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Abstract – As numerous and heterogeneous-structured 
data is available, it is the challenge to identify individuals with 
expert knowledge on a specific topic. This paper provides an 
analysis and review of different Information Retrieval (IR) 
models. One of the models is elaborated focusing on its 
experimental results and effectiveness. Literature study depicts 
that, when user searches documents to find an expert for any 
particular domain, in earlier IR models it often produces a 
ranked list of documents according to relevance. Modern IR 
algorithms are designed for achieving high mean average 
precision and better recall rates. These models have challenges 
in balancing precision, recall, and computational efficiency. 
We conducted experiments on the publication details of 
different experts with a single research domain. We analyzed 
expert finding models- BM25, TF-IDF, and Latent Dirichlet 
Analysis and it is observed that in domain specific expert 
retrieval, BM25 ranking function outperforms other ranking 
methods, if corresponding precision and recall metrics are 
considered. 
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1. INTRODUCTION  

In current scenario, there is growing interest for the expert 
finding task. It involves finding a list of person with recent 
knowledge or expertise in required specific domain. Research 
has focused on developing and implementing methods for 
identifying experts within specific academic disciplines. If 
anyone searches experts in a specific academic field then it 
has many applications, as research consultation, forming 
reviewers’ panels [1], organizing experts’ speech and 
reviewing papers as a part of a Peer Review Process etc. [2, 
3]. 

The paper aims to explore the experts finding task with the 
help of model implementation in recent research field related 
to academic domain. Our approach of study to find the 
experts in academics relies heavily on acquiring a robust 
dataset of publications that can serve as a basis for assessing 
expertise. Google Scholar serves as a valuable initiative for 
retrieving the necessary data for expert determination 
purpose. Google Scholar considers a researcher’s publications 
as representatives of their expertise [3]. Each paper record in 

Google Scholar typically includes only the title, which can be 
used for calculating the relevance of papers to specific 
queries. Therefore, we use it as a supplementary data source 
[4]. 

We propose three models for expert finding, considering 
Google Scholar as a data source: 

1.1. Weighted Language Model: 

This model determines an expert by finding the relativity 
with associated documents. It pre determines some prior 
probability for the related documents, which enhances the 
performance compared to the other basic expert finding 
models termed as language models. 

The language model evaluates the relation in a query and 
relevant documents to number an expert’s expertise. For 
instance, take a query q with equal relevance probability of 
0.1 for different documents, d1, d2 of authors’ a1 as well a2 
respectively, with association probabilities of 0.2. It is 
assumed that, d1 has 100 citations, while d2 has only 10. In 
the basic language model, a1 and a2 are considered equally 
likely experts for topic q. However, considering citation 
counts reveals that d1 is more impactful than d2, making it 
more intuitive to consider a1 as the stronger candidate. 

 

 
 
 

 

 

Fig -1: Basic language model 

To overcome the limitations, a novel weighted model is used. 
It integrates the prior probability p (d), representing the 
likelihood that a document is published by an expert. Prior, 
probability depends on the document’s importance and 
considers factors like citation counts.  

Consider D represents set of related documents and Ca 
denotes expert candidate [5, 6]. If combined both the 
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document’s relevance to a query and its significance, the 
author’s expertise may be determined through scrutiny. 

 

 

 

 

Fig -2: Weighted language model 

1.2. Topic-Based Model: 

In topic based models, expert candidate is denoted 
as weighted mixture of all the relevant topics. Such structure 
evaluates the significance of related documents. It enhances 
results compared to the language model. This approach 
associates each expert candidate with multiple topics and 
enables the ranking based on the weighted combination of 
the topics.  

1.3 Hybrid Model: 

Hybrid model integrates the advantages of weighted 
language model as well the topic-based model. Here the 
system is evaluated using the input dataset and judgments to 
assess how the experts supports those query topics. It is 
observed that, the hybrid model is effective as compared 
with other models. 

Literature survey focuses on query-dependent and 
query-independent strategies for expert finding. In these 
methods, expert finding model searches expert related 
documents. Then using that information, it calculates how 
much the candidate is expert [7]. The approach which is 
query independent [8] involves constructing a “virtual 
document” or profile for each candidate [9], using all 
documents associated with them, and determining their 
ranking score relative to a user query based on this profile. 
Opposite to this, the query-dependent approach [10] begins 
by ranking documents in the dataset centred on the query 
and ascertains possible experts using the subgroup of 
retrieved input documents [11].  

We studied strengths and weaknesses of each approach [7]. 
Query-independent profiles are often much smaller in size 
compared to the original retrieved data, making them more 
useful for data storage and management. However, this 
approach does not allow for evaluating the individual 
contribution of each document to the profile, which can limit 
its effectiveness. In contrast, the approach which depends on 
query facilitates use of enhanced techniques for text 
sculpting to rank specific documents, offering a more 
accurate assessment. 

Different studied expert finding models comprise of 
following primary components: 

 Candidate: A researcher or person eligible as an 
expert. 

 Document: The diverse sources of expertise-
related data. 

 Topic: The specific domain or area of expertise [4]. 

The expert finding task typically involves five key aspects: 

a. Selection of Expertise Evidence (Data Sources): 
This step involves identifying and extracting 
documents relevant to expertise, which serves as 
the base for discovering experts. Relevant data 
about individuals must be gathered to determine 
their expertise for the specific domain. 

b. Expert Depiction: The major goal of any expert 
finding system is searching inferred data that 
locates expertise and helps users in evaluating and 
selecting the most relevant experts. This requires 
identifying which information will be helpful for 
users who are unfamiliar with the experts in making 
decisions. Expertise is generally assessed through 
documented evidence, relationships, and contextual 
factors, such as human interactions. 

c. Model Development: Model building considers 
pre-processing, ranking, and retrieval. 

i. Pre-processing and ranking: Similar to 
document retrieval systems, this involves 
creating indexes. However, expertise retrieval 
introduces additional challenges, such as 
identifying expert identifiers (e.g., names, 
emails) within documents and integrating data 
from diverse sources. Pre-processing 
techniques, such as removing stop words, are 
adapted from traditional information retrieval 
(IR) systems [1]. There are many challenges as 
handling ambiguities like different names 
referring to the same individual or identical 
names belonging to different individuals. 
Techniques like disambiguation and Named 
Entity Recognition are critical [12]. For example, 
some systems use matching methods which 
are rule-based to define experts through exact 
matches, initials with last names, or email 
addresses [13]. 

ii. Modelling and Retrieval: In this phase it 
constructs models to tie candidate experts and 
user queries to rank them centred on the 
strength of relativity [1]. It includes common 
approaches as probabilistic models, network 
graph-based models, voting systems, and other 
hybrid techniques [4]. 
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d. Evaluation of Models: An expert finding system 
model is evaluated on the basis of its accuracy to 
retrieve relevant experts to respond user queries. 
The test datasets are used to evaluate efficiency [14]. 

e. Interaction Design: To present expert search 
results to users is the challenging task. The list 
containing only expert names is not sufficient to 
evaluate a candidate's expertise [15]. It needs 
snippets which are able to review quickly. So it is 
essential that, result pages should contain 
additional details such as numbered lists of related 
documents, publications or projects, conferences, 
journals, affiliations, contact information, photos, 
and links etc. To enrich results, links for personal 
homepage are given using supervised learning 
methods [16-18]. 

This document is template. We ask that authors follow some 
simple guidelines. In essence, we ask you to make your paper 
look exactly like this document. The easiest way to do this is 
simply to download the template, and replace(copy-paste) 
the content with your own material. Number the reference 
items consecutively in square brackets (e.g. [1]).  However 
the authors name can be used along with the reference 
number in the running text. The order of reference in the 
running text should match with the list of references at the 
end of the paper. 

2. METHODOLOGY 

2.1. Generative Probabilistic Model: 
The generative probabilistic model evaluate existing 
associations between query and expert by manipulating the 
probability of specific topic generated by candidate e, given 
that he/she is expert on query q. It is represented as (P (e | 
q)).  
Following two methods are used to estimate this probability:  
i. Candidate generation model:  This method directly 
generates candidates based on query domain (q) and the 
used probability model for identifying the expert e.  
ii. Topic generation model: This method relies on Bayes’ 
Theorem, and it is expressed as: 

 
                              ------- eq. (1) 

 
Here  
P (e) is the probability of any candidate e being an expert.  
P (q) is the possibility of the query q. As P (q) remains 
constant for an input query, it is ignored.  
Thus, the probability of a candidate expert e for inputted 
query q is proportionate to that query. It is weighted by the 
prior certainty in the candidate’s expertise [19].  

Query-dependent and document-based methods search 
relevant documents to a given query. Then rank candidates 
on the consideration of a grouping of document significance 
and individual’s correlation to those documents.  

As the result of our studies, content-based generative 
probabilistic models [20] have been explored to rank 
researchers’ profiles: 

1. Okapi BM25: (OKAPI) Here a researchers’ profiles are 
represented as a collection of terms. Two profiles 
are compared, where one is treated as a query and 
the other is treated as an individual document. 

2. Kullback-Leibler Divergence: (KLD) In the model, a 
researcher's profile is considered as a probability 
distribution. Generally it is a multinomial 
distribution on term frequencies. KLD derives the 
similarity between these distributions and rank 
those profiles. 

3. Latent Dirichlet Allocation: (LDA) Here researcher 
profile is represented as mixtures of topics, rather 
than a single distribution. This method is useful if 
researchers are with diverse interests. 

4. Trace-Based Similarity: (REL) This model uses 
density based matrices. These matrices denote 
vector subspaces which capture complex 
relationships between terms. 

Various research papers have applied these techniques to 
tasks like finding similar experts within a university [21], 
recommending beneficial collaborators [22], and forming 
research groups from heterogeneous documents. 

Further for the implementation purpose we studied the 
document based model Okapi BM25 in depth. Okapi BM25 is 
a popular ranking function in Information Retrieval (IR) 
known for its accuracy, especially when dealing with short 
documents [23]. It's based on a probabilistic retrieval model. 

The BM25 formula considers several factors: 

 Term Frequency: Denoted as TF. It represents how 
many times a term appears in a document or query. 

 Inverse Document Frequency: Denoted as IDF. It 
represents how rarely a term is in the entire 
document set. 

 Document Length: It is length of the input 
document. 

 Query Term Weight: It signifies the prominence of 
a term in the query. 

 
                                    -------eq. (2)   

  
Here, 
q is user query. 
N is total number of documents retrieved. 
nt is total no. of documents which contain term t. 
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 represents number of occurrence of the term t in the 

document d referred as term frequency. 
 denotes number of occurrence of term (t) in query q. 

                               ------- eq. (3) 
Dld is number of terms in d document 
Avl is average document length 
b, ,  are parameter used for tuning which has values as 

b=0.75, k1=1.2 , 𝑎𝑛𝑑 =1000, that can be adjusted to fine-

tune the ranking. 

By considering these factors, BM25 effectively grades 
documents based on their importance to an inputted 
query q, making it valuable tool in search engines and 
other information retrieval applications. 

Algorithm 

The pseudo code for BM25 implementation: 

Begin 
Step 1: Tokenize query and documents into individual 
terms.                                                            //Tokenization 
 
Step 2:  
    For each document in corpus:           // Calculate Term 
                                                                         //Frequency (TF) 
        For each query term: 
            Compute Term Frequency = Count of term t 
occurrence in the document d. 
 
Step 3:  
    For each query term:             // Find Inverse Document  
                                                         //Frequency (IDF)                  
        Calculate IDF = log ((Total number of documents + 1) 
/ (number of documents comprising the term + 1)). 
 
Step 4:  
                                                 // Adjust TF   
                                               //based on document length 
    Compute average document length = total length of all 
retrieved documents / Total retrieved documents. 
    For every document in corpus: 
        for each query term: 
            Adjusted TF = TF / (1 - b + b * (document length / 
average document length))  
                                           // 'b' refers the tuning parameter. 
 
Step 5:                                                                                  
    For every document in corpus:      // Compute BM25   
                                                                   // Score 
        Initialize BM25 Score = 0. 
        For each query term: 
            Compute weighted TF-IDF score = Adjusted TF * 
IDF. 

            Add weighted score to BM25 Score. 
    Return BM25 Scores for all documents. 
End 
 
BM25 is effective model as it has the ability to balance both 
term frequency and document length. It does parameter 
tuning. The parameters k1 and b are adjusted to fine-tune 
the algorithm for particular datasets. The model treats 
documents as a collection of words irrespective of word 
order. 
 
3. RESULT AND DISCUSSIONS 

The experiments are conducted using a dataset 
retrieved from Google Scholar.  Google Scholar is chosen as 
the primary resource for obtaining publication data of 
experts. Large number of records are collected from Google 
Scholar, as outlined in Table 1. Given the diverse and 
heterogeneous origins of the data, it was exposed to missing 
values, noise, and inconsistencies. The superiority of the data 
highly impacts the outcome of data mining. Hence, raw data 
pre-processing was carried to improve its quality. This 
critical step involves cleaning and transforming the data in 
proper format for subsequent mining processes. Pre-
processing helps to lessen the raw data size, establish 
correlations between features, normalize the data, eliminate 
outliers, and retain only relevant features by eliminating less 
important ones. Key techniques applied during this phase 
include data cleaning, integration, transformation, and 
reduction [24]. 

Table -1: Summary of retrieved data set 

Metadata Value in numbers 

Attributes 26 

Instances 2000 

Categorical Attributes 12 

Continuous Attributes 14 

Missing Values Rows 81 

Missing Values Columns 06 

Resultant instances after Data pre-
processing 

1806 

Resultant attributes after feature 
selection 

O3 

 
Following the data cleaning process, approximately 10% of 
the records were removed. The clean data was then scaled 
and normalized using methods Standard Scaling, Maximum 
Absolute Scaling, and Median-Quantile Scaling. 
Subsequently, feature scaling and abstraction were carried 
out, resulting in three highly correlated features for the next 
stages of the expert finding task. These steps produced 
cleaned, scaled data which effectively contributed to 
accurate and precise results. 
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For finding experts using the pre-processed data, the OKAPI 
BM25 model has been implemented and analysed. To assess 
its performance, the number of records processed in each 
execution are varied. The assessment of the BM25 
implementation results typical metrics recall and precision, 
which are commonly used to gauge the accuracy of ranking 
and document retrieval. Precision, a measure of correctness 
[25]. It evaluates how effectively the model excludes 
irrelevant documents, while recall, a unit of completeness, 
assesses the model capability to retrieve all relevant 
documents which meet the user needs. Pertinent documents 
in the corpus are ordered based on the relevance scores [26]. 
Performance of the model is evaluated using the methods at 
different precision values as P@5, P@10, P@100, and 
P@1000 as shown in Table 2. 

Table -2: Precision@5, Precision@10, Precision@100, 
Precision@1000 results using BM25 algorithms on 

GoogleScholar retrieved Dataset. 

Number of 
records 

processed 

Accuracy Precision Recall F1 
score 

5 0.8000 0.8000 1.0000 0.8888 

10 0.7000 0.7142 0.8333 0.7692 

100 0.7500 0.8095 0.8831 0.8447 

1000 0.8125 0.8670 0.9247 0.8949 

 

 
 

Chart -1: Precision / Recall Graph 
 

4. CONCLUSION 

In proposed paper, it is analysed and experimentally swotted 
the BM25 algorithms. The ranking and comparison measures 
are assessed in the context of altered number of input 
records. In our experiment using Google scholar dataset, we 
found that increasing the retrieval threshold impacts the 
model's performance: precision tends to drop as more 
results are retrieved, but recall improves. The choice of 
threshold depends on whether precision or recall is more 
critical for the specific task. High recall is preferred when 

missing relevant results is unacceptable. This paper 
highlights various approaches to find expert in any 
particular domain and implementation of OKAPI BM25 
model. It offers in depth analysis of how the present day 
expert finding models function and highlight their strengths 
as well point out weaknesses.  It helps to identify the gaps.  
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