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Abstract
Background: In the analysis of the effect of built environment features on health, it is common for researchers to
categorise built environment exposure variables based on arbitrary percentile cut-points, such as median or tertile
splits. This arbitrary categorisation leads to a loss of information and a lack of comparability between studies since
the choice of cut-point is based on the sample distribution.
Discussion: In this paper, we highlight the various drawbacks of adopting percentile categorisation of exposure
variables. Using data from the SocioEconomic Status and Activity in Women (SESAW) study from Melbourne,
Australia, we highlight alternative approaches which may be used instead of percentile categorisation in order to
assess built environment effects on health. We discuss these approaches using an example which examines the
association between the number of accessible supermarkets and body mass index.
Summary: We show that alternative approaches to percentile categorisation, such as transformations of the
exposure variable or factorial polynomials, can be implemented easily using standard statistical software packages.
These procedures utilise all of the available information available in the data, avoiding a loss of power as
experienced when categorisation is adopted.We argue that researchers should retain all available information by
using the continuous exposure, adopting transformations where necessary.
Keywords: Percentile categorisation, Exposure assessment, Built environment, Neighbourhood, Statistical analysis

Background
Interest in the effect of the built environment on obesity
and related behaviours has grown over the last fifteen
years [1], with geographic information system software
allowing objective measures of neighbourhood resources
to be linked to health outcomes. Much research has considered benefits of access to presumed “healthy” resources, such as supermarkets [2,3] which provide
nutritious foods, and sports centres [4] where physical
activity is undertaken, and “unhealthy” resources such as
fast-food outlets [2,3] which sell high calorie content
products. Built environment attributes (e.g., street connectivity or land use) which may promote healthy behaviours such as walking have also been examined [5].
Obtaining comparable estimates of the effect of environmental attributes across studies is challenging. While
evidence on perceived environmental features on obesity

related outcomes such as physical activity has been
pooled [6], we are unaware of any meta-analyses of the
effect of objective built environment features. Papas
et al. [7] highlighted a number of methodological limitations which prevent studies from being pooled, including
differences in the conceptualisation of measures of the
built environment, whether it be the type of feature
under consideration (e.g., food outlets, walkability), the
scale at which measures are considered (e.g., 1 km buffer,
census tract), or the choice of measurement (e.g., distance
to resource or density of resources). While these all provide great challenges, a further issue when comparing
studies is the seemingly arbitrary categorisation of variables. In this article we highlight, with the aid of an illustrative example from the Socio-Economic Status and
Activity in Women (SESAW) study in Melbourne,
Australia [8], why categorisation should be avoided and
discuss alternative analytical approaches.
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Discussion
Categorisation of built environment characteristics

While the title of our article draws attention to the use
of tertiles, somewhat akin to the “disappointing dichotomies” raised in the clinical context [9], we could equally
have entitled this piece “quarrels with quartiles” or
“quandaries with quintiles”; all of these approaches of
exposure categorisation have been adopted in analyses
of built environment effects on health. Recent literature
provides examples examining binary splits (at the median or upper quartile) [10-12], tertiles [13-15], quartiles
[16,17], quintiles [18-20], or some other data-dependent
categories [21,22].
A recent British Medical Journal article [23], which examined access to takeaway food outlets in different exposure
settings, highlights one of our key concerns with categorisation: difficulties in drawing comparisons. Burgoine et al.
used quartiles of access to outlets across three different
exposures resulting in ‘low exposure’ being zero outlets
around the home, less than three around work, and less
than two in the commuting environment; meaning that
the definition of ‘low exposure’ differed by category, making direct comparisons between the three exposure environments difficult.
In many of these studies it appeared that the researchers
had the continuous data available but chose to categorise
them. Typically no clear rationale for the categorisation
was provided [13,15,17,19,20], or it was used for “ease of
interpretation” [11], or to allow comparisons of approach
and results to other studies [12]. In one case, after finding
no departure from linearity, quartiles were used to test for
threshold effects but no justification as to why quartiles
were adopted for this purpose was provided [16]. Elsewhere, categorisation was used to examine linearity in associations [18], while another study used dichotomisation
when a bivariate distribution was apparent and a median
split where this was not [10].
We should acknowledge at this point that the authors
are not blameless, having used categories of exposure in
the past. However, given the lack of consensus on defining
low, medium and high exposure, we thought it prudent to
highlight the drawbacks of categorising continuous exposure variables and our thoughts on future analytic directions in this field.
Costs of categorisation

While the costs of categorisation are frequently raised in
clinical literature [24-29] and dichotomisation has been
discussed in psychology literature [30], these issues have
not been emphasised in social epidemiology, in particular when examining effects of the built environment on
health where percentile categorisation commonly occurs.
As discussed in other critiques of categorisation, often
authors use dichotomies due to arguments of simplicity,
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avoiding assumptions about the nature of the relationship between the predictor and outcome variable and to
deal with skew or outliers in the exposure distribution
[27-29] and this argument is extended to the use of
other levels of categorisation [25]. However, there are
numerous reasons why categorisation should be avoided,
in particular categorisation based on cut-points of the
predictor distribution such as tertiles, quartiles and
quintiles.
Firstly, categorisation leads to a loss of power when
examining predictor-outcome associations. Although
this is greatest when considering smaller numbers of categories (for example, dichotomising a normally distributed predictor variable at the median results in an
effective loss of approximately a third of the data! [28]),
a loss of power occurs whenever categorisation is
adopted. Given that studies of the built environment and
health frequently involve numerous built environment
exposure variables, researchers should aim to avoid the
loss of power attributable to the arbitrary categorisation
across these variables. Considering the extreme case of
dichotomisation of multiple predictors, Royston et al.
[28] highlighted the difficulty in determining what will
occur when more than one predictor variable is dichotomised, noting that this could lead to spurious associations or interactions between predictor variables and
stressing that these problems could be more severe if
the cut-points are chosen according to median splits or
some other data-dependent approach rather than chosen
a priori based on some meaningful threshold.
This data-dependent approach to categorisation leads
to our second concern; namely, that the choice of cutpoints is biased. Without any prior rationale for the
choice of categorisation, the cynical researcher may
speculate that the authors simply chose to present the
categorisation which led to the finding of a statistically
significant result. In truth, this type of approach is problematic due to the issue of multiple testing which could
actually render the result not significant at the prespecified p-value threshold. Furthermore, adopting this
type of analytical approach is unlikely to find a threshold
which is meaningful beyond the sample for which it was
derived. The approach of testing multiple cut-points to
determine which produces the most significant result
(i.e., smallest p-value) was advocated by Schulgen et al.
[31]. However, the authors stress that adjustment for
multiple testing should be adopted and that researchers
should be transparent about this approach and the results obtained.
Our third concern is that it is difficult to compare or
replicate results between studies. Therefore it is difficult to
pool evidence of the effect of a predictor on an outcome
variable. We illustrate this issue in Figure 1 in which we
consider the effect of the number of supermarkets within
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5 km of home on body mass index (BMI) from the
SESAW study. Two random sub-samples of SESAW
data were considered and the tertiles compared. Note
from Figure 1(a) how different the tertile ranges are.
These sub-samples were recombined in Figure 1(b),
pooling evidence as in a meta-analysis. Combined fits
were computed and compared to the full data fit. Combining the continuous fits from the two sub-samples

matches the continuous fit from the full sample very
well, whereas using the sub-sample tertile fits it is impossible to recover the full data tertile fit.
Our final concern with data-dependent categories relates
to the interpretation of the (often wide) intervals, specifically that any estimated effect applies constantly across the
entire range of the category. Considering the SESAW example (Figure 1(a)), the effect on BMI (our outcome) is
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Figure 1 Illustrative example of the ‘trouble with tertiles’ predicting BMI using the count of supermarkets. We split the original SESAW
dataset [3] (n = 1462) into two sub-samples, A and B, each with n = 500. (a) The sub-samples are analysed separately using a tertile approach and
a linear model (with a single linear predictor and intercept, the linear fits are both significant and the coefficients are shown on the plot). (b) If
we consider the two sub-samples as independent studies, it is then of interest to consider the combined estimate of the association between
supermarket density and BMI. The combined sub-sample fits are obtained using standard meta-analysis methods (in essence, a weighted mean of
the estimates accounting for sample size and standard errors); the combined fits are compared to the same analysis on the complete data. Of
note, the combined tertile model no longer has three groups, there are now five groups, which complicates the interpretation. Conversely, the
combined linear model retains the same interpretation.
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Figure 2 Comparison of approaches for estimating non-linear relationships using the SESAW study [3]. (a) Comparison of a simple linear
model, fractional polynomial (of which the best fitting was equivalent to the simple linear model), linear splines, tertiles and a non-parametric
smoother (see Table 1 for the respective AICs to assess model comparison). (b) As in Figure 2(a) with an extension to the y-axis to show the
complete range of BMI and the observed data plotted (n = 1462 points). We see visually the result of comparing the AICs in Table 1 that due to the
large variance in BMI scores there is no evidence for anything more complicated than a simple linear model. Further, there is nothing statistically to
choose between the linear and tertile fits. However, the linear model has the benefit of not being data-dependent.

constant across the whole range of each tertile of supermarket access regardless of how wide the interval. So, for Sample A, the effect of having nine supermarkets within 5 km
is assumed to be the same as having sixteen.
We have argued some of the pitfalls of categorisation.
However, potential justifications of dichotomising data have
been proposed. Although generally critical of the approach,
MacCallum et al. [30] mention that in very rare circumstances dichotomisation may be justifiable. For example, if
an analysis provided clear support for the existence of two

taxonomies alongside a clear set point at which these two
groups differ then the use of dichotomisation may be supportable. However, MacCallum et al. stress that this will still
undoubtedly result in a loss of information. Furthermore,
the use of arbitrary cut-points, such as the median split, will
be most unlikely to identify the groupings.
Alternative approaches

An often stated drawback of using the continuous predictor over categories is that this relies on normality

Lamb and White International Journal of Behavioral Nutrition and Physical Activity (2015) 12:19

Page 5 of 8

Table 1 Comparison of modelling approaches for predicting BMI from the count of supermarkets within 5 km
Model

Predictor

Coefficient

(S.E.)(a)

p-value

AIC(f)

Linear Model

Intercept

26.43

(0.35)

<0.001

9139.73

Count of supermarkets

−0.10

(0.03)

<0.001

Intercept

26.53

(0.37)

<0.001

Polynomial

(Count of supermarkets + 1)/10

−1.00

(0.27)

<0.001

Spline (2 knots)(c)

Intercept

26.53

(0.56)

<0.001

Fractional
(b)

Spline (3 knots)(d)

Tertiles(e)

1st segment, 0—11 supermarkets

−1.25

(0.69)

0.068

2nd segment, 11—15 supermarkets

−4.80

(1.56)

0.002

Intercept

25.39

(0.68)

<0.001

1st segment, 0—9 supermarkets

0.90

(0.86)

0.29

2nd segment, 9—15 supermarkets

−1.11

(0.71)

0.12

3rd segment, 15—50 supermarkets

0.66

(0.66)

0.78

0—9 supermarkets (baseline)

26.05

(0.25)

<0.001

10—14 supermarkets

−1.00

(0.34)

<0.001

15— supermarkets

−1.49

(0.36)

<0.001

9139.73

9141.66

9132.98

9137.67

(a)

S.E. = standard error.
(b)
The fractional polynomial with intercept and covariate was found to be the best fitting from among the pre-defined set of fractional polynomials (selection is
based on the AIC and is automatically carried out by the statistical algorithm). Since the logarithm is one of the possible transformations, it is not allowed to have
zero values, hence the addition of a 1 to the number of supermarkets in this model.
(c)
Fixed 2-knot spline not shown on Figure 2.
(d)
Default knots for the spline function are placed at the equivalent quantiles. Hence the knot locations coincide with the tertile boundaries. With splines, it is
possible to estimate the knot locations as part of the inference or to use pre-specified knot locations. The spline was anchored to be within the range of 0 and 50
for this example.
(e)
Note that the third category is unbounded. This highlights the issue of how outliers are included in the analysis and the issue of how to interpret a ‘high’ density of
supermarkets, we can define high as 15, 20, 25, 30, etc. (the actual range of the data is 0—29). For closed intervals like these, the representative value can be thought of
as the interval mid-point. However, taking the mid-point assumes values are uniformly distributed within the interval. For the lower band this is not true (low counts
have a mean of 6.2 and median of 6 compared to the mid-point of 4.5). High counts have a mean of 18.3 and a median of 17 with an undefined mid-point due to the
unspecified upper bound of percentile categorisation.
(f)
We performed a Cox test for non-nested models to compare the model fits and found no significant difference in AIC between the linear and tertile model fits.
The 3-knot spline has a smaller, therefore better, AIC but none of the coefficients are significant which perhaps indicates over-fitting. The 2-knot spline, with the
same number of parameters as the tertile model, is not statistically different from the linear model.

assumptions and linear relationships between the predictor and the outcome [32]. However, Brenner and Blettner [26] discussed issues associated with categorisation in
epidemiological studies showing that, even if model assumptions are violated, including the confounder as a linear variable typically controls confounding while, in
contrast, residual confounding appears to be present if the
variable is categorised, particularly when the number of
categories is small (i.e., five or less). Thus the standard linear model with a continuous covariate is fairly robust (in a
statistical sense). There are a number of approaches which
can be used to investigate beyond simple linear relationships without resorting to data-dependent categories.
A first approach is to include transformations of variables as predictors in the model, for example the square
of a variable. Using well-established model comparison
techniques (e.g., Akaike Information Criteria (AIC)) we
can test whether these additional transformed variables
improve our fit to the data. Transformations can be particularly useful when dealing with highly skewed distributions or those featuring potential outlying or extreme
observations as transformations can sometimes remove
this skewness or draw extreme values closer to the

sample distribution. An outlier is informally defined as a
value (typically) greater than three standard deviations
from the mean, a criteria based on the normal distribution. However, there is no requirement for independent
variables to be normally distributed (for linear regression
only the residuals need to be normally distributed). Thus
it is always necessary to consider variables in context.
For example, predictors which are counts can be represented as mixture distributions, where zeros are distinct
from non-zeros, and these predictors can be assessed by
considering a model which splits the count predictor
into two variables (with a separate coefficient for both
zero and non-zero counts). The fit of the model can
then be assessed by performing a model comparison of a
model which includes the split predictor and one which
contains the predictor with no split.
To fully examine the effect of outliers on the results
obtained, it is often worth conducting a sensitivity analysis in which outliers or extreme values are removed
from the analysis in order to determine how much the
results are influenced by these values. While at first
glance the use of percentile categorisation, such as tertiles, appears to robustly account for outliers – as the
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Figure 3 Illustration that within a meta-analysis the tertile
approach will tend to a linear model. The SESAW data [3] were
split into 20 sub-samples (A-T), each with n = 75. This plot shows
four meta-analyses which combine an increasing number of the
sub-samples (A, A-G, A-M, and A-T). The linear model approach is
consistent and approaches the equivalent analysis using the full
data. Conversely, the tertile approach becomes increasingly bumpy,
as each sub-sample has data-dependent tertile cut-points. In the
limit, as illustrated, the tertile combined analysis will tend towards
the linear model approach.

cut-points are robust to outliers – this leads to problems
interpreting the categorisation bands if the covariate is
not defined over a closed interval (i.e., if the range of
values is unbounded in either or both directions). For
example, typically count covariates have a lower bound
of zero but have no well-defined upper bound. A common mistake in reporting percentile categorisations is to
state the bands as closed intervals when they are not.
This leads to the problem of interpreting unbounded categories with outliers, as the outliers are forced to be
equivalent to the other values in the same band. Thus, although the categories are robustly defined in the presence
of outliers, within a percentile categorisation approach we
lose the ability to investigate those same outliers. For example, if a single outlier has an exceptional response
measurement then it might have an unusual residual.
Under the percentile categorisation we would not be able
to see anything unusual about the observation whereas by
keeping the raw observation we would quickly detect the
large residual was linked to the outlying observation.
Factorial polynomials [33] are a formalised approach
to including a pre-specified set of transformations and
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performing model comparisons to select the best fitting
model. Many statistical software packages (e.g., Stata, R)
include automated factorial polynomial regression
routines.
Beyond adding transformations of covariates we may
truly consider a non-linear or non-parametric model.
However, as with tertiles, we may complicate any subsequent attempts to combine separate studies. Two popular
techniques are local regression and splines (e.g., cubic or
B-splines). These techniques fit more complicated curves
to the covariate data hoping to capture more complex
relationships.
Figure 2 shows the results from fitting alternative approaches for estimating non-linear relationships between
supermarket access and BMI to the SESAW data: an automated fractional polynomial (which selected only the
untransformed continuous covariate), a non-parametric
smooth curve, and two linear splines with differing numbers of knots. The spline models fitted are for fixed-knot
splines where, like the tertile model, the knot locations
are typically data-dependent (although we could, and
should, defined equi-spaced fixed-knot locations over a
realistic range of the covariate). Conversely, it is possible
to fit free-knot splines where both the number and location of the knots are inferred from the data. The
methods for pooling multiple spline models are more
complex than simple linear models (involving evidencesynthesis [34] or multivariate meta-analysis [35]), so it
must always be checked that their added complexity is
warranted (i.e., model comparisons such as AIC). All fits
shown in Figure 2 exhibit a similar pattern. Comparison
of these models using AIC or Cox tests for non-nested
models resulted in weak evidence that more complex
non-linear models are required. Thus, the simple linear
model provided a sufficient fit in our example, as shown
in Figure 2(b) where the variation in BMI is clearly far
greater than the model discrepancies. Modelling results
are presented in Table 1 in which it can be seen that
there is a statistically significant (though perhaps not
clinically significant in terms of the effect on BMI) association between the number of supermarkets within
5 km and BMI using the predictor as a continuous variable or in tertiles. However, from Table 1, it is not clear
when using tertiles if the relationship is linear or not
and we cannot be sure how robust and reproducible the
‘low’, ‘medium’ and ‘high’ bands are. The benefit of not
adopting a percentile categorisation approach by using
methods for fitting non-linear relationships and model
comparison approaches using AIC was that we were able
to conclude that a linear association provided the best fit
to the data and have this well-defined across the full
range of data.
Using our illustrative example, in Figure 3 we highlight
the problems when pooling results from studies which
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use tertiles of the exposure variable, comparing results
against pooling studies which used the supermarket access predictor as a continuous variable. This figure
shows that the linear model approach is consistent and
the meta-analysis of the sub-samples approaches the
equivalent analysis when fitting the model using the full
data, while the meta-analysis of the tertile exposure
studies becomes increasingly bumpy since each subsample has data-dependent tertile cut-points.
The use of the continuous exposure measure allows
us to assess the association between a one unit increase
(i.e., an additional supermarket in this example) on BMI
which will enable us to gain better understanding of
whether or not increasing the number of supermarkets
accessible from home is related to reductions in BMI.
Of course, it must be borne in mind that while we advocate
the use of continuous exposure measures in order to compare results across studies, it is important to think about
the context of studies considering built environment features on health. Using our example of supermarket access
on BMI, it would appear feasible to draw comparisons between the presence of an additional supermarket within
the home neighbourhood in different studies regardless of
the setting of the study. However, the definition of
neighbourhood, and what is a reasonable distance to
travel from home, may differ depending on context.
That is, an individual’s perception of neighbourhood
may differ dependent on the environmental context,
with a 400 m distance in Melbourne, for example, perceived of differently to a 400 m distance in Hong Kong.
While considering context is important, we feel that the
use of continuous exposure measures will help elucidate
these differences, highlighting where built environment
features are important in different contexts.
Although we have drawn on examples from built environment effects on health in this article due to our
knowledge of the use of this approach in this field, it is
worth highlighting that this issue is not restricted to this
area of research in social epidemiology. Percentile categorisation occurs frequently when dealing with other
exposures such as dietary measures, physical activity exposures and many other predictors. Thus, the approaches discussed in this article are of relevance to
other researchers within social epidemiology and behavioural research.
Summary

Categorisation of exposure variables leads to a variety of
problems, namely a loss of power, a potential for bias, a
lack of replicability between studies, and an assumption
that the estimated effect applies constantly across the
entire range of the category. However, although there
are many issues associated with percentile categorisation, their use appears frequently in research on effects
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of the built environment on health. While categorisation
may seem appealing in the face of skewed distributions
and non-linear relationships between exposure and outcome, we have shown that alternative analysis techniques are available which can be implemented to deal
with such data. We strongly advocate that researchers in
this field utilise all of the data available to them by using
continuous exposure variables. This will greatly advance
our ability to draw comparisons between studies of built
environment effects on health.
Abbreviations
SESAW: SocioEconomic Status and Activity in Women; BMI: Body mass index;
AIC: Akaike information criteria.
Competing interests
The authors declare that they have no competing interests.
Authors’ contributions
Both KEL and SRW contributed to the conception and writing of the
manuscript. KEL reviewed existing literature and SRW conducted the
statistical analysis. Both authors read and approved the final manuscript.
Acknowledgements
KEL is supported by a Deakin University Alfred Deakin Postdoctoral Research
Fellowship. SRW is supported by the UK Medical Research Council [Unit
Programme number U105292687]. The authors are grateful to Catherine
Milte for her valuable comments and suggestions.
Author details
1
Centre for Physical Activity and Nutrition Research, Deakin University,
Burwood, VIC 3125, Australia. 2Medical Research Council Biostatistics Unit,
Cambridge Institute of Public Health, Cambridge CB2 0SR, UK.
Received: 23 September 2014 Accepted: 3 February 2015

References
1. Durand CP, Andalib M, Dunton GF, Wolch J, Pentz MA. A systematic review
of built environment factors related to physical activity and obesity risk:
implications for smart growth urban planning. Obes Rev. 2011;12:e173–82.
2. Giskes K, van Lenthe F, Avendano-Pabon M, Brug J. A systematic review of
environmental factors and obesogenic dietary intakes among adults: are we
getting closer to understanding obesogenic environments? Obes Rev.
2011;12:e95–106.
3. Williams J, Scarborough P, Matthews A, Cowburn G, Foster C, Roberts N,
et al. A systematic review of the influence of the retail food environment
around schools on obesity-related outcomes. Obes Rev. 2014;15:359–74.
4. Sallis JF, Floyd MF, Rodríguez DA, Saelens BE. The role of built environments
in physical activity, obesity, and CVD. Circulation. 2012;125:729–37.
5. Sugiyama T, Neuhaus M, Cole R, Giles-Corti B, Owen N. Destination and
route attributes associated with adults’ walking: a review. Med Sci Sports
Exerc. 2012;44:1275–86.
6. Duncan MJ, Spence JC, Mummery WK. Perceived environment and physical
activity: a meta-analysis of selected environmental characteristics.
Int J Behav Nutr Phys Activ. 2005;2:11.
7. Papas MA, Alberg AJ, Ewing R, Helzlsouer KJ, Gary TL, Klassen AC. The built
environment and obesity. Epidemiol Rev. 2007;29:129–43.
8. Ball K, Crawford D, Salmon J, Timperio A, Giles-Corti B, Mishra G. Socioeconomic
and neighbourhood inequalities in women’s physical activity, diet and obesity.
The SESAW study, Socioeconomic and neighbourhood inequalities in women’s
physical activity, diet and obesity. The SESAW study. Centre for Physical Activity
and Nutrition Research (C-PAN). Melbourne: Deakin University; 2005.
9. Senn S. Disappointing dichotomies. Pharm Stat. 2003;2:239–40.
10. Epstein LH, Raja S, Daniel TO, Paluch RA, Wilfley DE, Saelens BE, et al. The
built environment moderates effects of family-based childhood obesity
treatment over 2 years. Ann Behav Med. 2012;44:248–58.

Lamb and White International Journal of Behavioral Nutrition and Physical Activity (2015) 12:19

11. McDonald K, Hearst M, Farbakhsh K, Patnode C, Forsyth A, Sirard J, et al.
Adolescent physical activity and the built environment: a latent class
analysis approach. Health Place. 2012;18:191–8.
12. Muller-Riemenschneider F, Pereira G, Villanueva K, Christian H, Knuiman M,
Giles-Corti B, et al. Neighborhood walkability and cardiometabolic risk factors in
Australian adults: an observational study. BMC Public Health. 2013;13:755.
13. Gomez LF, Sarmiento OL, Parra DC, Schmid TL, Pratt M, Jacoby E, et al.
Characteristics of the built environment associated with leisure-time physical
activity among adults in Bogota, Colombia: a multilevel study. J Phys Act
Health. 2010;7 Suppl 2:S196–203.
14. Hoehner CM, Allen P, Barlow CE, Marx CM, Brownson RC, Schootman M.
Understanding the independent and joint associations of the home and
workplace built environments on cardiorespiratory fitness and body mass
index. Am J Epidemiol. 2013;178:1094–105.
15. Ollberding NJ, Nigg CR, Geller KS, Horwath CC, Motl RW, Dishman RK. Food
outlet accessibility and fruit and vegetable consumption. Am J of Health
Promot. 2012;26:366–70.
16. Lamichhane AP, Puett R, Porter DE, Bottai M, Mayer-Davis EJ, Liese AD. Associations
of built food environment with body mass index and waist circumference among
youth with diabetes. Int J Behav Nutr Phys Act. 2012;9:81.
17. Laxer RE, Janssen I. The proportion of youths’ physical inactivity attributable
to neighbourhood built environment features. Int J Health Geogr.
2013;12:31.
18. Bottino CJ, Rifas-Shiman SL, Kleinman KP, Oken E, Redline S, Gold D, et al.
The association of urbanicity with infant sleep duration. Health Place.
2012;18:1000–5.
19. Coogan PF, White LF, Evans SR, Palmer JR, Rosenberg L. The influence of
neighborhood socioeconomic status and walkability on TV viewing time.
J Phys Act Health. 2012;9:1074–9.
20. Rundle A, Neckerman KM, Freeman L, Lovasi GS, Purciel M, Quinn J, et al.
Neighborhood food environment and walkability predict obesity in New
York City. Environ Health Perspect. 2009;117:442–7.
21. Leung CW, Laraia BA, Kelly M, Nickleach D, Adler NE, Kushi LH, et al. The
influence of neighborhood food stores on change in young girls’ body
mass index. Am J Prev Med. 2011;41:43–51.
22. Van Hulst A, Gauvin L, Kestens Y, Barnett TA. Neighborhood built and social
environment characteristics: a multilevel analysis of associations with
obesity among children and their parents. Int J Obes. 2013;37:1328–35.
23. Burgoine T, Forouhi NG, Griffin SJ, Wareham NJ, Monsivais P. Associations
between exposure to takeaway food outlets, takeaway food consumption,
and body weight in Cambridgeshire, UK: population based, cross sectional
study. British Med J. 2014;348:g1464.
24. Altman DG, Royston P. The cost of dichotomising continuous variables.
Br Med J. 2006;332:1080.
25. Bennette C, Vickers A. Against quantiles: categorization of continuous
variables in epidemiologic research, and its discontents. BMC Med Res
Methodol. 2012;12:21.
26. Brenner H, Blettner M. Controlling for continuous confounders in
epidemiologic research. Epidemiology. 1997;8:429–34.
27. Naggara O, Raymond J, Guilbert F, Roy D, Weill A, Altman DG. Analysis by
categorizing or dichotomizing continuous variables is inadvisable: an
example from the natural history of unruptured aneurysms. Am J
Neuroradiol. 2011;32:437–40.
28. Royston P, Altman DG, Sauerbrei W. Dichotomizing continuous predictors in
multiple regression: a bad idea. Stat Med. 2006;25:127–41.
29. van Walraven C, Hart RG. Leave’em alone - why continuous variables should
be analyzed as such. Neuroepidemiology. 2008;30:138–9.
30. MacCallum RC, Zhang S, Preacher KJ, Rucker DD. On the practice of
dichotomization of quantitative variables. Psychol Methods. 2002;7:19–40.
31. Schulgen G, Lausen B, Olsen JH, Schumacher M. Outcome-oriented cutpoints
in analysis of quantitative exposures. Am J Epidemiol. 1994;140:172–84.
32. Farrington DP, Loeber R. Some benefits of dichotomization in psychiatric
and criminological research. Crim Behav Ment Health. 2000;10:100–22.
33. Royston P, Sauerbrei W. Multivariable model-building: a pragmatic approach to
regression anaylsis based on fractional polynomials for modelling continuous
variables. Chichester, UK: John Wiley & Sons, Ltd; 2008.
34. Helfand M. Evidence Synthesis for Decision Making [Special issue].
Med Decis Making. 2013;33:597–730.
35. Jackson D, Riley R, White IR. Multivariate meta-analysis: potential and
promise. Stat Med. 2011;30:2481–98.

Page 8 of 8

Submit your next manuscript to BioMed Central
and take full advantage of:
• Convenient online submission
• Thorough peer review
• No space constraints or color ﬁgure charges
• Immediate publication on acceptance
• Inclusion in PubMed, CAS, Scopus and Google Scholar
• Research which is freely available for redistribution
Submit your manuscript at
www.biomedcentral.com/submit

