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Background: There is a high incidence of leprosy among house-contacts compared with the general popula-
tion. We aimed to establish a predictive model using these genetic factors along with epidemiological factors
to predict leprosy risk of leprosy household contacts (HHCs).
Methods: Weighted genetic risk score (wGRS) encompassing genome wide association studies (GWAS) var-
iants and five non-genetic factors were examined in a case�control design associated with leprosy risk
including 589 cases and 647 controls from leprosy HHCs. We constructed a risk prediction nomogram and
evaluated its performance by concordance index (C-index) and calibration curve. The results were validated
using bootstrap resampling with 1000 resamples and a prospective design including 1100 HHCs of leprosy
patients.
Finding: The C-index for the risk model was 0¢792 (95% confidence interval [CI] 0¢768-0¢817), and was con-
firmed to be 0¢780 through bootstrapping validation. The calibration curve for the probability of leprosy
showed good agreement between the prediction of the nomogram and actual observation. HHCs were then
divided into the low-risk group (nomogram score �81) and the high-risk group (nomogram score>81). In
prospective analysis, 12 of 1100 participants had leprosy during 63 months’ follow-up. We generated the
nomogram for leprosy in the validation cohort (C-index 0¢773 [95%CI 0¢658-0¢888], sensitivity75¢0%, specific-
ity 66¢8%). Interpretation The nomogram achieved an effective prediction of leprosy in HHCs. Using the
model, the risk of an individual contact developing leprosy can be determined, which can lead to a rational
preventive choice for tracing higher-risk leprosy contacts.
Funding: The ministry of health of China, ministry of science and technology of China, Chinese academy of
medical sciences, Jiangsu provincial department of science and technology, Nanjing municipal science and
technology bureau.
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1. Introduction

Leprosy, which is caused mainly by Mycobacterium leprae, can
progress to peripheral nerve injury and systematic deformity in
untreated individuals [1]. According to the official WHO records, a
total of 208641 new leprosy patients were reported globally in 2018,
China contributed 521 (0¢25%) of these cases [2]. Leprosy is mainly
prevalent in southwestern provinces of China, including Sichuan,
Hunan, Yunnan, and Guizhou [3]. Current evidence suggests that the
leprosy household contacts (HHCs) have a higher-risk of developing
the disease than the general population [4]. Therefore, contact tracing
and post-exposure prophylaxis (PEP) serve as the basis for leprosy
control. A distinct risk prediction model that could identify higher-
risk contacts needs to be developed, which would allow physicians to
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Research in context

Evidence before this study

We searched PubMed and SpringerLink for studies for abstracts
and articles using the search terms “leprosy”, “contact”, “epide-
miology”, “SNP”, “nomogram” and “risk factors”, from database
inception to Aug 1, 2020, with no language restrictions. We
found no nomogram-based studies focusing on predicting for
leprosy developing in leprosy contacts. Most articles focused on
the risk factors associated with leprosy among household con-
tacts of patients. To date, risk factors that have been proposed
for acquisition of leprosy include type of leprosy in index
patient, age, sex, genetic influences, socioeconomic conditions
and some serologic markers. A modeling study attempted to
predict leprosy in the Chinese population based on a weighted
genetic risk score, but the study had no information of individu-
al’s exposure to M. leprae and the outcomes could not truly
examine the discriminatory power of predicting the incidence
of leprosy. Although many groups have tried to estimate the
risk factors of leprosy developing in leprosy household con-
tacts, none has specifically constructed a model to predict lep-
rosy contacts at risk of developing leprosy.

Added value of this study

Our study is the first to establish a predictive nomogram for
leprosy based on the data of leprosy contact individuals using
genetic and epidemiological risk factors and determine the
accuracy of the prediction model in a prospective study.

Implications of all the available evidence

The findings of this study show that the individuals at high risk
of developing leprosy are more likely to be younger, male,
minority and higher wGRS, their index cases had higher base-
line delay period of detection and likely to be lepromatous lep-
rosy patients. We established a nomogram based on
multivariate logistic regression analysis. The nomogram is valu-
able for risk stratification management, and will be helpful for
controlling leprosy transmission by formulating strategies of
tracing contacts with the high risk of developing leprosy.
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determine the PEP target group and formulate strategies for tracing
contacts.

As an infectious disease, an individual’s exposure to M. leprae and
epidemiological factors play important roles in the development of lep-
rosy. Studies showed that the increased incidence of leprosy in contact
individuals is likely associated with leprosy classification of index cases
[4]. Gender differences and age also play important roles in the risk of
developing leprosy among contacts [4�7]. Genome wide association
studies (GWAS) have identified a number of single nucleotide polymor-
phisms (SNPs) associated with the genetic predisposition to leprosy.
[8�14] Based on these findings, we calculated the weighted genetic
risk score (wGRS) with the published GWAS results and combined
non-genetic risk factors to construct a predictive nomogrammodel in a
Chinese leprosy HHCs cohort. We assessed the predictive accuracy of
this model and validated it in an independent follow-up group.
2. Methods

2.1. Study populations

A case�control study was conducted on a primary cohort of lep-
rosy HHCs, enrolled from January 2010 to June 2014 in four provinces
(Yunnan, Guizhou, Sichuan and Hunan). Fig. 1 shows the enrollment
and outcomes in this study. 644 leprosy HHCs detected as new lep-
rosy patients in January 2010 to June 2014 in the study area were
selected as case group. 685 Controls without leprosy were selected
from the HHCs whose index cases were registered in January 2010 to
June 2014 in the area. Leprosy cases and control individuals in the
training cohort were matched according to their socioeconomic sta-
tus and environmental conditions. All subjects were followed up
from recruitment to December 31, 2019. Patients were diagnosed
with leprosy by initial clinical evaluation based on clinical manifesta-
tions, slit skin smears and histopathological examinations. HHCs
were defined as people living under the same roof and sharing food
with the patient for at least six months among the past six years.
Exclusions were those who refused to provide informed consent and
any person that received treatment for tuberculosis or leprosy within
one year. The controls ever diagnosed with leprosy until December
31, 2019 were excluded.

An independent cohort included 1164 leprosy HHCs whose index
cases were diagnosed in January 2010 to June 2014 and who were
followed up from September 2014 to the time of detection of a subse-
quent case or until December 31, 2019 was prospectively studied,
using the same risk factors, inclusion and exclusion criteria as
described previously.

Blood samples were collected from all participating subjects after
obtaining an informed written consent. All participating individuals
provided personal data including sex, contact age (when index cases
were diagnosed) and ethnicity. Data such as index cases’ delay period
of detection and Ridley-Jopling classification [15] of index cases was
collected from medical record.

2.2. Ethics statement

This study was approved by the institutional ethical committee of
the Institute of Dermatology, Chinese Academy of Medical Sciences
and Peking Union Medical College, Yunnan Center for Disease Control
and Prevention, Guizhou Center for Disease Control and Prevention,
Hunan Center for Disease Control and Prevention, Sichuan Academy
of Medical Sciences and Sichuan Provincial People’s Hospital. (2014-
KY-003). This study was conducted according to the Declaration of
Helsinki. All adult participants provided written informed consent.
Parents or guardians provided written informed consent on behalf of
children who participated in the study.

2.3. SNP selection, genotyping, and quality control

We selected 17 SNPs from previously published GWAS studies
and one study combined whole-exome sequencing and targeted
next-generation sequencing within the GWAS loci [8�14], wherein a
genome-wide significant association (p < 5 £ 10�8) between the
SNPs in the genes RAB32, HIF1A, BATF3, LACC1, CTSB, TNFSF15, CDH18,
SLC29A3, DEC1, FLG, NOD2, IL18RAP/IL18R1, NCKIPSD, CARD9 and lep-
rosy. Based on multiplex polymerase chain reaction (PCR) to precisely
genotype SNPs with next generation sequencing. After the PCR
amplification, the products genotyped according to the manufac-
tures’ protocol using the Illumina Hiseq X-10 platform. All the 17
SNPs were genotyped in the training cohort. In the validation cohort,
the subjects were only genotyped for the SNPs at significance level in
the training cohort. Variants went through the following quality con-
trol filters in the training cohort: Genotypes were manually curated
with call rates above 97%, and minor allele frequency (MAF) > 1%.
Ultimately, two variants with MAF < 1% in the training cohort were
eliminated (rs149308743 and rs145562243). Subjects with missing
data on one or more genetic variants of interest were also excluded
from the analysis. A total of 15 variants and 2336 subjects (589 par-
ticipants with leprosy, 647 controls free of leprosy, and 1100 partici-
pants of follow-up group) were included in the analyses.



Fig. 1. Enrollment and outcomes. 63-month follow-up for all of the participants was performed including 5 clinical visits.
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2.4. Statistical analysis

We tested the associations between phenotypes and SNPs using
PLINK v 1¢07 based on a logistic regression model adjusted for non-
genetic factors, and constructed wGRS for each individual by sum-
ming the risk alleles (0/1/2) weighted by the b coefficient of each
SNP with P value < 0¢05 obtained from the logistic regression in the
training samples. The wGRS as a predictor for leprosy risk was ana-
lyzed.
Continuous variables including contact age, wGRS and index
cases’ delay period of detection were categorized into groups based
on the epidemiological characteristics (contact age) or maximum
Youden index (wGRS and index cases’ delay period of detection). The
least absolute shrinkage and selection operator (LASSO) method, was
used to select the optimal predictive features in risk factors. The
LASSO model used 10-fold cross-validation via minimum criteria.
Features with nonzero coefficients in the LASSO regression model
were selected [16]. Then, we did a binary multivariate logistic
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regression analysis to test the independent significance of different
factors and build a predicting model by incorporating the features
including sex, contact age (when index cases were diagnosed), eth-
nicity, index cases’ delay period of detection, Ridley-Jopling classifica-
tion of index cases, and wGRS.

A nomogram model was formulated based on proportionally con-
verting each regression coefficient in multivariate logistic regression
to a 0-to100-point scale. The effect of the variable with the highest b
coefficient (absolute value) is assigned 100 points. The points are
added across independent variables to derive total points, which are
converted to predicted probabilities [17]. The performance of nomo-
gram was evaluated by discrimination (concordance index [C-index])
and calibration (calibration plots and Hosmer-Lemeshow calibration
test) [18]. The discrimination of the nomogram was measured by the
C-index and calibration with 1000 bootstrap samples to decrease the
overfit bias. We also investigated the performance of every single fac-
tor, the model with all epidemiological risk factors and the relevant
model including genetic and epidemiological risk factors. Calibration
is useful for assessing whether actual outcomes approximate pre-
dicted outcomes for every nomogram [19]. In a well calibrated model,
points are close to the 45-degree line. We find the optimal cutoff
value to separate leprosy contacts into low-risk and high-risk groups
as determined by the maximum sensitivity and specificity in the
training cohort. During the independent validation of the nomogram,
the total points of each HHC in the validation cohort were calculated
according to the established nomogram. Then, logistic regression in
this cohort was performed using the total points as a factor. Finally,
the C-index and calibration curve were derived based on the regres-
sion analysis.

We used the “glmnet” package to perform the LASSO regression
model analysis and “Hmisc” package to calculate C-index. Logistic
regression, nomogram and calibration plots were made using the
“rms” package of R software. We used SPSS to calculate Youden index
Table 1
Demographics and wGRS characteristics of leprosy contacta.

No. (%)
Demographic Characteristics Training Cohort

Leprosy Cases (n = 589) Cont
Contact age(years)b

�10 116(19.7) 11(1
11-20 137(23.3) 100(
21-30 122(20.7) 127(
31-40 101(17.1) 138(
41-50 71(12.1) 105(
51-60 24(4.1) 108(
61-70 15(2.5) 54(8
�71 3(0.5) 4(0.6
Ethnicity
Han 296(50.3) 366(
Minority 293(49.7) 281(
Sex
Male 380(64.5) 317(
Female 209(35.5) 330(
Index cases’ delay period of detection (months)
�32.5 304(51.6) 465(
>32.5 285(48.4) 182(
wGRS
�0.54 389(66.0) 513(
>0.54 200(34.0) 134(
Ridley-Jopling classification of index cases
BB 27(4.6) 73(1
BL 196(33.3) 211(
BT 39(6.6) 87(1
I 6(1.0) 5(0.8
LL 276(46.9) 177(
TT 45(7.6) 94(1
a The table excluded individuals with missing data.
b Contact age when the index cases were diagnosed. OR, odds ratio; TT, Tuberculoid

derline lepromatous Leprosy; LL, Lepromatous Leprosy; I, Indeterminate Leprosy; wGRS
and perform Hosmer-Lemeshow calibration test. 95% confidence
intervals to the sensitivity and specificity were calculated by MedCalc
software version 19¢7¢4. All statistical tests were conducted using R
software version 3¢6¢1 and SPSS (version23; IBM Corporation). Statis-
tical significance was set at 0¢05.

2.5. Role of the funding source

The sponsors had no role in the study design, data collection, data
analyses, interpretation, or writing of the study.

3. Results

1236 leprosy contacts met the inclusion criteria were included in
the training cohort. For the validation cohort, we studied 1100 HHCs
(Supplementary Fig.1). In the training cohort, the case group con-
sisted of 589 leprosy patients, with a mean contact age (when the
index cases were diagnosed) of 25¢74 § 16¢067 years of age (range 0-
80 years) while 647 contacts free of leprosy, with a mean age of
37¢68 § 15¢919 years of age (range 7-82 years). In the validation
cohort, the case group consisted of 12 leprosy patients, with a mean
age of 25¢83 § 15¢96 years of age (range 8-50 years) while 1088 con-
tacts free of leprosy, with a mean age of 34¢94 § 16¢11 years of age
(range 1-77 years). The other baseline characteristics of participants
are listed in Table 1.

The wGRS was calculated based on three SNPs which showed an
association at P < 0¢05 in the training cohort after adjusting for sex,
contact age (when index cases were diagnosed), ethnicity, index
cases’ delay period of detection, and Ridley-Jopling classification of
index cases. These included rs2221593 at the BATF3 locus (P = 0¢03),
rs146466242 at the FLG locus (P = 0¢02) and rs9302752 at the NOD2
locus (P = 1¢54 £ 10�5). The characteristics and association results of
the 15 variants are displayed in Table 2.
Validation Cohort

rols (n = 647) Subsequent leprosy cases (n = 12) Free of leprosy (n = 1088)

.7) 4(33.3) 32(2.9)
15.5) 1(8.3) 238(21.9)
19.6) 3(25.0) 201(18.5)
21.3) 0 185(17.0)
16.2) 4(33.3) 222(20.4)
16.7) 0 139(12.8)
.3) 0 66(6.1)
) 0 5(0.5)

56.6) 4(33.3) 613(56.3)
43.4) 8(66.7) 475(43.7)

49.0) 8(66.7) 569(52.3)
51.0) 4(33.3) 519(47.7)

71.9) 11(91.7) 810(74.4)
28.1) 1(8.3) 278(25.6)

79.3) 8(66.7) 809(74.4)
20.7) 4(33.3) 279(25.6)

1.3) 1(8.3) 53(4.9)
32.6) 3(25.0) 370(34.0)
3.4) 1(8.3) 183(16.8)
) 0 4(0.4)
27.4) 7(58.3) 335(30.8)
4.5) 0 143(13.1)

Leprosy; BT, Borderline tuberculoid Leprosy; BB, Mid-borderline Leprosy; BL, Bor-
, Weighted genetic risk score.



Table 2
Association between SNPs and leprosya.

SNP Region Candidate gene Risk allele Minor allele aa/Aa/AAb F_A F_U OR (95%CI)a P-valuea

Cases (n=589) Controls (n=647)

rs2275606 6q24.3 RAB32 A A 64/229/296 53/244/350 0.30 0.27 1.11(0.91-1.34) 0.31
rs142179458 14q23.2 HIF1A A A 1/67/521 1/43/603 0.06 0.03 1.45(0.94-2.24) 0.10
rs2221593 1q32.3 BATF3 A A 91/185/313 80/168/399 0.31 0.25 1.21(1.01-1.44) 0.03
rs3764147 13q14.11 LACC1 G G 102/296/191 91/309/247 0.42 0.38 1.15 (0.96-1.38) 0.14
rs55894533 8p23.1 CTSB C C 138/293/158 147/324/176 0.48 0.48 1.10(0.92-1.32) 0.28
rs6478108 9q32 TNFSF15 C T 124/246/219 143/308/196 0.42 0.46 1.15(0.97-1.37) 0.10
rs73058713 5p14.3 CDH18 C A 12/142/435 16/143/488 0.14 0.14 1.00(0.78-1.29) 0.99
rs780668 10q22.1 SLC29A3 A A 149/296/144 137/331/179 0.50 0.47 1.07(0.89-1.28) 0.50
rs10817758 9q32 DEC1 C T 113/304/172 137/326/184 0.45 0.46 1.17(0.97-1.41) 0.09
rs146466242 1q21.3 FLG A A 3/23/563 0/10/637 0.02 0.01 2.70(1.17-6.23) 0.02
rs9302752 16q12.1 NOD2 C C 63/243/283 33/236/378 0.31 0.23 1.57(1.28-1.92) <0.001
rs2058660 2q12.1 IL18RAP/IL18R1 C C 95/302/192 112/300/235 0.42 0.40 1.04(0.87-1.25) 0.67
rs4720118 7p14.3 BBS9 C T 50/249/290 59/265/323 0.30 0.30 1.06(0.87-1.29) 0.57
rs663743 11q13.1 CCDC88B A A 31/211/347 36/205/406 0.23 0.21 1.10(0.89-1.36) 0.37
rs76418789 1p31.3 IL23R A A 2/55/532 1/54/592 0.05 0.04 1.01(0.66-1.54) 0.97
a Association tested for risk alleles with logistic regression model adjusted for sex, contact age, ethnicity, delay period of detection and Ridley-Jopling classification of

index cases without the missing data in training cohort.
b aa/Aa/AA, the numbers of cases and controls with minor allele homozygote/heterozygote/major allele homozygote genotypes, respectively. F_A, minor allele fre-

quency in 589 leprosy patients; F_U, minor allele frequency in 647 control subjects, OR, odds ratio; CI, confidence interval; SNP, single nucleotide polymorphism.
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Six potential predictors based on the training cohort with nonzero
coefficients were selected by the LASSO regression model (Supple-
mentary Fig.2). The results of univariate logistic analysis are pre-
sented in supplementary Table. Multivariate analyses demonstrated
that the genetic and epidemiology factors were independent risk fac-
tors of leprosy (Table 3). Comparing with those in the control group,
the individuals in the case group were more likely to be younger,
male, minority, and had higher wGRS. Moreover, their index cases
had higher baseline delay period of detection, and they were likely to
be lepromatous leprosy patients.

The estimated C-index of every single risk factor’s model showed
poor predictive ability. Inclusion of all epidemiological factors did
improve the predictive ability of the model. However, the combined
model including all risk factors leads to a much greater C-index
increase in the training cohort study (Table 4). The independently
associated risk factors were used to form a leprosy risk estimation
nomogram (Fig 2a). The C-index for leprosy prediction was 0¢792
Table 3
Multivariate Logistic Regression Analysis for Associations between Prediction
Factors and Leprosy in the Training Cohorta.

OR (95% CI) P value

Contact Age(years)
11-20vs�10 0.13 (0.06-0.25) <0.001
21-30 vs�10 0.09 (0.05-0.18) <0.001
31-40 vs�10 0.08 (0.04-0.14) <0.001
41-50 vs�10 0.06 (0.03-0.12) <0.001
51-60 vs�10 0.02 (0.01-0.05) <0.001
61-70 vs�10 0.02 (0.01-0.05) <0.001
�71 vs�10 0.13 (0.02-0.73) 0.02
Ethnicity, Minority vs Han 1.36 (1.05-1.78) 0.02
Sex, Female vs Male 0.64 (0.49-0.83) <0.001
Index cases’ delay period of

detection(months), >32.5 vs �32.5
2.54 (1.94-3.35) <0.001

wGRS, >0.54 vs �0.54 2.07 (1.54-2.78) <0.001
Ridley-Jopling Classification of Index cases
BL vs BB 2.01 (1.20-3.45) 0.01
BT vs BB 0.97 (0.51-1.86) 0.93
I vs BB 2.08 (0.51-8.69) 0.30
LL vs BB 3.18 (1.90-5.47) <0.001
TT vs BB 0.88 (0.47-1.67) 0.70
a Final model of multilevel logistic regression excluded individuals with

missing data. OR, odds ratio; CI, confidence interval; TT, Tuberculoid Leprosy;
BT, Borderline tuberculoid Leprosy; BB, Mid-borderline Leprosy; BL, Borderline
lepromatous Leprosy; LL, Lepromatous Leprosy; I, Indeterminate Leprosy;
wGRS, Weighted genetic risk score.
(95% CI 0¢768 to 0¢817), and was confirmed to be 0¢780 through boot-
strapping validation. The calibration plot for the risk of leprosy
showed an optimal agreement between the prediction by nomogram
and actual observation (Fig 2b). The Hosmer�Lemeshow test yielded
a nonsignificant statistic (P = 0¢819). The optimal cutoff value of the
total nomogram scores was determined to be 81. HHCs were then
divided into the low�risk group (score �81) and the high�risk group
(score>81) for further analysis. The nomogram classified 730 (66¢4%)
of 1100 contacts into the low-risk group and 370 (33¢6%) contacts
into the high�risk group. 406 (68¢9%) of 589 leprosy cases were cate-
gorized into high�risk group while 487 (75¢3%) of 647 healthy con-
trols were categorized into low�risk group by the model. The odds
ratio for leprosy between the high and low-risk group was 6¢753
(95% CI 5¢261-8¢668, p < 0¢001). The sensitivity and specificity of the
nomogram were observed to be 68¢9% (95% CI 65¢0%-72¢6%) and
75¢3% (95% CI 71¢8%-78¢6%), respectively.

In the validation cohort, the follow-up time was 63 months.
Among the 1100 leprosy HHCs, 12 subsequent leprosy cases were
detected. The nomogram displayed a C-index of 0¢773 (95%CI 0¢658-
0¢888) for the estimation of leprosy risk. The Hosmer�Lemeshow
test yielded a nonsignificant statistic (P = 0¢511). The nomogram clas-
sified 730 (66¢4%) of 1100 contacts into the low-risk group and 370
(33¢6%) contacts into the high�risk group. Nine of 12 subsequent lep-
rosy cases were categorized into high�risk group while 727 of 1088
Table 4
Performance of risk models for leprosy.

Risk models C-index (95%CI)

Contact age 0.698 (0.670, 0.726)
Ethnicity 0.532 (0.505, 0.559)
Sex 0.578 (0.551, 0.605)
Index cases’ delay period of detection 0.601 (0.575, 0.627)
wGRS 0.566 (0.542, 0.591)
Ridley-Jopling Classification of Index cases 0.636 (0.607, 0.665)
Epidemiological risk factors a 0.783 (0.758, 0.808)
Epidemiological and genetic factors b 0.792 (0.768, 0.817)
a Epidemiological risk factors including contact age when the index

cases were diagnosed, ethnicity, sex, index cases’ delay period of
detection, and Ridley-Jopling classification of index cases.

b Epidemiological and genetic factors including contact age when
the index cases were diagnosed, ethnicity, sex, index cases’ delay
period of detection, Ridley-Jopling classification of index case, and
wGRS. C-index, concordance index; CI, confidence interval; wGRS,
Weighted genetic risk score.
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Fig. 2. Nomogram predicting leprosy probability in leprosy contacts and its predictive performance. a, to use the nomogram, an individual leprosy contact’s value is located on each
variable axis, and a line is drawn upward to determine the number of points received for each variable value. The sum of these numbers is located on the Total Points axis, and a
line is drawn downward to the Risk of Leprosy axes to determine the leprosy probability. b, calibration curve of the nomogram prediction in the training cohort; c, calibration curve
of the nomogram prediction in the validation cohort. The actual leprosy proportion is plotted on the y-axis; nomogram predicted probability is plotted on the x-axis. Model perfor-
mance is shown by the Apparent line, relative to the 45-degree line, which represents perfect prediction. TT, Tuberculoid Leprosy; BT, Borderline tuberculoid Leprosy; BB, Mid-bor-
derline Leprosy; BL, Borderline lepromatous Leprosy; LL, Lepromatous Leprosy; I, Indeterminate Leprosy.
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healthy controls were categorized into low�risk group by the model.
The odds ratio for leprosy between the high and low-risk group was
6¢042 (95% CI 1¢626-22¢452, p = 0¢006). The sensitivity and specificity
of the nomogram were observed to be 75¢0% (95% CI 42¢8%-94¢5%)
and 66¢8% (95% CI 63¢9%-69¢6%), respectively.

4. Discussion

In the current work based on a case�control study in the training
cohort and an independent prospective cohort, we observed that risk
factors including genetic factors (wGRS) and several epidemiological
factors were significantly associated with leprosy.

Similar to our findings, some studies have suggested that lepro-
matous or multibacillary leprosy HHCs have a higher-risk than tuber-
culoid or paucibacillary leprosy HHCs [20], and higher odds of
leprosy detection among contacts who are male [6]. Genetic factors
can determine the immunologic response to M. leprae. A prospective
cohort study demonstrated that genetic relationship is a relevant risk
factor [5]. The wGRS was a proxy of genetic risk burden in our study,
our results indicate that contacts with higher wGRS might be at
higher-risk for developing leprosy. In this study, leprosy risk among
HHCs was higher among the minority than Han residents, which
might be explained by the different lifestyles, they prefer to live in
their original area rather than work outside the home. We detected
more cases of leprosy among contacts of index cases with longer
delay period of detection. This finding might be explained by the
exposure to the bacterium with relatively long period of time, and
emphasizes the importance of leprosy early diagnosis and treatment.
We studied the contact age when the index patient was diagnosed
and found that it was an important risk predictor for the develop-
ment of leprosy. The effect of age was bimodal, with an increased risk
of age under 10 years and the risk increased again after age 60 years
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which differed from previous studies [6,21]. It might be associated
with the immune status of contact and the long latent period of M.
leprae. Meanwhile, they may need more care from leprosy cases,
resulting in more individuals’ exposure to M. leprae. This reminds us
to value the importance of HHCs’ follow-up especially the old people
and young children.

Genetic risk factors alone or in combination with clinical factors
can be used for risk stratification and to guide strategies for treat-
ment in various types of diseases [19,22]. A nomogram can provide
an individualized, evidence-based, highly accurate risk estimation
[17]. In the field of infectious diseases, a nomogram was constructed
to predict severe coronavirus disease 2019, which could be helpful to
better centralized management and early treatment of severe disease
[23].

Several studies have reported some risk factors for the develop-
ment of leprosy among HHCs [21]. However, a nomogram could pres-
ent a quantitative and practical prediction tool for risk stratification.
A previous study [24] that had no information regarding individuals’
exposure to M. leprae attempted to use wGRS based on 25 variants to
predict leprosy, the C-index in the training and validation cohort of
this study were 0¢773 and 0¢707, respectively. Our nomogram was
based on the information of leprosy HHCs and combined with wGRS
and non-genetic factors has a significantly higher C-index in the
training and validation cohort than it. (0¢792/0¢773 vs 0¢743/0¢707,
respectively).

Furthermore, we evaluated the predictive accuracy of every single
risk factor and improved the discriminatory ability of leprosy risk
models by including genetic and epidemiological risk factors. We
constructed a nomogram to predict leprosy risk and it performed
well as supported by the C- index values of 0¢792 and 0¢773 in the
training and validation cohorts, respectively. Meanwhile, the calibra-
tion curves demonstrated the agreements between prediction and
actual observation in the training cohort. Owing to the limited subse-
quent leprosy cases, the calibration plot for the predicting outcome
did not perfectly correspond to the actual outcome in the follow-up
cohort (Fig 2c). However, the model showed good fit following Hos-
mer�Lemeshow test evaluation (P = 0¢511). This nomogram had sig-
nificantly high sensitivity and specificity to distinguish individuals
with higher-risk of developing leprosy from HHCs based on a follow-
up cohort using 81 as the cutoff value.

For the clinical use of the model, we summarized the sensitivity
and the specificity in estimating the risk of leprosy using 81 as the
cutoff value. The high-risk subgroup had a 6¢042 times higher risk
than the low-risk subgroup. This cutoff value may lead to a slight
increase of false-positive rate according to the prospective study.
However, in the setting of potential problems such as deformity
caused by leprosy, a few high false-positive rates are acceptable. Con-
sidering the long incubation period of leprosy, the tracing time of this
high-risk contact group needs to be extended. The predictive model
can be used to identify contact individuals at a higher risk of develop-
ing leprosy. Meanwhile, this model may assist medical staff in the
control of leprosy by better tracing higher-risk contact individuals
such as providing more frequent visits and disease education.

The strengths of our study are that we validated the nomogram
based on a prospective study to guarantee the robustness of the con-
clusion, and our study subjects were leprosy HHCs with more pro-
found clinical significance. This study has some limitations. First, the
analysis was based on data from high-endemic area, and the genetic
variants were all identified in the Chinese Han population. Thus, the
results should be validated from other endemic populations with
larger prospective contacts cohorts and it might be necessary to
study more polymorphisms associated with leprosy. Second, the ret-
rospective design in the training cohort has a potential for bias. For
example, in the training cohort, the time from index cases diagnosis
to subsequent patients’ onset or to the end of follow-up in control
group is difficult to balance. Third, overcrowding, poor
socioeconomic conditions [25] and antibodies to the M. leprae (phe-
nolic glycolipid I antigen, leprosy IDRI diagnostic-1 and major mem-
brane protein -Ⅱ) among leprosy contact subjects have been reported
to be important for the development of leprosy [26,27] However, all
of these risk factors were not included in the model as following rea-
sons: leprosy cases and control individuals in the training cohort
were matched according to their socioeconomic status and environ-
mental conditions, meanwhile, serological markers titres showed
changes during the leprosy progression [28], information regarding
the antibody titres to specific M. leprae antigens when index cases
were diagnosed in training cohort was missing. Thus, further pro-
spective study should be done to investigate more non-genetic risk
factors associated with leprosy. Finally, due to the low incidence of
leprosy, only a small number of individuals in the validation cohort
(<100) went on to develop the infection, we were unable to precisely
estimate the model’s performance and carry out the association anal-
ysis of risk factors [29].
5. Conclusion

Our data suggest that our nomogram can predict leprosy contacts
at higher-risk of developing leprosy. The model is valuable for risk
stratification management, which will be helpful for controlling lep-
rosy transmission by formulating strategies for better targeting of
PEP or tracing contacts.
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