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Abstract: The identification of tissue origin of body fluid can provide clues and evidence for criminal case investigations. To
establish an efficient method for identifying body fluid in forensic cases, eight novel body fluid-specific DNA methylation
markers were selected in this study, and a multiplex single base extension reaction (SNaPshot) system for these markers was
constructed for the identification of five common body fluids (venous blood, saliva, menstrual blood, vaginal fluid, and semen).
The results indicated that the in-house system showed good species specificity, sensitivity, and ability to identify mixed
biological samples. At the same time, an artificial body fluid prediction model and two machine learning prediction models
based on the support vector machine (SVM) and random forest (RF) algorithms were constructed using previous research data,
and these models were validated using the detection data obtained in this study (#=95). The accuracy of the prediction model
based on experience was 95.79%; the prediction accuracy of the SVM prediction model was 100.00% for four kinds of body
fluids except saliva (96.84%); and the prediction accuracy of the RF prediction model was 100.00% for all five kinds of body
fluids. In conclusion, the in-house SNaPshot system and RF prediction model could achieve accurate tissue origin identification
of body fluids.
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1 Introduction specific tissue cells or proteins in different body fluids
by serological or immunological technologies, such
as blood identification based on Luminol test. These
methods are simple and convenient, and form the
basis for the development of forensic body fluid iden-

tification. However, in addition to their low specificity,

Body fluid (or stain) is a kind of common biologi-
cal evidence in forensic identification. Body fluid
materials extracted from crime scenes contain a wealth
of biological information closely related to the crime.

Identifying the tissue origin of body fluid can estab-
lish a link between the biological evidence and the
crime (Sijen and Harbison, 2021). For example, if the
DNA extracted from the vagina of the female victim
can be identified as containing the semen DNA of the
suspect, it will be of great significance in the trial of
rape. The traditional methods to identify the tissue ori-
gins of body fluids mainly focus on identifying the
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other limitations include the high demand for sample
quality and quantity, which is not always possible due
to the damage of body fluid sample; also, detecting
body fluid samples under special conditions such as
degradation and mixing can be challenging (Martin
et al., 2006; Virkler and Lednev, 2009). Moreover,
false-positive or false-negative results occur easily, re-
sulting in a higher risk of misjudgment. With the
rapid technological development of molecular biology,
forensic researchers have begun to look for body fluid-
specific markers at the molecular level for body fluid
identification, including DNA methylation markers
(Choung et al., 2021; Haddrill, 2021).
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DNA methylation is one of the most important
epigenetic markers. It refers to the process of transfer-
ring a methyl group to the specific base under the
catalysis of DNA methyltransferase (Mattei et al.,
2022). The technology of detection requires a smaller
amount of body fluid and only needs a single DNA
extraction step for body fluid identification and subse-
quent DNA individual identification analysis. There-
fore, DNA methylation is an ideal molecular marker
for identifying the tissue origins of different body
fluids (Lee et al., 2022). Previous studies have reported
a variety of body fluid-specific DNA methylation
markers. Nonetheless, the obtained results indicated
that forensic identifications based on these methyla-
tion markers were influenced by multiple factors, such
as genetic differences (Kader et al., 2020; Zhao et al.,
2022). Moreover, there are still many body fluid-
specific DNA methylation markers in the whole gen-
ome, which have not been explored, especially the
specific markers for identifying menstrual blood and
vaginal fluid (Park et al., 2014; Lee et al., 2015; Forat
et al., 2016; Kader et al., 2020). In addition, the ex-
pression level of a DNA methylation marker is a num-
ber between “0” and “1” and its interpretation so far
depends on empirical judgment, which may lead to
inaccurate conclusions based on false-positive or false-
negative results.

Methylation-sensitive single base extension reac-
tion (SNaPshot) technology comprises site-specific
DNA methylation analysis based on the capillary elec-
trophoresis platform. It not only realizes the quantita-
tive detection of multiple DNA methylation markers
at the same time, but can also be implemented in
primary forensic laboratories, which could greatly
improve the detection efficiency in forensic practice
(Dias et al., 2020; Hao et al., 2021).

In this study, we identified a novel set of eight
body fluid-specific DNA methylation markers for
venous blood, semen, vaginal secretion, saliva, and
menstrual blood in the Chinese Han population based
on previous results, and constructed a multiplex detec-
tion system for these markers based on methylation-
sensitive SNaPshot technology. Moreover, an artificial
prediction model and two machine-learning prediction
models were constructed to meet the need of accurate
prediction of the tissue origin of body fluid. Thus, we
aim to provide a reliable method and detection tech-
nology platform for the accurate identification of the
five common types of body fluids in forensic practice.

2 Materials and methods

2.1 Selection and primer design of DNA methylation
markers for body fluid identification

For five kinds of body fluids (venous blood, semen,
vaginal secretion, saliva, and menstrual blood) which
are common in forensic practice, eight body fluid-
specific DNA methylation markers (CpGs) were se-
lected by the Illumina Infinium Methylation EPIC
BeadChip Array (Illumina, San Diego, CA, USA)
according to the following principles: (1) the absolute
value of methylation expression level between one tar-
get body fluid type and the other four body fluid types
is greater than 0.2; (2) the P-value calculated by the
linear model (limma package) between one target body
fluid type and non-target body fluid types is less than
0.05 or the adjusted P-value is less than 0.01; (3) the
body fluid specificity of the selected CpGs was previ-
ously verified by the method of pyrosequencing (n=
100). At the same time, one completely unmethylated
cytosine was selected as an internal quality control to
test the efficiency of DNA bisulfite conversion.

The MethPrimer 2.0 online software (https://
www.urogene.org/methprimer2) and Primer Premier
5.0 software (Primer, Canada) were used to complete
the primer design of target DNA methylation marker
amplification and single base extension (SBE). The
design principles were as follows: (1) primer lengths
of 15-35 bp; (2) range of melting temperature (7,)
values of primers from 45 °C to 70 °C; (3) lengths of
all amplified products less than 300 bp; (4) no hairpin
structure in the primers; (5) no dimer formation be-
tween the primers; (6) different fragment sizes of
the SBE primers by adding CT at the 5' end of the
primers to distinguish different CpGs within the
SNaPshot system. All primers were synthesized by
Sangon Biotech Incorporation (Shanghai, China), and
they were shown in Table 1. The preparation of multi-
plex primers was carried out after the verification of
primer specificity and efficacy of primer binding.

2.2 Body fluid sampling and DNA exaction

A total of 95 unrelated healthy Chinese Han vol-
unteers (20—45 years old) provided 95 body fluid sam-
ples (15 venous blood samples, 20 semen samples,
20 vaginal secretion samples, 20 saliva samples, and
20 menstrual blood samples) and signed the written
informed consents. All volunteers declared that they
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Table 1 Information of PCR primers and SBE primers of eight CpGs in the multiplex SNaPshot system

1D Target ID* PCR/SBE Primer sequence (5'—3") Product size (bp)

CpGl  ¢g25922751 PCR-forward AATATTGAGGTTTGATTTATGGTG 127

PCR-reverse AAACACCRCAACCTAATACAAAT

SBE-forward GTAGGTTAGGGYGGGGATATATATT 26
CpG2  ¢g24301930 PCR-forward GTATGGTTTTTGYGTTTATAGATGA 111

PCR-reverse AAAATAAACCCCRAACTAACCTC

SBE-forward (CT),AAGTTGYGTTAGTTAGTAAGGTTTT 36
CpG3  ¢g03902386 PCR-forward GTGATGAAAGATTATTAGTATTTGATGT 84

PCR-reverse CAATTTCCACATAAAAACACRAAAC

SBE-forward (CT),,AAGGTTGTGTTTTTTTAGTG 41
CpG4 cg03282313 PCR-forward GTGATATGTAAGATTTGAATGAAGG 94

PCR-reverse ATAACAAAACCATAACTCAAATTCA

SBE-forward (CT),, TGGGTATATGGTTAGTGGTGGAATT 46
1QC Internal quality control ~ PCR-forward GTYGTTAGGTAGTAGTATTAGTAGGTTTAGT 125

PCR-reverse CAATACAAATAATATATCAAAAAACCA

SBE-forward (CT),,TAGGTAGTAGTATTAGTAGGTTTAG 50
CpG5  ¢g24772753 PCR-forward GAYGATTTTTYGTGGTGGAGTATT 178

PCR-reverse AACCCAACACCAAACCTCTTT

SBE-forward (CT)CCAACACCAAACCTCTTTATAAAAC 28
CpG6  cg05558714 PCR-forward AGGAATTTTAYGGTAGGGATAGATT 95

PCR-reverse TTTCCATACTACTTTCCAAAAACA

SBE-forward (CT),TCACTCTTTAAATAAAACCAATCCC 32
CpG7 cg05614346 PCR-forward GAAGGAGGTTTAGTTGAGAGTTTG 85

PCR-reverse AAACCAAACCCACACCTACTAC

SBE-forward (CT),CCTACTACCTACCTAACRAAAATAC 36
CpG8  cg07452397 PCR-forward GTTTYGTTTTGGTAATAATTTTTG 102

PCR-reverse AAAACTACACTAACTCTTTCTTATCCA

SBE-forward (CT), TTTCTTATCCATAAATAACACAAAC 40

* Target ID is a unique ID in the Illumina Infinium Methylation EPIC BeadChip array. CpGs: DNA methylation markers; ID: identification;
PCR: polymerase chain reaction; SBE: single base extension; SNaPshot: single base extension reaction.

did not smoke, or take antibiotics or other drugs within
three months at the time of body fluid sample collec-
tion. Semen and vaginal fluid samples were collected
after the volunteers had no sexual or contraceptive
activity within 72 h. Menstrual blood samples were
collected on the second day of the volunteers’ menstrual
cycle. Saliva samples were taken on the premise that
the volunteers did not eat within 1 h or gargle. Each
venous blood sample was collected in an anticoagu-
lant tube containing ethylene diamine tetraacetic
acid (EDTA), then shaken, and stored at =20 °C. The
semen and saliva samples were stored in clean tubes at
-20 °C. Vaginal fluid and menstrual blood samples
were stored on sterile cotton swabs, dried at room

temperature, and then stored at —20 °C. After the pet
owners signed the written informed consents, two ca-
nine saliva and two cat saliva samples were collected
and stored at —20 °C after drying. A total of six ven-
ous blood samples were separately collected from
mice, rats, and pigeons, and stored at =20 °C in the
anticoagulant tubes containing EDTA.

The genomic DNA of body fluid samples was
extracted by the QIAamp DNA Investigator Kit
(Qiagen, Hilden, Germany). DNA quantification was
performed using the Qubit 4.0 Fluorometer (Applied
Biosystems, Foster City, CA, USA). The bisulfite con-
version of genomic DNA was carried out by the
EZ DNA Methylation Gold Kit (Zymo Research,
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Orange, CA, USA) according to the manufacturer’s
recommendations.

2.3 Target DNA methylation marker amplification
and SBE

The Platinum Multiplex PCR Master Mix Kit
(Applied Biosystems) was used to complete the multi-
plex PCR reaction (total volume 20 pL), which in-
cluded 1 pL of converted DNA, 10 pL of Platinum
Multiplex PCR Master Mix (2x), 2 uL of GC Enhancer,
2 pL of multiplex PCR primer (1 umol/L), and 5 pL
of sterile deionized water. The PCR reaction was per-
formed on the Veriti 96-well Thermal Cycler (Applied
Biosystems) under the following conditions: pre-
denaturation at 95 °C for 2 min; denaturation at 95 °C
for 30 s, annealing at 56 °C for 90 s, and extension at
72 °C for 30 s, for 35 cycles; then final extension at
60 °C for 30 min and hold at 4 °C. The amplification
products were purified by incubation at 37 °C for 1 h
and 80 °C for 20 min in a 10-pL reaction system in-
cluding 5.2 uL of amplified products, 2.5 uL of shrimp
alkaline phosphatase (rSAP; 1 U/uL), 1.0 puL of rfSAP
buffer (10x), 0.3 pL of Exonuclease I (5 U/uL), and
1.0 pL of Exonuclease I buffer (10x).

The SNaPshot Multiplex Kit (Applied Biosys-
tems) was used to conduct the multiplex SBE reaction
(total volume of reaction system was 10 pL): 5 pL
of SNaPshot Multiplex Mix, 1 puL of multiplex SBE
primer, 1 puL of purified amplification product, and
3 uL of sterile deionized water. The reaction conditions
were as follows: 96 °C for 10 s, 50 °C for 5 s, and
60 °C for 30 s, for 25 cycles. The SBE products were
added with 1 pL of rSAP and 1.2 pL of rSAP buffer
(10x%), and then incubated at 37 °C for 1 h and 80 °C
for 20 min to complete the purification.

2.4 Capillary electrophoresis for multiplex SNaPshot
detection

According to the manufacturer’s instructions, the
DS-02 Matrix Standard Kit (Applied Biosystems) was
used for the spectral correction of the five-color fluores-
cence of 3130x/ genetic analyzer (Applied Biosystems)

before the SBE product separation. Next, 2 uL of
purified SBE products were mixed with 2 pL of for-
mamide and 0.5 pL of GeneScan 120 LIZ Dye Size
Standard (Applied Biosystems). Next, after denatur-
ation at 95 °C for 5 min, the loading mixture was
placed on ice for 3 min and put on a 3130x/ genetic
analyzer. Capillary electrophoresis was performed
under the following conditions: hot plate temperature
of 60 °C; injection voltage of 2 kV; injection time of
12 s; electrophoresis voltage of 15 kV; and electro-
phoresis time of 25 min. Data Collection v3.0 soft-
ware (Applied Biosystems) was used to collect the ge-
notyping data of electrophoresis analyses. GeneMapper
ID-x v1.3 software (Thermo Fisher Scientific, USA)
was employed to analyze the SNaPshot electrophore-
sis data and collect the peak height of each amplicon.
The methylation rate of each CpG was calculated ac-
cording to Eq. (1) or (2) (Pan et al., 2020) shown below.

2.5 Tests of sensitivity, species specificity, and
mixed body fluid sample

In order to test the sensitivity of this system,
10 ng/uL of DNA from each body fluid sample was
extracted for bisulfite conversion and diluted with
deionized water separately to 0.5, 1, 2, and 5 ng/uL.
Venous blood or saliva DNA templates (n=10) were
extracted from dogs, cats, rats, mice, and pigeons to
test the species specificity of the in-house SNaPshot
system. The DNA mixed samples of semen and men-
strual blood, semen and saliva, or semen and vaginal
fluid were prepared to test the forensic identification
efficiency of the system for mixed body fluid samples.
These DNA-mixed samples were divided into three
groups with three different volume mixing ratios (1:1,
1:2, and 1:4).

2.6 Construction of three models for body fluid
identification

The three different prediction models for five
types of body fluids were constructed on basis of the
pyrosequencing results of these eight CpGs obtained
in our laboratory. A total of 90% of all data were

. _ peak height of cytosine o
Methylation level peak height of cytosine + peak height of thymine x 100%, 1
Methylation level = peak height of guanine x 100%. @)

peak height of guanine + peak height of adenine



extracted as the training set to construct the prediction
models, and the remaining 10% were used as the val-
idation set to verify the accuracy of these three models.
This study used the results of the in-house SNaPshot
system as a testing set (n=95) to test the accuracy of
the constructed prediction models. The heatmap of
methylation expression levels was built by TBtools
v1.082 software (Chen et al., 2020). The ¢1071 and
randomForest packages (Alderden et al., 2018) in R
software were used to complete the constructions and
tests of support vector machine (SVM) and random
forest (RF) models, respectively.

3 Resuults

3.1 Methylation-sensitive SNaPshot system for body
fluid identification

The control DNA sample and control SBE primer
in the SNaPshot Multiplex Kit were used for the qual-
ity control of capillary electrophoresis on a 3130x/
genetic analyzer for the process of constructing an
in-house SNaPshot system. The results showed that
the product peaks of the positive controls obtained by
this study were consistent with the product peaks in
the electrophoretic profile provided by the kit instruc-
tions, and the negative control showed no specific
product peaks in the electrophoretic profile (Fig. S1).
A total of eight body fluid-specific CpGs and an intern-
al quality control (IQC) were used to construct the
methylation-sensitive SNaPshot system. The informa-
tion and methylation levels of these CpGs were shown
in Table 2.
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As shown in Fig. 1, CpG1 and CpG2 exhibited
specifically low expression in venous blood samples,
and CpG3 and CpG4 also had specifically low expres-
sion in saliva samples. Moreover, CpG3, CpG4, and
CpG7 exhibited specifically high expression in semen
samples. The above five CpGs exhibited specifically
high expression in the above three target body fluids.
However, the four specific CpGs (CpGS5, CpG6, CpG7,
and CpG8) of menstrual blood and vaginal fluid
showed smaller differences in the DNA methylation
expression levels between target and non-target body
fluids. Among these four CpGs, the methylation level
of CpG5 was higher in menstrual blood but lower in
other four body fluids. The CpG7 exhibited specifically
moderate expression in menstrual blood, specifically
high expression in semen, but low expression in other
three body fluids. CpG6 and CpGS8 exhibited lower
expression in vaginal fluid and higher expression
in the other four body fluids. Based on this system,
methylation levels of these eight CpGs for 95 body
fluid samples were detected and the results were
shown in Fig. 2.

3.2 Artificial prediction model for body fluid
identification

In order to facilitate the interpretation of the de-
tection data of our multiplex SNaPshot system, the
classification threshold of each CpG for the target
body fluid was set based on the results obtained in
our laboratory based on the researcher’s experience as
follows: (1) the detected sample could be identified as
venous blood when the methylation values of CpG1 and
CpG2 were less than 0.05; (2) when the methylation

Table 2 Information of the eight body fluid-specific DNA methylation markers

ID Target ID*  Chromosome position” Methylation level
Venous blood  Saliva ~ Menstrual blood  Vaginal fluid Semen
CpGl  ¢g25922751 12:124950720 0.03£0.00  0.32+0.16 0.29+0.12 0.57+0.23 0.95+0.04
CpG2  ¢g24301930 11:65408496 0.05+0.01 0.37+0.18 0.32+0.13 0.59+0.22 0.90+0.02
CpG3  ¢g03902386 5:36703583 0.324£0.09  0.05+0.02 0.29+0.09 0.28+0.11 0.85+0.03
CpG4 ¢g03282313 2:113545053 0.35£0.07  0.05+0.02 0.33£0.13 0.50+0.22 0.96+0.03
CpG5  ¢g24772753 2:171573419 0.09+£0.08  0.09+0.08 0.09+0.08 0.09+0.08 0.09+0.08
CpG6  cg05558714 11:125828068 0.95£0.01  0.93+0.02 0.83+0.10 0.43+0.25 0.96+0.01
CpG7 cg05614346 5:176858608 0.03£0.01  0.03+0.00 0.16+0.12 0.04+0.03 0.96+0.02
CpG8  cg07452397 1:209740971 0.91£0.02  0.91+0.03 0.87+0.06 0.53+0.23 0.97+0.00

* Target ID is a unique ID in the Illumina Infinium Methylation EPIC BeadChip array. © Chromosome position indicates the genomic location
by human reference genome 37 (GRCh37/hg19). ¢ Methylation levels (mean+SD, n=20) are obtained from the data available in our laboratory,
and the bold values indicate the methylation levels for the target body fluids. CpG: DNA methylation marker; ID: identification; SD: standard

deviation.
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Fig. 1 Capillary electrophoresis profiles of eight body fluid-specific DNA methylation markers (CpGs) in five kinds of
body fluids using the in-house multiplex SNaPshot system. The red peak represents thymine (T), the black peak represents
cytosine (C), the blue peak represents guanine (G), and the green peak represents adenine (A). SNaPshot: single base

extension reaction; IQC: internal quality control.

values of CpG3 and CpG4 were less than 0.10, it could
be identified as saliva; (3) the menstrual blood could
be identified if the methylation value of CpGS5 was
greater than 0.10 and the methylation value of CpG7
was between 0.10 and 0.50; (4) if the methylation
values of CpG6 and CpGS8 were less than 0.80, it could
be identified as vaginal fluid; (5) the sample could be
identified as semen when the methylation values of
CpG3, CpG4, and CpG7 were greater than 0.80.

The 95 body fluid samples in this study were
tested by the in-house SNaPshot system (the data were
shown in Fig. S2). According to the above classifica-
tion threshold of single CpG for target body fluids, it
was found that the CpG1 and CpG2 successfully pre-
dicted all venous blood samples. Moreover, all semen
samples were successfully predicted by CpG3, CpG4,
and CpG7. Using the CpG3 and CpG4 simultaneously,

all saliva samples were successfully predicted, but
two venous blood samples were incorrectly predicted
as saliva. All menstrual blood samples were success-
fully predicted by CpGS5 and CpG7 at the same time,
but three vaginal fluid samples were incorrectly pre-
dicted as menstrual blood. When CpG6 and CpGS8
were used together to predict vaginal fluid samples,
only one vaginal fluid sample was not successfully
predicted, and four menstrual blood samples were
also incorrectly predicted as vaginal fluid. Thus, the
classification prediction accuracy of these CpGs was
different for the five kinds of body fluids: it was the
highest (100.00%) for venous blood and semen sam-
ples, followed by saliva (97.89%), menstrual blood
(96.84%), and vaginal fluid (94.74%).

In addition, it is worth noting that CpG7 ex-
hibited a specifically high expression in semen and low
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Fig. 2 Box plots of methylation levels for the eight body fluid-specific DNA methylation markers (CpGs) on the in-house
multiplex SNaPshot system. BL: venous blood (n=15); SA: saliva (n=20); SE: semen (n=20); MB: menstrual blood (n=20);
VF: vaginal fluid (n=20). SNaPshot: single base extension reaction.

expression in venous blood, saliva, and vaginal fluid
samples. Therefore, when semen was mixed with only
one of other three kinds of body fluids (venous blood,
saliva, or vaginal fluid), the methylation value of CpG7
in the above mixed sample was between 0.10 and
0.50, and this could lead to misdiagnosis as menstrual
blood on the premise that single-source menstrual blood
also exhibited the methylation value of 0.10-0.50 at
this CpG. Based on this possibility, a prediction model
for body fluid classification has been developed, as
shown in Fig. 3. Then, the SNaPshot dataset (n=95)
was used as the testing dataset to test the artificial
model. Finally, only four vaginal fluid samples were
unsuccessfully classified in the testing set, and the
overall classification prediction accuracy of the system
was 95.79%.

3.3 SVM prediction model for body fluid
identification

A binary classification SVM prediction model
was constructed for each kind of body fluid. In the
construction of the model, the target body fluid was
assigned a value of 1, and the non-target body fluid
was assigned a value of 0. Two SVM prediction models
were constructed based on the linear kernel function
and the radial kernel function for each kind of body
fluid, respectively. Finally, a total of ten SVM models
were constructed to identify five kinds of body fluids.

The prediction results of 95 body fluid samples
based on ten SVM models were shown in Table 3.
Compared with the models based on radial kernel
function, the models based on linear kernel function
exhibited fewer support vectors and higher prediction
accuracy. Among the five prediction models for five
kinds of body fluids based on the linear kernel func-
tion, the accuracy values of the prediction models for
venous blood, menstrual blood, semen, and vaginal
fluid were all 100.00%, as the Kappa, sensitivity, and
specificity values were all 1.0000, while the saliva pre-
diction performance of the SVM prediction model was
relatively poor (the accuracy was 96.84%, the Kappa
value was 0.9100, and the specificity was 0.8696).

3.4 RF prediction model for body fluid identification

Based on the dataset available in our laboratory,
an RF prediction model for the five kinds of body fluids
was successfully constructed. The out-of-bag (OOB)
misclassification rate could be used to evaluate the
classification effect of the RF model. As shown in
Fig. 4, the misclassification rate of the trained OOB
gradually decreased with the increase in the number
of classification trees in the RF model. The OOB
misclassification rate tended to be stable when the
number of classification trees in the model was set to
100, which was 5.56%. The number of randomly se-
lected variables was set to two at each split. The RF
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methylation level
<0.807? a mixture of body fluids

containing vaginal fluid

/
/
/
/
/

Output:
a mixture of body fluids containing
venous blood, saliva, or semen

Fig. 3 Classification mode diagram of the artificial prediction model for five kinds of body fluids. CpG: DNA methylation
marker.

Table 3 Performance measurement of ten support vector machine (SVM) models for five kinds of body fluids

Body fluid Kernel function =~ Number of support vectors  Accuracy (%) Kappa Sensitivity Specificity
Venous blood Linear 11 100.00 1.0000 1.0000 1.0000
Radial 24 97.89 0.9163 0.9756 1.0000
Menstrual blood Linear 25 100.00 1.0000 1.0000 1.0000
Radial 25 94.74 0.8257 0.9375 1.0000
Saliva Linear 10 96.84 0.9100 1.0000 0.8696
Radial 29 95.79 0.8820 1.0000 0.8333
Semen Linear 5 100.00 1.0000 1.0000 1.0000
Radial 10 100.00 1.0000 1.0000 1.0000
Vaginal fluid Linear 11 100.00 1.0000 1.0000 1.0000
Radial 23 96.84 0.8995 0.9615 1.0000

results showed that all 95 body fluid samples were
successfully predicted with an accuracy of 100.00%
(95% confidence interval (CI): 0.9619—1.0000) and a
Kappa value of 1.0000.

In order to further analyze the performance of the
RF prediction model for the five kinds of body fluids,
a confusion matrix was used to visually compare the
true values of the samples with the predicted values
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(Fig. S3). In predicting each kind of body fluid, the
target fluid was named as “positive” and all other non-
target fluids were named as “negative.” Meanwhile,
the true-positive rate, true-negative rate, false-positive
rate, false-negative rate, precision, and recall were cal-
culated separately to perform the probability estimation
of the prediction model (Table 4). The true-positive
rate is defined as sensitivity, and the true-negative rate
is specificity. False-positive rate represents the rate
of falsely identifying negative sample as positive,
also known as misdiagnosis rate, while false-negative
rate refers to the rate of mistakenly identifying posi-
tive sample as negative, also known as missed diagnosis
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rate. Precision denotes the proportion of true posi-
tives among all samples identified as positive by the
model. Recall represents the proportion of all actual
positive samples that can be identified as positive by
the model. Although the result of recall is the same as
sensitivity, it is a retrospective measure of the model
prediction results. The results showed that all body
fluid samples were correctly predicted (the true-positive
rates were all 100% and the false-negative rates were
all 0%), and no other samples were incorrectly pre-
dicted (the false-positive rates were all 0% and the
true-negative rates were all 100%). The precisions and
recalls of the prediction model for the five kinds of
body fluids were all 100%.

After the RF models were successfully constructed,
the average decline accuracy (ADA) and the average
Gini decline (AGD) were calculated to evaluate the
importance of the eight CpGs in the prediction
models. The ADA values for the identification of target
body fluids at these CpGs were all greater than 0.20,
except CpG4 (for semen), CpG7 (for menstrual blood
and semen), and CpG8 (for vaginal fluid), while
the ADA values of the five kinds of body fluids was
between 0.07 and 0.15 (Table 5). CpG3 (cg03902386)
was the most important among these CpGs in this

Table 4 Probability estimation of eight CpGs by the RF model for the identification of five kinds of body fluids

Body fluid True-positive False-positive True-negative False-negative Precision Recall
rate (%) rate (%) rate (%) rate (%) (%) (%)
Menstrual blood 100 0 100 0 100 100
Saliva 100 0 100 0 100 100
Semen 100 0 100 0 100 100
Vaginal fluid 100 0 100 0 100 100
Venous blood 100 0 100 0 100 100

CpG: DNA methylation marker; RF: random forest.

Table 5 ADA values of eight CpGs in the RF model for the identification of five kinds of body fluids

ID CpG ID Menstrual blood Saliva ~ Semen Vaginal fluid Venous blood All five kinds of body fluids
CpGl  ¢g25922751 0.11 0.04 0.07 0.08 0.33 0.12
CpG2  ¢g24301930 0.13 0.04 0.10 0.06 0.30 0.12
CpG3  ¢g03902386 0.08 0.32 0.20 0.08 0.09 0.15
CpG4  ¢g03282313 0.08 0.32 0.14 0.09 0.08 0.14
CpG5  ¢g24772753 0.22 0.02 0.08 0.05 0.00 0.07
CpG6  ¢g05558714 0.07 0.06 0.07 0.27 0.08 0.11
CpG7  ¢g05614346 0.07 0.07 0.13 0.04 0.05 0.07
CpG8  ¢g07452397 0.05 0.04 0.16 0.15 0.03 0.08

ADA: average decline accuracy; CpG: DNA methylation marker; RF: random forest; ID: identification.
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system, while the two menstrual blood-specific CpGs
had relatively small values, which was similar to the
results for AGD (Fig. S4).

3.5 Preliminary assessment for forensic application

The genomic DNAs from five kinds of common
animals were extracted to test the species specificity of
the multiplex SNaPshot system. The results showed
that no effective peak was detected in the genomic
DNAs of these animals (Fig. S5). According to the
results of sensitivity tests of the multiplex SNaPshot
system shown in Fig. 5, different amounts of genomic
DNA input into the system would lead to the slight
differences of DNA methylation rates. Moreover, all
samples could be accurately identified by the artificial
classification model except for 0.5 ng/uL of venous
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blood, and all body fluid samples could be accurately
predicted by the RF prediction model.

In order to test the forensic efficacy of the sys-
tem in identifying mixed body fluid samples, DNA
templates from semen and menstrual blood, semen
and saliva, and semen and vaginal fluid were separately
mixed in volume ratios of 1:1, 1:2, and 1:4 with three
sets of mixture samples per group. Based on the artifi-
cial model, we could successfully predict the follow-
ing: menstrual blood components in nine DNA mixed
samples of semen and menstrual blood; vaginal fluid
components in nine DNA mixed samples of semen
and vaginal fluid; the nine DNA mixed samples of
semen and saliva as the mixed fluid samples not
containing menstrual blood or vaginal fluid (Fig. 6).
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—~
(¢)
~

2)8 | 0.5 ng/uL g)g 0.5 ng/pL ég |# 0.5 ng/pL
. 0.8 |®1ng/uL 5 A | =1 ng/uL = 0.8 =1 ng/uL
g 0. m2ngul £ 08 m2ngl S 0. w2 ng/uL
207 m5ngpl 207 m5ngpl 207 w5 ng/uL
5 gg m10ngL § 0.6 m10nguL § 0.6 |m10 ng/uL
= 0. = 05 = 0.5
J—; 0.4 i; 0.4 i; 0.4
= 0.3 = 0.3 = 0.3
2o2 202 202

0.1 0.1 ; 0.1

0.0 0.0 : 0.0 a

NP XP LD NP FP LD P NE PP PRSP

Ie)
FRRRRRRR

—~
o
~

1(1-) 0.5 ng/uL
_ 0'9 i i Hng | =1 ng/uL
g 0.8 2 ng/uL
207 .fong/‘/lLL
. =10 n
§ 06 s
T 05
204
@ 0.3
=02
0.1
0.0

NS DXL PR
KRR R oQOoQ oQOoQ R

FRRRRRR KRR

RRRRRRRR

1.0 0.5 ng/uL
0.9 m1ng/uL
o 0.8 m 2 ng/uL
3 0.7 m 5ng/uL
c 06 m 10 ng/pL
S
= 0.5
i; 0.4
g 03
= 0.2
0.1

A
Ie) & &
R RRR oQooQ cﬁocf?

\‘Lo‘bb‘V)b

Fig. 5 DNA methylation levels detected by the in-house multiplex SNaPshot system with different DNA inputs of five
kinds of body fluids: (a) venous blood; (b) saliva; (c) menstrual blood; (d) semen; (e) vaginal fluid. Data are expressed as
mean=SD, n=2. CpG: DNA methylation marker; SNaPshot: single base extension reaction; SD: standard deviation.

—
[
~
—
O
-~

—~
(¢
~

Methylation level

CoooooooO0o
oLhNMwWhROO~N®OO

Methylation level

coooocooooOo~
O=_NWAOIONDOOO

N DX o o A D
&
KRR KRR o‘?o R oQO R

N D X o o A D
R CHEC & &
FRRRRRRR

EEE
NN

Methylation level

coooocooooo~
O=_NWAOIONOO©O

Nl DX o o A D
o oS & &
RRRRRRRR

Fig. 6 DNA methylation levels of mixed DNA samples with different volume ratios from different body fluids detected
by the in-house multiple SNaPshot system: (a) semen and menstrual blood; (b) semen and saliva; (c) semen and vaginal
fluid. Data are expressed as mean+SD, n=3. CpG: DNA methylation marker; SNaPshot: single base extension reaction;

SD: standard deviation.



samples gradually tended to resemble the contents of
body fluids with larger proportions in the mixture.

4 Discussion

Previous studies have identified new body fluid-
specific DNA methylation sites from the whole human
genome, and conducted their systematic validation and
forensic evaluation. However, those strategies might
not be optimal for the tissue traceability of healthy,
young, and middle-aged Chinese people (20—45 years
old). The present study constructed a novel approach
of body fluid identification based on DNA methyla-
tion markers for these people. It is worth mentioning
that in addition to venous blood, menstrual blood also
contains a lot of mucus, inflammatory cells, exfoliated
endometrium and vaginal epithelial cells, etc. Both
menstrual blood and vaginal secretion belong to the
body fluids of vaginal origin. Saliva is a secretion
derived from the oral cavity, which contains mucus,
lysozyme, epithelial cells, and other components. Men-
strual blood and saliva also contain epithelial cells,
inflammatory cells, and so on. The components con-
tained in these body fluids are heterogeneous and are
easily affected by environmental factors. Therefore, in
the process of sample collection, we need to strictly
control the conditions and methods of sampling. In this
study, the influences of medication, smoking, drugs,
sexual behavior, as well as dietary factors on these body
fluids were eliminated at the time of sampling. The
same was applied for the sampling time within the
menstrual cycle; sampling collection was performed
on the second day of the menstrual cycle from volun-
teers without gynecological diseases.

We have previously identified eight novel body
fluid-specific CpGs based on the Illumina Infinium
Methylation EPIC BeadChip array to identify five
kinds of body fluids, and verified the consistency of
two genotyping results of the SNaPshot system and the
pyrosequencing method. Although the latter method
has advantages in quantitative and qualitative analyses
of DNA methylation for specific gene fragments, its
application in forensic science is limited due to its in-
ability to achieve the composite detection of multiplex
CpGs. In contrast, methylation-sensitive SNaPshot
technology can not only realize docking with the
forensic DNA laboratory platform, but also can achieve
the simultaneous quantitative detection of multiplex
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CpGs, which greatly improves its detection efficiency.
This might be conducive to popularization, applica-
tion, and transformation of DNA methylation research
achievements in forensic casework. Therefore, this
study developed an in-house system containing eight
novel body fluid-specific CpGs for body fluid identifi-
cations based on the methylation-sensitive SNaPshot
technology, and conducted a thorough evaluation of
this system.

In the analyses of the methylation-sensitive
SNaPshot system results, CpGs were determined ac-
cording to the location of product peaks in the electro-
phoresis profiles. In principle, the location of the prod-
uct peak at the CpG should be consistent with the size
of the SBE product fragment. However, due to the
effect of different dyes on DNA fragment migration,
the fragment size of the CpG product peak in the elec-
trophoretic pattern could be different from the actual
size of the SBE product fragment in electrophoresis,
and this difference was more obvious for shorter SBE
product fragments. Meanwhile, four kinds of dideoxy-
nucleoside triphosphate (ddNTP) used in the SBE re-
action were separately labeled with different fluores-
cent dyes. Thus, the CpG typing result was determined
according to the color and location of the product peak.
However, due to the different migration rates of the
same sizes of DNA fragments by different dyes in a
CpG marker, the two product peaks of the same CpG
marker in a body fluid sample were not at the same
location. Firstly, the black product peak (cytosine, C)
appeared before the red product peak (thymine, T),
and the blue product peak (guanine, G) appeared be-
fore the green product peak (adenine, A). Secondly,
the height value of the product peak should be ex-
tracted after the product peak was determined, and the
methylation rate of each CpG was calculated by the
ratio of two peak heights, which was less affected by
the amount of DNA input. Through preliminary test
and evaluation, the converted DNA above 0.5 ng/uL
was successfully detected by the system, and there was
no significant difference in DNA methylation rate,
which confirmed the high sensitivity of this system.
At the same time, the results of our method could not
be interfered with by the DNA of dogs, cats, rats, mice,
or pigeons, which indicated that it had good species
specificity.

After the establishment of the methylation-
sensitive SNaPshot system, the next important step
in our study was finding the means to interpret the
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obtained data from the CpG typing result to predict the
tissue source of the body fluid. Mixed samples can be
identified by the artificial classification model. For ex-
ample, the methylation levels of CpG1 and CpG2 in
venous blood were less than 0.05, while those in other
four kinds of body fluids were all higher. Therefore, if
these two CpGs were not all less than 0.05, it might
be either one of other four kinds of body fluids or a
mixed body fluid (with or without venous blood). The
same was true for semen or saliva identification from
a single source. However, CpG5 exhibited methyla-
tion levels of less than 0.10 in other four kinds of body
fluids except menstrual blood. Thus, if the methylation
level of CpGS5 was greater than 0.10, it only indicated
that menstrual blood was contained in this body fluid
(a single source of menstrual blood or a mixed body
fluid including menstrual blood). The same was true
for the identification of vaginal fluid. Among the 95
single-source body fluid samples for testing, the accur-
acy of this system in body fluid classification was
95.79% (only four vaginal fluid samples were not clas-
sified successfully). At the same time, 27 mixed sam-
ples were successfully classified in our study. It is
worth noting that although this simple and intuitive
classification mode was easy to operate, there was a
risk that it might misjudge body fluid origin. For ex-
ample, the venous blood sample with a small amount
of DNA (<0.5 ng/uL) might lead to a false-positive re-
sult, because the model relies on the body fluid-specific
classification thresholds of these CpGs. These thresh-
olds are static and absolute, and the results of capil-
lary electrophoresis data analyses may have small fluc-
tuations due to the too small DNA injection volume,
electrophoretic drift, etc. When the fluctuation occurs
above and below the static threshold, it will easily
lead to misjudgment. To reduce this misclassification
rate, we suggest that multiple tests are performed for
DNA below 0.5 ng/uL to obtain DNA methylation
expression levels with smaller error.

In order to avoid the bias caused by the artificial
threshold, machine-learning algorithms were introduced
in this paper to achieve more accurate identification of
body fluids (Deo, 2015; Bi et al., 2019). SVM is a novel
learning method based on kernel function to realize
the nonlinear mapping of data from low-dimensional
space to high-dimensional space, which simplifies the
derivation process in traditional statistical methods
(Huang et al., 2018). However, it can only solve the

problem of binary classification. In this study, we used
dichotomous thinking to solve the classification problem
of five kinds of body fluids, and constructed ten SVM
prediction models based on two kernel functions. To
improve the efficiency of the detection models for body
fluid identifications, we also used the RF algorithm
to construct a multi-classification prediction model,
hoping to complete the prediction of all five kinds of
body fluids simultaneously using one integrated model.
RF is a kind of algorithm that uses ensemble strategy
to train multiple decision trees randomly and synthe-
size all the results for predictions (Che et al., 2011;
Chowdhury et al., 2019). The randomness is reflected
in both sample and feature selection. In addition, the
Bagging algorithm is used to create random samples
in the RF algorithm to avoid overfit.

After the machine-learning models were con-
structed, the corresponding parameters were calculated
to evaluate the performance of these classifiers. The
prediction accuracy rate refers to the prediction suc-
cess ratio of the model for body fluid identification.
Since the dataset tested by the two kinds of machine-
learning models in this study was uneven in each cat-
egory (15 samples in the venous blood group and 20
samples in each of the other four body fluid groups),
the Kappa value was calculated to evaluate the consist-
ency between the predicted classification output by
the model and the actual classification of body fluid
sample, so as to correct the impact of the size differ-
ences among different kinds of sample datasets on the
prediction accuracy (de Raadt et al., 2019). Meanwhile,
we also calculated the model sensitivity and specificity
to weigh whether the classifier was too conservative
or too radical for classification prediction (Engstrand
and Moeller, 1967; Benn Torres et al., 2019). Among
the five SVM models based on linear kernel function,
the accuracy, Kappa value, sensitivity, and specificity
were all 1.0000 in the prediction models of venous
blood, menstrual blood, semen, and vaginal fluid sam-
ples, while the prediction performance of the saliva
prediction model was relatively low (the accuracy
was 96.84%, and the Kappa value was 0.9100). This
might be due to the low specificity of the SVM model
(0.8696), which means that the model was too radical
in the classification prediction of saliva. By comparison,
the RF prediction model could not only identify five
kinds of body fluids at the same time, but also exhibited
higher prediction accuracy, sensitivity, and specificity



for the five kinds of body fluids (100.00%), which were
better than those for the SVM models. Moreover, the
prediction accuracy of the RF model was higher than
that of the artificial prediction model (95.79%), which
further confirmed that the machine-learning algorithm
had high application value in the accurate identifica-
tion of body fluid based on DNA methylation.

In this study, when the SNaPshot system based
on eight novel CpGs was combined with the RF pre-
diction model, the prediction accuracy values for ven-
ous blood, saliva, semen, menstrual blood, and va-
ginal secretion samples were all 100.00%. At the same
time, the prediction probability for the five kinds of
body fluids also reached 100.00%, which was signifi-
cantly higher than that of previously reported systems
and models (Tian et al., 2020; Huang et al., 2022).
The SNaPshot system and classification models con-
structed in this study have some limitations. First of
all, we failed to find more ideal menstrual blood spe-
cific CpGs. Moreover, the contributions of the two
menstrual blood-specific CpGs were the least in the
RF model. Secondly, the two machine-learning classi-
fication models could only be used for the identifica-
tion of single-source body fluid because of the lack of
mixed-sample data in the process of system construc-
tion. Therefore, it is necessary for future research to
identify more high body fluid-specific DNA methyla-
tion markers, and detect more mixed samples of body
fluids to build more refined classification patterns and
machine-learning prediction models for the accurate
determination of tissue origin inference of a single
body fluid. Furthermore, to meet the need of forensic
application, the SNaPshot system and prediction models
constructed in this study still need to be further tested
on a large number of different body fluid samples, such
as samples from different age groups, and different
sampling time during the menstrual cycle.

5 Conclusions

In this study, a methylation-sensitive SNaPshot
system was constructed based on eight novel body
fluid-specific CpGs. The in-house developed system
showed good species specificity, high sensitivity, and
a good ability to identify mixed samples. Based on
previous results, we artificially set the classification
mode of the SNaPshot system for five kinds of body
fluids. Through the tests, the average accuracy of the
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classification standard for the selected body fluids was
95.79%. In addition, we constructed binary classifica-
tion SVM prediction models and a multi-classification
RF prediction model. Compared with the SVM models,
the RF model could not only predict five kinds of body
fluids at the same time, but also had better perform-
ance. When using the RF prediction model, the pre-
diction accuracy was 100.00%, and the prediction sen-
sitivity and specificity were both 1.0000. At the same
time, the prediction accuracy of the multi-classification
model was also higher than that of the artificial clas-
sification model. Overall, the methylation-sensitive
SNaPshot system and the multi-classification predic-
tion RF model constructed in the present study could
accurately trace the tissue source of five kinds of body
fluids and form a good basis for practical applications
in forensic science.
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