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Abstract

Objective Risk score (RS) model is a cost-effective tool to
identify adults who are at high risk for diabetes. This study
was to develop an RS model of type 2 diabetes (T2DM)
prediction specifically for rural Chinese adults.

Methods A prospective whole cohort study (n = 28,251)
and a sub-cohort study (n = 3043) were conducted from
2006-2014 and 2006-2008 to 2015 in rural Deqing, China.
All participants were free of T2DM at baseline. Incident
T2DM cases were identified through electronic health
records, self-reported and fasting plasma glucose testing for
the sub-cohort, respectively. RS models were constructed
with coefficients (8) of Cox regression. Receiver-operating
characteristic curves were plotted and the area under the
curve (AUC) reflected the discriminating accuracy of an RS
model.

Results By 2015, the incidence of T2DM was 3.3 and 7.7
per 1000 person-years in the whole cohort and the sub-
cohort, respectively. Based on data from the whole cohort,
the non-invasive RS model included age (4 points), over-
weight (2 points), obesity (4 points), family history of
T2DM (3 points), meat diet (3 points), and hypertension
(2 points). The plus-fasting plasma glucose (FPG) model
added impaired fasting glucose (4 points). The AUC was
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0.705 with a positive predictive value of 2.5% for the non-
invasive model, and for the plus-FPG model the AUC was
0.754 with a positive predictive value of 2.5%. These mod-
els performed better as compared with 12 existing RS mod-
els for the study population.

Conclusions Our non-invasive RS model can be used to
identify individuals who are at high risk of T2DM as a sim-
ple, fast, and cost-effective tool for rural Chinese adults.

Keywords Type 2 diabetes - Risk score - Cohort study -
Rural China

Introduction

Diabetes is one of the greatest health challenges of the
twenty-first century worldwide [1]. In China, the preva-
lence of type 2 diabetes mellitus (T2DM) has been increas-
ing with aging population, rapid urbanization, and chang-
ing lifestyle (obesity or overweight, physical inactivity, and
high-calorie food consumption) [2, 3]. In 2010, a national
cross-sectional survey of China found that 11.6% of Chi-
nese adults had diabetes and in addition, 8.1% had the dis-
ease but undiagnosed [4].

Several large intervention studies have indicated that
lifestyle modification or pharmacological intervention tar-
geting population who are at high risk for diabetes can pre-
vent or delay the occurrence of type 2 diabetes [5, 6]. It is
important to find people with risk factors for type 2 dia-
betes using feasible and cost-effective approaches, and the
diabetes risk score method has been frequently used [7].

In recent years, a set of risk score (RS) models had
been developed and tested, such as the Finnish Risk
Score [8], the Cambridge Risk Score [9], the Framing-
ham diabetes mellitus risk score [10], the Australian Type
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2 Diabetes Risk Assessment Tool [11], and among oth-
ers. However, there is a lack of RS models constructed
based on incidence data for Chinese populations, espe-
cially for those living in rural areas. Most existing diabe-
tes RS models work well only in targeted populations and
the direct application of these models that were mainly
derived from populations of European descent, could
underestimate such a risk in the Chinese population [12,
13]. Based on data from the Rural Deqing Cohort Study
[14], we aimed to develop a T2DM RS model for rural
Chinese population to identify rural residents who are at
high risk of developing T2DM.

Materials and methods
Study design and participants

During 2006-2014, 29,229 eligible residents aged
>18 years randomly cluster sampled from eight rural
communities including sixty-five villages in Deqing,
Zhejiang province, China, participated in the baseline
survey of the Rural Deqing Cohort Study with a response
rate of 83.5%. Our inclusion criteria were local residents
(1) who were currently living in the selected rural com-
munities; (2) who were aged 18 years or more; (3) who
agreed to participate in study and signed the informed
consents; (4) who were able to complete survey ques-
tionnaire and physical examination; and (5) who had no
plan to work or move out of Deqing County. Information
on demography, lifestyle (smoking, alcohol use, regu-
lar physical exercise, diet, and tea consumption), and
physical conditions was collected using a questionnaire.
Anthropometry data including height, weight, waist,
and blood pressure were measured and a total of 5 mL
venous blood samples were collected after an overnight
fast of at least 8 h to test fasting plasma glucose (FPG)
and hemoglobin. The Institutional Review Board of the
Fudan University School of Public Health approved
the study and all participants gave a written informed
consent.

In total, 28,251 participants who were free of diabetes
at baseline were followed up and new cases of type 2 dia-
betes were ascertained from the Deqing electronic health
records in November, 2015. No electronic health records
were available for 1899 (6.7%). We also conducted a
sub-cohort study of 3043 individuals who participated in
the baseline survey in 2006-2008 and followed them up
through questionnaire interview and free physical exami-
nation in 2015, and of them 1205 (39.6%) were lost to
follow-up or refused to participate.

@ Springer

Definition

Body mass index (BMI) was calculated from weight/
height? (kg/m?) and overweight was defined as BMI in the
range from 25.0 to 29.9 kg/m? and obesity as BMI >30 kg/
m?. Family history (FH) was considered to be positive if
one or more first-degree relatives had diabetes. Hyper-
tension was defined as having systolic blood pressure
>140 mmHg or diastolic blood pressure >90 mmHg or a
history of hypertension medication. T2DM was diagnosed
as having FPG >7.0 mmol/L alone or self-reported diag-
nosis of diabetes or use of anti-diabetic medications. IFG
(impaired fasting glucose) was defined as FPG range from
6.1 to 6.9 mmol/L.

Development and comparison of risk score models

Cox proportional hazards model was used to identify the
predictors, and of 13 variables that were initially exam-
ined, only age, BMI, FH, diet preference, hypertension,
and FPG were significantly associated to the incidence
of T2DM and were given a score for each based on their
B-coefficients from the Cox model (1 if 8 = 0.01-0.20; 2
if 8 =0.21-0.80; 3 if 8 = 0.81-1.20; 4 if B = 1.21-2.20;
and 5 if > 2.20 [8]). The lowest category of each variable
was given a score of zero. We constructed two practical
risk score models based on the data from the total cohort
and the sub-cohort: non-invasive and plus-FPG models.
The non-invasive model included age, FH, diet preference,
overweight/obesity, and hypertension, and FPG was added
to the plus-FPG model. Meanwhile, we compared the per-
formance of existing models derived from other popula-
tions, including the Finnish Risk Score, the Cambridge
Risk Score, the Framingham Diabetes Mellitus Risk Score,
and the Australian Type 2 Diabetes Risk Assessment Tool.

Data analysis

Data were double entered with Epidata 3.1 and statisti-
cal analysis was performed in SAS 9.2 (SAS Institute Inc.
Cary, N.C.) and R3.3.2. Chi-square or Fisher test was used
for categorical variables, and ¢ test or ANOVA for continu-
ous variables. Risk factors for T2DM were identified, and
their crude hazard ratios (cHRs), adjusted hazard ratios
(aHRs), and 95% confidence intervals (95% CIs) were esti-
mated using Cox proportional hazards model. Receiver-
operating characteristic (ROC) curves were plotted for
RS and the area under curve (AUC) was estimated for the
prediction models. In addition, bootstrapping was used to
calculate C-statistics, bias-corrected C-statistics, sensitiv-
ity, specificity, and their 95% CIs based on 1000 replica-
tions. Hosmer—Lemeshow test was employed to test the
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goodness-of-fit for the models. All statistical tests were
two-sided with a type I error of 0.05, and p values <0.05
were considered statistically significant.

Results

By 2015, totally 387 new T2DM cases were identified
through the electronic health record system for the whole
cohort, with an average 4.2 years of follow-up. The inci-
dence of T2DM was estimated to be 3.3/1000 person-years.
In the sub-cohort study with an average 8.7 years of follow-
up, 191 new cases were diagnosed and the incidence was
7.7/1000 person-years.

The whole cohort included 12,510 (44.3%) men and
15,741 (55.7%) women. Men were older and were more
likely to be a smoker, an alcohol user, or a regular exer-
ciser, while women received higher education, ate more
vegetable and fruit, and were more likely to have hyperten-
sion and IFG (Table 1).

In the Cox model, increased incidence of T2DM was
significantly associated with 40 years of age or above (aHR
5.84,95% CI 2.84-12.01, 4 points), overweight (aHR 2.15,
95% CI 1.70-2.72, 2 points) or obesity (aHR 4.92, 95%
CI 3.11-7.79, 4 points), FH of T2DM (aHR 2.78, 95%

CI 1.51-5.14, 3 points), diet preference (aHR 2.41, 95%
CI 1.87-3.11, 3 points), hypertension (aHR 2.00, 95% CI
1.59-2.51, 2 points), and IFG (aHR 4.93, 95% CI 3.86—
6.28, 4 points) at baseline (Table 2).

In the non-invasive model, the RSs ranged from O to
20 and the optimal cut-off point for incident T2DM was
6. Of 28,251 participants, 11,297 (40.2%) had a score of
>6, and of them 273 developed T2DM during the follow-
up, accounting for 70.5% of all T2DM cases. The AUC of
the model was 0.705, the sensitivity and specificity were
70.4 and 60.4%, the positive predictive value (PPV) and the
negative predictive value (NPV) were 2.5 and 99.3%, and
the positive likelihood ratio (+LR) and the negative likeli-
hood ratio (—LR) were 1.78 and 0.49, respectively. In the
plus-FPG model, the RSs ranged from 0 to 22 and the opti-
mal cut-off point was 7. Totally 6954 (24.6%) subjects had
a score of >7 and 244 of them developed T2DM during the
follow-up, accounting for 63.0% of all T2DM cases. We
also calculated C-statistic, and found that discrimination
capacity of the model was improved after considering time
effect. The AUC, C-statistic, sensitivity, and specificity are
shown in Table 3 and Fig. 1.

Based on data from the sub-cohort population, the AUC
and C-statistic were 0.638 and 0.662 for the non-invasive
model, and at the cut-off point of 6, the sensitivity and

Table 1 Baseline characteristic

Characteristic Male Female > P
of whole cohort
N 12,510 (44.3) 15,741 (55.7)
Age (years) 574 £14.7 56.6 = 14.4 4.52, <0.001
BMI (kg/m?) 225429 22.6 +£3.0 1.79,0.071
Famer (%) 8689 (69.6) 11,978 (76.1) 150.47, <0.001
Junior High School education (%) 9232 (74.7) 12,994 (83.4) 317.51, <0.001
Household income
Low 1852 (14.8) 2256 (14.3) 1.44,0.487
Median 9655 (77.3) 12,253 (77.8)
High 980 (7.8) 1232 (7.8)
Smoker (%) 6112 (48.9) 307 (2.0) 8751.89, <0.001
Alcohol use (%) 4589 (36.8) 692 (4.4) 4792.76, <0.001
Regular exercise (%) 1168 (10.5) 1336 (9.5) 6.10,0.014
Vegetable consumption (%) 11,121 (90.6) 14,313 (92.6) 38.23, <0.001
Fruit consumption (%) 8265 (68.2) 11,054 (72.4) 57.33, <0.001
Diet
Vegetable mainly 1692 (13.6) 2134 (13.6) 1.62, 0.446
Meat mainly 1557 (12.5) 1885 (12.0)
Equally 9238 (74) 11,722 (74.5)
Family History of T2DM (%) 149 (1.2) 249 (1.6) 7.56, 0.006
Hypertension (%) 2301 (18.4) 3120 (19.8) 8.72,0.003
IFG 1153 (9.2) 1692 (10.7) 17.65, <0.001

Descriptive statistics were mean =+ standard for continuous variable and relative frequencies for categorical
variables and analyzed using Student’s ¢ test for continuous variable (age and BMI) and Chi-square test for

the categorical variables
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Table 2 Risk score based on S-coefficient of Cox regression analysis
in whole cohort

Predictors Cox regression Risk
score
B-Coefficient aHR (95% CI) P value
Age (years)
<40 - - - 0
40— 1.8 5.84 (2.84, <0.001 4
12.01)
BMI (kg/m?)
<25 - - - 0
25— 0.8 2.15 (1.70, <0.001 2
2.72)
30- 1.6 4.92 (3.11, <0.001 4
7.79)
Family history
of T2DM
No - - -
Yes 1.0 2.78 (1.51, <0.001 3
5.14)
Diet
Vegetable -03 0.78 (0.55, 0.164 -1
mainly 1.11)
Meat mainly 0.9 2.41(1.87, <0.001 3
3.11)
Equally - - - 0
Hypertension
No - - - 0
Yes 0.7 2.00 (1.59, <0.001 2
2.51)
IFG
No - - - 0
Yes 1.6 4.93 (3.86, <0.001 4
6.28)

Predictors were selected by multiple Cox regression analysis using
age groups, sex, education, occupation, household income, body mass
index categories, smoking, alcohol use, regular exercise, diet, tea con-
sumption, hypertension, and impaired fasting glucose

specificity were 53.4 and 67.3%, for the plus-FPG model
the AUC, C-statistic, sensitivity, and specificity were 0.667,
0.707, 59.2, and 65.7%, respectively.

We made a comparison between our RS and 12 existing
classic RSs (Table 3). Generally, our RS model provided
satisfactory results relative to the existing RS models in
terms of AUC, C-statistic, sensitivity, and specificity.

Discussion
The diabetes risk score method is a cost-effective tool to

identify individuals who are at high risk for T2DM in areas
with limited resources such as rural China [1, 15]. Several
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diabetes risk scores have been reported for Chinese popula-
tion, but few were created for rural population or based on
prospective cohort data [16-22]. We developed the current
diabetes risk score using data from a longitudinal cohort
study of rural population [14], and to our knowledge, is the
first one for rural Chinese adults based on large prospective
cohort data. In the current study, we developed two practi-
cal risk score models, namely non-invasive and plus-FPG
models, for rural Chinese adults. The discrimination capa-
bility was better for the plus-FPG model compared with the
non-invasive model. However, because of the nature of con-
venience, non-invasiveness, and low cost, the latter is more
practical, especially in primary public health settings [23,
24]. Both risk score models showed some discrepancies
when different sources of data were used. The optimal risk
score was 1-point lower for the sub-cohort population com-
pared with the whole cohort population, and similar differ-
ences were reported in previous studies [25].

Several risk scores for T2DM incidence have been
developed in both Caucasian populations and Asian popula-
tions [8-11, 23, 24, 26-31], and the most common predic-
tors in these models were age, family history of diabetes,
obesity, hypertension, and impaired fasting glucose, and
our study showed similar results. Although we found that
sex, physical activity, smoking, and alcohol use were also
significantly associated with incident T2DM, AUC showed
no significant improvement, and therefore, our final models
did not include these factors.

Although various risk score models included similar risk
factors, the discriminative capability was better for those of
Caucasian populations [8—11] (AUC 0.78-0.86) than those
of Asian populations [23, 24, 29] including ours (AUC
0.67-0.77). Compared to Caucasians, Asians are more sus-
ceptible to the development of T2DM [32] and have lower
levels of insulin secretion [33].

We compared the performance of several existing risk
scores for our study population and found that the AUCs
were in the range from 0.56 to 0.73 and C-statistic was in
the range from 0.64 to 0.75, which were substantially lower
than those from the original study populations. Some exist-
ing risk score models showed a higher C-statistic than our
study, but not their sensitivity or/and specificity. We used
bootstrapping method to validate the performance meas-
ures. The bias-corrected C-statistics were similar, and the
95% ClIs for the sensitivity and specificity were narrower.
For our study population, our risk score models clearly
demonstrated a better performance as compared with other
exiting models developed based on data from non-Chi-
nese populations, suggesting that diabetes risk score mod-
els should be designed and developed for specific target
populations.

In our non-invasive risk score model, we used predic-
tors that are easily measured and the data can be collected



1119

J Endocrinol Invest (2017) 40:1115-1123

04
‘Kanoeur [earsAyd
«(989°0) L1SL°0) ‘Sunours ‘uorsua) [ec]
(8080 (8€L0 (Te80 (0290 (S6L°0 -10dAy ‘TINE IsTEM 21008 YSII
(#0S°0 ‘9L9°0) ‘9€9°0) ‘808°0) ‘LLY0) ‘90L°0) ‘INATL Jo K10381Y S910qEIp
‘T9°0) €870 87L°0 ¥L0°0 L89°0 +¥9°0 S18°0 1550 #59°0 0SL'0  LTLO 91 TLLO  Amureg ‘1opuss o8y osouedef
DNE Istess  ([11] [00L,
«(299°0) «{STL'0) ‘Kanoeut [eorsyd  Juowssassy
(06L°0 91L0 (€0L°0 @90 (€LLO ‘Sunjows ‘uoIsua) sy
(€€5°0 6£9°0) ‘L09°0) ‘689°0) ‘v67°0) 6L9°0) -10d&y YOI ‘INATL NATL
‘161°0) TIS0 vIL0 7810 7990 TT90 769°0 8950 S92°0 9CL0  999°0 4! €8L°0 Jo Aroisty Aqurey o8y uerensny
ayejut iy pue
J[qeedaa ‘Kyanoeur
«(169°0) (I¥7L°0) [eorsAyd ‘erwaoA[3 vi8l
(€850 (IvLo (Lo (6090 (88L°0 -10d4y jo Kxois1Ty 91008 STY
(IeLo ‘LIF0) ‘0%9°0) ‘0€L°0) ‘99t°0) ‘869°0) ‘oArsuatadAynuy jo sajeqeI(]
“T0L°0) T2L0 L6¥0 950°0 1690 $90 8€L°0 0¥S°0 61€0 €vL0 1890 6 LS80 osn IsleM ‘[N 98V pue[uIf oy],
SPIOIANS JO asn ,®>_m
«(829°0) «{(259°0) -uenedAynuy jo asn
€90 (TL90 (0st°0 @rLo (2890 ‘Sunjowss ‘INACL  yl6]a1008
(8090 ‘L8%°0) ‘¥85°0) ‘6E7°0) ‘1$9°0) ‘129°0) Jo A1oysty Aruey sy 95pLiq
‘€LS°0) 16570 0950 L8370 8790 +09°0 Sadl) 869°0 L0 1S90  L09°0 s¢ 108°0 ‘TING “1opuos 23y -we) 30
9soon[3 vlor]
-poolq Junsej ‘Jsrem QI00S YSII
«{£69°0) {6€L°0) ‘OpUROA[SIL “TAH  SmI[ou $9)
(#sLo (8€L°0 (LzLo (5590 (TLLo ‘uorsuoiedAy ‘TNG  -eqerp wey
(L95°0 ‘029°0) 6%9°0) ‘91L°0) 56°0) ‘LOL0) ‘INATL Jo K1038TY -Surery
‘1€5°0) 6¥S°0 6890 00 €69°0 L¥9°0 Lo #09°0 100°0> 6€L°0  60L0 - 768°0  Arurej ‘10puos 3y vsn
DI ‘uorsuayradAy
«(LOL'0) «(69L°0) “191p ‘INATL JO
(5590 (0sL0 (#9L°0 (LL90 (86L°0 Kroysty Arurey ‘NG
(LL90 ‘815°0) ‘€99°0) ‘PSL'0) ‘¥85°0) ‘6€L°0) ‘o3 :[opow 2s00n[3
‘0%9°0) LS9°0 7650 62L0 LOL'O 990 65L°0 1€9°0 620 69L°0 ¥SLO L ¥6L0  euwserd Sunsej-snq
«(299°0) «(€2L°0) uorsualad£y jo1p
(2090 (s0L0 (0190 LyrLo (TsLo ‘INATL Jo K1038TY [eopowr
(1690 ‘19t°0) ‘819°0) ‘665°0) ‘969°0) 769°0) Aqrurey ‘TN ‘o3 01008 YSII
‘669°0) TL9'0 €S0 921’0 7990 8£9°0 #09°0 S0L0 L98°0 €2L°0  SOLO 9 S0L'0  :Topow oAlseaul-uoN  Sutbo( oyf,
anfeA 4 anfea 4
MOYSAUW T MOUSIW Apms
Aoygoads  ATAnIsuag —ToWSOH onspels-) DNV Aogoads  ANADISUSS  —IQWISOH  dnsnels-) DNV [euISLo Apms
ur JJo-1no reurSuo [opour [opowt
1104od-qng J1040o 9[oypay  TewmdQ ur DOV AU} ur S10J0eJ YSIY QI09S STy

1I0409-qNs PUE }I0Y0D A[OYM UI [9POUI AI0IS YSII SUNSIXD JO OULWION € B,

pringer

a's



J Endocrinol Invest (2017) 40:1115-1123

1120

Surdwesar densjooq 0001

13

110409-qns pue [0y UI S[QE[IBAB JOU JIoM SI[QBLILA 33U} ASNEIAQ PAPN[OUI J0U 1M SPIOIS)S JO SN Puk ‘IsIem ‘SPLIdOA[SLY “TH [ s10301paid pajeorpu]

uorsuairadAy [y€]
«(8L9°0) (SL9°0) Jo uonemp ‘WAL asauIy)
(6£L°0 (6TL°0 (€950 (90L°0 (L1Lo Jo Koysiy Ajruey [eanI ur
(€650 ‘765°0) ‘0£9°0) ‘S¥S°0) 795°0) 7€9°0) ‘INdTL Jo L101s1y 21008 ySIY
‘ISS°0) 1LS°0 699°0 o 6,90 9¥9°0 ¥S5°0 ¥€9°0 L6070 ¥L90  LT90 - €9L°0 ATrurey ‘TN 03y seleqel( oYL
(959°0) (079°0)
(8SL°0 (81L°0 (sze0 (€580 (#69°0 IsTEM
(8650 ‘896°0) ‘€65°0) T0€°0) ‘€1L°0) ‘L85°0) ‘INATL Jo K1osty
‘€¥S°0) 0LS°0 £99°0 8L6°0 9590 S9°0 ¥1€°0 L8L°0 81€°0 190 SSS°0 vl 689°0  A[tuwey 93y ‘usWOMm
«(L99°0) +(659°0) [ce]
($8°0 (SvL0 (8690 (290 (82L°0 91098 ST
(08%°0 ‘199°0) ¥86°0) ¥.9°0) ‘€0v°0) ‘685°0) Istem ‘INACL Jo K10y sojeqeIq
‘€TH'0) 0S¥°0 85L°0 982°0 ¥99°0 6290 L89°0 ¥15°0 100°0> 8590 S65°0 LT 690 -sIy Arurey ‘oFe :uely  0epSUIQ) YL,
«(659°0) «($¥9°0) [oz]
(2990 (T1L°0 (82€0 (T18°0 (8890 INQZL Jo L1081y 21008 YSIY
(LoLo ‘€0S°0) ‘809°0) ‘TI€°0) ‘€SL°0) ‘109°0) AJrurey ‘qgs “Isrem saleqer(
‘899°0) L8890 €850 LO0 6590 TF9°0 0T€0 7180 LT00 S¥9°0 9950 ST 8¥L°0 ‘TN 19puds 93y asduIy) 9y,
Nao vlead
(989°0) (269°0) ‘AL Jo Kosiy asaury)
(16L°0 (€0 (8520 (656°0 Lo Annurey ‘erwoprdrp - Suoy] Suoy
(§T8°0 ‘699°0) ‘TH9°0) TST0) ‘T16°0) ‘199°0) -10dAy ‘uorsudiredAy ur 21008
‘88%°0) LOS0 8CL0 S0€0 9890 +59°0 8570 SE€6°0 100°0> 7690 8790 91 SEL0 ‘TINE “IOpuds 98y YSH s9RqeIq
Ddd “1aH v[91]
(899°0) (9€L°0) OpLIIAISI DIM asauIy)
0£9°0 (L1Lo #9L°0 (S¥9°0 (TLLo ‘INATL Jo K10381Y uemIe], ur
(6890 ‘89°0) ‘919°0) TSL0) ‘€65°0) T0L°0) Aqruey ‘vorsualradAy 91008 YSII
‘L¥9°0) $99°0 9%5°0 €90 9990 6790 8SL°0 €650 ¥00°0 LELO TILO 01 70L°0 ‘TNE “Iopuds 98y sojeqeI(q
«(L¥9°0) +(§69°0) INdZL izd
(6L8°0 (L69°0 (€0L0 (L9S°0 (L69°0 Jo Axoysty Aqrurey 21098 ST
(€6€°0 ‘86L°0) ‘865°0) 989°0) ‘€€1'0) ‘€19°0) ‘uorsudadAy 9srem S3JqEIp
‘TSE'0) TLEO 780 SIT0 8790 1790 ¥69°0 00S°0 €200 $S9°0  LT90 9 8¥L°0 ‘TING ‘10puds 93y pue[rey[ oy,
«(€59°0) AS¥9°0) asn [oyoo[e ‘Sur
(8SL°0 (€0L0 (¥69°0 (8090 (2890 -JOuws ‘JsTeMm ‘Uors [6T] 21008
(1950 T19°0) $09°0) ‘LL9°0) ‘¥9t°0) ‘€09°0) -uapRdAy ‘AT Jo 3SII 89309
‘02S°0) 0S°0 889°0 6€L°0 €59°0 8£9°0 $89°0 9¢6°0 LOT0 S¥9°0 €790 S €L'0  Atoisiy Kuiey 98y -evIp UBAIOY]
anfeA 4 anfeA 4
MOYSIWT MOYSAWT Apms
Aogoeds  Aanisuag —IoWISOH onsnes-) DNV Aogoadg  ANADISUSS  —IOWSOH  dnsnels-) DNV [eui3uo Apms
ur Jjo-no [eursto [epouwx [opowt
11040d-qn§ JI04od 9[oypy  rewndQ ur DOV AU} ur S10J0€J YSIyY Q1098 STy

ponunuod ¢ qel,

pringer

Qs



J Endocrinol Invest (2017) 40:1115-1123

10

A

0.8

o
[}
1

Sensitivity

o
>
1

0.2

00— T

00 02 04 06 08 10
1 - Specificity

10

08

[=4
o
1

Sensitivity

0.4

0.2

00— T

00 02 04 06 08 10
1 - Specificity

o
(-]
L

Sensitivity

o
>
1

0.2

00— T T T T
0.0 02 04 06 08 1.0

1 - Specificity

10

0.8

o
o
1

Sensitivity

o
>
1

0.2

00 T T T T
0.0 02 04 06 08 10

1 - Specificity

Fig. 1 ROC of the non-invasive model in whole cohort (a); ROC of the plus-fasting plasma glucose model in whole cohort (b); ROC of the non-
invasive model in sub-cohort (¢); ROC of the plus-fasting plasma glucose model in sub-cohort (d)

in general health care settings with integer point values of
risk factors. A non-professional person can also estimate the
risk for developing T2DM at home. One limitation was that
the incident cases of T2DM were identified through local
electronic health records system and there might be some
underdiagnosis biases, indicated by the observations from
the sub-cohort, which provided additional questionnaire
and physical examination information. The local electronic
health system currently only had information on annual

community physical examinations, but no electronic medi-
cal records from hospitals. People who were diagnosed with
T2DM in a hospital but did not participate the annual com-
munity physical examination would not be caught in the
local electronic health system. Meanwhile, a low attendance
rate of physical examination also affects the completeness
of the health information system. There is a cautious note
about the models’ external and internal validities. Although
our study population had similar age and sex distributions
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as compared to general Chinese rural population, Deqing
County is one of top 100 well-developed counties in China.
This model needs to be further tested in different rural set-
tings of the country. In addition, nearly 40% of subjects
from the sub-cohort were lost to follow-up, which could
bias the internal validation of our models to some degree.

Conclusions

In conclusion, our risk score model could be used as a
simple, fast, cost-effective tool to identify individuals who
are at high risk of type 2 diabetes for rural Chinese adults.
Individuals with high score values should be encouraged
to take a screening test for type 2 diabetes and to have a
healthier lifestyle. It is important to develop a diabetes pre-
vention and control program targeting rural residents to
reduce their risk of T2DM.
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