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Abstract

The Cohort Study of Mobile Phone Use and Health (COSMOS) has repeatedly collected self-reported and operator-recorded data on
mobile phone use. Assessing health effects using self-reported information is prone to measurement error, but operator data were
available prospectively for only part of the study population and did not cover past mobile phone use. To optimize the available data
and reduce bias, we evaluated different statistical approaches for constructing mobile phone exposure histories within COSMOS. We
evaluated and compared the performance of 4 regression calibration (RC) methods (simple, direct, inverse, and generalized additive
model for location, shape, and scale), complete-case analysis, and multiple imputation in a simulation study with a binary health
outcome. We used self-reported and operator-recorded mobile phone call data collected at baseline (2007-2012) from participants in
Denmark, Finland, the Netherlands, Sweden, and the United Kingdom. Parameter estimates obtained using simple, direct, and inverse
RC methods were associated with less bias and lower mean squared error than those obtained with complete-case analysis or multiple
imputation. We showed that RC methods resulted in more accurate estimation of the relationship between mobile phone use and
health outcomes by combining self-reported data with objective operator-recorded data available for a subset of participants.

Key words: regression calibration; mobile phone use; measurement error; cohort analysis; health outcomes; exposure assessment.

Introduction relationships.:® Validation studies have shown substantial error
Exposure measurement error is a threat to the validity of environ- in self-reported estimates of mobile phone use.** Measurement
mental epidemiologic research, and may be especially important error correction methods, such as regression calibration (RC), sim-
for studies that rely on self-reported exposure information.’- ulation extrapolation, and likelihood-based approaches have been
Systematic and random measurement error may result in sub- widely used in nutritional epidemiology,**-** and are increas-
stantial bias and loss of precision in estimated exposure-outcome ingly used in environmental epidemiology.-14-#
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For mobile phone use, multiple bias modeling has been used in
the Interphone Study,'® bias correction in the CEFALO study,® and
regression calibration by Tokola et al.?° Redmayne et al developed
a measurement error correction method for the number of weekly
text messages.'® The prospective Cohort Study of Mobile Phone
Use and Health (COSMOS)??! of more than 310000 participants
from 6 countries aimed to collect both self-reported and operator-
recorded data on mobile phone use. Operator data could not
be obtained for all participants, eg, because of prepaid service
or data-sharing issues, or because subscriptions were held by
employers or participants did not consent to the provision of their
mobile traffic data to the researchers.”

Deciding which information to use for the primary analyses of
exposure-outcome associations within COSMOS requires a care-
ful consideration of the available data sources on mobile phone
use.’? Use of operator-recorded information alone may lead both
to imprecision in estimates, because data are available for only
a subset of participants, and to bias if data are not missing at
random. Meanwhile, the use of more readily obtained (but error-
prone) self-reported mobile phone data is likely to result in biased
risk estimates and precision loss due to both systematic and
random measurement errors.

Here we combined self-reported and operator-recorded mobile
phone use data aiming to obtain acceptable precision of exposure-
outcome estimates while minimizing the bias. We implemented
regression calibration (RC),>???® complete-case (CC) analyses,
and multiple imputation (MI)** in a simulation study, comparing
both bias and precision within and across methods, to optimize
quantitative risk estimation in the COSMOS study.

Methods
Study design

We designed our simulation study using real-world data from
the COSMOS study, which has been described in detail else-
where.?!2>:26 Briefly, information on mobile phone use was col-
lected for participants aged 18 and over from 2007 onward in 6
countries: Denmark, Finland, France, the Netherlands, Sweden,
and the United Kingdom.?*?>-?6 In Denmark, Finland, and Sweden,
potential participants were selected using stratified random sam-
pling from subscribers of major mobile phone network operators.
In the Netherlands, recruitment was from the general population
and a nurses cohort.?® In the United Kingdom, approximately 65%
of participants were recruited by stratified random sampling from
subscribers of major mobile phone network operators, while 35%
of participants were recruited from the electoral register?® (Table
S1). The COSMOS study protocol was approved by ethical com-
mittees in each country. Written or electronic informed consent
to link to operator-recorded mobile phone use data was requested
from each study participant.

Questionnaire data

The COSMOS baseline questionnaire was administered between
2007 and 2012 either on paper or in most countries electroni-
cally. It was administered in 2019 in France, and the French data
were therefore not considered in the current analysis. Key topics
included mobile phone use, cordless phone use, use of other wire-
less devices, demographic and social characteristics and several
self-reported health outcomes.?’ Characteristics considered as
potential predictors of mobile phone use (or affecting self-report)
were sex, age, marital status (living together, living apart, and not
beingin a relationship), educational level (elementary versus sec-

ondary school or higher), and employment status (active versus
inactive).

Self-reported mobile phone use

Self-reported duration of mobile phone use (REPORT) at base-
line?! was based on answers to the question: “Over the last
three months, on average, how much time per week did you
spend talking on a mobile phone?” The following response options
were provided: “<5 minutes/week,” “5-29 minutes/week,” “30-
59 minutes/week,” “1-3 hours/week,” “4-6 hours/week,” and “> 6
hours/week.” In the Netherlands and the United Kingdom, 2 fur-
ther categories of call duration were included, “7-9 hours/week”
and “10 or more hours/week,” but these were combined into “> 6
hours/week” for the present analyses.

Operator-recorded mobile phone use

Operator-recorded duration of mobile phone use (RECORD) was
collected for all participants who provided consent and had a
subscription under their own name. Operator-recorded data were
used only when available for all mobile phones that were reported
(up to 2 phones in Denmark, the Netherlands, Sweden, Finland,
and up to 3 in the United Kingdom) and for at least 3 full
months at the time the baseline questionnaire was administered.
Participants with mobile phones that were also used by others
were excluded. Operator-recorded data were available for 21% of
participants in Denmark, 76% in Finland, 40% in the Netherlands,
63% in Sweden, and 76% in the United Kingdom.

Providers collected information on number and duration sep-
arately for outgoing and incoming calls. Across countries, out-
going calls made up 55%-72% of the total number. Where the
discrepancy between incoming and outgoing calls was large, this
could suggest under-recording of incoming calls, possibly because
calls between subscribers from the same provider were not always
charged and may have gone unrecorded in some billing systems.
For this reason, to evaluate the best RC method, we based our sim-
ulations on outgoing call duration only. Data for the 3 months at
baseline were used to calculate average duration of calls (minutes
per week).

Simulation study

We compared results from different approaches that combine
self-reported and operator-recorded mobile phone use: 4 variants
of regression calibration (simple RC, generalized additive model
for location, shape, and scale (GAMLSS)-based RC, direct RC, and
inverse RC), a complete-case (CC) analysis, and multiple imputa-
tion (MI) (Figure 1, Appendix S1).

All simulations used data from the subset of participants for
whom both self-reported and operator-recorded data were avail-
able. For each simulation, we assigned a binary health outcome
with probability P(Y; = 1) according to the following equation:

P(Y; = 1) = exp(a + BxRECORD;)/(1 + exp(a + BxRECORD)))

for participant i with recorded call duration RECORD; (in minutes/
week).

For our main analyses, the outcome was simulated using
a slope coefficient (B) of 0.001 (ie, assuming an odds ratio of
exp(0.001x30) = 1.03 per additional 30 minutes call-time per week)
and with a balanced ratio of cases to noncases (by tuning «). The
value of 0.001 was chosen to provide a reasonably strong signal-to-
noise ratio across the country-specific datasets. Additional results
using a slope coefficient (B) of 0.005 are presented in Table S2.
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Full cohort data
Model fit and estimated determinant effects for the

Observed versus predicted (Figure 2)
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direct and inverse RC models

Simulation study (binary health outcome)
(no. of simulations = 1000)

Estimated determinant effects (Figure 3)

Random sample (25%), 8 = 0.001
Point estimates, bias2, variance, MSE (Table 2)

Analysis methods:

- Full data

- Simple simple RC

- GAMLSS-based regression calibration (GAMLSS RC)
- DirectRC

- Inverse RC; 100 simulations

- Complete case

- Multiple imputation

A4

Coverage, B/SE ratio (Table 3)
R?, slope ofobserved versus predicted (Table S4)

Random sample (50%), 8 = 0.001

Point estimates, bias?, variance, MSE (Table S2A)
Coverage, B/SE ratio (Table S3A)

R?, slope ofobserved versus predicted (Table S4)

A4

Random sample (25%), B = 0.005
Point estimates, bias?, variance, MSE (Table S2B)
Coverage, B/SE ratio (Table S3B)

Figure 1. Roadmap to the main results from this paper, using data from the Cohort Study of Mobile Phone Use and Health (COSMOS), multiple
countries, 2007-2012. This includes evaluation of model fit and estimated determinant effects for regression calibration (RC) models fitted to the
available cohort data and results of the simulation study (including sensitivity analyses). GAMLSS, generalized additive model for location, shape, and

scale; MSE, mean squared error; RC, regression calibration; SE, standard error.

We randomly assigned 25% of the participants to the training
set used to develop the regression calibration models and for
fitting the complete-case model, while the remainder was used
as a test set for fitting the “calibrated” health outcome model
(mimicking the situation that provider data were missing for 75%
of the population). Results obtained using 50% of participants as
the training set are presented in Table S3.

The performance of each approach was evaluated by compar-
ing the average estimated slope with the “true” slope coefficient
used in the simulations; specifically, we estimated squared
bias, variance, and mean squared error (MSE). We calculated
95% Cls using bootstrapping to reflect Monte-Carlo error from
using a limited number of simulations. We also estimated the
coverage of 95% ClIs calculated using the estimated standard
error (SE) of the slope coefficient (Wald-type 95% CIs) to
investigate whether these correctly accounted for the additional
(sampling) variability (Tables S4 and S5). We calculated ratios
of estimated slopes to estimated standard errors (B/SE) as a
surrogate for statistical power and included results for the full
data health model in the tables as an “ideal-case” reference
method.

We used 1000 simulations to evaluate performance for all
approaches, except for the inverse RC method, where 100
simulations were used to avoid excessive running times. For
the same reason, we used model-based (“naive”) SEs to obtain
precision-weighted estimates, as we found these to be only
marginally different from bootstrapped SEs in a subset of 100
simulations.

Full data and complete-case analysis
Logistic regression models were fitted to the simulated health
outcome in the combined training and test datasets (“full data”)
or the training set only (“complete-case”). Note that the “full data”
option would not be available for COSMOS.

Operator-recorded mobile phone use was treated as gold stan-
dard for “true” mobile phone use, and the goal of our analyses
was to estimate the slope coefficient (8) in the following health

outcome model:
g(E(Y)) = a + B.RECORD

where gis the logistic link function in the case of a binary outcome
Y, and RECORD is operator-recorded mobile phone use.

Regression calibration

Because RECORD is only available for a subset of the partici-
pants, we consider using self-reported mobile phone use (REPORT)
as an (error-prone) proxy for operator-recorded use (RECORD)
and consider different implementations of RC to correct for the
measurement error.”’ All involve fitting the so-called “calibrated”
health outcome model:

g(E(Y)) = a x +p x .E(RECORDIREPORT, Z)

where E(RECORD|REPORTZ) is the expected value of “true”
operator-recorded mobile phone use, conditional on REPORT and
other covariates (Z).

We evaluated 4 different RC approaches, differing by the
amount of information used and in assumptions regarding
the distribution of RECORD or on the relationship between
REPORT and RECORD. Our simple RC approach was the most
basic, using the empirical average RECORD for each REPORT
category. REPORT estimates appeared to follow an approximate
log-normal distribution, and for the model-based approaches we
indirectly estimated E(RECORD|REPORT,Z) using the relationship
between arithmetic mean (AM) and geometric mean (GM) plus
geometric standard deviation (GSD) of a log-normally distributed
variable (ie, AM = GMxexp(log(GSD)?/2)). Our second approach,
GAMLSS RC, used maximum likelihood in a generalized additive
modeling framework to estimate both GM and GSD as a function
of REPORT categories and covariates, allowing for nonlinear
effects of continuous covariates. Our third approach, direct
RC, used regression splines to achieve the same flexibility
in a Bayesian setting, but in addition relaxed distributional
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assumptions by modeling the residuals nonparametrically as
a Dirichlet process mixture of (logjnormal distributions, and
with the AM estimated by averaging across draws from that
distribution. Finally, our fourth approach, which we called inverse
RC, was a Bayesian structural method and featured a probit
regression model for REPORT categories using RECORD and all
other covariates as predictor variables. By modeling the prior
(conditional) distribution of RECORD as a Dirichlet process
mixture of (lognormal distributions, we obtained estimates
of RECORD conditional on REPORT and other covariates. The
GAMLSS RC model was fitted using the R (R Foundation for
Statistical Computing) package gamlss,”’ while the Bayesian RC
models (direct, inverse) were fitted using the R package rjags.”®

Because health data in the COSMOS study is available for most
of the participants that contributed to the RECORD models, we
followed the approach suggested by Spiegelman et al? for studies
that have an internal validation study. We combined the slope
estimate from the complete-case model (ie, the health model for
the 25% of participants where RECORD was available) with that
from the “calibrated” model fitted to data from the remainder of
the population (the test set), using inverse-precision weighting.
Although robust SEs for the slope estimate from the “calibrated”
model could be obtained using bootstrapping, we did not do that
here for computational reasons.

Multiple imputation

Measurement error can also be regarded as a missing data prob-
lem,*® and we therefore considered multiple imputation (MI) in
addition to the RC and complete-case analyses for the simu-
lations. MI of operator-recorded phone use was performed by
chained equations with fully conditional specification, using pre-
dictive mean matching as implemented in the R package mice.?*
Participant characteristics considered as predictors in the impu-
tation model were the same as for the RC approaches, but also
included the (simulated) health outcome (Y). We imputed a total
of 10 different datasets and combined exposure slope coefficients
from the health outcome model using Rubin’s rule.**

Model fit

We evaluated model fit for RC models using data from all
participants with complete RECORD, REPORT, and the covariate
data, for each country separately, by comparing predicted with
observed average weekly call-time. We calculated the proportion
of variance in observed call durations that could be explained by
predicted call durations and evaluated the relationship between
predicted and observed call durations in detail by fitting a
GAMLSS model that allowed for nonlinear effects and nonho-
mogeneous residual variance.

Results

Participant characteristics

Table 1 lists study attrition and personal characteristics for
included participants. Complete information on covariates, self-
reported data (REPORT), and operator-recorded data (RECORD)
were available for < 50% of participants for most countries, except
for Finland and the United Kingdom. In the Netherlands, where
sampling was from the general population and a nurses cohort,
REPORT was not filled out by 33% of participants, likely due to
the high percentage of nonusers. Slightly more women than men
participated, except in the Netherlands, where most participants
were women. There were notable differences in self-reported and
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Figure 2. Outgoing operator-recorded mobile phone use according to
country and categories of self-reported use, using data from the Cohort
Study of Mobile Phone Use and Health (COSMOS), multiple countries,
2007-2012.

operator-recorded data between countries. Operator-recorded
minutes were lowest in the Netherlands (GM (GSD) = 23.4 (2.6)
minutes/week) and highest in Finland (81.5 (3.0) minutes/week).

The probability of having missing self-reported data depended
on the value of operator-recorded data in all countries, but abso-
lute differences were small and the direction across countries was
inconsistent. A detailed comparison of participants with or with-
out information on self-reported and operator-recorded mobile
phone use and covariates per country is provided in Table S6.

Figure 2 shows the distribution of self-reported data for outgo-
ing calls only, according to country and categories of self-reported
use. Self-reported durations tended to be lower for participants
from the Netherlands and the United Kingdom, even within cat-
egories of self-reported use, and this was most pronounced for
higher operator-reported categories.

Model fit and parameter estimates from RC
models on the full data

Estimated covariate effects for the direct and inverse RC models
fitted to the full cohort data, by country, are presented in the
Supplementary Material (Figures S1 and S2). Being in a rela-
tionship but not living together was a strong predictor for self-
reported durations in all countries and was also associated with
higher operator-reported categories (conditional on self-reported)
in the probit regression model for the inverse RC method (Figure
S1). Older age was associated with lower operator-recorded and
self-reported durations in most countries (Figure S2). The under-
lying variable for self-reported durations in the probit regression
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Table 1. Overview of available data and personal characteristics for participants where both self-reported and operator-recorded data
were available, using data from the COSMOS Study, multiple countries, 2007-2012.

Denmark Finland Netherlands Sweden United Kingdom
Total no. of participants?® 25912 13062 88466 50678 98685
Covariate data missing, no. (%) 706 (3%) 260 (2%) 3428 (4%) 2215 (4%) 12008 (12%)
Self-reported use missing, no. (%) 1871 (7%) 550 (4%) 29160 (33%) 4959 (10%) 6336 (6%)

Operator data missing or incomplete, no. (%)
Complete data, no. (%)
Age in years, mean (SD)
Sex, no. (%)
Male 1350 (45%)

20342 (79%)
2993 (11%)
46.9 (12.9)

Female 1643 (55%)
Marital status, no. (%)
Living together 2004 (67%)

Not living together

Not in a relationship
Employment status, no. (%)

Active 2212 (74%)

Unemployed/inactive® 781 (26%)
Educational level, no. (%)

Elementary school®

At least secondary school
Self-reported call duration, no. (%)

<5 minutes/week

5-29 min/week

30-59 minutes/week 661 (22%)

1-3 hours/week 676 (23%)

4-6 hours/week 268 (9%)

>6 hours/week 170 (6%)
Recorded call duration in minutes per week, GM (GSD)  60.6 (3.3)

321 (11%)
668 (22%)

423 (14%)
2570 (36%)

132 (4%)
1086 (36%)

3090 (24%)
9162 (70%)
493 (14.0)

52839 (60%)
3039 (3%)
450 (12.3)

18623 (37%)
24881 (49%)
433 (13.4)

23479 (24%)
56862 (58%)
451 (14.7)

3808 (42%)
5354 (58%)

280 (9%)
2759 (91%)

11352 (46%)
13529 (54%)

26044 (45.8%)
30818 (54.2%)

6386 (70%)
860 (9%)
1916 (21%)

2282 (75%)
131 (4%)
626 (21%)

16784 (67%)
2768 (11%)
5329 (21%)

37304 (65.6%)
7445 (13.1%)
12113 (21.3%)

4721 (52%)
4441 (48%)

2562 (84%)
477 (16%)

18033 (72%)
6848 (28%)

39854 (70.1%)
17008 (29.9%)

4014 (44%)
5148 (56%)

165 (5%)
2874 (95%)

3331 (13%)
21550 (87%)

6166 (10.8%)
50696 (89.2%)

101 (1%) 378 (12%) 1021 (4%) 2471 (4.3%)
1634 (18%) 1555 (51%) 7023 (28%) 15651 (27.5%)
2175 (24%) 642 (21%) 4894 (20%) 12754 (22.4%)
3573 (39%) 359 (12%) 6647 (27%) 15610 (27.5%)
1181 (13%) 75 (2%) 3075 (12%) 6030 (10.6%)
498 (5%) 30 (1%) 2221 (9%) 4346 (7.6%)
81.5 (3.0) 23.4 (2.6) 78.3(3.9) 46.5 (3.9)

Abbreviations: COSMOS, Cohort Study of Mobile Phone Use and Health; GM, geometric mean; GSD, geometric standard deviation.
aIn Sweden 55471 participants filled in the baseline questionnaire, but only 50678 participants provided consent for health register data and were therefore

included in this study.
PIncludes retired workers, students, disabled persons, and homemakers.

¢In Finland the elementary school category also includes participants with lower-level vocational education and nonvocational high school.

model for the inverse RC method tended to decrease with age, but
increased with increasing operator-recorded durations (Figure S2).

The relationship between observed and predicted operator-
recorded data was close to linear for the direct RC model in most
countries, but predictions in the high operator-recorded range
tended to either underestimate (Finland, Sweden) or overestimate
(Denmark, the Netherland, the United Kingdom) average observed
values for the inverse RC model (Figure 3). Predictions from the
GAMLSS-based RC model tended to be higher than observed in
the high operator-recorded range for all countries (Figure S3).
Differences in (in-sample) R? between models were smaller than
differences between countries, but were consistently larger for the
direct than the inverse RC method. R? was largest for RC models
fitted to the Danish data (range 36.1%-38.7%) and lowest for
models fitted to the Finnish data (range 23.6%-25.7%). Using any
of the more complex RC methods resulted in slightly higher R?s
(increase < 2.6%) than the simple RC method (Table S7). Country-
specific regression-calibrated estimates for the simple RC model
based on outgoing call duration, and incoming and outgoing call
duration combined, by category of self-report, are presented in
Table S8.

Performance of RC models on the simulated data

Simulation results are presented in Table 2. This table shows the
(range of) estimated coefficients across simulations, as well as
the squared bias and variance that contribute to total MSE. Using
any of the RC approaches resulted in MSEs that were approxi-
mately 50% lower than those from CC analyses. MI was inferior

to all RC approaches on average. Both simple RC and inverse RC
performed relatively well on data from Finland, Sweden, and the
United Kingdom. MSEs were lower when a larger training set was
used (50% of the sample; Table S3), especially for the inverse RC
approach that performed well in almost all countries in both sets
of simulations. Bias was a minor contributing factor to total MSE
when the regression coefficient for operator-recorded data used
in the simulations was relatively small (0.005) (Table S2). Point
estimates obtained using GAMLSS-based RC tended to suffer from
relatively large downward bias.

Table 3 shows coverage of Wald-type 95% Cls based on esti-
mated SEs after inverse-precision weighting. Coverage was per
expectation (95%) for the simple RC and direct RC methods,
tended to be slightly lower for the inverse RC method (~93%),
and was much lower for the GAMLSS-based RC in some countries
(eg, 66% for Sweden). The average ratio of estimated slope (B)
over SE was highest for the direct RC or inverse RC methods
for all countries, confirming higher statistical efficiency of these
methods over alternative approaches.

Discussion

We evaluated the performance of different approaches that com-
bine operator-recorded mobile phone use and its more widely
available, but error-prone proxy, self-reported use, in a simulation
study using “real world” COSMOS mobile phone use and covariate
data with a simulated binary health outcome. We show that RC
models, especially the simple and direct RC methods, provide a

202 4990300 zg uo isenb Aq Z|11.29//28%1/0L/€6/2I01e/8le/woo dno-olwepede//:sdiy woly papeojumoq


https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae039#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae039#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae039#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae039#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae039#supplementary-data
https://academic.oup.com/aje/article-lookup/doi/10.1093/aje/kwae039#supplementary-data

American Journal of Epidemiology, 2024, Volume 193, Number 10 |

A
) Denmark (R*= 38.6%)

60

<5 min/wk

5-30 min/wk
30-60 min/wk

1-3 hrs/wk

3-6 hrs/wk

>6 hrs/wk
Regression line

+  Simple calibration

Operator-recorded duration (min/wk)
20 40
L

| | | | T
0 20 40 60 80

Predicted duration (minutes/week)

B
) Finland (R?=25.7%)

60
|

<5 min/wk
5-30 min/wk
30-60 min/wk
1-3 hrs/wk
3-6 hrs/wk
>6 hrs/wk

—— Regression line

Operator-recorded duration (min/wk)
40
l

¢ +  Simple calibration
T T T T I
0 20 40 60 80

Predicted duration (minutes/week)

Figure 3. Continues.

good balance between minimizing bias and maximizing precision,
and we therefore plan to use these methods in further analyses
of the COSMOS data.

The results indicate that bias was a minor contributing factor
to MSE of estimated slopes, when health outcomes were simu-
lated under the assumption that the odds of disease increased
by 2% for each additional 20 minutes of mobile phone call-time
per week. Bias became more prominent when outcomes were
simulated assuming a stronger exposure-outcome relationship.
The direction of bias (upward or downward) varied by country
and RC approach. RC is expected to produce unbiased point
estimates only for linear models,*” but our simulations indicate
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that bias was still limited for logistic regression models when
the effect of (error-prone) reported use was not very strong or
measurement error was relatively low by comparison,?”-33:34 even
with heteroscedastic error.

Total MSE of estimated slope coefficients was lowest for the
full-data analyses and highest for the CC and MI methods, with
relatively minor differences between different RC approaches.
Among RC approaches, bias tended to be largest for the GAMLSS-
based method. The simple RC approach performed only slightly
worse than approaches relying on more complex models. This
may be explained by the fact that covariates did not explain much
of the variation in operator-recorded data once self-reported data
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Figure 3. Continues.

was considered, as suggested by the modest increase in average
R? for more complex models when compared with simple RC.
An advantage of using simple RC is that no additional covariates
need to be available, while any gain from using more covariates
would be (partly) offset by the need to consider these covariates
as potential confounders in the health-outcome model.*>%¢ Also,
requiring data on covariates to include in the model reduces the
available sample size because of missing covariate data. We did
not investigate this trade-off in this study, where health outcomes
were simulated using only operator-recorded data, but this could
be of practical relevance when some of the model predictors are
also known risk factors for the health outcome. Our results were

Netherlands (R?= 32.2%)

o _|
o
£ 9]
£
E
o |
s v
©
3
- 24
()
2
Q
] :
o o _| 4
L = N <5 min/wk
© 5-30 min/wk
8 30-60 min/wk
O w4 1-3 hrs/wk
3-6 hrs/wk
>6 hrs/wk
Regression line
o7 +  Simple calibration
T T T T T T T
0 5 10 15 20 25 30
Predicted duration (minutes/week)
Sweden (R’=36.7%)
o |
[ce]

60

<5 min/wk

5-30 min/wk
30-60 min/wk

1-3 hrs/wk

3-6 hrs/wk

>6 hrs/wk

—— Regression line
+  Simple calibration

I T I T T
0 20 40 60 80

Predicted duration (minutes/week)

Operator-recorded duration (min/wk)
20 40
l

based on simulations that assumed a linear relationship between
operator-recorded data and the log-odds of our simulated health
outcome. This may be a reasonable assumption in many cases,
but note that more complicated calibration models are required
if the goal is to use the calibrated exposure estimate in a nonpara-
metric or polynomial regression model.*’

RC models were fitted using 2-stage regression, and SEs from
the second-stage model do not fully account for the uncertainty
in exposure estimates from the first-stage models. SEs could
be estimated through (asymptotic) approximation or bootstrap-
ping,??-*? but for practical reasons we used model-based SEs for
the simulations in our analyses. Coverage of estimated 95% Cls
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Figure 3. Observed versus predicted duration of outgoing calls according to country for the direct (left column) and inverse (right column) regression
calibration (RC) approaches, using data from the Cohort Study of Mobile Phone Use and Health (COSMOS), multiple countries, 2007-2012. A) Denmark;
B) Finland; C) The Netherlands; D) Sweden; E) United Kingdom. The regression line was estimated allowing for a nonlinear relationship between
observed and predicted values and allowing the (residual) variance in observed durations to depend on predicted duration using penalized splines
(P-splines) as implemented in the generalized additive model for location, shape, and scale software.”” Note the different horizontal and vertical scales

for the Netherlands.

was only slightly lower than expectation for most approaches,
except for the GAMLSS-based RC, where bias in point estimates
was substantial.

Simulated health outcomes were included in the MI mod-
els, but we did not consider fitting a full measurement error
model that incorporates the health outcome regression.*® Feed-
back between the health outcome model and the exposure and
measurement error models could result in a more efficient anal-
ysis of the exposure-outcome relationship, but it could also result
in bias amplification from model misspecification.** A full mea-
surement error model would also require re-fitting the model
separately for each health outcome or including all health out-
comes in a single model, which is unattractive for a multicenter
cohort study.

Other authors have suggested methods either to account for
measurement error in self-reported mobile phone data or to
assess the potential impact on study findings, but these too have
their limitations. Redmayne et al'® used a Bayesian forecasting
method to correct for measurement error in the self-reported
number of text messages. Their method shows similarities to
the inverse RC approach applied here, but their model did not
include any covariates and self-reported use was on a continuous
scale. Vergnaud et al* imputed missing information on Terrestrial
Truncated Radio (TETRA) use among police forces using machine
learning techniques. They did not include health outcomes in
their imputation model and primarily reported results based on
personal exposure estimates averaged across 10000 imputations,
which made it similar to our GAMLSS-based RC method. They
found, as we did, that this model tended to under-estimate use
for higher exposures.

Complete information on covariates, self-reported phone use,
and operator-recorded data was available for a third of partic-

ipants (n = 96937; 35.0%), and was collected prior to disease
occurrence. This addresses a major limitation of earlier case-
control studies, which relied on retrospective information on
mobile phone use, although missing information could be asso-
ciated with some of the health outcomes of interest. Operator
data can also be problematic as they are collected by providers for
billing or security reasons rather than scientific purposes. In some
countries, calls made between a participant and another caller
both using the same provider were registered as outgoing calls
only, so some incoming calls may be missing. We therefore based
our simulation study on outgoing call duration, even though we
may choose to use calibrated call-duration estimates based on
combined incoming and outgoing call duration data in COSMOS.

Collection of operator-recorded data within COSMOS will likely
become more difficult over time due to attrition and participants
changing network operators. Self-reported information on mobile
phone use will therefore remain important,’® but it may require
the use of structural measurement error models to account for
time-trends during follow-up, ever-changing patterns in mobile
phone use, and newer network technologies. Notably, there are
limitations inherent in capturing evolving mobile phone technol-
ogy changes over time that may have an impact on the estimation
of exposure-response relationships, which cannot be addressed
with our approach.

A major issue is how well mobile phone use predicts the expo-
sure of interest, namely radiofrequency electromagnetic fields.
While past validation studies have been carried out for the sec-
ond mobile phone generation, showing fair agreement between
amount of use and cumulated emission from the handset,* fewer
data are available on the predictive power of mobile phones of the
third, fourth, and fifth generations that have been and are being
used by COSMOS participants.
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Table 2. Point estimates, squared bias, variance and mean squared error for approaches based on the results from 1000 simulations?
(100 simulations for the inverse regression calibration approach), using data from the COSMOS Study, multiple countries, 2007-2012.

B (x1000) (95% CI)° Percentiles®: . .
Country Model 2.5,97.5 Bias? (95% CI) Variance (95% CI) MSE? (95% CI)
Denmark Full data 1.02 (0.99-1.05) 0.34,1.72 0.00 (0.00-0.00) 0.18 (0.17-0.20) 0.18 (0.17-0.20)
Simple RC 0.98 (0.94-1.01) 0.05,1.93 0.00 (0.00-0.00) 0.34 (0.31-0.37) 0.34 (0.31-0.37)
GAMLSS RC 0.85 (0.82-0.88) 0.05,1.70 0.02 (0.01-0.03) 0.26 (0.24-0.29) 0.28 (0.26-0.31)
Direct RC 0.96 (0.92-0.99) 0.09,1.91 0.00 (0.00-0.01) 0.31 (0.29-0.34) 0.31 (0.29-0.34)
Inverse RC 0.90 (0.77-1.01) -0.16, 1.77 0.01 (0.00-0.05) 0.35 (0.28-0.46) 0.36 (0.29-0.48)
cC 1.02 (0.97-1.08) —0.35,2.46 0.00 (0.00-0.00) 0.75 (0.69-0.82) 0.75 (0.69-0.82)
MI 0.95 (0.91-1.00) —0.14,2.10 0.00 (0.00-0.01) 0.48 (0.44-0.52) 0.48 (0.44-0.53)
Finland Full data 1.00 (0.99-1.02) 0.55,1.45 0.00 (0.00-0.00) 0.08 (0.07-0.08) 0.08 (0.07-0.08)
Simple RC 1.01 (0.98-1.04) 0.33,1.70 0.00 (0.00-0.00) 0.18 (0.16-0.19) 0.18 (0.16-0.19)
GAMLSS RC 0.79 (0.76-0.81) 0.24,1.37 0.05 (0.04-0.06) 0.11 (0.11-0.12) 0.16 (0.15-0.17)
Direct RC 1.01 (0.98-1.03) 0.34,1.70 0.00 (0.00-0.00) 0.17 (0.16-0.19) 0.17 (0.16-0.19)
Inverse RC 1.13 (1.02-1.22) 0.40, 1.94 0.02 (0.00-0.05) 0.25 (0.19-0.32) 0.26 (0.20-0.35)
cc 1.02 (0.98-1.05) 0.13,1.95 0.00 (0.00-0.00) 0.31 (0.28-0.34) 0.31 (0.28-0.34)
MI 1.05 (1.01-1.08) 0.16, 1.94 0.00 (0.00-0.01) 0.29 (0.27-0.32) 0.30 (0.27-0.33)
Netherlands Full data 1.06 (0.96-1.16) —1.48,3.83 0.00 (0.00-0.03) 2.63 (2.44-2.87) 2.63 (2.43-2.88)
Simple RC 1.06 (0.91-1.21) ~2.70,5.05 0.00 (0.00-0.03) 5.62 (5.13-6.20) 5.62 (5.14-6.21)
GAMLSS RC 0.97 (0.85-1.12) —2.54,4.64 0.00 (0.00-0.01) 4.83 (4.43-5.27) 4.83 (4.43-5.27)
Direct RC 0.81(0.70-0.94) ~2.13,3.93 0.03 (0.00-0.09) 3.58 (3.26-3.91) 3.62 (3.28-3.95)
Inverse RC 1.19 (0.77-1.62) —3.24,4.87 0.03 (0.00-0.37) 5.16 (3.75-7.89) 5.19 (3.72-7.59)
cc 1.19 (0.99-1.39) —4.02,6.49 0.04 (0.00-0.15) 10.58 (9.59-11.56)  10.61 (9.62-11.62)
MI 1.17 (0.99-1.36) ~3.96, 5.89 0.03 (0.00-0.13) 8.69 (8.02-9.55) 8.73 (8.06-9.59)
Sweden Full data 1.00 (1.00-1.01) 078,1.21 0.00 (0.00-0.00) 0.02 (0.02-0.02) 0.02 (0.02-0.02)
Simple RC 1.00 (0.98-1.01) 0.72,1.28 0.00 (0.00-0.00) 0.03 (0.03-0.03) 0.03 (0.03-0.03)
GAMLSS RC 0.78 (0.77-0.79) 0.56,1.02 0.05 (0.04-0.05) 0.02 (0.02-0.02) 0.07 (0.06-0.07)
Direct RC 0.99 (0.98-1.00) 0.72,1.28 0.00 (0.00-0.00) 0.03 (0.03-0.03) 0.03 (0.03-0.03)
Inverse RC 1.04 (1.01-1.08) 0.80, 1.28 0.00 (0.00-0.01) 0.03 (0.02-0.04) 0.03 (0.02-0.04)
cc 1.00 (0.99-1.02) 0.57,1.46 0.00 (0.00-0.00) 0.07 (0.06-0.08) 0.07 (0.06-0.08)
MI 1.05 (1.03-1.06) 0.62,1.47 0.00 (0.00-0.00) 0.07 (0.06-0.07) 0.07 (0.06-0.08)
United Kingdom Full data 1.00 (0.99-1.00) 0.81,1.18 0.00 (0.00-0.00) 0.01 (0.01-0.01) 0.01 (0.01-0.01)
Simple RC 0.99 (0.98-1.00) 0.74,1.24 0.00 (0.00-0.00) 0.02 (0.02-0.03) 0.02 (0.02-0.03)
GAMLSS RC 0.92 (0.91-0.93) 0.68, 1.15 0.01 (0.01-0.01) 0.02 (0.02-0.02) 0.03 (0.03-0.03)
Direct RC 0.98 (0.97-0.99) 0.72,1.23 0.00 (0.00-0.00) 0.02 (0.02-0.03) 0.02 (0.02-0.03)
Inverse RC 1.05 (1.00-1.09) 0.68, 1.42 0.00 (0.00-0.01) 0.05 (0.04-0.06) 0.05 (0.04-0.07)
cc 0.99 (0.98-1.01) 0.61,1.35 0.00 (0.00-0.00) 0.05 (0.05-0.06) 0.05 (0.05-0.06)
MI 1.00 (0.97-1.03) 0.74,1.26 0.00 (0.00-0.00) 0.03 (0.02-0.03) 0.03 (0.02-0.03)

Abbreviations: CC, complete case; COSMOS, Cohort Study of Mobile Phone Use and Health; GAMLSS, generalized additive model for location, shape, and scale;

MI, multiple imputation; MSE, mean squared error; RC, regression calibration.

aSimulations used data from 25% of the participants with complete information on both self-reported and operator-recorded data as the training set and the
remainder as test set. The outcome was simulated using a slope coefficient () of 0.001 (ie, assuming an odds ratio of exp(0.001x30) = 1.03 for each additional
30 minutes call-time per week) and with a balanced ratio of cases to noncases. Bootstrapping was used to estimate 95% Cls for each statistic. The training set
was used to fit the first-stage (exposure) models for the RC approaches, the health model for the CC analysis, and the multiple imputation model. All
second-stage (health) models for the RC approaches were fitted to the test data only and results were precision-weighted with those from the CC approach
before further analyses. The (non-full data) model that achieved lowest MSE and all models for which the estimated MSE fell within the 95% CI for that lowest

MSE are highlighted in gray.

b95% Cls were estimated using bootstrapping and reflect Monte-Carlo error
¢(Empirical) quantiles of the distribution of p estimates across simulation
dMSE = (bias? + variance).

Conclusion

This study addressed an important concern in mobile phone
research and more generally in environmental epidemiology: how
to leverage self-reported exposure estimates that are often avail-
able but error-prone, with more objective measurements that
may be obtained in only a subset of participants. Our simulation
study indicated that RC approaches may improve estimation of
exposure-outcome relationships between mobile phone use and
health outcomes within COSMOS. The prospective design and
improved exposure assessment within COSMOS compared with
that in previous case-control studies are expected to lead to
more robust conclusions about possible health effects from use
of mobile phones.
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modeling approaches based on the results from 1000 simulations? (100 simulations for the inverse
regression calibration approach), using data from the COSMOS Study, multiple countries, 2007-2012.

Country Model Coverage, % (95% CI)° B/SE (95% CI) Percentiles®: 2.5, 97.5
Denmark Full data 95 (94-96) 2.37 (2.31-2.43) 0.82,3.91
Simple RC 96 (94-97) 1.67 (1.61-1.72) 0.08,3.23
GAMLSS RC 94 (92-95) 1.66 (1.60-1.71) 0.10,3.23
Direct RC 96 (94-97) 1.69 (1.63-1.75) 0.15,3.24
Inverse RC 93 (84-96) 1.62 (1.40-1.81) -0.31,3.07
cc 95 (94-97) 1.16 (1.10-1.22) —0.41,2.68
MI 97 (95-97) 1.28 (1.23-1.34) —0.19,2.77
Finland Full data 95 (94-96) 3.58 (3.52-3.64) 2.02,5.06
Simple RC 96 (94-97) 2.38(2.32-2.44) 0.81,3.92
GAMLSS RC 89 (87-90) 2.33(2.27-2.39) 0.75,3.92
Direct RC 96 (95-97) 2.42 (2.36-2.48) 0.80, 3.95
Inverse RC 92 (83-95) 2.51(2.30-2.71) 0.88,4.23
CC 96 (94-97) 1.78 (1.72-1.84) 0.25,3.25
MI 94 (92-95) 1.90 (1.84-1.96) 0.31,3.58
Netherlands Full data 96 (95-97) 0.64 (0.58-0.70) —0.90,2.29
Simple RC 95 (94-96) 0.44 (0.38-0.51) -1.15,2.11
GAMLSS RC 95 (93-96) 0.44 (0.38-0.51) -1.19,2.05
Direct RC 94 (92-95) 0.44 (0.38-0.51) -1.20,2.12
Inverse RC 94 (85-97) 0.53 (0.35-0.71) —1.43,2.06
cc 97 (95-98) 0.35 (0.29-0.40) ~1.22,1.86
MI 97 (96-98) 0.37 (0.31-0.42) ~1.20,1.85
Sweden Full data 95 (94-96) 7.70 (7.64-7.76) 6.04, 9.22
Simple RC 96 (95-97) 5.57 (5.50-5.62) 4.02,7.14
GAMLSS RGC 66 (63-69) 5.50 (5.45-5.57) 3.97,7.04
Direct RC 96 (95-97) 5.62 (5.56-5.68) 4.08,7.20
Inverse RC 96 (89-98) 5.53 (5.38-5.69) 4.30,6.85
e 95 (93-96) 3.83 (3.78-3.89) 2.22,5.46
MI 94 (92-95) 4.04 (3.96-4.12) 2.26,6.25
United Kingdom Full data 95 (93-96) 9.10 (9.05-9.16) 7.52,10.64
Simple RC 96 (94-97) 6.35 (6.29-6.41) 4.76,7.89
GAMLSS RC 90 (88-91) 6.40 (6.34-6.46) 4.76,7.98
Direct RC 95 (93-96) 6.40 (6.34-6.46) 4.78,7.98
Inverse RC 94 (85-97) 5.14 (4.94-5.36) 3.32,6.89
cc 95 (93-96) 4.52 (4.45-4.57) 2.90, 6.03
MI 96 (87-98) 6.28 (6.08-6.46) 4.74,7.80

Abbreviations: CC, complete case; COSMOS, Cohort Study of Mobile Phone Use and Health; GAMLSS, generalized additive
model for location, shape, and scale; MI, multiple imputation; RC, regression calibration; SE, standard error.

aSimulations used data from 25% of the participants with complete information on both self-reported and operator-recorded
data as the training set and the remainder as test set. The outcome was simulated using a slope coefficient (8) of 0.001 (ie,
assuming an odds ratio of exp(0.001x30) = 1.03 for each additional 30 minutes call-time per week) and with a balanced ratio
of cases to noncases. Bootstrapping was used to estimate 95% ClIs for each statistic.

b95% Cls were estimated using bootstrapping and reflect Monte-Carlo error.

¢(Empirical) quantiles of the distribution of p/SE ratios across simulations.
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