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Abstract

Background Assuming a linear relationship between continuous predictors and outcomes in clinical prediction
models is often inappropriate, as true linear relationships are rare, potentially resulting in biased estimates and inac-
curate conclusions. Our research group addressed a single U-shaped independent variable before. Multiple U-shaped
predictors can improve predictive accuracy by capturing nuanced relationships, but they also introduce challenges
like increased complexity and potential overfitting. This study aims to extend the applicability of our previous research
results to more common scenarios, thereby facilitating more comprehensive and practical investigations.

Methods In this study, we proposed a novel approach called the Recursive Gradient Scanning Method (RGS) for dis-
cretizing multiple continuous variables that exhibit U-shaped relationships with the natural logarithm of the odds
ratio (InOR). The RGS method involves a two-step approach: first, it conducts fine screening from the 2.5th to 97.5th
percentiles of the INOR. Then, it utilizes an iterative process that compares AIC metrics to identify optimal categorical
variables. We conducted a Monte Carlo simulation study to investigate the performance of the RGS method. Differ-
ent correlation levels, sample sizes, missing rates, and symmetry levels of U-shaped relationships were considered

in the simulation process. To compare the RGS method with other common approaches (such as median, Q;-Qs,
minimum P-value method), we assessed both the predictive ability (e.g., AUC) and goodness of fit (e.g., AIC) of logistic
regression models with variables discretized at different cut-points using a real dataset.

Results Both simulation and empirical studies have consistently demonstrated the effectiveness of the RGS method.
In simulation studies, the RGS method showed superior performance compared to other common discretization
methods in discrimination ability and overall performance for logistic regression models across various U-shaped
scenarios (with varying correlation levels, sample sizes, missing rates, and symmetry levels of U-shaped relationships).
Similarly, empirical study showed that the optimal cut-points identified by RGS have superior clinical predictive power,
as measured by metrics such as AUC, compared to other traditional methods.

Conclusions The simulation and empirical study demonstrated that the RGS method outperformed other com-
mon discretization methods in terms of goodness of fit and predictive ability. However, in the future, we will focus
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on addressing challenges related to separation or missing binary responses, and we will require more data to validate

our method.

Keywords The Recursive Gradient Scanning Method, Optimal cut-points, Discretization, U-shaped relationships,

LnOR (logarithm of Odds Ratio), Regression modelling

Background

In clinical and epidemiological research, elucidating the
association between continuous exposures or covariates
and disease outcomes is paramount for risk prediction
and treatment stratagem [1-3]. In recent years, there has
been increasing recognition of U-shaped dose—response
relationships in medical research. Several physiologi-
cal indicators, such as body weight and frailty [4], body
weight, waist-to-height ratio, and depression [5], protein
intake and muscle gain [6], blood uric acid content and
risk of death [7], and uric acid and risk of chronic kidney
disease [7, 8], all demonstrate a U-shaped pattern. These
findings suggest that both low and high levels of these
factors may be associated with negative health outcomes,
while moderate levels are associated with better health.
However, there is often a lack of consideration for the
discretization method in the study of these relationships.
This gap in practice may lead to oversimplification of the
complex relationships between continuous exposures or
covariates and disease outcomes, potentially affecting the
accuracy and reliability of the findings.

Dealing with continuous predictors in model develop-
ment poses significant challenges [9]. Researchers often
simplify the interpretation by categorizing these predic-
tors using reference ranges or based on data distribution.
However, this strategy has been criticized for potentially
introducing bias and losing valuable information pre-
sent in the continuous nature of the variables [10-12].
Moreover, due to variations in positive outcomes, opti-
mal cut-points determined by data also vary. There is
consensus among statisticians that treating variables as
continuous, using non-parametric or spline regressions
is preferred when the latent trend is complex. Failing to
model the functional form appropriately (i.e., the pattern
of the relationship between a continuous predictor and
the outcome) can lead to a substantial loss of statistical
power to find and model the true underlying relation-
ship. In turn, this may produce a prediction model with
worse predictive performance and wrong predictions on
clinical decisions, which can adversely influence patient
care [13]. However, these methods are more complex
either to apply or to interpret, which has led to the con-
tinued use of categorized data in epidemiological stud-
ies. How continuous predictors are discretized during
model development will influence disease predictions
for an individual, thus potentially impacting subsequent

treatment strategies and further prognosis. Therefore,
researchers should deliberately consider how continuous
predictors are examined and discretized to ensure the
development of a robust model that provides accurate
predictions.

Potential approaches for discretizing continuous pre-
dictors are to (1) categorize them into two or more groups
by arithmetic mean, median, or quartiles; and (2) select
cut-points for discretizing continuous predictors based
on the statistical significance of the predictor’s coeffi-
cients in the model. Categorizing continuous predictors
into groups by arithmetic mean, median, or quartiles, a
widely discredited practice, may lead to weaker perfor-
mance compared to a model where the functional form is
appropriately modeled [13]. In the latter approach, each
unique value of the predictor is considered a candidate
boundary point, and the best boundary point is selected
based on criteria such as the minimum P-value or the
maximum Youden’s index. These classification methods
may result in individuals with similar risk levels being
grouped differently, potentially leading to misclassifica-
tion of high and low-risk individuals and reducing statis-
tical significance of corresponding explanatory variables
in the prediction model. These traditional discretization
methods are based on a logistic regression framework
that assumes a linear relationship between predictors
and the InOR. Consequently, they are unable to capture
U-shaped relationships and do not yield appropriate cut-
points. This limitation negatively impacts the accuracy of
the models and leads to erroneous estimates.

Our research group has proposed the “two cut-points
with maximum OR value method” [14] and “two cut-
points with minimum AIC value method” [15], which
offer better goodness of fit and interpretation compared
to commonly used methods such as the direct method
with continuous form, median classification method,
and minimum P-value method. Our preliminary work
in this area has drawn wide attention by the interna-
tional biostatistical community [16—21], contributing to
addressing challenges in the application of multivariate
regression analysis and making different research results
more comparable.

In medical research, multivariate regression mod-
els may involve a number of non-monotonic inde-
pendent variables [22-24]. Discretizing these variables
requires advanced statistical theory and algorithmic
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implementation [25, 26]. Currently, research on discretiz-
ing multiple continuous independent variables, particu-
larly when the outcome exhibits U-shaped relationships
with one more independent variable simultaneously, are
limited [27-29]. To address these limitations, we pro-
pose the Recursive Gradient Scanning (RGS) method.
This approach uses a gradient scanning [30] principle
for fine-tuning, enabling the generation of a discretiza-
tion scheme with professional logic and interpretability.
During the process of identifying optimal cut-points, it
is crucial to consider the effects of InOR. By iteratively
sorting the InOR, high-risk groups are defined based on
consistent thresholds of log relative hazards, enhancing
the clinical rationale for classification. Our method offers
more accurate optimal cut-points and prevents individu-
als with similar risks from being placed in opposing risk
groups. We compare the performance of the RGS method
with other common discretization methods through sim-
ulation studies and demonstrate its application in a real
dataset on depression.

This paper is structured as follows: Sect. "Methods"
outlines the RGS method, Sect. "Results” compares its
performance with other methods in simulation studies,
Sect. "Discussion” presents the results from the applica-
tion of the RGS method to a real dataset, and Sect. "Con-
clusions" provides discussion and conclusions.

Methods
Identifying optimal cut-points based on log(n) values
and Modeling
During the process of determining optimal cut-points,
it’s crucial to consider the effects of InOR or InHR (nat-
ural logarithm of the odds ratio or hazard ratio). There-
fore, we use log(yn) (representing InOR or InHR) to
identify two optimal cut-points (P, P,) for the predictive
variable X. Patients with X smaller than P; or larger than
P, are classified into the high-risk group (or the low-risk
group in an inverse U-shaped relationship) respectively.
This approach ensures that the two high-risk groups
are defined according to the same threshold of log(#),
enhancing the clinical relevance of the classification. Two
R packages, “CutpointsOEHR” and “TCPMOR’, have
been developed to assist investigators in easily imple-
menting the optimal equal-HR (and OR) method.
Existing nonlinear methods can identify the shape of
relationships between independent variables and InOR
but do not support discretization. In contrast, our study
employs spline techniques to detect U-shaped relation-
ships and then utilizes scanning methods for discretiza-
tion, enabling us to categorize the population into low
and high-exposure groups. Our method enhances the
precision of determining optimal cut-points, ensuring
that individuals with similar risks are not allocated to
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opposite risk groups. This process involves seeking two
cut-points with nearly identical log(y) values, achieved
through a series of algorithms or iterative methods.
These aim to pinpoint two cut-points with almost same
log(y) values, by which the individuals can be allocated
into significantly distinguished subgroups. The pro-
cess of identifying these optimal cut-points within the
framework of the equal-OR (or HR) method consists
of several steps. Integrating specific formulas into this
framework can provide additional clarity. In addition,
we applied gradient scanning for fine screening from
the 2.5th to 97.5th percentiles of the InOR, in order
not to skip from the optimal cut-points. Below are the
steps, along with integrated formulas, for identifying
optimal cut-points based on log(y) values.

Data preparation

Data collection and preprocessing involve gathering the
dataset relevant to the study and ensuring it contains
all necessary variables and outcomes for analysis.

Calculation of log(n) for each potential cut-points

Compute log(n) values using a specific model or equa-
tion that relates to the context of the study, such as a
case—control study or a cohort study. For instance,
log(#) could be represented as follows:

logm=p1 X1+ P Xo +---+ B, Xp (1)

where log(#) is a function or model based on the predic-
tor variables. x1, x3 - - - x,, denotes the predictor variables
or features in the model.

Semiparametric regression models are flexible statis-
tical techniques that allow the observed data to deter-
mine the functional form of the relationship between
predictors and responses. They can summarize com-
plex data structures such as nonlinearity within the lin-
ear model framework, making them particularly useful
for graphical representation to assess the shape of con-
tinuous risk factor-response curves.

Splines are commonly used smoothing functions for
quantitative risk assessments because they enable the
estimation of risk for specific levels of a continuous pre-
dictor. Semiparametric regression models with smooth-
ing splines use knots located at each unique value of the
continuous predictor variable and incorporate a penalty
term to avoid overfitting. They calculate a weighted aver-
age of the outcome variable across local regions of the
continuous predictor, giving higher weight to center data
points than outermost data points. This procedure plots
a smoothed curve with minimal constraints on its shape.
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Identification of optimal cut-points

Utilize the log(y) values to identify a pair of cut-points
within the dataset. Define criteria or algorithms aiming
to find these points where log(y) values demonstrate spe-
cific properties, such as approximate equality or meeting
certain pre-conditions. One possible formula within this
step might involve a condition for approximate equality.

Abs (log(ncut—pointsl) - log(ncut—pointSZ)) ~ 0 2)

where Abs() denotes the absolute value func-

tion.log(ncut_poimsl) and log(ncut_poimsg) represent log(#)
values at the final determined cut-points.

Graphical diagnostic plot

The semiparametric models with penalized B-splines
(P-splines) were fitted using the R package "SemiPar"
[31]. This approach balances the goodness of fit and vari-
ance to curve the relationship and assess the statistical
significance of the non-linear term.

Select two optimal cut-points for each continuous
explanatory variable as original cut-points

Deviation from linearity in these models can be assessed
using the estimated degrees of freedom and correspond-
ing P-value. Degrees of freedom (df) represent the total
influence of all observations on the estimates of statisti-
cal parameters. In the semiparametric regression setting,
estimated df for the nonparametric component provides
evidence for a departure from linearity. Both the visual
representation of the curve indicates a U-shaped rela-
tionship and df> 2 ( to ensure nonlinearity), then the “two
cut-points with maximum OR value method” was used
to identify the original upper and lower cut-points of the
continuous explanatory variable at which the OR reaches
its maximum.

The illustration for discretizing one non-monotonic
independent variable
In our study, the problem of discretization can be defined
as follows. Assuming a dataset S consisting of N samples,
M attributes, and ¢ class labels, a discretization scheme
D, would exist on the continuous attribute A € M, which
partitions this attribute into # paired discrete cut-points
with equal log(n):[ (dy;, dip); (dyy, dog)s ... (d,1 dR)]
where d; and d,, are, respectively, the Py, - and P, value
of log(y), and Py={ d;, d,,......d,} represents the set of
candidate gradient of A in descending order. The crite-
rion for optimizing the discretization of log(x) for multi-
ple variables typically involves minimizing AIC to achieve
the best discretization effect.

We can associate a typical discretization with a uni-
variate discretization. Although this property will be
reviewed in the next section, it is necessary to introduce
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it here for the basic understanding of the basic discre-
tization process. In the context of univariate scenarios,
achieving this is already quite challenging, while multi-
variate discretization, which considers multiple features
simultaneously, presents an even greater complexity. A
typical discretization process generally consists of four
steps (shown in Fig. 1): (D sorting observations by the
values of the feature (i.e. log(y)) to be discretized, @
scanning candidate cut-points with equal log(x) itera-
tively, @ dichotomizing observations into low-risk and
high-risk groups by each candidate cut-points, and @
evaluating model performance.

The RGS method for the discretization of multiple
non-monotonic independent variables

The methodology for discretizing multiple non-mono-
tonic independent variables is detailed as follows:

(D For variables exhibiting U-shaped associations with
InOR, we used the “two cut-points with maximum OR
value method” to search a pair of original cut-points for
scanning.

@ We determined the percentile rankings (Q;, k=1,
2, ..., 100) of the estimated InOR values for each varia-
ble. Horizontal lines (i.e. gradients) were drawn at each
percentile between the 2.5th and 97.5th percentiles,
intersecting the U-shaped curve at two cut-points. The
interval of the InOR values is calculated as:

AInOR = [nORpg7 5 — InORpy 5 (3)

@ Using the R-function spline interpolation technique,
new cut-points were generated as candidate cut-points,
ensuring a smooth curve with equal InOR values in lower
and higher cut-points (|[nOR,; — [nOR,g| < AInOR
% 1/100).

@ The RGS method refined boundary points by itera-
tively scanning from the original cut-points, moving ver-
tically in each gradient step (A/nORx1/100). The scan
continued upward or downward until model fit no longer
improved, halting at Py, 5 or P,; of InOR respectively.
With k variables, 2% scanning methods were employed
(e.g., for k=2: upward x, combined with downward x,,
downward x; combined with upward x,, both upward,
both downward).

® Optimal cut-points were selected based on model
fitness measurements (AIC, Nagelkerke R? and —2Log-
likelihood), with the final cut-points used in regression
models.

The assumptions in the RGS approach

First, the visual representation of the curve indicates a
U-shaped relationship and df>2 to ensure nonlinearity.
Second, it is essential to have sufficient values at both
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Fig. 1 Discretization process for the RGS

ends of the discretized variables or enough positive out-
come events.

Be cautious that if the AInOR is too large, we should
narrow the scanning strategy to the 0.1th percentiles of
the InOR to ensure the iterative process runs smoothly
and to avoid missing the optimal cut-points.

Validation and assessment

Validate the identified cut-points using statistical meas-
ures. Evaluate the reliability and effectiveness of these
discretization methods within the context of the study.

Measures of goodness-of-fit

The goodness of fit of models containing multiple pre-
dictors for binary responses was assessed using several
metrics. Coefficients of determination (R?) were calcu-
lated to evaluate the proportion of variance explained by
the models. The Akaike Information Criterion (AIC) was
used to compare the relative quality of different models,

low-risk and high-risk groups
by each candidate cut-points

with lower AIC values indicating better fit. Additionally,
the —2loglikelihood was computed as a measure of how
well the model predicts the observed data, with lower
values indicating better fit. These metrics were particu-
larly useful for assessing the performance of the RGS
method compared to other discretization methods in fit-
ting models.

Measures of predictive ability

To validate a prediction model systematically, the predic-
tive performance of the model is commonly addressed
by discrimination (the ability of the model to distinguish
between positive and negative outcomes) and calibration
(the agreement between the observed outcomes and pre-
dicted probabilities).

In this study, we used several statistical techniques to
assess the predictive performance of different classifica-
tion models. AUC (the area under the receiver operat-
ing characteristic curve) was calculated to summarize the
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discriminating power of each gradient (corresponding
to candidate cut-points with same log(s)). A higher AUC
value indicates better predictive capability.

Decision Curve Analysis [32] (DCA) is usually applied in
clinical effectiveness evaluation. It compares the net ben-
efit of model intervention with the net benefit of default
methods (full intervention and no intervention). Typically,
a higher net benefit value indicates better performance of
the model at a specified probability threshold.

Design of the simulation study
In this study, we recommend using the RGS method to dis-
cretize data in logistic regression models when there is a
non-monotonic relationship between logit 7 and continu-
ous predictors. Monte Carlo simulations were conducted
to compare the performance of the RGS method with four
traditional discretization methods (median, Q;-Q;, mini-
mum p-value, and two cut-points with maximum OR value
method) in terms of model fitting and prediction ability.
The simulation study included various scenarios, such as
different levels of correlations, sample sizes, missing rates,
and the symmetry of U-shaped curves. These scenarios
were made to mirror real-world scenarios, ensuring that
the findings are applicable and reliable. Furthermore, our
previous research has demonstrated that these parameters
significantly impact model performance [15]. For the simu-
lations, two non-monotonic U-shaped variables, X; and X,,
were generated. Additionally, we included two covariates,
a continuous variable, X3, which is linearly related to InOR,
and a binary variable, X,. Specifically, X; has a mean of 0.0
and a standard deviation of 1.0 in the case group, while in
the control group, it has a mean of 0.0 and a standard devi-
ation of 0.5. For X, the case group exhibits a mean of 0.0
with a standard deviation of 0.8, compared to the control
group, which has a mean of 0.0 and a standard deviation of
0.3. X; has a standard deviation of 1.0, with a mean of 1.0
for a “yes” outcome and 0.0 for a “no” outcome.

Correlation levels

We generated a correlation matrix with specified coeffi-
cients of 0.3 (low correlation), 0.6 (moderate correlation),
and 0.9 (high correlation) for X;, X,, and X; to effectively
explore the correlation relationships among these continu-
ous predictors. Subsequently, we assessed the performance
of the RGS method under these conditions.

Sample sizes

The sample size scenarios considered were 100, 200, 300,
400, 500, and 1000 observations. These scenarios were
chosen to evaluate the performance of the discretization
methods across a range of sample sizes.
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Missing rates

The missing data scenarios were based on a missing com-
pletely at random (MCAR) mechanism and a missing
completely at random (MAR) mechanism. MCAR means
that the missingness of data was completely unrelated to
any other variables or the data itself, occurring purely at
random. In contrast, MAR indicates that the probability
of missingness depends on the observed data but not on
the missing values. Under MAR, the likelihood of a value
being missing can be estimated based on the available
non-missing data. The missing rate scenarios considered
were 5%, 10%, 15%, 20%, 25%, 30%, 35%, 40%, 45%, and
50%. These scenarios were chosen to evaluate the per-
formance of the discretization methods under varying
rates of missing data. To avoid a reduction in sample size,
we employed multiple imputation techniques to handle
missing data. Specifically, we used the Predictive Mean
Matching (PMM) and Random Forest (RF) methods for
imputation [33]. Multiple imputation was conducted to
ensure that missing data were adequately addressed.

Symmetry of u-shaped curves

Three scenarios were considered for the symmetry of
U-shaped curves, symmetric (the curve is perfectly sym-
metric), partially symmetric (the curve is somewhat
symmetric) and severely asymmetric (the curve shows
significant asymmetry, deviating greatly from a symmet-
ric shape). These scenarios were chosen to capture dif-
ferent degrees of symmetry in the U-shaped curves and
to assess how the discretization methods perform under
varying levels of symmetry.

Implementation in R

The statistical analyses were conducted using several R
packages. The “maxstat” package was utilized to imple-
ment the minimum P-value method with log-rank sta-
tistics. For fitting logistic regression models with splines,
the “SemiPar” package was employed. Additionally, the
“CutpointsOEHR” and “TCPMOR” packages were used
to obtain the optimal equal-HR (or OR) in univariate dis-
cretization. All statistical tests were performed at a two-
sided significance level of 0.05, with P-values below this
threshold considered statistically significant. The analy-
ses were conducted using R version 4.2.2 (R Foundation
for Statistical Computing, http://www.R-project.org).

Application to the behavioral risk factor surveillance
system (BRFSS) data

We analyzed data from the Behavioral Risk Factor Sur-
veillance System (BRFSS) [34] survey conducted by the
Centers for Disease Control and Prevention through a
telephone survey of individuals aged 18 years or older
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across all 50 states in the USA between 2011 and 2019.
The study was exempt from Institutional Review Board
approval since it utilized de-identified data from a pub-
licly available dataset in the public domain. In this state-
based, random-digit-dialed telephone survey collecting
self-reported health information, a total of 871,919 adults
with complete data were included in the analysis. Previ-
ous studies have identified U-shaped patterns among
monthly exercise frequency, weekly exercise sessions,
and depression [35]. To identify the optimal cut-points
for discretizing monthly exercise frequency and weekly
exercise sessions to maximize improvements in mental
health, we applied the RGS method.

Results

Results of the simulation study

Scenario1: Correlation levels

The AIC and AUC values for the correlation scenarios
with coefficients of 0.3, 0.6, and 0.9 are presented in
Tables 1, 2. These scenarios investigated the effects of
varying correlation levels on model performance. It
was observed that as the correlation increased, AIC val-
ues rose while AUC values declined. Notably, the RGS
method exhibited superior performance across all corre-
lation levels.

Scenario2: Sample size

In Tables 3, 4, the AIC and AUC values of the RGS
method were compared to four traditional discretization
methods (median, Q;-Q;, minimum P-value, and two
cut-points with maximum OR value method) across vari-
ous sample sizes. The results showed that as the sample
size increased, the AIC and AUC increased for all discre-
tization methods. Notably, the RGS method exhibited

Table 1 Comparison of Discretization Methods in Terms of AIC
under Various Correlation Levels

Discretization  Low correlation = Moderate High correlation
methods correlation

Min-P 1159.97% 2392.18" 3120.58%
Median 1147.76% 2357.96% 309042

Q,-Qs 1078219 2237649 3021359

Two cut-points  1051.36? 2112359 2935229

with maximum

OR

RGS 963.951" 1972570 2832170

(12345 indicates the ranking based on the AIC values of the model, with ("

representing the best
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Table 2 Comparison of Discretization Methods in Terms of AUC
under Various Correlation Levels

Discretization  Low correlation = Moderate High correlation
methods correlation

Min-P 0.7219) 0.652) 0.598"

Median 0.7324 0.659 06124

Q04 0.737) 0.668" 0638

Two cut-points  0.747%? 0672 0642

with maximum

OR

RGS 0.752M 0.674" 0654

(12345 indicates the ranking based on the AUC values of the model, with™

representing the best

not only lower AIC but also higher AUC values compared
to traditional discretization methods, indicating superior
model fit, parsimony, and predictivity.

Scenario3: missing rates

As shown in Table 5, increasing missing rates have led
to higher AIC values of the discretization methods after
imputation using the PMM method, indicating poorer fit.
However, regardless of the missing rate scenarios, the RGS
method consistently exhibited excellent performance, as
indicated by its consistently the smallest AIC value, sug-
gesting it as the optimal discretization approach.

To further compare different missing value impu-
tation methods, this study also utilized RF multiple
imputation method. The results, as shown in Table 6,
indicated that the model AIC after RF imputation was
smaller than that after PMM imputation. This finding
suggested that the RF imputation method offered a bet-
ter model fitting effect compared to PMM.

In terms of model prediction ability, as shown in
Table 7, the AUC of the RGS method proposed in this
study achieved consistently the highest AUC values in
each scenario of missing rate parameters, indicating its
superior predictive ability.

For better visualization, we conducted a deci-
sion curve analysis at a 5% missing rate. The results,
depicted in Fig. 2, revealed the predictive performance
rankings of the discretization methods as follows: RGS
method, Min-P, Q;-Q;, and Median method. These
rankings were consistent with the results in Table 8,
where the RGS method consistently outperformed
other traditional discretization methods.

The results for the MAR mechanism were presented
in the supplementary files (Tables S1-S3) and showed
more favorable findings after PMM and RF imputation.
Additionally, we provided the results for the MCAR
mechanism in a complete case analysis (Tables S4-S5),
which are similar to those of the imputation data.
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Table 3 Comparison of Discretization Methods in Terms of AIC under Various Sample Size Scenarios

Discretization  Sample size=100

Sample size=200 Samplesize=300 Sample size=400

Sample size=500 Sample size=1000

methods

Min-P 557.12% 839.16" 1115.55% 1329.40% 2787.46" 3557.27%
Median 554.85% 835.74% 1111.009 1385.80% 2776109 3562.69")
Q-0 532278 801.73%) 1065.79% 1391.47° 2663.129 3417.709
Two cut-points ~ 529.77 797.96? 1060.78%? 1323.169? 265062 3401.65%
with maximum

OR

RGS 513.581" 722,950 961.07"" 1198.78" 2401.45" 3281.891"

(12345

) indicates the ranking based on the AIC values of the model, with" representing the best

Table 4 Comparison of Discretization Methods in Terms of AUC under Various Sample Size Scenarios

Discretization Sample size=100 Sample size=200 Sample size=300 Sample size =400 Sample size=500 Sample
methods size=1000
Median 0.559% 0.651% 0.657% 0.688" 0.692% 0.716"
Min-P 0.644% 06524 06619 0692 0.695“ 0.7321
Q-0 06485 0656 06645 06930 07128 0.739%
Two cut-points  0.652%? 0.667%? 0.670? 0.697? 0.7179? 0.746%
with maximum

OR

RGS 0.658" 0.668" 0.684" 0.708" 0.754" 0.766"

(12345)

Scenario4: symmetric extents

The AIC and AUC values for symmetry, partial symme-
try, and completely asymmetric scenarios were presented
in Tables 9, 10. These scenarios explored the effects of
symmetric extents on model performance. It was found
that as the symmetry decreased, AIC values increased,
whereas AUC values decreased. The RGS method dem-
onstrated superior performance across all different levels
of symmetry.

Results of the application on a real dataset

Figure 3 showed the non-linear associations of metabolic
equivalents (METs) and exercise frequency with depres-
sion using penalized cubic regression splines. Table 11
illustrated the performance of different estimated cut-
points in logistic regression models. (D The original cut-
points for physical activity frequency were 16.5-23.7
times/month, while those for MET were 751.3-1847.6
METs-min/week. (@ The model using the optimal cut-
points showed better performance in discrimination
ability and overall performance than the model using the
original cut-points. Physical activity frequency between
about 12.6-26.5 times per month was associated with a
lower mental health burden. For METs-min/week, better
mental health was observed when the METs-min/week
was about 610.9-2203.7.

indicates the ranking based on the AUC values of the model, with ") representing the best

The cut-points estimated by the RGS method demon-
strated superior performance in discrimination ability
and overall performance (explained variance) in terms of
R?, AIC, and AUC measures (as shown in Table 12).

Discussion

The relationship between the predictors and outcomes
may be monotonic or non-monotonic, with U-shape pat-
terns being common in non-monotonic dose—response
relationships in medical research [36—39]. In our study,
we explored how to discretize multiple continuous pre-
dictors using a pair of cut-points for U-shaped rela-
tionships. When identifying these optimal cut-points,
it is crucial to first confirm whether the validity of the
U-shaped association [40, 41]. Our research demon-
strated that the RGS method outperforms other discre-
tization approaches in logistic regression modelling,
particularly in complicated scenarios. This suggests that
RGS is well-suited for handling U-shaped relationships by
iteratively optimizing cut-points within the limited range
of the InOR. By addressing the challenge of discretizing
multiple variables, we successfully identified the optimal
cut-points, enhancing the model’s predictive capability
and goodness of fit. AIC provided an unbiased assess-
ment of model complexity [42], and AUC calculations
confirmed that RGS excelled in class discrimination. This
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Fig. 2 Comparison of Decision Curves for Different Discretization Methods (Missing Rate =5%)

Table 8 Advantages of the RGS Method over Three Traditional
Discretization Methods

Table 9 Comparison of Discretization Methods in Terms of AIC
under Various Symmetric Levels

Methods Net Benefit Curve Number of Patients Avoiding
being Area Below Intervention per 100 Patients
compared Threshold (Mean)

Min-P 0.169 282

Q,-05 0.195 313

Median 0.219 354

The horizontal axis of the decision curve represents the threshold probability.
When the risk probability of patient i, denoted as P, reaches a certain value P, for
various evaluation methods, it is defined as positive, indicating that intervention
is taken. The calculation method for reducing unnecessary interventions per 100
patients is as follows: (Net benefit of the model-net benefit of all treatments) /
P,/ (1-P))x 100

underscores RGS’s superiority over other discretization
methods and highlights the importance of methodo-
logical rigor in optimizing predictive accuracy in logistic
regression. Despite minor concerns, such as the risk of
local optima [43] and reduced computational efficiency
compared to simpler methods, our research shows no
significant drawbacks. Future work will focus on address-
ing these limitations and improving model performance.
Notably, our efforts are culminating in the release of an

Discretization =~ Symmetric  Partially symmetric ~ Completely
methods asymmetric
Min-P 1234310 2472629 3173239
Median 1229.28% 2462.55% 3160.30%
Q-0 1179250 2362.33%) 3031239
Two cut-points ~ 1173.72? 235124 3017.449
with maximum

OR

RGS 1063.38" 2130210 2911.210

(12343 indicates the ranking based on the AIC values of the model, with™

representing the best

R package named “CutpointsRGS’, as a user-friendly tool
for researchers across various domains.

In our simulation study, RF imputation achieved the best
model fit compared to PMM for handling missing data.
This efficiency gain can be attributed to RF’s capacity to
utilize available information more effectively by accommo-
dating nonlinear relationships among predictors. Further-
more, RF simplifies the imputation process by reducing the
need to explore associations between predictor variables
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Table 10 Comparison of Discretization Methods in Terms of AUC
under Various Symmetric Levels

Discretization Symmetric Partially Completely
methods symmetric asymmetric
Min-P 0.716" 0651 0559
Median 0.732% 0652 06439
Q-0 0.739% 0656 0648

Two cut-points 0.746%? 0.6677 0652

with maximum OR

RGS 0749 0668 0658"

(123439 jndicates the ranking based on the AUC values of the model, with!")
representing the best

and eliminates the necessity of specifying how the out-
come should be conditioned in the imputation models for
covariates [44]. Other studies [45] also support the notion
that RF imputation is particularly valuable for complex
epidemiological datasets with missing values”

The symmetry of U-shaped relationships signifi-
cantly affects the difficulty of identifying cut points. As

(A)
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P for nonlinear < 0.001
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symmetry increases, the process of determining these
cut points becomes less complex [15]. In symmetric
U-shaped scenarios, the RGS method consistently out-
performs other approaches. Importantly, even in cases
where the independent variable exhibits an asymmetric
U-shaped relationship with log(n), RGS maintains supe-
rior performance. Moreover, as the degree of asymmetry
increases, the advantages of the RGS method remain pro-
nounced. Thus, the RGS method demonstrates broader
applicability and stability across varying symmetry levels
in U-shaped relationships, underscoring its robustness in
real-world applications.

U-shaped effects arise from complex interactions
among various factors, and understanding these dynam-
ics is essential for both theoretical exploration and prac-
tical applications in public health and psychology [46,
47]. In our study, we identified U-shaped relationships
among exercise frequency, METs, and depression. Sup-
porting our findings, a large cohort study by Harvey
et al. [48] demonstrated that the protective effect of exer-
cise against depression is associated with low levels of

(B)

1.5
P for overall < 0.001

P for nonlinear < 0.001

N

N\

R

o
!

Odds ratio (95% CI)

g
n
A

0.0 T T T T
0 5 10 15 20 25 30
Exercise frequency/month

Figure3 Describing the relationships between METs, exercise frequency, and depression using a nonlinear regression model

Table 11 Performance of different estimated cut-points by RGS method

Cut-points MET/week, MET/week, Freq/month, Freq/month; ORyer(95%Cl) ORg,(95%Cl) AIC R? —2Loglikelihood
Original 7513 1847.6 16.5 237 1.18(1.10-1.30) 1.58(1.44-1.74) 17,042 0031 13,636.40
cut-points

Optimal cut-points  610.9 22037 126 265 1.59(1.24-2.06) 1.36(1.15-1.58) 16903 0037 13579.28

L represents the lower cut-point, and footnote U represents the upper cut-point
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Table 12 The predictive capacity and goodness-of-fit among
different methods

Methods AUC AIC Adjusted R?
Min-P 07319 17,968 0.0299
Median 0.729% 17,0349 00319
Q,-Qs 0.737% 16,9759 0.034%
RGS 0.751" 16,9031 0.037"

(12345 indicates the ranking based on the model evaluation values, with”

representing the best

activity, showing no additional benefits beyond one hour
per week. Furthermore, previous research indicates that
vigorous exercise can increase oxidative stress and reduce
antioxidant defenses, particularly through rapid vitamin
E turnover [49]. Zunszain et al. [50] also found that cor-
tisol responses are positively correlated with the intensity
and duration of physical activity, with elevated adreno-
corticotropic hormone levels observed after intense exer-
cise. Taken together, these studies suggest that high levels
of physical activity may negatively impact the immune
system by increasing oxidative stress and cortisol levels,
potentially leading to depression. Additionally, extreme
exercise has been linked to cardiotoxicity [51-53] and
various musculoskeletal complications [54], both of
which are known to elevate the risk of depression.

Much literature has criticized categorization for inevi-
tably resulting in information loss [10-12, 55]. In logistic
regression applications, discretization is necessary for
certain purposes; however, this study does not encourage
researchers to blindly discretize continuous independent
variables. The results of this study demonstrate that discre-
tization leads to superior overall performance from a sta-
tistical perspective. Meanwhile, categorization lends itself
to a visual presentation of the data that is more natural and
familiar to most readers or an outcome could be based on
a particular variable falling within a prescribed window
[56]. Especially when an appropriate parametric model is
absent, visual presentation provides the optimal presenta-
tion of the exposure—response relation. Potentially, it may
reduce the arbitrariness of the choice of cut-points.

Our study addresses several challenges in logistic
regression modeling, particularly in the context of dis-
cretizing continuous predictors. One major challenge is
the improper handling of continuous predictors, often
leading to the loss of information and oversimplification
of relationships [9]. By comparing different discretiza-
tion methods, we were able to identify a more effective
approach for capturing the non-linear relationships
between predictors and outcomes. This addresses the
challenge of properly modeling complex relationships,
mainly in scenarios with U-shaped relationships and var-
ying levels of missing values. The models proposed in this
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study incorporate both categorical covariates that influ-
ence the outcome and continuous covariates in linear
form. We intend to face directly the complexities that real
research scenarios may present [57, 58].

Discretizing predictor variables is a computational
operation that involves information loss, whether the
relationship between the independent variable and the
outcome is monotonic or U-shaped. However, in medi-
cal practice, obtaining a reasonable estimate of the OR is
necessary for clearly prioritizing the intervenable predic-
tive factors to formulate intervention strategies [59, 60].
The discretization method we propose sacrifices the orig-
inal pattern of the U-shaped relationship in the predic-
tive model [61], and may encounter challenges related to
separation or missing binary responses[62]. However, it
provides direct guidance for further intervention. More
importantly, the statistical evaluation measures are opti-
mal. Both simulation and empirical studies make the fur-
ther extension of this method feasible.

Our study exhibited the importance of methodological
considerations in improving the predictive performance
of logistic regression models, providing valuable insights
for researchers and practitioners in the medical field. The
use of appropriate discretization methods, such as RGS,
can significantly improve the predictive performance
of logistic regression models, particularly in scenarios
where predictors possess U-shaped relationships with
the outcome. We look forward to medical colleagues ana-
lyzing their research data using the method proposed in
this study, to further investigate the generalizability of the
findings obtained in this study. However, a limitation of
our study is that it focused solely on two U-shaped pre-
dictors. Further research is needed to explore the appli-
cability of RGS in more complicated scenarios involving
multiple predictors or diverse relationships. Addition-
ally, the method may not perform optimally with small
sample sizes, a limitation that should be considered in
future applications of the model. In our future work, we
plan to conduct these additional validations to further
strengthen our conclusions and demonstrate the meth-
od’s efficacy across diverse datasets.

Conclusions

In summary, our study introduces the RGS method
as an effective approach for identifying optimal cut-
points among multiple continuous predictors exhibit-
ing U-shaped relationships with log(x) in analysis. This
method serves as a valuable tool for researchers grap-
pling with the challenge of discretizing continuous pre-
dictors within logistic regression models. We strongly
advocate for a preliminary exploration of the relation-
ships between continuous predictors and outcomes to
ascertain potential U-shaped patterns. Real-world data
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will inevitably exhibit non-typical U-shaped patterns,
and the sample size and symmetry may also become
worse than ideal. Thus, our simulation scenarios have
fully considered the variety of data. There is enough con-
fidence to believe that the RGS method can contribute to
establishing an ideal model.

Abbreviations

RGS The recursive gradient scanning method

@] Confidence interval

AIC Akaike information criterion

OR Odds ratio

INOR The natural logarithm of odds ratio

HR Hazard ratio

log(n) LnOR or InHR

Min-P The minimum P-value approach

SE Standard error

Q,-0Q4 Lower and upper quantile values

TCPMOR Two cut-points with maximum OR value method
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PMM Predictive mean matching
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BRFSS Behavioral risk factor surveillance system
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