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Abstract

Objective: To develop and validate machine learning (ML) models for objective and comprehensive quantification of sagittal

craniosynostosis (SCS) severity, enhancing clinical assessment, management, and research.

Design: A cross-sectional study that combined the analysis of computed tomography (CT) scans and expert ratings.

Setting: The study was conducted at a children’s hospital and a major computer imaging institution. Our survey collected expert

ratings from participating surgeons.

Participants: The study included 195 patients with nonsyndromic SCS, 221 patients with nonsyndromic metopic craniosynostosis

(CS), and 178 age-matched controls. Fifty-four craniofacial surgeons participated in rating 20 patients head CT scans.

Interventions: Computed tomography scans for cranial morphology assessment and a radiographic diagnosis of nonsyndromic SCS.

Main Outcomes: Accuracy of the proposed Sagittal Severity Score (SSS) in predicting expert ratings compared to cephalic index

(CI). Secondary outcomes compared Likert ratings with SCS status, the predictive power of skull-based versus skin-based land-

marks, and assessments of an unsupervised ML model, the Cranial Morphology Deviation (CMD), as an alternative without

ratings.

Results: The SSS achieved significantly higher accuracy in predicting expert responses than CI (P< .05). Likert ratings outper-

formed SCS status in supervising ML models to quantify within-group variations. Skin-based landmarks demonstrated equivalent

predictive power as skull landmarks (P< .05, threshold 0.02). The CMD demonstrated a strong correlation with the SSS (Pearson

coefficient: 0.92, Spearman coefficient: 0.90, P< .01).

Conclusions: The SSS and CMD can provide accurate, consistent, and comprehensive quantification of SCS severity. Implementing

these data-driven ML models can significantly advance CS care through standardized assessments, enhanced precision, and

informed surgical planning.
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Introduction

Craniosynostosis (CS) is a congenital craniofacial disorder
resulting from the premature fusion of cranial sutures, impact-
ing approximately 1 in every 2000 live births in the United
States.1 CS is associated with appearance-related psychosocial
challenges as well as functional sequela including increased
intracranial pressure, developmental delay, and visual distur-
bances.2,3 Sagittal craniosynostosis (SCS) is the most
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common subtype (55%-60% of all cases)1 and presents unique
clinical challenges as a result of its wide phenotypic spectrum
and varying treatment options.4 Effective management requires
a precise assessment of the condition, but current methods are
often subjective, cumbersome, and reductive. Widely used
systems like the Whitaker classification (postoperative assess-
ment) suffer from subjectivity and low interrater reliability.5

Conventional measures such as the cephalic index (CI),6,7 sca-
phocephalic index,8 VNO angle,9 posterior arc angle,10 and
intracranial volume11 require manual, expert-driven annotation
and specialized software. Moreover, they rely on predefined
landmarks and ignore 3D morphology, limiting the accuracy
and interpretability essential for clinical decision-making.
Recent machine learning (ML) models using data-driven and
task-specific features show promise in CS diagnosis, but
most focus on classification rather than quantifying severity
—a clinically valuable yet challenging task.12,13 Thus, there
is a critical need for advanced solutions with easy-to-use,
precise tools to objectively and quantitatively phenotype
skull morphology to improve patient care.

To address the gap, this study aims to establish a compre-
hensive and objective metric for SCS severity—the Sagittal
Severity Score (SSS) from preoperative imaging and expert
ratings. Building on prior work which established both super-
vised and unsupervised ML-based severity metrics for metopic
craniosynostosis (MCS) and an unsupervised general metric
(CMD),14,15 the SSS expands this methodology by capturing
the distinct three-dimensional nuances of SCS. Ultimately,
this study seeks to provide valuable automated phenotyping
tools that clinicians can use for point-of-care patient manage-
ment, medical decision-making, and standardized research
across clinical centers, made accessible through a user-friendly
online platform.16,17

Materials and Methods

We conducted a cross-sectional study with Institutional
Review Board (IRB) approvals at two sites: a high-volume
children’s hospital and a major computer imaging institution.
Computed tomography (CT) scans obtained as part of standard
clinical care were deidentified and utilized as part of two data-
sets: (1) 0 to 12 month-old subjects whose CT scans confirmed
sagittal or MCS, and (2) age/gender-matched control subjects
whose CT scans were obtained as part of a negative head
trauma work up. All scans were identified from the patient
records of collaborating surgeons. To ensure high-quality
imaging, we performed quality checks, and scans with
missing facial structures, significant motion artifacts, incom-
plete imaging, or poor resolution were excluded. A previously
established image processing pipeline first segmented each
head CT scan via the Kittler-Illingworth thresholding algo-
rithm to separate cranial structures from surrounding
tissues.18 Next, the pipeline filled any holes, for example, fon-
tanelles and orbital foramina, using a graph-based algorithm to
ensure the surface was watertight. It then applied a registration
based on Mattes mutual information19 to align the segmented

skull with two template images, one control and the other
with SCS, which automatically selected whichever reference
yielded higher mutual information. Then it propagated the ref-
erence’s cropping plane defined by the nasion and bilateral
portions and removed irrelevant regions to focus on the
cranial vault for subsequent analysis (Figure 1).14,16 We
employed Statistical Shape Modeling using Shapeworks to
position 2048 homologous 3D landmarks on each skull
surface, enabling a detailed morphological assessment of
cranial structures.20 Skin-based landmarks were similarly
obtained using skin surface reconstructions to study extendibil-
ity to noninvasive measurements.21

A self-designed online survey platform presented 3D skull
and skin reconstructions to expert raters.17 Each expert rated
a random subset of 20 scans using a 5-point Likert scale (0=
normal, 4=most severe SCS). For rater screening and
quality control, we calculated area under the receiver operating
characteristic curve (AUC) using a Python © (Python Software
Foundation, Beaverton, Oregon USA) module for ML
(sklearn) and intraclass correlation coefficient (ICC) using an
R (R Foundation, Vienna, Austria,) package for psychometric
analyses (psych) to assess interrater reliability.22,23

The SSS was calculated by examining how specific points
on the skull, known as landmarks, aligned with expert evalua-
tions of cranial shape. To ensure the results were accurate and
unbiased, we adjusted for any inconsistencies in the expert
ratings and analyzed how these landmarks reflected the
overall severity of shape differences.24 To make the method
more reliable, we identified eight key patterns, or principal
components, that accounted for 95% of the variations in
cranial shape. This approach allowed us to simplify complex
information while retaining the most important details. We
then employed a partial credit model from item response
theory (IRT) to link these patterns to the SSS, accounting for
potential rater biases.24 Concretely, the SSS θi is modeled as
a linear combination of the shape descriptors:

θi =
∑8

m= 1
βmXim, where βm are regression coefficients and

Xim are the shape descriptors for patient i. Each rater j has
threshold parameters b jk that define category boundaries on
the Likert scale. The probability of assigning severity category

y to patient i is: P(Yij = y|θi) = e

∑y

k=0
(θi−b jk )

∑4

h=0
e

∑h

k=0
(θi−b jk )

. The param-

eters βm were jointly estimated with b jk using an R package
mirt.24 A new skull surface goes through the same landmarking
process, PCA for shape descriptors Xim, then multiplied by βm
to generate the SSS θi. Finally, we linearly scale the SSS to a 0
to 10 range, with 0 being the mean of controls and 10 being the
max SSS in the training data. To validate our method, we com-
pared it with two other metrics: cephalic index (CI) and a score
derived from linear discriminant analysis (LDA) that only used
binary status, “patient” vs “healthy control,” without any
severity ratings.7,25

To evaluate SSS accuracy and reliability, we performed a
leave-one-out cross-validation (LOOCV) analysis. In this
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process, we removed one patient at a time, trained the model
with the remaining data, and then tested it on the excluded
patient to see how well it predicted the severity ratings from
the experts. We statistically compared these predictions with
the expert ratings using paired t tests and two one-sided tests
based on t tests for equivalence in R packages (stats and
TOSTER) for statistical analysis.26,27 To further examine
model robustness, a stratified 5-fold cross-validation analysis
was performed, where we left out groups of expert raters to
see how consistent the model was when different raters were
involved. Raters’ demographic and practice characteristics
were evaluated for any influence on ratings accuracy.
Finally, we measured how well the SSS matched other
related measures, such as the unsupervised Cranial
Morphology Deviation (CMD)15 and other scoring systems,
using Pearson and Spearman correlation coefficients to
compare the relationships between these scores.28

Results

Study Population and Expert Demographics
Of the 799 CT scans identified, 594 met the inclusion criteria
on age range and image quality. These scans were obtained
between 1996 and 2022 and included 195 patients aged 0
through 11 months diagnosed with nonsyndromic SCS
(75.9% male, 24.1% female; 24.6% White, 4.1% Black or
African American, remainder unspecified), and 178 normal
control patients aged 0 to 18 months without any CS (55.0%
male, 42.3% female; 64.4% White, 19.4% Black or African
American, remainder unspecified). We also included 221

scans from patients with MCS (78.7% male, 21.3% female;
6.8% White, remainder unspecified) 11 months of age or
younger to be used for validation. Among the controls, 168
served as the foundational shape model. The remaining 10 age-
matched controls and 40 SCS were included in the survey.

Fifty-four physicians participated as expert raters. The
majority of respondents were craniofacial (plastic) surgeons
(75.9%, the remainder were neurosurgeons and OMFS sur-
geons), primarily working in academic settings (92.6%), with
most in active practice (94.4%). About half (44.5%) had
more than 10 years of experience. All respondents were
asked to indicate the number of patients with CS they
managed annually, and 40.7% indicated they manage 50 or
more patients with CS annually. To ensure only raters with
acceptable discriminatory ability contributed, we excluded 4
raters with AUC below 0.7, as shown in Figure 2.29 The ICC
of the final raters was 0.73 (95% confidence interval
0.65-0.81), indicating good reliability.30

Sagittal Severity Score Calculation and Distribution
We calculated the SSS for different cohorts (controls, MCS,
and SCS). Among the 40 patients with SCS, the SSS ranged
from 2.22 to 9.43, with a mean of 6.15 and standard deviation
of 1.63. The 10 controls had SSS ranging from −2.18 to 1.12,
with a mean of 0.08 and standard deviation of 0.93. These
results highlighted the SSS’s ability to differentiate between
controls and patients with SCS. Subgroup analysis with
Kruskal-Wallis test revealed differences (P< .05) in thresholds
for “mild” based on years in practice, and thresholds of “mod-
erate” based on surgical status (in practice vs. surgical

Figure 1. Development of the model using standardized computed tomography (CT) scan segmentation and expert ratings. We analyzed scans

from 178 normal control patients and 40 randomly selected patients with nonsyndromic sagittal craniosynostosis (SCS) to build our models. All

CT scans went through standardized segmentation. We utilized 168 normal controls for the basic shape model and propagated the landmarks to

the 50 scans in the survey, which went through PCA consequently to generate the compact shape descriptors. Meanwhile, we collected severity

ratings on the survey scans from 54 experts and used item response theory (IRT) to estimate the regression coefficients between latent cranial

severity and landmarks to calculate the Sagittal Severity Score (SSS).
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training). Both increase with experience. No significant differ-
ence was found for other thresholds or demographics (P> .05).

Validation and Sensitivity Analysis
We conducted validation and sensitivity analyses to evaluate
the robustness and generalizability of the SSS. The root
mean squared error (RMSE) for SSS was 0.69, with a mean
absolute error (MAE) of 0.41, whereas the CI yielded an
RMSE of 0.72 and an MAE of 0.44. The paired t test
showed that the SSS had significantly lower errors than the
CI (P< .05), indicating superior performance in predicting
expert ratings. The stratified 5-fold cross-validation held out
10 raters in each iteration in addition to the LOOCV. The pre-
dictive errors remained consistent, with an RMSE of 0.69 and
an MAE of 0.41, showing equivalence to using all raters (P<
.05, threshold 0.02). This indicates that the SSS generalizes
well and is not overly dependent on specific raters.

The SSS’s Depiction of Cranial Morphology Variations
A wide range of nuanced and clinically relevant cranial shape
patterns was associated with higher SSS scores, as shown in
Figure 3. They included frontal bossing, occipital bulleting,
temporal constriction, and sagittal ridge hyperostosis. These
patterns, often missed by conventional metrics like CI, were
consistent with the known phenotypic spectrum of SCS.4

Sagittal Severity Score, Cranial Morphology Deviation,
and LDA
We assessed correlations between SSS, CMD, and LDA.
The SSS correlated strongly with CMD as seen in Figure 4.
The Pearson correlation coefficient was 0.90, and the
Spearman rank correlation coefficient was 0.80 (P< .01),
suggesting that the unsupervised CMD method is effective in
quantifying SCS severity and aligns closely with the
supervised SSS.

Control patients had low values for both the SSS and CMD,
while patients with SCS exhibited high values for both scores
(Figure 5). Patients with MCS had low SSS values similar to
control patients but high CMD scores, indicating general
cranial deformity without the specific features of SCS. The
comparison between the SSS using Likert ratings and LDA
using only the presence or absence of SCS status (with no
ratings) revealed that ratings better captured within-group
SCS severity variations. The Pearson correlation between
LDA and CMD was 0.88, and the Spearman correlation was
0.60 (P< .01). However, within the 40 patients with SCS, the
correlations were substantially lower (Pearson r= 0.30, P=
.06; Spearman r= 0.23, P= .15) than between SSS and CMD
(Pearson r= 0.64, P< .01; Spearman r= 0.61, P< .01), indicat-
ing poor severity stratification using the diagnosis alone. These
findings suggest that the SSS provides a more nuanced quanti-
fication of severity compared to LDA using the SCS status,

Figure 2. Expert 5-point Likert ratings for cranial scans. Patients are displayed from bottom to top based on increasing Sagittal Severity Score

(SSS). Raters are positioned from left to right based on their agreement with Sagittal Severity Score (SSS). The first 10 rows are highlighted in

lime green to denote normal controls, and the last four columns are highlighted in magenta to indicate excluded raters due to suboptimal agree-

ment with low area under the receiver operating characteristic curve (AUC).
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emphasizing the necessity of expert ratings for accurate
severity assessment.

Skull-Based and Skin-Based Landmarks Comparison
The predictive performance of models using skull-based and skin-
based landmarkswas compared.TheRMSEfor the skin-basedSSS
was 0.69,matching that of the skull-based SSS,with equivalence in
predictive accuracy (P< .05, threshold 0.02). The Pearson correla-
tion between the skin-based CMD and the original CMDwas 0.94
(P< .01), and theSpearmancorrelationwas0.87 (P< .01).Between
the skin-based CMD and SSS, the Pearson correlation was 0.86 (P
< .01), and theSpearman correlationwas 0.74 (P< .01). Thesefind-
ings supported the interchangeability of skin and skull-based
approaches for CMD and SSS, highlighting their flexibility and
extendibility to noninvasive imaging in clinical applications.

Discussion

In this article, we described the development of the SSS, a
novel tool for assessing the morphologic severity of children

with SCS, the most common form of this complex disease
with wide-ranging medical implications. Using a supervised
ML model trained and validated by expert raters, we introduce
the SSS as a holistic and objective tool to quantify head shape
deformity in patients with suspected SCS. We anticipate this
tool will facilitate more informed family-provider discussions,
aid in surgical decision-making, and improve study external
validity by allowing researchers to better compare cohorts
and provide an objective tool for outcome measurements.

Compared to the conventional CI, the SSS was superior in
predicting expert-judged severity of SCS. It was also strongly
correlated with the unsupervised CMD and maintained predic-
tive accuracy even when subsets of raters were excluded, dem-
onstrating higher accuracy and better alignment with clinical
assessments. Using a range of Likert ratings enabled the SSS
to detect subtle within-group severity variations better than
when the model was trained only on the presence or absence
of SCS without granular ratings. Moreover, skin-based
descriptors matched skull-based descriptors in accuracy,
broadening the extendibility of the SSS. Normal controls had

Figure 3. Visualization of cranial deformations associated with the Sagittal Severity Score (SSS). (A) Colored arrows on the average skull indi-

cate regression coefficients, whereas red/blue arrows represent outward/inward deformations, respectively. (B) Skull reconstruction and defor-

mities captured by Statistical Shape Modeling (SSM) of two patients. One patient featured severe frontal deformity, and another patient featured

severe posterior deformity. (C) Computed tomography (CT) skull reconstructions of six patients at different percentiles relative to the pop-

ulation with sagittal craniosynostosis (SCS), including one normal control and five with SCS, and their resulting SSS.
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low SSS and CMD values, sagittal patients exhibited high SSS
and CMD, and metopic patients had low SSS but high CMD,
collectively demonstrating that the SSS provides a comprehen-
sive, robust, and clinically relevant measure of phenotypic
cranial severity. An optimal assessment tool should be able
to differentiate between different types of the same condition.
This idea was the framework behind using our SSS on those
with metopic synostosis, a group we already created severity
scores,14 to ensure that it was able to distinctly separate the
two.

Prior excellent work has demonstrated the feasibility and
utility of indices to characterize SCS. Blum et al focused on
diagnostic discernment and demonstrated that a composite
measurement of the angle drawn between cranial vertex,
nasion, and ophistocranion is capable of effectively establish-
ing a diagnosis of SCS using a cutoff of ≥50° with high sensi-
tivity and specificity using clinical photographs and CT scans.9

Bins et al in turn used an expanded approach not dissimilar to
our group’s, establishing a Cartesian grid over their vault’s
surface in order to determine the anatomic point most related

to bicephalic narrowing and subsequently combining it with
indices that specifically characterize frontal bossing and occip-
ital bulleting in order to establish a more holistic measure of the
width-to-length relationship which they titled the scaphoce-
phalic index.8 Our work was constructed around similar aims
of sensitivity and specificity while focusing on establishing a
globalized measure of craniosynostosis severity independent
of manual anatomic annotation. We hypothesized that an auto-
mated approach to landmarking as demonstrated by our work
with shape modeling would present a 2-fold advantage: the
reduction in time and subjective influence found with manual
landmark annotation and measurements, and the potential for
broader adaptation among the medical community given the
ease of use of our finished tool. Future work should ensure
that our holistic index does not fall short of other measures
such as those discussed above which have carefully dissected
the individual contributions to anatomic and clinical pheno-
typic severity. Furthermore, additional studies are warranted
to examine the degree of prognostic and clinical utility a
severity score such as ours engenders.

Figure 4. Comparative analysis of CMD, Sagittal Severity Score (SSS), and linear discriminant analysis (LDA) in assessing severity of sagittal

craniosynostosis (SCS). CMD and SSS exhibit strong positive correlations, effectively quantifying the severity of SCS. While LDA successfully

differentiates SCS cases from normal controls, it shows weak correlations with both SSS and CMD within the SCS group. This indicates that

LDA lacks the capability to accurately assess the degree of SCS severity despite its effectiveness for binary SCS classification.

Figure 5. Distributions of the Sagittal Severity Score (SSS) and CMD. Scatter and density plots display SSS and CMD values across the three

groups. Metopic craniosynostosis (MCS) cases show high CMD but low SSS, indicating nonspecific deformities. SSS differentiates sagittal cra-

niosynostosis (SCS) from both controls and MCS.
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Across pediatric care, ML-based methods have contributed
to diagnostic identification and quantification in diverse set-
tings. Artificial intelligence-driven algorithms have improved
diagnostic sensitivity for emergency presentations,31 facilitated
infant disease detection via neural networks,32 and enhanced
neuromuscular imaging analyses.33 Specifically, ML has
shown promise for vesicoureteral reflux classification,34–38

automated severity indices in retinopathy of prematurity,39–42

and systematic approaches to child mortality risk predic-
tions.43–45 For craniofacial anomalies such as nonsyndromic
craniosynostosis, ML-based pipelines consistently achieve
high diagnostic accuracies.46–49 However, most prior studies
rely on a small number of expert annotators, limiting their
capacity to move beyond classification to a refined severity
measurement. By contrast, our work aggregated extensive
expert ratings modeled via IRT to mitigate subjectivity and
enhance predictive robustness. Our proposed SSS refines
these pioneering methods by providing a unified severity
score grounded in expert assessments and comprehensive
shape-based data, validated through thorough benchmarking
against established metrics.

A key advantage of the SSS is its two-stage pipeline: firstly,
statistically capturing the skull’s overall morphological varia-
tions, and secondly, integrating expert assessments to identify
hallmark patterns of SCS. As Figure 3A shows, SSS-captured
differences align with empirical observations of regional defor-
mities,4 offering clear clinical insights. This holistic yet trans-
parent process stands in contrast to “black box” approaches
(eg, neural networks), which can obscure how subtle features
drive final predictions. Such transparency is critical in clinical
care, allowing practitioners to see exactly how changes in
cranial morphology alter severity scores, thereby fostering con-
fidence in the model’s output. From a basic science perspec-
tive, the etiology of CS is likely influenced by a complex
interplay of genetic, cellular, and environmental factors,
leading to diverse phenotypic presentations.50 We anticipate
that anatomic nuance will play a great role in understanding
these relationships in future research, stressing the importance
of a holistic measure to assess vault shape and objectively
quantify its severity. Although the CI measures the ratio
between skull width and length, it fails to capture the full three-
dimensional complexity of cranial morphology, a shortcoming
we hope to have begun to address with our work.7

Supervised and unsupervised ML models both play critical
roles in phenotypic analysis, yet they differ significantly in
their approach and application. Supervised learning models,
such as the SSS, utilize labeled data where expert ratings or
predefined outcomes guide the learning process. These
models are highly effective in providing accurate, nuanced
quantifications of disease severity, enhancing diagnostic preci-
sion. For clinical utility, the SSS can help guide treatment deci-
sions from conservative management or minimally invasive
surgery (suturectomy and helmet or spring-assisted interven-
tions) to more comprehensive reconstructions like subtotal
CVRs. We anticipate the SSS will be an invaluable tool to
help risk-stratify these complex patients, determine

individualized surgical approaches, inform nuanced conversa-
tions with families, and advance future research like genotype-
phenotype associations. Unsupervised models, in contrast,
such as the CMD, do not require labeled data, making them
valuable for exploring phenotypic patterns not immediately
apparent and allowing comparison across multiple diagnoses.
Our data demonstrate that the CMD effectively quantifies
SCS severity, aligning closely with the outcomes of the super-
vised SSS but is likewise effective in MCS. In addition, its
skin-based approach suggests feasible use with radiation-free
modalities such as 3D photography and MRI. Integrating
both approaches, as we have done, allows for a more compre-
hensive and flexible phenotypic analysis, leveraging the
strengths of supervised precision and unsupervised
generalizability.

The standardization of patient phenotyping remains an
underexplored area of research. Our ML-based assessment
tools not only demonstrate the ability to reliably quantify
complex anatomical deformities but also provide a paradigm
that can be adapted beyond craniofacial surgery to other condi-
tions where phenotypical assessment is crucial (eg, congenital
heart disease, upper and lower extremity anomalies, cleft lip/
palate). Standardized phenotyping ensures that data extracted
from imaging is reliable and comparable across studies and
institutions. This uniformity is an essential step toward pro-
gress for clinical outcome studies as well as etiology-focused
research including genome-wide association studies,
phenome-wide association studies, and large cohort studies,
as it improves both the internal and external validity and repro-
ducibility of findings. By promoting cross-institutional data
sharing and collaboration, standardized phenotyping enhances
the examination of various forms of available CS treatments as
well as promoting the discovery of genotype-phenotype and
environment-phenotype associations and advances precision
medicine. Standardized, quantified phenotyping of patients is
even more crucial for rare diseases because of the small
number of cases typically available for study at any given insti-
tution. Through multicenter data sharing and reproducible
analyses, CranioRate provides a practical online platform for
clinicians and researchers to utilize the SSS, which has pro-
cessed over 1800 scans and supported numerous CS investiga-
tions.13,51–54 By using structured, objective phenotype tools
including the novel SSS, clinicians, and researchers can iden-
tify patterns, reduce subjectivity, correlate specific genetic var-
iants with clinical features, and improve diagnostic accuracy
and patient/caregiver education and counseling. Furthermore,
this standardization enables the compilation of larger datasets
that can reveal more about the genetic and phenotypic architec-
ture of rare diseases such as CS than the largely underpowered
case reports that dominate the literature to date. Of particular
interest for future research and collaboration may be our
finding that there was no significant difference in predictive
accuracy of our skin-based SSS and the skull-based SSS.
This suggests that skin-based descriptors are as effective as
skull-based descriptors in predicting expert ratings and opens
the door for clinical sites that have shifted toward 3D
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photography for their patient’s safe assessments rather than
irradiating CT imaging.21,55,56

Despite its strengths, our study faces several limitations.
First, the reliance on expert-rated cephalometric measurements
introduces potential bias, even with IRT correction, because
subjective assessments can vary due to differences in training,
experience, and interpretation of imaging data. A thorough
investigation of the rating variability factors like imaging
would help understand and control these discrepancies, but it
may require more data with refined labeling. Additionally,
the exclusive use of preoperative CT scans limits the general-
izability of the findings, as newer alternative imaging modali-
ties such as 3D photography or MRI could offer different
insights, and the model’s performance with these modalities
remains an active area of research and development.57 The
SSS integrates the entire dysmorphology into a single compos-
ite score, however, its clinical utility can be enhanced with a
decomposition to reflect regional dysmorphologies of interest,
such as occipital bulleting.8 Future research will need to
address these limitations by validating the model with
broader coordination across different imaging techniques and
clinical stages.

Conclusion

This study highlights the critical role that ML can play in
standardizing phenotypic analysis of patients diagnosed
with SCS. By developing and validating the SSS, we not
only demonstrated the enhanced precision and accuracy
that consensus-driven ratings offer over conventional
methods such as CI and LDA using SCS status but also
underscored a shape modeling paradigm generalizable to
other dysmorphic conditions and noninvasive imaging
modalities. The integration of ML tools into patient’s clinical
workups and research analysis opens opportunities for stan-
dardized assessments, treatment planning, and multi-
institutional research on patient outcomes and disease etiol-
ogy. As standardized phenotyping continues to evolve, par-
ticularly with the advent of nonirradiating techniques like
3D photography, future research will need to expand these
models’ applicability. The long-term goal remains to create
a robust, reproducible, and standardized framework for phe-
notypic analysis that is widely adoptable for patients, clini-
cians, and researchers to enhance clinical decision-making
and advance research, particularly in more rare diseases
which remain poorly understood.
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