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Abstract

For the CANDU industry, analysis software is an important tool for scientists and engineers to
examine issues related to safety, operation, and design. However, the software quality assurance
approach currently used for these tools assumes the software is the delivered product. In this paper, we
present a model that shifts the emphasis from software being the end-product to software being support
for the end-product, the science. We describe a novel software development paradigm that supports
this shift and provides the groundwork for re-examining the quality assurance practices used for
analysis software.

1. Introduction

Software used in the Canadian nuclear industry for safety, operational, and design analysis of any
aspect of a CANDU nuclear generating unit falls under the auspices of the Canadian Nuclear Regulator.
For regulation purposes, the software quality standard CSA N286.7 is used to provide the quality
requirements for this class of software. The focus of the standard is on activities seen by the software
engineering community as those that improve the quality of the software.

Unfortunately, the software quality road that has been followed for so many years for this class of
software only tangentially addresses the issue that is the main concern of both the Canadian Nuclear
Regulator and those developing and using this software: the quality of the science.

In this paper, we discuss the difference between the viewpoints of ‘quality of science’ and *quality of
software’ and the impact this makes on both the development of this class of software and appropriate
quality assurance activities. The paper also includes a case study with an example of analysis software
from the CANDU industry. The case study provides evidence that a new development viewpoint is
appropriate. The conclusion opens the discussion on how to change the viewpoint of quality assurance
to match the new development viewpoint.

2. Putting Analysis Software into Perspective

Analysis software falls into a larger class of software commonly called scientific software, which itself
falls into the class of software known as end-user software.

Scientific software has the major characteristic of embodying a significant amount of scientific
knowledge, be it knowledge about fluid flow, large body interaction, forces on bridges, or protein
modeling. Most often, because of the necessary scientific understanding, this software is written by a
scientist. The purpose of the software is to enable scientific (or engineering) studies. Using software to
enable scientific studies is relatively recent compared to the traditional empirical and theoretical
approaches to science. The power of computing environments has allowed studies that have been
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previously prohibitive because of danger, inaccessibility, or the immensity of the computations
involved. The software itself is not the goal of the exercise, but the science. The software is a means to
an end, not the end.

This puts scientific software into the category of end-user software. End-user software is generally
written by the person or group intending to use the software. Their goal is not to market a software
product, but to create a tool that enables whatever task is at hand. End-user computing covers a vast
spectrum of computing capabilities and interests. Examples vary from the open source development of
Linux to individuals using spreadsheets. Segal [20] points out that scientists as end-users are unique
and has coined “professional end-user developers” to signify that difference.

Professional end-user developers are characterized [20] as domain professionals having expertise in a
scientific discipline. They are comfortable doing software programming and can learn a programming
language readily. Their interest, however, is in doing the science related to their expertise, not in
writing a software product for the sake of a software product.

Software quality concern comes in at this point. Scientists are not software professionals and examples
exist [6, 17] where mistakes in the software have caused problems. There are surprisingly few such
examples and the ones that have surfaced have caused the science to go awry. If the science hadn’t been
affected, the level of quality of the software, measured in any way, would not have been an issue.

Analysis software provides data for reports that advise on the design, safety, and operation of the
CANDU generating units. The data from the software is scrutinized and analyzed by professionals and
incorporated with the professional’s knowledge to advise on design and operational parameters. It is
this final advice that is crucial to the safety of the CANDU units. The software itself does not advise in
any way, does not directly affect how the generating units are operated, and does not produce a final
answer to engineering problems. The software provides data for a particular scenario designed by the
scientist. The scenario depends heavily on the scientist’s analysis of the situation and the scientists’
model of the system. The scientist does an interpretation of the data obtained from the software and
does this interpretation in the wider context of the problem domain. The analysis software itself is not
the product.

With the analysis software not itself being the product, we have to consider the user of this software in
a very different light. The user, that is, the scientist, is a major part of the end product. In order for us to
trust the advice of the scientist, the scientist must be allowed to do her science and be fully supported in
this endeavour. One essential support is the software tool used to do the scientific study.

Almost all commercial software we use today is treated as a consumable — the user is provided with a
finished product and learns how to use it. In other words, the user has no ability to change the software
in order to address his or her problem or task. As pointed out in [19], this doesn’t work for scientific
research. Scientists work on “ill-defined or wicked problems [that] cannot be delegated from domain
professionals to software professionals” [4]. In other words, the scientist must be heavily involved in
developing the software models. In addition, the scientist must be able to readily make changes to her
models and to the way the models are computed. Otherwise, “if systems cannot be modified to support
new practices, users will be locked into existing patterns of use”. [4] For a scientist investigating an
unsolved problem, this doesn’t work.

The dichotomy between software consumers and software producers (eg. software engineers) has been
recognized by end-user research over the past twenty years [4, 19]. End-user research defines
prosumers who are ‘techno-sophisticated ... have little fear of modifying and evolving artifacts to their
own needs ... do not wait for someone else to anticipate their needs, ... can decide what is important
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for them ... [and] participate in learning and discovery and engage in experimenting, exploring,
building, framing, solving, and reflecting.” This clearly defines a scientist.

The software system appropriate for the scientist working on her typical “wicked problem” fits well
with the prosumer model. The scientific systems are “focused on the ‘unfinished” and take into account
that design problems have no stopping rule, need to remain open and fluid to accommodate ongoing
change, and for which “continous beta’ becomes a desirable rather than a to-be-avoided attribute.” [4]
In addition these scientific systems move from “guidelines, rules, and procedures to exceptions,
negotiations, and work-arounds to complement and integrate accredited and expert knowledge with
informal, practice-based, and situated knowledge.” [4]

Unfortunately, software quality standards such as CSA N286.7 are meant for consumer software
characterized as a delivered product with a definite static termination stage. Users are intended to
consume the static product and not dynamically change the software in order to investigate the task they
are solving. Current software quality standards do not fit well with software that is essentially in
“continuous beta”, which is the reality of scientific software.

Fischer et al [3] propose an alternative model suited to end-user developers. Here, we examine
Fischer’s Meta-Model for its suitability for analysis software. In the next section, we describe the Meta-
Model. In Section 4 we present a study that illustrates the appropriateness of the Meta-Model, using a
longitudinal study of the analysis software SOPHT (Simulation of Primary heavy water reactor Heat
Transport). Section 5 discusses details of a novel approach to developing analysis software and its
impact on quality assessment approaches. Section 6 concludes.

3. End-User Software Development for Analysis Software

Fischer et al [3, 4] propose a Meta-Model to support the development of software intended for end-user
development. They describe a seeding, evolutionary growth, reseeding model (SER) for end-user
developers. The first phase builds seeds “that can evolve over time through small contributions of a
large number of people” [4]. Evolutionary growth is seen as an unplanned (and un-plan-able) phase of
growth of the system. Reseeding is the phase where deliberate restructuring and enhancement takes
place to produce a new set of improved seeds. Fischer [4] quotes von Hippel as saying “Users that
innovate can develop exactly what they want”.

Fischer intends his Meta Model for all end-user developers including those who have no interest in
coding (eg. an example Fischer uses is a set of seed programs that can be used by a kitchen designer).
As a result, this model is described in very high-level terms and details are missing how it is to be
implemented. Scientists, as professional end-user developers, are on the far end of the prosumer scale
where they are very close to being producers. If we consider analysis software as a specific application
of Fischer’s Meta-Model, then we’d like to learn how to fill in details on the implementation of the
Meta-Model.

For analysis software there should be some core part of the software that is the foundation of the
computations being carried out. For example, the set of difference equations that underlie the
computations and the matrix solution to the simultaneous sets of equations could be parts of the
analysis software that are relatively static over the years of evolution. Long term evolution of software
is largely unpredictable [18] leaving the software designer only with the ability to predict classes of
changes, at best. Included in the seed can be parts of the software that are left open for the analysis
engineer to change as needed. Eventually, at appropriate points, parts of the software considered useful
to the user base at large can be included in renewed seeds. The design of the software “differentiates

-3-



24™ Nuclear Simulation Symposium Paper 029
Ottawa, Ontario, Canada, Oct. 14-16, 2012

between structurally important parts for which extensive professional experience is required [such as
experience in computational techniques] ... and components which users should be able to modify to
their needs because their professional knowledge is most relevant.” [4]

One important aspect of Fischer’s model is “collaborative work practices rather than focusing on
individuals” [4]. The ideas of “communities of practice” have been articulated since about 1999, but
they have existed since people have worked together for a common goal [16]. Research has shown that
promoting communities of practice has benefits including greater knowledge sharing, better maintained
long-term organizational memory, improved handling of unstructured problems, new ideas more
readily spawned, decreased learning curve for new employees, and reduced rework and reduced
“reinventing the wheel” [16]. Fischer’s model of software development provides the focus for a
community of practice that supports the use and evolution of the software.

Fischer admits that “there are many open issues about quality and trust in cultures of participation” [4].
Two important points are made in its favour. One is that the community has a greater sense of
ownership: open code is continually being peer reviewed, with bug fixes shared and vetted. Second,
Fischer claims that the users have increased realization that errors will always exist, resulting in users
always being critical of what the computer outputs rather than blindly accepting it.

From the viewpoint of quality assurance, a new approach is needed. A proposed approach is discussed
in Section 5.

4, Retrospective Study of SOPHT

In this section, we investigate whether Fischer’s Meta Model is appropriate to the development of
analysis software. In particular, we look at the appropriateness of the seed-evolution-reseed (SER)
model and whether there is evidence that this model fits well with successful development of analysis
software.

A thermal hydraulics simulation code, SOPHT (Simulation of Primary heavy water reactor Heat
Transport), was examined for changes evident over an eighteen-year period. SOPHT models the
thermal hydraulics properties of the primary and secondary heat transport systems of a CANDU
generating unit. The authors of the software, J.Skears, T.Toong, and C. Chang received the J.S. Hewitt
Award in 1998 for their work. SOPHT is a recognized success story in analysis software.

We examine characteristics of changes that happened to SOPHT to observe if the seed-evolution-reseed
(SER) type of activity is potentially present, especially the beginning seed phase. If so, the SER model
could readily be adapted to analysis software.

Several different studies on SOPHT have been previously carried out [11, 13], comparing versions of
the code from 1980 and 1998. The studies used the common block data structure as a surrogate for
changes in the rest of the code. As explained in [11, 13], this is a viable alternative to characterizing the
entire code and provides an accurate picture of the evolution of the entire software.

The structure of SOPHT is typical of scientific software as described by Arnold and Dongarra [1].
Processing for SOPHT starts with transforming the large input data set into an internal format more
usable for the software. In SOPHT, the internal data is held in a FORTRAN structure called a common
block. The common blocks are made available to the various parts of the software depending on the
computations taking place. The significant part of SOPHT is the solution engines whose functioning is
driven by the contents of the input data. This combination of extensive input data and engines driven by
the contents of the input data make SOPHT flexible for both the engineer doing a study with existing
models in the code and for the engineer who has to add new models to the code. The success of this
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design was evident in previous studies [11, 13] where software “decay” typically described in software
engineering literature [eg. 18] was not observed.

Three versions of SOPHT were examined to identify whether a “seed-evolution-reseed” pattern was
evident. The common blocks of the 1980 base version of SOPHT were compared to the common
blocks of two 1998 versions. One 1998 version (denoted 1998-0) was evolved by code developers who
were part of the original SOPHT development team and continued as the de-facto experts for the code.
One of their goals was to maintain a generic version of the software for wide use. The second 1998
version (denoted 1998-A) was evolved by a separate team who had one specific use for the code. This
second team had direct contact with the first team and freely shared information about the code.

Relevant data is given in Table 1.

In the 18-year study period, Version 1998-O more than doubled its number of common blocks. Nearly
half of the new common blocks provide additional functionality that represents new science models.
Over half of the existing common blocks in the original 1980 version were extended to also provide
new science. This illustrates the dynamics typical and necessary in software used to support scientific
and engineering endeavours.

Only 3 of the original common blocks in the 1980 version were deleted. Examination shows that this is
not a failure to prune obsolete code, but indicates instead a well-designed original core code.

Six new common blocks were added to the 1998-O version to address concerns about backwards
compatibility — there is a regulatory requirement to be able to reproduce studies carried out with the
code. Five new common blocks provide version and date identification, again addressing regulatory
requirements. Six new common blocks were added to support the breaking up of large subroutines into
smaller pieces. [13] discusses whether this was an inappropriate activity, given that there is no research
evidence that supports the claim that code size and code errors are related [eg., 2].

In the 1980 version, 28 common blocks are identified as unchanged or changed for housekeeping
purposes. Housekeeping includes parameterization of numeric values that potentially can change,
reordering of the variables in the common block due to restrictions imposed by a new FORTRAN
compiler, clean-up due to change in memory devices, changes due to character type variables becoming
available, removal of unnecessary restrictions on arrays, and variable names changed to increase
understandability. In the 1998-0 version, 18 common blocks were added for housekeeping purposes,
largely maintainability and documentation purposes.

Of interest are the 23 common blocks from the 1980 version that were relatively unchanged. This is
nearly half of the original set of common blocks. Seven of these are structures used to report input data
and intermediate data during calculations. The rest of the relatively unchanged common blocks are all
related to the fundamental solution techniques used for SOPHT. There are four data structures for
setting up the network model, five data structures for holding state variables, and seven data structures
directly supporting the solution techniques, such as time constants, flow matrix, power series
calculations, property values, and limiting parameters such as transport times and time intervals.
There is clearly a core portion of the software that is largely unchanged over eighteen years — a seed
portion. There are also changes that clearly lend themselves to “reseeding”, such as the house keeping
activities. The software absorbed extensive new engineering models without “breaking” [11, 13] and
was recognized for its contribution to the CANDU industry.

When we examine and compare the changes evident in the 1998-A version, we find that changes are
not as extensive and follow a slightly different pattern due to the different goals of the group.

There are 39 common blocks in the 1998-A version that are either unchanged or received minor
housekeeping changes when compared to the original 1980 version. Sixteen of these (a significant
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overlap) are the same common blocks largely left unchanged in the 1998-O version. This supports the
identification of “seed” portions in the original design of the code.

Table 1: SOPHT Common Block Changes 1980 to 1998 — Two Versions. For comparison, SOPHT
1980 version had 54 Common Blocks.

Count of Common Blocks 1998 Version-O | 1998 Version-A
Total Number 122 96

Additional Common Blocks after 1980 68 56

Deleted Common Blocks 3 14

Unchanged or housekeeping changes 23 39

New science/engineering models added to 28 2

existing 1980 common blocks

New science/engineering models added with 33 32

new common blocks

Created for backwards compatibility 6 -
Created for version identification 5 -
Created to support smaller subroutines 6 8
Created for housekeeping purposes 18 16

Since the goal of the 1998-A version was the design of a new station, unused common blocks were
deleted, and there was no requirement for backward compatibility or version identification. Over half of
the new common blocks are for new science models, again illustrating the need for flexibility in the
original software design to meet engineering and scientific needs.

In addition to the software itself possessing characteristics of a meta-model type of design, the
community of users and developers during the eighteen-year period had all the characteristics of a
“community of practice”. Developers and users were in close contact, knowledge and code were
shared, code was closely scrutinized with great interest and there was a feeling of ownership by
everyone involved [11].

5. A Novel Approach to Quality Assessment

In [12] arguments are made for “innovative standards for innovative software”. Two characteristics
make analysis software substantively different from consumer software. First, it must be tractable
enough to allow the scientist to do her science. Second, the science not the software is the product.

Current approaches to quality assurance are a mismatch for analysis software. First, they assume the
software is the product; second, they assume the software product is finished and consumable; third,
they assume that development process, software metrics, and documentation will significantly
contribute to quality. There is no proof that any of this has measurable results [eg., 2, 15, 22].

The approach to quality assurance for analysis software needs to shift in two ways. First the focus needs
to be more on the science. The science is the deliverable and the software is a support tool for the
scientific decisions. The data from the software should be regarded with the same scientific questioning
as data from any other source. We need to credit the scientist for being in-the-loop. She provides the
judgment and the expertise for the final scientific decision.

Second, the amount of effort placed on software quality assurance should be directly proportional to the
benefits gained. The goal for any quality effort should address the issue of trust. Shapiro [21] comments
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on software in general that “pragmatism [moves] the question from one of correctness to one of
confidence.”

Kelly and Harauz proposed in [8] a framework for the development of analysis software. The
framework has four phases: - Planning Phase - Exploration Phase - Transition Phase - Evolution Phase
(PETE). This framework meshes well with the SER Meta Model.

If developing a new piece of analysis software, the first Planning - Exploration - Transition cycle can
prepare the seed portion of the software. In the Kelly-Harauz framework, the Evolution Phase is a
continual repeat of the Planning — Exploration — Transition cycle and corresponds to Fischer’s
Evolution in the SER Model. The decision to reseed can be carried out within another Planning-
Exploration-Transition cycle at the appropriate time. In both the PETE framework and the SER Meta
Model, the evolution phase continues with the new seed.

The cycle of the Kelly-Harauz framework that produces either the seed or reseed portion of the
software could lend itself to more traditional verification techniques: appropriate types of testing and
peer review have been investigated in [5, 7, 9, 10, 14]. During evolution, portions of the software may
change with every scientific study. At this point, it is more appropriate for quality assurance to focus on
the science, asking questions about assumptions made, data used, models developed, sensitivity of
parameters, and comparisons with other appropriate information.

The result is that two different approaches to quality assurance are needed. One approach, for the
production of the seed portion of the software, could follow more traditional software quality assurance
practices, with the recognition that even the seed requires an exploratory phase. The second approach,
applied during the production of scientific and engineering studies (the evolution phase), needs
considerable reframing from what is currently used.

Research is needed to flesh out the details of both approaches. Particularly for the evolution phase, the
approach needs to be holistic, focusing not just on the software, but on the whole solution. It needs to
put the role of the software into perspective: during evolution, software is not the product, science is the
product.

6. Conclusions

An End-User Developer model for creating and evolving software appears to be an appropriate fit for
analysis type software. A development model proposed by Fischer creates a seed portion of the
software that enables its evolution as required by scientists who are dealing with “wicked problems”.
Kelly and Harauz also proposed a development model with an evolution phase. The two models mesh
well and can provide a basis for a new development paradigm for analysis software.

The largest challenge is developing a new quality assurance approach that fits two very different phases
of work in these models. Currently, quality assurance activities are assuming the software is a consumer
product and so they focus primarily on the quality of the software. The science is the primary
deliverable from the scientists using the analysis software and the science should be the primary focus
of the quality approach.

We feel that the development paradigm we have identified provides a better understanding of the work
involved both during the development of the software and during its use. Research and discussion is
needed to further refine this development paradigm. Importantly, we need to identify activities within
the paradigm that provide demonstrable assurance, suitable for inclusion in software quality standards.
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