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Abstract

Sex estimation from computed tomography (CT) of the head has relied on manual measurements of the
skull, paranasal sinuses, and nasal cavity, with modest accuracy and small samples. The nasal septum,
the midline osteocartilaginous partition of the nasal cavity, is present on every head CT but has never
been evaluated as a sex estimator, and whether any sex signal in the septum reflects size or shape
determines how such an estimator would transfer between populations. We tested two hypotheses in
1,373 adults (394 men, 979 women) with radiologically normal sinus CT: that septal morphometry
classifies sex at least as accurately as established cranial methods, and that the discriminating
information is allometric size rather than shape. The septum was segmented automatically with a
validated convolutional network (held-out Dice 0.983) and 17 morphometric variables were derived from
each segmentation. Septal volume was 34% larger in men (16,852 versus 12,564 mm3; Cohen's d 2.33,
95% Cl 2.18 to 2.47). Under five-fold cross-validation, sex was classified with an area under the curve
(AUC) of 0.95 by random forest and 0.96 by logistic regression on 17 variables; volume alone gave 0.94.
After allometric adjustment no shape variable differed by more than d = 0.43, and shape variables alone
gave an AUC of 0.58 to 0.63. Both hypotheses were supported: the septum is a strong, fully automatable
sex estimator for CT, and its signal is size. Like other size-based skeletal estimators it will require
population-specific calibration, which the automated pipeline makes practical.

Introduction

Sex estimation is a first step in the identification of unknown human remains, and the skull and pelvis
remain its principal substrates [1, 2]. Computed tomography (CT) has broadened the method in two
ways. Antemortem clinical CT provides large documented-sex samples of living populations from which
estimators can be built, and postmortem CT (PMCT), now routine in many forensic institutes, brings
those estimators to the deceased before, or instead of, skeletonization [3-6]; clinical CT archives are
also increasingly matched against PMCT for identification [7]. In the midface, CT studies of the
paranasal sinuses, nasal cavity, and piriform aperture have reported sex differences that support
classification, but their accuracy is modest and their samples small. A meta-analysis of 18 studies found
that the best single sinus measurements reached sensitivities and specificities of only about 70% [8];
discriminant functions on sinus volumes give 78% to 88% [9]; and the two most recent machine-learning
studies, in 195 and 220 adults, reached an area under the curve (AUC) of 0.77 and an accuracy of 84%
[10, 11]. All of these methods depend on manual landmarks placed on single slices, which limits sample
size and introduces observer error.

The nasal septum has not been evaluated as a sex estimator. It is the midline partition of the nasal
cavity, a composite of the quadrangular cartilage anteriorly and the vomer and perpendicular plate of the
ethmoid posteriorly, and it is captured on every sinus, maxillofacial, and head CT. It is absent from
skeletal standards because the cartilage does not survive and the bony plates are thin and easily
damaged, and it has been difficult to measure in three dimensions by hand. The only series to report
septal surface area by sex, 100 adults measured manually on CT, found larger values in men but did not
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test the difference formally [12]; the perpendicular plate alone has been reported as larger in men in 104
patients [13]; and no study has reported septal volume by sex or evaluated the septum as a sex
estimator [14]. Automated segmentation removes the manual bottleneck. We trained and validated a
convolutional network that segments the entire osteocartilaginous septum from clinical CT and used it
to measure 1,373 adults, a sample an order of magnitude larger than previous midfacial CT studies.

Beyond accuracy, the forensic value of any estimator depends on whether its signal is size or shape.
Size-based skeletal estimators are population-specific and track body size, so a threshold derived in one
population misclassifies in another [2, 15-17]; shape-based differences are usually smaller and are not
population-invariant either, but they appear more uniform across populations than size-and-shape form
[18-20]. For the septum, two bodies of evidence make different predictions. The septal cartilage is a
growth center of the midface [21-23], and much of craniofacial sexual dimorphism arises from sex
differences in growth duration and overall size rather than from sex-specific shape, with allometry
accounting for more than half of facial dimorphism in recent multi-population work [24—-27], which
predicts a septum that differs between the sexes in size with little residual shape difference. Against
this, the nasal airway is functionally integrated with ventilatory demand, and men have relatively longer
and taller nasal passages than women at a given size [28—30], which predicts residual shape differences
in the anterior-posterior and cranial-caudal dimensions of the septum beyond those expected from
scaling.

We therefore tested two hypotheses. Hypothesis 1: septal morphometry classifies sex at least as
accurately as established cranial estimators, which we operationalized as a cross-validated AUC of 0.90
or higher. Hypothesis 2: the discriminating information is allometric size rather than shape, with three
predictions: (a) after adjustment for septal volume no variable differs between the sexes by more than a
small effect (|d| < 0.5); (b) classifiers built on size-adjusted shape variables alone perform near chance
(AUC < 0.70); and (c) septal volume alone classifies sex as accurately as multivariable machine-learning
models. The functional alternative predicts the opposite of (a) to (c) for anterior-posterior depth and
cranial-caudal height. Measurement reproducibility was a secondary aim, because an estimator intended
for forensic casework must be deterministic and auditable.

Materials and methods

Study design, population, and ethics

This retrospective cross-sectional study was conducted at a single tertiary academic medical center
under institutional review board approval (Mayo Clinic IRB 25-008837) with a waiver of informed consent
for use of de-identified imaging and record data; no participants were prospectively enrolled, and the
study conforms to the Declaration of Helsinki. Reporting follows the STROBE recommendations for
cross-sectional studies and, for the classification models, the TRIPOD + Al statement [31].
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Adults who underwent non-contrast sinus CT between 2018 and 2025 with a radiology impression of
"normal” or equivalent were identified. Examinations with documented prior nasal or sinus surgery, cleft
palate, or septal perforation on the index study were excluded after line-by-line review of the radiology
impression. All examinations were acquired under routine clinical protocols (axial slice thickness 1.0
mm or less; multiple scanners and manufacturers) and reconstructed with a bone kernel.

The cohort derivation is given in Online Resource 1, Table S1. Of 1,673 segmented septa, 1,567 belonged
to individuals with sex recorded in the institutional record. One examination per individual was retained
(23 repeat examinations removed), individuals with a septoplasty or septal repair recorded before the
index scan were excluded (n = 27), one segmentation that failed automated quality control was removed,
and individuals younger than 18 years at the time of the scan were excluded (n =31). The primary
analytic cohort comprised the 1,373 individuals whose age at scan could be confirmed from the
radiology record. The 112 further individuals with recorded sex but no retrievable scan date (so that adult
status and age could not be confirmed) were included only in a sensitivity analysis (n = 1,485).

Sex was taken as the sex recorded in the electronic health record, an administrative binary that in this
setting corresponds to sex assigned at birth for the overwhelming majority of individuals but was not
independently verified; we use "men" and "women" in that sense throughout. Age was computed from
date of birth and scan date. Race and ethnicity are reported as the self-identified categories recorded in
the health record and are used only to describe the composition of the cohort.

Segmentation

Septa were segmented with a three-dimensional residual-encoder nnU-Net [32], version 2, in the full-
resolution configuration. The model was trained on 125 examinations manually segmented by an
otolaryngology resident in 3D Slicer [33] under iterative review by a fellowship-trained rhinologist, with
five-fold cross-validation (mean Dice 0.957). On 24 held-out examinations the ensemble achieved a Dice
similarity coefficient of 0.983 (SD 0.005), a 95th-percentile Hausdorff distance of 1.82 mm (SD 0.43), and
an average symmetric surface distance of 0.31 mm (SD 0.08) [34]. The segmentation protocol captured
the entire osteocartilaginous septum from the nasal floor to the skull base and from the membranous
septum to the sphenoid rostrum, including the quadrangular cartilage, vomer, and perpendicular plate of
the ethmoid (Fig. 1). Training used the framework's default configuration (stochastic gradient descent
with Nesterov momentum, initial learning rate 0.01 with polynomial decay, combined Dice and cross-
entropy loss, deep supervision, standard nnU-Net augmentation, 1,000 epochs per fold) on a workstation
with a 16 GB NVIDIA graphics card. The trained ensemble, with test-time mirroring, was applied to all
remaining examinations; output masks were screened by automated rules for volume, extent, and
connectivity, and flagged masks were reviewed manually. Trained model weights are available from the
corresponding author under the conditions given in the data availability statement.

Morphometric variables
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Seventeen variables were computed deterministically from each binary mask in Python using SimplelTK,
scikit-image, trimesh, and NumPy, with the scanner-defined right-anterior-superior axes (Table 2).
Volume was the sum of voxel volumes. Surface area was computed on a marching-cubes mesh. The
three linear extents were the anterior-posterior depth, cranial-caudal height, and medial-lateral extent of
the mask bounding box, and the height-to-width ratio was cranial-caudal height divided by anterior-
posterior depth. Parasagittal cross-sectional area (CSA) was sampled on every sagittal slice through the
mask at the native in-plane resolution, and the maximum, mean, minimum, and standard deviation
across slices were recorded; the slice of maximal CSA corresponds to the plane shown in Fig. 1b.
Midline deviation was quantified on coronal slices: the medial-lateral centroid of the septum was
computed for each cranial-caudal level, a straight line was fitted to these centroids by least squares, and
the perpendicular distances of the centroids from that line were summarized as the maximum, mean,
and standard deviation of deviation. The deviation angle is the angle between the fitted line and the
cranial-caudal axis; the tortuosity index is the path length of the centroid trace divided by its chord; the
medial-lateral range is the range of centroid positions; and the deviation asymmetry index is the
normalized imbalance between leftward and rightward deviation. Voxel count and the three centroid
coordinates, which depend on scanner resolution and patient position rather than on anatomy, were
computed but not used as morphometric variables.

Statistical analysis

Sex differences in each variable were summarized as means with standard deviations, the percentage
difference relative to women, Welch's t-test, and Cohen's d with the pooled standard deviation and its
95% confidence interval (Cl). P-values across the 17 variables were adjusted by the Holm method. To
test whether dimorphism was independent of age, each variable was also regressed on sex and age, and
on sex, age, and their interaction, with the age-adjusted sex coefficient re-expressed as a standardized
difference.

Allometric adjustment followed the classical size-and-shape framework [35, 36]. Septal volume was
taken as the measure of size. For each of the 12 variables with units of length or area, the natural
logarithm of the variable was regressed on the natural logarithm of volume across the pooled sample,
and the residual was taken as the size-adjusted (shape) variable; the fitted slope was compared with the
isometric expectation (1/3 for lengths, 2/3 for areas). The four dimensionless variables (height-to-width
ratio, deviation angle, tortuosity index, and asymmetry index) were used unchanged. Cohen's d was then
recomputed for these 16 size-adjusted variables (prediction 2a).

Sex classification used a random-forest classifier [37] with 500 trees, class-balanced sample weighting,
and otherwise default settings, and a logistic-regression model with standardized inputs and class-
balanced weighting, both implemented in scikit-learn [38]. Models were evaluated by stratified five-fold
cross-validation with a fixed random seed, and all performance measures were computed on the pooled
out-of-fold predictions. The primary metric was the AUC, with a 95% CI from 1,000 bootstrap resamples
of the out-of-fold predictions. Because the cohort was 71% women, we report balanced accuracy,
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sensitivity (proportion of men correctly classified), and specificity (proportion of women correctly
classified) at the default probability threshold of 0.5 and at the Youden-optimal threshold, in addition to
overall accuracy. Variable importance was summarized by mean Gini importance across folds and,
because Gini importance is biased toward continuous variables with many split points [39], by the mean
decrease in out-of-fold AUC when each variable was permuted.

To partition classification accuracy between size and shape (predictions 2b and 2c), the following
nested comparisons were pre-specified: (i) volume alone; (ii) all 17 variables; (iii) the 16 size-adjusted
shape variables alone, using isometric scaling (lengths divided by volume'/3, areas by volume?/3) so that
no linear combination of inputs could reconstruct size; and (iv) the shape variables plus volume'/3. The
difference in AUC between (ii) and (i) was tested by paired bootstrap. Sensitivity analyses repeated the
main model with age added, without volume, on the original 22-variable set including the non-anatomical
variables, and on the 1,485-person cohort including individuals of unconfirmed age. Analyses used
Python 3.10 with scikit-learn 1.7, SciPy, and statsmodels; two-sided alpha was 0.05.

Use of large language models

A large language model (Claude, Anthropic) was used under the direction and review of the authors to
assist with reviewing the author provided python analysis scripts and with editing the manuscript text.
The authors designed the study, chose the variables and analyses, interpreted the results, verified the

code and every reported value, and take full responsibility for the content.

Results
Cohort

The primary cohort comprised 1,373 adults: 394 men (28.7%) and 979 women (71.3%) (Table 1). Mean
age was 54.5 years (SD 16.5; range 18 to 90) and did not differ by sex (men 54.4, women 54.5; P = 0.87).
By health-record categories, 90.8% of individuals were recorded as White and 91.2% as not Hispanic or
Latino. All but one septum in the primary cohort was segmented automatically.
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Table 1
Characteristics of the primary cohort and sex-specific percentiles of septal volume

Characteristic Men Women All

n 394 979 1,373

Age at scan, years, mean (SD) 54.4 (17.1) 54.5(16.2) 54.5(16.5)
Age range, years 1810 90 18 to 90 18 to 90
Recorded as White, n (%) 349 (88.6) 897 (91.6) 1,246 (90.8)
Recorded as Black or African American,n (%) 9 (2.3) 21 (2.1) 30(2.2)
Recorded as Asian, n (%) 5(1.3) 10 (1.0) 15(1.1)
Other, multiracial, or not recorded, n (%) 31(7.9) 51 (5.2) 82 (6.0)
Recorded as Hispanic or Latino, n (%) 26 (6.6) 68 (6.9) 94 (6.8)
Charlson comorbidity index, median (IQR) 1(0to3) 1(0to2) 1(0to2)
Septal volume, 5th percentile, mm3 13,594 9,963 10,203
Septal volume, 25th percentile, mm3 15,372 11,362 11,810
Septal volume, 50th percentile, mm3 16,710 12,500 13,303
Septal volume, 75th percentile, mm3 18,298 13,661 15,357
Septal volume, 95th percentile, mm3 20,455 15,329 18,748

Race and ethnicity are the self-identified categories recorded in the electronic health record and
describe the composition of the cohort only. Age did not differ by sex (Welch P =0.87). SD standard
deviation, IQR interquartile range

Magnitude of sexual dimorphism

Every size-related variable was larger in men (Table 2; Figs. 2 and 4). Mean septal volume was 16,852
mm?3 (SD 2,183) in men and 12,564 mm? (SD 1,686) in women, a 34% difference (d =2.33,95% Cl 2.18 to
2.47). Surface area was 19% larger (d =2.19, 95% Cl 2.05 to 2.33) and anterior-posterior depth 10% larger
(d=1.79,95% Cl 1.65 to 1.92). Mean parasagittal CSA (d = 1.31), cranial-caudal height (d = 1.02),
maximum CSA (d = 0.99), the standard deviation of CSA (d = 0.99), and medial-lateral extent (d = 0.74)
showed large to moderate differences. The sex distributions of volume overlapped little: the 5th
percentile of male volume (13,594 mm?3) was close to the 75th percentile of female volume (13,661
mm?3), 2.0% of men fell below the female median, and 1.3% of women exceeded the male median.
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Table 2
Sex differences in 17 three-dimensional morphometric variables of the nasal septum (n =1,373)

Variable (units)

Septal volume
(mm?)

Surface area
(mm?2)

Anterior-
posterior depth
(mm)

Cranial-caudal
height (mm)

Medial-lateral
extent (mm)

Height-to-width
ratio

Maximum
sagittal CSA
(mm?)

Mean sagittal
CSA (mm?)

Minimum
sagittal CSA
(mm?2)

SD of sagittal
CSA (mm?)

Maximum

midline deviation

(mm)

Mean midline
deviation (mm)

SD of midline
deviation (mm)

Medial-lateral
range of midline
(mm)

Deviation angle

Men (n=
394), mean
(SD)

16,852
(2,183)
8,781 (682)

92.7 (4.9)

54.2 (4.6)

16.5 (2.3)

3.34 (0.49)

2,661 (477)

1,015 (155)

4.07 (4.16)

909 (169)

1.55 (0.85)

0.455
(0.214)

0.330
(0.162)

3.61(1.87)

0.626
(3.030)

Women (n=

979), mean
(SD)

12,564
(1,686)
7,409 (603)

84.3 (4.7)

49.9 (4.0)
14.9 (2.1)

3.41 (0.50)

2,231 (413)

836 (129)

4.26 (4.69)

759 (144)

1.34(0.78)

0.394
(0.191)

0.287
(0.144)

3.23 (1.63)

0.434
(3.002)

Difference

(%)
34.1
18.5

10.0

10.7

2.0

19.3

21.4

19.8

15.5

15.4

15.3

11.7

44.0
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Cohen's d
(95% CI)

2.33(2.18
to 2.47)

2.19 (2.05
t0 2.33)

1.79 (1.65
t0 1.92)

1.02 (0.90
to 1.15)

0.74 (0.62
t0 0.86)

-0.14
(-0.26 to
-0.02)

0.99 (0.87
t0 1.12)

1.31(1.18
to 1.43)

-0.04
(-0.16 to
0.07)

0.99 (0.87
t0 1.12)

0.26 (0.14
t0 0.38)
0.31(0.19
to 0.42)

0.29 (0.18
to 0.41)

0.22 (0.11
to 0.34)

0.06 (-0.05
t0 0.18)

Age-
adjusted
d

2.34
2.21

1.80

1.03
0.75

-0.14
0.99

1.31

-0.04

0.99

0.26

0.31
0.29

0.22

0.06

Holm
P

<
0.001
<
0.001

<
0.001

<
0.001

<
0.001
0.098

<
0.001

<
0.001
0.919

<
0.001
<

0.001

<
0.001

<
0.001
0.003

0.868




Variable (units) Men (n= Women (n=  Difference = Cohen's d Age- Holm
394), mean  979), mean (%) (95% CI) adjusted P
(SD) (SD) d

Tortuosity index 1.022 1.020 0.1 0.08 (-0.03 0.09 0.634
(0.018) (0.018) to 0.20)

Deviation 0.115 0.118 -2.9 -0.04 -0.04 0.919

asymmetry index  (0.085) (0.089) (-0.1)6 to

0.08

Difference is the male minus female mean as a percentage of the female mean. Cohen's d uses the
pooled standard deviation. Age-adjusted d is the sex coefficient from a linear model with age, divided by
the residual standard deviation. P-values are from Welch's t-test with Holm adjustment across the 17
variables. CSA parasagittal cross-sectional area, SD standard deviation, Cl confidence interval

Midline deviation variables differed only slightly (maximum, mean, and SD of deviation, d = 0.26 to 0.31;
medial-lateral range, d = 0.22), and the dimensionless indices did not differ after adjustment for multiple
testing: height-to-width ratio d = -0.14 (Holm-adjusted P = 0.10), minimum CSA d = -0.04, deviation angle
d = 0.06, tortuosity index d = 0.09, and asymmetry index d =-0.04.

Age-adjusted standardized differences were indistinguishable from the unadjusted values (for example,
volume d = 2.34 after adjustment; Table 2), and no sex-by-age interaction survived adjustment for
multiple testing. Volume correlated weakly and positively with age in men (Spearman rho = 0.18) and
negligibly in women (rho = 0.04; Online Resource 1, Fig. S1).

Size versus shape (hypothesis 2a)

Allometric slopes of the length and area variables on volume were below isometry for surface area (0.49
versus 0.67), anterior-posterior depth (0.26 versus 0.33), and cranial-caudal height (0.22 versus 0.33),
indicating that larger septa are proportionally thicker and more compact rather than simply scaled-up
(Online Resource 1, Table S2). After adjustment for volume, the residual sex differences were small

(Fig. 4; Table S2): surface area d = 0.43 (95% Cl 0.31 to 0.55), anterior-posterior depth d =0.38 (0.26 to
0.50), cranial-caudal height d =0.22 (0.10 to 0.34), and minimum CSA d =-0.16 (-0.27 to -0.04); no other
size-adjusted variable differed significantly. At a given volume, therefore, male septa are slightly longer,
taller, and larger in surface area, and female septa slightly thicker at their thinnest point, but these shape
differences are an order of magnitude smaller than the size difference and all fall below the pre-specified
threshold of |d| = 0.5.

Sex classification (hypothesis 1)

The random-forest classifier discriminated sex from the 17 morphometric variables with an out-of-fold
AUC of 0.946 (95% CI1 0.932 to 0.960; per-fold range 0.919 to 0.973), overall accuracy of 90.2%, and
balanced accuracy of 86.7% (95% Cl 84.4 to 88.9) (Table 3; Fig. 3). At the default threshold the model
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was conservative in calling men (sensitivity 0.78, specificity 0.95); at the Youden-optimal threshold of
0.33, sensitivity was 0.86 and specificity 0.91 (balanced accuracy 0.88). Logistic regression on the same
variables performed at least as well (AUC 0.956, 95% CI 0.944 to 0.968; balanced accuracy 88.9%;
sensitivity 0.88, specificity 0.89), and the two models' out-of-fold probabilities were highly correlated (r =
0.96), indicating that the signal is essentially linear.

Size versus shape in classification (hypotheses 2b and 2c)

Volume alone classified sex with an AUC of 0.942 (95% Cl 0.927 to 0.954) and balanced accuracy of
86.7%. Adding the 16 remaining variables to volume raised the logistic-regression AUC by 0.015 (paired
bootstrap 95% Cl 0.006 to 0.023). Conversely, the size-adjusted shape variables alone gave an AUC of
0.575(95% CI1 0.543 to 0.606) by random forest and 0.630 (0.598 to 0.660) by logistic regression, and
restoring a single size variable to the shape set returned the AUC to 0.939. Removing volume from the
full set had little effect (AUC 0.944), because surface area and the linear extents carry the same size
information.

Variable importance was concentrated in size (Table 3): volume (Gini importance 0.265), surface area
(0.211), and anterior-posterior depth (0.145) together accounted for 62% of total importance, and were
the only variables whose permutation reduced out-of-fold AUC by more than 0.002. Standardized logistic
coefficients gave the same ranking (Online Resource 1, Table S3).
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Table 3
Variable importance in the random-forest sex classifier, with the univariate effect size for comparison

Rank Variable Family Gini importance, = Permutation Cohen's
mean (SD) importance d
(decrease in AUC)

1 Septal volume Size 0.265(0.011) 0.048 2.33
(mmg)

2 Surface area Size 0.211 (0.011) 0.019 2.19
(mm?2)

3 Anterior-posterior Linear 0.145 (0.006) 0.020 1.79
depth (mm)

4 Mean sagittal CSA  Cross- 0.061 (0.001) 0.001 1.31
(mm?) sectional

5 Medial-lateral Linear 0.042 (0.001) 0.001 0.74
extent (mm)

6 SD of sagittal CSA Cross- 0.041 (0.001) 0.002 0.99
(mm?) sectional

7 Maximum sagittal Cross- 0.036 (0.003) 0.000 0.99
CSA (mm?) sectional

8 Cranial-caudal Linear 0.034 (0.003) 0.000 1.02
height (mm)

9 Mean midline Deviation 0.022 (0.002) 0.000 0.31
deviation (mm)

10 Height-to-width Proportion 0.021 (0.001) 0.000 -0.14
ratio

11 Deviation angle (°)  Deviation 0.019 (0.002) -0.001 0.06

12 Minimum sagittal Cross- 0.018 (0.001) 0.000 -0.04
CSA (mm?) sectional

13 Deviation Deviation 0.018 (0.002) -0.001 -0.04
asymmetry index

14 SD of midline Deviation 0.017 (0.001) -0.001 0.29
deviation (mm)

15 Tortuosity index Deviation 0.017 (0.001) 0.000 0.08

16 Medial-lateral Deviation 0.017 (0.001) -0.001 0.22
range of midline
(mm)

17 Maximum midline Deviation 0.016 (0.001) -0.001 0.26

deviation (mm)
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Gini importance is averaged across the five cross-validation folds and sums to 1 across variables.
Permutation importance is the mean decrease in out-of-fold AUC when the variable is permuted in the
held-out fold (8 repeats per fold). Negative values within sampling error are shown as 0.000. AUC area
under the receiver operating characteristic curve, CSA parasagittal cross-sectional area, SD standard
deviation

Results were unchanged in sensitivity analyses (Online Resource 1, Table S4): with age added (AUC
0.951), with the original 22-variable set that included voxel count and centroid coordinates (0.951), and
in the 1,485-person cohort including individuals of unconfirmed age (0.945, 95% CI 0.931 to 0.958).

Discussion

Both hypotheses were supported. Septal morphometry classified sex with a cross-validated AUC of 0.95
to 0.96, above the pre-specified benchmark of 0.90 and above the accuracies reported for CT
measurements of neighboring midfacial structures. And the signal is size: after allometric adjustment no
variable differed between the sexes by more than d = 0.43, shape variables alone classified sex at an
AUC of 0.58 to 0.63, and septal volume by itself (AUC 0.94) matched multivariable random-forest and
logistic models. The functional alternative received only weak support, in the form of small residual
differences in the predicted direction (at a given volume, male septa are slightly longer and taller), which
contributed almost nothing to classification. For forensic purposes the male septum is, to a close
approximation, a larger female septum.

Comparison with existing estimators

The accuracy obtained here is at the upper end of what has been reported from the head. Metric and
visual cranial methods reach 85% to 92% accuracy when several measurements or traits are combined
[2, 16, 40, 41], and the best single cranial dimension, bizygomatic breadth, gives about 88% on 3D CT
[42]. Multivariable and machine-learning models on cranial CT measurements reach 94% to 96% [6, 42,
43], geometric morphometrics of the whole cranium up to 98% [44], and deep learning on skull CT or
PMCT an AUC of 0.95 to 0.97 [4, 5, 45]. In the midface, paranasal sinus and nasal cavity measurements
have given single-measurement sensitivities and specificities near 70% in meta-analysis [8], 78% to 88%
from sinus discriminant functions [9], and an AUC of 0.77 to 0.84 in the most recent machine-learning
studies [10, 11]. The septum reaches a balanced accuracy of 87% to 89% and an AUC of 0.95 from a
single automated measurement, matching the multivariable cranial models and well above every
midfacial method, in a sample six times larger than the largest of the midfacial studies. Univariate effect
sizes are rarely tabulated for cranial measurements, but the septal volume effect (d = 2.33) exceeds the
largest reported in the nasal region, nasal airway volume (d = 1.51) and surface area (d = 1.80) [46].

Three features of the method matter for casework. The measurement is fully automated and
deterministic, so inter-observer error, the main limitation of landmark-based midfacial methods, is
removed. A single variable carries almost all of the information, so the estimator can be a simple volume
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threshold or a one-variable logistic rule that is easy to audit and to recalibrate. And the structure is in the
center of the head, protected from the surface damage that compromises thin cranial features, although,
as discussed below, its cartilaginous part depends on soft-tissue preservation.

Why the signal is size, and what that implies

The predominance of size is consistent with the developmental account of craniofacial dimorphism, in
which sex differences arise mainly from sex-specific growth trajectories and allometric scaling rather
than from sex-specific shape [24—-26], and with the role of the septal cartilage as a growth center that
scales with the midface [21]. Bastir et al. [30] reported strong dimorphism in the three-dimensional form
of the upper airway soft tissues that was likewise dominated by size; our results extend that pattern to
the osteocartilaginous septum and quantify it on a much larger sample. The pattern is not universal
across the head: in the cranium the most dimorphic regions, the glabella and the mastoid, differ in shape
rather than size [18], and in the pharyngeal airway sex differences in three-dimensional shape
accompany those in volume [47]. The septum therefore sits at the size-driven end of a spectrum along
which craniofacial structures express sexual dimorphism differently. The negative allometry observed
here, with surface area and linear extents scaling below isometry, implies that larger septa are relatively
thicker; this is what would be expected if septal thickness tracks the mechanical demands of a larger
nasal cavity, but that reading was not tested. The small residual differences in depth and height are in
the direction predicted by the respiratory account of relatively longer nasal passages in men [29, 30], but
their magnitude shows that, in the septum, function adds little to scaling, in the same way that the nasal
airway itself differs greatly in volume and surface area between the sexes while its surface-to-volume
ratio does not [46]. The midline deviation variables were nearly indistinguishable between the sexes,
consistent with earlier CT work finding no sex difference in the magnitude of septal deviation [48], so the
common deviated septum is not a sexually dimorphic trait.

The forensic consequence follows directly. Because the dimorphism is allometric, a septal estimator will
be sensitive to population differences in body and facial size in exactly the way that other size-based
skeletal estimators are [2, 15], and the volume thresholds in Table 1 describe this cohort only. Shape-
based information, which might have transferred better between populations, is too weak in the septum
to build on. The practical response is population-specific calibration, and the automated pipeline makes
that unusually cheap: a documented-sex CT collection from any population can be segmented and a
local threshold derived without manual measurement. The appropriate next steps are external validation
on clinical CT collections of documented sex from other populations, validation on PMCT, and a head-to-
head comparison against established cranial estimators in the same individuals.

Methodological notes

Two features of the analysis are worth stating explicitly. First, random forests did not outperform logistic
regression; the sex signal is linear and dominated by one variable, and we report the random forest for
comparability with the recent literature rather than because it is needed. Second, we did not use
regression residuals as inputs to the shape-only classifier, because a linear combination of several
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allometric residuals with different slopes can partially reconstruct size; the isometric-ratio inputs used
here avoid that leakage, and the nested comparison of volume alone against the full variable set is the
cleaner statement of how much shape adds.

Limitations

This is a single-institution study of a clinical population, predominantly recorded as White and not
Hispanic or Latino, imaged for sinonasal symptoms; the thresholds reported here should not be applied
to other populations without validation, and the cohort is not a probability sample of any population. Sex
was taken from the health record and was not independently verified. Body size, stature, and craniofacial
dimensions were not available, so septal dimorphism could not be partitioned between a general body-
size effect and a local facial effect. The morphometric variables are mask-derived summary measures
rather than landmark-based geometric morphometrics, so shape was assessed through ratios, residuals,
and deviation metrics rather than through a Procrustes shape space. Cross-validation estimates were
obtained within one institution; external validation has not yet been performed. Finally, the segmentation
operates on CT of the intact head. In skeletonized remains the cartilaginous septum is absent and the
bony plates are often broken; the estimator is therefore suited to antemortem CT and to PMCT of fleshed
remains, and a version restricted to the vomer and perpendicular plate would be needed for dry bone.

Conclusion

The nasal septum is a strongly sexually dimorphic structure on CT, and its dimorphism is almost entirely
one of size. Septal volume alone classifies sex with an AUC of 0.94, equaling multivariable machine-
learning models, whereas size-adjusted shape carries little sex information. Automated septal volumetry
is therefore a candidate size-based sex estimator for antemortem and postmortem CT, subject to the
same population-specific calibration that governs other skeletal methods.
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Figure 1

The segmented nasal septum. a Automated three-dimensional segmentation of the nasal septum
(green) rendered against the surrounding skull of the same computed tomography examination, viewed
from the left anterior oblique. The segmentation spans the quadrangular cartilage anteriorly and the
vomer and perpendicular plate of the ethmoid posteriorly, from the nasal floor to the skull base. b
Surface rendering of one automated segmentation (right) and the outline of the parasagittal slice of
maximal cross-sectional area (left), the plane on which maximum sagittal cross-sectional area is
measured
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Figure 2

Sex differences in the three most dimorphic septal variables. Violin plots with inset box plots (median,
interquartile range, and whiskers to 1.5 times the interquartile range) for women (light, n = 979) and men
(dark, n = 394): a septal volume, b surface area, canterior-posterior depth. Cohen's d with its 95%
confidence interval is given above each panel. All three differences have Welch P < 0.001
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Receiver operating characteristic curves for sex classification from septal morphometry, from pooled
out-of-fold predictions under stratified five-fold cross-validation (n = 1,373). Solid black, random forest on
17 morphometric variables (AUC 0.95); dashed black, logistic regression on the same variables (AUC
0.96); solid gray, logistic regression on septal volume alone (AUC 0.94); dotted, random forest on the 16
size-adjusted shape variables alone (AUC 0.57). The thin diagonal marks chance performance. AUC area

under the curve
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Figure 4

Sexual dimorphism before and after size adjustment. For each of the 17 variables, Cohen's d (men minus
women, with 95% confidence interval) is shown for the raw measurement (filled circles) and, where
applicable, for the size-adjusted variable (open squares), defined as the residual of the log-transformed
variable regressed on log septal volume (dimensionless variables are shown once). Vertical dashed lines
mark conventional small, medium, and large effects (0.2, 0.5, 0.8). Volume has no size-adjusted
counterpart. CSA cross-sectional area, SD standard deviation
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