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Abstract

Background: The distal radius has a complex three-dimensional structure that is not fully captured by
conventional two-dimensional radiographic parameters. Simple geometric predictors of distal radius
morphology may improve surgical planning and implant design. This study aimed to develop regression
models that estimate linear distance (LD), vertical distance (VD), and palmar tilt (PT) using transverse
diameter and normalized relative positions.

Methods: Computed tomography datasets from 105 normal wrists (53 males, 52 females) were
analyzed. A 3D coordinate system was defined using the radius long axis. The transverse diameter (x)
was measured in the coronal plane, and relative position (p; 0 = radial margin, 1 = ulnar margin) was
defined along this diameter. At 3-mm sagittal intervals, LD, VD, and PT were recorded. LD was defined as
the 3D distance between dorsal and palmar articular edges; VD as the vertical distance between these
edges projected onto the sagittal plane; and PT as the angle between the articular surface and a plane
perpendicular to the long axis. Second-order polynomial regression models were constructed to predict
LD, VD, and PT from x and p. Two models were developed: a sex-independent model and a simplified sex-
adjusted model including sex as a fixed effect. Model performance was evaluated using R?, RMSE, and
MAE.

Results: Polynomial models accurately estimated LD (R2 = 0.913) and VD (R? = 0.914). Sex adjustment
modestly improved accuracy for LD (R? =0.917) and VD (R? = 0.918). PT showed poor predictability in all
models (R? < 0.091).

Conclusion: Anatomy-aware polynomial regression using transverse diameter and relative position
reliably predicts LD and VD, with minor improvement from sex adjustment. PT requires additional
geometric descriptors. This framework supports simplified, quantitative tools for individualized surgical
planning and implant optimization.

Trial registration: Not applicable.

Background

Distal radius fractures are among the most common skeletal injuries, and precise morphological
understanding of the distal radius is essential for anatomical reduction, implant design, and
biomechanical analysis [1-4]. Conventional 2D parameters—such as palmar tilt, radial inclination, and
ulnar variance—are limited in representing complex 3D anatomy [5, 6]. Recent advances in three-
dimensional (3D) computed tomography (CT) and digital reconstruction techniques have substantially
improved the ability to quantitatively characterize bone morphology [7-9]. Compared with conventional
2D imaging, 3D CT allows generation of anatomically accurate surface models that preserve spatial
relationships between cortical and articular structures. Using segmentation and coordinate-based
reconstruction, detailed metrics such as curvature, inclination, and torsional alignment can be obtained,
providing a robust framework for analyzing inter-individual variability in distal radius anatomy [5, 10, 11].
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It has been demonstrated that CT-based morphometry reveals significant differences in articular
curvature and radial styloid orientation, even among healthy individuals [12]. Another study reported
variability in volar curvature, sigmoid notch depth, and styloid projection, findings that correlate with
differences in wrist kinematics [13]. Such anatomical diversity has important implications for implant
design and surgical precision. Standard pre-contoured plates may not conform accurately to patient-
specific morphology, potentially leading to malalignment or screw misplacement. In contrast, 3D CT-
based morphometric data enable the development of patient-specific or population-optimized implants,
enhancing fixation accuracy and improving clinical outcomes.

However, conventional polynomial regression or shape modeling approaches capture only global
curvature and may fail to represent localized triangular features where the radial margin tapers and the
central articular surface broadens. We hypothesized that a regression model incorporating relative
position along the transverse diameter could more accurately describe the local geometric changes in
the distal radius. The objective of this study was to develop and validate anatomy-aware regression
models to estimate linear distance, sagittal vertical distance, and palmar tilt from transverse diameter
and its normalized relative positions.

Methods

Study Design and Participants

This retrospective case-control study (Level Ill evidence) was conducted using computed tomography
(CT) scans obtained for contralateral comparison in patients with unilateral wrist pathology. The study
was performed in accordance with the Declaration of Helsinki and approved by the Institutional Review
Board of Tokyo Medical University. Reporting followed the STROBE guidelines for observational
research. Only unaffected wrists with no history or symptoms of trauma or deformity were included. The
final cohort comprised 105 wrists (53 males, 52 females), age-matched (males: mean 56.3 years, range
20-95; females: mean 58.2 years, range 18-91). Exclusion criteria included traumatic arm injury, skeletal
immaturity, and previous surgery. CT images were acquired with the forearm in neutral rotation, covering
from the metacarpal base to approximately 13 cm proximal to the radiocarpal joint.

3D Reconstruction and Coordinate System Definition

Computer analyzing software (BoneSimulater, Orthree, Osaka, Japan) was used to analyze the 3D bone
model of distal radius. After importing image data into the software, a 3D surface models of the distal
radius were constructed with a surface construction algorithm. The coordinate system was defined
based on the 3D data of the distal radius. The long axis of the radius was calculated from the 3D surface
model of the distal radius. The software finds the proximal-to-distal center curve of the radius shaft by
analyzing its cross sections in various locations. Thereafter, the software calculated the central point at
each level from the surface data of the radial diaphysis, and the approximate straight line based on the
central points was defined as the long axis. The long axis of the radius was defined as the y-axis, the
proximal direction was defined as positive and the distal direction as negative. The z-axis was parallel to
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the orthogonal projection of the line that initiated at the base on the sigmoid notch of distal radius and
continued to the radial styloid process on the plane perpendicular to the y-axis. The radial direction of the
z-axis was defined as positive, and the ulnar direction was defined as negative. The x-axis was defined to
be perpendicular to the yz plane, and the palmar direction defined as positive and the dorsal direction
defined as negative. The yz plane, xy plane, and xz plane were defined as the coronal plane, sagittal
plane, and axial plane, respectively. The origin of the coordinates was defined as the intersection of the
joint surface and the long axis of the radius. The transverse diameter (x) was measured as the vertical
distance from the tip of the radial styloid to the ulnar margin in the coronal plane (Figure 1-a). A
normalized relative position (p; radial margin = 0, ulnar margin = 1) was defined across the transverse
diameter. Sagittal reference planes were created at 3-mm intervals, and coordinates of dorsal and
palmar reference points at the edge of distal radius joint surface were recorded (Figure 1-b). At each
position, the linear distance (LD, mm), vertical distance (VD, mm), and palmar tilt (PT, °) were measured.

Linear distance (LD, mm): direct 3D distance between dorsal and palmar articular reference points
(Figure 2-c1). Vertical distance (VD, mm): distance between dorsal and palmar articular reference points
on the x-axis (Figure 2-c¢2). Palmar tilt (PT, °): angle formed between the articular surface and a plane
perpendicular to the radial long axis (Figure 2-c3).

Polynomial Regression Model

A second-order polynomial regression model was selected as a parametric approach because distal
radius morphology changes smoothly along the transverse diameter, and quadratic functions provide
sufficient flexibility to represent global curvature while maintaining model interpretability and avoiding
overfitting. In addition, the interaction term (x-p) was included to account for geometric variations that
depend on both transverse diameter and relative position, reflecting the anatomical asymmetry between
the radial and ulnar margins. For each parameter (LD, VD, PT), second-order polynomial regression
models were fitted using x, p, and their interaction. Two regression models were constructed:

1. Base model (sex-independent):
Y=By+B1x+Bp+B3x°+B40°+Bs5- (X D)

2. Sex-adjusted model:
Y=By+B1X+B-p+Bs X +B4 P +Bs- (xP)+Bs-Sex

Sex was incorporated into regression modeling as a binary numerical variable (Female = 0, Male = 1).
This coding scheme enabled direct interpretation of the regression coefficient of the sex term as the
mean difference between males and females, holding other predictors constant.

Statistical Analysis
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All regression analyses were performed using Python (v3.11, Anaconda Distribution). Two polynomial
regression models were constructed to estimate morphological parameters: (1) a sex-independent
second-order polynomial model, and (2) a simplified sex-adjusted model in which sex (0 = female, 1 =
male) was included as an additional fixed effect without interaction terms. Model fitting and evaluation
were conducted using the scikit-learn library, and results were cross-verified in SPSS (v31.0, IBM Corp.).
Model performance was assessed using the coefficient of determination (R?), root mean square error
(RMSE), and mean absolute error (MAE). Residual distributions were evaluated for normality using Q-Q
plots and the Shapiro—Wilk test. A significance level of p < 0.05 was applied for all statistical
assessments.

Results

Actual plots on 2D coordinates are shown in Figure 3. Three-dimensional plots for linear distance (LD),
vertical distance (VD), and palmar tilt (PT) are shown in Figure 4. The performance of each regression
model is summarized in Table 1.

Second-order polynomial regression using transverse width and normalized relative position
demonstrated high predictive accuracy for LD. Including sex as an additional covariate resulted in a
small but consistent improvement in model performance. The sex term indicated that male wrists
exhibit slightly larger LD values than female wrists.

The polynomial model also predicted VD with sub-millimeter error, indicating that the x—p coordinate
framework captures the overall curvature of the distal radial rim. Sex adjustment again improved the fit
marginally, with males demonstrating greater VD on average, consistent with LD findings.

In contrast to LD and VD, polynomial regression showed poor explanatory ability for PT. The addition of
the sex term did not meaningfully enhance the model. These findings suggest that PT depends on local
3D surface features that are not represented by transverse width and relative position alone.

Regression Equations

The final polynomial equations for LD, VD, and PT without sex adjustment are presented below:
LD=-17.123+1.3364-x+27.4354-p-0.02089 -x*~24.4777 p*+0.3589-(x -p)
VD = -14.600+1.136 -x+26.714-p-0.0173x*-24.219-p?+0.3784-(x-p)

PT=-32.091+3.2974x+9.884p-0.0588x+3.6896 -p>-0.7565-(X )
The final polynomial equations for LD, VD, and PT with sex adjustment are presented below:

LD =-13.820+1.1413x +27.4392p -0.0189 x?-24.4778 p*+0.3589-(x p) +0.6585-Sex
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VD=-11.1944+0.9353 -x+26.7183-p-0.01524x*>~24.2192 p?+0.3783-(x-p)+0.6789-Sex
PT=-35.5284+3.5004 x+9.8796 -p-0.0608 x2+3.6897 -p%-0.7565-(xp)-0.6853-Sex

Overall, LD and VD can be accurately estimated from transverse diameter and normalized relative
position, with minor yet consistent enhancement when incorporating sex. In contrast, PT exhibited
minimal predictability, suggesting that volar inclination is governed by geometric characteristics not
captured within the simplified x-p coordinate system.

Discussion

This study presents an anatomy-aware regression framework for distal radius morphology prediction.
Incorporating relative position significantly improved accuracy compared to conventional polynomial
models. The model captured localized morphological asymmetry between the radial and ulnar regions.
Previous morphometric studies have demonstrated gender and population differences in distal radius
geometry [14-17]. Our model provides a continuous function describing these variations quantitatively.
Although prediction of palmar tilt remained less accurate, likely due to complex volar curvature [15, 18],
this approach provides a foundation for personalized preoperative simulation and implant

contouring. Anatomy-aware modeling improved representation of local triangular curvature and
asymmetry between the radial and ulnar margins. Sex-specific differences—greater influence of relative
position in females and diameter in males—reflect morphological diversity.

The present study demonstrated that distal radius morphology along the volar-dorsal rim can be
effectively characterized using a simple coordinate system defined by transverse width and normalized
relative position. Second-order polynomial regression models accurately predicted both linear distance
and vertical distance, achieving sub-millimeter error. These findings suggest that much of the curvature
of the distal articular rim is governed by smooth, continuous shape transitions that can be approximated
by low-order geometry. Prior CT-based morphologic analyses have similarly reported that distal radius
curvature varies predictably across the transverse plane, particularly along the volar ridge and sigmoid
notch region [14, 19, 20]. The high accuracy observed in the present models is consistent with those
prior observations and indicates that global geometric patterns are sufficiently captured by the x-p
coordinate framework.

In contrast, palmar tilt (PT) was not predictable using the same polynomial structure. Unlike LD and VD,
which reflect surface height relative to a reference plane, PT represents the local slope of the articular
surface—a quantity influenced by subtle curvature changes and regional 3D topology. Previous research
has shown that volar inclination varies considerably across small regions of the distal radius and is
sensitive to local anatomical differences, trabecular orientation, and individual loading patterns [21, 22].
Such localized features are not captured by a 1-dimensional parameterization of the rim, which likely
explains the poor explanatory power for PT observed in our study. This finding is consistent with 3D
morphometric studies reporting that wrist alignment parameters—particularly palmar tilt—are highly
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variable and require full 3D surface reconstruction or advanced modeling techniques for accurate
estimation.

The sex-adjusted models further revealed that male wrists demonstrated slightly greater LD and VD than
female wrists. This observation aligns with prior CT-based anatomical studies showing sex-related
differences in distal radius dimensions, joint surface area, and cortical geometry [14-17]. Although the
magnitude of the difference was modest, including sex as a fixed-effect covariate improved prediction
accuracy for both LD and VD, supporting the idea that population-level morphological factors can refine
anatomy-aware regression models.

An important implication of this study is that distal radius morphology can be partially reconstructed
from minimal measurements, such as transverse width and normalized positional information. This
offers potential utility for preoperative planning, implant design, and Al-based prediction systems. For
example, previous work has incorporated parametric modeling and statistical shape analysis to generate
patient-specific reconstructions from limited inputs [23-25]. Using this model, if the implant position
relative to the distal radius can be predicted, the screw lengths for each screw hole can be calculated
using the regression model (Figure 5). Our findings support the feasibility of simplified models for some
anatomical parameters. While LD and VD appear amenable to such modeling approaches, PT likely
requires incorporation of additional geometric features or higher-dimensional representations, such as
principal curvature vectors, surface normals, or deep-learning—based 3D encodings.

The limitations of this study must also be acknowledged. First, the polynomial model is inherently
constrained in its ability to represent highly localized curvature or anatomical irregularities, underscoring
the poor performance for PT. Second, the coordinate system parameterizes the articular rim in a single
dimension, which simplifies the complexity of the distal radius. Finally, although sex was incorporated,
additional demographic or biomechanical factors—such as age, handedness, or occupation—may
contribute to variations in articular morphology. Future work should explore nonlinear or machine-
learning models, including spline-based regression, random forest, XGBoost, or neural surface
reconstruction, to improve prediction of surface orientation parameters such as palmar tilt.

Despite these limitations, this study provides a robust demonstration that anatomy-aware polynomial
regression can efficiently capture major geometric features of the distal radius with clinically meaningful
accuracy. This modeling framework may serve as a foundation for future development of low-input
prediction systems, automated preoperative planning tools, or integration into CT-based virtual
simulation environments.

Conclusions

Anatomy-aware regression models incorporating transverse diameter and relative position accurately
predict 3D morphology of the distal radius. These models may serve as quantitative tools for patient-
specific surgical planning, fracture fixation, and implant design.
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Abbreviations

2D: Two-dimensional

3D: Three-dimensional

Al: Artificial Intelligence

CT: Computed Tomography

LD: Linear Distance

MAE: Mean Absolute Error

PT: Palmar Tilt

Q-Q plot: Quantile—Quantile Plot
R2: Coefficient of Determination
RMSE: Root Mean Square Error
STROBE: Strengthening the Reporting of Observational Studies in Epidemiology

VD: Vertical Distance
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Table 1. Summary of the performance of each regression model
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Parameter Model R? RMSE MAE

Linear distance Polynomial 0.913 1.181 mm 0.943 mm
Linear distance Polynominal with sex adjustment  0.917 1.154mm  0.922 mm
Vertical distance  Polynomial 0914 1.174mm 0.933 mm

Vertical distance  Polynominal with sex adjustment  0.918 1.144mm  0.909 mm

Palmar tilt Polynomial 0.089 5.42° 4.14°
Palmar tilt Polynominal with sex adjustment  0.091 5.41° 4.14°
Figures
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Figure 1

Figure 1

Definitions of transverse diameter and the dorsal and palmar reference points.

(a) Transverse diameter. The transverse diameter was measured as the vertical distance from the tip of
the radial styloid to the ulnar margin in the coronal plane. (b) Reference points. Coordinates of dorsal
and palmar reference points at the edge of distal radius joint surface were recorded at 3-mm intervals.
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Figure 2

(b) (c)

Figure 2

Measurements of linear distance, vertical distance, and palmar tilt on the sagittal plane.
(a) Sagittal reference planes were created at 3-mm intervals.
(b) Dorsal and palmar reference points at the edge of distal radius joint surface were plotted.

(c) Based on the 3D coordinate of the reference points, linear distance (1), vertical distance (2), and
palmar tilt (3) were calculated.

Page 12/15



(mm) {mm)

§ 15 '_3 15
8 10 | : % .6
o ‘ &t § a
5 -' ' ' k.
o | . - - ..
. 10 | ‘ ’ ' ” = = ey
£ 15 e . £ -
© . ©
o .20 o -
-20 10 0 10 20 30 (mm) 10 (mm)
Radial - » Ulnar Distal = » Proximal

(a) (b)
Figure 3

Figure 3

Actual plots on 2D coordinates.
(a) Axial plane. (b) Sagittal plane.

Blue dots indicate female data, and orange dots indicate male data.
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(a) (b) (c)
Figure 4

Figure 4

Results of 3D plots for each parameter.

(a) Linear distance. (b) Vertical distance. (c) Palmar tilt.
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Figure 5

An example of clinical use for the regression model.

If the reduction and plate placement can be determined during preoperative planning, screw lengths can
be automatically determined using the regression model.
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