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Abstract

This study investigates the application of cumulative link models with alter-
native distributions (hyperbolic secant, Laplace, and Cauchy) to model ordinal
outcomes of depressive severity using 2022 National Health Interview Survey
data. The primary objective was to assess whether these models provide a bet-
ter fit to ordinal response data and more accurate predictions than their tra-
ditional counterparts with the logit link function. The results indicate that the
logit model achieved the highest classification accuracy, correctly classifying
83.54% of the cases. The Cauchy model demonstrated the best model fit, ie,
the lowest AIC and BIC values. This study highlights the importance of con-
sidering both classification accuracy and model fit when selecting a statistical
model.
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1. Introduction

Ordinal response data refers to data with a categorical outcome having natural,
ordered categories, but with unknown distances between these categories. Cumu-
lative link models (CLMs) are statistical models specifically designed to analyze
this data type. These models have found widespread applications in various fields.
In the social sciences, for example, CLMs can be used to model attitude responses
on a Likert scale [1]. In medicine, they can be used to analyze disease severity with
cancer stage. In ecology, CLMs can be used to study the effects of factors on the

spatial abundance of a species, which is categorized into distinct levels [2]. CLMs
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provide a flexible framework for modeling the relationship between an ordinal
outcome and a set of predictor variables while preserving the inherent ordering of
the response categories [3].

CLMs link the cumulative probabilities of the ordinal response to a set of pre-
dictors through a suitable link function. This process assumes that the observed
ordinal response is a manifestation of an underlying continuous variable with a
corresponding distribution that is not directly observed. Commonly used link
functions include the logit, probit, cumulative log-log, and log-log, which corre-
spond to the logistic, normal, Gompertz, and Gumbel distributions [4]. The CLM
with a logit link, also known as the proportional odds model, is widely used in
research. These link functions impose certain assumptions on the underlying la-
tent variable that generates the observed ordinal response. However, the choice of
link function and the associated distributional assumptions can significantly in-
fluence the model’s performance and the interpretation of its results [5]. Exten-
sions of CLMs include the incorporation of dispersion effects, in which the ex-
planatory variables affect not only the location of the ordinal response but also its
spread or variability [6].

While traditional CLMs with logit or probit links are widely used, they may not
always be appropriate. Each CLM assumes a distribution for the unobserved latent
variable. However, this assumption may not hold when the underlying data ex-
hibit skewness, kurtosis, or boundary inflation, leading to poorer model perfor-
mance. A limitation is their inability to adequately capture complex relationships
in certain situations. For instance, in surveys assessing mental health symptom
severity, responses might be heavily skewed towards lower symptomatology levels
[7]. In behavioral health studies, many patients may fall into the ‘minimal depres-
sive symptomatology’ category. In these cases, alternative distributions potentially
offering greater flexibility in modeling the shape of the latent variable distribution
may be more suitable. Additional CLMs with associated distributions must be
evaluated as they may better fit the data when applying the ordinal outcome
model.

This manuscript proposes using the hyperbolic secant, Laplace, and Cauchy
distributions as a group of candidate distributions for CLMs. Integrating hyper-
bolic secant and Laplace distributions into CLMs represents a novel consideration
within behavioral research. The hyperbolic secant distribution and its generaliza-
tions are extensively used in financial modeling; characterized by slightly fatter
tails than the normal distribution, it is particularly adept at accommodating da-
tasets with larger-than-average observations [8] [9]. Moreover, this distribution
has consistently demonstrated a robust fit across the entire range of data support.
The Laplace distribution has also been employed in financial modeling because it
captures the leptokurtic and skewed nature of financial data [10]. The Laplace
distribution has a sharper peak at the mean than the normal distribution, but
heavier tails due to slower decay. The Cauchy distribution is also bell-shaped and

symmetric, but with much heavier tails than the normal distribution [11].
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Given the limitations of traditional CLMs and the flexibility offered by the dis-
tributions under consideration, this research investigates whether CLMs with hy-
perbolic secant, Laplace, and Cauchy distributions provide a better fit to ordinal
response data. Choosing an appropriate latent distribution enables the model to
capture the underlying structure of the ordinal data, leading to more accurate and
consistent predictions and better model fit. Specifically, we aim to determine
whether these models offer improved accuracy, model fit, and variable selection
compared to their traditional counterparts with the logit link function. To achieve
this, we address the following research question:

e Do CLMs with the hyperbolic secant, Laplace, and Cauchy distributions pro-
vide a better fit to ordinal response data and more accurate predictions than
traditional CLMs with a logit link?

We conducted a study and analyzed the 2022 National Health Interview Survey
(NHIS) dataset with depressive symptom severity (minimal, mild, moderate, and
severe) as the ordinal outcome of interest [12] to address the research question.
The NHIS is a comprehensive, nationwide survey conducted annually by the Cen-
ters for Disease Control and Prevention that collects data on a wide range of health
topics, including chronic conditions, health insurance coverage, and access to
healthcare services [13]. The models were evaluated based on predictive accuracy,
model fit, macro-average F1 score, and mean decrease in variable accuracy. The
findings of this research will contribute to the development of additional CLMs

that can better capture the complexities of ordinal response data.

2. Materials and Methods

For a given observation 7 denote X; = (Xil Xip v Xip) as a vector of p covariates,
with i=12,---,,n. For this study, the predictor variables comprised sociodemo-
graphic and healthcare access-related variables from the 2022 NHIS dataset. A
measure of anxiety was also included as a covariate. In addition, an ordinal out-
come of depressive severity was recorded. As such, we denote the outcome vector
¥i =(Yir Yior+ Yiy ) where y; =1 if, for observation j the outcome is in the /*
category, with all other entries being set to 0. There are ] possible outcome levels,
with depressive severity measured by the PHQ-8. These levels are categorized as
follows:

1. Minimal (PHQ-8 score under five)

2. Mild (PHQ-8 score from five to less than 10)

3. Moderate (PHQ-8 score from 10 to less than 15)

4. Severe (PHQ-8 score of 15 or higher)

For this given study, the goal is to use the covariate vector X, to predict de-
pressive severity, Y, , using the 2022 NHIS data. The aggregation of vectors for
all subjects yields the covariate matrix X , a p by n matrix where the i column
issetto X, .Wealso have a /by nmatrix, denoted Y , where the / column is set
to Y, . The goal is to develop a function f:X —Y , which aims to predict the

Y matrix using the X matrix. To achieve this, an ordinal regression frame-
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work was used. First, four CLMs are introduced, two of which are novel applica-
tions (based on the hyperbolic secant and Laplace distributions). Next, the mod-
els’ specifications are outlined. The method is then applied to the 2022 NHIS data,
with results on predictive accuracy, macro-averaged F1 score, model fit, and var-

iable importance reported.

2.1. Cumulative Link-Based Outcome Functions

The cost function for the neural network is derived from the log-likelihood of a
multinomial distribution:
n 3
|09L=;IZ£YM|09(”H), (1)
where 7; = P(yij =1 x ) . Define the cumulative probabilities p; as
Py =P(¥y =11% )+ P(yy1 =11 % )+---+P(y; =1] x,) . In addition, p, =1 and
Pio =0. As such, we can write Equation (1) as

logL = ZZ Y; % |Og( P — pij—l) . (2)

i=1 j=1

We are primarily concerned with directly modeling cumulative probabilities
and, to this end, employed CLMs.

CLMs are statistical models intended to analyze data that have ordinal out-
comes. We are concerned with modeling the cumulative probabilities p; . In
CLMs, p; islinked to a function of predictor variables through a specified link
function. This method enables the use of a covariate set to account for variation
in the ordinal outcome while preserving the natural order of the response catego-
ries. The four-link functions considered in this study are based on the following
distributions:

1. Logistic Distribution (logit)

2. Hyperbolic Secant

3. Cauchy

4. Laplace

These special distributions (hyperbolic secant, Laplace, and Cauchy), rather
than the more common alternatives (normal (probit) and Gumbel (complemen-
tary log-log)), were chosen due to their tail and kurtosis properties to allow greater
flexibility to accommodate the skewed and heavy-tailed characteristics of the be-
havioral health data that the other distributions may not capture.

The goal of this study is to evaluate the performance of the link functions with
respect to predictive accuracy (defined as the model’s performance on a validation

dataset), model fit, and variable selection (defined as the mean decrease in accu-

racy).
By employing the logit link, the cumulative probabilities are modeled as:
P ] ©

where b; is defined as the intercept parameter for the jth level. Considering the
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hyperbolic secant distribution as the latent distribution of interest, the cumulative
probabilities are now modeled as:
2 _ 2 n
pi = narctan{exp[z{xiﬂj +bj}ﬂ. (4)

When the underlying latent distribution is assumed to be a Cauchy distribution,

we have

pi[f] =£arctan(xi,8j +bj)+0.5 (5)
T

Finally, utilizing the Laplace distribution as the underlying latent distribution,

we have:
pi[j4] =1 (xi,Bj +b, 20)

(6)
—sign(x,8; +b )%exp({xiﬂj +b;} x(—sign(xi,ﬂj +b; )))

These cumulative probabilities can be substituted into equation (2) and solved
accordingly. The goal is to find parameter estimates such that:
(,éj,k;j):argmin{—log L}. (7)
Bibj
As such, the Adam optimization algorithm was applied [14] [15]. Once the op-

timal values for ﬁ and b; were computed, they were used to evaluate the

i
models regarding accuracy, model fit, and variable selection.

2.2. Application to NHIS Data

The NHIS is a pivotal, cross-sectional household survey conducted annually by
the National Center for Health Statistics (NCHS) under the Centers for Disease
Control and Prevention (CDC) [16]. The primary aim of this survey is to monitor
the health status of the U.S. population and to track trends in essential health in-
dicators. The survey gathers comprehensive data on a broad spectrum of health-
related topics, including chronic and acute conditions, health insurance coverage,
utilization of healthcare services, and health-related behaviors. Given that the
NHIS provides a nationally representative sample of the civilian noninstitutional-
ized population, its data are widely used by researchers and policymakers to assess
public health needs, evaluate health policies, and inform interventions to enhance
Americans’ health [16]. In the context of modeling depressive severity, the NHIS
is particularly valuable due to its use of the PHQ-8, a widely accepted screening
tool for depressive symptoms [17]. The instrument is a truncated version of the
PHQ-9, aligns with DSM-IV criteria [18], and assesses symptom frequency over
the past two weeks, enabling the determination of depression severity [19]. The
survey’s rich collection of sociodemographic and health-related variables further
enables researchers to explore how a variety of factors, from income and educa-
tion to access to care, are associated with depression severity across a nationally

representative sample of the population.
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For this study, the 2022 survey data were used. The outcome variable is an or-
dinal measure of the PHQ-8, as described earlier in the methods section. Due to
the relatively small sample sizes at moderate and severe levels, these two levels
were combined into a single moderate/severe level. Selection of specific predictor
variables was guided by established literature on sociodemographic and healthcare
access-related risk factors for depression [20]. The predictor variables include age,
poverty levels (less than 100% Federal Poverty Level (FPL), between 100% and
199% FPL, between 200% and 300% FPL, and greater than 400% FPL), sex (male,
female), race/ethnicity (non-Hispanic white, non-Hispanic black, other), educa-
tion level (some high school, high school graduate, some college, bachelor’s, mas-
ter’s, professional or doctoral degree), health insurance (private, Medicare, other,
uninsured), any delay in receiving medical care over the past 12 months (yes, no),
foregoing medical care due to cost in the past 12 months (yes, no), having a usual
place for medical care (yes, no), the number of urgent care visits in the past year
(0, 1, >1), the number of emergency room visits in the past year (0, 1, >1), any
overnight hospitalizations in the past year (yes, no), living alone (yes, no), and
GAD-7. The GAD-7 is represented ordinally as:

1. Minimal (GAD-7 score less than five)

2. Mild (GAD-7 score greater than or equal to five and less than 10)

3. Moderate (GAD-7 score greater than or equal to 10 and less than 15)

4. Severe (GAD-7 score greater than or equal to 15)

To evaluate the models on the 2022 NHIS dataset, the data was split into a train-
ing set (80%) and a validation set (20%). The model parameters for the four cu-
mulative link regression models were optimized on the training dataset. Once op-
timized, the model parameters ﬁ ; and 6, were applied and evaluated on the
validation data. The metrics reported include the accuracy (percent correctly clas-
sified and percent correctly classified in the moderate/severe depressive sympto-
matology category), Akaike Information Criterion (AIC), Bayesian Information
Criterion (BIC), and macro-averaged F1 score [21], and the mean decrease in ac-
curacy for each variable. The macro-average F1 score computes the F1 score for
each class in a multi-class classification problem and then averages those scores.
It gives equal weight to all classes, regardless of the number of samples in each
class, and is useful for comparing performance on imbalanced datasets where
some classes may have few examples. The mean decrease in accuracy (also known
as Permutation Feature Importance) is a technique for quantifying the importance
of a feature by measuring the average drop in a model’s prediction accuracy when
the feature values are randomly permuted [22]. Permuting the feature values
breaks the relationship between the feature values and the true outcome, effec-
tively excluding it from the model. This process was repeated 100 times for each
variable, with the average measure being reported. A high score indicates that the
model is highly reliant on that feature, as its performance drops significantly when
the feature values are randomly permuted. All analyses were performed using the

R software program [23].
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3. Results

The study applied four cumulative link models to the 2022 NHIS dataset to eval-
uate their performance in modeling depressive severity. The sample size for this
study is 25,208. The models included logit, hyperbolic secant, Cauchy, and Laplace
distributions. The primary evaluation metrics were the percentage of correctly
classified cases with 95% confidence intervals, AIC, BIC, macro-average F1 score,
and variable importance measured by the decrease in accuracy. Table 1 illustrates
the distribution of the ordinal outcome within the National Health Interview Sur-
vey (NHIS) dataset. A substantial proportion of participants exhibited minimal
depressive symptomatology, accounting for 79.07% of the sample. In contrast, a
smaller fraction of individuals reported moderate and severe symptomatology,
comprising 4.36% and 2.8% of the sample, respectively. Consequently, for the pur-
poses of further modeling analysis, the moderate and severe categories were amal-

gamated into a single category.

Table 1. Descriptive statistics for the ordinal outcome of PHQ-8 symptom severity.

PHQ-8 (Categorized)

Minimal Mild Moderate Severe

N (%) 19933 (79.07%) 3468 (13.76%) 1100 (4.36%) 707 (2.8%)

Due to the relatively small sample size, moderate and severe were combined into a single
group.

Table 2. Ordinal regression network accuracy.

Model Type
Hyperbolic

Logit Cauch Lapl
ogi Secant auchy aplace
Correctly Classified 83.54% 83.42% 80.78% 83.16%
(95% Confidence (82.49%, (82.36%, (79.67%, (82.1%,
Interval) 84.55%) 84.44%) 81.86%) 84.18%)
AIC 7511.46 11830.76 6127.67 8722.97
BIC 7655.4 11974.7 6271.61 8866.91

Macro-averaged F1
0.62 0.61 0.49 0.6

Score

The percentage correctly classified by the four models (logit, hyperbolic secant, Cauchy,
and Laplace) applied to the 2022 National Health Interview Survey data.

Table 2 reports the metrics regarding predictive accuracy and model fit as ap-
plied to the validation dataset. Regarding model performance in terms of correctly
classified percentage, the logit model achieved the highest accuracy, correctly clas-
sifying 83.54% of the cases studied. Closely following, the hyperbolic secant and
Laplace models achieved accuracies of 83.42% and 83.16%, respectively. Con-

versely, the Cauchy model exhibited the lowest accuracy, correctly classifying
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80.78% of the cases. Lower AIC and BIC scores indicate better model perfor-
mance. Interestingly, the Cauchy model performed best, presenting the lowest
AIC (6127.67) and BIC (6271.61) values, surpassing the other models. In contrast,
the logit model yielded AIC and BIC values of 7511.46 and 7655.40, respectively,
while the hyperbolic secant and Laplace models recorded even higher AIC and
BIC values, indicating poorer performance than the Cauchy model. Regarding the
macro-averaged F1 score, the logit model achieved the highest score, followed by
the hyperbolic secant and Laplace-based models; the Cauchy model had the lowest
score.

To assess the models’ predictive capability at the extremes, predictive accuracy
was evaluated in the minority class of moderate/severe depressive symptom se-
verity. The percent correctly classified on the validation data is listed as follows:

1. Logistic: 53.37%

2. Hyperbolic Secant: 56.13%

3. Cauchy: 17.79%

4. Laplace: 53.06%

As such, the hyperbolic secant outperformed all other models when predicting

the extreme class of moderate/severe depression symptom severity.

Mean Decrease in Accuracy by Variable per Model Type

Logit Model Hyperbolic Secant Model
g ged

delay care emergency room
overnight hospitalization delay care
emergency room urgent care
poverty poverty
o live alone o race
E age :‘E age
§ ra}ce :>‘G sex

education usual place of care |

health insurance health insurance |
usual place of care overnight hospitalization
urgent care education
sex no care
nocare | live alone

0% 3% 6% 9% 12% 0% 3% 6% 9%
Accuracy (%) Accuracy (%)
Cauchy Model Laplace Model
ad ed I

health insurance [l emergency room ||

age [ delay care ||

delaycare [l urgent care |

live alone i age |

o  emergency room [ | ° sex |

E<) sex i k) poverty |
5 nocare || 5 race
s poverty | = usual place of care
race | no care
overnight hospitalization | education

|

usual place of care overnight hospitalization

\
\
|
live alone |
0

education | health insurance
urgent care [
0% 1% 2% 3% 4% 0.0% 2.5% 5.0% 7.5% 10.0%
Accuracy (%) Accuracy (%)

Figure 1. The plot presents the mean decrease in accuracy per variable for the four models presented. The x-axis repre-
sents decrease in accuracy, while the y-axis displays the variables used in the model.
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Figure 1 shows the average decrease in accuracy across the four models tested
on the validation dataset. The mean decrease in accuracy was used to evaluate the
importance of predictor variables in each model. When analyzing the mean de-
crease in accuracy across the four models, the GAD-7 severity variable consist-
ently shows the largest decrease. This indicates that GAD-7 has the greatest effect
on model performance. In both the Laplace and hyperbolic secant models, a sim-
ilar pattern emerges: variables such as past 12-month delay in receiving medical
care and past-year number of emergency room visits are associated with small
drops in accuracy. Conversely, within the Cauchy model framework, the variables
health insurance and age have a more significant influence than in the other mod-
els, though still minor. The logit model shows that the variables—any overnight
hospitalizations in the past year and any delay in receiving medical care in the past

12 months—are the next most important factors affecting accuracy, after GAD-7.

4. Discussion

This study explored the application of CLMs with alternative distributions—hy-
perbolic secant, Laplace, and Cauchy—to model ordinal outcomes of depressive
severity using 2022 NHIS data. The primary objective was to assess whether these
models provide a better fit and more accurate predictions than traditional CLMs
with a logit link.

The results indicate that the logit model achieved the highest classification ac-
curacy. The logit also achieved the highest macro-averaged F1 score. The hyper-
bolic secant-based model achieved the highest predictive accuracy when predict-
ing the minority class of moderate/severe depression symptom severity. A plausi-
ble reason is that the logistic cumulative distribution function naturally arises
when the log-likelihood of the multinomial distribution is derived. Also, the logit
link function performed well in estimating the threshold for the minimal category.
However, the Cauchy model demonstrated superior model fit, as evidenced by the
lowest AIC and BIC values. A possible hypothesis for the improved performance
of the Cauchy’s heavy tails is that they do a better job of accommodating the indi-
vidual whose depression symptom severity scores are in the moderate/severe range.
The tails of the Cauchy distribution decay more slowly than those of the logistic
distribution, so it might be able to model the extreme observation of moderate/se-
vere depression symptom severity more accurately without being overly influ-
enced by them, leading to a higher likelihood value, and lower AIC and BIC across
the dataset. The Cauchy distribution may sacrifice accuracy, but it gains by better
representing the true distributional shape, especially at the extremes. These find-
ings suggest that while the logit model is effective for classification tasks, the Cau-
chy model may offer a more nuanced understanding of the data structure, partic-
ularly when model fit is prioritized.

The trade-off between the highest predictive accuracy and better model fit can
have significant practical implications for health researchers: choices about which

model to use should depend on the study’s main goal. For instance, in a healthcare
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setting, if the objective is to develop a tool that accurately classifies patients into
depression severity categories (such as for automated screening or triage), the
model that correctly classifies the most cases should be preferred. However, if the
goal of a study is to gain a deeper or more nuanced understanding of the relation-
ship between the predictors and the underlying latent variable (like depression
severity), model fit (AIC and BIC) should be prioritized.

The variable importance analysis showed that the GAD-7 severity variable con-
sistently had the highest mean decrease in accuracy across all models, indicating
its significant impact on predicting depressive severity. The logit and hyperbolic
secant models also identified any delay in receiving medical care over the past 12
months and the number of emergency room visits in the past year as key factors,
while the Cauchy model emphasized the importance of health insurance and age.
This difference in variable importance across models suggests that various distri-
butions may capture different aspects of the data, providing complementary in-
sights.

We acknowledge limitations due to data preparation, namely, the requirement
to combine the moderate and severe depressive symptom categories into a single
moderate/severe symptom category (due to small sample sizes in the validation
dataset), which assured model fitting power and stability, but potentially masks
meaningful and clinically relevant differences between moderate and severe de-
pression symptom severity. All future interpretations of the results need to be cau-
tious about the exact clinical meaning of the moderate/severe category, because
the model’s outputs and variable importance for the moderate/severe outcome
reflect the merged group rather than two distinct clinical entities.

The findings underscore the potential of alternative distributions, such as the
Cauchy, to capture the complexities of ordinal response data, particularly in be-
havioral health research. The ability of these models to accommodate skewness
and heavy tails makes them suitable for datasets with extreme observations, which
are common in mental health surveys. Future research could explore integrating
these CLMs with machine learning techniques such as penalized modeling, deep
learning, and explainable AI (XAI) to further enhance predictive accuracy, model
interpretability, and explainability.

Despite the higher-level performance of the logit and Cauchy functions com-
pared to the hyperbolic secant and Laplace functions, these latter functions retain
their value, particularly in the context of sensitivity analyses. These analyses are
crucial for validating the assumption that the underlying latent variable conforms
to a specified distribution. In the health sciences, the logit link function is pre-
dominantly used for ordinal regression because it produces regression coefficients
that are readily interpretable as odds ratios [24]. However, the other three models
should be considered as viable alternatives, as it is entirely possible that they may
more closely align with the underlying latent distribution.

Additionally, there was a high-class imbalance in the ordinal outcome variable

of depression symptom severity as measured by the PHQ-8, and some of the input
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variables were ordinal as well. A possible remedy to this was the application of
Traditional Synthetic Minority Oversampling Technique (SMOTE) algorithms to
address the class imbalance. However, for this study, SMOTE algorithms could
not be directly applied, as none of the current versions accommodate ordinal out-
comes and ordinal input variables [25]. Currently, there are no SMOTE-based al-
gorithms in R or Python that can accommodate ordinal input and outcome vari-
ables. Additional research in algorithmic development is needed to develop SMOTE
algorithms that can accommodate the complexities of high-dimensional biomed-
ical data. A future SMOTE implementation designed to effectively address the meth-
odological gap of class imbalance in ordinal data would require the following specific
features and capabilities:

1) Ordinal-Aware Distance Metric: The core capability is a distance function that
respects the ordered, non-numeric nature of ordinal variables. For example, the dis-
tance between categories 1 and 2 is smaller than that between 1 and 4, but it is not
calculated by simple subtraction, as with continuous variables. The algorithm
must use metrics that consider cumulative probabilities or employ rank-based dis-
tances.

2) Synthetic Sample Generation for Ordinal Outcomes: The algorithm must syn-
thesize new minority-class samples for the ordinal outcome, ensuring they maintain
the inherent ordering structure of the outcome variable. New synthetic outcomes
should fit logically within existing categories (e.g., a new synthetic severity score
should be labeled “Mild” or “Moderate”).

Previous studies have demonstrated the effectiveness of the SMOTE algorithm
in improving prediction accuracy for unbalanced data with binary outcomes and
no ordinal input variables [26].

This study highlights the importance of considering both classification accu-
racy and model fit when selecting a statistical model. Researchers should weigh
these factors based on the specific objectives of their study, whether they aim to
maximize predictive accuracy or to gain deeper insights into model fit. For future
project implementation, one can begin by clearly defining the research question,
such as whether the focus is on predictive accuracy, accuracy within a specific
subgroup, or overall model fit. If pilot, preliminary, or real-world data are availa-
ble, the candidate models can be evaluated, and the model with the highest per-
formance on the prespecified metric of interest will be selected as the main model
for the primary analysis of the main study. Alternative models can be used for
secondary and sensitivity analyses. It is also helpful to consider additional CLMs,
including probit, cloglog, and loglog. Additionally, the extensive nature of the
NHIS data facilitates the examination of health from a caring science perspective,
offering insights into the humanistic and relational dimensions of healthcare [27].
This aligns with the core concept of health as the fundamental category of caring,

aiming to support and strengthen an individual’s health processes [28].

5. Conclusion

In conclusion, this study highlighted that using CLMs with alternative distribu-
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tions, such as the hyperbolic secant, Laplace, and Cauchy, offers a promising ave-
nue for improving the analysis of ordinal outcomes in health research. Use of such
models may provide a better fit to the latent distribution than traditional models,
such as the logit link, can capture effectively due to skewness and heavy tails in
real-life data. In the present study, we observed that although the logit link model
had the highest classification accuracy and macro-averaged F1 score, the hyper-
bolic secant model demonstrated the highest accuracy in the extreme cases, and
the Cauchy model had the best model fit, i.e., the lowest AIC and BIC values. This
shows that model selection depends on the study’s objective: whether model fit or
predictive accuracy is the primary focus. Further, variation in variable importance
across models shows the potential of these alternative distributions to capture dif-
ferent aspects of the data, which could enrich data analysts’ options for choosing
an appropriate model. By expanding the toolkit of available models, researchers
can better address the complexities inherent in real-world data, ultimately leading

to more informed decision-making.
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