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Abstract

Household surveys diagnose chronic disease from a single measurement of

each respondent, treating each reading as a measure of a chronic state. We

test whether they also measure the weather using 34,879 adults with a blood-

pressure reading and 33,179 with a fasting glucose result from three rounds of

the Bangladesh Demographic and Health Survey, merged with ERA5 tem-

perature at the date and hour of measurement. Identification comes from

day-to-day weather within a district and survey round, net of the district’s

seasonal pattern. A one-degree-Celsius rise in the daily maximum lowers

systolic blood pressure on the day it is read by 0.562 mmHg, and a rise

the day before an early-morning fasting test raises glucose by 1.028 mg/dL;

haemoglobin, measured in one round, falls 0.018 g/dL per degree, and 0.037

against the wet bulb. The response is to humid heat: with both maxima en-

tered together, the wet bulb keeps 1.208 mg/dL on glucose and -0.778 mmHg

on pressure, while the dry-bulb term falls by two-thirds to three-quarters.
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The imprecise fall in haemoglobin points to dilution, arguing against dehy-

dration as the source of the rise in glucose. The response moves the diagnosis:

measured diabetes rises 0.626 and measured hypertension falls 0.839 percent-

age points per degree, while reported past diagnoses do not respond. Warmer

2022 fieldwork accounts for about a third of the 7.80-point rise in measured

diabetes among adults aged 35 and over since 2017–18, a thermal component

of the same order as the changes surveys are used to detect.
Keywords: humid heat, wet-bulb temperature, biomarkers, blood pressure,

fasting glucose, chronic disease measurement
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1. Introduction

Household surveys are the main source of what is known about the non-

communicable disease burden of low- and middle-income countries, and they

diagnose that burden from a single measurement of each respondent: one

set of blood-pressure readings at a household visit and one fasting glucose5

test, drawn the next morning. The shares at or above 140/90 mmHg and

126 mg/dL become national prevalence rates, inputs to global burden esti-

mates (NCD Risk Factor Collaboration (NCD-RisC), 2016, 2017, 2021, 2024),

and the outcomes of a large literature on the care cascade in these countries

(Geldsetzer et al., 2019; Manne-Goehler et al., 2019). Each reading is treated10

as a measure of a chronic state. It is also a measure of a body on a partic-

ular day, and the body responds to heat within hours. This paper asks how
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strongly the biomarkers used to diagnose hypertension and diabetes respond

to the weather on the day they are measured, and how much of the change

in the recorded burden between survey rounds that response accounts for—15

which matters for how chronic disease is counted in hot, poor countries.

Bangladesh offers empirical leverage on the question. Three rounds of the

Bangladesh Demographic and Health Survey (BDHS) measured adults’ blood

pressure at the household visit and their fasting plasma glucose at a separate

early-morning visit, and one round measured haemoglobin in women aged 15–20

49 and children aged 6–59 months; every measurement carries its date and

clock hour. Fieldwork for each round ran for five to six months and moved

across the country on a cluster itinerary fixed before enumeration began, so

the same district in the same calendar month supplies measurement days

that differ by several degrees. Measured hypertension in these data runs25

between 16.6 and 23.6% across rounds and measured diabetes between 8.6

and 14.5%, so a response of a percentage point per degree is large relative to

the quantity the surveys exist to estimate.

We estimate the acute response on 34,879 adults with a valid blood-pressure

reading and 33,179 with a valid fasting glucose result from the 2011, 2017–30

18 and 2022 rounds, merged with inverse-distance-weighted daily-maximum

temperature from the ERA5 reanalysis of the European Centre for Medium-

Range Weather Forecasts. Blood pressure is matched to the day of the

household interview at which it was read. The glucose test is drawn early in
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the morning (median hour 7), before that day’s afternoon peak, so glucose is35

matched to the previous day’s maximum, and the heat that arrives after the

test serves as a falsification test. The baseline specification includes district

× round and district × calendar-month fixed effects, hour-of-test fixed effects

for glucose, rainfall on the exposure day and the day before, and controls for

age, age squared, sex, urban residence, education and wealth quintile. Identi-40

fication comes from day-to-day deviations in temperature within a district’s

fieldwork in a round, net of that district’s usual temperature in the calendar

month—heat that is unusual for that district at that time of year—which we

assume are orthogonal to respondents’ potential biomarker outcomes given

the fixed effects and controls. Standard errors are clustered at the district45

level (64 districts).

The acute physiological response. A one-degree rise in the daily maximum

lowers systolic blood pressure on the day it is read by 0.562 mmHg (standard

error, SE, 0.077) and diastolic pressure by 0.330 mmHg, and a one-degree

rise the day before the test raises fasting plasma glucose by 1.028 mg/dL (SE50

0.146), all significant at the 1% level. In 2011, the one round that measured

haemoglobin, it falls by 0.018 g/dL per degree of dry-bulb maximum (SE

0.018, p = 0.310) and by 0.037 per degree of wet-bulb maximum (SE 0.020,

p = 0.069). The glucose response accumulates over several days: entering

the exposure day and the three preceding days together gives a cumulative55

1.254 mg/dL per degree. Blood pressure loads mainly on the same day (-0.468
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of a four-day cumulative -0.632), although it also tracks the temperature of

the surrounding fortnight (Section 6.5). The fall in pressure is 2.4 times larger

among adults aged 50 and over (interaction -0.537 mmHg, SE 0.085, on a

base of -0.392 for younger adults), the group with the most cardiovascular60

risk, while the glucose response varies less with age (interaction 0.271, SE

0.141, p = 0.060).

Dilution rather than dehydration. The three biomarkers move as a single

physiological response would move them: plasma volume expands and pe-

ripheral vessels dilate, which lowers both blood pressure and the concentra-65

tion of haemoglobin, while thermal stress raises counter-regulatory hormones

and, with them, circulating glucose—during exertion in the heat through

greater hepatic glucose output (Hargreaves et al., 1996), although the ev-

idence at rest is thinner (Section 2.2). The haemoglobin result bears on

the obvious mechanical explanation for the rise in glucose, which is dehy-70

dration: if heat concentrated the blood, every analyte would rise together.

Haemoglobin falls in every cut, though imprecisely, so the evidence argues

against dehydration. It does not sign the remaining bias in the glucose es-

timate. Dilution would lower the glucose concentration of plasma, while

point-of-care analysers tend to read glucose high when haematocrit is low75

(Tang et al., 2000); both effects are small beside the estimated response,

since haemoglobin falls by a fraction of a per cent per degree.
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Humid heat rather than heat as such. Evaporation, the body’s main defence

against heat, works against the humidity of the air rather than its temper-

ature, and the wet-bulb temperature measures that margin. Entered alone,80

the wet-bulb maximum gives a larger coefficient than the dry-bulb maxi-

mum on every outcome. Entered together, which identifies the wet-bulb

coefficient from days equally hot and differently humid within the same dis-

trict and round, the wet bulb keeps 1.208 mg/dL on glucose (SE 0.188) and

-0.778 mmHg on systolic pressure (SE 0.131), while the dry-bulb term falls85

to 0.364 on glucose, still significant at the 5% level, and -0.146 on systolic

pressure; for the two diagnostic classifications the dry-bulb term (0.275 and

-0.226) is not significant at the 5% level (p = 0.065 and p = 0.267). For

haemoglobin the dry-bulb term disappears: with both entered, the wet bulb

carries -0.039 g/dL per degree (SE 0.020, p = 0.060) and the dry bulb 0.003.90

The reading moves the diagnosis. Because chronic disease is diagnosed from

a single reading, the physiology moves the classification. Measured diabetes

prevalence rises 0.626 percentage points per degree (SE 0.143) and measured

hypertension falls 0.839 (SE 0.145). Across the glucose distribution the re-

sponse has the shape a uniform shift of every reading would produce: the95

share of readings above 100 mg/dL rises 2.252 points per degree against

2.455 implied by shifting every reading by the baseline estimate, and the

share above 126 mg/dL rises 0.626 against 0.665. The classification moves

because readings already near the line cross it, and with measured diabetes
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at 11.2% there are many such readings. Respondents’ own reports of a past100

diagnosis of diabetes (0.008, SE 0.104) or of high blood pressure (-0.152, SE

0.152) do not respond to the weather, so hot days do not reach a different

population. Among respondents already diagnosed with diabetes the glucose

response is smaller, but not significantly so (interaction -0.623, SE 0.478,

p = 0.197).105

How much of the survey record is thermal. Among adults aged 35 and over,

the age range all three rounds cover, the glucose samples were measured at

mean exposure-day maxima of 29.4, 27.4 and 31.4◦C, so a comparison of two

rounds embeds a temperature difference of two to four degrees. Recorded

diabetes prevalence in that age range rose 7.80 percentage points between110

2017–18 and 2022. The 2022 round was fielded 4.0◦C warmer, and on the

slope re-estimated for that age range (Table 9) the warmer fieldwork accounts

for 2.69 points, about a third, and for 4.51 on the wet bulb; at a common

fieldwork temperature the rise is 5.11 points (95% interval from the slope,

3.85 to 6.37). Between 2011 and 2017–18 the recorded rise was 2.15 points,115

but the later round was fielded 2.0◦C cooler, and at a common temperature

the rise is 3.52 points (2.88 to 4.16). These adjustments hold the slope fixed

and apply a day-to-day response to seasonal differences, so we read them as

orders of magnitude rather than corrected trends (Section 9). They are of

the same order as the changes the surveys are used to detect.120
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Robustness. Sections 6 and 7 and the Online Appendix test each result

against the specific concern it raises; Table 7 collects the specifications. We

summarise the main checks here, stating in each case the concern, the test

and the outcome.

Who is measured. If field teams reached different households on hot days,125

or measured fewer of them, the measured population would differ with tem-

perature. We regress 12 predetermined characteristics on the exposure-day

maximum in the full sample of 38,813 biomarker-eligible adults: 3 are sig-

nificant at the 5% level (education, wealth quintile and a prior diagnosis of

high blood pressure), all are small, and the largest is 0.0212 standard devia-130

tions per degree. Consent to the blood-pressure measurement falls by 0.325

percentage points per degree (p = 0.002) on a base of 91%, but for selec-

tion alone to produce the systolic estimate the respondents lost per degree

would need readings about 210 mmHg away from those measured. Neither

the composition of the measured population nor selection into measurement135

can plausibly produce the estimates.

Fieldwork and instruments. Heat might degrade the measurement rather

than the person. Fieldworker fixed effects leave the estimates at 0.861 mg/dL

and -0.604 mmHg, cuff-size fixed effects in 2022 give -0.677 mmHg, and out-

comes recorded on the same visit with a tape, a measuring board and a scale140

do not respond to heat (Section 6). The glucose analysers are the harder

case. Restricting to tests at which the temperature at the test hour lies
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within each round’s strictest stated operating range gives 0.978 mg/dL (SE

0.198), against 1.028 in the full sample, but the test-hour temperature, which

is also the analyser’s, carries much of the glucose response, and we cannot145

exclude temperature sensitivity within the stated range without calibration

records (Section 6.4). Fieldwork quality does not drive the results; temper-

ature sensitivity of the glucose analyser within its stated range is the one

instrument explanation we cannot rule out.

Exposure timing. If glucose responded to heat that arrived after the test,150

the timing would point to an artefact rather than physiology. Entering the

previous day’s maximum, the temperature at the hour of the test and the

test day’s maximum together, the previous day keeps 0.526 mg/dL (p =

0.001), the test hour carries 0.836, and the test-day maximum falls to 0.106

(p = 0.590; Section 6.6). Heat that arrives after the test does not move the155

reading.

Specification. The estimates might reflect seasonality the fixed effects leave

in place, particular controls or subgroups, or the scale on which glucose is

recorded. Across the specifications that vary the fixed effects or the sample,

apart from the within-cluster comparison discussed below, the glucose esti-160

mate lies between 0.826 and 1.152 mg/dL and the systolic estimate between

-0.677 and -0.493 mmHg, all significant at the 1% level. Replacing the level

with its deviation from the district’s day-of-year normal attenuates the esti-

mates by a tenth to a fifth without changing their sign or significance; district
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× round × month fixed effects give 0.935 mg/dL and -0.577 mmHg; tem-165

perature thirty days ahead does not predict glucose (0.135, SE 0.151); and

leaving the 2022 glucose readings without the plasma conversion that DHS

applies gives 0.997 mg/dL. Comparisons within a single survey-cluster visit,

which retain a tenth to a seventh of the temperature variation the design

uses, do not reproduce the baseline (0.360, SE 0.358, for glucose), and we re-170

port them as such (Section 7). Apart from that comparison, no specification

changes the conclusions.

Inference. District-clustered standard errors might overstate precision given

64 districts and spatially correlated weather. We therefore also use Conley

spatial heteroskedasticity- and autocorrelation-consistent (HAC) standard175

errors at 30 and 50 km (Conley, 1999), two-way clustering by district and

date (Cameron et al., 2011), and a restricted wild cluster bootstrap (Cameron

et al., 2008). The alternative standard errors are at most 1.22 times the

district-clustered ones, and all four headline estimates remain significant at

the 1% level under each. Romano–Wolf adjusted p-values, which account for180

the number of outcomes we test, are 0.001 for the four headline estimates and

diastolic pressure. The precision of the blood-pressure and glucose estimates

does not depend on the clustering choice or on the number of hypotheses

tested.

Related literature and contribution. This paper speaks to three strands of185

work.
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Temperature and health. The first estimates the effect of temperature on

health, largely from mortality registers in rich countries and, more recently,

in poor ones (Deschênes and Greenstone, 2011; Barreca et al., 2016; Car-

leton et al., 2022; Heutel et al., 2021; Burgess et al., 2017; Geruso and190

Spears, 2018; Gasparrini et al., 2015; Banerjee and Maharaj, 2020; Haque

and Chopra, 2026), and increasingly from morbidity, labour supply and pro-

ductivity (White, 2017; Graff Zivin and Neidell, 2014; Somanathan et al.,

2021; Ebi et al., 2021); reviews of its methods stress what weather variation

does and does not identify (Dell et al., 2014; Auffhammer et al., 2013; Hsiang,195

2016). The physiological literature has documented thermal vasodilation

and plasma-volume expansion in the laboratory for half a century, but free-

living evidence on the metabolic response is thin. We provide population-

representative estimates of the acute response of three biomarkers in a low-

income country, an age gradient estimated on the general population, and200

evidence that the response is to humid rather than dry heat. Biomarkers

sit upstream of mortality and are observed for the living, which makes them

informative about the channel and about who is exposed to it.

Adaptation. The second documents that the health cost of heat falls as pop-

ulations adapt, through air conditioning, electrification and other margins205

(Barreca et al., 2016; Deschênes, 2014; Adhvaryu et al., 2020; Mullins and

White, 2020; Davis and Gertler, 2015; Jay et al., 2021; Haque and Chopra,

2026). Across our three rounds household electricity rises from 62% to 99%

and electric-fan ownership from 55% to 97%. We provide a test of whether
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the acute physiological response weakened over that decade: no outcome’s210

round-specific slopes differ significantly at the 5% level, and within rounds

the response does not vary with cooling assets (Section 8). Because the

round-specific slopes are imprecise, we read this as an absence of evidence of

adaptation rather than evidence of its absence.

Measurement. The third concerns how the conditions of measurement move215

a measured quantity. Heat on the day of a test lowers exam scores in New

York, China and India (Park, 2022; Graff Zivin et al., 2020; Garg et al.,

2020; Graff Zivin et al., 2018) and learning over the school year (Park et al.,

2020), and DHS interviewers themselves work differently on hot, humid days

(LoPalo, 2023). In health surveys, the month of measurement moves child220

anthropometry enough to alter trends between DHS rounds (Madan et al.,

2020), and a single reading misclassifies many respondents relative to re-

peat measurement (Selvin et al., 2007; Plumettaz et al., 2020; Modesti et al.,

2012). Closest to our question, epidemiological surveys in Ghana and rural

China relate the temperature at or on the day of measurement to measured225

blood pressure and to the rate at which hypertension is detected, and rec-

ommend that surveys record temperature and standardise to it (Kunutsor

and Powles, 2010; Su et al., 2014); and four provincial surveys in Guangdong

have been used to estimate a temperature-adjusted diabetes prevalence (Luo

et al., 2021). These studies compare respondents measured in different sea-230

sons or at different times of day, so their estimates combine the response to

temperature with whatever else varies with the season or the hour, and none
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sets the adjustment against a published national trend. We provide an esti-

mate identified from day-to-day weather within a district and survey round,

net of the district’s own seasonal pattern; evidence from a tropical setting235

where the glucose response to heat is positive; and an accounting of how

much of the change between rounds of a national DHS series, on which pub-

lished trends rest (Sathi et al., 2022; Rana et al., 2024), reflects the weather

at measurement.

To a literature built largely on mortality and on the level of the heat re-240

sponse, we therefore add three things: estimates of the acute response of the

biomarkers that surveys use to diagnose chronic disease, evidence that the

response is to humid heat, with suggestive evidence that it works through

dilution rather than dehydration, and an accounting of the thermal compo-

nent of the recorded change in measured diabetes and hypertension between245

survey rounds.

Two limitations bound these claims. The estimates are of an acute response;

we observe no mortality, hospitalisation or clinical diagnosis, and cannot

show that a hot day leaves durable harm. And BDHS fieldwork does not run

through Bangladesh’s April–May pre-monsoon peak, so exposure-day max-250

ima span 19.1◦C to 36.5◦C and no day in the sample reaches 37◦C. The esti-

mates are therefore a moderate-range dose-response and say nothing about

the extreme tail that dominates the heat-mortality literature—including in

Bangladesh, where Haque and Chopra (2026) find that for recent birth co-
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horts the neonatal mortality response to heat is concentrated above 40◦C.255

2. Background

Three features of the Bangladeshi setting motivate the analysis: a non-

communicable disease burden that is large and measured almost entirely by

survey, from a single reading per respondent; a human response to heat that

is fast and well characterised for blood pressure and haemoglobin and less260

so for glucose; and a survey calendar that places measurement days across a

wide moderate range of temperature but never at its extreme.

2.1. Chronic Disease Is Measured by Survey, from a Single Reading

Bangladesh has no population disease register. What is known about the

prevalence of hypertension, diabetes and anaemia comes from a handful of265

nationally representative surveys, of which the BDHS is the largest and the

most frequently used (Akter et al., 2014; Rahman et al., 2015; Sathi et al.,

2022; Hossain et al., 2022; Haider et al., 2023); the WHO STEPS survey of

2018 is the other main source (Riaz et al., 2020). In these surveys a respon-

dent is classified as hypertensive if the average of the second and third blood-270

pressure readings taken at a single household visit is at least 140/90 mmHg,

as diabetic if a single fasting plasma glucose result is at least 126 mg/dL,

and as anaemic if one haemoglobin reading falls below the WHO threshold

for the respondent’s group: 12 g/dL for a non-pregnant woman aged 15–49
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and 11 g/dL for a child aged 6–59 months (World Health Organization and275

International Diabetes Federation, 2006; World Health Organization, 2021,

2011).

Each classification is therefore a chronic construct estimated from an acute

measurement. This is what a household survey can do, and clinical guide-

lines themselves define these conditions by thresholds that a single reading280

can cross, although they ask for the reading to be confirmed on another oc-

casion (World Health Organization and International Diabetes Federation,

2006; World Health Organization, 2021; Muntner et al., 2019). Without that

confirmation the classification is unstable even before the weather enters: of

adults with fasting glucose at or above 126 mg/dL on one test, only about285

70% were above it again two weeks later (Selvin et al., 2007), and hyperten-

sion prevalence from a single visit exceeds that from two visits by between

a seventh and a half (Plumettaz et al., 2020; Modesti et al., 2012). The

recorded prevalence inherits whatever moves the reading. In our estimation

samples measured hypertension runs between 16.6 and 23.6% across rounds290

and measured diabetes between 8.6 and 14.5%, so a shift of one or two per-

centage points is a large share of the level being estimated and a larger share

of any change between rounds.

2.2. Heat Moves Blood Pressure, Haemoglobin and Glucose within Hours

The human response to ambient heat is fast, involuntary and well docu-295

mented (Cramer et al., 2022). Within minutes of a rise in core or skin
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temperature, cutaneous vessels dilate to move blood towards the surface for

convective and evaporative heat loss; skin blood flow can reach several litres

a minute, and systemic vascular resistance falls sharply (Charkoudian, 2003).

Arterial pressure is then defended by a rise in cardiac output, successfully in300

a healthy adult at rest under mild heat and less so as the thermal load, or

an added circulatory demand, grows (Crandall and Wilson, 2015). A fall in

measured pressure is therefore what this physiology predicts under sufficient

load, not a mechanical certainty at every temperature.

Blood pressure. Population studies find that sign. Measured pressure is lower305

in summer than in winter, and on warmer days than on cooler ones, in Britain,

China, France and the United States (Brennan et al., 1982; Lewington et al.,

2012; Alpérovitch et al., 2009; Halonen et al., 2011), in a meta-analysis (Wang

et al., 2017) and in the European Society of Hypertension’s consensus state-

ment (Stergiou et al., 2020). The fall is larger in older people (Alpérovitch310

et al., 2009; Kenney et al., 2014), and in coastal Bangladesh same-day heat

lowers systolic pressure (Mukhopadhyay et al., 2025). In population surveys

the effect is of the order of 5–7 mmHg of systolic pressure per 10◦C: 5 mmHg

in rural Ghana (Kunutsor and Powles, 2010) and 6.9 mmHg in rural China,

where each 10◦C lower outdoor temperature was also associated with 14%315

more newly detected hypertension (Su et al., 2014). Ambulatory monitor-

ing adds one qualification: night-time pressure can rise with heat even as

daytime and office readings fall (Modesti et al., 2006), so a daytime reading
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captures one part of a daily cycle.

Haemoglobin. Body fluids shift quickly. Early heat exposure dilutes the320

blood within the first half hour, before sweating is appreciable, and the

shift reverses to concentration only once sweating dehydrates (Bass and Hen-

schel, 1956). Over hours to days, plasma volume expands, the standard early

marker of heat acclimation (Senay et al., 1976; Périard et al., 2015), and di-

lutes whatever is dissolved in the blood: repeated heat exposure raises plasma325

volume without changing red-cell mass, so measured haemoglobin concentra-

tion falls although circulating haemoglobin does not (Sawka et al., 2000).

Population data show the same pattern, with haematocrit about 3% lower in

summer than in winter (Thirup, 2003) and haemoglobin lower in the hottest

month (Kristal-Boneh et al., 1993).330

Glucose. Thermal stress raises counter-regulatory hormones (cate-

cholamines, glucagon and cortisol), and circulating glucose rises with

them, principally because hepatic glucose output increases rather than

because peripheral uptake fails (Hargreaves et al., 1996). For our purposes

this is the weakest of the three mechanisms. The acute effect is well335

established during exertion in the heat and after a glucose load under

passive heating, where a few hours at 31◦C raise post-load glucose in healthy

young men (Faure et al., 2016), but passive heating of a fasting non-diabetic

adult has no consistent effect on its own (Maley et al., 2019). Heat raises

hospital admissions for diabetes (Xu et al., 2019), and diabetes impairs heat340
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dissipation (Kenny et al., 2016). Over longer horizons the sign is unsettled:

glycated haemoglobin is higher in winter (Tseng et al., 2005), while warmer

places have more diabetes and glucose intolerance (Blauw et al., 2017;

Valdés et al., 2019). Over days, the relation may not be monotone. In a

Chinese cohort, fasting glucose follows a U-shape in the three-day mean345

temperature, lowest near 18◦C and higher at both cold and hot temperatures

(Li et al., 2016); across four surveys in Guangdong, fasting glucose falls as

the survey-day temperature rises from 5 to 30◦C, although among newly

detected diabetics it is again higher at 30◦C than at 19◦C (Luo et al., 2021).

Our exposure-day maxima lie above 19◦C, on the side of that U where350

heat raises glucose. We therefore treat glucose as the margin where the

physiological prior is weakest, and rely on the internal evidence rather than

on the prior.

Humidity. Which route of heat loss can do the work depends on the air.

Convection sheds heat against the dry-bulb temperature; evaporation sheds355

it against the humidity, and its capacity is summarised by the wet-bulb tem-

perature, the lowest temperature a wet surface can reach by evaporating into

the surrounding air. Two days at the same dry-bulb maximum therefore im-

pose different thermal loads if their humidity differs, and the responses above

should track the wet bulb more closely than the dry bulb (Section 5.3 tests360

this). We use the wet bulb as a tractable summary of the joint temperature–

humidity constraint on heat balance rather than as an exact physiological
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index. The 35◦C wet-bulb survivability limit of Sherwood and Huber (2010)

is an upper bound: laboratory work puts the critical value for healthy adults

at rest or light activity well below it (Vecellio et al., 2022; Wolf et al., 2022),365

and the heat-index model implies critical wet bulbs of 20–32◦C depending on

humidity (Lu and Romps, 2023). The epidemiological evidence on humidity

is less settled than the physiology: humidity matters for mortality in the

United States (Barreca, 2012), adds little to temperature in a multi-country

study of summer mortality (Armstrong et al., 2019), and the gap between370

the two literatures is itself debated (Baldwin et al., 2023).

Three implications of this physiology organise the analysis. First, the

responses have opposite signs: pressure and haemoglobin concentration

should fall while glucose rises, so a common artefact, such as sloppier

fieldwork on hot days, would not generate the pattern. Second, dilution and375

concentration are distinguishable. If heat dehydrated respondents, every

blood analyte would rise together; if plasma volume expands, concentrations

fall. Haemoglobin therefore indicates which of the two is operating, and so

whether dehydration could account for a rise in measured glucose. Third, the

response should be larger where vasomotor regulation is impaired (Cramer380

et al., 2022), which points to older adults and to those already hypertensive.

2.3. Fieldwork Covers a Wide Moderate Range, but Not the Extreme

BDHS fieldwork runs for five to six months and does not follow the calendar

year. The three biomarker rounds were enumerated between 10 July 2011 and
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10 December 2022, and none covers Bangladesh’s April–May pre-monsoon385

peak, when heat waves—days on which both the daily minimum and the

daily maximum are extreme—occur and raise mortality (Nissan et al., 2017).

Outside that peak, mortality in Bangladesh is highest in the cold season, with

heat effects concentrated at the top of the temperature distribution (Burkart

et al., 2011, 2014). Exposure-day maxima in our samples span 19.1◦C to390

36.5◦C, and no day in the three rounds reaches 37◦C (Figure 1).

This has two consequences that we carry throughout. First, the design has a

wide moderate range to work with, roughly seventeen degrees, with substan-

tial variation across days within the same district and month, but it cannot

speak to the extreme tail: we can say nothing about whether these biomark-395

ers respond differently at 40◦C and above. Second, the three rounds differ

systematically in the temperature at which the population was measured.

For the design this is a nuisance, absorbed by district × round fixed effects;

for the survey record it is the object of interest in Section 9.

3. Data400

3.1. Bangladesh Demographic and Health Survey

The BDHS is a nationally representative household survey implemented by

the National Institute of Population Research and Training with technical

support from The DHS Program. Three rounds measured biomarkers in a

subsample of households: 2011 (National Institute of Population Research405
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and Training (NIPORT), Mitra and Associates, and ICF International, 2013),

2017–18 (National Institute of Population Research and Training (NIPORT)

and ICF, 2020) and 2022 (National Institute of Population Research and

Training (NIPORT) and ICF, 2024). Each round is an independent, nation-

ally representative probability sample, drawn anew; the rounds are not a410

panel, and no respondent is measured twice.

Who is measured. Eligibility differs across rounds in a way that matters

for comparisons between them. BDHS 2011 collected biomarkers only from

adults aged 35 and over, while 2017–18 and 2022 cover adults aged 18 and

over, so mean age in the blood-pressure sample is 51.4, 39.8 and 40.8 years415

across the three rounds. Wherever we compare rounds we therefore restrict

to adults aged 35 and over, the range all three cover; estimates within rounds

use the full eligible sample. Sex is the respondent’s sex as reported in the

household roster, recorded as male or female; the survey does not record

gender identity. We use it as a control and also estimate the response sep-420

arately for women and men, for whom it is similar (Table 7). Haemoglobin

was measured only in 2011, and only in women aged 15–49 and children aged

6–59 months, so Section 5.2 runs on a different population from the rest of

the paper.

Estimation samples. The estimation samples contain every adult with a valid425

measurement: 34,879 adults for blood pressure and 33,179 for fasting glucose,

in 64 districts. The glucose descriptives in Table 1 cover 33,421 adults; 242 of
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them have no valid test hour and drop out once hour-of-test fixed effects are

included, which is why every glucose regression reports 33,179. Of the 34,879

adults with a valid blood-pressure reading, the 34,861 with complete controls430

enter the blood-pressure regressions; the others lack education. Women who

were pregnant at the time of the survey (664 in the blood-pressure sample and

628 in the glucose sample of Table 1) are kept in both samples, and Section 7

shows that excluding them changes little. Tests taken during Ramadan are

excluded from the glucose sample throughout, since fasting behaviour differs;435

including them changes little (Table 7). For the selection tests of Section 6 we

also retain all 38,813 biomarker-eligible adults, whether or not a measurement

was obtained.

3.2. Biomarkers, Instruments and Reported Diagnoses

Biomarkers. Blood pressure is taken with an automated monitor in three440

readings at ten-minute intervals during the household visit; following the sur-

veys’ convention we use the average of the second and third. Fasting plasma

glucose is measured at a separate early-morning visit after an overnight fast,

and we date that observation by the test visit rather than by the household

interview. The median test follows the interview by 1 day, and 97% follow445

it within two days. We treat test dates more than a week from the inter-

view as recording errors, with one exception: in 2011, households interviewed

during Ramadan, who could not fast for the test, were retested when field-

work resumed in January 2012, and we keep those deferred tests at their

22



recorded dates. From each reading we construct the diagnostic classification450

it generates: measured hypertension at 140/90 mmHg, measured diabetes at

126 mg/dL, and measured anaemia at the WHO threshold for the respon-

dent’s group (12 g/dL for a non-pregnant woman aged 15–49, 11 g/dL for a

child aged 6–59 months). We call these measured throughout, to keep them

distinct from the chronic conditions.455

Instruments. Blood pressure was taken with A&D automatic monitors in

every round: the LifeSource UA-767 Plus in 2011 and 2017–18, and in 2022

three monitors of the same family, one per cuff size. Glucose was measured

with HemoCue point-of-care analysers: the Glucose 201+ in 2011, and in

2017–18 and 2022 an analyser that the reports name as the 201 RT in their460

methods chapters and as the plasma-converting Glucose 201 DM in their

results tables (National Institute of Population Research and Training (NI-

PORT), Mitra and Associates, and ICF International, 2013; National Insti-

tute of Population Research and Training (NIPORT) and ICF, 2020, 2024).

The manufacturers’ operating ranges differ by model (A&D Medical (Life-465

Source), 2009; HemoCue AB, 2024c,b,a), and Section 6.4 uses them to test

whether instrument drift can account for the results.

The glucose scale. The diagnostic threshold is defined on plasma glucose,

which is about 11% higher than the whole-blood glucose of a capillary sam-

ple, and the three rounds reach the plasma scale in different ways. In 2011470

the survey converted the analyser’s whole-blood readings to plasma equiva-
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lents by multiplying by 1.11 (National Institute of Population Research and

Training (NIPORT), Mitra and Associates, and ICF International, 2013). In

2017–18 the analyser converted each reading automatically, and the recode

reports those values (National Institute of Population Research and Train-475

ing (NIPORT) and ICF, 2020). For 2022 the documentation conflicts: the

results tables describe a plasma-converting analyser, but the recode’s own

plasma-glucose variable is the recorded reading multiplied by 1.11, and the

report’s prevalence estimates are computed on that scale. We follow DHS

and apply the same factor, which puts the 2022 readings on the scale of the480

official statistics. Left as recorded, the 2022 readings give a glucose slope

of 0.997 mg/dL rather than 1.028 and a measured-diabetes slope of 0.481

(SE 0.118) rather than 0.626 (the first is in Table 7); the second is smaller

because the 126 mg/dL threshold then sits further into the upper tail of the

2022 distribution, where fewer readings lie.485

Reported diagnoses. We also use the respondent’s own report of a past diag-

nosis, which records the chronic condition rather than the day’s physiology

and so serves as a placebo. All three rounds ask whether a doctor or health

worker has ever diagnosed high blood pressure or diabetes, and whether the

respondent takes medication for high blood pressure. Where a filter question490

skipped the item, because the respondent’s pressure or blood sugar had never

been checked, we code the respondent as never diagnosed; answers of “don’t

know” and refusals are left missing. The reports are available for 34,872
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respondents in the blood-pressure sample and 33,369 in the glucose sample.

Table 1 describes the samples by round.495

3.3. Heat Exposure: Inverse-Distance Weighted ERA5

Daily-maximum temperature comes from the ERA5 reanalysis of the Eu-

ropean Centre for Medium-Range Weather Forecasts (Hersbach et al., 2020,

2023; Soci et al., 2024). We take the hourly 2-metre temperature at each grid

cell, compute the daily maximum, and aggregate it to each district centroid500

by inverse-distance weighting over the four nearest cells, with weights propor-

tional to the inverse squared distance; the construction is that of Haque and

Chopra (2026), and the series runs from 1976 to 2024 (the wet bulb, which

needs the dewpoint, from 1980 to 2022). Every survey cluster is assigned

to its district, and each respondent is matched to that district’s weather on505

their exposure day (Section 4.2 and equation (1)): the day of the household

interview for blood pressure, and the day before the early-morning test for

fasting glucose.

Local time. ERA5 is stamped in UTC, and Bangladesh keeps UTC+6. We

shift the hourly series to local time before taking the daily maximum, so510

every daily value, dry and wet bulb alike, is a maximum over a Bangladesh

calendar day, labelled with the local date. A maximum over the UTC day

would instead span 06:00 local time to 06:00 the next morning. That win-

dow still contains the afternoon peak, so the two conventions give the same
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Table 1: Summary statistics, by BDHS round

2011 2017–18 2022

Biomarkers
Systolic blood pressure (mmHg) 118.7 122.3 118.0
Diastolic blood pressure (mmHg) 77.8 80.1 77.2
Measured hypertension, ≥140/90 (%) 20.6 23.6 16.6
Fasting plasma glucose (mg/dL) 105.9 102.2 113.9
Measured diabetes, FPG ≥126 (%) 9.3 8.6 14.5

Exposure on the measurement day
Daily maximum temperature (◦C) 30.0 27.4 31.4

standard deviation 3.0 3.0 2.1
10th percentile 27.0 23.4 28.6
90th percentile 33.3 31.5 34.0

Daily maximum wet-bulb (◦C) 24.9 20.4 25.7
standard deviation 3.7 2.7 2.9
10th percentile 20.1 16.6 21.1
90th percentile 28.3 23.9 28.6

Rainfall (mm/day) 7.2 0.3 6.4
share of days with any rain (%) 31.6 4.0 31.7

Respondent characteristics
Age (years) 51.4 39.8 40.8
Female (%) 50.5 56.6 55.5
Urban (%) 32.8 36.3 34.4
Wealth quintile (1–5) 3.15 3.08 3.10

Household cooling technology
Electricity (%) 62.4 81.6 98.6
Electric fan (%) 55.2 80.8 97.3
Air conditioning (%) — 0.4 1.6
Refrigerator (%) 17.7 32.1 57.5

Observations, blood pressure 7,886 13,000 13,993
Observations, glucose 7,263 12,209 13,949
Districts 64 64 64

Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 and CHIRPS. Each cell is a mean over the round’s estimation sample unless
the row says otherwise; the samples are unweighted. The blood-pressure sample
is every adult with a valid systolic and diastolic reading, each the average of the
second and third of three readings at the household visit; the glucose sample is every
adult with a valid fasting plasma glucose result from an early-morning test visit,
excluding tests taken during Ramadan. BDHS 2011 measured biomarkers only in
adults aged 35 and over; 2017–18 and 2022 cover adults aged 18 and over. Measured
hypertension is a reading of at least 140/90 mmHg and measured diabetes a fasting
plasma glucose of at least 126 mg/dL; the 2022 glucose readings are multiplied by
1.11 to put them on the plasma scale, as in the DHS recode. Temperature is
the ERA5 daily maximum, dry bulb or wet bulb, inverse-distance-weighted to the
district centroid over Bangladesh local days; rainfall is the CHIRPS daily total,
aggregated the same way, and a rainy day has at least 1 mm. The exposure block
is computed on the blood-pressure sample, on the interview day. The glucose test
falls on the interview day for only 2% of tests, and its exposure is the day before
the test, so its round means differ: 29.4, 27.4, 31.4 ◦C on the dry bulb and 23.9,
20.4, 25.7 on the wet bulb, against 30.0, 27.4, 31.4 and 24.9, 20.4, 25.7 in the table.
Air conditioning was not recorded in 2011.
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value on 99.3% of district-days for the dry bulb and 95.0% for the wet bulb,515

and differ by more than a degree on 0.11% and 0.42%; Online Appendix

Table A.8, Panel C, rebuilds the wet bulb on UTC days, which barely moves

its estimates.

The wet bulb. From the same reanalysis we take the hourly 2-metre tem-

perature and 2-metre dewpoint, compute hourly relative humidity by the520

August–Roche–Magnus formula (Alduchov and Eskridge, 1996) and hourly

wet-bulb temperature by the approximation of Stull (2011), whose mean ab-

solute error is below 0.3◦C over the range of temperature and humidity that

Bangladesh occupies, and then take the daily maximum and aggregate to

districts with the same weights as the dry-bulb series. Both series are non-525

missing for every observation in all three samples, so comparisons between

them are like for like. On the days our respondents were measured, the wet-

bulb maximum averages 23.5◦C and reaches 30.1◦C at most, with 0.2% of

days at or above 30◦C: the design speaks to ordinary humid heat, not to the

wet-bulb extremes that bound human survivability.530

Exposure measures. For each district-day we also construct the deviation

from the district’s own day-of-year normal over the full history of each series;

three- and seven-day trailing means and their anomalies; lags of one, two and

three days; and leads of three, seven, fourteen and thirty days for placebo

tests. Figure 1 shows the distribution of interview-day maxima by round.535
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Rainfall and hourly exposure. Rainfall comes from CHIRPS (Funk et al.,

2015), a daily 0.05-degree precipitation record that blends satellite estimates

with station data; we aggregate it to districts with the same four-cell inverse-

distance weights and enter the exposure day’s total and the previous day’s

as controls. To place the exposure precisely relative to the measurement, we540

also build an hourly district series of dry- and wet-bulb temperature from the

same ERA5 fields over the three fieldwork windows. Combined with the clock

hour the survey records for the glucose test and for the first blood-pressure

reading, it gives the maximum over the 24 hours before the measurement

and the temperature at the measurement hour itself, which Section 6.6 uses.545
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Figure 1: Distribution of the daily maximum temperature on the inter-
view day, by round.

Notes: Histograms, normalised as densities, of the ERA5 daily-maximum tempera-
ture, inverse-distance-weighted to the district centroid over Bangladesh local days,
on the date each respondent’s blood pressure was measured, for the blood-pressure
samples of BDHS 2011, 2017–18 and 2022.
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4. Empirical Strategy

We estimate one linear specification for each biomarker and for the diagnostic

classification it generates, and two families of variants: tighter fixed effects

and alternative exposure measures, which test whether the estimate is driven

by seasonality or by the choice of exposure, and the wet-bulb maximum550

entered alone or together with the dry-bulb maximum, which tests whether

the response is to heat or to humid heat.

4.1. Specification

For individual i in district d and BDHS round r, measured on calendar date

t, we estimate555

yidrt = α+β Td,e(i) + X′
iγ + W′

d,e(i)δ + αdr + µd,m(t) + θh(i) + εidrt, (1)

where y is the biomarker or the classification it generates and Td,e(i) is the

ERA5 daily maximum at the district centroid on the exposure day e(i). For

blood pressure the exposure day is the day of the household interview, during

which the reading was taken. For fasting glucose it is the day before the

test: the blood is drawn at an early-morning visit (median hour 7), before560

that day’s afternoon peak, so the last complete daily maximum the body

has experienced is the previous day’s. The test day’s own maximum, which

mostly arrives after the blood was drawn, then serves as a falsification test

(Section 6.6). We refer to Td,e(i) as the exposure-day maximum throughout.
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The vector Xi contains age, age squared, sex, urban residence, education565

and wealth quintile. Wd,e(i) contains rainfall on the exposure day and the

day before, because rainfall is the obvious omitted weather variable: rainy

days are cooler and more humid, and rain changes who is at home, what

they do and how fieldwork runs. The district × round fixed effects αdr (192

cells) absorb everything fixed about a district and everything specific to a570

survey round, including that round’s instruments, protocol, age eligibility

rule and sample design. The district × calendar-month fixed effects µd,m(t),

estimated across the three rounds, absorb each district’s own seasonal cycle

in diet, infectious disease, agricultural work and food prices, so the design

does not assume that the seasons move together across a country that runs575

from coastal mangroves to north-western drylands; for glucose they refer,

like the Ramadan exclusion, to the month of the test. The two sets enter

separately because each alone would leave a confounder in place: district ×

round fixed effects alone would leave seasonality unabsorbed, and district ×

calendar-month fixed effects alone would let differences between rounds in580

protocol and eligibility load on temperature. For glucose we add hour-of-

test fixed effects θh(i), since the test runs between roughly 06:00 and 09:00.

Standard errors are clustered at the district level (64 districts). We also check

robustness to Conley spatial HAC standard errors (Conley, 1999), two-way

clustering by district and date (Cameron et al., 2011) and the restricted wild585

cluster bootstrap (Cameron et al., 2008) (Section 7.2).
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Variants. In a tighter version we replace αdr and µd,m(t) with district × round

× month fixed effects, so that identification comes only from days within the

same district-month of a round. We also replace the level of Td,e(i) with its

deviation from the district’s own day-of-year normal; enter the exposure day590

together with its three lags; replace the linear term with indicators for two-

degree bins; and replace the dry-bulb maximum with the wet-bulb maximum,

or enter the two together (Section 5.3).

4.2. Identification

The design controls for place, round and season jointly, so that a hot day595

is interpreted as heat that is unusual for that district at that time of year.

Identification rests on one assumption, which we label A1 and test throughout

Section 6.

Assumption A1. Conditional on the fixed effects and rainfall, the daily

dry-bulb and wet-bulb maxima on a person’s exposure day are orthogonal to600

their potential biomarker outcomes.

The assumption is a statement about survey logistics. DHS fieldwork periods

are fixed before enumeration begins, and field teams are assigned areas by

language and to keep travel short (ICF International, 2012b); clusters are

drawn from the census frame, and the date on which a particular cluster is605

reached depends on the team’s position in its route, on travel distance and

on how long the previous clusters took, not on the health of the households
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waiting at the end of the road. Because a team stays in a district for several

weeks, the same district in the same month supplies both hot and mild mea-

surement days. A glucose test in Rajshahi in November 2017, for example,610

is compared with other tests in Rajshahi during the 2017–18 round, after

removing what is typical of Rajshahi in November across the three rounds; it

is never compared with a test in Sylhet, or with one in Rajshahi in another

season.

The assumption need not hold in every respect. DHS interviewers complete615

fewer interviews per hour on the hottest and most humid days and adapt by

starting earlier and working longer (LoPalo, 2023), so hot days could change

who is measured, how many are measured and when. Section 6 tests each of

these directly.

What β identifies. β is a physiological quantity, not a measurement error.620

A respondent whose systolic pressure reads lower on a hot day has lower

pressure that day; the instrument is working correctly and the reading is

right. Section 6.4 tests the exception to this, that the instruments themselves

respond to temperature.

What β does not identify. For the same reason, β is not an effect on chronic625

disease. Hypertension, diabetes and anaemia are defined by states that per-

sist, and a single reading that crosses a diagnostic line on a hot day tells

us about the day, not about the condition: a person whose glucose reads

higher on a hot morning has not acquired diabetes. In the language of the
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measurement-error literature, heat adds a non-classical, weather-dependent630

error to the classification (Bound et al., 2001), and misclassification of a bi-

nary outcome biases models of it in its own right (Hausman et al., 1998). We

write “measured hypertension” and “measured diabetes” when the outcome

is a classification, and Section 5.4 traces how a shift in the reading becomes a

shift in the classification. β is also a short-run quantity. We observe a same-635

day state and, for glucose, its accumulation over a few days, but no mortality,

hospitalisation or clinical diagnosis, so we cannot say what a hot day leaves

behind. And the design cannot speak to extreme heat: exposure-day maxima

span 19.1◦C to 36.5◦C, and no day reaches 37◦C (Section 2.3).

5. Results640

5.1. Blood Pressure Falls and Glucose Rises on Hotter Days

Before turning to the diagnostic classifications, we estimate the physiological

response itself. Table 2 reports estimates of equation (1): columns 1, 3 and 4

are the biomarkers, and columns 2 and 5 are the classifications they generate,

to which we return in Section 5.4.645

We find three things in the level response. First, glucose and blood pressure

both respond, in opposite directions. A one-degree rise in the exposure-

day maximum raises fasting plasma glucose by 1.028 mg/dL (SE 0.146) and

lowers systolic and diastolic pressure by 0.562 and 0.330 mmHg, all significant
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Table 2: Ambient heat and measured cardiometabolic biomarkers

(1) (2) (3) (4) (5)
Fasting Measured Systolic Diastolic Measured
glucose diabetes BP BP hypertension

FPG≥126 ≥140/90
(mg/dL) (pp) (mmHg) (mmHg) (pp)

Panel A. Daily maximum temperature, level
Max. temperature (◦C) +1.028*** +0.626*** −0.562*** −0.330*** −0.839***

(0.146) (0.143) (0.077) (0.038) (0.145)

Panel B. Deviation from the district’s own day-of-year normal
Temperature anomaly (◦C) +0.836*** +0.558*** −0.486*** −0.288*** −0.696***

(0.140) (0.137) (0.090) (0.043) (0.164)

Panel C. Seven-day mean anomaly
Seven-day anomaly (◦C) +0.858** +0.383 −0.189 −0.283*** −0.042

(0.341) (0.290) (0.190) (0.101) (0.389)

Outcome mean 107.9 11.2 119.8 78.4 20.1
Observations 33,179 33,179 34,861 34,861 34,861
District × round FE Yes Yes Yes Yes Yes
District × calendar-month FE Yes Yes Yes Yes Yes
Hour-of-test FE Yes Yes – – –

Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. Each coefficient is from a separate regression
of the outcome in the column header on the exposure-day maximum temperature:
fasting plasma glucose (column 1), measured diabetes (column 2), systolic and di-
astolic blood pressure (columns 3 and 4) and measured hypertension (column 5).
Panel A uses the level of the maximum; Panel B its deviation from the district’s
own day-of-year normal, computed over the full history of the series; and Panel C
the seven-day trailing mean of that deviation. The exposure is the daily maximum
on the day of the household interview for blood pressure, when the reading was
taken, and on the day before the early-morning test for fasting glucose. Controls
are age, age squared, sex, urban residence, education, wealth quintile and CHIRPS
rainfall on the exposure day and the day before. Fixed effects are district × round
and district × calendar month (the month of the test, for glucose), plus hour-of-test
fixed effects for glucose; tests taken during Ramadan are excluded from the glucose
sample. Coefficients are per ◦C; glucose is in mg/dL, blood pressure in mmHg,
and measured diabetes (fasting plasma glucose ≥126 mg/dL) and measured hy-
pertension (≥140/90 mmHg) in percentage points. Outcome mean is the mean of
the outcome in the estimation sample. Standard errors clustered on district (64
clusters) in parentheses. Stars: * p < 0.10, ** p < 0.05, *** p < 0.01.
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at the 1% level. Moving an exposure day from the 25th to the 75th percentile650

of the within-district-month temperature distribution, a shift of 1.4◦C in

the glucose sample and 1.5◦C in the blood-pressure sample, raises measured

diabetes by 0.88 and lowers measured hypertension by 1.26 percentage points,

against sample means of 11.2 and 20.1%.

Second, the estimates do not reflect seasonality the fixed effects leave in655

place. Panel B replaces the level with the deviation of the day’s maximum

from the district’s own day-of-year normal, which removes anything common

to a district’s calendar. The estimates fall by a tenth to a fifth but keep their

sign, their significance at the 1% level and their order of magnitude.

Third, the glucose response accumulates over several days while the blood-660

pressure response does not. Table 3 enters the exposure day and the three

preceding days together: glucose loads on the exposure day (the day before

the test) and on the day before that, with a cumulative 1.254 mg/dL per de-

gree over four days, while for blood pressure the same-day coefficient (-0.468)

carries most of the four-day cumulative -0.632 and no individual lag is signif-665

icant. This is the contrast one would expect between a metabolic adjustment

over several days and an acute vasomotor one, with the qualification that the

pressure response also tracks the temperature of the surrounding fortnight

(Section 6.5).
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Table 3: Dynamics and heterogeneity

(1) (2) (3) (4)
t t − 1 t − 2 t − 3

Panel A. Distributed lags, fasting glucose (mg/dL)
Max. temperature +0.708*** +0.424** +0.085 +0.037

(0.143) (0.194) (0.172) (0.152)
Cumulative t to t − 3 1.254
Observations 33,179

Panel B. Distributed lags, systolic blood pressure (mmHg)
Max. temperature −0.468*** −0.116 −0.049 +0.001

(0.112) (0.145) (0.133) (0.095)
Cumulative t to t − 3 -0.632
Observations 34,861

Panel C. Heterogeneity by age
Under 50 Interaction, age ≥50

Fasting glucose +0.943*** +0.271*

(0.160) (0.141)
Systolic BP −0.392*** −0.537***

(0.073) (0.085)
Measured hypertension −0.533*** −0.965***

(0.143) (0.136)
Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. Panels A and B report, for fasting glucose and
systolic blood pressure, one regression each in which the daily maximum on the
exposure day t and on each of the three preceding days enter together; the cumula-
tive row is the sum of the four coefficients. For glucose t is the day before the test,
for blood pressure the day of the interview. Panel C reports, for each outcome, one
regression of the outcome on the exposure-day maximum and its interaction with
an indicator for age 50 and over: the first column is the slope for adults under 50
and the second the interaction, so the slope for adults aged 50 and over is their
sum. Controls are age, age squared, sex, urban residence, education, wealth quin-
tile and CHIRPS rainfall on the exposure day and the day before. Fixed effects are
district × round and district × calendar month (the month of the test, for glucose),
plus hour-of-test fixed effects for glucose; tests taken during Ramadan are excluded
from the glucose sample. Coefficients are per ◦C; glucose is in mg/dL, blood pres-
sure in mmHg, and measured diabetes (fasting plasma glucose ≥126 mg/dL) and
measured hypertension (≥140/90 mmHg) in percentage points. Standard errors
clustered on district (64 clusters) in parentheses. Stars: * p < 0.10, ** p < 0.05,
*** p < 0.01.
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Older adults. Panel C of Table 3 reports the heterogeneity that matters clin-670

ically. The blood-pressure response is 2.4 times larger among adults aged

50 and over: the interaction is -0.537 mmHg (SE 0.085) on a base of -

0.392 mmHg for younger adults, and -0.965 percentage points (SE 0.136)

for measured hypertension. The glucose response varies less with age (inter-

action 0.271, SE 0.141, p = 0.060), so the age gradient is concentrated on the675

cardiovascular margin. The response may also be larger among respondents

taking antihypertensive medication, but that interaction is significant only

at the 10% level (-0.289, p = 0.060). We observe no hospitalisation, fall or

death, so we cannot say what follows from a larger fall in pressure among

older adults; it is, however, the proximate mechanism through which heat-680

wave morbidity is usually understood to operate (Kenney et al., 2014; Liu

et al., 2022).

The shape of the dose-response. Figure 2 replaces the linear term with indica-

tors for two-degree bins, relative to a 28–30◦C exposure day. Both responses

are monotone across the observed range, with no threshold or kink inside the685

support, which is consistent with a physiological response that is continuous

in thermal load. The support ends at 36.5◦C.

5.2. Haemoglobin, and What It Says about the Glucose Result

The obvious mechanical explanation for a rise in a blood concentration on

hot days is dehydration: if heat concentrated the blood, glucose would rise690
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Figure 2: Dose-response: fasting glucose (left) and systolic blood pres-
sure (right).

Notes: BDHS 2011, 2017–18 and 2022 with ERA5 temperature. Each point is the
coefficient on an indicator for a two-degree bin of the exposure-day maximum (the
day before the test for fasting glucose, in mg/dL; the interview day for systolic
blood pressure, in mmHg), relative to a 28–30◦C day, from one regression per
outcome, with 95% confidence intervals from standard errors clustered on district.
Controls are age, age squared, sex, urban residence, education, wealth quintile and
CHIRPS rainfall on the exposure day and the day before; fixed effects are district
× round and district × calendar month, plus hour of test for glucose.

because the plasma in which it is dissolved had shrunk, and the finding would

concern hydration rather than metabolism. Haemoglobin concentration dis-

tinguishes the two, because dehydration would raise it and plasma-volume

expansion would lower it.

Table 4 reports the test on the one round that measured haemoglobin. BDHS695

2011 collected it only from women aged 15–49 and children aged 6–59 months,

so the test runs on a different and much smaller population from the rest of

the paper. We report the two groups separately and pooled, classify anaemia

at the WHO threshold for each, keep the de facto household members (those

who slept in the household the night before), as DHS does, and exclude700

pregnant women, since pregnancy expands plasma volume through the very
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mechanism under test, by up to half by the third trimester (Aguree and

Gernand, 2019). Capillary haemoglobin measured with a HemoCue is ana-

lytically precise but varies from day to day within a person (Morris et al.,

1999), and WHO now recommends venous samples for diagnosing anaemia705

(World Health Organization, 2024), so estimates from capillary readings in

one round are noisy.

We find that the point estimates for haemoglobin are negative in both

groups and in the pooled sample, though not significant on the dry bulb.

Haemoglobin falls by 0.017 g/dL per degree among women (SE 0.024) and710

by 0.016 among children (SE 0.017), pooling to 0.018 (SE 0.018, p = 0.310),

and measured anaemia rises by 0.726 percentage points (SE 0.571) in the

pooled sample. A seven-day trailing anomaly strengthens the classification

result, to 2.475 points per degree (SE 0.928; reported in the note to the

table). Apart from that seven-day estimate, however, no dry-bulb estimate715

is significant once rainfall is held fixed. Against the wet-bulb maximum, the

exposure the physiology points to, haemoglobin falls 0.037 g/dL per degree

in the pooled sample (SE 0.020, p = 0.069), with a larger t-statistic than on

the dry bulb but significant only at the 10% level, and imprecisely in each

group on its own (column 2; Section 5.3 takes up the comparison).720

Two things follow, with the weight of this evidence attached to them. First,

the evidence argues against dehydration as the source of the rise in glucose:

a concentrating artefact would raise haemoglobin, and haemoglobin falls in
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every cut. This conclusion rests on the sign of imprecise coefficients estimated

in a different population, and it does not sign the remaining bias in the725

glucose estimate. Dilution of the plasma would push measured glucose down,

but point-of-care analysers tend to read glucose high when haematocrit is

low (Tang et al., 2000); both effects are small beside the estimated response,

since haemoglobin falls by a fraction of a per cent per degree, and we do

not treat the glucose estimate as a bound in either direction. Second, the730

three biomarkers move as a single physiological response would move them:

plasma volume expands and vessels dilate, so haemoglobin and pressure fall,

while thermal stress raises counter-regulatory hormones and hepatic glucose

output, so glucose rises.

5.3. Humid Heat Carries the Response735

The body sheds heat by convection, which works against the dry-bulb tem-

perature, and by evaporation, which works against the humidity of the air

and whose capacity the wet-bulb temperature measures. If the estimates

above are physiological rather than mechanical, they should track the wet

bulb more closely than the dry bulb, because evaporation is the body’s main740

defence against heat. Table 5 enters the two exposures separately and then

together. This comparison was not pre-specified: we added it after the

dry-bulb estimates were in hand, and Section 7.2 reports multiple-testing-

adjusted p-values for it.
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Table 4: Ambient heat, haemoglobin and measured anaemia, BDHS
2011

Haemoglobin (g/dL) Measured anaemia (pp)

Dry-bulb Wet-bulb Dry-bulb Wet-bulb
(1) (2) (3) (4)

Panel A. Women aged 15–49
Daily maximum (◦C) −0.017 −0.040 +0.835 +1.195

(0.024) (0.026) (0.663) (0.808)
Outcome mean 12.17 12.17 41.2 41.2
Observations 5,333 5,333 5,333 5,333

Panel B. Children aged 6–59 months
Daily maximum (◦C) −0.016 −0.030 +0.361 +1.457*

(0.017) (0.023) (0.724) (0.734)
Outcome mean 10.78 10.78 51.5 51.5
Observations 2,361 2,361 2,361 2,361

Panel C. Both groups pooled
Daily maximum (◦C) −0.018 −0.037* +0.726 +1.287*

(0.018) (0.020) (0.571) (0.686)
Outcome mean 11.74 11.74 44.4 44.4
Observations 7,694 7,694 7,694 7,694

Notes: Data: BDHS 2011, the only round that measured haemoglobin, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. The sample is women aged 15–49 (Panel A) and
children aged 6–59 months (Panel B), the only groups the survey measured, pooled
in Panel C; only de facto household members (those who slept in the household the
night before) are kept, as in DHS, and pregnant women are excluded, because preg-
nancy expands plasma volume through the mechanism under test. Each coefficient
is from a separate regression of capillary haemoglobin (g/dL, columns 1 and 2) or
measured anaemia (percentage points, columns 3 and 4) on the daily maximum
on the day of the household interview, when the sample was taken: the dry-bulb
maximum in columns 1 and 3 and the wet-bulb maximum, which rises with hu-
midity at a given dry-bulb temperature, in columns 2 and 4. Measured anaemia
is haemoglobin below 12 g/dL for non-pregnant women and below 11 g/dL for
children. Controls are age, age squared, sex (except in Panel A), urban residence,
education, wealth quintile and CHIRPS rainfall on the interview day and the day
before; with one round, the fixed effects are district × calendar month. Replac-
ing the dry-bulb maximum with its seven-day trailing anomaly gives +2.475 (SE
0.928) on measured anaemia in the pooled sample, against the column-3 estimate.
Standard errors clustered on district in parentheses. Stars: * p < 0.10, ** p < 0.05,
*** p < 0.01.
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We find two things. First, entered alone, the wet bulb gives the larger coeffi-745

cient on every outcome: 1.476 mg/dL per degree for glucose against 1.028 for

the dry bulb, and 0.883 mmHg against 0.562 for systolic pressure. A degree

of wet bulb is not a degree of dry bulb, since the two have different variances

within a cell; scaled by its own standard deviation within district × round ×

month cells, a one-standard-deviation move gives 1.61 against 1.37 mg/dL of750

glucose and 0.94 against 0.74 mmHg of systolic pressure, so the gap narrows

but does not close.

Second, entered together, which identifies the wet-bulb coefficient from days

equally hot in dry-bulb terms but differently humid, the wet bulb keeps

three-quarters or more of its stand-alone coefficient and the dry bulb gives755

most of it up. For glucose the split is 1.208 (SE 0.188) against 0.364 (SE

0.145); for systolic pressure -0.778 (SE 0.131) against -0.146 (SE 0.098). For

the two classifications the dry-bulb term is not significant at the 5% level

(p = 0.065 and p = 0.267), while the wet-bulb term is significant at the

1% level. For haemoglobin the dry-bulb term disappears: entering both760

exposures leaves the wet bulb carrying the whole of the effect (-0.039, SE

0.020, p = 0.060) with the dry bulb at 0.003, so the fall in haemoglobin,

though imprecise, lines up with humid heat, which the body cannot shed by

evaporation. Online Appendix Table A.9 applies the inference of Section 7.2

to the wet-bulb estimates: Conley standard errors at 30 and 50 km are close765

to the district-clustered ones, and the wild cluster bootstrap gives p = 0.001

for glucose, 0.001 for measured diabetes, 0.001 for systolic pressure and 0.002
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for measured hypertension.

Collinearity. One concern is that the two exposures are too collinear to be

entered together. Within a district, round and calendar month the two series770

have standard deviations of 1.34 and 1.09◦C in the glucose sample and 1.32

and 1.07 in the blood-pressure sample, with correlations of 0.60 and 0.59. Af-

ter the fixed effects and controls are partialled out, which is the variation the

estimator uses, the correlation is 0.64 and 0.62, the variance inflation factor

1.68 and 1.62 against a conventional threshold of five, and the condition num-775

ber 2.12 and 2.06 against a threshold of thirty (Online Appendix Table A.8,

Panel A). Entering both inflates the wet-bulb standard errors by factors of

1.18 and 1.34, and those inflated standard errors are the ones reported. The

horse race also adds no variable. Since aT + cTw ≡ (a + c)T − cD for the

wet-bulb depression D = T − Tw, the same regression can be written in the780

dry-bulb maximum and the depression, and each coefficient then answers a

separate question (Panel B): a degree hotter at unchanged humidity changes

glucose by 1.572 mg/dL (SE 0.165) and systolic pressure by -0.924 mmHg

(SE 0.097), while a degree drier at unchanged temperature changes them by

-1.208 (SE 0.188) and 0.778 (SE 0.131), in the opposite direction.785

Construction of the wet bulb. A second concern is the formula. The pro-

duction series uses the Stull (2011) approximation, a regression fit at fixed

sea-level pressure; Buzan et al. (2015) prefer the pseudoadiabatic method of

Davies-Jones (2008), which inverts Bolton (1980), and note that the two can
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differ by more than a degree in hot, dry air. Bangladesh is humid and lies near790

sea level, so that case is largely avoided, but we check it. Rebuilt with Davies-

Jones on the same local-day window (Online Appendix Table A.8, Panel C),

the two district-day series correlate 0.9996 and differ by 0.101◦C on average

(SD 0.122), and the estimates move from 1.208 to 1.255 for glucose and from

-0.778 to -0.775 for systolic pressure. Rebuilding the production series over795

the UTC day in which ERA5 is stamped, rather than the Bangladesh local

day, gives 1.280 and -0.794. Surface pressure over Bangladesh moves the wet

bulb by less than a hundredth of a degree and is ignored.

Two cautions apply. The wet-bulb and dry-bulb maxima need not occur at

the same hour, so neither is the exposure at the moment of measurement;800

both summarise the day. And the wet bulb reaches only 30.1◦C in these

data, while reanalysis smooths the most extreme humid heat, which is highly

localised (Raymond et al., 2020), so this is evidence about ordinary humid

heat, not about the wet-bulb thresholds that bound survivability. What the

comparison establishes is narrower: the biomarker response is a response to805

humid heat, and a specification in dry-bulb temperature alone understates

it.

5.4. From the Reading to the Classification

Hypertension, diabetes and anaemia are chronic conditions, defined by states

that persist, but the survey classifies each from a single reading. Table 6 and810
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Table 5: Dry-bulb and wet-bulb heat, entered separately and together

Entered separately Entered together

Dry-bulb Wet-bulb Wet-bulb Dry-bulb Obs.
(1) (2) (3) (4) (5)

Fasting glucose (mg/dL) +1.028*** +1.476*** +1.208*** +0.364** 33,179
(0.146) (0.160) (0.188) (0.145)

Measured diabetes (pp) +0.626*** +0.841*** +0.638*** +0.275* 33,179
(0.143) (0.176) (0.191) (0.146)

Systolic BP (mmHg) −0.562*** −0.883*** −0.778*** −0.146 34,861
(0.077) (0.098) (0.131) (0.098)

Measured hypertension (pp) −0.839*** −1.310*** −1.148*** −0.226 34,861
(0.145) (0.204) (0.286) (0.202)

Haemoglobin (g/dL) −0.018 −0.037* −0.039* +0.003 7,694
(0.018) (0.020) (0.020) (0.016)

Measured anaemia (pp) +0.726 +1.287* +1.225 +0.071 7,694
(0.571) (0.686) (0.796) (0.595)

Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. Each row is an outcome and each pair of columns
a regression on the daily dry-bulb maximum, the daily wet-bulb maximum, or both.
Columns 1 and 2 enter the two exposures separately; columns 3 and 4 enter them
together, so the wet-bulb coefficient is identified from days that are equally hot in
dry-bulb terms and differently humid. The wet bulb is computed hour by hour
from ERA5 2-metre temperature and dewpoint—relative humidity by the August-
Roche-Magnus formula, wet bulb by the Stull (2011) approximation—then taken
to a daily maximum and aggregated with the same inverse-distance weights as the
dry-bulb series; both series are non-missing for every observation. Within a dis-
trict × round × month cell the two series have standard deviations of 1.34 and
1.09◦C in the glucose sample and 1.32 and 1.07 in the blood-pressure sample, with
correlations of 0.60 and 0.59. The exposure is the daily maximum on the day
of the household interview for blood pressure, when the reading was taken, and
on the day before the early-morning test for fasting glucose. Controls are age,
age squared, sex, urban residence, education, wealth quintile and CHIRPS rainfall
on the exposure day and the day before. Fixed effects are district × round and
district × calendar month (the month of the test, for glucose), plus hour-of-test
fixed effects for glucose; tests taken during Ramadan are excluded from the glucose
sample. Coefficients are per ◦C; glucose is in mg/dL, blood pressure in mmHg,
and measured diabetes (fasting plasma glucose ≥126 mg/dL) and measured hy-
pertension (≥140/90 mmHg) in percentage points. The haemoglobin (g/dL) and
measured-anaemia rows are BDHS 2011 only, on non-pregnant women aged 15–49
and children aged 6–59 months, with district × calendar-month fixed effects. Stan-
dard errors clustered on district (64 clusters) in parentheses. Stars: * p < 0.10,
** p < 0.05, *** p < 0.01.
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Figure 3 trace how the acute response to heat becomes a change in the

classification. We find three things.

First, the response across the glucose distribution has the shape a uniform

shift of every reading would produce. If heat added the same amount β to

everyone’s glucose, the share of readings above a threshold c would rise by815

approximately βf(c), where f(c) is the density of readings at c: most where

readings are densest, and little in the sparse upper tail. Figure 3 sets the

estimates against that benchmark, computed from the baseline coefficient of

1.028 mg/dL and the observed density. The share above 100 mg/dL rises

2.252 percentage points per degree against 2.455 predicted; above 110, 1.831820

against 2.324; above the diabetes threshold of 126, 0.626 against 0.665; and

above 140, 0.381 (p < 0.001) against 0.209. In the sparse upper tail the

benchmark is a few hundredths of a point, and the estimates there are small

in absolute terms but exceed it (0.224 above 160 and 0.157 above 200 mg/dL,

p = 0.007 and p = 0.011), so the response is, if anything, not smaller among825

the highest readings. On its own this pattern does not distinguish a change in

the reading from a change in the condition, and we do not use it that way. It

identifies the mechanism behind the diagnostic effect: the respondents whose

classification changes on a hot day are those whose readings already lie near

the line, and with measured diabetes at 11.2% and measured hypertension830

at 20.1% there are many of them.

Second, the response is present among respondents not previously diagnosed.
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Table 6: From the reading to the classification

Coefficient Std. error Obs.

Panel A. The acute physiological response: continuous biomarkers
Systolic blood pressure (mmHg) −0.562*** (0.077) 34,861
Diastolic blood pressure (mmHg) −0.330*** (0.038) 34,861
Fasting plasma glucose (mg/dL) +1.028*** (0.146) 33,179
Haemoglobin (g/dL) −0.018 (0.018) 7,694

Panel B. Does the response concentrate among people who already have the condition?
Glucose, never diagnosed with diabetes +1.057*** (0.168) 33,127

× previously diagnosed −0.623 (0.478) 33,127
Systolic BP, never told has high BP −0.480*** (0.065) 34,854

× previously told has high BP −0.386** (0.151) 34,854
Systolic BP, not on medication −0.528*** (0.069) 34,861

× on blood-pressure medication −0.289* (0.151) 34,861

Panel C. The chronic conditions themselves
Ever diagnosed with diabetes (pp) +0.008 (0.104) 33,127
Ever told has high blood pressure (pp) −0.152 (0.152) 34,854
Currently on blood-pressure medication (pp) −0.024 (0.132) 34,861

Panel D. Readings crossing a diagnostic threshold, by distance from the line
Fasting glucose ≥126 mg/dL (pp) [11.2% of sample] +0.626*** (0.143) 33,179
Fasting glucose ≥140 mg/dL (pp) [6.1% of sample] +0.381*** (0.091) 33,179
Fasting glucose ≥160 mg/dL (pp) [3.8% of sample] +0.224*** (0.080) 33,179
Fasting glucose ≥200 mg/dL (pp) [2.1% of sample] +0.157** (0.060) 33,179
Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. Each row is a separate regression of the outcome
named in the row on the exposure-day maximum temperature, per ◦C. Panel A
reports the biomarkers. Panel B asks whether the response is concentrated among
people who already have the condition: each pair of rows comes from one regression
with an interaction, where the first row is the slope for respondents without the
diagnosis or medication and the second the interaction, so the slope for those with
it is the sum. Panel C regresses the respondent’s own report of a past diagnosis, or
of current medication, in percentage points; these record the chronic condition and
cannot depend on the day’s weather, so they are placebo tests for whether hot days
reach a different population. Panel D regresses indicators (in percentage points)
for a fasting glucose reading at or above each threshold; the bracketed figure is
the share of the sample above the threshold. The exposure is the daily maximum
on the day of the household interview for blood pressure, when the reading was
taken, and on the day before the early-morning test for fasting glucose. Controls
are age, age squared, sex, urban residence, education, wealth quintile and CHIRPS
rainfall on the exposure day and the day before. Fixed effects are district × round
and district × calendar month (the month of the test, for glucose), plus hour-of-
test fixed effects for glucose; tests taken during Ramadan are excluded from the
glucose sample. The haemoglobin row is the exception: it is BDHS 2011 only, on
non-pregnant women aged 15–49 and children aged 6–59 months, with district ×
calendar-month fixed effects. Standard errors clustered on district (64 clusters) in
parentheses. Stars: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure 3: The share of adults above each fasting-glucose threshold.
Notes: BDHS 2011, 2017–18 and 2022 glucose sample with ERA5 temperature.
Each filled point is a separate regression of an indicator for a fasting glucose reading
above the threshold (in percentage points) on the maximum temperature on the
day before the test, per ◦C, with its 95% confidence interval from standard errors
clustered on district. Controls are age, age squared, sex, urban residence, education,
wealth quintile and CHIRPS rainfall on the exposure day and the day before; fixed
effects are district × round and district × calendar month, plus hour of test for
glucose. Hollow diamonds give the change a uniform shift of every reading by
the baseline glucose coefficient would produce: that coefficient times the share of
readings within 5 mg/dL of the threshold, per mg/dL. The share of the sample
above each threshold is given under the axis.
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In Panel B of Table 6, respondents never diagnosed with diabetes show a

glucose response of 1.057 (SE 0.168), and the interaction with a past diagnosis

is -0.623 (SE 0.478, p = 0.197): the response is smaller among those who835

report a diagnosis, but not significantly so. Treatment of the diagnosed could

blunt the acute response; but the diagnosed also differ in age and in where

their readings lie, and the interaction is neither precise nor a causal estimate

of the effect of treatment. For blood pressure the diagnosed respond more

(-0.386, SE 0.151), consistent with impaired vasomotor regulation. In both840

cases the response is present among the undiagnosed rather than confined to

people already known to be ill.

Third, reported diagnoses do not respond to heat. Panel C regresses each

respondent’s own report of a past diagnosis on the exposure-day maximum.

Self-reported diagnoses are an imperfect measure of the condition (Johnston845

et al., 2009), but a diagnosis received in the past cannot depend on this

morning’s weather, so these regressions are placebo tests: a nonzero coeffi-

cient would mean that hot days reach a different population. Having ever

been told of diabetes moves by 0.008 percentage points per degree (SE 0.104),

having been told of high blood pressure by -0.152 (SE 0.152), and currently850

taking blood-pressure medication by -0.024 (SE 0.132), none of them signif-

icant.

Heat therefore moves readings across the whole measured population, the

classification moves because readings near the line cross it, and nothing in
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these data suggests that hot days reach a different population. A preva-855

lence estimated from a single reading inherits a weather component that is

unrelated to how many people have the condition.

6. Threats to Identification

Assumption A1 requires that nothing that determines which day a respondent

is measured is also correlated with what that respondent’s biomarkers would860

otherwise have been. This section takes the assumption apart into the ways

it could fail and tests each one, stating in each case the concern, the test and

the outcome. Two concerns are about who and how many are measured, two

about the measurement itself, and two about the timing of the exposure.

6.1. Does Heat Change Who Is Measured?865

If field teams responded to the weather, by postponing work on very hot

days or by reaching different kinds of households on hot days than on mild

ones, the measured population would differ with temperature. Online Ap-

pendix Table A.10 regresses each of 12 predetermined characteristics on the

exposure-day maximum, with the fixed effects of the main specification, in870

the full sample of biomarker-eligible adults whether or not a measurement

was obtained (38,813 people, of whom 38,787 have a complete set of controls;

the 26 others are missing education).

3 of the 12 estimates are significant at the 5% level, against about 0.6 ex-
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pected by chance: education, the wealth quintile and a past diagnosis of875

high blood pressure. All three are small; the largest is 0.0212 standard devi-

ations per degree. Figure 4 shows the estimates in standard-deviation units.

The biomarker regressions control for education and wealth, dropping every

individual control moves the estimates only slightly (Table 7), and on the

estimation samples the past diagnosis itself does not respond to heat (Sec-880

tion 5.4). We read these imbalances as too small to generate the results, but

we report them among the results that are not clean.

−0.04 −0.03 −0.02 −0.01 0.00 0.01 0.02
Effect of +1 °C on the measurement day (standard-deviation units)

Age (years)

Female

Education level (0--3)

Wealth quintile (1--5)

Urban residence

Household size

Household has electricity

Household has an electric fan

Household has a refrigerator

Ever told has high blood pressure

Ever told has diabetes

Currently on blood-pressure medication

Figure 4: Balance: predetermined characteristics and exposure-day
heat

Notes: BDHS 2011, 2017–18 and 2022, all biomarker-eligible adults whether or
not measured, with ERA5 temperature. Each row is a separate regression of the
characteristic on the daily maximum on the day the household was interviewed,
with district × round and district × calendar-month fixed effects, rescaled by the
standard deviation of the characteristic. Bars are 95% confidence intervals from
standard errors clustered on district.

6.2. Does Heat Change How Many Are Measured?

The same concern can be tested from the side of the fieldwork. Collapsing

the data to district-days (Online Appendix Table A.11, Panel A), neither the885
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number of eligible adults visited, nor the number of blood-pressure measure-

ments taken, nor the share of eligible adults measured responds to the day’s

temperature. At the individual level (Panel B), whether a glucose measure-

ment exists does not respond to heat either (-0.113 percentage points per

degree, p = 0.470).890

Two estimates in this group are not clean. Consent to the blood-pressure

measurement falls by 0.325 percentage points per degree (p = 0.002) on a

base of 91%, and whether a blood-pressure reading exists changes by -0.268

percentage points (p = 0.083). A bound shows how small these margins

are. Removing a share s of respondents whose readings differ from everyone895

else’s by D moves the mean by about sD, so for selection alone to produce

the systolic estimate the respondents lost per degree of heat would need

readings about 210 mmHg away from those measured; for glucose, on its

own selection margin, about 906 mg/dL. In addition, women’s employment,

which only the women’s questionnaire records, falls with heat in 2017–18; this900

is an imbalance across survey clusters that leaves the biomarker estimates

unchanged when it is controlled for (Online Appendix A.4). We take these

margins as too small to threaten A1, but a reader may weigh them differently.

6.3. Is It the Fieldwork, or the Physiology?

A further concern is that heat degrades the measurement rather than the905

person: a tired team on a hot afternoon, a rushed protocol, or an instrument

used outside its operating range. We test the first two here and the third in
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Section 6.4.

Fieldworkers. We add fixed effects for the fieldworker code recorded with

the measurement: the biomarker specialist who took the blood pressure in910

2022, and the measurer in the 2017–18 biomarker questionnaire, who also

took height and weight. BDHS 2011 records no such code, so the test runs

on 78% of the glucose sample and 77% of the blood-pressure sample, and

the comparison with the baseline is not a change of specification alone. The

estimates are 0.861 mg/dL for glucose and -0.604 mmHg for systolic pressure915

(Table 7).

Cuffs and monitors. BDHS 2022 records the cuff size used for each respon-

dent. Adding cuff-size fixed effects in that round gives -0.677 mmHg, so the

gradient is not an artefact of which cuff a respondent’s arm required. Because

each cuff size has its own monitor in 2022—a UA-767PVS for the small cuff,920

a UA-767F/FAC for the medium and a UA-789AC for the extra-large (Na-

tional Institute of Population Research and Training (NIPORT) and ICF,

2024)—these are also monitor fixed effects for that round.

Placebo outcomes from the same visit. Panel C of Online Appendix Ta-

ble A.11 uses outcomes recorded on the same visit by the same team: arm925

circumference with a tape, height with a measuring board, and weight, and

the body-mass index it implies, with a digital SECA scale, the instrument

used for weight in every round (National Institute of Population Research
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and Training (NIPORT), Mitra and Associates, and ICF International, 2013;

National Institute of Population Research and Training (NIPORT) and ICF,930

2020, 2024). If hot days produced sloppier fieldwork or a different mix of

respondents, these would move. Arm circumference moves by 0.010 cm per

degree (SE 0.018), height by 0.013 (SE 0.033), weight by -0.012 kg (SE 0.057)

and body-mass index by -0.003 (SE 0.018), none of them significant and all

precisely estimated. The tape and the board are the cleaner test, since they935

involve no electronics; the scale shows that one electronic instrument used

on the same visit does not drift with the day’s heat, but it is a different de-

vice from the analyser and the monitor. A past diagnosis of diabetes, which

cannot depend on the day’s weather, is likewise a precise zero (0.008, SE

0.104).940

These tests leave little room for fieldwork quality or respondent composition

to generate the results. They do not rule out temperature sensitivity of the

glucose analyser or the blood-pressure monitor, which we take up next.

6.4. The Instruments and Their Operating Ranges

The BDHS final reports name the instruments. Blood pressure was taken945

with a LifeSource (A&D) UA-767 Plus in 2011 and 2017–18 (National Insti-

tute of Population Research and Training (NIPORT), Mitra and Associates,

and ICF International, 2013; National Institute of Population Research and

Training (NIPORT) and ICF, 2020) and in 2022 with A&D monitors of the

same family, one per cuff size (National Institute of Population Research950
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and Training (NIPORT) and ICF, 2024). The manufacturer states an op-

erating range of 10–40◦C and relative humidity below 85% (A&D Medical

(LifeSource), 2009), and the UA-767 Plus meets the British Hypertension

Society validation standard (Verdecchia et al., 2004). Glucose was measured

with a HemoCue Glucose 201+ in 2011 (National Institute of Population955

Research and Training (NIPORT), Mitra and Associates, and ICF Interna-

tional, 2013), operating range 15–30◦C (HemoCue AB, 2024c). For 2017–18

and 2022 the reports are internally inconsistent: their methods chapters name

the HemoCue 201 RT, operating range 15–27◦C (HemoCue AB, 2024b), and

the notes to their results tables the Glucose 201 DM, 18–30◦C (National In-960

stitute of Population Research and Training (NIPORT) and ICF, 2020, 2024;

HemoCue AB, 2024a), so we apply the stricter range, 18–27◦C, to those two

rounds. HemoCue glucose analysers agree closely with laboratory reference

methods (Stork et al., 2005), and the 201 RT with the 201+ (Segerhag et al.,

2015), but those validations were run under controlled conditions.965

What matters for an instrument is the temperature around it when it is

used. The hourly reanalysis gives the outdoor temperature at the clock hour

of each measurement; the instruments are used indoors, so this is a proxy,

but a far better one than the day’s maximum. Online Appendix Table A.12

restricts the sample on it, and the answer differs for the two biomarkers.970

Blood pressure. Only 0.05% of readings were taken at an hour whose outdoor

temperature lay outside the monitor’s 10–40◦C range, and the gradient is
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present at cool reading hours as well as hot ones (-0.419 mmHg, SE 0.099, at

or below 30◦C). The monitor’s humidity limit we cannot check, since ERA5

gives the outdoor humidity and not that of the room in which the cuff was975

applied.

Glucose. The analysers were often used near the edges of their stated range.

At the hour of the test the outdoor temperature was below the 18◦C floor

of the stricter range for 48% of tests in the cool 2017–18 round, and above

the 27◦C ceiling for 42% in 2022. But the gradient does not come from those980

tests. Restricting to tests taken when the test-hour temperature lay inside

each round’s strictest stated range—15–30◦C in 2011 and 18–27◦C in 2017–

18 and 2022, 58% of the sample—gives 0.978 mg/dL (SE 0.198, p < 0.001),

close to the baseline of 1.028. Within the wider 15–30◦C range of the 201+

(87% of tests) the estimate is 1.038, and among tests taken outside the strict985

range it is smaller, not larger (0.626, SE 0.234). An analyser that drifts

outside its specification cannot produce a gradient that is as strong among

the tests taken inside it.

These restrictions cannot exclude temperature sensitivity within the stated

range, or heat damage to reagent cuvettes carried by the teams between tests.990

Consumer glucose meters drift with temperature and humidity even inside

their stated ranges (Haller et al., 2007; Ginsberg, 2009), and HemoCue’s

haemoglobin microcuvettes are sensitive to heat and humidity (ICF Inter-

national, 2012a; Whitehead et al., 2019). In a tropical hospital, glucose-
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oxidase meters read lower at higher operating temperature and humidity995

(Pratumvinit et al., 2016); the HemoCue analysers use glucose dehydroge-

nase, a different chemistry (HemoCue AB, 2024c,b,a), and an artefact of that

sign would work against the positive gradient we find rather than produce it.

That evidence concerns other devices and reagents, but it is why we do not

treat the in-range result as decisive. Neither question can be settled without1000

the analysers’ calibration and storage records, which we do not have.

6.5. Future Weather as a Placebo

The natural falsification test replaces the exposure-day temperature with

the temperature at a future date, which cannot have affected the reading.

Panel B of Online Appendix Table A.13 shows that several short leads are1005

not clean nulls: the three-day lead for both outcomes, the seven-day lead

for glucose and the fourteen-day lead for systolic pressure. This is what

one would expect, because a district’s daily temperature anomaly is auto-

correlated (Panel A): ρ(Tt, Tt+3) = 0.346 and ρ(Tt, Tt+7) = 0.146, falling to

0.063 at thirty days. A short-horizon lead is mechanically loaded with the1010

exposure day’s own weather, so a nonzero coefficient there is evidence of

autocorrelation, not of confounding.

Two valid versions of the test are available. In a horse race that enters the

exposure day and the lead together, the three-day lead shrinks, from 0.268

to 0.195 for glucose and from -0.189 to -0.150 for systolic pressure, while the1015

exposure-day coefficients are essentially unchanged. The seven-day glucose
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lead does not shrink (0.256, p = 0.061), and we report it among the results

that are not fully clean; the seven-day systolic lead is zero alone and in the

horse race (0.007, p = 0.916). At thirty days, where the autocorrelation is

0.063, the lead entered alone is a precise zero for both outcomes (glucose1020

0.135, p = 0.374; systolic pressure -0.033, p = 0.764).

One lead result is not clean. The fourteen-day lead for systolic pressure

keeps a coefficient of -0.251 (p = 0.015) even in the horse race, larger than

an autocorrelation of 0.090 can produce mechanically. We read this as blood

pressure responding to the thermal environment over roughly a fortnight,1025

since plasma-volume expansion is an acclimation process that takes several

days, so that a lead falling inside the same warm episode captures genuine

exposure. The thirty-day placebo is clean (-0.033, SE 0.110), and the esti-

mate is -0.577 under district × round × month fixed effects against -0.562

in the baseline (Table 7), so the result is not evidence against A1; it is a1030

reason to describe β for blood pressure as the response to the recent thermal

environment rather than to a single day.

6.6. Heat Before and After the Test

The fasting glucose test is drawn early in the morning (median hour 7), and

the day’s afternoon peak comes after it. This is why the baseline glucose1035

exposure is the previous day’s maximum (Section 4.2), and it gives a further

falsification test: heat that arrives after the blood was drawn cannot have

changed the reading. Online Appendix Table A.14 reports it.

58



Panel A starts from the baseline of 1.028 mg/dL per degree (SE 0.146). The

test day’s own maximum, entered alone, gives 0.829, as it must for a series1040

correlated 0.92 with the day before. Entered together, the day before keeps

0.790 and the test day retains 0.381 (SE 0.185, p = 0.043), which is not the

zero the test calls for. The hourly data show why. The test-day maximum is

correlated with conditions at the moment of the test, and the temperature at

the hour of the test is itself a strong predictor (1.062 entered alone). Entering1045

all three, the test-day maximum falls to 0.106 (SE 0.195, p = 0.590), while

the day before keeps 0.526 and the test hour carries 0.836. Heat after the

test carries no effect once the heat before and at the test is held fixed.

The horse race settles one question but not the other. The previous after-

noon’s peak keeps an effect of its own once the temperature at the test is1050

held fixed (0.581, SE 0.114), and no property of the analyser at the moment

of testing can produce that. The test-hour coefficient, however, cannot be

attributed by timing alone: the temperature at seven in the morning is both

the warmth of the night the respondent has just slept through and the am-

bient temperature of the analyser. Section 6.4 takes up the second reading1055

and finds the gradient as strong among tests taken within the analysers’

stated operating range as in the whole sample. The maximum over the 24

hours before the test is in effect the same series as the previous day’s maxi-

mum (correlation 1.00) and gives the same estimate, 1.031, and the wet-bulb

versions behave alike.1060

59



Panel B repeats the exercise for blood pressure, which is read during the

household visit (median hour 12, with 52% of readings taken after noon).

Every timing gives a similar estimate: -0.562 on the interview day, -0.436 on

the day before, -0.484 over the 24 hours before the reading and -0.468 at the

hour of the reading.1065

7. Additional Robustness and Inference

Table 7 collects the specification checks, and Figure 5 plots them. Each row

re-estimates the baseline of Table 2 with one change. Across the 17 glucose

rows that keep the baseline exposure and vary the fixed effects, the controls

or the sample, the glucose estimate lies between 0.826 and 1.152 mg/dL per1070

degree, against 1.028 in the baseline; across the 18 such rows for systolic

pressure the estimate lies between -0.677 and -0.493 mmHg, against -0.562;

and every one of these estimates is significant at the 1% level. The single

exception is the comparison within a survey-cluster visit, which we discuss

separately below. We group the checks by the concern each addresses and,1075

in each case, state the concern, the test and the outcome.

Seasonality and the fixed effects. The baseline might leave seasonal variation

in place that correlates with both temperature and the biomarkers, or the

fixed effects might be so tight that they leave only noise. We test this by

loosening and tightening them in turn. Replacing the district × calendar-1080

month fixed effects with national calendar-month fixed effects, which assumes
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that the seasons move together across the country, gives 1.139 mg/dL for

glucose and -0.562 mmHg for systolic pressure, and replacing the interacted

fixed effects with separate district, round and month effects changes little.

Tightening them to district × round × month, so that identification comes1085

only from days within the same district-month of a round, gives 0.935 and

-0.577. Dropping the first and last week of each round’s fieldwork, when the

teams’ composition and routing are least typical, gives 1.027 and -0.546, and

adding day-of-week fixed effects also leaves the estimates close to the baseline.

Neither the choice of seasonal controls nor the edges of the fieldwork period1090

drives the results.

Controls, outliers and subgroups. The estimates might depend on the indi-

vidual controls, on a few extreme readings, or on a particular group of respon-

dents. Dropping all individual controls gives 0.945 and -0.566; trimming the

outer 1% of the outcome gives 0.826 and -0.519; and restricting to women, to1095

men, to rural respondents (0.940 and -0.493) or to adults aged 35 and over

leaves each estimate within the 95% confidence interval of the baseline. For

blood pressure, excluding respondents on antihypertensive medication also

leaves the estimate unchanged. The results are not carried by the controls,

by outliers or by any one group.1100

Other weather and Ramadan. Rainfall is correlated with temperature and

changes both behaviour and fieldwork, and Ramadan changes eating and

fasting. Dropping the rainfall controls gives 1.033 mg/dL and -0.544 mmHg,
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so the temperature coefficient is not picking up rain. Including tests taken

during Ramadan, which the glucose baseline excludes, gives 1.021, and ex-1105

cluding Ramadan days from the blood-pressure sample, which the baseline

keeps, gives -0.595.

Pregnancy and survey weights. Pregnancy expands plasma volume, the

mechanism behind the fall in pressure and haemoglobin, and the baseline

samples keep the women who were pregnant at the time of the survey (664 in1110

the blood-pressure sample and 628 in the glucose sample). The estimates are

also unweighted, while the DHS sample is drawn with unequal probabilities.

We test both by excluding pregnant women and, separately, by weighting

each respondent by the DHS household sample weight. Excluding pregnant

women gives 1.036 mg/dL for glucose and -0.560 mmHg for systolic pressure1115

(0.643 and -0.858 percentage points for the two classifications); weighting

gives 0.931 and -0.528 (0.543 and -0.812). Neither the inclusion of pregnant

women nor the use of unweighted estimates drives the results.

The glucose scale. The 2022 glucose readings are put on the plasma scale by

the factor of 1.11 that DHS applies, and the documentation for that round1120

conflicts (Section 3). Leaving them as recorded gives a glucose slope of

0.997 mg/dL, against 1.028 in the baseline, so the scale of the 2022 readings

does not drive the glucose result. The measured-diabetes slope is more sen-

sitive, at 0.481 (SE 0.118) against 0.626, because the 126 mg/dL threshold

then falls further into the upper tail of the 2022 distribution.1125
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Comparisons within a single cluster visit. The most demanding comparison

is between respondents in the same survey cluster measured on different days

of a single team visit, which holds fixed everything about the place and the

visit. We test it by replacing the district × round fixed effects with survey-

cluster fixed effects. The glucose estimate falls to 0.360 (SE 0.358) and1130

the systolic estimate changes sign, to 0.122 (SE 0.196), neither significant

and both far from the baseline. Two features limit what this comparison

can show. First, teams stay in a cluster for a day or two, so the within-

cluster variance of temperature is 14% of the within-district-month variance

the baseline uses in the glucose sample and 10% in the blood-pressure sample1135

(standard deviations of 0.51 and 0.42◦C, against 1.34 and 1.32); with so little

signal, error in a district-level reanalysis exposure attenuates the estimate

far more than in the baseline. Second, the days of one visit do not separate

respondents at random, since those measured after the first day are the ones

the team had to return for. The comparison nonetheless does not reproduce1140

the baseline, and we report it as a result that is not clean. Our estimates

rest on comparisons across clusters within a district and round, net of the

district’s seasonal pattern, and in 2017–18 the clusters reached on hotter days

differed in at least one predetermined characteristic, women’s employment,

although controlling for it leaves the biomarker estimates unchanged (Online1145

Appendix A.4).
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Table 7: Specification robustness

Coefficient Std. error Obs.

Panel A. Fasting glucose (mg/dL)
Baseline +1.028*** (0.146) 33,179
National calendar-month FE +1.139*** (0.120) 33,179
District + round + month FE +1.134*** (0.114) 33,179
Add day-of-week FE +1.012*** (0.146) 33,179
District × round × month FE +0.935*** (0.136) 33,179
Add measurer FE +0.861*** (0.184) 25,949
Survey-cluster FE +0.360 (0.358) 33,179
Include Ramadan days +1.021*** (0.144) 33,376
Trim outer 1% of the outcome +0.826*** (0.123) 32,523
No individual controls +0.945*** (0.142) 33,194
No rainfall controls +1.033*** (0.128) 33,179
Exclude pregnant women +1.036*** (0.148) 32,555
Household sampling weights +0.931*** (0.176) 33,179
Women only +1.001*** (0.195) 18,216
Men only +1.045*** (0.176) 14,963
Rural only +0.940*** (0.161) 21,777
Age 35 and over only +1.152*** (0.177) 22,162
Drop first and last fieldwork week +1.027*** (0.148) 30,471
2022 readings without the ×1.11 conversion +0.997*** (0.141) 33,179
Day-of-year anomaly +0.836*** (0.140) 33,179
Wet-bulb maximum +1.476*** (0.160) 33,179
Test-day maximum (mostly after the test) +0.829*** (0.155) 33,179
Placebo: temperature at t + 30 +0.135 (0.151) 33,179

Panel B. Systolic blood pressure (mmHg)
Baseline −0.562*** (0.077) 34,861
National calendar-month FE −0.562*** (0.082) 34,861
District + round + month FE −0.608*** (0.072) 34,861
Add day-of-week FE −0.550*** (0.079) 34,861
District × round × month FE −0.577*** (0.079) 34,861
Add measurer FE −0.604*** (0.094) 26,975
Survey-cluster FE +0.122 (0.196) 34,861
Add BP cuff-size FE (2022) −0.677*** (0.148) 13,980
Drop Ramadan days −0.595*** (0.078) 33,856
Trim outer 1% of the outcome −0.519*** (0.069) 34,202
No individual controls −0.566*** (0.083) 34,879
No rainfall controls −0.544*** (0.074) 34,861
Exclude respondents on BP medication −0.567*** (0.068) 31,171
Exclude pregnant women −0.560*** (0.077) 34,197
Household sampling weights −0.528*** (0.090) 34,861
Women only −0.524*** (0.095) 19,102
Men only −0.602*** (0.116) 15,759
Rural only −0.493*** (0.108) 22,745
Age 35 and over only −0.659*** (0.100) 23,393
Drop first and last fieldwork week −0.546*** (0.085) 32,575
Day-of-year anomaly −0.486*** (0.090) 34,861
Wet-bulb maximum −0.883*** (0.098) 34,861
Placebo: temperature at t + 30 −0.033 (0.110) 34,861

Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. Each row reports the coefficient on the daily
maximum temperature from a re-estimate of the baseline with the one change the
row names, for fasting glucose (Panel A, mg/dL per ◦C) and systolic blood pres-
sure (Panel B, mmHg per ◦C). The exposure is the daily maximum on the day of
the household interview for blood pressure, when the reading was taken, and on
the day before the early-morning test for fasting glucose. In the baseline, controls
are age, age squared, sex, urban residence, education, wealth quintile and CHIRPS
rainfall on the exposure day and the day before. Fixed effects are district × round
and district × calendar month (the month of the test, for glucose), plus hour-of-test
fixed effects for glucose; tests taken during Ramadan are excluded from the glucose
sample. Unless the row says otherwise, the sample, controls, fixed effects and clus-
tering are those of the baseline. “No individual controls” keeps only the rainfall
controls; “No rainfall controls” drops only those. “Exclude pregnant women” drops
women reported as currently pregnant in the anthropometry or biomarker mod-
ule; “Household sampling weights” weights each respondent by the DHS household
sample weight. Measurer fixed effects use the fieldworker code recorded in 2017–18
and 2022, and cuff-size fixed effects the cuff recorded in 2022, so those rows cover
only those rounds. The 2022 glucose readings are multiplied by 1.11 to put them
on the plasma scale, as in the DHS recode; the “without the ×1.11 conversion” row
leaves them as recorded. The test-day row uses the maximum on the day of the
glucose test, which mostly falls after the test. The wet-bulb row is not comparable
per degree with the dry-bulb rows, because the two measures have different vari-
ances within a district-month. Standard errors clustered on district (64 clusters)
in parentheses. Stars: * p < 0.10, ** p < 0.05, *** p < 0.01.
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Figure 5: Specification curves: fasting glucose (left) and systolic blood
pressure (right)

Notes: Each point is one row of Table 7: the coefficient on the exposure-day
maximum (the day before the test for glucose, the interview day for blood pressure)
from a re-estimate of the baseline with one change, with its 95% confidence interval
from standard errors clustered on district. BDHS 2011, 2017–18 and 2022 with
ERA5 temperature. The dotted horizontal line marks the baseline estimate, and
the final entry in each panel is the placebo that replaces the exposure with the
temperature thirty days later.
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7.1. Occupation

The response might be occupational rather than physiological: carried by re-

spondents who work outdoors and take the day’s heat directly, while everyone

else shelters from it. If so, the response should be concentrated in agricultural1150

and manual work. We test this by merging the women’s questionnaire, which

records employment and occupation, onto the measured sample, which gives

10,151 women aged 15–49 in the 2017–18 and 2022 rounds, 27.5% of them

in agricultural or unskilled manual work, and interacting the exposure-day

maximum with an indicator for that work. The interaction is small and not1155

significant for any outcome (Online Appendix Table A.6, Panel A): 0.033 (SE

0.205) for glucose, -0.052 (SE 0.180) for measured diabetes, 0.077 (SE 0.113)

for systolic pressure and 0.148 (SE 0.252) for measured hypertension, while

the main effects keep their sign and their significance in this smaller sample

of women. The acute response is therefore not an occupational exposure.1160

A broader split, between any current work and none, cannot be read the same

way. Pooled, the interaction is positive for the two glucose outcomes (0.170,

SE 0.194; 0.243, SE 0.177), but it is absent in 2017–18 (-0.037 and -0.139) and

positive but imprecise in 2022 (0.449 and 0.696; Panel C). The employment

question changed between those rounds—49% of these women report current1165

work in 2017–18 against 32% in 2022—so the split does not measure the same

thing twice, and we draw no conclusion from a heterogeneity that appears

only where the measure changes. The null on the kind of work, which is the
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comparison the occupational story implies, holds in the pooled sample.

7.2. Inference1170

District-clustered standard errors might overstate precision. There are only

64 districts, fieldwork is spread over a few calendar years, and because the

regressor is weather, a hot day is hot over much of the country, so errors may

be correlated across districts measured on the same day, which district clus-

tering does not allow (Cameron and Miller, 2015; MacKinnon et al., 2023).1175

Table 8 reports four checks on the baseline estimates.

Correlation across districts on the same day. We cluster two ways, on district

and on the calendar date of the exposure (Cameron et al., 2011), which gives

373 date clusters in the glucose sample and 372 in the blood-pressure sample.

The standard errors are 0.144 for glucose and 0.094 for systolic pressure,1180

against 0.146 and 0.077 under district clustering, and every headline estimate

remains significant at the 1% level.

Spatial correlation. Conley spatial HAC standard errors (Conley, 1999) al-

low unrestricted correlation within a district and add correlation between

districts whose centroids lie within a band. At 30 km they are 0.147 for1185

glucose and 0.076 for systolic pressure, and at 50 km 0.145 and 0.079, within

a few per cent of the district-clustered values for both outcomes (Table 8

shows the classifications, where the 50 km values differ by up to a seventh).

This is partly by construction: the average district has 1.41 district centroids
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within 30 km, including its own, and 3.31 within 50 km. Districts average1190

roughly 2,300 km2, so a much wider band would span most of a division and

cease to be a local spatial correction.

Few clusters. With 64 clusters the t approximation may matter, so we also re-

port a restricted wild cluster bootstrap-t with Rademacher weights (Cameron

et al., 2008; MacKinnon and Webb, 2017; Roodman et al., 2019). It gives1195

p = 0.001 for glucose, 0.001 for measured diabetes, 0.001 for systolic pres-

sure and 0.001 for measured hypertension; values of 0.001 are the floor the

(r + 1)/(B + 1) convention allows with 999 replications.

Influential districts. Re-estimating the baseline 64 times, leaving out one

district at a time, the glucose estimate ranges from 0.944 to 1.065, against1200

1.028, and the systolic estimate from -0.580 to -0.536, against -0.562. No

district drives either result.

Online Appendix Table A.3 applies the same checks, apart from leaving out

districts, to every other estimate the paper relies on: the haemoglobin panel,

the age heterogeneity, the wet-bulb estimates, the tightest specification, the1205

distributional results and the placebos. The results hold with one excep-

tion. The haemoglobin panel rests on one round, a different population and

7,694 observations, and on the dry bulb its wild-bootstrap p-values are 0.340

for measured anaemia and 0.490 for haemoglobin, neither significant at con-

ventional levels. Against the wet bulb, the exposure the response tracks1210

(Section 5.3), the haemoglobin estimate with the dry bulb held fixed is sig-
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nificant at the 10% level under the wild bootstrap (p = 0.062) and at the

5% level under two-way clustering (p = 0.044), although it does not survive

the multiple-testing adjustment below. Measured anaemia, with district-

clustered standard errors, is significant at the 10% level on its own (p = 0.065)1215

but not once the dry bulb is held fixed (p = 0.129). The haemoglobin evi-

dence is therefore enough to indicate the direction of the response, and not

enough to support any claim about its magnitude.

Multiple testing. The paper reports many outcomes, exposures and sub-

groups, and none of the analyses was pre-registered; the wet-bulb comparison1220

in particular was added after the dry-bulb estimates were in hand. Some of

the significant results could therefore be chance. We test this by computing

Romano–Wolf step-down p-values (Romano and Wolf, 2005), which control

the family-wise error rate, for two families of hypotheses: the four headline

estimates and diastolic pressure (Table 2), and the wet-bulb coefficients of1225

the horse race, with the dry-bulb maximum held fixed, for glucose, mea-

sured diabetes, systolic pressure, measured hypertension, haemoglobin and

measured anaemia. The bootstrap uses the same draw for the same district

across every outcome in a family, which preserves the dependence between

them (Online Appendix Table A.4). All five keep an adjusted p-value of1230

0.001. Among the wet-bulb coefficients, glucose, measured diabetes, systolic

pressure and measured hypertension keep adjusted p-values of at most 0.008,

while haemoglobin (0.102) and measured anaemia (0.148) do not survive the
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adjustment. The blood-pressure and glucose results, dry and wet, are not

an artefact of testing many hypotheses; the haemoglobin result is the one we1235

treat as suggestive.

8. Adaptation across Rounds

Between our first and last round, household electricity in the estimation

sample rose from 62% to 99% and electric-fan ownership from 55% to 97%.

If cooling protects the body, the biomarker response to a hot day should have1240

weakened as protection spread. We test this in two ways: across rounds, by

letting the slope differ by round, and within rounds, by letting it vary with

access to cooling.

Across rounds. Estimating equation (1) with round-specific slopes (Online

Appendix Table A.1, Panel A) gives glucose slopes of 1.470, 0.741 and1245

0.988 mg/dL per degree in 2011, 2017–18 and 2022, and equality across the

three rounds is not rejected (F = 2.12, p = 0.129); nor is it for systolic pres-

sure (p = 0.733), measured diabetes (p = 0.503) or measured hypertension

(p = 0.649). Because BDHS 2011 measured only adults aged 35 and over,

and mean age is 51.4 years in 2011 against 39.8 and 40.8 in the later rounds,1250

Panel B holds the age range fixed at 35 and over. The glucose slopes there are

1.452, 0.829 and 1.092 (p = 0.348), and those for measured diabetes 0.650,

0.509 and 0.852 (p = 0.763). For systolic pressure in this age range equality
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Table 8: Inference

Standard error Wild Leave-one-

β̂ District District Conley Conley bootstrap district-out
(64) × date (30 km) (50 km) p range

Fasting glucose 1.028 (0.146) (0.144) (0.147) (0.145) 0.001 [0.944, 1.065]
Measured diabetes (pp) 0.626 (0.143) (0.129) (0.143) (0.148) 0.001 [0.542, 0.664]
Systolic BP -0.562 (0.077) (0.094) (0.076) (0.079) 0.001 [-0.580, -0.536]
Measured hypertension (pp) -0.839 (0.145) (0.161) (0.142) (0.125) 0.001 [-0.893, -0.796]

Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. Each row is one baseline estimate: the coefficient
on the exposure-day maximum (column 1) for fasting glucose (mg/dL), measured
diabetes (fasting plasma glucose ≥126 mg/dL, percentage points), systolic blood
pressure (mmHg) and measured hypertension (≥140/90 mmHg, percentage points),
per ◦C. The exposure is the daily maximum on the day of the household inter-
view for blood pressure, when the reading was taken, and on the day before the
early-morning test for fasting glucose. Controls are age, age squared, sex, urban
residence, education, wealth quintile and CHIRPS rainfall on the exposure day and
the day before. Fixed effects are district × round and district × calendar month
(the month of the test, for glucose), plus hour-of-test fixed effects for glucose; tests
taken during Ramadan are excluded from the glucose sample. Columns 2–5 report
alternative standard errors for that estimate: clustering on district (64 clusters, the
baseline); two-way clustering on district and on the calendar date of the exposure
(Cameron et al., 2011), which allows errors to be correlated across districts mea-
sured on the same day; and Conley (Conley, 1999) spatial HAC standard errors
with a uniform kernel out to 30 and 50 km, which allow unrestricted correlation
within a district and add correlation between districts whose centroids lie within
the band. Column 6 is the p-value from a restricted wild cluster bootstrap-t on the
district clusters, with Rademacher weights, the null imposed and 999 replications
(Cameron et al., 2008); under the (r + 1)/(B + 1) convention the smallest attain-
able value is 0.001. Column 7 gives the range of the point estimate across the 64
re-estimations that each leave out one district. The average district has 1.41 dis-
trict centroids within 30 km, including its own, and 3.31 within 50 km, so at these
bandwidths the Conley estimator stays close to district clustering by construction;
districts average roughly 2,300 km2, so a much wider band would span most of a
division.
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is rejected only at the 10% level (p = 0.088), and the largest slope is the 2022

one (-0.962 mmHg, against -0.537 in 2011), the opposite of what adaptation1255

would produce. There is no monotone decline in the slopes, and no difference

between rounds is significant at the 5% level. Online Appendix Figure A.1

plots the round-specific slopes with and without the age restriction.

The comparison across rounds is not a clean test of adaptation, for two rea-

sons. First, the glucose measurement changed between rounds. BDHS 20111260

used a HemoCue Glucose 201+ and converted its whole-blood readings to

plasma equivalents afterwards by multiplying by 1.11 (National Institute of

Population Research and Training (NIPORT), Mitra and Associates, and

ICF International, 2013); the 2017–18 analyser converted its readings auto-

matically; and for 2022 we follow the recode’s plasma variable, which ap-1265

plies the factor of 1.11 to the recorded reading, while the reports name the

HemoCue 201 RT in their methods and the Glucose 201 DM in their results

tables (National Institute of Population Research and Training (NIPORT)

and ICF, 2020, 2024). Any difference in slopes between rounds would there-

fore mix the response with the instrument. Second, the measured-diabetes1270

slope is the slope of a classification, and how far a uniform shift in read-

ings moves it depends on how much of each round’s distribution lies near

126 mg/dL (Section 5.4).

Within rounds. The second test asks whether, within a round, respondents

with more access to cooling respond less (Online Appendix Table A.2). In-1275
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teracting the exposure-day maximum with district-level electricity or fan

coverage, computed leaving out the respondent’s own household, yields coef-

ficients that are not significant. Household-level interactions are significant

for glucose before, but not after, temperature is also interacted with wealth

(glucose × fan: -0.252, p = 0.028, becoming -0.141, p = 0.269), so the raw1280

interaction cannot be separated from wealth.

We therefore find no evidence that the acute physiological response to heat

weakened over a decade in which cooling technology went from about half

of households to nearly all of them. We read this as an absence of evidence

of adaptation rather than evidence of its absence, for three reasons. Three1285

rounds give the tests little power to detect a gradual attenuation, and the

round-specific slopes are imprecise. Owning a fan or an electricity connection

measures access to cooling, not its use on the morning of measurement. And

a fan is not protective in every condition: fans reduce heat strain across most

hot weather but can add to it in very hot, dry air (Jay et al., 2015; Morris1290

et al., 2019, 2021). Air conditioning, which cools in any condition and whose

adoption follows income (Davis and Gertler, 2015), was owned by almost no

household in these rounds.

The result is worth setting beside the mortality record. In the same country,

with the same surveys and the same temperature data, Haque and Chopra1295

(2026) find that the neonatal mortality response to days of 30–40◦C flattened

across birth cohorts from the 1980s onward, in step with rural electrification,
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while no decline is detected above 40◦C. The two results concern different

populations, newborns and adults, and different margins, so they cannot be

combined into one estimate. They are consistent, however, with a reading1300

that we cannot test here: over the range of heat our measurement days

cover, the body’s acute response stayed the same while what follows from it

changed.

9. How Much of the Recorded Burden Is Thermal?

Section 5.4 shows that heat moves the readings of the whole measured pop-1305

ulation, and with them the diagnostic classification. This section asks what

that implies for the survey record itself: how much of the change in mea-

sured prevalence between BDHS rounds reflects the temperature at which

each round was fielded.

The three rounds are the basis of the published trends in hypertension and1310

diabetes in Bangladesh (Sathi et al., 2022; Rana et al., 2024), and they were

fielded in different parts of the year. Among adults aged 35 and over in

the glucose sample, the age range all three rounds cover, mean exposure-day

maxima were 29.4, 27.4 and 31.4◦C, so a comparison of two rounds embeds

a temperature difference of two to four degrees (the blood-pressure sample is1315

dated by the interview rather than the test visit, so its means differ slightly).

We re-estimate the slopes on adults aged 35 and over, multiply each by the

difference in mean exposure-day maxima between two rounds to obtain the
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thermal component of the recorded change, and subtract it to obtain the

change at a common fieldwork temperature. Table 9 reports the result.1320

We find that the thermal components are of the same order as the recorded

changes. Recorded diabetes prevalence among adults aged 35 and over rose

2.15 percentage points between 2011 and 2017–18. The later round was

fielded 2.0◦C cooler, so the slope attributes -1.37 points to temperature, and

the rise at a common fieldwork temperature is 3.52 points (95% interval from1325

the uncertainty in the slope, 2.88 to 4.16), larger than the recorded change.

Between 2017–18 and 2022 recorded diabetes rose 7.80 points. The 2022

round was fielded 4.0◦C warmer, which accounts for 2.69 of them, about a

third, and the rise at a common temperature is 5.11 points (3.85 to 6.37).

Most of the recorded rise in that window survives the adjustment, but about1330

a third of it reflects the weather in which the two rounds were fielded. For

measured hypertension over the same window, -3.94 of the recorded change

of -10.36 points is attributed to temperature, leaving -6.41 (-7.88 to -4.95).

Panels C and D repeat the exercise with the wet-bulb maximum, the exposure

the response tracks most closely (Section 5.3), and in the consecutive-round1335

windows the thermal component grows: between 2017–18 and 2022, where it

is 4.51 points rather than 2.69, the recorded rise of 7.80 points in measured

diabetes becomes 3.29 at a common wet-bulb temperature, against 5.11 on

the dry bulb.
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Table 9: How much of the change in recorded prevalence between
rounds is thermal?

Round Change between rounds (pp)

2011 2017–18 2022 Observed Thermal Adjusted

Panel A. Measured diabetes, fasting glucose ≥126 mg/dL
Mean measurement-day Tmax (◦C) 29.4 27.4 31.4
Recorded prevalence (%) 9.3 11.5 19.3
2011 → 2017–18 -2.0 +2.15 -1.37 +3.52

[-2.01, -0.73] [+2.88, +4.16]
2017–18 → 2022 +4.0 +7.80 +2.69 +5.11

[+1.43, +3.95] [+3.85, +6.37]
2011 → 2022 +2.0 +9.95 +1.32 +8.63

[+0.70, +1.94] [+8.01, +9.24]

Panel B. Measured hypertension, ≥140/90
Mean measurement-day Tmax (◦C) 30.0 27.4 31.4
Recorded prevalence (%) 20.6 34.0 23.6
2011 → 2017–18 -2.7 +13.42 +2.64 +10.79

[+1.66, +3.61] [+9.81, +11.77]
2017–18 → 2022 +4.0 -10.36 -3.94 -6.41

[-5.41, -2.48] [-7.88, -4.95]
2011 → 2022 +1.3 +3.07 -1.31 +4.37

[-1.79, -0.82] [+3.89, +4.86]

Panel C. Measured diabetes, wet-bulb exposure
Mean measurement-day wet-bulb (◦C) 23.9 20.4 25.6
Recorded prevalence (%) 9.3 11.5 19.3
2011 → 2017–18 -3.5 +2.15 -3.06 +5.21

[-4.35, -1.77] [+3.92, +6.50]
2017–18 → 2022 +5.2 +7.80 +4.51 +3.29

[+2.61, +6.42] [+1.38, +5.19]
2011 → 2022 +1.7 +9.95 +1.45 +8.49

[+0.84, +2.07] [+7.88, +9.11]

Panel D. Measured hypertension, wet-bulb exposure
Mean measurement-day wet-bulb (◦C) 24.9 20.4 25.6
Recorded prevalence (%) 20.6 34.0 23.6
2011 → 2017–18 -4.5 +13.42 +6.68 +6.74

[+4.34, +9.02] [+4.40, +9.08]
2017–18 → 2022 +5.2 -10.36 -7.68 -2.68

[-10.37, -4.99] [-5.37, +0.01]
2011 → 2022 +0.7 +3.07 -1.00 +4.06

[-1.34, -0.65] [+3.71, +4.41]
Notes: Data: BDHS 2011, 2017–18 and 2022 biomarker samples, merged with
ERA5 daily-maximum temperature inverse-distance-weighted to the district cen-
troid over Bangladesh local days. The sample is adults aged 35 and over, the
age range common to all three rounds, so recorded prevalence differs from the
whole-sample figures in the summary statistics; prevalence is the unweighted share
of the sample classified as having the condition. Measured diabetes is a fasting
plasma glucose of at least 126 mg/dL and measured hypertension a reading of at
least 140/90 mmHg. Panels A and B use the dry-bulb daily maximum and Pan-
els C and D the wet-bulb daily maximum; the first row of each panel is the mean
exposure-day maximum in each round. In the three round-pair rows, the cell span-
ning the round columns is the change in mean exposure-day maximum between
the two rounds (in ◦C, not a prevalence). “Observed” is the change in recorded
prevalence, in percentage points. “Thermal” is the slope of the classification on the
exposure-day maximum, estimated on this sample with the baseline specification,
multiplied by the change in mean temperature. “Adjusted” is Observed minus
Thermal, the change that would have been recorded had both rounds been fielded
at the same mean temperature. The slopes are 0.673 (SE 0.160) percentage points
per ◦C for measured diabetes and -0.985 (SE 0.186) for measured hypertension on
the dry bulb, and 0.869 (SE 0.187) and -1.474 (SE 0.263) on the wet bulb. The
exposure is the daily maximum on the day of the household interview for blood
pressure, when the reading was taken, and on the day before the early-morning
test for fasting glucose. Controls are age, age squared, sex, urban residence, educa-
tion, wealth quintile and CHIRPS rainfall on the exposure day and the day before.
Fixed effects are district × round and district × calendar month (the month of
the test, for glucose), plus hour-of-test fixed effects for glucose; tests taken during
Ramadan are excluded from the glucose sample. Brackets give 95% intervals that
reflect the uncertainty in the slope only, from standard errors clustered on district;
sampling error in each round’s prevalence is not included. The exercise holds the
slope fixed and ignores every other difference between rounds—sampling, protocol
and any genuine change in the population—so it measures the size of the thermal
component, not a decomposition of the remainder.
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How to read the adjustments. We read these adjustments as orders of mag-1340

nitude rather than corrected trends, for four reasons. First, the intervals

reflect only the uncertainty in the slope, not sampling error in each round’s

prevalence. Second, the slope is identified from day-to-day variation within

a district and month, while the differences between rounds are seasonal; a

population measured in the cool season is acclimatised to it, and if the acute1345

response to a hotter day exceeds the response to a hotter season, apply-

ing the acute slope overstates the thermal component. Third, the slope is

pooled across rounds; the round-specific slopes for measured diabetes among

adults aged 35 and over (0.650, 0.509 and 0.852) do not differ significantly,

but they are imprecise (Section 8). Fourth, recorded prevalence here is the1350

unweighted mean of the measured sample, not the survey-weighted national

estimate. Other differences between rounds are larger still: recorded hy-

pertension among adults aged 35 and over moves by more than ten points

in each of the two consecutive-round windows, far more than temperature

can account for. The exercise therefore does not say what happened to1355

Bangladesh’s non-communicable disease burden. It says that a comparison

of rounds fielded at different times of year carries a thermal component of

the same order as the changes the surveys are used to detect.

9.1. Implications for Measurement

Three uses of the survey record are affected. First, comparisons across coun-1360

tries in the global burden estimates (NCD Risk Factor Collaboration (NCD-
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RisC), 2021, 2024) pool surveys with different fieldwork calendars, and the

calendar is not usually reported with the prevalence estimate; DHS fieldwork

is scheduled with the seasons in mind, though with only a slight tilt towards

the dry season across countries (Wright et al., 2012). Second, comparisons1365

over time within a country compare rounds that were not fielded in the same

months, which shifts measured child anthropometry enough to change trends

between Indian DHS rounds (Madan et al., 2020), and which Table 9 illus-

trates for Bangladesh. Third, projections of the burden under warming will

move mechanically: warming raises measured diabetes and lowers measured1370

hypertension before anything happens to the population’s underlying disease,

so the errors do not cancel in an aggregate index. Measured anaemia moves

in the direction dilution implies, but we observe it in only one round and one

population and do not decompose it here.

Earlier work has proposed the same correction in other settings, standardis-1375

ing blood pressure to a fixed ambient temperature in Ghana and China and

estimating temperature-adjusted diabetes prevalence in Guangdong (Kunut-

sor and Powles, 2010; Su et al., 2014; Luo et al., 2021); our estimates show

that the correction matters for the trends a national DHS series reports.

The remedy costs little. Surveys already record the date and hour of every1380

biomarker measurement, and the reanalysis needed to attach temperature

and humidity to that time stamp is public. Reporting the distribution of

fieldwork conditions alongside the headline prevalence—on the evidence of
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Section 5.3, the wet bulb rather than the dry bulb—or publishing an estimate

adjusted to a common thermal reference would make comparisons across1385

surveys easier to interpret at no cost in data collection.

10. Conclusion

Ambient heat moves the biomarkers from which household surveys diagnose

chronic disease. In 34,879 adults with a blood-pressure reading and 33,179

with a fasting glucose result from three BDHS rounds, a one-degree rise in1390

the daily maximum lowers systolic pressure by 0.562 mmHg on the day it is

read and a rise the day before the test raises fasting glucose by 1.028 mg/dL,

both significant at the 1% level under district, two-way and Conley standard

errors and the wild cluster bootstrap. The fall in pressure is 2.4 times larger

among adults aged 50 and over, while the glucose response varies much less1395

with age (interaction 0.271, p = 0.060). Haemoglobin, collected in 2011 for

women aged 15–49 and children aged 6–59 months, falls by 0.018 g/dL per

degree of dry-bulb maximum (p = 0.310) and by 0.037 per degree of wet-bulb

maximum (p = 0.069); the fall is imprecise, but its sign is the one dilution

predicts and the opposite of the one dehydration predicts. With the wet-bulb1400

and dry-bulb maxima entered together, the wet bulb keeps 1.208 mg/dL on

glucose and -0.778 mmHg on systolic pressure, and the dry-bulb term is not

significant at the 5% level for either diagnostic classification, so the response

is to humid heat rather than to heat as such.
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Because chronic disease is diagnosed from a single reading, the response1405

moves the diagnosis. Measured diabetes rises 0.626 percentage points per

degree (SE 0.143), close to what a uniform shift of every glucose reading

would produce, and measured hypertension falls 0.839 (SE 0.145), while re-

spondents’ reports of a past diagnosis do not respond. Applied to the survey

record among adults aged 35 and over, the 2022 round was fielded 4.0◦C1410

warmer than 2017–18, which accounts for 2.69 of the 7.80-point rise in mea-

sured diabetes between the two rounds, about a third; the cooler 2017–18

fieldwork hid part of the rise since 2011 (a thermal component of -1.37 points

against a recorded 2.15). These adjustments hold the slope fixed and apply

a day-to-day response to seasonal differences, so we read them as orders of1415

magnitude rather than corrected trends. They are nonetheless of the same

order as the changes the surveys are used to detect.

The design rests on day-to-day weather variation within a district and sur-

vey round, net of the district’s own seasonal pattern, and it is tested for

balance, selection, fieldwork intensity, measurers and cuff sizes, placebo out-1420

comes recorded on the same visit with a tape, a board and a scale, rainfall

controls, and standard errors clustered on district and date together. Eight

results are not clean, and we report them (Sections 6 and 7, Online Appen-

dices A.2 and A.4). First, comparisons within a single survey-cluster visit,

which retain a tenth to a seventh of the temperature variation the design uses,1425

do not reproduce the baseline. Second, 3 of 12 respondent characteristics are

significantly related to the day’s temperature, by at most 0.0212 standard
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deviations per degree. Third, in 2017–18 women interviewed on hotter days

were less likely to be employed, an imbalance across clusters that leaves the

estimates unchanged when controlled for. Fourth, consent to and completion1430

of the blood-pressure measurement fall slightly on hotter days, by far too lit-

tle to generate the estimates through selection. Fifth, the systolic response

also loads on the temperature of the following fortnight. Sixth, the seven-day

glucose lead does not shrink in the horse race with the exposure day. Sev-

enth, the haemoglobin estimates are imprecise: significant only at the 10%1435

level on the wet bulb, and not after the multiple-testing adjustment. Eighth,

the temperature at the hour of the glucose test, which is also the analyser’s

temperature, carries much of the glucose response. The gradient is as strong

among tests taken within each round’s strictest stated operating range as in

the whole sample, and the previous afternoon’s heat keeps an effect that no1440

analyser can explain, but we cannot exclude temperature sensitivity within

the stated range without calibration records.

We find evidence on the physiological response but not on what follows

from it. The design identifies a same-day state; we observe no mortality,

hospitalisation or clinical diagnosis, and the sample contains no day above1445

36.5◦C. Two questions therefore remain open, and both require following

people rather than measuring them once: what a season of hot days does to

metabolic control, as opposed to what a single hot morning does to a read-

ing; and whether the larger fall in pressure among older adults translates

into the cardiovascular events that heat waves are known to produce (Liu1450
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et al., 2022; Ebi et al., 2021). Two features of the data would sharpen the

estimates themselves. BDHS 2011 records the clock time at which each re-

spondent last ate, so realised fasting duration can be conditioned on in that

round, although 2017–18 records only whether the fast reached eight hours

and 2022 records neither. BDHS 2022 records the clock time of each of the1455

three blood-pressure readings, which supports a within-person design against

the diurnal temperature cycle.

For measurement the implication is direct. A household survey that diag-

noses chronic disease from one reading also records the weather on the day of

the visit, and two rounds fielded in different seasons, or in years of different1460

warmth, differ in their recorded burden for that reason alone. Recording the

date and hour of each measurement, as the BDHS does, makes the thermal

component estimable; reporting prevalence at a common fieldwork temper-

ature, alongside the raw figure, would make it visible to the users of the

series.1465
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