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ABSTRACT:

Background & Aims: Chronic hepatitis B (CHB) affects over 290 million people globally and
only 10% have'been diagnosed, presenting a severe gap that must be addressed. We developed
logistic regression and machine learning (random forest) models to accurately identify patients

with HBV wsing only easily-obtained demographic data from a population-based data set.

Approach & Results: We identified participants with data on hepatitis B surface antigen
(HBsAg), birth year, sex, race/ethnicity, and birthplace from 10 cycles of the National Health
and Nutrition"Examination Survey (NHANES, 1999-2018) and divided them into two cohorts:
training (cycles:2, 3, 5, 6, 8, 10; n = 39,119) and validation (cycles 1, 4, 7, 9; n = 21,569). We
then developed and tested our two models. The overall cohort was 49.2% male, 39.7% White,
23.2% Black, 29.6% Hispanic, and 7.5% Asian/Other, with a median birth year of 1973. In
multivariable logistic regression, the following factors were associated with HBV infection: birth
year 1991 or.after (adjusted OR [aOR] of 0.28, P <0.001), male sex (aOR 1.49, P =0.0080),
Black and Asian/Other vs. White (aOR 5.23 and 9.13, P < 0.001 for both), and being United
States-born (vs, foreign-born) (aOR 0.14, P < 0.001). We found that the machine learning model
consistently outperformed the logistic regression model, with higher AUROC values (0.83 vs.
0.75 in validation cohort, P < 0.001) and better differentiation of high and low risk individuals.
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Conclusions: Our machine learning model provides a simple, targeted approach to HBV

screening, using only easily-obtained demographic data.

INTRODUCTION:

Chronic hepatitis B (CHB) is a major global public health concern affecting 290 million people,
but only 10% have been diagnosed worldwide.[1] In the United States, CHB affects an estimated
840,000 to 1.59 million people[2, 3] with population-based studies reporting a patient disease
awareness anddiagnosis rate of only 15-19%.[4, 5, 6] While CHB can progress to cirrhosis,
hepatic failure, and hepatocellular carcinoma (HCC), many patients remain asymptomatic until
onset of end-stage liver disease secondary to cirrhosis and/or HCC,[7, 8, 9]further contributing to
the observed low diagnosis and awareness rates. Delayed diagnosis consequently leads to
delayed initiation of antiviral therapies that have been shown to be well tolerated and effective in

preventing the'development of cirrhosis, HCC, and premature death.[10, 11]

This severesunderdiagnosis of CHB has persisted, despite guidelines recommending screening
for high-risk“individuals since the early 2000s (Supplementary Table 1),[12, 13, 14, 15] and
this affirms the need for a simpler, more practical approach to screening and diagnosis of
hepatitis B wirus (HBV) infection. In low-prevalence areas such as the United States or Western
Europe, a universal approach to HBV screening is unlikely to be cost-effective.[12] Meanwhile,
due to advaneessin hepatitis B vaccination policy worldwide, the large majority of the CHB
burden in the United States occurs in immigrants and older individuals, giving rise to an
opportunity.for a:‘semi-universal” screening approach that focuses on specific demographic
groups. A “semi-targeted” approach based on a small number of demographic characteristics that
are easily obtained from electronic health records (EHR), such as age, sex, race/ethnicity, and
birthplace, may enhance CHB screening and diagnosis, due to greater simplicity and data
availability, as well as less reliance on culturally sensitive and/or stigmatizing risk assessment
questions (e.g. injection drug use, men having sex with men, etc.) (Supplemental Table 1).[12,

13, 14, 15]
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Therefore, using a nationally-representative sample of the non-institutionalized United States
civilian population, we sought to develop a data-driven, population-based screening algorithm to
accurately identify HBV infection, using only routinely-collected and easily-obtained

demographic data.

METHODS:

Data source and study population:

We used data‘obtained from the National Health and Nutrition Examination Survey (NHANES)
database, which consists of a series of nationally representative cross-sectional studies performed
by the Centersfor Disease Control and Prevention National Center for Health Statistics (NCHS,
2001-2018)"in 2=year cycles. NHANES collects data from a complex multistage, stratified,
clustered probability sample that is representative of the noninstitutionalized, civilian population
of the United States. Use of the data from NHANES allows for the assessment of various health
and nutritional complications of adults and children in the United States. NHANES collects data
through comprehensive written questionnaires, physical examinations, and biological samples.
NHANES data‘ean be downloaded from the NCHS website

(https://www.cdc.gov/nchs/nhanes.htm). All participants gave written informed consent, and the

NHANES sutvey is administered by the Centers for Disease Control.

Our study participants were from NHANES 1999-2018 (10 cycles). We excluded patients with
missing hepatitis,B surface antigen test (HBsAg) data and those with incomplete demographic
data (birth yearySex, race/ethnicity, and birthplace) (Figure 1). We further divided the study
cohort into @ training cohort (NHANES cycles 2, 3, 5, 6, 8, 10; n=39,119) and a validation
cohort (NHANES cycles 1, 4, 7, 9; n=21,569) to develop and compare two potential algorithms,

as detailed below.

Logistic regression model:

We created logistic regression models[16] with HBV infection (defined as positive HBsAg) as
the primary outcome and demographic variables (birth year, sex, race/ethnicity, and birthplace
[United States vs. foreign-born]) as the primary predictors, with both univariable and

multivariable logistic regression, in the training set. We then created a logit score to estimate risk

This article is protected by copyright. All rights reserved


https://www.cdc.gov/nchs/nhanes.htm

for HBsAg seropositivity that included all variables that were significantly associated with
positive HBsAg at P-value < 0.05 on multivariable regression and was weighted by the beta
coefficients corresponding to those variables. This score was created in the training cohort, and

we then assessed this model’s performance in the validation set.

Random forest.model:

We usedrandom forest models[17] to determine demographic factors (birth year, sex,
race/ethnicity, and birthplace [United States vs. foreign-born]) that were associated with the
primary outcome, HBV infection. Individuals with missing relevant demographic or HBsAg data
were excludedeWe used the party package version 1.3.3 in R with tune length 5 and a fixed seed.
We generated a model using the training cohort with down-sampling of the controls (given how
unbalanced the seét was for HBsAg status) and ten-fold cross-validation to determine test
characteristics of the model in the training set. Because we conducted down-sampling, the initial
model was poorly-calibrated, so we calibrated the model with a Platt scaling (logistic regression
of the risk predicted by the random forest model to the outcome of positive HBsAg) in the
training set. Westhen validated the model in the independent validation cohort without down-

sampling.[ 18]

Comparison of models:

We compared the random forest and logistic regression models in two ways. First, we compared
the area under the receiver operating characteristic curve (AUROC) values using the De Long
test. Second;we’divided participants into deciles of predicted risk based on the logistic
regression vs. random forest model, and compared the sensitivity, specificity, positive predictive
value (PPV), and.negative predictive value (NPV) of the top 20% vs. the bottom 80% of
predicted risk.. These cutoffs were obtained by observing that actual HBV infection prevalence
was far higher.in'the top 20% of predicted risk in both the logistic regression and random forest
models. Confidence intervals for sensitivity and specificity were generated using the Clopper-
Pearson method,[ 19] while confidence intervals for PPV and NPV were based on logit

confidence intervals.[20]

Other statistical analysis:

This article is protected by copyright. All rights reserved



Descriptive statistics were reported as median (interquartile range) or %. Continuous variables
were compared using a Wilcoxon rank-sum test, and categorical variables with a chi-squared
test. All analyses were performed using R version 3.6.1 (R Foundation for Statistical Computing,

Vienna, Austria). Two-tailed P-values < 0.05 were considered significant.

RESULTS:

Study population:

As shown i Figure 1, we obtained the entire 1999-2018 NHANES cohort (N = 101,316), and
then excluded patients with missing HBsAg data (n = 40,601) or data on birth year, sex,
race/ethnicity, enbirthplace (n = 27). In total, we included 60,688 patients with all required data
in study analysis® The study cohort was then divided into a training cohort (NHANES cycles 2,
3,5,6,8,10; n=39,119), from which we derived both the logistic regression and random forest
models, and a validation cohort (NHANES cycles 1, 4, 7, 9; n = 21,569), in which the two

models were.tested.

As shown in"Table 1, the overall cohort was 49.2% male, 39.7% White, 23.2% Black, 29.6%
Hispanic, and,7.5% Asian/Other, and with a median birth year of 1973. HBsAg-positive
participants'were more often male (58.1% vs. 49.2%, P = 0.0034) and older (median birth year
1960 vs. 1973, P <0.001). In addition, the racial distribution differed significantly between the
two groups: the HBsAg-positive group were less likely to be White (11.1% vs. 39.8%, P <
0.001) or Hispanic (6.6% vs. 29.7%, P < 0.001) patients, and more likely to be Black (34.1% vs.
23.1%, P <0:001) or Asian/Other (48.1% vs. 7.3%, P < 0.001), compared to HBsAg-negative
participants. In addition, the HBsAg positive group were less likely to be born in the United
States than the HBsAg-negative group (35.9% vs. 78.9%, P <0.001).

Development of‘algorithms to identify HBV
First, we generated logistic regression and random forest models for a semi-targeted screening
approach using.only the above significant demographic factors, namely sex, year of birth,

race/ethnicity, and birthplace.
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In multivariable logistic regression analysis (Table 2), all four demographic factors considered
were significantly associated with HBV infection. A birth year of 1991 and after (the first year of
the universal HBV vaccination recommendation in the United States[21]) corresponded to 72%
lower odds of HBV infection (adjusted OR [aOR] of 0.28, 95% CI 0.14-0.55, P < 0.001). Male
sex was associated with 49% higher odds of HBV infection (aOR 1.49, 95% CI 1.11-2.01, P =
0.0080). Compared to White as reference, Black and Asian/Other were associated with more
than 5-9 times'the odds of having HBV infection, respectively (Black: aOR 5.23, 95% CI 3.10-
8.83, P < 0:00T;"Asian/Other: aOR of 9.13, 95% CI 5.23-15.96, P <0.001). Meanwhile,
Hispanic ethnicity was associated with 66% lower odds of HBV infection (aOR of 0.34, 95% CI
0.16-0.71, P=40:0044). Being born in the United States (vs. foreign-born) also corresponded to
86% lower odds‘of HBV infection (aOR 0.14, 95% CI 0.10-0.21, P <0.001). The equation for
the logistic regression-based score was -5.17 + 0.40 (if male) + 2.21 (if Asian/other race) + 1.65
(if Black race) - 1.27 (if born 1991 or later) - 1.94 (if born in the United States). It is not possible
to display the corresponding score for a random forest model in a readily-interpretable closed

form.

Comparison,of logistic and machine learning models

Next, we compared the accuracy of the two models in predicting HBsAg status. Figure 2
displays the ROC curves for the logistic regression and machine learning models in both the
training and validation cohorts. In the training cohort, the AUROC was significantly higher for
the machinesdearning model at 0.90 (95% CI: 0.88-0.92) vs. 0.81 (95% CI 0.79-0.84) for the
logistic regression model (P < 0.001 by De Long test). In the validation cohort, the AUROC was
also higher(with the machine learning model as compared to the logistic regression model (0.83,
95% CI: 0.78-0.88 vs. 0.75, 95% CI: 0.70-0.80, P < 0.001). While the initial machine learning
model was pootly-calibrated due to the down-sampling used initially (log loss 1.37), after
applying Platt scaling the model became reasonably well-calibrated (log loss 0.02) (Supp.
Figure 1).

Furthermore, when we evaluated the efficacy of the two models for differentiating participants

with a high likelihood of HBV infection from those with a low likelihood by grouping

participants into deciles based on their risk of HBV infection (as estimated by either the logistic
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regression or the machine learning model) and analyzing the percentage of participants with
HBYV infection within each estimated risk decile (Figure 3), the machine learning model was
also more effective at differentiating the high risk from low risk participants. In both the training
(top panes).as well as the validation cohorts (bottom panes), the prevalence of HBV infection
was higher inithe top 20% of risk with machine learning model (training: 2.1% in machine
learning vs,1.7% in logistic regression model; validation: 1.4% vs. 1.1%) and the percentage of
HBYV infection'was also lower in the bottom 80% with the machine learning model (training:
0.08% in machin€ learning vs. 0.18% in logistic regression model; validation: 0.12% vs. 0.20%).
In addition, with both the training and validation sets, the machine learning model had higher
sensitivity, PPVaNPV, and AUROC than the logistic regression model (P < 0.005 for all), with
no difference‘in$pecificity (Table 3).

DISCUSSION:

To our knowledge, this is the first study to develop an algorithm to prioritize patients for
hepatitis B sereening using data from a population-based cohort in the United States and relying
only on demographic data that are routinely available in typical healthcare delivery settings. We
found that'the machine learning model consistently outperformed the logistic regression model,
with highes AUROC values (0.83 vs. 0.75 in validation cohort) and more effective identification
of high-risk patients (1.4% vs. 1.1% seroprevalence in the top 20% in the machine learning and

logistic models, respectively).

To reiterate, €HB is a major public health concern and a significant cause of morbidity and
mortality, but it 1s estimated that worldwide 90% and in the United States 80% of people with
CHB have not been diagnosed.[1, 3, 5, 6] As a result, opportunities for HCC surveillance and
antiviral therapy.to prevent HCC and end-stage liver disease are lost. Identifying patients with
HBYV also allows for targeted vaccination of family members, partners, and other close contacts,

an inexpensive and effective way to prevent HBV transmission.
While universal screening of adults for hepatitis C virus (HCV) has been recommended by the

Centers for Disease Control[22] and is likely cost-effective,[23, 24] universal screening for HBV

in the United States is unlikely to be cost-effective given its lower prevalence (0.3-0.5%) among
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the general population,[3, 25] below the 2% USPSTF threshold.[12] However, prior studies have
found that the prevalence threshold for cost-effective screening programs can be as low as 1% if
screening is followed by treatment and vaccination of close contacts.[26] Thus, a semi-targeted
approach to identify a higher risk group with an HBV seroprevalence of >1% may allow for a
cost-effective.semi-universal approach to HBV screening. As such, since our algorithm only
requires four,simple non-stigmatizing demographic factors, it is likely to be well-received by
both patients"and care providers. Screening should also be easily implemented because three of
these four factors‘are already part of any medical records (birth year, sex, and race). Birthplace
(foreign-born vs. United States-born) can often be gleaned from most EHR systems which
usually record @apatient's preferred language if different from English, or can be relatively easily

added to EHR during patient registration.

We also recognize that our algorithm can miss 13% of HBV infection and some patients not
meeting screening criteria by our semi-targeted approach may have significant risk for HBV
such as a younigperson with a history of injection drug use. Therefore, we advocate for
implementationwof a semi-targeted, semi-universal screening approach such as ours to remedy
the current'state of CHB diagnosis and linkage to care in the United States while also applying

the existingfisk-based approach for those not meeting our semi-targeted screening criteria.

Limitations of this study include a relatively small number of patients with HBV infection due to
the low HBsAgprevalence (0.44%) in our study population. The lack of an extremely high-risk
(>5%) subpopulation may affect calibration so that risk estimates may not generalize to higher
risk populations; however, these high-risk persons should already be captured by existing risk-
based guidelines. Also, the model is derived from a United States population-based cohort and
may not be applicable to other countries, especially more racially-homogenous countries.
Strengths include the fact that our study cohort is a nationally representative sample of the non-
institutionalized civilian population of the United States, and each cycle of NHANES is
independent'of the other cycles. Screening results of our random forest machine learning model
may be even more efficient at identifying HBV infection in areas with a higher prevalence of

infection such as the various metropolitan areas of the West and Northeast of the United States.
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Our models can be readily modified to apply to populations with higher HBsAg seroprevalence

by changing the cutoff value for a “positive” screen.

In summary, we developed a data-driven, population-based screening algorithm for HBV
infection in the,.United States, using only demographic data that is routinely collected by
healthcare providers and EHR systems. Our machine learning model consistently outperformed
the logistic fegression model, laying the groundwork for what could eventually be a practical and
cost-effective HBV screening strategy for low prevalence regions with more “imported” HBV
infection such as the United States or Western Europe. We also advocate for additional risk-
based screeningfor populations with specific exposure risks as per professional society and CDC
guidelines. Lastly, we encourage validation of our algorithm in other populations as well as
future studies to evaluate the cost-effectiveness of this semi-targeted and semi-universal HBV

screening approach.
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Table 1. Baseline characteristics of overall cohort (n = 60,688)

Varisble Overall cohort | HBsAg' negative | HBsAg' positive b valle
(n = 60,688) (n = 60,418) (n = 270)
Male sex 49.20% 49.20% 58.10% 0.0034
Birth year 1973 (1951-1989) | 1973 (1951-1989) | 1960 (1949-1974) | <0.001
1911-1930 6.30% 6.30% 5.20% 0.53
1931-1950 18.30% 18.30% 21.10% 0.24
1951-1970 22.50% 22.50% 40.70% <0.001
1971-1990 32.20% 32.20% 28.90% 0.27
1991-2010 20.60% 20.60% 4.10% <0.001
Race/ethnicity
White 39.70% 39.80% 11.10% <0.001
Black 23.20% 23.10% 34.10% <0.001
Hispanic 29.60% 29.70% 6.60% <0.001
Asian or other 7.50% 7.30% 48.10% <0.001
Birth place: United States 78.70% 78.90% 35.90% <0.001
Income:poverty lineratio (n = 56,026) 1.9(1.0-3.7) 1.9(1.0-3.7) 1.7 (1.0-3.3) 0.26
Body massindex, kg/M? (n = 59,783) 25.7(215-30.4) | 25.7(215-304) | 25.0(22.3-28.6) 0.50
Diabetes (n = 60,648) 7.60% 7.60% 12.20% 0.0078
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Coronary artery disease (n = 39,843) 4.10% 4.10% 2.40% 0.20
Hemoglobin Alc, % (n = 52,908) 5.4 (5.1-5.7) 5.4 (5.1-5.7) 5.5(5.2-5.9) <0.001
Glucose, mg/dL"(n = 25,487) 96.5(90.0-105.0) | 96.5(90.0-105.0) | 96.7 (90.0-106.5) 0.79
High-density lipoproteinymg/dL

51.0 (42.0-61.0) 51.0 (42.0-61.0) 54.0 (43.2-63.8) 0.027
(n=60,319)
L ow-density lipoprotein, mg/dL

106.0 (84.0-131.0) | 106.0 (84.0-131.0) | 105.5 (86.2-133.8) 0.26

(n = 25,521)
Triglycerides, mg/dL (nh = 26,523) 99.0 (67.0-149.0) | 99.0 (67.0-149.0) | 92.0(69.8-137.8) 0.59
Alanine aminotransferase, U/L

21.0 (16.0-34.0) 21.0 (16.0-34.0) 25.0(19.0-37.0) <0.001
(n =52,504)
Aspartate aminotransferase, U/L

22.0(19.0-27.0) 22.0(19.0-27.0) 26.0(21.0-34.0) <0.001
(n =52,498)
Alkaline phosphatase/U/L (n =52,598) | 67.0(50.0-88.0) 67.0 (50.0-88.0) 64.0 (52.5-87.0) 0.65
Gamma-glutamyltransferase, U/L

18.0 (13.0-28.0) 18.0 (13.0-27.0) 21.0(14.0-36.0) <0.001
(n =52,596)
Total bilirubin, mg/dL (n =52,575) 0.6 (0.5-0.8) 0.6 (0.5-0.8) 0.7 (0.5-0.9) 0.039
Creatinine, mg/dL (n'= 52,603) 0.8 (0.7-1.0) 0.8 (0.7-1.0) 0.9(0.7-1.0) 0.0026
Platelets, x 107K (n = 60,601) 259.0 (218.0-305.0) | 259.0 (218.0-306.0) [ 215.0 (173.0-259.0)| <0.001
Systolic blood,pressure, mmHg

116.0 (106.0-130.0) | 116.0 (106.0-130.0) | 120.0 (110.0-134.0)| <0.001

(n =52,029)
Diastolic blood pressure, mmHg

68.0 (58.0-76.0) 68.0 (58.0-76.0) 72.0 (64.0-80.0) <0.001

(n = 52,200)

All data presented.as either median (IQR) or %. All variables presented as variable name, units (n = number of

patients with complete data).
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Table 2. Logistic regression of predictors of hepatitis B infection, training cohort (n = 39,119)

Unadjusted Adjusted
Variable ] .
Oddsratio (95% CI) P-value Oddsratio (95% CI) P-value
Birth year
Referent Referent
1990 and before
<0.001 <0.001
0.19 (0.10-0.37) 0.28 (0.14-0.55)
1991 and after
Male sex 152 (1.13-2.03) 0.0050 1.49 (1.11-2.01) 0.0080
Race
i Referent Referent
White
5.78 (3.44-9.72) <0.001 5.23(3.10-8.83) <0.001
Black
: _ 0.98 (0.48-1.99) 0.96 0.34 (0.16-0.71) 0.0044
Hispanic
_ 30.95 (18.91-50.68) <0.001 9.13 (5.23-15.96) <0.001
Asian or other
Birth place: United States 0.11 (0.08-0.16) <0.001 0.14 (0.10-0.21) <0.001
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Table 3. Performance characteristics of the machine learning and logistic regression models

(positive model result: top 20% score) (n = 60,688)

Test characteristic Machine learning Logistic regression P-value
Training cehort:(n= 39,119)

Sensitivity 86.7% (81.0-91.2%) 69.7% (62.6-76.2%) <0.001
Specificity: 80.3% (79.9-80.7%) 80.2% (79.8-80.6%) 0.35
PPV 2.08% (1.97-2.21%) 1.67% (1.52-1.84%) <0.001
NPV 99.929% (99.88-99.94%) 99.829% (99.77-99.85%) <0.001
AUROC (overall) 0.904 (0.885-0.924) 0.814 (0.788-0.839) <0.001
Validation set (n =21,569)

Sensitivity 75.6% (64.9-84.4%) 57.3% (45.9-68.2%) <0.001
Specificity 80.2% (79.7-80.8%) 80.2% (79.6-80.7%) 0.41
PPV 1.44% (1.27-1.63%) 1.09% (0.90-1.31%) 0.0019
NPV 99.88% (99.83-99.92%) 99.80% (99.74-99.84%) 0.0017
AUROC (overall) 0.828 (0.781-0.876) 0.752 (0.704-0.800) <0.001
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