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Communicating the Message:
Translating Tasks Into Queries in a Database Context

—ANANTH SRINIVASAN AND GRETCHEN IRWIN

Abstract—This paper examines two components of the user–database interface: the data modeling constructs
used to represent the database structure and the query language constructs used for data retrieval. From a
theoretical perspective, if both the data modeling and query language support high-level abstractions (HLAs),
such as generalization and composition, then the “semantic distance” between the user and the interface will
be reduced. We used an in-depth verbal protocol study to explore how users were able to effectively complete
two tasks: constructing a data model with HLAs and formulating queries against the data model. Results
suggest that a successful strategy for modeling with HLAs involves the systematic transition between higher
and lower levels of abstraction. In addition, there is some support for the idea that there is a “productivity
payoff” to modeling with HLAs, because subsequent query can be simplified.

Index Terms—Data modeling abstractions, query formulation, user–database interface, verbal protocol.

In his work on organizational communication, Te’eni
focuses on the issue of how designers of computing
applications can foster better user communication
in an organizational context [1]. While his model
of organizational communication looks at a broad
characterization of the problem involving the exchange
of information among organizational participants,
some of the ideas that are explored apply equally well
to the communication that takes place during typical
user–system interactions. Understanding the problem
of how a user translates the requirements of a task
to fit a technically constrained space is fundamental
to our ability to produce better design products. In
this research, we examine the issues that surround a
particular type of user–system interaction, namely the
composition of problem requirements in a database
interaction context.

In the context of data management systems, two
important components of the user–database interface
are the data model and the query language. The
database designers and the end users are affected
by both of these aspects of the interface. The
DATA MODEL provides a grammar (a set of rules
and constructs) for representing the static, deep
structure of a database [2]. Each construct in the
grammar, such as a table or an entity type, is a data
abstraction that captures the meaning of some part of
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a real-world system. The designer communicates his
understanding of the problem domain by creating a
representation using the constructs supported by the
modeling grammar. This representation becomes the
foundation for physical database design and for query
formulation. The QUERY LANGUAGE allows the user to
manipulate data abstractions in order to accomplish
domain-specific tasks. End users pose questions
to (and get answers from) the database by using
the query language as a communication device to
translate their task requirements into useful results.

The usability of the user–database interface depends,
among other things, on the “semantic distance”
between the abstractions in the users’ domain and
the abstractions supported by the interface [3], [4].
When the semantic distance is small, the cognitive
load on the user is expected to be less than when the
semantic distance is large. An interface that narrows
the semantic distance allows users to better focus on
their tasks and is therefore expected to improve user
productivity and system usability.

The semantic distance argument suggests that data
models and query languages will be more effective
if they support high-level abstractions (HLAs) and
user-oriented semantics, rather than lower level
abstractions and system-oriented semantics. We use
the terms ABSTRACTION or DATA MODELING ABSTRACTION

in this paper to refer to a semantic construct that
is supported by the user–database interface. For
example, an interface that allows a user to manipulate
a sales order as a single composite object is a more
user-oriented and higher level abstraction than an
interface that forces the user to manipulate a sales
order as a set of rows spread across two separate
tables (the order and the order line) and related
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via a foreign key/primary key pair. While this line
of reasoning is appealing, empirical studies of
user–database interaction have not consistently
supported the argument. For example, some studies
found that participants using an entity-relationship
(ER) representation outperformed participants using
a relational representation on query formulation
tasks [4], [5], while other studies found the opposite
result [6], [7].

We argue that much of the inconsistency in prior
research stems from a lack of understanding of
the cognitive demands placed on users during
data-modeling and query-formulation tasks. The
purpose of this paper is threefold. First, we use
Te’eni’s communication model as a theoretical
framework for understanding the cognitive context
in which user–database interaction occurs [1]. The
model is used to synthesize the extant literature
on both data models and query languages, which
reveals conflicting evidence regarding the benefits of
HLA support in the user–database interface. Second,
we provide a theoretically grounded framework
for reconciling the conflicting results and present
research hypotheses drawn from this framework.
Specifically, the framework suggests conditions under
which HLAs should lead to a productivity payoff for
end users. Third, we describe an exploratory protocol
study of users engaged in data modeling and query
formulation tasks. The study investigates the ease or
difficulty with which participants create data models
using HLAs and whether subsequent queries are
easier to formulate when based on a model with HLAs.

Results of the study reveal that a successful strategy
for modeling with HLAs involves the systematic
transition from higher levels of abstraction to lower
levels of abstraction and back again. This strategy
differentiated the best from the worst performers on
the data modeling task. There are also indications
that the effort expended in successfully modeling
with HLAs does have a payoff in data retrieval tasks,
particularly as the query tasks become more complex.

PRIOR RESEARCH

Te’eni presents a theoretically grounded
and comprehensive model of organizational
communication [1]. The model has three main
factors: inputs to the communication process, the
communication process itself, and the communication
impact or outcome. The model examines both
cognitive elements of communication, such as the
increased complexity when the representation and
use of information are incompatible, and affective
elements, such as the increased complexity when
there is mistrust between the parties. Our research
focuses on the cognitive, rather than the affective,
aspects of communication.

The adaptation of Te’eni’s model shown in Fig. 1 is
useful for understanding user–database interaction,
where the database interface is a communication
device with which the user must interact to
accomplish his or her task. Each instance of
user–database interaction may be viewed as a
communicative act where the user is both the sender
and receiver of the message and the database interface
defines the communication medium and constrains
the form of the message. The key arguments that are
useful for our own research are outlined below.

• The primary communication outcome of
user–database interaction is understanding
based on the feedback from or results returned
by the system.

• In user–database interaction, the sender is also
often the receiver of the message. For example,
an analyst may be using a conceptual modeling
language to increase his/her own understanding
of the users’ domain or may be creating the
model to increase mutual understanding between
the analyst and user.

• Cognitive complexity increases when the
representation and use of information are
incompatible. This source of complexity is
inherent in data modeling and query formulation
tasks. Data modeling tasks are cognitively

Fig. 1. Cognitive model of organizational communication (adapted from [1]).
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complex because the modeler’s initial mental
representation of the problem domain must
be translated into a representation that is
constrained by the narrow set of constructs
defined in the modeling language. Query
formulation tasks are cognitively complex
because of the gaps between the user’s initial
mental representation of a task (e.g., list the
total sales, by store, for the last two years),
the database query representation (e.g., with
SELECT, FROM, WHERE, and GROUP BY
clauses), and the representation of the desired
information (e.g., the query result set).

• The communication process is goal-driven and
constrained by the medium and message. The
process consists of an explicit goal and one or
more strategies for accomplishing the goal.

• The main input to the communication process is
the task, which in a user–database interaction
context includes data modeling and query
formulation tasks.

We organize the discussion of prior research first
based on the type of communication task that was
studied and second on whether the emphasis of the
study was on the process or on the impact (outcome).

Conceptual Modeling Tasks There are many
experimental studies on conceptual modeling
tasks, where the designer interacts with a modeling
language to create a representation of the users’
problem domain. In terms of the communication
model in Fig. 1, the participant in these studies—a
novice or experienced data modeler—was both the
sender and receiver of the message and had the goal
of understanding the problem domain in terms of
conceptual data modeling constructs provided by the
modeling language. Table I summarizes a few studies
that investigate the modeling process.

The process studies in Table I used in-depth verbal
protocols from small samples (usually ten or fewer
participants). The data models examined include
entity-based models [8], [9], object-oriented (OO)

models [10], and comparisons of the ER, relational,
and/or OO models [11]. A consistent finding across
most of these studies is that participants who
produced better models thought about the problem
in terms of the abstractions supported by the data
model (e.g., entities, objects, relationships). When the
modeler was able to bridge the semantic distance
between real-world abstractions and abstractions
supported by the modeling language, the cognitive
complexity of the task was reduced. Another
consistent finding was that successful modelers
shifted their focus from the high-level problem to
the details [9], [10]. Decomposition was a successful
strategy for data modeling tasks, although this
decomposition rarely proceeded in a clear top-down
fashion.

The Vessey and Conger study [11] showed that novices
had more difficulty learning the OO model than the
ER model. This is surprising given the claims of the
“naturalness” of the OO model and its support for
higher level abstractions such as generalization and
aggregation. However, other studies have explored
the difficulties of learning and using OO constructs
[12]–[14], which partially offset the naturalness
arguments.

Table II summarizes many of the studies that focus
on the outcome of the task rather than on the process
itself. These studies treat the data modeling process
as a black box and examine the effect of user, task,
or model characteristics on task performance. Other
reviews of data modeling studies can be found in [15].

In these studies, participants were asked to create a
representation of the database structure for a given
case using a modeling technique in which they had
been trained. Performance was typically measured by
the quality of the data model, defined as a correctness
or completeness score. High-quality data models
are important because they provide the basis for
problem-domain understanding and user–analyst
communication. Task characteristics were held
constant in the studies shown in Table II, and user

TABLE I
EMPIRICAL STUDIES OF THE DATA MODELING PROCESS
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characteristics were usually controlled through a
homogenous group of students (surrogate business
users). Some studies examined novice versus expert
differences in data modeling performance, where
expertise was operationally defined in terms of
programming or database experience and coursework
(e.g., [3]).

The studies in Table II examine the impact of
data model characteristics on task performance.
They compare two or more data models, where
the models differ in terms of their SEMANTICS and
SYNTAX. Semantics refers to the type of abstractions
or constructs supported; syntax refers to the set
of symbols used to represent these constructs [7].
The semantics and syntax of a particular modeling
language dictate the form of the representation and
may reduce or expand the cognitive complexity of the
task. Table III outlines the semantic and syntactical
aspects of the data models studied.

Several studies compare the relational model (with
its table-based semantics) to one of the models
with entity-based semantics. For data modeling
and model-comprehension tasks, these studies
have generally found that participants using
entity-based semantics outperformed participants
using table-based semantics, although the advantage
is sometimes limited to certain parts of the task [3],
[7], [19]. Other studies compare entity-based models
to the object-oriented model. Proponents of the OO
model argue that it is semantically richer and closer to
the user’s world than other data models, which means
that an OO modeling language would be expected to

reduce the cognitive complexity of the task. However,
empirical evidence has not supported this argument
and has instead found that the OO model was more
difficult to learn than data-oriented models [11] and
the OO model resulted in less accurate designs than
the ER model [18].

In summary, data models with higher level
abstractions have not consistently outperformed
models with lower level abstractions. There is some
support for entity-based semantics over table-based
semantics but little, if any, support for object-oriented
semantics over entity-based semantics. However,
comparing results across studies is difficult because
of variances in the specific modeling techniques
used, the extent and nature of training provided, the
experience level of the participants, the domain and
complexity of the experimental tasks, and the ways
in which data model quality is measured. What is
clear is that there is still much we do not understand
about the data modeling process and the influence of
different semantic constructs on that process.

Query Formulation Tasks As is the case with data
model usability, most of the prior work on query
language usability treats the query formulation
process as a black box, opting to study the effect of
different user, task, or query language characteristics
on task performance. While there are many tasks that
could be used to examine query language usability
(e.g., question comprehension, query reading), most
studies include query writing tasks, since this is the
primary task “real” users are faced with in using
query languages to retrieve data from a database.

TABLE II
EMPIRICAL STUDIES OF DATA MODELING OUTCOMES
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Table IV summarizes the empirical studies of the
usability of query languages in query writing tasks.

Query formulation task performance is usually
measured in terms of the number of correct queries,
the number of errors made, and/or the time to
complete the task. Some studies include dependent
variables based on attitudinal measures (e.g.,
confidence in query accuracy, satisfaction) in addition
to objective performance measures. A few others

TABLE III
COMPARISON OF DATA MODEL

SEMANTICS AND SYNTAX

differentiate between learning task (e.g., training time
required to meet a certain criterion) and experimental
task performance [23].

On the independent variable side, some researchers
have examined the influence of user characteristics,
such as programming experience, on task
performance. However, most studies control for
individual differences by using a homogenous group
of participants, typically students with limited
programming or database background. This is a
reasonable approach given that query languages
are high-level special-purpose languages generally
intended to be used by nonprogrammers [23]. In
terms of task characteristics, most studies have
varied the complexity level for the query writing tasks,
in order to investigate main and interaction effects
related to task complexity. Not surprisingly, several
studies found a main effect for complexity, where
simpler queries take less time and tend to be more
accurate than complex queries, other things equal
[6]. More interesting is the interaction effect between
complexity and other factors, as discussed below.
One of the challenges in comparing task complexity
across studies is that there is no commonly accepted
definition or measure of complexity for query writing
tasks, so that the most complex queries from one
study may bear little resemblance to the most
complex queries in another study.

Query language characteristics have been examined
more than any other factor related to query

TABLE IV
EMPIRICAL STUDIES OF QUERY FORMULATION TASK OUTCOMES
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formulation. Some of these studies compare two
languages that support the same semantic constructs
using different syntactical approaches, such as SQL’s
linear keyword approach to QBE’s two-dimensional
template-filling approach. As shown in Table IV,
results from these studies have been mixed. One
study found that users had fewer errors, took less
time, and were more satisfied with QBE than with
SQL [25]; others found that SQL required less training
time and was preferred to QBE; and still others found
that in more realistic settings, where feedback and
error messages were provided, there was no difference
in query accuracy but an advantage to QBE in terms
of query writing time [25]. Thus, when two query
languages support the same abstractions (e.g., tables,
columns, keys), it is unclear how differences in form
affect task outcome.

Other studies compare languages that use the same
form or syntactical approach (e.g., linear keyword)
but differ in the abstractions supported (e.g., SQL’s
table-based constructs versus natural language
constructs). The argument here is that natural
languages, which reduce the semantic distance
between the user’s real-world abstractions and the
query language’s abstractions, should be easier and
better to use. However, the results have generally
showed no significant difference in test results or
query accuracy between SQL and natural languages.
Comparisons across these studies are difficult
because there is no standard or accepted natural
language interface, and the interfaces and vocabulary
restrictions and training provided in these studies
varied considerably.

Lastly, some prior research has examined the effect
of data model characteristics on query formulation
tasks. These studies can be split into those that
varied the data representation while holding the
query language constant [6], [7], and those that varied
both the representation and the query language [4],
[5], [26]. The underlying argument between these
two sets of studies is what is the more appropriate
or fair comparison—does the query language need
to support the same semantics as the data model?
In terms of Te’eni’s communication model (Fig. 1),
does reducing the semantic distance between the
data modeling abstractions and the query language
abstractions reduce the cognitive complexity of the
query formulation task?

When all participants use SQL—a query language
with table-based semantics—there is limited support
for the benefits of having a conceptual, entity-based
model versus a relational or tabular representation
[6], [7]. If, on the other hand, the query language
is varied to match the semantics of the underlying
data model, results consistently show the benefits
to using higher level models [4], [5], [26]. These

results are consistent with Reisner’s description of
the query formulation process, which says users
“first generate a query template, then…translate (or
‘transform’) words from the English question into
the appropriate query language terms, and then
insert these terms into the template” [23, p. 26].
The translation between the real-world task and the
query language is facilitated when the constructs in
the representation of the database easily map to the
constructs in the query template.

In summary, the human factor studies of query
languages have not convincingly demonstrated that
certain language features or data model features
reduce the cognitive complexity or improve user
performance on query formulation tasks. There is
some support, however, for the argument that when
the data model and the query language both support
high-level abstractions, productivity is better than
when the model and query language both support
lower level abstractions. However, this result is
complicated by the fact that these studies vary both
the query language and the data model, making it
difficult to attribute the benefits to differences in the
data models or to syntactical or other differences in
the query languages. In the present research, we
conduct an exploratory study to address the various
research questions that arise from this discussion.

RESEARCH MODEL

Our empirical study examines two interrelated tasks
in the context of user–database interaction, namely
data modeling and query formulation. We explore the
extent to which high-level abstractions (HLAs) reduce
the cognitive complexity of the tasks and facilitate the
successful completion of the tasks.

The first research question opens the “black box” of
conceptual modeling. Given the mixed results from
prior studies on the effectiveness of higher level data
models, we wanted to explore the modeling process
when participants were free (not coerced) to design
with HLAs and to identify strategies that distinguish
successful HLA modelers from unsuccessful ones. It
is unclear whether modeling is more or less difficult
with HLAs than with lower level abstractions such as
tables. On the one hand, HLAs such as aggregation
and generalization, are constructs believed to be a
“natural” part of human cognition. On the other hand,
higher levels of abstraction may be more difficult to
process because they require integration of multiple,
less-concrete entities. Thus, our first research
question explores user behavior to identify successful
strategies for modeling with HLAs. In terms of Te’eni’s
communication model, this question focuses on the
task process, where the modeler is communicating via
a specific modeling language that includes constructs
(HLAs) intended to reduce cognitive complexity, and
on the strategies employed to accomplish the task.
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RQ1: What strategies do more and less successful
data modelers employ?

The second question then investigates how HLAs
(or their omission) affects query formulation
performance. Fig. 2 shows the research model that
motivates this second question and illustrates where
the productivity payoff from modeling with HLAs
may be realized. A complex, data-oriented task
typically means that a user must make reference
to multiple constructs and explicitly take into
account the interaction among these constructs.
The limiting factor here is the ability of the user to
apply an arbitrary set of abstractions to collectively
reference a representation unit. Even if the typical
user is cognitively able to make such references, the
issue of whether the software environment allows
for such references to be directly translated into
database queries needs attention. We argue here
that employing a strategy of HLAs as a mechanism
to cope with complexity can be leveraged if the
software environment provides direct support for
such cognitive activity.

Fig. 2. Productivity payoff to high level abstraction use.

Our main arguments focus on the tradeoff associated
with high levels of abstraction in user–database
interfaces. First, it does little good to support HLAs
in query formulation if the same constructs are not
supported in the data model and vice versa. The
benefit to using HLAs in one part of the interface
will be offset if the user must translate to or from
a lower level of abstraction in another part of the
interface. It is vital that the semantic distance
between data representation and query language be
small in order to reduce the cognitive complexity
of the user–database interaction. It also improves
the analyzability of the query formulation tasks
because the process of formulating queries should be
simplified if the same HLA constructs are supported
in the data model and by the query language.

Second, we believe the benefit of HLAs comes
not so much in terms of improved data modeling
performance but in less complex queries. Conceptual
modeling is a task that is (ideally) done once and
remains reasonably stable and static over time. Query

formulation, on the other hand, is more dynamic and
will happen repeatedly as the information needed
from the database changes. Thus, even if modeling
with HLAs is more difficult than without HLAs, the
payoff from easier, simpler queries based on the HLA
model may be significant.

Third, we contend that the payoff from HLAs in
query formulation will be more noticeable as the user
tasks become more complex. A task that asks for all
information from one table with no constraints will be
easy regardless of the representation used. However,
tasks with many constraints that require joins of
multiple tables will be easier with a query language
that supports HLAs, because HLAs allow a collection
of entities to be manipulated as a single object and
hide some of the complexity that would otherwise
be needed in the query. This is particularly true for
queries with complex predicate clauses involving join
conditions. The second set of research questions
explores this premise.

RQ2: Is query formulation easier when the data
model includes HLAs than when the data
model does not include HLAs? Does the ease
or difficulty of query formulation vary as the
task increases in complexity?

RESEARCH METHOD

Our research questions focus primarily on
problem-solving processes. One of the most rigorous
and reliable techniques for tracing cognitive processes
is the concurrent verbal protocol, which consists of
the utterances made by a participant who is “thinking
aloud” while solving a problem [28]. Concurrent verbal
protocols have a long tradition of use in cognitive
psychology to study problem solving and decision
making behavior (see [29]–[31] for extensive reviews)
and have also been used in software engineering to
study a variety of design tasks [9]–[11], [32]–[37]. The
concurrent verbal protocol approach is based on the
assumption that the verbalizations represent a subset
of the contents of short-term memory. Thus, the
verbalizations produce a trace of the successive states
of information to which a participant is attending.

This section outlines the research method employed.
Participants were asked to think aloud and were
videotaped as they worked on a data modeling task
followed by a set of query formulation tasks.

Participants and Procedure Verbal protocols
provide rich qualitative data on cognitive processes of
individuals. However, the time- and data-intensive
nature of verbal protocol analysis tends to keep
sample sizes small, often with ten or fewer
participants (e.g., [9]–[11], [34]–[36]). In our study,
ten participants were recruited to take part in the
experiment from a graduate level course in database
management. They were familiar with the concepts
of logical database design, normalization, relational
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systems, and the structure and syntax of SQL. They
had implemented a fairly complex database system
as part of the course requirement. Participation in
the experiment was entirely voluntary and involved
two training sessions of approximately three hours
each, followed by the experimental task. The whole
process required a time commitment of about
ten hours spread over a two-week period. These
participants represented a fairly uniform skill level
and had a relatively homogeneous background in
terms of content knowledge. Therefore, we expect
that differences in performance are largely due to
cognitive processing differences and/or the use of
HLAs rather than to differing degrees of knowledge
about the modeling environment.

The Tasks The experimental task required an
environment that allowed users to represent a given
problem using HLAs. Specifically, we focused on
two abstraction mechanisms—generalization and
composition [38]. These are commonly discussed
extensions to the ER model and also are core OO
modeling constructs. These two HLAs allow collections
of entities to be viewed at a more abstract level as a
single object.

Generalizations allow for the definition of an entity
type along with its associated subtypes. While all
subtypes share a common set of properties, each
one may have a unique property subset that is
different from other subtypes of the same parent.
The generalization abstraction is constructed as a
cluster that contains the supertype with its associated
subtypes. Further, subtypes inherit properties from
their supertype.

Compositions allow a group of related yet distinct
entities to be treated as a molecule. The composite
object abstraction captures the relationship concept
from ER modeling as well as more complicated
situations where the composite object in turn is
associated with another entity. A composite object
is declared in terms of its component entities. A
component entity may be another composite object;
in such cases, it is meaningful to refer to a chain of
related objects.

Participants completed two tasks of comparable
complexity. The first task was used for learning
purposes during two training sessions held one week
apart. Participants were taught how to construct data
models with HLAs and how to use these abstractions
in data retrieval tasks.

The second task was the experimental task.
Participants were asked to read the narrative and
construct a model of the situation using HLAs. The
narrative described an organization specializing in
hazardous waste disposal and the scheduling of
trucks and engineers to pick up containers from
client sites. (The case is described in more detail in

[9].) The ideal data modeling solution included both
generalization and composition HLAs. For example,
the solution contained a generalization HLA for
different types of employee as well as different types
of vehicle. The solution also contained a composite
HLA for a work schedule, which was composed of
the cargo, site, vehicle, and engineer assigned to a
job. Subjects used an ER-type notation to create
their model. They had been trained how to use HLAs
and how to explicitly represent generalization and
composition constructs using the notation. They
were asked to “think aloud” as they developed their
representation. This session was videotaped for later
analysis.

Participants were then asked to construct queries
based on their representations for a set of ten tasks,
which are listed in the appendix. The tasks varied
in complexity from simple to complex. We used an
approach that roughly follows the complexity metric
proposed by Cardenas to characterize the queries
[39]. This metric examines the predicate component
of a query and enumerates the number of item value
specifications (M1), conjunction specifications (M2),
and join conditions (M3). We characterized each of the
ten tasks by a vector of three values to indicate the
complexity of the task. For each task, we calculated
two complexity profiles, one based on a model without
HLAs and one based on a model with HLAs. Table V
shows the complexity profile for the ten queries under
both scenarios.

As Table V shows, queries based on the model
without HLAs are generally more complex than
their counterparts with HLAs. This observation
becomes more pronounced as the tasks become more
complex. For example, query #2 is a simple query
(no conjunction or join conditions) whose complexity
profile is the same for both design alternatives.

TABLE V
COMPLEXITY PROFILES FOR QUERIES

WITH RELATIONAL DESIGN AND DESIGN WITH HLAs
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However, when query #7 is based on a design
without HLAs, the predicate clause requires three
conjunction conditions and two join conditions. The
same query based on a design with HLAs requires one
conjunction and no join conditions. This illustrates
the motivation for the second research question about
the productivity payoff to modeling with HLAs.

Coding of the Data: Data Modeling Task A coding
scheme for characterizing the data modeling process
was defined and then applied to the videotapes. The
primary focus of the coding scheme was to capture
the user’s cognitive movement across various levels of
modeling abstraction. The coding scheme consisted of
four levels of abstraction, as described below.

Level 0: Individual properties of an object (the
lowest level of abstraction).

Level 1: Basic entities. These were entities that had
no subtypes; usually they were components
of composite objects (low level abstraction).

Level 2: Supertype/subtypes cluster or a composite
object (high level abstractions).

Level 3: Composite object chain (highest level
abstraction).

This coding scheme was applied to the videotapes on
the basis of the level at which the participant dealt
with the problem at a particular point in time. Simple
time stamping was used to track the points at which
a participant moved from one level of abstraction
to another. This coding scheme and time stamping
procedure allowed us to generate a transition graph
for each participant. The graph shows a process
description of the user’s data modeling activity over
time and clearly shows the shifts between levels of
abstraction in the order in which they occurred.

In addition to the process description, we used
the quality of the data model as a measure of
performance. The strategy that we used to assess
data model quality was similar to previous empirical

studies of this nature (e.g., [3], [35]). Quality was
assessed as deviations of the data model from a
complete solution. Counts of the following measures
of representation quality were obtained: missing
elements, mis-specified elements, and redundant
elements. While there may be several alternative
correct model formulations, this approach stressed
the capture of all relevant linkages between the
problem elements.

Coding of the Data: Query Formulation
Tasks Participants were asked to represent three
essential components for each querying task: the
target list (attributes to be displayed in the result),
the source list (objects that provide the data), and the
predicate condition (restrictions that specify exactly
what is to be retrieved). This representation was
familiar to participants due to their prior knowledge
of SQL and was also flexible enough to support
HLAs. Thus, the same representation and syntax was
used regardless of whether the data model included
HLAs. A data model with HLAs would affect only the
content of the query. For example, if the source list
contained an HLA (e.g, the work schedule composite
object), then the join specifications for linking the
objects within the list could be ommitted from the
predicate condition.

All query construction tasks were videotaped. The
data was coded by time stamping segments of the
query tasks depending on whether the participant was
generating a target list, a source list, or a predicate
condition. This enabled us to obtain a distribution
of time spent on each component of a query for all
participants.

RESULTS

Data Modeling Behavior Table VI shows the raw
data for all participants on the data modeling task,
including the distribution of time across different

TABLE VI
DATA MODELING RESULTS FOR ALL PARTICIPANTS
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levels of abstraction, the number of transitions
between levels of abstraction, and model error rates.
In terms of the distribution of time spent at different
levels of abstraction, Table VI shows that some
participants devoted relatively more time to lower
levels of abstraction and others did the reverse.
The quality of a data model decreases with the
number of missing elements, mis-specified elements,
and redundant elements. In trying to interpret
relationships between the modeling behavior and the
performance of the participants, some interesting

observations are stated below. We isolated the
behavior of Participants A, C, F, and G in order
to look at extreme cases in terms of performance.
While Participants C and F completely and correctly
specified their models, Participants A and G had
poorly specified models. Our intention is to study
the pairs that are on either end of the performance
spectrum to examine the existence of interesting
process-related phenomena that might be related to
their performance.

Fig. 3. Data modeling transition graphs for high-performing participants (C and F) and low-performing participants
(A and G).
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Fig. 3 shows the transition graphs for four participants
working on the data modeling task. These graphs
demonstrate the participants’ dynamic behavior in
terms of shifts in the levels of abstraction. Shifts to a
higher level of abstraction occur when the participant
gets lost in detail and needs the broader context to
understand the details or to decide how to proceed.
Shifts to a lower level of abstraction occur when the
participant feels that the higher level can no longer
guide him on how to proceed or understand the
problem. In general, the higher levels of abstraction
are more difficult to process because they require
the participant to think of less concrete entities and
integrate such entities into a composite object.

For example, Participant A spent more time on
the lower abstraction levels (i.e., the attributes
and objects) and deferred treatment of the higher
levels until late in the solution process. In contrast,
Participant C’s graph shows treatment of higher
levels much earlier in the process. This apparently
contributed to the quality of the model. Working early
at relatively high levels of abstractions appears to be
beneficial.

Further, in examining the transition graphs of all the
participants, it appears that the orderly transition
from higher to lower levels of abstraction is far
more crucial in determining performance than
merely looking at the proportion of time spent at
each level (see Fig. 4). For example, Participant F,
whose performance was excellent, did in fact spend a
considerable amount of time at lower levels. However,
he started at high levels of abstraction and built
clarifications as he went along at lower levels, thus
yielding a good model. Finally, Participant G’s graph
yields some interesting observations. This participant
provided a relatively poor model in spite of spending
a fair proportion of solution time at the highest
abstraction level. However, the focus on the high
level abstractions seemed to have occurred primarily
during the earlier part of the model building process.
The latter stages of the process show an emphasis on

the lower levels. This is in contrast with Participants
C and F where the focus on higher levels occurred
throughout the process with the participants coming
back to these levels constantly till the model was
completed.

When one examines the transitions across the
various levels, the intensity of transitions is revealing.
The transition counts (number of transitions from
any level to another) for the four participants are
shown in Table VI. Participants A and G have 13
and 30 transitions, respectively; Participants C
and F have 41 and 37 transitions, respectively.
The difference in these counts between the better
and poorer performers suggests that it is vital for
users to relate higher level abstract objects to the
details and to sustain this back-and-forth pattern
over time (see Fig. 5). The intensity of transition is
also visually obvious from an examination of the
transition graphs. The combination of working with
high-level abstractions along with relating them with
details appears to contribute significantly toward the
production of a high-quality model.

Relationship With Query Formulation
Behavior The second research question addresses
the relationship between model construction
and query construction. Specifically, is there a
productivity payoff in incorporating HLAs in the
model? As was shown theoretically earlier, queries
based on models with HLAs should be less complex
queries than queries based on models with lower level
abstractions such as relations. Specifically, since the
primary impact of using HLAs is on the complexity
of the predicate condition, we focus our analysis on
this component of the query. We examined the query
construction behavior of the four Participants A, C,
F, and G. Participants C and F performed well on
the data modeling task and correctly specified HLAs
in their models. Participants A and G performed
poorly on the data modeling task and did not
incorporate HLAs in their models. Thus, we would
expect Participants C and F to formulate less complex

Fig. 4. Percentage of modeling time spent at each abstraction level for best performers (C and F) and worst performers
(G and A).
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queries and to have fewer errors than Participants
A and G.

Tables VII and VIII show the complexity profile for
each of the participant’s queries, using the same
complexity measures described earlier. The complexity
profile shows the number of item value specifications,
conjunctive conditions, and join conditions in each
query’s predicate. The complexity profile for each
query a participant wrote can be compared to the
ideal profile for each query. For Participants A and G,
the ideal profile is based on a relational data model,
and for Participants C and F, the ideal profile is based
on a model with HLAs.

The complexity profiles for the queries of the HLA
participants (C and F) corresponded fairly closely
to the ideal. Both participants referred to their
HLAs in their queries and treated them as single

Fig. 5. Number of transitions between abstraction levels
for best performers (C and F) and worst performers (G and
A).

composite entities, as we intended. This enabled
them to eliminate many of the join conditions that
would be necessary if the HLA were decomposed
into elementary relations. In contrast, Participants A
and G could not rely on HLAs and had to construct
queries that often required joining two or more tables.
Specifying join conditions was a consistent problem
for these participants, as was identifying the tables
needed to process the query correctly. This was also
true for the HLA participants, but only task #10
required them to join two HLAs (composite objects).

We also compared the relative amount of time each
participant spent on the predicate portion of the
queries to see whether a productivity payoff of using
HLAs would be evident. Fig. 6 shows the percentage
of querying time spent on the predicate component
for the participants. Participants C and F spent less
of their time on the predicate component than did
Participants A and G, on average. What is more
striking is that for complex queries (e.g., queries
7–10), the percentage of time spent by A and G on
the predicate component is almost uniformly higher.
A notable exception to this is Participant A’s small
amount of time on the most complex query, #10.
However, Participant A gave up on this query and
was unable to complete it, which actually supports
our argument (although it is not obvious from the
diagram). This data provides some evidence for the
payoff obtained by using HLAs in model construction:
queries become easier to construct.

IMPLICATIONS, LIMITATIONS, AND CONCLUSIONS

Understanding how users cope with cognitively
complex tasks is important in the design of interfaces
to support those tasks. Results of this study

TABLE VII
QUERY COMPLEXITY AND ERROR INFORMATION FROM THE TWO

BEST-PERFORMING PARTICIPANTS (WITH HLAs), C AND F
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suggest several avenues for improving user–database
interfaces. It is clear, for example, that in data
modeling tasks, users ought to be encouraged to work
at high levels of abstraction until a broad picture of the
problem is at hand and to systematically transition
back and forth between levels of abstraction. The
interface should provide mechanisms along these
directions by which users are inclined to proceed with
their modeling activity.

There is some evidence of a productivity payoff to
modeling with HLAs. We recognize that the accurate
use of these abstractions during model construction is
cognitively demanding. However, model construction
is typically done once, followed by incremental
changes as domain specifications change. The payoff

occurs during subsequent use of the model. Use of the
model for query formulation is a frequent activity that
is performed against a relatively stable representation.
Thus, the additional effort invested in constructing a
model with HLAs should be quickly offset by reduced
effort in query formulation tasks. However, interfaces
at the conceptual level must support HLAs for this
opportunity to be feasible. Currently, the dominant
query language is SQL, which does not support HLAs.

This study examined the productivity payoff
associated with HLAs for users who both develop
the data model and formulate queries against their
model. The two tasks were inter-related in our study
because we wanted to explore the impact of HLA use
(or lack thereof) in data modeling on subsequent

TABLE VIII
QUERY FORMULATION TASK RESULTS FOR THE TWO

WORST-PERFORMING PARTICIPANTS, A AND G

Fig. 6. Time spent on the predicate component of each query for Participants A, C, F, and G.
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query formulation. This is one valid setting for
investigating the questions of interest, but clearly
there are other settings that warrant consideration
as well. For example, in many situations, users
formulate queries based on a data model created by
someone else. In these cases, the issue changes from
data model creation to data model comprehension.
It is reasonable to expect that the nature of our
findings would not change for a comprehension
versus a modeling task, since model creation, in
some sense, requires comprehension of the model.
However, future studies are needed that examine the
usability and productivity payoff of HLAs in different
user-task settings.

Given the exploratory nature of this work, the findings
should be interpreted as inputs to a reasoned program
of research that addresses general issues of usability
and interface design in the context of database
communication with a user. Te’eni’s communication
model provides a framework for organizing such a
research program. The research approach that we
used relies on a methodology that seeks to uncover
details about cognitive processes that might highlight
important areas of focus. The outcome of this
research is biased toward sharpening the nature of
the questions that need to be investigated rather than
on providing conclusive answers.
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