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Abstract

Document-level links between repeated mentions can provide contextual evidence un-
available to a local entity-type classifier, a potentially important capability for Ukrainian
because of its limited annotated resources and rich inflectional morphology. However,
their specific contribution is difficult to isolate because graph-based systems often simul-
taneously alter the classifier architecture. We evaluate named-entity type classification
with known mention boundaries on NER-UK 2.0 under controlled conditions, using frozen
XLM-RoBERTa-base representations, 10 optimization seeds, and 270 graph-head training
runs. The evaluation design combines a no-message baseline with matched head param-
eterization, degree-preserving topology shuffling, simple averaging, oracle diagnostics,
and controlled context-weakening interventions; no novel graph architecture is claimed.
On intervention-free data, the exact-repeat graph changed macro-F1 by +0.0041 (95% CI
[—0.0042, 0.0127]); thus, an overall benefit was not established, although the interval did
not rule out a practically meaningful effect. A Ukrainian token-level lemmatization rule
increased graph coverage from 34.41% to 42.07% but did not improve performance over
exact repetition (A = —0.0033, 95% CI [—0.0135, 0.0055]). When only the target mention’s
context was artificially weakened, with no explicit degradation cue, graph refinement
increased target accuracy by 0.0784 (95% CI [0.0544, 0.1021]). The advantage reversed when
the entire repeat component was weakened, while simple averaging performed at least as
well as the learned graph head. Overall, the results support graph-based refinement as
a conditional context-recovery mechanism rather than a universal replacement for local
classification. The evidence remains controlled but not independently confirmatory and
does not establish gains for end-to-end NER or robustness to naturally degraded context.

Keywords: named-entity recognition; Ukrainian language; graph neural networks; graph-
based deep learning; graph-structured data; structured data analysis; document-level
graphs; inter-mention relations; message passing; contextual information propagation

1. Introduction

Named-entity recognition (NER) is one of the fundamental tasks of natural language
processing and an important component of information extraction, enabling automatic de-
tection and semantic classification of entities in unstructured text [1-3]. The principal goal
of NER is to locate mentions in text that refer to persons, organizations, geographic objects,
dates, events, products, and other domain-specific classes, and assign the corresponding
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semantic types to them. Unlike simple keyword search, NER requires contextual analysis to
distinguish identically written names and determine their actual semantic referents. NER
results are used in relation extraction, semantic search, automatic document summarization,
timeline construction, question-answering systems, and the construction of knowledge
bases and knowledge graphs: recognized entities can serve as graph nodes, with the rela-
tions established between them serving as edges, thereby transforming unstructured text
into structured knowledge representations. With the development of machine and deep
learning, approaches to NER have evolved from statistical models and BiLSTM-CRF archi-
tectures to contextual representations and pretrained transformer language models [4-7].
Recent NER models have also combined pretrained encoders with structured knowledge
or syntactic constraints, illustrating that contextual representations and explicitly repre-
sented structure can provide complementary signals [8,9]. Nevertheless, the task remains
challenging because of multi-token entities, boundary ambiguity, abbreviations, domain-
specific terminology, and domain shift. NER therefore serves as an intermediate stage of
semantic analysis whose performance directly affects subsequent information extraction
and structured-knowledge construction.

For Ukrainian, NER faces additional resource-related and linguistic difficulties aris-
ing from morphological variability and the limited availability of high-quality annotated
corpora. Inflection of proper names, spelling variation, relatively free word order, and pro-
ductive abbreviation formation increase the number of entity surface forms, complicating
their automatic recognition [10,11]. At the same time, the volume of annotated resources
available for training in Ukrainian remains substantially smaller than that available for
English, limiting the development of highly accurate NER models in a fully supervised
setting [11,12]. Early approaches to Ukrainian NER, in particular, the system of S. Katrenko
and P. Adriaans [10], relied largely on manually defined features, dictionary resources,
and heuristic rules, which limited their ability to generalize. Subsequent progress in
Ukrainian-language resources included the NER-UK 2.0 corpus developed by D. Chap-
lynskyi and M. Romanyshyn [11], providing a broader foundation for studying modern
NER methods. In parallel, the development of multilingual pretrained language models,
particularly XLM-RoBERTa, proposed by A. Conneau and co-authors [13], enabled the
transfer of contextual language representations to low-resource languages. V. Radchenko
and N. Drushchak [12] subsequently evaluated modern language encoders and large lan-
guage models on NER-UK 2.0. Cross-lingual transfer based on attention and adversarial
training provides another example of using supervision from a resource-rich language to
support NER in a lower-resource setting [14].

However, even a powerful text encoder does not eliminate all errors when individual
mentions are classified primarily from local context without incorporating information
from other parts of the document. A transformer encoder produces contextual token rep-
resentations using a self-attention mechanism that often provides sufficient information
for determining the entity type. Difficulties arise for short or contextually incomplete
fragments whose immediate surroundings do not contain sufficient lexical or semantic cues
for classification. An illustrative example comes from the NER-UK 2.0 corpus, document
bruk /f958ce8bb461. In the second sentence of this document, the word “Kyiv” appears
in the phrase “(Kyiv, 2015) presents studies by Ukrainian researchers”. Its combination
with the year and the surrounding sentence context supports interpretation as a geographic
entity, specifically a place of publication. By contrast, in the twelfth sentence of the same
document, “Kyiv” appears on a separate line and has no immediate lexical surroundings
that could unambiguously determine its type. If such fragments are processed indepen-
dently, the model has no direct access to the informative contextual cue available elsewhere
in the document, even though the same object is referred to in both cases.
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This limitation can be mitigated by explicitly establishing links between entity men-
tions within a document and enabling the exchange of contextual information between
them. Such a representation can be formalized as a graph whose nodes are entity mentions
and whose edges are predefined or there are learnable links between them. Hereafter, we
refer to this representation as the graph representation of the document: unlike merely
expanding the textual context, it explicitly specifies the mention pairs permitted to ex-
change information. A related local-to-global distinction appears in entity-linking research
through the combination of local mention context with knowledge-graph structure or
document-level entity associations [15,16]. Simply extending the context window solves
this problem only partially, since it increases the amount of text the encoder has to process,
is limited by its maximum sequence length, and does not explicitly specify which mentions
are semantically related. The value of document-level context has been demonstrated in
several prior studies. A. Akbik, T. Bergmann, and R. Vollgraf [17] aggregated contextu-
alized representations of identical text strings; S. Schweter and A. Akbik [18] extended
the contextual representation to the document level; T. Gui and co-authors [19] used label
consistency between mentions within a document; A. Hu and co-authors [20] studied
interaction between tokens of multi-word entities; P. Chen and co-authors [21] proposed
explicit modeling of links between mentions using graph neural networks.

However, these studies do not unambiguously isolate the contribution of inter-mention
links to the observed gains, because the proposed methods often also change the baseline
architecture by adding new components and parameters. In particular, in the work of
P. Chen and co-authors [21], the comparison contrasts a baseline model with an architecture
that additionally contains a graph neural network and a representation-fusion mechanism,
so the observed gain reflects not only the use of inter-mention links but also the effect of
additional parameters. This leaves open the question of how much of the improvement is
attributable to link structure and how much to increased model capacity. For the Ukrainian
language, in particular, on the NER-UK 2.0 corpus, the contribution of graph links between
repeated entity mentions has not yet been studied systematically.

This paper presents a controlled empirical study of the impact of document structure
on named-entity type classification. The graph head, exact matching, neighbor averag-
ing, topology perturbation, and oracle diagnostics are established techniques rather than
individually novel components. The contribution is their integrated use to isolate link
effects from nominal head parameterization, characterize the mechanism through context
interventions, and test exact and morphology-aware link rules for Ukrainian. An overview
is presented in Figure 1. To ensure controlled analysis, the problem statement is deliberately
narrowed: mention boundaries are considered known, and the module performs only type
classification. All experiments use the gold annotated mention spans; in deployment, such
spans would have to be supplied by a separate detector. Accordingly, every reported metric
is conditional on gold spans and excludes boundary-detection errors. Entity boundary
detection, including the detection of nested entities (nested gold spans are retained and
classified), coreference resolution, and linking mentions to knowledge-base entries fall
outside the scope of this study.

The contributions of this work are empirical and methodological rather than
architectural:

1.  Anintegrated controlled design for isolating link effects. A matched-head no-message
baseline is combined with degree-preserving topology perturbations, oracle diagnos-
tics, simple averaging, and fixed statistical contrasts. The matched comparison holds
nominal parameterization and non-structural inputs fixed while explicitly acknowl-
edging unequal effective prediction paths.
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Figure 1. Overall idea of the controlled study. Entity mentions are represented using local contextual
information and connected in a document-level graph to enable information exchange between
related mentions. Controlled experiments hold the head parameterization, nominal parameter count,
and training-data volume fixed and assess the effect of the links on named-entity type classification
with known boundaries.

The paper is organized as follows. Section 2 reviews existing approaches to document-
level named-entity recognition and the use of inter-mention information, identifies the
main methodological limitations of prior studies, and formulates the unresolved problem
addressed in the present study. Section 3 defines the aim of the study, specifies the research
objectives, and formulates the research questions used to guide the experimental analysis.
Section 4 presents the evaluated pipeline for the controlled analysis of mention-link effects
and describes its five sequential stages, including mention formation and normalization,
local mention encoding, construction of the document graph representation, graph-based
type refinement, and model training with result generation. Section 5 describes the ex-
perimental study and provides the complete evaluation protocol, including the NER-UK
2.0 corpus and data splits, compared model configurations, controlled graph-topology
experiments, training and reproducibility settings, evaluation metrics, statistical analysis,
and the controlled context-weakening scenarios. Section 6 presents the experimental results,
including the intervention-free evaluation, controlled context-recovery experiments, analy-
sis of training-data volume, distribution of effects across mention groups, and a summary
of the answers to the research questions. Section 7 discusses the findings in relation to
the research objectives and prior studies, analyzes the role of graph structure and context
recovery, identifies the mention groups that benefit most from graph-based refinement,
considers the practical implications of the results, and outlines the main limitations of the
study. Finally, Section 8 summarizes the principal findings and methodological contri-
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butions, states the main conclusions regarding the conditions under which graph-based
refinement is effective, and identifies directions for further research.

2. Literature Review and Problem Statement

Classical named-entity recognition systems combined dictionaries, regular-expression
rules, morphological features, and statistical sequence models. Their advantage was the
interpretability of the features and rules used, but transferring such systems to new domains
or text genres often required manual adaptation. Neural models that learn representations
directly from text and jointly account for a word’s internal structure and its sentence context
marked the next stage. In particular, X. Ma and E. Hovy [22] proposed a BiLSTM-CNN-CRF
architecture, and G. Lample and co-authors [4] developed a neural architecture for NER
combining character-level and contextual representations with BILSTM-CRF. A systematic
review by V. Yadav and S. Bethard [23] showed a gradual transition from manual feature
engineering to automatic learning of multi-level representations. Pretrained transformer
models constituted the next major stage: BERT, proposed by J. Devlin and co-authors [6],
provided bidirectional contextual representations that can be adapted to sequence-labeling
and classification tasks. For low-resource languages, multilingual encoders such as XLM-
RoBERTa, proposed by A. Conneau and co-authors [13], are particularly important. In this
work, the transformer encoder is not a source of novelty; it serves as a shared basis for
all compared models, providing identical local representations of mentions so that the
experimental analysis can focus on the impact of document links.

For the Ukrainian language, S. Katrenko and P. Adriaans [10] proposed a resource-
light approach combining local features and heuristic rules. Subsequent progress in re-
sources for Ukrainian included the NER-UK 2.0 corpus, published by D. Chaplynskyi
and M. Romanyshyn [11], which contains named-entity annotation across thirteen classes.
An experimental model based on RoBERTa-large, trained on this corpus, achieved strong
overall performance—precision 0.90 and recall 0.89—but for rare classes, the results were
substantially lower: F1-score was 0.355 for MISC, 0.44 for DOC, and 0.60 for TIME [11]. Sub-
sequently, V. Radchenko and N. Drushchak [12] compared fine-tuned language encoders
and large language models on the same corpus. Among the evaluated approaches, the best
performance was achieved by a fine-tuned RoBERTa-large-NER model with an F1-score of
0.890, while models based on large language models without dedicated fine-tuning showed
lower results: 0.724 for GPT-40 in zero-shot mode and 0.670 for GLiNER [12]. These results
indicate that, despite the strong performance of modern pretrained encoders, recognizing
rare and contextually ambiguous entities in Ukrainian-language texts remains a challenging
problem with clear potential for further improvement.

Document-wide context is incorporated into modern NER systems through several
mechanisms that differ in the level and form of interaction between text fragments. The sim-
plest approach is to extend the encoder’s context window with information from other
parts of the document. S. Schweter and A. Akbik [18], in the FLERT approach, showed
that using document features can improve NER quality: for the English CONLL-03 dataset,
F1-score rose from 92.79 to 93.64, and the average gain across five evaluated language
datasets was 1.15 percentage points. This approach captures broader context but does not
explicitly determine which mentions in the document are relevant to the classification of a
particular entity.

Another direction directly exploits repeated mentions. A. Akbik, T. Bergmann,
and R. Vollgraf [17] proposed aggregating contextualized representations of identical
text strings, so that information from multiple occurrences of the same surface form can
inform classification. The proposed approach improved F1-score from 92.86, reported for
an earlier model by the same authors [5], to 93.18. The advantage of this approach is the
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ability to accumulate contextual information between repeated mentions, but links between
them are defined primarily by surface-form identity, which does not cover lexical variation
or alternative referring expressions for the same entity.

Another line of research uses document context either to enforce consistency among
predicted labels or to refine them. T. Gui and co-authors [19] proposed a mechanism for
ensuring label consistency between mentions within a document, which improved F1-score
from 91.21 t0 92.13. A. Hu and co-authors [20] focused on interactions among tokens within
multi-word entities and improved Fl-score from 90.92 to 91.92. These works demonstrate
that additional structural information can improve entity classification, but they consider
different types of dependencies—Ilabel consistency or the internal structure of multi-token
mentions—and were not designed to isolate the contribution of explicit links between
repeated mentions.

Conceptually related approaches model semantic dependencies between mentions or
different levels of document context. Z. Dai, H. Fei, and P. Li [24] proposed incorporating
coreference links into NER representations, thereby enabling the use of information from
mentions that refer to the same entity. Y. Luo, FE Xiao, and H. Zhao [25] developed a
hierarchical contextualized representation that accounts for information at different levels,
from local context to the document level. Thus, prior research reports benefits from
incorporating information beyond the local sentence, but the proposed mechanisms differ
substantially in how links between mentions are formed and used. This motivates further
study of an explicit document graph with inter-mention links defined independently of the
model’s other architectural components.

Graph neural networks enable the propagation of information between connected
graph nodes and update their representations using both their own features and infor-
mation from neighboring nodes. A foundational approach is the graph convolutional
network proposed by T. Kipf and M. Welling [26]; its aggregation of neighboring informa-
tion is determined by the graph structure and adjacency matrix. GraphSAGE, proposed by
W. Hamilton, R. Ying, and J. Leskovec [27], provides another approach in which the func-
tion aggregating information from neighbors is learned directly from data. An important
property of GraphSAGE is its inductive formulation, which enables representations to be
generated for new nodes and graphs that were not present during training. For document-
level NER tasks, this property is essential because each new document induces a separate
graph built from its mentions and the links between them. Attention-based graph networks
provide a further extension of this approach: P. Veli¢kovi¢ and co-authors [28] proposed an
architecture that assigns learnable attention coefficients to different neighbors. Graph-based
approaches have also been applied to broader information-extraction tasks: Y. Qian and
co-authors [29] used a graph structure to model interaction between text elements, while a
two-stage mention-level heterogeneous graph attention framework has been proposed for
long-distance document-level relation extraction [30].

The work most closely related to the present study is that of P. Chen and co-authors [21],
who applied graph neural networks directly to model interactions between entity mentions.
The authors formed a graph connecting mentions through coreferential and syntactic links
and propagated information between connected nodes using a graph attention network.
This approach demonstrated a performance improvement: on the AnatEM corpus, Fl-score
rose from 83.53 to 84.41, and on the MARS corpus from 89.95 to 90.57 [21]. These results
illustrate the potential of explicitly modeling links between mentions. At the same time,
the proposed architecture simultaneously introduces graph links and additional neural
components, so such a comparison does not isolate how much of the performance gain is
attributable specifically to the link structure and how much to increased model capacity.
This question is central to the present study.
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The main characteristics of the reviewed approaches are summarized in Table 1.

Table 1. Comparison of approaches using links between mentions in named-entity recognition.

Mechanism of Using Document . Model with

Work Corpus Information Baseline, F1 Links, F1 F1, pts.

(a) Document-level approaches

Ma, Hovy [22] ~ CoNLL-2003 Sentence-level context, no — 91.21 —
document links

Alkbiketal [17] CoNLL-O3EN 2g8regation of representationsof gy g6y 008 93184009  +0.32
identical text strings

Schweter, CoNLL-03EN  document features and 92794010  93.64+0.05  +0.85

Akbik [18] extended context ’ ) ’ ’ ’

Gui et al. [19] CoNLL-2003  \abel consistency between mentions 91.21 92.13 +0.92
in a document
interaction of tokens of

Hu et al. [20] CoNLL-2003 . . 90.92 91.92 +1.00
multi-token entities

Chenetal. [21]  AnatEM coreferential and syntactic edges, 83534032 84414024  +0.88
graph attention

Chenetal. [21]  MARS coreferential and syntactic edges, 8995+064 9057+047  +0.62
graph attention

(b) Baseline models for the Ukrainian language

Chaplynskyi, no explicit document links, L 0.90/0.89

Romanyshyn [11] NER-UK 2.0 RoBERTa-large (P/R)

Radchenko, no explicit document links,

Drushchak [12] ~ NERUK20 R BERTa-large-NER - 0-890 -

Note: Chaplynskyi and Romanyshyn [11] report precision (P) and recall (R) across all classes, so no directly

comparable F1-value is available.

The reviewed works share two common features. First, the performance gain from
using document context and links between mentions remains relatively small and, in the
experiments reviewed, ranges from 0.32 to 1.00 percentage points of the Fl-score. Second,
in most studies, the baseline model differs from the model with additional links not only in
how contextual information is used but also in architecture, number of layers, or number
of parameters. In the present study, we define a matched-parameterization baseline as
a model that instantiates the same head and nominal parameters as the corresponding
graph model but does not exchange information between mentions. This controls nominal
parameterization and non-structural inputs, but not effective predictive capacity: neighbor
transformations cannot influence the no-edge model. The comparison is therefore comple-
mented by topology interventions that retain an active neighbor branch while changing or
removing its messages. An additional limitation of the reviewed studies is the absence of a
graph-structure control based on a random-topology check, with inter-mention links ran-
domly permuted while node degrees are preserved. Such a control experiment determines
whether the observed effect depends on meaningful link structure or can be explained
merely by propagating and aggregating information between neighboring nodes.

Thus, the unresolved scientific and practical problem is to determine the specific contri-
bution of inter-mention links to mention-type classification performance when boundaries
are known, establish the conditions under which such a contribution arises, and identify
the groups of mentions for which the use of document structure has a practically significant
effect. For the Ukrainian language, in particular, on the NER-UK 2.0 corpus, this problem
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has not been systematically studied. Addressing it requires an experimental design that
compares models under controlled conditions using a matched-parameterization baseline,
a random-topology check of the graph, and controlled weakening of the local context of
individual mentions.

3. Aim and Objectives of the Study

The aim of the study is to conduct a controlled evaluation of the effect of inter-mention
links on named-entity type classification in Ukrainian-language texts and to establish the
conditions under which document-level information transfer is warranted.

Unlike prior studies that typically compare a graph model with a baseline model
of a different architecture, the present study holds the head parameterization, nominal
parameter count, non-structural inputs, and training-data volume fixed. It combines this
matched-parameterization baseline with degree-preserving edge shuffling and controlled
weakening of a target mention’s local context. Because the neighbor branch is inactive
without edges, this design does not claim equality of effective predictive capacity; instead,
the topology controls test link placement while the active graph branch is retained.

To achieve this aim, the following objectives were pursued:

*  Define a system of metrics and control experiments that evaluates graph-edge effects
under fixed nominal head parameterization, non-structural inputs, and training-
data volume.

¢ Implement a conventional graph-refinement head for known mention boundaries
within a controlled evaluation that separately analyzes link structure and the avail-
ability of local context while explicitly documenting the capacity-control boundary.

*  Conduct an experimental study on NER-UK 2.0 using a matched baseline, control
topologies, exact and lemma-normalized edge rules, and controlled weakening of
local context.

e  Establish the conditions under which graph-based refinement is warranted, identify
the mention groups showing the strongest effects, and formulate practical recommen-
dations for applying the method.

Each objective corresponds to a research question; the answers are summarized in
Section 6.8:

¢  RQ1: does graph-based refinement improve macro-F1 relative to the baseline with
matched head parameterization;

¢ RQ2: can the graph recover lost local context using information from linked repeated
mentions;

*  RQ3: how do the edge-construction rules, their class compatibility, and the specific
link structure affect the result;

*  RQ4: which mention groups exhibit the strongest effect of graph-based refinement.

4. Materials and Methods

The evaluated pipeline consists of five sequential stages: mention formation and
normalization, local mention encoding, construction of the document graph representation,
type refinement by the graph model, and training and result generation. The overall
sequence is given in Table 2.

The task is formalized as follows. Let a document D consist of sentences. After man-
ual annotation, or after processing by a separate boundary-detection module, the set of
mentions M is known. Each mention m; is specified by a sentence number and start and
end positions. Its correct type y; belongs to a finite set of classes ). The task is to construct
a parameterized function

https:/ /doi.org/10.3390/app162010121
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fo: (D,M) = (1,0, 00), i€V 1)

that classifies all known mentions. Boundary errors are neither evaluated nor corrected.
Stage 1. Mention formation and normalization. This stage converts the document into a
representation suitable for graph construction. The inputs are the document text and the
known mention boundaries.

Table 2. Overview of the evaluated pipeline for graph-based refinement of named-entity mention
types. Mention boundaries are assumed known and come from an external module or annotated
corpus; the pipeline performs local encoding, graph construction, and type refinement.

Stage Steps
1.1 Sentence segmentation and tokenization;
Stage 1. Mention formation and normalization 1.2 Reading mention boundaries;

1.3 Deterministic normalization of the surface form

Stage 2. Local encoding of mentions

2.1 Context-window formation;

2.2 Mention-vector formation;

2.3 Computation of the initial type distribution;
2.4 Node-feature formation

3.1 Exact surface-repeat edges;

Stage 3. Construction of the document 3.2 Shared-sentence edges;

graph representation

3.3 Text-proximity edges;
3.4 Rule union and duplicate removal

4.1 Projection of node features to a shared dimensionality;
4.2 Computation of the mean neighbor representation;

Stage 4. Type refinement by the graph model 4.3 Controlled residual update of the node representation;

4.4 Computation of the correction to the local
log-probabilities and of the final type distribution

Stage 5. Training and result generation

5.1 Training of the local model;

5.2 Formation of initial local distributions by cross-fitting;
5.3 Separate training of the graph module with weighted
cross-entropy loss

Step 1.1. Sentence segmentation and tokenization are performed by a single script
using an unchanged configuration for all data splits.

Step 1.2. Reading mention boundaries. The method does not detect boundaries; it
receives them from an upstream module or from the annotation.

Step 1.3. Deterministic normalization of the surface form. Normalization is defined as
a composition of deterministic operators:

norm = mocgoA 2)

where 7T lowercases the string, o unifies whitespace and quotation marks, and A strips outer
punctuation. The operator norm is idempotent, i.e., norm(norm(x)) = norm(x), and does
not depend on the data split, thereby ensuring identical edge construction for the training,
validation, and test splits. Normalization is used only for matching surface forms during
graph construction and does not change the textual representation supplied to the encoder.
Exact normalization remains the main configuration. A post-review control additionally
applies token-level Ukrainian lemmatization, defined below, so that its added coverage
and possible analyzer errors can be measured rather than assumed.

This stage yields a set of mentions with normalized forms and preserved boundaries.

Stage 2. Local encoding of mentions. This stage constructs node features that are
identical for all compared models. The input is the result of Stage 1.
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Step 2.1. Context-window formation. For a mention m; from sentence s, the window
is constructed as
w; = clip-(s(m;), m;), t; = truncy (tok(w;)) 3)

where clip- limits sentence s to C characters, centering the window relative to the mention if
the sentence is longer; tok is subword tokenization, and truncy, truncates the sequence to L
subwords. The resulting sequence is fed to a multilingual transformer encoder with frozen
parameters, so the representations h; are identical for all compared models. The values of
C and L and the encoder version are specified in Section 5.4.

Step 2.2. The mention vector is formed by averaging the last hidden states of its
subwords and then normalizing by the Euclidean norm:

1 Ci
Ci Yol o = ——— (4)

T & max (&2,
Step 2.3. The initial type distribution is computed by the local classifier:

2%¢ = W, Dropout(ReLU(Wic; + by)) + by, plo¢ = softmax(z1°%) (5)

i
Step 2.4. Node features are formed as follows:

xi=[ci | pi il i) 6)

where r; consists of three features that do not require graph construction: the number of
characters in the mention, the normalized index of its sentence within the document, and a
capitalization indicator. The binary indicator g; marks the known intervention regime: it
equals one for artificially weakened mentions in the flagged controlled scenarios and zero
in the intervention-free evaluation. For those weakening scenarios, individual models are
trained on data in which g; = 1 for weakened training mentions, so this feature is observed
during training rather than introduced only at test time. It does not encode the gold label;
instead, it informs the model that artificial degradation has been applied. The original
controlled experiment therefore evaluates recovery under explicitly flagged weakening
rather than robustness to unflagged natural noise.

To quantify dependence on this cue, an otherwise matched constant-indicator control
was added. The feature column and full head parameterization were retained, but g; = 0
for every training, validation, and test mention. Both Ny and Gy, were retrained in this
condition; the local embeddings, local-classifier probabilities, weakening masks, target
selections, optimization seeds, and evaluation rules were identical to those in the flagged
condition. Thus, the control removes the explicit cue without introducing a test-only
distribution shift or changing the nominal input dimensionality. The number of repeats,
node degrees, and other adjacency characteristics are not included in the node features in
loc

either condition. The vector p;

of the local prediction distribution.

conveys not only the most likely label but also the shape

This stage yields the document’s node-feature matrix.

Stage 3. Construction of the document graph representation. This stage explicitly
defines which mention pairs are permitted to exchange information. For each document,
a separate undirected graph G = (V, E) is built, with node i € V corresponding to mention
m;.

Step 3.1. Exact-repeat edges based on normalized surface form:

Erep = {{i,j} : norm(m;) = norm(m;), i < j} @
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As an alternative rule, the post-review morphology control tokenizes the normalized
mention into word and non-space punctuation tokens. Each word token is replaced by
the normal_form of the highest-ranked analysis from pymorphy3 2.0.6 with the Ukrainian
dictionary 2.4.1.1.1663094765; punctuation is retained and the resulting sequence is joined
deterministically [31,32]. Denoting this context-free operator by lem, the alternative edge
set is

Etem = {11, j} + lem(m;) = lem(m), i < j}. ®)

Both Eyep and Ej,,, form complete undirected cliques within matching groups and are
constructed separately in every document without using labels, predictions, or manual
audit decisions. The analyzer’s first-ranked parse is used without split-specific tuning or
correction. Because this analysis is context-free, ambiguous common nouns and proper
names can receive incorrect lemmas; the alternative is therefore evaluated as a coverage—
quality trade-off rather than treated as ground-truth coreference.

Step 3.2. Shared-sentence edges:

Esent = {{i, ]} : sent(m;) = sent(m;), i < j} )

Step 3.3. Text-proximity edges are created using a 50-token threshold fixed on the
validation sample before test evaluation. The position of a mention is taken as the arithmetic
mean of the indices of its first and last tokens, and the distance dist as the absolute difference
of positions:

Eprox = {{i,j} : dist(m;, m;) <50, i <j} (10)

Step 3.4. The edge sets are merged and duplicate edges are removed:
Ecomp = Esent U Erep U Eprox (11)

If a pair of mentions satisfies several rules, a single edge is kept. No self-loops are
added to the graph: the mention’s own representation enters the graph layer through a
separate self-update and a residual connection (Step 4.3), so the neighbor mean in Step 4.2
contains only other mentions. The graph is built independently for each document, so edges
never connect mentions from different documents; this excludes message passing between
the training, validation, and test splits and corresponds to the real scenario of processing a
new document. The exact-repeat rule only approximates entity identity: identical spelling
often, but not always, denotes the same object. Shared-sentence and proximity edges encode
textual co-occurrence, not semantic relatedness or coreference, and can connect mentions
of different types. None of these rules captures arbitrary paraphrases, aliases, or general
semantic relations; the lemma control extends matching mainly to inflectional variants,
together with any other forms that receive identical token-level lemmas. The model must
therefore learn whether a neighbor’s context is useful rather than simply copy its prediction.

This stage yields the document’s mention graph.

Stage 4. Type refinement by the graph model. The graph head follows the inductive
GraphSAGE principle of neighbor averaging [27] and applies a controlled residual correc-
tion to the fixed local distribution. In the final protocol, all compared graphs are passed
through a single adjacency channel; the rule type affects the edge composition but is not
added as a separate feature.

Step 4.1. Node features are projected to a shared dimensionality:

1 = Dropout(ReLU(Wox; + bo)) (12)

i
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Step 4.2. The mean neighbor representation is computed as follows:

,© ,
a; = IN()IZJEN(I - W10 (13)

0, V(@) =
Step 4.3. The node representation is updated using a controlled residual connection:

8i = sigmoid (w, [hl(o \|ai] + bg), = Wsh, A + giWna; + bs

0) (14)

hl(l) = LayerNorm (h; ! +Dr0p0u’i(ReLU(”i)))

Step 4.4. The correction to the local log-probabilities, the final type distribution, and the
predicted label are computed as follows:

v = Sigmoid(wjhfl) +b),  zP =slogmax(plc,e) + ’yi(Wchgl) +b)

1
p:” = softmax(z"), 7 = arg ryr.lga;)( pl (15

The scalar g; controls the contribution of the neighbors within the graph layer, and «;
controls the magnitude of the final correction. In zlr-p , § is a single learnable scalar that
multiplies the vector of local log-probabilities; the logarithm and the maximum with
¢ = 107 are applied element-wise, so zero probabilities do not produce infinite values.
The superscript “rp” denotes the refined prediction. The matched-parameterization model
Nj instantiates the same parameters but has no inter-node edges, so a; = 0 for every node.
Consequently, W, and the neighbor gate cannot influence its predictions even though their
parameters are included in the nominal total. The contrast with Ny therefore holds the
head parameterization, nominal parameter count, and non-structural inputs fixed, but does
not establish equal effective predictive capacity. Degree-preserving topology shuffling
and message-removal interventions provide complementary comparisons that retain the
trained graph branch.

This stage yields the refined type distribution for each mention.

Stage 5. Training and result generation. The implementation is modular, so the graph
module can be integrated into an existing system without redefining mention boundaries.

Step 5.1. The local model is trained on the training split.

Step 5.2. Initial local distributions for the training nodes are generated using a cross-
fitting scheme: the training documents are split into several folds, and the prediction for
each document is obtained from a model trained without the fold to which that document
belongs. Thus, the local model never provides a prediction for a document on which it was
trained, so the training features are not optimistically biased. For the validation and test
splits, the local model trained on the entire training split is used. The number of folds is
given in Section 5.4.

Step 5.3. The graph module is trained separately using a weighted cross-entropy loss:

Y|
Z c]log pl g (16)

&MZ

where N is the number of training mentions; ¥[y; = c| is the correct-label indicator; p?fé
is the predicted probability of class c; and w is a class weight inversely proportional to
the square root of its frequency in the training split. Training is stopped early based on
validation performance.
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This stage yields a trained type-refinement model. End-to-end fine-tuning of the
encoder is not part of the method, so the observed differences between configurations
cannot be attributed to configuration-specific encoder adaptation during training.

5. Experimental Study
5.1. Study Design and Experimental Protocol

The original study comprised two stages. The first stage was an exploratory analysis:
on the official test split, the local model and graph variants were compared without
matching the number of classifier parameters. Its results were used to generate hypotheses
and refine the design. Before the second stage, the set of models, the list of contrasts,
the practical-significance thresholds, the seeds, and the analysis rules were fixed; no
subsequent changes were made to that second-stage plan. These rules were fixed before
the second-stage analysis but were not externally preregistered.

A key limitation is that both original stages used the same official test split. The second
stage is therefore a fixed, repeated analysis of a previously inspected test set rather than an
independently confirmatory experiment or external replication. This also applies to the
practical-significance thresholds: they were fixed before the second stage but selected after
the first-stage results had been inspected. The constant-indicator and morphology controls
were subsequently designed in response to peer review. For each, the protocol, software
versions, seeds, contrasts, and decision rules were fixed before the new models were trained
and before the new test outcomes were inspected. Nevertheless, the same test split and the
original results were already known, so both additions are controlled post-review analyses
rather than independent confirmations. Confidence intervals and p-values characterize
variability across documents, target-selection realizations, and training runs within this
dataset, but they do not account for uncertainty introduced by prior test-set inspection.
Independent confirmation requires a new corpus or an untouched split; this limitation is
restated in Section 7.5.

We distinguish two concepts below. A model configuration is a combination of
classification head architecture, graph regime, and training scenario. A training run is
one optimization run of a specific configuration with a specific seed. Absolute metric
values are reported as the mean and standard deviation over the training runs of a single
configuration, whereas contrasts are reported as differences between the mean metric
values of two configurations.

5.2. Data and Preprocessing

The official NER-UK 2.0 corpus in Brat Standoff format [11] was used, fixed at re-
vision 7772b458 07453854 883a8e6d 23e4d145 014ala42 and distributed under the CC BY-
NC-SA 4.0 license. All 13 classes and all nested mentions were retained, so the scheme
was not simplified on the basis of prospective test results. In total, 560 documents,
18,339 sentences, and 21,993 mentions were processed. Based on the document-level
frequency of each normalized form, 14,960 mentions belong to forms occurring once, 3138
to forms occurring twice, and 3895 to forms occurring at least three times. Splitting was
performed only at the document level, so no document or fragment thereof appears in
more than one split. The official test split was left unchanged; from the 391 documents
of the official split, 333 training and 58 validation documents were formed for develop-
ment, preserving genre quotas. A five-gram Jaccard-similarity check found no duplicate
documents across the splits. The composition of the splits is given in Table 3.

Exact-repeat coverage is the proportion of mentions whose normalized surface form
occurs at least twice in the same document; it is not the recall of links between mentions
of the same entity. Table 4 reports this coverage by annotated type. The Brat annotations
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no edge formed:
“Kateryny” # “Kateryna”

provide mention spans and types but no entity identifiers or coreference chains, so true
same-entity link recall cannot be computed automatically from this corpus.

To characterize aspects not captured by coverage alone, a descriptive manual audit
was conducted on 100 uncovered test mentions selected by a fixed SHA-256 ordering
before their content was inspected. Complete documents and all same-type mentions
were reviewed. No clearly identifiable coreferent was found for 69 mentions; 14 had a
clear inflectional variant, 10 an abbreviation or shortened/expanded name, 5 another
lexical variant, and 2 were uncertain. Thus, a clear missed coreferent was identified for
29/100 audited mentions (Wilson 95% interval 21.0-38.5%). This single-auditor sample is a
descriptive estimate rather than a gold-standard coreference annotation, but it makes the
coverage limitation concrete: many uncovered mentions have no identifiable counterpart in
the document, while morphology and name variation account for a non-negligible subset
of missed links.

To illustrate the experimental application of Stage 3, Figure 2 shows the graph con-
structed for document bruk/f958ce8bb461. In this corpus example, an exact-repeat edge
connects a mention with informative surrounding context to another occurrence lacking
lexical context, while shared-sentence edges connect mentions of different types. A sub-
stantive discussion of the example and the resulting limitations for Ukrainian is given
in Section 7.1.

Document bruk/f958ce8bb461, NER-UK 2.0 corpus

Sentence 2

“In a collection of scholarly papers ... edited by Helinada Hrinchenko,
Kateryny Kobchenko, and Oksana Kis (Kyiv, 2015), studies by
Ukrainian researchers are presented ...”

Kateryny Kobchenko Kyiv
PERS (genitive) LOC
Sentence 11
“Kateryna Kobchenko — Ph.D. in History, senior researcher at the Center
for Ukrainian Studies ... of Taras Shevchenko National University,
member of the Ukrainian Association of Women'’s History Researchers.”
]
%
. .. &
Kateryna Center for Ukrainian Ukrainian As- =
. . . 9
Kobchenko Studies ... sociation ... g
PERS (nominative) ORG ORG
N ~ - A ~ P
Shm—'.cg s_un_’tuTic_c:-gzld types differ — the noi;hIm_r': l;bZI_ca-l-wn-nt be copied
Sentence 12 Kyiv

LOC

Figure 2. Experimental example of a mention graph constructed using the Stage 3 rules for document
bruk/f958ce8bb461 of the NER-UK 2.0 corpus.

Table 3. Composition of the NER-UK 2.0 corpus document splits.

Split Documents Sentences Mentions Classes
Training 333 10,402 12,799 13
Validation 58 2175 2263 13
Test 169 5762 6931 13

https:/ /doi.org/10.3390/app162010121


https://doi.org/10.3390/app162010121

Appl. Sci. 2026, 16, 10121

15 of 35

Table 4. Coverage of test mentions by exact normalized-repeat edges, by entity type. Each cell reports
covered mentions/all mentions (percentage).

Type Covered/All Coverage Type Covered/All Coverage
ART 46/237 19.41% DATE 53/599 8.85%
DOC 4/40 10.00% JOB 214/659 32.47%
LOC 254/821 30.94% MISC 40/142 28.17%
MON 35/325 10.77% ORG 557/1548 35.98%
PCT 17/90 18.89% PERIOD 9/185 4.86%
PERS 1138/2186 52.06% QUANT 18/89 20.22%
TIME 0/10 0.00% All 2385/6931 34.41%

In the test split, the rare class TIME has 10 mentions, and DOC has 40, so class-level
conclusions for them require particular caution.

5.3. Compared Model Configurations

The set of compared configurations and the role of each in the study are listed in Table 5.
The division into baseline, trained graph, oracle-diagnostic, and control configurations is
part of the evaluation design: without it, the observed gain cannot be attributed to a specific
source. The oracle-diagnostic configurations use correct test labels to construct edges or
form messages, so they are not suitable for deployment and are used only as gold-informed
diagnostic references for the conditional gain under a label-compatible edge composition.

All configurations of the matched family No, Grep, Giems Geombs Geleans Ggolds and Gy
instantiate the same 185,747 nominal parameters, the same single-layer controlled residual
head, and the same node features, which do not include graph characteristics. Thus,
the contrasts Grep — Nog and Gy, — Ny control the nominal parameterization and non-
structural inputs. However, they do not equalize effective predictive capacity: with a; = 0,
the active neighbor projection and gate cannot affect Ny predictions. We call the difference
of mean metric values between two configurations a contrast. The baseline Ny was trained
separately rather than obtained by removing edges from an already trained graph model;
message removal from a trained model is used only as a counterfactual intervention.

Table 6 makes the capacity boundary explicit. The implementation retains four relation
branches to keep one shared head definition, but the final single-channel configurations
populate only one branch. The three reserved branches are therefore inactive for Ny, Grgp,
and Gj,,,. The 128 input-projection weights attached to the g; column can influence pre-
dictions only when g; varies, that is, in the flagged context-weakening scenarios. Of the
185,747 nominal parameters, 119,183 can therefore influence Ny predictions and 135,824
can influence Gy predictions in the flagged scenarios, whereas 119,055 and 135,696 can
do so whenever g; is constant: in all intervention-free configurations used for RQ1, E12-M,
E14, and E15, and in the constant-indicator control E13-R. In every regime, the graph mod-
els have 16,641 additional prediction-influencing parameters. These counts characterize
computational paths, not independently estimated statistical degrees of freedom.

The simple alternative Ay, does not train a graph head. It post-processes the output
distribution pZNU of the separately trained Ny from the same seed and scenario, mixing it
with the mean Nj distribution of the eligible neighbors N*(i) C N (i):

ph=(1-a)p™ +a Y, p N >0 (17)

1
VO

If N'*(i) is empty, the Ny prediction is kept unchanged. On intervention-free data, all
nodes are updated and all graph neighbors are eligible; « is selected on validation macro-F1.
In the context-weakening scenarios, only target mentions are updated, neighbors whose
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context was weakened by the intervention are excluded from N*(i), and « is selected on
validation target accuracy. This exclusion uses the known intervention mask even when
g; is held constant. It does not affect target-only weakening because each target’s repeat
neighbors are intact by construction. Under whole-component weakening, however, every
target loses all eligible neighbors, so Ay, coincides with Ny by definition rather than as
an empirical result. The coefficient « is chosen from the fixed grid {0,0.25,0.50,0.75,1}
separately for each graph regime, scenario, and seed. A;,,, applies the same intervention-
free procedure to Ej.,,. The graph G, is obtained by removing from G, all edges
between mentions with different gold types. In G4, mentions are ordered within each
document-gold-type pair and connected to the mentions one and two positions later in
this order, so the maximum undirected degree equals four. Gold-label voting replaces the
local distribution with the frequency distribution of the neighbors’ gold labels, and in the
absence of neighbors, leaves the Ny prediction unchanged. All three constructions use
test labels, i.e., they encode part of the answer in the edges or messages, and serve only
as oracle diagnostics that are unavailable at deployment. They evaluate the conditional
potential of the model given label-compatible links, but do not show that the corresponding
links can be recovered from features available without gold labels.

Table 5. Compared models and their role in the study.

Notation Role Edges Parameters = What It Tests
Mjpe lower reference bound none other head quality of a simple head
over the frozen encoder
Ny matched baseline model none 185,747 qgahty of the matcheq head
without message passing
A simple averaging of Ny exact repeats no added whether a complex network
rep outputs p parameters  is needed to transfer context
effect of morphology-aware
. . no added .
Alem simple averaging control lemma repeats coverage without a learned
parameters
graph head
G trained graph model exact repeats 185,747 contribution of links
ep stap p ’ between exact repeats
effect of a
Glem morphology control lemma repeats 185,747 morphology-aware
alternative edge rule
G broader graph repeats, sentence, proximity 185,747 impact of a broader but
comb ’ ’ ’ noisier edge composition
G oracle diagnostic (not union after gold-label 185 747 joint effect of filtering and
clean deployable) cleaning ’ altered graph structure
oracle diagnostic (not potential under
Cgotd deployable) sparse edges by gold labels 185,747 label-compatible links
G random-topology control shuffled, degree-preservin, 185,747 whether the specific
shuf pology s degree-p & ’ links matter

Graph structure is controlled using degree-preserving randomization: edges are shuf-
fled only within a document so that the node set V, the number of edges |E|, and the degree
of every node are preserved, while the semantic correspondence between neighboring
mentions is disrupted; self-loops and repeated edges are not allowed. Five predefined
topology realizations with seeds 907, 1009, 1103, 1201, and 1301 were used. Edge label
homogeneity is defined as
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{(G)) € E:yi =y}
|E|

hom(E) = (18)

Because of the high initial homogeneity of the exact-repeat graph, even the shuffled
graph remains fairly homogeneous. This control is therefore conservative and should
be interpreted as a degree-preserving random-topology control rather than as a fully
label-neutral random graph.

Table 6. Layer-wise parameter breakdown for the matched-parameterization head. “Yes” means that
the group can influence predictions in the specified configuration.

Parameter Group Parameters No Grep! Glem
Input projection Wy, by, excluding the g; column 100,480 yes yes
Input-projection weights on the g; column 128 if g; varies  if g; varies
Self update W, bs 16,512 yes yes
Active neighbor projection W, 16,384 no yes
Active neighbor gate wq, by 257 no yes
Three reserved inactive relation branches 49,923 no no
Layer normalization 256 yes yes
Correction projection W¢, b, 1677 yes yes
Correction gate we, b, 129 yes yes
Local-logit scale s 1 yes yes
Nominal total 185,747 185,747 185,747
Prediction-influencing total, q; varies (flagged weakening) — 119,183 135,824
Prediction-influencing total, g; constant (all other regimes) — 119,055 135,696

5.4. Training Setup and Reproducibility

A frozen FacebookAl/xIm-roberta-base model was used as the encoder; the encoding
batch size was 48 mentions. Freezing was a deliberate control choice: every downstream
configuration received identical local representations, so changes in the measured contrasts
could not be attributed to configuration-specific encoder adaptation. The local context win-
dow was limited to C = 900 characters and the tokenized sequence to L = 256 subwords
(Step 2.1). To generate the initial local distributions of the training nodes (Step 5.2), the train-
ing set was split into five document folds. The local multilayer perceptron used a hidden
dimensionality of 128, dropout of 0.15, a learning rate of 0.005, a weight-decay coefficient
of 10~#, and was trained for 120 epochs. The graph head used one controlled residual layer,
hidden dimensionality 128, layer normalization (LayerNorm), dropout of 0.20, a learning
rate of 0.003, a weight-decay coefficient of 10~#, a maximum of 200 epochs, early stopping
after 25 epochs without improvement, and gradient-norm clipping at 5. Adam, W [33] was
used for both heads.

Ten optimization seeds were used (17, 29, 43, 59, 71, 89, 101, 113, 127, 149). In the original
second-stage protocol, 20 graph-head configurations were trained per seed: four training-data-
volume scenarios (10%, 25%, 50%, 100%) and two controlled-weakening scenarios (surface-
context weakening and replacement with the prior distribution)—six training scenarios in total;
in each scenario Ny, Grp, and Ggold were trained (3 models x 6 scenarios = 18 configurations),
and in the full-data-volume scenario Gy, and Gj,,, Were additionally trained (2 more
configurations). The constant-indicator analysis added four heads per seed: Ny and Grep
retrained separately with the indicator enabled and held constant. Local models and
out-of-fold probabilities were shared between the two indicator regimes within a seed.
The morphology control added three intervention-free heads per seed—Ny, Gyp, and
Gje—trained together with q; = 0 and validation macro-F1 as the early-stopping criterion.
The revised total is therefore 270 graph-head training runs:
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200 + 10 x (2 indicator regimes) x (2 heads) 4 10 x (3 morphology-control heads) = 270. (19)

Five realizations of target-mention selection and controlled corruption (101, 211, 307,
401, 503) and five realizations of random topology (907, 1009, 1103, 1201, 1301) were applied
when evaluating already-trained models and did not involve retraining. Simple averaging
Aprep and Ajp, add no trainable parameters to the separately trained Np; Gy, uses the
trained Gy, model with a shuffled topology. The averaging coefficient was selected per
seed from {0,0.25,0.50,0.75,1} on validation macro-F1 in intervention-free scenarios and
on validation target accuracy in context-weakening scenarios. Computation was performed
on an NVIDIA GeForce RTX 4070 SUPER GPU. The post-review runs used Python 3.12.14,
NumPy 2.3.5, PyTorch 2.13.0 with CUDA 13.0, and Transformers 5.14.1; the morphol-
ogy run additionally fixed pymorphy3 2.0.6 and pymorphy3-dicts-uk 2.4.1.1.1663094765.
Configuration and source checksums, checkpoints, selections, predictions, and structural
statistics were stored with the run manifests.

Run settings, the mention lists for each group, the target-mention selection, predictions,
model states, and raw metric values were all stored. Reproducibility checks included the
document split, feature identity, the absence of self-loops and repeated edges after shuffling,
and the invariance of the test split.

5.5. Metrics and Statistical Analysis

We use the following metric definitions: precision—the fraction of predictions assigned
to a class that are correct; recall—the fraction of true instances of a class that are correctly
identified; accuracy—the fraction of mentions whose type is classified correctly; macro-
F1—the macro-averaged Fl-score across classes. To avoid conflating concepts, macro-
averaged precision and recall are hereafter called macro-precision and macro-recall.

The main metric for the intervention-free test is macro-F1. This choice reflects the fact
that the corpus contains classes with substantially different frequencies (from 40 mentions
of class TIME to 6235 mentions of class PERS), and macro-averaging gives equal weight
to every class regardless of its frequency; this is particularly important since the rare
classes have the greatest room for improvement. Accuracy, macro-precision, macro-recall,
and per-class metrics are additionally considered. For the controlled tasks, the main metric
is accuracy on 800 predefined target mentions.

The practical-significance thresholds are 0.010 for macro-F1 and 0.005 for accuracy.
They were fixed before the original second-stage analysis, after the first-stage test results
had been inspected; the same accuracy threshold was fixed in the written constant-indicator
protocol before the new control models were trained. These thresholds were not externally
registered. They represent the minimum point-estimate changes considered sufficient
to justify additional graph-based processing: 0.010 corresponds to the upper end of the
0.0032-0.0100 gains reported for document-level NER in Table 1, and 0.005 means at least
half a percentage point of accuracy. We report separately whether a 95% confidence interval
excludes zero and whether the point estimate exceeds the relevant threshold; neither
criterion is described as independent confirmation.

The contrast of two configurations is computed as

A(A,B) = F(A) — F(B) (20)

where F(-) is the value of the corresponding metric. The point estimate is the mean paired
difference over optimization seeds. Uncertainty was estimated with a paired crossed boot-
strap: in replicate b, optimization seeds and test documents are independently resampled
with replacement, documents are stratified by text source, and corruption realizations are
resampled within a seed; the same bootstrap samples are used for all components of a
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given contrast. The bootstrap realization of the contrast and the 95% confidence interval
are defined as

A®) (A, B) =F®)(A)—F®)(B),  b=1,...,B, B=20,000 1)

Closo, = [Qoo25(AY), Qoors(A)] (22)

where Q; is the g-th sample quantile of the bootstrap distribution. For macro-F1, in each
replicate, the per-document confusion matrices were summed and the metric was re-
computed over all 13 classes; mentions were not resampled independently. Two-sided
p-values were computed from the centered null distribution with a correction for the finite
number of replicates. The Holm correction [34] was applied separately within the five
original second-stage families E11-E15. The constant-indicator protocol defined a separate
three-contrast primary family: the unflagged Gy, — Np gain, the indicator-dependence
interaction, and the target-only versus whole-component interaction. The morphology
protocol defined a separate two-contrast primary family: Gy, — Grep and Gy, — Np in
macro-F1. Its 0.010 practical threshold, ten seeds, 20,000 bootstrap replicates, analyzer
versions, and full-test evaluation mask were fixed before the lemma graph was constructed
or new models were trained. Corrected values are denoted p,g4;. Reference contrasts outside
these families are identified as secondary or descriptive. For each reported secondary pag;
value, the Holm correction was applied within the corresponding predefined secondary
family, as specified in the text. Absolute estimates are reported without selecting the best
run [35]. All metric values and contrasts are reported to four decimal places, and p-values
to three.

5.6. Controlled Experiments with Context Weakening

The intervention-free test assesses overall practical performance but provides only
a weak test of context transfer: most mentions are already correctly classified locally,
and exact-repeat edges cover only 34.41% of test mentions. Controlled tasks were therefore
added. In each of the 800 exact-repeat groups, one target mention was selected without us-
ing the label; the selection rule is based on the SHA-256 hash function, with five predefined
realizations. The quantitative characteristics of these groups, which determine potential
scope for graph-based information transfer, are given in Table 7.

Table 7. Characteristics of the controlled task on the 800 target mentions of the test split.

Characteristic Value
Number of exact-repeat groups in the test split 800
Number of target mentions (one per group) 800
Number of mentions in repeat components 2385
Fraction of test mentions covered by repeat edges 34.41%
Exact-repeat edges in the test split 5008
Label homogeneity of the exact-repeat graph 0.9970
Groups with disagreement among gold repeat types 12 (1.50%)
Fraction of target mentions misclassified by Ny with clean context 9.67%
Fraction of target mentions misclassified by Ny after context weakening 17.80%

The last two rows characterize the potential for recovery: after weakening the context
of the target mention, the matched baseline model errs on approximately 17.8% of targets,
and in almost all groups (98.50%) at least one undamaged repeat has the same gold type
and can therefore potentially provide useful context.

For each weakening type, configurations Ny, Gr.p, and Ggo 14 were trained separately: in
the training and validation splits, one target mention from each repeat group was weakened
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and gq; was set to 1, so the intervention indicator was observed during training. In the
target-context-weakening regime, the text of the mention itself is preserved, but the external
context in its window is replaced with blanks, while other repeats remain clean. In the
component-context-weakening regime, the same model trained under target weakening
is evaluated without retraining, but context is removed and g; = 1 is set for all mentions
of the component. The difference between the regimes tests the dependence of the target
mention’s prediction on undamaged evidence in its neighbors under explicitly flagged
intervention. It does not evaluate robustness to unflagged natural context degradation,
and the component-weakening pattern is used only as a diagnostic test because it changes
the one-weakened-target training pattern to multiple weakened neighbors. In the strictest
regime (prior substitution), the vector representation of the target mention is zeroed and its
local probability vector is replaced by the class-frequency distribution computed exclusively
from the training data.

The constant-indicator control repeats the target-context and component-context con-
ditions with g; = 0 for every mention during training, validation, and testing; the prior-
substitution regime was not repeated. Ny and Gy are retrained separately in both the
flagged and constant-indicator regimes using the same 10 optimization seeds. The five test
target-selection realizations, training target seed 314,159, validation target seed 161,803,
weakening operations, early-stopping rule, and 800-target evaluation mask are unchanged.
Apep is retained as a reference without additional trained parameters; « is selected on
validation target accuracy separately for each indicator regime and seed. As described in
Section 5.3, it excludes weakened neighbors using the intervention mask; this matters only
for whole-component weakening, causing A, to equal Ny by construction. The flagged
heads in this run also provide a same-environment replication of the original E13 contrast.
Because the official test split had already been inspected, the control is interpreted as a
post-review controlled robustness analysis.

The protocol covers the five original experiment groups E11-E15 and the two post-
review controls E12-M and E13-R, each testing a specific stage of the method (Table 8).

Table 8. Correspondence between experiment groups and method stages.

Group What It Tests Composition Method Stage
E11 oracle potential of gold-label graph, averaging over the gold Stage 3—gold-informed
label-compatible links graph, gold-label voting diagnostic reference
E12 practical quality and t.h-e Ny, repeat graph, rule union, cleaned Stage 3, Steps 3.1-3.4
effect of edge composition graph, averaging
morphology-aware matched Nj, exact-repeat and lemma-repeat Stage 1 normalization and
E12-M . .
alternative edge rule graphs, separate averaging controls Stage 3.1
clean context, target weakening, component
E13 mechanism of weakening, prior-distribution substitution, Stace 4 message passin
context restoration message removal; degree-preserving shuffling & &P &
reported descriptively
dependence on the matched g; enabled versus Stage 2 feature control
E13-R L . and Stage 4
degradation indicator held-constant retraining .
message passing
dependence on nested sequence of subsamples 10%, 25%, 50%,
E14 - o . . Stage 5
training-data volume 100% preserving class fractions
. . repeated and singleton, uncertain and
E15 groups in which the effect confident, their intersection, Stages 34

is concentrated

training-ambiguous forms
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For E15, a mention is considered repeated if its normalized form occurs at least twice
in the same document; the remaining mentions are singletons. Uncertainty is defined by
the entropy of the mean Ny distribution over the ten seeds,

Hi=—Y_ piylogpiy (23)
yey

The uncertainty threshold equals the 75th percentile of H; on the validation set and,
once fixed, is applied to the test set without change; the complement of this group forms the
confident-mentions group. Training-ambiguous normalized forms are those with support of
at least 5 and an entropy of the distribution of gold types of at least 0.5 bits, computed only
on the training split. The predefined interactions “repeated vs. singleton” and “uncertain
vs. confident” belong to family E15; the intersection of uncertain and repeated mentions
and the group of training-ambiguous forms are reported descriptively, without separate
inferential claims.

6. Study Results

This section presents the original fixed second-stage results and the constant-indicator
and morphology controls added during review. The main comparisons use the matched-
parameterization baseline Ny, which instantiates the same nominal head parameters and
receives the same non-structural inputs as the graph model but has no information exchange
between mentions. As Table 6 shows, this does not imply equal effective capacity. Results
on intervention-free test data are presented first, including the alternative lemma edge
rule, followed by diagnostic oracle analyses, controlled context-weakening experiments,
topology and training-volume controls, and the distribution of effects across mention
groups. The observed patterns are interpreted in Section 7.

6.1. Overall Quality on the Intervention-Free Test
Results on the intervention-free test are given in Table 9.

Table 9. Macro-F1 on the intervention-free test, mean =+ standard deviation over 10 training runs
(group E12).

Configuration Role Macro-F1 vs. Np
Mjoe lower reference bound 0.7143 £0.0219 —0.1036
No matched baseline model 0.8179 +0.0124 —
Arep simple averaging 0.8210 +0.0127 +0.0031
G,Ep trained graph model 0.8220 +0.0144 +0.0041
Geomb broader graph 0.8119 £0.0109 —0.0060
Gelean oracle diagnostic—not deployable 0.8430 £ 0.0055 +4-0.0251

Note: The lower reference bound M;,, is a simple classification head of a different architecture over the frozen
encoder; it shows how much quality depends on the head itself and is not a matched baseline model. The row
Gelean uses correct test labels to filter edges and is reported only as a diagnostic estimate.

For the deployable exact-repeat graph, the contrast Gy, — Ny is +0.0041 in macro-F1.
Its 95% confidence interval [—0.0042;0.0127] crosses zero, Padj = 0.651, and the point
estimate is smaller than the 0.010 practical-significance threshold fixed before the second-
stage analysis. Thus, the intervention-free test does not establish an overall graph benefit.
It also does not establish the absence of a practically meaningful effect, because the in-
terval extends above 0.010. The broader graph G, likewise has no established gain:
Geomb — No = —0.0060, with interval [—0.0146;0.0028] and p,q; = 0.446.

A shift between macro-precision and macro-recall was observed at the exploratory
stage, when the compared models did not have matched parameter counts. For the local
model of that stage, macro-precision was 0.8378, macro-recall 0.7019, macro-F1 0.7261;
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for a two-layer graph model with full edge union, the corresponding values were 0.8149,
0.8391, and 0.8253. This pattern suggests that the more complex classifier assigned rare
classes more frequently, identifying more correct mentions at the cost of more false-positive
predictions. These values were obtained under a different configuration (three seeds, a two-
layer graph head without parameter matching) and are not comparable to the values in
Table 9; because of the small number of test mentions in classes DOC (40) and TIME (10),
the corresponding changes remain exploratory.

6.2. Morphology-Aware Alternative Edge Rule

The post-review E12-M control compares exact normalized repetition with the token-
level lemma rule defined in Section 4. Table 10 shows that lemmatization adds 2767
undirected edges and connects 531 mentions that are isolated under exact matching, raising
test coverage by 7.66 percentage points. The largest absolute increases occur for PERS
(223 newly covered mentions), JOB (101), LOC (86), and ORG (84). Gold-type homogene-
ity remains high, although it is a descriptive diagnostic rather than an input to graph
construction or an estimate of coreference precision.

Table 10. Structural effect of the alternative lemma edge rule on the test split (group E12-M). Coverage
denotes participation in at least one within-document edge; homogeneity is computed from gold
types only after graph construction.

Edge Set Undirected Edges = Covered Mentions Coverage Label Homogeneity
Exact normalized repeat, Eyep 5008 2385 34.41% 0.9970
Lemma-normalized repeat, Ej,,, 7775 2916 42.07% 0.9959
Added by lemmatization 2767 531 newly covered +7.66 points 0.9939

All heads in E12-M were trained together using the same local representations, opti-
mization seeds, validation rule, and g; = 0 throughout. Consequently, the within-control
comparisons in Table 11 do not mix checkpoints from the original E12 run, and its ab-
solute values are not directly comparable with Table 9. E12-M evaluates the alternative
edge rule only on intervention-free data; context-weakening experiments were not re-
peated with lemma edges. Despite its higher coverage, Gy, does not establish an im-
provement over Gy,p: the primary paired macro-F1 contrast is —0.0033, with 95% interval
[—0.0135;0.0055] and p,qj = 0.954. The second primary contrast, G, — N, is +0.0030,
interval [—0.0053;0.0117], paq; = 0.954. Thus, neither a morphology-aware advantage over
exact repetition nor a benefit over the matched no-edge head is established.

Table 11. Intervention-free performance in the matched morphology control, mean + standard
deviation over 10 optimization seeds (group E12-M).

Configuration Macro-F1 Accuracy Macro-F1 vs. Ny
No 0.8153 4+ 0.0110 0.9126 4= 0.0038 —

Arep 0.8178 £ 0.0113 0.9163 4= 0.0042 +0.0026
Alem 0.8188 4 0.0110 0.9175 £ 0.0039 +0.0036
Grep 0.8215 + 0.0152 0.9170 &+ 0.0057 +0.0063
Glem 0.8182 +0.0122 0.9167 £ 0.0050 +0.0030

As a secondary reference, Ay, — No = +0.0036 macro-F1 (95% interval [0.0009; 0.0067],
Padj = 0.040 after Holm correction within the predefined two-contrast secondary macro-
F1 family {Aj, — No, Giewy — Ajem})- The interval excludes zero but remains en-
tirely below the 0.010 practical threshold. The evidence therefore supports a structural
conclusion—deterministic lemmatization expands coverage while retaining high class
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compatibility—but not a practically meaningful predictive improvement on this reused
test split.

6.3. Diagnostic Evaluation of the Potential of Structural Information

To estimate the potential performance gain from inter-mention links, graphs built
from gold labels were constructed (Table 12). These configurations use correct test labels
that are not available in a real system and provide a diagnostic estimate of the potential
value of structural information, rather than an estimate of the achievable quality of a
practical system.

Table 12. Gold-informed diagnostic references for the potential of structural information under a
label-compatible edge composition, intervention-free test (group E11). All rows except Ny use correct
test labels and are not suitable for deployment.

Notation Configuration Macro-F1 vs. Ny Padj
No matched baseline model 0.8179 £ 0.0124 — —
averaging on the sparse gold graph

Aguld (oracle diagnostic) 0.8514 +0.0235 +0.0335 < 0.001
controlled graph head on the sparse
Ggold ¢old graph (oracle diagnostic) 0.8660 + 0.0338 +0.0481 < 0.001
Vool voting by neighbors’ gold labels 0.9669 + 0.0033 +0.1490 < 0.001
8 (label-injection reference)

The graph model on the gold graph exceeded Ny by 0.0481; 95% confidence interval
[0.0266;0.0714], paqj < 0.001. Averaging Np output distributions over the same gold-
constructed graph (Ag,4) also gave a gain of 0.0335, interval [0.0211;0.0484], p,qj < 0.001.
Thus, when gold types are used to determine links, the model is able to exploit the re-
sulting label-compatible structure. The three rows serve different diagnostic purposes:
gold-label voting (+0.1490, interval [0.1242;0.1749]) directly injects neighbors’ gold labels
and is therefore a label-injection reference rather than a level attainable by a model using
deployment-time inputs, whereas 4-0.0481 characterizes the ability of the trained head
to exploit a fully label-compatible structure. Since gold labels already encode part of the
answer in the graph, these results are not independent evidence of a signal obtainable from
features available at deployment time. An advantage of the graph network over simple av-
eraging was likewise not established: the difference of 0.0146 has interval [—0.0113;0.0419],
Padj = 0.276.

The broader rule-based union contains 37,336 test edges with a label homogeneity
of 0.3962; after filtering by gold labels, 14,794 edges remain with a homogeneity of 1.000,
and the filtered graph exceeds the initial one by 0.0311 macro-F1 (interval [0.0203; 0.0429],
Padj < 0.001). For the untyped averaging operation used, this indicates the benefit of
class-compatible neighbors, but does not establish that an edge connecting mentions of
different types is inherently harmful: the context of a mention of a different type may
be useful given a separate transformation for the corresponding link type. Moreover,
filtering simultaneously changes the number of edges, the degrees, and the graph structure.
The present experiment therefore does not separate errors of the edge-construction rules
from the limitation of a model that combines different semantic links in a single channel.
All main contrasts with confidence intervals are summarized in Figure 3.

https:/ /doi.org/10.3390/app162010121


https://doi.org/10.3390/app162010121

Appl. Sci. 2026, 16, 10121 24 of 35
(a) macro-F1 (b) accuracy
i i
i A
Oracle graph* 1 ! —_— Repeat vs. singleton -
i i
) i '
Oracle averaging™ 1 E Uncertain vs. confident Ib—
1 1
1 1
Oracle edge cleaning* - | —e— |
E Context restoration (target) E . o
1 1
Limited data volume: interaction 4 —O— | H
1 1
H Gain: target vs. clean context 4 || -
1 1
Limited data volume (10%) - —-Or | f
1 1
E Target vs. component - E ——
Averaging vs. graph A —QO—! !
1 1
1 1
1 1
Broader graph vs. NO{ —O—+ | Message removal { f ¢
! !
1 1
Repeat graph vs. NO —-O—!— Oracle graph, target* - i ——
H -—~ threshold 0.010 H --~ threshold 0.005
1 Il

—-0.02 0.00 0.02 0.04 0.06 0.1 0.2 0.3
A(macro-F1) A(accuracy)

o
o

Figure 3. Main original second-stage contrasts with 95% confidence intervals: (a) macro-F1; (b) ac-
curacy. A filled marker indicates the confidence interval excludes zero; an open marker indicates it
includes zero; the dashed line marks the practical-significance threshold fixed before the second-stage
analysis (0.010 for macro-F1, 0.005 for accuracy). Asterisks mark oracle diagnostics not suitable
for deployment.

6.4. Controlled Context-Restoration Experiment

The controlled tasks illustrate the mechanism by which context transfer operates
(Table 13, Figure 4). This experiment is central to testing RQ2.

B No (no edges) I Arep (repeat averaging) % Grep (exact-repeat graph)
1.00 -
095 1 0903 0911 0912 0916 0910
0.90
0.85 0.822 0.822
0.80 -
0.75
0.70 A
0.65 A

0.60

Accuracy on 800 target mentions

0.55 4

0.50 -

Clean context Target mention only weakened Entire component weakened

Figure 4. Accuracy on target mentions across three context regimes. In the whole-component regime,
Arep equals Ny by construction because weakened neighbors are excluded from averaging.

When the external context is removed only for the target mention, the graph model,
trained separately for the explicitly flagged weakening, increases accuracy by 0.0879 (95%
CI [0.0639;0.1131], pogj < 0.001). The model approaches the clean-context performance
level. When the same context is removed for the entire repeat component, accuracy drops
to 0.6630, i.e., below the baseline model. The difference between these two contrasts
(hereafter, the interaction) equals +0.2469, interval [0.2037;0.2918], p,gj < 0.001. This
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interaction indicates that, under this controlled protocol, the target mention’s prediction
depends on undamaged evidence in its neighbors: as soon as the neighbors also lose
context, the gain does not merely vanish but turns into a loss. Removing all messages
of an already-trained model reduces accuracy in the weakened-target regime by 0.3099
(interval [0.2588;0.3629], p,gj < 0.001), showing that the trained model depends on the
availability of edges. The strictest regime, with the target mention replaced by the class-
frequency distribution, shows the same pattern: with undamaged neighbors, the graph
model achieves 0.9074 against 0.5300 for the baseline, and after weakening the entire
component it drops to 0.0690. At the same time, simple averaging in the weakened-
target regime reaches 0.9163, i.e., slightly exceeding the graph model’s 0.9099. Recovery is
therefore not a unique advantage of a complex neural architecture: the useful component
in this artificial task is access to undamaged neighboring context.

Table 13. Accuracy on 800 target mentions (group E13). Values are the mean =+ standard deviation
across the 10 optimization seeds; each seed value is averaged over the 5 target-selection realizations.
The clean-context row uses heads trained without weakening; the two weakened rows use heads
trained under flagged target-only weakening.

. Ayep (Repeat Grep (Exact-Repeat _
Context Regime No (No Edges) Averaging) Graph) (G,ep Np)
Clean context 0.9034 £ 0.0045 0.9109 +£ 0.0077 0.9117 £ 0.0078 -+0.0083
Target mention only weakened 0.8220 £ 0.0119 0.9163 £ 0.0031 0.9099 + 0.0073 +0.0879
Entire component weakened 0.8220 4+ 0.0119 0.8220+0.0119 0.6630 4= 0.0286 —0.1590

* Equal to Np by construction: averaging excludes weakened neighbors, so no eligible neighbor remains
(Section 5.3).

The matched indicator-control results are shown in Table 14. Holding g; = 0 during
training, validation, and testing reduces neither model to a test-time ablation: both heads
are retrained under the same unflagged artificial weakening. The indicator-enabled and
constant-indicator heads were trained in the same post-review run. This run used the
same model and training settings, seeds, and target selections as the original E13 run, but a
dedicated runner, a revised code base, a different operating system, and retrained local
models. The clean-context rows of the two tables are not directly comparable: in Table 13,
they come from heads trained without weakening, whereas in Table 14, they come from the
weakening-trained heads evaluated on clean context. For the weakened rows, which share
the training regime, the new run is close to the original (for example, a graph gain of 0.0913
versus 0.0879 under flagged target-only weakening). All indicator comparisons are made
within the new run, and the original E13 values are reported unchanged.

Without an explicit degradation cue, Gy exceeds the separately retrained Ny by
0.0784 in the target-only condition (95% interval [0.0544;0.1021], paq; < 0.001). The same-
environment flagged replication gives a gain of 0.0913 (interval [0.0676;0.1157]), close to the
original E13 estimate of 0.0879. The indicator-dependence interaction, (Grep — No)q,on —
(Grep — No)q_off, is 0.0129 with interval [—0.0040;0.0316] and Padj = 0.149; dependence of
the graph gain on the explicit cue is therefore not established.

When the entire repeat component is weakened without the cue, the graph contrast re-
verses to —0.1217. The target-only minus whole-component interaction is 4-0.2001 (interval
[0.1638; 0.2385], paq; < 0.001), preserving the diagnostic evidence that intact repeat context
is the source of recovery. Ay is a strong reference: it gains 0.0938 over Ny in the unflagged
target-only condition (interval [0.0743;0.1142]), and it exceeds Gy, by 0.0154 (secondary
reference contrast, interval [0.0026; 0.0295]). Because the target’s repeat neighbors are intact
in this condition, the mask-based neighbor exclusion described in Section 5.3 does not
affect this comparison. Thus, the added control supports context transfer without g;, not a
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unique advantage of the learned graph head. The weakening remains artificial, and these
results do not establish robustness to naturally occurring missing or corrupted context.

Table 14. Accuracy on the same 800 target mentions in the matched indicator control, with the
degradation indicator enabled (g; on) and held constant at zero (4; = 0). Both regimes come from
the same run, and all rows use heads trained under target-only weakening; the clean-context rows
evaluate these heads with the target context intact. Values are the mean =+ standard deviation across
the 10 optimization seeds, each averaged over the 5 target-selection realizations (group E13-R).
Confidence intervals and adjusted p-values for the primary contrasts are given in the text.

Ayep (Repeat Grep (Exact-Repeat

Context Regime Indicator No (No Edges) Averaging) Graph) (Grep — No)
Clean context g; on 0.9105 £ 0.0052 0.9203 £ 0.0071 0.9283 £ 0.0049 +0.0177
q; =0 0.9176 £ 0.0056 0.9259 + 0.0056 0.9241 + 0.0063 +0.0066
Target mention only weakened g; on 0.8206 + 0.0146 0.9164 + 0.0043 0.9119 £ 0.0083 +0.0913
qi = 0.8236 = 0.0151 0.9174 £ 0.0053 0.9020 £ 0.0074 +0.0784
Entire component weakened g; on 0.8206 £ 0.0146 0.8206 4 0.0146 * 0.6575 £ 0.0375 —0.1631
q;=0 0.8236 £ 0.0151 0.8236 +£0.0151 * 0.7019 £ 0.0236 -0.1217
* Equal to Np by construction: averaging excludes weakened neighbors, so no eligible neighbor remains
(Section 5.3).

6.5. Effect of the Specific Topology

The importance of the specific link structure was tested by shuffling edges while
preserving node degrees. This intervention changes, on average, 56.31% of the edges of
the repeat graph. On the intervention-free test, the original graph exceeds the shuffled
one by only 0.0011 =£ 0.0008 macro-F1 and by 0.0004 £ 0.0006 accuracy, whereas in the
weakened-target-mention regime, the difference grows to 0.1655 £ 0.0200 accuracy (mean
and standard deviation across the 10 optimization seeds, each averaged over the 5 topology
realizations). Thus, the effect of the specific links is negligible in the aggregate but becomes
substantially larger once the local evidence of the target mention has been weakened. Unlike
complete message removal, which belongs to family E13, the shuffling contrasts were not
included in the predefined hypothesis families and are therefore reported descriptively,
without bootstrap intervals or corrected p-values.

This control is conservative: label homogeneity after shuffling decreases only from
0.9970 to 0.8510. For the graph built from gold labels, the intervention is stronger—90.81%
of edges change, homogeneity drops from 1.000 to 0.4361, and macro-F1 decreases by
0.0741 £ 0.0429; complete removal of these edges reduces it by 0.1269 & 0.0404. This result
indicates the model’s sensitivity to the gold-defined structure, but, because correct types
are used in the graph construction itself, does not establish the availability of such a signal
at deployment time.

6.6. Effect of Training-Data Volume

The dependence of the effect on training-data volume is shown in Table 15 and
Figure 5.

Table 15. Effect of training-data volume on macro-F1.

Fraction of Training Documents Mentions A (Gyep — No), Macro-F1

Documents
10% 34 1406 —0.0032
25% 84 3298 —0.0051
50% 167 6406 +0.0137
100% 333 12,799 +0.0041
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Figure 5. Effect of graph-based refinement on macro-F1 across training-data fractions.

Reducing the training set alone does not strengthen the benefit of the graph. For 10%
of the data, the contrast equals —0.0032, interval [—0.0092;0.0025], p,gj = 0.281. The inter-
action of the average effect for 10% and 25% versus the full set equals —0.0082, interval
[—0.0174;0.0005], paqj = 0.140. The observed dependence is non-monotonic, so it provides
no basis for claiming either a systematic increase in the effect as the training set shrinks
or an optimum at 50% of the training data. Weak evidence for a specific mention and an
overall scarcity of training labels are different regimes: the graph network itself requires
sufficient data for training.

6.7. Distribution of the Effect Across Mention Groups

The distribution of the effect across mention groups is shown in Table 16.

Table 16. Descriptive analysis of mention groups: accuracy contrasts, mean + standard deviation
over 10 training runs (group E15).

Mention Group Support A (Grep — No), Accuracy
Repeated 2385 +0.0083 +£ 0.0056
Singleton 4546 +0.0003 +£ 0.0063
Uncertain 1771 +0.0117 £ 0.0226
Confident 5160 +0.0000 +£ 0.0001
Uncertain and repeated simultaneously 491 —+0.0399 + 0.0270
Training-ambiguous 82 +0.0037 4= 0.0215

The values in Table 16 are reported primarily for descriptive purposes; controlled
second-stage inference is limited to the two comparisons fixed for family E15. The in-
teraction of repeated versus singleton mentions equals +0.0080, interval [0.0029; 0.0129],
Padj = 0.004. This is consistent with the graph construction: the exact-repeat graph can
help only when a corresponding edge exists. For uncertain mentions, the sign is likewise
positive, but the interaction with confident mentions is not statistically established: +-0.0117,
interval [—0.0026;0.0274], p,qj = 0.122. The intersection of uncertain and repeated men-
tions has the largest point estimate (+0.0399), but this estimate is descriptive, and the group
of training-ambiguous forms (82 mentions) is too small to support a reliable conclusion.

6.8. Summary of Research-Question Verification

The correspondence between the research questions, the experiments, the observed
effects, and the conclusions is summarized in Table 17.
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Table 17. Summary of findings for each research question.

Question What Was Tested Experiment Effect Conclusion
whether the eraph +0.0041 macro-F1, benefit not established;
RQ1 improves ovgralllj walit intervention-free test, E12 [—0.0042;0.0127], meaningful benefit
P 4 y Padj = 0.651 not excluded
RQ2 whether the graph can flagged target-only [460022;90&1; ;g{?cy, supported in the
recover lost context weakening, E13 ' A ! controlled regime
Padj < 0.001
RQ2 whether recovery persists ~ constant-indicator target +0.0784, [0.0544;0.1021], yes, under unflagged
without g; weakening, E13-R Padj < 0.001 artificial weakening
diagnostic dependence
whether recovery depends “target vs. component” +0.2469, [0.2037;0.2918], under the tested
RQ2 on an undamaged . . .
. interaction, E13 Pagi < 0.001 weakening; not a
neighbor ) .
general necessity
whether the specific link . " yes, under weakened
RQ3 structure matters topology shuffling, E13 +0.1655 accuracy context
whether edge composition +0.0311 macro-Fl,
RQ3 s oracle cleaning, E11-E12 [0.0203; 0.0429], yes, under oracle cleaning
is a limitation
Padj < 0.001
whether lemma edges morphology control, —0.0033, [—0.0135;0.0055], .
RQ3 improve over exact repeats E12-M Padj = 0.954 no advantage established
RQ3 Ke};efifizggégplex graph Apep Vs. Grep, E12 ;0.0818,8[2_50.0100; 0.0076], no advantage established
adj — Y-
whether the effect is
RQ4 stronger for repeated repeated vs. singleton, E15 +0.0080, [0.0029;0.0129], yes
mentions Pagj = 0.004
whether the effect is uncertain vs. confident,  +0.0117, [~0.0026;0.0274], .
RQ4 stronger for uncertain not established
: E15 Paqi = 0.122
mentions J
whether the “uncertain
RQ4 and repeated” group is subgroup analysis, E15 -+0.0399 (491 mentions) descriptively promising

promising

whether a smaller training
set strengthens the graph’s
benefit

10-100% training data, E14

non-monotonic; interaction
—0.0082, [—0.0174;0.0005],
Padj = 0.140

not established

* Descriptive counterfactual contrast outside the predefined hypothesis families; a corrected p-value was
not computed.

7. Discussion
7.1. Overall Effect, Context Recovery, and Edge Rules

On the intervention-free test, an overall advantage of the exact-repeat graph over the

matched no-message head was not established: the point gain was 0.0041 macro-F1 and its
interval crossed zero while extending above the 0.010 practical threshold. The morphology
control suggests that incomplete exact coverage is not the only constraint. Lemmatization
raised coverage from 34.41% to 42.07% and retained 0.9959 label homogeneity, yet Gj,,, did
not establish an improvement over Gy (—0.0033, 95% CI [—0.0135;0.0055]) or a benefit
over Ny (+0.0030, [—0.0053;0.0117]; the upper bound still admits an effect above 0.010).
The experiment does not identify why; plausible explanations are that local evidence is
already sufficient for many newly linked mentions, that analyzer errors introduce false
links, or that the aggregation rule cannot exploit the added relations.

The controlled interventions isolate a narrower positive mechanism. Under target-
only weakening, Gep — Ny is +0.0879 accuracy when g; is available and +0.0784 (95% CI
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[0.0544;0.1021]) when g; is fixed to zero throughout training and evaluation. When the
whole repeat component is weakened, the corresponding graph contrasts become negative,
producing target-versus-component interactions of +0.2469 and +0.2001, respectively.
Detectable dependence on the explicit indicator was not established. These results support
transfer from an intact neighbor under synthetic corruption, but holding g; constant does
not transform that intervention into naturally occurring noise, and component weakening
remains a diagnostic counterfactual. All context-recovery evidence (E13 and E13-R) was
obtained with exact normalized repeats; whether comparable transfer occurs between
morphologically varying mentions was not tested, because the lemma rule was evaluated
only on intervention-free data.

Topology and aggregation controls point in the same direction. Degree-preserving
shuffling changes little on the clean test (+-0.0011 macro-F1 for the original over shuffled
topology) but has a much larger effect when target context is weakened (+0.1655 accuracy).
Simple averaging is also competitive: Ayep — Grep = —0.0010 on the original intervention-
free comparison, and in the no-indicator target control A, reaches 0.9174 accuracy versus
0.9020 for Gyep. Thus, the study does not establish an advantage of the learned graph head
over a simple propagation baseline. Equal nominal parameter counts likewise do not imply
equal effective capacity, because the neighbor projection and gate are inactive in Nj; the
topology controls are needed to complement that comparison.

The precision—coverage trade-off remains central for Ukrainian. The exact rule misses
the inflectional pair “Kateryny Kobchenko” and “Kateryna Kobchenko” in Figure 2; the
manual audit found inflectional or shortened variants in 24 of 29 clear missed-counterpart
cases. The lemma rule recovers many such forms, but its context-free first-ranked analysis
can also conflate ambiguous names or common nouns. Conversely, exact strings such as
“Kyiv” and “Ukraine” can denote different types, which motivates document-local rather
than corpus-wide matching. Neither rule performs coreference resolution, and the corpus
does not contain entity identifiers with which to measure true link recall.

7.2. Which Mentions Benefit Most

The effect is concentrated among mentions with a corresponding edge: the interaction
of repeated versus singleton mentions equals +0.0080 (p,qj = 0.004), whereas for singleton
mentions, the gain is practically absent (4-0.0003). The intersection of repetition and
high local uncertainty has the largest descriptive estimate (4+0.0399 on 491 mentions),
but the interaction of uncertain versus confident mentions was not statistically established
(Pagj = 0.122). This result should be regarded as hypothesis-generating rather than as
grounds for a routing rule; any such strategy should be evaluated prospectively in a
separate experiment with a predefined threshold, reporting coverage, accuracy on the
routed subset, calibration, and global macro-F1.

7.3. Comparison with Prior Research

A comparison with prior approaches is given in Table 18. Because the task formulations
differ in language and corpus, and because the present study assumes known mention
boundaries, absolute F1-values are not directly comparable. Gains over each work’s own
baseline model are therefore compared; such a comparison should be regarded as contextual
rather than as a direct system-level comparison.

In terms of point-estimate magnitude, the gain in the present study (+0.41 points
of macro-F1) is of the same order as the gains reported in prior studies (from +0.32 to
+1.00 points). However, direct comparison of gain magnitudes is limited by differences in
corpora, languages, baseline models, and experimental settings. The contribution here is
not a new matching rule, graph layer, oracle diagnostic, or topology perturbation; these are
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mature tools. It is the controlled combination of those tools to expose when the apparent
link effect survives matched retraining, altered topology, simpler propagation, morphology-
aware coverage, and context interventions in Ukrainian. In the work of P. Chen and
co-authors [21], the baseline model has neither a graph-neural-network layer nor a fusion
layer, so the measured difference also includes the contribution of additional parameters.
The matched-parameterization comparison in the present study controls nominal head
size and non-structural inputs, but not effective prediction capacity, because the neighbor
branch is inactive in Np. It shows that the observed point estimate remains statistically
uncertain: the 95% confidence interval [—0.42; +1.27] points cross zero while still including
gains above the practical threshold. This does not refute the results obtained by A. Akbik
and co-authors [17], S. Schweter and A. Akbik [18], T. Gui and co-authors [19], A. Hu and
co-authors [20], and P. Chen and co-authors [21], but indicates that isolating the contribution
of links requires complementary controls.

Table 18. Comparison with prior work using document-level links for NER.

Work Corpus Gain, Pts. Matched Baseline = Random-Topology Check
Akbik et al. [17] CoNLL-03 EN +0.32 no no

Schweter,

Akbik [18] CoNLL-03 EN +0.85 yes no

Gui et al. [19] CoNLL-2003 +0.92 no no

Hu et al. [20] CoNLL-2003 +1.00 yes no

Chen et al. [21] AnatEM +0.88 no no

Chen et al. [21] MARS +0.62 no no

This work NER-UK 2.0 +0.41 yes yes

In addition, oracle filtering and shuffling indicate sensitivity of the result to the
composition and placement of links, but the present single-channel experiment does not
separate the accuracy of edge estimation from the model’s ability to distinguish their
semantics. Further verification should therefore jointly evaluate improved link rules and
typed aggregation mechanisms.

7.4. Practical Implications

From a practical standpoint, the results do not support the unconditional use of
graph-based refinement for all mentions. A selective strategy that uses graph information
primarily for repeated mentions with insufficient local context is a plausible candidate
but was not evaluated here. In an end-to-end system, the evaluated module could only
operate as a second-stage component after mention detection; upstream missed, spurious,
or incorrectly bounded spans would propagate into both node representations and graph
construction. At the same time, a routing rule based on uncertainty requires a separate
prospective check, since in the present study, an advantage of uncertain over confident
mentions was not statistically established. Because simple averaging was competitive, it
should serve as the baseline implementation of context transfer in a practical system, while
a trained graph head should be treated as a variant requiring separate justification.

7.5. Limitations of the Study

Limitations of the problem statement. The formulation assumes known mention
boundaries, so the reported metrics do not represent end-to-end NER performance: in
a real system, an upstream boundary-detection module may introduce errors. A frozen
XLM-RoBERTa-base deliberately gives all compared heads identical local representations
and avoids confounding link effects with encoder adaptation, but it does not establish
how the graph would behave if the encoder were fine-tuned jointly with it. The context-
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weakening regimes are artificial interventions. The original E13 models explicitly receive
the indicator g;; the post-review constant-indicator control shows that the target-restoration
effect persists without that cue, but still does not evaluate robustness to naturally occurring
noise. The current evidence therefore supports context transfer under synthetic corruption
only; it does not establish robustness to OCR errors, automatic speech recognition (ASR)
errors, headlines, or abbreviated texts, which are named as future work in Section 8 but
were not tested here. Component weakening also remains a diagnostic counterfactual
rather than a deployment condition.

Limitations of the graph. Exact surface-form repetition is only an approximation of
entity identity: identical spelling sometimes denotes different objects, and inflected, abbre-
viated, or otherwise variant forms can denote the same entity without matching spelling.
Exact-repeat participation is 34.41% overall and varies markedly by class. The lemma
rule raises coverage to 42.07%, but a context-free first-ranked morphological analysis can
mislemmatize proper names or merge ambiguous forms; its trained graph did not establish
an improvement over exact repetition. The morphology control and the main experi-
ments also differ in scope: E12-M compares exact and lemma edges only on intervention-
free data, with heads retrained in a separate run, whereas the context-recovery experi-
ments (E13 and E13-R) use exact repeats only. Its results therefore concern coverage and
intervention-free performance, not context recovery between morphological variants. More-
over, the precision—coverage trade-off of the lemma rule remains only partially quantified:
the added coverage is measured, but the precision of the 2767 added links was not audited,
and post-construction label homogeneity is not a measure of same-entity precision. This
limits the interpretation of the negative lemma result, which cannot be attributed specifi-
cally to redundant local evidence, analyzer errors, or the aggregation rule. Shared-sentence
and proximity edges likewise express co-occurrence rather than a semantic relation and
can join unrelated or differently typed mentions; they must not be interpreted as coref-
erence or general semantic-relation edges. Because the corpus lacks entity identifiers or
coreference chains, neither coverage value can be converted into true link recall; moreover,
the 100-mention, single-auditor manual sample is descriptive rather than a gold-standard
evaluation. Oracle graphs use correct test types to determine edges or messages, encode
part of the answer, and are not independent evidence of an inter-mention signal available at
deployment time. Label homogeneity is an indicator of class compatibility for the untyped
aggregation used, not a universal definition of edge quality; because of the single adjacency
channel, the experiment does not separate errors of the link rules from limitations of the
aggregation method. Edge shuffling preserves the document and the degree of every
node, yet afterward, the homogeneity of the repeat graph remains high (0.8510), so itis a
conservative control rather than a fully label-neutral random topology.

Limitations of generalizability. The low-data analysis relies on a single fixed sequence
of subsamples and does not capture variability across alternative small training samples.
The exploratory and fixed second-stage analyses used the same official test set, and both
post-review controls used that split again; therefore, the reported statistical analysis is
controlled evidence within a previously inspected dataset and cannot substitute for inde-
pendent external replication. Classes DOC (40 mentions) and TIME (10 mentions) have
too few test mentions, so conclusions about them require separate per-class confidence
intervals and confusion matrices. The nominal parameter counts of Ny and the graph
heads are equal, but their effective prediction capacities are not; the comparison must be
interpreted jointly with the topology controls. A formal equivalence test between simple
averaging and the graph head was not performed.
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8. Conclusions

This study presented a controlled empirical framework for evaluating the contribution
of document-level links to named-entity type classification in Ukrainian texts. Its contribu-
tion is the integrated evaluation design—a matched-parameterization baseline, controlled
topologies, oracle diagnostics, simple propagation references, morphology-aware edges,
and context interventions—rather than a fundamentally new graph architecture. The base-
line matches the graph head’s parameterization and nominal parameter count, but not its
effective prediction capacity; topology controls therefore provide a complementary test of
link placement. The framework was evaluated on NER-UK 2.0 using frozen XLM-RoBERTa-
base representations and known mention boundaries.

The intervention-free evaluation did not establish an overall advantage of graph-
based refinement over the matched-parameterization baseline. The point estimate for the
exact-repeat graph was +0.0041 macro-F1 (p,qj = 0.651), below the predefined practical-
significance threshold, but the confidence interval still included effects above that threshold.
In contrast, under explicitly flagged weakening of the local context of the target mention,
graph-based refinement increased target accuracy by 0.0879. The post-review control re-
tained a gain of 0.0784 (95% CI [0.0544; 0.1021]) when the degradation indicator was held
constant for both heads, and detectable dependence on the indicator was not established.
Under whole-component weakening without the indicator, the advantage reversed to
—0.1217, producing an interaction of +0.2001 between target-only and component weaken-
ing (95% CI [0.1638; 0.2385]). These results support document-level context transfer when
a target mention lacks sufficient local evidence while a linked repeated mention retains
informative context; they do not establish robustness to naturally occurring noise.

The morphology control raised graph coverage from 34.41% to 42.07%, but did not
establish an improvement of Gj,,,, over Gyep (—0.0033, 95% CI [—0.0135;0.0055]) or over Ny
(4+0.0030, [—0.0053;0.0117]). The experiments further showed that the exact-repeat effect is
significantly stronger for repeated than for singleton mentions (p,g; = 0.004), whereas a
stronger effect for uncertain than for confident mentions was not statistically established
(Pagj = 0.122). Oracle label-compatible graphs demonstrated additional potential for
improvement, but this result is a gold-informed diagnostic reference, not a deployment
result, because such links depend on gold test labels. Moreover, simple averaging remained
competitive and outperformed the trained graph head in the no-indicator target control, so
the experiments do not establish an advantage of a more complex graph architecture over
simpler propagation.

The principal conclusion is therefore that graph-based refinement should not be
regarded as a universal replacement for local named-entity classification. Rather, it is a
conditional mechanism for recovering missing contextual information whose effectiveness
depends on the availability of a relevant linked mention and on the reliability of the link
connecting it to the target. This finding shifts the main design question from whether a
graph should be added to an NER model to when document-level information should be
propagated and which links are sufficiently reliable to support such propagation.

The conclusions are subject to several limitations. Mention boundaries were assumed
to be known, the encoder was frozen, and the context-weakening scenarios were artificial
even in the constant-indicator control. Exact and lemma edge coverage are not link-recall
estimates because the corpus has no entity identifiers or coreference chains; the context-free
morphological analyzer can also introduce false matches. The fixed second-stage evaluation
and both post-review controls reused a previously inspected test split. Consequently, the re-
sults are controlled but not independently confirmatory, and validation on an untouched
corpus is required before the observed effects can be considered generalizable.
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Future research should therefore focus on context-sensitive morphology, entity linking,
or learned inter-mention links; explicitly evaluate their precision-coverage trade-off; and
develop selective routing mechanisms that activate document-level context only when
local evidence is insufficient. Further experiments should compare learned refinement
with simpler propagation, distinguish relation types through separate transformations
or weights, and evaluate context recovery under naturally degraded conditions such
as OCR errors, automatic speech transcription, headlines, and abbreviated texts. Joint
encoder—graph fine-tuning is another relevant extension, but it requires controls that
separate link effects from encoder adaptation. Corpora containing entity identifiers or
coreference annotation would enable direct evaluation beyond graph participation and
label homogeneity.
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