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Abstract—Recent advances in natural language processing
have shown the effectiveness of statistical and neural network-
based algorithms in a deep understanding of textual data. We
demonstrate that the result of NLP analysis on text documents
can enrich relational data in a way so that structured queries
can be used to derive further value from text data.

In this paper, we present how we can perform analytics on a
scientific research dataset based on both the relational data and
NLP topic modeling. The integrated NLP features together with
the classical relational query constructs allow one to explore the
topic structure of the DBLP dataset with flexibility and precision.

I. INTRODUCTION

We are motivated by advances in two areas: natural language
processing (NLP) and data analytics. In the area of text mining,
we have seen highly effective approaches such as LDA [1] for
topic modeling and transformers [2] for language modeling.
On the other hand, the field of data analytics has witnessed
equally and yet quite different advancements in systems [3],
[4] that support Internet scale analytics. Given the amount of
text-based data in structured databases, there are many benefits
to augment relational database engines with NLP specific
operators.

In this paper, we propose several NLP operators to relational
queries so that one can harness the power of both worlds. The
NLP toolbox is vast. In this paper, we limit our work to lexical
analysis, topic modeling and finally, next-word prediction.
These operators are added to the relational query language.

To demonstrate the effectiveness of our approach, we have
analyzed the entire DBLP [5] datasets, containing over 2.5 mil-
lion Computer Science related publications from 1959 to 2020.
The DBLP dataset is highly structured with entities of persons,
journal/conferences and publications, which are connected via
different relations such as authorship and publication venues.

Using query languages such as the Structured Query Lan-
guage (SQL), one can perform statistical and quantitative
analytics on the datasets. However, there are many queries
of interest that require some level of NLP understanding of
the corpus, and they cannot be simply expressed in SQL.

Like many datasets, a large portion of DBLP consists of text
data in the form of natural language, namely the paper titles.
Consider some typical publications are shown in Figure 1.
The three papers are on different topics, and some are more
relevant to the recent surge of interest in deep learning. One
may argue that the paper titled “Neural Network Architecture
Designed for High-Speed and Complex Pattern Recognition” is

arguably more relevant publication given the keyword Neural
Network that appears in the title. We observe that such analysis
is lacking in the traditional query constructs, and would require
additional query operators to enable text processing at the
natural language level.

II. NLP EXTENSION TO RELATIONAL DATABASES

In this section, we describe the NLP extension to the
relational data model. We also demonstrate how the relational
operators are integrated into the relational operator.

A. Basic NLP Constructs
We need to enrich the representation text data type to

support reasoning at the NLP level.
A s : text is an arbitrary piece of text, e.g.

s = Scale Equalization of Higher-order Neural Networks.

A x : token is an indivisible string that we use for analysis.
For example, x = Networks is a token in s. However, NLP
typically analyzes the data in terms of normalized tokens. So,
we may choose to normalize x to its root x̂ = network by
removing the plural form and the capitalization. Some tokens
such as y = of may be omitted altogether in the NLP analysis.

The tokenization can be represented by a function:

tokenize : text → token+

We assume two special tokens:

• 〈start〉: is the start of a text data.
• 〈end〉: is the end of a text data.

Note: We denote non-empty finite sequences of tokens as
token+. This can be implemented in relational databases as
Array[token].

It’s possible that tokenize performs both token normaliza-
tion and filtering.

While analysis of data at the sentence-level is too coarse,
and at the token-level to granular, we may form phrases as
an intermediate unit of analysis. A phase is a (short) sequence
of one or more tokens:

phrase = token+

We note that a phrase may not be a substring of text

data because there may be token normalization and filtering
performed.

There are many methods from NLP literature in dealing
with phrases. Language models are models that evaluates
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Adaptive Function of Utility Driven Distribution for Mobile Agent Scheduling. IRI 2001

Discovery of Temporal Knowledge from Databases. IRI 2001

Neural Network Architecture Designed for High-Speed and Complex Pattern Recognition. IRI 2001

Fig. 1: Sample paper titles in IRI 2001

the probability of occurrences of tokens in some contexts.
Typically a context is a preceding phrase of the token to be
predicted, but Word2Vec [6] also considers other contexts. A
language model is represented by a function:

likelihood : (phrase, token) → R

where likelihood(w) is the probability distribution over all
tokens that can follow a phrase w. For our purpose, we have
trained a simple feed-forward neural network language model
[7] to perform next-token prediction with a MLP+softmax
activation. The training is done offline, but the inference is
performed during the query-time. We note that more complex
network architectures such as LSTM are also suitable for
learning a language model.

B. Topic Models
Topic modeling [1] has been widely applied to text analysis.

A topic model is derived from collection of documents, with
each document being represented as a bag of tokens. A topic
model with k topics is a function that map documents to a
mixture of the k topics.

topicmodel : token+ → R
k

where k is the number of topics, and for �v = topicmodel(D),
we have

∑k
i=0 vi = 1. Each coefficient of vi is the topic

weight for topic i.
There are several algorithms for constructing the topic

model. The most widely used is the Latent Dirichlet Allocation
(LDA) [1]. LDA relies on a generative model. It is assumed
that tokens are sampled according to a Dirichlet-distributed
topic-word distribution.

We have applied LDA to generate the topic model. For LDA,
it also provides token-topic weights as:

topicmodel : token → R

where
∑

x:token topicmodel(x) = 1.

C. NLP + SQL processing of DBLP dataset
In this section, we demonstrate the fluidity of performing

NLP enriched relational data analytics. The combination of
NLP and SQL provides the user a powerful declarative lan-
guage to perform ad-hoc and yet complex processing of text
data. We illustrate with examples of a typical workflow.
Augmenting the relational model

We define the user-defined custom types: token and
phrase. We also define the NLP row-level functions:

• tokenize : text → Array[token] performs tokeniza-
tion with normalization and filtering

• likelihood : (phrase, token) → R computes the
likelihood of next word.

For topic modeling, we have two functions: model con-
struction, and model inference. Model construction is a table
function

LDA : Table(phrase) → Table(token, Integer,R)

Model inference is done at row level:

topicmodel : phrase → Array[R]

Build the LDA topic model

CREATE VIEW corpus AS
SELECT id, tokenize(title) as tokens
FROM inproceedings

CREATE VIEW lda(token, topic, weight) AS
LDA(corpus)

Topic inference on text
The constructed topic model allows us to obtain the topic

mixtures from any tokenized text. Together with the power of
relational algebra, we can generate topic vectors on ad-hoc
selection of the publication data.

SELECT id, topicmodel(tokenize(title))
FROM inproceedings
WHERE booktitle = ’IRI’

AND year > 2000

Topic aggregation
We can perform aggregation and time-series analysis of the

topic models for free thanks to the power of SQL.

SELECT year,
SUM(topicmodel(tokenize(title)))

FROM inproceedings
WHERE booktitle = ’IRI’
GROUP BY year

D. Topic labeling

Labeling topics is always a challenging task. In this section,
we demonstrate that unsupervised topic bigram labelling can
be done with the NLP+SQL. The objective is the find the
most appropriate bigrams to label each of the topics. We use
both the topic model as well as a language model function
likelihood to construct the most suitable bigrams per topic.

First, we can generate the top-10 tokens for each topic based
on their topic weights.

CREATE VIEW keyword AS
SELECT DISTINCT token
FROM
(SELECT token,
rank() OVER (PARTITION BY

topic ORDER BY weight DESC) as i
FROM LDA(corpus))

WHERE i <= 10
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(a) Topic 19: data mine; model analysis;
model approach

(b) Topic 2: automatic generation; natural
language; model analysis

(c) Topic 10: video stream; knowledge
graph; scalable video

Fig. 2: Top-3 topics for IRI conference

(a) Topic 19: data mine; model analysis;
model approach

(b) Topic 17: extended abstract; deep
learning; machine learning

(c) Topic 13: case study; computer system;
computer environment

Fig. 3: Top-3 topics for ICCS conference

We can generate bigrams by performing maximal likelihood
estimation using the language model.

WITH V1 AS (
SELECT S.token AS x,

T.token AS y,
likelihood(S.token, T.token) AS p

FROM keyword S, keyword T
), V2 AS (
SELECT x, MAX(p)
FROM V1
GROUP BY x
)
CREATE VIEW bigrams
SELECT [x, y] AS phrase
FROM V1 JOIN V2 ON (x, p)

Finally, we pick the top bigrams in each topic by selecting
the top 3 bigrams based on their relevance score to the topic.

SELECT topic,
phrase,
rank() OVER (PARTITION BY topic

ORDER BY weight DESC)
FROM
(SELECT phrase,

unnest(array_range(0, K)) as topic
unnest(topicmodel(phrase)) as weight

FROM bigrams)
WHERE rank <= 3

III. DBLP ANALYSIS AND VISUALIZATION

We applied the proposed framework to analyze the DBLP
dataset. The flexibility and ease of the declarative NLP+SQL
language allows us to rapidly gain insights and generate
meaningful visualization on many different aspects of the
dataset.

We have included selected plots illustrating the type of
analysis possible: ranging form topics comparison of different
conferences to individual paper or author topic distribution,

both at the individual paper level (Figure 5), as well as at the
aggregated level (Figure 4a, Figure 4b).

IV. RELATED WORKS

AMETHYST [8] is an existing system that employs NLP to
organize and help find topics in heterogeneous data. It focuses
on the organization of topics and keywords into hierarchies,
while our system focus on the temporal trends of topics. In
contrast Itoh et al. [9] propose a system to visualize the change
in topics of a blog over time. Their approach visualizes a slice
of time on one plane and a stack of these planes show the
change of topics across time.

Tang et al. [10] proposed a system to compute similarity
between two domains. Using the same dataset they track both
changes in similarity and co-authorship between domains.
They manually identified time periods and domains for the
segmentation of data. Song et al. [11] use clustering to identify
trends in bioinformatics field. Using the same dataset, they
partition it into 4 non-overlapping periods and use Markov
Random Field-based topic clustering for topic extraction.
They analyse both within-period and between-period cluster
similarity. Doumit et al. [12] apply LDA along with NLP to
extract the bias of news sources. Through this combination of
LDA and NLP they show that you can discern each news
outlets bias in their coverage of an event and identify the
themes that where presented by their coverage. Mei et al. [13]
take a probabilistic approach to identifying the evolution of
a theme over time. They us a probabilistic mixture model
to extract themes and Hidden Markov Models to model the
transition between themes.

Jelodar et al. [14] provide a comprehensive review of LDA
topic modeling methods. Their work covers many methods for
parameter estimation, as well as applications and adaptations
for specific domains. One such adaptation is to deal with short

397

Authorized licensed use limited to: Ontario Tech University. Downloaded on November 10,2026 at 19:36:52 UTC from IEEE Xplore.  Restrictions apply. 



(a) Aggregated topic distribution for IRI (b) Aggregated topic distribution for ICCS

Fig. 5: Top 5 topics for 2 papers

documents such as Tweets and others address other issues such
as enriching topic vectors with timestamped data.

V. CONCLUSION AND FUTURE WORK

We presented a framework that embeds natural language
processing to the relational model. We integrated language
modeling and topic modeling to the SQL query language.
The combined language supports powerful and flexible ad-hoc
text analytics. We have utilized this framework to gain some
insights through data analysis and visualization of the DBLP
scientific publication dataset.

The future research will be focused on additional NLP
algorithms including semantic analysis and deep language
understanding with neural networks.
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