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THE EMPEROR, HITCHOCK AND PATRIARCHY: AI-ASSISTED VS.
HUMAN GENERATED KEY WORDS EXTRACTED FROM UNPROCESSED
ETHNOLOGICAL MATERIAL

Abstract: Archives of audio, video, and written ethnographic materials gathered through
individual researchers’ field studies often involve data obscured by improper keyword
classification that does not accurately reflect their content. This article investigates how a
computer information system may assist a professional in this task. We apply a selection
of computational intensive methods for the search and clustering of textual materials
from the Digital Archive of Ethnological and Anthropological Resources (DAEAR) at
the Institute of Ethnology and Anthropology at the University St. Cyril and Methodius in
Skopje and comment on their practical usefulness. The results of the machine extraction
are compared with the ones obtained from 10 experts (ethnologists and anthropologists)
and ten non-experts.
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“Mike: You know I have not slept since Thursday?

I was all night cleaning up after you. I need my sleep.

Walter: You said no half measures.

Mike: Yeah. Funny how words can be so open to interpretation.”

Breaking Bad series, S3E13

Gathering, processing, and archiving field ethnographic material according
to keywords is a standard procedure at the Institute of Ethnology and Anthropology,
University St. Cyril and Methodius in Skopje, Macedonia. Until the introduction of digital
tools and, consequently, of an online search database (https://ica.pmf.ukim.edu.mk/tabs/
view/61f236ed7d95176b747¢20566ddbdala), these procedures were done by hand. They
were (and still are) formulated by the researchers, students, and teaching staff. In cases
where the researchers accidentally skipped this step, the archivists did that for them. They
are on the first page of the transcribed material (printed in hard copy), with the archive
number, date and place of research, the topic, and the name of the interlocutors.

These keywords play precisely the same key role when the materials are digitally
searched through the online database. The fact that the user does not have physical contact
with the archived material reduces the chance of random findings by simply flipping the
pages of a hard copy. Zero search results from a given keyword create an impression that
such related material does not exist, although the opposite might be true.

Thus, categorizing content and indexing it through keywords (part of search
engine optimization) is a strategy that should be heavily applied to archived materials
that might be used for academic, research, and other purposes. Their accessibility and
visibility depend on how these search algorithms are coded and how the content is tagged.

Despite being aware of this prerequisite, most of us find writing abstracts and
extracting keywords to be only a formal operation that must be completed simply due to a
journal’s propositions. The same principle applies when choosing key terms for archiving
field materials (interviews, photos, videos, field notes). In the absence of a standardized
method, left to individual interpretation and the importance of this procedure, it is prone
to a number of inconsistencies and arbitrary choices.

Our approach was partly based on “Modeling and Measuring Short Text
Similarities: On the Multi-Dimensional Differences between German Poetry of Realism
and Modernism” by Anton Ehrmantraut et all. In this article, the authors test a method
of detecting similarities in short texts (poems) developed for the needs of computer-
based literary studies. They test their hypothesis through three elements: 1) an annotation
made by two human experts of selected poems based upon specific similarity criteria; 2)
consensual agreement between the human experts on the final list; and 3) comparison
with machine-generated results. The final outcome refutes or confirms the starting stance,
in this case, that there is a fundamental difference between traditional (realistic) and
modernist poetry.

’E‘



| EthnoAnthropoZoom

This method suited our needs since we also worked with short texts, two randomly
chosen folk stories, “The Poor Man and the Bird that Ate His Grain” and “When Women
Wanted to Have Power Just Like Man,” from the 10-volume collection of folk materials
by Marko Cepenkov (1829-1920) (See appendix).

Our research underwent four phases:

- We asked ten experts-cthnologists to read the two fables and annotate five
keywords;

- We asked the same from 10 non-experts (University educated individuals from
different professions, such as high-school teachers, film directors, writer etc.);

- We ran the two stories through specially coded software that yielded its selection
of keywords; and

- We compared the results to see if there could be a consensus between the three
entities.

Ghost in the Machine: The Computational Approach

Preprocessing

As previously mentioned, the texts in question are two short stories from the
voluminous corpus of Marko Cepenkov’s collected folklore materials. Physically, they
have been scanned from photocopied sheets of out-of-print editions of Cepenkov’s
complete works and processed for character recognition into two separate text files, a.txt
and b.txt.

Only a handful of words were incorrectly rendered by the character recognition
software and manually corrected where spotted. The number of instances where a word at
the end of a line was split in two was tenfold higher and consumed time to be corrected.
For example, we spotted 33 cases of split words for the first texts, corresponding to less
than 2% of the total. Suppose both of these preprocessing phases are to be skipped. In that
case, one may expect a slight enlargement of noninformative text noise, which, however,
for shorter documents than these, may impair further analysis.

At the moment of writing, the available corpora of stop words and lemmatization
dictionaries for the Macedonian language were not very helpful forunsupervised correction
of the preprocessed material. The ready-made character recognition and document
preprocessing failed for linguistically more archaic/shorter texts (for example, poems
from another corpus by folklorist brothers Miladinovci). To deal with such material, one
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must opt for highly sophisticated, custom-made programming on a comparable case-by-
case basis in terms of depth and quality, with the analysis by a human expert (situation as
of November 2024).

The simple count of the most frequent words, presented in Table 1, gives some
orientation of possible candidates for keywords in both texts. Note that for the first text,
both dialect forms of 11apo and mapor (“the king”) are present. We preserved these forms
in their original position and variance and counted them, in further analysis, as separate
tokens. Their clustering as lemmas with identical meanings will deprive us of nuances of
the actual storytelling and, in our view, will be detrimental to further sentiment analysis.

Term Frequency - Inverse Document Frequency

In order to take the context of the words into account, the standard first step is the
calculation of the value of so-called tf-idf, term frequency-inverse document frequency.
This number is a product of term frequency (the number of occurrences of a given word in
a document relative to the total number of the words in the said document) and the inverse
document frequency (incorporates the number of occurrences of the term in question
relative to the number of documents in the corpora). Thus, this encoding gives more
weight to terms that are more relevant in the context of the document and pushes into the
background those terms that frequently appear in other contexts/documents in the corpora
(See for details Bengfort et al. (2018) and references therein). The higher the number, the
more relevant the word is within the document context.

For our two short stories, our Python scripts for tfidf-analysis gave the results
presented in Table 2, side by side with standard word counts of the most frequent words.
One may notice changes in the ordering of the words, re-counting/tfdif; the safe step here
is to rely on tfdif more than on simple, brute word frequencies without contexts. The
side effect of tfdif filtering of contextually significant words is the depreciation of others,
which is more of a stop words kind. This fact alone makes the standard step of removing
step words from corpora unnecessary. Implementing tfidf calculations is a primary step in
proceeding to the in-depth contextual analysis and word clustering phase.
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Table 1 Word counts for corresponding texts.

# paragraphs  # sentences  # words  # characters
a.txt 38 85 2065 8815
b.txt 21 46 1344 5964

Table 2 Top words according their frequency and tfidf value

a.txt
word # word thdf
napoT 25 cupomamo  0.3767706
cipomano 20 mapoT 0.3350942
PEeKon 16 mpaukarta 0.2260623
uapo 13 pekon 0.2144603
npaYykaTa 12 keHaTta 0.1883853
HMeHaTa 10 wapo 0.1742490
HanbaTHHO 9 wanbatuHo 0.1695467
“h.ixt
word # word thdf
HKEHHTE 23 KeHuTe 0.5373785
uapo 15 wmapo 0.2493582
je 10 Gupar 0.2102785
6upgar 9 caHpako 0.1869142
MaxHuTe 8 mMaxute 0.1869142
CaHpaKo 8 je 0.1662388
LapLKu 7 oGymbyms 0.1635500

K-Means and Latent Dirichlet Allocation

Unsupervised clustering of words is a kind of art where one has to choose the
“right” method to correspond to the chosen characteristics of the analyzed documents and
the questions one wants to pose with that analysis.

There is no one-rule-for-all case that turns the “unsupervised” into positively or
critically “supervised” by an expert in the field. Let aside these more fundamental ques-
tions regarding Al employment in our field; we turn to two techniques we have used for
clustering: k-means and LDA.

With k-means, the available data (in our case, tokens - words, numbers, and a com-
plete stop at the end of sentences) are split into k clusters, matching the distance of each
data point to a temporary, would-be cluster. At the start, the number k is fixed, the po-
sitions of tentative cluster centers are random, and the data points (words) are distribut-
ed (classified) to the nearest cluster center. In general, this is not optimal, and the aver-
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age distance of all data points is recalculated, and the positions of better-clustered groups
are found. The iteration is when the cluster positions do not change more than some fixed
threshold (for clustering, see Xu and Tian (2015) and references therein; for tfidf, see
Hovy (2020)). What should be counted as a cluster and what should not is in the eye of
the beholder. The rule of thumb is: start with k = 2, calculate, see the results, and if you
are not satisfied, try with k + 1...

Most Common Words in Cluster 7

uapoT

pexon

uapo

npaykaTa

HEWTO

Teatures

HanGaTumHo
nak

je
uyNypAMraTa

cupomas

0.000 0.005 0.010 0.015 0.020 0.025 0.030
score

Figure 1: A cluster of words from a.txt

Most Common Words in Cluster 2

0.010 0.015 0.020 0.025
score

Figure 2: A cluster of words from b.txt
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In our analysis, we choose to check corresponding cluster silhouettes (visual
helpers to get an insight into how well-defined clusters are) (for k from 2 to 30) and take
the best one into account. In the first two figures, we present the two best groups of words

for our two stories.

As it happens, k-means clustering is not the final word on the subject, and one
usually proceeds to more advanced methods for extracting topics from a document
collection. The Latent Dirichlet Allocation (or LDA, for short) is a popular method of
choice for the construction of a probabilistic model and isolation of topical words from the
target document from a given corpus (for a general introduction, see Srinivasa-Desikan
(2018), for application, see Ramyadharshni and Pabitha (2018). LDA analysis results in
topic distributions (similar to the K-means method), which, themselves, are made of word
distributions (hence, probabilistic). Words that frequently appear in the same context with
higher probability appear in the same cluster of words. They define, so to say, a separate

topic or feature of the document.

Topic 1 Topic PPICS INLDA model ., Topic 5
npoco S yapw marape S oTkoa S npaukata S
caxa nojav aoma sen Sl eropu il
suaw Il uapn 8l pexna @ wexo B opsemn
antan nawr @ enHa ll naam @ Aowon
wmax @l apani il sxaviw nynHan @ panw B
vecTuT B cene nopaat @l nomakuve B uzneron @
kana @l nazap il meHeTo ll Gpra @l nojoe @
wupee canka il sevepa il cetoll will
avup il #enall anull marapequero il wora ll
rnaall Gpate § antau! nywTa § nagp A
Topic 6 Topic 7 Topic 8 Topic 9 Topic 10
HanGaTuHO cvpomane pexon — koa . uap I
wema @ je wywypnura wenata I rocTy I
Tony @ Hazemu B uapo . oruwon N npujatene
o ronem Bl npayxa T Buka cexoe ll
enen mrory B cvpoman Il snnen @ saTunll
nocaxa @l apeq @ wyno razo ne6
npocoto @l wman 8 cTpage- Bl ner @ owon
nojne merHa il 3topon npawa rocudl
wnpenw cranyed roguqa i npeqexa il pardl
yeyn il EOTTENE | cqetd nomuHano il cpued
] 20 o 20 ] 20 ] 20 o 20

Figure 3: Ten LDA clusters extracted from a.txt
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; i ics in LDA model . .
Topic 1 TopicPPICS IngLL Topic 4 Topic 5
pexne Toraj mena I crap il crpiwen Bl
npac @ uapuue 8 jo — cannaxo Ml oTeopn M
pepman 8 Gupat @ apxn pexon 8 Gyrbyn B
apacand Hapegn 1 uapctod nant 8 mHory §
rnegal rocno 4 pexnal sectura | nomal
npatil nanme 1 enHal macnaat i uyjal
cectpuua i send uapwTiHa 1 apen | nawa i
senan | maj | Hanpaam 1 aetel ymol
napysal kaod Tperuo 1 nani nex
ronemun | GuawnTe 1 weHukmn | noBena raena
Topic 6 Topic 7 Topic 8 Topic 9 Topic 10
koa wynn il uapuxy R uzpo N neq
Gune @ canpujazamn i pabotv Il 36opo npaoto il
nosena il Apysute | max uap il nomarunka i
MeanusoT i voek 1 cangax 8 caxa il Meznuso i
apHe 1 Aacbuame | Gprodl uapuua B caml
ronemn | mapneer | newnme I weznny i pabotal
wenywTnd woero 1 aupoadl wykad cappujazamen |
ronem | rapap 1 wemad nocakad nyed
sepyami apaoanod sepmanod wmad npaume 1
ybas 1 canpujalamkm sataopwn il moe | anaapul
] 20 o 20 0 20 ] 20 o 20

Figure 4: Ten LDA clusters extracted from b.txt

With our LDA Python script, we extracted ten such topics for each of our two sto-
ries (see figures 3 and 4 above), which may conveniently be presented in visually appeal-
ing word clouds (figures 5 and 6), where the size of a word reflects its importance with-

in the context of others.
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Fig. 5: Words’ cloud
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Fig. 6: Words’ cloud

Combining humans and machine

The integrative tables provided below in Figures 7 (for the first story) and 8 (for
the second story), which include the results yielded by both groups of human annotators
and the machine, show a slightly higher consensus in keyword formulation among eth-
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nologists compared to non-ethnologists. The list also shows a higher number of individ-
ual keywords that appear just once among the latter (first story 18 vs. 29, second 24 vs.
29). However, the high number of words that appear only once might result from the min-
imal corpus taken into account.

Emmoosn W
Heernonosn [l
Mammna .

Tphxasha 6p. 1

KTy aH” 360pORH CHOMHATH CAMO €HAIL

[] poafaiKa, cran, npoco, mpanaa,
B [senpasua, ipua, naxommcrenoct,

CHPOMAE, CHPOMABHOT,
CHPOMABHO U JKeHa My,

cupomamTHja lecHOBepHOCT, Marape, APCTEO [ ]
BOJIIIENICTEO, HENloCAYIIHOCT, aHp,
MonGa, Maka, cia

1ap, uapor

danGayncreo, ayanusam,

IKeHa, KeHara, Myapa
IKeHa, HECITyIIIatbe HeHa,
KEHCKH yM

KCMeT, KaCMeT, /101l KCMeT

Gorarcro, Gorar

HeCKPOMHOCT, CMOTaH, cyeTa,
namerHa

uy/j0, TITHLH, POCjaK, MapH,
omazer

Havava, Gespabora, MaruuHOCT
XHUKOK, rpHjaTes, pOCTOAyIIeH
Gesxuumenar, Tpuese,

HauBHOCT

Max, 310 3a 106p0
WM pasa,
A06po/ano

uyuypnmla, uyuyprml e,
uyuyura, uyuypaHruTe

uapor o uyuynpuluTe,
1apoT o7y uyuyprKre

3aBIIMBOCT, 3aBUCT

ammoct

Tomys, Tomysor

pexorn

06pHHa, A0GpoAyLHOCT

Fig.7: Table including the results of both groups of human annotators
and the machine

Hpukassa 6p. 2 Ernotosn W
Heerrorosn [l
Mamnna g
Krymu sGopopa CriovmaTh camo enan

Kertn, Kenmre, xera
HeeHaKBOCT, TpaZHIa,

nparvarnunocT
Liapor, uap, 1apo, CKpHLLIHO, HTPOCT, cagpHjazamkt,
yapurrna Henpana

(penmmnsan, pooss yrors, wapuser [l

Masku, MaskuTe [ ] HaAMYApYyBaibe, TyKaBcTBo, Gopba
[ ] JIOMaKUHIIaK, JOMUHaIHja,
u emapnaija
JbyBOMHTHOCT, JKeHcKa EEEER 'BepMall, [1aBaTapH, He/JOCTIEAHOCT,
myGonurHoct, He/orepGa
IbyGonuTcTeo
I1paso, mpasa, erickn
npasa ROMAKHHIH, TPEADACY/H, MYAPOCT,
BysmGyrm Me3/IHY, MISOTHHH]A, lyaniaam, eea,
| | Ilanzopa, napog, apsoanor, snact, Ml
Marpujapxar | ] MajieTenH, XOpMOHH, X0, TPH,
[ ] 3arRopeno, (atym, oGpazoeane,
KpaTkoyMHu [ | TPUK, NpOTIaraH/a, TpH fiHH,
am Ja noBenaat
Crepeorn [ ]
| |
Jlomakumkm | |
| ]
Tajua [ |
]
Co noeie 36oposi: ]
uapekn macnaar, uapekn |
Macnaar (W npaeza) 6Gugar [ ]
Cpam, ycpamenocT [ 1]
Cangako [ ]
| ]
Lapyua
Eppaksoct

Texoymmoct, necuoymocr | [l [l

Fig. 8: Table including the results of both groups of human and
machine annotators
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In many cases, participants from both human camps have noted variants of the
same word. Variations include dialect forms (“siromav” - poor, “siromaio” - South-West
dialect), using a definite or indefinite articles of a noun (in Macedonian expressed through
suffices such as -ot, -ta, -to for m/f/n gender, thus siromav - poor vs. siromaviOT — the
poor)

Several participants (both experts and non-experts) derive a word that exists as
such in the text, leaving it in its original form. In contrast, others change their form into
a literary language. However, there are several instances when the keyword is not just a
word contained in the fable but an interpretation. Examples include: “bezkichmenjak”,
that roughly translates into “an aecmeba” (a person that has no character, reffering to the
poor man from the first story) or “hormoni” - hormones that refer to the women from
the second story. However, there are examples of keywords that go even beyond inter-
pretation and enter the realm of ideological labeling, such as “rodovost” (gender issues),
“emancipacija” (emancipation), “mizoginija” (misogyny), or “dualizam” (dualism).

The most exciting keywords are free associations, and they are all derived
from non-experts. These include Pandora (referring to a magical box in story n. 2) and
Hitchcock (referring to the birds in story n. 1). Such words would never make it into the
final list of an ‘official’ archive entry. No matter how peculiar, they might provide an
additional insight into the potential of a specific ethnographic material (“This could make
a great movie script,” - the participant who proposed “Hitchcock™ wrote in his notes).

The human annotators and the machine could agree on the following keywords
and their variations:

Ist story
“siromav” (poor)
“tzar” (emperor)
“zhena” (woman)

2nd story
“zhena” (woman)
“tzar” (emperor)
“mazhi” (men)

The only difference between the human participants and the machine was that
the algorithm included verbs, while human annotators were solely nouns and adjectives.
Those are - for story n. 1 “rekol” (said) and for story n. 2 “bidat” (to be in third person
plural future tense).
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Conclusions

The above-reviewed results show that digital archiving of ethnographic materials,
which enables search based solely on a few keywords, easily misses its mark. Due to the
high variation of individual criteria (copy/paste from the material itself, transformation
into a literary language, first or higher level of interpretation, etc.), creating an “objective”
list that envisages all potential searches is almost impossible. Thus, one way forward
would be to create a fully searchable database of OCR (Optical Character Recognition),
which would widen the scope of successful potential searches.

Another would be to use a consensual approach to keyword creating, such as
consulting at least two experts when archiving a specific material (for example, the creator
plus one). An interdisciplinary cooperation with experts from computational linguistics
(something non-existent at present) would be an excellent opportunity to create a larger
corpus of Macedonian texts and learn the basics of machine processing. Currently, the
only online available corpus in the Macedonian language is published on the Macedonian
Academy of Arts and Sciences site and consists of 135 fiction works by Macedonian
authors. However, forming a first-hand ethnographic corpus based on field interviews
would have to be heavily regulated due to privacy issues. Workshops on the basics of
computational linguistics could be offered to students of ethnology and anthropology
while also incorporating an elective subject, Digital Anthropology, in the official curricula
of the undergraduate or post-graduate studies (such an elective subject was introduced in
the latest curriculum at the Institute of Ethnology and Anthropology in Skopje).

All of this might generate awareness of the processes behind providing online
content, indexing, searching, and finding information when being visible and easily
accessible becomes a matter of the keywords “to be” or “not to be.”
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Appendix

Original research material (the two stories scanned and processed for character
recognition)

CUPOMABUOT U UYYUYPIUTATA LITO MY I'O JAJIA ITIPOCOTO

Enen cupomar 4oek UMal 331 KyKd eJHO Orparde 1 ro moceain mpoco. [Ipu ce mto
Oere MaJIKy MECTO, aMH TIaK Ce Hajieal Jia cobepu Maliky 1mpoco, mTo ke nau [ocno, 3a 1a
CH TIPEpaHH JeunbaTa 6apeM eiHa roiHa BpeMe. ApHO aMa, ako Oelie HMal CHPOMaHOT
K’cMeT, He ke Oere cupomas. LlITom Getrie 3a3mpeano mpocoTo, U My ¢e HaBPTHja Bpariy
U 4ydypIury 1a My ro jagar. On ceTo molie Bpari|Te U 9ydypiauruTe Oeiie My Haaoluie
BO MMPOCOTO HETOO U BO HEKOJIKY THU My T0 0300aa 1 My ro K’paucaa. Koa Buae cupomano
TOA YyJ0 O BpaluuTe, Oelle ce 3anperHai Ja ‘v Opka ¥ Ja ‘M IUIalu 3a Ja He My TO
n3obaar mpocoTo, ApHO aMa, OJ1 €/IHa CTpaHa ako ‘M KcTepalle, oj] Apyra ke My J10j1ea Bo
MPOCOTO — M BO HEKOJIKO THH My T0 OuTHCaa.

— Od, Mopu xeHO — Je peKon Ha jKeHaTa CH — IITO IyCTH JIOHI K CMET CMe
nmane Hue! Manky npoco HacaauBme, 10a 3a Jia To OKHUEME | Jla C€ U3PaHUME O] HETo
0Baa roJlMHa, apHO ama MPOKJIETH BPaIll{ U Yy4ypJIUTY HU TO 0300aa!

— Cexkoe 3710 3a 100p0, TOMaKHHE — MY peKiia )KeHara.

Ox 10j 3060p 01 JKEHATa CHPOMAKO KAKO Jla C€ MOYTENIHI U MOj/e Ma Kaj MPOCOTO
Jla TO BH/IH, U 3a CTpeKa Oellie ce HaBpTelia €Ha 4ydypiiura Ha €JIeH KOPEH Mpoco Jia CH
300a.

Enno Oere ja BUICT CUpOMano U oerre cu ja CHUMHAJI Kariara oJf rjijaa u €O ycCyJs
ce HpI/I6J'II/I)KaJ'I [0 yy4dypJjivrara, Ta Oere BpJIWJI CO KallaTa Ha 4YydypJjurara u Oerrre ja
HaKJIalmyTHI. Tp‘IaHI/IHa Oerire TOMION U ja BaTWJI O OT Kala 4yy4dypJjurara.

— AMH cera, MOpHU 4y4ypiIuro — Je pekos — IITO cakalll Ja TH Hampaam? [la te
3aKoJIaM, aJly Ja Te pacKUHaM? 3HAUII OTH TU CETO IPOCO Ke MU o ILUIaKall Cera, ajlu He
3Haum? Jac Te Opkam, TH IMaKk MU WML, jac Te OpKaM, TH OJOKYJY €BE€ CH Jia MU IO jaJIuII
npocoro!

— Awmamn, Opare, HEMOj J1a Me TyOHIII — My peKJia 4ydypiiirara — OTH jac CyM
KepKka Ha 11apoT O] Yy4ypJIMIHTE, U aj Jla ME OJHECHII Kaj TaTKa MU M Ja My Ka)KHIII
OTH CH M€ BaTHJ BO mpocoto. Toj ke TH JauT rojieMo 0OrarcTBoO, HITO IyPH CH JKHB J1a
YKMBEHUILI, MTAIIaKIIN, a aKO Me 3aryOuIll, HUILITO aup He Ke BUMII!
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Ha Ttue 360pou on yydypiurara, moBepya CHPOMAauo M OTHIION Kaj HapoT Of
Yy4qypIUTUTE, U jaKO TO MPEUEKas [apo CHPOMaKo, K0a ro BH/EI CO Uydypiiurara B pare.
Ortkoa ce pa3dpa napoT 3a Kepka CH OTH ja BaTHJI CHPOMAanO BO 3UjaH M MaK HE Ce CTOPHI
Kaui Jia My ja OTerna, H3Bau/I ApOT eHa Mpayka U My ja Jall Ha CHPOMAHO.

— Ha, mpujaresne, oBaa mpauka — My peKoJ — U IITO Ke TH Tpeda, yIpu co Hea
Ha3eMH M Pedu ,,J]a MU JI0j11 Toa ¥ OHa M BeJ(HAI K€ TH JI0jIH.”

Ja 3en cupomMano npavkara v My ja Iaj qyyqypiamrrara Ha mapot. OJiejKku mo natot u
My TEKHAJIO Jla TI0CaKa HeIlITO | Jia YAPH CO Mpadykara 3a J1a BUJIU Jajid BUCTHHA Ke OUIH
Toa HewTo. EqHO yapyame, 1 My U3JIEII0 Toa IITO caKall.

— Xa, Majue, IypH cera apo ke ro BUKaM Ha TOCTH — CH PEKOJI caM co cebe —
CO OBaa mpayka IITo ja 100uB!

CH OTHIIION I0Ma U YIPHII CO TIPauKaTa Ha3eMHU U My Ce IPECTaBUIIO ce IITO Oertie
nocakai. Kora Buze »kenara My, Ha 4y/o Oelle cTaHaja U To Hpariaia of Kaj ja go0mn
Taa npadka. Toj My Kakall co peil Kako Oerre ja 1001, ¥ O] TOj A€H BeKe IMOYHA Jia ce
oborarya. Ce mTo a My motpebarie, ke yApel co Ipadkara Ha3eMH, U BEJHAII Ke My ce
MpecTaBelle npe HUB.

ITomunano nexoe BpPEMCEC, U OTKOA C€ BUAC BO Taa Y6aI/IHa, rmoeakas Jia ro BUKa apo
Ha rocTtu.

— JXeHo — je pekost Ha KeHaTa CH — jac CyM CTOPHJI HHET J]a TO BUKaM LapoT Ha
TOCTH 3a J]a BUJIU U J1a CE€ BUYTOBU/IH.

— Mope, cenu cu Mazapy, Ope Maxxy — My pekjia — He TH Tpeba [1a ro BHKAII
LApOT, OTH Ke TH 3aBUJY HA TOA IITO UMAIl U MOXKH HEKOE 3JI0 Jla TH JOHECH, U TIOCTIC
MUIIMaH J1a OW ML

— E, Tonky 3HauII TH — je peKos — IapoT MEHE 3UjaH K€ MU CTOPEJT, U TOA IITO
He 6umo, ga oumy!
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He nocnymryajku cupomano skeHata cH, IO KaHWII [1ap0o Ha TOCTH eJHa Bedep.
Ilapo Ha uyymo Oerie CTaHAN CO TOj CHPOMAaB 3a OIITO Jia TO KaHH, OMJICjKUM je MHOTY
cupomaB. Ha ceTo Toa, 1apo cu 3ei cBoja Bedepa M My OTHIION Kaj CHPOMauo Ha TOCTH,
caMo M caMo Jia He My CKpILIM aT’poT Ha €JIeH paja CBOj, TPH CE€ IITO € CHPOMAB.

— To mpeuekan cupoMamo O ce cple ¥ ro Kypaucan B ofaja aa cemu. Jlag-
Mmyaber, nad-mMyabeT CHpOMaro mpaei co Hapo mTo 6aeru BpeMe MOMHHAIIO, TIyPU U My
ce MpHjaio Ha apoT U My 3a0enexal 3a Ja CTaBHT Jja BeUepaar, OTH My Ce jaJIelo.

— Ileku, 4eCTUTH 11ape — My PEKOJI — cera Ke CTaBaM U CHYKO € rotoo. JKeHo
MOpH, ja [0Jiaj MU Ipavkata — je PeKoJI Ha JKeHaTa — U aj/ie Ja ce CTaBM Beuepara.

My nopiana xeHara My 1pavkara, U TOj yApPHJI Ha3eMH, OTKOA PEKOJI /1a CE CTaBH OT
cuTe ybaumbe, IMTO U y apoT He Oelie ‘U uMalo.

Koa Geriie BHET 1apoT TOA 4yj0, CH peKon cam Bo cebe: ,,llITto Gemre oBa uyao
roJeMo IITO UMall OBOj CHPOMaB, oBaa mpayka! Ja ja KnaBaMm B paka ja Ipyro dape He
oumya!”

Taka mucnejkuM cu Bo cebe 11apo, BUKHAI €/ICH O] 40aJapUTe CBOj M IO HaTepas
Jla T0jAM HAJBOP, Ta Jia HajAU C/HA TPayKa MCTa KAKO Taa M CO HEKOj MapuBET Ja My ja
MEHHUT Ha CHPOMAaHOT U 1a MY ja 3eMHT [apoT. JJoHeCcom 40a1apoT Ipyra mpadka u co ycyi
MY ja MEHIJI, Ta MY ja YKpaJ Heroara, ¥ 0TKOa MoCeI0a yIITe MajKy, CH OIION [apo JOMa.

3e1 mpaukaTa CMpOMano yTPOTO U YAPUIT HA3eMH 3a JIa My H3JIE3HT HEIITO IITO My
Tpebano. Yapua eaHalll, HeMano Ja U3Je31 HEellTo, YAPHII ABAK, TPHK, HEMAaJO HHUIITO.

— Od, MopH TOMaKHHKO — je PEKOJ Ha JKeHAaTa CH — MpayKaTa He Me CIyIla,
mTo Ou 0Boj an?

— Ejau nomakuHe, aMu Koa TH BEIICB jac Jia He ro BHKAII 1[apotT Ha roctu! Ete
LITO TH CTOPH LIAPOT, ja, TPUM Kaj 1Iapo Jia My ja cakall, Jja OeJIKH Ke TH ja AauT.

Otpyain cupoMano Kaj I[apo U My ja TocakKal mpaykara.
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— ,,3aT0a M¢ BUKHA HA TOCTH — MY PEKOJI L[apOT — 3a apaMuja jJa Me M3BauiI?
Kpru cu miaa, Marape, HajJBOp, OTH cera Ke Te KJlaaM BO BaJlaka, a T¢ Oujam 1o Ho3e!

Koa uyin Tne 360pou cupoMaro of Iapo, ce YILIAIIMI U HOTa 3@ HOTa CH OTHILOJ
noma. ETe Tn ro mak cupomas, cTpajieH 3a eaHa kopka yed.- Koa ce Buae crpajeH, My
TEKHAJIO Jia MOjAN Kaj LAapoT Ha 4y4dypiMIUTe, Ja My C€ MOJH Ja My JajT HEILITO 3a
xuBeere. OTHBAjKKM TaMO, CBUKAIl HA BpaTaTa, M M3JIerojl [apoT Ha YyqypIHrHTe.

— HIto nma Hemrro, Ope npujaree — ro mpamail — HITO BUKAII 0 MeHe?

— HpI/I JKHUBOTTa TBOja, YCCTUTH Lape, HEMa HUIITO, I/IJ'Ija mnmpavykara mTo MU ja
Jaac TH — MU ja YKpaae 1mapo, koa ro BUKaB Ha IoCcTH, U cera CyM Ha rojieMa Maka, Te
MoOJIaM, Y€CTUTU Lape, ako HE MU Jaulll HEIITO APYTro 3a Aa CU JKUBCaM MAJIKy nopaaT‘?

—E, aj ke TH 1aaM eTHO MarapeHIie, CO HEro Jia CH HOCHIII IPBA U CEKOE Iy TTHYahe
CO CTAaIYeTo Kaj ra3o, ce ke TH CepH 10 €/ICH aNnTaH, U €T¢ TH KHBOT JICCCH /14 CH JKHBCHIIL.
T'o 3em mMarapeTo ¥ OTKoa My MOOIAromapui, CH JOLION J0Ma, U CeKoe OylHyame CO
CTam4yeTo OKOIy ra3o, Ce MO eCH anTaH My cepeiie. M Taka CHpOMano Mak CH Hajle
KOJIajo 13 CH

JKHMBEU paat 3a 10 HCKOC BpEME.

I'o qymHa rpeo enHaim, ke ro HOCH MarapeTo Ha Ias3ap 3a Jia ro koa. JKeHara my He
ro MyIITajla, apHO ama TOj He ja MOCIyIIal U OTHILIOIN Ha Ja3ap, Ta KOHAWCAI Kaj HEKOj
anyuja 1 Hanoar. Co MpBO Clleryame Ol Marape, o BUKHaJI HAJIOATHHO Jla My TO Koa, U
OTKOTa My T0 K0, T0 JAYITHAJI Marapeto OKOJIy I'a30 U My MOCTPAJIO €/IeH aJTaH, CH T'o 3ell
0/I3€MH, Ta My TO JIaJl Ha HaJOATHHO 3a KOAmEeTOo Jla CH 3alpH U Kycypo ja My BpaTth. Koa
BHUJIEJ TOA HEIITO HAJIOATHHO, Cplie OEllIe To BATHIIO 33 TOa Marape Jia My To KJIAUT B paka.
Ortkoa Oerre ce HaIIaTHIE, CH IO Bp3aj CUPOMaKno Marapero B aH, My Jiajl Tpoa CEHO Jia
jaJu, ¥ TOj TPrHAJI MO YapIiuja ja CU KyIya IITo My Tpeba 3a Joma.

Tamam Hamon BpEMEC Haj0aTHHO 3a Ja MYy IO MEHU MarapeTo Co ¢IHO MPUINYHO
Ha Herooto BiakHO. OTkoa cu CBpLINJI pa60Ta, CUpOMANO CU OTHULIOI JoMa. Enno ro
BHUCJIa )KECHATa My MarapeTo, v ro rnmo3Hajia OTu HE jeT TOAa.

— Mope nomakune Ope — My pekiia Kako yIUIallleHa — aMHd Marapeto TH ©
MeHeTo, Ope!
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— Kako Mu e MeHETO — je peKos — 14 MOKH Toa Jja ouan! Ja uekaj 1a ro gymHam
OKOJIy r'a30, 11a /]a BUUIIL, )KCHO, OTH K€ MU ITOCEPH aJITaH.

Koa ro mpymnan, Hu anraH, Opare, My noctpa, HU TH 11a jienemka! OTkoa ro aymHan
MHOT'Y TIaTH, C€ YBEPWJI OTH HE €T T0a Marape, 1 My OTHIIION Kaj HaJ0aTHHO Ja My IO caka,
apHO aMa HU Marape 3e/ie, aMH YIITe KOTeK Oellle TH jaJl 0]l HAIOaTHHO U CH JIOIIOJ JoMa
ITAYCjKH.

Cene HeKoe BpeMe, IITO CElIe, U MK MY IMOjAe Kaj apoT O UydypJIUTHTE Aa ro
monu. CKIlyKa, CBHKa Ha MOPTATa OJ1 IIaPOT, U IHO 4y, APOT H3JIEro Ja BUH KOj €.

— ITak ™1 MU 110j /1€, IpHjaTEIIc — MY PEKOJI — aup abep, IITO MaKa UMaIll HerTo?

— Tonema maxa nmamM, 4€CTUTHU, Hap€ — MY PCKOJ — OTHUJOB Ha Masap Ja CU
TO0 KOaM Marape€HueTro, 1 MU ro MCHU Haﬂ6aTI/IHO, CTpaZCH CyM cC€ra 3a J'ICG, Te MoJ1aM,
YCCTUTHU 1ape, MakK ga MU Jaulll HCHITO 3a Ja )KMBE€aM Iopaar.

— E, HemaM Jpyro mITo Ja T JaaM, pHjaTesie, o KOJIKY OBOj TOIMY3 IITO Ke TH
ro maam My pekoi. — [lojau My Kaj apo ¥ yApH ro TOIy30 Ha3eMH CHIIHO, Ke M3Je3aT
O]l HETO TpojIia

Apanu, MHOTY CTpPAIIIHK U K€ TH cakaaT 3alloBe/ [IITO JIa [IPAaart, U TH 3al0Be/aj My
Jla TO BaTar [apoT U Jia My ja cakaar mpadkara. Jlypu 1a He TH ja TauT, a He TO MyIITAaIll.
[Mocrne mojau My Kaj HalnGaTHHO M OJT HETO 3eMH CH MarapeHIIeTO U Oj CH I0Ma, [a YIITe
eITHAIII JIa CC HE JIAXKHII 3a J1a CTPaIalll.

I'o rpabHas TOMy30T CHPOMANO U MY OTHIIION Kaj IIaPOT, TO YAPHUI TOMY30T O3EMH,
U u3nerne Tpu Apanu u ro rpabHaie napoT aa ro mMadar. Ha ctpao 3ropa mapot my ja aan
mpaykara u ce Kyprymaucan, OTTyKa My OIION Kaj HATOATHHO ¥ HEMY MY TO 3€J1 Marapero,
M €BE TH TO CHPOMAaHO C€ CTOPH Mak modorar of 1apor.

KOTA CAKAA M JKEHUTE JA BUJAT BO IIAPIIKH MACJIAAT, KAKO
LITO CE U MAYKUTE

Bo CTapo BpEME BO HeKOja HnapmTrruHa 3aBUACJI€ KCHUTC O TOJIEMIUTE,
noaaynHaTtv o camara napuna, na Jaar ¢JICH ap30al Ha 1apo Ja €€ KjiaaT U KCHUTC Ha
Hapuku Macjiaar, U TUC Ja IMmoBejiaaT Hapoao, Ja ounar caapnja3aMI/1, Imamiu, KajMaKaMI/I,
Kaauy U 1ITO UMa JPYyTro 1mTOo UMaaT MaXUTE Mpao, U KECHUTE J1a I'0 UMaar. C061/Ipaj1'<1/1
apunara oA CUTC roJICMIIU JKCHUTC, OTBOpI/Ija CACH KCHIIKX MC3JIMY Aa caKaaT Toa Impao
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IITO TO UMAaT U MaxkuTe. Tek, YnQT, eHa eHO PEeKIIa, Apyra JPyro, JyPH JOILLIE CUTE BO
efieH 300p U Hampauiie eIeH ap30al, Ta ro Jaje Ha [[apo Ja My cakaar IpaoTo.

EnHo ro 3¢ ap30a10T ¥ €AHO To [eal, ce HacMeall Ha NIYIaBIITHHATA Off )KCHHTE.
Ce cobpas ME3IMYOT U My IO Ieall L[apo ap30ao Of )KCHHUTE, MITO Io JaJie Ja caKaar
paoTo.

— Ee, Me3nuu-anaapu, TO BEJIUTE HA OBOj KCHIIKHA ap30ajl, KAaKOB Kapap Ja My
naume?

Koa 4yn Me3muuoT ap30aio IITO MHIIyalo, U 300p0 O 1apo, ce MO3aMHUCIHIe
MaJlie ¥ TOYHANe /1a CH J]aBa CEKOj KOMY Kako My Bakai ymo. EneH My pekon aa My ce
Jlau TIPaoToO Ha )KEHUTE, YYHKH camara I[apuila Toa HeIlITOo To cakasa; APYr PEKOJ a My
ce TaWT, aMa He TOKMO CO MaKHUTE, aMH TTOMAJIIIe; TPEKHO PEKOJ Jla He My Ce Jiaa Mmpao
Ha JKEHHTE Jia MOBEJaart, YyIlll Ke My Ce 3aTBOpHie Kykute. VM Taka CHO Me3JIHd Kapap
HajJIe a My C€ JaUT Ha )KCHUTE MPA0TO, YYHKH TOA HEIIITO CaKaia U camara IapHiia U He
Tpebaio at’po Ja je ce u3iesu.

Ortkoa My ja 3€JI MUCJIaTa HapoT O ME3JINY0, MYy PCKOJI:

— ApHO MYHACHIT BUE HajI0BTE, ME3/THY-aIaapH, 3a )KEHUTE Ja OUIaT Ha [apIKu
Maciaar, Kako IITO CTe U BHE, apHO aMa MEHE HEe MU Baka yMO Jla MOXKaT THE Ja TOKperar
apcTo. 3a 1a Be yBepaM OTH XKEHUTE HE ce Jia TIOBENaar [apcto, aMu Ja TIOBeaar 4emaj
U Kyka (3a Taka [ocrmo ‘W Hagapwi, IpHjaTeld MoOj), €Be MITO CyM HM3MHCIHWI jac: 1a
HaIpaaM eJlcH MapMBET HA JKEHUTE HAIIH, Ta JIa Ce 0CTAAT O] Taa CeBJia ITo ja umar. Ke
My Hampaam eJICH CaHJIaK MHOT'Y YOaB M BO CAHIAKOT Ke 3aTBOpaM e/icH 0yJb0yJb, Ta ke My
ro JauMe, Kaj [ITO ce coOpaHH, JIa ro APJKaT Mpel HUB, U4 J]a He O OTBOpaT. AKO 0Tpaar
TPY JIHU J]a HE TO OTBOPAT, MyTJIaK K& My JlaaM ¥ HUM clI000/1a Ja OuIar rojieMu U THE
KaKo Bac; a MaK ako 0 OTBOPAT ¥ o UCITyIITaT OyJh0yJbOT, HeMa Jia My JaaM mpaBuHa. He
BEpyaM jac Jia OTpaar HAIUTE KEHHU U KOj Jia Ce APY3H, JIa HE OTBOPAT, UyHKHU JKEHUTE CB
kepku ox 6aba EBa, mro He monpika boxjara 3amoses kora ja kiaje Bo pajo. Ete ox Toa
rmoeke jac Bepyam, 3aIiTo KEHUTE HE MOXKAT Jia PYKAT HEIITO HITO je CKPHUIIIHO.

Ha Toa 3ropa me3iu4o My 0f00pH TOa HEIITO Ha I[apo H I1apo Ha 4aco Hapadal
elICH CaHJaK MHOTY y0aB Ja My HampaaTt, U 3aTBOpWI eleH Oy/r0ysb HATpe, Ta My To
MIPATHII CO €JICH TOJIEM YOEK Ha )KEHHUTE U MY KaXkasl KaKo Jla UM PEUr YOEKO.
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— 3amoBe/ajTe BUE, XKEHU, OBOj KOBUCT O] [IAPO CO BEPMAHO IITO Ke OMIHUTE U
BHE KaKO IITO CE MAXKKTE; aMa JI0 TPH JTHH J1a HE TO OTBapaTe U BEPMaHO Jia He To 3eMare;
Ha TPEKHO JICH Jia TO OTBOPUTE H, IITO K& BU BEIM BEPMAHO, TOA [ia TIPauTe u jJa GuauTe.

Taka My PeKosl 4OCKO Ha KEHHUTE U My TO OCTaWJI CaAHIAaKO MPE/ HUB M CH OIIOJ.
Koa BH10a )KeHHTE CaHIaKO U Yyja 300pOHUTE OJ1 [Iapo, ToJieMa pagoc CTopHUja 3a1eKa 1apo
Ke MM JIauT BEpMaH 3a U THE Jia OM/IaT roJieMH IapIKK JIyFe Kako MITO CE MAXHUTE.

— E, e, BunoBre, MOpH cecTpuLd, KOa BH BEJEB jac, OTH Tpeda Ja JauMe efieH
ap30all Ha L[apo, Ja HU JauT U HaM Ipao, Kako U Ha MaxxuTe mTo My nan? Ete xaxo
JOOMBMeE M HHE ITPao ¥ ja OuauMe U Hue Ha 1apuku Maciaar! Ete mto pekie crapu: Ako
TUTauy JISTETO, K& My JauT Majka My OOCKa; a ako He IUIaud — HE MY JlaBa U TPH JIHH U
TPH HOKHM J]a HE 10ocaKa.

— BucTrHa Taka je, 4eCTHTa IapHIle — j¢ PEeKIe JPY3UTe — aKO HE IUIaYUT
JICTETO, HEeMa MajKa My Jia My Jiau Jia [uia. ApHO je ImTO JO0OMBME BEpPMaH, YCCTUTA
LApHUIIe; aMH KOj K€ Tpau JI0 TPH JIHU Ja TO U3BauME O CAHIAKOB U TOTaj Jia To rmeume?
Aj ako je kaOw1, yecrara napuiie, Jia ro OTBOPHME CaHJIAKO U CaMo Jia O BUJIUME 3J1aTHUO
BEpPMaH U Jla HE TO TICHME.

— qI/IHI/I, CCCTpUIM — MY PCKJIa apuiara — Jia ro BUuMe, ama Jia HE 1o neume,
OTU HC YUHU Jia HC TTOCIyIIaMe O Hapo 3allOBECTa IITO HU 3arioBEAal.

Ha Ttoa 3ropa ro OTBOpuja Karako mapumaara o caHJ1aKo! Tyxy, KOa BHJ10a TOa
HELITO, OCTaHaa CO 3UWHATH YCTHU Ia CC Yyda LITO ‘W HAIILIO.

— Jlenex, MOpH CECTPB/H, INTO TPEMICa CTOPUBME,0yYIb0YIHO IO HCIYIITHBME,
ITO OHII KJTaCH BO CaHIAKO OJ1 [[apo, HEMAaJIo BepMaH aMu 0yJb0yJb HMalo, aMH cera Kao
Jia mpanme? — My peKJia apurara.

— Kao ke mpaume? [ypu je 6pro, na Kynmume eficH OyJb0yJb U Ja TO 3aTBOPUME BO
CaH/JaKo, Ta HU JIYK CH jaJI, HU JIyK C MUpHcaj. ETe Taka qa Harmpanme, 4eCTUTA [APHIIE
— je pekie Apy3uTe.

W Gpro-6pro mparuiie na Kymar eieH OyJb0ysb; apHO, TYKy IypH Jla Kymar Jpyr
Oysp0yJb ‘M OacTHCaN €JICH NAPIKKU YOCK M HE MOIJIC Jla JJoHecar APYT OyJb0ysb, U My IO
HAIIIOJ CAHaKO MPAa3eH, Ta ‘M 3€]1 M ‘U OJHECOJ MPEJ AP0 U MPe ME3JIHYO.
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— Ej, yectura 1apuie ¥ BUe CUTE MAlIMIU — UM PEKOJ 1apo — Jajln OJIKya
BU j€ BalIETO LAPIKO MOCIyIIaHKWe, IITO BU HapayaB Jia He TO OTBOpare CaHJAKo 3a JI0
Tpu nuu?! Jlanm Baka Ke KpenuTe HaplKUTe CKPUITHN pabOTH IITO Ke BU MJAT Koa Ke ce
CTOpHTE CajJpHujazaMu M JPY3W IApUKU rojeMiu? Bue HUTH elieH JeH He JOKpPeroure
enHa KpulIHa pabora, aMM Kako ke kpenure co romume? Ete kako He pexon [ocro
Jla Oujar »KeHWTe caJpuja3aMu M IPYTH IVIaBaTapyd Ha €IHO LapcTo ja, amu [ocmo —
criosiaj My! — cu Hapeau pabdoTara co pell Aa My OJM: MaKUTE ‘M HapeIwl 3a apeu u
TIaIly, a )KEHUTE ‘U HapeAws1 aa Oujar JOMakWuHKH Ja IVIefaar Kyka M Ja Iie/aar yenas,
a He Ja OujaT caapuja3aMKy U HE 3HaM IITO. Aj cera OjTe CH, K0ja Ol Kaj CTe JOILIC, U
Oujere JOMAakWHKH, a HE CaJpHja3aMHIM, U OCTajTe HE HAaM MaKUTE Jla C& MauuMe CO
LApIITHHATA, ¥ KOa Ke JI0jA1 HeKoja HyXk/a, 1a CU TypaMe KpBTa; a I1aK BHE J1a CH CEIUTe
paar noma.

Kora uyja Te 300pou *eHHTe 0] IapOT, CH HaBe0a IVIauTe M CH OTHJI0a I10 JoMa
Jla cu Oujar TOMakMHKU U JieH-IeHecka. OIITo MHOTY Tpelirja u ce ycTpamuja, He UM
TEKHa YIITE €JHAIl JIa Tocakaar ja Oujiar cajapuja3aMKy U APYro HHUIITO.

Koa Br10a ME3IMYO0T TOj MApUBET O] LIAPO, IITO OEIlle My IO HAPAUIT Ha )KEHUTE,
Oca ce 3auy/auiie U Toraj Aypu 0ea moBepyase OTH KCHUTE HE CE IITO Jla IPKaT CKPUIITHH
HAPIKH U JOMAKMHIIKH PabOTH.

BucruHa je 3a Bepyame 300p0 IITO IO peKJIe CTapH 3a XKEHUTE OTH C€; JOITOKOCH,
KpaTKOyMHHU.




