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1. INTRODUCTION

Schema matching is a crucial step in any data integration process. It aims to identify attributes that
carry the same meaning across multiple, often heterogeneous, and data sources [1]. This task plays a vital
role in scenarios such as database merging, system migration, and the construction of knowledge graphs [2].
When done accurately, it ensures semantic consistency between systems, thereby enhancing the reliability of
subsequent data analysis. Conversely, poor alignment can lead to semantic inconsistencies and diminish the
quality of the integrated data.

Traditionally, heuristic approaches [3]-[6] have been widely adopted for schema matching,
primarily because of their simplicity and effectiveness in well-defined environments. These methods are built
on empirical rules that compare schema elements using factors like name similarity, structural patterns, or
attribute types. Tools such as COMA++ [7] and Cupid [8] exemplify heuristic-based solutions, leveraging
techniques like string similarity or ontology alignment to identify potential matches across schemas. They
tend to perform well in contexts where data is relatively stable and follows a clear structure, such as in
conventional relational databases. However, their effectiveness drops significantly in more complex or
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dynamic scenarios. In such cases, heuristics often struggle to uncover subtle or non-obvious relationships
between attributes particularly when dealing with heterogeneous or evolving schemas. Furthermore, heuristic
rules [9], [10] tend to be rigid and challenging to adapt when dealing with new or evolving schemas, which
limits their effectiveness in dynamic or large-scale data environments. Recent research [11]—[14] highlights
how these approaches often fail to scale with growing data volumes or to capture nuanced, context-dependent
relationships between schema elements. Another significant limitation is their inability to handle schema
evolution over time, making them difficult to apply in systems that are increasingly open and subject to
frequent changes [15], [16]. Despite these drawbacks, much of the earlier work in schema matching
continued to rely on these traditional methods, which fall short in addressing the demands of complex or
constantly changing databases [17]-[20].

In light of these limitations, this paper introduces MatchlA, a supervised schema matching
framework that integrates semantic word embeddings with structural indicators and leverages a random
forest classifier for correspondence identification. The proposed approach captures non-linear relationships
between schema attributes and generalizes across heterogeneous schemas by combining semantic proximity
with learned decision patterns, while remaining interpretable and computationally efficient. MatchlA is
evaluated on benchmark datasets, where it demonstrates consistent improvements over heuristic-based
baselines in terms of precision, recall, and overall matching accuracy.

The rest of this paper is organized as follows. Section 2 describes the proposed methodology.
Section 3 presents the experimental evaluation and analysis. Section 4 concludes the study and outlines
directions for future work.

2. METHOD

This section outlines the MatchIA methodology developed for schema matching. It details the
overall design of the approach, explains each step of the data processing workflow, and highlights the key
methodological decisions behind the proposed solution. An overview of the schema matching problem is
presented in Figure 1. Schema matching represents a major challenge in information integration, particularly
when it comes to identifying columns that share the same semantic meaning across diverse and
heterogeneous data sources. The main difficulty arises from the fact that columns with similar meanings
might have very different names, and their types or structures can vary significantly.

Schema A Schema B
Biography Biographicaldata
> mname g ,,,,,, GIVEN_NAME
birthdate’ ?| MIDDLE_NAME
sosecurity camy

Additionaldata
> DATE_OF _BIRTH
.| BIRTH_LOCATION

number

Schema C

ATTRIBUTEGROUP HE ]
NAME i Schema D

Prefix BiographicaldataType

Firstname GENDER

T . =2 BIRTHLOC_CITY
Surname GIVEN
BIRTHDATA MIDDLE

-----> Dateofbirth > SURNAME

Figure 1. Schema matching in an interoperability context

2.1. Architectural design of the MatchIA system for schema matching

The MatchlA architecture relies on combining semantic embeddings with a random forest classifier,
a pairing designed to enhance schema matching performance. As shown in Figure 2, the system is composed
of several key components: data preprocessing, semantic similarity computation, feature extraction, and
classification. The selection of this architecture is driven by several methodological factors. First, semantic
embeddings like those employed in MatchlA effectively capture the contextual relationships between
columns from different schemas, a crucial aspect in schema matching. Unlike traditional rule-based [21], [22],
or exact matching methods, embeddings provide greater flexibility by identifying matches even when
column names differ, while still preserving their semantic meaning. Additionally, incorporating supervised
learning via a random forest classifier enables the model to make the best use of the features derived from
these embeddings.
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Random forest is especially suited for this task due to its capacity to manage complex and
heterogeneous data, along with its robustness to input variations. Additionally, this algorithm offers a
favorable trade-off between predictive performance and interpretability while remaining computationally
efficient. These combined strengths make it well suited for practical schema matching and data
interoperability scenarios.

List of column
Schema Source pairs with scores
(CSV,JSON)

FEATURE EXTRACTION

PREPROCESSING Lexical similarity MACHINE LEARNING MATCHING
Extraction of columns Semantic similarity . 4 Random Forest —P» Predict correspondences
Normalization Data type similarity (training on labe led pairs) Confidence threshold

Schema Target
(CSV,JSON)

S
A

HUMAN FEEDBACK

Figure 2. Schematic representation of the MatchIA matching and learning process

2.2. Word embedding representation
In a schema matching problem, this paper consider two database schemas: S; containing m columns
and S, containing n columns. These sets are formally defined as in (1).

§1 = {col{"YLy, S, = {col ™Y, (1)

Where colgl) and col}z) represent column names from schemas S; and S,, respectively. Schema matching
aims to identify corresponding columns between S; and S,, enabling seamless data integration and
interoperability between different databases.

Each column name is transformed into a numerical vector using a word embedding model. In
MatchlA, this paper employ the spaCy library’s en_core web md model, which provides a 300-dimensional
representation for words. Formally, we define the embedding transformation function fas in (2).

v = £ (colV) € R, v = f (colf”) € R 2)

@

Where f maps a column name to a 300-dimensional word embedding vector. v;~ and vj(z) capture the

semantic meaning of the column names in a high dimensional space.

By using word embeddings, this paper can compare columns based on their meanings rather than
their exact textual forms. The transformation into vectors allows for capturing underlying semantic meanings
in column names. For example, columns like ‘birthday’ and ‘birth_date’ will be represented by vectors close
to each other in the embedding space.

2.3. Cosine similarity computation

In the MatchlA framework, semantic similarity between column names from the two input schemas
is measured using the cosine similarity metric. This technique, commonly used in natural language
processing, quantifies how close two vectors are conceptually within a high-dimensional space. The cosine
similarity is computed as (3).

17-(1)-17(-2)

. 1 2
SLm(coli( ) colj( )) = m (3)
i Yy

Where vi(l) . vj(z) is the dot product of the vectors and ||vi(1)|| and ||vj(2) || are the magnitudes of the vectors.

As shown in (4), a pair is classified as a match if the similarity score exceeds a predefined threshold t.

yap = {Lif sim(coll{(l)}, col}(z)}) >1; 0,0therwise } 4)
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A similarity scores close to 1 indicates a strong semantic match, whereas values near 0 indicate weak
similarity. Unlike traditional heuristic methods [23], [24], cosine similarity captures semantic relationships
beyond lexical variations, including synonyms and abbreviations, thereby improving schema matching
flexibility and interoperability across heterogeneous data structures.

2.4. Training model implementation
As shown in (5), before training model, we normalize the feature vectors is to improve performance.

-— _ Xij~K

xlj = T (5)

Where u is the mean of all feature values and o is the standard deviation. Normalization ensures that the
feature values have a mean of 0 and a variance of 1, helping the classifier learn effectively.
As shown in (6), this paper train a random forest classifier to predict whether two columns match.

¥, = fo(xij) = 2y wehe (xi;) (6)

Where fp is the trained classifier, h (x) is the t-th decision tree in the random forest, w; is the weight
assigned to tree h;, T is the total number of trees. The model is trained on a dataset (x, y) where x consists of
feature vectors x;;, ¥ consists of binary labels.

The model learns patterns in the embeddings to classify column pairs as matching 1 or
non-matching 0. The random forest classifier was implemented using Scikit-learn with 100 trees
(n_estimators = 100) and random_state = 42; all other parameters were kept at their default values. The
dataset was randomly split into 80% training and 20% testing sets for model training and evaluation. The
random forest classifier improves interpretability by learning semantic decision patterns from the embedding
representations. Its tree-based structure enables transparent classification of matching and non-matching
schema pairs while maintaining high predictive performance.

2.5. MatchIA algorithm

The method is divided into two key stages, representing a notable improvement over traditional
heuristic-based schema matching technique [25]. Unlike rule based or string similarity approaches, the
approach takes advantage of recent advances in natural language processing and supervised learning to
discover deeper semantic connections between schema elements. The first stage, outlined in Algorithm 1
involves systematically creating pairs of columns from the input schemas and assigning labels to indicate
whether each pair is a potential match. This step forms the basis for the subsequent supervised learning phase
by generating a thorough set of candidate pairs. By focusing on relevant pairs instead of considering all
possible combinations, this process enhances both the accuracy and efficiency of the model.

Algorithm 1. Column pair generation and labeling
Input: dfl, df2
Output: X, y
1: nlp « spacy.load(‘en _core web md’)
2: def get vector (text):
2.1 return nlp(text) .vector
: columnsl < columns (dfl)
: columns?2 « columns (df2)
: pairs « {(cl, c2) | cl € columnsl, c2 € columns2}
: For each (cl, c2) in pairs:
a. vl « get vector(cl)
b. v2 « get vector(c2)
c. X.append(vl @ v2)
7: is _match(cl, c2) « cosine similarity(vl, v2) 2 threshold
8: y « [is match(cl, c2) for (cl, c2) in pairs]

o U bW

In the initial phase, we construct all potential pairs of columns between the two input schemas. Each
column name is transformed into a semantic vector using a pretrained language model, such as spaCy’s
en_core web md, which captures the underlying meaning of the labels beyond surface-level text. These
vectors are then combined typically through concatenation to form a joint representation for each pair.
Instead of relying on exact string matches, we assign training labels based on the cosine similarity between
the vectors. Pairs that exhibit a high degree of semantic closeness, as measured by this similarity, are treated
as matches. This method offers a more flexible and intelligent alternative to rigid rule-based techniques by
taking into account the contextual relationships between terms.
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The second stage Algorithm 2 involves training a supervised model, specifically a random forest
classifier, on the encoded column pairs. This enables the model to capture complex decision boundaries by
learning from the semantic similarity patterns present in the training data. After training, the model is capable
of predicting whether a given column pair constitutes a valid match.

Algorithm 2. Learning and schema matching
Input: X, y, similarity threshold

Output: matches

1: (X train, X test, y train, y test) « split(X, vy)
: model —~ RandomForestClassifier()

: model.fit (X train, y train)

: y pred « model.predict (X test)

: accuracy « evaluate(y pred, y_ test)

: match schemas (schemal, schema2):
Generate pairs from schemal, schemaZ2
Compute vectors and predictions

. matches « {(cl, c2)

. Return matches

o Ul W N

Q00 oo

A probability threshold can be adjusted to control the sensitivity of the schema matching. Compared
to traditional methods, the approach offers several important advantages:
i)  Adaptability: the model learns directly from the data, enabling it to better capture the unique traits of
different schemas.
ii) Semantic resilience: vector-based representations effectively capture synonyms and contextual
meanings that heuristic rules often overlook.
iii) Reduced false positives: the learning-based approach improves discrimination even when column
names are similar but semantically distinct.
iv) Scalability: this method is suitable for large-scale schema matching tasks and can be easily integrated
into automated data workflows.
In short, by combining these two stages, this paper provides a robust and modern solution that addresses both
structural and semantic challenges inherent in heuristic-driven schema matching, merging deep semantic
insight with data-driven decision-making. Based on this methodological framework, the next section presents
the experimental setup and evaluates the performance of MatchlA in comparison with existing schema
matching approaches.

3. RESULTS AND DISCUSSION
3.1. Datasets

The dataset used in our experiments is derived from Schema.org, a collaborative initiative supported
by major search engines to standardize structured data on the web. The Schema.org vocabulary provides a rich
collection of entity types, properties, and semantic relationships, making it a suitable benchmark for evaluating
schema matching approaches. To assess the generalization capability of MatchlA, this paper constructed a
benchmark by selecting representative classes from different application domains, including person, product,
organization, event, place, offer, and CreativeWork. For each class, the associated attributes were extracted to
generate heterogeneous schema pairs with varying structural complexity. The resulting benchmark includes
schemas represented in JavaScript object notation for linked data (JSON-LD), resource description framework
in attributes (RDFa), and Microdata formats, enabling the evaluation of the proposed approach across diverse
interoperability scenarios. Table 1 presents the main characteristics of the benchmark dataset.

Table 1. The structured schema dataset used for MatchlA evaluation

Subset Class Attributes  Instances Format Language Annotation type Usage
WebProfiles Person 15 1,200 JSON-LD English Manual + Heuristic Training
Marketplace Product 18 2,500 RDFa English Manual Evaluation
Cultural Event 11 980 Microdata  English Heuristic Training
OrgRegistry Organization 13 1,050 JSON-LD English Manual Evaluation
Geolocated Place 10 890 RDFa English Manual + Heuristic Evaluation
Commercial Offer 9 1,100 JSON-LD English Heuristic Validation
DigitalWorks  CreativeWork 14 1,450 Microdata  English Manual Final Testing

3.2. Evaluation metrics

This paper evaluates the performance of our approach using standard metrics. First, compute the
precision, which assesses the accuracy of the predictions by measuring the proportion of correctly predicted
matches among all predicted matches. It is defined as in (7).
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Correct Matches

Precision = @)
Correct Matches + Incorrect Matches
Next, this paper computes the recall, which measures the algorithm’s ability to retrieve all the relevant

schema matching that should exist. It is given by (8).

Correct Matches

Recall = - )
Correct Matches + Missed Matches

In addition to precision and recall, we also report accuracy and Fl-score. Accuracy is computed as the
proportion of correctly predicted correspondences out of all expected matches, as in (9).

Accuracy = Correct Matches o 100 )

Total Matches
F1-score combines precision and recall into a single metric that balances both aspects, as in (10).

F1 — score = 2 - frecision. Recall o 4 (10)

Precision + Recall

This paper defines the overall score as the average between the accuracy and the F1-score, as in (11).

Accuracy+Fl-score

Overall = . (11)
3.3. Performance analysis

The performance of MatchlA was quantitatively assessed using multiple metrics, including
accuracy, precision, recall, and F1-score, across varying schema sizes. These evaluation metrics were chosen
to provide a comprehensive understanding of the model’s effectiveness in different matching scenarios.
Accuracy measures the overall correctness of predictions, while precision reflects the proportion of correctly
identified matches among all predicted matches. The evaluation focuses on standard performance metrics,
including precision, recall, Fl-score, and overall matching accuracy, computed consistently across all
compared approaches. All methods are assessed under the same experimental conditions to ensure a fair and
meaningful comparison. Table 2 presents the precision, recall, and accuracy obtained by different methods.

Table 2. Performance metrics of MatchlA across varying schema sizes
Schema size  Accuracy (%)  Precision (%)  Recall (%)  Fl-score (%) Overall (%)

10 columns 92 93.0 91.2 92.1 92.05
20 columns 93 94.2 92.7 934 93.20
50 columns 94 95.1 93.5 94.3 94.15

The line graph in Figure 3 illustrates the upward trend in accuracy as schema size increased,
confirming the scalability and adaptability of the model across different levels of schema complexity.
This positive correlation suggests that MatchIA not only handles small and moderately sized schemas
effectively but also benefits from additional contextual information available in larger schemas. As the
number of columns grows, the model is able to capture richer semantic patterns, leading to improved
matching decisions.

Figure 3 plots schema sizes (10, 20, and 50 columns) on the x-axis against accuracy (%) on the
y-axis, showcasing the model’s consistency. Despite increasing schema complexity, the accuracy remains high
and stable, demonstrating that MatchlIA is not adversely affected by the growing number of attributes. This
stability is crucial in real-world environments where data heterogeneity and volume often increase over time.

To further analyze the model’s efficiency, its runtime for processing schemas of different sizes was
measured. Figure 4 presents a runtime vs. schema size graph. The observed linear increase in runtime
indicates that MatchlA scales predictably with schema size. A graph plotting runtime (in seconds) on the
y-axis against schema sizes (10, 20, and 50 columns) on the x-axis. To identify potential limitations, an error
breakdown was conducted. The confusion matrix as shown in Table 3, provides a detailed overview of the
classification outcomes for the 50-column schema. From the confusion matrix Figure 5, the model exhibited
a false positive rate (FPR) of 6.5%, primarily due to semantically similar column names
(e.g., “Address Line” vs. “Street Address”). These false positives were analyzed to identify the root causes,
revealing that embeddings for similar terms often overlap without strict contextual differentiation.
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Table 3. Distribution of prediction outcomes
Outcome Count
True positives (TP) 188
True negatives (TN) 172
False positives (FP) 12
False negatives (FN) 8

True Label

Predicted Label

Figure 5. Confusion matrix
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A heatmap-style visualization representing TP, TN, FP, and FN, providing an intuitive
understanding of the model’s strengths and weaknesses. An additional error distribution graph as shown in
Figure 6 highlights the frequency of false positives and false negatives across different schema sizes. A bar
chart displaying the counts of FP and FN for schemas with 10, 20, and 50 columns.
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Figure 6. Error distribution across schema sizes

3.4. Comparison with existing methods

To evaluate the effectiveness of MatchIA, we conducted a comparative study against several widely
recognized heuristic-based schema matching algorithms, including COMA++, Cupid, similarity flooding
(SF). The comparative evaluation was performed on multiple benchmark datasets, and the results
summarized in the Figure 7 highlight the improved performance of MatchlA in terms of both precision and
Fl-score. Specifically, MatchIA achieved an average Fl-score improvement of up to 12% compared to
traditional heuristics, demonstrating its robustness and potential for real-world schema integration tasks.
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Figure 7. Performance comparison of MatchlA and heuristic-based algorithms

The obtained results are consistent with recent schema matching studies highlighting the limitations
of heuristic approaches for heterogeneous schemas. As shown in Figure 7, COMA++, Cupid, and SF achieve
lower precision and F1-score than MatchIA. Recent studies [26], [12] similarly demonstrate the effectiveness
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of learning-based and hybrid semantic approaches. Accordingly, MatchIA provides higher accuracy while
remaining lightweight, interpretable, and suitable for practical interoperability scenarios.

The observed improvements are consistently reflected across all evaluation metrics and benchmark
datasets, indicating the robustness of the proposed approach. The agreement between precision, recall,
Fl-score, and accuracy further supports the reliability of the obtained results. Beyond the quantitative
improvements, MatchlA advances the state of the art by combining semantic embeddings with an
interpretable machine learning model, providing a better balance between matching accuracy, computational
efficiency, and explainability than traditional heuristic approaches. These characteristics make the proposed
method suitable for practical applications such as enterprise data integration, database migration, and
semantic interoperability across heterogeneous information systems.

To further contextualize MatchlA’s performance, its precision-recall curve as shown in Figure 8 was
analyzed. The area under the curve (AUC) of 0.92 for MatchlA demonstrates its ability to maintain high
precision and recall even under challenging scenarios with overlapping column names. A precision-recall
curve graph with MatchIA’s curve plotted against baselines, highlighting its superior performance. These
experimental findings provide insights into the effectiveness of the proposed approach and motivate the
concluding discussion presented in the next section.
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Figure 8. Precision-recall curve for MatchIA

4. CONCLUSION

This work introduces MatchlA, a supervised semantic schema matching framework that combines
semantic embeddings with a random forest classifier to provide an effective, interpretable, and scalable
solution for data interoperability. The experimental evaluation highlights consistent improvements over
traditional heuristic methods, particularly in terms of precision and recall, which confirms the ability of the
approach to identify relevant semantic relationships between heterogeneous schema elements. The main
contribution of this study lies in the integration of linguistic representations with well-established machine
learning techniques, resulting in a solution that is both interpretable and adaptable to varying data volumes.
Moreover, the obtained results suggest that the proposed approach can be effectively applied in practical
settings such as enterprise data integration, domain-specific datasets, and cloud-based data platforms, thereby
supporting real-world interoperability requirements.
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