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Abstract 
Accurate determination of sex from the skeletal remains of unidentified individuals is challenging in forensic practice. The bone standards for 
sex determination are population and generation specific. The present study investigated the potential utility of the craniofacial bones as an 
indicator of sex in a contemporary sample of the central Chinese population. A total of 171 adults (75 male, 96 female) of known age and 
sex underwent cone beam computed tomography (CBCT). A three-dimensional image from skull CBCT was reconstructed using specialized 
software (SimPlant Pro, version 11.04). Eleven linear measurements were selected to be measured, nine of which were sexually dimorphic. 
Discriminant function analysis (DFA) and logistic regression analysis (LRA) were used to develop mathematical models for sex determination. 
The equations of various variable combinations achieved classification rates of 83.6% in DFA and 84.8% in LRA, with cross-validation rates 
>80%. Results of the present study indicated that the accuracy of the craniofacial bones to determine sex could reach >80%, and bizygomatic 
breadth was the most sexually dimorphic variable among the craniofacial bones. 
Key points 

• Sexual dimorphism of 11 linear dimensions of the craniofacial bones of a central Chinese population were studied. 
• The accuracy of the craniofacial bones in determining sex was as high as 84.8%. 
• The craniofacial bones were useful for determining sex in a sample of the central Chinese population. 
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Introduction 
Sex determination by analyzing the human skeleton is an 
essential component of forensic practice [1, 2]. In some cases 
of mass disasters or crime scenes, biological samples con-
taining genetic information may be difficult to obtain from 
severely decomposed or destroyed bodies, in which case frag-
mented bones may be used for identifying individuals [3]. 

The pelvis is acknowledged to be the most sexually dimor-
phic bone [4, 5]. Although sex dimorphism of the long bones 
has been shown to be better than that of the skull in some 
studies [6], the skull remains generally acknowledged as the 
second best indicator of sex after the pelvis [7, 8]. In addition, 
the skull is usually better preserved than the common long 
bones, and skull analysis also offers the potential for facial 
reconstruction [9]. 

To date, sex determination based on skull features has been 
mainly performed by morphological and metric evaluation 
[10]. Morphological evaluation is performed by visual obser-
vations that rely on subjective assessment. The five cranial 
traits (nuchal crest, mastoid process, glabella, supraorbital 
margin, and mental eminence) described by Walker are the 
most commonly used morphological indicators for sex deter-
mination [11, 12]. In the metric evaluation, the mastoid pro-
cess is often used due to its stability, with up to 95% accuracy 
in determining sex [13–16]. In addition to the mastoid process, 
maximum cranial length, nasal height, bizygomatic width, 
glabella, frontal profile, and superciliary arch have also been 
measured for sex determination, with high reliability and 
accuracy [13, 17–19]. Results of previous studies indicated 
that the mandible also had a high sex determination value,


 8449 21577 a 8449 21577
a
 
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
mailto:hongmeidong1@hotmail.com
e404339
Cross-Out



Page 2 of 8 FORENSIC SCIENCES RESEARCH

with an accuracy of 84.2% [20, 21]. In general, morphological 
evaluation has the advantages of speed, convenience, and 
direct estimation, while the metric method is more objective 
and accurate. 

With the development of computer technologies, digital 
radiography and computed tomography (CT) have been 
applied to measurements in forensic anthropology [9, 22– 
25]. In the present study, we applied cone beam CT (CBCT), 
a type of CT that has been exclusively used in the oral and 
maxillofacial regions, which can provide reliable and legible 
images [21, 26] by projecting in three dimensions. Advantages 
of CBCT also include the clarity of the scans, fewer motion 
artifacts, and reduced radiation dose(s) to subjects [26]. 

Bone growth and development are influenced by changes 
in functional demands, nutritional supply, and environmen-
tal conditions [27–30]. However, the bone database of a 
particular population is not necessarily suitable for others 
due to inter- and intra-population variability [31]; more-
over, patterns of sexual dimorphism vary dramatically even 
within a limited geographical region and historical period 
[12, 32, 33]. Therefore, collecting contemporary skeletal data 
and improving methods to update osteometric standards are 
necessary. 

In the present study, we aimed to investigate sexual dimor-
phism of the craniofacial bones using discriminant function 
analysis (DFA) and logistic regression analysis (LRA) to deter-
mine the combination(s) of variables that provide optimal 
discrimination between the sexes in a sample of the central 
Chinese population. 

Materials and methods 
Sample description 
Data used in the present study were derived from indi-
viduals (age >18 years) undergoing CBCT examination in 
the Department of Oral Radiology, Stomatology School, 
Wuhan University (Wuhan, China). Individuals of non-
Han Chinese origin, those with injuries, previous surgical 
procedures, and craniofacial and/or growth abnormalities 
were excluded. CBCT data from 171 subjects (75 male, mean 
(±SD) age 41.2 ± 14.6 years; 96 female, mean (±SD) age 
40.6 ± 12.7 years) were used with the institutional approval 
to be usual in this study, and written informed consent was 
obtained. There was no statistical difference in mean age 
between the males and females (P > 0.05). The ethical review 
exemption for this study was granted by the Ethics Committee 

of Tongji Medical College, Huazhong University of Science 
and Technology. 

Skeletal measurements 
CBCT images were obtained using a CBCT scanner (NewTom 
VG, QR Srl, Verona, Italy) and saved in a Digital Imaging 
and Communications in Medicine (i.e. “DICOM”) format. 
The scanning parameters were as follows: scanning area, 
23 cm × 17 cm (including the region of the entire skull); tube 
voltage, 120 kV; tube current, 5 mA; scanning time, 3.0 s; 
and pixel spacing, 0.3 mm. The DICOM files were imported 
into a workstation (SimPlant version 11.04; Dentsply Sirona, 
York, PA, USA). The soft tissue and shadow were removed and 
the bone tissue was separated into independent structures for 
subsequent measurements using the split-reconstruction tool 
in the software. 

In accordance with previous reports [34–37], 11 linear 
measurements were selected. These 11 linear measurements 
and their corresponding abbreviations and definitions are 
summarized in Table 1. The 11 linear measurements were 
identified using rotation and zoom tools in three-dimensional 
(3D) images. A schematic representation of the linear mea-
surements was marked on the 3D model shown in Figure 1. 
All linear measurements were measured directly by drawing 
lines between the chosen points, while the software provided 
corresponding measurements. Results were accurate to the 
nearest 0.01 mm. All measurements were recorded twice by 
two trained observers, and the mean values were subjected to 
statistical analysis. 

Statistical analysis 
To evaluate data quality and repeatability, 30 images were 
randomly selected and measured by two trained observers to 
assess intra- and inter-observer agreement by calculating the 
relative technical error of measurement (rTEM) and coeffi-
cient of reliability (R) before formal data collection [38, 39]. 
Values <1 for  R and <2% for rTEM were acceptable. The 
values of rTEM (0.513%–1.920%) and R (0.818–0.994) are 
summarized in Table 2. The  R values for the 11 variables were 
regarded as “almost perfect reliability,” with higher R values 
indicating greater measurement reliability [40]. 

In descriptive statistics, mean, standard deviation (SD), and 
standard error of the mean (SEM) were calculated for each 
variable in both sexes. The Shapiro–Wilk test was used to 
determine whether the variables were normally distributed 
and Levene’s test was used to examine the homogeneity 

Table 1. Description and abbreviation of 11 linear measurements of the craniofacial bones. 

No. Abb. Linear measurements Description 

1 MFH Morphological facial height Direct distance between nasion and gnathion 
2 NPH Nasion-prosthion height Direct distance between nasion and exoprothion 
3 FMT Upper facial breadth Direct distance between the two frontomalare temporale 
4 ZYB Bizygomatic breadth Direct distance between the two zygion 
5 MSB Bimastoidal breadth Direct distance between the two mastoideale 
6 EKB Biorbital breadth Direct distance between the two ektokonchion 
7 OBB Orbital breadth Direct distance between maxillofrontale and ektokonchion and the average on both sides 
8 OBH Orbital height The height between the upper and lower borders of the orbit and the average on both sides 
9 NLH Nasal height Direct distance between nasion and nasospinale 
10 GND Glabella-nasospinale distance Direct distance between glabella and nasospinale 
11 NLB Nasal breadth The distance between the anterior edges of the nasal aperture at its widest extent 
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Figure 1 3D model of cranial-facial bones. Anterior view (A, B), posterior view (C), and left view (D). (1) Morphological facial height (MFH); (2) nasion-
prosthion height (NPH); (3) upper facial breadth (FMT); (4) bizygomatic breadth (ZYB); (5) bimastoidal breadth (MSB); (6) biorbital breadth (EKB); (7) orbital 
breadth (OBB); (8) orbital height (OBH); (9) nasal height (NLH); (10) glabella-nasospinale distance (GND); (11) nasal breadth (NLB). 

Table 2. Measurement precision of all the variables of the craniofacial 
bones. 

No. Variable rTEM (%) R 

1 MFH 0.614 0.994 
2 NPH 1.027 0.981 
3 FMT 1.450 0.899 
4 ZYB 0.513 0.991 
5 MSB 1.425 0.873 
6 EKB 0.874 0.963 
7 OBB 1.064 0.818 
8 OBH 1.322 0.828 
9 NLH 1.759 0.917 
10 GND 1.920 0.903 
11 NLB 1.772 0.911 

of variance. An independent t-test was used to assess the 
degree of significance between the two sexes. Variables with 
significant sex differences were further calculated using DFA 
and LRA to establish equations. 

The data were first entered into univariate and direct mul-
tivariate DFA. In addition, a stepwise method was applied to 
select variables, included as F > 3.84 and rejected as F <2.71, 
canonical discriminant function coefficients were extracted to 
form multivariate discriminant equations and the cut-off point 

was the mean value of the two group centroids. In application, 
higher values to the cut-off point were accepted to be male and 
lower values to be female, while equal values were classified 
as “indeterminate sex”. 

LRA was used to assess variables individually and in combi-
nation. Each independent variable’s unique contribution was 
quantified to derive equations with different variable combi-
nations and applied the Hosmer–Lemeshow to the goodness-
of-fit test [41]. 

To quantify the effectiveness of the statistical models, the 
“leave-one-out” cross-validation method was used in DFA. 
The validation procedure added a cross-validated error rate at 
each step until the error rate could not be decreased. Receiver 
operating characteristic (ROC) curve, a well-accepted test 
measure of predictive accuracy [42], was used to assess the 
LRA models. Also, the exact cut-off values were calculated 
based on the trade-off between sensitivity and specificity 
from the corresponding Youden index. It was classified to 
be female when the measurement was greater than the exact 
cut-off value. 

All statistical analyses were performed using Excel spread-
sheet software (Microsoft Corporation, Redmond, WA, USA) 
and SPSS version 26.0 (IBM Corporation, Armonk, NY, USA). 
Differences with P <0.05 were considered to be statistically 
significant.
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Results 
Descriptive analysis 
The variables for two sexes were normally distributed with 
homogeneity of variance. Descriptions of the 11 variables 
are summarized in Table 3. The mean values for males were 
higher than those of females. The Student t-test identified 
nine variables, including morphological facial height (MFH), 
nasion-prosthion height (NPH), upper facial breadth (FMT), 
bizygomatic breadth (ZYB), bimastoidal breadth (MSB), 
biorbital breadth (EKB), orbital breadth (OBB), orbital height 
(OBH), and nasal height (NLH), which were statistically 
different between the two sexes (P < 0.01), with no differences 
in glabella-nasospinale distance (GND) and nasal breadth 
(NLB). The nine selected variables were entered into DFA 
and LRA. 

Discriminant function analysis 
Univariate DFA 
Nine equations for the nine variables were tested by cross-
validation and summarized in Table 4. ZYB was recognized 
to be the most sexually dimorphic, with a high classification 
accuracy rate (80.1%) (Equation Y1). The classification 
accuracy rates for MFH, FMT, and EKB were ∼75%. The 
remaining five variables yielded lower correct prediction rates 
(<70%). 

Multivariate DFA 
The direct method achieved a greater level of classification 
accuracy than the stepwise method (Table 5). Equation Y2 

employed all nine variables using the direct method and exhib-
ited the best discriminatory values, with a correct classifica-
tion for 84.0% of males and 83.3% of females. The stepwise 
method used four variables (MFH, NPH, ZYB, and OBB) by 
its default procedure to establish equation (Y3), attaining an 
accuracy rate of 82.5% with lower sex bias (0.4%). To handle 
cases with partial fragmentation of the craniofacial bones, 
an attempt was made to build equations Y4 to Y9 (Table 6) 
with highly relevant variables (ZYB > FMT > EKB = MFH) 
according to the correlation coefficient in the structure matrix, 
and achieved a sex classification accuracy >80%. For exam-
ple, the incorporation of FMT and ZYB in the model (Y8) 
obtained a high correct classification rate of 82.5% with a 
sex bias of 7.5%. 

Logistic regression analysis 
Equations established by LRA are summarized in Tables 7–9. 
Only one univariable equation, ZYB, yielded an accuracy 
rate of 81.3% with sex bias of −7.1% (Y10). In the mul-
tivariate direct regression process, Y11 contained only eight 
variables because NLH was rejected for contributing little to 
the equation. Y11 achieved the highest accuracy rate (81.3% 
for males, 87.5% for females, 84.8% pooled). In the multi-
variate stepwise regression process, the forward conditional 
approach integrated four variables (MFH, NPH, ZYB, and 
EKB) into model Y12 and provided a correct classification 
of 81.9%. According to the variable contribution coefficients, 
some other combinations (Y13, Y14, Y15) were calculated, 
achieving comparatively good classification rates and model 

Table 3. Descriptive statistics of the variables of the craniofacial bones. 

No. Variable Male Female P value 

Mean ± SD SEM Range Mean ± SD SEM Range 

1 MFH 121.58 ± 7.23 0.83 102.06–136.79 114.15 ± 8.33 0.85 67.83–130.80 <0.001∗ 

2 NPH 73.14 ± 4.27 0.49 60.79–81.73 70.07 ± 4.53 0.46 60.52–81.91 <0.001∗ 

3 FMT 108.51 ± 3.92 0.45 97.40–118.15 103.98 ± 5.57 0.57 66.04–115.83 <0.001∗ 

4 ZYB 138.97 ± 4.86 0.56 121.29–147.63 131.55 ± 5.16 0.53 114.77–149.69 <0.001∗ 

5 MSB 108.14 ± 4.45 0.51 96.95–117.07 104.25 ± 6.16 0.63 73.87–116.43 <0.001∗ 

6 EKB 97.07 ± 3.70 0.43 87.32–108.35 93.31 ± 3.59 0.37 84.98–101.28 <0.001∗ 

7 OBB 38.23 ± 2.77 0.32 33.80–44.25 36.34 ± 3.06 0.31 20.23–43.38 <0.001∗ 

8 OBH 37.51 ± 2.00 0.23 33.65–43.14 36.28 ± 2.10 0.21 31.04–42.93 <0.001∗ 

9 NLH 55.42 ± 3.01 0.35 48.65–63.00 52.72 ± 3.44 0.35 45.93–61.73 <0.001∗ 

10 GND 65.86 ± 3.80 0.44 52.18–77.05 65.40 ± 3.91 0.40 57.07–75.64 0.440 
11 NLB 25.92 ± 2.57 0.30 20.48–37.85 25.24 ± 2.13 0.22 19.76–35.69 0.065 

∗P < 0.001, independent t-test. 

Table 4. Univariate discriminant function analysis of the craniofacial bones. 

Function Eigen 
value 

Canonical 
correlation 

Wilk’s 
Lambda 

Group centroids Accuracy (%) 

Male Female Original Cross-
validation 

Male Female Pooled 

−16.693 + 0.142 × MFH 0.271 0.426 0.787 0.586 −0.458 73.3 75.0 74.3 74.3 
−16.169 + 0.226 × NPH 0.120 0.328 0.893 0.390 −0.305 68.0 64.6 66.1 66.1 
−25.664 + 0.241 × FMT 0.326 0.496 0.754 0.643 −0.502 77.3 77.1 77.2 77.2 
−26.805 + 0.199 × ZYBa 0.542 0.593 0.649 0.828 −0.647 82.7 78.1 80.1 80.1 
−21.106 + 0.198 × MSB 0.164 0.375 0.859 0.455 −0.355 68.0 62.5 64.9 62.6 
−26.051 + 0.274 × EKB 0.271 0.462 0.786 0.586 −0.458 74.7 69.8 71.9 74.9 
−13.719 + 0.367 × OBB 0.168 0.379 0.856 0.461 −0.360 66.7 67.7 67.3 64.9 
−17.902 + 0.486 × OBH 0.090 0.287 0.918 0.337 −0.263 56.0 59.4 57.9 57.9 
−16.255 + 0.301 × NLH 0.171 0.381 0.855 0.464 −0.363 64.0 69.8 67.3 67.3 

aY1 = −26.805 + 0.199 × ZYB. 



Wei et al. Page 5 of 8

Table 5. Multivariate discriminant function analysis of the craniofacial bones. 

Function Coefficient Eigen 
value 

Canonical 
correlation 

Wilk’s 
Lambda 

Group centroids Accuracy (%) 

Standard-
ized 

Unstandard-
ized 

Male Female Original Cross-
validation 

Male Female Pooled 

Direct 
MFH 0.664 0.094 0.737 0.651 0.576 0.965 −0.754 84.0 83.3 83.6 80.9 
NPH −0.558 −0.126 
FMT 0.224 0.054 
ZYB 0.576 0.115 
MSB 0.121 0.024 
EKB 0.108 0.030 
OBB 0.284 0.104 
OBH 0.097 0.047 
NLH 0.039 0.012 

Y2=−29.247+0.094×MFH−0.126×NPH+0.054×FMT+0.115×ZYB+0.024×MSB+0.030×EKB+0.104×OBB+0.047×OBH+0.012×NLH 

Stepwise 
MFH 0.701 0.100 0.708 0.644 0.586 0.946 −0.739 82.7 82.3 82.5 81.9 
NPH −0.493 −0.112 
ZYB 0.703 0.140 
OBB 0.316 0.116 

Y3=−26.907 + 0.100 × MFH − 0.112 × NPH + 0.140 × ZYB + 0.116 × OBB 

Table 6. Discriminant function analysis of the other highly relevant variables in the craniofacial bones. 

Discriminant function 
(P > 0 is a male) 

Accuracy (%) 

Original Cross-validation 

Male Female Pooled 

Y4 = −29.192 + 0.046 × MFH + 0.033 × FMT + 0.136 × ZYB + 0.020 × EKB 84.0 80.2 81.9 80.1 
Y5 = −26.198 + 0.970 × MFH −0.094 × NPH + 0.159 × ZYB 81.3 81.3 81.3 80.1 
Y6 = −28.929 + 0.049 × MFH + 0.143 × ZYB + 0.042 × EKB 84.0 79.2 81.3 79.5 
Y7 = −29.027 + 0.055 × FMT + 0.159 × ZYB + 0.017 × EKB 88.0 78.1 82.5 81.3 
Y8 = −28.745 + 0.065 × FMT + 0.162 × ZYB 86.7 79.2 82.5 81.9 
Y9 = −28.567 + 0.174 × ZYB + 0.054 × EKB 84.0 77.1 80.1 80.1 

Table 7. Univariate logistic regression analysis of the craniofacial bones. 

Function SE Wald Hosmer– 
Lemeshow P Exp(B) Accuracy (%) 

AUC area Cut-off value 
Male Female Pooled 

17.558 – 0.147 × MFH 0.027 29.713 0.059 0.00 0.863 64.0 79.2 72.5 0.775 
11.484 – 0.157 × NPH 0.038 16.694 0.608 0.00 0.855 49.3 74.0 63.2 0.699 
30.039 – 0.279 × FMT 0.049 29.150 0.056 0.00 0.769 68.0 82.3 76.0 0.805 
40.783 – 0.299 × ZYBa 0.046 43.088 0.342 0.00 0.741 77.3 84.4 81.3 0.874 0.683 
17.950 – 0.166 × MSB 0.037 20.585 0.986 0.00 0.750 52.0 76.0 65.5 0.714 
27.652 – 0.288 × EKB 0.053 30.483 0.185 0.00 0.744 64.0 79.2 72.5 0.769 
11.395 – 0.297 × OBB 0.064 21.448 0.625 0.00 0.743 46.7 74.0 62.0 0.713 
11.164 – 0.296 × OBH 0.083 12.819 0.139 0.00 0.744 42.7 78.1 62.6 0.650 
13.539 – 0.246 × NLH 0.053 21.867 0.733 0.00 0.782 58.7 75.0 67.8 0.731 

aY10 = 40.783 − 0.299 × ZYB. 

fit indices, among which Y14 performed the best (81.3% for 
males, 85.4% for females, 83.6% pooled) with MFH and 
ZYB, with a sex bias of 4.1%. 

Model diagnostic analysis 
The cross-validation classification accuracy rate of the DFA 
models (Y1–Y9) was 79.5%–81.9%. The area under ROC 
curves (AUC) of the LRA models (Y10 to Y15) was accepted 
to be “reliable” (0.874–0.892). 

Discussion 
In our study, ZYB was recognized to be the most sexually 
dimorphic variable, either as single feature (Y1 and Y10) 
or in combination with other variables. The sexual dimor-
phism of ZYB was similarly reported in several previous 
studies, with accuracies of 78.3%–85.5% [43–45]. GND and 
NLB exhibited no difference among the Chinese Uygur [46], 
which were in accord with the contemporary central Chinese 
population of the present study. Furthermore, in studies of
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Table 8. Multivariate logistic regression analysis of the craniofacial bones. 

Function B SE Wald P Exp(B) Accuracy (%) Hosmer– 
Lemeshow 

AUC 
area 

Cut-off 
value 

Male Female Pooled 

Direct 
MFH −0.200 0.071 7.883 0.005 0.820 81.3 87.5 84.8 0.064 0.892 0.486 
NPH 0.296 0.117 6.459 0.011 1.360 
FMT −0.120 0.084 2.034 0.154 0.889 
ZYB −0.203 0.064 9.989 0.002 0.819 
MSB −0.048 0.049 0.984 0.321 0.953 
EKB −0.100 0.099 1.016 0.313 1.100 
OBB −0.178 0.094 3.571 0.059 0.842 
OBH −0.100 0.124 0.644 0.422 0.903 

Y11 Logit P = 48.940 – 0.200 × MFH + 0.296 × NPH − 0.120 × FMT − 0.203 × ZYB − 0.048 × MSB − 0.100 × EKB − 0.178 × OBB − 0.100 × OBH 

Stepwise 
MFH −0.195 0.067 8.422 0.004 0.823 77.3 85.4 81.9 0.220 0.887 0.571 
NPH 0.259 0.109 5.619 0.018 1.296 
ZYB −0.234 0.051 21.295 0.000 0.791 
EKB −0.177 0.081 4.812 0.028 0.838 

Y12 Logit P = 43.045 − 0.195 × MFH + 0.259 × NPH − 0.234 × ZYB − 0.177 × EKB 

Table 9. Logistic regression analysis of the other highly relevant variables in the craniofacial bones. 

Logistic regression function 
(P > 0 is a male) 

Accuracy (%) Hosmer–Lemeshow AUC 
area 

Cut-off 
value 

Male Female Pooled 

Y13 Logit P = 41.232 − 0.178 × MFH + 0.214 × NPH − 0.261 × ZYB 78.7 85.4 82.5 0.077 0.882 0.514 
Y14 Logit P = 42.469 − 0.640 × MFH − 0.256 × ZYB 81.3 85.4 83.6 0.276 0.880 0.497 
Y15 Logit P = 41.546 − 0.032 × NPH − 0.288 × ZYB 77.3 83.3 80.7 0.307 0.875 0.671 

Asian populations in Northwest India [ 44], Malaysia [47], 
Thailand [48, 49], and Japan [45], NLH, EKB, and FMT 
also exhibited sexual dimorphism, with accuracies of 77.8%– 
93%. Although the variables selected in the above studies were 
not exactly the same as ours, the sex determination accuracy 
rate of the craniofacial bones was, nevertheless, generally high. 
Thus, the present study demonstrated the utility of the sexual 
dimorphism of the craniofacial bones in enabling accurate sex 
determination in a central Chinese population. 

However, the sexual dimorphism of some variables in our 
study was contrary to other studies [50, 51]. These different 
results may be due to population heterogeneity, which may be 
influenced by ancestry, nutritional supply, and living habits 
[52, 53]. Therefore, collecting data from different regions 
and populations is necessary for improving the database for 
forensic anthropology. 

We analyzed the accuracy of craniofacial bone variables in 
determining sex using univariate and multivariate methods. 
An anthropological study revealed that the more variables 
contained, the higher the accuracy of the discriminant 
functions achieved [54]. In our study, Y2 and Y11 with 
nine or eight variables did achieve high classification rates in 
multivariate DFA and LRA, respectively. However, the models 
with fewer variables are more applicable in fragmented 
craniofacial bones in forensic practice. For example, Y3 to Y9 
are effective because they contain fewer but valid variables. 
In addition, LRA models with too many independent 
variables may cause a mathematically unstable result and 
limited generalizability beyond the present sample [55]. 
For example, model Y11 yielded lower overall model fit 
(according to the Hosmer–Lemeshow value), while models 
Y14 and Y15, with combinations of MFH, NPH, and ZYB, 

demonstrated good explanatory power and external validity. 
Selecting variables is complex and relying on automated 
variable selection is insufficient, as it tends to exploit random 
chance factors in the sample [55]. We should also be guided by 
professional knowledge and previous investigations to ensure 
stable outcomes. 

In the present study, we used two statistical methods— 
DFA and LRA—which were applied based on four assump-
tions: absence of outliers; independence of errors; linearity 
between logit of the outcome and predictor variables; the 
absence of multi-observation collinearity among predictors 
[54]. In addition, two more assumptions need to be satisfied 
for DFA: multivariate normality; homogeneity of variance– 
covariance matrices within groups. Thus, LRA is simpler and 
more flexible. LRA enables not only the prediction of sex 
but also the estimation of the probability of an individual 
being male or female [56]. In the present sample, both in 
univariate analysis and multivariate analysis, LRA equations 
(80.7%–84.8%) had slightly better classifying ability than 
DFA equations (80.1%–83.6% pooled). The present study 
demonstrated that LRA was a good alternative, although DFA 
was widely used for sex classification in previous studies. 

Conclusion 
Results of the present study demonstrated that the cranio-
facial bones of the central Chinese population were useful 
for classifying sex, and statistical models achieved accuracy 
rates >80%. We also derived equations that cover various 
conditions of highly relevant variables of the craniofacial 
bones, which can increase the scope of application to complex 
cases for sex determination.
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