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AHOTANIS
[Is1 poboTa KEMOHCTPYE OCHOBHI €Taly CTBOPEHHS MOIIYKOBOI'O CEPBICY IS
BaKaHCIM 13 BUKOPUCTAHHSIM METOJIIB OOpOOKH MPUPOTHOTO MOBJIEHHsS. OmucaHO
ONTUMI3alllI0 HAasSBHUX METOMAIB CTPYKTYpyBaHHS BakaHCIi Ta MOOYJIOBY Mo

HaBYaHHJA 3 BUUTCIICM, AKY IIPCIACTABIICHO AK peaﬂi3aui}0 CCMAHTUYHOTI'O IIOIIYKY.



INTRODUCTION

Natural language processing (hereinafter - NLP) is a growing topic today, it
became a highly useful tool in the rise of Al-driven products. Currently, the rapid
growth of research in this area continues, however, a small amount of the works in the
Ukrainian language is presented.

Vacancies became a subject of study due to being highly unstructured
information. There is no product on the Ukrainian market that would decompose a
vacancy in logical parts and work with unstructured user input in this area.

The goal was to create a search engine for vacancies written in the Ukrainian
language, using NLP techniques to structure given information.

In order to optimize developed methods for structuring information from
vacancies that were written in natural Ukrainian language, Al tools were used such as
a question-answering model, and additional rule-based approaches were introduced.

This work describes performed frequency analysis, the results of which were
used as a base for optimization of developed methods — defining main shortfalls,
lacking details and providing various solutions to get the data represented in different
ways in raw texts (for example salaries).

The main stages of development and design of the resulting product are shown,
especially building a ML model — labeling the data, splitting the dataset, building and
training the classifier.

In contemplation of demonstration of the results of this work, additional
competitive analysis was performed which compared the developed engine with the

existing most popular job search engines on the Ukrainian market.



1. BRIEF OVERVIEW OF NATURAL LANGUAGE PROCESSING

1.1 NLP: GENERAL OVERVIEW
Natural language processing (NLP) is a field of artificial intelligence in which
computers analyze, and derive meaning from human language. The main aim is to

extract needed information by implementing different methods.

Whereas computational linguistics has language as primary focus of study, using
the advantage of computational methods, NLP, on the contrary, is targeted at designing

algorithms that process human language.[1]

Natural language processing is used for quite range of tasks: machine translation,
machine learning, data mining, expert system, information retrieval and etc.[5] NLP
methods are popular not only among data companies, such as Infinia ML, DataRoot
Labs or inData Labs, but also some of the FAANG giants. It is widely used in sales

and marketing industries.[3, 4]

1.2. APPLICATION OF NLP IN SEARCH ENGINES

Nowadays, traditional search engine has various weaknesses when it comes to
users’ needs. Many different types of search engines exist, but the type this work is
focused on is the robot search engine type, for the example Google. The main idea of
such a search engine is to work with the user’s query, matching the index information

with the database and returning that as the result.

The application of NLP techniques in search engines happens when the search
engine becomes semantic-based. The main objective of semantic-based search is

understanding the context of the query and the goals behind it, which puts



understanding of the topic in a perspective of the user, returning results that are more

relevant.[5]



2. ANALYSIS
2.1. FREQUENCY ANALYSIS
In order to define which methods to be additionally developed, frequency
analysis was performed. The sources were diversified: work.ua, robota.ua and
jooble.org[9] were chosen as being one of the most popular websites for job seeking in
Ukraine.
A total dataset of 1000 vacancies was created. To accurately define methods,

analysis was broken down into 4 parts: (I;)

. lemmatization, no conjunctions;
« lemmatization, conjunctions;
« no lemmatization, conjunctions;

« Nno lemmatization, no conjunctions.

As such words as “runs”, “running”, “ran” are different for the algorithm, only
humans are able to spot the difference. To avoid the appearance of the same word in
different forms and to prevent them from gathering in different groups and delivering

misleading results, lemmatization is a critical step in this process.

All the texts were processed: not lemmatized, then lemmatized, keeping
conjunctions and then getting rid of them, put into one file to check the density of
different words. The density was checked by one, two and three words (see Appendix
A). Based on this analysis, the assumption of correct method definition was confirmed

empirically.

2.2. COMPETITIVE ANALYSIS OF THE STRENGTHS AND LIMITATIONS OF
EXISTING JOB SEARCH ENGINES

For competitive analysis the following job search engines were chosen: work.ua,
robota.ua, jooble.org, job.ua, being one of the most popular ones. See the comparison

table below based on some of the features.



) Delivering
Taking Context of user
) structured ) _
Searching by tag | unstructured input taken into
) summary based ) )
user input consideration
on vacancy

sector, salary,
Work.ua | experience,
employment type

salary,
employment
type, PWD,

sector

Robota.ua

location,

experience,
Jooble.org | sajary

employment type

Jobs.ua

Table 1: Competitive analysis 1

Based on the table above one of the common strength among chosen job search
engines is searching by tag, meanwhile, context of user input is not taken into
consideration by all engines, and delivering structured summary based on vacancy also
falls behind. Important to mention that to develop the last two features, NLP
methodologies should be implemented.

Meanwhile, some search engines somewhat succeeded in taking unstructured
user input, but it was exclusively done by matching key words, not working with the

context.

10




All things considered, existing search engines are mainly built on seeking
matches, which is a strength, but not understanding the context, which is a limitation.
Based on this information it is derived that NLP methodologies are not well

implemented in the Ukrainian job search engines. (See Appendix B, which provides
reasoning for the table above).
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3. DESIGN AND DEVELOPMENT

3.1 NLP TECHNIQUES USED IN THE SEARCH ENGINE
1) Tokenization

As tokens are the building blocks of the natural language, the most common way
of processing the raw text happens at the token level. Receiving a string, every
component of this string it is split, and all those components are called tokens.

One of the major issues with word tokens is dealing with Out Of Vocabulary
(OOV) words. New words do not exist in the vocabulary. Hence, these methods fail in

handling OOV words. (See Figure 1 that visualizes tokenization).

Tokenization

sleep is her favorite thing

!

@ (hep favorite (thing

Figure 1: Visual representation of tokenization

2) Lemmatization

In lemmatization, the dictionary form of the given word is called lemma.
Lemmatization considers the context and converts the word to its meaningful base
form.

Comparing to stemming, where the suffix of the word is stripped, lemmatization
IS more complex, and thus, gives results that are more precise.[2] (See Figure 2 below

that showcases the difference between lemmatization and stemming).

12



Lemmatization Stemming

Influenced Influenced

Influence \ Influence k
\Inﬂuence — Influenc

Influencing 7 Influencing /

Influences Influences

Figure 2: demonstrating difference between lemmatization and stemming

3) Part of speech tagging (POS)
This method identifies syntactic role of word in a sentence, its morphological

features. Depending on the context — the label differs.[1] (See Figure 3 below).

verb noun

sleep 1s her favorite thing

noun

Figure 3: example of POS tagging

In pursuance of performing all of the above methods, the pipeline UDPipe[10]

was used, as it contains the Ukrainian language model.

3.2. OPTIMIZATION OF DEVELOPED METHODS
As the previous work’s[8] methods were mainly targeted at seeking a match in
the text, first stage of development was the optimization of those methods, which are:

location, salary, hard skills, soft skills, experience, and employment type.

To optimize location and salary methods question-answering model was used as

a part of rule-based approach (see “Listing 1" as the example code)[7].

API_URL = "https://api-inference.huggingface.co/models/robinhad/ukrainian-ga"
headers = {"Authorization": f*Bearer {'hf_QvYDNgEXoydIAEzAJY KFpluQoclggYsOHw'}"}

13



def query(payload):
response = requests.post(AP1_URL, headers=headers, json=payload)
return response.json()
print(response)

output = query({
"Inputs™: {
"question": "fke wmicto?",
"context™: string_cont
2
by,

Listing 1

For upscaling methods of hard and soft skills, the corresponding dictionaries

were expanded.

3.3. BUILDING ML MODEL
For building a model, supervised learning approach was chosen as a more

reliable than an unsupervised one, as it is controlled by a developer.

First step was to create a semantic markup. The whole dataset was split into 3
groups: students, people with disabilities, and professionals (senior level workers). See
the evaluation criteria (markers) for each group in the table below. The decision to split
the dataset in those groups was made as they are distinct, and more factors of difference
can be used in order to define to which class a certain vacancy belongs to. For the
example, as students have 1 year to no experience, the chance that it will be classified
as a vacancy for a professional is low, as professionals usually have from 5 years of

experience in their field.

Group Students PWD Professionals
Marker

Experience 0 -1 years 1+ 5+ years

14



Flexible, Flexible, _
Employment type ) _ Full-time
part-time full-time
Location Remote, on-site | Remote, on-site On-site
Compensation $-%% $- 583 $$ - $$$

Table 2: Semantic Markup

Based on the criteria above, the dataset was manually labeled. After labeling the
data, next step was splitting, where 80% of the dataset was a training set and 20% —
testing set. Dataset items were distributed randomly to each set. To develop the model

(hereinafter classifier) primarily sklearn package was used [3] (See Listing 2 below).

In order to train classifier, CountVectorizer (sklearn package) was used to
represent text documents as vectors. Once vacancies were represented as vectors, the

classifier with the use of Naive Bayes Classifier technique was trained (Listing 2).

def data_split(docs):
def train_classifier(data_set):
X_train, X _test, y train, y_test = data_split(data_set)

vectorize_vacs = CountVectorizer()
dtm = vectorize_vacs.fit_transform(X_train)

naive_bayes_classifier = MultinomialNB().fit(dtm, y_train)

Listing 2

Naive Bayes Classifiers use conditional probability of features, to define
whether the item belongs to the class. Obviously, at the core of Naive Bayes Classifier
lies the Bayes theorem, which follows [4]:

P(c;))P(D | ¢;)

PG ID) = — 500

15



where
e P(cj) —appearing probability of class “j”;
e P(D) —document to be classified, not equal to O;

(1354

e P(D | ¢j) — probability of document “D” falling into class “j”.

To save and use classifier for future purposes, the pickle package was used (Listing

3).[6]

model_name = 'mlsuper_model.pkl'
pickle.dump(naive_bayes_classifier, open(model_name, ‘whb"))
vacs_vect_name = 'vacs_vectorized.pkl'

pickle.dump(vectorize_vacs, open(vacs_vect_name, ‘'wh'))

Listing 3

3.4. EVALUATION AND TESTING
For the purpose of testing effectiveness, thousand vacancies were used. The

percentage of effectiveness of each method was evaluated with the following formula:

successful output

ef fectiveness = -
2 total number of vacancies

See the table below, which demonstrates the effectiveness of each method:

Location 98%

Hard skills 95%

Experience | 98%

Salary 85%

16



Employment

type

100%

Soft skills 98%

Table 3: Methods effectiveness distribution

To evaluate the ML model, the following method was used:

def evaluate_classifier(name, classifier, vectorizer, X _test, y_test):
X_test_tfidf = vectorizer.transform(X_test)
y_pred = classifier.predict(X_test _tfidf)

precision = precision_score(y_test, y_pred, average="weighted")
recall = recall_score(y_test, y_pred, average="weighted’)
f1 =f1_score(y_test, y_pred, average='weighted")

print("%s\t%f\t%f\t%f\n" % (name, precision, recall, f1))

Listing 4

The performance measures above were calculated based on the following

formulas:
Precisi B TPP
recision = TPP T FPP’
Recall TPP
¢CA = Thp ¥ FNP
Fl = Precision * Recall
" Precision + Recall
where:

e TPP — True Positive Prediction
Represents the number of correctly classified vacancies to the class they belong;

e FPP — False Positive Prediction

17



Represents the number of incorrectly classified vacancies that belong to the
class;

e FNP — False Negative Prediction
Represents the number of incorrectly classified vacancies due to not belonging

to any class.

The results of the classifier evaluation are illustrated on the Figure 5 (see below).

The model developed reached a meaningful accuracy of 79%.

Naive Bayes TRAIN 0.885233 0.881579 0.876440

Naive Bayes TEST 0.794770 0.807018 0.792141

Figure 5: left to right: precision, recall, F1
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4. FINAL PRODUCT

4.1 COMPARISON WITH THE EXISTING JOB SEARCH ENGINES

As a part of this work, another task was upscaling the existing job search

engines’ methodologies that are present on the Ukrainian market.

Searching by
tag

Work.ua

sector,
salary,
experience,

employment
type

Robota.ua

salary,
employment
type, PWD,

sector

Jooble.org

Jobs.ua

NLP based

search engine

location,
experience,
salary,

employment

type

Salary,
location,
employment

type, hard

Taking
unstructured

user input

yes

Delivering
structured
summary based

on vacancy

yes

Context of user
input taken into an

account

yes

19




skills, soft
skills

Table 4: Competitive analysis 2

The following criteria were satisfied with the optimized methods: searching by
tag, delivering structured summary based on vacancy. Whereas the model established

was used for understanding users’ context. See Appendix C for visual representation.

4.2 ANALYSIS OF STRENGTHS AND LIMITATIONS

Advantages of the developed search engine are delivering structured abstract of
the given vacancy and the ability to extract needed data, which then is used for tagging
users’ queries.

The model is the major strength, it broadens search opportunities, making the
search engine semantic-based. With the help of that tool, one may place queries, which
are unstructured and written in the natural Ukrainian language.

Limitations in this work are mainly connected with the groups that might be
unrepresented and a small amount of vacancies that belong to narrow fields, such as:
veterinarians, jewelers, etc. For the future development, dataset enlargement is taken

into an account as a solution to resolve those drawbacks.

20



5. CONCLUSIONS AND FURTHER RESEARCH

The goal was to develop a finished product — a job search engine. As a result of
this work, the field of NLP and ML were researched, were performed different types
of analysis: frequency and competitive. Based on the frequency analysis, the vector of
work and optimization of methods were defined. Competitive analysis presented the
scope of work that was yet to be covered in the development of job search engine using
NLP.

To implement semantic-based approach to the job search engine, the supervised
learning method was chosen. Naive Bayes Classifier technique was used to build and
train the model.

For further research it is recommended to expand the dataset for increasing
precision of the model and effectiveness of the methods. Concerning the ML model,

other methods should be researched and evaluated.
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Appendix A

Lemmatization, no conjunctions
1 word
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Fig.1: Frequency Analysis: Lemmatization, no conjunctions, by one word.
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Lemmatization, no conjunctions
2 words
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Fig.2: Frequency Analysis: Lemmatization, no conjunctions, by two words.
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Lemmatization, no conjunctions
3 words
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Fig.3: Frequency Analysis: Lemmatization, no conjunctions, by three words.
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Lemmatization, conjunctions
1 word
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Fig.4: Frequency Analysis: Lemmatization, conjunctions, by one word.
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Lemmatization, conjunctions

2 words
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Fig.5: Frequency Analysis: Lemmatization, conjunctions, by two words.
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Lemmatization, conjunctions
3 words
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Fig.6: Frequency Analysis: Lemmatization, conjunctions, by three words.
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No lemmatization, conjunctions
1 word

15%
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Fig.7: Frequency Analysis: No lemmatization, conjunctions, by one word.
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No lemmatization, conjunctions
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Fig.8: Frequency Analysis: No lemmatization, conjunctions, by two words.
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No lemmatization, conjunctions
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Fig.9: Frequency Analysis: No lemmatization, conjunctions, by three words.
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No lemmatization, no conjunctions
1 word

15%
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Fig.10: Frequency Analysis: No lemmatization, no conjunctions, by one word.
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No lemmatization, no conjunctions
2 words
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Fig.11: Frequency Analysis: No lemmatization, no conjunctions, by two words.
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No lemmatization, no conjunctions
3 words
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Fig.12: Frequency Analysis: No lemmatization, no conjunctions, by three words.
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Appendix B

WORK.UA
1) Searching by tag:

WORK .ua

3HanTK BakaHcii Po3amicTuTH pesiome Oleksandra Zolotare: B

Mocaga abo komnaHis Bca Ykpaina

(" Kareropisa )
85133 pakaHci 3a 30 gHiB, 3a gatow = Ccbepa oBcnyrosysakHs
16994
Po6oui cnewjansHocTi,
nyram'ep BUpoBHUUTBO 146071
Mpopax, 3akyniena 12035
30000 rp * 6oHycu,npewii PoanpiGHa Topriens 10624
Cmaprtllion & - ™= - Kuig - 6,6 kM B LEHTPY [oTenbHo-pecTopaHHUii
MoeHa 3aikATICTs. [Joceig po6oTu Big 1 poky. GiaHec, Typuam 5642
Mepexa poaapi6Hoi Toprieni «Cmaptiwon / OTAK» (http://smartshop.com.ua/) Llle
notpebye Byxrantepa 3 kacosoi... »
Q© 36epertn & He nokasysatu & Mapaya Bupa 3ainsATOCTI
MoBHa 52361
. - . HenosHa 9961
BigrykyiTecs, wob sHanT poboTty
® LLlo 6inblie BK BiArykyeTech Ha BakaHcii, TO BULLI BaLLi LWIaHCK
3HaiTK poBoTy. Y cepeHbOMY, LIoG OTPUMAaTI 3anpoLLEHHA 3apnnara
Ha cnisbeciny, Tpeba BiarykHyTUCh Ha 7 BaKaHCiA. .
Ay, Tp ATYKHYT! Bil  Gyob-Aka %
i ao  Gyob-sAka ¥
MpoaaBeLb-KOHCYNETAHT MOGINLHNX
TenedoHiB Ta akcecyapiB He BkasaHa 20174
50000 rpH * % +6oHycu+npemii
Cmaprtllon & - = - Kuig MiaxoanTe
MoBHa 3alHATICTb. gggggﬂaTaM 6es pocsigy
ToprieenbHa mepexa «CmapTwon» http://smartshop.com.ua/ 3anpowye
) Kangupartam 6e3 peatome
Ha poBoTy NpoAaBUS-KOHCYNETAHTa Ans po3apiGHoro. .. > 27958
Q 36epertv & He nokasysaTm 6 apsva CrypeHTtam 14598
IMoasim 3 iHBanigHicTio 55821
i . BerepaHam 3302
mlHaH.CO?MM KOHTponep (BMpOOHMLTBO Ta Qapm@ Mevcionepam 2311
3aKyniBni) . J/

PoawvpeHuii nowwyk
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2) Taking unstructured user input:

cTygeHTKa, 6e3 goceigy poGoTH, WyKalw cTax)

3a BalUMM 3aNMTOM «CTYAeHTKa, 6e3 noceigy po6oTH, WYKaK cTaxyBaHHA»
BaKaHCiil NOKW HeMae.

CnpobyiiTe 3MiHUTK 3anuT abo LyKaTy 3a KaTeropismy >

BakaHcii, nos’si3aHi i3 3anutom «cTyaeHTka, 6es gocsigy poboTu, LWyKao CTaXyBaHHA»

MeHemkep no poboTi 3 KNKYOBUMU
KnieHTamMmn

3a peaynsTatamu cnisecian
Teppa, 000 & - MNepBoMalCLKUIA - 2,3 kM Bif, LEHTPY

MoeHa aaitHATicTs. Jocsig poGoTu Big 1 poky.
CrorogHi komnaxisa « TEPPA» npautoe 6inslie 24 pokis y Linogo6osomy
PeXWMi Ta eKCNOPTYE KPYnW, NnacTisui... >

O 36epertv & He nokasyeatu 4 XB. TOMY

BigrykyiTecs, wo6 3HaiTK poboty

® LLio BinbLue BM BiOryKyeTech Ha BaKaHCii, TO BULLI BaLLi LLAHCK
3HanTK poBoTy. Y cepeaHboMY, W6 OTPpUMaTK 3anpoLUeHHs

Ha cnisBeciny, Tpe6a BiArykHyTHUCL Ha 7 BaKaHCIiA.

MeHempxkep no po6oTi 3 KnieHTamMK1 EaTA
11000 -12 000 rpH - ctaBka+6oHyC
Oararpyn & Volia & - ™= - /I - KuiB - 8,5 km Big ueHTpy

MoBHa 3aAHATICTL. TaKoXK roToBI BAATH CTYOEHTa.
[Naeait sHadomuTUCkE! My rpyna komnaniin « JATATPYMN/BONA» — ogHa
3 HaNBINbLUMX TENeKOMYHIKALIMHUX KoMNaHin... >

Q 36epertv & He nokasyeatu 4 Bigryk 6e3 pesiome 12 xB. TOMY

CneuianicT no po6ori 3 knieHTamu y npoekt  [J]Rgifteisen
"KapTtka ATB Big Paidy"
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3) Delivering structured summary based on vacancy:

MeHekep no poboTi 3 KNKYOBUMMU
KnieHTamu

© 3a peaynsratamu cnisbeciau

B Teppa, 000 &
Xapyoea npomucnosictb; 50-250 cniBpobiTHUKIB

@ MepBomaiicbkui, Bynvua Yuutenbcbka.
2,3 KM Big ueHTpy - Ha mani v

~ TlMoBHa 3aiHsTICTL. [locBig po6oTu Big 1 poky.

« « BakaHci 3apa3 nepernspaiots 2 wykava.
BiarykHiTbCs Ha BakaHcilo, Wob 6yt cepen nepLumx!

Onuc BakaHcii

CoorogHi komnania « TEPPA» npautoe 6inblwe 24 pokie y uinogobosomy
pexuMi Ta eKCnopTye Kpynu, NNacTiBui Ta Kawi WBWAKOro NpUroTysaHHa go 45
KpaiH cBiTY. ACOPTUMEHT NpoayKLUil Hapaxosye binblwe 250 HaimeHyBaHb. Mu
3 eHTy3ia3MoM JONaemMo NepeLukoam i He 3ynMHAEMOCE Ha AOCATHYTOMY Ta
cTaeuMo nepep coboro HoBi aMBiTHI Lini. Came Ans AOCArHEHHS Lined i
3aBAaHb, 3aNPOLLYEMO [0 HALLOT KOMaHAW OPIEHTOBAHOMO Ha peaynsTat
MEHEXEPA NO POBOTI 3 KNKOYOBUMMW KNIEHTAMW.

Po6o4e micue — m. MepBomaickui, Byn. Yuutensceka, 1A.

Ceoemy cniBpo6iTHMKOBI rapaHTyeMo:

o etafinkHy noacTiiHY nafnTyv:

4) Context of user input taken into an account:

po6oTa Ans NIOAWHK 3 iHBanigHicTio| X Bcea Ykpaina

3a BawwMm 3anuToM «poBoTa ANA NAWHK 3 iHBanigHIicTIO» BaKaHCiH NOKK
Hemae.

Cnpobyiite amiHuTK 3anuT abo wWwykatv 3a kateropiamm >

BaxkaHcii, nos'asaHi ia sanutom «pooTta ana NwAWHY 3 iHBaNiAHICTION

MeHemxep no poborti 3 kKnieHTammn BEX

Bex Auto ¢ - ®% - Opeca

Moexa 3aiHaTiCTL. [ocsig po6otv Big 1 poky.
Komnarii «Bex Auto» B nowyky Mexnemxepa no po6oTi 3 knieHtamu! OcHOBHI
06O0B'A3KW: KOHCYMNETYBAHHSA KNIEHTIB... >

O 36epertt & He nokasyearn 45 cex. Tomy

Biarykywrecs, wob 3HainTi poboty

[ ] LLlo Ginblwe BM BiOryKyeTeCH HA BaKaHCIi, TO BULL BaLLi LUAHCK
3HaiTK poBoTy. Y cepeaHLOMY, Wo6 OTPUMATH 3aNpOLLEHHSA

Ha cnisGecigy, Tpe6a BiarykHyTMCh Ha 7 BaKaHCid.

MeHemxep no poborti 3 knieHTaMu GaHky, SRS
onepatop call-ueHTpy alVolia

9700-15000 rpH - o1 9000 +6oHycn
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ROBOTA.UA
1) Searching by tag:

- PinbTpYN
&2 Tinbku Bigryk 6es pesiome

=1 Tinbkn 6es pocsigy pobotn

“2*R"

&, Ona niopen 3 iHBanigHicTO

baxaHa sapnnara
Bin rPH.
MpuxoBaTu BakaHcii bes
3apnnaTtu C.
Tun sanHaATOCTI
[} NosHa salHATICTb 69098
[} HenosHa 3aiHATICTb 6412
() NpoexTtHa poboTa 822
() NoamiHHa poborTa 6328
Xapakrtep po6otn
() BinpnaneHa poboTa 6948
() TiGpuaHa (7) 5692
() Bodici/Ha micui (1) 62731
Py6puxu
() HR cneuianicti - v
BisHec-TpeHepwn 1508
I 3586
[} AsTobisHec - CepsicHe v
obcnyroeyBaHHa 2308
() AgMmiHicTpaTUBHWIt v
nepcoHan - Bopii - 7454
Kyp'epu
BaHku - IHBeCTUUIT - v
NiauHr 2153
() byxranTtepis - MNopatku v
- iHaHCHK 4007

nianpuemcTea




2) Taking unstructured user input:

). cTyaeHTKa 6e3 focBiay po60TH LWyKaK CTaXyBaHHS © Bca Ykpaina @ . ®ineTpu

Pobora cTtynenTka 6e3 nocsiny poboTH LWyKalo CTaxyBaHHs B YKpaiHi

0 BakaHcin

3a BaliuM 3aNUTOM NOKU HemMae BaKaHcin R
CnpobyiiTe 3MiHUTY KniovoBe cnoso abo napameTpu nowyky

b |

! Ony6nikyiiTe pesiome, W06 OTpUMYBaTH NPONO3uLLi Bif 1
I po6oropasuis! i
| |
1

i [ Im'a Ta npiasuwe * l [ TenedoH *

3) Delivering structured summary based on vacancy:

Mapsva

MeHepxep 3 MapKeTUHry

10 xBunmH Tomy « SUNSAY Energy « Kuie, eyn. Baunasa lasena, 8 [

"ee

B odici/Ha micui  MoBHa 3alHATICTL  Be3KOLWTOBHE HaBYaHHA
PerynapHuii nepernsag sapnnat  BoHycu / npemii  Odic 6ina meTpo

[opnaTkoBi BUXigHi

Komnanisa SUNSAY Energy 3anpoluy Ha noauuito MeHepxep 3 MapKeTHHrY.
MNMpo KkomnaHilo:

SUNSAY Energy po3pobnse Ta BNpoBanxye NpoekT BiHOBNIOBAHOI eHEPreTUKM,
[onoMaraiyu NpMBaTHUM BynMHKam Ta BisHecy nepexoguTu Ha YUCTY eHeprit. Mu
BboniBaemo 3a cTanuii po3BUTOK YKpaiHw, il eHepreTUYHy HesanexHicTb Ta 6eanevHe

s e et maramiin LlafSEim cem s cihincmsse misiamn simiians memommisrin

4) Context of user input taken into an account:

(). po60oTa Ans NIOAUHK 3 IHBANIQHICTIO © Bes Ykpaiha @ X ®inbrpu

Pobota poboTa ans NOAWHK 3 iHBaNigHICTIO B YKpaiHi

O BakaHcin

3a BallMM 3anNUTOM NOKU HeMae BaKaHCin 9

Cnpobyiite 3MiHUTH KNio4oBe cnoso abo napameTpu NoLyKy

T EE o o EE BN R BN BN BN BN BN BN BN BE EE B S Ew

b |

: Ony6nikyiiTe pesiome, 106 oTpuMyBaTH Npono3uuii Big I
I po6oropasuis! |
| |
|

I [ IM’s Ta npissuwe * ] [ TenedoH * ]
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JOOBLE.ORG

1) Searching by tag:

®inbTpH

MicLesHaxoaXeHHs

O Bypb-ske

Mopyd 3i MHOKO

BinpaneHo

BaxTa

Data nybnikauii

© 3aBecbuac

3a ocTaHHI 24

rofunHN

3a 3 gHi

3a TukaeHb

3apnnata

LLOroAMHN

LLlomicaus

© Byab-ska

Buwe 6700 rpH.

Bule 8300 rpH.

Buwe 11000 rpH.
Buwe 17000 rpH.
Buwe 29000 rpH.

IHWa

Docsig poGoTtun

© Byab-Akwi
bes poceigy

CTaxyBaHHA

Tun 3alHATOCTI

MNoBHWIA pobodni

[AeHb

Tumyacoea
3aNHATICTE

YacTkoea

Mo3MiHHO

3aMHATICTE
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2) Taking unstructured user input:

[ cTyAeHTKa 6es AocBify poBoTH WyKal cTaxyBaHHA

) Po6oTa CTyaeHTKa 6e3 foceigy po60oTu WyKal cTaXyBaHHA
PinsTpU 6 171 Bakawcin
MicyesHaxogmeHHA
OTpumyBaTh HoBi BakaHcii Ha nowTy (@

© byns-ske
Mopyy 3i MHOK
Binpanexo MNakyesanbHMK LyKepok Ha 3asog RAFAELLO, KINDER
Baxra 45000 - 50 000 rpH

JHara ny6nikayii MoBHWA poBOYMA OeHb

© 3asecbyac MoTpi6Hi NakyeanbHUKK Lykepok Komnawii Raffaello Ta Kinder & Monkwy. Nerka po6oTa
33 ocTaHHi 24 6e3 3HaHHA MOBU Ta OCBILY POBOTH, BChOMY HaBYaloTb B Nepii AHi. KoHTakTu (**%)...
FOAUHI EuroPracya
3a 3 gHi v MNepesipeHi KOHTaKTK
3a THXACHB Bapuwasa, Monbwa

3apnnata 7 AHiB TOMY

WoroanHA
O Byas-ska NakyeanbHuk KoHuenapii (3owwuTk, onieui, 6nokHoTH)

40 000 - 45 000 rpH

MoBHWIA poBounii feHb

Buwe 6700 rpH
Buwe 8300 rpH.
Buwe 11000 rpH MaxkyBanbHuk KoHuenspii 8 Monbuyy Takox 8 Yexil. Nlerka pobota 6e3 sHaHHA MOBM Ta

i foceigy poboT, BCbOMY HaBYatOTh B NepLi AHI. KOHTaKTW: (***) **+-**=* Qua [lokaljia...

Buwe 17000 rpH. EuroPracya

Buwe 29000 rpH. v MepesipeHi KOHTaKTH

s LeuwH, Nonbuwa
Boceip poGotn 7 BHIB TOMY
© Byas-skmia
Bes pocsiny
CraxyBaHHA MNakyBanbHUK WoKonagy

35000 - 50 000 rpH

MoBHMIA poBouKiA AeHb

Tun saiHATOCTI

MoBHKUA poBoYni

AeHb MakyBansHUK Wwokonaay Milka Ha koHauTepceKy dabpuky Mondelez B MNonbuwi.
Tumuacosa 3APOBITHA MIATA Crtaeka 17,54 20 Ha roausy (+ npemii); CTasKu ANA CTYAEHTIE -...
3alHATICTL EuropeService
YacTkoBa 3alHATICTE + [lepeBipeHi KOHTaKTKH @
MNo3miHHG Monewa

1 peHb ToMmy

MakyBanbHUK WoOKoNapy
45000 - 50 000 rpH

3) Delivering structured summary based on vacancy:

MakyBanbHUK LyKepoK Ha 3aBofg RAFAELLO, KINDER Q
45 000 - 50 000 rpH

MoBHWA pobounia AeHb

EuroPracya

+ lNepeBipeHi KOHTAaKTM + € HaWMKW +~ AKTMBHO Nepernsgac Biaryku

© Bapwasa, Monbwa

Q, MepernaHyTH KOHTAKTH

BigrykHyTuca

MoTpi6Hi NakyeankHUKM LyKepok komnaHii Raffaello Ta Kinder B Monbuy. Nerka po6ota 6e3 aHaHHA
MOEW Ta AocBigy po60oTH, BCbOMY HaBYarTb B NepLli gHi.

KoHrakTu Mokasati Homep TenedoHy (AHa)

3aBoaM 3HAXOAATLCA B OKONMUAX Bapwaen, MoaxaHi, Buarowi Ta Kpakoea.
LLlo noTpi6Ho po6uTH:

= KOHTpOnb AKOCTI NaKyBaHHR LYKepoK;

= [lonepefHe 3BaxyBaHHA NPOAYKLIT B ynakosL;
= [lakyBaHHA UyKepoK B Kopobku.
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4) Context of user input taken into an account:

[ poboTa AnA NOAUHM 3 iHBaNIAHICTIO

DinbTpU

MicuesHaxoaXeHHs

© Byab-ske
Mopyu 3i MHOtO
BinganeHo
BaxTta

Aara ny6nikauii

© 3aBeck vac

3a ocTaHHi 24
roAvHN

3a 3 gHi
3a TuxAeHs

3apnnata
WOroANHN

© byab-ska
Buuwe 6700 rpH.
Buuwe 8300 rpH.
Buwe 11000 rpH.
Buuwe 17000 rpH.

Buwe 29000 rpH.

IHwa
Docsip po6otn
© Byab-skuin
Bes pocsiny
CraxyBaHHA
Tun 3anHaTOCTI

MosHuin po6oumnin
AeHb

Tumuacosa
3aAHATICTL

YacTkosa 3alHATICTb

Mo3miHHo

Po6oTa Po6oTa gns nioguHm 3 iHBanigHicTio
1251 akakncin

OTpuMyBaTU HOBI BakaHcii Ha nowTty @

MNpopaseub B marasuH "Aspopa”
8800 - 11500 rpH
MoBHuI pobounin gexb

4 ByabTe OAHUM 3 NEpLUKX, XTO BIATYKHYBCA

...Ljiel nocagn. Tomy WyKaeMO BIAKPUTY, yHi y Ta aKTMBHY AKa
6Gaxxcae Ta BMie CTapaHHO npautoBaTti. Tu MOXeL peanisyBaTucs... ...nocagy 6es...
ABPOPA

v TMepesipeHi KOHTaKTH

Aspoea

9@ Cymun
© 19 roguH Tomy

MpopaBeL-KOHCYNbTaHT B HOBMIA Mara3uH

10 500 - 13 500 rpH

[MoBHMI pobounn feHb

...CepNHA MiCALRA BKNOYHO; [loaaTkosa indopmMauia : ~Y Hawiit kKoMNaHii Ha aaxy nocapy
6e3 nepewKo MOXe BNaLTYBaTUCA NIOAUHA 3 POBOYOIO MPYNOKO iHBaNIAHOCTI. ~HOBMW...
ABPOPA

v [epeBipeHi KOHTaKTN

© XycrT, Kapnatcbkoi Civi Bynuus, 53
© 3 gHi Tomy

Aspora

MomiyHMK NpoaaBLA-KOHCYbTaHTa B MarasuH "Aspopa" (

ANns nogen 3 iHBanigHicTio)

MoBHuiA poboynin aeHb

MOMiYHUK NPOAABLA-KOHCYIbTaHTa Lie BaX/IMBa NIOANHA Y HALOMy MarasuHi. 3aBasku
il CTapaHHAM TOProBenbHUiA 3an Ta NIACO6HI NPUMILLEHHS CTalOTh... ...i Koner. [lany...
ABPOPA

v TlepesipeHi KOHTaKTH
© Mukonais

© 2 pxi Tomy

MomiyHMK NpoAaBLA-KOHCYNbTaHTa B MarasuH "Aspopa”(
ANA nogen 3 iHBanigHicTio)

MoeHui bobounin neHb
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JOBS.UA
1) Searching by tag:

POBOTA MO MICTAX

WyKaTK BaKaHCii B iHWMX micTax —

Pobora B Knesi Po6orta B JIbBOBI Po6oTa B [AHinpi PoGora B Ogeci

PoboTa B XapKosi PoboTta B 3anopixcKi PoboTta B/MuKonaesi Po6oTa B XMebHWLLKOMY
Po6orta B Binii Liepksi Po6oTa B BiHHWui Po6oTa B [loHeubKy PoGoTa B XXuTomumpi
Po6oTa B IBaHo-dpaHKiBebKy Po6ota B KpemeHuywi Po6ota B Kpueomy Posi Po6oTa B KponvuBHULBKOMY
Po6ota B JlyraHceky Po6ota B Jlyubky Po6oTa B Mapiynoni PoGora B MonTasi

Pobora B PisHomy PoGora 8 Cymax Pobota & Tepononi Pobora B Yxropopi
Pobota B XepcoHi PoGoTa B Yepkacax PoboTa B YepHisuax Po6ota B YepHirosi

2) Taking unstructured user input:

CTyneHTKa, 6e3 nocBiny poboTw, WyKalo CTaXyBaHHA @ Bca Ykpaina Ta kpaiHM 33 KOpAOHOM

14674 saxanciin: 41313 pesiove

FAPAYI VIP BAKAHCIT POBOTA 3A CTBOPHUTH

BCl BAKAHCIT YR KOPLOHOM PE3IOME

Po6ota B Ykpaiii —* Bakawcii —* PoGoTa cTyfeHTKa, 6e3 nocsiny poboTH, WyKak CTaXyBaHHA B YKpaiHi —* cTyaeHTka, 6es [ocBify poBoTH, WYKAK CTaXYBaHHA

POBOTA CTYOEHTKA, BE3 AOCBIAY POBOTH, LWUYKAI CTAXXYBAHHSA B YKPAIHI

Ha »anb, BakaHcii, AKi BignosigaoTs KpuTepiAM inbTpa Nowyky, He 3HaiaeHi. CnpobyiiTe amiHMTI napameTpu dinbTpa,

PO3LIMPUBLUM Aiana30H MOLWYKY.
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3) Delivering structured summary based on vacancy:

Komnain: EHcanapna (Bci BakaHcii)
Py6puku: PecTopaHHwii 6isHec, kyniHapia
KOHTAKTH

. TenedoH: +38 (098) 680-32-04

& KoHrakTHa ocoba: Poman

¢ Anpeca: JNbsiB

NMOBAXAHHA A0 CNIBPOBITHUKA

OcgiTa: He Mae 3Ha4YeHHA
[ocsin po6oTu: 060B'A3KOBKIA
pacpik poboTw: noamiHHa po6oTta

ONMUC BAKAHCII

[OuaaliHepcbkuii d'loxxH pectopaH «EHCanapa Kadbes, wo Ha Yropcebkiit, 12 (Hosuii JlbiB), 3anpouye Ha poboty KYXAPA (3M: Big
900 rpH 3miHa ). 3miHa 3/3 3 9:00 o 20:00

Akwo Bu maeTe 6axkaHHA NpawtoBaT Ta pO3BMBATUCA, OXaiHi | LinecnpAmMoBaHi - Bam po Hac.

Y Hac xopowwuiA KonekTue, AocTolHa i crabinbHa onnata npaui, 6e3KOWTOBHE Xap4yyBaHHA, 4aiosi, % 3a 6GeHkeTw, odiuiiHe

npauesnawTyBaHHA.

4) Context of user input taken into an account:

poboTa Ans NOAUHM 3 IHBANIAHICTIO Q Bcs YkpaiHa Ta kpaiHm 3a KOpAOHOM

14674 saxancin 41313 peaiome

FAPAYI VIP BAKAHCIT POBOTA 3A CTBOPUTH

SCLDAKARGH BAKAHCII KOPOAOHOM PE3IOME

Po6ora B Ykpaidi —* BakaHcii —* Po6ora po6oTa Ana nioamMun 3 insanigHicTio B Ykpaidi — poboTta Ana nioaMHn 3 iHBanigHicTio

POBOTA POBOTA ANA NOAWHU 3 IHBANIOHICTIO B YKPAIHI

Ha xanb, BakaHcii, AKi BianoBiaaoTs KpUTepiAaM (inbTpa nowyky, He 3HainaeHi. CnpobyiTte 3amiHUTK napameTpu inbTpa,

PO3LUMPUBLUM AianasoH MoLyKy.
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Appendix C

Bawi Tern cTyaenT

a» g wne
Cneyiansxe m 3 ipanigicTo

Nokawin

Noceig

Bawi Tern

aTa= Wi 1 paky s 1 0 2 poxin 0l 2 00 5 pokin

& WorkSearch

erynenr 6ea gocaiay

AcncTeHT Knia cryment Gea nocsiny
(noMiuHKK 000 — 10 000 &1 Tuxzens TomyR KON wiyxaeuo Momiiwks werelxepa 3 npofaxy | Craxeps 3 npogaxy |
a Sales el — 0 Hai ocHomH| pexnama, o Mit NBBUKEMD.
¥ipairw, AscTpanil, CIWA, Karanw, Espans, wosaM M 3 n npoexTas, MM, popexc,
npoaaxy) i
MoMiuHKnK CTYAEHT Gea noceiay
MeHepxepa 3 M, KOMIBNIA “CTINB-KOM', = BAPOGHIAK T8 MOCTINATHHK HA PHHOK YKPaiK i OB Htx Met - OfiHi 3 NP Ha pianky
n POAYETOM NBpWO! HEOSK|IHOCT HalroNoBsilue, WO KakEs 3 HAC 3APAY MORE 3pOGUTH 118 cabe Ta KPakM, - UG 3POGHTH CBIN BHICE
popaxy " ERONHGHIKN T2 NIATEMMATH Cole Ta CBIN CIM0, ORABIIM CTAGNLHMA T8 NEPCNEKTHBNNA COMENT Cheps CO0ET AIRNLHOCTI. HARUNMNILIG, 0 B 1KaC €, - U NIOAY NERYH, TaK
Q3BT OS/EAHYBOTACH T AOCHTATH B ™ i i 3aui ¥ o ToGe 8 Mally KOMINRY KA rIOCaTY
acuctent siaginy npoaaxis
Ach “T Knis CTyReHT Ge3s nocsiny
AenapTaMeHTy 32004 poxy MK I8GEINSHYEMD CYUBCHIMH DALIBHHAMA . xapuosa OXOPOHA IAOPOB'A, EXOROMIA, BHORTETHES, HAYKE, KPVMIMANICTHKS,
enbipianaria HALLIA MICIR: Texvanorih T8 Goanenn naull i
b OWYK ACHCTENT Ocrom| #1C (10r080ps,
obnanHaHHA AprysagHTie 3 BHTIACHED! K3 yxpalncoxy :
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AcucTeHT (NOMIYHMK MeHepXepa 3 Npoaaxy)

abcrpakr

ACHCTEHT QENAPTAMENTY SHANITHAHOTD OBRAAHAHHA

ANT Ykpaina

Katin oyn, myn, Anpin a

8 odicilwa Micul

Noara 2aimnTICTY

32004 poxy mn ¥ % B TOKAX TANYINK RK XBDMOBS NDOMUCAONICTS, OXOPONMS JUOPON'A, GRONOTIN, Hayxa,

dapmaueoTHra | emBpionoria

HALUA MICIS: POSKPMBATH NOTENLIAN INMOBALIRAMIX TEXHONOIA JALNA ANOPO'A T8 BOINOKM HALIL HEDAN B KOMNANIT BIAKDHTMA NOWYX ACHCTENT RONADTAMEHTY AHANTHUMOrO OBNBANAMHA

Ochosnl 3anavl: peaoHHR 1C (rorosopa, nepexnan ] " 3 ploummm

Tosapy Ta sa A MAAGYTHIR CANQMAAT MAEBIULY NPODINLHY OCHITY (XiMia,
GlaTexHonori, exonoria Towo);
Aocein pobotv Gyne BONOQIMNE B DI O e NEPOXNAR AOKYMONTIBEINCOKHA DIBEHE KOMYHIKATHBHIX HABHWOK,
SANOBIAANLHICTE, GAXAMHA HABHATICA TA NPATHEHHA DOMMTKY,77Mu ABSEMO NPO CHOIX ™ ] Inasii - WO A0ROANTE 18- pinminit AOCHIA POBOTI KOMNANIT Ha.

3 Acy 3ana3nmn nepioa aganTawl,

odluine 3 NePWOTo Pobou odicy (Ginn . 3 NpPo 3a0poNs = wia Covid
Ta rpuny, Macaxy y odicHomy ofign 13 NATPHMES RAR BCix BaRAONME.

YT 8 HAWIA KOMBHA ~ LG AONOMATATH POIBHEATH | BNDOBALXYBATH KPOLY CHITOBI NPAKTIKM | AOCHIA. KOXEWH 1AL NPOBKT B NPOMMCAOBOCTI, MELMHI, DIPMILEBTHL, ~ L@ ICTOPIA yCnixy KNienTn, &
i pipiers axTia.

pesome Ta 00 KoMaran!

4YnTaTh NOBHICTIO .

Tern
-«
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