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Abstract
The long history of Systems Analysis and Design (SA&D) has helped to develop a number of standard
activities and models that assist in the development of information systems. This paper continues the
work on the application of SA&D activities and models to the CRoss Industry Standard Process for Data
Mining (CRISP-DM) process. The focus of this paper is the application of the activities and models from
Systems Planning stage in SA&D to the Business Understanding stage in CRISP-DM.
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1. INTRODUCTION
Systems Analysis and Design (SA&D) is a
development
methodology
(process),
first
described in the 1970’s, that consists of narrative
and graphical models used to plan, analyze and
design information system solutions for the
improvement of business processes (Whitten &
Bentley, 2005; Kock, 2007). There are five major
stages in the SA&D methodology planning,
analysis,
design,
implementation,
and
maintenance (PADIM).
The CRoss-Industry Standard Process for Data
Mining (CRISP-DM) methodology was originally
developed in 1996 “based on the practical, realword experience of how people conduct datamining projects” (Chapman, et al., 2000, p. 3).
The CRISP-DM methodology consists of six
stages:
business
understanding,
data
understanding, data preparation, modeling,
evaluation, and deployment.

The methodologies for both of these problemsolving approaches have been developed
(independently) to assist traditional information
systems development (Hoffer, George, &
Valacich, 2013; Valacich & George, 2014; Whitten
& Bentley, 2005) and data mining solution
development (Chapman, et al., 2000; Fayyad,
Piatetsky-Shapiro, & Smyth, 1996).
This particular paper is the second in an on-going
research effort to investigate the applicability of
the narrative and the graphical models used in
SA&D to aid the data-mining/analytics efforts
now being used throughout many industries; the
first paper is (Buzydlowski & Pomykalski, 2016).
This paper focuses on the application of models
used in the planning stage of the SA&D
methodology to the business understanding
phase of the CRISP-DM methodology. The goal is
to demonstrate the applicability of SA&D models
in the planning stage to the work undertaken in
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the business understanding stage in the data
mining development process (CRISP-DM).

many of the business aspects involved in most
analytics projects.

This paper is organized as follows. Section two
reviews the related research, including the
competing models for developing data mining
solutions.
Section three applies the specific
models of SA&D to the tasks in the business
understanding stages of CRISP-DM. An on-going
data analytics effort at Susquehanna University is
used to illustrate the use/applicability of some of
the models in the SA&D planning stage. The
fourth section discusses the non-conforming
aspects of CRISP-DM with SA&D. These aspects
include culture, project teams, and agile project
management methods. The final two sections
look a future work including the impact on the
education of future IS students, and the
conclusions drawn from this work.

The
primary
works
on
the
CRISP-DM
methodology were produced in 2000. Chapman,
et al. (2000) describes the four levels of the
CRISP-DM methodology (1) phases, (2) generic
tasks that occur in most data mining situations,
(3) specialized tasks that describe how the
generic task are carried out in specific situations,
and (4) process instances that record the actions,
decisions, and results of the data mining effort. A
second paper (Wirth & Hipp, 2000) describes the
use of generic CRISP-DM process model in the
planning, communication within and outside the
project team, and in documentation. The paper
reports on the experience with the model in
practice.

2. RELATED LITERATURE
The use of systems analysis and design
methodologies, and their models, have been
addressed in numerous texts and papers that
describe the narrative and graphical models in the
SA&D methodology (Dennis & Wixom, 2014;
Whitten & Bentley, 2005; Hoffer, George, &
Valacich, 2013; Valacich & George, 2014).
However, the work on process methodologies for
performing data analytics are relatively young
and not as thoroughly examined. For example,
the CRISP-DM methodology was developed in
2000 and, at present, the most comprehensive
work on this methodology is by Chapman et al.
(2000). There are two other competing process
methodologies for data analytics projects:
Sample, Explore, Modify, Model, Assess (SEMMA)
and Knowledge Discovery in Databases (KDD).
Currently, only two short conference papers exist
(Azevedo & Santos, 2008; Safique & Qaiser,
2014)
that
compare
these
process
methodologies.
The KDD approach, which is a macro level view of
the analytics project, was the first developed
methodology, in 1996, to address “the need to
scale up human analysis capabilities to handling
the number of bytes [of data]” (Fayyad,
Piatetsky-Shapiro, & Smyth, 1996) that is
collected; as a macro level approach, the KDD
methodology looks at analytics as a single stage
of a larger knowledge discovery process and
therefore does address the business problem in
the initial stage.
The SEMMA method, developed by SAS Institute
to support model development in the SAS
Enterprise Modeler software, primarily focuses
exclusively on the analytic process and ignores

The three competing methodologies were
compared in previous papers (Safique & Qaiser,
2014) (Azevedo & Santos, 2008). Buzydlowski
and Pomykalski (2016) extended this work and
broadly applied the activities of the five systems
analysis stages to the stages of these three data
analytic methodologies. The primary outcome of
that paper was the mapping of the five stages of
SA&D onto the six stages of the CRISP-DM
methodology. This mapping of the activities and
models used in the initial of stages of both
methodologies is the focus of this paper.
3. APPLICATION AND USE OF SA&D
MODELS
In the systems planning stage, the most relevant
models to the CRISP-DM business understanding
stage are the Systems Service Request (SSR),
Baseline Project Plan (BPP), Business Case, and
the Statement of Work (SoW) (Whitten & Bentley,
2005; Valacich & George, 2014). To illustrate this
applicability a student retention study, currently
underway at Susquehanna University (SU), will
be used.
The problem that SU sought to address was a
decline in the retention rates of first year students
in the period from 2006 to the present. Prior to
2006 SU enjoyed a retention rate of nearly 90%
of first year students to the second year,
however, since 2006 this rate has been declining
and reached a low point of 82% in 2010. In 2015
SU began a concerted, structured effort to find
the root causes of this drop in retention and to
begin to develop new initiatives to raise the
retention of the first year students.
While the four SA&D models are outcomes of the
SA&D process, their development adds to the
project understanding by both the user

_________________________________________________
©2017 ISCAP (Information Systems & Computing Academic Professionals)
http://iscap.info

Page 2

2017 Proceedings of the Conference on Information Systems Applied Research
Austin, Texas USA

ISSN: 2167-1508
v10 n4519

__________________________________________________________________________________________________________________________

community and the development teams both in
terms of clarity of project objectives and the
potential use of various analytical models. This
point has been examined by Gass (1984) when
discussing the need for documenting modeling
efforts and again, by Gass (1993) when
discussing the accreditation and validation of
models. The simulation field has also dealt with
issues of model understanding for years
(Robinson, 2004).
The four major tasks that are undertaken in the
CRISP-DM
business
understanding
phase
(Chapman, et al., 2000) are: determining the
business objectives, assessing the situation,
describing the data mining goals, and producing
the project plan (see Appendix 1).

constraints, and assumptions associated with the
project.
A feasibility analysis, usually constructed with any
SA&D project, can be used to assess the risks
(technical feasibility analysis), costs and benefits
(economic feasibility analysis) of the study. The
results of the feasibility analysis are documented
within the Baseline Project Plan.
SSR/BPP/Business Case
In the retention study, a systems service request
(of some form) was used by the administration to
try to describe the fundamental problem.
Technical personnel, comprised of faculty in
economics and social science research, began to
reformulate the vague problem description in the
SSR into a statement that could lead to more
concerted efforts to collect data and model the
problem.
While a “formal” Baseline Project Plan was not
written, a Business Case was developed and
shared with administrative personnel, the
members of the Board of Trustees and other
interested University groups to describe both the
feasibility and the need for this analytical
undertaking.

Figure 1: Outline of Baseline Project Plan
(Hoffer, George, & Valacich, 2013, p. 132)
In business understanding, the first task is to
thoroughly
understand,
from
a
business
perspective, what the client wants to accomplish.
In SA&D, this is accomplished in the development
of the baseline project plan. The baseline project
plan (BPP) consists of four major sections:
introduction, the system description, feasibility,
and management issues (see Figure 1). The
system description is developed, in conjunction
with the business stakeholders, based on the
preliminary problem statement in the systems
service request (SSR).
The baseline project plan could also be used to
assess the situation (the second task in business
understanding) which details the resources,

Figure 2: Sample Statement of Work (Hoffer,
George, & Valacich, 2013, p. 132)
A project plan, and the corresponding Statement
of Work (SoW), can be used in data analytic
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projects as well. The Statement of Work uses the
elements of the Baseline Project Plan to give the
systems owners (business stakeholders) an
overall plan for the development of the
information system. The SoW, shown in Figure 2,
defines the “what and when” of the project. The
SoW acts a contract with business stakeholders—
both the systems owners and systems users—to
develop or enhance an information system; the
SoW defines the vision, scope, constraints, highlevel user requirements, schedule, budget, and
most importantly, the deliverables of the project.

(Davenport & Kim , 2013, p. 26) asks if all the
potential executives (business stakeholders) have
been included and briefed on the data analytics
project.

Project Plan/Statement of Work
This three to five year retention study is
underway. Currently, data sources are being
identified and analysis on these data sources is
being carried out. In addition, the project plan
calls for the identification and collection of
additional data (both quantitive and qualitative)
that will help to identify additional areas for
further study.

In the business understanding stage, the
business stakeholder’s (users and owners of the
business problem) primary responsibility is to
formulate and state the business problem and the
specific business objectives that are to be met in
this work. The quant’s role is to reformulate the
business problem into the data mining goals
discussed below (Davenport & Kim , 2013).

Work on a formal Statement of Work is also
currently underway. The results to date have
given the administration and the Board of
Trustees hope that this effort will yield positive
results in the future.

In addition, the quant must be able to design the
preliminary project plan and the success metrics
to assess the effort, while the business
stakeholder needs to see that the chosen metrics
properly measure the success of the project in
terms of the business objectives (Pomykalski,
2015).

In another work, Pomykalski (Pomykalski, 2015)
outlined the roles of both the business
stakeholders and the “quants” (quantitative
professional) over the entire CRISP-DM lifecycle.
This work proposed the roles of each group and
the leadership responsibilities in order for the
work to gain maximum value.

4. NON-CONFORMITY WITH SA&D WORK
There are a number of tasks outlined in the
CRISP-DM methodology that need to be handled
differently than in traditional SA&D projects. The
first of these deals with the organizational culture
itself. Changing to an analytics culture is difficult
and time consuming and must be done starting
with the C-level officials (Davenport T. , 2006).
Organizational Culture
“Analytics
competitors
must
instill
a
companywide respect for measuring, testing, and
evaluating quantitative evidence” (Davenport T. ,
2006, p. 6). This change in organizational culture
is reflected in adjustments to activities,
resources, and personnel.
In particular, the
changes deal with project management and
appreciating
working
with
the
analytical
outcomes (KDnuggets, 2017).
Project Teams
In his recent book, Keeping up With the Quants
(Davenport & Kim , 2013), Tom Davenport and
Jinho Kim make the case that the development of
analytical solutions would take a team of people
in order to maximize the value of the work. In
fact, the first two questions of Davenport and
Kim’s
Stakeholder
Analysis
Worksheet

Project Selection and Initiation
Given the change in the organizational culture
there should naturally begin to develop new
criteria for project selection. In traditional SA&D
projects the end-user (business stakeholder)
drafts a systems service request (SSR) that
includes a vague problem description faced by the
business unit. This SSR is used to assess, by
some type of project selection committee, the
project in terms of its current status.
This
selecton committee must be made aware of the
differences that exist in data analytic projects.
With data analytic projects the data governance
structures need to be set up to allow more
members of the organization access to data
sources (Harris, 2015). Data governance policies
are necessary for enhancing the collaboration
between the “business problem analytics is trying
to solve, data quality experts, data modelers,
technical architects managing the analytics
infrastructure, and, of course, those lauded data
scientists applying their insight-generating
statistical” knowledge (Harris, 2015).
Data Mining Goals
One of the key tasks in the business
understanding
stage
of
the
CRISP-DM
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methodology is the development of goals of the
data mining activities. “A data mining goal states
project objectives in technical terms” (Chapman,
et al., 2000, p. 9) such as what in particular is
going to “predicted”.
In a typical SA&D
development effort, the goals of the information
system are not specifically called out and
documented to this level.
These technical goals could be—and should be—
added to the Statement of Work to show a
complete picture of the work to be done to the
clients and the technical stakeholders.
Agile Project Management
Traditional project management approaches to
analytics projects have been found to be limiting.
More success has been found using agile project
management techniques (Larson & Chang, 2016).
The particular needs of analytics projects, “the
continuous delivery of business value throughout
the development lifecycle” (Castro & Jain, 2016,
p. 2), require a different approach to project
management.
Agile development speed the
timeliness of analytic solutions for quicker
delivery of value to business stakeholders. Castro
and Jain (2016) outline the effectiveness of agile
project management to analytics projects.
5. FUTURE WORK
This paper is the second in a planned series of
papers to show how systems analysis and design
methods and models can be applied to the CRISPDM method for analytics projects. This paper
focuses on the overlay of the planning stage of
SA&D to the business understanding stage of the
CRISP-DM process.
Work also needs to be done to begin to educate
future IS professionals (students) on the benefits
and activities in agile project management. The
work of Landry and McDaniel (2015), in including
agile development methods with a traditional
project management course, seemed to show
some promise. Further work in moving project
management to a blend between the traditional
and agile methodologies needs to be continued.
6. CONCLUSIONS/SUMMARY
Given the long history of the application of
Systems Analysis and Design activities and
models, their application to the analytics work,
especially the CRISP-DM methodology, is
important. This work focused on the application
of the models and activities in the systems

planning stage of SA&D to the
understanding stage in CRISP-DM.

business

Many of the models and activities will allow the
CRISP-DM to be more thoughtful and improve the
documentation of the activities. This improved
documentation
could
lead
to
more
standardization of analytic modeling projects
which in turn could lead to better outcomes and
value of data.
In this paper, key things like data governance,
project management and project teamwork are
also shown to be key elements.
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Appendix 1

CRISP-DM Business Understanding Phase (Chapman, et al., 2000, p. 7)
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