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ABSTRACT
Discovering joinable tables in data lakes is a crucial task for sys-
tems that provide insights to users such as business analysts, data
engineers, and data scientists. Due to the lack of unifying schema
for such data lakes, it is typically necessary to require some level
of access to the contents of tables to inspect the contents of table
columns and discover joinable pairs. We introduce an alternate ap-
proach for tackling this problem, wherein we utilize only the textual
metadata of tables to predict joinability. Our approach, MeGNN-Join
(Metadata Graph Neural Network for Joinability Prediction), mod-
els table metadata as a knowledge graph and frames predicting table
joinability as a link prediction task over the graph. MeGNN-Join’s
lack of reliance on table contents allows it to perform predictions
in situations where typical content-based methods cannot oper-
ate, and it utilizes semantic enrichment of missing metadata to
produce more effective predictions. To validate our approach, we
design an evaluation framework using real world data from open
government data portals and demonstrate that MeGNN-Join shows
superior performance and generalizability to new tables compared
to baselines.
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1 INTRODUCTION
As data has become increasingly available, so too have we seen an
increased need to effectively manage and utilize this data in various
data science and analytics pipelines. For example, a data lake may
contain large collections of data with similar concepts, but it may
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not be easy to identify relationships between them due to the lack
of a uniform underlying schema.

Within this problem space, we are particularly interested in how
tabular data within data lakes can be utilized more effectively. The
well-structured nature of tabular data makes it relatively easy to
expand on and aggregate data, for instance, by identifying columns
from two tables which refer to the same concept in order to join
the tables. Performing such a join operation is an important tool
to fully utilize data that has been curated from different sources
and provide a more comprehensive analysis. However, the lack of
uniform schema across data lake tables makes it difficult to identify
joinable tables. Columns with the same name in different tables
may refer to different concepts – e.g., a “name” column in a table
about county-level demographics versus a company’s employee
table. A similar challenge exists when two tables refer to the same
concept using different labels – e.g., “Community Board” and “CD
Number” refer to the same concept (the number assigned to the
community district), but this would not be immediately obvious
based on only the column names. The typical way to approach
these challenges is to inspect the contents of tables rather than
just the column names, as finding matching entries under a given
column in two tables serves as evidence that those columns refer to
the same concept. Work in this area typically explores topics such
as efficient identification of joinable columns [7, 8, 12, 21, 44] and
joinability on different types of data [28, 32].

The need to process table contents in these typical methods,
however, may be undesirable in many real world applications. Some
governance structures and access guidelines for data lakes may
prohibit access to table contents – this makes traditional approaches
for joinable table discovery infeasible. Furthermore, processing
and storage of table contents to perform joinable table discovery
may be expensive, especially as the scale of data lakes increases.
While existing work has explored how to address factors such
as computational cost or privacy concerns, in this work we are
interested in considering an altogether different approach which
could entirely avoid potential issues related to table contents. In
order to predict table joinability without the use of table contents,
we turn our sights to the metadata that is attached to tabular data.

In this paper, we propose MeGNN-Join (Metadata Graph Neural
Network for Joinability Prediction) – our approach for predicting
table joinability using only the tables’ metadata. An overview of
our method is shown in Figure 1. Metadata serves as a means to
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Figure 1: A high-level overview of MeGNN-Join, depicting how table metadata is enriched and converted into a KG (top) and
how we process metadata graphs using GNNs to enable joinability prediction (bottom).

more easily get a high-level understanding of the data without the
need to inspect its contents, and is often made easily available from
enterprise data catalogs1 or open data portals. Even if accessing
and/or analyzing the contents of tables is costly or disallowed, such
metadata may be utilizable to get a rough prediction of whether
two tables are joinable.

We frame the problem of joinability prediction as a link pre-
diction task, through (1) modeling tables and their metadata as a
knowledge graph (KG), (2) utilizing semantic enrichment to gen-
erate any missing pieces of metadata, (3) using language models
to produce features from textual metadata, and (4) processing the
metadata KG using a multi-phase approach. We construct our meta-
data KG by connecting table names, column names, tags/categories,
and descriptions for each table, and train two phases of graph neu-
ral network (GNN) [29] modules to produce table representations,
which can be used to predict joinability between a pair of tables.

Our contributions in this paper are as follows: (1) we propose a
novel approach for predicting table joinability, which frames the
problem as a link prediction task over a KG of table metadata; (2)
we present MeGNN-Join, which effectively utilizes and processes a
KG of textual metadata to predict table joinability; (3) we devise an
evaluation framework using tabular data from three open govern-
ment data portals, as well as one synthetic dataset; (4) we evaluate
MeGNN-Join against a variety of baselines, encompassing other
text-embedding methods and common link prediction approaches
over three evaluation settings, demonstrating the effectiveness of

1Examples of data governance catalogues for data lakes can be seen in services such
as AWS, Databricks, and Dremio.

MeGNN-Join, especially for more difficult joins and for tables which
were unseen during training.

2 RELATEDWORK
A number of recent surveys and works exist on the problem of
data discovery [5, 11, 26], which becomes an important problem as
the number, format, and provenance of tables present in data lakes
increases. The lack of unifying, overarching schema that defines
and relates concepts across various tables is a central problem.
While past work has explored the topic of connecting columns to
KG concepts for data management (which in turn could be applied
to identify joinable tables) they either require manual effort [6, 10]
or rely on table contents to aid in automatic linking [16].

Several recent methods have explored the task of table joinability,
often with a strong focus on improving efficiency in memory usage
or set overlap detection. Some examples include JOSIE [44], which
introduces an algorithm for efficient set overlap discovery, PEXESO
[7], which uses column embeddings to determine joinability using
high-dimensional similarity metrics, and work that explores the use
of prefix trees [21] to effectively prune multi-attribute data. There
has also been exploration of table joins specifically on numeric data
[28, 32], joinable table discovery using pre-trained language models
[8], and utilizing large-scale datasets to identify semantic similarity
between tables [14, 20]. Bharadwaj et al. [2] leveraged metadata
from large-scale query logs to discover related columns across data
streams – in contrast, we look only at tables in isolation without
such usage information. The biggest difference of our method com-
pared to such previous works is that all of these works assume the
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use of table contents, while we use only the metadata about the
tables to make predictions.

There also has been some exploration of the use of graphs and
metadata for various downstream tasks. Recently, Sequeda et al.
show the effectiveness of using a KG in question answering over
a relational database through the use of a manual mapping of the
database to a KG [30]. ATJ-Net [1] constructs hypergraphs of tables
and applies a GNN to perform prediction tasks such as classification
or recommendation – however, this method relies on well-defined
primary- and foreign-key relations for tables. KGLac [15] demon-
strated a method which involved constructing a knowledge graph
to capture semantics and metadata about tables. CARTE [17] ex-
plored an approach to utilize KGs as a source of pre-training for
table representation learning. Past work has explored the use of
string similarity to perform table joins as well, as seen in surveys
such as [37, 41]. However, the primary focus of such works has
been the string similarity of table cells rather than table metadata.

3 PRELIMINARIES
3.1 Table Joinability
The main problem of our work is to predict if two tables are joinable.
In a set of tables following a well-defined schema, joinability can be
determined by foreign key relationships pre-defined in the schema.
Within a data lake, and in the absence of a comprehensive schema
discovery (or schema extraction [31]) process – which could be
highly challenging and prohibitively expensive – we must identify
potentially joinable tables using other available information.

In this paper, we follow related work [7] and define two tables
to be joinable if they have a pair of columns whose similarity is
above some threshold, according to a content-based similarity mea-
sure. Similarity then is computed using set-based measures like set
overlap or containment ratio – columns being similar implies that
they contain at least some cell values on which their contents can
be joined.

3.2 Metadata
We consider any textual data about a table besides its cell values
to be metadata. In this work, we consider the following pieces of
metadata to be relevant to our task: the table name and descrip-
tion; the column names and descriptions for each column in
the table; the tags, or set of strings indicating some categorization
to which the table is relevant; and row labels, which are text de-
scriptions of the concept which each row in the table represents.
Of these pieces of metadata, we assume to always have table and
column names available. Besides these, the availability of metadata
can vary on a table-to-table basis and based on the source from
which tables are collected. Row labels are rarely available, or only
available indirectly through table descriptions.

3.3 Semantic Enrichment
While semantic information and metadata of tabular data can be
quite useful, it is also often incomplete or missing in real-world data.
This, in turn, can be a limiting factor surrounding methods which
aim to heavily make use of metadata like our work. To address
this issue we explore recent advances in the use of large language

models (LLMs) for semantic enrichment of metadata [22, 25] to
automatically generate and enrich table metadata.

In this work, we focus on three semantic enrichment tasks. The
first is column name expansion, where cryptic or abbreviated
column names are expanded into more human readable forms.
The second is description generation, where missing natural
languages descriptions are generated for a given column. Lastly,
we utilize tag generation to generate keywords which can act as
tags or high-level categorizations of tables.

3.4 Metadata Knowledge Graph
To explore our approach of predicting table joinability using only
metadata, we chose to encode the metadata of tables in a knowledge
graph. Using a graph structure allows us to be flexible with the avail-
ability of data, such as tables missing or having large amounts of a
particular type ofmetadata, rather than requiring some fixed feature
size. We also wish to leverage information about tags, which we con-
sider to be reliable but incomplete indications about the concepts
contained in tables. We define our knowledge graph 𝐺 = (𝐸, 𝑅,𝑇 )
as a set of entities 𝐸, relations 𝑅, and triples 𝑇 . The triples in 𝑇 are
of the form (ℎ, 𝑟, 𝑡) where ℎ, 𝑡 ∈ 𝐸 and 𝑟 ∈ 𝑅. As we are working
with textual metadata, each entity 𝑒 ∈ 𝐸 has a corresponding string
of text, which will serve as its initial input feature which we will
utilize in our approach.

4 MEGNN-JOIN
Our method for predicting table joinability frames the problem as
a link prediction task in a KG of table metadata. Given two target
tables, we produce a joinability score and repeat the process for
multiple pairs of tables to produce a ranking. An overview of our
approach is shown in Figure 1.

4.1 Metadata Enrichment
The first step of ourmethod is to perform semantic enrichment to fill
in missing metadata and generate additional keywords to support
our prediction model. Each enrichment task is highly contextual –
e.g., decyphering cryptic columns depends on information about
what the other columns in the table are, as well as background
context like the table’s name and description. Following in the
steps of related work [42] which supports the utility of LLMs to
effectively expand abbreviations or acronyms in column names, we
make use of an LLM to perform our semantic enrichment steps.

For a given table 𝑡 we first collect all of its available metadata.
This includes the table’s name, description, a set of keywords or
tags, its column names, and column descriptions. Often, some of
this metadata is missing or incomplete – the column names may be
cryptic and hard to understand by humans or AI systems, column
descriptions may be missing entirely, and tags may be incomplete or
lacking in granularity. To generate missing metadata, the available
metadata is collected and formatted into a prompt to subsequently
input to an LLM model (full prompt details are available in Sec-
tion 1 of our Supplemental Material). In our experiments, we use
a Llama 3.3 70b [9] model to generate structured textual output,
corresponding to our three semantic enrichment tasks.

An example of our semantic enrichment task is illustrated in
Figure 2. In this table, curated from the Canada.ca open data portal,
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Table name: "Registration of Animals from Artificial Insemination Sires"
Table description: "Animal registrations of both male and female Dairy Cattle ..."
Columns: [EndDt_DtFin, MjrCmdtyEn_PrdtPrncplAn, MjrCmdtyFr_PrdtPrncplFr, ...

LLM

"EndDt_DtFin": {
    "expanded_name": "End Date", 
    "description": "The date at which the registration period ends"},
"MjrCmdtyEn_PrdtPrncplAn": {
    "expanded_name": "Major Commodity English", 
    "description": "The type of animal being registered, in English, such as Dairy Cattle or Goats."},
"MjrCmdtyFr_PrdtPrncplFr": {
    "expanded_name": "Major Commodity French", 
    "description": "The type of animal being registered, in French, such as Bovins laitiers or chèvre."},
...
"keywords": ["animal registration", "agriculture", "livestock", ...]

Figure 2: An example of inputs and outputs for our semantic enrichment tasks. Long text and outputs are omitted, indicated
with ellipses.

the original metadata is missing column descriptions and contains
multiple abbreviations in its original column names. These column
names are difficult to interpret at first glance – due to the table
containing information in both English and French, the column
names are also presented using abbreviations in both languages (e.g.,
MjrCmdtyEn_PrdtPrncplAn is composed of “Major Commodity
English” and “Produit Principal Anglais”). We can see how the LLM
is able to successfully expand the cryptic names and also provide
descriptions which help to better understand the content of the
columns. Further, the expansion simplifies the column name to only
include the English portion.

The output of this enrichment step is a set of expanded column
names, new column descriptions, and keywords associated with
the table. We store and make use of the expanded column names
in place of the original column names for all subsequent steps. For
column descriptions, we only utilize the generated descriptions if
none were available in the original data, given that descriptions
often indicate some level of human effort involved in curating the
metadata and believe it to be a more reliable source of information
than generated content. For generated keywords, we add and use
all newly generated keywords together with any tags which were
present in the original metadata.

This semantic enrichment step can be completed once off-line,
and the resulting enrichments are stored for future use.

4.2 Metadata KG Construction
Given the textual metadata for a table, we construct a KG represen-
tation for it by initializing entities for each piece of metadata. If all
types of metadata are available then we would produce entities for
the table name, table description, each column name, each column
description, each tag, and the row label. We consider the table name
as the main entity for the table within our KG. Additionally, we
assume that all tags in the metadata to refer to the same concept
within a given data portal. On the other hand, each column and table
is treated as a distinct entity, regardless of whether other columns
or tables have the same name. This is to enforce our assumption
that two columns in different tables with the same name do not
necessarily refer to the same concept, and it allows us to uniquely

attach column descriptions to columns in different tables. Through
this process we construct a KG with 4 properties, connecting the ta-
ble entities to each of its metadata entities and connecting columns
to their descriptions. We also add a reflexive property to capture
joinability links between tables, to represent any known table joins
within the dataset.

For each entity in this metadata KG, we convert its text feature
into an embedding using a pre-trained text embedding model. The
model takes as input one or more sentences, corresponding to an
entity in the metadata KG, and output an embedding representing
those sentences. The model needs to be capable of handling longer
texts in the metadata, such as descriptions and table names. In our
implementation, we choose a Sentence-BERT [27] (SBERT) model.
For each entity 𝑒 ∈ 𝐸, this process produces corresponding a vector
®𝑒 ∈ R𝐹 , where 𝐹 is the dimension of the text embedding.

Through this process we construct a KG representation of the
metadata for tables, which we further process through subsequent
GNN modules. Metadata that is seen during training can be stored
at this point for future use, and the KG representation for new table
metadata can be easily computed online.

4.3 MeGNN-Join Model
MeGNN-Join operates on a pair of tables to produce predictions –
in the remainder of this section we will refer to the pair of tables as
the query table, 𝑡𝑄 , and candidate table, 𝑡𝐶 , where the query table
is a specific table for which we want to produce joinability scores
and the candidate table is one of a set of tables for which we want
to determine joinability with the query table. Our method details
are explained for a single query and candidate table pair, and the
process is repeated for multiple candidate tables.

For the pair of tables 𝑡𝑄 and 𝑡𝐶 , we collect their 2-hop neighbor-
hood in the metadata KG to serve as the relevant subgraph to feed
into subsequent steps. This neighborhood encompasses all of the
metadata for each table, as well as some links between tags and
other tables that share that tag. We denote these subgraphs as 𝐺𝑄

and 𝐺𝐶 , and the set of columns for each table as 𝐶𝑄 and 𝐶𝐶 .
The core idea for the MeGNN-Join model now is to produce

embeddings for tables such that tables that are likely to be joinable
4



Figure 3: Example of embedding updates using GNNs. 𝐷𝑖 , 𝑐𝑖 ,
and 𝑇𝑖 indicate description, column, and table nodes.

are more similar than tables that are not joinable. To do so, our
model implements two phases of updates for embeddings in the
KG. In the first phase, the embeddings of tables and columns are
updated based on local context surrounding each table table. In the
second phase, the embeddings for the query and candidate tables
are updated while incorporating context about the other table’s
columns.

4.3.1 Update Phase 1: Phase 1 updates the embeddings of entities
in the metadata KG for the query and candidate tables indepen-
dently from each other. Given the sparsity of connections among
entities in the metadata KG, we find that collecting only the 2-hop
neighborhood is sufficient – this allows the subgraph to encompass
all metadata for a given table, other tables which share the same
tags, and other tables and their columns which are joinable with
the table.

For the subgraphs 𝐺𝑄 and 𝐺𝐶 , we update the representations
of all entities using a GNN model. Here, we construct a heteroge-
neous GNN of depth 2 to perform the forward passes. By using a
heterogeneous GNN structure, different GNN layer weights will
be applied to each relation type (e.g., a tag and column will have a
different influence on updating the representation of a table entity).
In principle, any GNN architecture can be used in this part of our
model. In our experiments, we choose to utilize GATv2 [4] layers,
given their strong performance and ease of use.

Using this model we produce updated embeddings for ®𝑡𝑄
′ and

®𝑡𝐶
′, as well as their respective columns, ®𝑐𝑖 ′ ∈ 𝐶𝑄 and ®𝑐 𝑗 ′ ∈ 𝐶𝐶 .An

example of how updated embeddings are produced from this model
is shown in Figure 3 – note that layer details are greatly simplified,
and many neighboring entities for 𝑡𝑄 are omitted for brevity. At
each depth, the GNN processes and aggregates information from
neighboring nodes, allowing the output embeddings to be influ-
enced by entities up to 2-hops away.

4.3.2 Update Phase 2: For the second phase of MeGNN-Join, we
aim to produce updated table representations for the query table
which incorporates context about the candidate table’s columns,
and vice versa. Intuitively, we expect that allowing each column
in one table to influence columns in the other table will help to
further contextualize the meaning of each column and understand
whether the columns represent joinable concepts or not.

For each column entity 𝑐𝑖 ∈ 𝐶𝑄 and 𝑐 𝑗 ∈ 𝐶𝐶 , we augment
a new relation from every 𝑐𝑖 to every 𝑐 𝑗 and vice versa to our

subgraphs 𝐺𝑄 and 𝐺𝐶 . A visualization of this step can be seen in
the “Add column connections” step of Figure 1, where we essentially
add edges among all columns of the two tables. These additional
relations can now be used by a second GNN model to once again
produce updated embeddings for 𝑡𝑄 and 𝑡𝐶 , in a similar fashion as
our example in Figure 3.

With the augmented subgraphs, the first depth of the GNN allows
each column entity to incorporate information from other table’s
columns, and the second depth allows these updated column vectors
to then influence 𝑡𝑄 and 𝑡𝐶 , producing the vectors ®𝑡𝑄

′′ and ®𝑡𝐶
′′ as

the tables’ final representations.

4.3.3 Joinability Score: The joinability score is produced by apply-
ing a sigmoid function to the dot product of ®𝑡𝑄

′′ and ®𝑡𝐶
′′. This score

is essentially used as a classifier, classifying the tables as joinable or
not, and we use this to compute binary cross entropy loss to train
our model. Through training MeGNN-Join, tables that are joinable
should have similar final representations and tables that are not
should be dissimilar.

5 EVALUATION FRAMEWORK
Given the limited availability of datasets of tabular data with as-
sociated metadata, we opt to devise a new framework to evaluate
our work. We curate three datasets of real-world tabular data, and
produce two variations of joinability data for each. We additionally
construct one synthetic dataset based on YAGO 4.5 [33]. We then
design experiments for three different evaluations settings.

5.1 Data Curation
We curate three datasets using metadata APIs offered by open gov-
ernment data portals:CONY, from the NYC Open Data portal;NYS,
from the Open NY portal; and CANADA, from Canada.ca’s open
government portal. Each data portal provided varying amounts of
metadata – CONY contained the most metadata, while NYS con-
tained no row labels, and CANADA contained no row labels or
column descriptions. We also performed filtering over the tables to
remove (1) tables with fewer than 10 rows, to remove cases where
the tiny number of rows would heavily bias the containment ratio
calculation in our ground truth generation (described in Section
5.2), and (2) tables containing personally identifiable information,
to avoid any potential privacy concerns with the released dataset.
After performing filtering, the total number of tables for CONY,
NYS, and CANADA were 2,049, 714, and 1,237.

5.2 Ground-Truth Generation
The main goal of our evaluation is to determine how the joinabil-
ity predictions produced by our approach, which uses only table
metadata, compares to table joins that a system produces when it
has access to table contents. Therefore, we generate joinability data
using content-based methods to serve as our ground-truth for these
three datasets.

For the ground-truth joins, we use an open source implemen-
tation2 to compute the set similarity of column contents. In par-
ticular, we use the set containment ratio as our key metric – for
a pair of columns and their corresponding sets of cell values 𝐴

2https://github.com/ekzhu/setsimilaritysearch
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and 𝐵, the containment ratio is calculated as |𝐴⋂
𝐵 |

𝑚𝑖𝑛 ( |𝐴 |, |𝐵 | ) . Having a
high containment ratio indicates that the columns contain a greater
proportion of cell values on which the tables can be joined.

To determine joinable tables using this metric, we first filter out
columns containing numeric data, as it gave us many false positives
for joinable columns. Next, we filter out columns where less than
10% of the cells had unique values so that we can ignore cases where
the columns contain uninteresting values (like columns indicating
“yes“/“no“) and avoid the containment ratio being heavily biased by
columns with few unique values. We then compute the containment
ratio among all columns, and tables containing columns with a ratio
above a set threshold were judged to be joinable. In our evaluation,
we produce two versions of the joinability data with thresholds of
0.6 and 0.3. Experiments using a threshold value of 0.6 indicates a
stricter joinability criteria, as at least one column must share more
than half of its cell values with the other column. The total number
of joins produced for the threshold of 0.6 for the CONY, NYS, and
CANADA datasets were 11,422, 2,050, and 1,024, respectively. For
the threshold of 0.3, the number of joins for the three datasets were
28,396, 4,920, and 3,166.

Our final dataset, YAGO, was constructed synthetically by con-
sidering classes in the YAGO 4.5 KG as “tables”, instances as “rows”,
and properties as “columns”. Intuitively, we consider instance enti-
ties that share the same property and tail entity as being joinable
on that particular property, and generate our synthetic dataset to
reflect such joins. We first selected all entities which were instances
of exactly one Class, then collected classes that contained at least 5
instances which were joinable with another class to form our final
dataset. YAGO consists of 880 tables with 59,892 joins. Unlike our
other datasets, in YAGO all “columns” that share the same name
represent the same concept; however, this does not necessarily
mean that they are joinable unless the columns also share some
values.

Table 1: Summary statistics for our curated datasets.

CONY NYS CANADA YAGO
Tables 2,049 714 1,237 880
Descriptions 1,953 714 1,237 763
Columns 40,986 10,554 28,546 3,444
Column Descriptions 9,112 9,402 0 3,444
Row Labels 549 0 0 0
Tags 2,606 1,496 3,516 0

Table 1 shows an overview of the general dataset statistics for our
curated datasets. We note that each dataset has varying amounts
of available metadata, with only CONY having row label metadata
and CANADA not having any column descriptions. Having this
variety of metadata will help to give us insight into the robustness
of our method, and also presents the opportunity to explore the
impact of automatically generated metadata enrichments.

5.3 Evaluation Settings
We assess model performance following standard procedures for
link prediction in KG research. For each test sample, joinability
predictions are made by producing a joinability score for all other
tables and ranking them. We then calculate filtered mean reciprocal

rank (MRR) – i.e., the average of 1
𝑟𝑎𝑛𝑘

, where the correct prediction
occurs at 𝑟𝑎𝑛𝑘 – and Hits@10 – the proportion of test samples
where the correct prediction occurs within the top 10 ranks – as
our main evaluation metrics. We also consider the three evaluation
settings; transductive, semi-inductive, and inductive.

In the transductive setting, which is typically used in evaluating
link prediction, we assume that all tables in the test set are also seen
during training. Data is split into train and test sets by selecting
a set of table join edges to set aside for testing. For the inductive
setting, we perform predictions for tables that were not seen during
training. Data in this setting is split by selecting a set of tables to
set aside for testing, and joins are predicted among the test tables.
Lastly, the semi-inductive setting aims to predict joins between a
pair of tables where one was seen during training and one was not.
This setting uses the same data split as the inductive setting, but
join predictions are performed only for join pairs where one table
is from the test set and one is from the train set.

To contextualize each of these evaluation settings: the trans-
ductive setting corresponds to a situation where we have a data
lake which already contains table join information, and we wish to
enrich it further by discovering missing joins; the semi-inductive
setting is where we have a data lake with join information, and we
wish to introduce a new table and identify what tables it is joinable
with; and the inductive setting serves to evaluate how training a
model on an existing set of tables in a data lake can be applied to
identify joins among a whole new set of tables from scratch.

Experiments were performed for each dataset and setting using
5-fold cross validation; detailed data split statistics can be found in
Section 2 of our Supplemental Material.

5.4 Difficult Joins
Another factor which we will analyze in our experiments is the
performance of various models in situations where it might be easy
to determine the joinability of tables versus difficult joins. Here, we
consider any two tables that are joinable on columns with different
names as difficult (e.g., joining the “Community Board” column of
one table to the “CD Name” column of another). Easy joins can
plausibly be identified using exact column name matching (which
we include as a baseline), while difficult joins cannot.

5.5 Models and Baselines
To the best of our knowledge, no recent work exists surrounding
the task of predicting table joinability using only table metadata. To
compare against our model, we use several text-embedding based
baselines over metadata features as well as common link prediction
methods. Further details about baseline models and experiment
configurations are provided in Section 3 of our Supplemental Mate-
rial.

Text Embeddings: We consider three text-based baselines. The
first, Exact Column, scores table joinability by counting the number
of columns in each table with exactly-matching names. The sec-
ond, ColumnSim, uses SBERT embeddings of column names and
computes a weighted sum of their cosine similarities to produce a
score. The third is TableSim, which scores joinability based on the
cosine similarity of table names’ SBERT embeddings. ColumnSim
and TableSim are comparable to how a state of the art content-based

6



Table 2: Evaluation results, with best results highlighted in bold.

Transductive Semi-inductive Inductive

Method MRR Hits@10 Rank MRR Hits@10 Rank MRR Hits@10 Rank
Exact Column .204 .288 11.6 .263 .390 5.71 .305 .455 4.71
ColumnSim .188 .327 11.0 .262 .417 5.86 .320 .471 5.00
TableSim .188 .315 11.0 .264 .432 6.29 .309 .520 4.71
TransE .726 .872 4.29 - - - - - -
DistMult .682 .873 5.86 - - - - - -
ComplEx .718 .902 4.57 - - - - - -
Rotate .468 .628 8.14 - - - - - -
GraIL .292 .538 9.14 .080 .193 8.00 .077 .225 8.00
AnyBURL .754 .906 3.57 .449 .575 3.57 .210 .407 6.86
GNN .605 .831 6.57 .506 .706 3.14 .458 .646 2.43
MeGNN-Join (Ours) .831 .952 1.71 .591 .751 2.14 .500 .679 1.43
MeGNN-Join𝐽 (Ours) .836 .951 1.57 .671 .842 1.00 .427 .616 2.71

method such as DeepJoin [8] could be applied to our setting, under
the constraint that no cell values are available. We apply the same
SBERT model3 as the one used in our MeGNN-Join implementation
for these baselines.

KG Embeddings: As our task setup is one of link prediction, we
also include several popular baseline link prediction methods which
are based on embedding the entities and relations of the KG into a
vector space. Among the many KG embedding models [13, 38, 39],
we chose four widely used models; TransE [3], ComplEx [36], Dist-
Mult [40], and RotatE [34]. These models are only evaluated in the
transductive setting, as they do not support inductive predictions.

Rule Learning: Another class of models that can perform link
prediction in KGs are those which aim to learn rules or patterns
from the KG [19, 23, 24]. We use AnyBURL [23] as a baseline for
rule learning given its strong performance and efficiency, as well
as its ease of applicability to the inductive setting.

GNNs: We include two GNN-based baselines which are capable
of performing inductive link prediction. The first is GraIL [35],
which can predict links between entities based only on the local
subgraph structure. We indicate the second baseline simply as GNN.
This baseline mirrors the modeling and structure of MeGNN-Join,
using GATv2 as the GNN layers, but omits our second update phase,
demonstrating how a normal GNN model would be applied to our
core idea of using a metadata KG with text embeddings.

MeGNN-Join:We evaluate two variations of our model – one
that incorporates other table joins (present in the training set) in its
training and inference, which we denote as MeGNN-Join𝐽 , and one
that does not incorporate such joins into training or inference, as
MeGNN-Join. We expect MeGNN-Join𝐽 to be able to take greater
advantage of existing knowledge about tables seen during training,
at the cost of generalizability when predicting joins for new tables.

6 RESULTS
Experiments were performed for each dataset and evaluation setting
using 5 fold cross validation. In the following section we highlight
average results across each cross validation and datasets. Detailed

3huggingface.co/sentence-transformers/all-MiniLM-L6-v2

evaluation results for each dataset are available in Section 4 of our
Supplemental Material.

Our main experiment’s results are shown in Table 2, where we
present the averageMRR↑, Hits@10↑, and the relative Rank↓ of each
model (where each model is ranked based on its MRR in each cross
validation split and dataset) for each evaluation setting. MeGNN-
Join𝐽 shows the strongest performance in the transductive and
semi-inductive settings, while MeGNN-Join without the additional
join information is stronger in the inductive setting. Among the
baselines, we observe that typical link prediction models are able
to show reasonable performance in the transductive setting, which
supports the idea that link prediction for this sort of table join
prediction is a viable approach. However, in the more difficult semi-
inductive and inductive settings, other baselines begin to struggle
more. MeGNN-Join demonstrates robust performance when applied
to tables that were unseen during training. We also observe that
MeGNN-Join consistently outperform the standard GNN baseline,
indicating the benefits of our secondary update phase as well as
semantic enrichment procedure.

Table 3: Average model performance for difficult joins.

Transductive Semi-inductive Inductive

Method Hits@10 Hits@10 Hits@10
ColumnSim .018 .045 .052
TableSim .064 .128 .136
AnyBURL .847 .320 .020
GNN .725 .663 .336
MeGNN-Join .913 .737 .369
MeGNN-Join𝐽 .920 .818 .261

6.1 Difficult Joins
Table 3 shows the evaluation results in terms of Hits@10, focusing
on the two most competitive baselines (AnyBURL and GNN) as
well as two text embedding baselines. Detailed results for difficult
joins can be found in Section 5 of our Supplemental Material.
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We see that using the text embeddings of table or column names
alone performs extremely poorly across all evaluation settings for
these difficult joins. AnyBURL remains competitive in the trans-
ductive setting, but its performance heavily degrades in the semi-
inductive and inductive setting because many of its learned rules
rely on entities that were seen during training or joinability links
among other tables. MeGNN-Join shows robust performance in the
transductive and semi-inductive setting, although it does begin to
struggle in the inductive setting, and the performance gap between
MeGNN-Join and the standard GNN becomes quite small.

6.2 Ablation Study
To gain insight into the effects of various pieces of metadata, as well
as to validate the use of our automatically generated metadata, we
perform an ablation study to explore changes in model performance.

Table 4 shows the performance of MeGNN-Join𝐽 in the transduc-
tive setting on our three open data portal datasets, comparing the
MRR performance when the model is trained and tested end-to-end
with or without the inclusion of automatically enriched metadata
(column name expansions, column descriptions, and keywords). We
can observe that the enriched metadata is often useful – while the
semantic enrichment has no impact on the performance of NYS, for
the CONY dataset the enrichments provide roughly a 7% improve-
ment in performance. Note that in enterprise data lake settings,
enrichment is likely even more impactful due to sparser metadata
in enterprise data catalogs.

Table 4: Comparison ofmodel performance with andwithout
enrichments.

Dataset Enriched MRR
CONY Yes .833
CONY No .784
NYS Yes .766
NYS No .767
CANADA Yes .753
CANADA No .744

Table 5: Changes in model performance when specific pieces
of metadata are removed from the KG.

Removed Metadata MRR
None 0.833
Semantic Enrichments 0.784
Column descriptions 0.776
Tags 0.761
Row labels 0.758
Table descriptions 0.684

Table 5 investigates the impact of removing a specific piece
of metadata from the metadata KG, making it unavailable during
inference. This ablation study is conducted for the CONY dataset
in the transductive setting. While MeGNN-Join𝐽 is robust in being
able to produce inference results even if portions of the metadata

Figure 4: Ablation study on under-sampling columns for
CONY-C tables.

are missing, we can observe that removing any piece of metadata
negatively affects performance. This underscores how all parts of
the metadata provide valuable contributions to the model.

We also consider an additional ablation study regarding how
much column information is available from each table during infer-
ence. Here, we only sample a subset of the tables’ columns before
processing it with MeGNN-Join and producing a prediction. Each
experiment is repeated 10 times and we report the average MRR
– results can be seen in Figure 4. Interestingly, we observe that
even sampling a single column leads to an MRR of 0.705, and by
the time we sample 10 columns our model nearly reaches its full
performance, despite the fact that tables in CONY-C on average
have 20 columns. This further suggests how our method is capable
of robustly utilizing metadata, even when large portions of it are
missing.

7 CONCLUSION
We present MeGNN-Join, an approach for predicting joinability
among tabular datasets using only their metadata. MeGNN-Join
operates by framing this task as a link prediction task by forming
a KG from the tables’ metadata, and we introduce a pipeline to
leverage text embeddings together with GNNs to produce table
representations. Additionally, we introduce a semantic enrichment
step to automatically generate missing pieces of metadata, which
might be crucial in many real-world datasets where high-quality
metadata is sparse. We evaluate MeGNN-Join’s ability to repro-
duce content-based joinability results using only metadata, and
demonstrate strong performance against baselines, especially in
more difficult evaluation settings. Our results show that a metadata-
based approach for table joinability offers a compelling and practical
direction for future research. It enables lightweight and privacy-
preserving use of data, particularly in settings where direct access
to table contents is restricted. Moreover, it opens up new opportu-
nities for scalable interaction with data on the web. In future work,
we hope to expand upon this research in several directions such as
exploring more diverse dataset domains, incorporating semantic
table interpretation solutions [16, 18, 43], and deeper investigations
into the use and evaluation of automatic metadata enrichment.
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