1.4 (1.1, 1.9)

Hypertension 1 0.00005 1.6 (1.1, 2.9) x

History of Alzheimer’s 
disease 0 0 x

HIV 0 0 x

Daily alcohol intake 0 0 x

History of Infertility 0 .81 (.20, 3.3) x

Hypercholesterolemia on 
baseline tests

-0.00006 .33 (.12, .90) x

Treatment for 
hypertension*

-1.6E-05 1.4 (1.0, 1.8) x

History of 
hypercholesterolemia -0.00021 1.1 (.82, 1.4) x

Exercise 1 -0.00024 .62 (.45, .87) x

History of smoking* -0.00028 1.65 (1.23, 2.23) x

Healthy diet -0.00034 .86 (.65, 1.13) x

Raised non HDLC Lab 
tests -0.00045 .67 (.43, 1.0) x

Family history of obesity -0.00077 .78 (.46, 1.3) x

Tuberculosis -0.00087 1.9 (.72, 5.2) x

Any Treatment for 
diabetes -0.00099 1.5 (1.2, 2.0)

Socioeconomic stratum -0.00138 .89 (.81, .995) x

For select definitions, see footnotes to Table 1. Bolded items in column 1 are variables included in the final multivariable regression (column 7). Bolded 
items in column 6 are novel ACM risk variables identified through RSF screening.

* identified in published ACM risk scores for diabetes or integrated into treatment guidelines for management of diabetes.  CVD=cardiovascular disease

** Reproductive lifespan = age at baseline or menopause minus age at menarche+1 (if missing, maternal age at fourth child minus maternal age at first child 
or menarche+1)

1,2,3 significant in multivariable Cox regression in participants of both sexes, females, females with diabetes mellitus, respectively.

† from Lu, Ishwaran et al(15)

‡ analyzed as a categorical value by year from 2003-2016

§ analyzed as a categorical value => 50 years based on the Cigolle et al (38)

Start of diabetes used to define duration of diabetes and not independently assessed.

Treatment variables used to develop cohorts and not used for PS- weighting

Table 2 Continued...

https://doi.org/10.15406/jdmdc.2023.10.00267


Does insulin therapy affect all-cause mortality? machine learning complements propensity score analysis 
in a pharmacoepidemiologic study of adult diabetic females in Barranquilla, Colombia

152
Copyright:

©2023 Cure et al.

Citation: Cure CC, Almario EEN, Gu Y, et al. Does insulin therapy affect all-cause mortality? machine learning complements propensity score analysis in a 
pharmacoepidemiologic study of adult diabetic females in Barranquilla, Colombia. J Diab Metab Disorder. 2023;10(2):144‒155. 
DOI: 10.15406/jdmdc.2023.10.00267

Survival analysis in insulin treatment cohorts and four 
major risk variables 

The univariate unweighted comparison of insulin vs. non-insulin 
treated cohorts suggested an increased risk for ACM, whereas the PS-
weighted risk estimate moved in the opposite direction (Figure 2A, 
Supplemental Table 6). However, neither were statistically significant 
on the ACM risk. Incorporation of the novel RSF risk variables resulted 
in 40% reduction in ACM risk estimate that approached significance 
(p=.07). The same trend was observed in the multivariable analyses 
for unweighted, PS-weighted and RSF complemented PS-weighted 
analyses.  Of further note is that, albeit statistically insignificant, 
the estimate of ACM risk from insulin monotherapy (Supplemental 
Table 7), was found protective in the RSF complemented PS-
weighted univariate and multivariable sensitivity analyses, whereas 
the unweighted and PS-weighted estimates indicated increased risk 
in both univariate and multivariable analyses. The Kaplan Meier 
analyses also suggest a protective insulin effect on the cumulative 
probability of survival in the RSF complemented PS-weighted 
analysis (Supplemental Figure 5).  Of the 4 variables included in 
the multivariable Cox regression, only smoking was significantly 
associated with mortality in the univariate analysis [HR (95% CI) of 
1.98 (1.2, 3.3), p= .01)] (Table 2, column 3). Although statistically 
significant in all multivariable analyses, the two-fold increased 
ACM risk estimate observed with the unweighted analysis for active 
smoking was magnified in the PS-weighted estimates whereas a more 
modulated risk estimate was obtained in the RSF complemented PS-
balanced analysis (Figure 2B and Supplemental Figure 6). Neither 
osteoporosis, race, nor kidney disease was associated with an 
increased ACM risk in the unweighted or PS-weighted comparisons 
(with or without RSF variables).  In fact, the pattern of HR estimates 
for osteoporosis resembled those of insulin treatment: a nonsignificant 
trend toward a protective effect in both univariate and multivariable 
analyses. 

Figure 2 Forest plot of unweighted (top), PS-weighted (middle), and PS with 
novel RSF variable-weighted (bottom) hazard ratio and 95% CI estimates for 
ACM from insulin treatment (panel A) and from osteoporosis, active smoking, 
race, and kidney disease (Panel B). 

Discussion
Despite the recognized efficacy of glucose-lowering with insulin, 

reported adverse effects and increased risk for mortality raise 
uncertainty about the net benefit of insulin treatment.21–24 When the 
insulin and non-insulin treated cohorts were well balanced on risk 
factors known to predict ACM, our analysis found no significant 
effect of insulin on ACM, with a risk estimate suggesting potential 
benefit. Incorporation of new variables identified by machine learning 
(RSF) in weighted PS analysis, resulted in a more conservative risk 
estimate that needs confirmation in a larger study. A meta-analysis of 
randomized controlled trials concluded that insulin treatment does not 
increase ACM, with 80% of the effect driven by a large trial of basal 
insulin25 that included older adults and Hispanic women. The meta-
analysis further found no increased risk for cardiovascular outcomes 
3-component MACE (myocardial infarction, stroke, cardiovascular 
death) and heart failure. Our report from observational data obtained 
in the community practice from Barranquilla, Colombia came to 
similar conclusions, made possible by PS weighting enhanced by 
the incorporation of RSF identified variables. Among adult diabetic 
females in Barranquilla, Colombia insulin treatment serves as a proxy 
for a more severe or advanced disease compared to subjects receiving 
other glucose-lowering therapies. 

In this community-based health practice setting where participants 
were followed for mortality for a median of 10 years, an excess of 
deaths per person year and a younger attained age at death was observed 
in the insulin-treated, compared to the non-insulin treated cohort. The 
unweight PS estimate implied an increased risk for ACM with insulin 
treatment whereas addition of RSF-identified novel variables in the 
PS weighted comparison revealed a 40% ACM risk reduction from 
insulin treatment. Although statistical significance is limited by the 
study size, this effect was consistently observed in the participants 
receiving insulin as mono- or combination therapy compared to non-
insulin treatment in both univariate and multivariable analyses.

Our previous report identifying diabetes and gender specific 
variables as ACM risk predictors identified by RSF in over 12,000 
PROUD participants5 motivated this follow-on sub-study of diabetic 
females. In the present study, domain expert involvement in data 
collection, processing and item reduction, and employment of 
standard definitions for derived variables enhance understandability 
of machine learning methods.  RSF identified variables important for 
mortality by multiple, independent resampling of the data (trees in 
the forest) without pre specification15 and is thus not susceptible to 
overfitting.26 PS variable selection prioritizes variables already known 
by experts to be associated with either treatment choice or outcome. 
That is, discovery of new variables by PS is not the analytic goal, 
whereas combining it with a machine learning application such as 
RSF in pharmaco-epidemiology has the potential to uncover new 
variables not previously established to affect outcome.

PS-weighting enables causal estimation from observational 
studies by balancing known outcome modifiers27 derived from large 
population-based studies in diabetes (Supplemental Table 4). RSF 
identified the main risk predictors, save for renal biomarkers which 
were not collected in PROUD. Thus, regardless of the analytic 
methods employed, unmeasured confounders remain a limitation even 
in high density data and can be an artifact of local testing conditions in 
pharmacoepidemiology studies. RSF identified variables relevant to 
mortality in females; studies conducted for cardiovascular, and ACM 
confirm the importance of these variables. In the reproductive and 
cardiovascular literature16–19 parity and reproductive lifespan are cited 
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as risks for ACM (Supplemental Table 4, Panel B).28 Moreover, parity 
is a reported risk for diabetes in Colombian women.29 Our literature 
search of ACM risk variables in diabetes found only one study that 
specifically assessed ACM risks in females with diabetes mellitus30 
but did not include covariates related to reproduction. Exploration 
of parity and duration of fertility in the full PROUD data and in the 
subset of women with diabetes suggest a non-linear relationship with 
ACM (data not shown). The impact of parity and duration of fertility 
on ACM will need to be assessed in a larger cohort of female diabetics 
to confirm our findings, given that PS weighting is susceptible to 
model misspecification compounded by variables with a non-linear 
relationship with the outcome of interest (Supplemental Appendix).31

The large number of variables, including reproduction, long-term 
follow-up for mortality and incorporation of Colombian standards11 for 
the characteristics assessed (e.g. obesity classification) are strengths 
of the study. On the other hand, diabetes subclassification, HbA1c 
values and a history of gestational diabetes was not collected, limiting 
generalization of our study findings. GLD treatment is limited to 
data at baseline and treatment modification during follow-up was not 
collected, thus attribution of 10-year survival to treatment at baseline 
has limitations.  Nonetheless, the Kaplan Meier survival curves in 
the RSF complemented PS weighted analyses show an early survival 
drop off in the non-insulin treated cohort while sustained benefit over 
follow-up time is observed in the insulin treated cohort. 

Data provenance and concept definition are important when 
interpreting existing data in real world settings. Studies that used 
insulin treatment assignment as a surrogate for diabetes phenotypes 
in identifying participants from real-world resources32,33 found ICD 
coding and laboratory testing of value, both limitations in our study. 
Biomarkers for incipient kidney disease were lacking and bone 
densitometry was missing in approximately 50% of our participants. 
Based on validated surveillance definition buttressed by treatment data, 
we found an osteoporosis prevalence lower than the 35% reported by 
Londono et al.,32 and closer to the 2.4% rate of osteoporosis reported 
by Fernández-Ávila34 in the general Colombian population.   With our 
definition,28,35 a protective trend was noted for ACM in subjects with 
osteoporosis.

Our ML model developed in the larger PROUD population 
motivated this investigation (insulin treatment as a risk variable) 
and illustrates the stable model that identified novel ACM covariates 
across the larger PROUD population. Participants in PROUD were 
predominantly females; there were too few male subjects for inclusion. 
We note also that the ranking of the top variables (performed on 
the entire population) did not parallel the size of the estimated HR 
estimates across the compared groups; initial univariate estimates 
found very small increments in ACM risk from parity or reproductive 
lifespan for example. VIMP values are indicative of their potential 
importance in predicting outcome, whereas PS weighted comparisons 
are conducted to infer an effect attributable to the intervention after 
eliminating confounding. For example, VIMP variables were larger 
for the reproductive variables compared to active smoking, whereas, 
despite the low prevalence of smoking in the population, active 
smoking emerged as the dominant risk factor for ACM; as previously 
reported in women at least 35 years of age.36 Incorporation of RSF 
identified variables in PS analyses that routinely prioritizes subject 
matter defined variables, has the potential to provide additional insight 
in outcomes relevant to patient subgroups.

In addition to the comparatively small study population, the 
above study limitations need to be considered in interpreting the 
generalizability of our conclusions. Replication of these analyses 
in adequately sized populations (age, sex, and race/ethnicity) may 

better enable assessment of insulin effect. Nonetheless, prospective 
long-term studies in underrepresented populations may be infeasible 
or ethically challenging to conduct with therapeutic products 
that have become standard of care. PROUD was a large study of 
volunteers from a community practice, with long term follow-up 
of a population underrepresented in randomized controlled trials. 
Information on parity and reproductive lifespan on ACM has led to 
updated recommendations on prevention of cardiovascular disease in 
women.37 As CVD is a major component of ACM in diabetic patients, 
we encourage evaluation of the impact of reproductive factors in 
larger cohorts of females with diabetes mellitus.38
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