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Abstract





	Interest in object-oriented analysis (OOA) and object-oriented design (OOD) has increased over the last several years.  Proponents of OOA and OOD have called the shift to these methods "revolutionary" and have cited a number of impressive claims with respect to their use.  However, empirical research investigating these claims remains in its infancy.  Moreover, an examination of the literature reveals inconclusive and often conflicting results for OOA and OOD methods relative to traditional data and/or procedural techniques.  


	This paper presents the results of an empirical study which examined both experienced and novice systems analysts using both procedural and object-oriented techniques.  This research examined whether experience in using procedural methods helped or hindered performance using OOA and compared procedural and OOA methods on the subjective mental workload induced. 


	A human problem solving model adopted from Newell and Simon (1972) provided the theoretical framework for this study.  Dependent variables include subjective mental workload, solution quality, time to perform task, and attitudinal measures.  While some of these dependent variables have been used in past research, we believe this is the first time that subjective mental workload (SMW) (common in the human factors literature) has been examined in an IS context.  Our results indicate that both novice and experienced subjects demonstrate higher SMW when using OOA, however, as a group, novices prefer object-oriented techniques and find these techniques easier as compared to experienced subjects.
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Introduction


	Interest in object-oriented analysis (OOA) and object-oriented design (OOD) has snowballed over the past few years.  Proponents of OOA and OOD have proclaimed a number of benefits for use of these techniques.  For example, some researchers have suggested that object-oriented approaches might assist developers by easing the process of design and improving the usability of the resulting system (Rosson and Alpert 1990).  Others suggest the advantages of OOA and OOD are due to their ability to model more complex relationships, including generalization and aggregation (Smith and Smith 1977).  In general, many researchers consider the primary advantages of OOA and OOD to be in their ability to reduce complexity.  This is related to the fact that object-oriented architectures are decentralized, include classification as part of their system structure, and reuse the same ideas from requirements phase through the implementation phase (Nerson 1992).  Given the continuous nature of the development process, and the reuse of concepts throughout the development lifecycle, object-oriented techniques are often said to blur the line between analysis and design (Henderson-Sellers and Edwards 1990).  


	Given these benefits, some have called object-oriented approaches a new “paradigm” for software development (Lee and Pennington 1994).  Many have gone so far as to call this “paradigm shift” revolutionary.  For example, Booch (1989) states (emphasis added):





Let there be no doubt that object-oriented design is fundamentally different from traditional structured design approaches:  it requires a different way of thinking about decomposition, and it produces software architectures that are largely outside the realm of the structured design culture.


Yet another group of leading OOA and OOD proponents, Coad and Yourdon (1991), claim (emphasis added):





We have no doubt that one could arrive at the same results [as using OOA and OOD techniques] using different methods; but it has also been our experience that the thinking process, the discovery process, and the communication between user and analyst are fundamentally different with OOA than with structured analysis.  


	Unfortunately, there is a surprising lack of empirical research investigating many of the claims outlined above. Thus, it remains unclear whether the use of object-oriented approaches have many of the desirable impacts suggested by proponents of OOA.  Some researchers have shown that object-oriented methodologies improve the completeness of solutions while reducing complexity associated with using the technique (Boehm-Davis and Ross, 1992).  However, others have found object-oriented methodologies more difficult to apply and harder to learn than process-oriented approaches (Vessey and Conger, 1994) or data-oriented methods (Bock and Ryan, 1993).  Thus, the limited empirical research conducted to date has yielded equivocal results.  In addition, given practical and methodological constraints, most of the research to date has used extremely limited sample sizes (e.g., 6 in Vessey and Conger, 18 in Boehm-Davis and Ross).  As a result, it appears that additional theory-based, empirical examinations of different systems analysis approaches are appropriate.


Fichman and Kemerer (1992) conclude that the shift to object-oriented approaches represent a radical change from previous approaches to software development.  Therefore, it seems logical to expect that the impact of this “radical” paradigm shift would have important ramifications for systems analysts and the management of systems development projects.  For example, if the object-oriented approach is an evolutionary shift in development techniques, then systems analysts currently trained in procedural methods (e.g., data flow and entity-relationship diagrams) should be able to learn and effectively apply OO method.  On the other hand, if object-oriented development is truly a radical approach to systems development, perhaps analysts that are well-trained in procedural methods would have difficulty making the leap in thinking necessary to apply OO techniques.


 	The purpose of this paper is to begin to fill that gap.  Given the claims about the “radical” nature of the shift to object-oriented methodologies, we wanted to examine whether analyst experience plays a role in making this shift.  On one hand, one could argue that experience in performing systems analysis tasks would “carry over” from procedural methods to object methods allowing experienced analysts to outperform novices.  On the other hand, if the paradigm shift is as radical as has been suggested, one could suggest that systems analysts experienced in using procedural methods would find it difficult to transition to a revolutionary way of analyzing problems.  In either case, these effects would seem to have important ramifications for the personnel assignments, training, and hiring of systems analysts.


	In order to examine the influence of systems analysis experience on the use of OOA and process-oriented techniques, a laboratory experiment was conducted.  Subjects were drawn from two different populations:  one inexperienced in systems analysis and design theory and application and the other experienced in systems analysis and design using process-oriented methods (e.g., data flow diagrams).   A repeated measures design was employed to compare a process-oriented method (data flow diagrams) with an object-oriented approach (a subset of Coad and Yourdon notation) for each group.  Dependent measures included subjective mental workload, solution quality, time to complete the solution, perceived ease of method application, and method preference.


The remainder of this paper is organized as follows:  The next section presents the research model used in this study and reviews relevant prior literature on systems analysis, mental models, and individual experience. The following section details specific research hypotheses, while the next section outlines the design of the research study, Section six presents the results of the study, Section seven provides a discussion of those results, and Section eight concludes with limitations and suggestions for future research. 


Research Model


	Generating systems analysis modeling requirements can more broadly be defined as ill-structured problem solving (Agarwal, Sinha, and Tanniru 1996; Simon 1973).  The cognitive aspects of problem solving have been examined extensively as evidenced by the ìinformation processing modelî espoused by Newell and Simon (1972) (See Figure 1).  This information processing model suggests an interaction between the information processing system (i.e., the individual) and the particular task environment (i.e., the problem).  The interaction between the individual and the problem is the problem space, or the individualís internal representation of the problem.  This interaction becomes the critical determinant in problem solving and Simon (1978) states ìThe relative ease of solving a problem will depend on how successful the solver has been in representing critical features of the task environment in his problem space (p. 276).î





[Insert Figure 1 Here]


	Specific to this study, the task environment under investigation involve representing a problem using a process or object-oriented model. Similarly, the individual characteristic of primary consideration is that of prior experience in systems analysis techniques.  Finally, one means of examining problem space representation has been through the use of mental models.  Prior literature associated with each of these concepts is discussed in the next section. 


Systems Analysis Methods


	A number of systems analysis techniques have been developed and are in use by information systems professionals.  Some of these include data flow diagrams, entity relationship diagrams , extended entity relationship diagrams, Jackson System Development Development, and object-oriented techniques.  A comprehensive review of all systems analysis methods is well beyond the scope of this paper; however, brief overviews of data flow diagrams and object-oriented analysis, as the methods examined in this study, is provided here.  Readers interested in a more thorough discussion of traditional methods are referred to Kendall and Kendall (1995), or Hoffer, George, and Valacich (1996).  Detailed discussion of object-oriented methods can also be found in Booch (1994)  or Coad and Yourdon (1991).  


Data Flow Diagrams


	The data flow diagram (DFD), along with the entity-relationship diagram, is one of the main vehicles used in structured systems analysis methodologies.  Whereas entity relationship diagrams relate to data entities in a given system, data flow diagrams are used to model processes (Wilkie 1993), and are thus referred to as a process-oriented technique in this research.  In general, data flow diagrams depict processes (represented as circles, or bubbles) and the flow of data between processes (represented as arrows).  Typically, data flow diagrams are organized in hierarchical fashion, with a bubble on a higher level diagram corresponding to entire diagrams at the next lower level of detail.  Data flow diagrams do not, however, depict conditional logic or the flow of control between separate modules (Fichman and Kemerer 1992).   


Object-oriented Analysis


	In general, the goal of OOA is to identify objects in the “real world” that map to the application domain being modeled, and to identify the nature of the relationships between those objects, or (more properly) between groups of objects known as object classes (Nerson 1992).  As with DFDs, there are several concepts central to OOA including objects, classes, encapsulation and inheritance.  Objects are “the basic run-time entities in an object-oriented system...[and are used to] model the entities in the application domain” (Korson and McGregor 1990, pg. 42).  Objects are grouped into classes which are objects that have the exact same attribute, properties, and processes associated with them (Korson and McGregor 1990).  Object classes can be grouped in a network fashion into a series of hierarchical relationships.  Encapsulation is defined as “a property of programs that describes the complete integration of data with legal processes relating to the data” (Conger 1994, pg. 459).  This illustrates the concept of “marrying” data and processes together, requiring (or allowing) analysts to think of them together in analyzing object behavior and contents.   Finally, inheritance is “a property that allows the generic description of objects which are then reused by related objects” (Conger 1994, pg. 459).  


A number of advantages have been identified for object-oriented analysis (OOA).  For example, Wilkie (1993) states that the most fundamental advantage of OOA is in creating a more modular approach to analysis, design, and implementation of software systems, thus improving the communication of ideas between users and analysts and reducing complexity.  Because OOA techniques apply to the same fundamental elements of the system (objects and object classes), OOA allows a single, unified approach to systems analysis.  This is contrasted with the loosely-coupled aspects of traditional structured approaches where data is represented on entity relationship diagrams, and processes on DFDs.


It is thought that this approach to systems analysis helps simplify the way in which we view the world by representing the “real world” as it actually is (or should be) and translating that view into a usable software system.  As mentioned earlier, this approach is designed to reduce complexity.  Using OOA, complexity reduction is accomplished in a number of ways:  1) object-oriented architectures are decentralized, 2) classification is part of the inherent system structure, and 3) the same ideas and concepts are used throughout the development lifecycle from requirements definition through implementation (Nerson 1992, Henderson-Sellers and Edwards 1990).


Experience Differences


	A long stream of rich and varied research exists examining differences between novices and experienced individuals in different problem domains.  With its roots in the cognitive psychology/science literature, researchers have stated that novices and experienced individuals differ in their ability to process large amounts of information.  A large number of empirical studies have been conducted across various functional domains including strategy formulation (Schweiger, Anderson, and Locke 1985), physics (Lardin, McDermott, Simon, and Simon 1980), chess (deGroot 1966, Chase and Simon 1973), programming (e.g. Moran 1981, Soloway, Adelson, and Ehrlich 1988), medical diagnosis (Groen and Patel 1988), interactive devices (Kieras and Bovair 1984), and thermodynamics (Bhaskar and Simon 1977).  Research has indicated that experienced individuals tend to use top-down approaches, grouping problems based on their underlying structure while novices use bottom-up procedures and group sets of problems based on their surface characteristics (Mackay and Elam 1992).


	Another set of studies examines differences between experienced individualsí and novices’ use of specific information systems tools.  Studies here include examinations of the use of text editors (Card, Moran, and Newell 1983; Mack, Lewis, and Carroll 1983) and decision support systems (Mackay and Elam 1992).  Other researchers have suggested ability (which we assume to be highly correlated with experience) has a significant impact on software developers performance (Rasch and Tosi 1992).  For example, Mack et al. (1983) found that inexperienced computer users encountered significant difficulty when trying to perform routine tasks with those systems.  In these cases, learning was difficult and took longer than expected.  Users generally were not able to discern what was relevant to understanding and solving the problems presented, though they tried to generalize from what they already knew.  


	Given empirical findings which suggest that novices and experienced individuals have different problem solving experiences and outcomes, we believed that this variable was an important one when examining systems analysis tasks.  Moreover, we suggest that one of the differences in experienced and novice systems analyst is in their conceptualization of the problem space, or their mental model. As suggested by the research model, both of the factors discussed above (analysis method and analyst experience) will interact and have an impact on analyst’s mental models.  The nature of mental models, and their application within the information systems and computer science disciplines is examined in the following section.  


Mental Models and Problem Representation


	Mental models have been proposed as a mechanism that people use to understand a specific problem space or knowledge domain (Gentner and Stevens 1983).  More specifically, Norman (1983) states:





People’s views of the world, of themselves, of their own capabilities, and of the tasks that they are asked to perform, or topics they are asked to learn, depend heavily on the conceptualizations that they bring to the task (p. 7).


	While Johnson-Laird (1989) is often credited with developing the term “mental model,” the concept can be traced back to Craik (1943) who suggested that humans were able to reason by forming and manipulating symbolic representations and translating them into actions.  Craik defines a model as “any physical or chemical system which has a similar relation-structure to that of the process it imitates” (p. 51).  


	A number of terms designed to capture Craik’s concept have been used interchangeably throughout the human-computer interaction literature.  These include mental models, conceptual models, cognitive models, causal models, and component models (Farooq and Dominick 1988).  Norman distinguishes between four different concepts relevant to the study of “mental models”:  the target system, the conceptual model of that target system, the user’s mental model of the target system, and the scientist’s conceptualization of that mental model.  The target system is, by definition, the system which is being used or learned by the user.  The conceptual model is something that is invented to represent the target system and is intended to be accurate, complete, and consistent.  Conceptual models are invented by teachers, designers, scientists, etc.  Mental models, on the other hand, evolve naturally.  They are intended to be dynamic, changing with a user’s further understanding of the system.  User’s mental models are often incomplete, and may not even be technically accurate, particularly at the early stages of use (Mayer 1981).  Finally, the scientist’s conceptualization of a mental model, is his/her model of the user’s mental model.  Norman points out that a designer’s conceptualization of a system may differ from the image that the system itself presents to the user, although in an ideal scenario, the user’s mental model will be consistent with the designer’s conceptualization.


How mental models are constructed remains a subject of considerable debate (and is well beyond the scope of this review).  In general, many authors think that humans construct models based on analogies or metaphors of past represented objects or interactions.  Norman (1982) identifies three modes of learning that can influence mental model development: 1) accretionóthe addition of new knowledge to the existing mental representation; 2) structuringóthe formation of new models which are significantly different from existing models.  Structuring requires tremendous effort and struggle on the part of the individual to unlearn prior knowledge in order to assimilate the new reprentation; and 3) tuningófine adjustment in knowledge which enables expert capabilities to be developed.  Some researchers suggest that users with developed mental models are likely to commit fewer errors and solve problems more effectively (Staggers and Norcio 1993). 


	A number of empirical studies have been conducted in the information systems and computer science domains to investigate the impact of mental models on user performance.  For example, Staggers and Norcio (1993) found that in a computer programming problem solving activity, novices were paralyzed by their inability to solve problems, while experienced programmers were able to use several strategies for problem solving.  They found that experienced users were able to call upon rich system models, while novices had no organizing framework on which to store new knowledge.


	Applied specifically to computer programming tasks, Wiedenbeck, Fix and Scholtz (1993) present five abstract characteristics of a user’s mental representation:  1) it is hierarchical and multi-layered, 2) it contains mappings between different layers, 3) it is founded on the recognition of basic patterns, 4) it is well connected internally, and 5) it is well grounded in the program text.  A number of studies have shown that experienced programmers possess these characteristics while novices lack them, suggesting that experienced programmer and novice mental models are indeed different (McKeithen, Reitman, Rueter, and Hirtle, 1981; Wiedenbeck et al 1993).  Researchers have suggested that this difference in mental representation (or model) may provide a partial explanation why novice performance is poorer than experienced performance on programming tasks.     


In looking at systems analysis techniques in general, and object-oriented techniques in particular, research on mental models is still in its infancy.  As suggested by Simon (1973), system analysis and design is an “ill-structured” problem, and as a result, requires complex, open-ended cognitive analyses that are difficult to examine in any systematic way.  According to Sutcliffe and Maiden (1992), systems analysis, in many ways, requires more demanding skills than programming.  They state that the analyst must be able to build a model of the problem domain before proceeding with design.  Though the authors did not compare novices and experts, they found that for novice analysts, good performance was associated with well-formed conceptual models and good reasoning/testing ability.   


Given claims in the literature about the revolutionary aspect of object-oriented approaches, an analyst’s prior experience with other methods could be expected to either assist or hinder analyst performance using object-oriented methods, depending on whether one subscribes to OO as an evolutionary versus a revolutionary development.  For example, Rosson and Alpert (1990) suggest that OOA leads to a different approach, and therefore, mental representation, of system design.  They state that in OOA, the focus is on “what”, rather than “how” in traditional methodologies.  Consistent with proponent’s claims outlined earlier, Rosson and Alpert state that OOA seems to support a better integration of problem and solution.  They suggest that the abstraction inherent in objects may provide a more natural way to think about the problem.  This benefit accrues largely due to the elimination of the distinction between data structures and procedures.  However, the authors state that there is a lack of empirical evidence for these claims, and suggest that “a designer’s past experience will unavoidably influence the ease of generating an object-based problem representation” (p. 363).  In addition, a focus on the “naturalness” of OOA results in suggestions that OOA approaches will be easier to apply.  However, according to Rosson and Alpert, focusing solely on naturalness and ease of application often ignore the important goal of quality of solution. 


Capturing the differences in mental representation or processing has always been a methodological challenge.  Researchers have often relied on process-tracing and protocol analysis methods to capture differences in cognitive processing (e.g., see Vessey and Conger, 1994).  Alternatively, rather than have subjects draw or explain their mental processes, human factors researchers have devised a variety of measures for mental workload (see Wierwille and Eggemeier, 1993, for a description of some of these methods).  This approach has been used on a variety of tasks and attempts to examine cognitive processing differences, which may be related to a user’s representation, or mental model, of the problem space.  Our research examines one type of mental workload measurement–subjective mental workload–as one means for tapping differences in cognitive processing (and by extension, analysts’ mental models).  Workload is defined as “a hypothetical construct that represents the cost incurred by a human operator to achieve a particular level of performance” (Hart and Staveland, 1988, pg. 140). 


MORRISóADD MORE SMWÖ.


	This research project represents a first step in addressing many of the issues raised by Rosson and Alpert by looking at the ease in which analysts are able to form and apply appropriate mental models, as well as the quality of their solutions.  To date, no research that we are aware of has simultaneously addressed both concerns in applying process and object-oriented techniques.  


Previous Empirical Results


	The need for empirical examination of different SA&D methods have been called for in recent years (Parsons, Agarwal, Batra, Vessey, and Wand, 1994), however, specific comparisons between process and object-oriented methodologies are limited in the IS literature to date.  In one of the first comparisons among alternative methodologies, Boehm-Davis and Ross (1992) compared three design methodologies (functional decomposition, Jackson Systems Development, and object orientation) using three different types of problems.  Results from this study indicated that there were differences between methodologies with respect to solution completeness, solution times, and some measures of complexity, with Jackson methods generally outperforming the other two approaches.  


	However, empirical results have not been consistent.  In a more recent study, Vessey and Conger (1994) replicated the work of Boehm-Davis and Ross (1992) using process tracing techniques.  Vessey and Conger were unable to support the claims often suggested by proponents of object-oriented approaches.  They found that novice analysts believed the process methodology was easier to use than the data methodology, which, in turn, was easier to use than the object methodology.  Contrary to the suggestions of Rosson and Alpert (1990), they suggested that novices found process approaches more natural than data or object-based approaches. 


	Agarwal, Sinha, and Tanniru (1995) examine differences in process-oriented experience and task characteristics in the devlopment of object-oriented models.  Results of the study suggest that there is a relationship between the type of task and the ability to successfully apply an analysis method.  It was suggested that the inherent process-bias of experienced modelers made it difficult for them to address the structural components of the task.


 	More specific head-to-head comparisons have recently been conducted.  However, these studies have largely been atheoretical in nature.  For example, Bock and Ryan (1993) compared model correctness for extended entity-relationship (EER) models and object-oriented models.  Bock and Ryan found some performance improvements for the EER model, and that, given these advantages, designers should tend to favor the EER model. However, questions as to why a given model outperformed another were not examined and were left to future research.  


 	Procedural methods have also been examined against object-oriented methods.  Lee and Pennington (1994) examined these two methodologies as well as differences between novices and experts.  They found that procedural experts spent higher proportions of time analyzing the problem situation, while object-oriented experts spent more time describing objects and evaluating designs.  In addition, Lee and Pennington found differences between experts and novices.  


Consistent with the theoretical suggestions from mental models researchers, differences were observed between experts and novices.  Novices did not analyze the problem through their objects, instead focusing on the general situation.  Also, novices spent as much time defining objects as experts.  Expert object-oriented designers defined methods and objects together, while novices tended to define objects first, then go back and fill in methods.  Novices also spent as much time as experts on goal formulation; however, they delayed consideration of those goals until a later point in the design activity.  Finally, novices and experts differed in their definition of kernel concepts, suggesting differences in the mental models of each group.  Based on their analysis, Lee and Pennington (1994) suggest that object-oriented novices who have procedural experience may be able to employ a “positive transfer” of their skills to the new environment.  However, the experimental design of the study did not permit explicit testing of this hypothesis.  Preliminary results offered by Manns and Nelson (1993) support the notion that users experienced in procedural methods will employ those schemas (similar to models) when switching to an object paradigm; however, whether these schemas help or hinder performance remains an unanswered question.


	Therefore, while studies examining differences between procedural and object-oriented approaches have begun to appear, results have been inconclusive.  There may be several reasons for the inconclusive findings to date.  First, practical and methodological constraints have often severely limited sample sizes in the empirical research to date (with as little as 6 subjects used in Vessey and Conger 1994).  Second, conducting “fair” comparisons across different methods, tasks, or experience levels is problematic.  The inherent differences in methods may bias results in favor of one group or another, depending on the dependent variables being measured.  Furthermore, previous researchers have found it difficult to find an appropriate sample to compare differences between true “novices” and “experienced” developers.    Finally, much of the previous research has not drawn upon theory to help explain differences in performance.  As a result, when performance differences have been found, researchers have been unable to help explain why those differences occurred. 


Research Hypotheses


	Based on our review of the literature framed in human problem solving, we constructed nine hypotheses for examination in this study (see Figure 2) which were grounded in the broad theoretical model presented in Figure 1.  Due to the theoretical base, our hypotheses may in some cases conflict with previous empirical results.  However, we have attempted to address some of the methodological constraints inherent in previous empirical work to provide a valid test of theory.  As mentioned earlier, much of the previous literature has been atheoretical in nature, looking only at performance differences between methods.  By grounding our hypotheses in theory, we hoped to provide a test of the theory while at the same time shedding additional new light on previous empirical work.


	Given claims that OOA is a more “natural” analysis method (Rosson and Alpert, 1990), and therefore should facilitate mental representation of the problem space.  However, this is only likely to be true when there is no prior modeling experience using other methods.  Therefore, we hypothesize:


	H1A.  For novice systems analysts, the subjective mental workload (SMW) using 


	a subset of Coad and Yourdon OOA will be lower than the SMW using DFDs.


 	Analysts having prior experience using procedural methods will have mental models developed (to varying degrees) to support this modeling representation.  In addition, the struggle in restructuring existing models with radically different information (Norman, 1982) leads to interference between an analystís past experience using procedural methods with his/her ability to apply object-oriented techniques (Rosson and Alpert, 1990).  Therefore, for experienced analysts we hypothesize:


	H1B.  For procedurally-experienced systems analysts, the SMW using DFDs will


	 be lower than the SMW using a subset of Coad and Yourdon OOA. 


	In addition, we expect that exposure to one systems analysis technique will influence learning of a second technique as indicated by differences in subjective mental workload.  On one hand, there may be a positive knowledge transfer between techniques as an analyst gains a better understanding of the general systems analysis process.  Alternatively, there may be a negative knowledge transfer as analysts have difficulty applying the tools of the second technique having had exposure to a previous technique.  Therefore, looking at novice analysts only (to avoid confounding pre-experimental exposure to methods), we expect that the order in which analysts apply the analysis methods will have influence their ratings of SMW on subsequent methods.  Thus, we offer the following hypothesis:





H2.  For novices, there will be a significant interaction effect between SMW ratings on each


 method and the method order.


	As outlined above, research has shown significant skill differences among experienced users and novices in using various IS tools (e.g. Mackay and Elam, 1992; Mack et al., 1983).  Procedurally-experienced users will have developed mental models for solving problems from domains in which they are familiar. In addition, the difficulty in restructuring the OOA techniques into their existing mental model of requirements modeling should lead to difficulty when applying the OOA.   This should result in higher quality solutions in less time using procedural methods over OOA methods. However, without prior experience, the natural mapping of OOA to the “real world” would make object-oriented methods easier to apply and the solutions generated by those methods of higher quality requiring less time.  Therefore, as with mental workload, we expect there will be an interaction between analyst experience and method on solution quality and time to solution resulting in the following two hypotheses:





H3A.  For procedurally-experienced individuals, solutions generated using DFDs will


 be of higher quality than solutions generated using modified Coad and Yourdon OOA.


H3B.  For procedurally-experienced individuals, time to solution using modified Coad and


 Yourdon OOA will be higher than time to solution using DFDs.





	H4A.  For novices, solutions generated using modified Coad and Yourdon OOA


will be of higher quality than solutions generated using DFDs. 





H4B.  For novices, time to solution using DFDs will be higher than time to solution


 using a subset of Coad and Yourdon OOA.


	In addition, mental models which are easier to apply and require less effort are likely to result in  higher quality solutions.  Therefore, the following hypothesis is presented:


	H5.  Across all subjects, there will be a significant negative correlation between


 	mental workload and solution quality.


	Finally, increased mental workload should represent increased difficulty in performing systems analysis tasks.  Therefore, we expect that increased mental workload is associated with increased time to perform a given systems analysis task:


	H6.  Across all subjects, there will be a significant positive correlation between 


	mental workload and time to solution.


Research Design


	This section outlines the specific design used to test the hypotheses listed in the previous section.  The design used in this study was a 2X2X2 repeated measures, partial factorial design, with experience and method order as the between subjects variables and the analysis method as the within subjects variable (see Figure 3).  The method order received by subjects was counterbalanced to control for any requirements modeling learning between the two analysis methods. The counterbalanced design also allowed us to examine explicitly any learning transfer effects for novice analysts (H2) as half the subjects received an object - procedural order while half received a procedural - object order.  A total of 71 subjects participated in this research, 34 experienced subjects and 37 novices.  


Subjects


	To operationalize the experience variable in this research, two groups of subjects were used.  The experienced subjects were students majoring in Computer Information Systems at a large Midwestern university.  These students were primarily juniors and seniors participating in a systems analysis and design course.  At the time of this study, these experienced subjects had completed extensive coursework on data flow diagrams including multiple assignments and detailed exam problems.  The procedural training was recent relative to the experimental session resulting in subjects immersed in applying the technique. Participation in the research was voluntary for experienced subjects and was rewarded with nominal extra credit in the systems analysis course. 


	The novice subjects were students in an introductory computer skills course required of all prospective business majors.  The majority of students in this course were freshmen and sophomores and have not yet been admitted to the business school. These students had no prior knowledge of systems analysis and design concepts or modeling techniques.  Students who participated in this study fulfilled a required experimental participation credit.


Task


Two tasks were used in this experiment (see Appendix A for the textual description of each task). The tasks were chosen from prior research  (Vessey and Conger, 1994) and standard systems analysis texts (Conger, 1994; Kendall and Kendall, 1995)  with which the subjects were unfamiliar.  Subjects performed both tasks, using object-oriented analysis on one task and procedural analysis on the other.  Agarwal, Sinha, and Tanniru (1996) suggest that some tasks are more process-oriented while some are more object-oriented based on the degree of process and structure inherent in the tasks.  They further suggest that the most effective modeling method is influenced by the degree of process and object-oriented features inherent in the tasks.  Therefore, the tasks used in this study were selected as to be equally balanced between process and structural features to minimize any task/method fit.  


	One can argue that a comparison between procedural and object-oriented approaches is impossible given inherent differences in the methodology that makes one or the other more appropriate in different situations.  For example, one can argue that because object-oriented techniques encompass both structure and behavior, they will be inherently more complex simply because they model more information than data flow diagrams.  In order to control for these differences to the maximum amount possible, tasks were carefully chosen to provide a fair comparison.  As such, we specifically avoided tasks which required structural modeling when OOA methods to make them more similar to DFDs in the amount of information that needed to be modeled. To further judge the relative complexity of each task, both OOA and DFD solutions were compared between tasks.  Tasks were judged to be equal in complexity by assessing both component and coordinative complexity (Wood, 1986) between and across tasks using the two methods. Equivalency in component complexity requires the OOA and DFD solutions to have a similar number of components while coordinative complexity involves comparable degrees of inter-relatedness between primary components.  The solution sets for each task/method combination were assessed as equivalent.  Thus, neither task was seen as inherently biased toward DFDs or OOA. 


Independent Variables


	The primary independent variables of interest were experience, analysis method, and method order.


Experience


	Experience was manipulated using the two groups of subjects as discussed above.  Experienced subjects had a substantial understanding of systems analysis methodologies in general and hands-on application of procedural analysis methods.  However, because subjects had not received any exposure to object-oriented analysis at the time the study was conducted, we were able to compare the effect of prior procedural experience on subjects ability to learn and apply object-oriented techniques.  This prior experience was able to be compared to subjects who were novices on each methodology.   


	 As mentioned earlier, novice subjects were students participating in an introductory course on computers in business.  These students had no prior exposure to systems analysis and design.  In order to verify this, questionnaire items asked subjects about prior systems analysis and design experience they might have had.   


Systems Analysis Methods


	Two methods were compared in this research:  object-oriented and procedural.  For the object-oriented methodology we used a subset of Coad and Yourdon’s method to fit the nature of this study. At present there is no standard notation for expressing object-oriented concepts (Wilkie, 1993) thus making the selection of methodology somewhat arbitrary.   Of the five layers defined by Coad and Yourdon (subject, class and object, structure, attribute, service), the notation used in this study included only the class and object, attribute, and service layers. The tasks in this study did not have a structural component eliminating the need to model a generalization-specialization or whole-part structure (of which there is no equivalent in a data-flow-diagram).  In addition, subjects were not required to model the subject or user interface layers.  We used this modified notation because object-oriented techniques capture structure, and therefore, they will be inherently more complex simply because they model more information than data flow diagrams.  This modification allows for a more “fair” comparison between analysis techniques.  Data flow diagramming followed standards generally accepted by the IS community as outlined in popular texts on the topic (e.g. Conger, 1994; Kendall and Kendall, 1995).


	Training manuals on both OOA and DFDs were developed by the authors based on descriptions in popular texts, prior experience, etc.  These manuals were designed to be tutorial in nature and were self-paced.  Training manuals were between 15 and 20 pages in length.


Method Order


	In order to control for potential learning effects  that are an inherent aspect of repeated measures designs, we counterbalanced the order in which subjects performed analysis tasks.  For example, half the novice subjects used OOA on a task first followed by using a DFD on the other task, and vice versa.  The same was true for the procedurally-experienced subjects. 


Dependent Variables


	A number of dependent variables (DVs) corresponding to the research model and hypotheses were analyzed in this study including subjective mental workload, solution quality, time to solution, and confidence in solution.  Additional qualitative data was collected on analyst preference and the adequacy of training materials.  In addition, demographic variables (e.g. sex and class standing) were collected for possible post hoc analysis as warranted..  


Subjective Mental Workload


	A subject’s mental models are, almost by definition, difficult or impossible to capture.  Furthermore, representations (via drawings, protocol analysis, etc.) of mental models are difficult to analyze in any meaningful way, often severely limiting sample sizes (see Vessey and Conger, 1994, for example).  Therefore, we relied on a well established construct frequently examined in human factors researchósubjective mental workload (SMW).  SMW is an indicator of the complexity associated with a task, and perceived differences in the nature of that complexity.  Workload is defined as “a hypothetical construct that represents the cost incurred by a human operator to achieve a particular level of performance” (Hart and Staveland 1988, pg. 140).  In addition, Hart and Staveland state:





Thus, workload is not an inherent property, but rather it emerges from the interaction between the requirements of a task, the circumstances under which it is performed, and the skills, behaviors, and perceptions of the operator (pg. 140).  


	Given the definition and description above, we believed the construct provides insight into an individualís  problem solution space  and was in concert with the goals of our research model.  Subjective mental workload has been used extensively in the human factors literature as a means of assessing differences in humans across various tasks (see Hancock and Meshkati 1988 for an extensive discussion of mental workload or Wierwille and Eggemeier 1993 for a description of recommended instruments).  However, we believe that this study is the first use of the construct in mainstream information systems research.


	Subjective mental workload was captured using the NASA-TLX (Task Load Index) instrument (Hart and Staveland 1988) (see Appendix B).  This instrument was chosen for several reasons.  First, it has been extensively used and validated in human factors research.  Second, human factors researchers have stated that, compared with other instruments, the NASA-TLX is more appropriate for applied settings and is more sensitive at low levels of workload (while systems analysis workload has not been studied, we assumed it to be low relative to traditional human factors applications of the instrument, such as flying combat aircraft, etc.) (Wierwille and Eggemeier 1993).  Finally, the NASA-TLX was easy to administer, as opposed to other leading instruments (e.g. Subjective Workload Assessment Technique) which require up to one hour to administer.  Thus, given our goals and constraints, we believed that the NASA-TLX was an appropriate instrument for this research.


	DESCRIBE INSTRUMENTÖ.î7î constucts, physical effort, mental effort, etc.


Solution Quality


	Solution quality was measured by comparing each solution to possible correct solutions and assessing points for each error found in the model.  Correct solutions were developed by expert judges consisting of two faculty members who actively taught both the systems development and database courses and who completed each task using both object and process-oriented models after reading the training manuals.   Multiple correct solutions were possible and allowed as long as the appropriate facets of the model (e.g., if an attribute could have been modeled as an entity or an attribute, either solution would have been considered correct) were included in the solution. The models developed by the subjects were assessed an error score through the development of a grading scheme based on the types of errors that were exhibited on the final solution.  Errors were classified as either major, medium, or minor and points were assessed for each type of error that existed in the model.  A single point was also assessed for notation errors in diagramming models for both the object and process-oriented models.  The grading scheme and error classification used in this study was based on that developed by Batra, Hoffer, and Bostrom (1990) and is presented in Table 1.  A non-linear grading scheme was believed to be most appropriate as certain errors (major errors in our grading scheme) more significantly influence the quality of the model.  For example, a missing object in an OOA model and a missing process in a DFD would more severely mis-specify the modeling requirements than a missing attribute (OOA) or missing data store (DFD).   


Time to Solution


	Time to solution was assessed objectively by calculating the actual time spent by each subject on a task.  The experimental procedures (outlined below) allowed us to segregate the time spent on training, the time spent on each task, as well as the time spent completing instruments. The time to solution was simply calculated as the elapsed time between the starting and ending times for each task.  Times were recorded to the second, but then rounded to the nearest minute for data analysis.


Attitudinal Measures


	Attitudinal measures investigating confidence in solution accuracy, method preference, and perceived ease of method application were assessed through a qualitative, open-ended questions after each task was completed.  In order to help objectively evaluate confidence, the researchers classified each open-ended response as “confident,” “not confident,” or “neutral.”  No attempts were made to distinguish between the degree of confidence implied in subjects’ answers:  for example, comments such as “extremely confident” and “fairly confident” would be coded identically (simply as “confident”).


Procedure


	Following a brief introduction and instructions on the nature of the experiment, subjects were provided with an initial training manual (described earlier) on one of the systems analysis methods, either OOA or DFDs.  Once subjects had completed the training manual, they performed the first task and completed a subjective mental workload questionnaire.  The same series of steps was followed for the second systems analysis method and associated task.  Once the second questionnaire was completed, a brief final questionnaire was administered.  The time required to complete the experimental session was approximately two hours.





[Insert Table 1]





Results


Manipulation Check


	A theoretical definition of task complexity was used to select tasks which appeared to be equivalent based on the degree of component and coordinative complexity as assessed by our expert judges.  To further test the equivalence of the two tasks, ANOVA was used to investigate differences in subjective mental workload between each of the two tasks for both the OO method (F=1.97, p=.658) and DFD method (F=.328, p=.568).  The results suggest no significant difference between the two tasks with respect to subjective mental workload across each method type further indicating the equivalency of the two tasks.


The primary analytic technique used for testing hypotheses 1 through 4 was analysis of variance (ANOVA) (see Table 2).  Correlation analysis was used to test H5 andH6, while chi-square was used to examine attitudinal variables in order to better understand and explain the results of the hypothesis tests post hoc.  


	Hypotheses 1A and 1B examined the relationship between the level of subject experience and SMW. Results from the ANOVA indicate that there is a significant difference between the SMW when using OOA and the SMW when using DFDs for both novice and procedurally-experienced subjects.  Hypotheses 1A suggested that the SMW when using OOA would be lower than the SMW when using DFDs for novice subjects.  Although the results were significant,  (F= 4.26, p=.023), the direction was opposite from that hypothesized.  Similar results were found for Hypothesis 1B for procedurally-experienced subjects.  These procedurally-experienced subjects exhibited significantly lower SMW when using DFDs than when using OOA (F=13.94, p<.001).  Thus, Hypothesis 1A is contradicted and 1B is supported.


	Hypothesis 2 investigated whether the order in which the novice subjects applied the analysis methods influenced their SMW ratings.  The ANOVA revealed no main effect for the method order (p=.684).  A closer examination, however, revealed a marginally significant interaction between the method order and method as an influence on SMW (F=3.49, p=.070).


	Hypotheses 3A and 4A investigated whether there was a main effect for analysis method on solution quality within each group of subjects (experienced and novices).  For experienced subjects (H3A), the ANOVA indicated that there was a main effect for analysis method (F=3.97, p=.054).  For this group, the use of DFDs resulted in significantly higher solution quality than when OOA was used.  However, this was not the case for novices (H4A).  For this group, the ANOVA did not indicate any effect for analysis method (F=1.30, p=.262).


	Hypotheses 3B and 4B examined the relationship between the method and time to solution for both procedurally-experienced and novice subjects.  Results from the ANOVAs indicate that neither hypothesis was supported (H3B: p=.274; H4B: p=.168).


	Hypothesis 5 stated that there would be a significant correlation between solution quality and SMW across all subjects.  Overall, there was a significant negative correlation between OOA solution quality and OOA SMW (r=-.266, p=.026) suggesting that as SMW decreased, solution quality improved.  The correlation for DFD solution quality and DFD SMW was not significant (r=-.092, p=.450).   


	Hypothesis 6 suggested that there would be a positive correlation between time to solution and SMW across all subjects.  This hypothesis was partially supported.  There was not a significant correlation between the OOA solution time and OOA SMW (r=.078, p=.515).  However, there was a significant positive correlation between DFD solution time and DFD SMW (r=.265, p=.025).





[Insert Table 2]





Discussion


	The theoretical model which was developed and tested in this study suggested that there would be an interaction between experience level and analysis method on SMW, solution quality, and time to solution.  This proposed interaction was based on existing theories of human problem solving and the use of mental models.  Instead, there appeared to be a main effect for method across all levels of experience.  Specifically, the use of DFDs consistently resulted in lower SMW than OOA.  


	While our results did not support the theoretically-based hypotheses, they are consistent with previous empirical findings.  While no previous studies have used SMW as a dependent variable, these findings are comparable with results obtained by Vessey and Conger (1994) and Hoffer (1982), which suggest that analysts find process-oriented methods easier to apply.  Given claims in the literature regarding the "naturalness" of object-oriented methods, one might expect that the SMW associated with OOA would be lower than the SMW for DFDs for subjects equally familiar with each technique.  However, this was not the case for subjects in this study.  Counter to expectations, the use of OOA resulted in higher SMW for novices.


	Additional evidence that OOA may not necessarily be "more natural" comes from the interaction between method and method order.  It was suggested that the method which was learned first would impact the SMW ratings of the second method.   However, results indicate that the SMW when using OOA is always greater than the SMW when using DFDs, regardless of the order in which it was performed.  Specifically, subjects who perform a task using DFDs first report slightly higher SMW ratings for the (second) OOA task.  However, subjects who perform the OOA task first exhibit significantly higher SMW for the initial OOA task and report much lower SMW for the DFD task.  This interaction is illustrated in Figure 4.


[Insert Figure 4]


	In looking at performance measures, it appears that the method itself does not influence time to solution; rather, there are differences in solution qualtiy that can be attributed to method.  As expected, experienced subjects had higher solution quality when using DFDs (mean score of 27 for DFDs compared to a mean score of 33 for OOA, where score is a measure of the errors made, thus a lower score is a higher quality solution).  For novices, the difference between the DFD and OOA score was non-significant.  However, the means were in the direction hypothesized (mean score of 40 for DFDs compared to a mean score of 32 for OOA).  


	In looking at the means for each group, the differences between DFD and OOA for each group is approximately equal.  Therefore, we might have expected a significant result for novices (as was found for experienced subjects).  However, it appears that the primary reason that the novice result was non-significant was due to the high variance surrounding the DFD solution quality scores.  This is a potentially interesting finding:  analysts, particularly novices, may not be able to uniformly apply DFD methods, resulting in large inconsistencies across groups of analysts.  On the other hand, novices did appear able to apply the OOA methodology uniformly across the group, resulting in a much lower variance. 


	Furthermore, in examining the mean scores across groups, the difference between DFD solution quality between experienced and novice subjects is quite large (experienced=27, novice=40).  This was expected, as the experienced subjects had prior training on DFDs.  However, there was virtually no difference in OOA solution quality between groups (experienced=33, novice=32).  This suggests that there is little, if any, knowledge transfer from DFD methods to OOA methods.


	To an IS manager, these results might indicate that the use of OOA methods can result in more consistent solutions across a range of analyst experience levels.  New analysts may need additional training on DFDs relative to OOA to become proficient in applying the methodology.  In grading the solutions, it seemed that DFD errors tended to compound themself--each component of the DFD was tightly coupled with other DFD elements and a mistake in one component often created problems elsewhere in the DFD.  Errors in OOA solutions, on the other hand, were more self-contained and did not result in problems elsewhere in the OO model.


	Finally, while there were mixed results for the relationship between SMW and performance measures, the relationship between SMW and solution quality for novices is interesting.  As presented in the previous section, Hypothesis 4 found a significant negative relationship between SMW and OOA solution quality.  However, further analysis revealed that this relationship was present only for novices suggesting that higher mental workload was associated with lower soluton quality.  To gain a more thorough understanding of this relationship, we examined a number of attitudinal measures.  Using chi-square analysis, novice subjects found OOA significantly easier than experienced subjects (p=.024).  In addition, novices stated that they would prefer to use OOA over DFDs in the future than did the experienced subjects  (p=.050).  These attitudinal measures provide broad support for the fundamental principles embodied in our research model.  These attitudinal results are interesting because, on the surface, they appear contradictory to the results obtained from testing hypotheses 1A and 1B.  However, it is possible that while novice subjects preferred OOA, the implementation of the method required greater cognitive effort.  This apparent contradiction provides researchers with future research opportunities.


Limitations and Suggestions for Future Research


	As with any research project, this study is subject to a number of limitations.  The goal of this research was to provide an initial test of theory, concentrating on maximizing internal validity to provide a valid and reliable test of that theory.  Therefore, the external validity associated with this particular study was only a secondary concern.  In fact, one can question whether any single laboratory study can truly provide any reasonable degree of generalizability.  Nonetheless, we acknowledge that several limiting factors restrict the generalizability of this research  One such limitation involves our operationalization of analyst experience as a limiting factor.  Given our subject population, it was not possible to have analysts experienced in all systems analysis methods or analysts with years of practical experience.  As a result, we relied on upper-level students known to have been recently trained and actively performing process-oriented requirements modeling as reasonable surrogates for experienced analysts. Obviously, the degree of experience of this sample was limited (i.e. they did not have multiple years of experience using a given technique or set of tools).  However, based on the demands of the curriculum and the recency of their experience, we believed that the differences between experienced and novice groups was meaningful.  Therefore, we believed that the use of these two samples was a reasonable test of our hypotheses.


	A final limitation associated with external validity is the manner in which the OOA method was operationalized.  As previously discussed, the structure and subject layers were not modeled by the subjects in this study. However, we felt that this subset allowed a semantically equivalent comparison between the OOA and the DFD techniques.  


With respect to internal validity, one limitation was in our inability to capture the true “mental models” of both experienced and novice systems analysts.  Rather than relying on methods which have been used in the past such as protocol analysis or having subjects draw their representation of the problem, we attempted to assess differences in cognitive activity by applying the subjective mental workload instrument.  We recognize that the concepts of mental workload and mental models are not equivalent.  However, we hoped to bring a new perspective to the problem by examining differences in the cognitive activities between the two groups.  Given the methodological constrainsts imposed by protocol analysis or similar techniques, we believed that this approach was consistent with the goals of our research.  By extension, we are attributing differences in cognitive activity to differences in analyst’s mental models.  However, because we did not explicitly capture the mental models of our subjects, this attribution is preliminary and must be subjected to further research..


Finally, to ensure that subjects felt the training was accurate, we provided an open ended question after each task that addressed the adequacy of the training manuals.  Subjects indicated that the training manuals in each case were adequate and provided enough information to perform the task.  In fact, several students requested to keep the manuals to help them in their studies.  These requests were seen as further evidence of training quality and motivation of the subjects.


 	The results reported in this study suggest a number of interesting directions for future inquiry.  One extension of this study would be to provide a more comprehensive comparison of OOA and conventional techniques.  Specifically, since this study only focused on DFDs and a modified OOA notation, future research should examine the performance impacts using a complete OOA technique and the comparable suite of conventional techniques.  This may include the combination of DFDs and ER (or other data-oriented techniques).  


	A final direction for future research would be to replicate this study in a field environment.  Our student subject sample allowed for a legitimate theoretical test of novice/experienced differences across different analysis methods.  However, in most organizations, analysts would have some level of exposure to at least one analysis method.  Therefore, a replication using a field study might operationalize the experience variable differently (e.g. those with several years of experience versus new college graduates).  To our knowledge this has not been done and would help build a cumulative knowledge base.
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Item�
Major Error


-10 points�
Medium Error  


-5 points�
Minor Error


-2.5 points�
�
Object-Oriented�
�
�
�
�
Object�
Missing


Represented as an Attribute or Service�
Extra object�
�
�
Attribute�
�
Missing


Represented as Object or Service�
Extra Attribute�
�
Service�
�
Missing


Represented as Object or Attribute�
Extra Service�
�
Message Connection�
Missing (between objects)�
Wrong direction


Missing (within objects)�
Extra Message Connection�
�
DFD�
�
�
�
�
Entities�
�
Missing


Represented as Process, Flow, or Store�
Extra�
�
Stores�
�
Missing


Represented as Process, Flow, or Entity�
Extra�
�
Process�
Missing


Represented as Flow, Store, or Entity�
�
Extra�
�
Flows�
Missing


Represented as Process, Store, or Entity�
Wrong Direction�
�
�
Table 1.  Grading Scheme and Error Classification
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Hypothesis�
F�
p-value�
Supported�
�
H1A�
4.26�
.023�
No�
�
H1B�
13.94�
< .001�
Yes�
�
H2�
3.49�
.024�
Yes�
�
H3A�
3.97�
.054�
Yes�
�
H3B�
.37�
.274�
No�
�
H4A�
1.30�
.262�
No�
�
H4B�
.95�
.168�
No�
�
Table 2.    Results of ANOVA Tests (H1-H4)
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Figure 1.  General Theoretical Model (Newell and Simon, 1972)
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Subject�
Method Order�
�
�
1.  DFD�
2.  OO�
�
�
Task 1�
Task2�
Task1�
Task2�
�
Novice �
11�
9�
9�
11�
�
Procedurally-Experienced�
8�
9�
9�
8�
�
�
1.  OO�
2.  DFD�
�
�
Task 1�
Task2�
Task1�
Task2�
�
Novice �
10�
7�
7�
10�
�
Procedurally-Experienced�
9�
8�
8�
9�
�
Figure 3.  Research Design and Sample Size
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Figure 4.  Method by Method Order Interaction
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