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Abstract. Handwriting analysis is a promising non-invasive approach
for the early detection of Alzheimer’s disease (AD). However, most cur-
rent analytical pipelines rely on classifiers that are difficult to interpret,
thereby limiting their suitability for clinical implementation. This study
investigates Symbolic Regression (SR) as an interpretable alternative
and systematically compares three paradigms on the DARWIN bench-
mark (174 participants, 25 handwriting tasks): standard tree-based Ge-
netic Programming (GP), Geometric Semantic Genetic Programming
(GSGP), and six variants of the Semantic Learning algorithm based on
Inflate and deflate Mutation (SLIM). Two feature representations are
evaluated: 450 raw kinematic descriptors and 2,150 handcrafted statisti-
cal descriptors. Using a fixed hold-out partition and 20 seeds per method,
GSGP achieves the highest mean accuracy among the GP-based methods
(0.78+0.06 on kinematic features) and exceeds the retrained conventional
Machine Learning (ML) baselines evaluated under the same split. SLIM
addition-family variants provide the best accuracy—complexity trade-off,
producing models approximately 25x smaller than GSGP and train-
ing 2.4x faster. We also show that, under the specific fixed-threshold
sigmoid pipeline adopted here, SLIM multiplication-family variants be-
come degenerate because their non-negative aggregated outputs cannot
fall below the zero logit required for negative predictions. Ablation re-
sults suggest that pinfiate = 0.5 is a useful default for the SLIM addi-
tion family. Raw kinematic features yield stronger performance than the
higher-dimensional statistical representation under the present protocol.

Keywords: Alzheimer’s disease - Handwriting analysis - Symbolic re-
gression - Genetic programming - Interpretable machine learning.
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1 Introduction

AD represents the most prevalent form of dementia. According to the latest
WHO dementia fact sheet, 57 million people had dementia worldwide in 2021,
and AD may contribute to 60-70% of cases [21]. AD is a progressive neurodegen-
erative disorder that impairs memory, language, and executive function. Phar-
macological interventions demonstrate the greatest efficacy when initiated early
in the disease [11]. Consequently, there is a critical need for non-invasive, cost-
effective, and user-friendly screening tools suitable for large-scale implementa-
tion. Handwriting integrates cognitive, perceptual, and fine motor processes [15].
Neurological deterioration in AD is reflected in quantifiable changes in hand-
writing kinematics, such as reduced velocity, increased pressure variability, pro-
longed in-air time, and diminished stroke fluency, often preceding clinical diag-
nosis [20]. These findings have motivated research on digitized handwriting as
a biomarker for AD detection [9,2]. The DARWIN (Diagnosis AlzheimeR WIth
handwritiNg) dataset [1] has become a benchmark resource in this domain. It
comprises kinematic and dynamic data from 25 handwriting tasks performed by
both individuals with AD and healthy controls. Most ML approaches for AD
detection in handwriting use ensemble methods, support vector machines, or
deep neural networks [2,5]. Although these models often achieve high accuracy,
their decision-making processes are difficult to interpret. In clinical practice,
stating the rationale for a diagnosis is necessary to build clinician trust and
meet regulatory standards [17]. This challenge has driven efforts to develop
more interpretable models. SR addresses this gap by identifying mathematical
expressions that accurately fit the data while remaining interpretable for hu-
man analysis [12]. GP is the primary algorithm for SR, evolving populations
of syntax trees through operators inspired by biological evolution [10]. Stan-
dard tree-based GP algorithms exhibit well-documented limitations, including
bloat, difficulty with high-dimensional inputs, and sensitivity to random ini-
tialization [14]. GSGP addresses some of these challenges by operating directly
in the semantic space of programs, ensuring that offspring possess geometric
properties that lead to smoother convergence [13]. The SLIM has recently been
introduced as a semantic-aware GP variant. SLIM constructs models as weighted
combinations of sub-trees and incorporates an inflation and deflation mechanism
to regulate model complexity [18]. Despite these advances, SR remains under-
explored in clinical classification, and no prior work has jointly compared GP,
GSGP, and SLIM in this context. The interaction between SLIM constraints
and standard classification pipelines, as well as the choice between kinematic
and statistical representations, remains unclear. The present study addresses
these gaps through an empirical analysis of the DARWIN dataset, contrasting
SR with conventional ML pipelines that dominate handwriting-based AD detec-
tion [2,5,6] and typically trade interpretability for predictive performance. To
ensure a protocol-matched comparison, the conventional ML classifiers consid-
ered here were retrained using the same fixed-partition protocol as the GP-based
methods. A recurring finding is that SLIM multiplication-family variants become
degenerate under the adopted fixed-threshold sigmoid pipeline because of their
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non-negative outputs, a pipeline-dependent limitation that is analyzed in detail

below.
The main contributions of this work are fourfold:

(i) a protocol-matched empirical comparison of GP, GSGP, six SLIM variants,
and conventional ML baselines for handwriting-based AD classification;

(ii) an analysis of how the fixed-threshold sigmoid pipeline interacts with non-
negative SLIM multiplication outputs;

(iii) ablation studies on SLIM inflation probability and GP initialization depth;

(iv) a controlled comparison of two handwriting-derived feature representations
under a reproducible fixed-partition protocol.

2 Materials and Methods

2.1 Participants and Data Collection

The data employed in this study were collected from N = 174 participants,
including 89 patients diagnosed with AD (class P) and 85 healthy controls
(class H). Each participant completed 25 handwriting tasks, ordered by increas-
ing cognitive difficulty and designed to assess combinations of motor, visuospa-
tial, language, and memory functions. The tasks were organized into four cat-
egories: graphic tasks (6), which included basic strokes, point-to-point connec-
tions, and drawing or retracing geometric figures of varying size and complexity;
copy and reverse-copy tasks (14), involving letters, words, and numbers, in-
cluding items written in reverse order with varying length and spatial layout;
a memory task (1), which required participants to write words recalled from
memory; and dictation tasks (4), in which participants wrote short phrases or
numbers under auditory dictation, thereby engaging working memory. A com-
plete description of the protocol is available in [3]. Data were collected using a
Wacom Bamboo Folio tablet equipped with a sensorized pen. Participants wrote
on standard paper sheets secured to the tablet to maintain a natural writing
experience. The device recorded pen position (z, y), pressure (z), and times-
tamps at a sampling rate of 200 Hz. In addition to capturing ink traces on the
paper, the system recorded pen movements up to approximately 3 cm above the
writing surface. As a result, the handwriting dataset comprises two complemen-
tary trajectory types: on-paper trajectories, corresponding to actual ink traces,
and in-air trajectories, corresponding to pen-up movements between successive
strokes.

2.2 Feature Representations

Two feature representations were derived from the same raw handwriting signals
and compared throughout this study.

DARWIN kinematic features The DARWIN (Diagnosis AlzheimeR WIth hand-
writiNg) dataset [1] provides a publicly available benchmark for the automatic
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detection of AD based on handwriting data. Eighteen kinematic and dynamic
features were extracted for each of the 25 tasks. These features include air time,
paper time, total time, mean speed and acceleration (calculated separately for
on-paper and in-air segments), mean and variance of pressure, number of pen-
down events, maximum horizontal and vertical extension, displacement index,
and mean jerk (on-paper and in-air). This process yields a total of 18 x 25 = 450
features per subject, capturing temporal characteristics, pressure statistics, and
stroke-segmentation properties of the handwriting signal.

Hand-crafted statistical features (Hand-Stat) A second, richer feature set was
constructed from the same raw trajectories following the extraction protocol de-
scribed in [4]. The features were designed to capture both static properties, such
as stroke geometry, and dynamic properties, such as velocity and acceleration
profiles, of the handwriting signal. To capture distinct handwriting phases, fea-
tures were extracted separately from on-paper and in-air samples. On-paper fea-
tures capture execution dynamics, while in-air features reflect planning-related
pen-up movements. For each task, the on-paper and in-air feature vectors were
concatenated to form a unified representation, resulting in 86 features per task.
These features include stroke-level means and standard deviations for duration,
vertical and horizontal start positions, vertical and horizontal sizes, peak ver-
tical velocity, peak vertical acceleration, straightness error, slant, loop surface,
absolute and normalized jerk, road length, and average absolute velocity. Con-
catenating features across all 25 tasks produced 86 x 25 = 2,150 task-derived
features per subject. The dataset also contains four demographic variables (age,
gender, years of education, and work status) that have been shown to influence
handwriting [4]. These variables were excluded from the feature matrix to ensure
that the comparison between representations reflected only handwriting-derived
information. This high-dimensional setting (p = 2,150, N = 174) places the data
in a p > N regime that challenges learning algorithms.

2.3 Algorithms

In this study, we compared three families of SR algorithms, each adapted for
binary classification using sigmoid activation.

Standard Genetic Programming. Tree-based GP evolves mathematical expres-
sions that are represented as syntax trees. The initial population of trees was
generated using the Ramped Half-and-Half method with an initial depth of 6.
A maximum depth of 15 was permitted during evolution. The function set in-
cluded four binary arithmetic operators: addition, subtraction, multiplication,
and protected division. The terminal set consisted of the input features and
five constants (—1,2,3,4,5). This fixed constant set follows the default config-
uration of the slim-gsgp library. Ephemeral random constants (ERCs), which
are commonly used in SR applications, were not employed. Reproduction was
performed using subtree crossover with a probability of py, = 0.8 and subtree
mutation with a probability of p,, = 0.2.



GP for Interpretable AD Detection from Handwriting 5

Geometric Semantic Genetic Programming. GSGP operates directly on the se-
mantics of programs, guaranteeing that offspring lie on the segment (for crossover)
or within a ball (for mutation) connecting the parents in the semantic space [13].
Geometric semantic mutation was applied with probability p,, = 1.0, meaning
that every individual was mutated in each generation. Crossover was disabled

(Pxo = 0.0).

Semantic Learning algorithm based on Inflate and Deflate Mutation GSGP.
SLIM is a recent semantic-aware GP variant that constructs models as linear
combinations of sub-trees. Model complexity is balanced using an inflation and
deflation mechanism [18]; the non-bloating behavior of these operators and the
specific variants studied here have been characterized in recent work [19,8]. Six
SLIM variants were evaluated, derived from two operator families and three
deflation strategies:

— Addition family (4): SLIM+ABS, SLIM+SIG1, SLIM+SIG2.

— Multiplication family (x): SLIM*ABS, SLIM*SIG1, SLIM*SIG2.
In this context, ABS denotes absolute-value deflation, while SIG1 and SIG2 refer
to two distinct sigmoid-based deflation strategies. SLIM was configured with a
maximum tree depth of 15 and a default inflation probability of pingate = 0.2.

Conventional machine learning baselines. To contextualize the symbolic-regression
results, five conventional classifiers were included as protocol-matched baselines:
support vector machines (SVM), Gaussian naive Bayes (GNB), logistic regres-
sion (LR), linear discriminant analysis (LDA), and k-nearest neighbors (KNN).
All five models were trained and evaluated on the same fixed 80,/20 hold-out par-
tition used for GP, GSGP, and SLIM, using the same feature matrices and pre-
processing choices for each representation. These baselines provide a direct ref-
erence for assessing the predictive performance of GP-based symbolic-regression
methods under the experimental protocol adopted in this study. To ensure re-
producibility, the ML baselines were implemented in scikit-learn using an
identical train—test split. Test set information was excluded from both training
and model selection. Each baseline was evaluated across 20 runs with unique
random seeds, and performance metrics are reported as mean and standard de-
viation, consistent with the GP-based protocol.

Structural constraint of the multiplication family. In SLIM* variants, the model
output is computed as the product of activations from each block:

B

fx(0) = [ algi(x), (1)

i=1

Here, g; denotes the evolved sub-trees, and a(-) represents the deflation activation
function applied to each block. For all three deflation strategies, the activation
function a is non-negative: | - | (ABS) maps to [0, +0o0), while o(-) (SIG1, SIG2)
maps to (0,1). As a result, fx(x) > 0 for all inputs x, independent of the
specific learned block functions. In contrast, SLIM+ aggregates block activations
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through summation, and the inclusion of an unconstrained additive offset enables
the combined output to span the entire real line, thereby preserving the range
necessary for binary discrimination.

2.4 Fitness Function and Classification

All three algorithm families minimized the binary cross-entropy (BCE) loss as
the fitness function. The real-valued output of each evolved program was trans-
formed into a class probability using a sigmoid activation function:

1

1+ e—f(x) (2)

Q =
where f(x) is the program output for input x. A threshold of 0.5 was applied
to generate binary predictions. The elite individual was evaluated on both the
training and test partitions at each generation. The 0.5 decision threshold corre-
sponds, after inversion of eq. (2), to a program output of zero. Because fx (x) > 0
for all inputs (eq. (1)), the sigmoid function satisfies o(fx (x)) > ¢(0) = 0.5 for all
cases. Consequently, with the fixed 0.5 threshold used in this study, SLIM* vari-
ants classify every instance as positive, regardless of the evolved program. This
constraint renders them structurally incapable of producing true negatives. This
limitation arises specifically from the combination of non-negative outputs and a
fixed decision boundary. Introducing a learnable bias term (i.e., fx(x) —b), cali-
brating the threshold on a held-out validation set (for example, using Youden’s J
statistic), or appending a signed affine output head after the product aggregation
would likely restore discriminative capacity.

2.5 Experimental Setup

The dataset was split into a fixed 80%/20% train/test partition shared across
all methods. No feature standardization or normalization was applied before
training; therefore, all methods operated on the raw feature values. Although
its interaction with the fixed sigmoid mapping requires careful consideration
(see section 4), this approach successfully preserves feature scale. Unless other-
wise specified, all evolutionary algorithms used a population size of 500, 2000
generations, and elitism with one elite individual retained across generations;
algorithm-specific settings are reported in table 1. Each GP-based configuration
and each ML baseline were evaluated over 20 independent runs with distinct
random seeds. This ensures a uniform evaluation protocol across all methods,
including those with stochastic and deterministic components, and allows all
reported metrics to be computed over the same number of repetitions.

FEzxperimental conditions. Four experimental conditions were evaluated within
each experiment set:
1. Experiment 1 (DARWIN features): All three GP-based algorithm fam-
ilies were applied to the complete 450-feature DARWIN representation (8 x
20 = 160 runs per set).
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Table 1: Algorithm-specific hyperparameters.

Parameter GP GSGP SLIM
Population size 500 500 500
Generations 2000 2000 2000
Max depth 15 — 15
Init depth 6 — —
Dxo (Crossover) 0.8 0.0 0.0
Pm (mutation) 0.2 1.0 1.0
Pinflate — — 0.2
Mutation step (ms) — [0.1] [0.1]

Crossover operator subtree —

Mutation operator subtree geometric inflate/deflate
Elites 1 1 1
Fitness function Binary Cross-Entropy

2. Experiment 2 (Hand-Stat features): The same algorithmic comparison
using the 2,150-feature Hand-Stat representation (86 features per task x 25
tasks).

3. Experiment 3 (pinfiate ablation): SLIM sensitivity to the inflation proba-
bility, with pinfiate € {0.2,0.5,0.8}; GP and GSGP served as baselines.

4. Experiment 4 (Initialisation depth ablation): GP-only study of initial
tree depth dinit € {4,6,8,10}.

FEvaluation metrics and implementation. Classification performance was evalu-
ated on the held-out test set using accuracy, specificity, and F1-score. Model
complexity was quantified by tree size (the number of nodes in the final elite)
and training time. For each configuration, the mean and standard deviation
across independent runs were reported. Evolutionary dynamics were tracked us-
ing per-generation elite fitness (mean BCE per sample). All experiments were
implemented using the slim-gsgp Python library [16], which provides unified
implementations of GP-based algorithms. Random seeds were set at the algo-
rithm level to ensure reproducibility.

3 Results

All results are reported as mean values with standard deviations across 20 inde-
pendent runs, each with a different random seed for each method.

3.1 Experiment 1: Algorithm Comparison on DARWIN Features

The classification performance of all algorithms on the 450 DARWIN kine-
matic features is summarised in Table 2, including the five ML baselines. Ac-
curacy, specificity, Fl-score, and tree size are averaged over 20 seeded runs.
GSGP achieved the highest mean accuracy (0.78+0.06), outperforming both GP
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Table 2: Classification performance on DARWIN features.

Algorithm Accuracy Specificity F1-Score Tree Size

GP 0.64 +0.10 0.33 +0.22 0.72 +0.06 215 493
GSGP 0.78 +0.06 0.63 +0.12 0.80 +0.06 3181 £517

SLIM+ABS 0.64 +o0.11 0.31 +0.15 0.73 £0.09 114 +19
SLIM+SIG1 0.60 +£0.11  0.21 +0.14 0.71 +0.08 111 421
SLIM+SIG2 0.67 +0.08 0.37 +0.13 0.74 +0.06 127 +6

SLIM*ABS 0.50 +0.07 0.00 +0.00 0.67 £0.06 126 +7
SLIM*SIG1 0.50 +0.07 0.00 +0.00 0.67 +0.06 123 +8
SLIM*SIG2 0.50 +0.07 0.00 £0.00 0.67 +0.06 134 +7

SVM 0.70 +0.07 0.67 +0.09 0.71 +0.08 —
GNB 0.65 +0.08 0.66 +0.10 0.65 +0.09 —
LR 0.70 +0.07 0.65 +0.08 0.70 F0.07 —
LDA 0.67 +0.06 0.64 +0.08 0.68 +0.07 —
KNN 0.63 +0.07 0.59 +0.11 0.64 +0.09 —

(0.64 £ 0.10) and all SLIM variants. Within the SLIM variants, a clear distinc-
tion was observed between the addition and multiplication operator families. The
addition variants achieved meaningful classification performance (SLIM+SIG2:
0.67 £ 0.08; SLIM+ABS: 0.64 + 0.11), whereas the multiplication variants ex-
hibited near-chance accuracy (~ 0.50), predicting all instances as positive.

The distribution of classification metrics across runs is shown in fig. 1. The
GSGP distributions are both higher and tighter than those of GP and SLIM, with
notably stronger specificity. SLIM+SIG2 is the highest-performing SLIM vari-
ant, achieving GP-level accuracy while using smaller trees. Among the protocol-
matched conventional baselines, SVM and logistic regression achieved the strongest
ML performance on the DARWIN feature representation, whereas GSGP achieved
the highest mean accuracy across all evaluated methods on this fixed split. The
fitness convergence over generations is illustrated in fig. 2. GSGP converges
fastest and reaches the lowest mean training fitness, followed by SLIM and GP.
GP exhibits the widest variance band, reflecting greater sensitivity to random
initialization.

Model complezxity and training time. GSGP produced the largest trees (3181 £
517 nodes) but trained in only 284 4+ 6, an order of magnitude faster than GP
(2104+£530s). All SLIM variants produced compact models (111-134 nodes) and
trained in 76-118s (fig. 3).

3.2 Experiment 2: Hand-Crafted Statistical Features

The same algorithmic comparison was repeated on the 2150-dimensional Hand-
Stat features; results are reported in table 3, including the five conventional
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Classification Metrics by Algorithm
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Fig.1: Classification metrics on DARWIN features (boxes: IQR; whiskers:
1.5xIQR; points: outliers).
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Fig. 2: Elite fitness convergence on DARWIN features over 2000 generations.

baselines retrained on this representation under the same fixed-partition pro-
tocol. All algorithms performed worse than on the DARWIN features. GSGP
again achieved the highest accuracy (0.60£0.06) but fell far below its DARWIN
performance, GP dropped to near-chance (0.51+0.06), and the SLIM x variants
again collapsed to trivial classifiers.

The performance degradation across all algorithms suggests that the raw
DARWIN kinematic features retain discriminative information that is partially
lost through stroke-level statistical aggregation. The higher dimensionality of
the Hand-Stat representation (p = 2,150 vs p = 450) relative to the sample size
(N = 174) may further exacerbate overfitting and hinder evolutionary search.
GSGP’s specificity halved (from 0.63 to 0.46), and GP’s specificity dropped to
near-zero (0.07), indicating that both algorithms struggled to correctly identify
healthy controls under this feature representation. The protocol-matched con-
ventional baselines also exhibit a decline under the Hand-Stat representation,
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Table 3: Classification performance on Hand-Stat features.

Algorithm Accuracy Specificity F1-Score Tree Size

GP 0.51 +0.06 0.07 +£0.09 0.66 +0.06 119 +70
GSGP 0.60 +0.06 0.46 +0.10 0.64 40.07 2825 41920

SLIM+ABS 0.55 +0.08 0.17 +0.11 0.68 +0.06 118 +10
SLIM~+SIG1 0.53 +0.07 0.08 +0.07 0.68 +0.05 113 +3
SLIM~+SIG2 0.55 +0.07 0.17 +0.08 0.67 +0.07 123 43

SLIM*ABS 0.50 +0.06 0.00 +£0.00 0.67 £0.05 122 +5
SLIM*SIG1 0.50 +0.06 0.00 +0.00 0.66 £0.05 120 +3
SLIM*SIG2 0.50 +0.06 0.00 £0.00 0.66 +0.05 133 +0

SVM 0.67 +0.07 0.63 +0.09 0.68 +0.08 —
GNB 0.62 +£0.08 0.62 +0.10 0.63 40.09 —
LR 0.67 +0.07 0.61 +0.08 0.67 F0.07 —
LDA 0.64 +0.06 0.60 +0.08 0.65 +0.07 —
KNN 0.60 +£0.07 0.55 +0.11 0.61 +0.09 —

broadly retaining the relative pattern observed on the DARWIN features. The
metric distributions and fitness convergence for this experiment are shown in
fig. 4.

3.3 Experiment 3: Inflation Probability Ablation

The effect of the inflation probability pinaate on SLIM accuracy, disaggregated by
operator family, is reported in table 4. Each cell aggregates three SLIM variants,
each evaluated over 20 seeded runs (n = 60); the GP (0.64 + 0.10) and GSGP
(0.78 £ 0.06) baselines are provided for reference. Increasing pinfiate from 0.2
to 0.5 improved mean accuracy for the + family from 0.64 to 0.70, while the
x family remained near-chance regardless of the inflation setting.

Tree Size by Algorithm

4000 Mean Training Time by Algorithm
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(a) Tree size in nodes (boxes: IQR;
whiskers: 1.5XIQR). (b) Mean training time in seconds.

Fig. 3: Model complexity on DARWIN features.
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Classification Metrics by Algorithm
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(a) Classification metrics across 20 runs (boxes: IQR; whiskers: 1.5xXIQR).
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(b) Elite fitness convergence over 2000 generations.

Fig. 4: Results on Hand-Stat features (Experiment 2).

The best individual SLIM configuration was SLIM~+SIG2 with pinfate = 0.5
or 0.8, achieving a mean accuracy of 0.69 £ 0.08. Overall, pinfiate = 0.5 provided
the best balance between exploration and parsimony for the + family, while the
x family remained structurally limited under the fixed-threshold pipeline used
here. The corresponding convergence behavior is shown in fig. 5.

3.4 Experiment 4: Initialization Depth Ablation

The effect of initial tree depth on GP performance is reported in table 5. Both
training and test fitness are expressed as mean per-sample BCE over 20 seeded
runs. The default setting (dinix = 6) achieved the lowest training fitness (0.16
0.07), while the shallowest setting (dini, = 4) produced comparable test fitness
with smaller trees. Deeper initializations degraded training fitness and therefore
offer little practical advantage in this application.
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Table 4: Effect of pinfiate on SLIM test accuracy (Experiment 3).
Pinflate SLIM (+ family) SLIM (x family) Overall

0.2 0.64 +0.10 0.50 +0.07 0.57 +0.11
0.5 0.70 +0.08 0.51 #0.08 0.60 +0.13
0.8 0.68 +0.07 0.51 40.08 0.60 +0.12

4 Discussion

GSGP delivered the strongest overall performance, reaching 0.78 4+ 0.06 accu-
racy on DARWIN features and approaching the range typically reported for
non-interpretable ML classifiers. Its advantage over standard GP is consistent
with the smoother search dynamics induced by geometric semantic operators,
whereas GP remained more sensitive to initialization and exhibited higher vari-
ance across runs. The main negative result is equally informative: the SLIM
multiplication family is structurally unsuitable for fixed-threshold binary classi-
fication, as its non-negative outputs cannot cross the sigmoid decision boundary.
In contrast, addition-family variants—particularly SLIM+SIG2—provided the
most favorable accuracy—complexity trade-off, and the ablation study identified
Pinflate = 0.5 as a robust default setting. Several considerations are important
when interpreting these results. Although all methods used 20 seeds on the same
partition, variability arises from repeated runs on a single split; consequently,
the results should be regarded as descriptive rather than statistically validated.
Moreover, the absence of feature standardization may have allowed the fixed
sigmoid mapping to interact with heterogeneous feature scales, potentially af-
fecting both calibration and search dynamics. Finally, while SR can, in principle,
produce interpretable expressions, practical interpretability depends strongly on
model size. The compact SLIM addition-family models are more amenable to in-
spection than the larger GSGP expressions, indicating that explicit expression-
level analysis is required for clinical use. Importantly, the observed degeneracy
of the multiplication family is not intrinsic to SLIM, but arises from its interac-

Table 5: GP performance by initial tree depth. All fitness values are mean per-
sample BCE (lower is better).

dinit Train Fitness Test Fitness Gap A Tree Size (nodes)

4 0.18 +0.08 0.16 +0.09 —0.02 184 +90
6 0.16 +o0.07 0.17 +o0.08 +0.01 383 +687
8 0.21 +0.11 0.17 +0.06 —0.04 227 +123
10 0.27 4+0.09 0.19 +0.03 —0.08 233 +127

Note: Gap A = Test Fitness — Train Fitness (Negative values indicate better test
than train performance.)
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SLIM Accuracy by Version
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Fig. 5: Inflation probability ablation (Experiment 3).

tion with a fixed-threshold classification pipeline, highlighting the need for joint
design of model structure and decision calibration.

5 Conclusion

This study presents a reproducible comparison of GP, GSGP, and SLIM for AD
detection using digitized handwriting. Under a fixed hold-out protocol, GSGP
demonstrated the highest predictive performance on DARWIN kinematic fea-
tures. In contrast, SLIM addition-family variants achieved the most advanta-
geous balance between accuracy and model complexity, resulting in smaller and
faster models. A key methodological observation is that SLIM multiplication-
family variants become degenerate under fixed-threshold sigmoid classification
because their non-negative outputs cannot cross the decision boundary. This
phenomenon results from the interaction between model structure and the clas-
sification pipeline, rather than from an inherent limitation of SLIM. These re-
sults require cautious interpretation, as all metrics are averaged over 20 seeds
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on a single hold-out partition and no feature standardization was applied, which
may influence both calibration and search dynamics. Overall, the findings sug-
gest that SR approaches are promising for interpretable handwriting-based AD
screening, provided that model design and decision calibration are addressed to-
gether. Future research should prioritize cross-validation, calibration strategies
for outputs, and the explicit analysis of compact symbolic expressions [7].
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