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Abstract

Background Inference using standard linear regression models (LMs) relies on assumptions that are rarely satisfied in
practice. Substantial departures, if not addressed, have serious impacts on any inference and conclusions; potentially
rendering them invalid and misleading. Count, bounded and skewed outcomes, common in physical activity
research, can substantially violate LM assumptions. A common approach to handle these is to transform the outcome
and apply a LM. However, a transformation may not suffice.

Methods In this paper, we introduce the generalized linear model (GLM), a generalization of the LM, as an approach
for the appropriate modelling of count and non-normally distributed (i.e., bounded and skewed) outcomes. Using
data from a study of physical activity among older adults, we demonstrate appropriate methods to analyse count,
bounded and skewed outcomes.

Results We show how fitting an LM when inappropriate, especially for the type of outcomes commonly encountered
in physical activity research, substantially impacts the analysis, inference, and conclusions compared to a GLM.

Conclusions GLMs which more appropriately model non-normally distributed response variables should be
considered as more suitable approaches for managing count, bounded and skewed outcomes rather than simply
relying on transformations. We recommend that physical activity researchers add the GLM to their statistical toolboxes
and become aware of situations when GLMs are a better method than traditional approaches for modeling count,
bounded and skewed outcomes.
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model, Transformations
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Background

In the field of physical activity, outcome (or response)
variables are often bounded (typically, taking only non-
negative values) and positively skewed [1-3]. For exam-
ple, studies examining minutes of leisure time physical
activity in the past week (i.e., a non-negative variable)
could include a substantial number of people reporting
less than 30 weekly minutes of this specific physical activ-
ity domain, few reporting 30 to 59 min, and even fewer
reporting at least 60 min (i.e., a skewed distribution).

Physical activity is challenging to measure accurately.
Data on physical activity have been collected in a variety
of ways including self-report questionnaires, such as the
International Physical Activity Questionnaire (IPAQ) [4],
and objective measurements, such as accelerometers [5],
pedometers [6] and combinations of heart rate monitors
and movement sensors [7]. These methods allow estima-
tion of a diverse range of physical activity outcomes, such
as the number of days during which participants engaged
in walking for transport in the last or usual week [8, 9],
daily or weekly minutes spent in moderate-to-vigorous
physical activity (MVPA) [10], average number of daily
steps [11] or mean accelerometer counts per minute
[12]. Non-normally distributed outcomes are prevalent
in cross-sectional [10, 13], longitudinal [1, 2] and inter-
vention studies [3, 14] of physical activity. Often, physical
activity researchers are interested in examining asso-
ciations of socio-demographic characteristics, such as
gender, age, education [15], or environmental [10] and
psychosocial factors [16] with physical activity outcomes.
Many researchers apply linear regression models (LMs)
or related (e.g., analysis of variance (ANOVA)) methods
[17-22]. However, these methods rely on assumptions
about the underlying distribution of the data (e.g., model
residuals are assumed to be normally distributed) which
may not be appropriate when modelling physical activity
outcomes.

If skewed and bounded physical activity outcomes are
not modelled appropriately there may be issues with the
validity of interpretations and conclusions. If the out-
come is a count (non-negative integer [i.e., 0, 1, 2, ...]),
LMs are likely to be inappropriate because these models
will generate non-integer predicted values and may gen-
erate negative predicted values — which are impossible —
as LMs assume the outcome can take any real number.
For example, assuming few individuals are active every
day, the number of days per week of vigorous physical
activity (a discrete variable), could be modelled as count
data. Continuous bounded and skewed data in physical
activity research include minutes of leisure-time physical
activity or accelerometer-based MVPA per week. These
are bounded as there are lower (i.e., 0 min) and upper
limits (i.e., 10,080 min corresponding to the maximum
possible minutes of PA per week) for minutes of the week

(2023) 20:57 Page 2 of 11

and distributions are often skewed. These outcomes can
be modelled using readily available bounded and skewed
distributions.

In practice, when handling count, bounded and skewed
outcomes several different approaches have been used.
These include ignoring the distributional issues and con-
ducting the analyses on the original outcome, applying
some type of transformation (for example the Box-Cox
transformation [23]) to obtain an approximately normally
distributed outcome variable, or applying regression
models that are appropriate for the type of outcome (for
example GLMs) [24, 25]. However, deciding what is the
best approach, or what is “good enough’, can be tricky.
The aim of this paper is to discuss regression-based
approaches for dealing with count, bounded and skewed
outcome data and to demonstrate the use of these meth-
ods as applied to the Active Lifestyle and Environment
in Chinese Seniors (ALECS) study of Hong Kong older
adults that collected discrete as well as continuous physi-
cal activity data [26, 27]. The focus of this article is on
physical activity as the outcome variable.

Methods

In the following sub-sections, we discuss the various
analytical approaches that deal with count, bounded
and skewed continuous outcome data. These approaches
employ more appropriate probability models to handle
count, bounded and skewed outcomes, rather than try-
ing to make things fit into the usual (and inappropriate)
normal-based LMs.

Count data

As mentioned previously, physical activity data are often
discrete (i.e., can take a finite or countable number of
possible values); count data are a special case taking non-
negative integers (ie., 0, 1, 2, ...). For example, the self-
reported number of days per week a person engages in
at least 20 min of vigorous physical activity is discrete,
taking the values 0 to 7. However, this variable could be
considered as a count if the outcome is skewed towards
lower values (meaning a count model is unlikely to gen-
erate invalid values greater than the upper bound of 7).
GLMs, such as the Poisson regression model or one of its
variants (e.g., negative binomial regression), are appro-
priate and well-suited to modelling count data [28];
providing valid inference for such variables in terms of
estimates, p-values and confidence intervals (CIs).

Poisson regression model

The simplest distribution commonly used for modelling
count data is the Poisson distribution. A Poisson regres-
sion model is similar to a LM, with two exceptions.
Firstly, it assumes that the response follows a Poisson dis-
tribution. Secondly, rather than modelling the expected
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value of the response as a linear function of the regres-
sion coefficients, it includes a link function that relates
the expected value of the response to the linear func-
tion of the coefficients, where the link function in Pois-
son regression is the natural logarithm (see [28, 29] for
details).

The Poisson model is useful for describing the mean
of an outcome variable (conditional on values of the
covariates) and assumes that the mean and variance are
equal. Although Poisson regression is fundamental to
the regression analysis of count data, it is often of lim-
ited utility for real data due to the assumption that the
mean and variance of the outcome distribution are equal.
In many practical applications, count data exhibit far
greater variability than is predicted by the Poisson distri-
bution, a phenomenon known as over-dispersion (i.e., the
variance is larger than mean). Although under-dispersion
(i.e., the variance is smaller than the mean) is also pos-
sible, it is far less common. Neglecting over-dispersion in
regression models for count data results in the standard
errors of the parameter estimates being underestimated
which consequently affects the ClIs and p-values. Thus,
accounting for over-dispersion when modelling count
data is essential. Failing to deal with these features of the
data can lead to biased standard errors of parameter esti-
mates and, thus, invalid conclusions.

Quasi-Poisson and negative binomial regression models

To deal with over-dispersion, there are two common
extensions of the Poisson model. The first is a quasi-Pois-
son model that includes an extra parameter which esti-
mates how much larger the variance is than the mean.
This parameter estimate (also known as the dispersion
parameter) is then used to correct for the effects of the
larger variance on the standard errors, CIs and p-val-
ues. Note that quasi-Poisson GLMs reduce to Poisson
GLMs when this dispersion parameter is equal to one.
The second is a negative binomial model. Like Pois-
son regression, negative binomial regression is suit-
able for modelling count outcome data but is more
flexible as it has an additional parameter to account for
over-dispersion.

A natural question for researchers in the physical activ-
ity field is: which model should be used in the presence of
over-dispersion? There is no general recommendation as
to which of the two options is best, making it difficult to
specify a priori which of the quasi-Poisson and negative
binomial models are most suitable. However, in practice,
there is typically no great difference when comparing
these models [30]. Therefore, either approach should be
suitable if over-dispersion is of concern, although the best
fitting model can be chosen by fitting both regression
models and comparing the models using an information
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criterion value, such as the Akaike Information Criterion
(AIC).

Example 1

We illustrate the LM, GLM-Poisson, GLM-quasi-Pois-
son, and GLM-Negative Binomial described above by
applying them to data from ALECS study, using the
weekly minutes of self-reported physical activity (in a
usual week) among 402 adults (62 years and older, mean
(sd) age 75.6 (6.2) years; 69% female) from Hong Kong.
In this example, the outcome variable is the self-reported
habitual physical activity (PA) expressed as weekly min-
utes, and the number of chronic medical conditions
(NCMCQ) is the exposure of interest. We note that weekly
minutes is strictly a discrete outcome. However, we can
safely treat it as a count outcome as we are unlikely to be
affected by the upper bound described earlier. All models
adjust for age and sex, characteristics commonly prog-
nostic of PA.

Bounded and skewed continuous data

The LM approach is appropriate for continuous normally
distributed data. For non-normally distributed continu-
ous data, LMs may still be appropriate in studies with a
large sample size [31] where we are more interested in
the mean outcome rather than accurate and powerful
methods of inference. However, there are many other
pitfalls that may affect the quality of the interpretation
and conclusions drawn from poorly fitted models [32].
Moreover, variables that take zero as a minimum value
(such as minutes of leisure time PA in the past week),
namely bounded outcomes, can prove problematic to
model using LMs as this approach assumes that the out-
come variable can take both negative and positive values.
Therefore, there is a potential for predicted values from
a LM to take impossible values. Alternate approaches,
such as the analysis of data on a transformed scale that
yields an approximately normal distribution, may provide
a better representation of the way in which the outcome
variable takes on values. Furthermore, models that are
specifically designed to take skewness into account often
perform much better than LMs using transformations.
In this section we aim to provide appropriate alterna-
tive modelling strategies for skewed bounded continuous
data.

Transformation bias and impact on interpretation

When the distribution of a continuous outcome is non-
normal, transformations (e.g., Box-Cox transformation
[23]) of data can be applied to make data as normal as
possible. The log transformation is, arguably, the most
popular among the different types of transformations due
to its ease of use and interpretability. Another commonly
chosen transformation is the square root of the outcome.
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This is sometimes used by researchers instead of the log
transformation when the outcome can take values of
zero; since the log of zero is undefined. However, there is
no guarantee that the transformation chosen will reduce
skewness and make the data a better approximation of
the normal distribution. In fact, in some cases apply-
ing the transformation can make the distribution more
skewed than the original data [33]. Moreover, data trans-
formations are somewhat unsatisfactory as the resulting
models no longer pertain directly to the original scale of
measurement, which is usually of greatest interest [34].
Transformations try to force a model framework and dis-
tributional assumption that may not be best for the data.
For example, the back-transformation of square root
transformed outcome or natural log outcomes can make
the interpretation of findings challenging [35]. Further-
more, statistically significant differences on the trans-
formed scale are uninformative as to whether significant
differences exist on the original untransformed scale and
vice versa [36].

A key issue with the use of transformations is that
transformations can induce a transformation bias. The
predictions of the true population mean will be biased
(over or under estimated) because the regression mod-
els the transformed outcome (i.e., E [log (y)] = o+ 2
) rather than the transformed expected value (i.e.,
log[E (y)] = a +z3) [37]. For example, the mean of the
log-transformed observations, E [log (y)], is often used
to estimate the population mean of the original data by
applying the anti-log (i.e., exponential) function to obtain
exp [E [log (y)]]. However, this inversion of the mean log
value does not usually result in an appropriate estimate
of the mean of the original data. Many researchers tend
to interpret exp [E [log (y)]] as the mean of y. However,
exp[E [log (y)]] and E (y) are quite different quantities
(see [33] for details).

Interpreting regression coefficients typically involves
determining what change in the dependent variable is
suggested by a given change in each independent vari-
able. However, we cannot back transform coefficient esti-
mates or interval estimates of coefficients of transformed
outcomes, for example the LM of the square-root trans-
formed outcome (sqrt-LM), because the simple back
(reverse) transformation does not necessarily map back
onto the original (untransformed) effect of interest [37,
38]. In fact, the interpretation of the regression coeffi-
cient from sqrt-LM is much more complex, as described
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by Huber [39]. The regression coefficients, b;, from sqrt-
LM indicate that a one unit change in exposure (X;) is
associated with a 2p,4/Y change in the outcome.

Gamma and inverse gaussian regression

The binomial (for binary outcomes), Poisson (count
outcomes) and Gaussian (normal outcomes) GLMs are
commonly used, but there are other GLMs for other par-
ticular types of outcome [28]. For example, the gamma
and inverse Gaussian are intended for positive, continu-
ous, skewed responses. Many applications have response
variables which are continuous and positive (such as
minutes of leisure time PA in the past week).

A gamma GLM is appropriate in situations where the
variance increases linearly with the mean response [40].
The practical uses of gamma have been discussed in de
Jong and Heller [41], Frees [42] and Venables and Ripley
[43].

The inverse Gaussian distribution, similar to that of the
gamma, with a high initial peak, rapid drop-off and long
right tail, has been found to be an appropriate reflection
of right skewed positive data, such as insurance claims
and length of hospital stay [44]. The inverse Gaussian
regression is also suitable for data that are continuous,
non-negative, and right skewed. The variance function
for the inverse Gaussian GLM increases more rapidly
with the mean (variance=mean®) than the gamma GLM
(variance=mean?), making it suitable for data where this
occurs (see [28] and [40] for details).

Example 2

We illustrate the regression models for skewed continu-
ous data described above by applying them to data from
the ALECS study, using daily average minutes (i.e., a con-
tinuous outcome) of MVPA (mean=25.7; sd=23.3) as
our outcome and same covariates as used in Example 1,
i.e., age, sexand NCMC.

Results

The descriptive measures of the variables used in this
study are presented in Table 1. The assumption that
the variance is equal to the mean (required for Poisson
regression) may not be valid for the PA outcome (third
row) and Fig. 1 clearly indicates that the outcome is
skewed.

Table 1 Descriptive statistics for selected variables from the ALECS study of physical activity in Hong Kong older adults (N=402)

Variable Minimum Q, Median Q, Maximum Mean Variance
Age (years) 62.9 70.8 75.2 80.0 979 756 378
NCMC 0 2 3 5 10 3.1 4.1

PA (min/week) 0 200 390 670 4074 5374 322,650

PA: Physical activity; NCMC: Number of chronic medical conditions; Q;: first quartile; Q;: third quartile
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Fig. 1 Distribution of weekly minutes of habitual physical activity from the ALECS study of physical activity in Hong Kong older adults (n=402)

LM vs. regression models for count data - results of
example 1
The LM and different regression models for count data
fitted to the PA outcome are presented in Table 2. The
results are very similar (in terms of statistical signifi-
cance) for all models, except for the Poisson regression
model, indicating both age and NCMC are not associated
with PA. In contrast, the Poisson regression indicates a
significant association between both age and NCMC
with PA. From Table 2, it can also be noticed that the
estimated coefficients are very similar across the mod-
els, except for the LM. This is because the LM produces
estimates on the original measurement unit of the out-
come variable (weekly minutes of PA) rather than on a
link (i.e., natural logarithmic) scale as the GLMs consid-
ered do (the interpretation of the coefficients is explained
later in the paper). However, the standard errors (and
95% CI) differ. For example, if we consider the exposure
variable NCMC, we can see that the standard error from
the Poisson regression model is much smaller than those
of the other GLMs, indicating possible over-dispersion
which we anticipated would be present from examina-
tion of the descriptive statistics since the variance of the
PA outcome was much larger than the mean (Table 1).
In Poisson regression, over-dispersion will result in an
underestimation of the standard errors of the estimated
regression coefficients because these errors reflect only
the variation expected from a Poisson distribution.

To identify the best fitting model, the AIC [24] value
can be used to compare the models. The preferred model

is the one with the minimum AIC value, although the
appropriateness of the model for the outcome under
consideration must also be taken into account. Though
an inspection of p-values suggests that the conclusions
from various models presented in Table 2 seem very
similar (except those based on the Poisson regression),
a comparison of the AIC values of these models reveals
that the quasi-Poisson and negative binomial regression
models are superior to both the Poisson regression and
the LM; the negative binomial performs the best with the
lowest AIC. As mentioned, the Poisson regression is infe-
rior because there is substantial over-dispersion in the
Poisson regression model and, consequently, the stan-
dard errors of the Poisson regression are underestimated.
Tests to assess over-dispersion can be conducted. The
dispersion parameter was assessed for both the quasi-
Poisson regression and negative binomial regression (see
DP in Table 2). The estimate of the dispersion parameter
from the quasi-Poisson regression was greater than one
(p<0.001), while an estimate greater than zero (p<0.001)
was obtained for the negative binomial regression [25,
46]. Note that the LM appears superior to the Poisson
regression based on the AIC. However, the LM is a poor
choice as it is inappropriate for modelling count data.
Therefore, it is important to be aware that the AIC alone
is not sufficient for selecting an appropriate model. Spe-
cifically, there are important aspects of the model check-
ing that AIC would miss.
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Table 2 Estimated associations between PA and NCMC adjusted for age and sex from the ALECS study of physical activity in Hong

Kong older adults using various regression models (N=402)

LM GLM-Poisson GLM-quasi-Poisson GLM-Negative
Binomial
Intercept
Estimate 875.5 6.918 6.918 7.021
SE 349.1 0.027 0.645 0.624
p-value 0.013 <0.001 <0.001 <0.001
95% Cl 189.2, 1562 6.87,697 5.66,8.19 577,825
Age (years)
Estimate -3.997 -0.007 -0.007 -0.009
SE 4668 0.0004 0.009 0.008
p-value 0.392 <0.001 0.388 0.305
95% Cl -13.17,5.18 -0.008, -0.007 -0.025, 0.009 -0.025, 0.008
Sex (Female reference)
Estimate 82320 0.151 0.151 0.149
SE 61.365 0.005 0.111 0.110
p-value 0.181 <0.001 0.173 0.175
95% Cl -38.32,203.0 0.14,0.16 -0.07,0.37 -0.06,0.37
NCMC
Estimate -20.078 -0.038 -0.038 -0.046
SE 14.180 0.001 0.027 0.025
p-value 0.158 <0.001 0.153 0.072
95% Cl -47.95,7.80 -0.041,-0.036 -0.091,0.014 -0.099, 0.009
AIC 6244.3 183,071 58739 58634
DP - - 586.3 0.976

SE:standard error; Cl: confidence interval; LM: linear regression model; NCMC: number of chronic medical conditions; AIC: Akaike information criterion; DP: dispersion

parameter. All analyses were conducted in R version 4.0.2 [45]

Interpreting GLMs (compared to LMs)

The GLMs above produce coefficient estimates on a
natural logarithmic scale. Taking the exponential of the
coefficients for Poisson and negative binomial regres-
sion models provides incidence rate ratios (IRRs), which
indicate the proportional difference in outcome associ-
ated with a unit difference in exposure variable. IRRs
of 1 indicate no difference in the outcome by exposure;
IRRs greater than 1 indicate that the outcome increases
as the exposure increases and IRRs less than 1 indicate
a decrease in outcome as the exposure increases. For
example, consider the coefficient of NCMC in the Pois-
son regression model. To obtain the IRR, the coefficient
should be exponentiated, 0.963 (6’”'038). As the IRR
is below 1, this suggests that the outcome decreases for
each unit increase in the NCMC (i.e., for each additional
NCMC). A more meaningful way of expressing this is to
present the percentage decrease in the outcome for each
additional NCMC; estimated to be 3.7% for this coef-
ficient ((1— e ") x 100 = 3.7%). In other words, PA
decreases by 3.7% with each additional NCMC. Impor-
tantly, the IRR should be interpreted along with the 95%
CIL The 95% CI for the NCMC coefficient ranges from
—0.041 to -0.036 which exponentiated results in a 95%

CI of 0.960 to 0.965 for the IRR. This suggests a decrease
in PA ranging from 3.5% ((1 — e "%%) x 100) to 4.0%
((1—e M) x 100) with each additional NCMC. The
interpretation of coefficients for the negative binomial
and quasi-Poisson regression models were consistent
with the Poisson regression model. However, the expo-
nentiated 95% CIs contain 1 for each of these models
meaning it is possible that there is no change in PA with
each additional NCMC. Since we found over-dispersion
in the data, the results from either the quasi-Poisson or
negative binomial regression are more appropriate (i.e.,
there is insufficient evidence that age and NCMC are
associated with PA). Note that it is common to present
the IRR and corresponding 95% CI for the IRR in results
tables for these GLMs rather than the coefficients in the
log scale as shown in Table 2.

LM vs. regression models for continuous positively-skewed
data - results of example 2

Figure 2 shows the distributions of the original, untrans-
formed MVPA data as well as the transformed data
(employing the commonly used log and square root
transformations). Whilst we can clearly see that daily
average minutes of MVPA are, as expected, positively
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Fig. 2 Distribution of the original and transformed daily average minutes of MVPA for older adults from the ALECS study of physical activity in Hong

Kong (n=402)

skewed (Fig. 2; top panel), the transformed data do not
represent an obviously better approximation to the nor-
mal distribution (bottom two panels in Fig. 2). In fact,
the transformed data appear to be substantially nega-
tively skewed (log-transform) and bounded (square
root-transform).

A comparison of fitted models is presented in Table 3.
All models yielded similar results in terms of statistical
significance. There is strong evidence that age is nega-
tively associated with MVPA (i.e., older participants
engage in fewer minutes of MVPA) and that, on average,
males engage in more minutes of MVPA than females.

Although an inspection of the p-values suggests that
the conclusions from the various models presented in
Table 3 are very similar, we can use the AIC values to
assist in identifying the best fitting model, as in Example
1. Here we need to note that the AIC values of trans-
formed outcome models (log or square root) are not
comparable with those of non-transformed outcome
models because they are on different outcome data.
Therefore, to enable model comparison, the AIC values
from the models of transformed MVPA data need to be
adjusted following a procedure described by Akaike [24]
(page 224). Table 3, thus, presents adjusted AIC values
for the transformed MVPA models. The AICs suggest
that the performance of the gamma regression model

(GLM-gamma) and LM of the square-root transformed
outcome (sqrt-LM) are very similar and the best among
all the fitted models. In choosing between GLM-gamma
and sqrt-LM, it should be remembered that the transfor-
mation can make it tricky to interpret the findings on the
original scale. For example, when researchers are inter-
ested in how the average PA outcome differs between
groups, or increases with each unit increase of a covari-
ate, the back-transformation of coefficients does not pro-
vide these estimates and, as a consequence, can make the
interpretation of findings challenging. On the other hand,
the GLM-gamma not only performs slightly better than
sqrt-LM in terms of AIC values but also avoids transfor-
mation bias, and is suitable for data that are continuous,
non-negative and right (positively) skewed. As discussed
in Example 1, AIC values alone are not sufficient to
choose an appropriate model. Considering the continu-
ous outcome, model selection should also be based on
diagnostic plots of model fit (see Appendix A).
Furthermore, the predicted values of MVPA from
all the fitted models along with observed MVPA are
also plotted in Fig. 3 against age, and at fixed values of
NCMC=0. It can be seen from this figure that the pre-
dicted values of MVPA from each fitted model show
two separate lines (sets of points), one for male and
one for female (since the sex coefficient is significant,
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Table 3 Estimated associations of age, sex and NCMC with MVPA from different regression models for the ALECS study of physical
activity in Hong Kong older adults (n=402)

LM sqrt-LM log-LM GLM-gamma GLM-IG

Intercept

Estimate 115.567 14.835 8.754 7.742 8.548

SE 12438 1.202 0.673 0.521 0.537

p-value <0.001 <0.001 <0.001 <0.001 <0.001

95% Cl 91.10, 140.00 1247,17.20 743,10.08 6.66, 8.81 7.39,9.69
Age (years)

Estimate -1.263 -0.145 -0.085 -0.065 -0.076

SE 0.166 0.016 0.009 0.007 0.007

p-value <0.001 <0.001 <0.001 <0.001 <0.001

95% Cl -1.59,-0.94 -0.18,-0.11 -0.10,-0.07 -0.08, -0.05 -0.09, -0.06
Sex (Female reference)

Estimate 19.593 1.885 0.899 0.754 0816

SE 2.186 0.211 0.118 0.092 0123

p-value <0.001 <0.001 <0.001 <0.001 <0.001

95% Cl 15.29,23.89 147,230 067,113 0.58,0.94 0.59,1.08
NCMC

Estimate -0.177 0.010 0.029 0.012 0.027

SE 0.505 0.049 0.027 0.021 0.022

p-value 0.727 0.841 0.289 0.559 0.219

95% Cl -1.17,0.82 -0.09,0.11 -0.02,0.08 -0.03,0.05 -0.01,0.07
Adjusted-AIC 3563 3321 3377 3320 3599

LM: linear regression model fit on untransformed MVPA; sqrt-LM: linear regression model fit on square-root transformed MVPA; log-LM: linear regression model fit
on log transformed MVPA; GLM: generalized linear model; IG: inverse Gaussian; SE: standard error; Cl: confidence interval; AIC: Akaike Information Criterion

MVPA (minutes per week)

1001

o
o
n

r

&

\ I

'Y 4, s

A A 4 2
ALe .

80
Age (years)

90

Original
® Female

A Male

Predicted

— LM

sqrt-LM
log-LM
GLM-gamma
GLM-IG

Fig. 3 Observed and predicted values from various regression models of daily average minutes of MVPA for the ALECS study of physical activity in Hong

Kong older adults



Akram et al. International Journal of Behavioral Nutrition and Physical Activity

a sex-difference is expected). It can be clearly seen
from this plot that the untransformed LM produced
some negative predicted values of the mean daily
minutes of MVPA, which are impossible values for
the response variable. This shows that the LM is not
appropriate when the outcome is skewed, bounded
and non-negative.

Interpreting sqrt_LM (compared to GLM)
As discussed in the transformation section above, inter-
preting coefficients under transformations is non-trivial.
The age coefficient in sqrt-LM indicates that every year
increase in age, after accounting for sex and NCMC, is
associated with a change in the daily average minutes of
MVPA of 2b; = 2 X (-0.145) = -0.290 times the square
root of the current daily average minutes of MVPA. It
can be more illustrative to consider examples of how the
outcome will change for possible values of the exposure.
For example, for a person with an average of 60 min of
MVPA, then a one-year increase in age of that person is
associated with a decrease of 2.24 (-0.290 x /60 ) daily
average minutes of MVPA (negative coefficient estimate
indicates a decrease). The 95% CI for the age coefficient
ranges from —0.18 to -0.11

which suggests a decrease of 1.70 to 2.79 daily aver-
age minutes of MVPA. In comparison, from the GLM-
gamma model, for every year increase in age (after
adjusting for sex and NCMC) the daily average min-
utes of MVPA would be expected to decrease by a fac-
tor of (e7"%%) =0.937 (or expected to decrease by
(1 —0.937) x 100 = 6.3%). Put simply, each year increase
in age is associated with a decrease of 6.3% in the daily
average minutes of MVPA. The 95% CI can be inter-
preted in similar way as described in Example 1. Note
that, as mentioned in Example 1, it is usual to present the
IRR and corresponding 95% for the IRR in results tables
for GLMs rather than the coefficients on the log scale as
shown in Table 3.

Discussion

Physical activity researchers have often relied on LMs
when assessing the relationship between predictor(s)
and a PA outcome (count/continuous), even when the
assumptions of the traditional model (e.g., normal dis-
tribution) are not satisfied. In practice, when handling
skewed outcomes, most apply some type of transforma-
tion to obtain a normally distributed outcome variable
[17-22]. However, transformations do not always nor-
malize distributions. Further, the choice of transforma-
tion can make it tricky to interpret the findings on the
original scale. For example, when researchers are inter-
ested in how the average PA outcome differs between
groups (e.g., sex), or increases with each unit increase
of a covariate (e.g., age), the back-transformation of
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coefficients does not provide these estimates, and con-
sequently, can make the interpretation of findings
challenging.

GLMs offer an alternative to the LM, especially for
count, bounded and skewed outcomes commonly
encountered in PA research. GLMs allow for response
variables that have non-normal distributions. Although
these GLMs offer potential, care has to be taken as it is
still possible that bounded outcomes (for example, the
number of days a week doing PA is bounded above by
7) could have observations outside the plausible range
using Poisson (although, we would not get negative pre-
dictions). Furthermore, it is important to be aware that
the AIC alone is not sufficient for selecting an appro-
priate model. While AIC can be helpful to guide model
selection, it is important to reflect on what is the most
appropriate modelling choice for the type of data being
considered.

This tutorial paper provides an introductory over-
view of appropriate methods for handling count,
bounded and skewed continuous outcome data. How-
ever, alternative approaches may be required when
there are a large proportion of zeros values in the
count or skewed continuous outcome variable, i.e.,
when there are more zeros than expected under a stan-
dard count/continuous model. Conventional distribu-
tions usually cannot effectively explain and model this
type of data. For this reason, different models which
can account for a large proportion of zero observations
must be applied instead [47]. Furthermore, the mod-
els presented assume all observations are independent.
Correlated data arise frequently in PA research (e.g.,
longitudinal studies, clustered data) [48, 49]. Ignoring
correlation in regression analysis can lead to incor-
rect conclusions, and therefore regression models that
account for correlation should be applied instead [48,
49]. Finally, although we discuss common approaches
for handling skewed data, other methods exist which
are outside the scope of this paper, such as bootstrap-
ping [50], the skew-t distribution [51-53], as well as
non-parametric and semi-parametric approaches [54].

Conclusion

GLMs which more appropriately model non-normally
distributed response variables should be considered as
more suitable approaches for managing count, bounded
and skewed outcomes rather than simply relying on
transformations. Overall, GLMs can be a valuable alter-
native to LM. We recommend that PA researchers add
the GLMs to their statistical toolboxes and become aware
of situations when GLMs might be a better method than
traditional approaches for modelling count, bounded and
skewed continuous outcomes.
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Abbreviations
PA physical activity

MVPA moderate-to-vigorous physical activity

ALECS the Active Lifestyle and Environment in Chinese Seniors

LM Linear regression model

sqrt-LM linear regression model fit on square-root transformed data
log-LM linear regression model fit on log transformed data

GLM generalized linear model

GLM-gamma  generalized linear model with gamma distribution

GLM-IG generalized linear model with inverse Gaussian distribution
NCMC number of chronic medical conditions

SGML ML, maximum likelihood.

SE standard error

@] confidence interval

NB negative binomial.

AlC Akaike information criteria

Supplementary Information
The online version contains supplementary material available at https://doi.
0rg/10.1186/512966-023-01460-y.

Supplementary Material 1: A supplementary file with examples of R script
for all models that have been fitted in this paper.

Supplementary Material 2: A supplementary file with examples of STATA
script for all models that have been fitted in this paper.

Supplementary Material 3: A supplementary file with examples of SAS
script for all models that have been fitted in this paper.

Supplementary Material 4: A supplementary file with examples of SPSS
script for all models that have been fitted in this paper.

Supplementary Material 5: Appendix A: comparison between GLM-gam-
ma and GLM-IG models.

Acknowledgements
Not applicable.

Authors’ contributions

MA wrote the draft and the final version of the manuscript with input from
all co-authors. EC, SW and KL conceptualised the manuscript. MA analysed
and interpreted the data. All authors critically commented on drafts of the
manuscript and approved the the final version.

Funding

Data used in this tutorial was collected as part of a study funded by a General

Research Fund grant from the University Grant Committee (Hong Kong)
(HKU741511H). The information reported in this paper is independent from
the funding sources.

Data Availability
The data used in this tutorial are available from Ester Cerin (Ester.Cerin@acu.
edu.au) upon reasonable request.

Declarations

Ethics approval and consent to participate
for the collection of the data used in this tutorial was obtained by the
Department of Health of Hong Kong SAR and The University of Hong Kong

Human Research Ethics Committee for Non-Clinical Faculties (ethics approval

no.. EA270211). All participants provided signed informed consent prior to
entering the study.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

(2023) 20:57 Page 10 of 11

References

1.

20.

Watanabe K, Kawakami N, Otsuka Y, Inoue S. Associations among workplace
environment, self-regulation, and domain-specific physical activities among
white-collar workers: a multilevel longitudinal study. Int J Behav Nutr Phys
Activity. 2018;15(1):47.

Steene-Johannessen J, Hansen BH, Dalene KE, et al. Variations in accelerome-
try measured physical activity and sedentary time across Europe - harmo-
nized analyses of 47,497 children and adolescents. Int J Behav Nutr Phys
Activity. 2020;17(1):38.

Napolitano MA, Whiteley JA, Papandonatos G, et al. Outcomes from the
women's wellness project: a community-focused physical activity trial for
women. Prev Med. 2006;43(6):447-53.

Craig CL, Marshall AL, Sjéstrém M, Bauman AE, Booth ML, Ainsworth BE, et al.
International physical activity questionnaire: 12-country reliability and valid-
ity. Med Sci Sports Exerc. 2003,;35(8):1381-95.

Murphy SL. Review of physical activity measurement using accelerometers
in older adults: considerations for research design and conduct. Prev Med.
2009,48(2):108-14.

Stabell AC, Wilson M, Jankowski CM, MacWhinney S, Erlandson KM. The
impact of a structured, supervised Exercise Program on Daily Step Count

in sedentary older adults with and without HIV. J Acquir Imnmune Defic
Syndrom. 2020;84(2):228-33.

Freedson PS, Miller K. Objective monitoring of physical activity using motion
sensors and heart rate. Res Q Exerc Sport. 2000;71(sup2):21-9.

Barnett A, Akram M, Sit CH, Mellecker R, Carver A, Cerin E. Predictors of
healthier and more sustainable school travel mode profiles among Hong
Kong adolescents. Int J Behav Nutr Phys Activity. 2019;16(1).

Cerin E, Sit CHP, Barnett A, Johnston JM, Cheung MC, Chan WM. Ageing in an
ultra-dense metropolis: perceived neighbourhood characteristics and utilitar-
ian walking in Hong Kong elders. Public Health Nutr. 2014;17(1):225-32.
Cerin E, Cain KL, Conway TL, Van Dyck D, Hinckson E, Schipperijn J, et al.
Neighborhood environments and objectively measured physical activity in
11 countries. Med Sci Sports Exerc. 2014;46(12):2253-64.

Craig CL, Cameron C, Tudor-Locke C. Relationship between parent and child
pedometer-determined physical activity: a sub-study of the CANPLAY surveil-
lance study. Int J Behav Nutr Phys Activity,. 2013;10(8).

McMinn AM, van Sluijs EM, Nightingale CM, Griffin SJ, Cook DG, Owen CG et
al. Family and home correlates of children’s physical activity in a multi-ethnic
population: the cross-sectional Child Heart and Health Study in England
(CHASE). Int J Behav Nutr Phys Activity. 2011;8(11).

Van Cauwenberg J, Cerin E, Timperio A, Salmon J, Deforche B, Veitch J. Park
proximity, quality and recreational physical activity among mid-older aged
adults: moderating effects of individual factors and area of residence. Int J
Behav Nutr Phys Activity. 2015;12(46).

Lee CF, Ho JWC, Fong DYT, Macfarlane DJ, Cerin E, Lee AM, et al. Dietary and
physical activity interventions for Colorectal Cancer Survivors: a Randomized
Controlled Trial. Sci Rep. 2018;8(1):5731.

Mitds J, Cerin E, Reis RS, Conway TL, Cain KL, Adams MA, et al. Do associa-
tions of sex, age and education with transport and leisure-time physical
activity differ across 17 cities in 12 countries? Int J Behav Nutr Phys Activity.
2019;16(1):121.

Butte NF, Gregorich SE, Tschann JM et al. Longitudinal effects of parental,
child and neighborhood factors on moderate-vigorous physical activity and
sedentary time in Latino children. Int J Behav Nutr Phys Activity. 2014;11.
Kari JT, Pehkonen J, Hirvensalo M, Yang X, Hutri-Kdhodnen N, Raitakari OT et
al. Income and Physical Activity among Adults: Evidence from Self-Reported
and Pedometer-Based Physical Activity Measurements. PLoS ONE. 2015;10(8).
Carlson JA, Sallis JF, Conway TL, Saelens BE, Frank LD, Kerr J, et al. Interactions
between psychosocial and built environment factors in explaining older
adults’physical activity. Prev Med. 2012,54:68-73.

King AC, Toobert D, Ahn D, Resnicow K, Coday M, Riebe D, et al. Perceived
environments as physical activity correlates and moderators of intervention
in five studies. Am J Health Promotion. 2006;21:24-35.

Patterson PK, Chapman NJ. Urban form and older residents’service use,
walking, driving, quality of life, and neighborhood satisfaction. Am J Health
Promotion. 2004;19:45-52.


http://dx.doi.org/10.1186/s12966-023-01460-y
http://dx.doi.org/10.1186/s12966-023-01460-y

Akram et al. International Journal of Behavioral Nutrition and Physical Activity

22.

23.

24,

25.

26.

27.

28.

29.

30.

32.

33.

34.

35.

36.

37.

38.

Shigematsu R, Sallis JF, Conway TL, Saelens BE, Frank LD, Cain KL, et al. Age dif-
ferences in the relation of perceived neighborhood environment to walking.
Med Sci Sports Exerc. 2009;41:314-21.

Dunton GF, Huh J, Leventhal AM, Riggs N, Hedeker D, SpruijtMetz D, et al.
Momentary assessment of affect, physical feeling states, and physical activity
in children. Health Psychol. 2014;33:255-63.

Box G, Cox D. An analysis of transformations. J Royal Stat Soc Ser B.
1964;26(2):211-52.

Akaike H. On the likelihood of a time series model. J Royal Stat Soc Ser D (The
Statistician). 1978;27(3/4):217-35.

Cameron AC, Trivedi PK. Regression-based tests for Overdispersion in the
Poisson Model. J Econ. 1990;46:347-64.

Cerin E, Barnett A, Cheung MG, Sit CHP, Macfarlane DJ, Chan WM. Reliability
and validity of the IPAQ-L in a sample of Hong Kong urban older adults: does
neighborhood of residence matter. J Aging Phys Act. 2012;20(4):402-20.
Cerin E, Lee KY, Barnett A, Sit CHP, Cheung MC, Chan WM. Objectively-
measured neighborhood environments and leisure-time physical activity in
chinese urban elders. Prev Med. 2013;56(1):86-9.

Dunn PK, Smyth GK. Generalized Linear models with examples in R. New
York: Springer; 2018.

McCullagh P, Nelder JA. Generalized linear models. Second edition ed. New
York, USA: Chapman and Hall; 1989.

Ver Hoef JM, Boveng PL. Quasi-Poisson vs. negative binomial regression: how
should we model overdispersed count data? Ecology. 2007;88(11):2766-72.
Lumely T, Diehr P, Emerson S, Chen L. The importance of the normal-

ity assumption in large public health data sets. Annu Rev Public Health.
2002;23(1):51-69.

Li X, Wong W, Lamoureux EL, Wong TY. Are linear regression techniques
appropriate for analysis when the dependent (outcome) variable is not
normally distributed. Investig Ophthalmol Vis Sci. 2012;53(6):3082-3.

Feng C,Wang H, Lu N, Chen T, He H, LuY, et al. Log transformation

and its implications for data analysis. Shanghai Archives of Psychiatry.
2014,26(2):105-9.

Manning W. The logged dependent variable, heteroscedasticity, and the
retransformation problem. J Health Econ. 1998;17:283-95.

Feng C, Wang H, Lu N, Tu XM. Log transformation: application and interpreta-
tion in biomedical research. Stat Med. 2013,;32(2):230-9.

Berry WD, DeMeritt JH, Esarey J. Testing for interaction for binary logit and
probit models: is a product term essential? Am J Polit Sci. 2010;54:248-66.
Miller DM. Reducing transformation bias in curve fitting. Am Stat.
1984;38(2):124-6.

Pek J, Wong O, Wong AC. Data transformations for inference with linear
regression: Clarifications and recommendations. Practicle Assessment,
Research, and Evaluation. 2017:22(9).

39. Huber W. (https://stats.stackexchange.com/users/919/whuber). How to
interpret regression coefficients when response was transformed by the 4th
root? Cross Validated. URL (version: 2015-05-20);https://stats.stackexchange.
com/q/36110.

40. Faraway JJ. In:. Extending the Linear model with R: generalized Linear, mixed
Effects and nonparametric regression models. 6000 Broken Sound Parkway
NW, Suite 300: Taylor & Francis Group, LLC; 2016.

41, De Jong P, Heller GZ. Generalized Linear Models for Insurance Data. Cam-
bridge University press, UK; 2008.

42. Fees EW. Regression modeling with Actuarial and Financial Applications.
Cambridge University press, UK; 2010.

43, Venables WN, Ripley BD. Modern applied statistics with S fourth ed. New York:
Springer; 2002.

44, Moran JL, Solomon PJ, Peisach AR, Martin J. New models for old questions:
generalized linear models for cost prediction. J Eval Clin Pract. 2007.

45. R Core Team. R: A language and environment for statistical computing. R
Foundation for Statistical Computing, Vienna, Austria. 2020;URL https://
www.R-project.org/.

46.  Cameron AC, Trivedi PK. Regression analysis of Count Data. Cambridge:
Cambridge University Press; 1998.

47. MinY, Agresti A. Modelling nonnegative data with clumping at zero: a survey.
JIRSS. 2002;1(1-2):7-33.

48.  Bates D. me4: mixed-effects modeling with R. Springer; 2010.

49. Liang K-Y, Zeger SL. Regression analysis for correlated data. Annula Reviews
Public Health. 1993;14:43-68.

50. Rascati KL, Smith MJ, Neilands T. Dealing with Skewed Data: An Example
Using Asthma-Related Costs of Medicaid Clients. Clin Ther. 2001;23(3).

51. Arellano-Valle RB, Azzalini A. The centred parameterization and related quan-
tities of the skew-t distribution. J Multivar Anal. 2013;113:73-90.

52. Azzalini A, Capitanio A. Distributions generated by perturbation of symmetry
with emphasis on a multivariate skew t -distribution. J Royal Stat Soc B.
2003,65(2):367-89.

53.  Azzalini A, Genton MG. Robust likelihood methods based on the Skew-f and
related distribution. Int Stat Revie. 2008;76(1):106-29.

54.  Rigby RA, Stasinopoulos DM. Generalized additive models for location, scale
and shape. Appl Stat. 2005;54(3):507-54.

Publisher’s Note

(2023) 20:57 Page 11 of 11

Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.


https://stats.stackexchange.com/users/919/whuber
https://www.R-project.org/
https://www.R-project.org/

	﻿Modelling count, bounded and skewed continuous outcomes in physical activity research: beyond linear regression models
	﻿Abstract
	﻿Background
	﻿Methods
	﻿Count data
	﻿Poisson regression model
	﻿Quasi-Poisson and negative binomial regression models
	﻿Example 1


	﻿Bounded and skewed continuous data
	﻿Transformation bias and impact on interpretation
	﻿Gamma and inverse gaussian regression
	﻿Example 2

	﻿Results
	﻿LM vs. regression models for count data – results of example 1
	﻿Interpreting GLMs (compared to LMs)


	﻿LM vs. regression models for continuous positively-skewed data – results of example 2
	﻿Interpreting sqrt_LM (compared to GLM)

	﻿Discussion
	﻿Conclusion
	﻿References


