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Abstract — In the realm of communication, diverse 

linguistic units serve to circumvent repetitive usage of identical 
terms. Due to its pivotal role in ensuring the coherence and 
logical consistency of discourse, coreference holds paramount 
importance in textual coherence. Coreference is a 
comprehensive, complex and ambiguous phenomenon. 
Moreover, in the contemporary era of Information Technology, 
the efficacy of artificial intelligence in comprehending text 
hinges significantly upon the precision of Coreference 
Resolution. Thus, In today’s world, where computers managed 
perform almost all tasks, Coreference Resolution issues for 
every language has become an urgent and unavoidable task. 
Coreference Resolution is necessary for NLP tasks such as 
sentiment analysis, text segmentation, chatbots, and virtual 
assistants. This article is dedicated to the task of Coreference 
Resolution and discusses the classification phase of 
Coreference Resolution and the importance of the Decision 
Tree method in this process. It also includes the results and 
analysis of tests conducted on a small dataset of texts in Uzbek. 
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I. INTRODUCTION 

The essence of any sentence in speech is understood 
through the person, object, or event being discussed within 
the context. The human mind can directly comprehend the 
content of a text. However, for Artificial Intelligence to 
interpret it correctly, it is important to identify the mutual 
synonymy of text parts and the speech units connected in a 
single core chain that establishes coreference. This task is 
assigned to CR (Coreference Resolution) systems in NLP. 
CR is the process of automatically identifying all reference 
segments in a text that point to the same object. Figure 1 
provides in example of this process. 

 

Fig. 1. The phenomenon of coreference in Uzbek texts. 

It should be noted that we refer to the task of coreference 
resolution as a general problem of identifying and resolving 
references in a text. However, technically, there are several 
types of references, and their definitions can be a subject of 
debate. 

A different case from the task of coreference resolution 
is the issue of resolving anaphora. An anaphoric relationship 
arises in a text when one term refers to another, determining 
the interpretation of the latter. In the following example, (1) 
and (2) refer to different real-world objects. However, they 
are used in the same context, and the interpretation of (2) 
relies on (1). These references are not joint sentences but are 

connected by anaphora. We describe Anaphora Resolution 
in Uzbek texts as follows: 

 

Fig. 2. Anaphora  Resolution  in Uzbek texts. 

Although anaphoric relationships differ from 
coreference, in most cases, they are equivalent. There are 
many examples of such distinctions and other types of 
references. However, Coreference Resolution has a broader 
scope and covers a significant portion of existing work. The 
main difference between these concepts is that anaphora 
occurs after the word it refers to in a sentence, while 
cataphora occurs before it. The word that comes before an 
anaphora is called an antecedent, while the word after a 
cataphora is called a postcedent. An example of this 
phenomenon is given below based on Uzbek texts: 

 

Fig. 3. Anaphora  and  cataphora in Uzbek texts. 

In general, the tasks of resolving anaphora and 
coreference are stages in the semantic analysis of a text. 
Through them, the potential for a machine to “think” like a 
human can be developed. This article discusses the 
importance of the decision tree method in coreference 
resolution and the results of its application. 

Initially, the issue of coreference was resolved through 
rule-based linguistic approaches. In today’s technological 
age, it is being resolved through machine learning methods. 
Machine learning is an approach that involves training 
models with algorithms to perform tasks usually done by 
humans. Using this approach, the stages of resolving 
coreference are as follows: 

 
Fig. 4. Stages of resolving coreference in machine learning. 

The article discusses the classification stage of resolving 
coreference, focusing on the significance of the Decision 
Tree method and the results of its application. 

II. LITERATURE ANALYSIS 

While there are various methods used for classification 
in the process of resolving coreference, many studies have 
employed the Decision Tree method. Among such works are 
studies by K.Šteflović, J.Kapusta [1], Soon et al. [2], Ng and 
Cardia [3], R.V.S. Ram and S. Lalitha Devi [4], X.Yang et 
al [5]. Additionally, Dinh Le Thanh’s report highlights the 
importance of the Decision Tree method in classifying 
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coreferent entities and provides formulas for calculating 
result accuracy [6]. The study by S. Pogorily and P. 
Biletskyi compares CNN, BiLSTM, RoBERTa, and 
Decision Tree methods in resolving coreference in 
Ukrainian text and analyzes the results [7]. J. McCarthy & 
W. Lehnert’s article explains the Decision Tree principles in 
classification using the MUC-5 system, while Z. Dźunić et 
al. explore the MUC-6 coreference corpus in their work [8, 
9]. E. Fernandes et al. tested the latent tree method in three 
languages, achieving a 60.15% result [10]. 

In many studies, the coreference problem is solved using 
multiple modern methods, with the Decision Tree method 
consistently being included. This is because, upon analyzing 
research utilizing the Decision Tree method, we see that the 
model’s accuracy consistently shows positive results. Thus, 
despite the passage of time, the Decision Tree method 
remains one of the most widely used classification methods 
due to its effectiveness. 

III. APPLICATION OF THE DECISION TREE METHOD IN 

COREFERENCE RESOLUTION 

A. General Description of  the Decision Tree method 

Classification is a supervised learning method aimed at 
predicting the class of given data points. There are various 
classification algorithms. The main classification algorithms 
include Decision Tree, Naive Bayes, Artificial Neural 
Network, and K-Nearest Neighbor. The Decision Tree 
method is widely used in classification due to its 
convenience in handling categorical and continuous 
attributes. It has a hierarchical tree structure consisting of 
root nodes, branches, internal nodes, and leaf nodes. In this 
algorithm, data is viewed as a set of if-then rules based on 
feature values. The Decision Tree method has several 
advantages in classification, which are listed below: 

• Ability to select features; 

• Capability to handle discrete and continuous 
attributes; 

• Ability to process unknown values; 

• Easy modification of rule sets; 

• Simplicity for understanding and interpretation; 

• Robustness and ability to analyze large datasets in 
a short time. 

The Decision Tree algorithm is built on the “top-down” 
principle, meaning: 

– The algorithm starts with the "root node," which 
represents the entire dataset; 

– It searches for the primary feature that answers the 
question, “Which attribute is the best choice for the given 
node?”  in order to divide the data into clear groups; 

– Based on the answer to this question, it splits the data 
into smaller subsets and creates new branches; 

– The algorithm continues asking questions and divides 
the data into final “leaf nodes” that represent the predicted 
outcomes or classifications in each branch. 

In the Decision Tree method, different algorithms can be 
used depending on the dataset. The most popular Decision 
Tree algorithms include ID3, C4.5, CART, and Random 

Forest. Figure 3 illustrates the general structure and 
functioning of the Decision Tree algorithm. 

 

Fig. 5. Decision tree structure. 

It seems that the Decision Tree method is a crucial tool 
for understanding the relationships between input variables 
and their outcomes and for identifying the most important 
features that help in reaching the final decision. 

B. Using the Decision Tree 

It is known that a coreference corpus is necessary for the 
model to work. In this article, we perform classification on a 
small dataset (6,185 tokens) composed of Uzbek language 
texts. Based on this dataset, we use 11 features for 
classifying candidate antecedents and anaphors: 

▪ HEAD_MATCH: Do the mentions have the same 
head noun? Possible values: {yes, no} 

▪ STR_MATCH: Do the mentions have the same 
string? Possible values: {yes, no} 

▪ NUMBER: Are the mentions compatible in number? 
Possible values: {yes, no} 

▪ GENDER: Are the mentions compatible in gender? 
Possible values: {yes, no, unknown} 

▪ ANIMACY: Are the mentions compatible in 
animacy? Possible values: {yes, no, unknown} 

▪ BOTH_PRONOUNS: Are both mentions pronouns? 
Possible values: {yes, no, unknown} 

▪ BOTH_PROPER_NOUNS: Are both mentions 
proper nouns? Possible values: {yes, no, unknown} 

▪ APPOSITIVE: Are the mentions in an appositive 
relationship? Possible values: {yes, no} 

▪ SEMCLASS: Are the mentions in the same 
semantic class? Possible values: {yes, no, unknown} 

▪ DISTANCE: The number of sentences separating 
the mentions. Possible values: {0, 1, 2, 3...} 

▪ ALIAS: Is one mention an alias of the other? 
Possible values: {yes, no} 

▪ HEAD_MATCH: Do the mentions have the same 
head noun? Possible values: {yes, no} 

▪ STR_MATCH: Do the mentions have the same 
string? Possible values: {yes, no} 

▪ NUMBER: Are the mentions compatible in number? 
Possible values: {yes, no} 

▪ GENDER: Are the mentions compatible in gender? 
Possible values: {yes, no, unknown} 

▪ ANIMACY: Are the mentions compatible in 
animacy? Possible values: {yes, no, unknown} 



 

▪ BOTH_PRONOUNS: Are both mentions pronouns? 
Possible values: {yes, no, unknown} 

▪ BOTH_PROPER_NOUNS: Are both mentions 
proper nouns? Possible values: {yes, no, unknown} 

▪ APPOSITIVE: Are the mentions in an appositive 
relationship? Possible values: {yes, no} 

▪ SEMCLASS: Are the mentions in the same 
semantic class? Possible values: {yes, no, unknown} 

▪ DISTANCE: The number of sentences separating 
the mentions. Possible values: {0, 1, 2, 3...} 

▪ ALIAS: Is one mention an alias of the other? 
Possible values: {yes, no} 

In our dataset, object-object type connections are 
frequently encountered. We will analyze whether to group 
them into one class or not using the Decision Tree method 
as an example: 

Shamol energiyasi 

Quyosh energiyasi 

The structure for determining the category of the given 
units is as follows: 

 

 

Fig. 6. Decision tree method for classification in CR. 

As an example, we described the working process of a 
Decision Tree using 3 features. In it, positive values are 
more frequent than negative ones. However, when positive 
and negative values are equal, the process of grouping them 
into a class becomes more difficult. Therefore, in such cases, 
Entropy is used. Entropy is nothing but the uncertainty in 
our dataset or measure of disorder. The formula for Entropy 
is shown below [12]: 

E (S) =−p( + ) log p( + )−p( - ) log p( - ) 

Here, 

• p+  is the probability of positive class 

• p–  is the probability of negative class 

• S is the subset the training example 
 

Information gain measures the reduction of uncertainty 
given some feature and it is also a deciding factor for which 
attribute should be selected as a decision node or root node. 

𝐼𝑛𝑓𝑜𝑟𝑚𝑎𝑡𝑖𝑜𝑛 𝐺𝑎𝑖𝑛 = 𝐸(𝑌) − 𝐸 (𝑌/𝑋) 

Using these formulas, the most appropriate attributes for 
decision-making are selected. As a result, the model 
accuracy reflects a positive value. 

IV. EVALUATION 

In the classification type of machine learning, there are 
several metrics to check how accurate the models are. In the 
article, we perform classification on a small dataset (6,185 
tokens) composed of Uzbek language texts. We use the 
MUC metric to evaluate this process. The MUC metric 
calculates how many correct connections the model has 
found. For the evaluation of this process, we choose the F1-
Score metric, as it provides more accurate results when the 
ratio of positive and negative values is imbalanced. In 
measuring the F1-Score, the Precision and Recall 
parameters are first determined [11]: 

Precision shows how many of the connections found by 
the model are actually correct. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑓𝑜𝑢𝑛𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑠𝑦𝑠𝑡𝑒𝑚

𝑇𝑜𝑡𝑎𝑙 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑓𝑜𝑢𝑛𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑠𝑦𝑠𝑡𝑒𝑚
 

Recall – identifies the correct connections found by the 
model. 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑓𝑜𝑢𝑛𝑑 𝑏𝑦 𝑡ℎ𝑒 𝑠𝑦𝑠𝑡𝑒𝑚

𝐶𝑜𝑟𝑟𝑒𝑐𝑡 𝑐𝑜𝑛𝑛𝑒𝑐𝑡𝑖𝑜𝑛𝑠 𝑏𝑎𝑠𝑒𝑑 𝑜𝑛 𝑡ℎ𝑒 𝑔𝑜𝑙𝑑 𝑠𝑡𝑎𝑛𝑑𝑎𝑟𝑑
 

The F1-Score is a metric expressed through Precision 
and Recall, and its formula is as follows: 

𝐹1 𝑠𝑐𝑜𝑟𝑒 =
2 ∗ (𝑅𝑒𝑐𝑎𝑙𝑙 ∗ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛)

𝑅𝑒𝑐𝑎𝑙𝑙 + 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
 

The algorithm for Precision and Recall accuracy is 
provided below: 

fromsklearn.metrics.cluster import precision_score, recall_score 

# Gold standard connections and model results 

gold_clusters = [[1, 2, 3], [4, 5], [6]] 

pred_clusters = [[1, 2], [3, 4, 5], [6]] 

defmuc_score (gold, pred): 

correct_links = 0 

total_links = 0 

for g in gold: 

correct_links += len(g) - 1  # correct connections based on the Gold 
standard   

for p in pred: 

total_links += len(p) - 1  # connections found by the model 

muc_recall = correct_links / total_links 

muc_precision = correct_links / total_links 

returnmuc_recall, muc_precision 

Fig. 7. Algorithm for calculating Precision and Recall. 

Based on the results of the calculations above, the 
accuracy on the small dataset of Uzbek texts is presented in 
Table 1 below: 

TABLE 1.ACCURACY OF CALCULATING IN UZBEK TEXTS 

MUC 

Precision 73.53% 

Recall 29.07% 



 

F1 41.64% 

From the analysis of the results, it can be seen that the 
model has a negative accuracy score. Nevertheless, the 
model performed effectively for Precision. The low 
accuracy of the model is related to the small size of our 
dataset. The larger the dataset, the higher the model's 
accuracy will be. This is a result of a small experiment, and 
in our future research, we will strive to address these 
shortcomings. 

V. CONCLUSION 

This article discussed the significance of the Decision 
Tree method and its application results in Resolving the 
issue of Coreference. Since the experiment was conducted 
on a small dataset of Uzbek texts, the model did not yield 
the expected results. This opens the way to performing the 
test with other evaluation metrics and conducting a 
comparative analysis of the results. In many cases, the 
Coreference issue is solved not by one, but by several 
modern methods. Among them, the Decision Tree method is 
always present. When we analyze studies where the 
Decision Tree method was applied, we see that in all cases 
the model accuracy had a positive result. Thus, despite the 
passage of time, in terms of efficiency, the Decision Tree 
method remains one of the most widely used classification 
methods. 
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