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Abstract

Our goal is to generate restructuring recommendations for research software systems based on software
architecture descriptions that were obtained via reverse engineering. We reconstructed these software
architectures via static and dynamic analysis methods in the reverse engineering process. To do
this, we combined static and dynamic analysis for call relationships and dataflow into a hierarchy
of six analysis methods. For generating optimal restructuring recommendations, we use genetic
algorithms, which optimize the module structure. For optimizing the modularization, we use coupling
and cohesion metrics as fitness functions. In general, our results confirm the applicability of genetic
algorithms for optimizing the module structure of research software. Our experiments show that the
analysis methods have a significant impact on the optimization results. A specific observation from our
experiments is that the pure dynamic analysis produces significantly better modularizations than the
optimizations based on the other analysis methods that we used for reverse engineering. Furthermore,
a guided, interactive optimization with domain expert’s feedback improves the modularization
recommendations considerably.

Keywords: software remodularization; genetic optimization; dynamic analysis; static analysis;
research software

1. Introduction

Remodularization refers to the process of reorganizing or restructuring the modular components
of a software system [1]. This is typically done to improve code quality, maintainability, scalability, or
to better align with evolving requirements. Remodularization involves changing the way a software
system is divided into modules. This could include splitting large modules into smaller, more cohesive
ones; merging modules that are tightly coupled; or reassigning responsibilities among modules to
reduce dependencies. To improve maintainability (easier to understand, test, and modify parts of the
software system), enhance modularity (reduce coupling and increase cohesion), better adapt to change
(support new features), or reduce technical debt (clean up legacy structures that no longer make sense),
we optimize the module structure. Such an optimization is a recommendation for remodularization,
whereby we do not change the semantics of the software.

We employ genetic algorithms for multi-objective optimization of module structures. The opti-
mized objectives are low coupling and high cohesion. Thus, these metrics for coupling and cohesion
are used as fitness functions in the genetic algorithm. We use six different analysis methods to compute
these metrics based on the previous static and dynamic analysis of the existing software for recon-
structing their software architecture. We analyze and discuss the impact of these analysis methods on
the optimization results. Our specific application domain is research software [2], particularly earth
system models (ESMs).

As contributions of this paper we provide:

* DBased on the recovered software architectures of existing research software [3], we show that
genetic algorithms allow to generate recommendations for restructuring this research software.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Specific remodularization experiments for two ESMs, namely the University of Victoria Earth
System Climate Model (UVic) [4] and the MIT General Circulation Model (MITgem) [5] are presented
and discussed.

e To evaluate these recommendations for restructuring the ESMs, we collected feedback from
domain experts who are involved in climate research as research software engineers. This
feedback is also used for a guided, interactive optimization process.

In Section 2, we start with a look at the specific requirements of our application domain, which are
the earth system models MITgem and UVic. Then, we describe the reverse engineering process for
architecture recovery in Section 3, which we applied as previous work [3] to MITgcm and UVic. Our
genetic optimization process to generate restructuring recommendations is introduced in Section 4.
The optimizations of MITgem and UVic are presented in Section 5 and Section 6, respectively. We
discuss our results in Section 7 and related work in Section 8, before we conclude the paper in Section 9
with an outlook to future work.

2. Our Application Domain: Earth System Models

Research software is software that is designed and developed to support research activities. It
can be used to collect, process, analyze, and visualize data, as well as to model complex phenomena
and run sophisticated simulations. Research software engineering research aims at understanding
and improving how software is developed for research [2]. Various categories of research software
exist. Category 1.1 of [6] describes “Modeling and Simulation” as a role for research software. Such
simulation software is usually continually modified and enhanced to provide new insights for specific
research questions.

Earth system models (ESMs) are such complex software systems used to simulate the earth’s
climate and understand its effects on, e.g., oceans, agriculture, and habitats. They comprise different
sub-models addressing specific aspects of the earth system, such as ocean circulation. Their code is,
partly, decades old. Such scientific models can start as small software systems, which often evolve into
large, complex models or are integrated into other models. Software engineering for such scientific
models has specific characteristics [7], and involves dedicated roles such as model developers and
research software engineers [8].

We chose UVic and MITgcm for our analysis, as they are used in many climate research projects,
such as SOLAS [9], PalMod [10,11], CMIP6 [12], and the IPCC report [13]. Both ESMs are implemented
in Fortran, run on Unix workstations without specific hardware requirements, and we collaborate
with domain experts working with both models as research software engineers. MITgcm is referred
to by the domain experts collaborating with us as a good example of a modern ESM, while UVicis a
representative of a more traditionally developed ESM, whose development began in the 1960s.

A note on the term ‘model’ in climate science: In software engineering and information systems
research, modeling is also an essential activity. Conversely to climate science, where climate models
are the software systems to simulate the Earth, in software engineering and in information systems
research, models are built as abstractions of the software systems themselves. A software architecture
description is an example of such a model in software engineering [14], not to be confused with a
(software) model of the Earth.

The ESMs are continually modified and enhanced to provide new insights for specific research
questions. This leads to numerous variants and versions for an ESM which must be maintained as
other scientists intend to base their research on new features and reproduce results. Thus, ESMs are
long-living software [15], and face typical risks, e.g., blurring module boundaries and architectural
erosion, due to changes in functionality, hardware and language features. The resulting architectural
debts [16] can limit further research and may harm the validity of scientific results. Furthermore,
the lack of documentation and the loss of knowledge, as scientists move to other positions, limit the
maintainability of ESMs. Therefore, the long-term development of ESMs faces unique challenges.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Our goal is to determine how software engineering techniques and tools that have been successfully
applied in other areas can assist in the development of ESMs.

To ensure the maintainability of ESMs, an understanding of the software architecture is neces-
sary [17]. Documentation is usually rare in this domain. In particular, architecture documentation
is, if it exists at all, often outdated and incomplete. Thus, rediscovering the architecture of ESMs is
a key step to ensure their longevity, as it allows guiding architecture improvements and to identify
areas that should be restructured. Architectural analyses provide an overview of the ESM’s structure
and dependencies. They allow to identify interfaces that support developers in extending a model
or adding alternative sub-models to an ESM. In addition, they help new scientists understand the
model implementation. Furthermore, based on structural optimizations, developers can improve the
architecture over time to facilitate future developments.

Thus, reconstructing the architecture of the simulation software via reverse engineering (see
Section 3) is a key step to ensure its longevity, as it is a basis for guiding architecture improvements
and identifying areas that should be restructured.

3. Reverse Engineering the Software Architecture

A prerequisite for a structural software optimization is the availability of a software architecture
description of the existing software. So, the first step is to reconstruct the software architecture of
the software via reverse engineering, which can then be optimized. Here, we briefly summarize the
relevant parts of our analysis approach, the full approach is detailed in [3]. Our analysis takes static
and dynamic analysis, control flow and data flow into account to construct the required software
architecture descriptions. Figure 1 presents an overview of our reverse engineering process.

Static
Analysis
Legacy I
Simulation
Software
Dynamic
Information
\/_

Figure 1. Our reverse engineering process [3]. First, our tools recover the architecture via reverse engineering
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with dynamic and static analysis. Then, the results of dynamic and static analysis are combined. The recovered
software architecture is used as input for the subsequent optimization process, which will be introduced in
Section 4 with Figure 3 below.

We combine static and dynamic analysis techniques. Our analysis process can be configured to
take any combination of static method-call analysis, dynamic method-call analysis, or static dataflow
analysis into account, by merging the results of the individual analyses (this is the Combine Architectures
step of Figure 1).

We categorize these methods into six different analysis methods, displayed in Figure 2. These
methods form a hierarchy, e.g., the analysis method combined/call is obtained by merging the results
of dynamic/call (only dynamic analysis) and static/call (only static analysis). The method static/both is
obtained by merging the results of static/call and static/dataflow. At the top, all methods are combined
into combined/both.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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| combined /both |

dynamic/call

Figure 2. Hierarchy of our analysis methods. At the bottom, we analyze dynamic and static call-relationships,

’ static/dataflow

and static dataflows. Then, we combine the call and static methods.

The output of our analysis process, insofar as relevant for our optimization, is a coupling graph as
software architecture description of the analyzed software: The nodes of this graph are the compilation
units of the analyzed software and its edges are call- or dataflow relations: There is an edge between
functions f and g if the function g is called from the function f, or if data flows from f to g (this can be
by a parameter, a return value, or by shared access of global data).

Reverse engineering MITgem and UVic revealed that the architecture of an ESM differs sig-
nificantly from that of, e.g., web-based systems, where the differences between dynamic and static
analyses are much more significant [18]. A possible reason for this is that the design of an ESM can
anticipate the way the code will execute much better than the design of an event-based system, where
much of the actual behavior depends on events that cannot be predicted at design time.

4. Genetic Optimization to Generate Restructuring Recommendations

The output of our optimization process are recommendations to improve the module structure of
the existing software systems. In addition, the optimization process also provides the developers with
an overview of both the optimization potential and the involved trade-offs between the modularization
options. We describe our genetic optimization approach in Section 4.1. The specific fitness functions
for optimizing the module structure are introduced in Section 4.2.

4.1. Genetic Algorithms for Multi-Objective Optimization

Genetic algorithms are inspired by biology, and use recombination, mutation, and selection based
on fitness functions to approximate optimal solutions. Figure 3 illustrates our architecture optimization
process. The recovered architecture from the preceding reverse engineering process is first restructured
via recombination and mutation. The obtained restructured architectures are then selected based on
the fitness functions. The process can be configured to run either for a specified period of time, for
a fixed number of generations, until the involved metrics are below a given threshold, or until no
significant progress is achieved anymore in each step (good enough). For the results in the present

Selection based Good Improvement
n Fitn i
o ; ess enough Recommendations
Functions

Figure 3. Our genetic architecture optimization process. The preceding reverse engineering process was illustrated

paper, we let each optimization run for maximally two hours.

Restructure
Architecture via
Recombination
and Mutation

Recovered
Software
Architecture

Restructured
Architectures

Next evolution step

in Figure 1 above. It provides us with the recovered architecture as input. The improvement recommendations
are the output of our architecture optimization process.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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If one of these termination criteria is met, we generate improvement recommendations. Otherwise,
we iterate with the next evolution step. We will start initially with unguided optimizations, and
subsequently complement this with a guided, interactive optimization. This guided, interactive
optimization takes expert feedback into account to restrict the search space. In our case, the fitness
functions are the software quality metrics, which are introduced in the following subsection.

4.2. Software Quality Metrics as Fitness Functions

Our optimization process can be configured to use a wide range of different optimization metrics
as fitness functions. For optimizing the modularization, we use coupling and cohesion metrics [1] to
measure the quality of both the original software structure and the suggested optimizations. These
metrics use the coupling graph, which is the output of our reverse engineering process (Section 3), to
measure the fitness of the software’s modularization:

StrCoup: Structural coupling is defined as the average in/out degree of components, i.e., the average
number of edges connecting a program unit in the current component with a program unit in
another component,

LStrCoh: Lack of structural cohesion is defined as the average number of pairs of unrelated units in a
component, i.e., the number of pairs (1, v) where both © and v are program units, and there is no
edge connecting u and v in the coupling graph.

Both of these metrics are chosen such that small values are better (as is usual in multi-
objective optimization).

Obviously, there is a trade-off between coupling and cohesion, since one can easily reduce coupling
by merging different components, which then often leads to less cohesive components (see Section 5.1
for examples). As usual when studying optimizations with multiple criteria, we call a modularization
m undominated, if there is no other modularization that is strictly better than m with regard to one
criterion (StrCoup or LStrCoh), and at least as good as m with respect to the other. There can be
multiple undominated modularizations, the set of these is called the Pareto front. These modularizations
represent an optimal trade-off between the involved metrics, in the sense that improving one metric is
impossible without worsening the other metric. To compute an approximation of the Pareto front, we
adapt the approach from Candela et al. [1] and apply the genetic algorithm NSGA-II [19].

5. Optimization of MITgcm Global Ocean

In the following, we compare optimizations of the MITgem variant global-ocean-cs32x15 based on
the different analysis techniques depicted in Figure 2. Results for other MITgcm variants can be found
in the supplementary material [20]. Section Section 5.1 presents the results of our initial unguided
optimization, and Section 5.2 the subsequent guided, interactive optimization.

5.1. Unguided Optimization

We present our first optimization result in Figure 4. This plot shows the result of running our
genetic algorithm on the model obtained from the MITgcm variant global-ocean-cs32x15 by the
dynamic/call analysis method. The result is a large set of new modularizations of the software. In the
above plot, each modularization is represented as a dot expressing its StrCoup and LStrCoh values on
the two axes. The original modularization is indicated by a red triangle A.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 4. Unguided optimization of MITgcm (global-ocean-cs32x15) using dynamic/call data

In the table on the right-hand side of Figure 4, we present the values of our software quality metrics
for some specifically chosen modularizations. Here, we can observe some “extreme” optimizations:

1. The modularization opt-1238 achieves a coupling degree of zero, at the price of very low cohesion
(recall that LStrCoh measures the lack of cohesion, so high values indicate low cohesion). Manual
inspection of this modularization shows that opt-1238 merges components to obtain a modular-
ization that consists of two unrelated components (and hence obtains coupling degree zero).

2. Aneven more extreme modularization is opt-1260, which merges all components into a single
one-with the “benefit” of fewer components, but at the price of a very low cohesion.

3. A third “extreme” modularization is opt-180, which achieves full cohesion (i.e., zero lack of
cohesion) while still improving the coupling value over the original modularization (1.72 instead
of 2.84). However, a manual inspection of this solution shows that it distributes 96 units into 83
components, which are then mostly one-element components. Such components are cohesive,
but obviously this is not a good way to structure a software system.

Obviously, modularizations such as the extreme ones opt-180, opt-1238, and opt-1260 are not
our goal. More generally, optimizations that, compared to the original modularization, improve one
of the two quality metrics (LStrCoh or StrCoup) and worsen the other are usually not relevant for
practice. Therefore, we will now only consider optimization results that improve over the original
modularization with regard to both StrCoup and LStrCoh, and focus on the solutions that only
modestly increase the number of components.

In order to focus on modularizations that only use a reasonable number of components, we use
larger and more colorful symbols for solutions introducing few additional components, and smaller,
less colorful dots for solutions introducing many components (this is better visible in Figure 5, which
zooms into the part of Figure 4 that contains the most relevant optimizations). As an example, results
shown with a purple circle @ denote optimization results that introduce at most a single additional
component compared to the original modularization of the software, while blue star-shaped symbols

' represent results that introduce three additional components, and the small blue dot @ stands for
optimizations introducing at least 15 and at most 29 additional components (the complete list of
symbols is given in the legend of the plots). In this way, the plots illustrate not only the (expected)
tradeoff between the quality metrics LStrCoh and StrCoup, but also between the conflicting goals of
improving these metrics and introducing a few new components.

As discussed above, the optimizations in Figure 5 contain many promising suggestions, an
example is opt-467, which improves on both quality metrics compared to the original modularization
(LStrCoh decreases from 68 to 28.85; StrCoup decreases from 2.84 to 2.05) while introducing only a
single additional component. In order to study the effect of the choice of the analysis method (see
Figure 2) on the quality of the obtained optimizations, we also performed optimizations based on the
other five analysis methods.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 5. Zoom into the part of Figure 4 that contains the most relevant optimizations

We start, in Figure 6, with the analysis method combined/both, i.e., the method taking all available
data (both static and dynamic analysis, both call and dataflow relationships) into account. It is obvious
from Figure 6 that the optimization results are of a much lower quality than the ones obtained
from our dynamic-only analysis (Figure 5 above): All results that actually improve on the original
modularization introduce many additional components, whereas Figure 5 shows many relevant
improvements introducing only a single component (represented by the large purple dots).
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Figure 6. Unguided of MITgcm (global-ocean-cs32x15) using combined /both data

So, comparing the two optimization runs using dynamic/call (Figure 5) and combined/both
(Figure 6), the two figures look very different, with the former yielding much more satifsfying results.
To investigate the reason for these differences, we performed similar optimization runs with the remain-
ing four analysis methods. Out of the three “base” methods (i.e., the lowest three in the presentation
from Figure 2), the method static/dataflow is conceptually most different from dynamic/call, since it
uses static instead of dynamic data, and dataflow instead of method-call relationships. We present
the results of the corresponding optimization in Figure 7. It is obvous that the optimizations obtained
from this method are problematic in the same way as those obtained from the combined/both method
(Figure 6): There are again very few modularizations that improve on both our quality metrics without
introducing many new components.
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Figure 7. Unguided optimization of MITgcm (global-ocean-cs32x15) using static/dataflow data

The third “base” analysis method from Figure 2 is static/call, which uses method-call relationships
(as dynamic/call) based on static code analysis (as static/dataflow). The optimization results can be

r(s). Distributed under a Creative Commons CC BY license.
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found in Figure 8. It is obvious that these results again share the same problems as the ones presented
in Figures 6 and 7, with no modularizations that significantly improve our quality metrics without
introducing too many new components.
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Figure 8. Unguided optimization of MITgcm (global-ocean-cs32x15) using static/call data

The two second-level analysis methods from Figure 2 lead to similar results, and can be found in
Figure 9 for static/both and in Figure 10 for combined/call.
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Figure 9. Unguided optimization of MITgcm (global-ocean-cs32x15) using static/both data
351 Bnal 4

b . TS . ID LSTRCOH  STRCOUP
. ’ ’ +2c¢ o+ A original 3571.81 33.54
257 P S #8c 1 ® opt2478 | 194415 51.63
Sool R . tc ] +  opt2427 | 360593 37.25
8 : TR K opt-2465 | 2048.00 50.52
15 L se - opt-2459 | 2303.73 48.93
10 +15-20¢ - A opt-2419 1764.45 46.58
+30-50c O  opt2399 | 281278 40.22
5f +51-90c 1 ®  opt-2270 1457.58 39.08
0 ‘ ‘ ‘ ‘ ‘ ‘ more opt-0 280.70 6.4

0 500 1000 1500 2000 2500 3000 3500 4000 450C

LStrCoh

Figure 10. Unguided optimization of MITgcm (global-ocean-cs32x15) using combined/call data

As a consequence of our analysis of the optimization runs based on our six different analysis
methods, it is obvious that the dynamic-only analysis dynamic/call stands out—it contains many
more “interesting” optimization results, i.e., ones that are both an improvement over the original
modularization and also do not add too many new components to the software. There are some
differences between the modularizations based on the other five analysis types, but none of them
yields improvements like dynamic/call.

5.2. Guided, Interactive Optimization

The optimizations reported on in the preceding Section 5.1 took the entire model of the software
(e.g., the MITgcm variant under analysis) into account and attempt to obtain a new global structure
for the software. However, as confirmed in our discussion with ESM developers, applying the result
of such a global optimization to a software system with a long development history and a large
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number of developers is not realistic. The ocean scientists were much more interested in more “local”
optimizations, where the goal is not to find a completely new structure for the entire software, but to
decompose an existing component into very few (ideally only two) new components.

To address this, we used our optimization software to decompose a single component (for MITgcem,
the ‘sr¢” component was suggested to us as a realistic target, for UVic, the ‘common’ component plays
a similar role). In the following, we present the results of these guided, interactive optimizations for
the two analysis methods dynamic/call (Figure 11) and combined/both (Figure 12). The results for the
remaining four analysis methods can be found in Figures 13 to 16.
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Figure 11. Guided optimization of MITgcem (global-ocean-cs32x15) using dynamic/call data
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Figure 12. Guided optimization of MITgcm (global-ocean-cs32x15) using combined /both data
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Figure 13. Guided optimization of MITgcm (global-ocean-cs32x15) using combined/call data
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Figure 14. Guided optimization of MITgem (global-ocean-cs32x15) using static/both data
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Figure 15. Guided optimization of MITgem (global-ocean-cs32x15) using static/call data
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Figure 16. Guided optimization of MITgcm (global-ocean-cs32x15) using static/dataflow data

Since the optimization now only changes a single component, the search space and the opti-
mization potential are very restricted. Surprisingly, this restricted search space leads to much better
optimizations than the unguided optimizations reported in Section 5.1.

It is again obvious that the dynamic-only analysis dynamic/call stands out: The plot is much more
sparsely populated than the other ones, i.e., the algorithm found fewer improvements here than for the
other analysis methods. This is not surprising, since the number of units found in the src component
is much smaller compared to the other analysis methods. The dynamic-only analysis found 51 units
in the selected ‘src¢” component, while the other analysis found between 371 and 393 units (see [3] for
more details). Therefore, the search space for the dynamic-only analysis was much smaller than for the
other analysis types.

The difference between the other five analysis techniques is again smaller than the difference
between the dynamic-only analysis and the other five ones.

Another interesting observation is that results for our guided, interactive optimization are, in
parts, even better than the results for the global optimization: Comparing, e.g., Figures 6 and 12 (both
using the static/call analysis method): The numerically best optimization opt-0 has almost the same
StrCoup value (12.44 vs 12.41) in both results, but the single-component optimization has a much
better LStrCoh value (82.75 vs 166.74). The best “single added component” optimization has both a
better StrCoup value (82.52 vs 91.26), and a better LStrCoh value (2411.93 vs. 4225.30) in the local
optimization. The results are similar when comparing other lines in the corresponding tables: Even
though the one-component optimization has a severely restricted search space, the optimization results
are not clearly inferior to those of the global optimization problem.

A possible reason for this is that with the smaller search space, the algorithm can find the optimal
values in this restricted space sooner. To test this hypothesis, we also let one global optimization
problem run for a longer time (24 hours instead of the 2 hours for the other optimization runs). The
result is presented in Figure 17 and shows that the optimal solution with respect to both StrCoup and
LStrCoh (opt-0) is in fact much better with regard to both metrics than the shorter runs reported in
Figures 6 and 12.
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Figure 17. Long running, unguided optimization of MITgem using combined /both data

6. Optimization of UVic

As a comparison to the MITgem ESM studied above, we also applied our methods to the UVic ESM.
Similarly to MITgcm above, we first performed an unguided optimization, taking the entire ESM into
account (Section 6.1), and then, based on feedback from modelers, restricted our optimizations to the
common component (6.2). The results are similar to those for MITgcm presented above, we therefore
keep the presentation short and highlight the differences. Again, Section 6.1 presents the results of our
initial unguided optimization, and Section 6.2 the subsequent guided, interactive optimization.

6.1. Unguided Optimization

We present the optimization runs based on the two most “extreme” analysis methods, taking the
least (dynamic/call, Figure 18) and the most (combined /both, Figure 19) information into account.
The results of the other four analysis methods can be found in Figures 20 to 23.
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Figure 18. Unguided optimization of UVic using dynamic/call data
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Figure 19. Unguided optimization of UVic using combined /both data
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Figure 20. Unguided optimization of UVic using static/both data
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Figure 21. Unguided optimization of UVic using combined/call data
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Figure 22. Unguided optimization of UVic using static/call data
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Figure 23. Unguided optimization of UVic using static/dataflow data

It is obvious that the differences between these two optimization runs are much smaller than
between the corresponding methods in the MITgcm case, and that both optimizations suffer from
the same problem as most of our optimizations of MITgem: There are hardly any optimizations that
improve both our quality metrics and do not add too many new components. The difference to the
MITgcem case is that the optimization run based on dynamic/call in Figure 18 does not stand out as
much against the other runs here as was the case for MITgem. The reason for this is that, as discussed
in [3], our dynamic analysis of UVic yielded a much more complete architecture model than that of
MITgcm.
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6.2. Guided, Interactive Optimization

Restricting the optimizations again to a single component of UVic has similar effects as in the case
of MITgcm: The search space for the optimizations is very restricted, resulting in quite similar results
for the different analysis techniques. We present the optimizations based on our different analyses
techniques in Figures 24 to 29.
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Figure 24. Guided optimization of UVic using dynamic/call data
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Figure 25. Guided optimization of UVic using combined /both data
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Figure 26. Guided optimization of UVic using combined/call data
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Figure 27. Guided optimization of UVic using static/both data

). Distributed under a Creative Colr ns CC BY license.



https://doi.org/10.20944/preprints202508.0427.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 August 2025 d0i:10.20944/preprints202508.0427.v1

14 of 17

3 oﬂginyal A

30+ +c o A 1D LSTRCOH  STRCOUP

+2c o+ A original 2326.38 32.88

251 +3c 1 ® opt-1720 | 1538.44 3244

Soo} +ac i +  opt-1654 | 1364.10 29.50

8 oo, opt-1581 | 1239.91 26.82

F157 714 -] opt-1498 | 1064.92 2533

10k +1520¢ - | opt-1425 977.62 23.46

: +30-50¢ O  opt-1356 950.36 21.50

5F +51-90c 1 ) opt-995 696.41 13.00

0 , , , , more opt-0 66.54 424

0 500 1000 1500 2000 2500 3000
LStrCoh
Figure 28. Guided optimization of UVic using static/call data
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Figure 29. Guided optimization of UVic using static/dataflow data

7. Discussion

In general, our results confirm the applicability of genetic algorithms for optimizing the module
structure of ESMs. We can draw two main observations from our experiments:

®  The pure dynamic analysis produces significantly better modularizations than the optimizations
based on the other analysis methods that we used for reverse engineering. This may a specific
observation for our application domain of research software: If we use the scientific model
for a specific experiment, we can optimize the software architecture for this specific use case.
Only those parts of the software that are actually used in the experiment are represented in the
reconstructed architecture, which is then optimized.

¢  The guided, interactive optimization provides good modularizations. Thus, we can recommend
to feed expert feedback into the optimization process.

We also observed differences between our example systems, MITgem and Uvic. As demonstrated
by the analysis, the existing legacy modularization of UVic is very poor with respect to the metrics
LStrCoh and StrCoup. This coincides with the experience communicated by UVic developers.

For domain experts, support for program comprehension was another key takeaway, in addition to
the restructuring recommendations. They found program comprehension helpful for their daily work,
especially connecting the interface descriptions with the code base. From our discussions with the
domain experts, we also obtained suggestions for other ESMs on which to apply our methods. This
will be an area for future work.

8. Related Work

Praditwong et al. [21] investigated the application of multi-objective genetic algorithms to soft-
ware restructuring. Mkaouer et al. [22] also applied genetic algorithms, with the additional goal
of minimizing the resulting changes to the considered software. To the best of our knowledge, we
are the first to apply genetic algorithms for restructuring ESMs. Sudhakar and Nithiyanandam [23]
use clustering algorithms like K-Means and MAD-ENRNN to restructure object-oriented software.
Maikantis et al. [24] also use genetic algorithms for restructuring software. As far as we know, our
paper is the first one to compare optimizations obtained by dynamic and static analysis techniques.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202508.0427.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 6 August 2025 d0i:10.20944/preprints202508.0427.v1

150f 17

Cortellessa et al. [25] employ genetic algorithms to optimize software architectures with respect
to performance and reliability, while we optimize the module structures with respect to cohesion and
coupling. Similar to our work, they integrate interaction with engineers into the optimization process.

Pourasghar et al. [26] also employ genetic algorithms to optimize module structures with respect
to cohesion and coupling. Different to our approach, they integrate control flow into their software
analysis, while we integrate data flow in software modularization.

9. Conclusions and Future Work

We applied our architecture optimizations to the ESMs UVic and MITgcm. The optimizations
computed significant numerical improvements for restructuring recommendations for both ESMs. The
pure dynamic analysis produces significantly better modularizations. In particular, guided, interactive
optimization, such as restricting to a single component, helps to get better results. In addition to the
actual optimization results, getting an overview about the optimization potential is very helpful for
the developers.

In the future, we plan to take into account additional information for our optimization recom-
mendations. Our analysis so far was based on calls and dataflow relationships between operations.
However, there are additional dependencies that we can utilize. One example for this is semantic
coupling, which measures the similarity of e.g., operation names. If the software under analysis uses a
well-designed naming scheme, it can be beneficial to keep operations with similar names (or common
prefixes in the names) in the same components. We implemented such a metric (using the edit distance
from Levenshtein [27]) and used it to enrich the coupling graph with additional edges reflecting
common prefixes of method names. First results indicate that this method is more beneficial for
MITgem than for UVic, possibly indicating that the former’s naming scheme for operations is more
helpful for optimization. A preliminary take-away is that metrics beyond the standard coupling and
cohesion metrics should be chosen very carefully, and this choice must take knowledge of the structure
and possibly the development conventions (such as naming schemes) of the examined software into
account. Other metrics that we plan to evaluate are test metrics discussed in [28] and clustering metrics
from [29], which we anticipate can be used both in optimization and in interface discovery.
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The following abbreviations are used in this manuscript:
CMIP Coupled Model Intercomparison Project
ESM Earth System Model

IPCC Intergovernmental Panel on Climate Change
LStrCoh  Lack of Structural Cohesion
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MITgem  MIT General Circulation Model

NSGA Non-dominated Sorting Genetic Algorithm
PalMod  Paleoclimatic Modeling

SOLAS  Surface Ocean-Lower Atmosphere Study

StrCoup  Structural Coupling

UVic University of Victoria Earth System Climate Model
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