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Abstract

The loss of signal associated with categorizing a continuous variable is well known, and
previous studies have demonstrated that this can lead to an inflation of Type-I error when
the categorized variable is a confounder in a regression analysis estimating the effect of
an exposure on an outcome. However, it is not known how the Type-I error may vary
under different circumstances, including logistic versus linear regression, different
distributions of the confounder, and different categorization methods. Here we
analytically quantified the effect of categorization, and then performed a series of 9600
Monte Carlo simulations to estimate the Type-I error inflation associated with
categorization of a confounder under different regression scenarios. We show that Type-I
error is unacceptably high (>10% in most scenarios, and often 100%). The only exception
was when the variable categorized was a continuous mixture proxy for a genuinely
dichotomous latent variable, where both the continuous proxy and the categorized
variable are error-ridden proxies for the dichotomous latent variable. As expected, error
inflation was also higher with larger sample size, fewer categories, and stronger
associations between the confounder and the exposure or outcome. We provide online
tools that can help researchers estimate the potential error inflation and understand how

serious a problem this is.

Keywords: Type-I error, confounding, categorization, dichotomization, simulation,

distribution
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Introduction

Researchers and clinicians in epidemiologic and medical studies often categorize
continuous variables for purposes of facilitating the interpretability of results [1]
(common examples include age, body-mass index, socio-economic status, and levels of
blood biomarkers). The unnecessary use of categorical variables has been criticized by
many for the potential increase in statistical bias and the loss of information [2-17], but
use of categorized continuous variables is still standard practice in the epidemiologic and
medical literature [ 18]. There is a consensus among statisticians that statistical tools
treating variables as continuous (e.g. with non-parametric or spline regressions) are
preferred and more robust when the latent trend is not easily captured by classical
parametric models [2, 7, 17]. Such tools are, however, more complex to apply and
interpret for clinicians, which might be a reason for the continued abundant use of
categorized data in epidemiological publications.

A specific situation prominent in epidemiologic and medical research where
categorized continuous variables are regularly used is for control variables (confounding
variables) in regression models when assessing the potential impact of an exposure (risk
factor, independent variable of interest) on an outcome (dependent variable).
Confounding variables are defined here as variables that are associated with both the
exposure of interest and the outcome of interest, but which are not affected by either
variable [19]. Unlike a categorization of the exposure or outcome variables, which can
lead to an inflation of Type-II error [20], categorization of a confounding variable can
lead to increased residual confounding, i.e., effects of confounding variables that are

unmeasured and thus not accounted for in the model. Such residual confounding
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generally results in the detection of spurious relationships between the exposure and the
outcome, and thus false rejection of null hypotheses (inflated Type-I error) because the
model does not replicate perfectly the statistical relationship between the confounding
variable and the concerned variables in models [17]. Austin & Brunner [7] assessed the
influence such methodology has on the statistical performance of models under the
hypothesis of normal variable distributions and logistic regression. They demonstrated
important residual confounding sufficient to suggest that researchers may often falsely
detect a potential association between an exposure and an outcome.

Quantiles and clinical cut-offs are the most common methods for categorizing
continuous confounding variables [18]. Clinicians and epidemiologists frequently study
variables with various distribution shapes and select their cut-offs (i.e., through a
categorization method) in order to minimize the loss of information or to group similar
observations. In spite of the common categorization methodologies, little is known about
how cut-off selection, variable distributions, or type of regression model (linear, logistic)
might affect the statistical bias and robustness of the results induced by the categorization
of confounding variables.

Because unnecessary categorization is such a rampant problem, it is important to
understand what factors contribute to greater error inflation when categorizing, and to
quantify error inflation under different scenarios. The ability to quantify error inflation
could become a tool to force researchers to consider more carefully the consequences of
categorization on their conclusions. In this paper, we assessed how generalizable the
conclusions of Austin & Brunner [7] were across a wide range of realistic data analysis

scenarios, and whether there might be some cases where the implications of
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84  categorization were particularly severe. We simulated the rate of falsely rejecting the true
85  value of the coefficient relating an exposure to an outcome (the Type-I error) under

86  different scenarios where a confounding variable is categorized. In addition, we

©CoO~NOUTA,WNPE

87  mathematically show the effect of categorization for the case of linear regression. We
13 88  have also developed a statistical application available on the web allowing easy
15 89  estimation of the Type-I error rate under different categorization algorithms for varying

18 90 statistical hypotheses.

22 91 Mathematical Derivation

25 92 The categorization of a confounding variable generates measurement error with
28 93  respect to the original variable. We recapitulate this effect with the following

30 94  mathematical derivation in the case of linear regression because it is possible to get a
32 95  closed-form expression of the asymptotic bias which allows seeing immediately the

35 96  determinants. The literature origin of the effect is well exposed in [21], as well as the risk
37 97  for measurement error in general for different error sources and regression scenarios.
39 98  Under these circumstances the estimators are asymptotically biased, affecting the

42 99  estimated values, the confidence intervals and consequently the Type-1 error rate.

44 100 For individual i the model is

47 101 Vi = Bo + B1x1i + Baxy + &

49 102  The confounding variable x,; is categorized into

X3; = Xgi + U

54 103  where the superscript “c” denotes “categorical”. Under the assumption that E(x;;x,;) #

56 104 0, and since the value of x,; decides which category the individual i goes into, we know
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that cov(x,;, u;) # 0 and hence cov(xy;, u;) # 0. The term u; is the difference between
x5; and x,; for individual i, i.e. the measurement error introduced by categorization. Note
that E' (u;) # 0, and in addition, the measurement error u; is correlated with the true
value x,; which is different from classical measurement error models; this case was
discussed in [22] and the correlation between u; and x,; has an influence on the
analytical expression of the bias, making the bias more unpredictable. We make the
classical assumptions of orthogonality for linear regression, i.e. E (xy;€;) = 0 and
E(x,;&;) = 0, which leads to E (u;&;) = 0 and E (x5;&;) = 0. Plugging x5; into the
regression gives

Vi = Bo + Pix1i + Bax5; + & — Pouy

Letting v; = &; — Bou;, we get cov(xy;, v;) = —f182cov(xy;,u;) # 0 and
cov(xg;, v;) = —B5cov(x5;, u;) # 0. In matrix form, defining
Bo Y1 & — oy 1 X1 X3
B=|Pp| y=|: = : X :=|: : :
B> YN ey — Bauy 1 xy X3y

for a sample with size N, we can write the regression as y = X8 + v. Hence, the classical
least squares estimator 3 converges asymptotically to

plim 8 = plim(X'X)"* X'y = B + plim(X'X)"1 X'v

N—>oo0 N—-oo N—-oo

and the asymptotic bias generated by categorization (or by introducing measurement

error, in a broader sense) is
N Lo N1
bias(B) = plim(X'X)~* X'v = plim (NX,X) phmﬁX v

N—-oo N—-oo N—-oo

Since,
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1
2
3 -1
4 1 §V=1 X1i ?’:1 X3
2 . N N
7 plim (lX’X> = plim My x Y, X Yl q X1 X5
8 N—oo N-o0 N N N
20 Loxg XXy g x5
11 N N N
12
13 122 and
14
15 [ XNa(8 — Bow)
16
17 N
1 1 i a[x1i (e — Bowy)]

8 lim—X'v = plim |&=1"1
19 Y Moo N
21 ?I:l[xgi (Si - Bzui)]
22 - N
23
24 . . Z{V=1 Xi
25 123 using Slutsky theorem and the property ghm === E(x;), we get
26 —00
27 -1
28 . a (1 1,

blas(ﬁ) = plim (—X X) plim—X'v

29 N->oo N N—-oo N
30
31 S
32 1 E (x4;) E(x3;) E(&) — B2E(wy)
gi =|E(x) EGf)  ECaxg)| |ECoue) — BE ()
- E(xS) E(exS)  ExS) E(x5;8;) — B2E (x5;u;)
36
37 124  The last matrix product leads to a 3 X 1 matrix where the three elements correspond to
38
zg 125  the asymptotic biases of B, f; and f3,, respectively. With the assumptions E (&;) =
41
42 126 E(xq;¢;) = E(x,;€;) = 0 and some basic calculations we get the following expression for
43
jg 127  the second element of the matrix, namely bias (ﬁl) which is equal to
46
47 128 BalE)E(x1ix5;)E (x5;)—E (eqwi) E (x5;) +E(xiu) E(x57 ) —E(u)E (x1) E (%57 ) +E(x10) E(x5) E (x5 ui) —E (x1ix5; ) E (x5 )]
48 B2 (x1i5;) =2 (ea) B (x5, E (eaiaey) +E (x3) (B2 (x5) ~E(x57) | +E (ea D E (x57)
49
22 129 The last expression, which shares similarities to the bias expression found by [21],
52 A
53 130 finds that the asymptotic bias of f; depends on the value of f3,, but does not depend on
54
gg 131  the value of f; itself. Also, the bias is affected by the first and second order moments
57
58 132 related to x5; and u; which depend on the method of categorization as well as the
59

60 7
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distributions of the original variables. The analytical expression is non-linear in the
relevant moments and so it is not easy to characterize the effect of a single determinant
(e.g. method of categorization, data distribution, number of categories, etc.); in practice,
the expression will become even more complex when adding additional regressors, but in
a word, it is the introduction of measurement error that creates the bias, whatever the
nature of the original variables is. Importantly, the complexity of this expression shows
that the precise magnitude of the bias is not easily predictable. Simulations in the

following sections give intuitive results in different cases.

Methods

Our simulations were modeled on the approach of Austin & Brunner [7]. We

simulated data under the general scenario of the following regression model:
Y =00+ X1f1 + X2, +v

where Y is an outcome of interest, X is an exposure whose relationship to Y we would
like to assess, and X, is a potential confounding variable which is available in continuous
format but which is categorized for analysis. The true values of ff; and f; are assumed to
be zero (i.e., X; has no direct effect on Y, since we wish to evaluate the Type-I error), and
[ has a specified positive value. Parameters which were allowed to vary included (a)
type of regression model (linear versus logistic), (b) distribution of the underlying
confounder (X,), (¢) the covariance between X; and X, (d) f,, (¢) the method for
categorizing X, when continuous, (f) the number of categories into which X, is divided,

and (g) the sample size of the simulated data set.

Page 8 of 33
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Data generation

Continuous confounding variable

An exposure (X;, assumed to be independent of the outcome) and a continuous

confounding variable (X,) were generated with three different processes in order to assess

the confounding variable under (1) normal, (2) log-normal or (3) bimodal distributions.

(1)

)

3)

The first process (“normal”) for the generation of a normal exposure X, , and a
normal confounding variable X, ,, used a bivariate normal distribution of size N

01,2

with mean ¢ = (0,0) and covariance matrix = ( ) where o, ,, the

01, 1
confounder-exposure covariance, ranged from 0 to 0.9 in increments of 0.1.
The second process (“log-normal”) for the generation of a normal exposure X ;
and a log-normal confounding variable X, ; was obtained with the exponential
transformation of a normal confounding variable X, ,, generated with process
(1). The average sampled kurtosis of X, ;, out of 1000 samples with arbitrary
covariance specification and sample size of 2000, was 62.04, with a 95%
bootstrap confidence interval for the sample kurtosis average ranging from
56.88 to 67.18, and the average skewness was 5.22, with a 95% bootstrap
confidence interval for the sample skewness average ranging from 5.10 to 5.35.
The third process (“bimodal”) for the generation of a normal exposure X ;, and
a potentially correlated bimodal confounding variable X, ,, was based on the
separate simulation of two groups of data, / and //, representing each of the

modes in X, , (i.e., le,b and Xzzjb) along with their paired values in X, ;, (i.e.,
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X1, and X7,). X1, and X3, (I) were simulated from a bivariate normal
distribution of size N; with mean y; = (0, 0) and covariance matrix ; =

( 1 012

- 1 ) X?p and X7, (II) were simulated from a bivariate normal
1,2

distribution of size N, with mean u, = (0, U(3,4)) and covariance matrix

1 01,2 . .
Q, = <U1,z U( 4}9)>. Once the four variables were simulated, X; , was

generated as the union of X7 , and X7, and X, ,, was generated as the union of
X3, and X3, keeping their relative orders so as to maintain the pairing of
values and thus the correlation. g, , ranged from 0 to 0.9 by increments of 0.1.
U represents the uniform distribution (e.g., min = 3 and max = 4). Total sample
size N = N; + N,, but N; # N;. This simulation method allowed X, ,, and X, , to
covary at level oy , even while X; ; represents a unimodal normal distribution
and X, j, represents a bimodal distribution generated as a mixture of two normal
distributions with different means and variances. The average sampled kurtosis
of X, 5, out of 1000 samples with arbitrary covariance specification and sample
size of 2000, was 5.29, with a 95% bootstrap confidence interval for the sample
kurtosis average ranging from 5.25 to 5.33, and the average skewness was 1.45,
with a 95% bootstrap confidence interval for the sample skewness average

ranging from 1.44 to 1.46.

Proxy variable for a dichotomous underlying confounder
In addition to the three above scenarios featuring continuous confounding

variables with different distributions, we simulated a fourth scenario in which the true

10
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confounding variable is dichotomous but researchers only observe a continuous proxy.
This corresponds in reality to using blood glucose level as a continuous proxy for
underlying diabetes state, or to using a sex steroid level to assign sex when true sex is
unknown. If the true confounder is the underlying dichotomous variable, we might ask to
what extent we can categorize the proxy in order to better approach the true confounder
(supposing that it is known that proxy is not the true confounder). The exposure (X), the
proxy confounding variable (X,), and the underlying dichotomous confounding variable
(X3) were generated with the following fourth process (“mixture distribution”):

(4) X, 4 (the normal exposure) and X, 4 (the bimodal proxy confounding variable)
were generated identically as in process (3), the mixture of two multivariate
normal distributions (I)) and (II) of size N = N; + N,. X3 4 (the underlying
dichotomous confounding variable) is a dummy variable taking the following

values:

{if Xoia €(): X314=0
if Xp00 € UD): X319 =1

Outcome variable (continuous confounder)
Once the unrelated exposure X7, 5 or p) and the confounding variable X3 (5,1 or )
were generated, the outcome (independent) variable Y, ; o1y could be obtained using (a)
a logistic model or (b) a linear model for its generation in the following procedure:
(a) Logistic model:
logit(p;) = Bo + P1x1; + Paxz, fori=1,2,...,N

exp(Lo+L1x1i+PB2x21) .
eXp(ﬁo+ﬁlx1z+ﬁzxzi)+1’for i1=12,..,N

where, p; =

11
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y;~Binomial(p;), fori =1,2,...,N

X, denotes the de facto unrelated exposure and X, is the confounding variable
correlated with X; and the outcome Y. The logistic model was assessed for five
confounder-outcome association scenarios:

Bo=0,, =0and §, =(0.2,0.5,1,2,3)

where the range for the predetermined values of f, was based upon Austin & Brunner [7]
modeling scenarios, with the addition of 0.2 and 2 for generality purposes.

(b) The linear model:

Vi =Xy +¢&, fori=1,2,..,N

where x,; is treated as a constant and e~N (0, 02). Therefore, as o2 increases, we
expect a lower predictive power of the outcome variable (y) by the confounding variable
(x3), which correspond to the idea of a decreasing value of 5, in the logistic model. The
linear model was assessed for five confounder-outcome association scenarios:

0?2 =(9.95,3.17,1.73,1.02,0.48)

The values for 62 were chosen empirically via simulations to correspond as

closely as possible to values of 5, for a residual confounding effect equivalent to those

used in (a) for the logistic model.

Outcome variable (dichotomous underlying confounder)
Once the unrelated exposure X, 4, the bimodally distributed proxy representing
the dichotomous confounder X, ; and the underlying dichotomous confounder X3 ; were

generated, the outcome (independent) variable Y; could be obtained using both models

12
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(a) and (b), with the sole difference here that X, is replaced by X; in the generating

procedure. Therefore, the logistic and linear model become, respectively:

(a)
logit(p;) = Bo + P1x1i + Paxsi, fori=1,2,...,N
__exp(Bo+P1x1i+PB2x3i) .
where, p; = exp(ﬁ0+ﬂ1x1i+ﬂ2x3i)+1'forl =12,..,N
y;~Binomial(p;), fori =1,2,...,N
(b)

yi=x3 +¢& fori=12,..,N
Both models use the same confounder-outcome association scenarios as with the
continuous confounding variable modeling. X5 4 is used only to generate Y;; once Yy is
generated, the dichotomous variable X3 4 is represented by its proxy variable X, 4
(bimodally distributed) in the model estimating the Type-I error rates. The mixture and
bimodal distributions thus differ only in that the outcome is determined directly by the
continuous bimodal confounder in the bimodal distribution, but is determined by the

underlying dichotomous variable in the mixture distribution.

Categorization algorithms

The Type-I error for the true null hypothesis of the unrelated exposure was assessed
with the confounding or proxy variable categorized in two, three, four and five
categories, or kept continuous for comparison. The confounding variable was categorized
using two different methods: (A) quantile and (B) maximized R’.

(A) The first method consists in dividing the confounding variable into quantiles, i.e.

separating the sorted x,;, fori = 1, 2, ..., N, in groups with an equal number of

13
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observations. This method is arguably the most frequently used in practice, and was
explained in detail by [7].

(B) The second method finds category cut-offs that optimize the linear fit of a
continuous variable by the same categorized variable. The optimal cut-offs define the
categories that maximize the adjusted R? of the following preliminary linear model
(which differs from models (1) and (2)):

Xo=ap+X5a, +u
where X, corresponds to the continuous variable and X5 to the same categorized variable.
The optimal cut-offs are found using a linear optimization function for a one cut-off
search and a non-linear optimization function for a 2-4 cut-off search (with the optimize
and optim functions in R). We applied this method with 1, 2, 3 and 4 cut-offs, giving a
categorized confounding variable (X5) with two, three, four and five categories

respectively.

Simulations of Type I error

Using the framework above, we had eight independent parameters that could be adjusted
in the simulations: (1) Underlying confounder distribution (4 levels: normal, log-normal,
bimodal, or dichotomous); (2) Regression type (2 levels: logistic or linear); (3)
Categorization method (2 levels: quantile or maximized RY); (4) Category number (4
levels: 2-5); (5) Confounder-exposure covariance (10 levels: 0 - 0.9 in increments of 0.1);
(6) Confounder-outcome association (5 levels: 8, or 62); (7) Sample size of the
simulated study (3 levels: 100, 500 or 2000); (8) Number of Monte Carlo iterations per

scenario (1 level used: 1000 iterations). Monte Carlo simulations were performed for all

14
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9600 combinations of these parameters. For each parameter combination, we calculated
the Type-I error rate as the percentage of the 1000 Monte Carlo iterations in which the p-

value of the following parameter significance t-test:

Hy: 1 =0
Hi: 1 #0

was less than a=0.05, i.e. falsely rejecting the true null hypothesis of no relationship

between the exposure and the outcome with a confidence level of 95%.

Summarizing results

Because of the large number of results generated by these simulations, we used three
parallel methods to summarize our results. First, we conducted linear regression models
on the database of simulation results, modeling the Type-I error rate among the thousand
iterations as a function of the seven varying parameters included in the models. We also
stratified and included interactions as necessary. Presentation of results is stratified
between the normal, log-normal and bimodal confounder distributions on the one hand
and the mixture distribution on the other, given that the latter is a special case with
particular properties. In order to show the approximate magnitude of effects, we present
results of regression models as if effects were linear and additive (e.g., change in Type-I
error for each change of 0.1 in o), though clearly this is not strictly true and should not be
taken overly literally. Second, we developed an online interactive interface that allows
users to choose parameters of interest and generate figures similar to those shown here in

order to graphically examine several parameters and their interactions,

15
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https://usherbrookeprimus.shinyapps.io/resultsApp/. Third, we present a selection of

results from the online tool as figures to illustrate key points.

Results

Performance of categorization methods

For a normally distributed confounding variable, the quantile and maximized R? methods
provided essentially identical categories. For a log-normally distributed confounding
variable, the maximized R? method provided cut-offs that were substantially further
toward the tail of the distribution than those chosen by the quantile method. For the
bimodal distribution (X35 or X, 4), the maximized R* method was substantially better at
separating the two modes near the bottom of the trough (Figure 1), especially with only 2

categories (referred to hereafter as “optimal categorization™).

Type-I error: Normal, log-normal, and bimodal confounder distributions
The results from our simulations demonstrated a substantial inflation of the Type-I error
rate for detecting an effect of the unrelated exposure (X;) on the outcome (Y) when the
confounder (X,) was categorized, except when the confounder was very weakly
associated with either the exposure or the outcome (Table 1, top). As expected, Type-I
error rate always increased as the correlation between the exposure and the confounder (o)
increased, with approximately 5.6% additional error for each increment of 0.1 in o

(Figure 2). Type-I error rate decreased monotonically as the number of categories

increased, with approximately 7.9% fewer errors for each additional category added

16
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(Figure 2). Accordingly, a confounder categorized in five categories obtained a lower
Type-I error rate compared to a confounder with two, three and four categories, with the
exception of the bimodal distribution (3) categorized with the quantile method (A) under
the linear model (a), where 3 categories minimized the type one error rate. Each
additional 100 added to sample size increased the Type-I error by about 0.96%, or about
14.4% higher rates with sample size =2000 than =500 (Figure 3). Additionally, there was
about a 8.8% increase in Type-I error for each additional increment of association
between the confounder (X;) and the outcome (Y) (Figure 3). The quantile categorization
method obtained lower Type-one error rates (Figure 4) for the three distributions. The
distribution type did not express a clear pattern for minimizing the error rate.

In sum, under all scenarios, with the exception of a very weak confounder-outcome or
confounder-exposure association (where the addition of a confounding variable is not as
relevant), categorizing a continuous confounding variable substantially inflated the risk
for type-I error rate. Although it might seem intuitive to dichotomize a bimodal
confounder, we found that with the bimodal confounder distribution (3) and the
maximized R? categorization method (B) even an “optimal” categorization process
significantly inflated the type-I error rate, performing even worse than an arbitrary

categorization criterion such as with the quantile method.

Type-I error: Dichotomous unmeasured confounder (mixture

distribution)

With a dichotomous unmeasured confounder represented by a bimodal continuous proxy,

results were qualitatively similar to results under other distributions for sample size, the
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strength of the confounder-exposure correlation (o), and the strength of the confounder-
outcome association (3, or 62), and are not discussed further (Table 1, bottom). However,
inversed results were found for the number of categories and the categorization method
on the proxy variable (Figure 5). Two categories with the maximized R? method now
performed best, with worse results for three (4.5% more error), four-five categories (6%
more error), and the quantile method in general. The dichotomized proxy confounder
gave lower Type-I error rates than its continuous state, although its error rates were still
substantial. The maximized R? method performed better, with a 10% lower error rate,
though this effect was attenuated substantially with more than two categories: by 5% for
three categories and by 6% for four or five categories. In sum, the dichotomized proxy
confounder, representing a dichotomous underlying state, minimized the type-I error rate

and performed worst when left as continuous.

Online interactive results tool

For a further analysis of our results, we propose an interactive online application that
allows users to manipulate the different parameters used in this study to assess their
impact on the Type-I error rate, represented graphically. The application can be accessed

through: https://usherbrookeprimus.shinyapps.io/resultsApp/.

Discussion

The results of these simulations confirm and expand the general conclusions of other
authors: categorizing a continuous confounding variable leads to a surprisingly large and
robust inflation of the Type-I error rate, nearly regardless of model parameters. Only with

18



Page 19 of 33

371
372

373

©CoO~NOUTA,WNPE

374
13 375
15 376
18 377
20 378
22 379
o5 380
27 381
29 382
32 383
34 384
385
39 386
41 387
1 388
46 389
48 390
51 391
53 392

59 393

Statistics in Medicine

a very weak association between the confounder and either the outcome or the exposure
(i.e., in the absence of a real confounding effect) did this inflation disappear; under many
realistic scenarios, the Type-I error was 100%. When applied across hundreds or
thousands of studies, even a small inflation of the Type-I error rate — from the expected
5% to, say, 10% — should have a large impact on our confidence in the results generated
by a body of literature, especially given the many other biases that tend to lead toward
false positive results [23]. The Type-I error rates observed here suggest the problem may
be much larger than this small inflation, given the pervasiveness of categorization of
important confounders such as age, socio-economic status, and many others.

We identified one highly specific case where categorization diminished the Type-I
error, and it is a case chosen specifically to be the exception that proves the rule. This
case is when the outcome (i.e., dependent) variable is determined not by the measured
confounding variable, but by an underlying dichotomous process for which the measured
confounder is a proxy. (Real-world examples might be using blood glucose level to
determine diabetes status, or identifying a patient’s sex, when unknown, using levels of
steroid sex hormones, when it is diabetes status or sex rather than glucose level or
hormone level that affects the outcome.) Even in this case, categorization only reduced
Type-I error rate relative to the continuous proxy, and when the number of categories
corresponded to the number of underlying groups (i.e., 2). And even when all these
criteria were met, Type-I error was still substantially higher than the expected 0=0.05,
reaching error rates greater than 50% under some scenarios.

This counter-example is an example of the principle that all measurement error of a

confounding variable increases the risk of Type-I error [21]. In the case of the counter-
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example, the true variable that should have been measured is the underlying (latent)
dichotomous variable, and using a continuous proxy introduces measurement error which
can be partially but not completely eliminated by dichotomizing the proxy. The
conditions for categorization are thus highly restrictive (and thus may never be met in
practice) — one would need to know a priori (a) that the continuous variable was a proxy
for a true categorical variable, (b) exactly how many underlying categories (sometimes
referred to as “latent classes™) there were, and (c) that it was the underlying variable
rather than the proxy that was the true confounder. Because confounding variables are
generally measured with some measurement error to begin with, the effect of the
categorization is over and above the Type-I error inflation due to the original
measurement error [21].

The details of our results offer some guidance as to which situations present the
greatest Type-I error inflation due to categorization. Type-I error inflation is worse when
fewer categories are used. Stronger associations between the confounder and either the
exposure or the outcome rapidly increase the Type-I error. Counter-intuitively, large
sample size also makes the problem worse, increasing the power to detect the residual
confounding present when a confounder is imperfectly measured. All of these effects are
quite large.

The effects of the confounder’s distribution and the categorization method are more
nuanced. When the confounder has a normal or log-normal distribution, the maximized
R? method performs worse than the standard quantile method. However, maximized R?
performed substantially better than quantile under the mixture distribution, a special case

when two categories also performs better than more categories. This case demonstrates
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the limits of simulations for inferring the precise error rate in cases where particular but
unknown data generating processes are likely to underlie data structure. In theory, it
might be possible to use a priori clinical knowledge to slightly diminish the Type-I error
rate by choosing optimal cut-offs based on (a) the relationship between the confounder
and the outcome; (b) the relationship between the confounder and the exposure, and (c)
knowledge of underlying biological/ sociological/ psychological processes. In practice,
such a priori knowledge is unlikely to be sufficient. Our mathematical derivation of the
estimator bias shows substantial complexity in the interactions between such factors and
therefore how difficult the task of theoretically controlling for the introduction of
measurement error becomes. Traditional clinical cut-offs are unlikely to be valid, for
example, unless they approximate underlying biological thresholds, or unless there are
threshold effects in their relationships with the other variables. Also, we note that even
the best-case scenario for such dichotomization in our simulations still produced
substantial Type-I error; such error is unavoidable under the mixture distribution, where
the true confounder is unmeasured and an imperfect proxy is used. Even the use of a raw
continuous confounding variable in a regression model may sometimes be insufficient: if
the relationship of the confounder with the outcome is non-linear, there may still be
substantial residual confounding [24]. Quadratic regression, fractional polynomials [25],
non -parametric regression [26], and splines are potential solutions to this problem.

All of which is to say that categorization is, in general, a conscious and unnecessary
introduction of measurement error. In lay terms, to drive the point home, categorizing a
continuous confounder is the equivalent of saying, “Hey, my study is pretty good, but

what it could really use is some measurement error. Why don’t I categorize the
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confounders? That way I will be essentially assured of detecting a positive result whether

'7’

or not one exists!” In order to help researchers understand the magnitude of the problem,
we propose a second interactive online application that allows the users, manually or with
the use of the quantile categorization method, to choose cut-offs and assess the probable
Type-I error rate of an unrelated exposure controlled for the given categorized
confounder. The user can also choose between the distributions and the models presented

in this study. The application can be accessed through:

https://usherbrookeprimus.shinyapps.io/simulationApp/. Our hope is that this tool will

allow many researchers to simulate a situation similar enough to their research question

that they get a sense of how bad the problem is likely to be.
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542 Table 1: Effects of model parameters on Type-1 error rate, modeled separately for (a) confounders

543 with normal, log-normal or bimodal continuous underlying distributions, or (b) confounders
544 with the dichotomous underlying distribution
Beta Esrtlf:).r t-value D
Normal, log-normal or bimodal confounder

Intercept -0.67 0.018 -38.1 <0.0001
# of categories (numeric variable) -0.08 0.004 21.4  <0.0001
Confounder-exposure correlation 0.56 0.008 67.1 <0.0001
Regression Type

Logistic (ref) 0 - - -

Linear 0.09 0.005 19.3 <0.0001
Confounder-outcome association 0.09 0.002 52.0 <0.0001
Sample size/100* 0.10 0.002 49.1 <0.0001
Confounder distribution

Normal (ref) 0 - - -

Log-normal 0.003 0.016 0.21 0.84

Bimodal -0.16 0.016 -10.0  <0.0001
Categorization method

Quantile (ref) 0 - - -

Max R? -0.009 0.008 -1.0 0.30
Interaction: # Cat*Distribution”

Log-normal 0.009 0.005 1.7 0.10

Bimodal 0.01 0.005 1.9 0.06
Interaction: Distribution*Cat method®

Log-normal* Max R? 0.03 0.012 2.2 0.03

Bimodal* Max R? 0.18 0.012 15.2 <0.0001

Dichotomous confounder

Intercept -0.86 0.023 -37.5  <0.0001
# of categories

2 categories (ref) 0 - - -

3 categories 0.05 0.014 3.2 0.002

4 categories 0.06 0.014 4.3 <0.0001

5 categories 0.07 0.014 4.6 <0.0001
Confounder-exposure correlation 0.44 0.013 35.2 <0.0001
Regression Type

Logistic (ref) 0 - - -

Linear 0.05 0.007 6.7 <0.0001
Confounder-outcome association 0.10 0.003 38.5 <0.0001
Sample size/100" 0.09 0.003 30.6 <0.0001
Categorization method

Quantile (ref) 0 - - -
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Max R? -0.10 0.014 -7.02  <0.0001
Interaction: # Cat*Cat method= Max R?

2 categories (ref) 0 - - -

3 categories 0.06 0.020 2.8 0.006

4 categories 0.07 0.020 33 0.0009

5 categories 0.07 0.020 34 0.0006

This is the effect of the natural logarithm of the continuous sample size on the Type-I error rate.
PThis is the increase in Type-I error rate per additional category under a log-normal and bimodal distribution.
“This is the increase in Type-I error rate with the max R? method under a log-normal and bimodal distribution.

Figure legends
Figure 1. Thresholds/cut-offs found by the quantiles (A) and maximized R? (B) methods

for 2 categories in a sample size of 2000 under the bimodal (3) distribution.

Figure 2. Type-I error rates for logistic (a) models with the confounding variable
continuous and in 2-5 categories, using the quantiles (A) method, under normal (1), log-
normal (2) and bimodal (3) underlying distributions, 5, = 2 and sample size=2000.
Vertical lines represent 95% confidence intervals for the simulated Type-1 error rates

based on an N of 1000 simulations.

Figure 3. Type-I error rates for linear (b) models with 6% = {0.48,1.02,1.73,3.17,9.95}
and sample size={100, 500, 2000}, using the maximized R? (B) method for the
confounding variable in 2 categories. Vertical lines represent 95% confidence intervals

for the simulated Type-1 error rates based on an N of 1000 simulations.

Figure 4. Type-I error rates for logistic (b) models with the confounding variable in 3
categories using the quantiles (A) and the maximized R? (B) methods under normal (1),

log-normal (2) and bimodal (3) underlying distributions, , = 2 and sample size=2000.
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Vertical lines represent 95% confidence intervals for the simulated Type-1 error rates

based on an N of 1000 simulations.

Figure 5. Type-I error rates for linear (b) models with the proxy variable continuous and
in 2-5 categories, using the quantiles (A) and the maximized R? (B) methods, under
dichotomous (4) underlying distribution, 62 = 1.02 and sample size=2000. Vertical lines
represent 95% confidence intervals for the simulated Type-1 error rates based on an N of

1000 simulations.
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