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(57 ABSTRACT
The present disclosure provides for diabetes risk engine
systems and methods for predicting diabetes progression and
mortality in a patient with type 2 diabetes mellitus, for the
U.S. population, including the building, relating, assessing,
and validating outcomes (BRAVO) risk engine. The
BRAVO risk engine includes a diabetes-related events mod-
ule to predict an occurrence of one or more events, a risk
factors module to predict a progression of risk factors, a
mortality module to predict an occurrence of mortality, and
a display interface configured to display the predicted risk of
diabetes-related events or mortality. Risk equations for pre-
dicting diabetes-related microvascular and macrovascular
events, hypoglycemia, mortality, and progression of diabetes

Int. CI. risk factors were estimated using the data from the Action to
A6IB 5/00 (2006.01) Control Cardiovascular Risk in Diabetes (ACCORD) trial.
GI16H 50/30 (2006.01) The BRAVO risk engine preferably includes risk factors
GI16H 5020 (2006.01) including severe hypoglycemia and common U.S. racial/
GI16H 50/50 (2006.01) ethnicity categories, compared to the UKPDS risk engine.
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eTable 1. Baseline characteristics of ACCORD cohort ©
ACCORD

162~ Variables
Mean S0,
Age {yrs) £2.7700 7.0873
Proportion Female {0-1) 0.3855 0.4860
108~ Duration Diabetes {yrs) 10.8000 8.0998
190- Height {m} 1.7017 0.1012
184 Race Class o
White (0-1} | 0.6236 0.4860
Black {0~1} ] 01903 $.3949
Hispanic {0~} | o.0710 0.2632
- Others {01} 0.1139 (.313%
134 -Smoker {0~1) 0.1400 0.3442
n Education{High Schoot Above} 0.2597 0.4354
202 126-HbALc (%) 8.2835 10125
132~-1DL {mg/dl} 104.7218 334116
128 -SBP {mmHg} 136.1532  16.1896
130-Weight {Kg) 93.51 18.22
210~ History of Comorbidities

b " 436 Stroke | 00615 0.2402
134 140 CHE | 00482 02142

138 M 0.16 0.26

o 142 Angina | 0.1159 0.3177

144 — Revascularization |  0.2240 0.4169

" 152 o Nuropathy 0.00 0.00

146 150 - ———Blind | 0.0000  0.0000
148 ESRD| 00000 00000

F1G. 4
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aTable 2. Variables included in the risk engine
Abbrevistions Definitions Units
188 Biomedical
Factors Glycated hemoglobin %
systofic blood pressure mmbg
Low-density ligoprotein mg/dl
Weight measurerent kg
BMI measurement kgim?
190 Demographic Age Age at time of the event Years
Age_at_diagnosis Age when T20M was diagnosed Years
Duration - 168 Duration of T2DM Yeuars
Female 1 for female, O for male 1/0{ Yes/No}
Education 1 for above college, 0 for below college 1/0{ Yes/No}
Smoking - 234 if current smoker 3/0 [ YesiNo)
Race Class {ref=Af Am}
White 1 for white 10 { Yes/No}
Hispanic 1 for Hispanic 1/0 { Yes/No}
1 for others besides white, Hispanic,
Others Asian and African Amarican 170 { Yes/No)
210-Compiications | M History-.. . 138 Myocardial infarction before this year 1/0 { Yes/No}
B Events-” M this year 1/G{ Yes/No)
ag CHF H§5£c:'ry\>._w__ 140 Congestive heart failure belore this year 1/0 { Yes/No}
134 CHF Bvents CHF this year 1/0 { Yes/No}
troke History. 136 Stroke before this year 1/0{Yes/No}
troke Events - Stroke this year 176 { Yas/Ro}
Anging History~ 44 Angina before this year 176 { Yas/No)
Angina Events Angina this year 170 { Yas/No)
Revascularization,
History 44 Revasculatization surgery before this year 1/G { Yes/Wo)
Revascularization’
Events Revascularization surgery this year 1/ { Yes/No}
“| Blindness Héstory\_\/i 50 Blindness before this year 170 { Yas/No}
) Blindnass Events -~ Blindnass this year 170 { Yes/No}
146 - ESRD History | y4q  ESRD beforethis year 1/0 { Yes/No)
ESRD Events—” ESRD this year 1701 Yes/Na)
Severe pressure sensation ioss before this
SPSL History., 1%y year 170 { Yas/No}
5PSL Events 7 5PSE this year 170 { Yes/No}

FI1G. 5
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eTable 3. Prediction eguations for time varying risk factors
1% RETRRNE> 130 156 ;138 234
Woalc’ | sep’ | b’ weight! | SSVETE /L Symptomatic | groing
E 5 : Hypoglycernia | pynoglycemia |
Intercept 3330 163935 | 38185 6.126 2854 | 5845 -1.572
L1-HbALL -0.459 ! §
2-5BP¢ 0476 | :
L1y : | 0590 §
{1-Weight § .982 :
L1-Smoking ; L 3.623
L2-Smoking : : L 2.113
Log{Duration} 0,087 | P1459 ;
Age : | -0.064 0.039 -0.0%2
HoAle : -1.009 0163 |
HbALer2 E : .072 :
B ; -0, 016
Diabetes Duration § 0.047 0045 |
Education{Above College) ~(.246
Female 5 (3,285 ~(.083
Race
Hispanic : 0311 L -0.286
Dthers -1.093 L -0.349
White ’ -0.663 L -0.162
Functional Form Linear \.,__g__@inear | Linear Linear Poisson -, L Polsson JLagistic
&0 246 " 244

FIG. 6
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A2 100

eTable 4. Differences between RECODE risk equations and BRAVC risk equations | 3 &

[ RECODE  BRAVO |
infer clinical decision {e.g. risk stratification, and patient heterogeneity} Yes ¥es
174 a Short-term outcomes prediction (<=10 years} Yes Yes
Long-termor lifetime outcomes prediction Yes
Support discrete-time event simulation and cost-effactivenass analysis Yes
¢  Aflow 1st {stochastic) order uncaertainty Yes
o Alfow Znd order uncertainty ¥es
%QQ e Allow time-varying risk factors Yes
208 e Allow inter-related diabetes complications Yes

Need to mske assumptions on haseline hazards Yas*

*The requirement is 2 weakness

FIG. 7
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400 L

Recetving a farget population dataset comprising a series of
baseline characteristics of the target population

Assigning parameter values based upon a user defined
distribution of population characteristics

406

Analyzing, using a computer processor, the population dataset ™ )
for generating a diabetes risk engine wherein diabetes duration
is used ax 3 time index, said diabetes risk engine operating one
or more inter-correlated risk equations configured to determine
the nisk of a diabetes-related event or mortality of the patient

408

Adjusting the risk engine based npon new data coflected based
upon a new set of annual values collected during the generating
of the population dataset

- 410

Receiving a first patient medical information comprising
clinical, biomedical, and demographic factor mforpation from
a first pattent user

Predicting & risk of an occurrence of one or more diabetes-
related events

. 414

Providing at least one clinical or behavioral modification”
recommendation

- 416

Tracking the survival status of a user taking action toward
achieving goals associated with improving health
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Table 3. Definitions of variables included in the rigk snpine

US 2019/0357853 Al

Abbrevistions Hefinitions i
136 T bbAe 2 years oving average of yeerly value %
igi LB 2 yours moving average of yearly value kg
1ig. L 3 years manding average of yeady value i
"“?Ij."~~ Bosh/\Waights 2 years moving sverage of yeariy vale ki
B 2 yeary moving average of vesdy valug ki’
Age Agn of time of the event
162 Age st Disgnosis Ape at diagrase of V20
O fharation HMumber of Years sher diagnose of TR Yaars
Fpmale 1 for female, Ufor male
e Ediscation 1 for wbove colflege, O for below college
T Amoking 1 for current smaker, § for noresmuker
RacaCias {refeiiank)
e i forwhite 3 { Yes /el
Mispank 1 for Hisganic G Yeu o)
{ithers 1 for others besidey white, Bisgande snd Back 143 { Yeafn)
138 B Encounterd M before this eear 10 { Yas/No)
Erpounterd M thisyeay TG { Yes /o)
. Y_H:t/C HE History Encourderd CHF bafors this veur W0 { Yasfn)
i “OHE gventy Encosternd DHF this yedr 30 {Yes /o)
136 e TGRS, History Eanoanterd Stroke before thivyear 10 { Yo o)
\ﬁtmkenﬁmm\ Encovrterd Seeoke this vear 1A { Yos/MNa)
142 Angh History Envounterd Angiva before this vewr 18 {Yes/No}
SAnging_events Encounterd Angine this vear I Yesfhn

o oRevase History
“Revase_svants

150 - Blinlaess, Histary

“Blindness_events

148 _ESRD History

CERRD_events

-Meuropathy Mistony

“Neuropathy_events

Encountard Revescularivation surgery before this vear
wlarization surgery this year

Encounterd Sevasy
Encounterd Blindnass befors this vear
Enconterd Bingdmess thisvear
Envounterd ESRD befors this vear
Encounterd B3R this veur

Encounterd Neuropathy before this yaur
Encoumtped Negropathy this year

140 { Yes/Nol
170 DYes/hed
1A {Yesfhal
140 Yes o}
155 { Yesfhad
1A Yesihol
10 Des /i
1A { Yes el

FiG. 12
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Table 4. Demographic charactaristics of AUCORD coburd

‘ ACCORD
Muear S0

Variabiles

Age {yrs) BRI 7R3
Proportion Female (1) {13855 48640
168 - Dryration Diabetes {yrs) B0 RAG08
Helght {m} 1 VA i
Rue Clans

PioonEzs 3.4860
A3 0805 o3
Mispanic (0°1) | 00718 02632
; Others (071} | 01135 03139
T Smeker {071) L0408 03442
Education{High Schoot Above) (.2547 {14454
2. HbALe %) L onaeas 10u5
28 LB {rag/di 1047718 334118
~SBP frmbg) 136,158 161996
30— Waight {kg} L 935 B2
History of Comorbidities
N e BHORE L GOBES D862
34 140 {LHF“ 0.0482 {12342
T oM 016 o
4 U Anging | 01138 (3177
0 T-Revasculanization | 02240 04169
146 p T Nuropathy | 0.00 o0

‘sfxfi’zstﬁg 51
Black (1) |

B T Blind L 00000 £3.0000
e BSRO om 30000

F1G. 13
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Table §. Pradiction squation for Stroke’

a4 O
_ Lower Lppwr
126 o ybaie BOAT s 1,353 1,365 1,570

R 025 0005 1038 18 1040

Yariabing Copflicient S.E, {38

I £ 18 iRy B K7 1.00% 1405 1013
138 . Age At Diagonuse 4,046 R 1047 1005 1076
136 T M Histary DA13 0avR 1 R4S 1502 3617
T Ghoke History 1.42% DNy 3 080 2453 A623

LoglSoale) 10028 s

LoglShana (586 {3,400

FiG. 14
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172
140
4 ,,
Table 6. Prediction equation far CHE
Yarfahles Coetficlent 5.5, He ELAR ,
Lower Upipasr
1o HbALe o103 6.052 i em 12w
1g. 8P fhut? 0003 1047 Liy 1.023
e 0. 03% 009 1080 1081 L1078
PP Sever_typoglycemia . 683 0.231 1980 LI59 A1
Ecducatio SR .14 HETG (440 0,761
8. Age At Diagonuse & 0%e 00 1058 1043 107
AL History 0. 800 £.120 182 1440 2308
1y CHE_History Lo24n £.131 3476 268 4,494
T Revase, History 4,794 6,117 3.212 1,758 2782
Lag{Soale} o0 £5.393
loglShaps) 0.738 3.061

F1G. 16
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Table 7, Prediction aquation for M

G5% Ol
....... Lower Upper
63 0.042 147 LoEe 1781
ny 0.001 LOOT L808 1008
0.152 2286 1566 33m
% £.131 1195 no2d i
33

Vasiables Coetficiant 5.E. HR

iR

i

126 e Mo

o RN

T Sever Hypoglycemia }

o

8

Db gmnidng TR g3l LIS
Age AL DHagonose 1 £.006 1031 1019 1.044
Female -8, 292 0.08% 4747 (.53 {1900
Racn

£
£
¢
§

i

Hispanic f.Exy 0.3 1367 0.R40 1.913

Cithers LT (183 1A% pam 1,831

Wiiite 6,823 (4.139 1687 1330 2,172

Edutation -1 384 0,106 BERT 0553

;i‘ A History 8. 487 0,106 1637 1,335

144 Angina_History h.217 5112 1,243 G447

S Bevase Mistory 0472 £.100 1608 1338
LoglSoale) 6. 311 (.71
Log{Bhape) 4,538 (056

5

3
2

-
g%

(R SO W -]
S >

[P BT Y
i1
-3
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Table 8. Prediction equation for Anging
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Yartables

Coeficiant LE MR

95% 01 »
Lowse Unper

- Hndle

130 .. EEE

132 - LR,

1o Sever, Hypoglycamia
Rl History

VAo Anging, Mistory

(44 _
- Fevase Mistary

. 189
¢ 1RY

& i

{051
G018
G037
8.074
.12%

1208
14047
1304
1.88%
1451

0.515  gage 1574
1391 046 3,290

007 1048
14300 1008
LR 325
L1334 1E8Y
A8 2.158

Byt 4212

P

s

[

P

Logilioate}
Logfthapel

S.596
SO7R

FIG. 20



Patent Application Publication Nov. 28,2019 Sheet 21 of 44  US 2019/0357853 Al

172

FIG. 21



Patent Application Publication Nov. 28,2019 Sheet 22 of 44  US 2019/0357853 Al

(144
4
Table B, Prediction equation for revascularization smgu\,’
Varlghles Loeflicient SE. MR : ezl
Lower Linper
L T . thk 4.029 1O 1.611 1.133
{28~ 4B 0,006 3002 1006 1002 1010
0. B B.1a7 0.057 1182 1037 1.321
Riirn -8, 00 G001 4598 £.9895 LO0G
Female SR R 3.73% £.639 0837
Rats
Hispanic (.14 {1148 1110 (1830 1.48%
Others &, 166 £3.126 1181 0832 1R
e White 4, 384 $.080 1.4464 1.237 1748
T Gprohe History {338 0,108 1377 1118 1,703
M2 pnging History 4. 342 GO 1408 1208 1640
144 Revase History {.845 0,085 3328 2.050 2.644
Log{Soate) FoaR3 03,793
Logithapel 3.264 0,037

FIG, 22
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072 148
A | ;
Table 10, Pragiction equation for ESAD
Variables Coefficin 5 E, HR : %% ¢l ”

Loy Unper
126 - HbATe g, 121 3.060 1.12% 1003 1.26%
N G014 3,004 A4 Lo06 1022
140 e {HF Mistory 8. %143 4315 e . s 51
B0 Biindness History 8. HEY 0035 1493 1357 5 157

LogiScale) . 45 {01

Log{Shape} 8.23% Q08D

FIG. 24
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Table 11, Prediction syuation for Blindness
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Wariahiss

Comfficiant

AE

o
o

32 -
156 .

HbaLe

T 5BR

Lil

- Severe Hypoglycemia

Agw at Blagnose

3,174
ENE A et
&, a4
§.417%

{

£, 473

(038
G003
£.001
0,205
G005

fet Bt B e R

o S s S S
et 5 g @
PR -SR]

o oAe 1

5%
Lower Uppey
1108 1382
1008 1021
1.003 1006

1.015 £.268
L4

Hace
Hispranic 60531 po4d 1701 1283 1255
{thers f1. 163 {.341 1,178 (.885% 1.58%
Wihite §.478 £ 1081 0. 8RY 1326
Education -4 3G {1095 {1,741 0,615 .84
Loglboate) &. 431 8277
Log{Shape) {3 597 (3.054

FIG. 26
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Table 12, Prediction equation for SP%,
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Yariabdes

{nethcient

£

E.

HA

B% O
Lower

Upper

126 ‘ Hbilc

TSBR
{32 o E§0: 8
Age at Diagnoss
Fermale
Race
Hisparde
(thary
Wiite
156 ..

“ Blvubnss Mistory

{284
0148
SIS
£, 424

DAY

MRS %
-8, 384

£, 302

{312

(030
{062
8.0

(148
0.140

0.081
0.149

1328
1040
FRERN
L

G735

{1,847

0,552

1.224
1,368

3.40%
144
LA

1253
1006
PRELE

1.044 1334
2637 4836

D634
{1430

1132
4,738

1434
1838

1.044
1030

LogiSeate}

&, 344

0501

&.351

boaz
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DIABETES RISK ENGINE AND METHODS
THEREOF FOR PREDICTING DIABETES
PROGRESSION AND MORTALITY

CROSS-REFERENCE TO RELATED
APPLICATIONS

[0001] This application claims the benefit of priority of
U.S. Provisional Application No. 62/676,273, filed May 24,
2018, the disclosure of which is hereby incorporated by
reference in its entirety.

BACKGROUND OF THE INVENTION

Field of the Invention

[0002] The present invention generally relates to risk
engines for disease management and more particularly
relates to diabetes risk engine systems and methods for
predicting diabetes progression, mortality, and generating
recommendations and actions for healthcare advice for
general improvement of patients.

Description of the Related Art

[0003] The growing population of type 2 diabetes mellitus
(T2DM) in the United States and abroad has led to dramati-
cally increased costs in managing diabetes, including treat-
ing diabetes and its complications. A majority of the diabe-
tes-related costs are the result of micro/macrovascular
complication events. The most common diabetes-related
macrovascular events include myocardial infarction (MI),
congestive heart failure (CHF), and stroke. The most fre-
quent diabetes-related microvascular events include AQ3
retinopathy (e.g., edema, blindness), nephropathy [e.g., end-
stage renal disease (ESRD)], and neuropathy [e.g., severe
pressure sensation loss (SPSL), amputation].

[0004] To better manage the growing T2DM population in
an environment of constrained healthcare resources, there is
aneed for system-wide improvement and redesign, which in
the current ‘big data’ era, is made possible through embodi-
ments disclosed herein, using outcome-driven and evidence-
based diabetes management. As disclosed herein, prediction
models can help develop sophisticated and well-designed
diabetes management strategies and models. Prediction
models, disclosed herein, can better profile the risk of
patients so that more healthcare resources can be effectively
allocated to those with more health needs.

[0005] Several conventional diabetes models in the United
States have been used to describe disease progression and
compare the cost effectiveness of different therapeutic strat-
egies, such as, the CORE diabetes model, the University of
Michigan model for diabetes, the Swedish Institute of
Health Economics model, otherwise known as the Econom-
ics and Health Outcomes in T2DM Model, the United
Kingdom Prospective Diabetes Study (UKPDS) outcomes
model, the Centers for Disease Control-Research Triangle
Institute diabetes cost-effectiveness model, the Cardiff
Research Consortium model, and several others. These
conventional models have been used to support the out-
come-driven evidence-based diabetes management in sev-
eral areas, such as, comparisons between therapeutic plans,
evaluating potential benefits of achieving treatment goals,
and policy impact on T2DM. However, these diabetes
models rely heavily on the UKPDS risk engine and
Framingham equation that was developed using data from a
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UK diabetes cohort collected from the 1970s of Furopean
populations. The UKPDS population differs significantly
from the current U.S. population in terms of race/ethnicity,
definition of diabetes, treatment algorithm, and screening
methods to assess complications and comorbidities. Further,
the baseline hazard of diabetes-related events may vary over
time and may differ between the UKPDS population and the
current U.S. population. Using a UK-based risk engine to
predict U.S. diabetes management raises significant con-
cerns on the prediction validity.

[0006] While these models may be moderately suitable for
the particular purpose employed, they would not be as
suitable for the purposes of the present invention as dis-
closed hereafter.

[0007] Accordingly, there is an urgent need for new and
improved risk engines that are developed based on a U.S.
population, to better support decision making in clinical
practice in the United States.

[0008] There is a need for new and improved diabetes
modeling that incorporates new data and that can be tailored
to changing national priorities in the prevention and treat-
ment of diabetes.

[0009] Assessing the risks and progression of diseases can
be useful in disease prevention and mitigation.

[0010] Inlight of the discussion above, there is a need for
new computer implemented methods and systems for pre-
dicting diabetes progression and mortality, which alleviates
one or more of the above mentioned deficiencies.

[0011] Therefore, one object of the invention is to provide
for a Building, Relating, Assessing, and Validating Out-
comes (BRAVO) Diabetes Risk Engine based on the U.S.
diabetes population, which provides an alternative risk
engine for U.S. researchers and policy makers.

[0012] It is yet another object of the invention to provide
a critical predictive modeling tool to evaluate new T2DM
drugs.

[0013] Itis yet a further object of the invention to provide
a diabetes model to include race segmentation relevant to the
target population for clinical intervention.

[0014] Another object of the invention is to provide a
novel approach to using clinical trials with a limited length
of follow-up time.

[0015] Through embodiments disclosed herein, the
BRAVO risk engine provides more accurate predictions over
a range of long-term outcomes as opposed to other current
models. Thus, the BRAVO risk engine provides substan-
tially improved assistance in making clinical and policy
decisions.

[0016] As the most commonly used regression class to
model the risk of clinical events, the parametric proportional
hazard function was applied in the BRAVO risk engine. The
main reason for researchers not being able to update the
UKPDS risk engine is the data limitation issue. To fit
prediction models for a lifetime disease progression, a
clinical trial with more than 30 years follow-up time was
required. There are no other clinical trial with such a length
of follow up as UKPDS trial. However, even if there was
one, by the time the 30 years follow-up data would be
collected, the data itself would become outdated.

[0017] The BRAVO risk engine uses diabetes duration as
a time index to simulate diabetes progression and mortality
over a period of 40 years, in accordance with embodiments
of the invention. Such embodiments of indexing time by
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diabetes duration enables one to estimate the time depen-
dency of diabetes on events and mortality.

[0018] As disclosed in this application, the inventor has
discovered novel and unique systems and methods for
efficient and comprehensive prediction of diabetes progres-
sion and mortality, which exhibit superlative properties.
[0019] Embodiments of the present invention provide for
systems and methods, as disclosed herein, defined in the
annexed claims which provide for an improved risk engine
that can predict a range of long-term diabetes complications
and mortality, thus assisting in making clinical and policy
decisions for people’s health and well-being.

SUMMARY OF THE INVENTION

[0020] The following presents a simplified summary of the
present disclosure in a simplified form as a prelude to the
more detailed description that is presented herein.

[0021] Therefore, in accordance with embodiments of the
invention, there is provided a diabetes risk engine system
having at least one processor, at least one memory unit
containing computer program code, a diabetes-related
events module configured to predict an occurrence of one or
more diabetes-related events through an iterative process, a
risk factors module to predict a progression of one or more
risk factors through the iterative process, a mortality module
to predict an occurrence of mortality of a patient through the
iterative process, and a display interface configured to
display the predicted risk of the one or more diabetes-related
events.

[0022] In one embodiment, the risk factor is selected from
the group consisting of glycosylated hemoglobin (HbAlc),
systolic blood pressure (SBP), weight, and low-density
lipoprotein cholesterol (LDL-C).

[0023] In another embodiment, the diabetes-related event
is a macrovascular event. Exemplary macrovascular events
include stroke, myocardial infarction, congestive heart fail-
ure, angina, and revascularization surgery.

[0024] In yet another embodiment, the diabetes-related
event is a microvascular event. Exemplary microvascular
events include end stage renal failure, blindness, and severe
pressure sensation loss.

[0025] Inoneembodiment, the diabetes-related event is an
adverse event. Exemplary adverse events include severe
hypoglycemia and symptomatic hypoglycemia.

[0026] The ACCORD dataset used for the BRAVO risk
engine features: a record of diabetes duration for each
patient and patients’ diabetes duration varied from 0 years to
40 years in the dataset. Regardless of the maximum 7 years
follow up length for this clinical trial, the invention has
detailed records for the incidence of events, as well as the
risk factors and history of events at each time point after
diabetes onset. This feature enables the BRAVO risk engine
to more accurately estimate the hazard rates at each time
point after diabetes onset, and a lefi-truncated survival
regression applied to estimate the prediction equations of
each diabetes related event.

[0027] Therefore, in accordance with embodiments of the
invention, there is provided a method of predicting diabetes
progression and mortality. The method includes a first step
of receiving a target population dataset having a series of
baseline biological characteristics of the target population.
The method has a second step of assigning parameter values
based upon a user defined distribution of population char-
acteristics. A third step analyzes, using a computer proces-
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sor, the population dataset for generating a diabetes risk
engine wherein diabetes duration is used as a time index.
The diabetes risk engine operates one or more inter-corre-
lated risk equations which can be used as a predictor to
determine the risk of a diabetes-related event or mortality of
the patient. A fourth step of the method adjusts the risk
engine based upon new data collected based upon a new set
of annual values collected during the generating of the
population dataset. A fifth step of the method receives a first
patient medical information, which includes clinical, bio-
medical, and demographic factor information. A sixth step of
the method predicts a risk of an occurrence of one or more
diabetes-related events with the diabetes risk engine based
upon said parameter values by comparing the first patient
medical information to the population dataset. A seventh
step of the method provides at least one clinical or behav-
ioral modification recommendation based upon the pre-
dicted risk of the occurrence of one or more diabetes-related
events or mortality. An eighth step of the method tracks a
progression and survival status of a user taking action
toward achieving goals associated with improving health
based upon at least one clinical or behavioral modification
recommendation.

[0028] In one embodiment, the method further includes a
step of predicting a progression of risk factors of the first
patient.

[0029] In another embodiment, the inter-correlated risk
equations account for risk escalation as diabetes progresses
and during interactions between complications.

[0030] In yet another embodiment, the first patient medi-
cal information includes risk factors such as medication
adherence, lifestyle modification, and therapy escalation.
[0031] In one embodiment, the diabetes-related event is a
macrovascular event. Exemplary macrovascular events
include stroke, a myocardial infarction, congestive heart
failure, angina, and revascularization surgery.

[0032] In another embodiment, the diabetes-related event
is a microvascular event. Exemplary macrovascular events
include end stage renal failure, blindness, and severe pres-
sure sensation loss.

[0033] In yet another embodiment, the diabetes-related
event is an adverse event. Exemplary adverse events include
hypoglycemia and symptomatic hypoglycemia.

[0034] In accordance with embodiments of the invention,
there is provided a method of predicting an occurrence of
one or more diabetes-related events having the first step of
receiving a target population dataset comprising a series of
baseline characteristics of the target population. A second
step of the method assigns parameter values based upon a
user defined distribution of population characteristics. A
third step of the method includes analyzing, using a com-
puter processor, the population dataset for generating a
diabetes risk engine wherein diabetes duration is used as a
time index. In the third step, the diabetes risk engine
operates one or more inter-correlated risk equations config-
ured to determine the risk of a diabetes-related event or
mortality of the patient. A fourth step of the method adjusts
the risk engine based upon new data collected based upon a
new set of annual values collected during the generating of
the population dataset. A fifth step of the method receives a
first patient medical information such as clinical, biomedi-
cal, and demographic factor information from a first patient
user. A sixth step of the method predicts a risk of an
occurrence of one or more diabetes-related events with the
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diabetes risk engine based upon the parameter values by
comparing the first patient medical information to the popu-
lation dataset of the diabetes risk engine. A seventh step of
the method provides at least one clinical or behavioral
modification recommendation based on the risk of the
occurrence of one or more diabetes-related events. An eighth
step tracks the survival status of a user taking action toward
achieving goals associated with improving health based
upon the at least one clinical or behavioral modification
recommendation.

[0035] These and other features, aspects, and advantages
of the present invention will become better understood with
reference to the following description and appended claims.

BRIEF DESCRIPTION OF THE DRAWINGS

[0036] Illustrative embodiments of the present invention
are described herein with reference to the accompanying
drawings, in which like numerals throughout the figures
identify substantially similar components, in which:

[0037] FIG. 1is a schematic of an exemplary embodiment
of a diabetes risk engine system and environment, in accor-
dance with embodiments of the invention;

[0038] FIG. 2 is the functional form of risk equations and
model selection processes, in accordance with embodiments
of the invention;

[0039] FIG. 3 is a flowchart for microsimulation, includ-
ing a flow control engine and a risk engine, in accordance
with embodiments of the invention;

[0040] FIG. 4 is a table displaying baseline characteristics
of the ACCORD cohort, in accordance with embodiments of
the invention;

[0041] FIG. 5 is a table displaying variables included in
the risk engine, in accordance with embodiments of the
invention;

[0042] FIG. 6 is a table displaying prediction equations for
time varying risk factors, in accordance with embodiments
of the invention;

[0043] FIG. 7 is a table displaying differences between
RECODE risk equations and BRAVO risk equations, in
accordance with embodiments of the invention;

[0044] FIG. 8 is a table displaying parameter estimates of
risk equations in the BRAVO risk engine, in accordance with
embodiments of the invention;

[0045] FIG. 9 is an exemplary flowchart illustrating an
exemplary method of implementing the BRAVO risk
engine, in accordance with embodiments of the invention;
[0046] FIG. 10 is an exemplary flowchart illustrating an
exemplary method of implementing the BRAVO risk
engine, in accordance with embodiments of the invention;
[0047] FIG. 11 is a graphic display of exemplary external
validation results plotting predicted incident rates against
observed incidence rates of CHF (congestive heart failure),
CVD (cardiovascular disease), and MI (myocardial infarc-
tion), in accordance with embodiments of the invention;
[0048] FIG. 12 is a table displaying definitions of vari-
ables included in the risk engine, in accordance with
embodiments of the invention;

[0049] FIG. 13 is a table displaying exemplary demo-
graphic characteristics of the ACCORD cohort, in accor-
dance with embodiments of the invention;

[0050] FIG. 14 is a table displaying an exemplary predic-
tion equation for stroke events, in accordance with embodi-
ments of the invention;
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[0051] FIG. 15 is a graphic display of the predicted versus
observed cumulative incidence for stroke events according
to diabetes duration, in accordance with embodiments of the
invention;

[0052] FIG. 16 is a table displaying an exemplary predic-
tion equation for CHF, in accordance with embodiments of
the invention;

[0053] FIG. 17 is a graphic display of the predicted versus
observed cumulative incidence for CHF according to dia-
betes duration, in accordance with embodiments of the
invention;

[0054] FIG. 18 is a table displaying an exemplary predic-
tion equation for MI, in accordance with embodiments of the
invention;

[0055] FIG. 19 is a graphic display of the predicted versus
observed cumulative incidence for non-fatal M1 according to
diabetes duration, in accordance with embodiments of the
invention;

[0056] FIG. 20 is a table displaying an exemplary predic-
tion equation for angina, in accordance with embodiments of
the invention;

[0057] FIG. 21 is a graphic display of the predicted versus
observed cumulative incidence for angina according to
diabetes duration, in accordance with embodiments of the
invention;

[0058] FIG. 22 is a table displaying an exemplary predic-
tion equation for revascularization surgery, in accordance
with embodiments of the invention;

[0059] FIG. 23 is a graphic display of the predicted versus
observed cumulative incidence for revascularization surgery
according to diabetes duration, in accordance with embodi-
ments of the invention;

[0060] FIG. 24 is a table displaying an exemplary predic-
tion equation for ESRD, in accordance with embodiments of
the invention;

[0061] FIG. 25 is a graphic display of the predicted versus
observed cumulative incidence for ESRD according to dia-
betes duration, in accordance with embodiments of the
invention;

[0062] FIG. 26 is a table displaying an exemplary predic-
tion equation for blindness, in accordance with embodi-
ments of the invention;

[0063] FIG. 27 is a graphic display of the predicted versus
observed cumulative incidence for blindness according to
diabetes duration, in accordance with embodiments of the
invention;

[0064] FIG. 28 is a table displaying an exemplary predic-
tion equation for SPSL, in accordance with embodiments of
the invention;

[0065] FIG. 29 is a graphic display of the predicted versus
observed cumulative incidence for SPSL according to dia-
betes duration, in accordance with embodiments of the
invention;

[0066] FIG. 30 is a table displaying an exemplary predic-
tion equation for all-cause mortality, in accordance with
embodiments of the invention;

[0067] FIG. 31 is a graphic display of the predicted versus
observed cumulative incidence for all-cause mortality
according to age, in accordance with embodiments of the
invention;

[0068] FIG. 32 is table displaying an exemplary prediction
equation for CVD death (logistic regression), in accordance
with embodiments of the invention;
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[0069] FIG. 33 is a graphic display of the ROC curve for
CVD prediction, in accordance with embodiments of the
invention;

[0070] FIG. 34 is a graphic display of the predicted versus
observed cumulative incidence for CVD death according to
age, in accordance with embodiments of the invention;
[0071] FIG. 35 is a table displaying exemplary prediction
equations for time varying risk factors, in accordance with
embodiments of the invention;

[0072] FIG. 36 is a table displaying exemplary prediction
equations for hypoglycemia, in accordance with embodi-
ments of the invention;

[0073] FIG. 37 is a table displaying an exemplary predic-
tion equation for smoking, in accordance with embodiments
of the invention;

[0074] FIG. 38 is a graphic display of the ROC curve for
smoking equation, in accordance with embodiments of the
invention;

[0075] FIG. 39 is a table displaying the exemplary use of
the UKPDS risk engine to predict the ACCORD cohort, in
accordance with embodiments of the invention;

[0076] FIG. 40 is a table displaying exemplary baseline
characteristics of the clinical trials used in external valida-
tion, in accordance with embodiments of the invention;
[0077] FIG. 41 is a table displaying the exemplary com-
parison of prediction accuracy across different models on the
ASPEN cohort, in accordance with embodiments of the
invention;

[0078] FIG. 42 is a table displaying the exemplary com-
parison of prediction accuracy across different models on the
CARDS cohort, in accordance with embodiments of the
invention;

[0079] FIG. 43 is a table displaying the exemplary com-
parison of prediction accuracy across different models on the
ADVANCE cohort, in accordance with embodiments of the
invention; and

[0080] FIG. 44 is a table displaying the exemplary com-
parison of prediction accuracy across different models on the
ACCORD cohort, in accordance with embodiments of the
invention.

DETAILED DESCRIPTION

[0081] For a further understanding of the nature and
function of the embodiments, reference should be made to
the following detailed description. Detailed descriptions of
the embodiments are provided herein, as well as the best
mode of carrying out and employing the present invention.
It will be readily appreciated that the embodiments of the
invention are well adapted to carry out and obtain the ends
and features mentioned, as well as those inherent herein. It
is to be understood, however, that the present invention may
be embodied in various forms. Therefore, persons of ordi-
nary skill in the art will realize that the following disclosure
is illustrative only and not in any way limiting, as the
specific details disclosed herein provide a basis for the
claims and a representative basis for teaching to employ the
present invention in virtually any appropriately detailed
system, structure or manner. It should be understood that the
devices, materials, methods, procedures, and techniques
described herein are presently representative of various
embodiments. Other embodiments of the disclosure will
readily suggest themselves to such skilled persons having
the benefit of this disclosure.
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[0082] Therefore, in accordance with embodiments of the
invention, there is provided a diabetes risk engine system
100 and an exemplary environment 218, which may include
multiple devices. Referring initially to FIGS. 1 and 3, the
Building, Relating, Assessing, and Validating Outcomes
(BRAVO) risk engine 100 and the exemplary environment
218 have at least one processor 102, at least one memory
unit 104 containing computer program code 106, at least one
client user device 220, at least one application server or
other device 222 for running the various engines described
herein, and at least one additional server or database 224.
The processor 102 is configured to execute software instruc-
tions 106 stored on a tangible, non-transitory computer
readable storage medium 104 (e.g., hard drive, solid state
drive, RAM, flash, ROM, etc.). The software instructions
106 preferably configure the computing device 220 to pro-
vide the roles, responsibilities, or other functionality as
discussed herein with respect to the disclosed apparatus and
methods. In such preferred embodiment, the various servers
222, systems, databases 224, or interfaces 220 exchange
data using standardized protocols or algorithms 106, possi-
bly based on HTTP, HTTPS, AES, public-private key
exchanges, web service APIs, known financial transaction
protocols, or other electronic information exchanging meth-
ods. Data exchanges preferably are conducted over a net-
work 226 (e.g., packet-switched network, the Internet, LAN,
WAN, VPN, or other type of packet switched network).
Processors 102 can be embodied by any computational or
data processing device 220, such as a central processing unit
(CPU), application specific integrated circuit (ASIC), or
comparable device. The processors 102 can be implemented
as a single controller, or as a plurality of controllers or
processors. For example, the processors 102 can be imple-
mented using a single core chip or one or more multi-core
chips, among other possible configurations.

[0083] The exemplary memories 104 can independently
be any suitable storage device, such as a non-transitory
computer-readable medium. A hard disk drive (HDD), ran-
dom access memory (RAM), flash memory, or other suitable
memory can be used. The memories 104 can be combined on
a single integrated circuit as the processor 102, or may be
separate from the one or more processors 102. Furthermore,
the computer program instructions 106 stored in the memory
104, and which may be processed by the processors 102, can
be any suitable form of computer program code 106; for
example, a compiled or interpreted computer program writ-
ten in any suitable programming language. The memory 104
and the computer program instructions 106 can be config-
ured with the processor 102 for the particular device to cause
a hardware apparatus, such as the user device 220, the
application server 222, and additional servers or databases
224 to perform any of the processes described below.
Therefore in certain embodiments, a non-transitory com-
puter-readable medium 104 can be encoded with computer
instructions 106 that when executed in hardware performs a
process such as one of the processes described herein.
Alternatively, certain embodiments of the invention can be
performed entirely in hardware. The BRAVO risk engine
100 has been developed to predict 174 a series of diabetes
complications 186 and mortality 178. The BRAVO risk
engine 100 has found a glycosylated hemoglobin level 126
slightly above 7.0% to be associated with the lowest risk for
all-cause mortality 236. With good internal and external
validation, the BRAVO risk engine 100 can be applied as a
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diabetes prediction model 100 and assists in decision mak-
ing for clinical practice 186 and health policy 188.

[0084] Referring to FIGS. 4, 11, and 40, when evaluating
the prediction 174 accuracy of the BRAVO risk engine 100,
especially to explore if it is capable of providing more
accurate predictions 174 compared to the existing models, a
prediction model was applied on ASPEN trials 258,
ADVANCE trials 260 and CARDS trials 262. Because those
three trials had been used as challenges in the Fourth and
Fifth Mount Hood challenge meeting, in implementing the
BRAVO risk engine 100, the prediction 174 results of each
current model on those three trials were extracted and
compared to simulation results of the BRAVO risk engine
100. The prediction accuracy of each model is outlined in
FIG. 43.

[0085] The Atorvastatin Study for Prevention of Coronary
Heart Disease Endpoints in Non-Insulin-Dependent Diabe-
tes Mellitus (ASPEN) 258 was a 4-year, double-blind,
parallel group trial of 10 mg of atorvastatin versus placebo
inpatients with type 2 diabetes. The target LDL 132 level of
the treatment group and control group was 83 mg/dl and 113
mg/dl, respectively. The provided outcomes included 4 years
all-cause mortality 236 rate, CVD 228 mortality rate, non-
fatal/fatal M1 138 incidence rate, nonfatal/fatal stroke 136
incidence rate, and angina 142 incidence rate.

[0086] The Action in Diabetes and Vascular Disease:
Preterax and Diamicron Modified Release Controlled Evalu-
ation (ADVANCE) 260 is a 5-year, double-blind trial, with
a total of 11,140 T2DM patients 122 randomly assigned to
either standard glucose control or intensive glucose control.
The HbAlc 126 target for treatment group and control group
was 6.5% and 7.5% respectively. The provided outcomes
included S-year all-cause mortality 236 rate, CVD 228
mortality rate, nonfatal MI 138 incidence rate, nonfatal
stroke 136 incidence rate, major macrovascular events 134
incidence rate, major microvascular events 146 incidence
rate, and CHF 140 incidence rate.

[0087] The Collaborative Atorvastatin Diabetes Study
(CARDS) 262 is a 4 years, multicenter randomized placebo-
controlled trial. The target LDL 132 level of treatment group
and control group was 80 mg/dl and 120 mg/dl, respectively.
The provided outcomes included 4-year fatal/nonfatal MI
138 incidence rate, fatal/nonfatal stroke 136 incidence rate,
and all CVD 228 incidence rate. The prediction accuracy of
CARDS 262 has been compared to the BRAVO risk
engine’s 100 prediction accuracy, as illustrated in FIG. 42.
[0088] The baseline characteristics 162 and treatment tar-
get 200 of each trial was input into the BRAVO risk engine
100, and end points for each trial was simulated and
recorded. The predicted incidence rate 192 for each end
point are compared to the observed incidence rate 232 in
each trial. This embodiment also calculates the absolute
difference between the predicted 192 and observed inci-
dence rate 232, and compared if the absolute difference of
the BRAVO risk engine 100 prediction 174 was smaller than
the absolute difference provided by other models.

[0089] In such preferred embodiments, illustrated in
FIGS. 1-3, the BRAVO risk engine 100 contains three
separate modules (a diabetes-related events events module
108, a risk factors module 114, and a mortality module 118),
each of which preferably contains a series of regression
equations 172 to predict the occurrence of events 110,
progression in risk factors 116, and mortality 178, as illus-
trated in FIG. 2. Risk factors progress 116 very differently
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under different circumstances, and largely depend on factors
such as medication adherence 212, lifestyle modification
214, and therapy escalation 216. A few potential comorbidi-
ties such as ulceration and amputation were not explicitly
included in the BRAVO risk engine 100. However, these
comorbidities were not included as endpoints in the
ACCORD trial 254, and thus cannot be incorporated into the
BRAVO risk engine 100. Having said that, alternative
embodiments may include these comorbidities. The diabe-
tes-related events module 108 is configured to predict 174 an
occurrence of one or more diabetes-related events 110
through an iterative process 112. The risk factors module
114 is configured to predict 174 a progression of one or more
risk factors 116, which are based on one or more parameter
values 164 and a set of predefined risk factors 202, through
the iterative process 112. The mortality module 118 is
configured to predict 174 an occurrence of mortality 120 of
a patient 122 through the iterative process 112, and a display
interface 124 is configured to display the predicted risk of
the one or more diabetes-related events 176. In certain
systems 100, only the user device 220 and application server
222 may be present, and in other systems 100 the user device
220, application server 222, and a plurality of other servers
224 may be present. Other configurations are also possible.
The additional server or database 224 may be, for example,
a database 224 securely storing one or more population
datasets 160 comprising a series of baseline characteristics
162, medical records, facts, and recommendations 196. The
at least one user device 220 can be, for example, a smart-
phone, tablet, portable computer, laptop computer, or other
computing device. The user device 220 is preferably pro-
vided with a graphical user interface 124 and inputs, such as
a touch-sensitive screen, display, keyboard, mouse, or the
like. Other features are also permitted on the user device
220. The user device 220 can be a terminal device. Prefer-
ably, the user interface 124 is constructed based on Visual
Basic Application (VBA) in Excel 2013 and the risk engine
100 is coded with C++ via Microsoft Visual Studio 15.0
Enterprise Edition.

[0090] Referring to FIGS. 4, 13, 39 and 44, ACCORD 254
is one of the largest studies ever conducted in adults with
type 2 diabetes who were at especially high risk of cardio-
vascular events 134, such as heart attacks 138, stroke 136,
or death from cardiovascular disease 228. The multicenter
clinical trial tested three potential strategies to lower the risk
192 of major cardiovascular events 134: intensive control of
blood sugar, intensive control of blood pressure, and treat-
ment of multiple blood lipids. The lipids targeted for inten-
sive treatment were high density lipoprotein (HDL) choles-
terol and triglycerides, in addition to standard therapy of
lowering low density lipoprotein (LDL) cholesterol 132.

[0091] ACCORD 254 researchers from 77 medical centers
in the United States and Canada studied 10,251 participants
between the ages of 40 and 79 who had type 2 diabetes for
an average of 10 years. When they joined the study, all
participants were at especially high risk of cardiovascular
events 134 because they had pre-existing cardiovascular
disease 228, evidence of subclinical cardiovascular disease
228, or at least two cardiovascular disease 228 risk factors
202 in addition to diabetes.

[0092] All participants were enrolled in the ACCORD
blood sugar treatment clinical trial 254 and maintained good
control of blood sugar levels during the study. In addition,
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participants were enrolled in either the blood pressure trial
or the lipid trial and were treated and followed for an
average of about five years.

[0093] All the diabetes related events 110 were recorded
during the study. Patients 122 in the intensive-therapy group
attended monthly visits for the first 4 months and then every
2 months thereafter, with at least one interim phone call,
with the aim of rapidly and safely reducing glycated hemo-
globin 126 levels to below 6.0%. Additional visits were
scheduled as needed to achieve glycemic 156, 158 goals, as
described previously. Patients 122 in the standard-therapy
group had glycemic-management 196 visits every 4 months.

[0094] The ACCORD trial 254 began in January 2001.
The glycemia trial was terminated due to higher mortality
178 in the intensive compared with the standard glycemia
treatment strategies. Study-delivered treatment for all
ACCORD 254 participants was stopped on Jun. 30, 2009.
All participants are continuing to be followed in a non-
treatment observational study.

[0095] Detailed baseline characteristics 162 of the
ACCORD cohort 254 are provided in FIG. 13.

[0096] The Definition of all risk factors 202 initially
included at the beginning of the variable selection process is
provided in FIG. 12. Acknowledging the potential fluctua-
tion at each measurement of biomedical factors 188 (i.e.,
HbAlc 126, SBP 128, LDL 132 and BMI 130), a moving-
average technique is applied by calculating the average
value of the previous 2 years to extrapolate the value for the
current year. This approach improves the stability of the
measurement on time-varying 170 factors 202 and has been
previously applied to the UKPDS risk engine 256. An
embodiment of the invention uses the value from last period
to predict 174 the probability of current events 176, to
account for potential bias caused by lag of measurement, as
well as the reverse causal effect.

[0097] In the Events Module 108, eight exemplary risk
equations 172 were fitted to predict Stroke 136, nonfatal MI
138, CHF 140, Angina 142, Revascularization Surgery 144,
ESRD 148, Blindness 150, and neuropathy (measured by
severe pressure sensation loss (SPSL) 152). The UKPDS
risk engine 256 was used as the benchmark, combining
current knowledge on other potential risk factors 202 as well
as other potential functional forms 172 to improve the model
fitting process. The clinical 186 definition for each event 110
were reported in the ACCORD trial 254 protocol.

[0098] A Weibull survival regression 240 was fitted to
predict 174 the hazard of stroke 136. Details regarding the
parameter 164 estimates of the regression are provided in
FIGS. 14-15. HbAlc 126, SBP 128, LDL 132, Age at
diagnoses, MI 138 history and Stroke 136 history were
included in the risk equation 172.

[0099] A Weibull survival regression 240 was fitted to
predict 174 the hazard of CHF 140. Details regarding the
parameter 164 estimates of the regression are provided in
FIGS. 22-23. HbAlc 126, SBP 128, BMI 130, age at
diagnose, severe hypoglycemia 156, education, MI 138
history, CHF 140 history and history of revascularization
surgery 144 were included in the risk equation 172.

[0100] A Weibull survival regression 240 was fitted to
predict 174 the hazard of angina 142. Details regarding the
parameter 164 estimates of the regression are provided in
FIGS. 20-21. HbAlc 126, SBP 128, female, race, stroke 136
history, angina 142 history and history of revascularization
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surgery 144 were included in the risk equation 172, as well
as both first order BMI 130 and second order BMI 130.

[0101] A Weibull survival regression 240 was fitted to
predict 174 the hazard of blindness 150. Details regarding
the parameter 164 estimates of the regression are provided
in FIGS. 26-27.

[0102] A Weibull survival regression 240 was fitted to
predict 174 the hazard of neuropathy or SPSL 152. Details
regarding the parameter 164 estimates of the regression are
provided in FIGS. 28-29. HbAlc 126, SBP 128, LDL 132,
age at diagnose, female, race, and retinopathy 150 history
were included in the risk equation 172.

[0103] The risk factors module 114 of this embodiment
tracked the progression 116 of HbAlc 126, SBP 128, LDL
132 and body weights 130 by fitting prediction equations
172 for each risk factor 202. In addition, as smoking 234 was
identified as a risk factor 202 for several cardiovascular
events 134, 146, a prediction equation 172 was fitted using
previous and current smoking 234 status to predict the future
smoking 234 status. At last, as one of the most important
features of the BRAVO risk engine 100, a series of predic-
tion models for predicting 174 both severe hypoglycemia
156 and symptomatic hypoglycemia 158 were fitted.

[0104] Parameter 164 estimates for OLS regressions 248
to predict 174 risk factors 202 are provided in FIG. 35. In
general, the method is used to predict 174 the value of
current year based on value from previous year. L-HbAlc
126 denotes the HbAlc 126 level at last year. For HbAlc
126, as evidence suggests an increasing trend over time 170,
the method added the duration of diabetes 168 as a risk
factor 202 to introduce the upward tendency over time 170.
On the other hand, the body weights 130 for T2DMs tend to
increase over time 170, but start to decline after around their
80s. The method included age as a covariates with negative
coeflicient to represent this declining trend.

[0105] The BRAVO risk engine 100 uses two poisson
regression models 246 to predict 174 the frequency of
having severe hypoglycemia 156 and symptomatic hypo-
glycemia 158 in each cycle. The parameter 164 estimates are
provided in FIG. 36.

[0106] Since smoking 234 was identified as an important
risk factor 202 to predict 174 all-cause mortality 236 and
CVD 228 death, a logistic regression 244 was fitted to
predict the likelihood of being a current smoker. Details
regarding parameter 164 estimates are provided in FIGS.
37-38.

[0107] The mortality engine 118 of this embodiment used
a proportional hazard model applied to predict 174 the
all-cause mortality 236 rates during the lifetime of diabetes
patients 122, to serve as the ceiling of the mortality risk 236.
After that, a logistic regression 244 predicting 174 the
probability of death 120 due to CVD 228 events was fitted
among all patients 122 who encountered all-cause mortality
236. Weibull 240 distribution and Gompterz 242 distribution
were both tested and compared to pick the baseline function
that fitted the data best.

[0108] The parameters 164 for a fitted risk equation 172 is
better described using a distribution of values, rather than a
single value. In the BRAVO model 100, a boot-strapped
method was applied by repeatedly resampling the population
and re-running the risk equations 172 to generate the dis-
tributions of parameters 164 for each risk equation 172.
Patient heterogeneity was handled using a patient-level
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microsimulation process, in which each patient 122 has
different characteristics and simulation was carried out one
person at a time.

[0109] Comparing to the Markov model approach, the
BRAVO risk engine 100 may be based on a series of discrete
inter-correlated risk equations 172. The discrete equations
172 approach accounts for the risk escalation 204 as diabetes
progress 206 and interactions between complications 208. Tt
also allows for adjusting a large number of demographic 190
and biological characteristics 188 and thus provides better
estimation.

[0110] The BRAVO risk engine 100 tracks risk factors 202
over time 170. For example, as diabetes progresses 206, the
function of f cells declines. This led to a constantly
increased HbA1c 126 level across time 170. In addition, due
to the feature of diabetes as well as a common side effect of
diabetes treatment, the weight of T2DMs increased over-
time. However, as people age, especially over 80 years old,
their body weight 130 reduced over time 170. This lead to
a reversed “U” shape of body weights 130 for diabetes
patients over the course of diabetes 206. The risk engine 100
contains a series of equations 172 designed to represent the
potential trend of change for each risk factor 202, as
illustrated in FIG. 6.

[0111] The processors 102 and memories 104, or a subset
thereof, can be configured to provide a means of correspond-
ing to the methods (300 and 400) disclosed herein and
various flowcharts and blocks of the Figures. Although not
shown, the devices 220 may also include additional acces-
sories and peripherals, such as security accessories, printers,
and keyboards.

[0112] In one embodiment, as illustrated in FIGS. 3-8, the
risk factor 202 is selected from the group consisting of
glycosylated hemoglobin (HbA1c) 126, systolic blood pres-
sure (SBP) 128, weight 130, and low-density lipoprotein
cholesterol (LDL-C) 132. In such embodiment, each risk
factor 202 [glycosylated hemoglobin (HbA1c) 126, systolic
blood pressure (SBP) 128, weight 130, and low-density
lipoprotein (LDL) 130] in the current cycle was predicted
jointly by its value from the last cycle and other risk factors
202.

[0113] Inanother embodiment, as illustrated in FIGS. 3-8,
the diabetes-related event 110 is a macrovascular event 134.
Exemplary macrovascular events 134 include stroke 136,
myocardial infarction 138, congestive heart failure 140,
angina 142, and revascularization surgery 144.

[0114] In yet another embodiment, the diabetes-related
event 110 is a microvascular event 146. Exemplary micro-
vascular events 146 include end stage renal failure 148,
blindness 150, and severe pressure sensation loss 152, as
illustrated in FIGS. 3-8.

[0115] In one embodiment, as illustrated in FIGS. 3-8, the
diabetes-related event 110 is an adverse event 154. Exem-
plary adverse events 154 include severe hypoglycemia 156
and symptomatic hypoglycemia 158.

[0116] In an exemplary embodiment of the events module
108, a series of risk equations 172 may be fitted to predict
174 diabetes-related macrovascular events 134 (stroke 136,
MI 138, CHF 140, angina 142, and revascularization surgery
144), microvascular events 146 (ESRD 148, blindness 150,
and SPSL, 152), and adverse events 154 (severe hypoglyce-
mia 156 and symptomatic hypoglycemia 158), for example,
as illustrated in FIGS. 2-8.
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[0117] Details regarding the functional form of each risk
equation 172 and model selection process, in accordance
with embodiments disclosed herein, are provided in FIG. 2.
Based on the type of each clinical outcome (i.e., time to
event, binary, continuous and count), multiple functional
forms were tested correspondingly. Referring to FIGS. 2 and
8, for time to event outcomes (i.e., macrovascular 134 and
microvascular events 146 and all-cause mortality 236),
Exponential, Weibull 240, Log-logistic 244, Log-normal,
Gompertz 242 and Gamma distribution were tested. For
binary outcomes (i.e. smoking 234 and CVD 228 death),
logistic 244, probit and linear probability models 250 were
tested, as shown in FIGS. 2, 6, and 8. For count outcomes
(i.e., symptomatic 158 and severe hypoglycemia 156), Pois-
son 246 and negative binomial regressions were tested, as
shown in FIG. 6. For continuous outcomes, as illustrated in
FIG. 8, OLS 248 and Log-normal regression were tested.
The ones with best prediction 174 accuracy were selected.
The risk 176 of myocardial infarction (MI) 138, congestive
heart failure (CHF) 140, stroke 136, angina 142, revascu-
larization 144, blind 150, end stage renal disease (ESRD)
148 and severe pressure sensation loss (SPSL) 152 were
modelled using Weibull survival model 240, as provided in
FIG. 8. The risk of all-cause mortality 236 were modelled
using Gompertz survival model 242. The risk of smoking
234 and cardiovascular (CVD) 228 death were modelled
using logistic regression 244, illustrated in FIGS. 6 and 8.
The value 164 of HbAlc 126, SBP 128, BMI 130 and LDL
132 were modelled using ordinary least squares (OLS) 248,
as illustrated in FIG. 6. And the frequency of symptomatic
hypoglycemia 158 and severe hypoglycemia 156 were mod-
elled using poisson regression 246, as shown in FIG. 6.
Functions of these models are shown in FIG. 2.

[0118] A Weibull survival regression 240 was fitted to
predict 174 the hazard of ESRD 148. Details regarding the
parameter 164 estimates of the regression are provided in
FIGS. 24-25. HbAlc 126, SBP 128, CHF 140 history and
history of blindness 150 were included in the risk equation
172.

[0119] During the simulation process, if a person died in
one cycle, the cause of that death would be decided based on
equation (2) 172. A logistic regression 244 was fitted to
predict 174 the likelihood for that death caused by CVD 228.
Details regarding the parameter 164 estimates of the equa-
tion (2) 172 are provided in FIGS. 32-34.

[0120] Referring to FIG. 2, a Weibull survival model 240
was implemented in the risk equations 172. In the Weillbull
survival model 240 “h” denotes the hazard rates of encoun-
tering the events 176 at time “t” (diabetes duration 168), or
to be more specific, between time “t-1” and “t”. Shape and
Scale are the two parameters 164 that co-specified the shape
and size of the Weibull 240 distribution. “fX” is the linear
form 250 of the regression model, in which “X” is a vector
of included predictors 174 and “p” is a vector containing
coeflicients of each predictor 174. The Weibull survival
mode] 240 was applied to predict 174 the incidence 192 of
MI 138, CHF 140, Stroke 136, Angina 142, Revasculariza-
tion 144, Blindness 150, ESRD 148 and neuropathy 152.
The proportional hazard assumption was tested for each
equation 172 through Schoenfeld residual plots for each of
the predictors 174.

[0121] Referring to FIG. 2, a Gompertz survival model
242 was implemented in the risk equations 172. In the
Gompertz survival model 242 “h” denotes the hazard rates
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of encountering the events 176 at time “t” 170, or to be more
specific, between time “t-1" and “t”. Shape and Scale are the
two parameters 164 that co-defined the shape and size of the
Weibull 240 distribution. “fX” is the linear form 250 of the
regression model, in which “X” is a vector of included
predictors 174 and “B” is a vector containing coeflicients of
each predictor 174. The Gompertz survival model 242 was
applied to predict 174 the all-cause mortality 236 rates.
[0122] Referring to FIG. 2, a Logistic regression model
244 was implemented in the risk equations 172. In the
Logistic regression model 244 “Pr” denotes the probability
176 of encountering the events 134, 146, 154 at the current
year. “fX” is the linear form 250 of the regression model, in
which “X” is a vector of included predictors 174 and “p” is
avector containing coefficients of each predictor 174. Logis-
tic regression model 244 was applied to predict 174 the
smoking 234 status and CVD 228 death.

[0123] Referring to FIG. 2. a Poisson regression model
246 was implemented in the risk equations 172. In the
Poisson regression model 246 “Count” denotes the expected
frequency of the events 154 in that cycle. “BX” is the linear
form 250 of the regression model, in which “X” is a vector
of included predictors 174 and “f” is a vector containing
coeflicients of each predictor 174. Poisson regression 246
was applied to predict 174 the frequency of severe hypo-
glycemia 156 and symptomatic hypoglycemia 158.

[0124] Other datasets with relevant outcome measures
may be used to either further refine prediction equations 172
or add supplementary risk equations 172 to the original
BRAVO risk engine 100. Furthermore, referring to FIGS. 2
and 8. all the risk equations 172 were estimated separately
and a microsimulation algorithm was used to combine them
into one risk engine 100. Considering the mutually exclusive
nature of some complications 210, this approach might still
have competing risk bias. Moreover, the type of antidiabetic
drugs were not included in the risk equations 172 because
the underlying assumption of the BRAVO risk engine 100 is
that all types of treatments, including lifestyle modification
214, impact the risk of events 176 only through key risk
factors 202 (e.g., HbAlc 126, BMI 130). In one embodi-
ment, the RECODe risk equation 252 may be used to
directly explore the impact of different medications. Finally,
ESRD 148 was found to be associated with a lower mortality
rate 178 in the study, owing to a low sample size. Thus, as
illustrated in FIGS. 24-25, ESRD 148 was excluded from the
all-cause mortality 236 equation. However, ESRD 148 may
be included upon receipt of the long-term follow-up data
180, 182 from the ACCORD trial 254.

[0125] In an exemplary embodiment of the mortality mod-
ule 118, as illustrated in FIGS. 2-8, an equation 172 was
fitted to predict 174 patient 122 death 178, and a second
equation 172 was developed to explore the cause of death
(i.e., cardiovascular disease (CVD) 228 or other death
causes 230).

[0126] Referring to FIGS. 30-32, the mortality module
118 contains two equations 172: (1) an equation 172 pre-
dicting 174 the likelihood of all-cause mortality 236, and (2)
an equation 172 predicting 174 the likelihood of CVD 228
death. The patients 122 would go through the all-cause
mortality 236 equation 172 to decide whether he/she sur-
vived from this simulated cycle. If a patient 122 died during
this cycle based on equation (1) 172, then the engine would
calculate the likelihood of this death caused by CVD 228
using the equation (2) 172.
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[0127] Embodiments of the invention include the Weibull
survival regression 240 and Gompertz survival regression
242, which are fitted to predict 174 all-cause mortality 236.
The Gompertz survival regression 242 provides a better fit
according to the BRAVO risk engine 100 internal validation
process. Compared to previous risk equations 172, this
equation 172 was fitted using age as time index 170 instead
of diabetes duration 168.

[0128] Details regarding the parameter 164 estimates of
the equation (1) 172 are provided in FIG. 41. BMI 130,
smoking 234, female, education, MI 138 history, CHF 140
history, angina 142 history, stroke 136 event, and CHF 140
event were included in the risk equation 172, as well as both
first order and second order of HbAlc 126.

[0129] Referring to FIG. 12, the structure of the BRAVO
risk engine simulation model 100 is illustrated. To reflect the
chronic nature of diabetes, the model 100 follows T2DM
patients from any specified time point to death or a user
specified time horizon. “K” cohorts was generated from the
user defined distribution of the population characteristics
166, and “T” patients 122 for each cohorts was then simu-
lated. For each patient 122 in the same cohort, demographic
characteristics 190 and risk factors 202 were assigned based
on the assigned cohorts’ parameter values 164. And then,
based on that information, the first year macrovascular 134,
microvascular 146, adverse events 154 and mortality for this
patient 178 were predicted 174 through the BRAVO risk
engine 100 risk equations 172. All of the events 134, 146,
154 were predicted 174 at a random order to account for
events 134, 146, 154 interdependency. After that, the comor-
bidities will be updated for this patient 122 and their survival
status 198 will be checked. If this patient 122 is identified to
be dead during this year, then the simulation for this patient
122 was finished and the model 100 moved on to the next
patient 122 in the same cohort. If the patient 122 is not dead,
risk factors 202 (i.e. HbAlc 126, SBP 128, weights 130,
Lipids 132) were updated based on the equations 172
implemented in the BRAVO risk engine 100 and the simu-
lation 100 moved on to the next cycle, and all the diabetes-
related events 176 were predicted 174 based on newly
updated risk factors 202. This iteration was kept going until
either the patient 122 is dead 178 or the simulation reached
its time horizon 170. And after all the patients 122 in this
cohort have been simulated, the model moved on to the next
cohort until all the cohorts are simulated. The incidence for
each diabetes related 110 comorbidity and mortality rates
120 were recorded on a yearly basis.

[0130] The BRAVO risk engine 100 with good internal
and external validity, see FIG. 40, was developed to offer an
alternative to the established UKPDS risk engine 256, an
alternative that was based on the US population, to support
decision making in US clinical practices. Health outcome
predictions 174 from the BRAVO risk engine 100 were
consistent with the previous findings of the ACCORD trial
254 on non-fatal MI 138, angina 142, and revascularization
surgery 144, as illustrated in FIGS. 18-23. Although not
statistically significant, a previous study has found that
intensive glycemic control was associated with lower HRs
of ESRD 148, blindness 150, and SPSL 152. The BRAVO
risk engine 100 included HbAlc 126 as an important risk
factor 202 for predicting 174 these microvascular events
146, as illustrated in FIGS. 24-29. More interestingly, even
when including the extensive covariate list from the BRAVO
risk engine 100, these associations between HbAlc 126 and
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microvascular events 146 were still statistically significant
in the BRAVO risk equations 100.

[0131] A Weibull survival regression 240 was fitted to
predict 174 the hazard of non-fatal MI 138. Details regard-
ing the parameter 164 estimates of the regression are pro-
vided in FIGS. 18-19. HbAlc 126, LDL 132, smoking 234,
age at diagnose, female, severe hypoglycemia 156, race,
education, MI 138 history, Angina 142 history, and history
of revascularization surgery 144 were included in the risk
equation 172.

[0132] The impact of hypoglycemia 156, 158 on diabetes
outcomes and mortality 178 has been studied extensively in
recent years. The occurrence of hypoglycemia 156, 158 was
found to be associated with major macrovascular 134 and
microvascular events 146, death 236, and other nonvascular
outcomes. A previous study also found that in addition to the
direct impact of hypoglycemia 156, 158 on vascular risk, the
fear for hypoglycemia 156, 158 was also associated with an
additional quality-adjusted life-year decrement. The risk
engine 100 is the first to fully incorporate hypoglycemia’s
156, 158 impact on disease course, as illustrated in FIG. 23.
[0133] Referring to FIG. 30, the engine 100 provides a
critical predictive tool to evaluate new T2DM drugs, which
usually have lower hypoglycemic 156, 158 incidents than
the older class of antidiabetic drugs, such as sulfonylureas.
One of the major limitations of T2DM models based on the
UKPDS risk engine 256 is that they did not model hypo-
glycemia 156, 158 as a risk factor 202 for diabetes compli-
cations 210. To capture the impact of hypoglycemia 156,
158, the BRAVO risk engine 100 included severe hypogly-
cemia 156 as a risk factor 202 to predict 174 CHF 140, MI
138, angina 142, and blindness 150, as shown in FIG. 8.
Encountering hypoglycemia 156, 158 was also found to be
associated with higher CVD-related 228 mortality rates 178,
as shown in FIGS. 30-34. This feature of the BRAVO risk
engine 100 can directly capture the benefits of hypoglycemia
156, 158 prevention on cardiovascular 134, 146 outcomes
and mortality 178 for future diabetes models, which is a
substantial innovation, compared with previously developed
diabetes-related risk engines 100.

[0134] The BRAVO risk engine 100 included severe hypo-
glycemia 156 in multiple risk equations 172. Encountering
one more episode of severe hypoglycemia 156 in the current
year was associated with increased risks for CHF 140
[hazard ratio (HR)=198%], MI 138 (HR=228.6%), angina
142 (HR=188.5%), and blindness 150 (HR=151.7%).
Although not statistically significant, quadratic polynomials
of HbAlc 126 levels were also found to be an important
predictor 174 for predicting all-cause mortality 236 as
indicated by Bier scores and c-statistics. An HbAlc 126
level of 7.12% was calculated to be associated with the
lowest mortality risks 178. The equations 172 to model
time-varying risk factors 202, including HbAlc 126, SBP
128, LDL 132, body weights 130, smoking status 234, and
occurrence of severe hypoglycemia 156 and symptomatic
hypoglycemia 158, are presented in FIG. 6.

[0135] The existence of racial disparities in outcomes
among a wide range of diabetic complications made it
essential for a diabetes model to include race segmentation
relevant to the target population for clinical intervention.
Referring to FIG. 5, the BRAVO risk engine 100 categorizes
race into Caucasian, African American, Hispanic, and Asian
individuals in accordance with their representation in the US
population. The BRAVO risk engine 100 predicted disparity
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patterns close to the finding from the Karter et al. study.
Among all four race groups, being white was associated with
the highest risk for MI 138 and nephropathy 238, while
being African American was found to be a protecting factor
with the lowest risk for MI 138, blindness 150, and the need
for revascularization surgery 144.

[0136] Therefore, in accordance with embodiments of the
invention, there is provided a method 300 of predicting
diabetes progression 206 and mortality 178. Referring to
FIG. 9, the method 300 includes a first step of receiving 302
a target population dataset 160 having a series of baseline
biological characteristics 162 of the target population 160.
The method 300 has a second step of assigning 304 param-
eter values 164 based upon a user defined distribution of
population characteristics 166. A third step of analyzing 306,
using a computer processor 102, the population dataset 160
for generating a diabetes risk engine 100, wherein diabetes
duration 168 is used as a time index 170. The diabetes risk
engine 100 operates one or more inter-correlated risk equa-
tions 172 which can be used as a predictor 174 to determine
arisk of a diabetes-related event 176 or mortality of a patient
178. A fourth step of adjusting 308 the risk engine 100 based
upon new data collected 180 and based upon a new set of
annual values collected 182 during the generating of the
population dataset 160. The method 300 has a fifth step of
receiving 310 a first patient medical information 184 includ-
ing clinical 186, biomedical 188, and demographic 190
factor information. The method 300 includes a sixth step of
predicting 312 a risk 192 of an occurrence of one or more
diabetes-related events 110 with the diabetes risk engine 100
based upon the parameter values 164 by comparing the first
patient medical information 184 to the population dataset
160. A seventh step of providing 314 at least one clinical or
behavioral modification recommendation 196 based on the
predicted risk 192 of the occurrence of the one or more
diabetes-related events 110 or mortality 178. The eighth step
tracks 316 a progression and survival status 198 of a user
200 taking action toward achieving goals associated with
improving health based upon the at least one clinical or
behavioral modification recommendation 196.

[0137] In one embodiment, the method 300 further
includes a step of predicting 318 a progression of risk factors
202 of the first patient 184, as shown in FIG. 9.

[0138] Inanother embodiment, as shown in FIGS. 2 and 9,
the inter-correlated risk equations 172 account for risk
escalation 204 based upon diabetes progress 206 and inter-
actions 208 between complications 210.

[0139] In yet another embodiment, the first patient medi-
cal information 184 includes risk factors 202 such as medi-
cation adherence 212, lifestyle modification 214, and
therapy escalation 216, as shown in FIG. 9.

[0140] In one embodiment, as shown in FIG. 9, the
diabetes-related event 110 is a macrovascular event 134.
Exemplary macrovascular events 134 include stroke 136,
myocardial infarction 138, congestive heart failure 140,
angina 142, and revascularization surgery 144.

[0141] In another embodiment, the diabetes-related event
110 is a microvascular event 146. Exemplary microvascular
events 146 include end stage renal failure 148, blindness
150, and severe pressure sensation loss 152, as shown in
FIG. 9.

[0142] In yet another embodiment, as shown in FIG. 9, the
diabetes-related event 110 is an adverse event 154. Exem-
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plary adverse events 154 include severe hypoglycemia 156
and symptomatic hypoglycemia 158.

[0143] Referring to FIG. 4, a literature review was con-
ducted to identify the initial list of baseline biological
characteristics 162 and a backward selection process was
conducted to remove those with no improvement for model
fitting, in accordance with embodiments of the invention.
Baseline biological characteristics 162 can be categorized
into groups such as biomedical factors 188, demographic
characteristics 190, and complications 186, for example.
The definitions of these baseline biological characteristics
162 are provided in FIG. 4. The main modeling strategy
utilized a left-censored, time-dependent, parametric propot-
tional hazard model, in which diabetes duration 168 was
used as the time index 170, instead of real time in the clinical
trial. To smooth measurement fluctuation for biomarkers, a
moving average technique was applied: as the models were
developed based on annual cycles, all the parameter values
164 should be aggregated annually. Parameter values 164 for
each year were aggregated by averaging all the measure-
ments conducted within the previous 2 years. Parameter
values 164 from the current year were used to predict 174
the probability of encountering an outcome event 134, 146
in the next year to account for potential bias caused by
reverse causality. A person having the ordinary skill in the
art will appreciate that these parameters 164 may be varied
depending on application specifics. The history of events
was also included in the initial list of baseline biological
characteristics 162. Having had an event 134, 146, 154 at
baseline or during the study periods before the current year
would both be identified as a history of that event for the
current year. A mixed-method algorithm including a cross-
validation-based, backward model selection process, litera-
ture review, and consultation from endocrinologists was
used to support the model fitting process. For binary out-
comes, the c-statistic has been applied to measure the
discrimination power of the model.

[0144] As illustrated in FIG. 4, race was identified as a
significant risk factor 202 for predicting 174 MI 138, revas-
cularization surgery 144, blindness 150, and nephropathy
238. Compared with African Americans, Caucasian, His-
panic, and other race/ethnicities were associated with 68.7%
(95% CI 31.0-117.2), 26.7% (95% CI—16.0 to 91.3), and
27.9% (95% CI—10.7 to 83.1) higher risks for MI 138,
respectively. In addition, Caucasian, Hispanic, and other
race/ethnicities were associated with a 46.4% (95% CI
22.7-74.6), 11.0% (-17.0t0 48.3), and 18.1% (95% CI—7.8
to 51.1) higher likelihood of receiving revascularization
surgery 144, compared with African Americans. Caucasian,
Hispanic, and other race/ethnicities were correlated with a
risk escalation 204 of 8.1% (95% CI—11.5 to 32.0), 70.1%
(95% CI 28.2-125.5), and 17.9% (95% CI—10.5 to 55.5),
respectively, compared with African Americans for blind-
ness 150. Last, Hispanic individuals and others were asso-
ciated with risk reductions of SPSL 152 for 15.3% (95%
CI—13.2 to 36.6) and 44.8% (95% CI 27.4-58.0), respec-
tively, while Caucasians were associated with a 22.4% (95%
CI 4.4-43.4) higher risk for SPSL 152 compared with
African Americans.

[0145] The BRAVO risk engine 100 analyzed both the
discrimination power of the model and prediction 174
accuracy. Thus, both the c-statistic and Brier score were
calculated to support the model selection process. For con-
tinuous outcomes [HbAlc 126, SBP 128, LDL 132, and
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body mass index (BMI) 130], the mean square prediction
error was used to select the models. A ten-fold cross-
validation framework was applied to adjust the c-statistic,
Brier score, and mean square prediction error for possible
over-fitting in low-dimension regressions. All risk factors
202 that improved model performance were included into
the final model. For those risk factors 202 that did not have
a significant impact on model performance, inclusion and
exclusion were judged by clinical endocrinology knowledge
and evidence found from the current literature. Risk factors
202 that were not statistically significant in the BRAVO 100
model selection processes, but that were supported as risk
factors 202 by existing clinical evidence 186, were included
in the risk equations 172.

[0146] Referring to FIGS. 11-18, the internal validation
process was conducted by plotting the predicted cumulative
hazard against the Kaplan-Meier cumulative hazard for all
outcome measures. The log-log 95% confidence interval
(CI) for cumulative incidence rate across a diabetes duration
168 of 0-40 years in the ACCORD trial 254 was calculated
using the left-truncated method, and the predicted curve was
examined if it fell within the 95% CI of the Kaplan-Meier
curve.

[0147] As the gold standard of internal validation, plotting
the predicted cumulative hazard against Kaplan-Meiers
cumulative hazard was applied to all the events prediction
equations 172. For each timepoint from newly onset diabe-
tes to 40 years after diagnoses were calculated using the
log-log 95% confidence interval, and the predicted curve
was examined if it falls within the 95% confidence interval
of the Kaplan-Meiers Curve.

[0148] The predicted cumulative hazard was plotted over
time, as shown in FIGS. 14-31. Plotted on the same chart is
the Kaplan-Meier cumulative hazard for each age year. This
process works as a supplement for the machine learning
algorithm and is especially helpful on selecting the correct
functional form (i.e. Weibull 240 or Gompertz survival
models 242), shown in FIG. 2.

[0149] One of the important findings in the ACCORD trial
254 was a higher mortality rate 120 in the intensive glycemic
control group (HbAlc \ 6%) compared with the standard
glycemic control group (HbAlc 7.0-7.9%). The association
between HbAlc¢ 126 and mortality rate 178 was found to be
‘U’ shaped in the standard control group, with an optimal
HbAlc 126 level between 7.0% and 7.5%. As illustrated in
FIG. 6, the BRAVO risk engine 100 included a second-
degree polynomial in the HbAlc 126 level that fits the data
better than a linear relationship between the HbAlc 126
level and all-cause mortality 236. The BRAVO risk engine
100 estimated the optimal glycemic control level for the
ACCORD 254 population was 7.12%, and any deviation
from this point was associated with an increased risk of
mortality 120.

[0150] In accordance with embodiments of the invention,
there is provided a method 400 of predicting an occurrence
of one or more diabetes related events 110. Referring to FIG.
10, the method 400 has a first step of receiving 402 a target
population dataset 160 comprising a series of baseline
characteristics 162 of the target population 160. A second
step of assigning 404 parameter values 164 based upon a
user defined distribution of population characteristics 166.
The method 400 includes a third step of analyzing 406, using
a computer processor 102, the population dataset 160 for
generating a diabetes risk engine 100 wherein diabetes
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duration 168 is used as a time index 170. In the third step
406, the diabetes risk engine 100 operates one or more
inter-correlated risk equations 172 configured to determine
the risk of a diabetes-related event 176 or mortality of a
patient 178. A fourth step of adjusting 408 the risk engine
100 based upon new data collected 180 based upon a new set
of annual values collected 182 during the generating of the
population dataset 160. The method 400 includes a fifth step
of receiving 410 a first patient medical information 184 such
as clinical 186, biomedical 188, and demographic 190 factor
information from a first patient user 194. A sixth step
predicts 412 a risk 192 of an occurrence of one or more
diabetes-related events 110 with the diabetes risk engine 100
based upon the parameter values 164 by comparing the first
patient medical information 184 to the population dataset
160 of the diabetes risk engine 100. A seventh step provides
414 at least one clinical or behavioral modification recom-
mendation 196 based on the risk 192 of the occurrence of
said one or more diabetes-related events 194. An eighth step
tracks 416 the survival status 198 of a user 200 taking action
toward achieving goals associated with improving health
based upon the at least one clinical or behavioral modifica-
tion recommendation 196.

[0151] Referring to FIGS. 4-8, a total of 28 exemplary
endpoints were predicted 174 using the BRAVO risk engine
100 through a discrete-time event microsimulation process
under the corresponding time horizon of each trial. The
baseline characteristics 162 of each trial have been reported
and applied directly as the characteristic of simulation
samples. Normal distribution was assumed for all input
variables, as shown in FIG. 5, and the standard error of each
variable was extracted from the corresponding literature.
The values of key risk factors 202, including HbAlc 126,
LDL 132, SBP 128, and BMI 130 in each validation trial
were assumed to reach the corresponding treatment target
196 at the first year and remained constant in the following
years. Then, 10,000 simulation runs were used to reach
convergence in outcomes. An ordinary least-square model
248, as shown in FIG. 2, was used to fit the BRAVO-
predicted incidence rates 174 to observed incidence rates
232, and slope, intercept, and R2 were used to show pre-
diction 174 accuracy. As shown in FIG. 3, the microsimu-
lation was conducted using a joint program 106 written
through Visual Basic and C++ language. In addition, one-
way sensitivity analyses were conducted to explore the
impact of six risk factors 202 on the life expectancy in the
ACCORD trial 254 population, shown in FIG. 4. The values
of continuous risk factors 202 (HbAlc 126, SBP 128, DL
132, and BMI 130) were set from one standard deviation
below the mean to one standard deviation above, while
categorical risk factors 202 (smoking 234 and severe hypo-
glycemia 156) ranged from 50% to 200% of the population
average.

[0152] The structure of the simulation model is provided
in FIG. 3. To reflect the chronic nature of diabetes, the model
followed T2DM patients from any specified time point to
death or a user specified time horizon. K cohorts were
generated from the user defined distribution of the popula-
tion characteristics, and i patients for each of the cohorts
were then be simulated. For each patient 194 in the same
cohort, demographic characteristics 190 and risk factors 202
were assigned based on the assigned cohorts’ parameter
values 164. Then, based on that information, the first year
macrovascular 134, microvascular 146, adverse events 154
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(e.g. hypoglycemia 156, 158) and mortality 178 for this
patient 194 were predicted 174 through the risk equations
172. All of the events 134, 146, 154 were predicted 174 at
a random order to account for event inter-dependency. After
that, the comorbidities were updated for this patient 194 and
his/her survival status 198 was checked. If this patient 194
was identified to be dead during this year, then the simula-
tion for this patient 194 ended and the model moved on to
the next patient 194 in the same cohort. If the patient 122 is
not dead, risk factors 202 (i.e. HbAlc 126, SBP 128, weight
130, lipids 132) are updated based on the BRAVO risk
engine 100 equations 172 and the simulation moved on to
the next cycle and the same prediction process was con-
ducted again. This iteration 112 was kept going until either
the patient 194 was dead or the simulation reached its time
horizon. And after all the patients 194 in this cohort had been
simulated, the model moves on to the next cohort until all the
cohorts were simulated. After simulation is completed, all of
the outcomes were summarized, including incidence rates of
each event type 134, 146, 154, mortality rates 178, life
expectancy and etc.

[0153] The variable selection process was conducted
through a mixed algorithm. Variables were included into the
final model based on the following criteria:

[0154] C-statistic has been widely applied when selecting
appropriate variables for regression models intended to
predict 174 the risk of events 134, 146, 154, as it is a good
measurement for the discrimination power of the model.
However, in the BRAVO risk engine 100, the engine 100
includes discrimination power of the model, but also the
prediction 174 accuracy. Thus, both c-statistic and Bier
Score were calculated to support the model selection pro-
cess. For logistic regression 244, the calculation process of
c-statistic and Bier Score are straight forward. However, it
became difficult in the survival regression framework, as it
has multiple time periods. Two approaches were applied in
this embodiment: 1) calculations for the five-year cumula-
tive incidence as the predicted probability 174, and calcu-
lations of c-statistic and Bier Score based on five-year
observed data 232 and, 2) calculations for time 170 depen-
dent c-statistic and Bier Score, using formula suggested by
Gerds et al and Potapov et al. For continuous variables as the
outcome (e.g., HbAlc 126, SBP 128, LDL 132, BMI 130),
the mean square error (MSE) was calculated.

[0155] A recently published RECODe risk engine 252 has
also used the ACCORD trial 254 data to develop a set of risk
equations for modeling the risk of diabetes complications.
Referring to FIG. 7, besides the methodological differences
in the modeling strategy, outcomes inclusion, and variable
definition, the BRAVO risk engine 100 and RECODe risk
engine 252 have very different purposes of risk predictions
174. The RECODe risk engine 252 is intended for use in
clinical settings to assist the initial treatment decision
because the models only use baseline characteristics 162 to
predict 174 the incidence rates of diabetes outcomes in a
specified period (5 or 10 years). The BRAVO risk engine
100 aims to use an agent-based microsimulation modeling
algorithm and to ultimately develop a diabetes model which
is a predictor 174 for life-time disease progression 198, 202.
Because the BRAVO risk engine 100 uses all time-depen-
dent biomarkers 188, disease history 186, and other risk
factors 202, the BRAVO risk engine 100 will be more
appropriate than the RECODe risk engine to support a
cost-effectiveness analysis such as prioritizing therapeutic
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strategies 196 or treatment targets of HbAlc 126, LDL 132,
and blood pressure 128. A table has been developed to
briefly summarize the key differences between the RECODe
risk engine 252 and the BRAVO risk engine 100, as shown
in FIG. 7.

[0156] Referring to FIGS. 11, 16, and 17, an analysis of
the CHF 140 equation shows that having a history of MI 138
increased the risk of CHF 140 by 82.2%. In addition, repeat
events were also taken into consideration. Having a history
of CHF 140 was associated with a 247.6% increase in the
risk 202 of a second CHF event 140.

[0157] The modeling approach of the present embodiment
has also demonstrated a novel approach to using clinical
trials with a limited length of follow-up time. While the
ACCORD trial 254 only ran for 7 years, the ACCORD
cohort 254 covered a wide range of diabetes durations,
characteristics of ACCORD 254 are shown in FIGS. 4 and
13. Therefore, as illustrated in FIGS. 14-29 the BRAVO risk
engine 100 used diabetes duration 168 as a time index 170
to simulate diabetes progression 198 and mortality 178 over
40 years. Further, indexing time 170 by diabetes duration
168 allowed us to estimate the time dependency of diabetes
on events 134, 146, 154 and mortality 178.

[0158] Equations 172, illustrated in FIG. 2, from the
BRAVO risk engine 100 have been validated internally and
externally, as shown in FIG. 11. The external validation
results, shown in FIG. 11, plot the observed incidence rates
232 against the predicted incidence rates 231. A simulation
disease model based on the BRAVO risk engine 100 can be
applied to predict 174 a range of long-term diabetes-related
outcomes 176 to assist clinical 186 and policy decision
making.

[0159] One having ordinary skill in the art will readily
understand that the invention as discussed above may be
practiced with steps in a different order, and/or with hard-
ware elements in configurations that are different than those
which are disclosed. Therefore, although the invention has
been described based upon these preferred embodiments, it
would be apparent to those of skill in the art that certain
modifications, variations, and alternative constructions
would be apparent, while remaining within the spirit and
scope of the invention. In order to determine the metes and
bounds of the invention, therefore, reference should also be
made to the appended claims.

[0160] All US. patents and publications identified herein
are incorporated in their entirety by reference thereto.

The claimed invention is:

1. A method of predicting diabetes progression and mor-
tality comprising:

receiving a target population dataset comprising a series
of baseline biological characteristics of the target popu-
lation;

assigning parameter values based upon a user defined
distribution of population characteristics;

analyzing, using a computer processor, the population
dataset for generating a diabetes risk engine wherein
diabetes duration is used as a time index, said diabetes
risk engine operating one or more inter-correlated risk
equations can be used as a predictor to determine a risk
of a diabetes-related event or mortality of a patient;

adjusting the risk engine based upon new data collected
based upon a new set of annual values collected during
the generating of the population dataset;
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receiving a first patient medical information comprising
clinical, biomedical, and demographic factor informa-
tion;
predicting a risk of an occurrence of one or more diabetes-
related events with said diabetes risk engine based upon
said parameter values, by comparing the first patient
medical information to the population dataset;

providing at least one clinical or behavioral modification
recommendation based on the predicted risk of the
occurrence of said one or more diabetes-related events
or mortality; and

tracking a progression and survival status of a user taking

action toward achieving goals associated with improv-
ing health based upon the at least one clinical or
behavioral modification recommendation.

2. The method of claim 1, further comprising a step of
predicting a progression of risk factors of said first patient.

3. The method of claim 1, wherein the inter-correlated risk
equations account for risk escalation as diabetes progress
and during interactions between complications.

4. The method of claim 1, wherein said first patient
medical information comprises risk factors comprising
medication adherence, lifestyle modification, and therapy
escalation.

5. The method of claim 1, wherein said diabetes-related
event is a macrovascular event, wherein said macrovascular
event is a stroke.

6. The method of claim 1, wherein said diabetes-related
event is a macrovascular event, wherein said macrovascular
event is myocardial infarction.

7. The method of claim 1, wherein said diabetes-related
event is a macrovascular event, wherein said macrovascular
event is congestive heart failure.

8. The method of claim 1, wherein said diabetes-related
event is a macrovascular event, wherein said macrovascular
event is angina.

9. The method of claim 1, wherein said diabetes-related
event is a macrovascular event, wherein said macrovascular
event is revascularization surgery.

10. The method of claim 1, wherein said diabetes-related
event is a microvascular event, wherein said microvascular
event is end stage renal failure.

11. The method of claim 1, wherein said diabetes-related
event is a microvascular event, wherein said microvascular
event is blindness.

12. The method of claim 1, wherein said diabetes-related
event is a microvascular event, wherein said microvascular
event is severe pressure sensation loss.

13. The method of claim 1, wherein said diabetes-related
event is an adverse event, wherein said adverse event is
severe hypoglycemia.

14. The method of claim 1, wherein said diabetes-related
event is an adverse event, wherein said adverse event is
symptomatic hypoglycemia.

15. A method of predicting an occurrence of one or more
diabetes related events comprising:

receiving a target population dataset comprising a series

of baseline characteristics of the target population:
assigning parameter values based upon a user defined
distribution of population characteristics;

analyzing, using a computer processor, the population

dataset for generating a diabetes risk engine wherein
diabetes duration is used as a time index, said diabetes
risk engine operating one or more inter-correlated risk
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equations configured to determine the risk of a diabe-
tes-related event or mortality of the patient;

adjusting the risk engine based upon new data collected
based upon a new set of annual values collected during
the generating of the population dataset;

receiving a first patient medical information comprising
clinical, biomedical, and demographic factor informa-
tion from a first patient user;

predicting a risk of an occurrence of one or more diabetes-
related events with said diabetes risk engine based upon
said parameter values, by comparing the first patient
medical information to the population dataset of said
diabetes risk engine;

providing at least one clinical or behavioral modification
recommendation based on the risk of the occurrence of
said one or more diabetes-related events; and

tracking the survival status of a user taking action toward
achieving goals associated with improving health based
upon the at least one clinical or behavioral modification
recommendation.

16. A diabetes risk engine system comprising:

at least one processor;

at least one memory unit containing computer program
code;

a diabetes-related events module configured to predict an
occurrence of one or more diabetes-related events
through an iterative process;

a risk factors module to predict a progression of one or
more risk factors through the iterative process;

a mortality module to predict an occurrence of mortality
of a patient through the iterative process; and

adisplay interface configured to display the predicted risk
of the one or more diabetes-related events.

17. The diabetes risk engine system of claim 16, wherein

the risk factor is selected from the group consisting of
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glycosylated hemoglobin (HbAlc), systolic blood pressure
(SBP), weight, and low-density lipoprotein cholesterol
(LDL-C).

18. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a macrovascular event,
wherein said macrovascular event is a stroke.

19. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a macrovascular event,
wherein said macrovascular event is myocardial infarction.

20. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a macrovascular event,
wherein said macrovascular event is congestive heart fail-
ure.

21. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a macrovascular event,
wherein said macrovascular event is angina.

22. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a macrovascular event,
wherein said macrovascular event is revascularization sur-
gery.

23. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a microvascular event, wherein
said microvascular event is end stage renal failure.

24. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a microvascular event, wherein
said microvascular event is blindness.

25. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is a microvascular event, wherein
said microvascular event is severe pressure sensation loss.

26. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is an adverse event, wherein said
adverse event is severe hypoglycemia.

27. The diabetes risk engine system of claim 16, wherein
said diabetes-related event is an adverse event, wherein said
adverse event is symptomatic hypoglycemia.

L S S T



THMBW(EF)

[ i (S RIR) A ()

RE(EFR)AGE)

HERB(E R AGE)

FRI&R BB A

RBA

IPCHERS
CPCHES
£ A
ShEReEEE

BE@®F)

PR X B 5| R H TN RE PRt R ML TRy 5 5%

US20190357853A1 K (2E)R
US16/422934 iR
FONSECA VIVIAN—

ABE

FONSECA , VIVIAN A.
SHAO, HUI

FONSECA , VIVIAN A.
SHAO, HUI

FONSECA VIVIAN A
SHAO HUI

SHI, LIZHENG
FONSECA, VIVIAN A.
SHAO, HUI

A61B5/00 G16H50/30 G16H50/20 G16H50/50

patsnap

2019-11-28

2019-05-24

AB61B5/7275 A61B5/742 G16H50/20 G16H50/30 G16H50/50 A61B5/4842 G16H50/70

62/676273 2018-05-24 US

Espacenet USPTO

ANTFABTRATHNXEAROERBRESIZERENGE , ZRE
MBERTHN2ERERFEENRERBHERNECR , BERY , X

Bk, IMEMBIEL R ( BRAVO ) RE5IZE. BRAVORFEIZERIE : #
RFBHAREBMHER , TN MRS AIEHORE  RERFER,
RATHNRKEERNRE ; SECRER , ATRMNRTRNRE ; ARk
ER{HE , BTERERBEXSHRETROTNRL, £R2HE
FRI&E O IME KR #E " ( ACCORD ) 36 W BUIR ML E T TN ¥E PRI
BAXRNHMENAMESS  EOE  ECERAERGERRERERD
REHFE, HEUKPDSKESIZHME , BRAVOR K 5| Z R FSIFESE™
ERMENERLNZEM R EERENEANRRER,

220

DIABETES RISK ENGINE

RISK
FACTORS
MODULE

EVENTS

MODULE MODULE

MORTALITY |



https://share-analytics.zhihuiya.com/view/2fd95aef-03b1-4ce3-bb53-07f2792a0516
https://worldwide.espacenet.com/patent/search/family/068615400/publication/US2019357853A1?q=US2019357853A1
http://appft.uspto.gov/netacgi/nph-Parser?Sect1=PTO1&Sect2=HITOFF&d=PG01&p=1&u=%2Fnetahtml%2FPTO%2Fsrchnum.html&r=1&f=G&l=50&s1=%2220190357853%22.PGNR.&OS=DN/20190357853&RS=DN/20190357853

