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Abstract

Aims/hypothesis The aim of this project was to build a new versibithe United Kingdom Prospective
Diabetes Study (UKPDS) Outcomes Model (UKPDS-OMlpatient-level simulation tool for predicting Lifme

health outcomes of people with type 2 diabetesitugll

Methods Data from 5,102 UKPDS patients from the 20 yea &ind the 4,031 survivors entering the 10 year
post-trial monitoring period were used to derivespaetric proportional hazards models predictingalis risk
of diabetes complications and death. We re-estuinie seven original event equations and estinraged
equations for diabetic ulcer and some second evEhé&sadditional data permitted inclusion of nesk ffiactor
predictors such as estimated GFR. We also develmpechew equations for all-cause mortality. Intdrn
validation of model predictions of cumulative ineitte of all events and death was carried out and a
contemporary patient-level dataset was used to aoenf0 year predictions from the original and tee n
models.

Results Model equations were based on a median 17.6 yééoaw-up and up to 89,760 patient-years of data,
providing double the number of events, greateripi@t and a larger number of significant covarialdse new
model, UKPDS-OM2, is internally valid over 25 yearsd predicts realistic event rates for complicajavhich

are lower than those from the existing model.

Conclusiongd/interpretation The new UKPDS-OM2 has significant advantages dweekisting model, as it
captures more outcomes, is based on longer follpwata, and more comprehensively captures the ggsign
of diabetes. Its use will permit detailed and takdifetime simulations of key health outcomepé&ople with

type 2 diabetes mellitus.

Keywords Complications, Life expectancy, Patient-level dation, Risk modelling, Survival, Type 2 diabetes

mellitus

Abbreviations

CHF Congestive heart failure
eGFR Estimated GFR

IHD Ischaemic heart disease
LDS Lipids in Diabetes Study

MI Myocardial infarction

OM1 Outcomes Model version 1
OM2 Outcomes Model version 2
PVD Peripheral vascular disease
PTM Post-trial monitoring

QALYs Quality-adjusted life years



SBP Systolic BP
UKPDS United Kingdom Prospective Diabetes Study



Introduction

Computer simulation is a method of modelling thegpession of type 2 diabetes mellitus and predidmg-
term outcomes of the disease. Since the publicafitime first United Kingdom Prospective Diabetégdy
(UKPDS) Outcomes Model (UKPDS-OM1) [1], the usesmhulation modelling in diabetes has increased wit
at least eight models in use worldwide [2,3], mahwhich use the published equations from UKPDS-(B]1
UKPDS-OML1 is a multi-application model and has based in a wide variety of applications, includoust-

effectiveness analyses [4, 5] and prediction efdikpectancy [6].

The UKPDS-OML1 has been tested alongside severat dthbetes simulation models at Mount Hood Chghen
meetings. A general conclusion was that the mauetormed reasonably well in terms of predicting talative
risk of interventions vs control treatments, bslavell in predicting absolute risk [3]. Additiohala temporal
validation study found that UKPDS-OML1 over-predittae probability of events for high-risk subgrolipk

Model building is an iterative process and modelschto be updated as new information becomes bial].
The UKPDS-OM1 was based on trial data collectetthenUKPDS up until 1997. Additional information
collected during the UKPDS 10 year post-trial maritg (PTM) period [9] provided an opportunity tpdate
the simulation model and to incorporate data on rigkvfactors and outcomes that were unavailablenithe
UKPDS-OM1 was constructed.

Our aim was to build a new model, Outcomes Modedive 2 (UKPDS-OM2), based on the larger dataséthvh
included additional more recent data that were mdsce clinically relevant, as participants werdamger in a
clinical trial. This involved: (1) re-estimatingyer a longer duration of follow-up, the seven arairisk
equations for complications (myocardial infarct[ii], ischaemic heart disease [IHD], stroke, coryesheart
failure [CHF], amputation, blindness and renalufg); (2) estimating new equations, not in theingbmodel,

for diabetic ulcer and some second events; (3)ldpwey new equations for all-cause mortality; (#plering the
use of new risk factors such as microalbuminurizctvhave been shown to be predictive of diabetledesd

complications.

We also present internal validation of the UKPDS-DdWer 25 years of follow-up, carry out a sendiivi
analysis and compare predictions from the origamal new models using a contemporary patient-leyeiti
dataset.

Methods

The model—UKPDS-OM2



In common with UKPDS-OML1 [1], the major objectivetbe new model is to simulate major diabetes-eglat
complications over a lifetime and to calculate ttealitcomes such as life expectancy. It is a paterel
epidemiological model for a target population ofilkslaged 30 and over with any duration of diabetk&PDS-
OM2 integrates separate risk equations for eigitietes-related complications and death. Figurewslthe
sequence of modelling events. The inputs to theeinare individual patient characteristics (demobrep
clinical risk factors and complication history);tputs include annual incidence of death or compbtioa (MI,
stroke, IHD, CHF, amputation, blindness, renalui@land ulcer), including second events for Miplegrand
amputation, life expectancy and quality-adjustéglyears (QALYSs). In each annual cycle the prolighdlf
death or of experiencing one or more complicatisrtslculated for each patient according to the@mate risk
equation. Each probability is compared with a ramsmmber drawn from a uniform distribution rangfngm
zero to one to determine whether an event actoalturs for this patient. Equations for complicati@me
executed in random order and if an event is preditd occur in a given cycle it will inform the raming set of
equations still to be estimated in the same cylebability of death is based on whether complicetihave
occurred, and which complications have occurretiéencurrent annual cycle. If the model predicts &m
individual dies, their total years lived and QAL#ie calculated and the individual exits the sinmargtif the
individual survives that cycle, the age, yearsiabdtes, clinical risk factor values and eventdriss are updated
and carried forward to the next annual cycle. €hhrisk factors can either be updated from a knpatnent-
level dataset or be modelled using risk factor tpath equations. Quality of life decrements basethe
complications experienced can also be calculatetjld of these decrements and new time-path exsatvill

be reported elsewhere.

Derivation of risk model equations

Study subjects and measurement of outcomes Model equations were based on patient-level datthe 5,102
UKPDS patrticipants with newly diagnosed type 2 dieb mellitus, aged 25-65 years, recruited betwo&ii
and 1991 [10]. These patients were followed uhgltrial concluded in 1997. All 4,031 surviving fieipants
entered the 10 year PTM observational study [9finduwhich time they returned to their communityhmispital-
based diabetes care providers, with no attempt tenhaintain their previous allocated trial regimat
patients provided written informed consent. Apptavas obtained from the ethics committees at alti#8cal

centres, and the study conformed to the Declaratidtelsinki guidelines.

During the main trial, patients were seen threfor times each year in UKPDS clinics. During PTpdfients
were seen annually for 5 years in UKPDS clinicghwebntinued standardised collection of outcomea géis
clinical examination every 3 years. In years 64d4ijent and general practitioner questionnairegwsed to
follow patients remotely, since funding for cliniisits was not available. The vital status of atipnts who were

still living in the UK was obtained from the Offider National Statistics.



Outcomes were adjudicated exactly as in the origiizd, by the UKPDS endpoint committee, which was
blinded to study groups. The definition of the aues used in the UKPDS-OM2 match adjudicated trial
endpoints and the original UKPDS-OM1 outcomes, pikfar vascular cardiac events, where CHF and other
IHD now include both fatal and non-fatal eventsdiibnal outcomes of diabetic ulcer of the lowenth, and
second events for MI, stroke and amputation, wereveld. Definitions of outcomes by ICD-9 are detdiln

electronic supplementary material (ESM) Table 1.

Clinical risk factors We used a set of clinical risk factors as candigagelictor variables that were similar to
those used in UKPDS-OM1 (i.e. systolic blood pres$8BP], HbA,, lipids) but with the following
modifications: HDL and LDL cholesterol were inclutseparately; BMI, peripheral vascular disease (Pafial
atrial fibrillation were updated rather than baselalues used. We also included risk factors shHowacent
studies to be potentially predictive of diabetiengications: micro- or macroalbuminuria [11], estited GFR
(eGFR) [12], heart rate [13] and white blood cellist [14]. Haemoglobin was also included, as it leesn
shown to be an independent predictor of mortafitgatients with CHF [15].

Statigtical analysis Risk equations for first occurrence of eight di@secomplications and three additional
second event equations for Ml, stroke and amputatiere developed. Multivariate semi-parametric prapnal
hazards survival models were derived with timeviengé determined in continuous time from onset abdies,
using the censor date of death or the date ottaghct with the patient. The set of candidate dates for each
equation included time invariant factors (e.g. sge at diagnosis of diabetes), time varying dihiisk factors
(e.g. HbA.and SBP) and time varying comorbidities (e.g. mstif stroke). One year lagged values were used
for clinical risk factors to avoid possible confalimg of risk factors measured post complicatioriuli
description of risk factors covariates is preselmedSM Table 2.

Risk equations for all-cause mortality were devetbfo take account of patients’ complication statudifferent
years. These included logistic models to captusehigh mortality in the year of a complication, aadmpertz
proportional hazards survival models for years Imicl there were no complications. Thus, in anyguetiear,
only one of the four mutually exclusive equatiooasgrediction of absolute annual risk of mortaiitguld be
used. Preliminary analysis showed that all comptica except blindness and ulcer were associatdd wi
mortality in the current year (p<0.05). Hence, ftigi regression models were used to estimate tiwapility of
death in the year of any MI, stroke, amputatiors{for second), CHF, IHD or renal failure. As autesf testing
to best fit and to maximise transparency, we derive separate logistic equations for patients it without

a history of complications.

The two remaining equations for death are multatariGompertz proportional hazards survival models t
estimate the hazard of death in years without &tlyeocomplications defined above. Time to deatk wa
determined in continuous time, with time at riskdelted by a patient’s current age in order to allow
extrapolation beyond the observed follow-up pefitd]. The censor date for deaths was 30 Septentiigt, Zhe



date of linkage to the national mortality database the Office for National Statistics, or the eaff emigration

from the UK, which represents date lost to follogsin the national statistics.

Proportional hazards models for complications agathl were derived using a consistent processéeatsel
significant covariates from the candidate risk prtds. First, binary covariates were excluded frmamticular
event equations if cross-tabulations indicated tivey occurred rarely (fewer than ten occurrencEsn a
multivariate model was fitted with all remainingvemiates, and any not significant at p>0.3 wergpea. The
significant covariates of the final risk model weedected in a backwards stepwise regression a@p<Uhe
parametric form of the underlying hazard was exaahigraphically and models were chosen by consideraf
Akaike’s information criterion for exponential, Weill and Gompertz parametric forms. The proportiona
hazards assumption was tested by examination afedébld residuals [17] in comparable Cox models and
through Cox—Snell semi-log plots. If the effectanfy covariates was identified as non-linear, theyeamodelled
either as categorical variables or as continuolisesfunctions with suitable knot points. We spweifly
investigated any U-shaped Hh/ffect [18] using continuous splines. All analysese carried out using Stata
version 12.0 software (Stata, College Station, TRA).

Handling uncertainty and heterogeneity

Modelled outcomes are subject to several sourcaaadrtainty, which are important to report [19vdforms
of uncertainty are addressed within UKPDS-OM2:Nibnte Carlo or ‘first order’ uncertainty arisesaaresult of
comparing probabilities from risk equations agamsandom number to determine whether events take @t a
patient level. Thus, in any model cycle, two ideatipatients may have different outcomes due tochaNe
minimise this uncertainty by using large numberMohte Carlo replications until the mean of thecomte of
interest is stable: (2) Parameter or ‘second ongiecertainty in the estimated coefficients of theations arises
as a result of natural variation in the patient gienand limitations in the sample size for derivihg equations.
Model parameters cannot be known with certaintydmly within a certain parameter distribution. sptured
parameter uncertainty by bootstrapping (with reptaent) the UKPDS patient-level data and re-estimgail
equations to derive sets of fully correlated regjas coefficients. Parameter uncertainty was threpggated by
using, in turn, these sets of regression coeffisiemestimate different outcomes, thus providimiséribution
from which ClIs can be derived. This approach canfoto the American Diabetes Association guidelores

computer simulation modelling in diabetes [20].

Patient heterogeneity is reflected through indigichatient-level simulation, where it is possildestimulate
whole populations, one patient at a time, and aggeetheir outcomes. Each individual has a unigtefsrisk
factors for estimation of their probability of etenSimulations presented in this manuscript ugkedata on
5,102 (UKPDS) and 3,984 (Lipids in Diabetes Study$]) unique patients.



Internal validation of the model using the UKPDi@&ltpopulation

Internal validation is a necessary step in the ldgweent of a model, providing confidence that mastgiations
have been correctly specified and coded [8]. Waezhput internal validation of the simulation mobg testing
its performance in replicating the incidence of pinations and mortality over 25 years of follow:Uphis
involved using the observed clinical risk factoofiles of all 5,102 UKPDS patients over 25 yearshwisk
factors carried forward when missing or at the ehfbllow-up. We compared simulated cumulative dedl of
each of the major outcomes of the model with treeoled (Kaplan—Meier) cumulative failure of evamtsler

the assumption adopted in many clinical studiesdbath as well as date of last contact are camgenents.

External validation, which tests model output ageindependent data, is beyond the scope of thisistaipt
and will be fully addressed in future publicatiok#e present, instead, simulated outcomes usingtannal

patient-level dataset as inputs to check on theisteancy and face validity of the model.

Comparisons of outcomes from UKPDS-OM1 and UKPDS2X3ifnulations

We compared UKPDS-OM1 and UKPDS-OMEdictions using as model inputs data on 3,984 miatwith
non-missing risk factors from a contemporary exdedataset, the LDS [21]. We used both models ¢dipt 10
year cumulative event rates and remaining life etqeey for selected age groups. There are no obdewvent
rates for the LDS, due to the study being stopely.eGiven the illustrative nature of these apgtiicns we
assumed clinical risk factors to remain constaetr ¢lre 10 years and did not apply a discount Fade.
comparisons of life expectancy, we ran both mottetsgye 100 for selected age groups: 50-54 year€46@ars
and 70-74 years. Point estimates of life expectaveng derived from 1,000 Monte Carlo replicationd 85%

Cls were determined from non-parametric bootstragppi

Sensitivity analysis

We carried out one-way deterministic sensitivitalgsis to increase understanding of the relatignbbiween
model inputs and outputs [20, 22] and to deterrttieerelative importance of patient characteristiodriving
aggregate outcomes of life expectancy. Using pialemel data from the LDS as inputs, we investiddte
impact on remaining life expectancy of individuatlyanging continuous risk factors by +1 SD of treamand
of doubling and halving the rates of binary vargsxs$uch as smoking.

Results

Risk equations



The median follow-up time of patients was 17.6 geard up to 89,760 patient-years of data wereaailfor
model fitting. Numbers of events and average ekeges observed during the UKPDS trial and PTM hoaws
in Table 1. For each outcome we had at least tthieeumber of events as used in the estimatioheoUKPDS-
OML1 risk equations (e.g. 504 stroke events compaitddl57 in UKPDS-OM1).

We observed many linkages between events (e.gndpavinistory of IHD increases the probability o¥ing an

MI), shown schematically in ESM Fig. 1. The new rabldas more linkages between equations: in UKPDSEOM
there were only five linkages across seven evemndtamns, whilst in UKPDS-OM2 there are 15 linkagesveen
the same seven equations (ESM Table 3).

In general, there were more significant covarigighe new set of event equations. Comparing therse

common event equations across both models, UKPD3-@dvations had approximately five, whereas UKPDS-
OM2 equations have a mean of 11 covariates peltiegu&SM Table 3). The new risk factors such aERG

and micro- or macroalbuminuria were associated wittumber of outcomes (ESM Fig. 1), including salver
types of vascular events (e.g. Ml). White blood celint, an indicator of inflammation, was alsocasated with

a wide range of complications (MI, stroke, blindnemmputation and renal failure). A descriptiorthaf risk
equation covariates, including units, transfornragiand interpretation of hazard ratios, is preskimé&SM

Table 2. All fully specified risk equations, inciad constants, significant coefficients and staddarors are
provided in ESM Tables 4-6, and worked exampldsoo¥ to calculate the absolute risk of an event ooy are

in the ESM statistical appendix.

A diagram summarising the four mutually exclusieath equations and how they relate to patients’
complications status in different years is presgineESM Fig. 2. Smoking was a significant prediétothree of
the four mortality equations, but the classic fattors HbA; and SBP were not significant predictors of
mortality.

Internal validation

The results of the internal validation are presgime=ig. 2. These graphs compare the simulatechanal
cumulative failure (calculated from 1 minus Kapliteier survival) fcor each diabetes complication dedth
up to 25 years after diagnosis of diabetes. Theatnaskd actual time-paths of clinical risk factobserved in
the UKPDS data, but event histories were simulbiethe model. The predicted curves were withinds#® Cls
of the actual cumulative failure curves for all etzeand death. For these simulations with an idptaset of

5,102 patients, the predictions stabilised at add@200 Monte Carlo replications.

Comparison of UKPDS-OM1 and UKPDS-OM2



Estimates of 10 year event rates for the entire tBt$rt (n=3984) and for three selected age colaoetshown

in Table 2. For the cohort as a whole, fewer everi® predicted by UKPDS-OM2 than by UKPDS-OML1 (e.g
UKPDS-OM2 predicted that 10% have MI compared ®itBo predicted by UKPDS-OM1), with the differences
most pronounced in the 70-74 year age group fanahts. Predictions of all-cause mortality wess ébwer at
22.5% from UKPDS-OM2 compared with 31.6% from UKRD$11. The new model predicted less than half
the number of renal failure events predicted by DEFOM1 (0.5% vs 1.3%, respectively), but strok@diess

and amputation were similar in both versions ofabtcomes model.

Consistent with lower predictions of all-cause ralbity, life expectancy predictions from UKPDS-OM2re
greater than from UKPDS-OM1 for each age group éxadn(Table 3). For example, remaining life expecia
for the 50-to 54-year-old cohort was predictedsmy@ars from UKPDS-OM2 compared with only 20 ydeom
UKPDS-OML1. Notably, the 95% Cls of life expectampegdictions were narrower from UKPDS-OM2.

Sensitivity analysis

A tornado plot of the results of the sensitivityabysis (Fig. 3) shows the relative importance @f ¢hassic risk
factors (SBP, HbA and lipids) in predicting life expectancy. It alstwows the importance of many of the novel
risk factors, in particular eGFR, micro- or mackaahinuria, heart rate and white blood cell count.cBntrast,
haemoglobin and atrial fibrillation were signifi¢an few equations and had less impact on aggregatiel

outcomes.

Discussion

We have developed a substantially enhanced UKPD®mes model that uses an additional 38,000 patient
years of observational data (primarily from the Ppé&tiod), almost doubling the follow-up time usedievelop
the original model. During the extra follow-up masgditional complications were observed, includegond
events, as the patients were older and had a lahgation of diabetes; this was also possibly beedie
patients were no longer participating in a clinical. The new outcomes model has a number of itapb
enhancements: re-estimation of the event equatiimelude many additional risk factors; inclusiafnan
additional outcome of lower extremity ulcer; preain of second events for Ml, stroke and amputatiociusion
of additional linkages between complications; amdstantial changes to modelling mortality. The tgrea
number of linkages and the greater number of sigmif clinical risk factors in the equations conguhwith
UKPDS-OML1 reflects the greater statistical poweaafuch larger dataset. For example, in the origimalel,
being diagnosed with IHD elevated the subsequsktai MI; but, in UKPDS-OM2, IHD also elevated thisk
of stroke and blindness. We note that these in&timaships between complications may be due teroth

common factors not currently captured in the model.



Internal validation demonstrated a high degreeoakistency between simulated and observed eveatsadeng
time period. This reliable representation of thelemiology of diabetes complications is pertinenfuture use
of the model in cost-effectiveness analyses, asoouts are usually modelled over a lifetime horiZemsitivity
analysis confirmed the importance of the classik factors in driving model outcomes, but also destated
the importance of the new risk factors eGFR, miamd macroalbuminuria, heart rate and white blagid.cThe
relative importance of clinical risk factors in gieting life expectancy depends on the numbersif equations

in which they are significant and their associdtadard ratios.

In the head-to-head comparison of both simulatiodes, UKPDS-OM2 predicted fewer macrovascular &s/en
and higher survival over a 10 year period. Theessanumber of explanations. UKPDS-OM1 equationgwer
derived from shorter durations of diabetes (upGgédars) and represent greater out-of-sample estaépn
when evaluated over longer durations of diabetéso,Ahe simplifying assumption in this exampleclufical
risk factors remaining at baseline levels, conéetgitional reductions in risk for UKPDS-OM2 thaearot
captured in UKPDS-OM1, but the models diverge #irtpredictions in year 1 when no assumptions adeam
(ESM Table 7). Finally, there were some changeteiimitions in some endpoints (such as the remofal
vascular death from MI) that limited the degreevtuch results can be directly compared. Life expecy
projections were also longer using UKPDS-OM2 folagle cohorts. These are consistent with downweedlar
trends in cardiovascular disease and improvemantwortality and are in line with previously repattestimates
of the reduction in life expectancy due to diab§?&3.

The major strength of our model is that it is basedlata from the longest follow-up study of patsenith type
2 diabetes, including both clinical trial and obsgional data in patients with a long duration i@fletes who
were considerably older than usual clinical triattizipants (up to age 90 years). The explicit nlodgof
second events will enable the model to be used omrBdently in secondary prevention for patientgw
already complicated diabetes [7]. This comprehensivedel of type 2 diabetes mellitus incorporateaitis
modelling at a patient level and has the capaoitpform individualised medicine and analyses fatignt

subgroups.

There are a number of limitations to the simulatiwodel in its current form. While the range of midetd
outcomes has been extended, complications sucypas-tand hypoglycaemic episodes are not incluikdse
were collected during the UKPDS, but not as tregtiencies beyond a small number of deaths from
hypoglycaemia. By expanding the number of outcoamesthe number of input risk factors, the model has
increased in complexity, but in many ways thisaef the nature of a disease that is charactdmsed many
different complications, the occurrence of whictenfis determined by interrelationships betwednféstors
and the patient’s clinical history. Finally, as thneve used stepwise regression it would be usekkpiore the

relationship between risk factors and outcomeghergpopulations to test further the associatidyseoved here.



There are a number of areas requiring further dgveént. In its present form, the model requiresviddal
patient time-paths of clinical risk factors or asgions regarding the time-paths of baseline rsltdrs. We are
currently developing models to predict these timaghp, which can be easily integrated as additisnadimodels
to reflect diabetes management practices in thaelptpns of interest. We also need to demonstretral
validity and the applicability of the model to othgopulations such as those in South East Asiagiwéiie known
to have a different profile of complications [2&urther comparisons with other diabetes simulatimaels and
stand-alone equations such as the UKPDS risk emgjevill allow us to assess whether the new ontes
model has improved predictions in different diabgtpulations. Finally, the use of this new outcemmedel for
cost-effectiveness analysis will require derivatidrQALY weights for events including ulcer and sed events,

and estimation of costs associated with complicatid hese enhancements will be addressed in fwione

A common criticism of many computer simulationsghiat they are a ‘black box’ with users havingittl
understanding of the underlying relationships betwiaput values and outcomes of the model. By eshtthe
UKPDS-OM2 takes a completely transparent appro@gcB4], in which we have fully reported its devetmmnt,

the equations that determine all outcomes andlgfeeithm used to bring the elements of the modgétber.

The model will contribute to a greater understagdifithe progression of diabetes and its compbeatiand is
likely to be used widely be epidemiologists, healtbnomists and trialists. It will play a majoreah
comparative effectiveness, in cost-effectivenesdyars and in the evaluation of strategies fontheagement

of diabetes in the future.
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Tablel Number of events and average event rates obsewetydJKPDS and PTM for 5,102 participants

with newly diagnosed type 2 diabetes mellitus

Event Total number of eventy Annual event¥ate
Death 2,260 0.0252
First Ml 1,014 0.0113
Second MI 169 0.0019
First stroke 504 0.0056
Second stroke 78 0.0009
CHF 351 0.0039
IHD 749 0.0083
First amputation 171 0.0019
Second amputation 58 0.0006
Blindness 271 0.003
Renal failure 113 0.0013
Ulcer 97 0.0011

Calculated from total number of events/total patiezars



Table2 Comparisons of simulated percenfagfepatients with events at 10 years from UKPDS-Qiviti UKPDS-OM?2

Event type 50-54 years 60—64 years 70-74 years All ages
(n=555) (n=819) (n=578) (n=3,984)

OoM1 OoM2 OoM1 OM2 OoM1 OoMm2 OoM1 OM2
First MI (%) 14.9 7.5 225 10.3 29.6 13.3 21.0 99
Second MI (%) n/a 0.9 n/a 1.0 n/a 1.1 n/a 1.0
Ulcer (%) n/a 15 n/a 1.9 n/a 2.2 n/a 1.8
Blindness (%) 2.2 2.2 35 3.1 4.9 3.95 33 2.9
IHD (%) 8.6 6.9 10.3 8.3 10.5 9 9.5 7.8
First stroke (%) 3.3 3.3 7.9 6.4 14.2 10.7 7.6 2 6
Second stroke (%) n/a 0.3 n/a 0.7 n/a 15 nfa 710.
Renal failure (%) 0.9 0.3 14 0.6 1.6 0.75 1.3 50
First amputation (%) 1.7 1.3 2.0 1.6 1.7 1.8 1.8 15
Second amputation (%) n/a 0.4 n/a 0.6 na 04 n/a 044
Heart failure (%) 3.0 2.5 5.9 4.3 9.9 6.4 5.7 0 4.
Death (%) 145 11.1 321 22.3 58.8 43.3 31.6 522.

%Calculated from total patients having event by éarg/number patients at baseline

n/a, not applicable



Table3 Simulated life expectancy (95% CI) for three aglkarts using patient-level data from the LDS cohort

Patient group N Duration of diabetes| Remaining life expectancy (95% CI) jn

Mean (SE) years

UKPDS-OMP UKPDS-OM?2

50-54 years 554 6.4 (0.21) 20.0 (17.7-23.0)  2541525.7)
819 8.1 (0.21)

60-64 years 13.9(12.7-16.2)  17.7 (17.1-18.3)
70-74 years 578 9.3 (0.28) 9.1(8.4-10.7)  11.741R.2)

®Based on simulations for 40 years (maximum possilitle this model)

PBased on simulations to age 100 years



Fig. 1 Flowchart showing structure of simulation model

Fig. 2 Comparison of simulated (red squares) and actalii (slack lines) Kaplan—Meier cumulative failure
(CF) and 95% CI (dashed black lines) of diabetespiirations and death over 25 yeags.Kirst Ml; (b) first
stroke; €) CHF; d) IHD; (e) first amputation;f( renal failure; §) blindness; it) ulcer; {) second Ml; |) second
stroke; k) second amputationt)(death from any cause. Graphd) have differeny-axis scales. Large Cls for
second events reflect the low numbers of patidnisla particularly in the early years of diabetdicer data

only available to 20 years.

Fig. 3 Tornado plot showing one-way sensitivity analygisteange in life expectancy of a cohort of 3,9843.D
patients arising from +1 SD (grey) and -1 SD (whifeange in continuous clinical risk factors andbabling
and halving of binary risk factors. To convert veduor HbA. in % into mmol/mol, subtract 2.15 and multiply

by 10.929 or use the conversion calculator at wiralie.nu/eng/
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Life expectancy (years)
184 18.6 188 19 19.2 194 196 19.8 20 20.2

SBP 143420 mmHg | |
LDL 0.078+0.016 mmol/I | |
HbA, 8.2+1.5% I |
eGFR 77.5+15 ml min-1(1.73 m)2 I |

White blood cells 6.8+1.8x10%/ml | |

HDL 0.028 +0.07 mmol/I I |

BMI 30.5+6 m/kg? | |

Heart rate 72112 bpm
Haemoglobin 9.0+0.8 mmol/I il

Smokers (30%, 15%, 7.5%) | |
Micro-/macroalbuminurea (35%, 17.7%, 9%) | |
Atrial fibrillation (1%, 0.5%, 0.25%) EII
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ESM File Legends
ESM Figure 1. The event equations showing significant explanatory variables, hazard ratios,

event numbers and linkages

ESM Figure 2. Schematic diagram showing the four mutually exclusive death equations and
how they relate to patients’ complications status in different years. Death equation 1
applies to patients with no pre-existing or current year complications. The elevated
mortality in the first year of any M, stroke, IHD, CHF, renal failure or amputation event is
modelled with a logistic equation (equation 2). Death equation 3 applies when there are
pre-existing but no current year complications and equation 4 for subsequent years in which
there are both current and pre-existing complications. The graphs, based on real data
pertain to a male, with a non-fatal stroke event at the age of 60 and amputation at the age

of 79
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