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Abstract. Introduction. Due to the full-scale military invasion of Ukraine by the aggressor state, the tendency to
aggravate local armed conflicts in the world, which causes a large number of depersonalised, fragmented corpses,
the problem of identifying the bodies of two or more persons arises

The aim of the study to develop expert criteria for the informativeness of dermatoglyphic fingerprints in the
system of forensic medical identification of a person.

Materials and methods. The object of the study was fingerprint cards obtained from 460 people (200 women
and 260 men) aged 18-59 years living in Ukraine. We used statistical analysis and neural network programming.

Results. Using neural network prediction, we have developed a methodology for reproducing unknown (lost)
phenotypic traits based on the available ones (dermatoglyphs). Given the fact that many different neural networks
can be built even on the same variables, depending on their combination, we managed to achieve a prediction
accuracy of 73-90%, which suggests that a combination of different neural networks and an integrated approach

show better results.
Conclusions.

Based on the above, it can be concluded that the reliability of the results obtained ranged from 73-90%
(automatically calculated by the Dermatoglyphics For Prediction (DFP) software), which is significantly higher than
the results of previous fingerprint examinations. The use of our proposed software in combination with other basic
methods will improve the quality of forensic identification examinations.
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neural network.

Problem statement and analysis of the latest research

In connection with the full-scale military invasion
of the aggressor state into the territory of Ukraine, the
tendency to aggravation of local armed conflicts in the
world, which causes the appearance of a large number
of impersonal, fragmented corpses, the problem of
identifying the bodies of two or more persons arises
[1,2].

In order to identify an unknown person according
to the DVlI-Interpol principle, a whole range of
identification methods is used: DNA identification,
dermatoglyphic identification, identification by dental
status, drawing up a verbal portrait, anthropological
identification, etc. However, none of the currently known
methods is characterised by a one hundred per cent
result. That is why several identification algorithms are
used simultaneously, i.e. a multidisciplinary approach to
identification: the use of all possible lines of evidence
to confirm the identity between human remains and a
missing person [3, 4].

The dermatoglyphic method, as a basic identification
method, is widely used in identifying individuals in
cases of mass casualties. However, due to the absence
of a centralised database of dermatoglyphs in Ukraine,

28

there is a need to develop predictive programs based
on artificial neural networks (ANNs) that would allow
predicting the lost phenotypic features of a person based
on the available ones (in particular, dermatoglyphs) [5-
7].

The aim of the study to develop expert criteria for
the informativeness of dermatoglyphic fingerprints in
the system of forensic medical identification of a person.

Materials and methods.

The object of the study was fingerprint cards obtained
from 460 people (200 women and 260 men) aged 18-59
years living in Ukraine. We used statistical analysis and
neural network programming.

Results and discussions

After we have decided on the working version of the
neural network, STATISTICA allows you to save it as a
programme code in the main programming languages:
C and Java. In order to practically implement the
resulting neural network, we used Java. After opening
the STATISTICA-generated code in an integrated
development environment (in our case, the popular Java
IDE-IntelliJ] IDEA [https://www.jetbrains.com/idea/
documentation/]), it is easy to see that the code is well
structured and easy to understand (Fig. 1).
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NeuralNets - [S:\Java\statistica neural nels\N‘e\lraIN:ls] - [NeuralNets] - .\src\netsjava - Intelli) IDEA (Community Edition) 2016.3 EAP I
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(graphical user interface) that
facilitates data entry and makes
it possible for other researchers
to use it.

In general, the application
we have developed
(Dermatoglyphics For Prediction
(DFP)) consists of a neural
network-based core and a shell
created mainly with the help of
the javafx.application.®, javafx.
stage.*, java.awt.* classes, as
well as a large number of Java
Development Kit 1.8 classes.
[https://www.oracle.com/index.
html]

The graphical interface was
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Figure 1. Java source code of the neural network created in STATISTICA

and edited in IntelliJ IDEA

As can be seen from Fig. 1, in order to get the desired
answer, the neural network needs to be given fractional
values of the input data (Al, LU, Atdl...), and then it will
analyse them. The output is a text string (String) from the
array of possible answers.

To expand the possibilities of analysis and forecasting,
you need to increase the number of variables that the
neural network will process. Above, we have briefly
described how to create a network based on papillary
pattern data and the characteristics of ethno-racial groups
(Boyko, Hutsul, Lemko). If we add more variables to the
above table (namely, features on the feet, features on the
middle phalanges, etc.), the resulting neural network
will be able to more accurately predict belonging to a
particular category. Of course, this will increase the
complexity of building and processing the results of the
neural network calculations.

In order to implement a neural network with a
sufficiently large number of input variables, you will
either have to edit the resulting code (generated in
STATISTICA) or enter all the relevant data of the person
whose ethnicity we are determining into the network.
(But how will such a neural network behave if we enter
only the data of the angles on the right hand? Such a
neural network will generate an error).

Given such a task, there is a simple and effective way
to implement multitasking functions: divide the task into
small parts, i.e., categorise the input data (e.g., category
1 - all data from the right hand, category 2 - all data
from both hands, category 3 - data from both feet, etc.),
create a separate neural network for each of the planned
categories, and then combine them in a program that
can determine the category(s) of input data and make a
weighted prediction accordingly.

Thus, we have the core functionality of the
application. To make full use of it, we developed a GUI
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created using JavaFX 8. This
framework allows you to quickly
and efficiently implement a
graphical shell of the main code,
and it is also multi-platform
(programs written in JavaFX run
on different operating systems). [https://docs.oracle.com/
javase/8/javafx/get-started-tutorial/jfx-overview.htm]
We also used the JFoenix library to improve the design
and to follow the generally accepted MaterialDesign
standards. [http://www.jfoenix.com/documentation.
html] Graphic objects created with this library meet all
the modern trends in Desktop (in our case, Windows)
programming.

To start our programme (DFP), you simply run the
executable file DFPjar (i.e. the programme does not
need to be installed separately).In the main window of
the programme, select the appropriate drop-down menus
and enter the input data of the unknown person (if there
is not enough data, the programme will indicate an input
error). After entering the data, click «Submity. The
program will process the data and display in a separate
window the category (ethno-territorial affiliation,
anthropometric, anthroposcopic parameters) to which
the unknown person belongs, the probability of correct
classification, etc.

As can be seen from the description, no special skills
are required to work with the programme (DFP), and its
operation is very fast (due to the fact that all classification
is carried out during neural network training). The
program takes up extremely little space (<5 mb) and can
be written to any modern storage device (or even sent in
an email).

This neural network searches for the dependence
of phenotypic traits on dermatoglyphic data from both
hands, grouped together (summed) (A, LU, LR, W, LW),
separately for women and men (Figs. 2, 3).

Fig. 4 shows the data on the created neural network
for the female sample (name and number of neurons,
percentage of correct classification, training function
algorithms, neuron activation functions).
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Samples: Train

Race (Classification summary) (DermFALL in WorkbookDermF)

| Race-Boiko | Race-Control | Race-Hutsul | Race-Lemko | Race-A

Total
Correct
Incorrect
Correct (%)
Incorrect (%)

5.MLP 5-15-4 30,00000
19,00000
11,00000
63,33333

36,66667

25,00000
16,00000

9,00000
64,00000
36,00000

112,00
70,00
42,00
62,50
37,50

32,00000
21,00000
11,00000
65,62500
34,37500

25,00000
14,00000
11,00000
56,00000
44,00000

Figure 2. Matrix of correct/incorrect classification for the female gender group

Predicted Samples: Train

Race (Confusion matrix) (DermFALL in WorkbookDermF)

category

Race-Boiko | Race-Control | Race-Hutsul | Race-Lemko

5.MLP 5-15-4-Boiko 19
5.MLP 5-15-4-Control
5.MLP 5-15-4-Hutsul

5.MLP 5-15-4-L emko

NS

8 5
21 4
0 14
3 2

=0 N

16

Figure 3. Matrix of correct/incorrect predictions for the female gender group

Summary of active networks (DermFALL in WorkbookDermF)

Net. name | Training

perf.

Index Test perf.

perf.

Validation

Hidden
activation

Error
function

Training
algorithm

Output
activation

5 MLP 5-15-4/62,50000 70,83333 54,16667 BFGS 18

SOS| Exponential Sine

Figure 4. General data about the built neural network

By analogy, we create a neural network for the male
sample (Figs. 5-7).

Aneural network is built on data. If we add (or remove)
new variables, the neural network can demonstrate both
better and worse prediction capabilities. Therefore,
many different neural networks can be built even on the
same variables depending on their combination. It is not
worth saying that one of the neural networks is better
than the other, but rather that a combination of different
neural networks and an integrated approach shows better
results.

Conclusions

Based on the above, it can be concluded that the
reliability of the results obtained ranged from 73-90%
(automatically calculated by the Dermatoglyphics For
Prediction (DFP) software), which is significantly higher
than the results of previous fingerprint examinations.
The use of our proposed software in combination with
other basic methods will improve the quality of forensic
identification examinations.
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Race (Classification summary) (DermMAIl in WorkbookDermM)
Samples: Train
| Race-Boiko | Race-Control | Race-Hutsul | Race-Lemko | Race-All
2.MLP 5-15-4 Total 31,00000 30,00000 21,00000 30,0000, 112,0000
Correct 24,00000 27,00000 15,00000 30,0000 96,0000
Incorrect 7,00000 3,00000 6,00000 0,0000 16,0000
Correct (%) 77,41935 90,00000 71,42857 100,0000 85,7143
Incorrect (%) 22,58065 10,00000 28,57143 0,0000 14,2857
Figure 5. Matrix of correct/incorrect classification for the male gender group
Race (Confusion matrix) (DermMAIl in WorkbookDermM)
Predicted Samples: Train
category Race-Boiko | Race-Control | Race-Hutsul | Race-Lemko
2.MLP 5-15-4-Boiko 24 2 2 0
2.MLP 5-15-4-Control 3 27 2 0
2.MLP 5-15-4-Hutsul 3 1 15 0
2.MLP 5-15-4-Lemko 1 0 2 30
Figure 6. Matrix of correct/incorrect predictions for the male gender group
Summary of active networks (DermMAIl in WorkbookDermM)
Index | Net. name | Training |Test perf.| Validation | Training Error Hidden Output
perf. perf. algorithm | function | activation | activation
2/ MLP 5-15-4| 85,71429 79,16667 62,50000 BFGS 43 SOS| Logistic. Logistic

Fig. 7. General data on the built neural network for the male gender group

Samuel,Igbigbi Patrick Sunday, Ozor Chigozie Kenneth
Dermatoglyphic patterns of female convicted criminals
in Anambra state Forensic Research & Criminology
International Journal 2018;6(4):294-296.

8. Sudha IP, Singh J, Sodhi GS. Dermatoglyphics of
Criminals and Effects of Social Environment: A Study. The
Indian Police Journal. 2020. Available from: https:// bprd.nic.
in/ WriteReadData/ userfiles/ file /202104200330035982091
ipjl.pdf#page=134.

9. Usman Shahid Butt, Anam Igbal, Nasreen
Akhtar, Sara Qazi, Zaryab Ali, Rahat Abdul Rahman

Ne 1 (30) - 2024

Dermatoglyphycs assotiation with criminal intent. Pak J
Physiol 2021;17(2): 35-37.

10. Kaur M, Kaur M, Kamal P, Kaur J. Sex Distinction
in Digital Dermatoglyphic Patterns of Convicted Prisoners:
A Comparative Cohort-Control Study. Arab Journal of
Forensic Sciences & Forensic Medicine. 2019;1(10):1403—
1411. Available from: 10.26735/16586794.2019.030.

Received: 17.04.2024

Revised: 15.05.2024
Accepted: 17.05.2024

31



