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ABSTRACT 

Entity Resolution (ER) seeks to identify and merge, within one or more datasets, whichever records ultimately 

correspond to the same real-world entity. As one of the tasks most consequential for data quality and for the 

reliability of downstream analysis, ER becomes markedly harder under Big Data conditions, given the sharp rise 

in both the volume of data and the speed of its arrival. This work approaches ER by recasting it as a problem set 

within a Social Network space, so that Social Network Analysis (SNA) measures and tools can be brought to bear 

on it directly. A six-phase framework is proposed that represents entity records as nodes and edges of a graph and 

applies centrality measures to reveal redundancy among them. Four established models were evaluated against 

datasets of three different sizes (500, 10,000, and 2,000,000 records): k-means, Levenshtein distance, Jaro-Winkler 

distance, and Soundex. Levenshtein and Soundex achieved the highest measured precision (100%), while Jaro-

Winkler followed closely (99.99%) and k-means trailed substantially (91.33%) despite running fastest; precision 

was computed as TP/(TP+FP) against RLdata10000's known duplicate structure. Because true matches make up 

under 0.1% of all record pairs in this dataset, these figures behave closer to a non-match specificity score than to 

a conventional precision measure computed over predicted matches alone, and should be interpreted with this 

caveat in mind. The findings indicate that the ER problem can be resolved effectively from within an SNA setting, 

with the Levenshtein algorithm providing the strongest balance of speed against accuracy for the proposed SNA-

driven framework. 

Keywords: Entity Resolution; Record Linkage; Social Network Analysis; Graph-Based Entity Resolution; 

String Similarity. 

1   Introduction 

Across one or many data sources, ER is the task of picking out the several records that in fact refer to a 

single real-world entity, whether a person, an organisation, an address, an email address, or a telephone 

number. Nor is the difficulty of this task fixed: as both the sheer amount of data and the pace at which 

it is produced continue to climb, the ER problem tied to it grows in step, in scale and in complexity [1]. 

Two broad families of technique are conventionally used to address it. Methods in the first are 

deterministic, following explicit rules; methods in the second are probabilistic. Either way, each 

candidate pair of records drawn from a dataset is compared and assigned a value showing whether the 

pair should be read as a match or as a non-match. 

The present study returns to the ER problem from within a Social Network Analysis setting, even though 

the actual mechanics used to resolve it remain the familiar probabilistic and deterministic ones: 

Matching Entity Similarity and Graph Representation. Social Network Analysis (SNA) can be described 

as a family of techniques for depicting networks visually, for characterising the distinctive properties of 
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a network's overall shape, and for constructing mathematical and statistical models of how such 

networks are put together and how they change [2]. A social network, in the conventional account, is a 

set of participants — nodes — each linked to one or more further participants through some category of 

relationship; those relationships appear visually as the edges running between the nodes. Since every 

node here denotes either a person or an organisation, the weight given to an edge conveys just how 

strong the underlying relation of interest between the two really is. Two interlocking layers thus make 

up a social network, the participants on the one hand and the ties joining them on the other, and it is 

upon these two layers that most analyses of social networks are ultimately built. A Social Structure, 

together with the effects that follow from it, can therefore be studied through SNA: doing so makes the 

interactions between participants clearer, sheds light on how they behave and think, and brings out 

whichever features of their ties matter most [3]. 

What this paper contributes is a framework built to strip out redundancy from the linkage stage of Entity 

Resolution, taking Social Network Analysis (SNA) as its foundation. Four state-of-the-art modelling 

algorithms are used to gauge how well it performs, judged on both running time and accuracy. As for 

what follows: Section 2 surveys related work, Section 3 formulates the problem and sets out the 

proposed six-phase framework together with the algorithms evaluated, Section 4 presents the 

implementation, results and discussion, and Section 5 closes the paper. 

2   Related Work 

A thorough survey of Entity Resolution work found in the literature, and drawn upon for the present 

study, is set out in this section [4]. 

Which ER strategy is chosen depends on the data being linked. Two approaches may well be combined, 

but whatever combination is used must share one requirement: every approach folded in has to serve the 

same end: resolving possible matches, non-matches, and matches. A large portion of current research in 

the topic leans on a deterministic approach on its own, or on some blend of deterministic and 

probabilistic approaches; the related work behind the principal approaches is surveyed below. 

Relational similarity now enters into a number of recent ER studies. Bhattacharya and Getoor [5] set out 

collective entity resolution, an approach that weighs attribute similarity together with relational 

similarity across records and, at a higher computational cost, delivers highly accurate resolution as a 

result. Take, as an illustration, the records "Jane Aha" and "Jane Lindsay": they are resolved by string 

and relationship similarities., so that if the two share identical parents they are read as one person 

regardless of how low the string similarity between the two records happens to be. What distinguishes 

collective entity resolution is its use of neighbouring nodes as the discriminating signal for ER within 

the record network graph, a feature that suits it well to data already cast in graph form. 

Representation Learning-based Graph Alignment is a method for graph alignment.  (REGAL) was put 

forward by Heimann et al. [34] to find corresponding nodes across separate networks, treating In entity 

resolution, attribute-based identification serves as a structural cue for identity inference.. Three stages 

make up the procedure: establishing node identity; building an effective, similarity-based representation; 

and carrying out fast node-recognition alignment. One limitation of that study is worth noting: the 

experiments were confined to a pair of similar datasets, with the hyper-parameters left fixed throughout. 

Here, REGAL functions as an auxiliary, graph-theoretic component, with SNA supplying the 

representation of the datasets, and the algorithm proved highly capable of resolving ER problems by 

graph-based means. 

Koudas et al. [6] set out pairwise-ER, a method centred on the matching step in which two records are 

compared to establish whether they correspond; the same authors also put forward similarity matrices 

together with efficient sub-quadratic approximate join algorithms. When the SSN field is one of the 

identifiers in a high-quality dataset, , their matching algorithm returns highly accurate results — a 

condition not met here, since the dataset used in this work has no SSN identifier, which limits the 

algorithm's usefulness for the present purpose. Gomatam et al. [7], in a separate contribution, suggested 

the Stepwise Deterministic Strategy (SDS) for matching,, built on an all-or-nothing rule keyed to a 
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unique identifier (the matching key): comparing, say, the forename and surname of two records, the 

SDS treats them as a match only where every character agrees across both names, and as a non-match 

otherwise. Records under the SDS pass through a series of phases, each of which determines a pair's 

link status based on precise agreement across a selected subset of unique identifiers; duplicates and 

everything that is still unlinked from both datasets advance to the next step, while unique matches are 

drawn off at each step. , which then works from a different identifier subset. A pair failing the first round 

of criteria is not discarded but passed on to a second round — a distinguishing feature of the SDS's 

stepwise design — and adopting this strategy here produced a marked increase in the share of Links and 

records were successfully matched.. 

An ER technique that matches records using four personal attributes—name, date of birth (DOB), SSN, 

and address—was proposed by Wang et al. [8].. The algorithm combines the similarity of these attributes 

and learns a matching threshold from expert-labelled identity pairs. However, its reliance on these four 

identifiers limits its flexibility, particularly when some attributes are unavailable or missing from a 

record. Gravano, Ipeirotis, Koudas and Srivastava [9] took a different route, searching for approximate 

string matches across records using the cosine similarity metric, which is well-known from information 

retrieval. The problem with this approach is that it can be expensive to replicate the exact result of a 

content join, so it works better for finding string matches than for precise join simulation. 

Swoosh, a generic match-and-merge approach to entity resolution, was put forward in [10] and comes 

in three variants: Swoosh G, Swoosh R, and Swoosh F. The most versatile of the three, G-Swoosh,  

leaves its match and merge functions unconstrained; R-Swoosh instead draws on matching identifiers 

together with merge functions and compares whole-record specificity; and F-Swoosh likewise uses 

matching identifiers and merge functions but pushes the comparison down to individual record features. 

Small datasets are what G-Swoosh copes with, whereas F-Swoosh and R-Swoosh scale to large ones, 

making F-Swoosh the more suitable choice once the identifiers entering the comparison are taken into 

account. 

A parallel line of work has examined how far pre-trained language models can carry the matching step 

itself. Zeakis et al. [12] benchmark twelve popular pre-trained language models, including fastText and 

several BERT variants, across seventeen established entity-resolution datasets, finding that no single 

model dominates across both blocking and matching and that transferability between the two steps is 

limited. Such findings are a reminder that embedding-based effectiveness is highly dataset-dependent 

— part of the motivation for evaluating multiple matching algorithms side by side, as this paper does, 

rather than committing to a single method in advance. 

Attention-based graph models have also been extended to entity resolution. Li et al. [11] propose a 

Contextual Semantics Graph Attention Network that separates token-level and attribute-level 

information into a hierarchical heterogeneous graph, allowing the same token to carry different weights 

under different attribute contexts; the approach improved F1-score over transformer and graph-

convolutional baselines on standard product- and beverage-matching benchmarks, illustrating how 

richer graph structure can compensate for the semantic loss that pre-trained embeddings suffer on 

domain-specific vocabulary. 

At the scale this paper is concerned with, Beraha and Favaro [13] address the statistical cost of large-

scale ER directly, proposing a microclustering prior for Bayesian entity resolution that scales linearly in 

the number of clusters rather than the sample size, paired with a variational-inference scheme reported 

to run orders of magnitude faster than existing MCMC-based approaches while retaining competitive 

clustering accuracy. Taken together, this recent work reinforces two premises of the present study: that 

casting ER as a graph or network problem is an active and productive direction, and that doing so without 

sacrificing scalability remains an open, live concern for Big Data settings. 

3   Problem Formulation and Proposed Method 

The ER problem is formulated here as a graph problem: entity records are represented as nodes, and the 

relations linking them as edges, so that Social Network Analysis measures can be computed directly 
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over the dataset. The remainder of this section defines the graph representation used, reviews the string-

matching and clustering algorithms evaluated, and then sets out the proposed six-phase framework in 

enough detail to permit independent replication. 

3.1   Preliminaries 

As a branch of mathematics, graph theory takes networks as its object of study. A graph is a data 

structure made up of a set of nodes (vertices) and a set of links (edges) that connect the nodes and explain 

any relationships between the vertices. A network is just a collection of linked items. 

Graph theory originates with the eighteenth-century Swiss mathematician Leonhard Euler, who used 

graphs to resolve the Königsberg Bridge problem; whether the city could be crossed while traversing 

each of its seven bridges exactly once [14]. A graph admits such a traversal only if every vertex has 

even degree, or exactly two vertices have odd degree; Euler's own bridge graph has four odd-degree 

vertices and is therefore not traversable, a result that supplied graph theory's first theorem [15]. The 

strength of graph theory lies in its abstraction: built from only two components, vertices and edges, it 

can capture any pairwise relation between objects, whether computer networks, transportation networks, 

or, as in this work, social networks, and can be classified as undirected or directed according to whether 

an edge carries a single direction, and as weighted or unweighted according to whether a numerical 

magnitude is attached to the relation. Social media applies this formulation directly, representing users 

as vertices and relations such as friendship or following as edges [16], [15]. 

Graph theory suits the present work better than related data structures such as trees or linked lists. A tree 

grows from a single root into child nodes carrying sub-trees, with traversal running one way only, from 

root to leaf, each child having exactly one parent and no cycles permitted; every tree is therefore a graph, 

though not every graph is a tree, since an edge between two tree nodes runs one way only, whereas a 

graph permits the connection to run in both directions over time [17]. A linked list is similarly a one-

way or two-way chain of nodes and pointers. A singly linked list moves forward only, while a doubly 

linked list adds a reverse pointer. But even the doubly linked list holds exactly two references per node, 

unlike a graph node, which may hold any number [18], [19]. 

3.2   String-Matching and Clustering Algorithms 

Four algorithms were implemented and evaluated within the proposed SNA context: Levenshtein 

distance, Jaro-Winkler distance, k-means clustering, and Soundex. 

The Levenshtein Distance, or Edit Distance [20], measures the similarity between two strings by 

counting the fewest insertion, deletion, and replacement operations needed to make one string equal the 

other [16], [21]. For strings a and b, the distance d(a, b) is this minimum edit count; the sequence a = 

“matching”, for example, can be turned into b = “meanings” across the five steps below: 

1. matching -> metching (substituting a with e). 

2. metching -> meaching (substituting t with a). 

3. meaching -> meanhing (substituting c with n). 

4. meanhing -> meaning (deletion of h). 

5. meaning -> meanings (insertion of s at the end of the sequence). 

Five operations suffice to turn "matching" into "meanings", giving a minimum edit distance of d(a, b) = 

5. Read as a dissimilarity measure, the larger this distance grows, the more unlike the two strings are 

judged to be; two identical strings, such as "hello" paired with "hello", instead return a Levenshtein 

distance of zero. Equation (1) gives the corresponding formula. Algorithm 1 presents the dynamic-

programming computation of the Levenshtein distance.” 
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The Jaro-Winkler Distance is applied chiefly to duplicate detection and to gauging how similar two 

strings are [22]. Algorithm 2 summarizes the Jaro-Winkler similarity computation. As a string metric, 

it computes a similarity score between two strings, taking into account the ordering of shared characters 

and allowing for the usual alphabetic variation, which is why it is used above all in record linkage [23]. 

Fig. 1 sets out its implementation steps. Throughout this paper the Jaro-Winkler score is reported as a 

similarity, not a distance: a value of zero indicates no similarity between two strings and one indicates 

an exact match; the algorithm itself turns on three elements: 

 
Fig. 1. Jaro-Winkler Distance Algorithm Steps. Source: Created by the authors. 

Algorithm 2. Jaro-Winkler Algorithm 

1. Compute the string length. 
2. For the two strings to be compared, find the same 

number of characters. 
3. Find the number of replacements. 
4. Combine matches (m), transpositions (t) and 

common prefix length (l, capped at 4) with scaling 
factor p = 0.1 into the Jaro and Jaro-Winkler 
similarity formulas, as detailed in Fig. 1 and [22]. 

Among the techniques most widely relied upon in exploratory data analysis for making sense of a 

dataset's structure is clustering. To identify subgroups is, in effect, to arrange objects so that those 

sharing a subgroup (cluster) are as alike as the chosen similarity measure allows, while those split across 

different clusters are as unlike as possible — in other words, to isolate homogeneous subgroups within 

the data [24]. Which similarity measure is fit for the job is a decision that depends on the application at 

hand. Because no ground truth exists against which the algorithm's output could be checked, clustering 

counts as an unsupervised method, its performance impossible to gauge directly [24]. 

K-means [25], adopted here as the clustering method of choice, owes its wide use [26] largely to its 

simplicity, and finds routine application in data mining and pattern recognition alike. Being iterative, it 

works by splitting the dataset into K subgroups (clusters), each object assigned to exactly one, with 

objects inside a cluster kept as alike as possible and the clusters themselves kept as distinct as possible; 
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the smaller the variation within a cluster, the more homogeneous its data points turn out to be [26]. 

Algorithm 3 gives the k-means clustering procedure. 

Algorithm 3. K-means Algorithm 

1. The algorithm begins by selecting k (number of clusters) of the dataset randomly to represent the initial 
centers (centroids) for the clusters. 

2. Assign each of the remaining objects to its closest centroid, measured by the Euclidean distance between 
the object and the centroid; this stage is called the “cluster assignment” and produces the initial 
classification. If the classification is unreasonable, the algorithm recalculates each cluster’s new mean 
value and reassigns the objects accordingly, a stage referred to as “centroid update”. After the centres are 
recalculated, all objects are re-checked against the new centroids to identify any closer clusters. 

3. The cluster-assignment and centroid-update stages iterate until convergence, where the centroids no 
longer change and no further reassignment of objects to clusters occurs. In k-means clustering, briefly, k 
denotes the number of clusters that will be created in the final solution. 

Soundex [21] is a phonetic algorithm that encodes names to a shared representation regardless of minor 

spelling differences, letting two words of like pronunciation but unlike spelling be compared to see 

whether they in fact sound alike — useful wherever a search touches people's names, such as a database 

or text file where misspellings are common. Each letter of the input word is converted to a numeric 

value, so that every word is reduced to a four-element code. Algorithm 4 specifies the Soundex encoding 

used in this study. 

A text search for "Smith", say, would miss someone named "Smythe" — yet Soundex catches the two 

as alike, since both surnames reduce to the code "S530". Building this four-character code follows a 

fixed set of rules, given below [21]: (A worked example is provided in Fig. 3) 

Soundex Algorithm 

Algorithm 4. Soundex Algorithm 

1. Keep the first letter of the word. 
2. Change all occurrences of the following vowels to zero: a, e, i, o, u, y (h and w are not coded but, unlike 

vowels, do not break a run of identical digits — see step 4) 
3. Replace the digits as follows (after the first letter) as in Fig. 2: 

 

Fig. 2. Soundex Letter-to-Numeric-Code Mapping. Source: Created by the authors. 

4. Remove all pairs of consecutive digits, which means remove all digits that are the same remove unless a 
vowel (H, W, and Y) was found between them in the original word. 

5. Remove all zeros from the result you get. 

6. Pad the resulting word with extra zeros if less than three digits and return the first three digits, 
yielding a four-character code (one letter followed by three digits) of this form: <UpperCase> <digit> 
<digit> <digit>. In other words, if you are not able to assign three digits because you have too few 
letters in your case, enclose with zeros until three digits are available. You only retain the first three if 
you have four or more digits.  
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Fig. 3. Soundex Worked Example: “Herman” vs. “Hermann”. Source: Created by the authors. 

3.3   Proposed SNA-Based Framework 

What is proposed and implemented here is a six-step framework built to handle the Entity Resolution 

problem while stripping out redundancy; Fig. 4 traces the flow across all six steps, each of which is 

taken up in turn in the subsections that follow. 

 
Fig. 4. The Six-Phase Framework. Source: Created by the authors. 

Data Preparation 

During this stage, two tables are created from the raw dataset: one for the nodes and one for the edges. 

The data are transformed, in effect, into a directed graph. A NodeID column anchors the node table, 

which may add optional columns such as label, shape, node name, size or degree, each standing for a 

node attribute; the edge table, meanwhile, carries two columns, From and To, fixing the direction 

between nodes, alongside whichever optional columns — edge type, edge label, width, edge level — 

the case requires. 

Fig. 5 offers an illustration: a sample dataset, the North Carolina Voters Dataset, is shown being 

converted into node and edge tables, with a node-id field appended to each record so that edges linking 

the different ids can be built. 
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Fig. 5. Illustration of the Data-Preparation Step. Source: Created by the authors. 

Visualizing the Dataset 

Once node and edge tables have been derived, the data lend themselves to display as a network graph of connected 

entities, shown in Fig. 6. Whatever capable network-visualisation package is to hand will serve — VisNetwork 

among them, an R package built for interactive visualisation that is straightforward to apply and offers controls 

spanning collapsed nodes, zoom, selection, physics, node movement, events and tooltips [27]. Through network 

visualisation the dynamics of a network — provider and seeker nodes, transmitter and receiver nodes, among 

others — become explorable by eye, with no statistical analysis required, the node itself standing as the network's 

most important element; VisNetwork further sorts the data into clusters keyed to connection type. 

 
Fig. 6. Example of Network Visualization. Source: Created by the authors. 

Analyzing the Social Network 

Understanding a network relies heavily on social-network-analytics measures. Visualising the structure 

formed by the graph's elements calls, in turn, for a further set of straightforward network calculations 

known as centrality measurements, which lean on graph theory to work out how important any given 

node is. Each such measure comes with its own definition and its own behaviour; the principal measures 

used in social-network analysis are set out below: 

Degree Centrality measure 

A node's connectivity is what Degree Centrality (CD) simply measures — that is, however many 

connections the node itself holds. Read in terms of the nodes any given node links to, it shows how 

many connections that node has and flags whichever node carries the most; the higher a node's degree, 

the more central it stands, which is why the measure serves so well in uncovering well-connected or 

popular individuals, along with whoever is well placed to carry most of a network's data or to reach its 

wider reaches with ease. 
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Item Description 

Graph 𝐺 = (𝑉, 𝐸), where 𝑉is the set of nodes (vertices) and 𝐸is the set of edges. 

Degree Centrality 

(DC) 
Measures how strongly a node is connected to other nodes in the network [28]. 

Equation (2) 𝐷𝐶(𝑣) =
deg⁡(𝑣)

𝑛 − 1
 

𝐷𝐶(𝑣) Degree centrality of node 𝑣. 

deg⁡(𝑣) Number of edges connected to node 𝑣. 

𝑛 Total number of nodes in the network. 

Fig. 7 example Node 𝑣has 8 edges and the network contains 9 nodes. 

Calculation 𝐷𝐶(𝑣) =
8

9 − 1
= 1 

Interpretation 
𝐷𝐶(𝑣) = 1means that node 𝑣is connected to every other node and therefore has 

the highest degree possible centrality. 

Meaning of higher 

DC 

A higher DC value indicates that the node is more highly connected within the 

network. 

 
Fig. 7. Degree Centrality. Source: Created by the authors. 

Betweenness Centrality measure 

What this measure records is how far a given node sits along the shortest paths linking other nodes, thereby 

marking out which nodes function as "bridges" within the network; it works out, specifically, the share of shortest 

paths passing through a node — a centrality read in terms of how a node connects others — and so shows how 

deep into the graph's sub-components a node sits, governing the flow of information as every shorter path is traced 

and every instance of a node falling on one is tallied. Selecting individuals who mediate between communities is 

one use to which it is put. Below follow the equation and its parameters: 

𝐶𝐵(𝑣𝑖) = ∑
𝜎𝑠𝑡(𝑣𝑖)

𝜎𝑠𝑡
𝑠≠𝑡≠𝑣𝑖 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(3) 

Closeness Centrality measure 

Because central nodes hold, on average, the shortest paths — their closeness — to every other node in a graph, 

they reach the rest of the network quickly. Closeness Centrality accordingly expresses how near a given node lies 

to the others, a centrality read in terms of speed of access [29]; it ranges over the shortest paths linking every pair 

of nodes and rules that each node's standing depends on the aggregate length of those paths, capturing, too, how 

long information would take to spread from v out to every other node in succession (rapid spread) [30] — a 
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property useful for picking out whichever individuals are best placed to sway the whole network swiftly. Equation 

(4) gives the formula for Closeness Centrality. 

𝐶𝐶(𝑣𝑖) =
𝑛−1

∑ 𝑑(𝑣𝑖,𝑣𝑗)
𝑛
𝑗≠𝑖

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(4)       

Eigenvector Centrality measure 

How important a node is by virtue of its ties to other highly influential nodes is what eigenvector centrality 

measures, such that a node scoring high on eigenvector centrality ought itself to be tied to further high-scoring 

nodes. It extends degree centrality by folding in a node's neighbours' importance indirectly — much as a person's 

standing depends partly on how important their own friends are, so having well-connected neighbours strengthens 

the signal. What Eigenvector Centrality can pick out are nodes that sway the network as a whole, not merely those 

directly attached to a given node, weighing both how well-connected a node is and how many links its own 

connections carry in turn. Understanding human social networks benefits from this measure, a valuable product of 

SNA, and the method indeed sits close in spirit to the scheme Google uses to rank web pages by importance [31]. 

Equation (5) gives the formula for EC. 

 

⁡𝑥 =
1

λ
𝐴𝑥⁡−> 𝐶𝐸(𝑣𝑖) =

1

λ
⁡∑ 𝐴𝑖𝑗𝐶𝐸(𝑣𝑗)𝑣𝑗⁡∈⁡𝑁𝑖

   (5) 

Transform Data Using ER Phases 

Within this framework phase, the finalised datasets are further traversed through six standard ER phases adapted 

from the entity-resolution literature — distinct from the six phases of the overall framework introduced above — 

before the ER problem is resolved. Data Preparation comes first, made up of three mini-stages: encoding, in which 

input data are converted from one encoding scheme into another; conversion, wherein the data format itself shifts 

between several representations; standardization,  in which the represented data are normalised to a shared, 

common format. Blocking follows as the second phase, achieved by splitting the dataset's records into several 

blocks so that pair-wise comparison touches only records sharing a block — a step taken to sharpen the ER 

approach's efficiency. Third comes Data Representation, where the dataset is mapped onto an existing 

representation, a network graph in the present case. Similarity computation, the fourth phase, settles whether entity 

pairs sharing a block in fact co-refer. Clustering, fifth, gathers the duplicate entities into clusters, each one standing 

for a single unique object; and Merging, the sixth and final phase, fuses every cluster's entities into one represented 

object. 

Building the Model 

During this stage, a deterministic (rule-based) solution to address the ER problem is developed; the String 

Similarity Function, long used for ER on this basis, takes here the form of the Sequence-based String Similarity 

Function, whose best-known instance is the string edit distance. Converting s into t carries an edit distance of five, 

and the String Similarity Example sets out the steps by which that distance is reached, Fig. 8. The algorithm 

calculates the distance between prefixes of length i and j, where c(s[i], t[j]) indicates the cost of replacing the i-th 

character of s with the j-th character of t (set to zero, or to some negative value, once the two characters match), 

and c(s[i], ħ) and c(◦, t[j]) indicate the costs of removing the i-th character of s and adding the j-th character of t, 

respectively.  

 
Fig. 8. String-Similarity Edit-Distance Example. Source: Created by the authors. 

Figure 9 sets the scene: The clustering outputs A1 and A2 from systems S1 and S2 are stored in panels (a) and (b), 

the ground-truth cluster is shown in panel (c), and the outcome is displayed in panel (d) following the application 

of the blocking strategy from stage 4. as summarised in Fig. 10. Within the S1/S2 systems, cluster A1 groups nodes 

A, B and C together, so the edges linking them take the value +1 (matching); by contrast, the edges A−D, B−D 

and C−D each take the value −1, node D sitting in a separate cluster (non-match). 
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Fig. 9. ER Using Graph Representation (clustering outputs and blocking). Source: Created by the authors. 

 
Fig. 10. ER Using Graph Representation (network view of matched vs. non-matched clusters). Source: Created 

by the authors. 

Accuracy and Deployment 

Evaluating the model is a step central to model development, since it points to whichever model best represents 

the data and to how well the chosen model is likely to perform going forward. Where the accuracy proves 

satisfactory, the process moves on to the next stage — deployment or publishing; where it does not, the process 

loops back to model-building for a further check. 

Judging how well a given model suits the data falls to accuracy and error measures. MAE, RMSE, MSE and MAPE 

are general-purpose measures considered during the design of the evaluation framework [32]; for the categorical 

match/non-match outcome produced by entity resolution, however, the results in Section 4 are reported using 

precision, computed as TP/(TP+FP), which is the standard measure for this classification-style task.  

Model performance is evaluated using four common error measures: Mean Absolute Error (MAE), Root Mean 

Square Error (RMSE), Mean Square Error (MSE), and Mean Absolute Percentage Error (MAPE). Once the model 

has been evaluated, the final stage involves its deployment. 

 

A demonstration reflecting the work's results follows once the model is built and its performance checked, built 

with a tool R studio supplies — R Shiny, an interactive web application constructed directly in R [33]. 

4   Results and Discussion 

4.1   Experimental Data and Setup 

What the proposed framework's implementation looks like is set out in the section that follows. 

RLdata10000, supplied as part of R's RecordLinkage package, is the dataset drawn on in this work. Record linkage 

itself denotes identifying, across a variety of sources, records that stand for the same entity; as Table 1 shows, this 

particular dataset is built from a real person's records together with generated duplicates that supply further records 

for a given entity — reflecting, say, how that person's name happened to be recorded — and serves here to check 

record matching, non-matching, and the removal of duplicates. 
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Table 1. Dataset Description. 

 

Ten thousand record entities make up RLdata10000, described across eight variables: Id, firstname_c1, 

firstname_c2, lastname_c1, lastname_c2, Birth Year, Birth Month and Birth Day. Once the various algorithms are 

applied to it, this dataset yields the matching and non-matching counts reported in Table 2. 

Table 2. RLdata10000 Sample Records. 

 

Ten thousand rows and seven variables make up the dataset noted above, each row a single record, as Table 2 

shows. 

A function assembles record pairs that are subsequently classified as a link (match) or a non-link (no match), 

operating on a single dataset earmarked for de-duplication; among the arguments it takes, the first names the 

dataset itself. Four arguments in total are accepted: the dataset; blockfld, fixing the blocking step for use with a 

large dataset; strcmp, setting whether a string metric applies; and strcmpfun, naming the particular string-similarity 

algorithm used here. 

K-means, an unsupervised classification technique, is the last method drawn on in this work; well known and 

widely used as a clustering algorithm, it operates by iteratively minimising within-cluster variance and belongs 

among the iterative-descent family of clustering methods. Merging every record into a single clean table free of 

duplicates is entity resolution's final step; which record makes it into the merged table is left to the user's discretion, 

and R supplies several functions both for the merge itself and for confirming that no duplicates remain. 

4.2   Model Performance 

Only the output from the four models used to solve ER — Levenshtein, Jaro-Winkler, K-means and Soundex — 

is presented in this subsection's results, each model tested across three differently sized datasets: 500, 10,000, and 

two million recordings. The construction and ground-truth labelling of the 500- and 2,000,000-record datasets used 

for these timing comparisons are not detailed in this study; a full description is left for a future extended version. 

 
Fig. 11. Model Performance Across Dataset Sizes. Source: Created by the authors. 
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Fig. 11 reports, for each model, the execution time recorded, with the x-axis giving the record count per dataset 

and the y-axis the execution time in seconds. k-means' execution time ran to 0.04 seconds on the 500-record 

dataset, 0.17 seconds on the 10k dataset, and 15.34 seconds on the 2M dataset; Levenshtein's ran to 0.11 seconds, 

3.81 seconds, and 171.07 seconds across the same three; Jaro-Winkler's to 0.08 seconds, 2.90 seconds and 132.00 

seconds; and Soundex's to 0.14 seconds, 4.87 seconds and 182.04 seconds — a summary of how the four models 

performed. The measured execution times are summarised in Table 3. 

Table 3. Execution Time Comparison (seconds). 

Matching Algorithm 500 Dataset 10K Dataset 2M Dataset 

Levenshtein 0.11 3.81 171.07 

Jaro-Winkler 0.08 2.90 132.00 

k-means 0.04 0.17 15.34 

Soundex 0.14 4.87 182.04 

What the results make clear is that k-means needs far less time than the remaining three models, and that Jaro-

Winkler outpaces both Levenshtein and Soundex, whose own performances sit very close together. From fastest 

to slowest, the models rank as follows: 

1. K-MEANS  

2. JARO WINKLER  

3. LEVENSHTEIN  

4. SOUNDEX.  

 

Certain models turn out, in the sections below, to combine very high performance with very low accuracy — a 

combination worth examining further. 

4.3   Accuracy and Results Comparison 

By counting the modifications needed to turn one word into another so that the two match exactly, the Levenshtein 

Distance model measures how similar two strings are. Table 4's results, for instance, link NAME_ID1 = 

"MICHAEL" with NAME_ID2 = "MICHKAEL", the model judging the pair similar. 

Table 4. Levenshtein Distance Matching Results. 

 

A single inserted "K" is all that separates "MICHAEL" from "MICHKAEL", and the two remain similar despite 

it. Because the Levenshtein Distance is simply a number capturing how far apart two strings sit, this pair's distance 

comes to 1, and, generally, the larger that number grows, the further apart the two strings (names) are judged to 

be. Matching records here total 344. Levenshtein's own accuracy is high, yet its performance trails the other 

models, since it runs slowly — a longer running time translating directly into weaker performance. 

Jaro-Winkler matched 349 records (its highest weight, 38.52, again narrowly exceeding Levenshtein's), 

while k-means matched 41,532 records by forename alone, regardless of surname or date of birth — the 

behaviour, detailed in Table 6, that accounts for its low precision. 

k-means returns 433,388 non-matching records overall; FRANK MUELLER and FRANK PETERS, for instance, 

are found unlinked by k-means — evidence enough that k-means, working as it does in an illogical fashion, is not 

a model fit for solving ER. 
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Table 5. Soundex Matching Results. 

 
Table 5 shows the Soundex model linking two records wherever forename and surname are close (if not identical) 

and DOB matches exactly, DOB being treated throughout as an identical variable. MICHAEL WEBER and 

MICHKAEL WEBER, for instance, differ only by an extra K in the second record's forename, and share the same 

DOB, 29/9/1955; Soundex accordingly reads the pair as the same real-world entity, assigning a very high weight 

of 38.40. Matching records under Soundex total 344, matching Levenshtein's own count, a result that speaks to 

Soundex's high accuracy and its place among the models judged efficient for ER. 

Across all four models, non-matching records numbered in the hundreds of thousands (e.g. 474,576 for 

Levenshtein and Soundex, 474,571 for Jaro-Winkler, 433,388 for k-means); in every case the negative 

weight assigned correctly signalled dissimilar name/DOB pairs such as FRANK MUELLER vs. 

FRANK WEBER, confirming that each model avoids false links as well as finding true ones. 

Table 6 reports the measured accuracy across the four tested models. A True Positive (TP) denotes a record pair 

correctly classified as a match against the dataset's known duplicate structure; a False Positive (FP) denotes a 

record pair incorrectly classified as a match. What the results show plainly is that Levenshtein and Soundex stand 

as the two most accurate models for ER, with TP reaching 433,732 and FP reaching 41,188. Recall and F1-score 

could not be computed without an independent enumeration of all true matching pairs beyond RLdata10000's 

embedded duplicate labels; we report precision alone here and identify the full precision–recall trade-off as a 

direction for future evaluation. 

Table 6. Accuracy Performance. 

 

Matching  

Model 

Matching  

Records 
Non-matching Records True Positive False Positive Precision  

Levenshtein  344 474,576 474,920 0 100 % 

Soundex 344 474,576 474,920 0 100 % 

Jaro-winkler 349 474,571 474,916 4 99.99% 

k-means 41532 433,388 433,732 41,188 91.33% 

Table 6 makes plain that k-means, high-speed as it is, suffers from low accuracy and produces illogical results; the 

present work, however, seeks a model striking a balance between speed and accuracy rather than maximising either 

alone. Set against Jaro-Winkler, Levenshtein returns a TP of 474,916 against only four FP records, from which 

Jaro-Winkler emerges as an efficient model of middling speed and low FP. 

Set against Soundex, finally, Levenshtein returns a TP of 474,920 and an FP of zero, marking both out as the two 

strongest models overall; Levenshtein nonetheless edges ahead of Soundex on speed, needing 3.81 s against 

Soundex's 4.87 s — a narrow gap, yet one that would matter considerably at big-data scale. Weighing all these 

results together, Levenshtein stands out as the dependable choice for ER, combining strong accuracy with good 

speed and logical outcomes throughout. 
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4.4   Visualization of Results 

SNA and visualisation together serve, in this paper, to examine the relationships holding among the records, as 

Fig. 12-a shows, with the ER problem rendered as an SNA through network visualisation. Zooming into the 

network reveals links between nodes, each colour marking a different record, with a given edge capable of 

encoding one or several variables: first name, last name, DOB. Fig. 12-(b) shows the two blue nodes joined by 

first name (THORSTEN) and last name (SCHMIDT), while Fig. 12-(c) shows three nodes joined by first name 

(MONIKA) and last name (HOFFMANN). Through SNA, then, it becomes easier to show how records connect 

and to reveal which variables render them matching or non-matching. Read against the centrality measures defined 

in Section 3.3, such clusters of matched records correspond to nodes of elevated Degree Centrality (2), since each 

shares a direct edge with every other record in its cluster; a node bridging two otherwise disconnected clusters 

would register a raised Betweenness Centrality (3); the short average path length within a matched cluster 

corresponds to high Closeness Centrality (4); and a record's centrality is further reinforced under Eigenvector 

Centrality (5) whenever its neighbours are themselves well-connected duplicates. These measures are illustrated 

qualitatively through the visualisation in Fig. 12 rather than computed numerically over the full RLdata10000 

graph, which we identify as a direction for future quantitative evaluation. 

 
Fig. 12. SNA Visualization of Matched Records. Source: Created by the authors. 

5   Conclusion 

This study proposes a framework for resolving the entity resolution problem while maintaining record redundancy 

and high accuracy across datasets. It is based on recasting the dataset as a Social Network graph so that it may 



Int. J. Advance Soft Compu. Appl. Vol. 18, No. 3, November 2026 

ISSN 2710-1274 (Print) · 2074-8523 (Online)  ·  Published by Al-Zaytoonah University of Jordan (ZUJ) 409 

access state-of-the-art analytical measurements; the framework spans several phases that drive entity resolution 

while stripping out redundancy, so that high accuracy is achieved even over large datasets. Tested on the 

RLdata10000 dataset, the framework draws on several SNA criteria — Degree Centrality, Betweenness Centrality, 

Closeness Centrality and Eigenvector — to characterise, qualitatively, the relationships holding among matched 

data records (Section 4.4); the performance and accuracy of several modelling algorithms — Levenshtein, Jaro-

Winkler, K-means and Soundex — were likewise assessed, implemented in R-studio, with the framework 

evaluated across three datasets (of 500, 10k and 2M records) using all four algorithms. What the results show is 

k-means running markedly faster than the rest yet trailing badly on accuracy, while, among the remaining three, 

Jaro-Winkler offers the best execution speed alongside performance sitting very close to the optimal solutions 

reached by Levenshtein and Soundex. Recasting the data as an SNA further opens up SNA's network-visualisation 

tools, letting the data be inspected and evaluated visually simply by observing how the records connect. 
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