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Abstract

Research on the social and psychological effects of mobile phone communication primarily is
conducted using self-report survey measures. However, recent studies have suggested such
measures of mobile phone communication use contain a significant amount of measurement
error. This study compares the frequency of mobile phone use measured by self-report
questions with error-free log data automatically collected through an Android smartphone
application. We investigate the extent to which measurement non-random error exists in the
self-report questions and the predictors of this error. The data were collected from a sample of
310 Android phone users residing in Japan. Our analysis shows that users generally over-
report their frequency of mobile communication and that over-estimation is better predicted
by proxy measures of social activity than demographic variables. We further show an
example of how over-reporting can result in an overestimation of the effects of mediated
communication on civic engagement. Finally, the value of behavioral log data in mediated
communication research is discussed.
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log, spurious correlation

Quantitative mediated communication researchers have relied heavily on self-report measures
when gathering data. Indeed, it is often the case that both independent and dependent
variables are based on self-report. However, it is known that a substantial amount of
measurement error can arises when using self-report data to inform communication theory
and research. Thus, measures of communication effects such as the correlation between
variables will be contaminated relative to when less error-prone measures are used.

In political science and public opinion research conducted since the 1970s, the extent of
measurement error in self-report data and methods for correcting it have been examined.
Asher (1974) used panel data to show that in addition to variables subject to short-term
change, such as political attitudes, even seemingly immutable variables such as gender, race,
and educational background can also be affected by measurement error. According to his
analysis of three-wave Survey Research Center (SRC) American panel data using structural
equation modelling, the magnitude of between-wave correlations of political party
identification which was identically measured across three waves was 17 per cent less when
measurement error was not statistically separated. This means that when measurement error is
not corrected, correlation coefficients of two variables may be attenuated (Crocker & Algina,
1986; Worthen et al., 1999).

As did Asher (1974), Bartels (1993) based his research on the methods proposed by Wiley
and Wiley (1970) to evaluate the extent of measurement error in self-report questions of the
frequency of mass media exposure. Using survey data from the American National Election



Study (ANES) collected in the 1980 presidential election to examine the reliability of self-
reported television and newspaper exposure, Bartels (1993) found that the ratio of true
variance to observed variance (the definition of reliability under principles of classical test
theory) was 0.78, meaning that over 20 per cent of the observed variance was attributable to
measurement error. According to Bartels (1993), when measurement error is taken into
account, the effect of media exposure was about three times larger than simple ordinary least
squares regression (OLS) predictions where measurement error is disregarded. The limited
effects and powerful effects models of media effects have been debated for some time. Bartels
(1993) argues that support for the limited effects model is due to measurement error and that
stronger effects would be found if measurement error was accounted for. This indicates that
measurement error is not only an issue in data collection methods, but it also directly concerns
the validity of theoretical arguments (Schmidt & Hunter, 1999).

Measurement error can be random and non-random in nature. Random error serves to
attenuate the correlations between variables, but through the use of panel data, measurement
error can be statistically separated from true values. However, if measurement error correlates
with true values or with other variables that affect the variable being modelled, it is difficult to
separate out measurement error (Blalock, 1970). Furthermore, the prediction and removal of
random error in statistical modelling requires many assumptions (Wiley & Wiley, 1970;
Asher, 1974; Bedeian et al., 1997; Fan, 2003). Because of the difficulty of removing
measurement error after a survey is completed, there is a need to prevent measurement error
at the point of data collection.

Comparisons Between Self-Report and Log Data in
Mobile Communication Studies

Although the problems produced by measurement error in survey data has long been
discussed in the political science and public opinion literature, no method to resolve the issue
has been widely routinely implemented. This is probably because the need for high-quality
panel data or complicated statistical modelling can be expensive, time consuming, or beyond
the training most communication scholars receive. In addition, some believe that results based
on analyses that do not account for measurement are “conservative”, meaning that accounting
for measurement error would only strengthen the results. In other words, the need to remove
measurement error is thought by some to be low when there are statistically significant results
despite measurement error because these results can be claimed to be “robust”.

The recent popularity of mobile phones and their effects on personal communication places
this argument about the importance of accounting for measurement error in a different light.
The accuracy of self-report data about mobile phone use is being studied in fields of research
other than traditional social sciences, and some of these studies point to the importance of
better acknowledging measurement error. As a case in point, in the field of
bioelectromagnetics, the magnetic waves emitted during mobile phone conversations have
been studied since the 1990s for their possible effects in increasing the risk of brain tumours.
No relationship between risk of brain tumours and mobile phone use has been detected so far,
but it is controversial whether the risk is simply insubstantial or underestimated due to
methodological problems such as the amount of measurement error in measures of mobile
phone use. Epidemiological studies, as well as social science studies, usually rely on self-
report questions to measure the frequency of mobile phone use. However, as mentioned above,
measurement error in self-report questions generally attenuates the correlations between
variables. Therefore, there is a risk that measurement error may cause underestimation of the
correlation between mobile phone use and the risk of brain tumours. The view that
measurement error is a great threat to the validity of research is in stark contrast to the typical
social scientific view of results involving measurement error as “conservative” or “robust”.
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Motivated by their particular needs, some bioelectromagnetics researchers have evaluated the
magnitude of measurement error to avoid overlooking an existing risk (Funch et al., 1996;
Berg et al., 2005; Vrijheid et al., 2006; Tokola et al., 2008).

Funch et al. (1996) compared the behavioural logs and self-reported data on 3949 mobile
phone users in the United States. Their analysis was limited to duration of calls and they
found a correlation of 0.74 between the behavioural logs and self-reported data. Cohen and
Lemish (2003) conducted a similar study and found evidence of over-reporting of the duration
of calls but under-reporting of the number of calls that occurred. Schiiz and Johansen (2007)
gained access to mobile phone use logs from 1982 to 1995 from mobile phone operators and
compared those logs to self-reported data. They report a kappa coefficient, which is analogous
to a correlation coefficient, of only 0.3. Research from the field of bioelectromagnetics was
reviewed in detail by Shum et al. (2011). On the whole, the general finding is that duration of
calls is over-reported while there are inconsistent findings regarding the number of calls made
(Vrijheid et al., 2006; Shum et al., 2011). Shum et al. (2011) compared self-report data and
payment records of mobile phone use of employees at a US-based consulting firm. The
average number of self-reported calls was 7.4, while behavioural logs indicated the average
number of calls to be 4.6. These results indicate a tendency to over-report the number of calls.
Parslow et al. (2003) conducted a study comparing mobile phone use logs with self-report
data and found that respondents tend to over-report frequency of mobile phone use. This trend
was found to be especially likely for infrequent users, and only a moderate correlation was
found between self-report and log data.

There are several possible reasons for the inconsistency of findings. First, in such places as
the United Kingdom, payment information only logs outgoing calls because incoming calls
are free of charge. On the other hand, mobile phone users in the United States can view
information for both incoming and outgoing calls. The time reference for self-report questions
also affects measurement error (e.g., Del Boca & Darkes, 2003; Morin, 1993; Neath, 1993;).
For example, decomposition of time references into three days or one week can decrease
measurement error (Menon, 1997). Conversely, when a longer time reference of more than six
months is used, over-reporting of the number of voice calls is observed (Belli et al., 2000).
Actual communication frequency also affects over-reporting and under-reporting. Timotijevic
et al. (2009) found that the number of voice calls is generally under-reported while their
duration is over-reported, but that people who make or receive few voice calls (less than four
per day) also tend to over-report the number of voice calls.

Research of measurement error in mobile phone communication in the social sciences has
just begun. One major difference between mobile phone communication researchers in the
social sciences and in bioelectromagnetics is that the latter are only interested in voice calls,
because of the risk of brain tumours, while the former are also interested in SMS (Short
Message Service; texting) and email as new personal communication media. As a result, the
social sciences have extended their research to measurement error in exchanges of SMS and
emails.

Boase and Ling (2011) used self-report data on the frequency of voice calls and SMS
messages gathered from 426 Norwegian adults and compared them with server log data.
Respondents reported the number of voice calls and SMS sent ‘yesterday’ and ‘how often’
they used their mobiles to call and text (send/receive SMS) by selecting a response from a
given list. Log data were obtained from mobile phone operators as a means of comparison.
The correlation between a self-report ‘yesterday’ measure and log data was 0.55 for voice
calls and 0.58 for SMS. And using a ‘how often’ measure compared to log data yielded a
correlation of 0.48 for voice calls and 0.35 for SMS. Although these are moderate correlations,
results indicate that self-report and log data show considerable discrepancies. In addition,
descriptive statistics indicate that respondents are more likely to over-report than under-report



the frequency of voice calls and SMS messages. To investigate the reasons for these
discrepancies, Boase and Ling (2011) used regression modelling, treating over- and under-
reporting as dependent variables. Several demographic factors were significant, but did not
explain much of the variance in over- and under-reporting.

The Possibility of More Serious Spurious Correlations

Neither bioelectromagnetics nor social sciences communication researchers have reached a
consensus about whether measurement error in self-report frequency data on mobile
communication is random or non-random. Shum et al. (2011) investigated the effects of
gender and age on measurement error, but found no significant trends. Boase and Ling (2011)
tested the effects of marital status, employment, and educational background, as well as
gender and age, but those variables did not explain much of the variance in measurement error.
Other studies have also failed to identify variables that consistently predict the extent of
measurement error (e.g. Parslow et al., 2003; Vrijheid et al., 2006; Tokola et al., 2008).

If measurement error from self-report questions on mobile phone use is random, panel data
combined with structural equation modelling can be used to separate it from true values
(Asher, 1974; Wiley & Wiley, 1970). However, if it is non-random, statistical modelling to
separate error is difficult, and gives rise to further threats to observational studies (Blalock,
1970).

Typical dependent variables in mobile communication research are social attitudes or
social network characteristics. Because experimental interventions are difficult in this type of
research, both independent and dependent variables are observed variables and are not
experimentally manipulated. Therefore, the correlation between independent and dependent
variables is not causal. Most research conducts multiple regression analyses using multiple
independent variables to control for the effect of third variables because if these affect both
independent and dependent variables, a spurious correlation can result. That is, the two
variables may be correlated, thereby suggesting the possibility of a causal link, when in fact
no such relationship actually exists.

For example, suppose we want to test the effect of mobile phone use on civic engagement.
If extroversion has a positive effect on both mobile phone use and civic engagement, a
spurious correlation is likely even if mobile phone use has no causal effect on civic
engagement (Figure 1). To investigate the true effect, a third variable must simultaneously be
controlled for in the analysis (see e.g., Simon, 1954).
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FIGURE 1 General spurious correlation model.

However, if the extent of over- and under-reporting is correlated with a third variable, there
is a possibility that spurious correlations will occur in broader contexts. For example, suppose
that extroverted people tend to over-report mobile phone use. In this situation, a positive
correlation may be found between extroversion and mobile phone use because the more
extroverted the respondents are the more they over-report their frequency of use. Therefore, if



only extroversion is positively correlated with civic engagement, a spurious correlation will
be found between mobile phone use and civic engagement (Figure 2).
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FIGURE 2 Over-reporting and the general spurious model.

The general spurious correlation model (Figure 1) assumes that spurious correlations arise
when third variables affect both independent and dependent variables. However, if self-report
data on mobile phone use contains non-random error that correlates with a third variable, then
a false effect of mobile phone use may be detected even if the third variable is correlated only
with the dependent variable.

What is important is that this possibly false effect can be tested, at least partially. If the
measurement error of self-report data is random and serves to attenuate the correlation
between the independent and dependent variable, the magnitude of the correlation would be
larger when the self-reported independent variable is replaced with a measurement with little
or no measurement error. This finding has been reported in research on mass media effects
(e.g. Bartels, 1993). However, if measurement error is non-random and is correlated with a
third variable to produce a spurious correlation, this would cause overestimation of the
correlation coefficient. In this case, by replacing the self-reported variable with little or no
measurement error, the magnitude of the correlation should be smaller.

This study investigates the two competing possibilities discussed above and tests whether
measurement error from self-report data on mobile phone use is random or non-random. To
do this we draw on mobile phone use data that are free of measurement error.

Smartphones as Research Tools in Mediated Communication Research

To evaluate measurement error in mobile phone use self-report data, a “gold standard” for
comparison is necessary. Previous research has used payment information or server logs from
mobile phone operators as “true values” (Johansen et al., 2001; Auvinen et al., 2002).
However, these logs have their limitations. As stated above, depending on the country,
payment information may only reveal outgoing voice calls. Furthermore, there are situations
where the person who is under contract is not the actual user of the phone. These limitations
hinder the accurate measurement of the actual behaviour of mobile phone users. However,
with the advent of new mobile technology, alternative methods for the collection of
behavioural logs without measurement error are becoming available.

Apple’s iPhone and mobile phones installed with Google’s Android OS are called
“smartphones,” and have become widely available and used in recent years. The characteristic
of smartphones is that users can install applications and customize their phones to a greater
extent than ever before. These customizable applications can be applied to social science
research.

Eagle et al. (2009) provided students at the Massachusetts Institute of Technology with
smartphones that had an experimental application installed that collected various usage logs
for nine months. These logs included voice call histories, interaction logs with other people
within a five-meter radius using Bluetooth technology, the ID of the cellular towers, use of
applications, and phone status (for example, whether it is on). By merging the logs from the
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application with self-report data, it was possible to predict whether interactions were
occurring between friends or whether two people would become friends in the future. In
addition, not only was a new style of experience sampling made possible by having the
subject send photos, but social network analysis was also possible by using the Bluetooth logs
of close interactions with others (Raento et al., 2009).

By having participants in communication research download and install a research
application, logs of mobile phone use in daily life can be automatically collected. This enables
data collection from a large and diverse sample, and if the popularity of smartphones
continues, logs from representative samples may also become available. The subjects of
bioelectromagnetics studies were mostly relatives or acquaintances of the researchers, who
were thus convenience samples with low representativeness. This was because modifying the
firmware on these phones was expensive (Vrijheid et al., 2006). The spread of smartphones
will eventually overcome these limitations. In short, the spread of the smartphone will extend
the research methodologies of social science and make it possible to collect behavioral data
with less measurement error and greater ecological validity than traditional surveys and
laboratory experiments.

Capitalizing on this technology, this study uses smartphones installed with Google’s
Android OS to measures the frequency of mobile communication without measurement error.
These logs are compared with self-report data to evaluate the magnitude of measurement error
in self-report data and explore the factors that generate error. The problems of spurious
correlations that arise from possible non-random measurement error are illustrated with
examples of how the use of self-report data rather than logs can lead to erroneous conclusions.

Method

We developed an application that can operate on smartphones utilizing Google’s Android
OS (see Figure 3 for some screenshots). This application enables the recording of all logs of
voice calls and SMS messages as well as logs of Gmail activity. However, Gmail activity
from the smartphone and that from a computer cannot be differentiated. Personal information
was not obtained and all data were encrypted before being sent to the server.

Data were obtained from February to March 2011 in Japan from willing Japanese
participants who had registered as potential respondents with a company specializing in
Internet surveys. Participation was limited to those aged 20 to 69 with Android smartphones
who used Gmail on a daily basis. Participants responded to an online pre-survey on their
computer screen, installed the application on their smartphones, and used it for approximately
one month. A total of 310 people participated in this study.

In the pre-survey, participants were prompted with the following sentences: ‘Please answer
the following questions regarding the use of your smartphone (Android phone). If you have
more than one smartphone (Android phone) please answer in regards to the smartphone that
you most frequently use.” For voice call and SMS messages use, participants received the
following prompts: ‘About how many phone calls do you make during a typical day using
your Android phone? About how many phone calls do you receive during a typical day using
your Android phone? About how many text messages do you send during a typical day using
your Android phone? About how many text messages do you receive during a typical day
using your Android phone?’ The average daily numbers of outgoing and incoming voice calls
and SMS messages were recorded in real numbers. For Gmail use, participants received the
following prompts: ‘Please answer the following questions about your Gmail use. Please
include use of Gmail through your computer and smartphone when answering the question
items. About how many emails do you send during a typical day? About how emails you
receive during a typical day?’ The average daily numbers of outgoing and incoming emails
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FIGURE 4 Sample log data.

After the users had responded to the pre-survey, the application was downloaded to the
Android phone and users received an on-screen survey on their smartphones daily at the same



time, when voice calls, SMS and Gmail logs were also recorded. The application randomly
selected a contact from the user’s address book that had been contacted within the previous 24
hours through voice calls, SMS, or Gmail. The first time that the person was selected,
questions regarding the relationship were asked. When a contact had been selected before,
questions regarding the content of the latest communication were asked.

Using the above procedure, this study acquired the following three types of data: pre-
survey data on the PC browser (self-report); voice call, SMS, and Gmail logs; and on-screen
surveys (self-report). Unique IDs were used to merge self-report data, logs, and data from on-
screen surveys. An example of log data is shown in Figure 4. On-screen survey data are not
used in this paper, and we use only pre-survey data and logs. The questionnaires for the on-
screen surveys are available from the authors.

Results

Evaluation of Measurement Error in Self-Report Data

To evaluate the magnitude of measurement error, self-report data in the pre-survey were
compared to log data on actual use. Similar trends are observed in outgoing and incoming
voice calls. The mean number of self-reported outgoing calls was 2.37, while that of incoming
calls was 2.79. The median value was 1.00 for both outgoing and incoming calls. On the other
hand, log data indicated that the average number of outgoing calls was 1.09 and that of
incoming calls was 0.95. The median values were 0.71 and 0.60, respectively. In other words,
respondents over-reported both the number of phone calls made and the number of phone
calls received. The correlation for outgoing voice calls was 0.30 and that for incoming calls
was 0.48. Although these are statistically significant values, they only show moderate
correlations. Even when skewed distribution was taken into account, Spearman rank
correlation values were only 0.46 for outgoing calls and 0.50 for incoming calls. Compared to
Pearson product-moment correlation coefficients, the correlation values did not indicate a
significant increase.

TABLE 1
Comparison of Self-Report and Log Data

Voice calls SMS Gmail

Outgoing Incoming Outgoing Incoming Outgoing Incoming

Mean
Log 1.09 0.95 0.16 0.55 0.57 2.08
Self-report 2.37 2.79 2.15 3.54 2.59 11.61
Median
Log 0.71 0.60 0.00 0.15 0.09 0.72
Self-report 1.00 1.00 0.00 0.00 1.00 5.00
Correlation Coefficient 0.30 0.48 0.05 0.04 0.45 0.23
Spearman Rank Correlation 0.46 0.50 0.11 0.16 0.41 0.49
Coefficient
N 270 182 248

In regard to SMS exchange, average numbers of messages reported by log and self-report
data differed by approximately two to three messages. The number of SMS messages
exchanged was over-reported in the self-report data. These results reflect less widespread use
of SMS as a form of texting in Japan. SMS is not frequently used in Japan, and 75% of
participants did not send a single SMS during the data collection period. In Japan, SMS had
coexisted with ‘carrier mail’, thus making it difficult for participants to distinguish the
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frequency of SMS use relative to voice calls or Gmail. Although SMS became available for
use across carriers in July 2011, since the late 1990s Japanese people have had a history of
accessing the Internet through phones to exchange emails (‘carrier mail’). The extent to which
SMS will be used in Japan is still unknown. Because there are not many SMS users and the
self-report data showed little correlation with the log data, only the rank correlation
coefficient of incoming SMS messages reached statistical significance.

Gmail use is over-reported in the self-report data as well. For outgoing messages, self-
reported values were a mean of 2.59 and a median of 1.00. Logs reported a mean of 0.57 and
a median of 0.09. For incoming messages, respondents reported a mean of 11.61 and a
median of 5.00. Actual use logs showed a mean of 2.08 and a median of 0.72. Rank
correlation scores did not reach 0.5, indicating that the reliability of the self-report data is not
high. Scatter plots of self-report and log data are shown for voice calls and Gmail use in
Figure 5. The distribution of SMS use is disregarded because of the small number of users.
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FIGURE 5 Scatterplots of self-report and log data.

Exploration of Factors that Predict Over-Reporting

Next, several factors that may have caused the discrepancy between self-report and log
data were investigated. This study collected data on outgoing and incoming frequencies for
each of voice calls, SMS and Gmail, which provided six types of media use (see Table 1). In
each of the six types, self-reported frequencies were compared to logs and rated as 1 if the
self-report over-reported the actual use and 0 if the self-report matched or under-reported the
actual use. If one subject over-reported the frequencies of all six media types, that subject
would be rated as 6. If another subject under-reported the frequencies of all six media types,
that subject would be rated as 0. This seven-point scale from 0 to 6 points was used as an
indicator of the extent of over-reporting for each respondent. Next, this variable was used as a
dependent variable and multiple regression models were estimated. This model is intended to
identify the factors that affect the extent of over-reporting in the self-report data.

In model 1, age, gender, educational background, fulltime employment (dummy), average
number of people met face to face per day, whether Gmail was used as the primary email
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address (dummy), use of smartphones for collective communication within voluntary
associations, and use of social networking sites (SNS) with smartphones (dummy) were used
as independent variables. The average number of people met face to face per day can be
regarded as a proxy of extroversion. Use of smartphones for collective communication within
voluntary associations and use of SNS on smartphones reflect social activeness as well. While
the former captures the collective aspect of communication, the latter taps into more the
mediated aspect of communication. Whether Gmail was used as the primary email address
was included to control the intensiveness of Gmail use. If respondents use different email
addresses for different purposes, it might reduce the intensiveness of Gmail use, which might
possibly affect the magnitude of over-reporting. All these independent variables were based
on self-report measures that were given in the pre-survey. The age range was 20 to 69 and
educational background was rated on a four-point scale. Voluntary associations included
residential associations, PTAs, trade associations/farm organizations, labour unions, consumer
cooperatives, volunteer groups, residential movement groups/citizens’ movement groups,
religious groups, alumni associations, and candidate support organizations. For each of these
ten associations, ‘voice calls’, ‘emails or SMS’, or ‘interactions on Twitter, Mixi, or
Facebook’ with other members were counted as behaviours that demonstrated collective
communication within voluntary associations. Because there are three types of behaviours and
ten types of voluntary associations, the range of the scale is 0 to 30.

Next, models 2 through 4 show how the extent of over-reporting can be predicted by the
log data for voice calls, SMS, and Gmail use for both outgoing and incoming events. The
reason for analysing voice calls, SMS, and Gmail separately is because the correlations are
large among the frequencies of the three services. Separate analysis prevents multicollinearity.
So far, some previous studies have reported that heavy mobile phone users tend to over-report
their frequency of use (e.g. Vrijheid et al., 2006), while other studies report that light users
tend to over-report their use rates (e.g. Timotijevic et al., 2009), and results have been
inconsistent. All the models were estimated using OLS.

TABLE 2
Multiple Regression Models that Predict Level of Over-Reporting (1)

Coef. (B)

Dependent variable: The extent of overestimation
(range: 0-6) Model 1 Model 2 Model 3 Model 4
Gender (female; dummy) 0.01
Age 0.00
Education 0.04
Full-time employment (dummy) —0.13
# of people met in face to face per day 0.36%*
Gmail as a main email account (dummy) 0.53*
Work-related use of smartphone (dummy) 0.31
Use of smartphone for collective communication within 0.11*

voluntary associations
SNS use using smartphone (dummy) —0.01
(Log) Average number of incoming SMS messages per day —-0.15
(Log) Average number of outgoing SMS messages per day 0.09
(Log) Average number of incoming voice calls per day 0.03
(Log) Average number of outgoing voice calls per day 0.12
(Log) Average number of incoming Gmail messages per day 0.02
(Log) Average number of outgoing Gmail messages per day —0.01
Constant 1.89* 3,77 3.08** 3.29%*
N 276 182 270 248
R-squared 0.10 0.01 0.01 0.00

*p < .05, **p < .01.
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In model 1, demographic variables of age, gender, education, and full-time employment
(dummy) were not significant, consistent with previous research (Parslow et al., 2003;
Vrijheid et al., 2006; Tokola et al., 2008). On the other hand, those who interacted with a
higher average number of people in face-to-face conversations and those who used
smartphones for collective communication in voluntary associations tended to over-report on
self-report measures. This indicates the possibility that socially active people tend to over-
report on self-report measures.

Models 2 through 4 used logs as independent variables but no significant effect was found.
For this reason, the R-squared values are remarkably low. These results are not affected by
multicollinearity because even when outgoing and incoming use were analysed as separate
independent variables, significant effects were not found (table not shown). These results
demonstrate that actual frequencies of mobile phone use do not correlate with the magnitude
of measurement error. Rather, model 1 indicates the possibility that a factor relating to social
activeness is correlated with the magnitude of measurement error instead of actual frequency.

Next, the models were estimated to predict separately the levels of over-reporting in each
of the six types of media (Table 3). The independent variables are identical to the ones used in
model 1 in Table 2. This model uses the differences between self-report and log data on the
average frequencies of use per day as dependent variables to predict over-reporting. All
dependent variables were calculated by subtracting the log values from self-report values, thus
a positive value represents over-reporting. All the models were estimated using OLS.

TABLE 3
Multiple Regression Models that Predict Level of Over-Reporting (2)
Voice Calls SMS Gmail
Dependent variable: Differences
between self-reports and logs Outgoing  Incoming  Outgoing  Incoming  Outgoing  Incoming
Coef. (B)

Gender (female; dummy) —0.21 —0.27 0.23 —0.62 —0.44 —0.85
Age 0.02 0.03 —0.06 —0.07 0.03 —0.07
Education —-0.21 —0.54% —1.02%F —1.14% —-0.01 2.45*
Full-time employment (dummy) 0.34 0.30 —0.64 —-2.25 0.25 —3.76
# of people met in face to face per day 0.12 0.56* 3.75%* 4.50%* —0.13 2.88*
Gmail as main email account (dummy) 0.46 0.09 —-0.72 —0.14 2.33%* 11.57**
Work-related use of smartphone 0.71+ 1.07* —0.57 0.53 —0.01 6.46%*

(dummy)
Use of smartphone for collective 0.52** 0.32** 0.66* 0.61* 0.57** —0.81F

communication within voluntary

associations
SNS use using smartphone (dummy) —0.05 0.03 0.28* 0.24 0.14% —0.09
Constant 0.30 0.67 —2.28 —-0.47 —1.15 —10.84
N 268 268 180 180 246 246
R-squared 0.17 0.16 0.26 0.24 0.22 0.23

Tp < .10, *p < .05, **p < .01.

Over-reporting of voice calls is higher for subjects who use smartphones for work-related
purposes or collective communication among voluntary association members. The frequency
of incoming voice calls tends to be over-reported by subjects with lower levels of education
and subjects who interacted with a larger number of people face to face. For Gmail use,
respondents tended to over-report their frequency of use when the Gmail account was their
primary email account. Incoming Gmail messages tended to be over-reported by people who
are highly educated, interact face to face with a larger number of people, and use their
smartphones for work-related purposes. These results are in line with the result shown in
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Table 2 that in general, socially active people tend to over-report their use of mobile
communication. The pre-survey did not include items that directly measure social activeness
such as extroversion, so decisive interpretations cannot be made. However, the number of
people met in person and collective communication within volunteer organizations
demonstrate interpersonal communication and activeness, and can be regarded as proxies of
social activeness. Furthermore, consistent trends were seen when dependent variables were
operationalized as a count variable (Table 2) and as differences between self-report and log
data (Table 3). This implies that some social characteristics may be related to the magnitude
of measurement error. Future research should measure psychological characteristics such as
extroversion and other behavioural traits, which would tap social activeness to identify
directly the factors that generate measurement error.

Counter-Evidence Against the Attenuation Argument

Next, we explore the possible threats of measurement error, which appear likely to be
linked to social activeness, on the validity of mobile communication research that relies on
self-report to measure frequency of mobile phone use. If measurement error is random, the
use of log data instead of self-report data should increase the magnitude of correlation
because attenuation will be corrected. On the other hand, if measurement error is nonrandom
and correlated with a third variable such as extroversion, the use of log data instead of self-
report data will decrease the correlation coefficients because the over-reporting is corrected.
The possibility of social activeness correlating with measurement error has been raised in
previous sections in this paper. If there is a positive correlation between social activeness and
a dependent variable, a spurious correlation will result. In those cases, the use of log data
instead of self-report data would decrease the magnitude of correlation.

To study these possibilities, we examined the effect of mobile phone communication on
civic engagement. The differences that arise from self-report and logs were the focal point of
this analysis. Civic engagement measured in the pre-survey was used as the dependent
variable. If the use of mobile phones enables users to communicate with people with whom
they share interests and experiences, then civic engagement through those networks is likely
to be enhanced. Therefore, the frequency of mobile communication should have positive
effects on civic engagement. Indeed, Campbell and Kwak (2010) reported that mobile phone
use for information exchange and personal recreation has a positive effect on civic
engagement.

However, even if there is a positive correlation between the frequency of mobile
communication and civic engagement, the possibility cannot be ruled out that a third factor is
causing a spurious correlation. If extroverted respondents tend to over-report their mobile
phone use rates, a positive correlation between the independent and the dependent variables
would be induced spuriously, even if there is no causal effect of mobile phone use on civic
engagement, nor one of extroversion on the frequency of mobile phone use. If the correlation
between mobile phone use and civic engagement was overestimated by using self-reported
mobile phone use, the magnitude of the correlation between those two variables would be
decreased when log data instead of self-report data were used as measures of mobile phone
use.

Participation in ten voluntary associations such as residential associations, PTAs, trade
associations/farm organizations, labour unions, consumer cooperatives, volunteer groups,
residential movement groups/citizens’ movement groups, religious groups, alumni
associations, and candidate support organizations, weighted by three levels of activeness of
participation, were used to create a civic engagement scale (range: 0 to 30). Age, gender, and
education were used as control variables. Frequency of voice calls was used as a measure of
frequency of mobile phone use—this variable included both incoming and outgoing voice
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calls. Logarithmic transformations were conducted to reduce strong skew. The use of SMS is
not applicable due to the small number of users. Because mobile phone and PC use cannot be
distinguished, Gmail use was also deemed inapplicable for this analysis. Thus, the frequency
of voice calls was used as a measure of mobile phone communication use. The analysis
results are shown in Table 4. All the models were estimated using OLS.

TABLE 4
Regression Models that Predict Civic Engagement
coef. (B)
Dep: Civic engagement Model 1 Model 2
Gender (female) —0.08 —0.34
Age 0.05* 0.06**
Education —0.05 -0.13
# of voice call per day (self-report) 0.45%*
# of voice call per day (log) 0.23*
constant 9.99** 11.14**
N 212 212
R-squared 0.13 0.09

*p < .05, "*p < .01.

Model 1, which uses self-report data as an independent variable, indicates that age as well
as the number of voice call per day is positively related to civic engagement. The pattern of
effects was identical to the result obtained using log instead of self-report data (model 2), but
the effect of mobile phone use was about half of the score obtained from self-report data in
model 1. This indicates that the correlation between mobile phone use and civic engagement
is overestimated in model 1 due to non-random measurement error in the self-report data.

So far, the dominant argument has been that measurement error attenuates correlations
between variables. However, this study points to the possibility that the opposite effect may
hold true, at least in some mobile communication research. Perhaps because it is socially
desirable, socially active respondents over-report their mobile phone use, which leads to
overestimation of correlations between mobile phone use and other variables related to social
activities. Results reported in Table 4 indicate that the effect of mobile phone use is still
significant when logs are used as an independent variable. However, if there is a tendency for
socially active people to over-report not only mobile phone use but also their level of civic
engagement, the true correlation between mobile phone use and civic engagement may be
smaller.

Discussion

This study analyzed the validity of self-report data on mobile phone use by collecting voice
call, SMS messaging, and Gmail log data from smartphones and comparing it to self-report
data. The results indicate that respondents tend to over-report frequency of use in self-report
measures. Furthermore, this trend is more likely to occur among respondents who had in-
person conversations with a larger number of people or who used mobile phones for
collective communication in voluntary associations. Due to this bias, measurement error that
has been claimed to attenuate correlations between variables could instead lead to
overestimation of correlation. These results indicate that measurement error in the self-report
of mobile phone use is not random in nature because it does not attenuate the correlation
between the independent and dependent variables. On the contrary it leads to overestimation
of the correlation. Although we cannot specifically identify the variables that lead to both
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overestimation of mobile phone use and the affected dependent variables in this study, our
results strongly suggest that the measurement error in the self-report of mobile phone use is
non-random. These findings indicate that when defending conclusions based on self-report
data, it is difficult to argue that such conclusions are “conservative” due to a failure to account
for measurement error. As shown in Figure 2, a correlation may be detected if measurement
error and a third variable are correlated, even if mobile phone use does not have any effect on
the dependent variable. This raises critical doubts about the validity of conclusions reached
from studies based entirely on self-report data.

Solutions to problems associated with such measurement error in self-report data are not
easy to implement. Obtaining both mobile phone use logs and self-reported survey data from
the same respondents is not only costly but also raises ethical issues from the viewpoint of
privacy protection. In addition, because this study targeted smartphone users in Japan, it failed
to collect logs of “carrier mail”, which is a vital part of mobile communication. It is not easy
to obtain complete logs, and difficulties may arise that are unique to each country.
Furthermore, installation of a log-collecting application such as the one utilized in this study
can affect users’ mobile communication behaviours. Realistically, self-report surveys based
on a traditional methodology should not be discarded so easily. First, factors generating
measurement error in self-report surveys should be thoroughly explored, and focus should
then be placed on the development of a measurement method based on self-report that will
generate a high correlation with actual behaviours.

Self-report data in this study was used to measure frequency of daily mobile phone use.
However there are some criticisms of ‘global’ measurements such as the one used in this
study. It has been indicated that abstract terms such as ‘typical’ or ‘usual’ use decrease the
accuracy of frequency measurements (Del Boca & Darkes, 2003; Morin, 1993; Neath, 1993).
Recall bias in the measurement of frequency stems from the fact that it is difficult to
remember each event of frequent behaviour such as mobile phone communication (Blair &
Burton, 1987; Menon, 1993; Sudman et al., 1996; Schwarz, 1999). However, by specifying a
time reference such as “three days” or “one week,” recall bias can be reduced (Menon, 1997).
On the other hand, it has been reported that specified time references can lead to
overestimation of frequencies (Belli et al., 2000). By advancing this line of research in the
field of mobile phone communication, researchers could develop a measurement using self-
report data that better reflects actual behaviours. For example, Timotijevic et al. (2009)
investigated the effects of manipulated time reference and recall prompts on the measurement
error in self-report of mobile phone use frequencies. This type of research is valuable in
determining the factors that give rise to measurement error. Eagle et al. (2009) conducted
research similar to this study by utilizing a smartphone application to collect logs. The authors
found that self-report and log data showed the strongest correlation when self-report data were
measured over a time reference of seven days. This is thought to occur because people are
familiar with using a ‘seven-day window’ to recall their past. Given the prevalence of self-
report data in research on mobile phones, a further study focusing on making self-report data
more representative may prove useful.

Fortunately, not only do smartphones make automatic data collection of mediated
communication behaviour an easier task, they also make collecting self-report data through
on-screen surveys possible. For example, smartphones can enable researchers to collect self-
report data concerning in-person communication or relational quality, which cannot be
directly inferred from log data. In this way, automatically collected communication logs such
as voice calls and email exchanges can be merged with other self-reported data, and it
becomes possible to estimate the strength of ties between the phone users and their contacts.
This type of technological approach to measuring mobile communication should be
considered as an important tool for social science research. By fully utilizing this technology,
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researchers may avoid relying solely on self-report data, which would be an important step in
advancing research on mediated communication.

A limitation of this study is that subjects were limited to Android mobile phone users.
These results do not reveal the entire picture of mobile phone communication in Japan. Logs
of ‘carrier mail’ could not be acquired, and due to the limited use of SMS, only voice calls
provided a full set of data. These shortcomings can be addressed by conducting a comparative
data analysis of Android users in the United States, where SMS is more commonly used.
Another potential limitation is that the self-report data are based on behaviour in the past,
whereas the log data are based on the data in the present. Because the frequency of mobile
communication may change longitudinally, future study needs to make those two data
comparable in terms of period of time for measurement.

Of course, further research is needed to reach a definitive conclusion. Our findings suggest
that “social activeness” correlates with measurement error, but further study is necessary to
confirm this. This study does not elucidate on why socially active people tend to over-report
their frequency of mobile phone use. Obviously, future research is needed to determine
whether a social desirability bias is driving this process, or whether other factors are
responsible. Use of self-report data collected through survey questionnaires has a long history
as a method of measurement, and the biases that arise from this method have been carefully
examined in previous research (e.g. Stone et al., 2000). On the other hand, the effects that an
application which logs behaviour automatically has on such behaviour are as yet unknown.
There is a possibility that subjects may alter their behaviour because they know their
behaviour is being logged. The issues that arise from this new method of data collection
should be investigated further.
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