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ARTICLE INFO ABSTRACT
Handling Editor: Hanna Boogaard Background: Most household air pollution (HAP) interventions in developing countries of sub-Saharan Africa
Keywords: have focused on a single source, such as replacing polluting cooking sources with cleaner burning cooking
Household air pollution stoves. Such interventions, however, have resulted in insufficient reductions in HAP levels and respiratory health
Clustering risks in children. In this study we determined how multiple HAP combustion sources and exposure-mitigation
Respiratory factors in the home environment influence child respiratory health alone and in combination.
Lung Methods: We carried out a case-control study to determine associations between multiple indicators of HAP and
Africa persistent cough among children (< 15 years of age) seeking care at three primary-care clinics in Kampala,
Urban Uganda. HAP indicators included self-report of combustion sources inside the home (e.g., stove type, fuel type,
and smoking); housing characteristics and cooking practices that mitigate HAP exposure (e.g., use of windows,
location of cooking, location of children during cooking) and perceptions of neighborhood air quality. To explore
joint associations between indicators of HAP, we applied a Bayesian clustering technique (Bayesian profile re-
gression) to identify HAP indicator profiles most strongly associated with persistent cough in children.
Results: Most HAP indicators demonstrated significant positive bivariate associations with persistent cough
among children, including fuel-type (kerosene), the number of hours burning solid fuels, use of polluting fuels
(kerosene or candles) for lighting the home, tobacco smoking indoors, cooking indoors, cooking with children
indoors, lack of windows in the cooking area, and not opening windows while cooking. Bayesian cluster analysis
revealed 11 clusters of HAP indicator profiles. Compared to a reference cluster that was representative of the
underlying study population cough prevalence, three clusters with profiles characterized by highly adverse HAP
indicators resulted in ORs of 1.72 (95% credible interval: 1.15, 2.60), 4.74 (2.88, 8.0), and 8.6 (3.9, 23.9).
Conversely, at least two clusters of HAP indicator-profiles were protective compared to the reference cluster,
despite the fact that these protective HAP indicator profiles used solid fuels for cooking in combination with an
unimproved stove (cooking was performed predominantly outdoors in these protective clusters).
Conclusions: In addition to cooking fuel and type of cook stove, multiple HAP indicators were strongly associated
with persistent cough in children. Bayesian profile regression revealed that the combination of HAP sources and
HAP exposure-mitigating factors was driving risk of adverse cough associations in children, rather than any
single HAP source at the home.
1. Introduction (Health Effects Institute, 2018; Stanaway et al., 2018). Interventions
designed to lower HAP levels or HAP-relevant respiratory health risks
Exposure to household air pollution (HAP) from combustion of solid have largely been ineffective (Li et al., 2016; Mortimer et al., 2017;

fuels is recognized as a major health risk factor in developing countries Quansah et al., 2017; Thomas et al., 2015; Yip et al., 2017). While
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Fig. 1. Viewing the complexities of childhood exposure to HAP as a consequence of multiple combustion source-emissions at the household-level, exposure miti-
gation-factors at the individual- and household-level, and intensity of fuel-use at the household level. Exposure to OAP may also influence added exposure intensity to
air pollution while also influencing HAP levels inside the home. Exposure vulnerability may be further influenced by household SES and individual-level demo-
graphic factors. More peripheral factors, such as market forces and government policies, further influence emissions sources at the household and neighborhood level.
Abbreviations: HAP, household air pollution; LPG, liquified petroleum gas; OAP, outdoor air pollution; SES, socioeconomic status.

stand-alone interventions like introduction of less-polluting cook stoves
or cooking fuels into homes are generally capable of lowering HAP
levels inside the home, such reductions may not be sufficient due to a
variety of countervailing factors (Quansah et al., 2017). For instance,
use of multiple polluting fuels (fuel stacking) combined with other re-
levant cooking practices and housing characteristics are capable of in-
fluencing HAP levels in conjunction with cooking fuel usage, which in
turn influences childhood exposures and respiratory health effects to
HAP indoors (Bruce et al., 2015; Sharma and Jain, 2019) (Fig. 1). The
potential for public health benefits of HAP interventions in lower-in-
come countries may therefore be hindered by a limited focus on
cooking fuel or stove design alone (Pope et al., 2017; Quansah et al.,
2017; Safdar, 2016).

To address this limitation, future HAP interventions in developing
countries may need to be directed by data from epidemiologic studies
that expand the scope of HAP factors such as including multiple
household emission sources and exposure mitigating factors together
with cooking-related emissions. The primary objective of our study is to
assess the relationship of combined HAP emission sources and exposure
factors on cough in children, including the type of cooking energy
source and cook stove, the location of cooking (outside vs. indoors),
ventilation from opening windows during cooking activities, proximity
of children to cooking combustion sources in the home during cooking,
use of kerosene for lighting the home, and second-hand smoke exposure
from indoor tobacco smoking. The conceptual framework depicted in
Fig. 1 illustrates the plausibly correlated nature of the multiple HAP
indicators considered in our study. As suggested in Fig. 1, the over-
arching hypothesis in our study is that, rather than exposure to any
single source of HAP, such as exposure to solid fuels used for cooking at
the home, it is the combination of HAP emission sources and HAP ex-
posure-mitigating factors that drive associations with adverse re-
spiratory health in children.

Fig. 1 further suggests an analytic approach is critically needed that
is capable of leveraging they type of high-dimensional and correlated
HAP exposure assessment and socioeconomic status (SES) data derived

from study questionnaires. Although the limitations of questionnaire-
based exposure assessment for defining exposure-response relationships
in HAP studies has long been recognized (Clark et al., 2013), there is
still a role for questionnaire-based HAP exposure assessments in the
developing country context. Collection of personal air pollution mon-
itoring data, such as use of personal PM2.5 and CO monitors, is con-
sidered the gold-standard for exposure assessment in HAP epidemiology
studies because it inherently integrates the multiple HAP sources and
exposure factors into a single exposure metric. However, it is important
to acknowledge that precise air pollution exposure assessment, which
requires high quality personal air monitors and/or laboratory instru-
ments, is often not feasible in many developing country settings. This
lack of feasibility is due to the logistics involved with procuring the
monitoring equipment, the limited availability of laboratory measure-
ment instruments in-country, the high cost of the instruments, the
technical expertise required for implementing personal exposure mon-
itoring, the temporal/seasonal variability of HAP levels that personal
exposure monitoring is typically unable to capture, and the complica-
tions inherent with personal exposure monitoring of vulnerable popu-
lations including children (Clark et al., 2013). In the face of such
challenges, we propose the application of flexible multivariable epide-
miological analysis frameworks for the developing country con-
text—such as Bayesian profile regression (a model-based clustering
approach)—that can better leverage the multidimensional and corre-
lated nature of HAP and SES indicators that are inherent in the appli-
cation of questionnaire-based exposure assessments in developing
countries. Bayesian profile regression is a dimension-reduction, multi-
variable approach capable of handling data characterized by high di-
mensionality, multiple correlated variables (e.g., socioeconomic fac-
tors), and capable of handling both numerical and categorical data that
are typical of questionnaire-based exposure assessment data. In the
present study, we applied Bayesian profile regression as a means to
comprehensively integrate multiple factors involved in the generation
of HAP, combined with personal exposure factors and SES ascertained
from a HAP exposure assessment questionnaire.
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Against this backdrop, we carried out a case-control study to assess
the association between multiple HAP indicators and persistent cough
in children attending primary care clinics in Kampala, Uganda. We
selected persistent cough as the study outcome primarily because of the
large volume of children reporting to outpatient clinics with persistent
cough in sub-Saharan Africa (KCCA, 2017; Kizito et al., 2018; Shields
and Thavagnanam, 2013; Worrall, 2011). In addition, chronic or per-
sistent cough in children can involve multiple factors including en-
vironmental triggers (Jo and Song, 2019; Morice, 2004), and such
conditions may also be an indication of an underlying chronic re-
spiratory disease (Morice, 2004; Shields and Thavagnanam, 2013), such
as asthma, and chronic cough during childhood has been linked with
chronic lung diseases in adulthood (Wang et al., 2018).

2. Materials and methods
2.1. Study design and setting

We conducted a case-control study in Kampala, Uganda, at three of
the seven outpatient primary care clinics operated by the Kampala
Capital City Authority (KCCA) in the urban communities of Kawaala,
Kisenyi, and Kiswa. Kampala has 1.5 million residents and is the largest
urban and commercial center of Uganda (UBOS, 2017). At KCCA fa-
cilities, children are seen in the pediatric outpatient department by a
pediatrician, a medical officer, or one of several clinical officers. The
most common conditions that patients seek care for at these clinics
include acute conditions such as malaria and cold/flu symptoms (KCCA,
2017).

2.2. Study population and sampling design

Between January 22, 2018 and May 30, 2018, trained community
health workers—serving ass research staff—screened all consecutive
children under the age of 15 years in the Pediatric Outpatient
Department whose names were recorded in the Outpatient Register.
Screened participants were eligible for our study if the parent or
guardian of the child spoke and understood Luganda or English. Parents
were asked if their child currently had a persistent cough of at least two
weeks’ duration as part of universal screening for tuberculosis. We
enrolled children with persistent cough as cases, and then identified
two controls for every case among all children found to be without
persistent cough. After we enrolled each case, we selected and enrolled
controls nearest in time and age-matched to the case within the fol-
lowing age categories: (a) 0—4 years; (b) 5-9 years; and (c) 10-14 years.
We selected controls from the same outpatient clinic as the respective
cases and were seeking care for illnesses other than cough. Therefore,
we expected that controls would be from the same source population.
Parents gave written informed consent to participate in the study as
approved by the institutional review boards of the University of
California, Berkeley (Committee for Protection of Human Subjects;
#2017-05-10001) and the Makerere University School of Public Health
(Higher Degrees, Research and Ethics Committee; #535).

2.3. Questionnaire and data collection

Trained community health workers pilot-tested the questionnaire on
parents of eligible children for feasibility and comprehension. The
community health workers interviewed parents of study participants at
the clinics and in their preferred language (English or Luganda) using a
standardized questionnaire that captured demographic, clinical, and
household information about participants, including household socio-
economic status (SES), household crowding (number of people, number
of rooms), respiratory symptoms of child participants, and an assess-
ment of multiple HAP indicators (see Supporting Information for Study
Questionnaire).
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2.3.1. Assessment of HAP indicators

The study questionnaire assessed two types of HAP indicators: those
that are considered combustion emission sources and those that can
mitigate exposure of children to HAP (Fig. 1) (WHO, 2002). Indicators
of HAP emission source were determined by assessing: (1) primary
energy source for household cooking (wood, charcoal, kerosene, elec-
tricity, gas, or other); (2) primary energy source used for lighting the
home (electricity, kerosene, candle, or other); (3) the type of cook stove
typically used in the home (open fire without vent [locally known as
‘sigiri’], open fire with vent, closed fire without vent, closed fire with
vent, electric stove); (4) an estimate of the length of time (in hours)
spent burning solid fuel for cooking each day; (5) parental report on
whether any household members smoked indoors; and (6) parental
report about traffic-related air pollution in the neighborhood. Due to
low cell numbers for cooking with wood and cooking with liquefied
petroleum gas (LPG), we combined wood fuel and charcoal (‘solid fuel’)
and combined LPG and electricity (‘improved fuel’) for the final re-
gression analyses. Participants were asked about neighborhood sources
of air pollution because the city of Kampala has no existing network for
monitoring air quality. To assess this outdoor air pollution (OAP)
source indicator we adapted previously validated questions from Piro
et al. (2008) that asks participants about the level of concern (‘very
concerned’, ‘somewhat concerned’, or ‘not concerned’) regarding air
pollution from traffic in their neighborhood (Piro et al., 2008).

Indicators for mitigating child exposure to HAP were assessed
(Fig. 1) by asking participants about the location of household cooking
(indoors in the sleeping/main living area, indoors in a designated
kitchen area, indoors in a structure separated from the home, or out-
doors) and whether children were typically indoors or outdoors during
cooking times. These indicators serve as surrogates of proximity to a
HAP emissions from cooking (Fig. 1). As a surrogate for ventilation, we
also asked parents about whether there is a window in the area where
indoor cooking occurred. Among those with a window, we asked par-
ticipants about frequency of opening windows during cooking (never,
sometimes or rarely, most of the time, or always).

2.4. Statistical analysis

2.4.1. Covariate selection using Bayesian variable selection.

Candidate covariates were selected from the available literature of
epidemiological studies conducted in sub-Saharan Africa that in-
vestigated associations between HAP and lower respiratory outcomes in
children (Buchner and Rehfuess, 2015; Mustapha et al., 2011; Rehfuess
et al., 2013). Candidate household-level covariates included monthly
income, a summation of assets (as conducted by Young et al., 2019),
educational attainment, and crowding (defined by number of occupants
per room). Candidate individual-level covariates were child sex and
age. A Bayesian variable selection approach was applied to determine
final covariates for adjustment in the logistic regression models that
evaluated associations between HAP indicators (e.g., indoor tobacco
smoking) and cough. We used Bayesian variable selection because,
unlike stepwise approaches, it accounts for model uncertainty through
Markov chain Monte Carlo (MCMC) methods. We implemented Baye-
sian variable selection using the spikeSlabGAM package in R (version
1.1-11). Using the posterior inclusion probability (PIP) output from
Bayesian variable selection, we selected a covariate as an ‘important’
covariate for adjustment if it resulted in a PIP = 0.10. We fit continuous
variables (e.g., income) in their original form but also included as a
categorical factor variable and fit as a smoothed term. We selected
whichever variable type resulted in the highest PIP (e.g., income con-
tinuous vs. income categorical). Hence, covariate adjustment was based
on model fit as indicated by PIP. Additional detail on Bayesian variable
selection is provided in the Supporting Information. This approach has
been reviewed extensively elsewhere (Ishwaran and Rao, 2005;
Malsiner-Walli and Wagner, 2018; Scott and Berger, 2010). Covariates
selected for inclusion into adjusted models underwent multiple
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Table 1
Characteristics of households, children, and parents, by case-control status.

Control® p-value
n=1294 n =438 n = 856

Characteristics Total Case”
(0, %%

Household Characteristics

Household crowding (#occupants/ < 0.001
room)

1-2 353 (27) 93(21) 260 (30)

2-4 468 (36) 156 (36) 312 (37)

4-11 468 (36) 186 (43) 282 (33)

Household education-level 0.08

None or < primary-level 343 (28) 129 (33) 214 (26)

Completed primary-level 534 (44) 164 (41) 370 (46)

Completed ordinary- or advanced-level 332 (27) 103 (26) 229 (28)

Monthly household income (converted 0.007
to US currency)

0-39 466 (40) 186 (47) 280 (36)

40-79 427 (36) 125(31) 302 (39)

80-159 230 (20) 73 (18) 157 (20)

> 159 52 (4) 16 (4) 36 (5)

Household assets index* < 0.001

6-7 412 (32) 175 (40) 412 (28)

7-8 512 (40) 154 (36) 512 (42)

8-9 248 (19) 77 (18) 248 (20)

9-12 108 (8) 27 (6) 108 (10)

Child Characteristics

Sex 0.81

Boy 572 (52) 189 (51) 381 (52)

Girl 523 (48) 178 (49) 345 (48)

Age groups 0.91

< 5 years 900 (69) 307 (70) 589 (69)

5-9 years 310 (24) 102 (23) 208 (24)

10-14 years 87 (7) 29 (7) 57 (7)

Parental participant characteristics
Age groups 0.43

18-20 years 110 (9) 34 (8) 76 (9)

21-25 years 346 (27) 108 (25) 238 (28)

26-30 years 450 (35) 158 (36) 292 (34)

31-35 years 222 (17) 74Q7) 148(17)

36-69 years 164 (13) 64 (15) 100 (12)
Language preference of participant > 0.99
Luganda 1178 (92) 398 (92) 780 (92)

English 108 (8) 36 (8) 72 (8)

2 Column totals may not add up uniformly due to missing observations.

b Cases defined as child with a current cough lasting at least 2 weeks.
Controls are those without a current cough for 2 weeks.

¢ Household assets index is a composite summation score of multiple assets
reported for each study household, including electricity, a television, a motor
vehicle, a closet (‘wardrobe), a CD or DVD player, and a Bicycle (range: 6-12;
no = 1 and yes = 2 for each asset). An increasing assets index indicates an
increasing number of household assets.

imputation with classification and regression trees (CART) (Burgette
and Reiter, 2010) using the mice package (version 3.3.0) in R.

2.4.2. Fully adjusted logistic regression models

Fully adjusted logistic regression models were fit to assess exposure-
response relationships for each HAP emission source and exposure-
mitigating indicator. We fit all HAP indicator variables together in the
same fully adjusted models, including the household SES and crowding
indicator covariates. For example, indoor smoking was a covariate in
the fully adjusted models in tandem with all other HAP indicator
variables. Although we evaluated the associations between stove-type
and persistent cough and between cooking fuel-type and cough, stove-
type and fuel-type could not be evaluated in the same regression models
due to collinearity between these two HAP indicators (97% of unim-
proved cook stove users used solid fuels). In Model 1 we included fuel-
type in conjunction with all other HAP indicators. In Model 2 we in-
cluded stove-type (unimproved versus improved) in conjunction with
all other HAP indicators. We ran supplemental logistic regression
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models to characterize associations for HAP indicators that were re-
levant only under the scenario of indoor cooking, such as the associa-
tion between cough and windows and opening of windows. We also
tested the association between cough and length of cooking time among
those who cooked with solid fuels because, compared to cooking with
kerosene or improved energy sources, cooking with solid fuels ne-
cessitates lengthy fuel combustion periods to generate radiant heat and
adequate cooking temperature. A statistical test for interaction between
cooking location (an exposure mitigating factor) and exposure to type
of cook stove and between cooking location and cooking fuel-type were
also performed. Interaction terms with a p-value < 0.05 were then
analyzed in stratified models to assess the association with cough when
cooking indoors only. A sub-analysis, stratified by different age groups
(under five years of age and ages 5-14 years of age), was also per-
formed using the above logistic regression approach (Tables S1 and S2).
All summary statistics and regression analyses were computed using R
(version 3.4.1).

2.4.3. Bayesian profile regression to assess joint effects

We used a Bayesian clustering approach, referred to as Bayesian
profile regression (BPR), to explore possible joint effects between mul-
tiple HAP indicators and childhood cough. We implemented a cluster
analysis because conventional regression methods are limited in their
ability to capture joint effects for a large number of covariates (“the curse
of dimensionality”). This limitation manifests as a loss of statistical
power and a necessity for multiple comparisons when testing for inter-
actions. In addition, analyses for interactions are challenging in the
presence of collinearity between co-exposures of interest. BPR enables
the analysis of correlated data (Liverani et al., 2016) by not only clus-
tering individuals together with similar exposure profiles but simulta-
neously associating each cluster with the probability of an outcome
(cough) at each iteration of the MCMC modeling (Coker et al., 2016;
Molitor et al., 2010). Other advantages of using BPR, compared with
other clustering algorithms like k-means, include the ability to analyze
categorical as well as continuous covariates for clustering and the fact
that there is no need to specify the number of clusters prior to analysis.

We implemented BPR using the same set of HAP and SES categorical
variables that were used in logistic regression models. In the pre-
sentation of BPR results, we highlight the following: (1) the joint dis-
tribution of the HAP and SES indicator variables; (2) the posterior
probabilities of cough for each cluster relative to the study population’s
average probability of cough; and (3) computed odds ratios (OR) of
cough for each cluster compared to a reference cluster (with un-
certainty) as done in our previous work (Coker et al., 2017). To help
with interpretation of the complex nature of the joint distribution of
HAP and SES indicators, we generated heat-maps to display the in-
tensity of HAP and SES indicators for each cluster in terms of adversity.
BPR was implemented using the PReMiuM package (Liverani et al.,
2015) in R (version 3.1.4).

3. Results

Between January 2018 and May 2018, 1314 parents were contacted
for recruitment. Of these, 1311 parents were eligible for enrollment to
serve as surrogates of child participants and 1294 were consented into
the study (438 persistent cough cases and 856 controls). Characteristics
of study participants and households overall and for cases and controls
are summarized in Table 1. Compared to controls, children with
cough = 2 weeks (cases) were significantly more likely to come from
more crowded homes (p < 0.001) and households with lower income
(p = 0.007) and lower assets (p < 0.001). There were no significant
differences between cases and controls with respect to child char-
acteristics such as age or sex or by parental age or preferred language
(Table 1). According to the Bayesian variable selection results, house-
hold crowding (linear) and income (quartiles) were selected as cov-
ariates for the adjusted logistic regression models.
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Table 2
Frequency of HAP indicators and frequency of cases and controls by HAP in-
dicators.

HAP Indicators Overall Case Control 2 p-value

(0, %) n = 438 n = 856

Source of HAP Emissions

Cooking fuel-type < 0.001

Electricity 46 (4) 164 304

Charcoal 1116 (86) 361 (82) 755 (88)

Wood 82 (6) 37 (8) 45 (5)

Kerosene 33 (3) 2450 9

LPG 14 (1) 0 (0) 14 (2)

Other 2(<1) 0 (0) 2(<1)

Cooking stove-type 0.77

Improved stove 68 (6) 21 (5) 47 (6)

Traditional stove 1142 (94) 381 (95) 761 (94)

Energy source for lighting home < 0.001

Electricity 1062 (84) 323 (76) 739 (88)

Kerosene - open wick 41 (3) 25 (6) 16 (2)

Kerosene lantern 53 (4) 30 (7) 23 (3)

Candle 113 (9) 49 (11) 64 (8)

Indoor tobacco smoking < 0.001

No 1186 (92) 361 (83) 825 (96)

Yes 106 (8) 76 (17) 30 (4)

Mitigation of HAP Exposures

Cooking location < 0.001

Outdoors 533 (41) 118 (27) 415 (49)

Indoor — sleeping area 359 (28) 183 (42) 176 (21)

Indoors - kitchen in home 272 (21) 82(19) 190 (22)

Indoors — separate room/unattached 129 (10) 55(13) 74 (9

Child indoors during cooking < 0.001

No 573 (44) 156 (36) 417 (49)

Yes 715 (56) 279 (64) 436 (51)

Use of windows while cooking” < 0.001

Always or most of the time 284 (51) 86(39) 198 (59)

About half or sometimes 197 (35) 100 (45) 97 (29)

Never 75 (15) 37 (16) 38(12)

Windows in cooking area“ < 0.001

Yes 559 (75) 225 (71) 334 (77)

No 189 (25) 92(29) 97 (23)

Emissions intensity

Number of hours cooking® 0.05

1-2 407 (34) 113 (28) 294 (36)

2-3 235(19) 79 (20) 156 (19)

3-6 387 (32) 137 (35) 250 (31)

6-12 181 (15) 68 (17) 113 (14)

Self-reported concern over traffic- < 0.001
related OAP

Not concerned 717 (56) 197 (45) 520 (61)

Somewhat concerned 185 (21) 90 (21) 185(22)

Very concerned 296 (23) 149 (34) 147 (17)

Notes: The case and control columns summarize the number and percentage of
cases or controls within each level of a particular categorical variable. Chi-
squared test statistic tests differences in cases between different levels of the
categorical variables.
Abbreviations: HAP, household air pollution; LPG, liquified petroleum gas; OAP,
outdoor air pollution.
bTraditional stove is an unvented solid fuel stove (‘sigiri’), three-stone fire or
kerosene stove, and an improved stove is an electric, LPG, or a vented solid fuel
stove.

@ Column totals may not add up uniformly due to missing observation and
skip patterns in the study questionnaire.

¢ Among those who cook indoor and have a window in the cooking area.

4 Among those who cook indoors.

¢ Among those who cook with wood or charcoal.

Environment International 136 (2020) 105471

3.1. Associations between source of HAP and persistent cough

Table 2 summarizes frequencies of source-specific HAP indicators
overall in addition to cough prevalence for each category of HAP in-
dicators. Crude and adjusted ORs are reported in Table 3. Unadjusted
logistic regression models (Table 3) showed significant persistent cough
associations for children in households where kerosene was used for
cooking, an energy source other than electricity was used for lighting,
and where another occupant smoked indoors. There were no significant
unadjusted associations between cough and type of cooking stove used
in the household or between cough and exposure to cooking with solid
fuels. Relative to using an improved cooking fuel (electricity or LPG),
the adjusted odds of cough were higher with use of kerosene for
cooking (aOR 4.18, 95%CI 1.54, 12.1, p = 0.006) but not with use of
solid fuels (charcoal or wood) for cooking (aOR 1.60, 95%CI 0.87, 3.09,
p = 0.14). Exposure to cooking with an unimproved stove was also not
significantly associated with cough in the adjusted model (aOR 1.26,
95%CI 0.72, 2.30, p = 0.43). Exposure to indoor cigarette smoking
compared to no smoking exposure was strongly associated with higher
cough prevalence (aOR = 4.59 [2.87, 7.50], p < 0.001), as was ex-
posure to a polluting fuel (a candle or kerosene) for lighting the home
compared to exposure to electricity for lighting (aOR = 1.44 [1.20,
2.03], p = 0.04). In both unadjusted and adjusted models, relative to
reporting no concern over traffic-related air pollution in the neighbor-
hood, being very concerned was associated with significantly higher
odds of persistent cough (aOR = 2.12 [1.57, 2.86], p < 0.001)
(Table 3). Among those who cooked with solid fuels, a 10% increase in
the number of hours cooking with solid fuels was also positively asso-
ciated with persistent cough (aOR = 1.03 [1.01, 1.06]).

3.2. Associations between HAP exposure mitigating factors and persistent
cough

Unadjusted logistic regression models (Table 3) indicated persistent
cough was significantly more prevalent among children from homes
where cooking was performed indoors, including in the sleeping area, a
designated kitchen, or a separate room unattached to the home. Un-
adjusted odds of cough were also significantly higher among children
who were typically indoors during cooking times. Results from adjusted
models—summarized in Table 3—were consistent with unadjusted re-
sults. Compared to cooking outside, cooking in the sleeping or main
living area was associated with higher adjusted odds of cough
(aOR = 2.79 [2.01, 3.88], p < 0.001), while cooking in a designated
kitchen (aOR = 1.58 [1.10, 2.27], p = 0.01) or in a separate structure
(aOR = 2.66 [1.72, 4.11], p < 0.001) also were associated with sig-
nificantly higher adjusted odds of persistent cough. Children being in-
doors during cooking times was associated with higher odds of cough
(OR = 1.44 [1.20, 2.03], p = 0.006).

According to separate models that tested for interaction between
cooking location (outdoors vs. indoors) and cooking-related HAP
sources (cooking fuel or stove-type), we observed significant interac-
tions (p < 0.01). Stratified models showed that exposure to cooking
indoors with an unimproved stove, compared to cooking indoors with
an improved stove, resulted in an adverse association (OR = 1.85
[0.99, 3.57]). Conversely, using an unimproved stove outdoors com-
pared to using an improved stove outdoors resulted in a protective
association (OR = 0.11 [0.02, 0.47]). Exposure to cooking indoors with
solid fuel resulted in increased odds of persistent cough (OR = 2.37
[1.22, 4.94]) compared to exposure to cooking indoors with an im-
proved fuel. Conversely, exposure to solid fuels outdoors compared to
an improved fuel outdoors resulted in a protective association
(OR = 0.05 [0.002, 0.33]). It should be noted that while exposure to
cooking outdoors with an unimproved stove or solid fuel was protective
compared to improved stove or fuel, just eight participants with an
improved stove (reference group) and just five participants with an
improved fuel cooked outdoors. Therefore, associations for outdoor
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Table 3

Crude and adjusted associations between HAP indicators and cough.
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Crude OR (95% CI)

Model 1
aOR (95% CD)™"

Model 2
aOR (95% CI)™"

Source of HAP emissions
Cooking fuel

Electricity/LPG

Kerosene

Solid fuel (wood or charcoal)

Unimproved stove®
Yes

Smoking inside the home
Yes

Energy source for lighting the home
Electricity
Polluting fuel (candle or kerosene)

Mitigation of HAP exposure
Cooking location
Outdoors

Sleeping/Living area
Separate structure
Kitchen

Child indoors during cooking
Yes

OAP emission source
Traffic-related air pollution
Not concerned

Very concerned

Somewhat concerned

Household SES

Number of occupants per room
Monthly household income (in USD)
0-39

40-79

80-159

> 159

Reference
7.33 (2.91, 19.9)
1.37 (0.78, 2.53)

1.12 (0.67, 1.94)

5.79 (3.77, 9.12)

Reference
2.31 (1.71, 3.13)

Reference

3.66 (2.74, 4.90)
2.61 (1.74, 3.91)
1.52 (1.09, 2.11)

1.71 (1.35, 2.17)

Reference
2.68 (2.02, 3.55)
1.28 (0.95, 1.73)

1.14 (1.06, 1.24)

Reference

0.65 (0.50, 0.84)
0.69 (0.50, 0.94)
0.66 (0.35, 1.20)

Reference
4.18 (1.54, 12.1)
1.60 (0.87, 3.09)

4.59 (2.87, 7.50)

Reference
1.44 (1.20, 2.03)

Reference

2.79 (2.01, 3.88)
2.66 (1.72, 4.11)
1.58 (1.10, 2.27)

1.47 (1.12, 1.92)

Reference
2.12 (1.55, 2.90)
1.13 (0.81, 1.56)

1.09 (0.99, 1.20)

Reference

0.76 (0.56, 1.04)
1.00 (0.70; 1.44)
0.89 (0.44, 1.73)

1.26 (0.72, 2.30)

4.80 (2.91, 8.11)

Reference
1.35 (0.93, 1.96)

Reference

3.14 (2.04, 4.83)
2.74 (1.54, 4.88)
2.33 (1.45, 3.75)

1.42 (1.08, 1.88)

Reference
2.04 (1.40, 2.99)
1.16 (0.76, 1.77)

1.09 (0.99, 1.20)

Reference

0.83 (0.61, 1.13)
1.15 (0.80, 1.66)
0.97 (0.48, 1.88)

Abbreviations: HAP, household air pollution; LPG, liquified petroleum gas; OAP, outdoor air pollution.

@ Model 1 includes type of cooking fuel as a covariate and Model 2 includes type of cook stove as a covariate. Cooking fuel and stove type could not be assessed in
the same model due to collinearity (99% of those who cooked with solid fuels used an unimproved stove and 100% of those who cooked with kerosene used an
unimproved stove). In addition, by definition cooking with electricity was classified as an improved stove.

> Adjusted for household crowding and household income quartiles.

¢ Unimproved stove was defined as a stove used for cooking that has an open combustion flame but does not have a chimney or hood.

cooking should be interpreted with caution given such few number of
participants in the reference group for this outdoor cooking strata.
Similarly, the association between cooking with kerosene and cough
strengthened among those who cooked indoors also (OR = 7.09 [2.48,
22.071), compared to regression models that included both indoor and
outdoor cooking. Also of note, only one participant who reported
cooking with kerosene also reported cooking outdoors, thus making the
comparison stratified outdoors kerosene cooking association (data not
shown) an unreliable effect estimate.

When restricting the analysis to children from households where
cooking occurs indoors only, we compared to those who reported using
a window always or most of the time during cooking, and found that
having no windows (aOR = 1.90 [1.24, 2.91]), never using windows
(aOR = 1.62 [0.88, 2.96]), and using windows only some or half of the
time (aOR = 1.73 [1.13, 2.65]) were each associated with higher ad-
justed odds of persistent cough.

3.3. Associations between HAP indicator profiles and persistent cough

BPR analysis resulted in 11 clusters. Table 4 summarizes the number
of participants and prevalence of cough cases for each cluster. The full
posterior distributions from the MCMC output, for the 12 HAP and SES
indicators, are presented in the Supplemental Materials (Fig. S1). As

Table 4
Summary of clusters based on households with similar profiles of HAP in-
dicators as derived from Bayesian Profile Regression.

Cluster Number of cluster Percent with Odds Ratio (95%
Number members® cough® credible interval)®
1 283 20.3% 0.52 (0.34, 0.77)
2 221 21.3% 0.55 (0.36, 0.84)
3 54 20.4% 0.63 (0.30, 1.25)
4 147 25.2% 0.86 (0.56, 1.32)
5 198 32.3% Reference

6 24 37.5% 1.16 (0.47, 2.58)
7 5 80.0% 1.84 (0.41, 29.52)
8 87 35.6% 1.39 (0.84, 2.28)
9 140 46.4% 1.72 (1.15, 2.60)
10 100 80.0% 4.74 (2.88, 8.0)
11 35 91.4% 8.61 (3.87, 23.9)

Notes: Cluster number has no inherent meaning beyond labeling of distinct
clusters identified in the BPR analysis.

@ Does not incorporate the uncertainty propagated by BPR’s MCMC method
because it uses the final “hard” cluster assignments from the BPR output.

b Incorporates the uncertainty propagated by BPR’s MCMC method.
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Odds Ratio (95% Crl)

-

T Reference

Education -

Assets -

Crowding-
—
Traffic-related air pollution-
—

Windows-
Child location -

Exposure
Mitigation

Cooking Location -
Energy for lighting -
Smoking indoors -

Unimproved stove - - -
\Cook with polluting fuel - - -

1 2 3 4 5 6

Household Emission
Sources

Clusters

High Adversity
Moderate Adversity

Low Adversity

7 8 9 10 1

Fig. 2. Exposure profile results from Bayesian profile regression (BPR). Panel (a) displays the cough OR for each cluster and corresponding 95% credible intervals,
with cluster number 5 set as the reference cluster. Panel (b) displays a qualitative characterization of HAP/SES indicator profiles for each cluster, with darker red
colors characteristic of high adversity conditions and lighter colors characteristic of low adversity conditions for a particular indicator. Adversity for the HAP
indicators, in this context, was derived from interpretations of the logistic regression models indicating whether the HAP indicator variable resulted in an adverse
association with cough. Fig. S1 in the appendix displays the full quantitative posterior distributions of the exposure profile output from the BPR analysis. (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

summarized in Table 4, the observed prevalence of cough was highest
for cluster 11 (91%) and cluster 10 (80%) and lowest for clusters 1
(20%), 2 (21%) and 3 (20%). Fig. 2a displays the ORs for each cluster,
when setting cluster 5 as a reference cluster. Cluster 5 was selected as a
reference cluster because it has a cough prevalence (32%) closest to the
underlying cough prevalence for the study population. Clusters with the
highest odds ratios with a credible intervals (CrI) that does not overlap
with the null include cluster 9 (OR = 1.72 [95% CrI: 1.15, 2.60]),
cluster 10 (OR = 4.74 [95% CrlI: 2.88, 8.0]), and cluster 11 (OR = 8.61
[95% CrlI: 3.87, 23.9]). According to Fig. 2a, two clusters resulted in
cough odds ratios below 1 that did not include the null. Specifically,
cluster 1 (OR = 0.52 [95% credible interval: 0.34, 0.77]) and cluster 2
(OR = 0.55 [0.36, 0.84]) resulted in lower odds of cough. While
clusters 3 and 4 resulted in lower odds of cough compared to cluster 5,
the 95% Crls included the null. Even though cluster 7 resulted in ele-
vated cough prevalence (80%), this cluster was comprised of just 5
children and therefore does not lend itself to an informed interpretation
(wide Crls; Fig. 2a) given the small sample size (Table 4).

In Fig. 2b we use a heat-map to indicate the relative adversity of
HAP and SES indicators (rows) for each cluster (columns). The variables
shown in this heat-map are ordered by HAP sources or exposure miti-
gation factors, and the colors represent the established cut points within
each category in terms of indicating low adversity (white tiles), mod-
erate adversity (light red tiles), or high adversity (dark red tiles).
Compared to the overall study population frequencies (or average) for
each HAP indicator (Table 2), the joint distribution of HAP sources,
exposure mitigating factors, and traffic-related air pollution was highly
adverse (dark red tiles) for clusters 10 and 11 (Fig. 2). In cluster 11, for
example, 97% used solid fuel or kerosene for cooking, 53% had an
occupant who smoked indoors, and 97% used a polluting energy source
for lighting the home. In terms of exposure mitigation, 100% cooked
indoors, 89% had children indoors during cooking (89%), and 100%
had no window in the cooking area. Nearly half (40%) of cluster 11
participants reported being very concerned about traffic-related air

pollution. Cluster 10 had even higher levels of solid fuel or kerosene for
cooking (100%) and using an unimproved stove (98%). Cluster 10 also
had the highest percentages for cooking indoors in the area where oc-
cupants sleep (99%), child indoors during cooking (95%), never or only
sometimes opening a window during cooking (81%). More than half
(51%) in cluster 10 reported being very concerned over traffic-related
air pollution. The other cluster with significantly elevated cough,
cluster 9, differed from clusters 10 and 11 on key HAP sources. For
instance, 100% of the cluster 9 participants used electricity for lighting
(protective against HAP) and only 9% of cluster 9 participants had an
occupant that smoked indoors. When comparing the clusters with ele-
vated cough against the reference cluster (cluster 5), a few HAP in-
dicators stand out as substantially different. Specifically, children were
predominantly indoors during cooking for all three of the elevated
cough clusters, whereas children were outdoors during cooking for the
reference cluster (even though participants in cluster 5 report high le-
vels of exposure to solid fuels [99%] and unimproved stoves [99%] for
cooking and cooking indoors [91%]). Other important differences for
the reference cluster include low indoor tobacco smoking (4.5%), high
usage of electricity for lighting (100%), and low levels of concern about
traffic-related air pollution (17%), high usage of always opening win-
dows low crowding (63%), and high SES.

Clusters 1, 2 and 3 resulted in low cough prevalence of 20%, 21%
and 20%, respectively, which are all well below the average cough
percentage of 34% for the study population. As indicated in Fig. 2b,
these three clusters resulted in low levels of risk factors for most HAP
indicators. Although nearly all households in cluster 1 and cluster 2
were exposed to cooking with solid fuels and cooking an unimproved
cook stove, 100% of households in these two clusters cooked outdoors.
Similar to the reference cluster 5, clusters 1 and 2 had very low indoor
tobacco smoking indoors and low use of polluting fuels for lighting. The
major difference between clusters 1 and 2 compared to the reference
cluster was cooking location. While cluster 3 was also characterized by
low cough prevalence, yet resulted in an association that included the
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null, this cluster was relatively small (N = 54) which contributed to the
large Crl. The major difference between cluster 3 and the reference
cluster 5 was cooking fuel and stove type, with 100% of participants in
cluster 3 reporting use of an improved fuel (electricity or gas) as well as
an improved stove and 76% of participants reporting having the child
indoors during cooking (child indoors was just 39% in cluster 5).

4. Discussion

Among children who reside in mostly low-income households in
Kampala, we show that cooking-related HAP sources, such as cooking
with polluting fuels and unimproved stoves indoors, are adversely as-
sociated with persistent cough. The data also show other indicators of
HAP and OAP emissions sources—unrelated to cooking—and exposure
mitigating factors have equally large (if not larger) adverse associations
with cough. Moreover, our analyses suggest strong joint effects between
indicators of multiple emission sources and exposure-mitigating factors.

Importantly, we found that the association between cough and ex-
posure to cooking with solid fuels could be dependent on cooking lo-
cation. Specifically, we observed an adverse association with cough
only when children were exposed to cooking with solid fuels indoors
only (relative to cooking indoors with an improved fuel). This finding is
supported by recent findings in the literature. A recent study conducted
in Rwanda (Das et al., 2018) similarly found the adverse association
between solid fuel and childhood cough only occurred in those exposed
to indoor cooking. Another study, which combined survey data from 18
different African countries (including data from Uganda), found that
exposure to kerosene fuel for cooking and solid fuel for cooking were
most strongly associated with acute lower respiratory infection; during
the rainy season when cooking is more often performed indoors
(Buchner and Rehfuess, 2015). Another study (Akunne et al., 2006),
which assessed the attributable fraction of various cooking-related HAP
interventions among children under 5 years old, found that, compared
to improvements in cook stove technology or improved ventilation in-
doors only, cooking outdoors resulted in the largest reductions in the
fraction of acute respiratory infections attributable to cooking with
solid fuels. A HAP intervention trial conducted in South Africa (Barnes
et al., 2017), which focused on community counseling on behavioral
change such as keeping children outdoors during cooking or opening
windows for ventilation as a means to mitigate HAP exposure among
children, found that personal exposure measures for both CO and PM10
reduced significantly in the intervention community compared to the
control community. Our analysis, as well as others, suggests factors that
can mitigate against childhood exposure to HAP, such as cooking out-
doors, opening windows for ventilation, and proximity of the child
(outdoors versus indoors) to fuel combustion sources, represent po-
tentially important points for intervention that could be easier and less
costly to implement compared to cleaner cook stove technologies
(Langbein et al., 2017).

We also found, compared to all other indoor cooking locations,
cooking in the same area where household occupants slept resulted in
the strongest adverse associations for cough, confirming that cooking in
confined spaces may be especially hazardous (Bruce et al., 2004;
Sharma and Jain, 2019). This finding is supported by another study
conducted in sub-Saharan Africa, which found that cooking indoors, in
a home without a designated kitchen during the rainy season, was
significantly associated with higher acute lower respiratory infection
compared to homes with a designated kitchen.

Other sources of HAP emissions, that are unrelated to cooking, were
adversely associated with childhood cough. These included the type of
energy source (kerosene or candles) used for lighting the home and
having a household occupant that smoked tobacco indoors.
Unfortunately, little is known about the respiratory health effects from
household kerosene fuel-use (Acharya et al., 2017; Buchner and
Rehfuess, 2015; Lam et al., 2012). To our knowledge, ours is the first
epidemiological study conducted in sub-Saharan Africa to investigate
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associations between child respiratory health and kerosene used for
lighting the home. Household air pollution monitoring studies con-
ducted in Kenya and Uganda found that, among rural homes that
cooked with solid fuels outdoors exclusively, lighting the home using a
kerosene lantern was associated with PM2.5 levels that exceeded WHO
air quality guidelines (Muindi et al., 2016; Muyanja et al., 2017).
Acharya et al. found that using a kerosene lantern for lighting the home
was associated with higher ALRI among young children in India
(Acharya et al., 2017). In our study, 19% of cases and 10% of controls
(13% overall) were exposed to kerosene for lighting the home, showing
that kerosene for household lighting is not uncommon among Uganda’s
urban poor. Although prevalence of indoor smoking was low overall for
the study population (8%), it had the strongest association with cough
among all sources of HAP.

With Bayesian cluster analysis we observed a strong clustering
pattern of multiple HAP and SES indicators as well as combined effects
between emission and exposure-mitigation factors on persistent cough.
For households that had profiles with multiple HAP indoor sources yet
lacked exposure-protective factors, such as cooking indoors without
opening windows and the child being indoors during cooking, these
households exhibited the highest prevalence of cough. Conversely,
households with high usage of HAP cooking sources (e.g., solid fuel or
kerosene) but where cooking occurred outdoors, resulted in the lowest
cough prevalence. Our cluster analysis further revealed that children
from cluster 9 households, which tended to cook indoors with polluting
fuels and unimproved stoves, had indoor tobacco smokers, had children
indoors during cooking, and lacked or did not open windows during
cooking, resulted in elevated cough prevalence (see cluster 9, Fig. 2b)
compared to the reference cluster that also mostly cooked indoors with
polluting fuels and unimproved stoves but tended to have their child
outdoors during cooking, lacked indoor tobacco smokers, and were
more likely to open windows during cooking. While the clusters with by
far the highest cough prevalence (cluster 10 and 11) had similar profiles
to cluster 9, the major differences between cluster 9 and the highest
cough clusters was using a polluting fuel for lighting the home and
higher indoor smoking prevalence (see Fig. 2b). These complex com-
bined effects imply that HAP interventions with a strict focus on a single
household factor, such as replacing a traditional cook stove with an
improved cook stoves, may not have as substantial positive impact in
terms of reducing HAP levels or related health burdens as would
otherwise be expected. For instance, replacing a traditional stove with
an improved stove among those who live in a neighborhood with al-
ready high levels of outdoor air pollution, who cook outdoors, and use
kerosene for lighting the home, is unlikely to improve indoor air quality
to health-protective levels. Our findings strongly suggest that more
comprehensive HAP interventions need to be assessed—i.e. interven-
tions that address multiple air pollution emissions sources (e.g., lighting
and cooking fuels) and HAP exposure factors (e.g., cooking outdoors or
using ventilation) in concert with improved cooking fuels and stove-
types.

Importantly, our use of Bayesian profile regression (BPR) enabled
these complex analyses of joint effects in spite of a relatively limited
sample size, and represents a key innovation for health studies of HAP.
Conventional regression analyses, used in most epidemiologic studies of
HAP, are typically incapable of investigating effects beyond anything
more than two-way interactions largely due to limited statistical power
to explore such complex interaction effects. Cluster analysis using BPR,
in contrast, enabled dimension reduction to a smaller number of fea-
tures for regression analysis which then enabled us to explore combined
effects of three or more HAP sources in addition to exposure-mitigating
and SES factors together. A major drawback with BPR, however, is its
relative inability to evaluate independent effects of any single risk
factor compared to conventional regression techniques. In addition,
BPR in general does not incorporate a formal statistical test for sy-
nergistic or antagonistic effects. Despite such limitations, future HAP
epidemiology studies could use BPR (or an analogous clustering
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approach) in combination with conventional regression techniques in
order to assess independent and joint effects of multiple HAP sources as
well as exposure mitigation factors and SES indicators. In addition to
use of BPR in formal epidemiology studies, BPR can also be applied in
HAP area or personal exposure assessment studies that objectively
measure indoor air pollution concentrations to help elucidate the
combination of household emissions and time-activity patterns that
explain variations in HAP levels.

Another strength of our analysis was to explicitly incorporate SES
indicators into the BPR cluster analysis, in order to determine if low SES
tended to cluster together with high levels of HAP adversity. While this
was shown to be mostly true, we did observe some exceptions. For
instance, cluster 2 was a very low SES grouping of households, how-
ever, these households were characterized as having multiple protective
HAP exposure factors as well as very low cough prevalence. In other
words, there is evidence from our data to show that cough prevalence
differed significantly among similarly low SES households but that
differed mostly in terms of HAP indicators. This finding suggests that
SES is unlikely to fully account for the observed differences in our
outcome of interest.

There are a number of limitations to our study. One major limitation
is that we assessed only the primary source of fuel or type of stove used
for cooking instead of assessing the possibility of secondary or tertiary
household cooking emission sources. Since it is well-established that
stove-stacking for cooking is commonplace in less-developed regions,
our study is limited in that we did not assess the totality of household
cooking emission sources. In addition, we did not assess neighbor’s use
of solid fuels which may further impact HAP levels. Our assessment of
ventilation when cooking indoors was also limited because we only
assessed opening of windows during cooking. There are a number of
other ventilation factors that could have been assessed via the ques-
tionnaire, such as opening of doors during cooking or the number of
windows kept open during cooking. We also relied on self-reported
indicators of HAP rather than objective air monitoring measurements.
Such indirect measures of exposure based on parental report may in-
troduce non-differential bias because they are less accurate than direct
measures, reducing statistical power and leading to false-negative as-
sociations, or Type II error. Second, in the context of the case-control
study design, indirect measures of exposure based on parental reports
may also lead to differential bias toward an association with cough,
because of recall bias, thereby leading to false-positive associations. For
example, self-report of traffic-related air pollution, while validated in
more developed countries, has not been validated in sub-Saharan Africa
and is an example of a self-report indicator susceptible to recall bias.
Secondarily to recall bias, we conducted a case-control study at an
outpatient primary health care facility, which has the potential to in-
duce selection bias (Wacholder et al., 1992). While acknowledging this
limitation, selection of controls from the same study clinic as cases
suggests that cases and controls were derived from similar if not the
same source population (i.e. KCCA clinics serve the surrounding general
population seeking outpatient services), which is likely to limit selec-
tion bias. In addition, the most common conditions/reasons for seeking
care at these outpatient clinics include acute conditions such as malaria
and cold/flu symptoms. Such outpatient clinics do not typically manage
complex medical conditions. Given that outpatient clinics receive fairly
uncomplicated medical (mostly acute) conditions, and that the popu-
lation is quite homogenous, the risk of selection bias—though still
present—should be mitigated by these factors.. Matching on age and
time was also conducted to further reduce confounding bias by age or
seasonality, or differences in the population based on the reasons for
the outpatient visit. External validity, or generalizability, is another
potential limitation of our study. To mitigate this limitation, we drew
our study sample from three different KCCA health facilities and re-
cruited a large number of participants from each facility (N > 350
from each health facility) (Carlson and Morrison, 2009). Nevertheless,
the replication of our findings in a different study population would
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certainly lend support to the generalizability of our findings. Future
prospective cohort studies are therefore needed that look at associations
between indoor HAP concentrations, exposure-mitigation factors, and
relevant health outcomes, with exposure variables measured both ob-
jectively and by self-report at baseline. Such an approach, especially
when analyzed using a multivariable framework as done here, could
potentially aid in the development of more comprehensive and effective
HAP interventions.

As already noted, the major innovation of our study is the multi-
variable analysis of multiple HAP indicators assessed via a study
questionnaire. To reiterate, a strict consideration of only one source of
HAP, such as cooking fuel, overlooks the combination of HAP emission
sources and behavioral, household, and neighborhood factors that can
mitigate exposure or intensify HAP exposure. A multivariable analytic
approach can help reveal the combination of interventions that can be
tailored to specific households or communities to reduce exposure to
HAP and its adverse health effects. Another important strength of our
study is our focus on an urban low-income population. The dramatic
growth of urban populations in developing countries—where over 90%
of urban growth is occurring (World Bank, 2016)—represents an
emerging public health challenge, and the health effects from exposure
to HAP among sub-Saharan Africa’s urban poor is not well understood.
Our study reveals the diverse and complex ways in which HAP emission
sources and exposure-mitigating factors manifest among the urban poor
of Kampala. We recommend that such multivariable data be used in
future epidemiology studies to help inform HAP interventions in the
urban developing country context.

5. Conclusions

Several HAP emissions sources, beyond simply cooking fuel-type or
stove-type, were strongly associated with persistent cough in children.
These included using kerosene as a household source of lighting as well
as having a household occupant who smokes indoors. In addition to
multiple HAP emission sources, factors capable of mitigating childhood
exposure to HAP, such as cooking outdoors versus indoors, opening
windows for ventilation, and proximity of children to cooking emission
sources, all exhibited strong associations with persistent cough. Such
exposure-mitigating factors represent practical intervention that, when
combined together, hold the potential to reduce HAP exposure in
children. Moreover, cluster analysis using Bayesian profile regression
revealed large joint effects from multiple HAP emission sources and
exposure-mitigating factors on childhood cough. In order to provide
epidemiological data that maximizes the public health benefits from
HAP interventions in low-income countries of sub-Saharan Africa,
longitudinal HAP epidemiology research should better elucidate the
effects of multiple household emissions sources and exposure-miti-
gating factors in combination, rather than focusing on any single factor
such as the cooking emissions source alone.
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