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Abstract. Data annotation is the categorization and labelling of data for applications, such as machine learn-
ing, artificial intelligence, and data integration. The categorization and labelling are done to achieve a specific 
use case in relation to solving problems. Existing data annotation systems and modules face imperfections 
such as knowledge and annotation not being formally integrated, narrow application range, and difficulty to 
apply on existing database management applications. To analyze and process annotated data, obtain the re-
lationship between different annotations, and capture metainformation in data provenance and probabilistic 
databases, in this paper, we design a back-end query processing framework as a supplementary interface for 
the database management system to extend operation to datasets and boost efficiency. The framework utilizes 
Java language and the MVC model for development to achieve lightweight, cross-platform, and high adapt-
ability identities. The contribution of this paper is mainly reflected in two aspects. The first contribution is to 
implement query processing, provenance semiring, and semiring homomorphism over annotated data. The 
second contribution is to combine query processing and provenance with SQL statements in order to enable 
the database manager to invoke operations to annotation.

Keywords: knowledge base system, data management system, data provenance, annotated data, query pro-
cessing framework

1   Introduction

With the evolvement of applications, the scale of data keeps expanding. After obtaining the results of the que-
ry data, it is necessary to obtain an explanation of the query answers such as the description of data origin and 
the process of data acquisition. The extra explanation forms various types of information within the data itself. 
Metadata refers to the contextual information that establishes relationships between the data and the real-world 
aspects it applies to [1]. In other words, metadata is the data that describes information about a piece of data [2], 
thereby creating a relationship in terms of the content and functionality of that data [3]. Annotation is a type of 
metadata that keeps extra information about data [4]. In the datasets of a realistic project, the annotations can ei-
ther represent multiplicities or probabilities. Each atomic formula in a rule or fact is associated with an annotated 
value. Annotated data contain descriptions and explanations of the data element. Data in various formats such 
as video, images, or text are labelled in the annotated data so that machines can understand it. Therefore, in the 
field of industry and academia, annotated data are crucial for understanding the input patterns in order to further 
process and produce accurate results. Based on the above-discussed requirements to analyze and process the 
annotated data and obtain the relationship between different types of annotations such as text annotation, senti-
ment annotation, intent annotation, semantic annotation, and named entity annotation [5-6], we have developed a 
framework called Annolog as a conservative extension of Datalog to model and reason with annotated data. The 
rules and facts in Annolog are the same forms as in the standard Datalog. Datalog is a database query language 
that syntactically is a subset of the Prolog programming language [7]. Each formula in Datalog is a function-free 
Horn clause [8]. Evaluation of Datalog queries on a finite database terminates in finite time-polynomial in the 
number of constants. Datalog has been the subject of numerous studies in the research domain of database man-
agement. The declarative advantages of Datalog together with its powerful query processing and optimization 
techniques have made it attractive to database research and development [9-10]. Consequently, the Datalog 
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structure and paradigm are selected as the underlying infrastructure of the Annolog framework developed in this 
paper.

The key research problem in this paper is to satisfy the requirement of stakeholders and database managers to 
process the annotated data for further analysis. Specifically, the demands include the complete semantics, meth-
odologies, and formulas on the annotated data in the relational databases, the operations to model the Select, 
Project, Join, and Union (SPJU) functions with relation features to the annotated data, and the capability to pro-
cess the annotated data in various types of databases without affecting the functionality of the database manage-
ment system itself. To address the pivotal research problem, Annolog is designed in this paper for usage either as 
a standalone reasoner or to work synchronously with the database management system engine. When evaluating 
a query on annotated data, it is advantageous to capture meta-information about the result of the query along with 
the result itself [11]. The annotated meta-information indicates the multiplicity and probability of the results, and 
why as well as how the outputs are generated. Annolog facilitates to capture of annotated meta-information in 
data provenance and probabilistic databases. As a standalone reasoner, Annolog can be part of the big data anal-
ysis module in applications such as decision support and result classification. Annolog performs as a supplement 
to the general rule-based database system utilized in big data analysis. By processing the annotation information 
of the datasets, we integrate data in an orderly manner, provide detailed information behind data, and enhance 
reason efficiency which is essential for making strategic decisions in applications in the field of education and 
healthcare. In order to meet the requirements of lightweight and expansibility, the Annolog framework module is 
implemented by adopting the MVC (Model-View-Controller) design pattern based on the Java platform to sep-
arate the inner side logic and outer display. Hence, the framework has the characteristics of cross-platform and 
high adaptability.

The main contributions, novelties, and achievements of this paper can be summarized as follows.
1. This paper defines semantics, query processing methodologies, provenance semirings, and semiring 

homomorphisms on the annotated data in the relational databases. These approaches can be considered 
complementary methods for analyzing annotated data in the databases from the database management 
systems.

2. A query processing framework is designed for modelling the annotation data in the database. The 
framework is able to realize the Select, Project, Join, and Union (SPJU) functions with bag, probability, 
why-provenance, and how-provenance features to the data processing operations. Compared with the ex-
isting query processing modules and architecture provided by the industry or researchers, the framework 
developed in this paper is able to handle the user-defined query formulas instead of processing the anno-
tation data based on the predefined query formulas.

3. The developed query processing framework is consolidated into a lightweight API as an extension to the 
database management systems. Instead of managing the data elements in the specified types of databases 
designed in other studies, this framework is able to handle data records in various kinds of databases as 
long as the database is operated on by the SQL statements from the front-end system.

4. The proposed framework processes the data information parallelly and continuously without affecting the 
original functions of the database systems and is further evaluated on a simulated medical database and a 
public database of the number of new confirmed COVID-19 cases per hundred thousand citizens among 
different administrative areas of a city. The results from the two experiments based on the databases indi-
cate the efficiency, validity, and accuracy characteristics of the framework for practical usage.

The rest of the paper is organized as follows. Section 2 describes the related works. Section 3 presents the 
methodology of the designed framework. In Section 4, the implementation of the framework is proposed, and 
the results of the developed experiments are displayed. Section 5 discusses the relative study and future works. 
Finally, Section 6 concludes the paper.

2   Related Work

Annotation is utilized implicitly or explicitly in people’s daily life. The notion of annotated data has been defined 
and used in different and diverse disciplines. While there is no consensus on a precise definition of the annota-
tion, there is an agreement on its purpose being a type of meta-information that provides meanings to an expres-
sion of a data element by describing, supporting, or restricting it. In order to automate such annotated data, it is 
required to formally represent, manage, process, and analyze the annotated data explicitly and develop desired 
procedures.
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Data provenance is the whole process of data generation and evolution over time and operation accumulation. 
Traditional data integration technology focuses on the format of data, and the object of management is still the 
data itself. At present, it is necessary to process data sharing in a huge heterogeneous environment, therefore 
making the traditional data technology in data integration, query, and index appear inadequate. Data provenance 
involves the evolution of data that can be applied to track data across and within different data sources. At the 
same time, uncertainty is inevitable in the process of data evolution, so data provenance can trace the source of 
data and uncertainty and the evolution process. Since provenance and annotation are strongly associated, this 
paper focuses on designing a framework to implement data provenance technologies to process the annotated 
data information. Wang et al. categorize the provenance into three dimensions and proposed data provenance, 
lineage provenance, and environment provenance for labelling the origin of the data elements [12]. Müller et al. 
discovered how, where, and why data provenance can help improve the database SQL queries. They demonstrate 
the provenance analysis of SQL queries with how-provenance which determines which query expressions have 
been relevant for the evaluation of selected pieces of output data and why-provenance which determines relevant 
pieces of input data records [13]. Senellart et al. discussed important applications of different forms of data prove-
nance based on the provenance semirings such as the Boolean provenance for probabilistic databases [14]. In this 
paper, we construct the above-discussed data provenance techniques including bag semantics, how-provenance, 
why-provenance, Boolean expression, and provenance semiring into the proposed architecture for processing and 
analyzing the annotated data.

Numerous techniques have been conducted on processing and analyzing annotated data and enriched oper-
ations over the provenance of combined data. Benzaken et al. proposed the first provenance-aware extended 
relational algebra formalized in a proof assistant (Coq) for a non-trivial subset of database queries [15]. Issa et 
al. introduced a novel framework for encoding inconsistency into relational tuples and tackling query answering 
for the union of conjunctive queries with respect to a set of denial constraints [16]. Li et al. extended the concept 
of data provenance in the manufacturing domain to acquire information about the data origin and data changes. 
They proposed an architecture to manage the provenance of process data, in which the data provenance is con-
sidered as annotation of process data [17]. Although the above studies suggest comprehensive provenance repre-
sentations and extend considerations to databases for usage, they mainly process datasets by the query formulas 
defined by themselves instead of users’ input. In addition, the frameworks these studies developed can only run 
independently instead of calling on existing data processing programs and data management systems according 
to forms such as an interface, which makes them difficult to apply to the existing applications.

Several modules and platforms have been proposed as supplementary operations for existing database man-
agement systems. Senellart et al. developed an open-source module for the PostgreSQL database management 
system. The module developed by them adds support for the computation of provenance and probabilities of que-
ry results [11]. Garima et al. presented a framework named HUKA that uses provenance polynomials for tracking 
the derivation of query results over knowledge graphs by encoding the edges involved in generating the answer 
[18]. Arab et al. presented an overview of GProM, a generic provenance middleware for relational databases. 
The system supports diverse provenance and annotation management tasks through query instrumentation [19]. 
Although the above works suggest application-independent modules for supporting provenance formalisms to 
annotated data, they can only apply in particular fields and domains, such as programs with PostgreSQL databas-
es, knowledge-centric applications for knowledge graphs, and specific types of databases.

Therefore, we design Annalog, a back-end open-source framework based on the Java platform, which can 
be utilized by any kind of java database management system with the interface. Due to the cross-platform and 
easily portable characters of Java [20], Annalog is available on multiple system platforms once compiled. The 
developed framework does not have a limitation on the choice of the database type and is applicable to various 
databases and database management system applications which can be operated by standard SQL statements. The 
above-mentioned features ensure that Annalog can expand the data processing functions of database management 
applications without affecting their original operations. The platform is not restricted to specific databases and 
platforms, which realize lightweight, cross-platform and adaptability identities.

3   Methodology

In this section, we discuss the semantics of annotated data. We introduce query processes in the relational data-
bases over annotated data and semantics on annotations represented by the algebraic framework of a semiring. 
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3.1   Semantics on Annotated Data

Annotated data are relational data and present various meanings in different applications [21]. Diverse applica-
tions require individual semantics of annotations that ought to be modified and processed [22]. For instance, we 
need to comprehend when the domain of the annotation column is a natural number and what is the multiplicity 
of each tuple (Bag Semantic). We also need to understand what the probability has the result given a feasibility 
distribution on the input data (Probability Semantic), why is the specific tuple obtained (Why-Provenance), and 
how is the specific tuple obtained? (How-Provenance). As displayed in Fig. 1(a), the table represents annotations 
about the relational data. In the example table, r, s, and t are the tuples IDs. A condition table is a primitive kind 
of table where the tuples are annotated with the formulas named conditions [23-24]. A bag table and a probability 
table are the elementary types of the condition tables where the annotations are the distinct multiplicity variables 
and the probability distributions respectively, as shown in Fig. 1(b) and Fig. 1(c).

Fig. 1. The examples of an annotation table, a bag table, and a probability table respectively

It is possible that inside each database table, there are several copies of the same tuple. The extra bag annota-
tion column aims to keep the number of copies in apiece tuple from the table in order to obtain the multiplicity 
information [25]. In the bag semantics, the annotations are natural numbers representing the multiplicity of the 
tuple in the multiset. A tuple not listed in the table has a multiplicity number of 0 [26]. The advantage of the 
above-discussed strategy is the reduction of the database complexity. Instead of storing the total number of tuples 
in the database, the table manages tuples by keeping their multiplicity information inside an extra bag annotation. 
Probability annotation is utilized in tables to enrich the probabilistic databases. In the table, tuples are associated 
with probabilistic values from 0 to 1 [27-28]. In the probability semantics, annotations are decimals or natural 
numbers. The probabilistic values represent the probability of the tuples presented in the database.

The example annotation table is illustrated in Fig. 2(a), where p, r, and s are the tuple IDs. For the source 
database R and the query Q of the table, there is a relation ( )def (AC ABQ R R∏ ∏ )BC AC BCR R∪∏ ∏ ∏
. Except for the two semantics discussed above, where the numerical values are kept as annotations, there are 
other types of semantics in which annotations are represented by symbols. These annotations mostly establish 
a connection between the source tuples and the output tuples. Due to the nature of these annotations, we call 
them provenance [29]. Why-provenance explains which sets of the source tuples are involved in producing the 
output tuple, as the example displayed in Fig. 2(b). The domain relation of the annotation column is elucidated 
by P(P(X)), where X is the set of the tuple IDs and P(X) is the power set of X. How-provenance, also called the 
provenance polynomials, describes how the source tuples are combined based on the query to produce an output 
tuple [30]. The sample table of the How-provenance is illustrated in Fig. 2(c). The domain formula representing 
the How Provenances is N[X], which indicates the set of polynomials with variables from X and coefficients from 
N.
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Fig. 2. The examples of an annotation table, a why-provenance table, and a how-provenance table

3.2   Query Processing over Annotated Data

In the relation database, when evaluating queries over the annotated data, the primary question is how the anno-
tation data should be managed when processing each query operation [31]. Specifically, for the Select, Project, 
Join, and Union (SPJU) queries, we need to acquire how to combine the annotations of the joined tuples and how 
to combine the annotations when there are different copies of the same tuple. A query in the Datalog is an aggre-
gation of one or more rules [32]. If there is only one relationship appears in the rule header, then the value of that 
relationship is the answer to the query. If there are multiple relationships in the rule header, one of these relation-
ships is the answer to the query, the other relationships play an auxiliary role in the definition of the answer [33]. 

The Union of the two relations is constructed utilizing two rules. Each rule has an atom corresponding to one 
of the relationships as its only sub-target. Both rules have the same IDB predicate at the head [34]. The parame-
ters of a rule’s header are the same as those of its sub-targets. The rule of  q = r ∪  s is represented as follows:

Q (x1. x2, ..., xn) ← R (x1, x2, ..., xn), Q (x1, x2, ..., xn) ← S (x1, x2, ..., xn) . (1)

The rule of Join q = r∩ s is represented in the relation as follows:

Q (x1, x2, ..., xn) ← R (x1, x2, ..., xn) AND S (x1, x2, ..., xn) . (2)

In the rule of Select, if the selected conditions are all AND operations, they are represented by a single rule. 
Each condition is considered as an arithmetic sub-target concatenated with AND operations. For example, the 
rule q = σx > 10 and y < 100 (r) is represented in the relation as follows:

Q (x1, x2, ..., xn) ← R (x1, x2, ..., xn)  AND  x > 10  AND  y < 100 . (3)

In the rule of Select, if the selection contains an OR operation involving p conditions, then it is required to 
represent the selection with p rules, where each of the rules defines the same header predicate [35]. The rule i 
makes a choice based on the ith of the p conditions and the rule q = σx > 10 or y < 100 (r) is represented as follows:

Q (x1, x2, ..., xn) ← R (x1, x2, ..., xn) AND x > 10, Q (x1, x2, ..., xn) ← R (x1, x2, ..., xn) AND  y < 0 . (4)

A Projection of a relationship can be implemented utilizing a single rule with a single-sub object. The header 
parameters are variables that correspond to the projected property sheet in the desired order. For example, the 
rule of q = πx1,x2,x3 (r) is represented in the relation as follows:
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Q (x1, x2, x3) ← R (x1, x2, ..., xn) . (5)

Datalog rules can simulate not only a single operation of relational algebra, but any algebraic expression [36]. 
The method is to examine the expression tree corresponding to the relational algebraic expression and establish 
an IDB predicate for each internal node of the tree. Each IDB predicate corresponds to one or more rules that are 
required to apply the operator to the corresponding node of the tree. Leaf nodes in the tree stand for the relation-
ships in the database that are represented by the corresponding EDB predicate. Internal nodes in the tree stand for 
the relationships in the database that are represented by the corresponding IDB term [37]. For example, for the 
two relations: Student (no, name, age, sex, dept) and SC (no, cno, grame), select name from the student who has 
taken course 2. One possible form of the relational algebraic expression completes this query is as follows:

πname (σstudent.sno=sc.sno(student × σsc.cno='2'(SC))) . (6)

In the bag semantics, the annotations of the joined tuples will be multiplied ( ), as displayed in Q1 from 
Fig. 3(a). The annotations of different copies from the same tuple will be added ( ), as shown in Q2 from Fig. 
3(b). Query answering on the database tables involves calculating not only the tuples in the output, but also the 
multiplicities. If there are two tables with the same content, when the query processor is asked to combine the 
annotation of the joined tuples, the annotation of the joined tuples will be multiplied [38]. On the other hand, the 
annotation of different copies from the same tuples will be added, which means that the engine will result with 
the addition of two annotations if process union operation and project operation [39].

Fig. 3. The example of the bag semantics tables

Probability evaluation is an independence function f (α, β) = α + β − αβ to combine multiple derivations of the 
same atom collected as a bag. For calculating the probability of annotations of the joined tuples, if the probability 
is independent, we use the multiplication of two annotations, for example, p(r) × p(s) = p(r ∧ s). For calculat-
ing the probability of combining the annotations in different copies of the same tuples, we use the independent 
formulas instead, for example, p(r∨ s) = p(r) + p(s) − p(r) × p(s). Our design aims at calculating the probability 
under the annotation column without creating a new column to store annotation and probability separately.

In the why-provenance semantics, for combining the annotations of the joined tuples, we use the pairwise 
union  , where A   B = {a∪ b: a∈A, b∈B}. For combining the annotations in different copies of the same tu-
ple, we utilize the union ∪ , as shown in Q1 from Fig. 4(a) and Q2 from Fig. 4(b) respectively.
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Fig. 4. The example of the why-provenance semantics tables

In the how-provenance semantics, for combining the annotations of the joined tuples, we use the multiplica-
tion as displayed in Q1 from Fig. 5(a). For associating the annotations in different copies of the same tuple, we 
utilize the addition as shown in Q2 from Fig. 5(b).

Fig. 5. The example of the how-provenance semantics tables

In the Boolean expression semantics, the domain of the annotation column is interpreted by PosBool(X) which 
is the set of all Boolean expressions over variables X which are positive [40]. The variables in Boolean expres-
sions involve only disjunction, conjunction, and constants for true and false. For combining the annotations of 
the joined tuples, we utilize AND ( ∧ ) operation, as shown in Q1 from Fig. 6(a). For combining the annotations 
in different copies of the same tuple, we use OR (∨ ) operation, as shown in Q2 from Fig. 6(b). One of the major 
applications of the Boolean provenance is the query evaluation in probabilistic databases [41].
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Fig. 6. The example of the Boolean expression semantics tables

3.3   Provenance Semiring and Semiring Homomorphism

The above-discussed semantics can be represented by the algebraic framework of provenance semiring. The rela-
tion of the framework is (K, ⊕ , ⊗ , 0, 1). In the relation, K illustrates the relations have an annotation column of 
the domain K. ⊕  and ⊗  indicates simulating two types of operations on the values of K. 0 and 1 are the identity 
elements of ⊕  and ⊗  respectively [42-43]. The natural number semiring is defined as (N, +, *, 0, 1). The poly-
nomial semiring is ruled as (N, +, *, 0, 1). The why-provenance semiring is stated as (P(P(X)),∪ , ,∅ , {∅ }). 
The positive Boolean expression semiring is regulated as: (PosBool(X), ∧ , ∨ , false, true), as shown in Fig. 7. 

Fig. 7. The example of the semiring tables

In the provenance hierarchy, the relation N[X] is the most general semiring and the relation B (the semiring of 
the standard algebra) is the least informative semiring [40]. Each path from a semiring K1 downward to another 
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semiring K2 indicates a semiring homomorphism h: K1 → K2. For any semiring K, to evaluate RA+ queries on 
K-relations, it is sufficient to know how to evaluate these queries over N[X]-relations [44]. Polynomial is a semir-
ing of the symbolic expressions for recording the documentation as the tuple tags [45]. From the polynomials, it 
is clear to discover not only which the input tuples contribute, but also how an output tuple is produced. Let S be 
the set of the tuple IDs of a database instance I. The positive algebra provenance semiring for I is the semiring of 
polynomials with variables from S and coefficients from N. The operation of the relation is defined as: (N, +, *, 
0, 1), where “+” stands for the union of two tuples and “*” stands for the join [46]. The provenance polynomials 
are the most informative semirings among semiring annotations by dint of their universality. In the relation, any 
function v : X → K can be extended uniquely to a semiring homomorphism Evalv : N[X] → K. Intuitively,  Evalv 

operates by assigning the value v(x) to each variable x in a polynomial expression, then evaluating the resulting 
expression in K [47]. By Combining the commutation with homomorphisms property [48], it allows the com-
putations for any commutative semiring K to factor through the computations for the provenance polynomials. 
The polynomial semiring presents a universal semiring [49]. For instance, to detect the results of a query in 
why-provenance, people can find the results in polynomial provenance and then map the provenance in polyno-
mials semantic. The source query is transferred at first, and then the query annotated in the why-provenance is 
executed. Since the why-provenance and executing queries over polynomials contain all other semirings, which 
have homomorphisms with polynomial semantics, the processes aim at utilizing the polynomials semiring as a 
universal memory [50]. The algebraic framework of provenance semiring tables is displayed in Fig. 8 as follows.

Fig. 8. The algebraic framework of the provenance semiring tables

4   Results and Implementation

We implement the top-down paradigm as the design solution. The goal of the proposed framework is specified 
together with Datalog. In the top-down method, proof trees are constructed from the top to the bottom [51]. Rules 
in top-down evaluation are considered the problem generators. Each goal is expected to be one problem that 
must be solved [52]. The initial goal is matched with the rules from the left-hand side and continuously generates 
problems corresponding to the right-hand side predicates of that rule. This process continues until no more new 
problems are generated [53].

4.1   Implementation of the Framework

The Annolog back-end annotation query processing framework is designed and developed as an additional tool 
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to the existing database systems. The framework is capable to realize the Union, Join, Project, and Select oper-
ations with bag, probability, why-provenance, and how-provenance features to data processing operations. The 
SQL statements information operated by users in the database management system will be transformed into the 
framework at first. Then the framework will analyze the SQL statements and turn the instructions into a relational 
calculus way as the annotated data is generally stored in relational databases. Afterwards, the framework will re-
quest the front-end to operate the datasets in the bag, probability, why-provenance, and how-provenance. Finally, 
after the tables are selected and the operations are guaranteed, the framework will provide results tables to the 
front-end systems as extra information. The query processing and modelling processes on the annotated data by 
the designed framework are not influencing the original operation results in database management systems, as 
shown in Fig. 9.

Fig. 9. The architecture of the proposed framework

4.2   Results of the Framework

The designed database for the system is displayed in Table 1, Table 2, and Table 3. Consider relational instanc-
es consisting of three relations Table 1, Table 2, and Table 3 with a corresponding number of denial constraints 
IC and a query Qex. In the relation to instances from Table 1, the first column is the patient identifier PID, the 
second column is the disease reference RefID, the third column is the date of a given event Date, and the last 
column is the annotation information of the record Annotation. The schema of the three tables is the same solely 
for illustration purposes and to maximize the number of joins across the tables.

Table 1. A hospital database with a set of denial constraints and a query Qex

PID RefID Date Annotation
P01 R1 D1 2
P02 R5 D2 2
P03 R5 D2 3
P04 R7 D3 3
P05 R7 D3 5
P02 R5 D2 5
P05 R7 D3 3
P08 R9 D5 3
P10 R9 D9 7
P10 R9 D9 7
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In the relation to instances from Table 2, the first column is the first course of treatment CT1, the second col-
umn is the second course of treatment CT2, the third column is the third course of treatment CT3, and the last 
column is the effective rate Annotation. Contents in the first three columns are the medicine names, for example, 
MDa. Contents in the last column of the table are the rate numbers, for example, 0.5.

Table 2. A hospital database with a set of denial constraints and a query Qex

CT1 CT2 CT3 Annotation
MDa MDb MDc 0.5
MDd MDb MDe 0.5
MDf MDg MDe 0.3
MDa MDf MDb 0.4
MDb MDc MDd 0.2
MDc MDd MDe 0.9

In the relation to instances from Table 3, the first column is the first course of treatment CT1, the second col-
umn is the second course of treatment CT2, the third column is the third course of treatment CT3, and the last 
column is the effective rate Annotation. Contents in the first three columns are the medicine names, for exam-
ple, MDa. Contents in the last column of the table are the rate variables, for example, r.

Table 3. A hospital database with a set of denial constraints and a query Qex

CT1 CT2 CT3 Annotation
MDa MDb MDc o
MDd MDb MDe p
MDf MDg MDe q
MDa MDf MDb r
MDb MDc MDd s
MDc MDd MDe t

When the user operates the Table 1 database in the database management system with SQL statements, for 
example, SELECT PID, RefID, Date FROM TABLE 1 and chooses the bag annotated data operation, the Annolog 
back-end framework will first transform the SQL statements into the relational circulus expressions PROJECT 
<PID, RefID, Date> (Table 1). Then the table after the bag operation is displayed or sent back directly to the 
front-end system for reuse. The detailed operating procedure and result are shown in Fig. 10.

Fig. 10. The detailed bag operating procedure and result

When the user operates the Table 2 database in the database management system with SQL statements, for 
example, SELECT CT1, CT2 FROM TABLE 2 JOIN SELECT CT2, CT3 FROM TABLE 2 and choose the prob-
ability annotated data operation, the Annolog back-end framework will first transform the SQL statements into 
relational circulus expressions PROJECT <CT1, CT3> ((PROJECT <CT1, CT2>) (Table 2) JOIN (PROJECT 
<CT2, CT3>) (Table 2)). Then the result of the table after the probability modification is displayed or sent back 
directly to the front-end system for reuse. The detailed operating procedure and result are shown in Fig. 11.
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Fig. 11. The detailed probability operating procedure and result

When the user operates the Table 3 database in the database management system with SQL statements, for 
example, SELECT CT1, CT2 FROM TABLE 3 JOIN SELECT CT2, CT3 FROM TABLE 3 and choose the poly-
nomial annotated data operation, the Annolog back-end framework will first transform the SQL statements into 
relational circulus expressions PROJECT <CT1, CT3> ((PROJECT <CT1, CT2>) (Table 3) JOIN (PROJECT 
<CT2, CT3>) (Table 3)). Then the result of the table after the probability operation is displayed or sent back di-
rectly to the front-end system for reuse. The detailed operating procedure and result are shown in Fig. 12.

Fig. 12. The detailed probability operating procedure and result

4.3   Accuracy of the Framework

To verify the accuracy of the results generated by the methodology from the query processing framework, we de-
velop a dataset from the public health data source with the number of new confirmed COVID-19 cases per hun-
dred thousand citizens among different administrative areas of Montreal from April 2020 to June 2020, as one-
day data example illustrated in Fig. 13. The annotation information in this dataset is the confirmed COVID-19 
cases per hundred thousand people. In the dataset, the number of new confirmed COVID-19 cases per hundred 
thousand citizens in Montreal is also recorded. The accuracy examination aims to implement the query process-
ing framework to the area’s data, generate the data of the city, and compare the generated results with the data 
from the dataset by checking the correlation coefficient of the data.
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Fig. 13. The dataset with the number of new confirmed COVID-19 cases per hundred thousand citizens

The correlation coefficient is a statistical index that reflects the degree of linear correlation between variables. 
Due to the different research objects, there are many ways to define the correlation coefficient. The Pearson 
correlation coefficient is selected in this paper. The correlation coefficient is calculated according to the product 
difference method, which is also based on the deviation between two variables and their average value. The cor-
relation degree between the two variables is reflected by multiplying the two deviations. The number of linear 
single-phase relations is emphasized. The definition of the Pearson correlation coefficient is as follows.

2 2

( )( )
 .

( ) ( )

X X Y Y
r

X X Y Y

− −
=

− −

∑
∑ ∑ (7)

The absolute value of r is between 0 and 1. Generally speaking, the closer r is to 1, the stronger the correlation 
between x and y. Conversely, the closer r is to 0, the weaker the correlation between x and y. The relation be-
tween the absolute value of r value and correlation degree is shown in Table 4 below.

Table 4. The relation between the absolute value of r value and correlation degree

Value range of | r | Meaning of | r |
0.00 – 0.19 Very low correlation
0.20 – 0.39 Low correlation
0.40 – 0.69 Medium correlation
0.70 – 0.89 High correlation
0.90 – 1.00 Very high correlation

We define statements and relational calculus to the dataset of regional data, implement bag as well as proba-
bility operations, and generate the dataset of city data. Then we calculate the Pearson correlation coefficient val-
ue of the generated data and the data stored in the dataset. There are 91 comparison value results of the Pearson 
correlation coefficients, as displayed in Fig. 14 as follows.
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Fig. 14. Comparison results of the Pearson correlation coefficients

It can be illustrated from the result that all the Pearson correlation coefficients are in the range of 0.96 to 1.00, 
which concludes a significantly high correlation result between the value computed by the framework and the ac-
tual value. Therefore, the query processing framework developed in this paper is proved to be accurate. The Box 
and Whisker data analysis methodology is implemented to screen for the outliers. The outliers’ data elements 
will be further examined for the detection of the causes. After analysis of the outlier data elements, it was found 
that if the number of the new confirmed COVID-19 cases among several administrative areas in the data element 
are significantly different, then the Pearson correlation coefficient value of the final urban data results generated 
by the query processing framework and the actual overall urban data results will be relatively low. Since the gen-
eral rational query statement may not be able to handle the large differences in attributes within a data element. 
Therefore, subtle manual adjustments should be appended to the query, such as the addition of weights.

5   Discussion

The topic of this paper is to attach the importance to the role of the annotated data and improve the analytical 
methodology of processing the annotation data in database systems. Based on this research goal, we first discuss 
the semantics of the annotated data, introduce the query processes in the relational databases over annotated 
data, and interpret the semantics of annotations represented by the algebraic framework of semirings. Then we 
implement the top-down approach as the design solution to develop a query processing framework for modelling 
the annotations in database systems. The framework is a powerful expansion of the functionality of the existing 
database systems. In the framework, the SQL statements generated from the operation of users by the database 
management system will be transmitted into the platform at first. Then the statements will be transformed into a 
relational calculus way for further analyzing the annotated data in the relational databases. The framework will 
acquire the semantics operation to the annotated data and finally send back the results to the front-end database 
systems.

Existing studies focused on the various operations of the annotated data. Although these works processed and 
analyzed the annotated data, suggested comprehensive provenance representations, and enriched the operations 
and considerations over the provenance of combined data, they mainly developed and compiled on fixed and 
well-defined formulas or regulations. Therefore, to improve the limitation, we allow our platform to analyze 
diverse formulas by adding a port to receive the user’s operations to the database in SQL statements and con-
vert the statement to relational calculus parallelly and continuously. This process aims to support the framework 
deal with the annotated data flexibly without setting restrictions and limitations on the formulas. Several appli-
cation-independent modules and platforms have been proposed as supplementary operations to annotate data 
for existing database management systems such as ProvSQL and HUKA etc. However, these frameworks have 
regulations on the formats of the database in database systems. For example, the ProvSQL framework compiles 
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on the PostgreSQL databases and the HUKA module is developed based on knowledge-centric applications for 
knowledge graphs. Therefore, to eliminate limitations to databases of the database systems that the framework 
is running on, instead of implementing operations to databases, we focus on the manipulations of the database 
management systems and design a supplementary interface for processing the data transforms inside the database 
management system. Hence, the framework can operate various kinds of annotated data in multiple types of da-
tabases.

Analysis of the annotated data can help stakeholders understand the information behind data in the data-
base. A majority of the database management systems are developed based on the Java programming language. 
Hence, the framework we proposed in this paper is implemented in the Java programming language as well. In 
the future, we will focus on improving our framework for the cross-language platform design, so that it can be 
applied to more database management systems based on other programming languages such as Python and R 
programming language. We will continue focusing on expanding the types of statements that the framework can 
recognize and transform into the relational calculus. The extension will further improve the framework from pro-
cessing the single SQL statement databases to multiple databases such as graph databases.

6   Conclusions

Annotated data play a significant role not only in the field of medical and education domains but also in the ac-
ademic sectors such as artificial intelligence and machine learning. This paper connects annotation with knowl-
edge and introduces a back-end query processing framework for modelling and reasoning with the annotated 
data in the database. Practice indicates that it can meet the requirements of datasets processing for annotated data 
management. As an external supplement module to the existing database management systems, the designed 
framework can realize the Select, Project, Join, and Union (SPJU) functions with bag, probability, why-prove-
nance, and how-provenance features to the data processing operations parallelly and continuously without affect-
ing the original functionality. This feature proves the characteristics of lightweight and expansibility of the devel-
oped model. In general, our study provides a data provenance technique and a portable solution for stakeholders 
to analyze and process the annotated data in the databases from the existing database management systems.
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