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Background: Household contacts of people infected with a transmissible disease may be at risk due to this proximate exposure, or
from other unobserved sources. Understanding variation in infection
risk is essential for targeting interventions.
Methods: We develop an analytical approach to estimate household
and exogenous forces of infection, while accounting for individuallevel characteristics that affect susceptibility to disease and transmissibility. We apply this approach to a cohort study conducted in Lima,
Peru, of 18,544 subjects in 4,500 households with at least one active
tuberculosis (TB) case and compare the results to those obtained by
Poisson and logistic regression.
Results: HIV-coinfected (susceptibility hazard ratio [SHR] = 3.80,
1.56–9.29), child (SHR = 1.72, 1.32–2.23), and teenage (SHR =
2.00, 1.49–2.68) household contacts of TB cases experience a higher
hazard of TB than do adult contacts. Isoniazid preventive therapy
(SHR = 0.30, 0.21–0.42) and Bacillus Calmette–Guérin (BCG) vaccination (SHR = 0.66, 0.51–0.86) reduce the risk of disease among
household contacts. TB cases without microbiological confirmation
exert a smaller hazard of TB among their close contacts compared
with smear- or culture-positive cases (excess hazard ratio = 0.88,
0.82–0.93 for HIV− cases and 0.82, 0.57–0.94 for HIV+ cases). The
extra household force of infection results in 0.01 (95% confidence
interval [CI] = 0.004, 0.028) TB cases per susceptible household contact per year and the rate of transmission between a microbiologically
confirmed TB case and susceptible household contact at 0.08 (95%
CI = 0.045, 0.129) TB cases per pair per year.
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Conclusions: Accounting for exposure to infected household contacts permits estimation of risk factors for disease susceptibility and
transmissibility and comparison of within-household and exogenous
forces of infection.
Keywords: Cluster; Contagion, Force of infection; Household
transmission
(Epidemiology 2020;31: 238–247)

M

uch of what is known about tuberculosis (TB) transmissibility comes from prospective household-based
cohort studies focused on risk of infection or disease among
household contacts of a newly diagnosed “index” patient.1–4
This study design is appealing because in addition to characterizing index cases and their coprevalent household contacts,
it may also reveal the time dynamics of secondary infections
and yield information helpful for designing better TB interventions. From prospective household-based cohort studies
of TB infection, three levels of epidemiologic inference are
needed to inform targeted TB testing, prevention, and treatment resources.
First, knowledge of risk factors affecting susceptibility
to TB infection and progression to disease after infection
would help identify contacts who are at most risk of TB disease.5–7 Young people may be especially susceptible to infection, and severe forms of disease8–13 and HIV+ individuals are
more likely to progress to disease after infection. BCG vaccination and isoniazid preventive therapy (IPT) are associated
with a decreased risk of TB disease.14–17
Second, knowledge of factors affecting the risk of
transmission by an infectious individual would help identify
cases who are most likely to infect their susceptible contacts.18–20 Although HIV+ individuals are at higher risk for
TB disease after infection, HIV+ people may transmit TB
less often given the association between immunosuppression and extrapulmonary TB and, in some settings, shorter
durations of infectiousness.21–27 Pulmonary disease with
positive sputum smear status at the time of diagnosis is associated with higher risk of TB transmission to household
contacts.12,28–30
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Third, knowledge of the relative importance of community and household forces of infection could guide case
finding and intervention strategies at the community and
household levels.7,31–33
Analytic approaches for estimating transmission risk
from household-based data generally fall into two categories. First, researchers have developed transmission models
for infectious disease dynamics in small groups.32,34–40 But
fitting these models to individual-level data in small populations, i.e., households, can be challenging because likelihoods
may not be tractable. Furthermore, most transmission models
do not accommodate multiple covariates, making it difficult
to perform regression-style adjustment for individual-level
characteristics.
Second, researchers routinely employ traditional models
for regression adjustment to clustered infectious disease data.
When disease outcomes are binary, generalized linear models
are often used: Poisson, logistic, and log-binomial regression
approaches are popular,16,31,41,42 often with household-level
random intercept terms to account for unobserved heterogeneity. These methods permit estimation of risk or odds ratios
but may not deliver estimates of important epidemiologic features of disease transmission: the extra household force of infection, and factors associated with susceptibility to disease,
versus the infectiousness of an infected individual. Some
researchers have attempted to adjust for measures of infection
risk by assuming that an initial “index” case is the source of all
infection risk experienced by household members.12,27 However, epidemiologists have warned that traditional approaches
to estimation and regression adjustment for infectious disease
outcomes may result in biased estimates because they cannot
account for disease transmission.35,43–47
More recently, hybrid transmission models that combine
features of mechanistic and regression approaches have been
introduced, permitting regression-style adjustment for individualistic correlates of susceptibility and infectiousness.39,48–56
In this study, we adapt a hybrid regression/transmission model to estimate household and exogenous forces of TB
infection, while adjusting for individual-level covariates associated with individual infectiousness and susceptibility to
disease. We apply this approach to analyze outcomes among
household contacts of TB cases in an prospective cohort study
conducted in Lima, Peru, from 2009 to 2012.12,16,27,57

METHODS
Data and Design of the Household Tuberculosis
Cohort Study
We analyze data from a prospective cohort study of
household contacts of adults (age ≥15 years) treated for active
TB in Lima, Peru. Households were identified when a member
(called the index case) was diagnosed with pulmonary TB at
one of 106 participating health centers between September
2009 and August 2012. All household contacts of index cases
© 2019 Wolters Kluwer Health, Inc. All rights reserved.
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were eligible for this study and were recruited during home
visits within 2 weeks following the index case diagnosis. In
total, 18,544 subjects in 4,500 households with at least one
active tuberculosis (TB) case were included. The study protocol was approved by the Harvard University Institutional
Review Board (Ref. No 19332), by the Research Ethics Committee of the National Institute of Health of Peru.
Baseline, 6-month, and 12-month follow-up home visits
were conducted by trained study nurses. During these visits,
symptoms consistent with active TB were assessed among
contacts via. questionnaire; individuals with symptoms were
then referred to a health center for clinical and bacteriologic
evaluation. A detailed description of the methods for this cohort study has previously been published.12,16,27,57
We analyze TB outcomes for household contacts who
were TB disease free at the time of enrollment. Contacts with
active disease during the baseline visit (i.e., coprevalent cases)
were not included as incident cases in our analyses. We group
index and coprevalent cases together as “primary cases” and
restrict attention to the 3,446 households with at least one primary TB case and at least one disease-free household contact at enrollment. This leaves a total of 17,490 subjects, of
whom 3,673 (21%) were primary TB cases and 13,817 were
disease free at enrollment. A total follow-up time of 1 year
was considered. Our outcome of interest was incident bacteriologically confirmed TB among household contacts. We refer
to cases of incident active TB occurring among these subjects
as secondary household TB.
For the 13,817 contacts free of active TB at enrollment,
age, sex, HIV status, IPT status, and BCG vaccination status
were recorded. From September 2009 to August 2011, HIV
status was assessed using an enzyme immunoassay (EIA), with
positive or ambiguous samples confirmed by immunofluorescence assay (IFA). From August 2011 to August 2012, HIV
status was first assessed by rapid screening test, with positive
or ambiguous samples confirmed by EIA and IFA.58 Thirty-six
of 3,673 = 1% of primary cases and 163/13,817 = 1% of atrisk subjects were missing HIV test results; we assumed these
subjects had negative HIV status. Prior BCG vaccination in
at-risk subjects was assessed by self-report (and by inspection
for characteristic scarring59); 4/13,817=0.03% were missing
BCG information, and these subjects were assumed to have
not received BCG. No at-risk subjects were missing IPT status.
Every primary case had laboratory sputum smear or culture
results immediately following diagnosis. A composite variable for microbiological confirmation (MC+), denoting either
smear-positive or culture-positive TB disease was used.
Although the exact date of onset of active TB for these
secondary cases is not observed, the last home visit before
diagnosis and the date of diagnosis provide a time interval
for each secondary TB case during which onset of active TB
occurred. Section 3 of the eAppendix; http://links.lww.com/
EDE/B615, describes the temporal pattern of active disease
onset intervals for secondary cases.
www.epidem.com | 239
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Transmission Model
Hybrid transmission modeling and regression adjustment approaches can permit valid epidemiologic inference
by accounting for both the structure of infectious disease
transmission within households and covariates that may influence susceptibility and infectiousness.35,36,39,51–53,55,56,60,61 We
develop a general model for infectious disease transmission
that describes the instantaneous risk of infection for each susceptible household contact. The model permits simultaneous
estimation of the exogenous and household forces of infection, while adjusting for covariates associated with progression to active disease, and infectiousness. For a collection of
N households, where household i has ni members, let xij be a
p × 1 vector of susceptibility-related baseline covariates for
subject j in household i. Let zij be a q × 1 vector of possibly
different covariates that are related to infectiousness, given
that j has active (transmissible) infection. Define yij (t) to be
the indicator that subject j in household i is infected just before time t, and define tij to be the time at which subject j in
household i becomes infectious, or the end of the household
follow-up window ti, whichever comes first. Both times ti and
tij are measured relative to enrollment of household i. Define

t ijdx > tij to be the date on which the incident case j was diag-

nosed with infection.
We construct a hazard model of infection by considering different sources of infectiousness to which a susceptible
person j in household i is subjected, at time t following enrollment of household j. Assume person j is subjected to a constant force of infection (hazard) α from outside the household,
measured as infections per unit time. Suppose further that
the covariates xij are related to the risk of infection from outside the household per unit time by the hazard α × exp[x ij′ β].
Assume j is also subject to a distinct and independent force
of infection at time t from any other infectious members of
household i. Suppose that person k≠ j in household j is infectious. Then j is subject to a hazard of exp[x ij′ β] × exp[z ik γ ]
per unit time, where exp[z ik γ ] is the force of infection due
to person k. To incorporate loss of infectiousness following

diagnosis and onset of treatment of infection, we parameterize
the baseline hazard of infection from k to a susceptible individual. Define ωϵ[0,1] to be the proportion loss of infectiousness following onset of treatment, and let w ik (t )=0 if t < t ik ,1
if t ∈(t ik , t ikdx ) , and ω if t ik > t ikdx . The total hazard to subject j in
household i at time t is therefore
ni


λ ij (t ) = exp x ij′ β  α + ∑ w ik (t)exp[z ik′ γ ]
 k =1


We treat ω as fixed in the statistical analysis and conduct a
sensitivity study of its effect on β and γ in the eAppendix;
http://links.lww.com/EDE/B615. Figure 1 shows a schematic
illustration of the infection hazard experienced by a susceptible subject over time, as other household members become
infectious. A formal mathematical construction of the hazard
model is given in Section 1 of the eAppendix; http://links.lww.
com/EDE/B615.

Epidemiologic Meaning of Parameters

The scalar parameter α represents the exogenous force
of infection experienced by a single susceptible subject. Formally, α is the adjusted baseline risk for an individual subject
to no household infectiousness. In this analysis, α is assumed
to be constant in time and across households, which may be
appropriate in areas where TB is endemic. When the model
is correctly specified, α can be interpreted as the expected
number of new infections per unit time that a susceptible individual would experience in the absence of a household exposure. If the model is incorrectly specified, for example, by
failing to accurately capture household exposure, α acts to absorb the extra risk not accounted for through the parameter
describing within-household transmission. The householdlevel force of infection at time t is the sum of each infectious
member’s infectiousness at that time. The regression coefficient γ controls the infectiousness of person k according to
zik. Likewise, the regression coefficient β controls the susceptibility of person j to exposure to disease according to their
characteristics xij. The susceptibility hazard ratio comparing

FIGURE 1. Schematic illustration of the transmission hazard model in a household of size three. The hazard to subject j in household i is proportional to the sum of the hazards they experience from infected household contacts and from the community. As
more household members become infected, the hazard experienced by j increases.
240 | www.epidem.com

© 2019 Wolters Kluwer Health, Inc. All rights reserved.

Copyright © 2020 Wolters Kluwer Health, Inc. Unauthorized reproduction of this article is prohibited.

Epidemiology • Volume 31, Number 2, March 2020

the overall hazard at covariate level x* with that at level x is
SHR = exp[(x* − x)′ β]. Likewise, the infectiousness hazard
ratio comparing the hazard of infection at level z* with that at
level x is IHR = exp[(z * − z)′ γ ]. When the first element of z is
equal to 1, the corresponding first element of the parameter
vector γ, denoted γ0, is interpretable as the log baseline risk of
transmission, absent in other infectiousness covariates.
These parameters also have familiar epidemiologic
meaning in combination. The excess hazard due to a single exposure to disease at level z is the ratio of the infective hazard
exerted by a single person with infectiousness covariates z to
the overall hazard, EHE = exp[z ′γ ] / (α + exp[z ′γ ]). The excess hazard due to exposure can change following initiation
of treatment of a person with active disease. When ω < 1,
the excess hazard at level z following diagnosis of the infectious individual is EHE = ωexp[zγ́ ]/(α+ωexp[z’γ]). The excess
hazard due to exposure is a more specific measure of infective
hazard than the ratio of infection odds in household contacts
to controls (called the “community infection ratio”) that has
previously been used to quantify TB risk due to household exposure.33 The probability of exogenous infection for a particular incident secondary case j in household i is the ratio of the
exogenous hazard to the total hazard experienced by person
ni


j at the time of infection, C _ij = α /  α + ∑w ik ( t ij ) exp[z ik′ γ ] .


k =1
Section 1.4 of the eAppendix; http://links.lww.com/EDE/B615,
describes these composite estimands and their definitions in
terms of the hazards λij(t) in greater detail.

Relationship to Other Transmission Models
The hazard model employed in this study is unlike traditional statistical models (e.g., logistic, Poisson) for regression
analysis of binary infection outcomes because it incorporates
the cumulative exposure to infective hazard experienced by
each susceptible subject during the study. In particular, the
hazard model does not assume that secondary cases are solely
attributable to exposure from the index case.12,27,57 However,
the model is closely related to several common constructs in
epidemiology. First, the susceptible-infective model of infectious disease transmission in a closed population37,38,62 is a
special case of the household-based hazard model obtained
by setting α = 0 and ignoring individual-level covariates.
Second, the Wells-Riley equation63–67 describing the occurrence of new cases of an air-borne disease in an enclosed
space can be derived from the expected number of infections
in the household hazard model. Third, several researchers
have proposed similar risk or hazard regression models for
infectious disease outcomes.39,52–56 In particular, Zelner et al12
propose a generalized additive mixed logistic model to estimate age-specific risk factors for latent TB infection; predictions from this model were used to estimate the community
force of infection. Kenah51 proposes a semiparametric version
of the hazard model presented above with α = 0; time-varying transmission hazards can be estimated from this model.
© 2019 Wolters Kluwer Health, Inc. All rights reserved.
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Similar transmission modeling approaches have been used to
successfully adjust for individual-level covariates in household transmission models of influenza.48–50 Section 1.3 of the
eAppendix; http://links.lww.com/EDE/B615, provides formal
derivations of these correspondences.

Statistical Analysis
The likelihood of the observed data under the hazard
model takes a convenient form that is amenable to iterative maximization with respect to the unknown parameters θ = (α,β,γ).
We estimate θ by maximum likelihood, with a multiple imputation procedure68 for dealing with unobserved infectiousness
onset times, derived in Section 3 of the eAppendix; http://links.
lww.com/EDE/B615. We compute susceptibility hazard ratio
(SHR) for age, sex, HIV status, concurrent IPT, and BCG vaccination; IHR for HIV+ and microbiological TB confirmation;
and the community force of infection α, the baseline infective
hazard exp[γ0], excess hazard due to exposure under different
infectiousness parameters, and the probability of community
transmission for each secondary case. We also compare the
results to risk ratios obtained by modified Poisson regression.42

RESULTS
Descriptive Results
Table 1 shows descriptive characteristics of subjects,
stratified by their TB status: primary cases (index and secondary coprevalent) diagnosed at baseline, secondary cases
diagnosed during the study, and subjects who were not diagnosed during the study. Primary cases at enrollment were 58%
male, but the overall sex balance including all household contacts was 47% male. The average overall age was 28.3 ± 19.5
years; most primary cases were between 18 and 65, matching the enrollment criteria for index patients. HIV prevalence among primary cases at baseline was 123/3,673 = 3%
and 52/13,817 = 0.4% among at-risk individuals at baseline.
A microbiological confirmation of TB disease was made for
3,200/3,673 = 87% of primary cases and 3,384/4,068 = 83%
of cases overall. Table 2 shows the number of primary and secondary TB cases across household sizes. A simulation analysis, presented in the eAppendix; http://links.lww.com/EDE/
B615, shows that simulated TB outcomes from the transmission model match the frequency distribution of observed TB
cases across household sizes in Table 2.

Risk Factors for Susceptibility and Transmission
Table 3 shows regression results for the hazard model of
transmission with the proportion reduction in infectiousness
following diagnosis ω = 0.2 and composite estimands comparing the exogenous and household forces of infection. We set ω
to reflect empiric evidence that treatment for TB is effective in
reducing transmissibility very rapidly.69,70 The parameter ω is
the subject of a sensitivity analysis presented in the eAppendix; http://links.lww.com/EDE/B615. The exogenous force
of infection α estimated to be 0.01 (95% confidence interval
www.epidem.com | 241
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TABLE 1.

Descriptive Characteristics of Subjects, Stratified by TB Status

Age
 0–2 years
 2–12 years
 12–18 years
 18–65 years
 >65 years
Male sex
HIV
IPT
BCG
TB dx

Primary TB
Count (%)

Secondary
Count (%)

No TB
Count (%)

All
Count (%)

4 (0)
38 (1)
297 (8)
3,091 (84)
243 (7)
2,113 (58)
123 (3)
17 (0)
204 (6)
3,673 (100)

14 (4)
94 (24)
61 (15)
210 (53)
16 (4)
200 (51)
5 (1)
42 (11)
318 (81)
395 (100)

688 (5)
2,974 (22)
1,507 (11)
7,591 (57)
662 (5)
5,960 (44)
47 (0)
3,026 (23)
11,572 (86)
0 (0)

706 (4)
3,106 (18)
1,865 (11)
10,892 (62)
921 (5)
8,273 (47)
175 (1)
3,085 (18)
12,094 (69)
4,068 (23)

TB dx indicates TB diagnosis.

TABLE 2.

Number of Primary and Secondary Tuberculosis Cases in Households of Different Size
Household Size

Number primary
cases
 1
 2
 3
 4
 5
 6
Number
secondary cases
 0
 1
 2
 3
 4
 5
 7

2

3

4

5

6

7

8

9

10

11

12

13

14

15

>15

489
22
0
0
0
0

651
24
2
0
0
0

624
19
5
0
0
0

473
35
3
0
1
0

335
16
3
1
0
0

227
18
1
0
0
0

134
8
3
1
0
0

92
7
0
0
0
0

64
5
1
0
0
0

48
6
0
0
0
0

30
4
1
0
0
0

21
3
0
0
0
0

12
0
0
0
0
0

7
1
0
0
0
0

37
8
2
0
1
1

490
21
0
0
0
0
0

635
41
1
0
0
0
0

608
34
6
0
0
0
0

469
41
2
0
0
0
0

312
37
5
1
0
0
0

205
36
3
2
0
0
0

128
14
3
1
0
0
0

81
14
2
1
0
0
1

58
10
1
1
0
0
0

44
8
2
0
0
0
0

30
5
0
0
0
0
0

20
2
2
0
0
0
0

11
1
0
0
0
0
0

7
1
0
0
0
0
0

30
7
6
3
2
1
0

[CI] = 0.004, 0.03). Note that α is a raw hazard, not a hazard
ratio, that incorporates features of infection and disease progression. Hazard ratios corresponding to susceptibility and
infectiousness covariates (defined heuristically above and formally in Section 1.4 of the eAppendix; http://links.lww.com/
EDE/B615) are given in the rows below.
Adjusted estimates of TB hazard experienced by household contacts in different age groups (adults age 19–65 are the
reference group) exhibit patterns that are not evident in the unadjusted prevalence rates. Relative to adults (18–65 years), the
susceptibility hazards by age are for infants (0–2 years) SHR =
1.04 (0.60–1.81); for children (3–12 years) SHR = 1.72 (1.32–
2.23); for teens (13–18 years) SHR = 2.00 (1.49–2.68); and
242 | www.epidem.com

for the elderly (>65 years) SHR = 0.75 (0.44–1.28). Figure 2
shows raw TB prevalence on the left-hand vertical axis by age,
with a Kernel regression estimate and bootstrap pointwise CI.
Estimated age susceptibility hazard ratios and CIs are overlaid, with the hazard ratio scale on the right-hand vertical axis.
Male sex was not associated with increased hazard, SHR =
1.17 (0.96–1.43). Positive HIV status (measured at baseline)
is associated with increased risk, SHR = 3.80 (1.56–9.29). Isoniazid preventive therapy (IPT) is associated with decreased
hazard, SHR = 0.30 (0.21–0.42). BCG was associated with
decreased hazard, SHR = 0.66 (0.51–0.86). The eAppendix;
http://links.lww.com/EDE/B615, shows a sensitivity analysis
for values of ω varying from 0.2 to 1.0.
© 2019 Wolters Kluwer Health, Inc. All rights reserved.
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TABLE 3. Hazards and Hazard Ratios for Susceptibility and
Infectivity, with Comparisons of the Community and WithinHousehold Force of Infection for ω = 0.2
Estimate
Exogenous force
of infection
Susceptibility SHR
 Age
  
0–2 years
  
2–12 years
  
12–18 years
  
>65 years
 Male sex
 HIV+
 IPT
 BCG
Infectivity IHR
 Intercept
 HIV
 MC+
Excess HR attributable exposure
 HIV−/MC−
 HIV+/MC−
 HIV−/MC+
 HIV+/MC+

0.01

2.5%

97.5%

0.00

0.03

individual with the given characteristics than due to outside
sources. TB cases without microbiological confirmation exert
a smaller hazard of TB among their close contacts compared
with smear- or culture-positive cases (excess hazard ratio =
0.88, 0.82–0.93 for HIV– cases and 0.82, 0.57–0.94 for HIV+
cases).

Comparison to Estimated Risk Ratios From
Poisson Regression
1.04
1.72
2.00
0.75
1.17
3.80
0.30
0.66

0.60
1.32
1.49
0.44
0.96
1.56
0.21
0.51

1.81
2.23
2.68
1.28
1.43
9.29
0.42
0.86

0.08
0.60
1.50

0.05
0.20
0.88

0.13
1.83
2.58

0.88
0.82
0.92
0.87

0.82
0.57
0.84
0.64

0.93
0.94
0.96
0.96

The estimated “baseline” infectiousness hazard (exp[γ0]
in the hazard model), in the absence of smear- or culture-confirmed TB, and negative HIV status, is 0.08 (0.05–0.13). The
baseline infectiousness is a raw hazard, with units of transmissions per infective-susceptible pair per year. TB cases with
MC+ status upon diagnosis are not associated with increased
infectiousness hazard compared with TB cases that were diagnosed on the basis of symptoms in the absence of microbiological confirmation [IHR = 1.50 (0.88–2.58)]. HIV+ status
was not associated with infectiousness hazard, IHR = 0.60
(0.20–1.83) in this analysis.

Comparison of Exogenous and Household
Forces of Infection
Comparing the baseline infectiousness hazard for a microbiologically unconfirmed case (exp[γ0]) to α directly, the
hazard experienced by a susceptible subject from a single microbiologically unconfirmed HIV− household case (before
that individual is diagnosed and treated) is almost eight times
greater than the annual exogenous force of infection exp[γ0]/α
= 7.7 (2.4–24.2). The excess hazard due to exposure to a single
household primary case (defined heuristically above and formally in Section 1.4 of the eAppendix; http://links.lww.com/
EDE/B615) is useful for comparison of the hazard of infection from this household source with the hazard of infection
from exogenous sources. Larger values of the excess hazard
indicate that more infectiousness is due to a single infective
© 2019 Wolters Kluwer Health, Inc. All rights reserved.

Modified Poisson regression is a standard method for
estimating risk ratios for clustered binary outcomes in prospective cohort studies. Table 4 shows estimated adjusted risk ratios
for all susceptibility-related parameters: age, sex, HIV status,
IPT, and BCG vaccination. We employ the standard “modified” Poisson regression42 fitting framework using generalized
estimating equations and heteroscedasticity-robust standard
errors under an exchangeable household working correlation
structure.71 Section 4 of the eAppendix; http://links.lww.com/
EDE/B615, gives similar results obtained by using logistic
regression with the same outcome and susceptibility-related
covariates. Estimates of susceptibility hazard ratios are similar
to risk ratios for the same variables obtained by modified Poisson regression, with heteroscedasticity-robust standard errors,
shown in Table 4. However, the proposed transmission modeling approach reveals much more about the transmission of
TB than is available through traditional analysis of aggregate
risk. Specifically, we report IHR estimates for transmissionrelated variables and the community force of infection, information that is not obtained from traditional regression analyses
or existing transmission modeling approaches.

DISCUSSION
Transmission Modeling and Regression Analysis
Longitudinal household-based studies of infectious disease outcomes reveal features of susceptible subjects’ exposure to infectiousness, but this information is often ignored
in statistical analyses. Hybrid transmission modeling and
regression approaches have been proposed, but are not yet
widely used. The approach we employed uses assessments of
exposure over time to disentangle individual risk factors from
exposure to infection, while simultaneously estimating the
overall community force of infection. Estimates of susceptibility parameters under the transmission hazard model have
some similarities with risk ratios from Poisson regression and
previous analyses of the same study,12,16,27,57 but traditional regression analyses do not provide information about transmissibility or infectiousness of infected individuals.
The approach outlined in this article is subject to several
limitations. We imposed parametric modeling assumptions to
ensure interpretability and identifiability of parameters: constant exogenous force of infection, conditional independence
of waiting times to transmission, and a log-linear model for
infection hazards. When baseline enrollment of individuals happens simultaneously, it may be possible to estimate a
www.epidem.com | 243
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FIGURE 2. Raw TB prevalence and adjusted susceptibility hazard ratios by age. Raw prevalence (left-hand vertical axis) is estimated by Kernel regression and bootstrap pointwise confidence interval. Estimated age susceptibility hazard ratios and confidence intervals overlaid, with the hazard ratio scale on the right-hand vertical axis. Figure is available in color online.

time-varying exogenous force of infection α(t). Because all
households in this study had at least one member with active
TB at baseline, α may not be interpretable as the overall community force of infection if the within-household transmission model is misspecified. Instead, α could be interpreted as
a marginal TB risk not accounted for by other covariates, conditional on at least one household member with active TB. We
also employed a parametric model for the reduction in risk of
transmission following onset of treatment at the time of diagnosis. Misspecification of these hazards or unmodeled heterogeneity in individual- or household-level risk could bias
inferences of regression coefficients. Future extensions of
this model could incorporate covariates and prior information
to account for sources of variation in exogenous risk, as in
Bayesian hierarchical regression models.

Implications of Findings for Tuberculosis
SHR estimates largely agree with previously published risk and odds ratios computed using longitudinal
or cross-sectional (at baseline enrollment) TB outcomes.
Younger people appear to be at increased risk of active TB
disease when exposed,8–10,12,72 highlighting the difference between the raw TB prevalence and adjusted estimates shown
in Figure 2. HIV+ individuals have greater susceptibility to
244 | www.epidem.com

TABLE 4.

Results from Modified Poisson Regression.

Intercept
Age
 0–2 years
 2–12 years
 12–18 years
 >65 years
Male sex
HIV+
IPT
BCG

Risk Ratio

2.5%

97.5%

0.04

0.03

0.05

1.00
1.61
1.93
0.83
1.21
3.60
0.30
0.67

0.58
1.21
1.44
0.50
1.00
1.40
0.20
0.52

1.73
2.15
2.57
1.37
1.46
9.24
0.44
0.87

TB.22–26,57,73 Although it is known that HIV+ people are less
likely to transmit TB when infected,21,22,26,57 our estimated
IHR for positive HIV status in this analysis is not different
from one; previous analysis of these data suggested that the
degree of HIV-associated immunosuppression (CD4) is associated with decreased transmission.57 Furthermore, MC+ individuals may exert a slightly larger hazard of infection on their
susceptible household members16,28–30 than individuals who
are diagnosed without microbiological confirmation, which
© 2019 Wolters Kluwer Health, Inc. All rights reserved.
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is consistent with previous data that show a positive relationship between bacterial load in the sputum and risk of infection
among contacts.
As compared with a traditional regression-based
approach, our mechanistic model allows us to make sense of
seemingly contradictory inferences about the relative importance of the exogenous force of TB infection experienced by
these household contacts of known TB patients.74 We estimate
the exogenous force of infection to be approximately α = 0.01
infection per susceptible person-year, which is substantially
higher than the average exposure risk of community members
in Lima at large where the annual TB incidence was between
150 and 300 cases/100,000 (0.0015–0.003) during the period
of the study. This suggests that household contacts were at a
higher than average risk of exogenous exposure (possibly as
result of living in a relative transmission hotspot) or that our
model did not accurately capture all of the risk associated with
within-home exposure. One possibility is that household contacts of TB cases may share a higher risk of progression given
infection due to factors not accounted for here, such as poor
nutrition. A single infectious primary case (in the absence of
other infectiousness effects) is estimated to exert a hazard of
exp[γ0] = 0.08 on each susceptible in their household. When
the infective individual is microbiologically confirmed and
does not have HIV, this hazard is increased.
Our application of this novel method is subject to
some additional caveats. Outcome misclassification could
occur if some subjects were TB infected but not diagnosed
at enrollment. Some subjects classified as not TB infected
at baseline may have had undetected latent TB infection. In
this case, the parameter α retains an interpretation as the
adjusted overall risk of progressing to active TB disease
in the absence of household-level infectiousness but may
not accurately reflect the exogenous force of infection. The
onset of active TB, and hence onset of infectiousness, was
unobserved for secondary cases and is known only to lie
within the time interval between the last TB-negative home
visit and the date of diagnosis. Because we could not rule out
possible dependence of clinic visit and diagnosis dates on
the date of active disease onset, we chose not to impose the
parametric conditional distribution for disease onset time,
conditional on diagnosis date. Instead, we implemented a
multiple imputation estimator that uniformly samples onset
times within these intervals, which may result in a loss of
statistical efficiency.
This modeling framework has applicability to diseases
other than TB and to questions that extend beyond householdbased transmission. For example, in the context of a public
health response, e.g., the Ebola outbreak in West Africa, data
are often collected from clustered environments (households,
villages, schools, hospitals) in the course of contact investigation. In these contexts, when the exogenous infection rate
may be the primary outcome of interest, it is still necessary to
account for the role of transmission within clusters to obtain
© 2019 Wolters Kluwer Health, Inc. All rights reserved.
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accurate estimates of community exposure that make maximal
use of available data.
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