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a b s t r a c t

Previous studies have linked heat waves to adverse health outcomes using ambient temperature as a
proxy for estimating exposure. The goal of the present study was to test a method for determining
personal heat exposure. An occupationally exposed group (urban groundskeepers in Birmingham, AL,
USA N¼21), as well as urban and rural community members from Birmingham, AL (N¼30) or west
central AL (N¼30) wore data logging temperature and light monitors clipped to the shoe for 7 days
during the summer of 2012. We found that a temperature monitor clipped to the shoe provided a
comfortable and feasible method for recording personal heat exposure. Ambient temperature (°C) re-
corded at the nearest weather station was significantly associated with personal heat exposure [β 0.37,
95%CI (0.35, 0.39)], particularly in groundskeepers who spent more of their total time outdoors [β 0.42,
95%CI (0.39, 0.46)]. Factors significantly associated with lower personal heat exposure include reported
time indoors [β �2.02, 95%CI (�2.15, �1.89)], reported income420 K [β �1.05, 95%CI (�1.79, �0.30)],
and measured % body fat [β �0.07, 95%CI (�0.12, �0.02)]. There were significant associations between
income and % body fat with lower indoor and nighttime exposures, but not with outdoor heat exposure,
suggesting modifications of the home thermal environment play an important role in determining
overall heat exposure. Further delineation of the effect of personal characteristics on heat exposure may
help to develop targeted strategies for preventing heat-related illness.

& 2014 Elsevier Inc. All rights reserved.
1. Introduction

Heat-related illness (HRI) is an important cause of morbidity
and mortality in the United States. During 2004-2005, there were
an estimated 10,007 hyperthermia health care visits from Medi-
care beneficiaries (60% of which were in the South), with an es-
timated health care cost of $36 million (Noe et al., 2012). Mino-
rities, particularly Black individuals, are most at risk for hy-
perthermia (Knowlton et al., 2009; Noe et al., 2012). Heat waves
also exacerbate chronic conditions, significantly contributing to
cardiovascular and respiratory mortality and morbidity (Basu,
2009; Reid et al., 2012). In North Carolina, the daily number of
emergency department visits for HRI was estimated to increase by
16 for each 1 °F the temperature rose above 98 °F (Rhea et al.,
2012). In 2012, 809 heat-related illnesses and 6 deaths were
al Health Sciences, School of
(UAB), RPHB 530, 1720 2nd
reported to the Alabama Department of Public Health (ADPH)
(ADPH, 2012). Surprisingly, 80% of the cases are between the ages
of 15 and 59, and 43% were reported as work-related. In addition,
rates of heat-illness were higher in rural counties. However, heat
related illnesses are often not coded and thus may be under-
estimated (Ye et al., 2012). It is unclear how demographic and
behavioral risk factors interact with exposure to determine overall
risk.

Most epidemiological studies that have demonstrated in-
creased mortality and morbidity during heat waves have used
percentile-based exceedances of daily average temperatures de-
rived from nearby weather station datasets as the exposure esti-
mate (Anderson and Bell, 2011; Peng et al., 2011; Reid et al., 2012).
Weather stations provide accurate information on meteorological
conditions within a limited radius from each station and real time
estimates can be communicated to protect the public's health.
However, since individuals spend a limited amount of time in close
proximity to weather stations, they may not represent an in-
dividual's “true” ambient exposure throughout the day, leading to
misclassification in epidemiological analyses. This exposure metric
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provides an imperfect proxy for heat exposure experienced by
individuals because: (1) other weather parameters, including in-
creased humidity, decreased wind speed and increased solar ra-
diation, are known to heighten risk of heat illness (Budd, 2008), (2)
different types of land cover within communities create micro-
climates that can substantially affect heat exposure (Tomlinson
et al., 2011; Zhang et al., 2011), and (3) most individuals move
between a wide range of indoor and outdoor thermal environ-
ments daily. These limitations may result in exposure mis-
classification and possible dilution of any true effects in epide-
miological studies looking to define exposure-response relation-
ships. Exposure misclassification is a well-known issue that has
been addressed with personal monitors in air pollution studies
(Lioy et al., 2011), but has been less explored in the current heat
wave literature.

The research presented herein evaluates the feasibility of per-
sonal heat exposure measurement using a temperature and light
data logger attached to the shoe. We examine differences between
weather station measurements and estimates of personal heat
exposure in urban Birmingham AL and rural West Central Alabama
communities. We also evaluate differences in outdoor, indoor, and
nighttime heat exposure in urban and rural environments and in
an outdoor worker population, and explore the association be-
tween personal characteristics, such as body composition and so-
cioeconomic status, and heat exposure. Finally, since previous
studies have shown the utility of light exposure as a measure of
time outside versus indoors (Cleland et al., 2008, 2010; Schmid
et al., 2013), we examined whether light intensity measurements
are associated with daily log estimates of time spent outdoors.
2. Methods

2.1. Study Populations

Eighty-one participants were recruited in total. Participants
were recruited by community partners Friends of West End
(FOWE) in Birmingham AL (N¼30) and West Central Alabama
Community Health Improvement League (WCACHIL) in West
Central Alabama (N¼30), and represent urban dwelling and rural
participants, respectively. City of Birmingham groundskeepers
(N¼21) were recruited to represent an outdoor worker popula-
tion. Outdoor work was conducted from 6 am to 2 pm Monday-
Friday and included general landscape upkeep (e.g. mowing,
mulch spreading, weeding) of City of Birmingham properties. Re-
cruitment: Flyers and word of mouth identified prospective parti-
cipants. Potential participants were excluded based on medical
conditions or medication use that may limit the time they could
spend outside. Prospective participants were asked to attend a
1.5 hour check-in session where a presentation of the study was
given, the consent process was described and witnessed, a de-
mographic questionnaire was filled out, and physical measure-
ments were taken. All participants who attended the session
decided to participate in the study. This study was reviewed and
approved by the UAB Institutional Review Board (X120513012 and
X120217008).

2.2. Individual exposure measurements: temperature/light monitors

There were 3 weeks of participation confined to the mid-
summer (July 18th-Aug 7th) to limit seasonal variability as much
as possible. Participants were asked to wear a HOBOs Pendant
temperature/light data logger (Onset Corp. UA-002-64) clipped to
their shoes, for 7 consecutive days (Wed-Tues) from July 18 to 24,
July 25 to July 31, or Aug 1 to Aug. 7, 2012. Pendant monitors were
set to record temperature (degrees C) and light intensity (lux) each
minute. Based on manufacturer specifications, monitors can detect
temperatures ranging from �20° to 70 °C with accuracy of 0.47 °C
and resolution of 0.10 °C at 25 °C. Four monitors in the same
controlled temperature indoor location over a 5 day period gave
an average standard deviation between monitor readings of
0.04 °C. Daily activity logs: Participants were also asked to keep a
daily log of activities. Daily log sheets had hourly time increments
where participants were asked to check a box of either indoors or
outdoors, and write a brief line description of their activity and
location.

2.3. Compliance

Participants were called twice during the week to ask if they
were having any trouble wearing the monitors or recording ac-
tivities on the daily log sheets. At the turn-in session, participants
were asked a series of questions relating to comfort and com-
pliance in wearing the monitors.

2.4. Body measurements

Participants’ height and weight and body composition (in-
cluding % body fat), were recorded at the check-in session, using a
fold-up height stick and Befour Inc. Model #PS660 scale, and Ta-
nita BC-553 portable body composition scale, respectively. BMI
was calculated as weight (kg)/ [height (m)]2 (Gallagher et al.,
1996).

2.5. Weather station datasets

To compare personal heat exposure estimates with weather
station datasets, hourly mean, maximum, and minimum tem-
peratures recorded at the Birmingham, AL airport weather station
and Thomasville, AL weather station from July 18 to Aug. 7, 2012
were downloaded from the National Climate Date Center Surface
Data, Hourly Global dataset (DS3505) (http://cdo.ncdc.noaa.gov/).
These weather stations are the closest weather stations to the
urban and rural study populations that record temperatures at
5 min. increments to derive hourly data.

2.6. Data Analysis

Average, maximum, and minimum temperatures and light in-
tensities from data loggers were calculated for each hour to gen-
erate a total of 12,826 person-hours of personal temperature and
light intensity data. Two monitors (1 each from a groundskeeper
and a rural participant) were unable to be read, likely due to da-
mage or malfunction of the monitor. Personal monitors included in
the analyses were examined separately for groundskeepers
(n¼3,147 hours), rural (n¼4,801 hours), and urban (n¼4,878
hours) study samples. Mean temperature distributions were ex-
amined using scatterplots, and data points with temperatures
exceeding 50 °C were considered invalid values and excluded from
analysis (18 person-hours total). Four hours were removed from a
rural participant, 11 and 2 hours were removed from two urban
participants, respectively, and 1 hour was removed from a
groundskeeper. Light intensity measurements were treated as a
continuous variable or were categorized based on four different
cutoffs (200, 500, 1000, 2000 lux) from previous literature asses-
sing the relationship between light intensity levels and time spent
outdoors (Cleland et al., 2008, 2010; Schmid et al., 2013).

The hourly daily log data was matched to the hourly monitor
data based on 3 broad categories: “in transit”, “indoor”, or “out-
door”. If the participant reported traveling in a car or on foot, then
the hour was classified as “in transit”, otherwise the participants’
hour was classified according to the marked indoor/outdoor boxes.

http://cdo.ncdc.noaa.gov/
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Missing hourly descriptions (10.2% (440 of 4299) urban, 3.1% (133
of 4320) rural, and 2.4% (67 of 2757) groundskeeper) were esti-
mated using last observation carried forward, in that the previous
hour's activity was carried forward. Two groundskeepers and two
rural community members were excluded from this analysis due
to inability to read out the monitor data for comparison thus, there
were a total of 11,376 person-hours of data from 19 grounds-
keepers, 30 rural and 28 urban participants. This resulted in 4299,
4320, and 2757 person-hours of matched daily log to monitor data
for urban, rural, and groundskeepers, respectively.

Descriptions of activities on the daily logs were additionally
coded into 14 subcategories including indoor (home, work, visiting
a friend/ relative, Church, store, and other), outdoor (work, re-
creation, visiting a friend/ relative, activities, and shop), and in-
transit (vehicle, walking and work). Subcategories were initially
based on (Basu and Samet, 2002) and were further refined based
on activities commonly reported by participants in the present
study. The authors developed a decision tree to systematically
categorize the daily logs at an hourly level. When more than
2 activities were recorded in an hour, the initial activity was
considered for the hour. In-transit was differentiated into in-
transit in vehicle (for personal commuting and for employment)
and in-transit on foot. Since vehicle in transit time was minimal
and temperatures experienced were similar to indoor time, these
were combined in the final regression analyses. Two urban com-
munity participants and 2 groundskeeper participants were not
included in this microenvironment analysis as less than 50% of
their activity hours were recorded in their daily logs. A total of
9,912 person-hours were available for this more detailed micro-
environment analysis.

Linear mixed models were fitted to determine factors sig-
nificantly associated with personal heat and light exposure across
urban, rural and groundskeeper populations, allowing us to ac-
count for multiple measurements within a single person. For each
model, the dependent variable was either hourly mean tempera-
ture (°C) or hourly light measurement (lux) from the personal data
loggers. Individual level data was matched to weather station data
at the hourly time scale and models included a random effect
term, allowing the intercept to vary for each individual. The overall
model for personal hourly mean temperature takes the form of:

~ β + β + β + β + β

+ β + β + β + β

+ β + + εb

y WS BF AG I[ID]

I[IC] I[ED] I[SX] I[WN]

[GP]

im 0 1 im 2 im 3 im 4 im

5 im 6 im 7 im 8 im

9 im 0m im
where yim is the dependent variable across all measures over time
i (i¼1,2,..,12,826) for all subjects m (m¼1,2…,78), βo is the inter-
cept, and βj (j¼0, 1, …, 9) are the fixed-effects coefficients, b0m are
random effects, and ε is the error term. A compound symmetric
covariance matrix was used to account for correlation among the
random effects. WS is the nearest weather station hourly mean
temperature (°C), BF is % body fat, and AG is age in years. I[ID]im is
the dummy variable representing indoor location with outdoor as
the reference group as marked on the daily log record (marked ei-
ther 1. inside/in-transit or 2. outside), I[IC]im is income category (4
$20,000 vs.o$20,000 reported annual income), I[ED]im is education
(4 high-school diploma vs.rhigh school diploma), and I[SX]im is
sex reported as female, and weekend I[WN] im is weekend versus
weekday. Week was not included in the analysis due to minimal
variability in weather station temperatures across the 3 weeks (daily
average temperatures in Birmingham 26.773.5 °C and Camden
26.373.6 °C). Models were stratified by group (GP) (urban com-
munity, rural community, urban groundskeepers) for examination of
personal heat exposure across urban/rural environment and across
occupationally and non-occupationally exposed groups.
In additional models of personal heat exposure, hourly light
measurements were added to account for the radiant heat cap-
tured by the personal monitors but not at weather station monitor
sites; however, because light and temperature measurements
come from the same monitor, monitor-specific correlations be-
tween light and temperature measurements cannot be ruled out in
these models. To evaluate indoor vs. outdoor vs. nighttime con-
tributions to personal heat, separate models were run for outdoor
and indoor personal heat exposure defined by daily log entries and
nighttime heat exposure (between midnight and 5 AM) as the
dependent variable. Light exposure was also evaluated as a de-
pendent variable. Bivariate correlations between independent and
dependent variables and between independent variables were
evaluated, and since BMI and % body fat were highly correlated,
only % body fat was added in final models. The fitlmematrix
function in MATLAB R2013a was used to evaluate regression
models. No adjustment was made for multiple testing due to the
exploratory nature of the analysis.
3. Results

3.1. Study population characteristics

Personal characteristics of study participants are summarized
in Table 1. Participants recruited from urban and rural community
study areas were similar in demographic characteristics (primarily
low-income, African American women, between 40-60 years of
age). City of Birmingham groundskeeper participants were pri-
marily African American men with slightly higher income levels.
Body Mass Index (BMI) and % body fat were high particularly in
female participants, and 79% of participants were obese (BMI
Z30) and the rates of obesity were similar across the rural and
urban participants. As shown in Table 1, rural participant re-
sidences were on average further away from the nearest weather
station than the urban participant residences.

3.2. Feasibility of method for estimating personal heat exposure

An exit survey was conducted to evaluate comfort, compliance,
and perceived benefits of participation. Using a scale of 1-5, with
5 being very comfortable, most participants (91%) found wearing
the monitor on their shoe was very comfortable and reported the
monitor was not hard to remember to wear (88%); however, fif-
teen participants (19%) reported not remembering to wear their
monitor at least once during the week. Over half of the partici-
pants (58%) reported becoming more aware of the time they spend
indoors and outdoors upon receiving a graph of the output from
the monitor they had worn at the turn-in session. A total of
4 monitors of the 81 were unable to be read. An additional 18
person-hours were removed due to extreme temperature
(450 °C). In terms of daily logs, participants provided detailed
activity information on their hourly logs for an average of 82% of
the total hours (128 out of 156 hours total per participant) (Ta-
ble 2). A total of 9,912 person-hours were available for this more
detailed microenvironment analysis.

3.3. Personal heat exposure compared to nearby weather station
datasets

Figs. 1A and B show average daily temperatures from both the
personal monitors (line) and the nearest weather station (circles),
and indicate that weather station data overestimates average heat
exposure, even for outdoor workers (Fig. 1B). The data also sug-
gests daily maximum temperature exposure from a nearby
weather station may estimate daily maximum temperatures



Table 1
Demographics and measurements for temperature and sunlight exposure study participants in rural SW AL and urban Birmingham, AL during Summer 2012.

Parameter Rural (SW Alabama) Urban
(Birmingham)

Birmingham
groundskeepers

OVERALL
N 30 30 21
Median age (range), years 52 (20, 65) 50.5 (20, 64) 44.5 (24, 57)
Sex
Male 5 (17%) 5 (17%) 18(86%)
Female 25 (83%) 25 (83%) 3(14%)
% Black or African-
American

29 (97%) 27(90%) 19 (90%)

Education
Less than High School
Diploma

2 (7%) 3 (10%) 4 (19%)

High School Diploma (or
GED or Equivalence)

13 (43%) 4 (13%) 7 (33%)

Post-Secondary Certificate 4 (13%) 2 (7%) 2 (10%)
Some College or Associate's
Degree

5 (17%) 17 (57%) 8 (38%)

Bachelor's Degree 1 (3%) 3 (10%) 0 (0%)
Graduate Degree 5 (17%) 1 (3%) 0 (0%)
Income
Less than $20,000 19 (66%) 14 (47%) 5 (24%)
$20,000 to $49,999 8 (28%) 12 (40%) 12 (57%)
$50,000 to $74,999 2 (7%) 0 (0%) 4 (19%)
$75,000 or more 0 (0%) 2 (7%) 0 (0%)
Employment Status
Employed 13(45%) 15 (50%) 21 (100%)
Unemployed 16(55%) 15 (50%) 0 (0%)
Retired 3(10%) 4 (13%) 0 (0%)
Distance (km) between
stationary monitor and
residence (Mean7-
Standard deviation)

58.6 730.0 12.374.3 10.0 75.9

Body measurements med-
ian (range)

BMI 34.9 (23.8-46.3) 32.7 (21.2-50.9) 30.1 (18.4-38.4)
% body fat 44.7 (22-53.7) 41.7 (19.3-55.5) 30.6 (8.2-50.4)
AMONG FEMALES
Median age (range), years 50 (20-65) 51 (20-64) 50 (40-53)
BMI 35.3 (23.8-46.3) 35.0 (21.2-50.9) 36.1 (25.7-36.6)
% body fat 47.0 (27.3-53.7) 44 (26.3-55.5) 44.9(37.8-50.4)
AMONG MALES
Median age (range), years 52 (25-58) 47 (44-62) 44 (24-57)
BMI 32.9 (26.0-36.6) 25.6 (22.4-

28.9)
29.2 (18.3-38.4)

% body fat 31.7 (22-37.7) 23.3 (19.3-31.1) 28.7 (8.2-38.4)

Table 2
Linear mixed model fixed effect predictors of personal heat exposure across all participants, or within urban community member, rural community member, or
groundskeeper participants (Alabama Summer 2012).

All participants β (95% CI) Urban community β (95% CI) Rural community β (95% CI) Groundskeeper participants β (95% CI)

Weather
stationa

0.37 (0.35, 0.39) 0.37 (0.34, 0.39) 0.38(0.36,0.40) 0.42(0.39, 0.46)

Indoorsb �2.02(�2.15,�1.89) �1.97(�2.21,�1.73) �0.87(�1.06,�0.68) �3.48(�3.74,�3.22)
Income420 K �1.05(�1.79,�0.30) �0.88(�2.23, 0.47) �0.28(�1.57, 1.01) �1.96(�3.30,�0.62)
Education4
high school

0.10(�0.65,0.86) 0.83(�0.70, 2.36) �0.41(�1.63, 0.81) �0.19(�1.27, 0.90)

Female �0.13(�1.28, 1.03) �1.60(�4.16, 0.96) �0.28(�2.12,1.56) 0.07(�1.82, 1.96)
Weekend �0.22(�0.34,�0.10) 0.13(�0.07,0.33) �0.14(�0.31,0.03) �0.60(�0.87,�0.34)
Body fat (%) �0.07(�0.12,�0.02) �0.05(�0.15, 0.05) �0.08(�0.17, 0.004) �0.06(�0.12, 0.01)
Age 0.02(�0.01,0.05) �0.01(�0.08,0.05) 0.01(�0.03,0.05) 0.07(0.01,0.13)

a hourly mean ambient temperature recorded at nearest weather station (°C)
b indicated on daily log completed by participants.
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experienced in rural areas (Fig. 1C), but maximum temperatures
experienced by the urban participants were sometimes higher
than those recorded at the nearest weather station (Fig. 1D). Mixed
effects model results suggest mean hourly weather station tem-
perature is significantly associated with personal heat exposure
across all groups, with the magnitude of the association larger
among groundskeepers than for community members (Table 2).
Across all participants, model results predict that heat exposure
increases on average 0.37 °C (95%CI 0.35, 0.39) for each 1 °C in-
crease in temperature recorded at the closest weather station.



Fig. 1. Average (A, B) and maximum (C, D) daily personal heat exposure measurements (lines) compared to temperatures recorded at the closest weather station (circles).
Average daily temperature exposure in 30 urban community members (A). and 21 groundskeepers (B). Maximum daily temperature exposure in 30 rural community
members (C) and 30 urban community members (D). Each participant wore the monitor for 7 days and the study was conducted over a 3 week period during the Summer of
2012 (X axis).

Table 3
Average percentage7standard deviation (number of individuals reporting for that
category) of time spent indoors, outdoors, in transit, and in various micro-
environments according to daily log of participants in rural SWAlabama and urban
Birmingham, AL during Summer 2012.

Urban (Birming-
ham) N¼28

Rural (West
Central AL)
N¼30

Groundskeepers
(Birmingham) N¼19

Count of number of
person hours
recorded

3244 4198 2470

Average count of ac-
tivity hours re-
corded on daily log
per participant

116738(28) 140724
(30)

129729 (19)

Time spent indoors
(%)

71715(28) 73711 (30) 62711 (19)

Time spent outdoors
(%)

19714 (28) 18712 (30) 3178 (19)

Time in�transit (%) 1079 (28) 976 (30) 777 (19)
Microenvironments
Indoor time
Asleepa 25715 (24) 2979 (28) 25710 (15)
Homeb 33711 (28) 34714 (30) 35715 (19)
Work 21712(11) 1478 (9) 576 (13)
Visiting a friend/
relative

473 (12) 372 (15) 373 (5)

Church 373 (10) 473 (18) 475 (4)
Store 272(11) 271 (11) 271 (3)
Other 575(24) 473 (20) 372 (14)
Outdoor time
Work 1279 (4) 11713 (5) 2578 (19)
Recreationc 878 (26) 776 (30) 473 (17)
Visiting a friend/
relative

473 (13) 372 (17) 472 (4)

Activitiesd 574 (20) 676 (25) 473 (7)
Shop 574 (24) 373 (23) 272 (5)
In�transit time
Vehicle 1179 (25) 974 (27) 775 (11)
Walking 373 (6) 171 (6) 9 (1)
Work 1 (1) 7711 (3) 877 (6)

a Sleep is assumed to be indoors; not all participants reported awake vs. asleep
time

b Home includes cooking, eating, tv, but excludes sleep
c Recreation includes sitting on the porch or in the yard
d Activities include exercising, gardening, and caring for animals or children
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Based on these analyses, the weather stations overpredict average
personal heat exposure; however for outdoor workers, the over-
estimation is slightly less (β 0.42 °C (95%CI 0.39,0.46)).

Hourly log data in which participants marked whether they
were indoors or outdoors was used to evaluate factors associated
with indoor and outdoor heat exposure in separate multivariable
models. Of the 67 participants who reported sleep hours, partici-
pants reported being asleep approximately 27% of the total hours,
which averages to approximately 7 hours per night (total hours
includes 7 days and 6 nights). Urban community, rural community,
and urban groundskeeper participants spent on average 71%, 73%,
and 62% of their time indoors, respectively (Table 3). Grounds-
keepers spent more time outdoors (average of 31% of total hours)
than urban or rural community members (19% and 18%, respec-
tively) (Table 3), primarily due to increased work-related outdoor
activities reported by groundskeepers; however, groundskeepers
recorded fewer hours spent in outdoor recreation activities (Ta-
ble 3). Community members reported more hours in transit
compared to groundskeepers.

Weather station temperature was significantly associated with
heat exposure across indoor, outdoor, and nighttime (between
midnight and 5 am) personal exposure estimates, and the mag-
nitude of the association was larger for the outdoor models than
for the indoor and nighttime models (Table 4). Average outdoor
temperatures experienced by groundskeepers (29.4 °C) were
higher than those experienced by urban and rural community
members (28.5 °C, 27.6 °C, respectively) (Fig. 2). Alternatively,
average indoor temperatures experienced by urban community
participants (25.4 °C) and by urban groundskeepers (25.2 °C) were
slightly lower than those experienced by rural participants
(25.8 °C) (Fig. 2).

3.4. Assessment of determinants of heat exposure

Additional covariates are also significantly associated with
personal heat exposure. Participants who reported incomes above
20 K per year had significantly lower heat exposure, as did parti-
cipants with higher % body fat. When participants indicated that
they were indoors on their daily logs, on average they experienced
temperatures 2 °C lower than if they had indicated that they were



Table 4
Linear mixed model fixed effect predictors of personal outdoor, indoor and nighttime heat exposure (Alabama Summer 2012).

Total heat exposure β (95% CI) Outdoor heat ex-
posure β (95% CI)

Indoor heat exposure
β (95% CI)

Nighttime heat ex-
posure β (95% CI)

light exposureb β (95% CI)

Weather station a 0.37(0.35, 0.39) 0.50(0.46, 0.55) 0.35(0.33,0.36) 0.25(0.20, 0.31) 0.12(0.08,0.16)
Indoorsc �2.02(�2.15,�1.89) — — — �4.03(�4.36,�3.71)
Income4$20 Kd �0.90(�1.64,�0.15) �0.49(�1.71, 0.73) �1.19(�2.01,�0.37) �1.45(�2.41,�0.50) �0.02(�0.72,0.75)
Education4 high
school

0.15(�0.60, 0.91) 0.35(�0.88, 1.58) 0.35(�0.48, 1.18) 0.45(�0.52, 1.42) �0.12(�0.87, 0.63)

Female �0.37 (�1.61, 0.87) �0.45(�2.47, 1.57) �0.37(�1.73,0.98) �0.61(�2.20, 0.98) �0.23(�1.46,0.99)
Weekende �0.22(�0.34,�0.10) �0.47(�0.84,�0.11) �0.10(�0.22, 0.02) �0.01(�0.14, 0.13) �0.37(�0.66,�0.07)
Body fat (%) �0.08(�0.13,�0.03) �0.06(�0.14, 0.01) �0.08(�0.13,�0.03) �0.07(�0.13,�0.01) �0.05(�0.09,0.003)
Age 0.02(�0.01, 0.05) �0.05(�0.10,0.004) 0.03(�0.004, 0.06) 0.06(0.02,0.10) �0.01(�0.04, 0.02)
Groundskeepers �0.39(�1.47, 0.69) 0.55(�1.19, 2.29) �0.85(�2.04, 0.34) �0.59(�1.97, 0.80) 0.67(�0.40,1.74)
Rural environment 0.58(�0.23, 1.39) �0.50(�1.83, 0.83) 0.84(�0.04, 1.73) 0.75(�0.28, 1.79) �0.22(�1.02, 0.58)

a hourly mean ambient temperature recorded at nearest weather station (°C)
b hourly light exposure measured in lux (X 103)
c participants marked being indoors on the hourly log
d participant reported a yearly income above $20,000.
e The 2 weekend days versus the five week days participants wore the monitor.
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outdoors. When models were stratified by group, a higher out-
door/indoor differential (3.5 °C) was seen within groundskeeper
versus community member models, and within urban (2.0 °C)
versus rural (0.9 °C) community models (Table 2).

Higher income and % body fat are significantly associated with
lower indoor and nighttime heat exposure (Table 4). Higher BMI
was also significantly associated with lower levels of heat ex-
posure, and % body fat (but not BMI) remained significant in
models with both BMI and % body fat (data not shown). When
separating obese (BMIZ 30) and non-obese participants, outdoor,
indoor and nighttime heat exposure is decreased in obese versus
non-obese participants (Fig. 3). Outdoor heat exposure was lower
on weekends and increasing age was significantly associated with
higher nighttime heat exposure (Table 4). Being a groundskeeper
or rural community member versus an urban community member
was not significantly associated with total, outdoor, indoor or
nighttime heat exposure.

Previous studies have shown the utility of light intensities as a
quantifiable and objective measure of time outside versus indoors
(Cleland et al., 2008, 2010; Schmid et al., 2013). Fig. 4 shows
heightened light exposure captured from the monitor in
Fig. 2. Mean hourly outdoor and indoor heat exposure in urban groundskeeper, urban c
the hourly mean temperatures recorded per participant on the data logging monitor wh
Rural ¼30). Notches represent 95% confidence intervals on median.
groundskeepers compared to other community members on
weekdays. Light intensity measurements were categorized based
on four different cutoffs (200, 500, 1000, 2000 lx) from previous
literature associating light intensity levels with time spent out-
doors (Cleland et al., 2008, 2010; Schmid et al., 2013). Spearman
correlation coefficients calculated between daily log and monitor
light intensity measurements were highly statistically significant,
but correlation coefficients were relatively low (0.39, 0.41, 0.40,
and 0.37 with increasing light intensity cut-offs), suggesting sub-
stantial additional variation in light intensity is likely explained by
factors other than being indoors versus outdoors. Consistent with
this, the regression fit was reduced in heat exposure models in-
cluding light intensity as a potential covariate versus daily log as
the covariate (AIC¼55607 for model including daily log versus
AIC¼61223 with model including light intensity). Results of mixed
effects regression models to evaluate factors associated with light
exposure suggest higher ambient temperature as measured by the
nearest weather station is significantly associated with higher light
exposure and time spent indoors is significantly associated with
lower levels of light exposure (Table 4). In addition, less overall light
exposure was experienced on weekends versus weekdays.
ommunity and rural community participants. The median (25th, 75th percentiles) of
en the daily log was marked outdoor or indoor (Groundskeepers ¼19, Urban ¼28,



Fig. 3. Outdoor, indoor, and nighttime heat exposure in obese (n¼63) and non-obese. (n¼14) participants. The median (25th, 75th percentiles) of the hourly mean tem-
peratures recorded per participant on the data logging monitor when the daily log was marked outdoor or indoor or during nighttime (12 AM to 5 AM) (Groundskeepers
¼19, Urban ¼28, Rural ¼30). Notches represent 95% confidence intervals on median.

Fig. 4. Average daily light exposure in urban (Birmingham, AL-Bham.) and rural
(Southwest AL) community members and Birmingham (Bham) groundskeepers
over the 3 week study period. Shaded areas indicate weekends.
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Heat exposure models that additionally included monitor light
measurements as a predictor were also evaluated since radiant
heat, which is not incorporated into weather station air tem-
perature measurements taken in the shade, would likely increase
personal monitor temperature readings. Higher light exposure is
associated with higher levels of personal heat exposure across all
models (Supplemental Table 1). Interestingly, the magnitude of the
association between heat exposure and light is larger within
community member models versus the groundskeeper model
while the magnitude of the negative association between daily log
indoor indicator and heat exposure was larger in groundskeeper
models versus community member models (Supplemental Ta-
ble 1). This result may reflect the 6 am – 2 pm work-shift of
groundskeepers, hence lower overall light exposure when outdoor
heat is experienced.
4. Discussion

The goal of the present study was to test a methodology for
determining personal heat exposure in an occupationally exposed
group, as well as in urban and rural populations having char-
acteristics previously identified as vulnerability factors for heat
related illness. We found that a temperature monitor clipped to
the shoe provided a comfortable method for recording personal
heat exposure. Ambient temperature recorded at the nearest
weather station was significantly associated with personal heat
exposure, particularly in groundskeepers who spent more of their
total time outdoors. Factors associated with lower heat exposure
include being indoors, reported annual income greater than
$20,000, and higher % body fat. Analysis of outdoor heat exposure,
indoor heat exposure, and nighttime heat exposure showed the
income and % body fat effect was specific to indoor/nighttime heat
exposure, suggesting modifications of the home thermal en-
vironment related to income and body composition play an im-
portant role in determining overall heat exposure. We found that
total heat exposure was lower than what would be predicted by
the nearest weather station, which is consistent with a previous
study examining personal heat exposure in an elderly population
in Baltimore (Basu and Samet, 2002).

Identification of populations vulnerable to heat-related health
risks is critical for climate change adaptation planning and im-
plementation. Several recent studies have highlighted the need for
increasing our understanding of extreme heat events and adap-
tation strategies in rural versus urban areas (Huang et al., 2011;
Knowlton et al., 2007; Reid et al., 2009). Previous studies have
shown that extreme heat events result in excess mortality and
morbidity in urban environments, particularly in the elderly and
poor (Basu, 2009), and that land surface hotspots relate to land
cover, minority populations, and lower socioeconomic status. The
urban heat island effect increases daytime, and particularly
nighttime temperatures in an urban center due to the increased
absorption of heat via buildings and pavement (Smargiassi et al.,
2009). Quinn et al. (2014) quantified the association between
outdoor temperature/humidity and indoor temperature/humidity
recorded in New York apartments during summer months and
predicted between 1.7% and 16% of apartments would exceed
dangerous heat levels during a prolonged heat wave such as the
one experienced in 2006 (Quinn et al., 2014).

Many urban centers now implement heat wave alert systems
and set up air-conditioned centers, which has been associated
with reduced heat-related mortality (Albrecht, 2010), yet these
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prevention strategies are rarely implemented in rural commu-
nities. Although not as well studied, rural communities may have
unique vulnerabilities to extreme heat events as a recent study in
Germany suggests (Tomlinson et al., 2011). Projections of heat-
related health impacts in New York City and the surrounding areas
suggest rural areas may experience a greater percent increase in
heat-related mortality (Knowlton et al., 2007). For example, in-
creased travel time to health care facilities may lead to more se-
vere outcomes (Gabriel and Endlicher, 2011). Occupational risks
may be heightened in rural communities engaged primarily in
outdoor occupations (Nag, 2010).

Limitations of the current study include potential exposure mis-
classification introduced by the different time resolutions when
comparing outdoor and indoor heat exposures determined by using
activity logs and personal monitor measurements. For example,
participants may have checked outdoors even when less than 50% of
the hour was spent outdoors or vice versa, whereas monitor data was
recorded each minute and averaged over each hour. Other potential
issues include differing distances from the nearest weather station
and classifying in-transit vehicle time as indoor as temperatures
experienced were similar to those experienced during indoor time. In
addition, some participants marked outside when they were out of
their residence, but often in stores, restaurants, banks, etc. (Table 2).
Personal monitors recorded total heat exposure, which included ra-
diant heat, likely making comparisons with weather station datasets
less reliable, particularly on sunny days. Also, bias introduced from
participants’ efforts to please researchers, incomplete logs, and for-
getting or misplacing monitors cannot be ruled out. The present
study did not capture skin or core body temperature to assess how
ambient temperatures are associated with physiological changes,
since our goal was the measurement of personal heat exposure
throughout the day across different populations.

Each participant wore their monitor for 7 days, therefore
weather variations across these 3 weeks may have influenced heat
exposure via weather specific behaviors, i.e. if it was raining or
particularly hot participants may have chosen to stay indoors. For
example, Bosdriesz et al. (2012) examined macro-level influencers
on physical activity in 38 countries and found higher temperatures
were associated with less physical activity (Bosdriesz et al., 2012).
Horanont et al. (2013) used GPS tracers with mobile phones to
examine activity patterns of public places visited, duration of visit,
and deviations from the normal patterns correlated with weather
events like rain, wind, and cold (Horanont et al., 2013). In a future
study, utilization of personal monitors with GPS capability may
help to tease apart how specific weather patterns affect behavior
and ultimately heat exposure.

In conclusion, we have reported a feasible method for mea-
suring personal heat exposure. Our results suggest physical char-
acteristics such as % body fat and age, as well as socioeconomic
characteristics may be important determinants of heat exposure.
Results from the present analysis suggest future work examining
adverse health effects related to heat waves may need to address
exposure misclassification by more explicitly accounting for dif-
ferences in when time is spent outdoors and differences in indoor
thermal environments. Use of personal monitors is a feasible
method to conduct such future research.
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