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Effects of Query Complexity and Learning on
Novice User Query Performance With Conceptual

and Logical Database Interfaces

Keng L. Siau, Hock Chuan Chan, and Kwok Kee Wei

Abstract—Users see the database interface as the database system. A
good interface enables them to formulate queries better. The semantics
communicated through the interface can be classified according to abstrac-
tion levels, such as the conceptual and logical levels. With the conceptual
interface, interaction is in terms of real-world concepts such as entities, ob-
jects and relationships. Current user-database interaction is mainly based
on the logical interface, where interaction is in terms of abstract database
concepts such as relations and joins. Many researchers argue that end users
will perform better with the conceptual interface. This research tested this
claim, as well as the effects of query complexity and learning, on the vi-
sual query performance of users. The experiment involved three tests: an
initial test, a retention test and a relearning test. The results showed that,
for complex queries, conceptual interface users achieved higher accuracy,
were more confident in their answers, and spent less time on the queries.
This is persistent across retention and relearning tests.

Index Terms—Data models, query languages, relational database, user
interfaces, visual languages.

I. INTRODUCTION

Databases form a critical resource for organizations to function
properly, to compete, and to survive. Efficient and effective usage of
databases requires users to be able to formulate queries accurately
and quickly [1], [2]. User productivity is also tied directly to the
functionality, ease of learning, and ease of use of the interface [3].
However, query languages for novice users remain poorly explored
[4]. This has become a critical issue as the spread of information
technology resulted in a need to find interfaces for relatively untrained
users [5].
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A user-database interface is for communication of semantics be-
tween users and the system. Based on the abstraction level of the se-
mantics, an interface can be classified into the conceptual, logical, and
physical levels. The lowest physical level interface requires the user to
know details about physical storage and access structures used in that
system. At the logical interface, the queries are specified in terms of
abstract structures for data and operations [6]. This is exemplified by
the relational database interface [7], where records are stored in tables,
and constraints are expressed using primary keys. There are no phys-
ical pointers or physical files, and the order of the columns and rows is
not important. However, the user must know that by joining relations
based on certain fields, it is possible to specify relationships. Lack of
this knowledge is a major source of user errors [8]. At the conceptual
level, the database is programmed to know the user’s world in terms of
entities, objects, relationships, and attributes. A data model suitable for
this level of interaction is the entity relationship (ER) model [7], [9].
It is stressed that conceptual interfaces “are designed for communica-
tion” [6].

The main interface for relational systems is undoubtedly SQL, pro-
posed in [10]. SQL was found to be very difficult to use [11], [12]. Dif-
ficulties with query languages such as SQL and QUEL motivated the
design of new graphical interfaces to bridge the gap between novice
users and database systems [13]. A number of graphical query lan-
guages have been proposed, such as PICASSO [13], and QBE [14].
These languages, nevertheless, are still at the logical level.

Many researchers argue that a conceptual interface will be better for
users. For example, researchers have noted that database users are often
required to understand large, complex database structures [15]. A good
objective is to enable users to manage with partial, or no knowledge
of the database structure. With the increasing popularity of user com-
puting and empowerment of users, the ability to encode and express
queries directly and intuitively is even more important.

This research investigates the claim that the conceptual interface is
better than the logical interface for the case of visual query languages. It
also considers the effects of query complexity and learning over time on
query performance. Section II provides a concise review of the relevant
literature. Section III presents the aims of the study and the experiment
procedure. Findings and discussions are given in Section IV, and the
conclusion is given in Section V.

II. LITERATURE REVIEW

Comparison of the conceptual level versus the logical level using the
entity-relationship (ER) model and an ER textual query language at the
conceptual level, and the relational model and SQL at the logical level
had been studied in an experiment [16]. The results showed that users
of the conceptual level exhibited 38% higher accuracy and 16% higher
confidence, and took only 35% of the time taken by users of the log-
ical level. Another experiment compared user query performance at the
ER and relational interfaces [17], where the users were given either the
ER or relational model but answered the queries using the same query
language, SQL. The results indicated no significant difference in ac-
curacy. Nevertheless, users of the relational interface took longer time
but made less syntactic errors. SQL was used in both the ER and re-
lational groups because of the concern that there might be interaction
effects between the data model and the query language. SQL is inher-
ently designed for the relational interface. SQL users must understand
the logical pointers and specify the join operations. Hence, the users
of the ER interface, like the users of the relational interface, had to go
down to the logical level and manipulate the logical pointers. This may
explain the lack of difference in semantic accuracy. Together, these two

studies demonstrated the importance of the interface [16], [17]. It is not
essential to make the two interfaces exactly the same. In fact, the inter-
faces should differ to the extent that they use their different abstraction
levels for best effects. This guided the operationalization of the two vi-
sual interfaces in this study.

Another study [18] tested standard documentation (i.e., list of table
contents), data structure diagram, and two variations of entity-relation-
ship diagrams to assess their impact on query performance. The results
showed that graphical forms of documentation were significantly better
than conventional textual documentation, but none of these graphical
forms of documentation appeared to be superior to the others. One pos-
sible confound in the study was that the subjects had been introduced
to relational databases during their MIS course and had been taught
the functions of the principal relational operations. As such, the sub-
jects might be more familiar with the data structure diagram since it
was a direct representation of the relational tables and less familiar
with the entity-relationship diagrams. In addition to these studies, sev-
eral researchers had also looked at the effect of data models on mod-
eling [19]–[22]. For example, [19] studied user performance in data-
base modeling, showing that user performance using the EER model,
as compared to the relational model, was better.

The review points to a need to study the effect of visual concep-
tual and logical interfaces, so as to extend the results from text-based
studies. Furthermore, the effect of query complexity and the effect of
learning over a period of time should be explored.

III. RESEARCH VARIABLES AND PROCEDURE

The research studies the relationship between two independent vari-
ables (interfaces and query complexity) and three dependent perfor-
mance variables (accuracy, time, and confidence). We controlled for
other variables such as task and user characteristics. This was in line
with the research model proposed in [23].

A. Independent Variables

Interface is set at two levels: conceptual and logical interfaces, which
were operationalized as the ER model with an ER query language, vi-
sual knowledge query language (VKQL) [4], [27], [28], and the rela-
tional model with a relational query language, query by example (QBE)
[14]. The construct validity of choosing the ER model for the concep-
tual level and the relational model for the logical level is well doc-
umented in the literature on database design [7], [24]–[26], [29]. [7]
states that the conceptual data model is developed using the ER model
and the logical data model is typically a relational model. Unlike the
study in [17], we made the level distinction clearer by providing a query
language for the ER model.

There is no commonly used ER query language. VKQL is a full
language designed for the ER model [27], [28]. It has a model defini-
tion language and a manipulation language. It includes concepts such
as generalization, specialization, categorization and inheritances. Like
QBE, VKQL allows for arbitrarily complex queries and is relation-
ally complete. It also supports nested queries and includes statistical
functions.

QBE was selected because it is one of the most popular visual re-
lational query languages. QBE represents a visual approach for ac-
cessing information in a database through the use of query template
[29]. In [30], it was found that QBE subjects required about one-third
the training time and appeared to be about as equally accurate as those
using SEQUEL or SQUARE. Another study [11] concluded that QBE
was “superior to SQL in learning and application ease.” Moreover,
QBE and VQKL have similar syntax. Both use the table-structure for
specifying queries. This avoids extraneous factors such as menu versus
graphics or graphics versus command-line.
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Query complexity has three levels: simple, medium and complex. In
the literature, it is common to see a two-level distinction. For example,
the study in [17] defined a simple query as a one-relation query, and
a difficult query as one with a join between two relations. Since this
study includes queries with joins and other operations such as nesting,
a three-level distinction will be more appropriate. Thus, a simple query
is defined as one-relation query, a medium query has two relations with
one join operation, and a complex query has more relations, more join
operations or a nested operation.

B. Dependent Variables

Query performance was assessed by three variables—query accu-
racy, time taken to formulate the queries, and the subjects’ confidence
in their queries. These variables are commonly used to assess user
query performance [11], [16], [17], [31]. The time taken, measured in
seconds, was automatically captured by the computer program. The
confidence level was self-reported by the subject for each query and
was computer-recorded. The accuracy measure was an overall assess-
ment of the correctness of the answer by two professors. Accuracy and
confidence were measured on a scale of 0–5.

C. Subject Characteristics

Subjects were randomly selected from a population of 480 computer
science students and randomly assigned to the conceptual and logical
groups. (Other students were assigned to other project works.) The con-
ceptual group had 18 subjects and the logical group had 16 subjects.
Subjects received course credit based on their query performance. They
were told that their performance was based on speed and accuracy, as
well as the correlation between accuracy and their self-reported confi-
dence. This would encourage them to report their confidence level hon-
estly rather than to indicate excessive confidence. In most experiments
on database query, the number of subjects was quite small. For ex-
ample, the study in [32] used 26/27/27 for three groups; [16] had 23/24
subjects for two groups; [17] had 26/27 subjects for two groups; and
[33] had 12 subjects in one repeated design experiment, and eight sub-
jects in another repeated design experiment. One reason for the small
number of subjects is that researchers are interested in big differences
that are of practical value. A difference in accuracy score of, say, 0.2
out of five, will not have much practice significance for users, even if
it is found to be statistically significant.

The subjects were about 20 years old, with some computing
but no database experience. Novice subjects were selected because
we wanted to study learning effect over time. The experiment was
conducted during the early part of the first semester of their first year
in university. Thus subjects would be representative of users who are
computer literate, and have minimum training in computing skills. It
is noted that other experiments on users also used students as subjects
[11], [14], [17], [34], [35].

D. System Characteristics

The characteristics of the system were controlled by having both sys-
tems on the Macintosh computer. The systemswere essentially a simple
interface, customized to display queries and record answers and other
data. Care was taken to ensure that the QBE interface appeared and
functioned the same way as that proposed in [14]. These systems have
many advantages over a pencil and paper system: it is more realistic, it
provides automatic timing, and the subject cannot go back to previous
answers whereby timing will be seriously jeopardized.

E. Research Procedure

1) Training of Subjects: A different training booklet was used for
each group. One booklet contained a concise description of the rela-
tional data model and illustrations of the QBE query language, using a
set of 14 queries. This set of queries covered all the concepts used in
the tests. The other booklet was designed to be as similar as possible,
and contained a concise description of the ER model and the VKQL
query language. A training session of about 45 min was conducted for
each group by the same trainer. All 14 examples in the booklet were
explained and discussed. The training time allowed all subjects to com-
plete all the examples. Subjects were then given a practice session of
about 30 min to familiarize themselves with the software by repeating
all the examples.
2) Initial Test (Session 1): After the practice, the subjects were

given a ten minutes break before taking the initial test. Ten questions,
as shown in the Appendix, on a different database domain were given
one by one on the screen. Subjects had to enter the answers on the
screen. They were allowed to refer to the training materials and to
use paper and pencil for rough work. Timing started when the subject
clicked on the New Query Button displayed on the screen and ended
when the subject clicked on the Done Button. After each question,
subjects had to enter their confidence in their answer: 0…5 (0: zero
confidence, 5: full confidence). The same set and order of questions
were given to both groups. The conceptual subjects were given a
picture of the ER model on paper. The logical subjects were given
the relational schema on paper. The same database domain about
departments and employees was used for both groups. The ER model
and the relational schema are informationally equivalent [36]. In other
words, all the information in one is inferable from the other, and vice
versa. This is important as it ensures that we are not comparing apples
to oranges [36].
3) Retention Test (Session 2): The retention test was conducted

after two weeks of disuse (no studying, no refresher). The same ten
questions on the same database domain used for the initial test were
given to the subjects. No training or practice session was provided.
The subjects were allowed to refer to the training booklets and to use
paper and pencil for rough work. By choosing to reuse the same set
of questions, we aimed to test retention effects, whether the subjects
could remember what they had learned and practiced. Designing a
new set of questions of equal difficulty is difficult as there is no clear
method to measure or ensure equivalent difficulty. It should be noted
that this retention test was slightly different from the studies in [11],
[12], [30], which were closed book tests. In practice, even professional
programmers refer to software manuals.
4) Relearning Test (Session 3): After the retention test, the

subjects were given a 10 min break. This was followed by a practice
session using the computer software. The same set of 14 questions
that was used for the practice session prior to the initial test was used
for this practice session. Questions by subjects were answered by the
trainer. Immediately after the practice session, the subjects were asked
to take the test again. Similarly, the subjects were allowed to refer to
the training booklets and to use paper and pencil for rough work.

IV. EXPERIMENT RESULTS AND DISCUSSION

Query accuracy was determined independently by two graders, who
were university professors with an average teaching experience of four
years. Each answer was rated from 0–5, based on both the syntactic
and semantic accuracy. The numbers assigned by the two graders were
very close with at most a two-point difference. The overall correlation
coefficient of the two graders is 0.95. A test for reliability assuming that
both scores have the same mean, the same true score variance, and the
same error variance (using SPSS software and the recommendations in
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TABLE I
PERFORMANCE MEASUREMENTS

[37]), showed a scale reliability of 0.969. Checks for QBE and VKQL
accuracy separately also showed similarly high correlations (0.970 and
0.963, respectively). In the statistical analyses that follow, the average
of the accuracy assigned by the two graders was used.

Confidence was measured based on one question, which had also
been used by many other researchers in database experiments [16]. For
example, the study in [35] used one question “asking the subjects to ex-
press overall confidence in the solution they prepared.” Table I shows
the means and standard deviations (given in brackets) for time, accu-
racy and confidence. A MANOVA (multivariate analysis) was done
with all the dependent and independent variables, for each session alone
and for all sessions compared. For the combined session analysis, ses-
sion (one–three) is used as an independent variable, and its interac-
tion effects with interface and complexity. Significant differences were
found for all main and interaction effects in the MANOVA, and sepa-
rate univariate analyses were done to identify the specific differences.
The F and p values in the following sections are from the univariate
analyses. The F values have 1 degree of freedom for hypothesis, and
32 degrees of freedom for error, as generated by the SPSS tests.

For the performance measure of accuracy, for each of the three ses-
sions, interface had a main effect, either significant or near signifi-
cant (F = 8:3, p = 0:007; F = 2:5, p = 0:123; and F = 3:2,
p = 0:081 for session 1, 2 and 3 respectively). Complexity had a main
effect (F = 33:6, p = 0:001; F = 26:9, p = 0:001; and F = 36:0,
p = 0:001 for session one-three, respectively), simple queries were
more accurate than medium queries, which in turn were more accurate
than complex queries. There was an interaction effect between inter-
face and complexity (F = 5:7, p = 0:023; F = 3:5, p = 0:072;
and F = 7:2, p = 0:011 for session one-three, respectively). Closer
examination of the interaction effect on the subgroups indicated that
accuracies were significantly different between the interfaces only for
complex queries.

For the combined session analysis, the significant effects were: in-
terface effect (F = 5:5, p = 0:025), complexity effect (F = 59:5,
p = 0:001), interaction effect between interface and complexity (F =

9:8, p = 0:004), and session effect (F = 5:2, p = 0:029). Each
session increased accuracy performance, and session three was signif-
icantly better than session one. Interactions of session with interface
and/or complexity had no significant effects (p values are all >0:24).
More specifically, the F=p values were: 1.43/0.240 for interface � ses-
sion, 1.28/0.285 for complexity � session, and 0.19/0.663 interface �

complexity � session.
Fig. 1 shows the main and interaction effects of interface and com-

plexity on accuracy in session one. Although there was a gap between
the two interfaces for simple and medium queries, the gap was not
statistically significant. Subsequent sessions reduced the gap for all

Fig. 1. Main and interaction effects on accuracy.

levels of query complexity, but the gap for complex level remained
significant.

A main conclusion from these findings is that interface had a persis-
tent effect for complex queries. Extra training and practice (retention
and relearning) did not nullify the advantage of a higher level interface.

For confidence, results similar to those for accuracy were found.
There were main and interaction effects from interface and complexity.
For each of the three sessions, interface had a main effect, either signif-
icant or near significant (F = 13:8, p = 0:001; F = 7:8, p = 0:009;
and F = 3:0, p = 0:094 for session one-three, respectively). Com-
plexity has a main effect (F = 25:8, p = 0:001; F = 22:8, p =

0:001; and F = 10:3, p = 0:001 for session one-three, respectively).
There were significant or near significant interaction effects between
interface and complexity (F = 6:5, p = 0:016, F = 3:4, p = 0:072;
and F = 5:0, p = 0:032 for session one-three, respectively).

For the combined session analysis, the significant effects on confi-
dence were: interface effect (F = 8:7, p = 0:006), complexity ef-
fect (F = 30:9, p = 0:001), interaction effect between interface and
complexity (F = 7:0, p = 0:013), and session effect (F = 12:2,
p = 0:001). There were near significant interaction effect between in-
terface and session (F = 3:6, p = 0:067), and between complexity
and session (F = 3:6, p = 0:067). The interaction among interface,
complexity and session had no effect (F = 1:66, p = 0:207).
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Examination of the subgroups reviewed that during the first ses-
sion, the VKQL interface group had significantly higher confidence for
medium and complex queries. This was maintained for session two, in-
dicating that retention did not affect the results. However, session three
(with relearning) boosted the confidence of QBE interface group, such
that the only significant difference was for complex queries. Consistent
with the findings for accuracy, the interface had a persistent effect on
confidence for complex queries.

For time, there were main and interaction effects from all factors.
Interface had a main effect (F = 54:8, p = 0:001; F = 33:7, p =

0:001; and F = 22:8, p = 0:001 for session one-three, respectively).
Complexity has a main effect (F = 105:0, p = 0:001; F = 53:5,
p = 0:001; andF = 134:1, p = 0:001 for session 1, 2, 3 respectively).
There was an interaction effect between interface and complexity for
session one and three (F = 18:7, p = 0:001 for session 1, F = 2:7,
p = 0:111 for session two, and F = 24:0, p = 0:001 for session
three).

For the combined session analysis, the significant effects on time
were: interface (F = 72:4, p = 0:001), complexity (F = 197:4,
p = 0:001), interaction between interface and complexity (F = 23:3,
p = 0:001), session (F = 72:8, p = 0:001), interaction between
interface and session (F = 14:0, p = 0:001), interaction between
complexity and session (F = 16:4, p = 0:001), and interaction among
interface, complexity and session (F = 5:6, p = 0:025).

Examination of subgroups reviewed that differences between inter-
faces for all simple, medium and complex queries and for all sessions
were significant, except for medium queries in the last session. Again,
interface had a persistent effect on time for complex queries, and also
for simple queries.

The experiment was controlled so that both groups had about the
same training time. One may ask what would happen if the QBE group
had been given slightly more training time. Would they then be compa-
rable or better than the VKQL group? A possible answer is to compare
session three of QBE group with session one of VKQL group. By then,
the QBE group had more training and practice. Accuracy and confi-
dence differences for complex queries were significant, indicating that
more practice and relearning for QBE did not close this gap.

The results of this study confirmed previous results in [16] which
showed that users of the conceptual level performed better than users
of the logical level in terms of accuracy, confidence, and time. How-
ever, the results were different from that in [17] which showed little
difference in performance when the ER and relational model were com-
pared. The main reason for the discrepancy was that a special ER query
language, VKQL, was used in this study, making the distinction be-
tween ER and relational interfaces complete. Although the two data-
base structures (ER model and relational schema) are informationally
equivalent, as discussed earlier, they are not necessarily computation-
ally equivalent for the users [36]. Two representations are computation-
ally equivalent if the same information can be extracted from each with
about the same amount of computation (e.g., roughly the same time)
[36]. With a tailored ER query language (VKQL) for the ER model, the
computational inequivalence between the conceptual and logical inter-
faces becomes more obvious and significant. The results show that a
good match of query language and database structure leads to better
performance.

This study also shows that differences between groups were mainly
for complex queries, and were persistent through subsequent practice
and relearning. Simple and medium queries did not have much dif-
ference. The effect of more practice and relearning was to raise the
performance for both groups, the QBE group more than the VKQL
group. However, the gaps for complex queries remained significant. It
is possible to project further, and hypothesize that with thorough and
long training for QBE users, they will be as good as VKQL users. This

would likely be correct; however the point is that one group will need
much more training than the other group and that is neither effective
nor efficient [38].

V. CONCLUSION

This research provides empirical evidence supporting the superiority
of the conceptual level interface compared to the logical level inter-
face. This research also supplements and complements the study of
[16]—the conceptual and logical interfaces are extended from textual
to visual, and the effects of learning and retention are added into the ex-
perimental design. This “longitudinal” design enables us to investigate
the effect over time. The results indicated that users of the conceptual
level not only exhibited higher accuracy and higher confidence in all
the three tests, they also took less time than users of the logical level in
the tests. The results thus provided strong empirical evidence that the
conceptual interface is better for users.

What is the implication of the results for practitioners? Our experi-
mental results implies that users’ productivity, in terms of accuracy and
time, can be significantly improved when they switch from a logical
interface such as relational to a conceptual interface such as entity-re-
lationship. The study also shows the importance of having a query lan-
guage that can take advantage of the conceptual interface.

With faster and more accurate retrievals, the conceptual interface can
empower the users and contribute toward efficient and effective use of
organizational databases.

APPENDIX

Test Questions for VKQL and QBE.

1) Show the name and number of all employees.
2) Show the departments’ name and city.
3) Show the engineers’ number, name and profession.
4) Show the name of employees who head any project.
5) Show the name of employees who work in the research

department.
6) Show the name of departments which have the same city as the

Sales department.
7) Show the name of employees with higher salary than Jack.
8) List the name and profession of engineers who head more than

one project.
9) List the name of engineers who do not head any project.

10) List the name and rank of managers who do not manage any
department.
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Internet Scheduling Environment
With Market-Driven Agents

Benjamin P.-C. Yen and Owen Q. Wu

Abstract—This paper describes a new generation scheduling paradigm,
the Internet scheduling environment. It is formed by a group of Internet
scheduling agents which share computational resources to solve scheduling
problems in a distributed and collaborative manner. We propose a migra-
tion scheme to transform existing standalone scheduling systems to Internet
scheduling agents that can communicate with each other and solve prob-
lems beyond individual capabilities. To coordinate computational resource
collaboration among agents, we introduce the market-based control mecha-
nism in which self-interested agents initiate or participate in auctions to sell
or buy scheduling problems. Efficient allocation of computational resources
is achieved through the auctions. This paper also describes a prototype In-
ternet scheduling environment named LekiNET, which is migrated from
LEKIN®, a flexible job shop scheduling system. The experiments on the
LekiNET testbed demonstrate that the agent-based market-driven Internet
scheduling environment is feasible and advantageous to future scheduling
research and development.

Index Terms—Agent, distributed resource collaboration, Internet sched-
uling environment, market-based control.

I. INTRODUCTION

A. Needs for Distributed Resource Collaboration

Scheduling problems abound in manufacturing factories, transporta-
tion systems, hospitals, publishing houses, and so on. As demands
on businesses become greater, companies are faced with increasingly
complex tasks.

For example, in British Aerospace’s largest factory in Broughton,
U.K., there are around 2000 staff producing 180 sets of Airbus wings
and 40 sets of Hawker 800 fuselages and wings per year. They are con-
stantly seeking improvement in production schedules that could bring
substantial savings in reducing work-in-process inventories and late
deliveries.

For another example, S&A Food’s Derby center of operations em-
ploys some 1000 staff to produce 1.1 million meals—or 650 tons of
prepared food—per week. The schedules must be dynamically updated
in response to the instant change of demands and priorities. The sched-
ulers must also be able to answer what-if questions to prepare ahead for
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