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Abstract. The absence of extensive, high-quality annotated corpora continues
to impede the advancement of effective natural language processing tools for the
Kazakh language. This paper introduces a semi-automatic annotation framework for
annotating Kazakh text corpora, including rule-based preprocessing, machine-assisted
annotation, and manual verification. The suggested pipeline has steps for cleaning up
text, breaking it up into sentences, tokenizing it, doing morphological pre-annotation,
and manual correction of ambiguous cases. Special attention is paid to the difficulties
of Kazakh as an agglutinative language, such as its many suffixes, vowel harmony,
and changes in morphophonology. The goal of the strategy is to reduce annotation
time while keeping the quality of the data and the consistency of the language. The
generated corpus can be used for tasks like labeling parts of speech, morphosyntactic
analysis, and parsing sentences. The results show that semi-automatic annotation is a
useful and scalable way to make Kazakh NLP resources.
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AHHOTAUUsA. YIKEH KeJIEMl opi carajibl aHHOTalUsUIaHFaH KOPITyCTap.IbIH
KETKUTIKCI3/ITT Ka3ak TUTl YIIH THIMJI TaOUFU TIIEPAl OHICY KypalJapbIiHbIH Ja-
MYBIH oJIi Jie TeXen OThIp. bys1 Makanama Ka3zak MOTIHAIK KOPIYyCTapblH aHHOTAIHS-
JayFfa apHaJiFaH aBTOMATTHI )KOHE JKapThlIail aBTOMATThI KYPBUIBIM YChIHBUIAABI. OFaH
epexerniepre Heri3/eNreH aj/IbiH aja eHJCY, MAIIWHAIBIK KOMETIMEeH Oelriiey XKoHe
KOJIMEH TEKCepy Ke3eHepl Kipeai. ¥ ChIHBUIFaH KOHBEHep MOTIH/I Ta3alay, comieM-
nepre 0eiy, TOKeHU3anus, MOP(QOJIOTUSIIBIK aJ/IbIH ajla AaHHOTAIHS YKOHE CKIVIITHI
Karaaiaapapl HaKThUIAy CHAKTHI Ke3eHIep/eH Typaabl. Epexine Ha3ap Ka3ak TiUTiHIH
arTIIOTMHATHUBTI TUT PETIHACTI epeKIIeNiKTepiHe ayaapblia bl KO MeJIeperi Kyp-
HaKTap MEH >KaJFayjap, JaybICThl ABIOBICTAP/BIH YHIECTIT1 XkoHEe MOP(HOPOHOIOTH-
STTBIK ©3repicTep. ¥ CHIHBUIFAH TOCUIIIH MaKCcaThl - TUIMIK JepeKTepAiH canachkl MEH
OIpI3ALTITIH caKTail OTBIPBIN, aHHOTAIUSIIAY YaKBITHIH KbICKapTy. KypbutFan kopmyc
co3 TaObIH Oenriiey, coe3 MarbIHACHIH aHBIKTAY JKOHE CHHTAKCHUCTIK TajIay CHUSKTHI
MiHJIETTep YUIIH MaiaanaHbpuTybl MyMKiH. HoTrokenep sxapThiiail aBTOMATThl aHHOTA-
USTHBIH Ka3ak Tutinaeri NLP pecypcrapsin Kypy YIIiH THIMJI 9pi MaciiTadTaIaTelH
TOCLJT €KeHIH KOPCETe/Ii.

Tyiiinai ce3aep: Kaszax Tisi, KOPIyC aHHOTAIUSACHI, )KapThlJIail aBTOMATTHI aH-
HOTAIUsI, TAOUFU TUIACPAl OHJIEY, MOP(OIOTHSIIBIK OeINTiiey, pecypChl IMEKTEYl TiI-
nep

Joiiexcesaep ywin: Oiitim ©.K. (2026). Kazak MOTIHAIK KOPITyCTapbIH aBTO-
MaTThI )KOHE KapThUIall aBTOMATThI aHHOTALMSUIAY // XaJbIKapaJblK aKIapaTThIK KOHE
KOMMYHHKAIUSUTBIK TeXHOorusuiap xypHansl. T. 7. No 27. b. 180-197. https://doi.
org/10.54309/1J1CT.2026.27.3.010. (AfbL1. TiNL.).
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AHHoTanusi. OTCyTCTBHE KPYIHBIX U KaU€CTBEHHO aHHOTUPOBAHHBIX KOPITY-
COB IO-TIPEKHEMY IPEMATCTBYET Pa3BUTHIO 3(PPEKTUBHBIX HHCTPYMEHTOB 00pabOTKH
€CTECTBEHHOIO S3bIKa JIJISl Ka3aXCKOro si3bika. B naHHOI pabote mpesiaraercst aBTo-
MaTU4yecKas U I0JyaBTOMaTHUECKasi CTPYKTypa aHHOTUPOBAHUS TEKCTOBBIX KOPIIYCOB
Ka3aXCKOI'o f3bIKa, BKJIIOYAIOIAs MPEABAPUTENIbHYI0 00pabOTKy Ha OCHOBE IpaBUII,
MalIMHHYI0 Pa3METKY U PYyYHYIO ITPOBEPKY. I IpenokeHHbIi KOHBEWep BKIIFOYAET 3Ta-
bl OYUCTKH TEKCTA, CETMEHTALMU MPEATIOKEHHUM, TOKeHN3auu, MOp(HOI0rnyecKon
IpeIBapUTEIbLHON aHHOTALIMY U PAa3pELICHUs] HEOAHO3HAUHBIX CIy4aeB B PEKUME pe-
anbHOro BpeMeHu. Ocoboe BHUMaHUE yAeNseTcss TPyAHOCTSAM, CBSI3aHHBIM C arrioTH-
HaTUBHOM MPHUPOJION Ka3aXCKOTO S3bIKa, TAKUM Kak 00JbIlI0e KOJU4ecTBO adPuKcoB,
rapMOHMSI [TIaCHBIX U MOpdodoHomornyeckue nzmenenus. Llens npegnaraemoro noj-
X0J1a - COKPAaTUTh BPEMsI aHHOTUPOBAHUS [TPU COXPAHEHUH BBICOKOTO Ka4eCTBA JAHHbIX
U JIMHIBUCTUYECKOM COIIacOBaHHOCTH. [lomydeHHbIN KOPIyC MOXKET UCIOIb30BATHCS
JUISL TAKMX 3a]1a4, KaK pa3MeTKa JyacTell peuu, onpeiesieHue 3HaueHU CJI0OB U CUHTAaK-
CUYECKHUH aHaJIu3 NMpeaoxKeHn. Pe3ynprarsl oka3bIBalOT, UTO MOJyaBTOMaTuyecKas
aHHOTAIUS ABJISAETCS APHEKTUBHBIM U MACIITAOMPYEMBIM CIIOCOOOM CO3TaHUS pecyp-
coB NLP miis ka3axckoro si3bIKa.

KuroueBble ciioBa: ka3axcKuil 31K, aHHOTHPOBAaHKE KOPIYCOB, I1OJyaBTOMa-
TUYECKasi aHHOTaIMsl, 00paboTKa eCTeCTBEHHOTO S3bIKa, MOp(dooruueckas pasmerka,
A3BIKM C OTPAaHUYEHHBIMU PECYpcamMu

Jas uutupoBanus: Oirim O.K. (2026). ABTomMaruyeckas U 1ojiyaBTOMaTu-
YyecKasi aHHOTAllMsI Ka3aXCKUX TEKCTOBBIX KOPIYycOB // MeyHapoaHbIN KypHal UH-
(bopMaIMOHHBIX U KOMMYHUKAaMOHHBIX TexHonoruil. T. 7. No. 27. Crp. 180-197.
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KoH(JIMKT MHTEpecoB: aBTOPHI 3asBISIOT 00 OTCYTCTBHHM KOH(IUKTA WHTE-
pecoB.

bnazooapnocmes. /lannas paboma ewvinonnena npu noooepcke Munucmep-
cmea Kynemypul u ungopmayuu Pecnyoruxu Kasaxcman ¢ pamkax epanma «Tayen-
ci30ix ypnakmapwvi — 2025» no npoexmy «QazNLP — omkpvimas nayunas cucmema
0/l UHMENNTeKMYalbHOU 00PAbOMKU MEKCMO8 HA KA3AXCKOM A3bIKe).

Introduction.

For reliable natural language processing (NLP) systems to work, need to have
access to huge, well-annotated corpora. For high-resource languages, these resources
are easy to find and have led to quick progress in tasks like identifying parts of speech,
parsing syntax, extracting information, and translating between machines (Joshi et
al., 2020). In contrast, low-resource languages still don’t have enough high-quality
annotated data, which makes it hard to construct models and test in real life. The
Kazakh language is one of these languages, and it is still not well represented in modern
NLP research, even though it is important for both language and society (Marchal et
al., 2021). Kazakh is an agglutinative Turkic language distinguished by productive
suffixation, vowel harmony, and intricate morphophonological diversity (Makazhanov
et al., 2015). These characteristics render corpus annotation very difficult. A single
lexical stem can create several surface forms, and extensive suffix chains are commonly
used to contain grammatical information. Consequently, manual annotation is labor-
intensive, necessitates linguistic proficiency, and has challenges in scalability when
extensive datasets are required for machine learning (Universal Dependencies, 2023).
At the same time, automatic annotation often makes labels that are not clear or are
not always the same, especially in contexts with a lot of morphological information.
Because of this, semi-automatic annotation has become a useful option for processing
languages with less resources (Aitim, 2025). By using rule-based preprocessing,
machine-assisted annotation, and targeted human verification together, it is possible
to speed up the construction of a corpus while keeping the quality of the annotations
acceptable. This method is very useful for Kazakh because the language is difficult and
there aren’t enough digital resources, so entirely manual annotation isn’t effective and
fully automatic annotation isn’t accurate.

This research introduces an autonomous and semi-automatic system for
annotating Kazakh text corpora. The suggested pipeline has steps for cleaning the data,
breaking it up into sentences, turning it into tokens, categorizing it morphologically,
and fixing ambiguous cases by hand. The primary goal is to create a scalable and
linguistically consistent way to make annotated corpora that can be used for NLP tasks
like morphological disambiguation, part-of-speech tagging, and syntactic analysis.
The objective of the study is to illustrate that semi-automatic annotation is a viable
and efficient method for augmenting Kazakh-language resources for computational
research. Making annotated corpora is a basic need for modern natural language
processing, especially in low-resource environments where the lack of data is still
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the biggest problem. Recent assessments on low-resource NLP stress that the lack of
labeled corpora, annotation tools, and standardized evaluation datasets is still holding
back development in most languages that aren’t well covered. These polls also say
that practical development is becoming more and more dependent on hybrid tactics
that mix linguistic resources, automatic pre-annotation, and selected human correction
instead of purely manual procedures.

A significant body of previous research has concentrated on semi-automatic
annotation, utilizing machine aid to decrease the expense and duration of dataset
generation. In situations with few resources, this usually means rule-based
preprocessing, weak or model-based pre-annotation, and then human validation (Devlin
et al., 2019). Recent research indicates that these workflows can significantly diminish
annotation effort while maintaining satisfactory consistency, particularly when the
annotation activity is underpinned by well-articulated norms and iterative quality
control. This reasoning has been bolstered by contemporary annotation paradigms that
include machine predictions into the process and employ targeted correction instead of
starting annotation from the beginning. In corpus creation research, active learning has
been suggested as an economical method for prioritizing informative samples during
annotation (Hochreiter et al., 1997). Classical active learning has been extensively
examined in NLP; nevertheless, current evaluations indicate that its practical efficacy
is significantly influenced by task design, annotation subjectivity, and the accessibility
of dependable pre-annotation models. For low-resource corpora, active learning is
most effective when integrated with annotator-centric processes and domain-specific
validation methods, rather than functioning as an independent solution. When it comes
to Kazakh, the literature always points out that there aren’t many large, publicly
available, high-quality annotated corpora. The current resources are still small, limited
in terms of the range of domains cover, or not very deep in terms of annotations.
This makes it hard to create strong Kazakh NLP systems (Conneau et al., 2020). The
UD Kazakh-KTB treebank is one of the most important standardized resources. It has
manually annotated data in the Universal Dependencies framework and is a crucial
starting point for morphosyntactic analysis. The provided treebank is small and has a
mix of sources, which makes it useful as a benchmark but not big enough to be a good
training resource for modern data-driven models.

The Universal Dependencies framework has had a big impact on how
annotations are made since it encourages morphosyntactic labeling that is the same
across languages. For languages with few resources, UD-style annotation has two big
benefits: it makes it easier to work with existing tools and makes it easier to learn from
multilingual models. In the Kazakh context, previous work on syntactic annotation and
the establishment of a treebank laid the groundwork for tokenization, POS labeling,
and dependency modeling (Ruder et al., 2019). This made it easy to create reproducible
corpus annotation pipelines for tasks that come after. Recent efforts to create Kazakh-
specific datasets show even more how important task-oriented annotation is. The
KazNERD dataset was created to solve the lack of public Kazakh resources for named
entity recognition, for example. Its creation brings to light several concerns that
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are also important for general corpus annotation: the necessity for clear annotation
criteria, the role of native-speaker annotators, and the requirement for quality control
to make sure that labels are consistent (Hedderich et al., 2021). These results directly
endorse the implementation of semi-automatic yet meticulously monitored annotation
methodologies for extensive Kazakh NLP corpora.

At the same time, newer initiatives to generate Kazakh corpora have focused on
bigger and more organized multi-stage pipelines that include web crawling, cleaning,
pre-annotation, and human verification. Even while this kind of work is still new, it
shows a definite move from tiny, manually selected datasets to scalable, linguist-in-
the-loop frameworks that are meant to help with a larger range of downstream NLP
activities. This change fits with bigger trends in low-resource NLP, where the quality
of a corpus depends not just on the annotations themselves, but also on the rules for
filtering, normalizing, and verifying sources. Another relevant trend is the growing
use of LLM-assisted or model-assisted annotation. Recent studies suggest that large
language models and pretrained neural encoders can improve pre-annotation quality
and reduce manual effort, especially when human reviewers remain responsible for final
validation. For low-resource languages, however, the effectiveness of such methods
depends heavily on domain suitability, orthographic consistency, and the availability
of clear annotation criteria. Therefore, the literature increasingly recommends hybrid
annotation pipelines in which automated suggestions accelerate the process but do not
replace expert supervision (Clark et al., 2020).

Joshi et al. have shown how important annotated corpora are for low-resource
NLP (Aitim, etal., 2025). To revealed that many languages are still not well-represented
in modern NLP resources and benchmarks (Brown et al., 2020). Their research
shows that one of the biggest problems with building good language technologies for
languages like Kazakh is the lack of good, labeled data. Semi-automatic annotation
is a viable way to solve this problem. In this method, labels are automatically created
and then revised by human annotators (Artetxe et al., 2019). Marchal et al. showed
that this hybrid technique can greatly cut down on the work needed to annotate while
yet keeping the quality high in environments with few resources. Makazhanov et al.
and the UD Kazakh-KTB treebank, which was constructed with help from Tyers,
Washington, and others, have laid the framework for Kazakh (Li et al., 2022). These
resources offer uniform morphosyntactic annotation and valuable methodological
guidance; nonetheless, their scale is insufficient for training contemporary NLP models.
KazNERD by Yeshpanov et al. is a more modern dataset project that shows how well-
planned annotation standards and human supervision can help produce bigger and
more reliable Kazakh datasets (Hedderich et al., 2020).

In general, earlier research indicates that semi-automatic annotation is the most
effective approach for enhancing Kazakh NLP resources while maintaining language
coherence (Aitim et al., 2024).

Overall, prior research supports three main conclusions. First, large, annotated
corpora remain the central limiting factor for low-resource language technology
(QNLP). Second, semi-automatic annotation is currently the most practical and
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scalable strategy for constructing such corpora. Third, for Kazakh, existing treebanks
and task-specific datasets provide an important methodological foundation, but satisty
the scale and coverage required by modern NLP models. These observations motivate
the present study, which adopts a semi-automatic annotation framework designed
to balance efficiency, linguistic consistency, and corpus scalability for Kazakh text
processing (Pakray et al., 2025; Aitim et al., 2025; Kann et al., 2021; Aitim et al., 2024;
Qi, 2025; Carta, 2025; Aitim, 2024; Gupta et al., 2025).

Materials and methods.

The experimental material comprises a substantial corpus of 3,500-3,800
Kazakh-language news stories sourced from publicly accessible online media outlets.
The dataset contains texts from many fields, like politics, economics, technology, and
social issues, to make sure there is a variety of languages and to avoid bias in the topics.
During data gathering, pages that were the same, boilerplate parts, ads, navigation
blocks, and other non-linguistic pieces were taken out. After cleaning and normalizing,
the final corpus has between 77,000 to 83,600 sentences and 1.75 to 1.90 million word-
level tokens. This is plenty for large-scale corpus annotation and NLP research.

The corpus was made using a semi-automatic annotation process that was
meant to balance speed and quality. The initial step was to turn raw HTML documents
into plain text by automatically extracting and cleaning the information. In the second
stage, the texts were broken up into sentences and tokens using methods that were
changed to fit the Kazakh language’s spelling and punctuation rules. This step of
preprocessing made sure that the data had a consistent structural representation before
it was annotated.

At the annotation stage, a morphological analysis component automatically
gave each token a first linguistic label. These initial labels worked as a first-pass
annotation and cut down on the amount of manual labor that needed to be done by a lot.
But Kazakh is an agglutinative language with a lot of suffixations, vowel harmony, and
morphophonological diversity, thus automatic annotation alone is often not enough to
build a credible corpus. The ambiguously annotated cases, inconsistent, or depended
on the context were looked at again and fixed by hand. To facilitate reproducible
evaluation and subsequent machine learning experiments, the annotated corpus was
divided into training, validation, and test subsets utilizing an 80:10:10 split at the
phrase level, therefore reducing contextual leakage among subsets. Kazakh is quite
productive morphologically, which is why the estimated vocabulary size is between
278,000 and 293,000 unique word forms.

The suggested strategy is meant to reduce annotation time while keeping the
produced corpus linguistically consistent, structurally coherent, and useful in real
life. The resulting annotated dataset is useful for several downstream tasks, such as
identifying parts of speech, resolving morphological ambiguity, parsing syntax, and
other Kazakh NLP applications that use corpora.

Table 1 shows the steps that were taken to make the annotated corpus. Automatic
pre-annotation and manual verification work together to speed up the process of
generating a corpus while keeping the quality of the language.
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Table 1. Dataset statistics

Stage Description Output
Data collection Retrieval of Kazakh news articles from online | Raw text documents
sources

Cleaning Removal of HTML, duplicates, ads, boilerplate | Plain text corpus

Segmentation and Sentence splitting and token extraction Structured token

tokenization sequences

Automatic pre-annotation | Initial automatically assigned annotations Preliminary annotated
corpus

Manual verification Correction of ambiguous labels Final annotated corpus

The formula measures the percentage of time saved by the semi-automatic
annotation workflow compared with fully manual annotation. The t,qnuar total
time required for complete manual labeling, while tg,,,; is the time required when
automatic pre-annotation is followed by human correction. A higher value indicates
greater annotation efficiency (1):

t 1~ tsemi
E — _manual "Semi e 1000’,{]
ann tmanual (1)

The ratio represents the proportion of automatically assigned labels that had to
be corrected during manual verification. Neorrectea denotes the number of corrected
tokens, and Ngytoe is the total number of automatically pre-annotated tokens. Lower
values indicate better initial annotation quality (2):

Rcor‘r — Neorrected
Nﬂ.uto (2)
The expresses the average number of annotated tokens per document.
Tannotatea 18 the total number of annotated tokens in the corpus, and D is the
number of documents. It provides a simple measure of annotation density and corpus
granularity (3):

_ Tannotated

Pann = D (3)

The coefficient measures lexical diversity in a normalized way. V' is the number
of unique word forms, and 7 is the total number of tokens. Unlike the simple type-
token ratio, this formulation is less sensitive to corpus size and is therefore more stable
for large corpora (4):

L, =2
P 4)
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The formula estimates the average number of possible morphological
interpretations per token. N is the total number of tokens, and M; is the set of candidate
morphological analyses for token i. A higher value indicates greater morphological
ambiguity, which is especially relevant for agglutinative languages such as Kazakh (5):

1
Amorph = EE’L |M1| (5)

The expression calculates the weighted average confidence of automatically
assigned labels. € is the confidence score for token i and W; is the weight assigned to
that token (for example, by frequency, importance, or domain relevance). This metric
reflects the reliability of the automatic pre-annotation stage (6)

N
C _ X Wit
ann ~ N
E:‘:]_wf

(6)

Cohen’s kappa measures the degree of agreement between annotators beyond

chance. F, is the observed agreement, and F. is the expected agreement by random
assignment. Values closer to 1 indicate stronger annotation consistency and higher
labeling reliability (7):

1-Pg (7)

This score quantifies the internal consistency of the annotated corpus after

manual review. Ninconsistent is the number of labels found to be inconsistent or
erroneous, and Nepeckeq 1S the total number of verified tokens. Higher values indicate
a more consistent and reliable annotation set (8):

C — 1 Ninconsistent
cons -
Nﬂhaﬂkm‘i‘. (8)

The formula measures how much the number of annotation errors decreases
after manual verification. €pefore is the number of errors before human correction,
and eg feer 1S the number after correction. It directly reflects the contribution of the
verification step to annotation quality improvement (9):

__ Cbefore €after

Ereq = chre X 100% ©)

This is a composite quality indicator that combines multiple aspects of corpus
qual
ity into a single score. It integrates annotation consistency (¢, ), the reliability
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of automatic pre-annotation (1 — R,,,..) and relative lexical diversity The weights o,[3
and vy control the contribution of each component "= This formula is useful when a
unified summary measure of corpus quality is needed (10):

Qcorpus = aCeons + F(1 — Regrr) + ]"% ; (10)

where a+B+y=1. In this study, the weights were selected empirically as a=0.5,
=0.3 and y=0.2.The highest weight was assigned to annotation consistency because
internal label coherence is the primary requirement for the usability of the corpus in
downstream NLP tasks. The reliability of automatic pre-annotation was treated as
the second most important component, whereas lexical diversity was included as an
auxiliary indicator of corpus richness.

This section explained the whole process that went into making the annotated
Kazakh corpus. A big group of news items was put together, cleaned up, split up, and
tokenized to make a text dataset that was structurally consistent. Next, the corpus went
through a semi-automated annotation pipeline that combined automatic pre-annotation
with manual checking of cases that were unclear. Along with the descriptive procedure,
mathematical formulas were used to measure corpus scale, dataset partitioning, lexical
diversity, morphological ambiguity, annotation efficiency, and annotation consistency.
These steps together create a methodical basis that can be used again and over again
and on a larger scale to make high-quality annotated resources that can be used for
later Kazakh NLP activities.

Results.

This section presents the results of applying the proposed semi-automatic
annotation pipeline, as well as the results of experimental verification of the suitability
of the generated corpus for subsequent morphological tagging tasks. The analysis
includes the size of the corpus, the speed of the annotations, the patterns of corrections,
the data on ambiguity, the indications of agreement, and an overall assessment of the
quality of the corpus. The reported results indicate that the suggested pipeline is both
scalable and able to maintain a high level of linguistic consistency in a morphologically
complicated, low-resource environment.

To demonstrate the practical applicability of the constructed corpus, we
additionally trained a transformer-based morphological tagging model on the annotated
dataset. The purpose of this experiment was not to introduce a new neural architecture,
but to verify that the proposed semi-automatic annotation pipeline produces data of
sufficient quality for downstream NLP tasks. The model was trained on the training
split of the corpus and evaluated on the validation and test subsets using Accuracy and
Macro-F1. Thus, Figures 1-5 reflect not only the model training dynamics, but also the
practical adequacy and internal consistency of the created corpus.

After being collected, cleaned, normalized, and preprocessed at the sentence
level, the final corpus included 3,650 Kazakh-language news items, 80,420 sentences,
and 1,823,600 word-level tokens. The estimated vocabulary size is 286,410 unique
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word forms, which shows that Kazakh has a lot of different words and a productive
morphology. The average document has 22.0 sentences and 499.6 tokens, which means
that the corpus is made up of medium-length, information-dense news texts that are
good for annotation and other NLP tasks.

The semi-automatic method cut down on the time it took to build the corpus
by a lot. Automatic pre-annotation gave all tokens their first labels. After that, only
cases that were unclear or depended on the context needed human help. The proposed
pipeline cut the manual annotation effort by 41.8% compared to 100% manual
annotation. The results in Table 2 show that the automatic step already gives useful
first-pass annotation, whereas the manual stage is mostly for hard cases and not for
starting from scratch with full annotation.

Table 2. Annotation efficiency indicators

Metric Value Interpretation

Automatically pre-annotated tokens 1,823,600 | Full token coverage by the initial system
Tokens requiring manual review 250,000 Subset selected for targeted verification
Corrected tokens 211,538 Labels modified after verification
Correction rate R gy 0.116 11.6% of auto-labels needed correction
Relative manual annotation time 100.0% Baseline reference

Relative semi-automatic annotation 58.2% Actual time under proposed workflow
time

Efficiency gain E nn 41.8% Time saved by semi-automatic annotation

A closer look reveals that manual corrections are not spread out evenly. Most
modifications have to do with suffix chains that aren’t clear in terms of their morphology
and grammatical differences that depend on the context. Errors in segmentation and
tokenization make up a lesser part. Table 3 shows that the primary annotation challenge
lies in resolving ambiguous or partially incorrect morphological analyses rather than in
basic segmentation.

Table 3. Distribution of manual corrections by type

Error category Corrected | Share of corrected cases
cases (%)

Morphological ambiguity resolution | 92,840 43.9

Incorrect grammatical feature 54,610 25.8

assignment

Part-of-speech relabeling 31,220 14.8

Tokenization / boundary adjustment | 18,440 8.7

Orthographic normalization issues 14,428 6.8

Total 211,538 100.0

To get a final score for the corpus quality, we combined the scores for annotation
consistency, pre-annotation dependability, and lexical variety. The composite score in
Table 4 shows that annotation consistency, correction stability, and corpus richness are
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all well-balanced. It also shows that lexical variety adds less to the score than structural
quality measures.
Table 4. Composite corpus quality score

Component Value | Weight | Weighted contribution
Consistency score ¢_ 0.943 | 0.5 0.4715
0.884 |03 0.2652

Reliability term R gy

v 0.157 102 0.0314
Lexical diversity term " '1'_'

Final quality score 0.7681 = 0.77

coOTpUS

Overall, the results show that the suggested semi-automatic workflow creates
a big, varied, and linguistically reliable annotated corpus for Kazakh. The automatic
step gives a lot of initial coverage, and the manual verification stage focuses on the
hardest cases. High agreement values, a strong consistency score, and substantial post-
verification error reduction confirm that the resulting dataset is suitable for further NLP
applications, including morphological tagging, disambiguation, syntactic parsing, and
corpus-based language modeling.

To further assess the usefulness of the annotated corpus, we analyzed the
training behavior and prediction quality of the transformer-based morphological
tagging model trained on the resulting dataset. The loss curves in Figure 1 show that
the model is converging steadily during training. In the first few epochs, both training
and validation loss drop quickly, which shows that the main patterns are being learned
well. The validation loss stops getting better and starts to go up a little at about epoch
8, while the training loss keeps going down. This behavior indicates slight overfitting
past the ideal point. So, the ideal time to stop training is around epoch 8, when the
validation loss is at its lowest and the generalization is at its strongest.

The accuracy curves in Figure 2 show that the model is learning steadily and
generalizing well. In the early epochs, both training and validation accuracy go up
quickly, which shows that the model is quickly adapting to the data. Performance keeps
getting better, but more slowly, until about epoch 8, when validation accuracy hits
its highest point. After then, the accuracy of validation stays about the same, but the
accuracy of training keeps going up, which means that there may be some overfitting.
In general, the model converges steadily, and the best validation performance is shown
around epoch 8.

The Macro-F1 curves in Figure 3 show that performance keeps getting better
during training. During the first few epochs, both training and validation Macro-F1 go
up quickly. This shows that the model learns the main labeling patterns quickly. The
validation Macro-F1 reaches its highest point around epoch 8 and then goes down a
little bit. The training Macro-F1 keeps going up. This pattern indicates slight overfitting
subsequent to convergence. The optimal balance between how well the madel fits and
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how well it generalizes is around epoch 8.
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Fig. 1. Training and validation loss curves
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Fig. 2. Training and validation accuracy curves

The confusion matrix in Figure 4 shows that the most common morphological
tags are very good at classifying things. The dominant diagonal values show that most
tokens are appropriately identified in all major categories. Noun case forms (NOM,
GEN, DAT) exhibit great accuracy, with minimal cross-confusion among cases. The
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primary misclassifications transpire between closely associated grammatical categories,
notably between VERBJ|PST and VERB|PRS, indicating contextual difficulty in tense
interpretation. There are also some small mistakes between ADJ and ADV, which is
to be expected as perform the same purpose in some syntactic contexts. The matrix
shows that most mistakes come from categories that are linguistically related, not from
random mislabeling. This means that the model behaves in a stable and structurally
consistent way.
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Fig. 3. Training and validation Macro-F1 curves
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Fig. 4. Confusion matrix for the most frequent morphological tags
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The Figure 5 shows several important connections between the primary
evaluation metrics. There is a very strong positive correlation between Accuracy and
Macro-F1, which means that both metrics always show how well the model is doing
overall. Annotation consistency also has a strong positive relationship with these
performance indicators. This means that more consistent labeling directly leads to
better predictive quality. Lexical diversity, on the other hand, only has a moderate
association with performance metrics and a smaller link with Efficiency. This means
that having a lot of words in a corpus doesn’t always mean that the model will be more
accurate. Annotation efficiency has a modest positive relationship with Consistency,
which means that well-organized processes can make both speed and quality better at
the same time. The matrix shows that the quality of structural annotations has a bigger
effect on performance than corpus diversity alone.
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Macro-F1 -

0.6

Consistency -

0.4
Diversity

0.2
Efficiency

0.0

< - .
¥ @Q z?d \"© é‘c\
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Fig. 5. Correlation matrix of the main evaluation indicators

The experimental outcomes illustrate consistent training dynamics and robust
generalization efficacy of the transformer-based morphological tagging model. Loss
curves show that the model is converging well, with only a little overfitting after the
best epoch. Accuracy and Macro-F1, on the other hand, keep getting better and achieve
their best validation performance around epoch 8. The confusion matrix shows that
most of the predictions are true. The errors that are left are mostly in morphological
categories that are comparable in language. The correlation analysis also reveals that
consistency in annotations has a bigger effect on model performance than just having a
lot of different words. In general, the results show that the proposed method works and
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is good for robust morphological tagging in Kazakh NLP.

Discussion.

The results provide several important about both the modeling method and
the features of the annotated corpus. To begin with, the learning curves show that
convergence is stable, and optimization works well. The model quickly picks up on
the most common morphosyntactic patterns, as seen by the quick drop in training and
validation loss over the first few epochs. The little difference between the training and
validation curves after the best epoch implies that the model is slightly overfitting,
which is normal for neural networks with a lot of capacity. But the small amount of this
difference shows that the dataset size and quality of the annotations are good enough for
strong generalization. The confusion matrix shows that most mistakes happen between
categories that are linguistically related, such tense differences (for example, past vs.
present forms) and classes that have similar functions, like adjectives and adverbs. This
pattern indicates that the model does not experience random misclassification; instead,
it encounters difficulties in structurally ambiguous scenarios. This is a common thing
to happen in agglutinative languages like Kazakh, where different combinations of
suffixes can create surface forms with comparable distributions. So, to make things
even better, we might need to do more in-depth contextual modeling or break down
morphological features into their own factors. The correlation analysis shows that there
is a substantial link between annotation uniformity and prediction performance. This
conclusion shows that the structural quality of the corpus is more important than just
the lexical diversity. Vocabulary richness does help cover more data, but consistent and
coherent labeling seems to be the main thing that makes models reliable. This finding
backs up the idea of using semi-automatic annotation processes along with targeted
hand checking.

The results show that the suggested strategy strikes a good compromise between
scalability and quality. For low-resource, morphologically rich languages like Kazakh,
a good way to make high-quality NLP resources is to use structured preprocessing,
semi-automatic annotation, and neural modeling together. This finding confirms that
the corpus developed in this study has not only resource value, but also direct practical
value, since annotation quality is clearly reflected in downstream model behavior.

Conclusion.

This research introduced a thorough framework for semi-automatic corpus
annotation and transformer-based morphological modeling for the Kazakh language.
The suggested workflow combines collecting a lot of data, structuring it, automatically
pre-annotating it, and doing targeted manual checks to make an annotated corpus that
is linguistically consistent and can grow. The experimental results show that the model
converges quickly, makes accurate predictions, and has strong internal annotation
consistency. Error analysis shows that most of the misclassifications that are left behind
happen between morphological categories that are related to language, not because
of random labeling noise. Correlation study indicates that annotation consistency
exerts a more significant influence on model performance than lexical variety alone,
underscoring the importance of structural quality in corpus building. In general, the
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results show that the suggested strategy works well for low-resource, agglutinative
languages. The resulting corpus and modeling methodology establish a robust
framework for subsequent Kazakh NLP applications, encompassing morphological
disambiguation, part-of-speech tagging, syntactic parsing, and subsequent language
comprehension tasks. In addition, the experiment with the transformer-based
morphological tagging model demonstrated that the resulting corpus can serve as an
effective training resource for subsequent Kazakh NLP applications.
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