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Abstract

Background
Scalar indices summarise corneal aberrations by magnitude, but they do not describe the overall
wavefront pattern. We investigated whether the full set of anterior and posterior corneal Zernike
coefficients could identify candidate aberration clusters without using diagnostic labels.

Methods
We analysed Pentacam HR examinations from 3,533 right eyes at a single tertiary centre. Second- to
sixth-order Zernike coefficients from both corneal surfaces were combined, block-normalised, reduced
by PCA for discovery-set cluster-number selection, and analysed with spherical k-means within a 70/30
internal discovery-replication framework. Standard tomographic indices were reserved for post hoc
interpretation, and selected partitions were refit on the full cohort for descriptive summarisation.

Results
Among the examined partitions, the optimum of the prespecified study composite was a two-cluster
solution, separating a normal-to-mild cluster (n = 2,472; median BAD-D 1.52) from an ectatic-severe
cluster (n = 1,061; median BAD-D 7.25). Because total RMS predicted this partition with 84.6% accuracy,
it largely reflected severity. A three-cluster model added an intermediate cluster (n = 915; median BAD-D
2.12, within the suspect range; 36.5% normal, 23.7% suspicious, 39.8% abnormal) and reduced RMS-
based predictability to 63.2%, indicating added pattern information beyond scalar severity alone. A four-
cluster model produced over-segmentation, with one cluster pair no longer distinguishable on post hoc
tomographic indices. Internal split-sample reproducibility was strongest for K = 2 and lower for K = 3 (for
K = 3: ARI 0.607; cosine similarity 0.886).

Conclusions
Unsupervised clustering of dual-surface Zernike coefficients organised corneal aberrations in a manner
not fully determined by scalar severity alone, while also identifying an intermediate cluster near the BAD-
D suspect range. A two-cluster partition was the most stable solution but largely mirrored overall
aberration severity; a three-cluster partition was less stable yet added a clinically interpretable
intermediate cluster that scalar severity alone did not capture, whereas a four-cluster partition produced
clusters that could no longer be reliably distinguished on post hoc tomographic indices. These findings
support unsupervised clustering as a descriptive, hypothesis-generating atlas of candidate aberration
clusters rather than a definitive phenotype taxonomy.

Page 2/22



Background
The cornea accounts for approximately two-thirds of the eye’s total refractive power [1] and is the
primary source of optical aberrations [2]. Distortions in the corneal wavefront are defined using Zernike
polynomials in accordance with the OSA/ANSI standard [3, 4]: second-order terms represent defocus
and regular astigmatism, whilst third-order terms represent coma and trefoil. Fourth-order terms include
tetrafoil, secondary astigmatism and spherical aberrations [5]. Clinicians routinely reduce these data to a
scalar value, such as the root mean square (RMS), which serves as a general indicator of aberration
severity, thereby obtaining a simpler representation [6]. Whilst RMS values are useful for screening and
severity grading, they do not, on their own, provide information about the appearance of the aberrations
or the shape of the cornea [7, 8]. Furthermore, they do not show how the individual aberration
components change together across both corneal surfaces or what overall shape they form [9–11]. Two
corneas with the same RMS value may have very different compositions in terms of coma, trefoil and
spherical aberrations, and this can lead to different optical outcomes following refractive surgery or with
different intraocular lens designs [12–14].

Anterior and posterior corneal aberrations have been examined in detail separately, and the interaction
between them may be significant in ectasia screening [15]. In cataract or refractive surgery, this may be
clinically significant in many cases, as selecting an intraocular lens suited to the patient’s corneal
aberration profile can improve retinal image quality [16, 17]. Higher-order aberrations (HOA) on the
posterior surface are approximately one-quarter of those on the anterior surface. However, in
keratoconus, coma and trefoil on the posterior surface progress in the opposite direction to the anterior
surface and partially counterbalance the anterior aberrations [18]. In the detection of subclinical
keratoconus, anterior surface vertical coma (Z3 − 1) is the strongest single predictor (AUC 0.922–0.980);
the addition of posterior surface coefficients did not significantly increase this already high accuracy [19,
20]. These controlled analyses demonstrate the diagnostic value of individual parameters in the
detection of ectasia. To the best of our knowledge, it has not yet been fully determined how the complete
set of coefficients obtained from both surfaces collectively defines the optical profile, nor whether this
profile can be used for classification according to candidate aberration clusters.

Current corneal classification relies largely on scalar grading systems. The severity of keratoconus has
traditionally been graded using the Amsler–Krumeich system, which is based on anterior keratometry
and corneal thickness, however, this system fails to capture posterior surface changes and subclinical
ectasia [21]. Alió and Shabayek [22] proposed grading based on anterior coma-like RMS and
demonstrated a strong correlation (r = 0.833) between aberration magnitude and mean keratometry.
Belin and colleagues developed the ABCD grading system, which integrates anterior and posterior
curvature, pachymetry and visual acuity [23]. In contrast, BAD is a screening tool based on regression
analysis of nine tomographic parameters; with a BAD-D value > 1.88, it exhibits a false-positive rate of
2.5% and a false-negative rate of less than 1%, emerging as a highly sensitive marker for early ectasia
screening [24]. However, this high level of technological success in disease detection has not yet been
fully reflected in the classification of the full spectrum of disease severity. Indeed, the 2015 Global
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Keratoconus Consensus acknowledged that existing grading systems (e.g., Amsler–Krumeich) are
inadequate in reflecting tomographic and morphological progression; it emphasised the need for new
classification approaches that integrate clinical and functional findings with tomographic parameters
[25]. These limitations are not unique to ectasia: in both refractive surgery and cataract surgery, scalar
indices do not provide information on which aberration modes are dominant in a given cornea, yet it is
precisely this composition that determines visual outcomes [8, 26–28]. This gap between the devices’
ability to detect the condition and the literature’s failure to objectively classify this complex spectrum
further highlights the need for new models based on the nature of the data itself, independent of fixed
threshold values and human bias.

Artificial intelligence algorithms are also widely used in ophthalmology, including corneal ectasia
detection. However, many current automated keratoconus detection methods are supervised learning
models based on clinically labelled data [29]. Whilst supervised learning approaches provide high
accuracy in diagnosing distinct diseases, they require large amounts of labelled data, are susceptible to
observer bias arising from manual classification, and force a continuous disease spectrum into
categories using rigid threshold values [29]. In contrast, unsupervised machine learning offers the ability
to objectively cluster data with similar features by detecting hidden groupings in unlabelled data, without
human intervention or prior knowledge [30–32]. To overcome the limitations of supervised learning in
the literature, which relies on fixed threshold values, and to objectively map the morphological spectrum
ranging from healthy corneas to advanced ectasia, semi-supervised clustering models have recently
been successfully developed [33]. However, there remains a need for end-to-end, fully unsupervised
studies that do not require pre-labelled diagnostic groups at any stage of the process.

To our knowledge, no study has applied unsupervised clustering to the complete set of Zernike
coefficients obtained from both corneal surfaces across the full clinical spectrum. In this study, we
applied spherical k-means clustering to block-normalised dual-surface Zernike representations derived
from 3,533 eyes. The fundamental question was: can an unsupervised machine learning algorithm group
corneal aberrations into reproducible aberration clusters without any diagnostic labels? Can these
candidate clusters be presented as a visual reference atlas?

Methods

Study design and ethical approval
This retrospective, cross-sectional, single-centre study utilised corneal tomography data obtained
between September 2022 and October 2025 at Izmir City Hospital, a tertiary referral centre, using the
Pentacam HR Scheimpflug imaging system (OCULUS, Wetzlar, Germany). Ethical approval for the
secondary analysis of de-identified archival Pentacam records was obtained from the Clinical Research
Ethics Committee of Izmir City Hospital (No. 2026/337) before data extraction for the present research
analysis; the underlying clinical examinations had been accrued during routine care between September
2022 and October 2025. All procedures adhered to the tenets of the Declaration of Helsinki, and the
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requirement for informed consent was waived because the study used retrospective anonymised data.
The study complies with the STROBE guidelines for cross-sectional studies.

Cohort formation
Raw examination records were obtained from three standard Pentacam export files: Zernike wavefront
analysis (ZERNIKE-WFA), the Belin/Ambrósio enhanced ectasia display (BADisplay-LOAD) and
topometric indices (INDEX-LOAD). Primary study variables were derived from these device export data;
no manual clinical chart review of diagnoses, progression status, or visual outcomes was undertaken.
Sex was retrieved separately from hospital medical records for descriptive purposes because it is not
included in the standard Pentacam export. A seven-step sequential exclusion pipeline was applied: (1)
retention of examinations present in all three files; (2) exclusion of non-zero device error codes; (3)
removal of missing Zernike coefficients; (4) exclusion of 8 eyes with missing BAD-D values because
BAD-D was the prespecified post-hoc anchor for cluster interpretation; (5) removal of invalid pachymetry
(CCT < 100 µm); (6) selection of the right eye only and retention of the earliest visit; (7) exclusion of
participants under 18 years of age. Diagnostic labels were not available; the only disease-related
classification used in the study was the BAD-D-based categorisation provided by the device (Normal < 
1.6; Suspicious 1.6–2.6; Abnormal > 2.6). These three categories correspond to the manufacturer's built-
in BAD-D output bands displayed on the Pentacam Belin/Ambrósio enhanced ectasia display and were
used here solely as a post-hoc descriptive anchor. They are distinct from the single 1.88 cut-off reported
by Villavicencio et al. [24] for binary ectasia screening, which was not used for any classification or
analysis in the present study.The use of the right eye alone controls for the known enantiomorphic
(mirror-symmetric) laterality effect in keratoconus corneas. Because this was a retrospective analysis of
archival exports, no formal sample-size calculation was performed; all eligible examinations meeting the
prespecified criteria were included. This process yielded a final cohort of 3,533 right eyes from 3,533
unique adult patients (Fig. 1).

Zernike wavefront extraction
Zernike coefficients defining the anterior (CF) and posterior (CB) corneal surface wavefronts were
obtained according to the OSA standard [4] using a 6.0 mm analysis diameter (2nd-6th orders). A
combined feature vector of 50 dimensions (25 CF + 25 CB) was constructed by excluding the piston and
tilt terms. A Zernike expansion up to the sixth order was preferred; it has been shown that higher-order
expansions do not significantly reduce fitting error in irregular corneas and that higher-order terms can
even cancel out lower-order terms in an unpredictable manner [34]. A parallel high-order aberration
(HOA) set (44 dimensions), limited to 3rd to 6th orders, was used in a dedicated sensitivity analysis to
test whether the K = 4 over-segmentation pattern persisted in an independent feature subset.

Data standardisation
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The magnitudes of the low-order Zernike terms are significantly greater than those of the high-order
terms. To prevent these scale differences from dominating the clustering, each eye was partitioned into
10 surface-by-order blocks (CF and CB, orders 2–6). Each block was L2-normalised independently,
meaning that it was rescaled to unit length so that larger numeric coefficients did not automatically
dominate the comparison. A very small epsilon term was used only to keep the calculation stable when a
block contained essentially no signal (EPS-stabilised division). The blocks were then concatenated and
the combined vector was globally L2-normalised so that each eye entered the cosine-based analysis on
the same overall scale. This preprocessing ensured equal weighting of both surfaces and all Zernike
orders before downstream analyses by mapping each eye onto a unit hypersphere. The approach is
conceptually aligned with spherical and robust functional-data strategies such as those described by
Locantore et al. [35].

Discovery–replication framework
The cohort was split into a patient-level discovery set (70%; n = 2,473) and an internal replication set
(30%; n = 1,060) using a fixed random seed (42). Cluster-number selection and severity-dependence
analyses were performed in the discovery set. Internal split-sample reproducibility was then assessed in
the held-out replication set by comparing independently fitted solutions with discovery-derived
assignments after centroid matching. After this validation step, the selected K = 2 and clinically oriented
K = 3 solutions were refit on the full cohort to generate the descriptive group sizes, tables, and atlas
figures reported in the Results.

Dimension reduction and clustering
Within the discovery set, PCA was fit to the block-normalised vectors and the smallest number of
components explaining at least 90% of the variance was retained, capped at 20 components. At the
selected cap, 20 components captured 79.5% of the variance in the full dataset (Additional file 1: Figure
S1). The discovery PCA transformation was then applied to the replication set, and the retained score
vectors were clustered directly without additional post-PCA L2 re-normalisation for cluster-number
comparison and split-sample reproducibility analyses. As in prior dimensionality-reduction studies by
Yousefi et al. [30] and Rodríguez et al. [36], the aim was not exact reconstruction but retention of
discriminative variation for clustering.

We used spherical k-means as the primary clustering algorithm (20 initialisations, 300 iterations,
convergence 10^-6). For cluster-number comparison and split-sample reproducibility, spherical k-means
was applied in the shared discovery PCA space. For the final descriptive atlases and tables, the selected
K values were refit on the full block-normalised coefficient vectors. In both settings, the objective was
cosine-based clustering by angular orientation rather than Euclidean distance. In practical terms, this
means that eyes were grouped by the overall shape of the wavefront pattern rather than simply by how
large the aberration values were.
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Cluster number selection
We compared cluster numbers across K = 2 to K = 6 using a composite summary of four prespecified
quantities: cosine silhouette, bootstrap stability, severity predictability, and maximum pairwise centroid
similarity. Because this composite included an interpretive severity term, K = 2 is best described as the
optimum of the prespecified study composite rather than as a purely internal statistical optimum.
Severity predictability was included to quantify how strongly a partition collapsed onto scalar aberration
magnitude. On that basis, K = 3 was retained as a prespecified clinically interpretable secondary solution
to examine whether additional pattern-level granularity could be gained without a major loss of stability.
K = 4 was tested as a deliberate over-segmentation probe (Additional file 1: Table S1; Additional file 1:
Figure S2).

Post-hoc clinical characterisation
To avoid circularity, standard Pentacam indices (ISV, IVA, KI, CKI, IHA, IHD, BAD-D, Kmax, CCT) were
excluded from clustering and used only to describe the resulting clusters. BAD-D was chosen as the
main post-hoc anchor because it is a widely validated composite screening measure [37, 38]. Global
differences were assessed using the Kruskal–Wallis H test and eta-squared effect sizes.

Validation of independence from severity
To test whether cluster assignment reflected wavefront shape rather than overall aberration size, we
trained multinomial logistic-regression models to predict cluster labels from total RMS or HOA RMS
alone. These analyses were performed in the discovery set using fivefold stratified cross-validation, and
overall accuracy, balanced accuracy, macro-F1, and AUC were reported as descriptive probes rather than
formal validation end points. Additional sensitivity analyses in Additional file 1 address cluster-number
robustness, discovery-replication concordance, and cosine-versus-Euclidean silhouette behaviour.

Statistical significance was set at p < 0.05 (two-tailed). For the three-cluster solution, pairwise post hoc
comparisons of tomographic indices were performed using Dunn's test with Bonferroni correction
following a significant Kruskal–Wallis H test. Because these inferential comparisons were rank-based,
pairwise Cohen's d values were reported only as standardised descriptive summaries of separation
rather than as parametric inferential statistics. Sex distribution across clusters was compared using the
chi-squared test with Cramer's V as the effect-size measure. The composite score for cluster-number
selection weighted the four constituent metrics equally after min–max normalisation; the exact formula
and robustness to alternative weighting schemes are detailed in Additional file 1: Table S7. Bootstrap
stability was assessed by resampling with replacement (B = 100) and computing the mean Adjusted
Rand Index between bootstrap and original cluster assignments.

Statistical software
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All analyses were performed in Python 3.12 using NumPy 2.2.6, pandas 2.3.3, scikit-learn 1.7.1, SciPy
1.17.0, and Matplotlib 3.10.5.

Results

Study cohort
Following sequential filtering of 19,181 matched examinations, 3,533 right eyes were obtained. The
median age was 32.10 years [IQR 24.41–47.41]. The median total RMS was 3.85 µm [IQR 2.27–6.93] and
the median BAD-D was 2.02 [IQR 1.22–5.09; range − 1.15 to 28.87], reflecting a heterogeneous cohort
ranging from normal corneas to advanced ectasia. Overall, 1,346 eyes (38.1%) were normal, 788 (22.3%)
were suspicious, and 1,399 (39.6%) were abnormal by BAD-D. Sex data were obtained from hospital
medical records, as they are not included in the standard Pentacam export (Table 1).

Table 1
Demographic and clinical characteristics of the study cohort (N = 3,533)

Variable N Mean ± SD Median [IQR] Range

Sex, male, n (%) 1,789 (50.6%) — — —

Sex, female, n (%) 1,744 (49.4%) — — —

Age (years) 3,533 37.62 ± 16.58 32.10 [24.41–47.41] 18.00–96.44

Total RMS (µm) 3,533 5.57 ± 4.84 3.85 [2.27–6.93] 0.63–35.36

HOA RMS (µm) 3,533 1.29 ± 1.28 0.66 [0.48–1.68] 0.17–8.61

BAD-D 3,533 3.69 ± 3.89 2.02 [1.22–5.09] −1.15–28.87

Kmax (D) 3,533 48.54 ± 5.77 46.70 [44.80–50.22] 39.03–80.62

CCT (µm) 3,533 509.46 ± 57.29 515.00 [474.00–549.00] 178.00–733.00

ISV 3,533 42.01 ± 31.97 31.00 [20.00–53.00] 6.00–228.00

IVA 3,533 0.36 ± 0.36 0.19 [0.12–0.48] 0.02–2.38

KI 3,533 1.07 ± 0.11 1.03 [1.00–1.10] 0.72–1.76

CKI 3,533 1.02 ± 0.04 1.01 [1.00–1.02] 0.80–1.32

IHA 3,533 14.87 ± 17.46 8.50 [3.40–18.70] 0.00–122.70

IHD 3,533 0.04 ± 0.05 0.02 [0.01–0.05] 0.00–0.36

Primary finding: two-cluster partition
The composite metric identified two clusters as the best solution (cosine silhouette 0.251; bootstrap
stability 0.989). The normal-to-mild cluster (n = 2,472, 70.0%) had low aberration levels (median total
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RMS 2.91 µm, HOA RMS 0.54 µm; median BAD-D 1.52, Kmax 45.70 D, CCT 532 µm). Its average
wavefront was regular and symmetrical, dominated by defocus (Fig. 2). The ectatic-severe cluster (n = 
1,061, 30.0%) had high aberration levels (median total RMS 9.60 µm, HOA RMS 2.30 µm; median BAD-D
7.25, Kmax 53.27 D, CCT 456 µm). Its average wavefront showed asymmetry, dominant coma, and
inferior decentration. Total RMS alone predicted cluster membership with 84.6% accuracy, confirming
that this split largely reflects severity. The cosine silhouette of 0.251 reflects the overlap expected in a
continuous disease spectrum, consistent with earlier corneal clustering studies [30, 33].

Table 2
Clinical summary of the two-cluster solution (K = 2). Values are reported as

median [IQR], n (%), or percentages, as appropriate.
Variable Cluster A (n = 2,472) Cluster B (n = 1,061) P-value

BAD-D 1.52 [1.01–2.19] 7.25 [5.03–10.31] < 0.001

Kmax (D) 45.70 [44.29–47.22] 53.27 [49.51–58.00] < 0.001

CCT (µm) 532 [507–559] 456 [425–487] < 0.001

Total RMS (µm) 2.91 [1.95–4.31] 9.60 [6.31–13.55] < 0.001

Normal (%) 53.3 2.7 —

Suspicious (%) 30.5 3.1 —

Abnormal (%) 16.2 94.2 —

Sex, male, n (%) 1,216 (49.2%) 573 (54.0%) 0.010

Sex, female, n (%) 1,256 (50.8%) 488 (46.0%) —

Extended resolution: three-cluster partition
To test whether splitting further reveals clinically meaningful structure, we evaluated a three-cluster
solution (Fig. 3): normal-mild cluster (n = 1,752, 49.6%; median BAD-D 1.46; 56.8% normal), intermediate
cluster (n = 915, 25.9%; median BAD-D 2.12; 36.5% normal, 23.7% suspicious, 39.8% abnormal) and
ectatic-severe cluster (n = 866, 24.5%; median BAD-D 8.07; 95.8% abnormal). All three pairwise
comparisons were statistically significant: normal-mild vs intermediate mean |Cohen's d| = 0.579;
normal-mild vs ectatic = 2.167; intermediate vs ectatic = 1.375. Global between-cluster effect sizes
across the main tomographic indices were large (eta-squared range 0.25–0.58). The intermediate cluster
had a median BAD-D in the suspect range and showed wavefront asymmetry with early inferior
decentration. Whether this cluster represents a distinct population or a division within a continuum
cannot be determined from cross-sectional data.
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Table 3
Clinical summary of the three-cluster solution (K = 3). Values are reported as median [IQR], n (%), or

percentages, as appropriate.
Variable Cluster A (n = 1,752) Cluster B (n = 915) Cluster C (n = 866) P-value

BAD-D 1.46 [0.99–2.05] 2.12 [1.52–4.27] 8.07 [7.07–12.29] < 0.001

Kmax (D) 45.56 [44.22–47.06] 46.54 [44.78–48.64] 54.33 [50.47–59.42] < 0.001

CCT (µm) 537 [511–561] 514 [485–544] 451 [420–480] < 0.001

Total RMS (µm) 2.91 [2.05–4.00] 3.85 [2.50–6.50] 11.70 [8.45–15.39] < 0.001

Normal (%) 56.8% 36.5% 0.2% —

Suspicious (%) 32.0% 23.7% 4.0% —

Abnormal (%) 11.2% 39.8% 95.8% —

Sex, male, n (%) 874 (49.9%) 456 (49.8%) 459 (53.0%) 0.277

Sex, female, n (%) 878 (50.1%) 459 (50.2%) 407 (47.0%) —

Resolution limit: four-cluster over-segmentation
We examined a four-cluster solution to test the upper limit of meaningful resolution. At K = 4, one pair
(P1-P2) was not distinguishable on the post hoc tomographic indices: six of the nine variables were
statistically non-significant, with a mean |Cohen's d| = 0.228 (negligible-small). In contrast, all other
cluster pairs showed an average |d| of 0.998–2.757. The same pattern of over-segmentation was
confirmed in a parallel HOA-only analysis using an independent set of features (average |d| = 0.229).
Together with the optimum of the prespecified study composite at K = 2 and the added clinical
granularity observed at K = 3, this supports a three-cluster solution as the highest clinically interpretable
resolution among the examined partitions in this feature space. Details for K = 4 are provided in
Additional file 1 (Figures S3-S4; Tables S2-S5).

Relationship with severity
Total RMS alone predicted discovery-set cluster membership with 84.6% accuracy, 80.3% balanced
accuracy, and AUC 0.890 at K = 2, versus 63.2% accuracy, 56.3% balanced accuracy, macro-F1 0.492, and
macro-averaged one-versus-rest AUC 0.766 at K = 3 (Fig. 4). High predictability at K = 2 indicates that the
main partition largely reflects severity. The lower balanced metrics at K = 3, together with the still
acceptable silhouette and stability values, suggest that the intermediate cluster captures information
partly independent of severity, although this requires longitudinal validation.

Reproducibility
Cluster proportions were similar between the discovery and replication sets. Internal split-sample
concordance was highest for the two-cluster solution (mean matched centroid cosine similarity 0.995;
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ARI 0.970 between projected and independently refit replication labels) and more moderate for the three-
cluster solution (0.886 and 0.607, respectively). These findings indicate that the clinically interpretable
three-cluster solution remained reproducible, but less so than the more stable two-cluster partition.

Sex distribution across clusters
Sex distribution did not differ significantly across the three-cluster solution (χ² = 2.57, p = 0.277, Cramer's
V = 0.027). Cluster A contained 874 males (49.9%), Cluster B 456 males (49.8%), and Cluster C 459
males (53.0%) (Tables 2–3). In the two-cluster solution, a modest but statistically significant difference
was observed (χ² = 6.69, p = 0.010, Cramer's V = 0.044), with a slightly higher male proportion in Cluster
B (54.0% vs. 49.2%); however, the negligible effect size (V = 0.044) indicates that sex had no meaningful
influence on cluster assignment.

Discussion
This study set out to map the corneal ectasia spectrum without predefined diagnostic labels or scalar
thresholds. Using surface-by-order block normalisation, PCA-based discovery-set model selection, and
spherical k-means, we identified reproducible aberration-cluster structure from the native geometry of
the data rather than from externally imposed categories. This distinction is important: after block-based
L2 normalisation, clustering was driven primarily by angular pattern similarity rather than overall
aberration magnitude. In that sense, the present framework is conceptually aligned with the spherical
and robust functional-data perspective described by Locantore and colleagues [35] while adapting that
intuition to dual-surface corneal aberration clustering.

The central interpretive finding is the divergence between the optimum of the prespecified study
composite and clinical usefulness. K = 2 was the strongest solution on that composite and also showed
the highest internal split-sample reproducibility, but total RMS predicted that partition with 84.6%
accuracy, 80.3% balanced accuracy, and AUC 0.890, indicating that it largely recapitulates a familiar
severity axis. By contrast, moving to K = 3 incurred only a modest loss in silhouette and stability whilst
reducing RMS predictability to 63.2% accuracy, 56.3% balanced accuracy, macro-F1 0.492, and macro-
averaged one-versus-rest AUC 0.766. That trade-off suggests that the third cluster contributes
information beyond scalar magnitude. Consistent with this interpretation, the intermediate cluster
comprised 915 eyes, had a median BAD-D of 2.12, and showed a diagnostic composition positioned
between the normal-mild and ectatic-severe clusters rather than simple enrichment of a single BAD-D
category. In other words, Cluster B was not merely a numeric midpoint on a severity scale; it represented
a recurring suspect-range wavefront pattern that reappeared across eyes. Bootstrap stability remained
high at K = 3, but internal split-sample concordance was more moderate than for K = 2 (mean centroid
cosine similarity 0.886; ARI 0.607), supporting K = 3 as a clinically informative secondary solution rather
than the most stable partition.

The K = 4 analysis was informative not because it improved resolution, but because it exposed the
resolution limit of this feature space. Forcing a four-cluster solution split one cluster pair into
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subclusters that were not distinguishable on the post hoc tomographic indices, and the same over-
segmentation pattern reappeared in the independent HOA-only feature set. Taken together with the
optimum of the prespecified study composite at K = 2 and the added granularity at K = 3, these findings
support K = 3 as the most clinically informative secondary partition examined here. By contrast, K = 4
primarily introduces artificial subdivisions without a clear morphological or clinical counterpart.

These findings speak to a persistent limitation of current ectasia classification systems: most remain
organised around scalar severity scores. Amsler-Krumeich, coma-based grading, and even the more
comprehensive ABCD system summarise disease burden but do not resolve how aberration modes
combine across the anterior and posterior cornea [21–25]. Prior machine-learning studies have shown
that unsupervised and semi-supervised approaches can reveal structure in corneal data [30, 31, 33], and
PCA-based work has clarified broad modes of corneal variation [36]. Our contribution is to combine dual-
surface Zernike representation, block-normalised spherical geometry, discovery-set PCA compression,
and label-free clustering in a single workflow that yields candidate aberration clusters that are internally
reproducible and visually interpretable.

The potential clinical value of this framework lies less in replacing existing diagnostic indices than in
complementing them. The intermediate cluster may help characterise eyes that occupy diagnostically
ambiguous territory on scalar metrics yet share a coherent wavefront pattern. Clinically, an eye with a
borderline or suspect BAD-D but a Cluster B-like spatial pattern may warrant caution rather than
reassurance: in refractive surgery work-up, it could justify repeat tomography, adjunctive biomechanical
or epithelial-thickness assessment, and a lower threshold to defer corneal laser ablation if other risk
markers align. A similar logic may apply in cataract surgery planning, where a cornea that appears only
moderately abnormal on scalar indices but falls into this pattern-based intermediate cluster may be a
less suitable candidate for multifocal or other premium IOL strategies that are sensitive to irregular
higher-order aberrations. These examples are hypothesis-generating rather than outcome-validated, but
they illustrate how the atlas could change decision-making precisely in the grey zone where scalar
summaries are most equivocal. More broadly, the atlas provides a label-free morphological scaffold for
future studies linking these candidate clusters to biomechanics, genetics, and longitudinal progression.

Several limitations should temper interpretation. The cross-sectional design does not establish whether
eyes within the intermediate cluster will progress over time, so longitudinal validation is essential. The
data were derived from a single tertiary centre and a single device platform (Pentacam HR), which may
limit generalisability and may enrich the cohort for more advanced ectasia than a population-based
sample. The discovery-replication framework demonstrated internal split-sample reproducibility, not
external validation across centres or devices. Because no independent clinical ground truth was
available, cluster interpretation remained post hoc and relied on BAD-D and related tomographic indices;
although these variables were excluded from clustering, they arise from the same imaging session and
are not fully independent of the underlying corneal geometry. Excluding the 8 eyes with missing BAD-D
values to preserve complete-case post hoc anchoring may also have introduced limited selection bias.
Functional correlates such as best-corrected visual acuity and refraction were not available. This limits
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direct structure-function inference, but the present study was designed primarily as a morphological
atlas of aberration geometry rather than as a functional outcome study. The current atlas should
therefore be viewed as a structural scaffold for prospective work linking cluster membership to visual
quality, refraction, biomechanics, and postoperative outcomes. In addition, PCA retained 79.5% of the
variance, so some high-frequency local irregularities may not have been preserved, and clustering on
PCA scores does not reproduce the original hyperspherical geometry exactly. The RMS-based classifier
analyses were intended as descriptive probes of severity dependence; we therefore report balanced
accuracy and AUC alongside simple accuracy, but these probes do not establish causal independence
from severity. Restricting the analysis to right eyes prevented assessment of inter-eye asymmetry, and
Zernike polynomials themselves remain an imperfect basis for modelling highly irregular ectatic
corneas.

Conclusions
This study shows that dual-surface Zernike coefficients contain reproducible unlabeled structure. Among
the examined partitions, K = 2 was the most stable and reproducible solution and largely reflected
aberration severity, whereas K = 3 provided a less stable but clinically interpretable secondary partition
with an intermediate cluster centred in the BAD-D suspect range. That intermediate cluster may be most
relevant in gray-zone eyes, where scalar indices alone do not fully describe the spatial pattern of
irregularity. The failure of K = 4 to yield additional distinguishable structure indicates that this framework
is best interpreted as a descriptive, hypothesis-generating atlas of candidate aberration clusters rather
than a definitive phenotype taxonomy. External and longitudinal validation, including links to visual
outcomes and surgical decision-making, will be required before any cluster is treated as a phenotype
class.
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Figure 1

Cohort formation flowchart. A sequential exclusion pipeline leading from 19,181 matched Pentacam
examinations to a final analytical cohort of 3,533 right eyes.
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Figure 2

Two-cluster corneal aberration wavefront atlas (K = 2). Each column represents a cluster: Cluster A (n = 
2,472, 70.0%; median BAD-D 1.52) and Cluster B (n = 1,061, 30.0%; median BAD-D 7.25). Row (i): centroid
wavefront reconstructed from the cluster centre. Row (ii): medoid (the cluster member with the highest
cosine similarity to the centre). Row (iii): low-RMS exemplar (approximately the 10th percentile of within-
cluster total RMS). Row (iv): high-RMS exemplar (approximately the 90th percentile of within-cluster total
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RMS). Colour scale: red–blue dichromatic map; warm colours indicate positive wavefront deviation, cool
colours indicate negative wavefront deviation.

Figure 3

Three-cluster corneal aberration wavefront atlas (K = 3). Three columns: Cluster A (n = 1,752, 49.6%;
median BAD-D 1.46), Cluster B (n = 915, 25.9%; median BAD-D 2.12) and Cluster C (n = 866, 24.5%;
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median BAD-D 8.07). Row (i): centroid wavefront reconstructed from the cluster centre. Row (ii): medoid
(the cluster member with the highest cosine similarity to the centre). Row (iii): low-RMS exemplar
(approximately the 10th percentile of within-cluster total RMS). Row (iv): high-RMS exemplar
(approximately the 90th percentile of within-cluster total RMS). Cluster B exhibits wavefront asymmetry
and early inferior decentration. Cosine silhouette = 0.182; bootstrap stability = 0.921.

Figure 4

Relationship between discovery-set cluster assignment and scalar aberration magnitude (K = 2 and K = 
3). Top row: two-cluster partitioning (K = 2). Bottom row: three-cluster partitioning (K = 3). Left panels:
box plots of total corneal RMS (μm) by discovery-set cluster. Middle panels: box plots of HOA RMS (μm)
by discovery-set cluster. Right panels: fivefold stratified cross-validated logistic-regression accuracy for
predicting discovery-set cluster labels from total RMS or HOA RMS alone. Dashed red line = chance level.
At K = 2, total RMS predicted cluster membership with 84.6% accuracy; at K = 3, accuracy fell to 63.2%.
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