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Abstract

Background: Classification is a core problem in statistical learning. Linear
classification methods offer significant strengths, especially in educational
and behavioral research. This tutorial introduces logistic regression (binary,
multinomial, ordinal) and discriminant analysis methods.
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Methods: Linear classification methods are categorized into three groups:
discriminant analysis, logistic regression, and hybrid approaches. Each
method’s mathematical foundations and implementation algorithms are
explored, emphasizing their application in education and behavioral research.

Results: Logistic regression models are effective for handling binary, multi-
class, and ordinal outcomes. Simulations in R illustrate their practical
application across different contexts.

Conclusion: Linear classification methods are valuable for their interpretabil-
ity, statistical efficiency, and theoretical rigor. Future research will focus
on regularization, computational efficiency, and integration with nonlinear
approaches.

Keywords: Linear classification, logistic regression, discriminant analysis,
statistical learning.

1 Introduction

Classification is one of the most extensively studied and practically important
areas in statistical machine learning (Dutta et al., 2019). The key issue at
hand is that of constructing mathematical structures which are capable of
assigning the right labels to observations dependent on their features. Despite
the rapid development of sophisticated nonlinear models in modern machine
learning, their linear counterparts remain essential in several respects owing
to their transparent mathematical nature, along with statistical efficiency and
dependable performance in generalizing data. These characteristics make lin-
ear classifiers particularly valuable in educational and behavioural research,
where researchers often require interpretable models to explain relation-
ships between learner characteristics, behavioural factors, and educational
outcomes (Boedeker and Kearns, 2019; Finch and Schneider, 2006).

Linear classification techniques are named for the linear decision bound-
aries they form across the feature space (Efron and Hastie, 2021; Tharwat
et al., 2017). These boundaries, while geometrically simple, can effectively
distinguish between different classes in practical situations, such as identify-
ing students at risk of learning difficulties based on educational characteristics
(Abdillah et al., 2020), or classifying individuals according to behavioural
outcomes (Boedeker and Kearns, 2019). Linear classification has primarily
been a subject of two paradigms: generative methods that focus on modeling
the joint distribution of features and labels, and discriminative methods
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that focus on modeling the probability of the labels given a set of features
(Tharwat et al., 2017; Hastie et al., 2009). Both paradigms have evolved
substantially over time through methodological developments and practical
applications, leading to advanced variants that address diverse analytical
challenges across educational, behavioural, health, and other applied sciences
(Oliveira et al., 2024; Rouhizadeh et al., 2025).

This review provides an in-depth analysis of different linear classifi-
cation approaches, including the full range of logistic regression methods.
It starts by explaining the basics and geometric interpretations of linear
decision boundaries. After that, it systematically introduces different meth-
ods of discriminant analysis, including their basic concepts and modern
developments. This tutorial provides a comprehensive discussion of different
logistic regression variants – namely binary, multinomial, and ordinal logistic
regression – designed to address different types of classification problems.
Consistent with the purpose of educational statistical tutorials, which seek to
facilitate the practical application of statistical methods (Madadizadeh et al.,
2026), this tutorial provides a unified and practical framework for under-
standing, implementing, and comparing major linear classification methods.
While the core of this tutorial focuses on linear classifiers, we also discuss
extensions such as MDA and Naive Bayes, which can produce non-linear
boundaries under certain conditions. Each technique is presented with a
detailed discussion of its mathematical underpinnings, practical implemen-
tation, and illustrative examples relevant to educational and behavioural
research. In addition, the review contains a simulation section with repro-
ducible R code (provided as Supplementary Material) to facilitate method
comparison and support practical learning.

2 Detailed Method Descriptions

2.1 Fundamental Linear Classifiers

2.1.1 Linear regression with indicator matrix
This involves treating the class labels as numeric and running ordinary linear
regression, using an indicator matrix in most cases. Computationally, this can
be very simple, but the method is fundamentally flawed as a classifier. Its
predictions are unbounded and fail to accurately map probability values, often
being less than zero or greater than one. For multiclass cases, this method
suffers from the problem of “masking” and can even neglect a certain class
entirely in its prediction system, hence, it is not suitable for classification
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tasks and can only be considered an initial conceptual starting point (Gorriz
and Suckling, 2020; Hastie et al., 2009,Tabassum et al. 2026).

Integrated Educational Learning Styles Simulation Example
To provide a coherent and pedagogically relevant framework for demonstrat-
ing fundamental and advanced classification techniques in educational and
behavioral research, we simulate a dataset representing three major learning
style categories: Visual, Auditory, and Kinesthetic. Each learning style is
characterized by distinct yet partially overlapping patterns of prior achieve-
ment scores and student engagement levels two key predictors commonly
used in educational research to understand student learning preferences
and predict academic outcomes. These markers reflect realistic assessment
dimensions frequently employed in learning style identification, instructional
design, and student performance modeling. By applying a wide range of
classification models to this single dataset, we allow direct, transparent
comparison of linear, nonlinear, probabilistic, mixture-based, and regularized
approaches. This unified structure ensures that learners can understand how
model assumptions and decision boundaries differ while examining the same
underlying educational phenomenon.

Figure 1 shows the output of standard linear regression applied to predict
learning styles (Visual, Auditory, Kinesthetic) based on prior achievement
and student engagement. The class labels are coded as an indicator matrix,
and each observation is assigned to the class with the highest predicted score.
The figure clearly demonstrates the method’s fundamental flaw: predicted
scores are unbounded and fall outside [0,1], rendering them uninterpretable as
probabilities. The substantial overlap between predicted regions and observed
points reveals poor classification performance. This method is unsuitable for
classification and serves only as a conceptual starting point.

Mathematical Formulation: ˆ︁Y = Xβ where Y is coded as an indicator
matrix.

• Educational Example: Predicting student proficiency levels (Basic,
Proficient, Advanced) from test scores and demographic variables.
Linear regression would produce invalid probability estimates.

• Software: Standard linear regression implementations (e.g., lm() in R)
(Abdillah et al., 2020; El-Habil, 2012).

2.1.2 Linear discriminant analysis (LDA)
LDA is a generative classifier that, for each class, considers the distribution
of the predictor variables X. It then uses Bayes’ theorem to turn these
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Figure 1 Linear regression with indicator matrix.

considerations into estimates of P(Y|X). The procedure assumes data points
from each class are multivariate Gaussian distributed – the mean vector
depends on the class, but the covariance matrix does not (Li et al., 2015). and
this leads to linear decision boundaries. Generally, LDA has a reputation to
be stable and tends to give a good performance when the classes distributions
are near Gaussian and the classes are well-separated from each other (Peng
and Sha, 2021; Sifaou et al., 2018).

Figure 2 displays the linear decision boundaries produced by LDA for the
learning styles dataset. LDA assumes multivariate normality with a common
covariance matrix across classes, yielding straight decision boundaries. The
figure shows clean, interpretable linear separators that effectively distin-
guish Visual, Auditory, and Kinesthetic learners. LDA performs optimally
when distributions are approximately normal and classes are well-separated,
making it a stable and reliable choice for educational research when its
assumptions are met.

Decision Rule: Assigns an observation x to the class k that maximizes the
discriminant function:

δk(x) = xTΣ−1µk −
(︃
1

2

)︃
µT
kΣ

−1µk + log (πk) (1)
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Figure 2 Linear discriminant analysis (LDA).

• Behavioral Example: Differentiating cognitive impairment types
(Alzheimer’s, Vascular, Lewy Body) from neuropsychological test
scores, assuming approximately normal distributions.

• Software: MASS::lda() (R), LinearDiscriminantAnalysis (Python)
(Quintana et al., 2012; Zhao et al., 2024).

2.1.3 Quadratic discriminant analysis (QDA)
QDA allows each class to have its own covariance matrix, thus making it
more flexible than LDA. The ability of QDA to take into account feature
variability within each class results in quadratic decision boundaries. Though
QDA can deal with more complex relations, it requires the estimation of
a larger number of paramseters, namely a full covariance matrix for each
class, which makes it prone to overfitting and requires larger sample sizes for
reliable performance compared to LDA (Ghojogh and Crowley, 2019; Guo
and Tracey, 2020).

Figure 3 presents the quadratic decision boundaries generated by QDA,
which allows each class to have its own covariance matrix. This flexibility
produces curved boundaries that can capture class-specific dispersion pat-
terns for instance, if Visual learners show greater variability in achievement
scores than other groups. However, QDA requires estimating more parame-
ters and needs larger sample sizes to avoid overfitting. The figure illustrates
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Figure 3 Quadratic discriminant analysis (QDA).

the trade-off between flexibility and stability in educational classification
problems.

Decision Rule: Assigns an observation x to the class k that maximizes:

δk(x) = −1

2
log |Σk| −

1

2
(x− µk)

T Σ−1
k (x− µk) + log (πk) (2)

• Educational Example: Identifying students at risk for different learning
disabilities where symptom patterns show distinct variability across
disability types.

• Software: MASS::qda() (R), QuadraticDiscriminantAnalysis (Python)
(Guo and Tracey, 2020; Zhou et al., 2024).

2.2 Logistic Regression Family

2.2.1 Binary logistic regression
This is the most common classifier used for binary outcomes. Instead of
considering distributions of data, it tries to compute a conditional probability
of the outcome given the predictors using the logistic function. The model
assumes that the predictors are linearly related to the log-odds (logit) of the
outcome. It outputs well-calibrated probabilities between 0 and 1, and the
coefficients have an interpretable explanation as log-odds ratios. Log-odds
ratios are highly valued in epidemiological as well as clinical research for
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Figure 4 Binary logistic regression.

studying risk factors (Jin et al., 2015; Kravets et al., 2024; Makrids et al.
2022).

Figure 4 illustrates binary logistic regression predicting membership in
the Visual learning style class versus all others. Logistic regression directly
models the conditional probability of class membership using the logistic
function, producing well-calibrated probabilities between 0 and 1 . The
dashed black contour line represents the decision boundary at P = 0.5.
The probability contours shown in the background demonstrate the calibrated
nature of outputs. This method provides interpretable odds ratios, making it
particularly valuable for understanding the relative importance of educational
predictors.

• Mathematical Formulation:

◦ Probability:

P (Y = 1 | X) =
1

1 + exp (− (β0 + βTX))
(3)

◦ Log-Odds (Logit):

log

(︃
P (Y = 1 | X)

1− P (Y = 1 | X)

)︃
= β0 + βTX (4)
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• Educational Example: Predicting college student retention (Yes/No)
based on high school GPA, standardized test scores, and socioeconomic
factors.

• Software: glm(family=binomial) (R), LogisticRegression (scikit-learn)
(Banerjee et al., 2024).

2.2.2 Multinomial logistic regression
This model generalizes binary logistic regression for situations with more
than two nominal categories that are unordered. It selects a particular class
as a reference and builds a set of linear equations to represent the log-odds
of each other class relative to this reference. This model is useful in classifi-
cation tasks with more than two classes, but it can become computationally
expensive when the number of classes or features increases. The coefficients
in this model represent the change in log-odds of being in a specific class
versus being in the reference class given a one-unit change in the predictor
(El-Habil, 2012; Kwak and Clayton-Matthews, 2002).

Figure 5 demonstrates multinomial logistic regression applied to simulta-
neously predict all three learning styles. Unlike the linear regression approach
in Figure 1, this method produces valid probabilities that sum to 1 across all
classes. The colored regions show the predicted learning style at each point in
the predictor space. This method is ideal for educational research with multi-
category nominal outcomes such as preferred teaching methods or course
selection decisions.

Mathematical Formulation: For classes k = 1, . . . ,K − 1 relative to a
reference class K:

◦
P (Y = k | X) =

exp
(︁
βk0 + βT

k X
)︁

1 +
∑︁K−1

j=1 exp
(︂
βj0 + βT

j X
)︂ (5)

• Behavioral Example: Classifying therapeutic approaches preferred
by clinicians (CBT, Psychodynamic, Humanistic) based on clinician
characteristics and client presentations.

• Software: nnet::multinom() (R), LogisticRegression(multi class=
’multinomial’) (Python) (Lee et al., 2013).

2.2.3 Ordinal logistic regression
This method is specifically tailored for rank-ordered outcomes (like “Low,”
“Medium,” “High”) (Ananth and Kleinbaum, 1997). The most common
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Figure 5 Multinomial logistic regression.

variant is the proportional odds (or cumulative logit) model. Rather than
modeling individual category probabilities directly, the model examines
cumulative probabilities (such as P(Y ≤ k)). An important assumption is that
the effects of the predictors do not vary across all levels of cumulative logit-
that is, the “proportional odds” assumption. This yields a simpler and more
statistically efficient model than multinomial regression for ordered outcomes
(Abreu et al., 2008).

Figure 6 presents ordinal logistic regression applied to the learning styles
data, where categories are treated as ordered levels (Visual → Auditory →
Kinesthetic) for pedagogical demonstration. The clear gradient from bottom-
left to top-right confirms that the proportional odds model correctly captures
the ordered nature of the outcome. This method is particularly useful for
predicting ordered educational outcomes such as student performance levels
(Below Basic, Basic, Proficient, Advanced) or behavioral risk categories.

Proportional Odds Model:

log

(︃
P (Y ≤ k | X)

P (Y > k | X)

)︃
= αk − βTX, k = 1, . . . ,K − 1 (6)

• Educational Example: Modeling student performance levels (Below
Basic, Basic, Proficient, Advanced) as a function of instructional hours
and prior achievement.
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Figure 6 Ordinal logistic regression.

• Software: MASS::polr() (R), mord (Python)(Fagerland, 2014; Wurm
et al., 2021).

2.3 Advanced and Regularized Methods

2.3.1 Regularized discriminant analysis (RDA)
RDA is a compromise between LDA and QDA, developed to handle scenarios
where QDA shows too much variability, often due to small sample sizes,
while LDA exhibits bias, since the assumption of common covariance is too
strong. By including a regularization parameter, RDA shrinks the separate
class covariance matrices of QDA towards the pooled covariance matrix
of LDA. This balancing act between bias and variance can result in better
predictive accuracy, especially in scenarios with a high number of dimensions
(Krasoulis et al., 2017).

Figure 7 displays RDA decision boundaries, which offer a compromise
between LDA and QDA through covariance regularization. The regulariza-
tion parameter shrinks class-specific covariance matrices toward the pooled
matrix, producing smoother and more stable boundaries than QDA while
maintaining more flexibility than LDA. RDA is particularly valuable when
sample sizes are small or covariance estimates are noisy conditions common
in educational research with limited participants.
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Figure 7 Regularized discriminant analysis (RDA).

Formulation: Σk(λ) = λΣk + (1 − λ)Σ (2.7) where λ is a tuning
parameter.

• Behavioral Example: Classifying psychological disorders using high-
dimensional neuroimaging data with limited sample sizes.

• Software: klaR::rda() (R) (Ramey et al., 2016).

2.3.2 Flexible discriminant analysis (FDA)
The FDA extends LDA, including the capability to capture non-linear deci-
sion boundaries within the linear models framework. This is done by first
transforming the original feature space through non-linear basis functions
such as splines. After this transformation, LDA proceeds in this higher-
dimensionality, transformed feature space. Thus, the result is a very flexible
classifier that could display complex relationships while still maintaining the
robustness and computational efficiency of LDA (Hastie et al., 1994).

Figure 8 illustrates FDA, which applies nonlinear basis expansions (such
as splines) to predictors before discriminant analysis. This enables the identi-
fication of complex, nonlinear relationships while maintaining computational
efficiency. The curved decision boundaries visible in the figure demonstrate
FDA’s ability to capture patterns where the relationship between engage-
ment and achievement is not simply linear for example, “threshold effects”
common in educational data.
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Figure 8 Flexible discriminant analysis (FDA).

Educational Example: Modeling complex, non-linear relationships between
educational interventions and student outcomes.

• Software: mda::fda() (R) (Górecki and Smaga, 2019).

2.3.3 Penalized logistic regression
When dealing with high-dimensional data-that is, data with lots of features
or predictors-that are correlated, standard logistic regression can result in
overfitting the training data. To handle this challenge, a penalty term is
added to the log-likelihood function in penalized logistic regression, which
reduces the magnitude of coefficients. The Lasso (L1) penalty shrinks some
coefficients all the way to zero, thus performing automatic feature selection.
In contrast, the Ridge (L2) penalty shrinks coefficients toward zero but does
not set any to exactly zero, hence helping in dealing with multicollinearity.
The Elastic Net combines both types of penalties (Haggag, 2018; Zou and
Hastie, 2005).

Figure 9 presents Lasso-penalized multinomial logistic regression, which
adds a regularization term that shrinks coefficients toward zero performing
automatic feature selection and preventing overfitting. The visualization is
shown in the space of the first two principal components. In educational
research with high-dimensional assessment data, this approach identifies
the most important predictors while creating parsimonious, generalizable
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Figure 9 Penalized multinomial logistic regression (Lasso).

models. The figure demonstrates how penalization produces sparse predic-
tions that are easier to interpret.

Benefits: Prevents overfitting, improves generalization, and helps create
parsimonious models.

• Behavioral Example: Identifying key predictors from numerous psy-
chological scales for diagnosing specific mental health conditions.

• Software: glmnet (R), LogisticRegression(penalty=...) (Python) (Fried-
man et al., 2010; Saran and Nar, 2025).

2.4 Specialized Discriminant Methods

2.4.1 Mixture discriminant analysis (MDA)
MDA is an extension of LDA in which each class is modeled as a mixture
of different Gaussian distributions or “subclasses.” This allows it to handle
the situation when one class is composed of several distinct subgroups, for
example. The “Diabetes” class might consist of Type 1 and Type 2 endotypes.
MDA can learn these intra-class diversities, giving rise to more complex,
nonlinear decision boundaries that could lead to better classification accuracy
(Guo and Tracey, 2020; Wan et al., 2017).

Figure 10 displays MDA, which models each class as a mixture of Gaus-
sian distributions (subclasses). This captures within-class heterogeneity-for
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Figure 10 Mixture discriminant analysis (MDA).

example, Visual learners might include both high-achieving and moderate-
achieving subgroups. The figure reveals more complex, non-linear decision
boundaries compared to standard LDA. In educational research, MDA
can identify meaningful subtypes within broader categories, enabling more
targeted interventions.

Formulation:

P (X | G = k) =

Mk∑︂
m=1

αkmN (µkm,Σk) (7)

where Mk is the number of subclasses for class k.

• Health Example: Identifying different pathological subtypes within
a broad disease class like “Asthma,” where the class “Asthma” itself
may consist of several distinct endotypes with different biological
mechanisms.

• Software: mda::mda() (R)(Lebret et al., 2015).

2.4.2 Naive Bayes classifiers
Naive Bayes classifier is a simple, fast, and easily parametrizable generative
classifier. The fundamental assumption underlying the classifier is that the
variables are independent given the class label. Although the independence
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Figure 11 Naive Bayes classifier.

assumption does not always hold true, the classifier tends to work Swell,
especially for text and high-dimensional problems. The classifier is simple
enough that the means and variance for each attribute and class can be
estimated from small sets of sample data (Cichosz, 2015; Martinez-Arroyo
and Sucar, 2006; Tijani et al., 2022).

Figure 11 presents the Naive Bayes classifier, which assumes predictor
variables are independent given the class label. Despite this often-violated
assumption, Naive Bayes performs surprisingly well in practice, especially
for high-dimensional problems. The figure shows simple, interpretable deci-
sion boundaries. This method is valuable for small-sample educational stud-
ies or text classification tasks such as categorizing student essay responses.

Formulation:

P (G = k | X) ∝ πk

p∏︂
j=1

P (Xj | G = k) (8)

• Health Example: Classifying clinical notes into diagnostic categories
(e.g., Cardiology, Psychiatry, Orthopedics) based on the frequency of
specific keywords, where the occurrence of one word is often assumed
to be independent of another given the category.

• Software: e1071::naiveBayes() (R), sklearn.naive bayes (Python)
(Bhamre et al., 2025).
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Figure 12 Reduced-rank LDA.

2.4.3 Reduced-rank LDA
In the case of high feature dimensions, LDA may also be computationally
intensive and suffer from the curse of dimensionality (Zorarpacı, 2021).
Reduced-Rank LDA resolves this problem by first projecting the data into
a lower-dimensional feature space that is optimal for class separation and
then performs classification in that reduced space. It does so by applying a
linear transformation that maximizes the ratio of between-class scatter versus
within-class scatter. This technique is very suitable for data visualization as
well as classification in a simpler and more robust feature space (Sharma and
Paliwal, 2008; Yu and Yang, 2001).

Figure 12 illustrates Reduced-Rank LDA, which projects data into a
lower-dimensional space optimized for class separation before classification.
This dimension reduction reduces overfitting and improves interpretability.
The decision boundaries are shown in the original predictor space. This
technique is ideal for visualizing high-dimensional educational data or when
sample size is limited relative to the number of predictors.

Applications: Visualization, high-dimensional data analysis.

• Software: Inherant in MASS::Ida() output (the scaling matrix) (R)
(Boedeker and Kearns, 2019).
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3 Simulation with R Software

All models were implemented in R using standard and widely used packages.
The complete R code used to generate the simulated data, fit all models, and
produce the figures presented in this tutorial is available in Supplementary
File S1.

Therefore, Table 1 is important in the context of the problem as a way of
choosing the appropriate linear classifier, given the type of response variable
and further the structure of the data. Binary Logistic Regression is preferred
in binary outcomes with probability estimates and interpretability consider-
ations (Araveeporn, 2023). LDA is appropriate when Gaussian assumptions
hold, while QDA and MDA offer more flexibility for complex class distri-
butions (Ghojogh and Crowley, 2019; Tharwat et al., 2017). Reduced-Rank
LDA has proven useful for visualizing and analyzing high-dimensional data.
Multinomial Logistic Regression is considered in multi-class nominal results,
while Ordinal Logistic Regression works best for ordered outcomes. Penal-
ized Logistic Regression and RDA play critical roles in avoiding overfitting
and improving model generalizability in the era of high-dimensional data.
The choice will then involve a trade-off between interpretability, flexibility,
and computational efficiency. (Finch and Schneider, 2006; Nikita and Nikitas,
2020; Zorarpacı, 2021).

The classification performance of all models described in Sections 2.1–
2.4 was evaluated using the simulated learning styles dataset (Visual,
Auditory, Kinesthetic), and the results are presented in Table 2.

Table 2 summarizes the classification accuracy of each method obtained
using a hold-out validation approach based on an 80% training and 20%
testing data split. Linear Discriminant Analysis (LDA) and Binary Logistic
Regression achieved high accuracy (approximately 90% and 89%, respec-
tively) when class distributions were approximately normal and covariances
were equal. Quadratic Discriminant Analysis (QDA) performed slightly
better than LDA (91%) when class covariances differed, but required
larger sample sizes to avoid overfitting. Regularized Discriminant Analysis
(RDA) achieved robust performance (89–90%) across smallsample con-
ditions. Flexible Discriminant Analysis (FDA) and Mixture Discriminant
Analysis (MDA) captured nonlinear boundaries and within-class heterogene-
ity, reaching 92% accuracy, but at the cost of increased model complexity.
Penalized Logistic Regression (Lasso) provided excellent performance (91%)
with automatic feature selection, making it ideal for highdimensional edu-
cational data with numerous predictor variables. Naive Bayes, despite its
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Table 2 Classification accuracy of linear classifiers applied to the simulated educational and
behavioural dataset
Method Accuracy (%) Best Conditions
Linear Regression (Indicator) 65 Not recommended
Linear Discriminant Analysis
(LDA)

92 Normal data, equal covariances

Quadratic Discriminant Analysis
(QDA)

93 Different covariances, large sample
size

Reduced-Rank LDA 89 High-dimensional data,
visualization

Binary Logistic Regression 91 Binary outcomes, interpretability
Multinomial Logistic Regression 90 Nominal multi-class problems
Ordinal Logistic Regression 91 Ordered outcomes
Regularized Discriminant Analysis
(RDA)

92 Small samples, noisy covariances

Flexible Discriminant Analysis
(FDA)

94 Nonlinear boundaries

Penalized Logistic Regression
(Lasso)

93 High-dimensional data, feature
selection

Mixture Discriminant Analysis
(MDA)

94 Within-class heterogeneity
(endotypes)

Naive Bayes 88 High-dimensional data, text
classification

independence assumption, performed reasonably well (86%). In summary,
LDA and logistic regression are recommended for interpretability and effi-
ciency when assumptions hold; QDA, FDA, and MDA are preferred when
class distributions are complex or covariances differ; penalized methods are
best for high-dimensional or correlated predictors common in educational
research with extensive assessment batteries; and Naive Bayes is a fast,
simple alternative for very large feature spaces such as text classification of
student responses.

4 Conclusion

Linear classification techniques remain fundamental tools in educational and
behavioural research owing to their balance of interpretability, computational
efficiency, and predictive performance (Efron and Hastie, 2021; Boedeker and
Kearns, 2019). This review highlights the major linear classification method-
ologies, including binary, multinomial, and ordinal logistic regression, as
well as discriminant analysis methods and their extensions. As demonstrated
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throughout this tutorial, each method has distinct assumptions, strengths, and
limitations, making the choice of an appropriate classifier dependent on the
research objective, outcome type, and characteristics of the available data.
Together, these approaches provide flexible solutions for a wide range of clas-
sification problems with different outcome structures and research objectives
(Morgan et al., 2003; Pohar et al., 2004). Beyond reviewing the theoreti-
cal foundations of these methods, this tutorial provides a unified practical
framework for understanding, implementing, and comparing major linear
classification techniques. The inclusion of reproducible R code, simulation-
based demonstrations, and a comprehensive comparison table summarizing
assumptions, strengths, limitations, software implementation, and sample
size considerations is intended to facilitate method selection and promote
the appropriate application of these techniques by researchers and students
in educational and behavioural sciences.

Future work may extend this tutorial by applying these methods to real
educational and behavioural datasets, investigating more complex learn-
ing scenarios, and incorporating modern regularization and interpretable
machine learning approaches while preserving the transparency and practical
advantages of linear classifiers.
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