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Empirical social sciences rely heavily on surveys to measure human behavior. Previous studies show that such
data are prone to random errors and systematic biases caused by social desirability, recall challenges, and the
Hawthorne effect. Moreover, collecting high frequency survey data is often impossible, which is important for
outcomes that fluctuate. Innovation in sensor technology might address these challenges. In this study, we use
sensors to describe solar light adoption in Kenya and analyze the extent to which survey data are limited by
systematic and random error. Sensor data reveal that households used lights for about 4 h per day. Frequent
surveyor visits for a random sub-sample increased light use in the short term, but had no long-term effects.
Despite large measurement errors in survey data, self-reported use does not differ from sensor measurements on
average and differences are not correlated with household characteristics. However, mean-reverting measure
ment error stands out: households that used the light a lot tend to underreport, while households that used it little
tend to overreport use. Last, general usage questions provide more accurate information than asking about each
hour of the day. Sensor data can serve as a benchmark to test survey questions and seem especially useful for
small-sample analyses.

1. Introduction
Since the 1980s, advances in research design and analytical tools
have increased the scientific impact and policy relevance of applied
microeconomics, which Angrist and Pischke (2010) called a “credibility
revolution.” The increased use of natural experiments and randomized
controlled trials (RCTs) were of particular importance to this develop
ment (Duflo et al., 2008; Angrist and Pischke, 2010). Alongside this
trend, there has been an increase in the collection of household-level
survey data. While methodological advances have been remarkable,
much of the research in applied microeconomics in low-income coun
tries still relies heavily on self-reported survey data, which are prone to
measurement errors and can be expensive to collect. In pursuit of ways
to mitigate measurement errors in survey data and thanks to recent
technological breakthroughs, social scientists have started to turn to
entirely new types of data, such as satellite imagery, cortisol stress tests,
cell phone network data, and sensors, as a means of complementing
self-reported survey data and, hopefully, improving the accuracy and
precision of measurements. In this paper, we analyze how sensor data

compares to household survey data on technology adoption, in this case,
solar light usage in rural Kenya.
Some of the most discussed challenges associated with self-reported
survey data in development economics include social desirability bias
(e.g., Bertrand and Mullainathan, 2001; Zwane et al., 2011), sampling
bias (e.g., Mathiowetz and Groves, 1985; Bardasi et al., 2011; Serneels
et al., 2016) and the Hawthorne effect (e.g., Zwane et al., 2011; Smits
and Günther, 2018).1 Furthermore, several social science studies find
that respondents whose true values are large tend to underreport, while
those whose true values are small tend to overreport, leading to
mean-reverting measurement error, which has been observed in the
reporting of labor market outcomes (Bound and Krueger, 1991; Bound
et al., 1994; Pischke, 1995; Bound et al., 2001; Bonggeun and Solon,
2005), Body Mass Index (O’Neill and Sweetman, 2012), educational
attainment (Kane et al., 1999), and in a study on consumption in
developing countries (Gibson et al., 2015). All of these problems can
create systematic errors and thus, reduce measurement accuracy and
bias regression coefficients in econometric analysis. In experiments,
these errors are particularly problematic if they have varying effects
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across treatment groups. In addition, respondents may simply recall
answers incorrectly (Bertrand and Mullainathan, 2001; Beaman et al.,
2014). Such recall errors seem to increase as time between the event or
behavior and the survey passes. But even if the time between an event
and a survey is short, data might still be noisy for anything that fluc
tuates substantially over time (e.g., incidents of diarrhea), even if the
population mean is accurately estimated. In many cases, collecting high
frequency data for such events is nearly impossible because it is often
intrusive, expensive, and logistically challenging. These sources of
random error do not necessarily lead to systematic error, however, if the
dependent variable is affected, these errors can reduce the precision of
estimates. If the explanatory variables are affected, this can lead to an
attenuation of coefficients towards zero. Hence, random errors reduce
the chances of detecting an effect of a new policy or technology or
identifying differences between sub-groups. Moreover, these errors can
still lead to systematic biases if they are more pronounced for certain
sub-groups. Loken and Gelman (2017) even argue that random mea
surement errors can increase the chances of finding spurious correla
tions in small samples.
Recognizing these challenges, development economists have begun
comparing different types of survey questions and methods. Typically,
these studies aim to measure the extent of the problem and to optimize
survey tools. A number of studies analyze recall biases in surveys. For
example, Das et al. (2012) and Beegle et al. (2012) study the optimal
length of recall times, while others compare recall answers with diaries
(Deaton and Grosh, 2000; De Mel et al., 2009) or analyze whether asking
aggregated questions versus disaggregated questions leads to more ac
curate and precise estimates (Grosh and Glewwe, 2000; Daniels, 2001;
De Mel et al., 2009; Arthi et al., 2016; Serneels et al., 2016; Seymour
et al., 2017). These studies, however, often compare different types of
self-reported data to each other or they compare self-reported survey
data with administrative records. Thus, they tend to rely on benchmarks
whose accuracy is also unclear.
Prices for sensor technology have dropped significantly in recent
years and more “off-the-shelf” solutions have become available (IPA,
2016; Pillarisetti et al., 2017), meaning sensors can now be used to
collect data in studies with larger sample sizes. Although sensors present
a different set of potential measurement limitations (e.g., technological
failure, see Section 2.3 for more details), they provide new opportunities
for researchers to avoid some of the problems posed by survey data and
represent a new benchmark for survey data. Sensors are particularly
suitable for studying the adoption of new technologies to improve the
lives of poor households, such as water filters, cookstoves, or, in our
case, solar lights. The use of such technologies cannot be measured with
remote sensing data as they are frequently used within the house. Other
feasible measurement technologies, such as video footage, are very
invasive. In contrast, sensors can be easily attached to household devices
without interfering with use.
In this study, we use data from 220 sensors2 and a corresponding
household survey to describe patterns of small, solar light usage, that
households received for free or had the opportunity to purchase (August
2015–March 2016).3 Sensors logged whenever the solar light was
switched on or off, providing high frequency usage data for households
across the study period. As Rom and Günther (2019) show, switching to
renewable energy sources and more energy efficient appliances can have
important health and environmental benefits, however, households only
realize these benefits if they actually use the solar light and reduce the

use of kerosene accordingly. Even very promising technology can fail to
be effective because it is simply not used (e.g., Hanna et al., 2016).
Therefore, it is crucial to get an accurate understanding of households’
solar light use patterns to estimate the effect of this technology.
We compare sensor data with survey data, interviewing two different
household members from each household. The interviews included both
detailed (time diary) and global household questions about solar light
use, allowing us to learn about social desirability bias, selection bias,
mean-reverting measurement error, and random error in survey data. In
addition, our experimental set-up allows us to get an indication of the
magnitude of the Hawthorne effect, since the survey team visited a
random sub-sample of respondents more frequently during the first two
months of the study.
The main findings of our study are first, that — according to sensor
data — households use the solar light for 3.9 hours per day, on average.
About 60% of households use the solar light every single day. In contrast
to much of the literature using sensors to study technology adoption in
developing countries, we do not find systematic overreporting of usage:
the averages of survey data and sensor data look fairly similar. However,
consistent with mean-reverting measurement error, we find that
households that hardly used the solar light tend to overreport use.
Households that use the solar lights frequently, on the other hand, tend
to underreport use. Third, we find that more frequent household visits
from surveyors increased use of solar lights initially, but had no effect in
the long run when visits stopped. Hence, the Hawthorne effect only
biased use in the short term. Fourth, at the household level, there is little
correlation between the daily light use estimated with diary questions
and the sensor data, while the correlation is higher when using total
estimates of household usage for the previous day. Finally, increased
precision of the sensor data allows us to see usage patterns of sub-groups
more clearly in comparison to survey data. Sensor data reveal that
poorer households tend to use solar lights more often.
Our paper is related to the small, but burgeoning body of research
that uses sensor data to understand technology adoption in low- and
middle-income countries. Some of these studies also compare sensor
data to survey data, in particular, studies measuring cookstove use
(Ruiz-Mercado et al., 2013; Thomas et al., 2013; Wilson et al., 2016;
Ramanathan et al., 2016; Piedrahita et al., 2016).4 In contrast to our
findings, all but one of the studies (Piedrahita et al., 2016) find little
correlation between self-reported use of cookstoves and sensor data and
suggest that survey data significantly overestimate cookstove adoption.
It is likely that respondents overreport cookstove use because they think
the adoption of the new technology is socially “desired” given that using
it has positive externalities.5 Our study may differ from this literature

4
In a field experiment in Guatemala, Ruiz-Mercado et al. (2013) used stove
use monitors to study the use of improved cookstoves for 32 months. Wilson
et al. (2016) studied cookstoves in Darfur for 1–3 months. Ramanathan et al.
(2016) studied usage in rural India for 17 months. Piedrahita et al. (2016)
studied cookstove stacking by monitoring multiple cookstoves with sensors and
survey data in Northern Ghana for 12 months. In a field study in Rwanda,
Thomas et al. (2013) compared reported usage of cookstoves from monthly
surveys with sensor data from the same respondents over the course of five
months. These studies on improved cookstoves seem highly relevant for com
parison for a number of reasons. First, cooking and lighting typically represent
the most urgent energy needs of rural households in low-income settings.
Second, similar to solar lights, improved cookstoves currently receive a lot
attention from international donors and policy makers: the hope is that these
technologies can improve human health and reduce environmentally damaging
emissions. Finally, the effectiveness of both technologies depends to a large
extent on whether households replace the use of the “old” technology (i.e., the
old cookstove or kerosene lanterns) with the “new” technology (i.e., an
improved cookstove or solar lamps).
5
Examples of other socially-desired technologies include water filters
(Thomas et al., 2013), latrines (Garn et al., 2017; Gautam, 2017), vaccines
(Banerjee et al., 2010), and bed nets (Cohen and Dupas, 2010).

2
IPA (2016) defines a sensor as a “device used to measure a characteristic of
its environment— and then return an easily interpretable output, such as a
sound or an optical signal. Sensors can be relatively simple (e.g., compasses,
thermometers) or more complex (e.g., seismometers, biosensors).”
3
The full study was ten months long, however, here we present eight months
worth of sensor data, since August is the first month in which every household
had the solar light for a full month.
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because we observed much higher rates of solar light adoption than the
cookstove adoption reported by these studies and because cookstoves
tend to be used by particular household members at specific times of
day, whereas solar lights could feasibly be used by all household
members at any time of day.
In this context, our findings have a number of implications for survey
and sensor measurements. First, the added value of sensors seems to be
particularly high when technological devices are used by several people
within the household and when biases in survey data are expected to be
large. For the case of household technology adoption, our results along
with previous studies imply that social desirability bias seems to be a
challenge for technologies that require behavioral change (cookstoves),
while mean-reverting error is a challenge for technologies that are
adopted quickly. Sensors also complement survey data well when high
frequency data adds a lot of value or when precise estimates are needed
to answer the research question, such as if the sample size is small or
sub-group analysis is important.
Second, for surveys, our data suggest that asking about global use
estimates provides more accurate results than asking two household
members about their individual use throughout the day (time diary) and
combining them. Thus, while time diary questions are relevant for un
derstanding use patterns over the course of the entire day, they do not
seem to be ideal for understanding global use of a device that is shared
by many household members. Third, we find that frequent interactions
with field staff can temporarily increase use of new technologies, sug
gesting that researchers need to think carefully about how interactions
with the field staff could bias results and, if this is a concern, find ways to
measure these surveyor effects.
Finally, sensor attrition raises important questions about whether
attrition is correlated with usage, however, we do not find clear evi
dence that this is the case. Due to sensor attrition, we focus most of our
analysis on measurements taken in the first month.6 Beyond taking steps
to minimize attrition (e.g., thorough pilot testing), studies using sensors
may require adaptive protocols that account for sensor attrition or
malfunction of the studied technology.
The remainder of this paper is structured as follows. The next section
describes the research setting, a solar light intervention in rural Kenya, and
the sensor and survey data used to measure solar light adoption. Section 3
describes solar light usage patterns using the sensor data. Section 4 com
pares sensor data with survey data and studies to what extent survey data
might be limited by social desirability bias, mean-reverting error, sam
pling bias, and random measurement error linked to recall errors when
analyzing household technology adoption. Section 5 concludes.

$7), and 200 households at 400 KES (US $4). In each household, we
surveyed the respective student and that student’s caretaker.
Half of the households that received a free solar light were given a
Sun King Eco and half received a Sun King Mobile light (see Appendix A,
Figs. A.1 and A.2 for pictures), both manufactured by Greenlight Planet
and quality assured by Lighting Global, a joint initiative of the World
Bank and the International Finance Cooperation. At the time of the
study, the Sun King Eco sold for US $9 in Kenya and the Sun King Mobile
for US $24. The lights require between five and eight hours to fully
charge. According to tests conducted by Lighting Global, the Sun King
Eco provides light for 5.8 hours when used at its maximum brightness of
32 lumens. The Sun King Mobile can be used for 5.4 hours on its
brightest mode (98 lumens) and can also charge a mobile phone
(Lighting Global, 2015; Greenlight Planet, 2016). The lights last longer if
used at lower lumen levels (the lights have three brightness modes) and
for a shorter period of time if they are also used to charge a mobile
phone. For comparison, a simple tin lamp, which is what was used most
often for indoor light in our sample, provides around 7.8 lumens and a
kerosene lantern provides 45 lumens (Mills, 2003). Thus, both types of
solar lights provide much stronger light than the tin lamp if used at their
maximum brightness.7 The 610 households that randomly received a
voucher to purchase a solar light were all offered the opportunity to buy
the Sun King Eco model.
Households were encouraged not to give away or sell their solar lamp
to other households. To understand if this was a problem, when sur
veyors visited households 3–4 months into the study for the second
sensor data collection (see the project timeline in Fig. 1), they asked to
see the solar light. Only 3.6% of respondents were not able to show their
solar lights. Of the 400 solar lights that were distributed for free to
households in June and July 2015, 164 were equipped with a sensor that
measured usage. Households only learned about the sensors when we
asked for permission to download their data for the first time in July
2015 (see Fig. 1), which was a few weeks after the baseline survey. The
research team only accessed the data if the respondent gave permission
for them to do so. All households gave us permission to download the
data. Of the 130 solar lights that were sold to households in June and
July 2015 at either 900 KES (US $9) or 700 KES (US $7), a sub-sample of
56 solar lights was equipped with a sensor that collected data.8 Thus, in
total, we had 220 solar lights equipped with a functioning sensor (see
Section 2.1). A random sub-sample of those 220 lights with a sensor
(37.1%) were subject to around five additional household visits in
August 2015. Other studies have found that more frequent interactions
between households and surveyors led to increased use (Zwane et al.,
2011; Wilson et al., 2016). We use the variation in visits in our study to
also analyze whether additional household visits led to more solar light
use.

2. Study design and data
The sensors used in this paper are part of a larger randomized
controlled trial (RCT) conducted between June 2015 and March 2016 in
two sub-counties in Busia, western Kenya. The sample contained 1,410
randomly selected households from a random sample of 20 schools (i.e.,
70 households per school). To enter the pool of potential households, a
household had to have a student in class five, six, or seven in one of the
20 randomly selected schools. Randomization into different treatments
was conducted at the household level and stratified at the school level.
In total, 400 households were randomly assigned to the control group,
400 received a solar light for free, and 209 households received an offer
to buy a solar light at 900 KES (US $9), 201 households at 700 KES (US

Fig. 1. Project timeline.

6
6.8% of sensors stopped functioning within the first month of the study and
37.7% before the end of the eight-month study period (for comparison, survey
response attrition at the end of the study was 5.9% for adults and 9.1% for
pupils). It was difficult to confirm why sensors stopped functioning without
potentially damaging a respondent’s light, however, we know the most likely
reasons for attrition are that the sensor simply malfunctioned or the light broke
and disabled the sensor.

7

In the analysis we combined both types of solar lights as we did not observe
significant differences in usage patterns.
8
A total of 610 households received an offer to buy a lamp, but only 274
bought one. Out of these, 130 were sold at either 900 KES (US $9) or 700 KES
(US $7) and the remaining 144 were sold at 400 KES (US $4).
3
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In the beginning of our study, only 4.2% of the sampled households
had access to some form of electricity, with only 1.4% of households
connected to the grid, 1.1% with access to a solar home system, 1.5%
with access to a car battery, and 0.1% with access to a generator. Most of
these households were using the respective electricity source for their
radio (80.0%), for lighting (72.0%) or to charge their mobile phones
(65.4%). Just under a third of people with access to electricity used it to
watch TV. No one had a refrigerator and no one used the energy source
for activities that are potentially income generating, such as sewing,
water pumping, or irrigation. Most households (88.4%) relied on small
locally produced kerosene lights (tin lanterns) for lighting, while others
used larger kerosene lanterns (5.3%) or solar lights (3.8%) as their
primary lighting source. On average, a household owned 2.1 tin lamps
and only 6.5% owned a solar light at baseline. Every household that used
grid electricity also used at least one other source of lighting — probably
a reaction to the frequent blackouts in the study region. Moreover,
households in our sample were generally large (more than six household
members) and very poor, with 84% living on earth floors and 62%
frequently having to cut meals (see Appendix B, Table B.1).

working. While, unfortunately, we cannot deduce from the sensor data
which of these issues occurred, 29 of the 68 households with a sensor
that stopped working before the end of the study indicated during the
endline survey that their solar light stopped working, while 39 indicated
that the solar light still worked. This sensor attrition rate of 30.1% is
similar to the failure rate Thomas et al. (2013) observed with sensors
applied to monitor water filter use, but higher than the sensors they used
for cookstoves (18%) and also higher than what Wilson et al. (2016) and
Ruiz-Mercado et al. (2013) found in their study with 17% and 10%,
respectively. It is possible that the point in time at which the sensor
stopped working is correlated with usage. On the one hand, it could be
that some sensors may have stopped working because the solar light was
not used for a number of consecutive days. On the other hand, it is also
likely that solar lights that are used more intensively tend to break more
often. However, if, for every month of the study, we compare the usage
of lights that broke in the previous month with lights that did not break,
the coefficients go in different directions (see Appendix B, Table B.2).
Therefore, it does not seem that one effect dominates the other. We also
looked at correlates of sensor attrition before the end of the first month
(August) and before the end of the study (Appendix B, Table B.3 and
B.4). While most household characteristics were uncorrelated with
sensor attrition, sensors in larger households and sensors in households
without access to modern energy were slightly more likely to stop
working. For these reasons, it is possible that we under- or overestimate
usage when using data from the end of the study. To avoid possible
biases in sensor measurements, we focus most of our analysis in Section
3 and 4 on the first month of sensor data collection only, when 93.2% of
the sensors were still working by the end of the month. We replaced data
points with missing values once the sensor stopped logging data. In this
sense, all results should be interpreted as “usage conditional on the
lights functioning.”
For the sensor data, we report the following measures of average
daily solar light use:

2.1. Sensor data
We used Bluetooth-enabled Solar Lamp Usage Monitors (referred to
as sensors or solar sensors throughout this paper) to determine when the
lamp was in use by measuring the change in voltage of the solar lamp’s
light emitting diode (LED).9 The sensor was installed by soldering the
sensor to the circuit board inside the light. Using smartphones enabled
with Bluetooth and an iPhone application (“Lamplogger”), field officers
visited households and wirelessly uploaded data directly from the sensor
to the phone. Respondents first became aware their light had a sensor
installed inside it about one month after they received the light, when
our field team visited to collect data for the first time (see Fig. 1). The
sensors, along with the iPhone application, were specifically developed
for this study. The data on the sensors could only be accessed via this
specific iPhone application. It was, therefore, impossible for households
to download or check their own usage data. Since the use of sensors in
field experiments is still relatively new and other researchers may find
themselves in a similar situation to ours, we share a few key lessons
learned about implementing and managing sensor technology in the
field in Section 2.3 and in Appendix C.
Field team members visited households to collect sensor data in July
2015, between September and October 2015, and between February and
March 2016; hence, about one month, three months, and seven months
after light distribution, respectively (see Fig. 1).10 We have sensor data
for a total of 220 households for at least part of the eight-month study
period. However, by the endline survey (February–March 2016), around
a third of sensors had stopped recording data, such that we were left
with 147 sensors (see also Appendix A, Fig. A.3).11 Sensor attrition can
have several reasons. First, we were not able to find five households with
sensors during endline data collection. For the remaining 68 sensors, the
sensors stopped recording data either because the battery died, the
sensor was faulty (manufacturing error), or the solar light stopped

∙ Entire Study (all): recorded average use by day and sensors, no
matter how long they worked (N = 220). Data were used from all the
days for which we have data. Once a sensor stopped working the
remaining days were coded as missing. Months included: August
2015–March 2016. Variable: Sens (All)
∙ Entire Study (worked entire study): sensors that worked until the end
of the study (N = 147). Data were used from all the days for which we
have data. Months included: August 2015–March 2016. Variable:
Sens (All) worked until End
∙ First Month (all): recorded average use by day and sensors, no matter
how long they worked (N = 220). Data were used from the first month
of the study. Once a sensor stopped working the remaining days were
coded as missing. Month included: August 2015. Variable: Sens (Aug)
∙ Previous Day: sensors that worked until the end of the study (N =
147). Data were used from the day before endline data collection.
Days include: Varying days in February and March 2016, depending
on the day the endline was conducted in each household. This
measurement is used to compare sensor to survey data in Section 4,
since we asked about solar light use on the previous day in the sur
vey. Variable: Sens (Yest.)
Sensors tracked when the solar lights were turned on and off. Based
on this information, we calculated the total number of minutes a solar
light was used on any given day of the study. Independent of the mea
sure used, we first calculated average daily use by sensor, meaning that
we always weight each sensor equally, regardless of the number of days
of data we have.

9
Sensors were developed by Bonsai Systems: https://www.bonsai-systems.
com.
10
We collected data multiple times throughout the course of the study in
order to check on sensor attrition and other technical problems. In theory,
however, we could have collected data only once at the end of the study and
retrieved the exact same data. Please note that the fact that we present here four
types of measurements and that we have four instances of data collection is
purely a coincidence.
11
We ended the study slightly before the end of March when there were still
147 surviving sensors. The figure in Appendix A shows the total number of
working sensors at the end of March, hence, why the totals are slightly
different.

2.2. Survey data
The survey data refers to the endline survey, which was conducted
between February and March 2016 (see Fig. 1) and contained, among
4
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others, questions about household light use habits (the full survey is
available from the authors upon request).
Information about solar light use came from two separate questions:

2.3. Advantages and disadvantages of sensor data
Sensors and the data they collect can have several advantages over
survey data, allowing researchers to collect high frequency information
about the use of a technology over an extended time period. Such in
formation is usually very time consuming and intrusive to collect with
surveys, especially if a technological device is used by several people,
who all need to be individually and repeatedly asked about the timing of
their usage. For example, in our case, the adults we interviewed simply
might not know whether their children used the solar light at night. One
would have to separately ask all household members to get the full
picture. In addition, asking respondents about events or behaviors that
lie in the past might lead to very noisy and perhaps even biased results.
Sensors, though not susceptible to random measurement error,
sampling error, Hawthorne effects, mean-reverting error or social
desirability bias, have their own limitations. One limitation of the sen
sors used in this study is that they cannot distinguish between users, so
inequality in technology access within the household cannot be esti
mated. In addition, when sensors stop recording events, it is not always
possible to understand what went wrong. For example, it is not easy to
determine if the source of the problem is the light not being used, the
light malfunctioning, or the sensor malfunctioning. In addition, once a
sensor breaks, nothing more can be said about use of the solar lights over
the period of time for which data is missing, whereas survey data can
still be collected even if the sensor breaks. There is also a higher risk of
data loss when using sensors that cannot be tracked remotely. In the case
of our sensors, if the sensor broke between two data collection rounds
any data not already collected was lost.
Finally, researchers might underestimate the trade-offs between
sample size and study duration on the one hand and data collection and
management costs on the other hand. First, while sensors are a more
cost-efficient means of studying frequent behavior over longer study
durations, current sensor technology, at least, is not yet useable in
studies with very large sample sizes. Second, while the data collection
itself is much cheaper when compared with survey data collection,
managing sensors and solving problems that affect many households
over a long period of time is costly. Managing sensors and trouble
shooting problems requires considerable management and field staff
time and sometimes necessitates more visits to the sensor than planned,
increasing concerns about the Hawthorne effect. Field staff also need
considerable extra training on handling sensors and a technician is often
needed. More lessons learned for researchers on how to manage sensors
for data collection can be found in Appendix C.

∙ Detailed Questions (see Appendix D): a separate battery of questions
asked each individual about their activities and light use12 for halfhour long time slots between 3 a.m. and 7 a.m. and between 6 p.
m. and 11 p.m. of the previous day (9 hours total), corresponding to
nighttime (dark) hours in Kenya. We faced a trade-off between level
of detail (including daytime hours) and survey length. Ultimately, we
only asked for the most detailed information about light usage at
night in order to limit both financial costs and the opportunity cost to
respondents in terms of patience and attentiveness (N = 215 for
adults, N = 205 for children). From these questions we created two
variables:
– We created a dummy indicating whether the adult used the solar
light during each time slot in the time use section and then
aggregated all relevant time slots to get the total number of hours
used. Variable: Surv (Detail) Adult13
– We created a dummy indicating whether either the adult or the
child or both used the solar light during each time slot in the time
use section and then aggregated all relevant time slots to get the
total number of hours used by one or both of the respondents.
Variable: Surv (Detail)
∙ Aggregated Question (see Appendix D): one question asked the adult
respondent for an estimate of total solar lighting used by the
household on the previous day (N = 161). This question was only
asked if the respondent indicated that they had a functioning solar
light. Variable: Surv (Aggr.)
It is important to note that a respondent was only asked the Aggre
gated Question if they indicated that “any of their solar lights still
works,” due to a skip pattern in our survey instrument. A total of 53
households reported that their solar light did not work, however, of
these 53 households, 21 (40%) still had a working solar light and had,
according to the sensor data, used it the previous day, suggesting that
either they did not understand the question, did not know that their light
still worked, or intentionally deceived the surveyors.14 Thus, we only
have an answer to the Aggregated Question from 161 of the households
with sensor data.
The Detailed Questions were not affected by this skip pattern, as we
asked these questions of both adults and pupils as part of the time use
section of the survey, thus all households were asked. In this section, it
was not obvious to the respondent that the questions were about use of
solar lights as the focus was on their activities for each half-hour of the
day. The Aggregated Question was asked towards the end of the survey
as part of a module on solar light use. We placed the questions about
solar lights later in the survey to avoid priming respondents for the other
sections of the survey.

3. Use of solar lights
Sensors can provide detailed information on how usage of a tech
nology varies throughout the day, the week, the month, and the year. As
discussed in Section 2.1, we focus on results from the first full month of
the study (August 2015) for the analysis of solar light use, since about
93% of the sensors worked through August, whereas by March 2016, an
additional 13.6 sensors had dropped out each month on average (see
Appendix A, Fig. A.3). That said, results for the entire study period are
very similar to results from the month of August (results for the entire
study period are available from the authors upon request).

12
Options: Electricity-powered lighting, Solar home system powered lighting,
Tin Lamp, Kerosene lantern/Hurricane, Fire, Wood, Battery-powered torch/
lantern, Candle, Solar lantern/solar torch, Pressurized Kerosene Lantern, Other
rechargeable lantern, Cell phone light, No lighting used, Matchsticks, Other.
13
We used the following equation to calculate use:
∑T
I{xt = used solarlight}
y(x) = t=1
(1)
2

3.1. Solar lights are used frequently, mostly between 7:30 p.m. - 8:30 p.m
Households used the solar light on average 6.4 out of seven weekdays
and 58.6% of households used the solar light on every single day of the
study. Households used the solar light for 3.86 hours per day and 71% of
households used the solar lights between two and five hours per day (see
Fig. 2 and Table 2, Row 3). Daily use across the entire study period is
actually slightly higher (4.07 hours per day), possibly since schools were
still closed during the first two months of the study (Table 2, Row 1).
There are only nine households (4% of all households with sensors) who

where x are half-hour slots between 3 a.m. and 7 a.m. in the morning and
6 p.m. and 11 p.m. in the evening of the previous day with t = 1,2, …, T
and T = 18. y can hence take values between 0 and 9.
14
According to sensor data, households which indicated that at least one of
their solar lights worked during endline did not use their solar lights for
different amounts of time per day than households that said that none of their
solar lights worked.
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used the solar light for less than one hour per day on average (Fig. 2).
These findings of high rates of solar light usage across all households
contrast with recent findings about improved cookstoves. Wilson et al.
(2016), for example, find that 29% of households hardly used the
technology.15
As explained in Section 2.3, sensors allow researchers to collect high
frequency data. Fig. 3 shows the share of solar lights that were used,
reported in half-hour slots, averaged over all days of the first month of
the study. We created a dummy for every half-hour slot, which equals
one if the solar light was used for more than 15 min in a row during that
half hour and zero otherwise. We then calculated, for each sensor, the
percentage of days that the light was on (as a percentage of all days that
the sensor worked in August) and used this information to calculate the
average across all sensors. We find that households mostly use the solar
light during evening hours. The half-hour intervals when most solar
lights (81.94%) were switched on was between 7:30 p.m. and 8:30 p.m.,
which is right after sunset in Kenya. As expected, there is also a peak,
albeit a smaller one, during morning hours, in particular between 6:00 a.
m. and 6:30 a.m. Interestingly, between 15% and 20% of households
also have the solar lights switched on during nighttime hours. Anecdotal
evidence suggests that, among other reasons, some use the solar light as
a security light during the whole night or when they get up to use the
restroom or check on their cattle. As expected, use is lowest during the
day — only 1.05% used them during the daytime (between 9:00 a.m.
and 5:00 p.m., see Fig. 3).
On average, households switched the light on and off 4.74 times per
day (SD 3.35) with each on/off event lasting an average of 50.71 mi
nutes (SD 93.32); 50% of all use events were shorter than 12 minutes. In
theory, households could leave the solar lights on all the time, also
during charging, which would make sensor measurements meaningless.
However, there are only 11 households that used it for more than 8
hours per day over the study period. Checking when these households
used the light, we see that these high-usage households used the lights
more during the night, and not during the day.

beginning of the study (during August 2015, see Fig. 1). More frequent
visits did increase use in August 2015, however, this difference dis
appeared quickly thereafter — already in the second month of the study,
when visits stopped (Table 1). Different mechanisms might explain this
difference: respondents might have felt more observed and used the
novel product more as a result (Leonard and Masatu, 2006; Clasen et al.,
2012), the visits may have made the product more salient, i.e., reminded
respondents of the product (Zwane et al., 2011; Smits and Günther,
2018), or the surveyors might have accelerated learning about the
product.
4. Comparing survey and sensor data
In this section, we analyze whether estimates of technology use based
on survey data differ from those obtained from sensor data (Section 4.1).
Moreover, we test several hypotheses that have been intensively discussed
in the literature that deal with bias in survey data (Section 4.1-4.3). Lastly,
we analyze whether sensor data, which measure technology use with
higher precision, allow us to detect differences across sub-groups or
experimental treatments with smaller sample sizes (Section 4.4).
4.1. Averages from sensor and survey data are similar
Comparing the three different survey measures (see Section 2.2) with
the four sensor measures (see Section 2.1), we find that the averages
from the sensor data and from the survey data are relatively similar
(Table 2). If anything, survey data suggest a slightly lower use of solar
lights than sensor data (see also Table 6 and Section 4.3). This finding
stands in contrast to most of the recent literature (Thomas et al., 2013 or
Wilson et al., 2016, for example) studying the use of improved cook
stoves with sensor and survey data, which finds that respondents tend to
overreport use on average. There are, however, two important differ
ences between our study and previous work. Namely that, in our case,
adoption of solar lights was high (see Section 3.1), while adoption of
improved cookstoves was typically low. Moreover, the solar light is a
technological device being used by many household members, whereas
a cookstove is typically only used by a few.
A second interesting finding is that all sensor measures — whether
looking at the first month, the entire study period, or yesterday — reveal
very similar solar light usage (differences in means are not statistically
different from each other at the 5 percent level). Hence, solar light usage
does not seem to fluctuate much over time (see also Appendix B,
Table B.5) and attrition of sensors (see Section 2.1) does not seem to be
correlated with high or low usage. This result also indicates that asking
survey questions about the previous day would, in theory, be a good
estimate of a specific household’s average solar light use: unit-level
survey estimates from the previous day should not diverge largely
from sensor measurement averages over a longer time period (as would
be the case, for example, for diarrhea estimates).

3.2. Usage does not vary across months, but is lower on weekends
Sensors can also be used to study changes in use over time. House
holds might increase use of a product as they learn about its advantages
or develop a habit of using it. Households might decrease use if they
discover unexpected disadvantages or if their excitement over the nov
elty of the product wears off over time. Use could also vary with the
schooling or agricultural schedule. Fig. 4 shows use over the eight
months of the study period for the 147 solar lights for which we have
data until the end of the study. Use was slightly lower in August and
September, but none of the differences are statistically significant (Ap
pendix B, Table B.5). This pattern could be linked to the fact that schools
were closed in August, due to holidays, and in September, due to a
teacher strike. However, as explained in Section 2.1, around one third of
the sensors did not survive until the end of the eight-month study and we
do not know how use would have evolved amongst those households
whose lights/sensors did not survive. There is no clear pattern indicating
whether sensors in high-usage solar lights were more likely to stop
recording data than sensors of low-usage solar lights (see Appendix B,
Table B.2). Fig. 4 also breaks down usage by day of the week. We observe
that solar lights are used less on the weekend. This difference is statis
tically significant at the 5% level (Appendix B, Table B.6).

4.2. Frequent users underreport, infrequent users overreport
Even if averages of sensor and survey data are similar, systematic
measurement error can still exist if measurement error is correlated with
household characteristics that cancel out at the mean or if meanreverting measurement error is present. Mean-reverting measurement
error means that measurement error is negatively correlated with the
true value (Bound and Krueger, 1991). Fig. A.4 in Appendix A indicates
that households that hardly use the solar light tend to overreport use
(difference between sensor measurement and survey measurement is
negative), while households that use the solar light a lot tend to un
derreport use (difference between sensor measurement and survey
measurement is positive). This so-called mean-reverting measurement
error has also been shown by Gibson et al. (2015) for consumption data
collected using household surveys in low-income settings. However, the
benchmark for various survey measures in the study was also a survey

3.3. Intense monitoring increased use temporarily
A random 37% of the sampled households with solar lights and
sensors were exposed to more frequent visits by surveyors at the
15
They defined “non-users” as those using the cookstove less than once on
10% of days.
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Fig. 2. Average hours solar lights are used per day.

Fig. 3. Use across the day.

Fig. 4. Daily use across months of the study and across days of the week.

measure (individually-kept diaries with daily supervision over 14
weeks). Therefore, the benchmark in Gibson et al. (2015) might be
vulnerable to systematic and random measurement error itself (see
Section 3.3 and 4.3), whereas in this paper, we benchmark survey data
against sensor data — which, of course, has its own shortcomings,

especially over time, but less so for a single day or short periods of time
(see Section 2.3).
To formally test for mean-reverting measurement error, we follow
the methodological approach proposed by Bound and Krueger (1991).
We first compare the variance of survey measures with the variance of
7
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measurement based on the global (Aggregated) question about solar
light use is thus, not only closest to the sensor measurement on average
(Table 3, column 1), it is also the survey question with least
mean-reverting measurement error (Table 3, column 5) and shows the
closest correlation with sensor data at the unit level (see Section 4.3).
There could be a couple of explanations for this observation. First,
respondents could have a certain reference point in mind regarding
reasonable light use that they report regardless of actual light use. It is
also possible that underreporting occurs because respondents are not
aware of other household members’ use (especially in high-usage
households), while respondents who hardly use the solar light over
report because they feel they are expected to use the light (social
desirability bias).
We obtain similar results when we use the sensor measurement of
“yesterday” as the benchmark (Table 3) or the sensor measurement of
the “first month” of the study (August 2015) as the benchmark (Table 4).
Note that in contrast to Table 2, where we showed all possible sensor
measurements that can be derived from our data set, we now (and in the
following section) focus on the sensor measurement of “yesterday” and
the “first month” of the study. We focus on these measures for three
reasons. First, sensor measures do not deviate much from each other
(Table 2), second, “yesterday” is directly comparable to survey data
(given that both measure solar light use on the day before the survey
took place) and third, the “first month” of the study has the most data
points with minimum sensor attrition.
Analyzing other correlates of measurement error, such as design
variables (free vs. purchased solar light and more frequent visits) and
various household characteristics (type of floor, food security, wealth
index, education level, household size, and energy access), we see that
households with access to modern energy are more likely to underreport
use than households without access. However, this difference is driven
by only 10 households who had access to modern energy sources and a
sensor that worked until endline (Appendix B, Table B.7).

Table 1
Hawthorne effect.
VARIABLES

Frequent
Visits
Observations
R-squared
Mean

(1)

(2)

(3)

(4)

Sensor (Hrs)
First Month

Sensor (Hrs)
First Month

Sensor (Hrs)
All Months

Sensor (Hrs)
All Months

0.584**
(0.284)
220
0.019
3.646

0.589**
(0.296)
147
0.026
3.285

0.339
(0.253)
220
0.009
3.941

0.278
(0.239)
147
0.009
3.629

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.
Column 2, 4 and 6 are restricted to those sensors that worked until the end of the
study. The remaining columns show every household for which we have at least
one data point during the relevant time period. Column 3 has fewer observations
since in the beginning of September only 205 sensors remained (see Appendix A,
Fig. A.3). No control variables were used.
Table 2
Mean light use (Hrs) per day: Survey and sensor data.

(1) Sens (All)
(2) Sens (All)Worked until
End
(3) Sens (Aug)
(4) Sens (Yest.)
(5) Surv (Detail)
(6) Surv (Detail)Adult
(7) Surv (Aggr.)

(1)

(2)

(3)

(4)

All Data
Mean (SD)

All Data
Obs

Exclude Missing
Means (SD)

Exclude
Missing Obs

4.067
(1.776)
3.731
(1.404)

220

3.813
(1.464)
3.813
(1.464)

125

3.864
(2.031)
3.706
(2.132)
3.388
(1.764)
3.193
(1.377)
3.573
(2.073)

220

3.607
(1.846)
3.777
(2.247)
3.616
(1.625)
3.152
(1.371)
3.492
(2.030)

125

147

147
215
215
161

125

125
125
125
125

4.3. Detailed Questions less correlated with sensor data than aggregated
question

Notes: Column 1 and 2 include all data, Column 3 and 4 only the 125 observa
tions where we have all sensor and survey variables listed in this table (see
Section 2 for further explanations). Row 1 includes all sensors no matter when
they stopped working, Row 2 includes data from all sensors for the month of
August only, Row 3 includes sensor data for the day before the study, Row 4
shows survey data from the Detailed Questions for adults and pupils combined,
Row 5 shows the same question as Row 4, but only for adults, and Row 6 shows
the Aggregated Question where we asked about use of the entire household (see
questions in Appendix D). Note that the survey questions refer to the day before.

In the survey, we asked about solar light use in two different ways.
First, we asked adults and children to report the activities they engaged
in for each half-hour slot between 6:00 p.m. and 11:00 p.m. and between
3:00 a.m. and 7:00 a.m. and whether they used any lighting for each
activity and time slot. Second, we asked adults to estimate the global use
of solar lights by the entire household on the previous day (see Section
2.2 for more details).
Using sensor data, we calculated the percentage of days that the light
was used during that specific time slot for each sensor (across all days
that the sensor worked), and then used this information to calculate the
average across all sensors. By “used” we mean that the solar light was
used for more than 15 minutes without interruption during the relevant

sensor data. If measurement errors in survey data are random then the
variance of the survey measures should always be higher than the
variance of sensor data, however, this is not the case in our data (see
Tables 3 and 4, column 4). In a second step, we regress the sensor
measurements (the benchmark) on the survey measurements. If mea
Table 3
Tests for mean-reverting measurement error - yesterday.

(1)
(2)
(3)
(4)

Surv (Detail)
Surv (Detail)- Adult
Surv (Aggr.)
Sensor (Yesterd.)

(1)

(2)

(3)

(4)

(5)

Mean

Ratio to benchmark (Means)

Variance

Ratio to benchmark (Variance)

Beta (SE)

(6)
P-Val

3.388
3.193
3.573
3.706

0.914
0.862
0.964
1.000

3.111
1.896
4.298
4.547

1.459
0.889
2.016
2.133

0.048
0.080
0.336
1.000

0.591
0.285
0.007
.

(0.089)
(0.074)
(0.122)
(0.000)

Notes: The “Beta’s” are from separate regressions for each type of survey question, where the independent variable is the sensor measure for the day before the survey
(the benchmark). Standard errors are in parentheses. The last column shows p-values for the same regression.

surement error is not mean-reverting the coefficient should be one. If
mean-reverting measurement error exists, then this coefficient will be
less than one. We obtain a coefficient that is significantly smaller than
one for all survey measures (see Tables 3 and 4, column 5). The survey

half-hour slot.
In Figs. 5 and 6, we compare the estimates based on the Detailed
Questions with the sensor measures. Overall, we see that the patterns of
solar light usage over the course of the day match well. Note that in the
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Table 4
Tests for mean-reverting measurement error - first month.

(1)
(2)
(3)
(4)

Surv (Detail)
Surv (Detail)- Adult
Surv (Aggr.)
Sensor (August)

(1)

(2)

(3)

(4)

(5)

(6)

Mean

Ratio to benchmark (Means)

Variance

Ratio to benchmark (Variance)

Beta (SE)

P-Val

3.388
3.193
3.573
3.864

0.877
0.826
0.925
1.000

3.111
1.896
4.298
4.125

0.754
0.460
1.042
1.000

0.056
0.019
0.361
1.000

0.479
0.732
0.006
.

(0.079)
(0.054)
(0.130)
(0.000)

Notes: The “Beta’s” are from separate regressions for each type of survey question, where the independent variable is the sensor measure for August, the first month of
use (the benchmark). Standard errors are in parentheses. The last column shows p-values for the same regression.

Fig. 5. Use across the day: sensor vs. survey data (adults only).

survey we did not ask the Detailed Questions about use during the
daytime and late at night, and hence these slots are, by design, empty. As
expected, adults’ reported use only reflects a fraction of total use and is
lower for each time slot.16 Fig. 6 compares the combined answers of
adults and pupils with sensor data. While the reports of usage during the
evening hours seem to match the sensor data well, some children seem
to overreport use in the early morning hours.
Comparing the averages of the Aggregated Question and the Detailed
(or time diary) Questions, we observe that the Aggregated Question is
much closer to the sensor value and statistically indistinguishable from
the sensor data (Table 6, column 3). Moreover, the correlation co
efficients in Table 5 suggest that at the unit (household) level the
Detailed Questions are also less correlated with use measured by the
sensors than the Aggregated Question. We do not believe this finding is
driven by the fact that the Detailed Questions only ask about nine of the
24 hours of a day. The sensor data show very little solar light usage
during daytime hours (see Figs. 5 and 6). This result might be surprising,
given that asking individuals about each time slot separately (time di
aries) is often considered best practice to measure time use in the
literature. It is interesting that this much more lengthy and costly survey
method did not correlate more with sensor data than simply asking for a
global average of light use for the previous day.

4.4. Precision gains with sensor data
While self-reported daily use of solar lights looks very similar to sensor
data on average (Tables 2 and 6), the individual observations are not
highly correlated (Table 5). In particular, correlation coefficients of the
Detailed Questions are very small, suggesting that the data are very noisy.
An advantage of sensor data is that random measurement error is
reduced and precision gains can be achieved, which enables researchers
to detect smaller differences in use among sub-groups or to use smaller
sample sizes than are necessary when using surveys to measure the
impact of a new technology on behavior. For example, in Rom and
Günther (2019), we were interested to know whether households that
received a free light used it less than households that paid for the light,
in order to analyze the potential effectiveness of subsidies in increasing
technology adoption. One might expect that the selection of households
that purchase a solar light use it more than the average household who
gets it for free,17 as households planning to use the light a lot are more
likely to buy one (selection effect); simply having already paid for the
solar light may also make households more likely to use it (sunk cost
effect). While we cannot differentiate between these two possible ef
fects, we can estimate if both combined lead to different use patterns,
which seems relevant for a government considering subsidies, for
17
We are fully aware of the fact that there is a selection of people in the
purchasing treatment, but still think this is an interesting comparison to make,
as pioneered by a paper of Cohen and Dupas (2010). We analyze the correlates
of positive purchasing decisions in Appendix B, Table B.8.

16

This is consistent with adults’ answers to a separate question, to which over
70% responded that their school-aged children were the main users of the solar
light.
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Fig. 6. Use across the day: sensor vs. survey data (adults and pupils).

those solar lights that were not equipped with a sensor (see Section 2).
Results are not different if we restrict the sample to those households
that had a solar light with sensor. Looking at sensor data, a number of
variables suggest that poorer households use the solar light more. For
example, we find that households that frequently cut meals, households
with earth-floor houses, households with a lower wealth index, and
households without modern energy access use the solar light more. For
the survey data, this correlation is only statistically significant at a 5%
level for households that frequently cut meals, even though the sample
size is larger (N = 495) than for the sensor sample (N = 220). These
results highlight the precision gains possible with sensor data when
analyzing correlates of usage. Had we only drawn conclusions from the
survey data, we would not have had sufficient evidence to conclude that
poorer households use the solar light more, and might have inferred that
there is no meaningful relationship between indicators of poverty and
solar light usage.

Table 5
Correlations light used (Hrs) per day: Survey and sensor data.

(1) Sens (Aug)
(2) Sens (Yest.)

(1)

(2)

(3)

Surv (Detail)

Surv (Detail) Adult

Surv (Aggr.)

0.064
(215)
0.065
(147)

0.027
(215)
0.127
(147)

0.338
(161)
0.372
(125)

Notes: Table shows correlations between variables in Rows and Columns.
Number of observations are shown in brackets. Number of observations varies
since we do not have sensor data for all sensors until the end of the study and we
do not have all survey measures for all observations.
Table 6
Differences in light use (Hrs) per day: Survey and sensor data.

(1) Sens (Aug)
(2) Sens (Yest.)

(1)

(2)

(3)

Surv (Detail)

Surv (Detail) Adult

Surv (Aggr.)

0.450**
(215)
0.049
(147)

0.645***
(215)
0.532***
(147)

0.288
(161)
0.285
(125)

5. Conclusion
There are a number of challenges with self-reported data on tech
nology adoption, including social desirability bias, biases related to the
fact that respondents feel observed, and accurate information recall.
Sensors can provide more accurate, precise data at a higher frequency
than self-reported data. Hence, they can reduce the cost of analyzing
behavioral change. In addition, they can help us understand biases and
improve survey design, as we can test different survey techniques and
compare responses to data collected with sensors. Sensor technology has
the potential to transform how we measure human behavior and track
the performance of policies and programs, however, there are still
challenges to be overcome regarding the functionality of the technology
over time. More field testing and training for social science researchers
in charge of dealing with these new tools is needed (see Section 2.3 and
Appendix C for more details).
While a number of studies have used sensors to measure the adoption
of cookstoves (Wilson et al., 2016; Ramanathan et al., 2016; Thomas
et al., 2013), this study is the first to use sensors to measure the adoption
of solar lights on a large scale. Gandhi et al. (2016) used sensors to
measure solar light adoption in only 37 households over less than two
weeks. We were able to use sensors to collect information about solar

Notes: This table shows differences between variables in Rows (Sensor Data) and
Columns (Survey Data). ***p < 0.01, **p < 0.05, *p < 0.1. Number of obser
vations are shown in brackets. Number of observations varies since we do not
have sensor data for all sensors until the end of the study and we do not have all
survey measures for all observations.

example. Moreover, we are interested in whether poorer households use
solar lights more. Unlike purchasing kerosene for lighting, the marginal
cost of an additional hour of solar light is effectively zero. Therefore, we
expect more budget-constrained households to use more light once they
get access to a solar light. Last, more educated and larger households
might use it more and households with previous access to electricity less.
For this type of sub-group analysis, precision gains could allow you to
detect differences that might not otherwise be evident.
In Table 7, we show how the use of solar lights varies for different
sub-groups across both types of usage data. Survey answers include the
entire sample of households with a solar light (N = 495), i.e., even for
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Table 7
Correlates of light use.
VARIABLES

Free Light
Earth Floor
Freq Cut
Meal
Wealth
Index
Constant
Observations
R-squared
Mean

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

(9)

(10)

(11)

(12)

Sensor
(Hrs)
First
Month

Survey
(Hrs)
with
Sensors

Survey
(Hrs) All

Sensor
(Hrs)
First
Month

Survey
(Hrs)
with
Sensors

Survey
(Hrs) All

Sensor
(Hrs)
First
Month

Survey
(Hrs)
with
Sensors

Survey
(Hrs) All

Sensor
(Hrs) First
Months

Survey
(Hrs)
with
Sensors

Survey
(Hrs) All

0.203
(0.348)

− 0.246
(0.362)

− 0.120
(0.175)

1.065***
(0.325)

0.364
(0.462)

0.354*
(0.202)

0.246*
(0.136)

0.390**
(0.162)

0.243***
(0.087)

3.685***
(0.160)
215
0.016
3.864

3.297***
(0.185)
161
0.041
3.566

3.250***
(0.102)
495
0.020
3.434

− 0.177*
(0.100)
4.764***
(0.508)
164
0.019
3.864

0.024
(0.114)
3.394***
(0.545)
120
0.000
3.566

0.153
(0.099)
2.647***
(0.466)
293
0.018
3.434

3.712***
(0.314)
220
0.002
3.864

3.756***
(0.306)
161
0.003
3.566

3.505***
(0.134)
495
0.001
3.434

2.946***
(0.288)
215
0.038
3.864

3.261***
(0.426)
161
0.004
3.566

3.133***
(0.178)
495
0.004
3.434

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Wealth index has fewer observations since we only collected data on assets for a subgroup. The wealth index includes information about the household’s ownership of bikes, motorbikes, cars, stoves, radios, wall clocks, tin lamps, kerosene lanterns,
solar lanterns, electrical lanterns, tables, beds, bed nets, chairs, sofa pieces, jembes, car batteries, animal charts, horses, cattle, goats, sheeps, chickens, pigs, mobile
phones, and sim cards.

light use in over 200 households, some of which purchased the solar
light, while others received one for free.
We find that households use solar lights for around 4 hours per day
on average and that fewer than 5% of households use the solar lights
infrequently. Adoption of solar lights is much higher than what recent
studies on cookstove adoption have found (Wilson et al., 2016). We also
used sensor data to test what types of survey questions led to more ac
curate answers and whether differences between self-reported infor
mation and sensor data were particularly large for certain sub-groups.
A number of results seem especially relevant: first, as opposed to a
number of papers on cookstoves (Wilson et al., 2016; Ramanathan et al.,
2016; Thomas et al., 2013), and the small-scale study on solar lights
(Gandhi et al., 2016), we do not find that households systematically
overreport use of solar lights. However, in line with the findings of these
studies, overreporting was more likely when the household used the
solar light very little, which could be explained by social desirability
bias. In addition, and consistent with mean-reverting measurement error
(Bound et al., 2001; Gibson et al., 2015), we find that households that
use the solar light a lot tend to underreport use, which, to our knowl
edge, has not been found before. As adoption of solar lights was nearly
universal, we do not find evidence for systematic overreporting on
average. In addition to the difference in adoption rates between cook
stoves and solar lights, the nature of solar light usage is also very
different. Solar lights can be used by many household members
throughout the entire day and in ways that are not visible to the
respondent, whereas the use of cookstoves is typically reserved for a few
household members and for a limited number of times at specific times
of day. These differences might explain why underreporting was more
common in our case.
Second, while the reported hours of use per day are quite similar on
average, answers from individual households correlated very little with
the information we got from the sensors, suggesting that random errors
are very large in survey data on technology use.
Third, we find that asking aggregated questions about use provides
more accurate information than asking for each time slot separately
(time diary). This result is surprising, given that time diaries are
considered the gold standard in time-use data collection. However, there
are still very few papers confirming the validity of this claim in devel
oping countries (Seymour et al., 2017). The lack of correlation between
the time diary survey responses and the sensor data could also be due to
survey design issues, as we did not ask for every time slot throughout the
day and we did not survey every household member.
Finally, we find that, as predicted by the Hawthorne effect, more

frequent visits from surveyors in the beginning of the study did increase
use initially. This difference disappeared once the visits stopped. Wilson
et al. (2016) made a similar discovery when studying cookstoves.
We are not suggesting that sensors should replace surveys or that
they should or can be used in every study of technology adoption. Many
questions about adoption, and the use and impact of new technologies
cannot be answered with sensors alone. In addition, sensors still require
careful and time-intensive field testing, as frequent failures still pose
challenges in many studies, including ours (Wilson et al., 2016; Pie
drahita et al., 2016). Our results, however, highlight how sensors can
provide more accurate and precise information, which seems particu
larly relevant when social desirability is expected to be high. While it
might be too early to draw general conclusions, a number of studies,
including ours, suggest that the overreporting of use is mostly a problem
when adoption is low, and hence that it is particularly important to
receive an objective measurement in such cases. We also observe that
while survey and sensor measurements were similar on average, they
did not agree for individual households. Hence, sensors might be
particularly relevant when researchers want to conduct sub-group an
alyses or use smaller sample sizes.
Finally, sensor data can help us better understand how to improve
study and survey design, since they provide a credible benchmark to test
different types of survey questions and interactions between surveyors
and respondents.
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Appendix
A. Figures

Fig. A.1. Sun King Eco solar light.

Fig. A.2. Sun King Mobile solar light.

Fig. A.3. Number of working sensors by the end of each month.
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Fig. A.4. Under- and overreporting of use.

B. Tables

Table B.1
Summary statistics.
Variable

Earth Floor
Freq Cut Meal
Wealth Index
HH Head Yrs of Schooling
HH Size
Energy Access

(1)

(2)

(3)

Mean

SD

N

0.841
0.623
4.789
6.418
6.559
0.065

0.366
1.024
1.479
3.747
2.126
0.247

214
215
164
208
220
215

Notes: Wealth index has fewer observations since we only collected data on assets for a subgroup.
Table B.2
Use previous month as predictor for survival.
VARIABLES

Stopped Working in Sept
Stopped Working in Oct
Stopped Working in Nov
Stopped Working in Dec

(1)

(2)

(3)

(4)

(5)

(6)

(7)

Sensor Hrs- Aug

Sensor Hrs- Sept

Sensor Hrs- Oct

Sensor Hrs- Nov

Sensor Hrs- Dec

Sensor Hrs_ Jan

Sensor Hrs- Feb

0.819
(0.538)

1.263**
(0.507)

− 0.396
(0.268)

− 2.237**
(0.971)

Stopped Working in Jan
Stopped Working in Feb
Stopped Working in March

0.460***
(0.150)

− 2.046**
(0.803)

0.031
(0.482)
(continued on next page)
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Table B.2 (continued )
VARIABLES

(1)

(2)

(3)

(4)

(5)

(6)

(7)

Sensor Hrs- Aug

Sensor Hrs- Sept

Sensor Hrs- Oct

Sensor Hrs- Nov

Sensor Hrs- Dec

Sensor Hrs_ Jan

Sensor Hrs- Feb

Constant

3.759***
(0.148)

3.828***
(0.160)

4.077***
(0.146)

4.095***
(0.161)

3.964***
(0.150)

4.041***
(0.143)

4.097***
(0.154)

Observations
R-squared
N droped next Month

205
0.013
18

187
0.031
18

169
0.002
7

162
0.022
3

159
0.000
1

158
0.040
5

153
0.000
16

Notes: Robust standard errors in parentheses.***p < 0.01, **p < 0.05, *p < 0.1.
Table B.3
Correlates of sensor attrition before the end of the study.
VARIABLES

Free Light
Earth Floor

(1)

(2)

(3)

(4)

(5)

(6)

Attrition End

Attrition End

Attrition End

Attrition End

Attrition End

Attrition End

0.104
(0.075)

Freq Cut Meal

0.063
(0.084)

HH Head Yrs of Schooling

0.034
(0.032)

HH Size

0.001
(0.009)

Energy Access

0.035**
(0.015)

Constant

0.607***
(0.066)

0.265***
(0.076)

0.295***
(0.037)

0.298***
(0.064)

0.088
(0.097)

− 0.033
(0.126)
0.318***
(0.033)

Observations
R-squared
Mean

215
0.010
0.316

214
0.002
0.316

215
0.006
0.316

204
0.000
0.316

215
0.026
0.316

215
0.000
0.316

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Attrition is a dummy = 1 if the sensor stopped working before the last month of the
study and = 0 if it worked until the end of the study.
Table B.4
Correlates of sensor attrition before the end of the first month (Aug).
VARIABLES

Free Light
Earth Floor

(1)

(2)

(3)

(4)

(5)

(6)

Attrition Aug

Attrition Aug

Attrition Aug

Attrition Aug

Attrition Aug

Attrition Aug

0.020
(0.036)

Freq Cut Meal

0.013
(0.045)

HH Head Yrs of Schooling

0.012
(0.020)

HH Size

0.005
(0.005)

Energy Access

0.008
(0.010)

Constant

0.054*
(0.030)

0.059
(0.041)

0.062***
(0.020)

0.038
(0.034)

0.018
(0.064)

− 0.075***
(0.019)
0.075***
(0.019)

Observations
R-squared
Mean

220
0.001
0.0680

214
0.000
0.0680

215
0.002
0.0680

208
0.005
0.0680

220
0.004
0.0680

215
0.005
0.0680

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Attrition is a dummy = 1 if the sensor stopped working before the last month of the
study and = 0 if it worked until the end of the study.
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Table B.5
Use across months.
VARIABLES

(1)
Sensor Hrs

September

0.183
(0.254)
0.387
(0.239)
0.384
(0.250)
0.246
(0.240)
0.242
(0.233)
0.302
(0.233)
0.325
(0.230)

October
November
December
January
February
March

Observations
R-squared
Mean Sensor

1,096
0.004
4.053

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Left out group is
August. We first calculated the average use per month for the 137 sensors we have data for until the end
of March (rather than the end of the study, which was in mid-March). Mean use is across all months.
Total observations are months (8) x number of sensors (137).
Table B.6
Use across weekdays.
VARIABLES

(1)
Sensor Hrs

Tuesday

0.062*
(0.032)
0.016
(0.029)
0.016
(0.030)
− 0.008
(0.034)
− 0.096**
(0.046)
− 0.174***
(0.039)

Wednesday
Thursday
Friday
Saturday
Sunday

Observations
R-squared
Mean Use

959
0.002
4.022

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Robust standard errors
in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Left out group is Monday. We first calculated the
average use per weekday for the 137 sensors we have data for until the end of March (rather than the
end of the study, which was in mid-March). Mean use is across all weekdays. Total observations are
number of days (7) x number of sensors (137).
Table B.7
Correlates of differences between sensor and survey estimates.
VARIABLES

Additional Visits
Free Solar Light
Earth Floor
Freq Cut Meal
Wealth Index

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

0.588
(0.422)

0.224
(0.455)

− 0.242
(0.503)

− 0.163
(0.263)

0.077
(0.170)
(continued on next page)
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Table B.7 (continued )
VARIABLES

(1)

(2)

(3)

(4)

(5)

(6)

(7)

(8)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

Diff Sens (Yes)Surv (Aggr)

HH Head Yrs of
Schooling
HH Size

0.009
(0.056)

Energy Access

0.102
(0.086)

Constant

0.526**
(0.253)

0.572
(0.387)

0.949**
(0.448)

0.835***
(0.232)

0.423
(0.833)

0.740*
(0.422)

0.095
(0.588)

1.696**
(0.816)
0.627***
(0.208)

Observations
R-squared
Mean

146
0.013
0.744

146
0.001
0.744

145
0.001
0.744

146
0.004
0.744

112
0.002
0.744

141
0.000
0.744

146
0.008
0.744

146
0.031
0.744

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1. Includes all 146 sensors for which we have data for the day before endline data
collection as well as the aggregated survey measure. Column 4 has fewer observations since we only collected data on assets for a sub-group.
Table B.8
Correlates of purchasing decision.
VARIABLES

Price 400
Price 700
Earth Floor

(1)

(2)

(3)

(4)

(5)

(6)

(7)

Bought Solar

Bought Solar

Bought Solar

Bought Solar

Bought Solar

Bought Solar

Bought Solar

0.393***
(0.046)
0.080*
(0.048)

0.390***
(0.046)
0.078
(0.048)
− 0.127**
(0.064)

0.393***
(0.046)
0.080*
(0.048)

0.360***
(0.080)
0.061
(0.079)

0.402***
(0.045)
0.082*
(0.047)

0.395***
(0.046)
0.081*
(0.048)

0.393***
(0.046)
0.080*
(0.048)

Iron Roof
Freq. cut Meal

0.004
(0.039)

− 0.042
(0.044)

HH Head Yrs of schooling
HH Size

0.019***
(0.005)

Electricity Access
Constant
Observations
R-squared
Mean

0.294***
(0.033)
600
0.118
0.457

0.410***
(0.067)
596
0.121
0.457

0.292***
(0.041)
600
0.118
0.457

0.357***
(0.115)
204
0.105
0.457

0.171***
(0.046)
599
0.139
0.457

0.008
(0.009)
0.241***
(0.068)
600
0.119
0.457

0.015
(0.130)
0.294***
(0.033)
600
0.118
0.457

Notes: Robust standard errors in parentheses. ***p < 0.01, **p < 0.05, *p < 0.1.

C. Lessons learned from using sensors to study technology adoption in low-income settings
First, it is critical to thoroughly pre-test sensor technology (both the sensor and the application to access the data) at a reasonably large scale in the
field and to only roll out the study once all problems are solved. Often, engineering teams designing sensors are used to small sample sizes where
technological challenges can be fixed along the way. It might make sense to agree in advance on a threshold of acceptable failure rates in the pilot as a
commitment device. For example, we installed the sensors in a pre-existing product that was not designed to hold a sensor, thus, several sensors
probably stopped working due to an imperfectly soldered connection between the sensor and the existing hardware, which also led to more light
breakages. An additional challenge we had was that the application designed to access the data from the sensors initially did not work reliably and it
took us time to determine the extent of the problem. In the meantime, our field officers had to return to the same households multiple times to ensure
the data were collected. Since some of the sensors stopped working before the application was fully functioning, we lost a significant amount of data.
Such issues could possibly be avoided by testing the sensors and associated technology extensively in the field and under a variety of realistic cir
cumstances to determine vulnerabilities to contextual factors that are hard to recreate in the lab.
Second, if the sensor is not constantly transmitting data to a central storage location throughout the study, we recommend doing a first round of
sensor data collection immediately after installation and distribution (i.e., immediately after baseline) to guard against challenges linked to sensor
attrition, which turned out to be a major problem in our study. Collecting data early not only ensures some data is collected from the maximum
number of sensors, but can also help identify problems before they become widespread.
As a result of the two issues mentioned above, our third recommendation is to create a very detailed protocol on how to proceed if a sensor or the
host technology stops working and, ideally, to include it in the pre-analysis plan. Both sensors and solar lights stopped working more often than we
expected, and it was not possible to distinguish from the sensor data if the solar light broke because of the sensor or vice versa. It is therefore important
to remember that both human error and technology failure are possible when building up a testing protocol. We suggest developing clear instructions
about what to do if the analyzed technology or the sensor fails and to keep detailed information about replacements in order to easily account for these
sensors in the analysis. Furthermore, we recommend allocating a sufficient amount of staff time to this effort. In cases where the sensor technology has
not been tested extensively in the field over long periods of time, we also recommend designing the research in such a way that the most important
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questions can be answered even if there is a lot of sensor attrition.
Our final recommendation is to take time to explain the sensor technology to partner organizations and the community. For example, we co-wrote
a letter with the engineering team that developed the sensors explaining the functionality of the sensors to our partner organization. We also tested the
acceptability of the sensors with a separate sample and developed a detailed script to explain the sensors to users. This script was written with
guidance from our local partners, who are very familiar with the resident community. In addition, we provided respondents with our contact in
formation in case of problems. We had no problems with regard to the acceptability of the sensors in the local community, but we imagine that this is
highly context dependent.
D. Survey questions
Aggregated Question
∙ Do you own one or several lanterns? Options: yes/no
– If yes: Does any of your solar lanterns still work? Options: yes/no
– If yes: Yesterday, for how many hours did you use a solar lantern?
Options: 0 h–24 h
Time Diary Questions
∙ What did you do between XX:XX and XX:XX?
Options:
same as in previous time slot,
at work (non-agricultural work)
barber
salon
bathe
dress
brewing alcohol
care for children/sick/elderly
clean
dust, sweep
wash dishes or clothes
ironing
other household chores cook
prepare food
discuss activities of the next day with partner
doctor/hospital
visit
eat
farm work
fetch water
firewood
fishing or hunting
funeral/wedding activities
help homework
herding animals/work with livestock
listen to radio
other religious activity (e.g., study, group)
participate in community activities/meetings/voluntary work
play sports
pray
prepare children for school
read book
repairs around/on home
rest
sewing/fixing
clothes shop for family
sleep
socialize with other household members
socialize with people outside of the household
spend time with spouse/partner
study/attend class
travel by bicycle
travel by foot
travel by motorized means
17
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visit/entertain friends
watch TV
Other
∙ What lighting source did you use for this activity, if any?
Options:
Electricity powered lighting
Solar home system powered lighting
Tin Lamp
Kerosene lantern/Hurricane
Fire Wood
Battery powered torch/lantern
Candle Solar lantern/solar torch
Pressurized Kerosene Lantern
Other rechargeable lantern
Cell phone light
No lighting used
Matchsticks
Other
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