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5Department of Environmental and Occupational Health Sciences, University of Washington, Seattle, Washington, USA

BACKGROUND: Projected increases in extreme weather may change relationships between rain-related climate exposures and diarrheal disease.
Whether rainfall increases or decreases diarrhea rates is unclear based on prior literature. The concentration-dilution hypothesis suggests that these
conflicting results are explained by the background level of rain: Rainfall following dry periods can flush pathogens into surface water, increasing di-
arrhea incidence, whereas rainfall following wet periods can dilute pathogen concentrations in surface water, thereby decreasing diarrhea incidence.

OBJECTIVES: In this analysis, we explored the extent to which the concentration-dilution hypothesis is supported by published literature.
METHODS: To this end, we conducted a systematic search for articles assessing the relationship between rain, extreme rain, flood, drought, and season
(rainy vs. dry) and diarrheal illness.
RESULTS: A total of 111 articles met our inclusion criteria. Overall, the literature largely supports the concentration-dilution hypothesis. In particular,
extreme rain was associated with increased diarrhea when it followed a dry period [incidence rate ratio ðIRRÞ=1:26; 95% confidence interval (CI): 1.05,
1.51], with a tendency toward an inverse association for extreme rain followingwet periods, albeit nonsignificant, with one of four relevant studies showing
a significant inverse association (IRR=0:911; 95% CI: 0.771, 1.08). Incidences of bacterial and parasitic diarrhea were more common during rainy sea-
sons, providing pathogen-specific support for a concentration mechanism, but rotavirus diarrhea showed the opposite association. Information on timing
of cases within the rainy season (e.g., early vs. late) was lacking, limiting further analysis. We did not find a linear association between nonextreme rain
exposures and diarrheal disease, but several studies found a nonlinear association with low and high rain both being associated with diarrhea.
DISCUSSION: Our meta-analysis suggests that the effect of rainfall depends on the antecedent conditions. Future studies should use standard, clearly
defined exposure variables to strengthen understanding of the relationship between rainfall and diarrheal illness. https://doi.org/10.1289/EHP6181

Introduction
Climate change is expected to affect health conditions with known
environmental determinants, including diarrheal disease (Ebi
2017). Diarrheal disease is already one of the leading causes of
death in children under 5 years of age, and the World Health
Organization (WHO) estimates that between 2030 and 2050, cli-
mate change will cause an additional 48,000 deaths per year from
diarrhea alone (WHO 2018). Some of this expected increase in risk
is related to projected increases in extreme weather events (includ-
ing flooding and drought). Experts anticipate increased destabiliza-
tion of the water cycle by the end of this century, with nonuniform
changes in precipitation globally that result in regionally specific
increases or decreases in total rainfall and the frequency of heavy
rainfall (IPCC 2014). Areas with tropical climates are particularly
likely to experience changes in the intensity and frequency of rain-
fall, and these regions already have some of the highest rates of di-
arrhea illness (Patz et al. 2005; Kolstad and Johansson 2011; GBD
Diarrhoeal Diseases Collaborators 2017). However, studies have
reported different directions in the association between rainfall and
diarrheal disease; some studies have shown positive associations,
and others have shown inverse associations. Additionally, both

drought and flood have been associated with increased diarrhea
(WHO 2003). Improved understanding of the effects of rainfall
extremes and related weather events is necessary to prepare for and
address public health in this uncertain future.

Carlton et al. (2014) and Levy et al. (2009) suggested that these
conflicting findings may be partially explained by the background
level of rain, proposing a “concentration-dilution hypothesis.”
Specifically, a lack of rain may cause pathogens to accumulate in
the environment (creating concentration conditions). Therefore,
heavy rainfall can increase the risk of diarrheal disease by flushing
pathogens into surface water, delivering them in one concentrated
dose. However, during wet periods, rainfall may regularly flush
environmental pathogens into water sources (such that pathogens
do not appreciably accumulate in environmental sources), creating
a dilution effect (Carlton et al. 2014). We hypothesize that exten-
sions of this concentration-dilution hypothesis can be used to relate
other climatic variables to diarrheal disease.

Specifically, we expect that the following:
1. Extreme rain is a risk for diarrhea following dry periods

through the flushing of pathogens into the environment,
and protective of diarrhea following a wet period via the
dilution of pathogens.

2. Flooding leads to increased diarrhea via direct flushing of
fecal material into the environment and by overwhelming
sanitation and/or flooding infrastructure, but floods of lon-
ger duration may dilute pathogens and lower risk.

3. Drought concentrates pathogens in the environment, lead-
ing to higher risk of diarrhea.

4. Rainfall has a stronger positive effect on diarrhea in arid
climates by concentrating pathogens (because pathogens
may accumulate in the environment during drier times of
the year). However, the effect of rain on diarrhea is incon-
sistent in the tropics due to variable rainfall patterns.

5. Overall, diarrhea is more common in rainier seasons.
However, within rainy seasons, risk of diarrhea is concen-
trated either at the start of the rainy season or during the
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flood stage because previously dry environments may
allow pathogens to accumulate.

Two recent systematic reviews (Levy et al. 2016, Carlton et al.
2016) summarized areas of agreement in the literature about the
relationship between diarrheal disease and several climate varia-
bles and found that temperature–diarrhea relationships appear to
be positively correlated, with the exception of viral diarrhea.
However, rainfall–diarrhea associations were more complex and
nonlinear. Additionally, Levy et al. considered only heavy rain-
fall, rather than all rainfall effects. Herein, we update the recent
systematic review (Levy et al. 2016) to focus on all articles pub-
lished after 26 November 2013, the date that the prior systematic
search was conducted. Among these articles, we expand the con-
sideration of rain–diarrhea relationships. Our systematic review
and meta-analysis addressed the following questions:

1. To what extent has published literature specifically
addressed the concentration-dilution hypothesis?

2. Does the relationship between other climatic exposures
(extreme rain, flood, total rainfall, season, and drought)
and diarrhea support the related concentration–dilution
processes?

3. What are sources of heterogeneity across both climatic
exposures and diarrheal disease?

We addressed these questions using relative risk data
extracted from the literature and summarized with random effects
models. These analyses help explain differences in results from
prior studies and provide recommendations on ways to improve
study design to better address our three central questions. We
also highlight how different sources of heterogeneity suggest
opportunities to target the timing and location of public health
interventions to reduce population vulnerability to diarrhea dis-
ease caused by rainfall-associated exposures.

Methods

Search
We used the literature search strategy defined by Levy et al.
(2016), but used only the search terms relevant to rainfall.
Specifically, we searched PubMed, Embase, Web of Science,
and The Cochrane Library for the climate exposures: “rain*,”
“precipitation,” “drought*,” or “flood*,” and for the outcomes:
“diarrhea*” or “diarrhoea*.” We restricted our search to articles
published after 26 November 2013, which was when the origi-
nal review was completed. Figure 1 shows the results from our
search, conducted on 28 March 2020.

Eligibility
We included studies in the review if they met the following inclu-
sion criteria: a) reported human health outcome data; b) the out-
come could be categorized as all-cause diarrhea, pathogen-
specific diarrhea, gastroenteritis, or diarrhea and vomiting; and
c) exposure variables included one or more of heavy rainfall,
flooding, drought, rain, or rainy season and could be related to di-
arrhea. We excluded all case reports, conference abstracts, and
articles that were not published in English. Our inclusion criteria
were similar to that of Levy et al. (2016), but we included addi-
tional climate exposures (rainfall and season) not captured by the
prior review. In addition, we chose to exclude conference
abstracts and case reports, which were considered for inclusion
by Levy et al. (2016). The initial article screen of titles and
abstracts and full-text review was conducted by A.N.M.K. and
O.M. Disagreements were resolved by discussion. J.N.S.E. pro-
vided a third evaluation as needed.

Data Extraction and Variable Definitions
Data were extracted from each study on exposure category as
described in the text, outcome category as described in the text,
description of the association, point estimate with the scale or
metric type, mathematical model, and the authors’ hypothesized
mechanism.

We categorized associations as having extreme rain exposures
if authors reported rain percentiles (such as rainfall exceeding the
90th percentile), severe rainstorms (such as monsoons, typhoons)
without a description of a subsequent flood event, or anomalous
rain. For studies using percentile cut points for defining extreme
rain events, all studies defined these percentiles based on local
rainfall patterns. The reference period used to define normal rain-
fall patterns ranged from 1 to 30 y. Because the rainfall patterns
among the regions included in this review varied widely, the
absolute value of each threshold varied even when the same per-
centile was used. For example, for the 90th percentile, cut points
ranged from 52 mm in a week (averaging to 7:4 mm=d) up to
56 mm in a 24-h period. More details regarding the exposure def-
inition for each study can be found in Table S2.

Seasonal categories were considered when authors mentioned
cumulative rain over a seasonal period, when authors mentioned
variations of rainy season descriptors, or when studies had
monthly categories that could be combined into seasonal groups.
We categorized all seasonal data as falling in rainy seasons or
nonrainy seasons and did not separately analyze locations where
rainfall peaked two or more times during the year. For point esti-
mates that were not reported as a rate, we also extracted the
length of the rainy and dry seasons to allow us to calculate the
rate ratio, so that the pooled rate ratio would be unbiased by time.
We considered flood exposures when authors described flood-
related outbreaks of diarrhea, flooding frequency, or extremely
elevated river levels. Rainfall exposures encompassed studies
that measured cumulative rainfall over some period of time or
water level. Finally, author-described droughts were used to
define the drought exposure.

We included all associations published in articles and supple-
ments that met our inclusion criteria, regardless of whether that
association was identified as the final model. When the authors
reported heterogeneity of effects (for example, the effect of
extreme rain on diarrhea varied by season), we used the most
stratified estimate. Therefore, we report multiple associations per
study (range: 1–435 associations). For associations that could be
categorized in multiple climate exposure groups, we selected the
most extreme exposure. For example, a study that described an
extreme rainfall event that resulted in a flood would be catego-
rized as a flood because, due to duration and intensity, the result-
ing flood was likely to have a greater impact on health outcomes.
These studies were evaluated on a case-by-case basis. Complete
results from our extraction can be found in the Excel Table S1
(for all associations). Excel Tables S2–S5 show extraction results
for studies included in the meta-analysis for Extreme rain (Excel
Table S2), flood (Excel Table S3), season (Excel Table S4), and
rain (Excel Table S5), which includes some additional data for
each exposure that were not relevant to all exposure types (for
example, the cut point used to define extreme rain events was rel-
evant only for extreme rain exposures).

Lags
Studies reported multiple associations per study for many reasons,
including differences in exposure category, location, and pathogen.
In addition, roughly a third of the 539 exposure–outcome group-
ings (181 groupings) differed only in the lag considered. No asso-
ciations that were focused on season reported any lag, so all 181
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lagged exposure–outcome pairs were for extreme rain, flood, or
rain. Because we did not know a priori which lags were most rele-
vant for each exposure or location and did not wish to bias our
results by picking associations based on their significance and
effect size, we retained information from all available lags, explor-
ing the relevance of the lag between exposure and outcome as a
separate analysis. We accounted for nonindependence associated
with having multiple lags within the same model (described below
in the meta-analysis section).

Confounding
Although we were unable to adjust published estimates for addi-
tional variables beyond those provided in the text of each article,
we extracted a list of all variables that were controlled for in the
statistical model for each association included in our review.
Authors controlled for a variety of variables, but we expected
that temperature would be the most likely variable to bias the
overall results. As a sensitivity analysis, we re-ran the main effect
models, comparing results from studies that adjusted for tempera-
ture with those that did not.

Effect Modifiers

We specified the following effect modifiers a priori as potential
sources of heterogeneity: study design, range of lags considered,
frequency of measurements, climate zone, study location, urban
vs. rural location, primary water source, community vs. hospital
based, identified pathogens, and included age groups. These vari-
ables were used to identify sources of variation in the published
estimates and to provide a statistical test for possible reasons why
the relationship between rain and diarrhea might be context spe-
cific. When possible, we selected estimates that were stratified by
the prespecified effect modifiers. Because the threshold used to
define extreme rain events varied across studies, we also tested to
see whether varying the threshold value used to define the cut
point affected the strength of the rain–diarrhea association.

For extreme rain, we also extracted whether or not a given
extreme rain association stratified by prior rainfall conditions.
The definition of prior rain conditions was based on how the
authors described their study context. A total of four extreme rain
articles stratified their extreme rain associations by prior rain con-
ditions: Carlton et al. 2014, Chhetri et al. 2017, Bush et al. 2014,
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Figure 1. PRISMA Diagram of study search and analysis. In the diagram, “n” is the number of studies and “a” is the number of associations. Some studies
measured multiple climate variables such that the number of studies listed for each exposure category may not add up to the total number of studies included
in the qualitative and quantitative synthesis. All eligible studies were included in the qualitative (descriptive) synthesis, but only associations deemed compara-
ble for the meta-analysis (regression analysis) were included in the quantitative synthesis. Figure design based on Moher et al. 2009.
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and Mertens et al. 2019. Of these four studies, Carlton et al.
defined prior rain conditions based on average rainfall in the prior
8-wk period, which was then converted into tertiles (2013).
Chhetri et al. defined prior rain conditions based on whether there
were 30 or more dry days in the prior 2-month period. For this ar-
ticle, extreme rain events occurring after a period with less than
30 d of rainfall was coded as following “moderate” rain because
of the lack of data on the amount of rainfall characterizing such a
period. Bush et al. defined prior rain conditions based on the sea-
son in which the extreme rainfall occurred: premonsoon
(assumed to be a dry period), early monsoon (assumed to be a
moderate period), and late monsoon (assumed to be a wet pe-
riod). Mertens et al. defined prior rain based on rain occurring
over the prior 60 d, which was converted into tertiles.

We extracted study design features, such as overall frequency
of data collection and range of lags used, as potentially relevant
effect modifiers because of the short time scale over which rainfall
runoff processes operate. We hypothesized that studies with lower
frequencies of data collection would be more likely to obtain null
results, whereas studies with daily or weekly measurement lags
would report a positive effect more consistently. Climate zones and
seasons were extracted because the concentration–dilution hypoth-
esis would predict that rainfall is most likely to be a risk when it ei-
ther follows a drier season or occurs in an arid climate, where
rainfall is low more of the time, allowing pathogens to accumulate
in the environment. The climate zone of each study location was
coded using the Köppen–Geiger classification method (Kottek
et al. 2006). The climate zone was assigned using the centroid of
the location described in the text, or specific latitude/longitude
coordinates if provided. Because relatively few studies were pres-
ent for each climate zone, we aggregate zones into two groups: cli-
mates with seasonally consistent precipitation (Af: equatorial
rainforest; Cf: warm temperate climate, fully humid; or Df: snow
climate, fully humid) vs. seasonally varying precipitation (all other
climate zones) prior to analysis.

Rural vs. urban and water source locations were extracted
because these locations might generate different associations
between rainfall and diarrhea and might represent different risk
factors. For example, rural locations are less likely to have access
to improved sanitation or improved water sources and likely have
fewer impervious surfaces, so they might be more vulnerable to
concentration–dilution processes at the start of rainy season due to
pathogen flushing. It follows that we would expect the effect of
rain on diarrhea to be stronger in locations with unimproved sanita-
tion or water; however, it is possible that flood or extreme rain can
affect risk regardless by overwhelming the infrastructure. For
example, additional water from both extreme rain and flood may
overpower combined sewer systems, designed to collect rainwater
runoff and wastewater, causing backups in the environment and
spreading of potential pathogens (Hata et al. 2014). Because urban
areas are more likely to have access to piped water, their water-
borne diarrhea risk might be higher after combined sewer overflow
events that generally occur later in rainy seasons. Urban areas may
also have higher levels of baseline risk from direct transmission
due to their higher population density and may have higher cover-
age of impervious surfaces that accelerate runoff.

We also extracted theWorld Bank Human Development Index
for each location (World Bank 2020), because the level of socioe-
conomic development might influence population vulnerability to
rainfall events. Pathogen taxa were extracted because previous
studies have shown that rain may be a risk factor for bacterial diar-
rhea but have not yet demonstrated this association for viral or pro-
tozoan diarrhea (Levy et al. 2016; Mertens et al. 2019). Finally,
age was extracted because children are at a higher risk of diarrheal
disease than adults are (UNICEF 2009), may interact with their

environment in different ways than adults do (Medgyesi et al.
2018), and are more susceptible to different types of pathogens
than adults are (Walker et al. 2010; Kotloff et al. 2013). We also
extracted hospital vs. community-based studies as a possible indi-
cation of disease severity, but there was little variation within each
exposure group (i.e., themajority of studies that measured seasonal
exposures were conducted in hospital-based settings).

Quality Assessment
We adapted the Grading of Recommendations Assessment,
Development, and Evaluation (GRADE) scale to our specific ex-
posure variables to assess the quality of the studies that met our
inclusion criteria (Atkins et al. 2004). Our quality scale was
adapted from a previous review on a similar topic, and points were
awarded based on the following categories: hypothesis, length of
data collection, multiple estimates and risk of bias, exposure data
source, exposure definitions, exposure-specific model criteria, out-
come data source, and model stratification (Carlton et al. 2016).
We graded study outcomes for their quality using a point system
based on a set of eight criteria, detailed in Table S1. GRADE scores
were applied to every relevant outcome reported by a study and
scores ranged from 0 to 9 points, with higher scores indicating
higher quality. GRADE Scores were assigned for each association
that was extracted (including those associations that were only
included in the qualitative synthesis). The GRADE score for each
association is shown in Excel Table S1, along with the subscore for
each category.

A.N.M.K. and O.M. completed data extraction and quality
rankings. Disagreements were discussed until a consensus was
reached. J.N.S.E. provided a third evaluation as needed.

Qualitative Analysis
When possible, we assessed the direction of the association
between each climate exposure and diarrhea. We described asso-
ciations that overlapped the null as ‘neutral.’ We also included in
our classification studies that reported an association as ‘signifi-
cant’ and described the direction of the association but did not
provide a point estimate. We compared the qualitative findings
from our review with those from a prior review that investigated
the impact of flood and extreme rain on diarrhea (Levy et al.
2016). Additionally, we summarized the mechanisms authors
described as possible reasons for their findings. We pre-specified
four categories of explanations that were directly related to the
concentration-dilution hypothesis (concentration, dilution, con-
centration and dilution, or other). Among the other mechanisms,
we developed other categories of mechanisms based on the gen-
eral themes described in the studies. We examined these descrip-
tions at both the association and study level.

Quantitative Analysis and Meta-Analysis
The two criteria needed to be included in the meta-analysis were
that a) the association of interest approximated the rate ratio; and
b) either the standard error (SE) or information needed to calcu-
late the variance was available. For rainfall exposures, only asso-
ciations using continuous rain as the exposure were included, as
there were too few associations with other exposure definitions to
conduct a meta-analysis.

When possible, we converted all measures of association to
the rate scale, using the rate ratio as the effect measure of interest.
Where data were presented on the risk scale but counts and rela-
tive follow-up time were available, we used these data to calcu-
late the rate ratio. We also included associations on the risk or
odds scale that would be expected to approximate the rate ratio.
Briefly, associations would be expected to approximate rate if
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either: a) the disease was rare in all exposure groups (such that
this risk and rate are comparable for short follow-up durations);
b) data to calculate the risk ratio came from an evenly spaced
time series where the only assumption required for comparability
was a constant population size; or c) data came from a case–con-
trol study where some type of time-matching was used [so that
the odds ratio (OR) directly approximates the rate ratio], d) the
OR was reported, but the data did not come from a case–control
study and the outcome was rare (<10%) in all exposure groups.

Our meta-analysis included 1,209 associations, 315 unique
exposure–outcome groups (that either contained one association
or varied only by lag), and 60 studies. Because the log link was
used in our meta-analysis models, point estimates and variances
with a value of zero could not be included. To address this issue,
we added a small constant (1 × 10−5) to point estimates and var-
iance values that were reported as being exactly equal to zero.
This type of modification has been described previously (Berry
1987). All regression models were weighted by inverse variance.

Averaged Lag Models
For all averaged models, we took the average effect estimate (h)
and SE for associations that varied only by lag group, using the
geometric mean. These models therefore considered a total of
315 rows of pooled data. We then used meta-regression models
that weighted each estimate of effect by its inverse variance
(weighting by GRADE score was also considered as a sensitivity
analysis, described in more detail below). Residual variation
between studies was accounted for using random effects, with a
random intercept being included for each study. A sample model
equation for estimate in lag group j in study i is shown below.
Because the relationship between the outcome and its predictors
would only be expected to be linear on the log scale, we took the
log of each effect estimate prior to running the regression model.
To obtain the results without effect modification, the overall
intercept term (without other explanatory factors) was exponenti-
ated, producing the average rate ratio across all studies.

log ðhi,jÞ= b0 + bi:

The bi terms are random intercepts for study, which are
assumed to be uncorrelated with the residual errors. To obtain the
regression modeling results, other covariates were added to the
same regression model. The model was coded such that the group
of interest was set as the reference, and the rate ratio for each
group was then derived by exponentiating the overall intercept
term. For example, to assess the effect of prior rain conditions,
the following model was used:

log ðhi,jÞ= b0 + b1PriorModeratej + b2PriorWetj + bi:

The global test of moderators provided the p-value for the sig-
nificance of the interaction. In the equation above, the exponenti-
ated b0 provided the estimate for extreme rain events following
dry periods, and the model was re-run with changing the refer-
ence group to obtain overall effect estimates for extreme rain fol-
lowing a wet period and following a moderate period.

We used these averaged regressionmodels to evaluate the asso-
ciation between the four climate exposures of interest (rainfall,
extreme rain, flooding, rainy season) and diarrhea. To account for
the fact that in some casesmultiple associationswere extracted that
only varied by lag, we calculated the average effect size and corre-
sponding variances (using the geometric mean) and used the aver-
age effect size and variance in our random effects models,
including a random effect for study. We used the R package

metafor, version 2.4-0 (R Development Core Team, version 4.0.2)
and specified a compound symmetry covariance structure.

To identify how the relationship between the four climate
exposures of interest and diarrhea varied, we added prespecified
effect modifiers (tested independently, one at a time) to the
regression model and estimated the effect estimate for each
group. In many cases we were limited by both the small number
of relevant studies and the precision of those studies when for-
mally testing for effect modification. For this reason, we describe
results both for statistically significant effect modification and for
those with strong effect sizes where the overall p-value for statis-
tical interaction was marginal. We did not do formal tests for
effect modification in cases where there were fewer than three
association groupings for a given exposure category.

As a sensitivity analysis, we also re-ran all final models (both
main effects and effect modifiers) using a) clustered SE models;
and b) fixed-effects models (described below).

Clustered SEModels
As a sensitivity analysis to account for variability in associations
by lag while also capturing the dependent structure, we also ran
regression models including all associations, including those that
varied only by lag, but added a second random effect for lagged
group, thereby accounting for the two-level correlation structure.
The overall rate ratio was estimated for each exposure using the
averaging method including random effects for study but without
any covariates (total of four models). We also checked for com-
monalities across studies in terms of the most relevant lag for
each exposure by estimating pooled associations at the lag level.

For clustered SE models, we included all 1,209 associations.
As with the averaged models, each estimate was weighted by its
inverse variance. We then used random effects models with ran-
dom intercepts for both study i and lag group group j to assess
the relationship between the outcome (using the outer|inner cod-
ing method in metafor with a compound symmetry structure). A
sample model equation for estimate in lag group j in study i is
shown below.

log ðhi,j,kÞ= b0 + bi + bij:

Fixed Effects Models
Fixed effects models included all lag groups (averaging associa-
tions across lags before analysis, for 315 data rows). However,
unlike the average effect models, no random effects were included.

Results
A total of 111 studies and 1,963 associations were included in
our qualitative synthesis. The majority of studies’ exposures were
categorized as rainfall (n=51), followed by season (n=37),
flooding (n=26), and heavy rain (n=19). We identified only one
study describing drought, so we did not consider this exposure
any further. For all four remaining climate exposures, authors of-
ten reported multiple associations per exposure category and the
majority of associations reported were neutral, even among stud-
ies that also reported positive or inverse associations (Table 1).
Overall, 32.4% of articles (36/111) had only one estimate. The
remaining 75 articles reported more than one association. No
“season” associations considered a lag, but 36 articles considered
different lags between exposure and outcome, which is 40% of
flood, extreme rain, and rain articles (36/90). For all four expo-
sures combined, 21.6% (24/111) of articles assessed associations
for more than one geographic location, 20.7% (23/111) provided
data for more than one outcome/pathogen, 18% (20/111)
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provided data for more than one exposure category (i.e., both sea-
son and extreme rain), and 13.5% (15/111) of articles provided
information for more than one way of operationalizing the expo-
sure (i.e., using the 95th and the 99th percentile to define extreme
rain events within the same study). Smaller percentages of studies
assessed population prior climate conditions (9.0%, 10/111), age
(6.3%, 7/111), or water source (2.7%, 3/111). Some authors pre-
sented associations stratified by multiple variables (e.g., lags and
geographic location); hence percentages do not sum to 100% (see
Excel Table S6 for more details about the different variables
defining unique association groups for each article). Studies are
located in countries representing a range of development condi-
tions and most continents, except Antarctica (Figure 2).
However, most studies were conducted in temperate or tropical

climates and relatively few studies were from climate zones
where precipitation commonly falls in the form of snow.

In general, studies varied widely in both the frequency of data
collection and the overall length of the time series considered
(Table S2). Studies describing extreme rain exposures at different
lags predominantly used daily data (85.3%), whereas studies for
flood and rain used more variable temporal units. For flood, 57%
used daily data, 20% used weekly data, and 23% used monthly
data. For rain, 53% used monthly data, 33% used weekly data,
5% used daily data, and 9% used some other temporal summary
method. The length of time series used for each study varied
widely, but the majority of studies had long time series. The aver-
age time-series length was 6 y for extreme rain, 9 y for rain, 5 y
for flood, and 5 y for season. See Table S2 for more details.

Table 1. Direction of associations across articles (overall section) and for individual articles.

Extreme rain Flood Rain Season

Overalla

Inverse associations 3.2% (24/739) 4.3% (32/752) 11.7% (39/333) 32.3% (21/65)
Neutral associations 69.3% (512/739) 79.7% (599/752) 66.7% (222/333) 36.9% (24/65)
Positive associations 27.5% (203/739) 16.1% (121/752) 21.6% (72/333) 30.8% (20/65)
Articles with positive associationsb

For articles with multiple associations 91.7% (11/12) 82.4% (14/17) 61.8% (21/34) 56.3% (9/16)
Articles with single associations 50% (2/4) 75% (3/4) 50% (7/14) 66.7% (6/9)
Articles with positive associations

(combining articles with single and multiple estimates)b

Current literature review 81% (13/16) 81% (17/21) 58% (28/48) 60% (15/25)
Articles with positive associations in Levy et al. 2016 71% (10/14) 76% (19/25) — —

Note: —, no data.
aAt the association level (combining across different articles).
bAt the article and exposure level. This section combines associations across different lag groups for the same exposure within the same article. For example, an article that reported
different extreme rain associations at different lags and for different prior rain conditions would be combined in the extreme rain column.

Figure 2. Map of associations and studies included in the qualitative synthesis for (A) extreme rain, (B) flood, (C) rain, and (D) season. Each point corresponds
to a study. The one study and association with the climatic exposure of drought was located in Tuvalu and is excluded from the map.
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Of the 111 studies that met our inclusion criteria, 51 articles
were excluded from the quantitative synthesis (Figure 1) but
were included in the qualitative summary. The main reason for
exclusion from the quantitative analysis was lacking information
on variance, which was needed for weighting. Several studies
reported associations that could not be approximated to a rate ra-
tio due to noncomparable sampling methods and reporting of risk
for diseases that were not rare. For flood, extreme rain, and sea-
son, too few studies reported data on the linear scale to analyze
these associations separately. Thus, only studies reporting esti-
mates on the logarithmic scale were included in the quantitative
analysis. For the rainfall exposure, definitions were not compara-
ble for many studies, and ranged from average monthly precipita-
tion to total runoff. This meta-analysis focuses on studies that
measured continuous rainfall because it was the only category
with a sufficient number of associations. Of the continuous rain-
fall exposures, we selected only associations that could approxi-
mate rate.

A qualitative summary of our findings and how they relate to
our original hypothesis can be found in Table 2. An overall sum-
mary of point estimates from all studies from our extraction and
from those considered previously by Levy et al. (2016) is in
Table 1. Most articles reported at least one positive association
for both extreme rain (81%) and flood (81%), similar to what
Levy et al. found previously. For rain and season, the literature
was less consistent, with 58% of rain articles presenting at least
one positive association and 60% of season articles.

When evaluating author-hypothesized mechanisms, we found
that the majority of studies described some “other” mechanism
not directly related to concentration–dilution processes (Table 3).
Among the “other” explanations identified across all studies
(including those that indicated that concentration–dilution proc-
esses might also be a driver), most common explanations
included direct exposure to contaminated water; statistical or
methods issues; inadequate water, sanitation, and hygiene
(WASH) infrastructure/practices; and treatment failure. Many
authors also described contamination of drinking water after rain-
fall due to inadequate sanitation, which provided a mechanism
for contamination of drinking water apart from runoff processes.
A “concentration” process was the second most common expla-
nation provided by authors. Very few authors indicated that dilu-
tion might play a role in decreasing diarrhea. In addition, many
authors did not provide any explanation for their findings (more
than 22% of all studies, 25/111).

Extreme Rain
We included 364 estimates from 13 studies in our quantitative
synthesis of the effect of extreme rain on diarrhea. Studies meas-
uring extreme rain tended to have high GRADE scores [mean:
7.70, standard deviation (SD): 0.74]. Without considering effect
modification by the prior level of rain, pooled estimates suggest
no statistically significant association between extreme rain and
diarrhea (Table 4). However, extreme rain was a risk when pre-
ceded by a dry period [incidence ratios ðIRRÞ=1:26, 95% CI:
1.05, 1.51] but not when following a moderately wet or wet pe-
riod. The point estimate tended to be lowest when extreme rain
followed a wet period, but this pattern was statistically significant
for only one study (Carlton et al. 2014). For extreme rain, the
strongest associations were between 0–2 wk after extreme rain
events. Within 0–1 wk and 1–2 wk post exposure, the point esti-
mates were similar, suggesting that daily data provided no addi-
tional information over a weekly analysis (Figure S1). Forest
plots of dry to moderate prior rain level and wet prior rain level
modifying the relationship between extreme rain and diarrhea
can be found in Figures S2–S3.

Additionally, the effect of extreme rain was stronger and stat-
istically significant among studies that defined extreme rain based
on a storm event compared with studies that used a percentile cut
point to define extreme rain events (IRR=2:51, 95% CI: 2.03,
3.10). Although the percentile cut points used to define extreme
rain events were locally specific, and the rainfall amount corre-
sponding to this cut point varied widely, the numeric value (mag-
nitude) of the cut point corresponding to the extreme rain event
definition did not modify the association between extreme rain
and diarrhea (p=0:76). The two studies defining extreme rain
events based on storm events did not provide a numeric rainfall
value for each storm (Mukhopadhyay et al. 2019; Kang et al.
2015). One of the articles using the 90th percentile also did not
provide the numerical value of rainfall corresponding to that
threshold (Wu et al. 2014). For the remaining articles, the numer-
ical rainfall value corresponding to each cut point was 16:82 mm
for the 80th percentile (range: 16.82–16.82), 13:2 mm for the
90th percentile (range: 8:40–56:0 mm), 17:9 mm for the 95th
percentile (range: 16:30–19:6 mm), and 35.6 for the 99th percen-
tile (range: 0:60–50:0 mm). Thus, the numerical depth of rainfall
corresponding to each cut point was similar on average, except
for studies using the 99th percentile. The effect of pathogen type
on the relationship between extreme rain and diarrhea could not
be assessed because only one study measured pathogen-specific
diarrhea; all other studies reported on all-cause diarrhea. Other
hypothesized effect modifiers did not appear to have meaningful
heterogeneity between subgroups. Because GRADE scores were
generally high for nearly all associations, results were similar
when analysis was restricted to the highest-quality studies (Excel
Table S2, Table S3, Table S4).

Season
We identified 62 associations from 24 articles in our meta-analysis
for season exposures. Studies that measured season exposures
tended to have lower and more variable GRADE scores (mean:
4.58, SD: 0.967; Excel Table S4). In general, the rate of diarrhea
was higher during rainier seasons, but the overall association was
not statistically significant (IRR for all pathogens= 1:46; 95% CI:
0.981, 2.17; Table 4). However, this association varied by patho-
gen, with both bacterial and parasitic diarrhea beingmore common
in rainy seasons (IRR for bacteria = 2:70; 95% CI: 1.60, 4.40; IRR
for parasite = 2:76; 95% CI: 1.32, 5.77; Table 3). Diarrhea caused
by viruses tended to have inverse associations, albeit nonsignifi-
cant (IRR=0:844; 95% CI: 0.530, 1.35). When viral diarrhea was
limited to studies of rotavirus, the association was strong and
inverse (IRR=0:461; 95% CI: 0.291, 0.729). The remaining two
viral diarrhea estimates were for norovirus and one (Becker-Dreps
2017) was strongly positive (IRR=2:94; 95% CI: 1.70, 5.10) and
the other (Hossain et al. 2019, Clinical Infectious diseases) was
strongly inverse (IRR=0:406; 95%CI: 0.228, 0.724). For parasitic
diarrhea, point estimates were strongest for diarrhea caused by
Cyclospora (Figure S4). Therewas no clear difference by pathogen
for bacterial diarrhea (Figure S4).

In addition, the rainy season peakwasmost striking and statisti-
cally significant in rural areas (IRR=1:55; 95%CI: 1.02, 2.36) and
in low-income countries (IRR=1:81; 95% CI: 1.15, 2.85). Studies
of upper- and upper middle-income countries had the strongest
point estimates but wider confidence intervals. Forest plots for all
three exposures can be found in Figures S4 (associations by patho-
gen), S5 (associations by urbanization level), and S6 (associations
by income level). When restricting to studies with higher GRADE
scores, our point estimate was more positive but remained statisti-
cally insignificant with wider confidence intervals (Table S3;
Table S4). Forest plots for all season associations in Table 4 are in
Figures S4–S6.
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We were unable to assess our hypothesis about the timing of
risk during the rainy season because too few studies were con-
ducted in arid regions (in which rainfall is different between the
rainy and dry seasons), giving our results low power. Additionally,
authors typically reported cases for each season in aggregate, mak-
ing it impossible to determine when during the rainy season the
highest risk of diarrhea was experienced. Articles that did provide
information about the timing of the seasonal peak in diarrhea
observed different peak timing: three articles reported an early
rainy season peak, and three articles reported a mid/late rainy sea-
son peak instead.

Flooding
Our search resulted in 699 associations from 14 articles that
assessed the relationship between floods and diarrhea. These stud-
ies had high GRADE quality scores (average: 7.71, SD: 0.69;
Excel Table S3). For flooding, one association had an extremely
large point estimate and variance score (IRR=214, SE=12:2),
suggestive of data sparsity (the flood association from Saulnier
et al. 2018 for Chhouk district at 1-month lag). We therefore did
not include this estimate in our analysis. Although the overall effect
of flood on diarrhea was not statistically significant, our point esti-
mate was relatively strong (IRR=1:56; 95% CI: 0.913, 2.67)
(Table 4). When associations with a GRADE score of less than 7
were excluded, the association was attenuated and remained non-
significant (IRR=1:22; 95% CI: 0.979, 1.51; Tables S3 and S4).
However, the association was positive and statistically significant
among articles that adjusted for temperature (IRR=1:23; 95% CI:
1.04, 1.47; Table S5). The relationship between flooding and diar-
rhea risk appeared to vary by pathogen, with patterns similar to
those seen for season (Table 4; Figure S7). However, the associa-
tion between flood and season was not statistically significant for
any pathogen (Table 4). The association was strongest between 4 d
and 1 wk after flooding event and then decayed through the second
week after flooding. There was a second increase in the association
between flooding and diarrhea incidence about 4 wk after flooding
(Figure S8). We were unable to test the effect of flood duration on
diarrhea because authors did not report the length of floods.

Rainfall
We included 84 associations from 15 articles to evaluate the
relationship between rainfall and diarrhea. Studies that assessed
rainfall exposures had medium quality GRADE scores and
larger standard deviations relative to other exposures (mean:
6.49, SD: 1.28; Excel Table S5). Rainfall had no linear associa-
tion with diarrhea incidence and did not appear to vary by any
of the effect modifiers considered: IRR=0:998 (95% CI: 0.967,
1.03) (Table 4; Figure S9). However, five articles reported non-
linear associations. Three of these articles reported a U-shaped
association between rain and diarrhea, with higher incidence at
both low and high levels of rainfall (Fang et al. 2019; Dunn and
Johnson 2018; Ikeda et al. 2019). One study reported highest di-
arrhea risk at moderate rainfall (Chowdhury et al. 2018), and
another study found excess risk at the highest rainfall levels
(Uejio et al. 2014). There was also a wide range of definitions
used for the rainfall exposure, including average monthly rain-
fall, average daily rainfall, monthly total rainfall, monthly total
precipitation, cumulative weekly rain, average rain over the
prior 7 d, and average rain over the prior 15 d. Because few
studies were conducted in arid climates, we were not able to
assess whether the impact of rainfall varied for arid compared
with nonarid regions.

Table 3. Author hypothesized mechanism for study results for associations
and studies.

Mechanism
Associations %(a)

(a=1,988)
Studies %(n)
(n=111)

Concentration 50.4% (1,001) 34.2% (38)
Dilution 0.1% (10) 3.6% (4)
Concentration and dilution 2.5% (49) 3.6% (4)
Other 53.4% (1,062) 81.1% (90)
Not explained 14.7% (292) 22.5% (25)

Note: Authors often had more than one explanation for their findings; when this
occurred, each concentration or dilution explanation was taken as affirmative if it was
among the mechanisms described for that association/study. Those articles that indicated
an explanation other than a concentration–dilution mechanism were marked as “other.”
These other explanations included direct exposure to contaminated water, statistical/
methods issues, inadequate water, sanitation, and hygiene infrastructure/practices, and
treatment failure, among others.

Table 4. Pooled estimates and effect modifiers for the association between
climate exposures and diarrhea.

Climate exposure Effect modifier category IRR (95% CI)

Extreme rain
(vs. normal conditions)
(g=87, n=13)

— 1.16 (0.946, 1.42)

Extreme rain ×
prior rain levela

Dry (g=4, n=4) 1.26 (1.05, 1.51)
Moderate (g=4, n=4) 1.01 (0.860, 1.14)
Wet (g=3, n=3) 0.911 (0.771, 1.08)

Extreme rain ×
threshold type

80th percentile
(g=3, n=1)

1.36 (0.883, 2.09)

90th percentile
(g=47, n=8)

0.978 (0.887, 1.08)

95th percentile
(g=12, n=1)

0.972 (0.877, 1.08)

99th percentile
(g=14, n=2)

1.00 (0.895, 1.12)

Storm (g=9, n=2) 2.51 (2.03, 3.10)
Season (rainy vs. dry)

(g=62, n=24)
— 1.46 (0.981, 2.17)

Season× pathogen type
All-cause diarrhea

(g=31, n=11)
1.11 (0.701, 1.76)

Bacteria (g=15, n=4) 2.70 (1.64, 4.45)
Parasite (g=8, n=7) 2.76 (1.32, 5.77)
Virus (g=8, n=8)b 0.844 (0.530, 1.35)

Season× urbanicity
Rural (g=17, n=8) 1.55 (1.02, 2.36)
Urban (g=40, n=18) 1.46 (0.964, 2.22)
Mixed (g=5, n=2) 1.36 (0.889, 2.08)

Season× income level Income level
Upper/upper-middle

income (g=6, n=5)
2.32 (0.955, 5.62)

Lower-middle income
(g=45, n=15)

1.19 (0.759, 1.86)

Low income (g=11, n=5) 1.81 (1.15, 2.85)
Flood (yes/no)

(g=125, n=14)
1.56 (0.913, 2.67)

Flood× pathogen type
All-cause (g=90, n=9) 1.64 (0.928, 2.88)
Bacteria (g=21, n=6) 1.57 (0.893, 2.78)
Protozoa (g=5, n=2) 1.29 (0.699, 2.37)
Virus (g=8, n=1) 1.05 (0.572, 1.91)

Rain (g=41, n=15) 0.998 (0.967, 1.03)

Note: –, indicates that this row corresponds to the pooled IRR without stratifying by an
effect modifiers; CI, confidence interval; g, a unique exposure outcome grouping, with
the associations contributing to the average varying only by lag; IRR, incidence rate ra-
tio; n, number of studies.
aInformation on prior rain conditions was only available for four studies. All other cova-
riates were available from all studies.
bAll associations were inverse except for one norovirus diarrhea. There was another nor-
ovirus diarrhea association that was inverse. The remaining associations, all for rotavi-
rus, were inverse and significant.
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Comparison with Fixed-Effects and Clustered Random-
Effects Models
We re-ran all models in Table 4 using clustered SEs and fixed-
effects models (see Tables S6 and S7). In general, the clustered
SEs models were extremely similar to the averaged models.
Although the confidence intervals for the fixed-effects model
analysis were narrower, the results were broadly consistent
between the two methods. The biggest difference was for flood,
where overall point estimates became attenuated towards the null
using the fixed-effects models, but the point estimate between
flooding and bacterial diarrhea became statistically significant.

Comparison with Articles with High GRADE Scores
When aggregating to unique association groupings (i.e., averaged
across lags), we also averaged the GRADE score for all associations
included in that grouping. As a sensitivity analysis, we ran regres-
sion models restricted to association groupings with the highest av-
erage GRADE scores (using the top quartile of scores) for each
exposure and the results were similar (see Tables S3 and S4).

Confounding by Temperature
As a sensitivity analysis we re-ran themain effects models compar-
ing results adjusting for temperature with those that did not.
Overall, 33 of the 60 articles included in the quantitative synthesis
considered confounding by temperature. Whether and how each
association in our literature review adjusted for temperature is
detailed in Excel Tables S1–S5, and themethod of adjustment used
for each article are shown in Table S8. All articles that considered
potential confounding by temperature directly adjusted their
regression models for temperature. Most articles used an average
temperature variable (21 studies). Other temperature variables con-
sidered were apparent temperature instead, which combines infor-
mation on both temperature and humidity (two studies), maximum
temperature (two studies), both average temperature and maxi-
mum temperature (one study), minimum and maximum weekly
temperature (one study), monthly average of the maximum and
minimum temperature(1 study), a categorical variable for above or
below the monthly average (one study), maximum monthly tem-
perature (one study), land surface temperature (one study), anoma-
lous temperature, number of hot days and average temperature
(one study), and a cubic spline for temperature (one study).

None of the seasonal associations included in our meta-
analysis controlled for temperature (Excel Table S4). For rainfall,
results were similar for studies that controlled for temperature in
comparison with those that did not (Table S5). For extreme rain,
the point estimate was stronger for studies that did not control for
temperature, but the point estimate was not statistically significant
in either group (Table S5). When restricted to studies that adjusted
for temperature, floods had a positive and significant association
with diarrhea (see Table S5; IRR=1:23; 95%CI: 1.04, 1.47).

Impact of Climate Zone
We initially expected that climate zone would modify the associ-
ation between each exposure and diarrhea. There was only one
study for rain exposures conducted in a climate with seasonally
consistent precipitation, so we were not able to assess the impact
of rainfall climate on the relationship between rain and diarrhea.
For the other three climate exposures, there was no statistically
significant difference by climate zone (Table S9). The p-value
was marginal for season exposures, with studies in areas with
seasonally varying precipitation tending to have stronger point
estimates (p=0:06; Table S8).

Publication Bias
Figure S10 shows funnel plots for the review, which are com-
monly used to assess publication bias. Symmetry and location
with respect to the peak of the funnel are used to assess bias, with
asymmetry suggesting that associations of a particular direction
are more likely to be published. Studies with lower precision are
expected to have more variable point estimates, creating a funnel
shape (Sedgwick 2013). Overall, publication bias appeared to be
minimal for all four associations. For flooding, the majority of
associations were clustered around the peak of the funnel, and
associations with the largest SEs were all from the same study.
Most associations fell within the 95% confidence band. For season,
few studies fell within the 95% confidence interval and associa-
tions were spread out with varying IRRs and standard errors,
indicating low overall precision. Extreme rain associations pre-
dominantly fell within the 95% confidence interval but were
slightly asymmetric, with the distribution of overall associations
generally being slightly right tailed, and with associations with
stronger point estimates being more likely to be published relative
to the average. Flood, season, and rain funnel plots were generally
symmetric with overall effect lines nearing the value of one.

Discussion
Our systematic review and meta-analysis suggest that published
studies generally support the concentration mechanism hypothesis,
but there is less evidence for the dilution hypothesis. In particular,
we found that prior rain modified the effect of extreme rain on diar-
rhea directly (Table 4). In locations that were previously dry or had
moderate rain, extreme rain was associated with increased rates of
diarrhea (concentration). We also found partial support for our
flooding hypothesis, that flooding may provide an overall increased
risk of diarrhea by overwhelming infrastructure. Diarrhea was more
common in rainy seasons, particularly for bacterial and parasitic di-
arrhea. For rotavirus, this association was reversed, with increased
incidence in dry seasons. A sudden increase in rain, following a
prior dry season, mayflush the pathogens into the environment, sup-
porting a concentration mechanism. The association between rain-
fall and diarrhea appeared to be nonlinear, with higher risk at both
low and high levels of rainfall.

Our study complements the prior review by Levy et al. (2009)
by considering effect modification by other relevant covariates.
Although we were not able to include all articles previously
included in Levy et al. due to differences in inclusion criteria, our
findings are broadly consistent and add to the growing body of
work connecting rainfall and diarrhea.

Although our quantitative analysis provided supporting evi-
dence, few authors considered concentration–dilution processes
as hypothesized mechanisms for their results (Table 3). Among
all studies combined, concentration was the most common expla-
nation for study results by authors (34% of studies). Dilution was
mentioned by only a very small number of studies (4%).
Inadequate WASH infrastructure in general and sanitation in par-
ticular, along with direct exposure to contaminated water, were
also common explanations for findings. These different explana-
tions may all play a role in determining the complex relationship
between rain and diarrhea disease. Climatic factors, such as those
that relate to the concentration-dilution hypothesis, are more dis-
tal risk factors, whereas direct exposure to contaminated water
and inadequate infrastructure are more proximal risk factors.
Many authors did not articulate an explanation for their findings
(22%), suggesting that follow-up research is needed to understand
these associations.

When using season as an exposure, disease rates also tended
to be higher in the rainy season. During the rainy season, there is
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likely more standing water susceptible to contamination. The rea-
son that this risk was restricted to studies examining bacterial and
parasitic diarrhea is uncertain. The difference might occur
because bacterial diarrhea is predominantly transmitted through
contaminated water, whereas rotavirus (the most common viral
pathogen in our literature review) can also be transmitted through
direct contact or fomites, which may be less affected by rainfall.
Moreover, this finding is consistent with prior literature (Levy
et al. 2016). This result may have been driven by temperature
variations by season, but we were unable to control for tempera-
ture due to the nature of the meta-analysis (i.e., summarizing
effects across studies reporting on the exposure of interest as
rainy vs. dry season). Nevertheless, this result suggests that
concentration-dilution processes might be especially relevant in
locations where bacterial and parasitic diarrhea predominates.
We were also not able to formally assess how this association
varied within a season, which could help provide further insight
into how pathogens become concentrated during the season. A
peak of diarrhea early in the rainy season might suggest initial
flushing of pathogens following a previously dry period, whereas
a peak later in the season might suggest that the local infrastruc-
ture was overwhelmed by persistent rainfall. Follow-up studies
that provide more detailed information about the timing of excess
risk within a season, controlling for temperature, are needed to
help address this gap. However, the generally positive associa-
tions between both extreme rain following dry periods and flood-
ing with diarrhea suggest that concentration processes do
commonly occur during rainier seasons.

Additional sources of heterogeneity may be related to how
studies define climate exposure variables. Extreme rain exposures
variedwidely in terms of the threshold overwhich rainwas deemed
to be an extreme exposure, with the most extreme “storm”-based
threshold having the strongest associations with risk of diarrhea.
For rain exposures, we found high heterogeneity in how studies
defined the exposure, which made synthesizing findings across
studies difficult. For example, rainfall has been defined as average
monthly rainfall, average yearly rainfall, total monthly rainfall,
and maximum water level, among others. Results from different
studies were therefore not always comparable.

The fact that authors tended to control for different variables
in their analyses is also a source of uncertainty. Although we
could not adjust published estimates for potential confounders
without access to the raw data, the fact that studies that adjusted
for temperature had similar point estimates to those that did not
suggests that the main effects were not biased by this covariate.
However, it is possible that simple adjustment for temperature is
not the best approach in locations where temperature and rainfall
are highly colinear. In such contexts, alternative methods, assess-
ment of joint effects of changing temperature and rainfall might
be a better approach (Ureña-Castro et al. 2019).

Although this review specifically explored the concentration-
dilution hypothesis as it relates to flushing of pathogens, these asso-
ciations might also be explained by immunity resulting from other
sources of diarrhea seasonality. Because most diarrheal infections
are incompletely immunizing, concentration of risk at the start of
the rainy season might also result from waning of seasonally
acquired immunity from the prior diarrhea season, with reduced risk
later in the season resulting from increased exposure. It is likely that
these empirical associations are the results of multiple processes, of
which rainfall-related pathogen concentration is one.

Additionally, the concentration-dilution hypothesis may oper-
ate differently in different climates zones. Although climate zone
was not a statistically significant effect modifier for any of the
exposures considered, it is possible that there was some misclassi-
fication of climate exposure for associations covering geographic

areas, where more than one climate zone might be represented.
Such misclassification may have left us unable to detect significant
differences by zone due to those analyses being underpowered.
Although we included all articles returned by our literature search,
few studies were available for northern climates, where precipita-
tion less commonly falls as rain and more commonly falls as
snow. In such locations, vulnerability of pathogen flushing may be
related to seasonal shifts in temperature, with increased risk fol-
lowing spring snowmelt, as others have suggested (Harper et al.
2011). Similar patterns might also be observed in locations at high
altitude, where snow is more likely.

The relationship between rainfall and diarrhea outcomes has
important implications for public health interventions and popu-
lation vulnerability. Areas that have high levels of bacterial and
parasitic diarrhea may want to consider more seasonally specific
health preparations than areas where other types of pathogen spe-
cific diarrhea predominate. For example, stockpiling cholera vac-
cines prior to the start of the rainy season, when cholera
outbreaks are more common, may enable rapid response in the
event of an outbreak (Poncin et al. 2018). If vaccines for other
pathogens are developed, similar timing considerations could be
useful to minimize disease risk. Additionally, public health prac-
titioners might predict a spike in diarrhea cases directly after
extreme rain events, particularly when those events occur after a
dry period. In such situations, public health officials might pre-
pare for higher demands for oral rehydration solutions or antibiot-
ics to treat patients effectively. As a preemptive measure, officials
could conduct targeted campaigns prior to the start of the rainy
season to empty or switch pits for pit latrines and to also distrib-
ute soap and chlorine to improve access to WASH at the time
when and where burden is likely to be the greatest, particularly in
rural regions. Although point estimates for overall diarrhea sea-
sonality are similar for high-income and low-income settings, the
absolute burden of diarrhea is generally far higher in low-income
settings, so the absolute difference in risk between rainy and dry
seasons is likely to be especially pronounced. Given that low-
income settings typically have lower access to safe WASH, pri-
oritizing rural regions in low-income settings for interventions
targeted at improving baseline WASH infrastructure is important
to reduce risk. Using associations between climate exposures and
health outcomes, public health practitioners can time interven-
tions, prioritize areas at greatest need, and forecast demand for
health services for future changing climates.

Combining information about these general patterns in risk
with local understanding about vulnerability to rainfall flushing
could provide more certain predictions. For example, less rainfall
may be needed to flush pathogens into a local water supply for a
city reliant on untreated surface water. In contrast, a rural or peri-
urban location also reliant on untreated surface water for drinking
water, but with relatively little impervious surfaces, may not face
the same risk because the local environment provides a physical
mechanism for absorbing pathogens transported by excess water.
Although we found that the rainy season pattern of diarrheal dis-
eases was not statistically significant for urban areas, the point
estimate was strong, suggesting that other factors, such as local
infrastructure, may determine whether or not rainfall increases
incidence of diarrhea disease. The threshold for water needed to
flush pathogens may also depend on the adaptive capacity of the
region, which is likely to be shaped at least in part by typical re-
gional rainfall patterns. This tendency may explain why the cate-
gorization of extreme or anomalous rain events for a given
location had a stronger apparent effect on diarrhea risk than the
magnitude of the rainfall associated with those same events.

The quality of our review is largely dependent on the quality
of studies included, which appears to be related to the type of
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climate exposure examined. Extreme rain exposures had the
highest GRADE scores, followed by flood and rain exposures
with medium-quality scores. Season exposures had the lowest-
quality scores. The most common methodological problems
across all four study categories that led to a reduction in GRADE
score were a) the lack of a clear a priori hypothesis; and b) not
specifying a final model for the analysis. Both of these weak-
nesses reflect an underdevelopment of theory relating rainfall to
diarrhea. This lack of theory is also evident in the tendency for
many authors to fail to provide an explanation for their results.
For season, nearly all studies failed to clearly define and justify
the seasonal categories used, which in part reflects the complex
nature of seasonality and variation in the timing of seasonal rain
from year to year. More studies are needed that clearly tie the
timing of diarrhea to the onset vs. peak of seasonal rainfall.
Because changes in the seasonality and timing, not just intensity
and frequency, of rainfall are expected with climate change, stud-
ies evaluating the effects of seasonality exposures will be
important.

The lack of rainfall–diarrhea theory is somewhat understand-
able because rainfall may affect diarrhea disease risk through
multiple pathways, all of which have different lags. This finding
is consistent with findings that there were no consistent statistical
differences between lag duration and diarrhea; i.e., we did not
identify a statistically significant time lag at which the exposure
had a consistent relationship to the outcome. In many locations,
the timing of effect between exposure and disease may be the
result of many factors, including the pathogen incubation period,
the route of exposure, and the structure of the surveillance system
(Lo Iacono et al. 2017). For example, rainfall may increase expo-
sure to pathogens through mechanisms other than contaminated
drinking water. For all of these reasons, the time between expo-
sure and outcome may be context specific and depend on the pri-
mary mechanism of exposure in a particular region.

Future studies that combine environmental sampling data
with climate exposures and health outcomes would be useful in
helping to distinguish between competing hypotheses for these
associations. For example, a recent study that combined water
quality sampling, climate data, and environmental sampling
found evidence to support the concentration-dilution hypothesis
in an area dependent on groundwater, suggesting that the associa-
tions are likely mediated through pathways beyond contaminated
drinking water (Mertens et al. 2019), likely associated with sani-
tation. Such studies could also help clarify why diarrhea is more
common during rainy seasons and whether spikes in pathogen
concentration in water supplies tend to occur early or later during
rainier seasons. Additional studies that consider different types of
environmental sampling could provide data that would help clar-
ify the interpretation of these results.

The overlapping nature of rain-related exposures also adds
uncertainty to this review, particularly for comparing flood expo-
sures (which could potentially be classified as extreme rain or even
season in some cases). Logistically, there may not be clear distinc-
tions between events, and it is possible to have concurrent extreme
rain and flooding. In locations with seasonally varying precipita-
tion, flood exposures may be capturing overall seasonality because
flooding events may bemore likely to occur in the rainy season, the
coupling of which could result in dilution of pathogens. These
complex patterns of heterogeneity might explain why the overall
main effect of floodwas not statistically significant.

In many cases, selection of measurement scale among many
studies appeared to obscure potential causal effects, with several
studies reporting estimates on the risk scale. In particular, associa-
tions often changed significance and direction depending on
whether or not estimates weremeasured on the risk or the rate scale

(see Supplementary Excel Tables S1–S5). Focusing on the risk
scale can provide misleading results because positive associations
may be purely reflective of differences in follow-up time. For
example, if a similar number of cases occur during a rainy season
that is only 2 months long compared with a dry season that is 10
months long, the risk ratio would suggest a null association, even
though the rate ratio, which accounts for differences in observation
time between the two periods, would suggest a strong effect. For
this reason, we recommend that the risk scale not be used to
describe climatic effects, particularly when the outcome is not rare
or the duration of follow-up is highly variable between groups.

Understanding the public health implications of climate change
is an integral part of producing effective, regionally specific public
health policy. Progress in targeted public health policy develop-
ment and interventions requires a mechanistic understanding of the
relationship between climate and disease. Here we provide insights
into the context-specific relationships between rain and diarrhea
that help resolve the mixed results present in the literature. The
concentration-dilution hypothesis provides an important theoreti-
cal underpinning to guide further research on connections between
rainfall and waterborne disease. For example, authors should care-
fully consider how climatic variables are defined, include defini-
tions that support comparability across studies, and target
evaluation of a specificmechanism hypothesized to connect the ex-
posure and the outcome.

Studies investigating associations with rainfall more generally
should consider effect modification by prior rain level and the
shape of the association, to allow for assessment of nonlinear inter-
action effects. Using continuous rainfall as the exposure of interest
rather than categorizing rainfall a priori would help researchers to
better assess these nonlinear relationships. Comparisons of risk of
diarrhea in rainy and dry seasons should also clearly specify the
months that define each season and, if possible, note which time in
the rainy/dry season risk is highest. Studies of extreme rain should
also specify both the numerical threshold used to define extreme
events and the percentile, which would allow researchers to evalu-
ate whether it is the absolute depth of rainfall or its value relative to
typical patterns for the region that shapes risk. Consistently report-
ing whether or not an extreme rain event led to subsequent flooding
would also be useful. For flooding, clarifying the timing of the
flood relative to rainfall just prior to the flood event would also be
useful to determine whether the flood was more likely to concen-
trate or dilute pathogens. Making raw climate and incidence data
available, even in aggregate form to protect the privacy of individ-
uals, would also allow researchers to conduct follow-up analyses
more flexibly. Carefully considering potential confounding by
temperature and including information about how this problem
was handled would also be helpful. Such improvements in study
designs can improve our ability to predict how specific climate
exposures, and projected changes in those exposures, affect diar-
rhea, and in turn provide insight into public health intervention
design and implementation now and in the future.
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