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Using Repeated Measurements to Predict
Cardiovascular Risk in Patients With Type 2 Diabetes
Mellitus

Check for
updates

Krishna M Gokhale, MSc™*, Joht Singh Chandan, PhD", Chris Sainsbury, MD*, Peter Tino, PhD",
Abd Tahrani, PhD®, Konstantinos Toulis, PhD", and Krishnarajah Nirantharakumar, MD"

The QRISK cardiovascular disease (CVD) risk assessment model is not currently opti-
mized for patients with type 2 diabetes mellitus (T2DM). We aim to identify if the abun-
dantly available repeatedly measured data for patients with T2D improves the predictive
capability of QRISK to support the decision-making process regarding CVD prevention
in patients with T2DM. We identified patients with T2DM aged 25 to 85, not on statin
treatment and without pre-existing CVD from the IQVIA Medical Research Data United
Kingdom primary care database and then followed them up until the first diagnosis of
CVD, ischemic heart disease, or stroke/transient ischemic attack. We included traditional,
nontraditional risk factors and relevant treatments for our analysis. We then undertook a
Cox’s hazards model accounting for time-dependent covariates to estimate the hazard
rates for each risk factor and calculated a 10-year risk score. Models were developed for
males and females separately. We tested the performance of our models using validation
data and calculated discrimination and calibration statistics. The study included 198,835
(180,143 male with 11,976 outcomes and 90,466 female with 8,258 outcomes) patients. The
10-year predicted survival probabilities for females was 0.87 (0.87 to 0.87), whereas the
observed survival estimates from the Kaplan-Meier curve for all female models was 0.87
(0.86 to 0.87). The predicted and observed survival estimates for males were 0.84 (0.84 to
0.84) and 0.84 (0.83 to 0.84) respectively. The Harrell’s C-index of all female models and
all male models were 0.71 and 0.69 respectively. We found that including time-varying
repeated measures, only mildly improved CVD risk prediction for T2DM patients in com-
parison to the current practice standard. We advocate for further research using time-
varying data to identify if the involvement of further covariates may improve the accuracy
of currently accepted prediction models. © 2023 The Author(s). Published by Elsevier
Inc. This is an open access article under the CC BY license (http://creativecommons.org/
licenses/by/4.0/) (Am J Cardiol 2024;210:133—142)
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The prevalence of type 2 diabetes (T2DM) is increasing
steadily and is a major public health burden.' Diabetes is in
the top 10 causes of death globally, whereas cardiovascular
disease (CVD) is the most common cause of death.” One-
third of the T2DM patients are known to be at risk of devel-
oping CVD during their lifetime.” In the United Kingdom,
the health care costs and indirect costs to the economy due
to CVD are estimated at £9 billion and £19 billion respec-
tively each year." In developed nations like the United
Kingdom many healthcare policies, clinical practice guide-
lines and prevention programmes exist to control and pre-
vent CVD across the nation.” These guidance documents
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often refer to the multitude of prediction models used to
identify patients who are at the risk of developing CVD in
general population, few of which are derived from elec-
tronic health records or are relevant to patients with
T2DM.°

In the United Kingdom, QRISK7’8 is used for CVD risk
assessment in patients with and without diabetes. The
National Institute for Health and Care Excellence, recom-
mends to offer a full formal risk assessment using the
QRISK CVD risk assessment tool for any adult under the
age of 85 who is suspected to be at risk of CVD develop-
ment.” Whereas, the European Association for the study of
Diabetes recommends the FRAMINGHAM'® CVD risk
prediction model and DECODE'' to calculate risk score.
Most of these models are built for general population and
are sub-optimal when applied to those with T2DM.'*'*
The United Kingdom Prospective Diabetes Study risk
engine'” is one of the few CVD risk assessment models spe-
cific for T2DM population. However, in external validation
United Kingdom Prospective Diabetes Study was found to
have poor to moderate discriminative performance and
poor calibration and therefore newer CVD risk prediction

www.ajconline.org
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models for T2DM patients are encouraged.'®'” This large-
scale, substandard performance of risk scores may be
explained by the fact that several key predictors, assessed at
baseline do change over the course of the pre-specified time
frame and, along with them, so does the probability of
CVD occurrence. This change remains elusive in the cur-
rent, static approach, unless key time-dependent trajectories
are identified and incorporated in the model construction.
In the absence of accurate CVD prediction models, initia-
tion of preventive interventions may remain sub-optimal in
this important cohort. This challenge is not solely confined
to the United Kingdom, as noted in systematic reviews,
much of the current research in this space globally consid-
ers using single baseline measurements without accounting
for variability.13 1819 Hence, there is a global need for fur-
ther research to explore the impacts of such variability.
Some efforts have been made to account for repeated mea-
surement in CVD risk prediction such as when exploring
the role of repeated blood pressure in the US study, The
Atherosclerosis Risk in Communities (ARIC), among other
global cohorts.”’~>> However, these are not undertaken in
cohorts specific to T2DM.

The National Institute for Health and Care Excellence
recommends health care professionals to follow patients
with diabetes at regular intervals and to conduct annual
reviews.”” Hence, the availability of repeatedly measured
data including biomarkers is abundant in electronic health
records for patients with T2DM in the United Kingdom and
allows us a unique opportunity to ascertain the importance
of dynamic risk prediction using repeated measurements. In
this study, we aimed to develop a CVD risk prediction
model using Cox’s extended proportional hazards model
for time-dependent covariates for male and female patients
with T2DM.

Methods

Study design

A retrospective cohort study from January 01, 1998 to
December 31 2019.

Data source

We used IQVIA Medical Research Data (IMRD), which
incorporates data from The Health Improvement Network
(THIN), A Cegedim Database, a population-based primary
care database. Reference made to THIN is intended to be
descriptive of the data asset licensed by IQVIA. This work
used de-identified data provided by patients as a part of
their routine primary care. IMRD-UK contains 787 practi-
ces with over 15 million patient records. Information on
demography, clinical diagnosis, symptoms, physical meas-
urements, laboratory results, and prescriptions are available
in the database. Clinical diagnosis and symptoms are stored
using a hierarchical coding system (Read codes), whereas
prescriptions are recorded using the Dictionary of Medi-
cines and Devices (DM+D) classification system.z‘l‘25 The
database has been shown to be representative of the demo-
graphic structure of the United Kingdom population® and
has been extensively used for diabetes mellitus and CVD

research.”’ ' We defined an eligible period for each con-
tributing general practice, as 12 months after either their
acceptable mortality recording (AMR; a measure of data
quality)*” or installation of electronic health record after the
study start date (January 01, 1998). A 1-year lag period was
applied to ensure high-quality data. Data was extracted,
transformed and loaded using DExtER.*”

Study Population and study period

Our population of interest were patients with T2DM.
We used Read codes to determine diagnoses of T2DM
in eligible patients from January 01, 1998 to December
31, 2019. To be eligible patients had to be aged between
25 and 85 years at the time of cohort entry and regis-
tered with the general practice for at least 1 year. The
index date was set to the day of diagnosis for newly
diagnosed (incident patients) patients and study start
date or the patient registration date plus 1 year (which-
ever was the latest), for patients who had a pre-existing
diagnosis of T2DM (prevalent patients). Among the eli-
gible patients we excluded anyone who had a recording
of type 1 diabetes mellitus Read codes. Patients with a
pre-existing code of the outcome of interest (ischemic
heart disease [IHD] and stroke / transient ischemic
attack [TIA]) at index date were excluded. If markers of
pre-existing CVD, such as IHD, stroke, TIA, heart fail-
ure or relevant treatments, were present these patients
were excluded from the cohort. We also excluded
patients on statin at baseline as the main purpose of pre-
dicting CVD risk is to initiate statin treatment.'* The
cohort was followed up till earliest event of death,
patient transferred out from practice, study end date, or
the patient developed the outcome of interest (IHD,
stroke, and TIA).

Outcome and Predictor variables

Our primary outcome of interest was the first diagnosis
of IHD or Stroke and TIA after the index date. We referred
to previous literature to determine e;ppropriate risk factors
for CVD in patients with T2DM.%*'***~%° We found many
risk factors in our review of the literature, but we were able
to include only those variables which were available in
IMRD. Potential risk factors ranged from socio-demo-
graphic characteristics, lifestyle factors, medical history
and diagnoses, physical measurements, and laboratory test
results and prescriptions. Socio-demographic and lifestyle
factors included age, sex, Townsend score, a measure of
deprivation’” (Ranging from 1 — least deprived, to 5 —
most deprived), ethnicity, and smoking status. Medical his-
tory included family history of CVD, diagnosis of atrial
fibrillation, hypothyroidism, rheumatoid arthritis, systemic
lupus erythematosus, asthma, severe mental illness, anxiety,
depression, hypertension, and migraine. In addition, we
included complications from T2DM such as diabetic foot
ulcer/amputation, peripheral neuropathy, retinopathy, and
erectile dysfunction or treatment for erectile dysfunction in
men determined by a diagnosis code, or at least one pre-
scription of associated treatment (British National Formu-
lary chapter 7.4.5).” Physical measurement and blood test
results ranged from body mass index (BMI), systolic blood
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pressure, blood lipid ratio, triglycerides, Albumin Creati-
nine ratio, Hemoglobin AIC (HbAlc), and estimated
Glomerular Filtration Rate values, which were calculated
from serum creatinine values using the chronic kidney
disease epidemiology collaboration equation.”” As studies
show treating risk factors decreases the effect on the
outcome’"*'; treatments were included as potential predic-
tors. Hence, we included insulin, angiotensin-converting
enzyme inhibitors, and newly initiated statin treatment. We
also included corticosteroid treatment based on previous
risk prediction models.”

Derivation and validation of the models

Data preparation

Since our aim was to build a prediction model that uses
time-dependent (repeatedly measured) data, we designed
our dataset in a specific format. We calculated person years
for each patient and then divided the person years into 6-
month intervals for all patients. For each patient starting
from first time interval, we looked for covariates at each 6-
month interval until the end of follow up. For medical con-
ditions, if a diagnosis code was found at baseline, then it
was marked as present for all the time intervals. For cases
where a patient develops a disease condition in the middle
of the follow up, then that condition would be marked as
present only for all the time intervals after the diagnosis.
We treated drugs as categorical variables, and they were
marked as present if there was at least one prescription
recorded within the time interval; if none was found, it was
marked as absent. There were cases where, for example, the
smoking status of the patient changed within a time inter-
val. In such cases, we looked at the status which was pres-
ent for most part of the interval and retained that value. We
treated ethnicity and family history of CVD as constants.
For continuous variables such as BMI or blood pressure if
more than one value was found within the interval, then the
average was retained. Blood lipid ratio was not normally
distributed, and it was log-transformed. To allow sufficient
time for the medications to have an effect and to eliminate
any reverse causality we lagged the time-varying data for
each patient by one time interval (6 months). This meant
we had to discard any patients where the follow-up period
was less than or equal to 6 months.

In our data, the following predictors had missing infor-
mation: smoking (21.6% missing), blood lipid ratio (35.2%
missing), BMI (10.8% missing), systolic blood pressure
(7.8% missing), HbAlc (18% missing), albumin creatinine
ratio (42.1% missing), and triglycerides (27.3% missing).
We used multiple imputation using chained equations
(mice package in R)** to impute missing values and created
5 imputed datasets, we included all the predictor variables
in the imputation model along with the Nelson-Allen esti-
mator which improves imputation for left-censored data™
and used Rubin’s rules to combine the results from the
imputed datasets. Missing data in Ethnicity and Townsend
score were treated as separate class levels. We separated
male and female datasets and for each we randomly allo-
cated 70% of the data for derivation of the risk prediction
models and the remaining 30% was used for internal valida-
tion.

Derivation of the models

We employed Cox’s extended proportional hazards
model for time-dependent covariates to estimate the hazard
rate for each risk factor for all the models. We developed a
model for females and males separately. We calculated a
10-year estimated risk of developing CVD.

Validation of the models

We tested the performance of all 4 models using the vali-
dation data and calculated discrimination and calibration.
Missing data was filled in the same way as that of the devel-
opment dataset. To evaluate the performance of the model,
we calculated Harrell’s C statistic** at 10 years which is an
equivalent of the area under the receiver operating charac-
teristics curve. The calibration of the model was assessed
by plotting the observed survival probabilities (calculated
using Kaplan-Meier estimates) against the predicted sur-
vival probabilities at 10 years.

We have followed the TRIPOD (Transparent Reporting
of a multivariable prediction model for Individual Progno-
sis or Diagnosis) statement for reporting. All our experi-
ments were conducted in R (version 3.5.2) and we mainly
made use of rms,* survival,*® and mice packages.

Sensitivity analyses

We have run 2 sensitivity analyses to assess the robust-
ness and comparability of our findings:

Firstly, the current models “All Male” and “All Female”
included both incident and prevalent diabetes cohorts,
whereas we have also developed 2 additional models
“Incident Male” and “Incident Female.” These include only
newly diagnosed T2DM patients.

Secondly, as one of the goals of the project is to compare
whether our dynamic model improves the predictive capa-
bility of QRISK, we have also reported the performance of
QRISK using our dataset and calculated the net reclassifica-
tion index (NRI) to support comparison of the models. Full
statistical details regarding the NRI are noted in online sup-
plement 5.

Results

Study population

During the study, period we identified a total of
15,011,524 registered patients in the THIN database. After
the application of the study exclusion criteria, 198,835
(1.3%) patients with a GP recorded code of T2DM were
deemed eligible to form the exposed cohort. Among the
198,835 patients, 74,627 (37.6%) patients were identified
as prevalent exposure (exposure code recorded before
cohort entry), and the remaining 123,982 (62.4%) were
newly diagnosed patients during the study period. Figure 1
describes the cohort selection flowchart.

Baseline characteristics

Of the total eligible cohort (198,835 patients), 90,466
(45.6%) were female, and 108,143 (54.4%) were male (fur-
ther details of the cohort characteristics separated by sex
can be found in Table 1).
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Total patients N=15,011,524 in THIN
database(787 practices)

in the study

N=7,556,771 qualified to participate

7,454,753 patients excluded as they were not eligible
based on study period, population age, and data quality
requirements for this study.

!

o
1 N=

7,044,364 excluded as no code for T2DM found

Type2Diabetes.

N=512,407 patients with

1)
2)

3)
4)
5)

Total 74,627

123,982

6)
N=198,835 final exposed cohort 7)
Sex Prevalent N(%) IncidentN(%) Total N 8)
Male 41,307(55.4) 66,836(53.9) 108,143 9)
Female 33,320(44.6) 57,146(46.1) 90,466

Following study criteria 313,572 exposed patients were dropped for the
following reasons:

10) 8,656 patients as their age at index did not meet the study

11) 183 patients on both clopidogrel and aspirin at baseline.

12,678 patients as they had IHD at baseline.

2,137 patients as they had IHD and Stroke TIA at baseline.
8,202 patients as they had Stroke TIA at baseline.

687 patients as they had T1DM and heart failure at baseline.
8,233 patients as they had heart failure at baseline.

22,635 patients as they had T1DM at baseline.

14,279 patients as they had statin and heart failure at baseline.
12,267 patients as they had statin and T1DM at baseline.
223,615 patients as they had statin at baseline.

definition.

Figure 1. Cohort selection flowchart.

The median follow-up period for both men and women
was similar (5 years). At study entry females were on aver-
age older than males (60 years compared with 58 years
respectively) counterparts, and also experienced a higher
proportion of deprivation. Ethnicity data was largely miss-
ing (54%) in both groups.

At study entry, the female cohort had a higher mean BMI
(32.8 kg/m?) compared with their male counterparts
(30.7 kg/m?) although they had lower rates of current smok-
ing status (16.3% compared with 20.1%). Systolic blood
pressure was similar between the groups. There were few
differences between the groups when examining laboratory
readings although there were slightly increased average lev-
els of HbAlc (female: 58.1 mmol/L (SD 16.5); male:
59.6 mmol/L (SD 17.3) in males), blood lipids (female:
4.48 mmol/L (SD 2.34); male: 4.88 mmol/L (SD 2.46) and
triglycerides (female: 1.88 mmol/L (SD 1.17); male:
2.04 mmol/L (1.57)) in males compared with females. In
comparison, females had a higher proportion of kidney
disease. There were similar rates of co-existing diabetes
complications, comorbidities (although higher rates of
hypertension, hypothyroidism, asthma, and mental ill health
in the female cohort), and prescription medications between
the groups.

Main findings

During the study period, a total of 20,414 (10.3%) of eli-
gible patients developed the outcomes of interest (IHD/
Stroke/TIA). Of these 12,302 (60%) and 8,112 (40%)
developed THD and stroke/ respectively. The female cohort
accounted for 8,258 (IHD: 4,457, stroke/TIA: 3,801) of the
total outcomes whereas males developed 12,156 (IHD:
4,311; stroke/TTA: 7,845) outcomes. Regardless of sex, the
most substantial risk factors of developing CVD in the
T2DM population are being of a South Asian risk factor,
being a current smoker, having pre-existing diabetes com-
plications, and also having treatment with insulin. Other

factors including increasing age and deprivation, having a
family history of CVD, having an increased systolic blood
pressure, blood lipid ratio, triglycerides, reduced kidney
function as well as pre-existing comorbidities and prescrip-
tion medications were also all indicative of increasing risk
of CVD in a T2DM population. Table 2 demonstrates the
risk of CVD in the T2DM population when examined by
each variable of interest broken by specific sex.

After the development of the predictor models demon-
strated in Table 2, we were able to conduct and present the
internally validated discrimination statistics for each of the
models (Table 3). In the validation cohort for all females
(in the study) the Harrell’s C statistic (equivalent to the
receiver operating curve for survival data) was 0.71,
whereas it was 0.69 for males.

In the sensitivity analysis including incident only male
and female patients, the Harrell’s C statistic remained very
similar (0.7 for incident only females, 0.67 for incident
only males).

In order to calibrate the models, we plotted the probabili-
ties against observed survival estimates which determined
using the Kaplan-Meier estimator.*’

Figure 2. visually demonstrates the Kaplan-Meier esti-
mates for the patients included in the main analysis. The
10 year predicted survival probabilities for females was
0.87 (0.87 to 0.87), whereas the observed survival estimates
from the Kaplan-Meier curve for all female models was
0.87 (0.86 to 0.87). The predicted and observed survival
estimates for males were 0.84 (0.84 to 0.84) and 0.84 (0.83
to 0.84) respectively. All the models were well calibrated
except for the incident only females where our model mar-
ginally overestimated.

Sensitivity analysis

During the sensitivity analysis including incident only
patients (i.e., those patients who experienced the exposure
of interest and were eligible to enter the study during the
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Baseline study characteristics
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BASELINE STUDY CHARACTERISTICS

Female Male
Total number of patients n (%) 90466 (45.6) 108143 (54.4)
Prevalent patients n (%) 33320 (36.8) 41307 (38.2)
Incident patients n (%) 57146 (63.2) 66,836 (61.8)

Years of follow-up

Mean (SD), [Median]

5.58(3.3), [5]

5.58(3.3), [5]

DEMOGRAPHICS

Age Mean (SD), [Median] 59.4 (14.1), [60.0] 57.8 (12.9), [57.8]
Ethnicity

White n (%) 34486 (38.1%) 41777 (38.6%)
South Asian n (%) 4011 (4.4%) 4267 (3.9%)
Black n (%) 2160 (2.4%) 2150 (2.0%)
Mixed Race n (%) 786 (0.9%) 843 (0.8%)
Other Ethnicity n (%) 335 (0.4%) 330 (0.3%)
Missing n (%) 48810 (53.9%) 58878 (54.4%)
Townsend

1 (Least Deprived) n (%) 15426 (17.0%) 21398 (19.8%)
2 n (%) 15404 (17.0%) 20001 (18.5%)
3 n (%) 17315 (19.1%) 20020 (18.5%)
4 n (%) 17297 (19.1%) 18591 (17.2%)
5 n (%) 13158 (14.5%) 13661 (12.6%)
Missing n (%) 11988 (13.2%) 14574 (13.5%)

LIFESTYLE AND PHYSICAL MEASUREMENTS

Body mass index (kg/m2) Mean (SD), [Median] 32.8(7.84), [31.6] 30.7 (6.17), [29.8]
Missing n (%) 4077 (4.5%) 4671 (4.3%)

Smoking status

Non-smoker n (%) 54153 (59.8%) 48067 (44.4%)

Ex-smoker n (%) 19999 (22.1%) 36441 (33.7%)

Smoker n (%) 14742 (16.3%) 21750 (20.1%)

Missing n (%) 1694 (1.9%) 1987 (1.8%)

Systolic blood pressure (mmHg)

Mean (SD), [Median]
Missing n (%)

140 (19.7), [140]
953 (1.1%)

140 (18.4), [140]
1287 (1.2%)

LABAROTORY TEST RESULTS

HbA1c (mmol/L)
Blood lipid ratio (mmol/L)
Triglycerides (mmol/L)

Estimated glomerular filtration rate (EGFR) (ml/min/1.73m2)

Mean (SD), [Median]
Missing n (%)

Mean (SD), [Median]
Missing n (%)

Mean (SD), [Median]
Missing n (%)

58.1 (16.5), [54.1]

6311 (7.0%)

4.48 (2.34), [4.10]
16320 (18.0%)

1.88 (1.17), [1.60]
39350 (43.4%)

59.6 (17.3), [55.9]

7529 (7.0%)

4.88 (2.46), [4.50]
19526 (18.0%)

2.04 (1.57), [1.65]
46879 (43.3%)

60+ n (%) 55555 (61.3%) 71185 (65.8%)
45-60 n (%) 8362 (9.2%) 6994 (6.5%)
30-45 n (%) 3259 (3.6%) 1371 (1.3%)
<30 n (%) 496 (0.5%) 365 (0.3%)
Missing n (%) 22916 (25.3%) 28330 (26.2%)
Albumin creatinine ratio (mg/g)
<3 n (%) 27043 (29.9%) 34370 (31.8%)
3to30 n (%) 7178 (7.9%) 8074 (7.5%)
30+ n (%) 648 (0.7%) 925 (0.9%)
Missing n (%) 55719 (61.5%) 64876 (59.9%)
CO-EXISTING DIABETES COMPLICATIONS
Retinopathy n (%) 5352 (5.9%) 7192 (6.6%)
Peripheral Neuropathy n (%) 647 (0.7%) 984 (0.9%)
Foot ulcer or Amputation n (%) 1,810 (2.0%) 2,137 (2.0%)
Erectile Dysfunction or Erectile Dysfunction Treatment n (%) N/A 16865 (15.6%)

(continued)
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Table 1 (Continued)

BASELINE STUDY CHARACTERISTICS

Female Male
COMORBIDITIES
Hypertension n (%) 39635 (43.8%) 40786 (37.7%)
Hypothyroidism n (%) 10084 (11.1%) 2421 (2.2%)
Atrial fibrillation n (%) 2136 (2.4%) 2737 (2.5%)
Rheumatoid arthritis n (%) 1486 (1.6%) 765 (0.7%)
Systemic lupus erythematous n (%) 125 (0.1%) 24 (0.0%)
Migraine n (%) 7028 (7.8%) 3038 (2.8%)
Asthma n (%) 13155 (14.5%) 10237 (9.5%)
Severe mental illness n (%) 3490 (3.9%) 2257 (2.1%)
Anxiety n (%) 16657 (18.4%) 11327 (10.5%)
Depression n (%) 22156 (24.5%) 14227 (13.1%)
Family history of CVD n (%) 1321 (1.5%) 1469 (1.4%)
PRESCRIPTION MEDICATIONS
Insulin n (%) 4547 (5.0%) 4834 (4.5%)
Corticosteroids n (%) 2946 (3.3%) 1854 (1.7%)
ACE-Inhibitors n (%) 28753 (31.7%) 34114 (31.5%)

study period), the findings remained robust (Supplementary
Tables 1, 2 and 3). When we replicated QRISK in our data-
set we noted a c-index of 0.68 for men and 0.71 for women
(Supplementary Table 4). After calculating the NRI the dif-
ference is negligible (—1), with some indication that the
QRISK is mildly better at assigning patients to the correct
risk categories.

Discussion

Here, we present one of the first cardiovascular risk pre-
diction models that utilize repeatedly measured data for
patients with T2DM. We found the magnitude and direction
of our effect sizes from our models are consistent with the
known literature, note the Harrell’s C-index of all female
models and all male models was 0.71 and 0.69 respectively.
In comparison, the QRisk3 CVD risk assessment tool has a
c-index of 0.70 for both men and women with T2DM.**
Although in our dataset, QRISK has a c-index of 0.68 for
men and 0.71 for women. Hence, compared with QRisk3 in
their published validation dataset our models performed on
par and mildly better in women, although in our dataset our
model only demonstrates a mild improvement for men.
Another example is the diabetes severity score which was
developed using United Kingdom primary and secondary
care linked data.”” The primary outcome in this scoring sys-
tem was mortality. However, CVD hospitalization was a
secondary outcome and the model performed reasonably
with an area under the receiver operating characteris-
tics=0.73 to the describe the association between a one-unit
score and the risk of hospitalization. However, this model
did not include the breadth of CVD which is not-hospital-
ized, and hence it is difficult to compare the findings
accordingly.

With regards to the clinical implications of the present
study, we argue that our model, as well as the existing mod-
els designed to identify those patients with diabetes in

whom intervention for primary CVD prevention is war-
ranted, do not meet rigorous clinical standards and their
routine used to guide therapy initiation or intensity of inter-
vention should be applied with caution and considered to
have ancillary gravity in clinical decision process. Moder-
ate intensity statin administration for primary CVD preven-
tion in patients with diabetes, 40 to 75 years of age, without
calculating any CVD risk score, presents an alternative
approach and forms a current recommendation from the
American Heart Association.””

Whether incorporating repeatedly measured data
should be the new norm or a right step in the direction
of optimizing CVD risk assessment model for patients
with diabetes is yet unclear. Our research has allowed
us to build on previous studies which explore the use of
repeated measurements in CVD risk prediction.”’ >
However, we note that as described previously in the lit-
erature, the use of repeated measurements appears to
only lead to a slight to modest improvement in the over-
all risk prediction.” A recent study by Xu et al’” also
tried to answer a similar question using an alternative
United Kingdom primary care dataset. Our results are
most comparable to the methodology that they employed
which also demonstrates a moderate improvement when
accounting for variability of measurements in this partic-
ular cohort. However, the added value of this approach
may still not be clinically important.

Although our study findings should be interpreted within
the context of its limitations, the use of repeatedly measured
data resulted in an incremental, minor improvement in the
performance of the model over the currently accepted prac-
tice. The magnitude of this incremental improvement may
be regarded as of limited clinical impact, adds to the uncer-
tainty regarding CVD risk score in the context of T2DM
and points to potential alternative explanation of the find-
ings. For example, genetic predisposition could be a key
predictor which is missing from current candidate covariate
list. The same applies to the epigenetic and environmental
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Table 2
Risk of cardiovascular disease
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Variable

Male

(Hazard ratio; 95% Confidence intervals)

Female

(Hazard ratio; 95% Confidence intervals)

Demography
Age
Townsend (ref= 1 least deprived)
2
3
4
5 (most deprived)
Missing
Ethnicity (ref= White)
South Asian
Black
Mixed Race
Others (Includes Chinese, Middle Eastern)
Missing
Family History of CVD

1.04 (1.04 - 1.04)

1.07 (1 - 1.14)
1.14 (1.07 - 1.22)
1.21(1.12 - 1.29)
1.24 (1.15 - 1.34)
1.11(1.03-1.2)

1.67 (1.49 - 1.87)
0.67 (0.54 - 0.84)
1.27 (0.95 - 1.68)
0.88 (0.52 - 1.48)
1.17 (1.12- 1.23)
1.52(1.28 - 1.8)

1.04 (1.04 - 1.05)

1.13(1.04 - 1.24)
1.14 (1.04 - 1.24)
1.23(1.13-1.34)

1.4 (1.28 - 1.53)
1.04 (0.94 - 1.15)

1.45 (1.25 - 1.68)
0.87 (0.69 - 1.1)
1.16 (0.79 - 1.71)
0.72 (0.38 - 1.4)
1.23 (1.17- 1.3)
1.53 (1.26 - 1.86)

Lifestyle and physical measurements

Smoking (ref= non-smoker)
Ex-smoker
Current Smoker
Body mass index (kg/m2)
Systolic Blood Pressure

1.03 (0.98 - 1.08)
1.25(1.15 - 1.34)
0.99 (0.99 - 1)

1.01 (1.01 - 1.01)

1.06 (0.99 - 1.12)
1.39(1.27 - 1.52)
1(0.99-1)
1.01(1.01 - 1.01)

Laboratory test results

HbA1C
Blood lipid ratio
Triglycerides
Estimated Glomerular Filtration Rate (eGFR) (ref= 60+)
45 to 60
30 to 45
<30
Albumin Creatinine ratio (ref= <3)
3to 30
30+

1(1-1)
1.03 (1.01 - 1.05)
1.02 (1.01 - 1.04)

1.09 (1.01 - 1.18)
1.17 (1.06 - 1.29)
1.15(0.98 - 1.35)

1.06 (1 -1.11)
1.22(1.09 - 1.35)

1(1-1)
1.03 (1.01 - 1.05)
1.05(1.02 - 1.07)

1.06 (0.97 - 1.15)
1.16 (1.07 - 1.26)
1.29 (1.1 - 1.51)

1.09 (1.03 - 1.16)
142 (1.22 - 1.64)

Diabetes complications

Retinopathy

Peripheral Neuropathy

Diabetic Foot Ulcer or Amputation

Erectile Dysfunction or Erectile Dysfunction Treatment

123 (1.17- 1.3)
1.28 (1.13 - 1.45)
1.33 (1.22 - 1.46)
1.15 (1.1 - 1.21)

1.24 (1.16- 1.32)

1.14 (0.97 - 1.33)

1.4 (1.26 - 1.55)
(-)

Comorbidities

Hypertension
Hypothyroidism
Atrial fibrillation
Rheumatoid arthritis
Lupus SLE

Migraine

Asthma

Severe mental illness
Anxiety

Depression

1.09 (1.03 - 1.15)
0.97 (0.87 - 1.08)
1.38(1.26 - 1.5)
1.43(12-1.7)
1.52(0.38-6.11)
1.18 (1.04 - 1.34)
1.06 (0.98 - 1.13)
0.93 (0.8 - 1.08)
1.05 (0.97 - 1.12)
1.18 (1.1 - 1.26)

1.1(1.03-1.17)
0.95(0.89 - 1.03)
1.65 (1.5 -1.82)
1.31(1.11-1.53)
1.02 (0.51 - 2.06)
1.17 (1.05 - 1.29)
1.14 (1.07 - 1.23)
0.98 (0.85-1.13)
1.01 (0.94 - 1.09)
1.16 (1.09 - 1.24)

Prescription medications

Corticosteroids
Insulin
Statins
ACE-Inhibitors

1.16 (0.9 - 1.36)
1.32(1.24 - 1.41)

0.9 (0.86 - 0.94)
0.96 (0.91 - 1.01)

1.03(0.9-1.18)
141 (1.31-1.52)
0.85 (0.8 - 0.9)
1.07 (1 - 1.13)
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Table 3
Discrimination statistics

All Male All Female
Harrell’s C-index 0.69 0.71

influences, neither of which are recorded well in primary
care data. Similarly, the absence of newer biomarkers, such
as pro-BNP, from the candidate covariate list maybe a limi-
tation.

We advocate for future research incorporating such tem-
poral information in their model building, while also ascer-
taining the use of more sophisticated statistical or machine
learning techniques, which might be preferable when pat-
tern recognition or both linear and nonlinear relationships
are involved. Recently, the superiority of deep learning
techniques for survival analysis over traditional Cox models
has been reported in the literature. This would be a future
research priority that might offer the next step toward opti-
mizing CVD model prediction.

In conclusion, we developed a dynamic CVD risk pre-
diction model for T2DM patients that utilized repeatedly
measured data. Although our models perform mildly better
than current state of the art, it is not practice changing
and as such, we support further research in this space

Observed and predicted suvival probabilities against time
All Male model

label
== observed

0.90- Wy = predicted
5

Probablity of Survival
#

!vv 10

time 6-month intervals
Observed and predicted suvival probabilities against time
All Female model

v
2

label
A - observed

a = predicted

Probablity of Survival

0.90-

0.85-

10
time 6-month intervals

Figure 2. Kaplan-Meier estimates.

particularly using explainable deep learning models to
improve risk prediction.
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