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The article presents an analysis of the features of the application of
projective methods for testing the psychological state of children, as well as a
pilot experiment on the implementation of machine learning tools for the
psychological assessment of their drawings. These issues must be considered
comprehensively, since most methods of psychological assessment and, in
particular, projective technologies impose special requirements for reliability
and validity, and also require special training and professional competence for
their interpretation. The goal of the research project is to use digitized drawings
created by internally displaced children of Nagorno-Karabakh as a tool to
identify and assess their psychological state using machine learning methods.
We believe that this approach can provide valuable insights into the mental well-
being of children affected by the conflict and can serve as a diagnostic tool in
times of economic and humanitarian crisis. The proposed feature extraction
approach in psychological assessments identifies key visual elements such as
object size, color, and spatial relationships that provide insight into emotional
and cognitive states. Therefore, the application of machine learning techniques,
and in particular feature extraction, classification, clustering, and the use of
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large language models (LLMs), offers a transformative approach to the
psychological assessment of children's drawings. Using neural networks (NNs)
for feature extraction, these models can automatically detect important visual
elements such as line intensity, shape proportions, color use, and symbolic
objects. This automated extraction reduces the subjectivity and variability
associated with traditional manual interpretation, improving the accuracy and
scalability of assessments. Furthermore, classification and clustering algorithms
provide structured ways to group children's drawings based on similar
psychological themes, allowing for more objective analysis.

Keywords: projective method, children's drawings, machine learning tools, large
language models, neural networks, psychological assessment.

Introduction: Over the past 30 years, scientific research approaches in
psychological diagnostics have been associated with the "simplification" and
"acceleration” of obtaining test results through the use of computing technology and
digitalization. This trend is permanent, associated with the rapid development of
computer technology, operational capabilities of programs and artificial intelligence.
At a certain period, this process covered verbal tests and 1Q tests, later moving on to
projective diagnostics methods. These features of psychological assessment are
clearly presented in publications on this topic [30].

These issues cannot be considered one-sidedly, since most methods of
psychological assessment and, in particular, projective technologies have special
requirements for reliability and validity, and require special training, i.e. professional
competence in interpretation. Naturally, the mass character, accessibility, speed of
implementation and reliability of processing, and the transition of these techniques
to the online space raises many questions, especially ethical ones, which need to be
studied and the methodology of computer diagnostics improved.

A historical excursion into the emergence and use of projective methods allows
us to evaluate their significant contribution to the acquisition of information with their
help both for psychological science and practice, which is associated with a deep
understanding of personality. The diversity of projective tests, from the point of view
of the methodology of psychological assessment of the structure and measured
parameters, indicate that attention should be paid to a specific technique: drawing
and childhood. A theoretical analysis of over 250 peer-reviewed articles (mostly from
the last 3 years) identified the problem of considering projective tests in research
with children. After an aggregated review, the author concluded that projective
methods have empirical support for addressing such important clinical issues as the
ability to reveal underlying psychodynamics, identify cognitive deficits, and
differentiate specific diagnostic groups in children and pediatric populations [4].
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An important element of psychological practice is the psychological report, the
main purpose of which is to describe and interpret the information collected or
discovered in the process of using psychological assessment tests. The authors rightly
emphasize that many years of training in psychopathology, interviewing, interpreting
psychometric tests, conceptualizing cases, and writing reports are necessary to learn
how to interpret and report the results of psychological assessments in a clear,
concise, and accurate manner. Lilienfeld, S. O. et al (2000) studied in detail the
indicators norms, reliability, validity, incremental validity and treatment utility of
three main projective tools (Rorschach and TAT tests and drawings of human figures)
summarized the results of a meta-analysis aimed at studying the ability of the main
tools of these methods to detect sexual child abuse. The results of this analysis
concluded that although some projective instruments were better than chance in
detecting child sexual abuse, there was virtually no repeatability of results among
independent investigative groups [18].

The article is devoted to the analysis of Kelly's monograph "Psychological
Assessment of Abused and Traumatized Children”, which describes in detail and
empirically confirms the original clinical paradigm for the application and
interpretation of indicators of free personality reaction in children who have been
abused. In addition to the Rorschach and TAT tests, other methods are added for the
psychological assessment of these cases with children. From our point of view, such
a universal approach is necessary in studies involving children, since the diversity of
projective techniques contributes to the flexibility of diagnosis [32].

The features of psychological assessment of various traumatic effects, the main
indicators and their consequences in children are considered in books and scientific
articles, which emphasize the relevance of this problem in the context of the situation,
the nature and frequency of negative influences, duration, the role of participation
in adults and other factors [14].

The experience of using projective methods in research with children has a long
history and different approaches depending on age, gender, situation, etc [11].
Analysis of such studies revealed the popularity of some methods of projective
techniques, namely, verbal presentation, interpretation of images, associative
reactions and, of course, interpretation of drawings [8].

Psychological assessment of children's drawings requires special training, i.e.
knowledge of theoretical approaches, basic features, verbalization of symbols, since
interpretation has similar difficulties associated with validity. At the same time, it is
possible to emphasize the advantages of expressive methods, which are characterized
by simplicity of implementation, economy and information content [2]. The authors
of the studies emphasize that the specificity of children's drawings is characterized
by freedom of self-expression, affective reactions, projection of the inner world,
experiences, fears, personality patterns and feelings (Levin-Rozalis, Miri.,2006) [17].
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Frequent reference to psychological assessment through children's drawings
proves the informativeness of this approach, since this methodology is based on
children's spontaneity, associative representations and expression of emotional,
social, physical, educational and similar aspects [20]. However, it is important to note
that many authors focus on the parameters of reading children's drawings and
techniques for their psychological interpretation [1, 21].

Computational methods have gained prominence in psychological diagnostics,
improving the speed and reliability of assessments [6, 31]. Children's drawings,
traditionally analyzed through subjective projective techniques, are now prime
candidates for automation using machine learning due to their time-consuming
nature [26].

Advances in deep learning and NLP offer sophisticated tools for visual data
analysis, making them applicable to psychological assessments. This paper explores
the use of machine learning for analyzing children's drawings, focusing on feature
extraction to detect visual patterns, classification and clustering to categorize
psychological states, and using large language models (LLMs) to generate
interpretable text from images.

Feature extraction in psychological assessments identifies key visual elements
like object size, color, and spatial relationships, which offer insights into emotional
and cognitive states. Neural networks (NNs), especially convolutional neural networks
(CNNs), provide scalable, objective analysis by automating this process [27]. For
example, Eitz et al. and Simo-Serra et al. demonstrated the effectiveness of NNs in
object detection and feature extraction, which is crucial for assessing children's
drawings [7, 28].

Classification models, such as support vector machines and random forests, are
used to diagnose mental health conditions like depression by learning from labeled
datasets [25]. Clustering, an unsupervised learning technique, identifies subgroups
within disorders, providing insights into heterogeneous conditions like depression
[5].

The integration of LLMs with vision models (e.g., CNNs, ViTs) enables automatic
text generation from visual data, offering structured interpretations of children's
drawings. Multimodal models like CLIP and BLIP align visual and language features,
allowing for efficient, scalable psychological assessments. LLMs can describe
emotional themes in drawings, such as "isolated figures with exaggerated emotions,"
aiding in quick and detailed analysis. However, challenges around accuracy, bias, and
data privacy remain.

In conclusion, machine learning methods such as feature extraction,
classification, clustering, and LLMs can enhance the objectivity and efficiency of
psychological assessments, providing deeper insights into children's emotional and
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cognitive states through their drawings. This paper outlines key methodologies for
leveraging these technologies to improve diagnostic processes.

Applying machine learning to the psychological assessment of children's
drawings: In this section, we outline a practical demonstration of how the methods
described—feature extraction, classification, clustering, and large language models
(LLMs)—can be applied to the psychological analysis of children’s drawings. The
following steps provide a clear framework for implementing these techniques in a
real-world setting. The first step in analyzing children's drawings is to preprocess the
images and extract important visual features. Using a Convolutional Neural Network
(CNN), such as VGG16, ResNet, YOLO etc., we can automatically extract key features
like objects, object shapes, spatial arrangements, and color usage. The pre-trained
CNN is applied to extract meaningful features, such as objects, figure size, line
intensity, and object positions, which can indicate underlying psychological conditions
(e.g., anxiety, aggression). This automated extraction eliminates the subjective biases
of manual analysis, offering a scalable approach to processing large datasets of
children’s drawings [27, 10, 24].

Now let’s identify and present examples of the key features that can be extracted
using computer vision techniques. As a baseline YOLO drawing dataset and 20 new
real-world drawings from children (Figure. 1) will be used. For each case we will
demonstrate the results of the feature extraction.

Cluster 1 Cluster 1 Cluster 1

R

Cluster1

~
v

Cluster 2 Cluster 1 Cluster 1 Cluster 1

Figure 1 Example of some new children's drawings from real life
These features are related to geometric, symbolic, and technical aspects of
children's drawings, which can be relevant for psychological assessments:
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Color Usage: Black and Red - Often associated with aggression, conflict, or
heightened emotional states. Green and Blue - Linked to calmness, security, or
contentment NNs or color segmentation algorithms can analyze color usage and
dominance in the drawing linking it to the child psychological state [12]. Example of
color usage below:

Color Usage Distribution (%)

Original Drawing

AN SN

Percentage

Figure 2. Extracting and segmenting key colors from the child drawing

Stroke and Shading Patterns: Shading - Heavy shading may signify stress or
anxiety. Hatching and Cross-hatching - Can indicate emotional tension, self-control,
or frustration. Texture analysis [22] and NNs can detect shading patterns and
hatching intensity, identifying areas of the drawing where emotional intensity may be
reflected through shading techniques (example below).

Original Drawing Shading and Hatchin

ing Intensity

Figure 3. Extracting shading patterns and hatching intensity from the child
drawing

Line Quality and Intensity: Thick Lines - Represents aggressiveness, ambition,
or high energy.

Thin or Soft Lines - Indicates uncertainty, fragility, indecisiveness, or low
energy. Uneven or Broken Lines: Associated with emotional instability or
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impulsiveness. NNs can analyze line thickness, detect breaks, and assess uniformity
across the drawing [16]. The edge detection method can be used to quantify line
sharpness and continuity (example below).

Original Drawing Quality)

Edge Detection (
’

Line Thickness Distribution

Heatmap of Line Intensity

[ 100 200 300
Thickness (pixels)

Figure 4. Extracting line quality and intensity from the child drawing

Geometric Shapes: Circles - Often represent completeness, unity, or self-
centeredness. Squares and Rectangles - Linked to stability, discipline, or boundaries.
Triangles - Can symbolize ambition or leadership. Object detection models like YOLO
can be used to detect and classify geometric shapes in the drawing. Shape recognition
algorithms would help in identifying these specific shapes and associating them with

Figure 5. Extracting shapes from the child drawing
28
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Figure Size and Proportions: Large Figures - Reflects self-confidence or
ambition, possibly a compensatory behavior. Small Figures - Associated with
discomfort, insecurity, or feelings of inferiority. NNs can measure the relative size of
figures in comparison to the page and other objects in the drawing [19]. Bounding
box algorithms can help in estimating figure sizes (example below).

Object Detection (e.g., Sun, Trees, and Animals): Sun or Stars - Often
represent positive emotions or aspirations. Trees - Symbolize vitality, growth, or self-
perception. Animals - May indicate feelings of fear, vulnerability, or aggression,
depending on the type of animal and its posture. Using object detection models like
YOLO8 [13], specific objects such as animals, trees, and celestial bodies can be
identified and categorized based on their symbolic meanings. Specifically, YOLO8
with ESRA data annotation was used in this paper, an example below:

cloud 57T cloud 79% \/ e 3 e

Figure 6: Extracting objecsts such as animals, trees etc. from the child drawing

Figure Orientation and Placement: Centered Figures - Indicates a balanced,
confident self-perception. Figures at the Edges - Often reflect withdrawal or social
anxiety. Figures Positioned High: Represents optimism or unrealistic aspirations.
Spatial analysis tools within NNs or coordinate extraction can be used to determine
the placement and orientation of key objects and figures in the drawing, relative to
the center or edges of the page.
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Object detected at: Centered (Bounding Box Area: 372900)
Object detected at: Centered Right (Bounding Box Area: 75990)
Object detected at: Centered (Bounding Box Area: 2946226)
Object detected at: Left (Bounding Box Area: 557668)

Object detected at: Top (Bounding Box Area: 50787)

Object detected at: Top Right (Bounding Box Area: 125760)

Detected Figures with Placement Description (Top/Bottom/Left/Right/Centered)
Y \ < g

- A ~ s/ N ~ / ¢
N, ‘

Figure 7. Extracting figure Size and proportion from the child drawing

A significant innovation in this process is the integration of Large Language
Models (LLMSs) to generate descriptive text based on extracted visual features and
contextual prompts from the drawings. Models like CLIP or GPT-3 can transform
visual data into coherent, human-readable descriptions. After the neural network
(NN) extracts key features from the drawings—such as object shapes, proportions,
and spatial arrangements—the LLM generates an interpretation within a
psychological framework. For instance, the model might produce a sentence like:
"The drawing shows a solitary figure with exaggerated proportions, potentially
reflecting feelings of isolation or anxiety".

Moreover, the system can respond to additional prompts or questions to further
refine and expand the analysis. In particular, in this work, in addition to the
characteristics, 10 questions were also used.

For the generation purpose LLAMA:7b was used for assessing the answer to the
question for the drawings discussed before. Particularly for the drawing below
answer are enlisted in the table below:
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Table 1. Extracting the answers from the drawing

These generated descriptions can be compiled into structured psychological
reports, offering clinicians a detailed, objective assessment of the child's emotional
state, supporting more accurate diagnosis and treatment planning.

Once the features are extracted, a supervised learning model can be trained to
classify the drawings based on emotional or cognitive categories (e.g., distress,
calmness, or developmental delays). In our scenarios where labeled data is
unavailable, unsupervised learning methods like clustering can be used to group
children’s drawings based on visual and text similarities. This allows for the
identification of patterns or psychological themes without the need for predefined
labels. Psychologists can examine the clusters to detect common psychological
themes, such as isolation, fear, or aggression, that emerge across the dataset. Based
on the features and text presented in this paper drawings of the child’s were clustered
using and are presented in the picture below.

This demonstration illustrates the power of combining deep learning, machine
learning algorithms, and LLMs to analyze children’s drawings in a clinical context.
These techniques enable automated, scalable, and objective psychological
assessments, reducing the workload for clinicians while improving the accuracy and
consistency of diagnoses. By applying these methods, psychological assessments can
be conducted more efficiently, providing deeper insights into children's emotional
and cognitive states, and allowing for more timely and effective interventions.

Conclusion: As demonstrated throughout this paper, the application of machine
learning techniques—specifically feature extraction, classification, clustering, and the
use of large language models (LLMs)—offers a transformative approach to the
psychological assessment of children’s drawings. By utilizing Neural Networks (NNs)
for feature extraction, these models can automatically detect important visual
elements such as line intensity, figure proportions, color usage, and symbolic objects.
This automated extraction reduces the subjectivity and variability associated with
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traditional manual interpretation, improving the accuracy and scalability of
assessments. In addition, classification and clustering algorithms provide structured
ways to group children’s drawings based on similar psychological themes, allowing
for more objective analysis. For instance, clustering can reveal underlying emotional
or cognitive states, such as anxiety, isolation, or aggression, even when predefined
labels are unavailable. The integration of LLMs further enhances the interpretability
of these assessments. By transforming extracted visual features into coherent and
contextually relevant descriptions, LLMs can assist psychologists in generating
structured reports that offer deeper insights into the child’s emotional and cognitive
states. These generated descriptions reduce the burden on clinicians while
maintaining the richness of psychological interpretation. By automating many aspects
of psychological assessment, these technologies provide clinicians with more
consistent, reliable, and faster results. As these machine learning methods continue
to evolve, their broader adoption in clinical and educational settings could lead to
more comprehensive and efficient psychological evaluations, providing timely insights
into children’s emotional and cognitive development. In particular, the objective
analysis of children’s drawings using these advanced technologies has the potential
to enhance understanding and intervention strategies for various psychological and
emotional challenges, ultimately improving outcomes for children in need of
psychological support.
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OCOBEHHOCTU NPUMEHEHMA UHCTPYMEHTOB MALLMHHOIO OBYYEHUA
01 NCUXONOTrMYECKO#I OLEHKW JETCKUX PUCYHKOB

Apmat babaan (Noble Scripts, EpesaH, ApmeHus),
Erok Akoban (EpesaHckuli 2ocydapcserHbili ynusepcumem, EpesaH, Apmerus),

IpaHm AsaHecaH (Epesatckuli 2ocydapcseHHbili yHusepcumem, EpesaH,
Apmerusi),

Ipaubsa OzanHucaH (EpesaHckuli eocydapcseHHbili yHusepcumem, EpesaH,
ApmeHusi),

B cratbe npepctaBneH aHanuM3 0cobeHHOCTEW NPUMEHEHUA MPOEKTUBHBbIX
METOlOB AA TECTUPOBaHUA TCUXONOTMYECKOTO COCTOAHMA [eTell, a TaKme
MUNOTaMHbIil SKCNEPUMEHT MO BHELPEHWUIO UHCTPYMEHTOB MaLUMHHOIO 0by4eHuA AnA
MCUXONOrNYECKOW OLEHKM PUCYHKOB. DTW BOMPOChbl HEOHBXOQUMO paccmaTpuBaTtb
KOMIM/IIEKCHO, MOCKONbKY 6ONbLUMHCTBO METOAOB MCUXONOrMYECKOW OLEHKU U, B
YaCTHOCTU, TMNPOEKTUBHbIX TEXHOMOTUI NpesbABAAOT ocobble TpeboBaHWA K
HaleMHOCTM U BaIMJHOCTM, a Takwe TpebyloT creuuanbHO MOATOTOBKU U
NpocheccUoHanbHO  KOMMETEHTHOCTU  AnA WX WHTepnpeTauuu.  Llenbto
UCCnefoBaTeNbCKOro MpoeKTa ABNAETCA MCMONb30BaHWe OUUPOBaHHbIX PUCYHKOB,
CO3/laHHbIX BHYTPEHHe nepemellieHHbIMM AeTbMi HaropHoro Kapabaxa, B kavecTse
WHCTPYMEHTa [J1A BbIABNEHUA U OLEHKM WX TCUXONOrMYECKOTO COCTOAHMA C
MCMONb30BaHMEM METOAOB MalUMHHOrO 0byuyeHuA. Mbl cumTaem, UYTO 3TOT MOAXOL
MOMET [aTb LEHHY WHOopMauuMo o ncuxuyeckom Onarononyuun petei,
MoCTpafaBLUKX OT KOH(PAMKTA, ¥ MOKET CYXWUTb AMArHOCTUYECKUM UHCTPYMEHTOM B
Mepuoabl 3KOHOMMYECKOTO W FymaHuTapHoro Kpuswuca. [lpepnaraemblii nogxop,
W3BNEYEHUA TMPU3HAKOB B TMCUXOJOMMYECKON OLEHKE OMNpefendeT KitoyeBble
BU3Yya/lbHble 3NEMEHTbI, TakUe Kak pasvep OObeKkTa, LBET W MPOCTPaHCTBEHHbIE
OTHOLLEHWA, KOTOpble Jat0T NpeacTaBieHne 06 3MOLMOHabHbIX W KOFHUTUBHbIX
COCTOAHMAX. TakuMm 06pa3om, NMpUMEHeHWe METOLOB MalUMHHOrO obyyeHus, u, B
YaCTHOCTM,  UM3BMEYEHWA  MPU3HAKOB,  KiaccudpuKauuv, — Knactepusauuu U
“cnonb3oBaHuA bonbluKx A3bIKOBbIX Mopeneii (Large Language Models), npegnaraer
npeobpasyroLLnii MOAXOL K NMCUXONOrMYeCKol OLEeHKe [EeTCKUX pucyHkoB. Mcnonb3ysa
HelipoHHble ceTn (Neural Networks) ana v3BneyeHns NpuM3HaKoB, 3T MOAENN MOTYT
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aBTOMATUYeCKN OOHapyXMBaTb BamHble BU3yaNbHble 3MEMEHTbl, TaKWe Kak
MHTEHCUBHOCTb JIMHWIA, Mponopuuu opM, UCMONb30BaHUE LiBETa U CUMBOIMYECKME
06beKTbl. ITO aBTOMATU3MPOBAHHOE W3BMEYEHWE CHUMAeT CyObeKTUBHOCTb U
M3MEHYMBOCTb, CBA3aHHble C TPAagULMOHHOW PY4YHOW MWHTeprpeTauuell, nosbilas
TOYHOCTb ¥ MacLLTabupyemocTb oLeHOK. Kpome Toro, anroputmbl Knaccudpukaumm u
Knactepusalyu NpefocTaBAroT CTPYKTYPUPOBaHHbIE Cnocobbl FPYNNMPOBKY SETCKUX
PUCYHKOB Ha OCHOBE CXOMMX MCUXONOTMYECKNX TEM, YTO MO3BONAET NPOBOAUTL bonee
O0OBbEKTUBHbIIN aHaNu3.

KnioyeBble cnosa: npoexkmusHbili memoOd, Oemckue pUCYHKU, UHCMpPyMeHmbl
MawuHHo20 obyyeHus, bo/bliUe A3bIKOBble MoOenu, HelipOHHbIE cemu, NCUXO0/102UYecKan
OyeHKa.

UutLuuyul vuuruverh <NG6RULULUL SLUKUSUUL UbLELU3ULUL
NkUNKRSU UL SNPohLLGrP UhNRHUPU UL
unuuavucusunh@3nhruuere

Unpdwlb Pwpuywt (Noble Scripts, Gpluwlt, <uywuywly),
Gunp <wlynpywti (Gphwbh wapwywl hwdwuwpwb, Gplwb, <wjwuypwb),
<pwtip Uwbbywt (Gplwbh wbpwlwt hwdwuwpwi, Gplwh, <wjwuypwb),

<pwisgw <nihwbbhuwt (Gplwbh wbpwywt hwdwuwpwb, Gplwb,
Lwywuywly),

Lnnwdnd  dbpinddws  Gu  GpGluwubph  hngbpwuwywu  yhdwyp
nunwWuwuhpdwu  wpniynhy dbennubph  ogunwgnpddwt  wnwuduwhwwn-
Ynienutbpp, huswbu  twb  ubpluwjwgyws £ ulwpubph  hngbpwuwywu
quwhwwndwtu  hwdwp  JdbpGuwjwywu  nwnigdwu  gnpdhpubph  ubpnpdwu
whinunwdwihu thnpé: Wu hwpgbpp wbwup £ hwdwynndwuh nhnwpyytbu, pwup
np hngbpwuwywu quwhwwndwu dbpnnutph d6é dwup U, dwutwynpwuwbu,
wpnitywnhy dbpnnpywutpp nwbu hnwwipnipjwu b Juihnnygjwt  hwnny
swithwupgubip, puswbtiu bwl ywhwugnd GU hwwnty wywwnpwunywdnigintu
dwutwghnwlywu hpwywunyentu npwug dluwpwudwt hwdwp: <Gnwgqnunw-
Jwu twpuwgdh twwwwlu £ ogquwagnpdt] pwjuwgwsd ulwnpubipp, npnup
unbindyby bu LEntwjht Twpwpwnhg nbnwhwudws Gpbluwubph Ynndhg' npwbiu
gnpdhp’ pwgwhuwjnbint b quwhwwnbint upwug hngbpwuwywu Yhbwyp' ogunw-
gnpdtiny dbpbuwjwlwu nwnigdwu dbennutpp: Ubup Ywpdnud Gup, np wju
dninbigndp Yupnn b wpdbipwynp nbintywwnynigniu tnpwdwnpb) Yynudphyunub-
phg wndwé tpbluwubph hngbpwuwlwu pwpblbgnigywu dwuhtu b Ywpnn &
oSwnuwjt| npwbtu wfuwnnpnohs gnpdhp wuwnbuwlwu W hnwwuhwnwp d6quwdwdh
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dwdwuwl: <ngbpwiwlwu quwhwwndwt dwdwuwly hwwnlwuhoh pwgwhwjun-
dwt dnuinbignudp uwhdwunwd £ hhduwywu nGunnuiwu wwppbpp, huswhupp Gu
opjiyih  swihp, gnyup L wwpwdwlwu hwpwpbpnigniutipp,  npnup
wwwybpwgnd U wnwhu hniquiywu b dwuwsnnuywu yphdwlutph dwupu:
Ujuwhuny, dbpbuwjwlwu nwngdwu dbennubph Yppwnndp b, dwutwynpw-
wbu, wnwuduwhwwnynipniutbiph nnipupbipndp, nwuwywpgnudp, Ywunbipwyn-
pnuwip b LEgniutiph dGd dnnbijubph ogunwgnpdnudp wnwownpynid E thnfuwybpwhs
dnnbignid Gpbluwubph uywpubph hngbpwuwlywu quwhwwndwup: Ogwnwagnndt-
Y Lbjpnuwihtu gwugbpp’ wnwuduwhwwnynyeyniuubph nnpupbpdwu hwdwp,
wju dnnbubpp Yupnn Gu wywnndwwn Yepwny hwjnuwpbptp uplnp nbunnw-
Ywu wnwppbip, huswhupp Gu géh huwnbuuhynieintup, duh hwdwdwuunyeniuubpp,
gnyubiph ogquwgnpdnudp b funphpnwuswywu wnwplwutipp: Wu wywnndwmnwg-
qwdé wpngbup ujwqgbigund £ wywunwywu &bnpny dbluwpwunipiwu  hbwn
Yuuwwsd unipjblyinpynipgniup b inhinfuwyuwiunigyniup’ pwpépwgubing quwhw-
wndubiph 2gpninieinlut Nt dwuunwpw)juntegintup: Pwgh wyn, nwuwlwpgdwu b
Ylwuwmbpwynpdwu  wignphpdubpp wpwdwnpnud Gu GpGluwubph  uupubpp
fudpwynpbint uwnnigwdpwjhtu bnwuwyubp' hhdudwsd tdwuwwnhw hngbpwuw-
Ywu ptdwubph Jpw, husp pnyp £ wwhu wybih optywhy ybipindnieniu
hpwlywuwgub):

<wbgmguyhti  pwnbp'  wpnblphd  dbenn,  Jwblwlwh o Gyuptbp,
dbpblwywlwl nwunigdwti gnpéhpltin, J&s tqyp dnnbiuln, ubpnbughti gquwbigbp,
hngbpwbiwlywl guwhwppnid:
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