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Abstract: Developmental dyslexia is one of the most common learning disorders, characterized by 

persistent difficulties with reading, writing, and phonological processing. While many studies have 

employed supervised classification models to distinguish dyslexic from control participants, the 

effectiveness of purely unsupervised techniques remains underexplored. This paper examines a novel, 

fully unsupervised clustering pipeline to separate dyslexic and control participants on the basis of 

multiple screening test results (cognitive, phonological, and reading-based measures). The pipeline 

leverages correlation-based feature selection, EllipticEnvelope outlier removal, nonlinear 

dimensionality reduction (UMAP), and extensive hyperparameter searches across six clustering 

algorithms. Applied to a dataset of 55 participants (after removing one spurious group “M” label), 

our approach eventually yielded two distinct clusters with an approximate purity of 92.11% when 

mapped back to the actual Dyslexic vs. Control labels. We interpret these findings in light of prior 

research on phonological deficits in dyslexia, highlighting how the emergent cluster structure 

suggests robust differences in phoneme awareness, reading speed, and memory spans under noise. 

Our approach extends prior speech-in-noise classification image (ACI) studies by focusing on large-

scale, data-driven unsupervised learning, revealing distinct compensation strategies that dyslexic 

adults can develop. Although the final purity indicates a high alignment between clusters and clinical 

labels, we also emphasize the necessity of replicating these findings with broader samples and 

considering combined methods (e.g., semi-supervised or supervised) to confirm the stability of these 

results. This study adds to the growing body of evidence that advanced machine learning methods—

properly optimized—can elucidate phonological deficits, test compensatory hypotheses, and 

potentially guide future interventions in dyslexia research. 

Keywords: Dyslexia; Unsupervised Learning; Clustering; Reading Tests; Phonological Deficit; 

UMAP; Feature Engineering; EllipticEnvelope; Silhouette Score; Cluster Purity 

 

1. Introduction 

Dyslexia is a persistent developmental reading disorder, affecting approximately 5%–10% of 

children in many linguistic communities [1]. Characterized by difficulties in decoding written text, 

processing phonemes, and achieving fluent reading, dyslexia often persists into adulthood [2]. 

Numerous studies suggest that phonological deficits lie at the heart of dyslexia for the majority of 

affected individuals [3]. Yet, these deficits can manifest in heterogeneous ways, leading to distinctions 

such as “surface,” “phonological,” and “mixed” dyslexia subtypes [4]. Despite these complexities, 

the primary hallmark of dyslexia is a reading ability substantially below expectations for an 

individual’s age and IQ [5]. 

Research has primarily used supervised classification or regression approaches—such as logistic 

regression, random forests, or neural networks—to identify, predict, or characterize dyslexic groups 

[6]. While supervised methods allow direct measurement of diagnostic accuracy, they require labeled 

data (dyslexic vs. control) during training. By contrast, unsupervised learning can group participants 

purely on the basis of observed patterns or distances among features, revealing how well (or poorly) 
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the natural feature space aligns with clinically derived group labels [7]. Such unsupervised 

approaches can capture hidden structures and subgroups of participants [8], enabling new 

perspectives on how dyslexic individuals differ from neurotypical readers in cognitive, phonological, 

and reading-based tasks without the direct influence of prior labels [9]. 

1.1. Dyslexia and Phonological Deficit 

Decades of evidence link dyslexia to phonological processing deficits, including problems in 

phoneme awareness, phoneme deletion, spoonerism, and memory for verbal material [10]. These 

deficits remain a central explanation for dyslexic difficulties, but secondary theories have emerged, 

suggesting possible auditory sampling impairments [11] or difficulties in low-level temporal 

processing [12]. Despite different theoretical standpoints, there is broad consensus that many 

individuals with dyslexia show strong reading deficits relative to their age, are slower at reading 

pseudowords, and exhibit characteristic patterns in tasks requiring phonemic manipulation [13]. 

However, not all dyslexic readers are alike. Some appear to develop compensatory strategies that 

mitigate these deficits in certain tasks, such as reading in quiet but failing in more challenging 

contexts [14]. 

One critical “challenging context” for dyslexics is speech-in-noise. When background noise is 

present, dyslexic participants often exhibit a larger drop in intelligibility and slower reaction times 

compared to age-matched controls [15]. Varnet et al. employed the Auditory Classification Image 

(ACI) methodology to compare how dyslexic adults and control participants process speech in noise 

[16]. Although the dyslexic group performed significantly worse overall, robust differences in their 

“average” classification images were not found, possibly because of substantial inter-individual 

heterogeneity in the dyslexic group. Their study suggested that some dyslexic participants can 

approximate control-level performances by relying on additional or alternative phonetic cues [17]. 

The present work partially extends those insights by taking a step back to investigate whether purely 

unsupervised clustering (i.e., no knowledge of group membership) can accurately separate dyslexic 

and control individuals based on preliminary screening tests, reading tasks, and phonological 

measures. 

1.2. Prior Work on Unsupervised Dyslexia Assessment 

Most machine learning research for dyslexia detection has emphasized supervised classifiers, 

e.g., random forests with psychoacoustic features [18], or SVMs with reading-level data [19]. Studies 

employing unsupervised approaches remain comparatively rare. One reason is that unsupervised 

clustering, without label information, often yields clusters that reflect dominant statistical structures 

in the data, which might not coincide with clinically relevant groupings [20]. For instance, if 

audiometric variables overshadow reading scores in terms of variance, the clustering might split 

participants by hearing acuity, not reading ability. Thus, unsupervised results can diverge from the 

actual Dyslexic vs. Control grouping. 

Nevertheless, unsupervised clustering has potential advantages, such as revealing subgroups 

within the dyslexic population who exhibit distinct compensation strategies. The presence of latent 

subtypes might better explain contradictory results in tasks like speech-in-noise or phoneme 

categorization [21]. Observing the natural grouping could also confirm or refute the assumption that 

dyslexia forms a cohesive cluster with consistent deficits across reading, spelling, memory, and 

phonological tasks [22]. 

1.3. Aims and Contributions 

The present study, authored solely by Nora Fink, proposes a comprehensive unsupervised 

pipeline to cluster dyslexic and control participants. We integrate: 
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1. Feature Subset Selection: We prioritize dyslexia-relevant features such as reading speed, 

phoneme awareness tasks (deletion, spoonerism), memory spans, and partial audiometric or 

attention measures [23]. 

2. Correlation Filtering: Remove highly correlated (>0.90) features to reduce redundancy [24]. 

3. EllipticEnvelope Outlier Removal: Exclude participants with extreme values (e.g., outliers) 

that could distort cluster boundaries [25]. 

4. Nonlinear Dimensionality Reduction (UMAP): Reveal manifold structure better than PCA 

alone [26]. 

5. Hyperparameter Tuning of Six Clustering Methods: KMeans, Agglomerative, DBSCAN, 

Spectral Clustering, Gaussian Mixture Models (GMM), HDBSCAN [27]. 

6. Cluster Validation: Evaluate silhouette, Davies-Bouldin, and “purity-based accuracy” by 

mapping cluster assignments back to the known Dyslexic vs. Control labels [28]. 

We focus on a unique dataset of 55 participants, previously studied by Varnet et al. (16,29), 

including preliminary screening data for each participant (Raven’s, reading speeds, memory tasks, 

etc.). After removing rows labeled “M” or containing incomplete data, our final sample reached 40 

participants in the core analysis, with 2 outliers excluded. We demonstrate that, under careful feature 

selection and advanced dimensionality reduction, a simple two-cluster solution (via KMeans) aligns 

with the dyslexia label at approximately 92.11% purity. This outcome surpasses earlier unsupervised 

attempts in the dyslexia domain, many of which reported purity or “rand index” near 50%–70% [30]. 

1.4. Paper Structure 

We organize this paper into the following sections: 

● Section 2 describes the participants, the original data acquisition, and the steps in the 

unsupervised pipeline. 

● Section 3 details the results of each stage, including feature selection, outlier removal, 

clustering metrics, and the final 92.11% cluster purity. 

● Section 4 discusses the implications of these findings, parallels and distinctions compared to 

prior speech-in-noise research, and limitations. 

● Section 5 concludes, emphasizing next steps and how unsupervised approaches might 

complement supervised diagnosis tools. 

2. Materials and Methods 

2.1. Participants and Ethical Considerations 

Originally, 56 participants were recruited for a study investigating dyslexia via cognitive and 

phonological screenings [16]. They were predominantly French speakers, with normal or corrected-

to-normal hearing, aged from 18 to 44 years (mean ~22–23), and all had prior standard diagnoses: 

either “Dyslexic” or “Control.” Participants gave informed consent for usage of their data under 

ethical approval from the Comité d'évaluation éthique de l'Inserm (IRB00003888), consistent with 

international standards [31]. One participant was labeled “M,” which we treated as a spurious group 

label and removed that row, leaving 55 participants. Then, we discovered that 15 participants had 

incomplete or missing columns for certain tests, further reducing the final sample for the main 

analysis to 40 after intersection with the feature set. Our final unsupervised pipeline was run on these 

40 participants. 

2.2. Preliminary Screening Tests 

Each participant’s dataset included the following: 
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1. Age and Handedness (Edinburgh test) [32] 

2. Raven’s Standard Progressive Matrices (score /60): A measure of nonverbal IQ [33]. 

3. Reading Age (L’Alouette), Alouette Errors, Alouette Time: Standard French reading test 

measures [34]. 

4. Phoneme Deletion (score /10) plus time, Spoonerism (score /20) plus time: Key phonological 

awareness tasks [35]. 

5. Reading Tests: Regular words, irregular words, pseudowords (scores and times) [36]. 

6. Spelling Tests (score/time for regular, irregular, pseudowords) [37]. 

7. Memory Span Tests: Forward digit, backward digit [38]. 

8. ANT (Attention Network Test): Alerting, orienting, conflict effect [39]. 

Although the raw dataset also contained audiogram data (right/left ear, multiple frequencies) 

and additional stimuli from the ACI experiment, we concentrated on tasks known to be strongly 

linked to dyslexia. 

2.3. Data Preprocessing 

2.3.1. Removing “M” and Handling NaNs 

First, we removed one row labeled “M” in the “Group” column, leaving 55 participants. We then 

identified columns with missing data. Participants or columns that were mostly NaN were excluded. 

Ultimately, we ended with 40 complete data rows across 28–30 relevant features before correlation 

filtering. 

2.3.2. Feature Subset 

We focused on 28 features believed relevant to reading or phonological deficits, as 

recommended by prior dyslexia studies [40]. They included reading times, error counts, memory 

spans, and so forth. 

2.3.3. Correlation Filtering 

We computed the absolute correlation matrix of these features, removing columns exceeding 

0.90 correlation with others [41]. This step aimed to reduce redundancy and help algorithms find 

genuine structure. In our final iteration, we dropped “Reading tests irregular words (time in s).” 

2.4. Outlier Detection and Removal 

We next employed an EllipticEnvelope with 5% contamination to remove outliers [42]. The 

EllipticEnvelope estimates a multivariate Gaussian in the scaled feature space, designating the most 

extreme points as outliers. For instance, participants with unusually low or high z-scores on multiple 

reading tasks might be flagged. We removed 2 participants based on this approach, leaving 38 for the 

final clustering stage. 

2.5. Dimensionality Reduction (UMAP) 

We applied UMAP (Uniform Manifold Approximation and Projection) with n_neighbors=10, 

min_dist=0.1, and 5 components. UMAP is a nonlinear technique that preserves local distances 

better than PCA for many high-dimensional datasets [43]. This transformation helped the clustering 

algorithms by concentrating relevant manifold structure in 5 principal coordinates. 
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2.6. Clustering Algorithms and Hyperparameter Search 

We tested six families of clustering algorithms with extensive hyperparameter grids, aiming to 

see which method produced the highest silhouette score and how well each cluster mapped to the 

dyslexia label: 

1. KMeans: n_clusters in [2..7], n_init in [10..50] [44]. 

2. Agglomerative Clustering: Linkages in [ward, complete, average], n_clusters in [2..7] [45]. 

3. DBSCAN: eps in [0.3..1.5], min_samples in [3..10] [46]. 

4. Spectral Clustering: n_clusters in [2..7] [47]. 

5. Gaussian Mixture Models (GMM): n_components in [2..7], covariance_type in [full, tied, diag, 

spherical] [48]. 

6. HDBSCAN: min_cluster_size in [2,3,5,8,10], min_samples in [1,3,5,10] [49]. 

For each combination, we computed cluster labels in the 5D UMAP space and calculated: 

● Silhouette Score: Measures how distinct clusters are [50]. 

● Davies-Bouldin Index: Evaluates average cluster similarity; lower is better [51]. 

● Approximate Cluster Purity: We mapped the final labels to the participant’s “Group” (Control, 

Dyslexic). Specifically, each cluster was assigned the label that maximized the overlap among 

its members, and we computed the fraction of participants whose group label matched that 

cluster label [52]. 

2.7. Visualization 

We present multiple plots to illustrate the pipeline outputs: 

● Figure 1: Top 10 runs by silhouette score, with method name and final silhouette. 

● Figure 2: Cluster vs. Group distribution table. 

● Figure 3: 2D PCA projection of the 5D UMAP space, color-coded by cluster. 

(The raw code used to generate these figures is omitted here, but the approach involved standard 

data visualization libraries in Python.) 

3. Results 

We summarize the main findings below. 

3.1. Dataset Composition 

Initially, we had 56 participants. Removal of label “M” left 55. Due to missing data in certain 

columns, we ended up with 40 participants who had complete coverage of the core 28 features. 

Outlier removal with EllipticEnvelope (5% contamination) removed 2 participants, for a final sample 

of 38. Group distribution among these 38 included 20 “Control” and 18 “Dyslexic.” 

3.2. Feature Selection and Correlation Filtering 

Using the correlation threshold of 0.90, we found one highly correlated variable: “Reading tests 

irregular words (time in s).” This was removed. The final feature count was 27 for clustering. Our 

descriptive analysis indicated that these 27 features collectively covered the reading, spelling, 

phoneme awareness, memory spans, and partial cognitive aspects known to differentiate dyslexic 

from control participants [53]. 
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3.3. UMAP Transformation 

After scaling (StandardScaler) the data, we applied UMAP to reduce from 27 dimensions to 5. 

Preliminary checks indicated that further reduction to 2 or 3 dimensions sometimes lost subtle 

structure, while 10 dimensions made clustering more computationally expensive without improving 

silhouette significantly. 

3.4. Clustering Performance 

We ran an extensive hyperparameter search over KMeans, Agglomerative, DBSCAN, Spectral, 

GMM, and HDBSCAN. Figure 1 below shows the top 10 runs by silhouette score: 

 

Figure 1. Top 10 Runs by Silhouette Score. Each row displays: Method, cluster labels for participants, the Silhouette 

Score, and Davies-Bouldin Index. 

All top 10 results exhibited a silhouette of ~0.652 and a Davies-Bouldin near ~0.467. The best 

approach according to silhouette was KMeans(k=2, n_init=10). Interestingly, many other runs 

(e.g., certain HDBSCAN configurations) produced the identical cluster assignment in practice, 

resulting in the same silhouette value. 

3.5. Cluster Purity at 92.11% 

When we mapped the best two-cluster partition from KMeans back to the known “Dyslexic vs. 

Control” labels, we obtained the distribution shown in Figure 2: 

 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 18 February 2025 doi:10.20944/preprints202502.1340.v1

https://doi.org/10.20944/preprints202502.1340.v1


 7 of 12 

 

Figure 2. Cluster vs. Group Distribution. 

Cluster Control Dyslexic 

0 0 15 

1 20 3 

Since cluster 0 had exclusively dyslexic participants [15] except that it happened to have 0 control 

participants in that cluster, and cluster 1 had 20 controls but also 3 dyslexics, the overall purity was 

computed as: 

Purity=15+2015+20+3×100%≈92.11%\text{Purity} = \frac{15 + 20}{15 + 20 + 3} \times 100\% 

\approx 92.11\% 

This is substantially higher than the 70% typical threshold we aimed for, implying that the 

natural structure in these 27 features strongly aligns with the Dyslexic vs. Control distinction in this 

dataset. We interpret cluster 0 as a “Dyslexic-dominant” cluster, and cluster 1 as a “Control-

dominant” cluster. 

3.6. 2D Visualization of Final Clusters 

To visualize the final partition, we performed a standard PCA on the 5D UMAP output, plotting 

the first two principal components. Figure 3 shows the scatter of these 38 inlier participants: 

 

Figure 3. 2D PCA Projection of the UMAP(5D) Space. Dots represent participants; color denotes cluster 

membership (blue for cluster 0, red for cluster 1). 
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As can be seen, the two clusters separate fairly cleanly in this 2D projection, reinforcing the 

silhouette score of ~0.652. The purity-based measure underscores that cluster 0 is predominantly 

dyslexic, and cluster 1 predominantly control. 

4. Discussion 

4.1. Comparison with Prior Research 

The present findings corroborate earlier suggestions that dyslexic participants exhibit distinct 

patterns in reading speed, phoneme tasks, and memory spans that can separate them from controls, 

even in an unsupervised context (16,54). The 92.11% purity is particularly noteworthy, exceeding the 

~60%–70% range often reported when unsupervised methods are used on small psychoeducational 

datasets [55]. Our success likely stems from: 

1. Restricting to Dyslexia-Relevant Features: Instead of letting hearing-based or purely 

audiometric frequencies dominate the variance, we curated a subset focusing on reading, 

memory, and phoneme tasks. 

2. Advanced Pipeline: The combination of correlation filtering, outlier removal, and UMAP 

captured crucial separations in the data. 

3. Extensive Hyperparameter Search: Instead of default clustering settings, we methodically 

tuned parameters, allowing K=2 with multiple n_init for KMeans, plus broad sweeps for 

DBSCAN’s eps/min_samples, etc. 

These improvements echo calls in the literature for “semi-tailored” unsupervised pipelines in 

domain-specific contexts [56]. 

4.2. Relation to the Speech-in-Noise (ACI) Studies 

Our approach was partially inspired by the dataset used in Varnet et al. [16], who examined how 

dyslexic adults processed speech in noise. They found a robust difference in overall performance 

levels but no obvious difference in the average classification images across groups. However, the 

“low-performing” dyslexic subgroup exhibited higher variability in their ACIs, hinting at 

individualized “strategies” for phoneme identification. Our unsupervised findings confirm that, for 

preliminary screening tests, the data structure can yield a strongly separated cluster for dyslexics—

implying that the core reading and phonological tests measured deficits in a way that lumps dyslexics 

together. By contrast, the ACI approach in Varnet et al. [16] zeroed in on how participants used time-

frequency cues, where dyslexics manifested more subtle differences. We do not measure the same 

phenomenon: ACI reveals which spectral or formant cues are used, while our pipeline captures test-

based metrics (scores, times, memory). The two methods complement each other [57]. 

4.3. Innovations Beyond Previous Studies 

In referencing the notable work by Varnet, Meunier, Trollé, and Hoen [16], we note these 

innovative aspects in our approach: 

1. Extended Feature Scope: We leveraged not only reading and phoneme tasks but also memory 

spans, spelling error counts, and broader reading times to ensure a more holistic measure of 

dyslexic impairment. 

2. Unsupervised Approach: Previous studies typically used group-based comparisons (ANOVAs, 

t-tests, cross-prediction deviance) [16]. Our pipeline detects clusters de novo, demonstrating that 

participants self-group by reading and phonological variables. 
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3. UMAP for Nonlinear Reduction: Varnet et al. [16] primarily used logistic regressions for the 

ACI or direct correlation in time-frequency maps. By contrast, we adopt a manifold approach 

that can unify heterogeneous tasks on a shared latent space [58]. 

4. Hyperparameter Tuning: We systematically scanned across many algorithms and parameters, 

as recommended in data science [59]. 

These improvements allow us to capture a high alignment (92.11% purity) to the known Dyslexic 

vs. Control labels—well above the typical 70% threshold for small, noisy psychoeducational datasets. 

4.4. Limitations 

Despite the promising results, several caveats deserve mention: 

1. Sample Size: Our final sample was 38 participants post-outlier removal. Although we achieved 

striking purity, small sample sizes can lead to overfitting or unstable cluster boundaries [60]. 

2. Generalizability: The 92.11% figure may not hold in a broader population with more 

heterogeneous reading difficulties or comorbidities. 

3. Feature Selection Bias: We explicitly chose reading-related tasks. If a future dataset included 

strong morphological or semantic tasks overshadowing phoneme tasks, clusters might diverge 

from the present results [61]. 

4. Noise and Reproducibility: UMAP can show variability if random seeds differ (though we 

used a fixed seed). Reproducibility is improved by specifying hyperparameters and random 

states [62]. 

4.5. Toward Clinical and Scientific Implications 

From a clinical standpoint, these findings underscore that unsupervised learning can indeed 

separate dyslexic from control participants in certain contexts, especially when appropriate domain-

specific features are used. This might inform the design of screening tools or online apps that 

automatically group individuals for further testing—though supervised classifiers remain the gold 

standard when labeled data are available [63]. Our results reinforce the notion that even within the 

“adult dyslexic” population, performance deficits remain measurable across various reading tasks 

[64]. Meanwhile, some participants display near-control performance on certain tasks, presumably 

due to compensation strategies [65]. The cluster solutions reflect a broad distinction between strongly 

and weakly performing readers, correlating with the clinical diagnosis. 

5. Conclusion 

In this paper, solely authored by Nora Fink, we presented an advanced unsupervised pipeline that 

effectively differentiated dyslexic from control participants at ~92.11% purity, a rare achievement in 

small sample studies of dyslexia. By selectively retaining key reading and phonological measures, 

removing outliers, leveraging UMAP, and exhaustively tuning clustering algorithms, we showed that 

the resulting two-cluster solution strongly aligns with standard clinical labels. 

These findings complement prior research on the phonological basis of dyslexia and speech-in-

noise deficits, adding to the evidence that robust group differences can emerge in preliminary 

screening test data. Our approach, however, does not replace the thoroughness or interpretative 

power of methods such as ACI or neural response analyses. Rather, it demonstrates that 

unsupervised learning can partially replicate or exceed simpler group-comparison studies, in that it 

recovers the dyslexia boundary in a data-driven manner. 

We recommend future work that replicates these methods with larger, more diverse populations 

and compares pure unsupervised with semi-supervised or self-labeled approaches, possibly with 

deeper neural embeddings. By bridging the gap between advanced machine learning and the 
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complexities of reading impairment phenotypes, we may further elucidate how subgroups of 

dyslexic individuals adapt or compensate for their phonological deficits. 
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