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This meta-analysis examines the methodological, assumption-based
and application-related disparities between Ordinal Logistic
Regression (OLR) and Multinomial Logistic Regression (MLR), drawing
on 60 peer-reviewed empirical and methodological studies published
between 2015 and 2025. While both models are widely employed for
categorical outcome analysis, their theoretical underpinnings,
statistical assumptions and practical suitability differ significantly.
OLR is optimal for ordered categorical data, relying heavily on the
proportional odds assumption, which, if violated, can compromise
interpretability and model fit. Conversely, MLR accommodates
unordered categorical outcomes without assuming proportionality,
but at the cost of greater model complexity and reduced statistical
power when categories have an inherent order. The review
synthesises findings from diverse disciplines, including social sciences,
health research, and education and engineering, highlighting that the
choice between OLR and MLR is often driven more by researcher
preference and software defaults than by rigorous diagnostic testing
or data characteristics. Studies also reveal a persistent gap in
assumption testing, with limited reporting on proportional odds
verification and model fit comparison. The analysis underscores the
need for clearer methodological guidance, improved reporting
standards and context-driven model selection. The study lies in its
cross-disciplinary meta-analysis that uniquely integrates empirical and
methodological evidence on OLR and MLR, exposing overlooked
assumption-testing gaps and offering a framework for context-driven
model selection.
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1.0 Introduction

Logistic regression models are fundamental tools
for analysing categorical dependent variables in
various scientific disciplines. When the outcome
variable includes more logistic regression models,
they are fundamental tools for analysing
categorical dependent variables in various scientific
disciplines. When the outcome variable comprises
more than two categories, researchers must make
a critical choice between ordinal logistic regression
(OLR) for ordered outcomes and multinomial
logistic regression (MLR) for nominal outcomes. It
has been widely applied in research, education and
engineering (Agresti, 2019; Hilbe, 2021). When
categories of an outcome variable possess a natural
order, such as disease severity stages (mild,
moderate, severe) or agreement levels (strongly
disagree to strongly agree), researchers tend to
turn to regression models specific to ordinal data,
specifically Ordinal Logistic Regression (OLR)
(Williams, 2016; Liu et al, 2020). Conversely, for
inherently unordered categories like transportation
modes (land, water, air) or brand choices, other
modelling approaches, e.g., Multinomial Logistic
Regression (MLR), are more appropriate (Hosmer et
al, 2019; Camarda & Serra, 2023). While both
approaches model relationships between predictor
variables and categorical outcomes and have
different theoretical underpinnings, they also have
alternative statistical assumptions and differing
weaknesses and strengths that directly affect their
usefulness to particular applications (Long &
Freese, 2014; LaValley, 2018). OLR is a
theoretically designed model to exploit the
inherent ordering of outcome categories and
belongs to the critical proportional odds
assumption (Agresti, 2019; Williams, 2016). The
assumption is not merely a statistical convenience;
its violation can compromise the interpretability
and goodness-of-fit of the model at its very basis
(Tutz & Gertheiss, 2016; Tolles & Meurer, 2020). In
contrast, MLR imposes no ordering assumption
among categories and is more permissive of
nominal outcomes (Hosmer et al,, 2019). However,
such  adaptability usually increases model

complexity and leads to loss of statistical power if
applied to ordered data because MLR is unable to
capitalise on the inherent ordinal structure (Liu et
al, 2020; Sun et al, 2023). Despite such widely
reported methodological divergences and their
implications for research effectiveness and validity,
recent reviews suggest that the choice between
MLR and OLR is increasingly influenced by
researcher familiarity, disciplinary convention or
software package default rather than through
systematic testing of data characteristics or
adherence to diagnostic testing protocols (Paul et
al, 2021; Camarda & Serra, 2023). This gap
between methodological requirements and applied
practice is concerning. Empirical studies still
highlight the absence of reporting assumption
checking, particularly the proportional odds
assumption in OLR and comparative model fit
comparison where alternatives are available (Liu et
al, 2020; Paul et al, 2021; Sun et al,, 2023). These
methodological flaws can lead to poor model
selection with a resulting biasing of parameter
estimates, concealment of true associations, and
loss of statistical power (LaValley, 2018; Hilbe,
2021). A systematic synthesis of empirical and
methodological evidence is therefore needed to
clarify the distinction between OLR and MLR,
evaluate current practices, and guide researchers
toward more informed model selection. Addressing
this gap, the present meta-analysis combined 60
peer-reviewed studies from 2015 to 2025 with the
aim of resolving methodological, assumption-based
and application-wise disparities between the two
models, ascertaining the present state of diagnostic
testing and reporting protocols within and across
fields and ultimately recommending more accurate
methodological guidelines and stronger reporting
requisites for future research.

2.0 Theoretical Underpinning

This meta-analysis, which investigates
methodological, assumption-related and
application disparities between Ordinal Logistic
Regression (OLR) and Multinomial Logistic
Regression (MLR), is anchored in two interrelated
theoretical frameworks:(1) Statistical Modelling
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Foundations: Core Assumptions and their
Implications and (2) Model Selection Paradigms:
Trade-offs and Decision-Making Biases. Together,
these frameworks provide the conceptual lenses
through which the evidence from sixty (60) peer-
reviewed studies published between 2015 and
2025 is interpreted. They explain why disparities
between OLR and MLR persist in empirical
practice, how these disparities manifest across
disciplines and why methodological best practices
are often not followed despite being theoretically
well established. The statistical modelling
foundations approach is based on the probability
and theoretical assumption structures that underlie
categorical data analysis. It assumes validity,
interpretability and efficiency of a regression
model are based on how much its assumptions
align with the nature of the data (Agresti, 2018;
Hilbe, 2021). OLR, in its first formalisation by
McCullagh (1980), is based on the Proportional
Odds (PO) assumption that the relationship
between the predictors and the log-odds of being
at or below a specific outcome category is identical
for all thresholds. For example, a predictor such as
the effect of age on advancing from "mild" to
"moderate" severity of disease is algebraically
equivalent to advancing from "moderate" to
"severe". Such an assumption allows for OLR to fit
a single set of coefficients for each predictor,
which enhances parsimony and efficiency
(Matimbwa et al, 2021). However, as the
integration of research studies examined shows,
the PO assumption is left unretested or not tested
whatsoever in practical research and hence vyields
biased estimates, erroneously interpreted odds
ratios, and inflated Type | or Type Il errors
(Williams, 2016). Even when violations are
detected, other options such as partial proportional
odds models are rarely utilised (Liu & Zhang,

2020).In contrast, MLR, as developed by
McFadden (1973), is designed for nominal
outcomes without inherent order. It uses a
generalised logit approach to estimate the

probability of each outcome category relative to a
reference category. MLR does not require
proportionality across categories, giving it flexibility
but also reducing its efficiency for ordered
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outcomes (Agresti, 2018). When misapplied to
ordered data, MLR fails to exploit the ordinal
structure, resulting in more parameters, fewer
parsimonious models, and reduced statistical
power estimated at a 30-35% reduction across
studies in this synthesis (Sun et al, 2023).
Moreover, MLR has its own assumption, the
Independence of Irrelevant Alternatives (I1A), which
is rarely tested outside of economics, further
exposing an assumption verification gap in applied
work (Cheng & Long, 2020).The second
framework, Model Selection Paradigms Trade-offs
and Decision-Making Biases, extends beyond
technical considerations to explain  how
researchers choose between OLR and MLR in real-
world contexts. This framework draws on Simon'’s
(1957) Bounded Rationality Theory and
Kahneman’s (2003) work on cognitive biases to
explain why model selection often deviates from
theoretical optimality. The decision between OLR
and MLR is influenced not only by data
characteristics but also by the trade-off between
efficiency and flexibility (Matimbwa et al, 2020).
While OLR is statistically more powerful for
ordered data when PO holds, it requires diagnostic
testing that many researchers perceive as
burdensome. Conversely, MLR is often chosen for
its flexibility and ease of use in statistical software,
despite its inefficiency for ordinal outcomes. The
meta-analysis reveals that researchers frequently
default to heuristics, simple rules of thumb such as
“use OLR for Likert data” or “use MLR for more
than two categories” without diagnostic
verification (Sun et al, 2023). Disciplinary
conventions, prior training and software defaults
often override data-driven selection (Hilbe, 2021).
For example, in psychology and social sciences,
MLR is used extensively for ordered responses
because it avoids proportional odds testing, even
though this choice sacrifices statistical power. In
health research, OLR is often applied without
testing PO, reflecting the prioritisation of
parsimony over assumption verification (Liu &
Zhang, 2020; Williams, 2016). These two
frameworks interact to explain the persistent
application gap documented across the reviewed
studies. The Statistical Modelling Foundations
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framework sets the technical criteria for
appropriate model use, selecting the model that
matches data structure and rigorously testing its
assumptions. The Model Selection Paradigms
framework explains why researchers frequently fail
to meet these criteria: Bounded rationality,
disciplinary norms and convenience-based
heuristics lead to suboptimal choices that may
compromise validity and power. By integrating
both perspectives, this study’s meta-analysis
highlights that improving OLR and MLR application
in practice requires interventions at both levels. On
the technical side, there is a need for clearer
methodological guidance, assumption testing
protocols and decision rules grounded in statistical
theory. From the practical side, solutions must
address the human and institutional factors driving
model misapplication, including targeted researcher
training, improved software defaults and reporting
standards that incentivise assumption verification.
Only by addressing both the statistical and
cognitive dimensions can the field move towards a
more rigorous, reliable, and context-appropriate
application of OLR and MLR.

3.0 Material and Methods

3.1 Research Design

This study adopted a systematic meta-analytical
research design to synthesise and critically
evaluate methodological, assumption-based and
application disparities between Ordinal Logistic
Regression (OLR) and Multinomial Logistic
Regression (MLR). A meta-analysis was appropriate
because it allows for the integration of findings
from multiple independent studies to produce
robust and generalisable insights (Borenstein et al,
2021). The research process adhered to the
Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) guidelines as
updated by Page et al (2021) to ensure
transparency, replicability and rigour.

3.2 Data Sources and Search Strategy

The literature search was conducted across
multidisciplinary databases, including Web of
Science, Scopus, PubMed and Google Scholar,
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supplemented by targeted searches in specialist
statistical journals such as Statistical Methods in
Medical Research and the _Journal of Applied
Statistics. Boolean search strings were designed to
capture studies relevant to three domains: model
type (e.g., “Ordinal Logistic Regression”, “Ordered
Logit”, “Proportional Odds Model”, “Multinomial
Logistic  Regression”,  “Multinomial  Logit”),
application context (e.g., “categorical data analysis”,
“ordered outcomes”, “nominal outcomes”, “Likert
scale analysis”), and methodological focus (e.g.,

“assumption  testing”,  “proportional  odds”,
“independence of irrelevant alternatives”, “model
comparison”, “model selection bias"). Searches

were restricted to peer-reviewed journal articles
published between January 2015 and March 2025
in English.

3.3 Inclusion and Exclusion Criteria

Studies were eligible for inclusion if they explicitly
applied, compared, or evaluated OLR and/or MLR
in empirical or simulation contexts, provided
methodological discussions on statistical
assumptions or model performance, and contained
sufficient details to evaluate assumption testing
and model selection rationales. Studies were
excluded if they were non-English, lacked peer
review, failed to report methodological details, or
consisted of commentaries, editorials, or
conference abstracts without full papers. This
screening ensured that only high-quality,
methodologically relevant studies were included.

3.4 Study Selection Process

The study selection process followed the PRISMA
three-stage approach. In the identification stage,
230 records were retrieved from the database
searches. After removing 20 duplicates, 210 titles
and abstracts were screened for relevance. This
screening left 118 articles for full-text review.
Following detailed eligibility assessment, 60 studies
met the inclusion criteria and were retained for
synthesis.
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Figure 1
PRISMA Flow Diagram
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3.5 Data Extraction

Data extraction was conducted using a structured
coding framework to capture methodological,
contextual, and outcome-related details from each
study. Variables extracted included bibliographic
information, disciplinary context, type of outcome
variable (ordinal or nominal), statistical model(s)
applied, assumption testing procedures (e.g.,
proportional odds, independence of irrelevant
alternatives), model fit evaluation methods (e.g.,
Akaike Information Criterion, Bayesian Information
Criterion, likelihood ratio tests), rationale for model
selection and key methodological or empirical
findings. To enhance reliability, two independent
reviewers performed data extraction, resolving
disagreements through discussion or, where
necessary, involving a third reviewer (Gough et a/,
2017).
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3.6 Data Synthesis and Analysis

Given the heterogeneity of the included studies,
the synthesis adopted a mixed-methods approach.
Quantitative findings, such as effect sizes,
parameter estimates and power comparisons, were
aggregated using descriptive meta-analytical
techniques when sufficient homogeneity existed
(Viechtbauer, 2010). Qualitative methodological
insights were analysed using thematic synthesis
(Thomas & Harden, 2008), allowing the
identification of recurrent themes and mapping
them to the guiding theoretical frameworks
Statistical Modelling Foundations and Mode/
Selection Paradigms. Publication bias was assessed
using funnel plots and Egger's regression tests
(Sterne et al, 2011). Sensitivity analyses were
conducted by removing outliers to examine the
robustness of the findings.

3.7 Quality Appraisal

The Mixed Methods Appraisal Tool (MMAT) 2018
(Hong et al, 2018) was used to assess the
methodological quality of the included studies.
Criteria assessed included clarity of research
questions, appropriateness of study design,
transparency in reporting and robustness of
assumption testing. Studies that scored below 50%
on MMAT were excluded from quantitative
synthesis but were retained for qualitative
synthesis if they provided unique methodological
insights.

3.8 Ethical Considerations

This study involved the synthesis of previously
published research and did not require ethical
approval. It was assumed that all included studies
had obtained necessary ethical clearance from their
respective institutions where applicable. All data
were used strictly for academic purposes in line
with responsible research conduct guidelines.

4.0 Results and Discussions

Across the last decade, the practical choice
between Ordinal Logistic Regression (OLR) and
Multinomial Logistic Regression (MLR) has been
shaped less by theory than by how researchers
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operationalise assumptions, diagnose violations,
and report results. OLR is theoretically optimal for
ordered outcomes because it models cumulative
logits under the proportional-odds (PO) assumption
(Agresti, 2019), while MLR targets nominal
outcomes and is often taught as assumption-light,
though it relies on independence of irrelevant
alternatives (llA). Empirical audits and tutorials
consistently document mismatches between
outcome structure and model choice: ordered
scales analysed with MLR or dichotomised, and
OLR fitted without credible testing of PO
(Gambarota, Gallo & Naldi, 2024; Selman et al,
2024). These patterns recur in clinical trials using
ordinal endpoints such as mRS or WHO severity
scales (Uddin er a/, 2023; Austin et al, 2021), in

transportation safety severity modelling
(Anastasopoulos et al, 2018; Behnood &
Mannering, 2017; Song, Abdel-Aty, & Wang,

2020), and in education/social sciences where
Likert responses are prevalent (Liddell & Kruschke,
2018; Sproston et al., 2023). This review critically
synthesises empirical findings on disparities in
methodology, assumptions and applications of OLR
versus MLR from 2015 to 2025.

4.1 Methodological Disparities

Methodologically, OLR’s cumulative-link structure
provides parameter parsimony and power when
PO approximately holds, vyielding more stable
estimates than MLR for truly ordered outcomes
(Edlinger, Schulz, & Heinze, 2021; Harrell, 2022).
Comparative applications repeatedly show that
when categories represent increasing severity,
satisfaction, or agreement, OLR better captures a
general “shift” effect and interprets cleanly via
common odds ratios (Selman et a/, 2024; Austin et
al, 2021). Conversely, MLR allocates separate
logits per category relative to a baseline; while this
generality suits nominal outcomes, it expands
parameters and often reduces efficiency with
sparse cells (Liang, Wu & Zou, 2020; Liddell &
Kruschke, 2018). Across transportation crash-
severity studies, OLR and especially PPO/GOL
models routinely achieve superior fit per parameter
and clearer policy narratives than MLR when
responses are truly ordered (Behnood &

Mannering, 2017; Savolainen et al, 2020; Dong et
al, 2020; El-Basyouny et al, 2018). In
social/educational contexts, empirical
demonstrations show that treating Likert outcomes
as nominal generates fragmented inferences and
inflated uncertainty relative to ordinal links (Liddell
& Kruschke, 2018; Chalmers, 2018; Sproston et 4/,
2023).

Yet parsimony is fragile if PO is violated. Empirical
work demonstrates that unmodelled non-
parallelism can bias effects and distort standard
errors in OLR (Harrell, 2022; Liu & Agresti, 2019).
PPO/GOL remedies let selected coefficients vary
by threshold, striking a better bias-variance trade-
off than either strict OLR (too rigid) or MLR (too
parameter-hungry) in ordered settings (Williams,
2016; Eluru, 2015; Song et al, 2020). Empirical
comparisons in transportation (Xie et a/, 2019;
Dong et al., 2020; Li & Alvi, 2022), health (Austin et
al, 2021; Hemmingsen et al.,, 2022), and risk
prediction (Edlinger et al, 2021) show PPO/GOL
outperforming both OLR and MLR on information
criteria and predictive calibration while preserving
ordinal interpretability.

4.2 Assumption Diagnostics and Testing Practices
Empirical studies suggest that PO diagnostics
remain underreported. Even in high-stakes trial
studies, authors omit checks or apply only a sample
size-dependent global Brant test that may miss
variable-specific departures (Harrell, 2022; Selman
et al, 2024). Studies that supplement global tests
with variable-level score/LR tests and graphical
diagnostics and then apply PPO selectively show
improved fit and more reliable effects (Song et al,
2020; Dong et al, 2020; Li & Alvi, 2022). In stroke
and COVID-19 trials, according to some analyses,
small PO deviations would not necessarily have
much of an effect on ranking or discrimination in
treatment, but systematic, predictor-specific
deviations do and should be addressed by PPO
(Austin et al, 2021; Hemmingsen et al, 2022;
Uddin et al/, 2023; Matimbwa and Ochumbo,
2018).

On the multinomial side, empirical discrete-choice
work continues to emphasise that IIA can be
untenable when alternatives share unobserved
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components, leading to biased substitution
patterns (Train, 2016; Keita & Ganesan, 2022).
Transportation and marketing studies illustrate that
relaxing IIA via mixed MNL or nested logit corrects
misspecifications and improves predictive accuracy
(Bansal, Kockelman & Singh, 2016; Daly, Hess &
Train, 2012; applied extensions 2015; Hensher,
2018; Gao & Zheng, 2020; Wang & Chen, 2019).
Although these approaches are standard in discrete
choice, empirical audits suggest that many applied
MLR papers outside transportation/marketing
rarely test lIA, perpetuating specification risk (Liang
et al,, 2020; Keita & Ganesan, 2022).

4.3 Applications and Empirical Patterns

In clinical/biostatistical applications, OLR has
expanded, particularly for ordinal endpoints (e.g.,
mRS, WHO severity, NIHSS). Trial method studies
show OLR’s efficiency advantages and
straightforward interpretation of “shift” across
ordered scales but also highlight limited uptake of
PPO when PO is questionable (Austin et al, 2021;
Hemmingsen et al, 2022; Selman et al, 2024;
Uddin et a/, 2023). Some evaluations demonstrate
robust OLR performance under mild PO violations
and recommend sensitivity analyses rather than
dichotomising or defaulting to MLR (Edlinger et al,
2021; Harrell, 2022). In public health and patient-
reported outcomes, empirical teams report better
fit and communication with OLR/PPO than with
MLR, especially when categories have clear clinical
meaning (Kuss, 2015; Wang et al, 2018; Nunes et
al, 2020).

Transportation safety continues to be a bellwether
domain for comparative evidence because injury
severity is naturally ordered. Studies across North
America, Europe, and Asia consistently report that
OLR and especially PPO/GOL outperform MLR in
fit, interpretability, and policy relevance (Behnood
& Mannering, 2017; El-Basyouny et al, 2018; Xie
et al, 2019; Dong et al, 2020; Song et al, 2020;
Savolainen et al, 2020; Li & Alvi, 2022; Zeng,
Huang, & Pei, 2016; Papakostas et al, 2022; Wang
& Chiou, 2016). Where heterogeneity is strong,
latent-class PPO or random-parameter ordinal
models provide further gains in predictive
performance and explanatory power over both
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OLR and MLR (Song et al, 2020; Savolainen et al,
2020; Huang, Bastani & Jin, 2021).

In education and the social sciences, Likert-type
outcomes dominate. Empirical and simulation-
based papers caution against treating such data as
nominal, showing efficiency losses and interpretive
fragmentation under MLR (Liddell & Kruschke,
2018; Chalmers, 2018; Mansson & Shukur, 2018;
Sproston et al, 2023). Tutorials and applied
analyses demonstrate that ordinal links (cumulative
logit/probit) with or without partial constraints
deliver tighter intervals, clearer marginal effects,
and more coherent narratives (Gambarota et al,
2024; Zumbo, 2015; Chalmers, 2018; Kizilaslan &
Dumenci, 2021; Matimbwa and Masue, 2020).
Mixed-effects ordinal models also appear in
multilevel education/psychology datasets,
balancing parsimony with clustering and producing
better-calibrated predictions than MLR (Liddell &
Kruschke, 2018; Kizilaslan & Dumenci, 2021,
Hamaker & Muthén, 2020; Matimbwa et a/,, 2021).
4.4 Comparative Performance and Practical

Considerations

Comparative fit studies typically show that when
outcomes are truly ordered and PO is not
egregiously violated, OLR is more efficient and
interpretable than MLR (Edlinger et al, 2021,
Austin et al,, 2021; Gambarota et al, 2024). Where
PO violations are patterned, PPO/GOL achieves
lower AIC/BIC and better calibration than OLR
without the parameter sprawl and communication
challenges of MLR (Song et al, 2020; Dong et al,
2020; Li & Alvi, 2022; Savolainen et al, 2020). In
small-sample or sparse-category situations, OLR'’s
cumulative pooling tends to stabilise estimates
compared with MLR’s category-specific logits
(Liddell & Kruschke, 2018; Liang et al, 2020;
Gambarota et al, 2024; Matimbwa, Masue, &
Shilingi, 2021). For truly nominal outcomes or
ambiguous ordering, MLR is appropriate, but
empirical discrete-choice literature underscores
that relaxing A (mixed or nested structures) is
often necessary for valid inference (Train, 2016;
Keita & Ganesan, 2022; Bansal et al, 2016;
Hensher, 2018).



Table 1

Comparative Overview of Ordinal (OLR) and Multinomial (MLR) Logistic Regression

Feature

Ordinal Logistic Regression (OLR)

Multinomial Logistic Regression (MLR)

o Ordered categorical outcomes (e.g., disease severity.
mild, moderate, severe; agreement levels. strongly

Primary Use Case
disagree to strongly agree).

Key Assumption of a predictor is consistent across all category
thresholds.
o Greater statistical power and parsimony (fewer
parameters) for ordered data.
Strengths o Provides a single, unified odds ratio for each

meaningful.

Weaknesses / Risks PO assumption is violated.

Proportional Odds (PO) / Parallel Lines: The effect

predictor, offering a clear "shift" interpretation.
Theoretically optimal when the outcome's order is

Biased estimates and loss of interpretability if the

Requires rigorous diagnostic testing (e.g., Brant test,

score tests) which is often overlooked.

Test the PO assumption.
o |f PO holds, use OLR.
Recommended Action

Logit (GOL) models.

If PO is violated for some predictors, use Partial
Proportional Odds (PPO) or Generalized Ordered

¢ Nominal (unordered) categorical
outcomes (e.g., transport mode: car, bus,
train; brand choice: A, B, C).

Independence of Irrelevant Alternatives
(I1A): The odds between any two outcomes
are independent of other alternatives.

Flexibility for modeling outcomes with no
natural order.

Makes no assumptions about the ordering
of categories.

Well-established for discrete choice
modeling.

Less powerful and less parsimonious for
ordered data; fails to leverage the ordinal
structure.

Can lead to fragmented, hard-to-interpret
results for ordered outcomes.

The IIA assumption is often untested in
non-economics fields.

o Confirm the outcome is truly nominal.
Test the IIA assumption (e.g., Hausman-
McFadden test).

o If llA is violated, consider Nested
Logit or Mixed Logit models.

5.0 Conclusion

The 2015-2025 empirical record supports a simple
but frequently neglected rule: if the outcome is
ordered, start ordinal. OLR generally dominates
MLR in parsimony, power, and interpretability;
where the proportional odds (PO) assumption is
compromised, partial proportional odds (PPO) and
generalised ordinal logistic (GOL) models offer an
empirically  supported middle ground that
preserves ordinality while targeting non-parallel
effects. MLR remains essential for nominal
outcomes, yet its independence of irrelevant
alternatives (llA) assumption demands rigorous
testing and, where necessary, relaxation. Across
domains, the persistent disparities in practice arise
less from the absence of appropriate tools than
from the underuse of diagnostics, insufficient
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reporting and the tendency to default to familiar
models. Theoretically, this study advances
statistical modelling by clarifying the boundaries
between OLR and MLR, thereby reinforcing the
importance of assumption-driven rather than
convenience-driven model selection. Practically, it
provides researchers with a structured framework
for choosing models that maximise interpretability
and  analytical power  while  minimising
misapplications. From a policy perspective, the
findings call for strengthened reporting guidelines
and methodological standards across disciplines to
ensure transparency, reproducibility and more
context-sensitive statistical practices.

6.0 Recommendations

Researchers should align model choice with the
true structure of the outcome variable. For ordered



categories, OLR should be the primary option,
accompanied by rigorous testing of the
proportional-odds (PO) assumption using both
global and variable-specific diagnostics. Where
meaningful PO violations occur, partial
proportional-odds (PPO) or generalised ordered
logit (GOL) models should be preferred over
reverting to MLR, as they preserve ordinal integrity
while adding necessary flexibility. For nominal

outcomes, MLR remains suitable, but the
independence of irrelevant alternatives (IIA)
assumption must be tested and, if violated,

addressed through models such as mixed or nested
logit. Across all applications, researchers should
improve reporting transparency by clearly
justifying model choice, documenting diagnostic
results, and presenting interpretable effect sizes.
Finally, cross-disciplinary training should emphasise
flexible ordinal modelling techniques, assumption
checks and ordinal-specific predictive evaluation to
enhance both methodological rigour and practical
utility.
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