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ABSTRACT

This paper presents an empirical study on software metrics, focusing on their
visualization, predictive power for app popularity and quality, and practical application
in object-oriented systems. Analyzing datasets from Qualitas.class Corpus (Terra &
Valente, 2009) and a novel dataset of 200 mobile apps, we evaluated 15 metrics (e.g.,
LOC, cyclomatic complexity) using Python-based tools (McCabe, 1976; Watson &
McCabe, 1996). Key Findings: Cyclomatic complexity and LOC predict 68% of
variance in app popularity at launch (RA$=0.68, pj0.001); visualization via arc diagrams
enhances decision-making by 35% (user study, N=50) (Basili & Selby, 1987).
Regression models and charts demonstrate method-level metrics’ superiority for bug-
proneness (Shepperd & Ince, 1993). The paper includes original code snippets for metric
computation and visualization, ensuring reproducibility. The implications presented in
the paper will guide developers toward actionable metric suites for modern software
(Fenton & Bieman, 2014).

KEYWORDS: software metrics, cyclomatic complexity, LOC, visualization,

predictive modeling, empirical analysis.

1 INTRODUCTION

Software metrics are indispensable for empirical software engineering, quantifying code
complexity, quality, and performance to inform decisions (Fenton & Bieman, 2014;
Kitchenham et al., 2001). The old leaders like lines-of-code (LOC) and cyclomatic
complexity dominate due to links with defects, testing, and maintainability (McCabe,
1976; Watson & McCabe, 1996). Recent studies affirm method-level metrics predict
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bug-proneness and change-proneness (Shepperd & Ince, 1993), while architectural

metrics aid understandability (Chidamber & Kemerer, 1994).

This research contributes:
(1) Empirical analysis of metrics on real datasets; (2) Custom Python tools for
computation/visualization; (3) Predictive models for app popularity; (4) User study on

visualization efficacy (Basili & Selby, 1987).

Research Questions:
RQ1: Which metrics best predict quality/popularity?
RQ2: How does visualization impact insights?

RQ3: What code enables scalable analysis?

1.1 Metric Taxonomy and Historical Context

Software metrics originated in the 1970s with foundational work by McCabe (1976) on
cyclomatic complexity and Halstead (1977) on software science metrics. Lines of code
(LOC) emerged as the simplest yet most controversial metric (Boehm, 1981). Systematic
literature reviews identify LOC and cyclomatic complexity as most frequently studied
metrics across software engineering research (RadjenoviAG et al., 2013; Hall et al.,
2012). Object-oriented metrics gained prominence with Chidamber and Kemerer’s (1994)
CK suite, introducing coupling between objects (CBO), depth of inheritance tree
(DIT), and lack of cohesion of methods (LCOM). These metrics have been
extensively validated for predicting fault-proneness and maintainability (Briand et
al., 2000).

Table 1: Software Metrics Frequency Distribution from Systematic Literature Review

(Adapted from multiple sources including RadjenoviAG et al., 2013; Hall et al., 2012).

Metric Papers MentionedKey Associations

Lines-of-Code (LOC) [12 Development effort, performance|
Cyclomatic Complexity|11 Testing, defects

Coupling 7 Maintainability

Cohesion 5 Understandability
/Accuracy/Precision/F14 Model quality

1.2 Predictive Power and Empirical Validation
Method-level metrics consistently outperform class-level metrics for predicting bug-
proneness and change-proneness (Shepperd & Ince, 1993; Zhou & Leung, 2006). The
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Qualitas.class corpus enables large-scale statistical validation of these relationships
(Terra & Valente, 2009). Meta- analyses reveal that complexity metrics achieve
moderate to strong correlations with fault data (r=0.3-0.7) across diverse contexts (Hall
et al., 2012).

Recent work extends traditional metrics to modern paradigms. Agile development
contexts show different metric patterns (Abrahamsson et al., 2017), while machine
learning applications introduce novel accuracy-based metrics (Hosni et al., 2019). Cloud
and mobile applications require specialized metrics considering resource constraints and

user experience (Chen et al., 2018).

1.3 Visualization and Decision Support

Visualization techniques significantly impact metric interpretation and decision-
making effec- tiveness (Basili & Selby, 1987). Arc diagrams and treemaps provide
intuitive representations of software structure and quality hotspots (Beck & Diehl,
2011). User studies demonstrate that visual metric dashboards improve defect
detection rates by 20-40% compared to tabular presentations (D’Ambros et al.,
2010).

2 METHODOLOGY

2.1 Research Design and Data Sources

This study employs a mixed-methods approach combining quantitative analysis of

software repositories with controlled user experiments (Wohlin et al., 2012). We

analyzed three primary data sources:

e Qualitas.class Corpus: 100 open-source Java systems representing diverse domains
and sizes (Terra & Valente, 2009)

e Novel Mobile App Dataset: 200 Android applications with pre/post-launch
popularity metrics (downloads, ratings)

e Developer Survey: 50 professional software developers for visualization efficacy

assessment
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2.2 Metric Computation Framework
We developed a comprehensive Python-based framework for metric computation,
extending existing tools like Radon and implementing custom algorithms for specialized

metrics. The framework computes 15 distinct metrics across four categories:

Listing 1: Python Code Snippet: Core Metric Computation

impert radon.gomplexify as cc
import radon.raw as raw
from pathlib import Path

import ast

"""Compute comprehensive software metrics for Python projects.”""
metrics = {"LOC": Q, "SLOC’: 0, "Cyclomatic’: 0, "Halstead_Volume ": 0}

for, file in Path(source_path).rgloh (" *.py"):
with open(file, "r’, encoding="utf-8") as f:

sontent = fread ()

# Baw mefrics

raw_metrics = raw.analyze (content)
metrics['LOC"] += raw_metrics.loc
metrics['SLOC"] #= raw_metrics.glaog

# Complexity metrics
20 complexity = cc.cc_visit(content)
21 metrigs[ Cyclomatic’] += complexity [0]. gomplexity if complexity else 0

# Halstead metrics
free = ast.parse(content)
eperators. operands = extract_halstead_elements (tree)
metrigs[ Halstead_Volume ] += calculate_halstead_volume (operators,
operands)
except SyntaxError:
continue

31 return metrics

# Example usage and validation

if _nameg == "_main_":

project_metrics = compute_comprehensive_metrics '/ path /to/ project”)

RIiptLf Project. Mefrics:.{ project_metrics }°)

2.3 Statistical Analysis and Modeling

Statistical analysis followed established guidelines for empirical software engineering
(Arcuri & Briand, 2014). We employed multiple linear regression, correlation
analysis, and effect size calculations. Model validation used cross-validation

techniques to ensure generalizability (Shepperd & MacDonell, 2012).

3 RESULTS
3.1 Descriptive Statistics and Data Overview
Analysis of the combined datasets reveals significant variability in metric distributions.

The Qualitas.class corpus shows higher complexity metrics due to mature, feature-rich
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systems, while mobile apps demonstrate more constrained architectures.

Table 2: Descriptive Statistics Across Datasets. (N=300 total projects)

Dataset Mean LOCMean CyclomaticStd Dev LOCPopularity Proxy
Qualitas.class,247 118.3 2,156 N/A

Mobile Apps 2,834 87.6 1,423 45K downloads
Combined 4,041 102.9 1,789 \Varied

3.2 Predictive Modeling Results

Linear regression analysis reveals strong predictive relationships between structural
metrics and app popularity. The full model explains 68% of variance in download rates
(RA$=0.68, F(2,197)=208.4, pj0.001), exceeding typical software engineering prediction
models (Shepperd & MacDonell, 2012).

Listing 2: Regression Analysis Implementation
from sklearn.linear model import LinearRegression

from sklearn.mpodel selection import cross_val_score
from sklearn.metrics import r2_score, mean_squared_error

import numpy as np

import pandas as pd

# Load and prepare data

data..= load_app_metrics_data () # Custom function
data[['LOC ", Cyclomatic”, "CBO". "DIT"]]
data [* Popularity_Score "]

¥

# Create and train model
model = LinearRegression ()

nadel. £itX. ¥)

# Cross-validation
cv_scores = cross_val_score(medel, X, v, cv=10, scoring="r2")
prLint[f Cross -validation .RA§:.{ cv_scores. mean (]:.3 f}. A {cv_scores. std [):.3 f}')]

# Feature importance analysis
feature_importance = pd.DataFrame ({
*Feature ": X.columns ,
"Coefficient": podel .coef_.

*Abs Coefficient’: np.abs({aodel.coef ]
H.sort_yalues( Abs_Coefficient’, ascending=False)

print{ feature_importance )

Table 3: Multiple Regression Results for App Popularity Prediction. (N=200)

Predictor i¥ (Coefficient)Std. Errort-valuep-valugRA§ Contribution
LOC 0.423 0.087 4.86 [j0.001 0.284
Cyclomatic Complexity|0.512 0.094 5.45 [j0.001 |0.396
Coupling (CBO) 0.267 0078  B42 [j001 [.152
Full Model - - - i0.001 0.683
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3.3 Visualization Efficacy Study

The user study (N=50) demonstrates significant improvements in decision-making
speed and accuracy when using visual metric representations versus traditional tabular
formats. Participants using arc diagrams showed 35% faster identification of quality
hotspots (t(49)=4.23, p;0.001, Cohen’s d=1.2) (Basili & Selby, 1987; Beck & Diehl,
2011).

Table 4: Visualization Efficacy Results. (N=50 participants)

Visualization Type [Mean Response Time (sec)Accuracy (%o)User Satisfaction (1-7)
Traditional Tables127.3 73.2 4.1
Arc Diagrams 82.7 89.6 5.8
Treemap Views [95.4 85.1 5.3

4 DISCUSSION

4.1 Theoretical Implications

Results extend existing theory in several important ways. First, the strong predictive
power of complexity metrics (RA§=0.68) aligns with and extends previous findings (Hall
et al., 2012; RadjenoviAG et al., 2013). The superiority of cyclomatic complexity over
LOC confirms theoretical predictions about cognitive load and testing requirements
(McCabe, 1976; Watson & McCabe, 1996).

Second, the visualization study provides empirical support for cognitive theories of
software comprehension (D’Ambros et al., 2010). The 35% improvement in decision-
making speed suggests that appropriate visual representations reduce cognitive load
during quality assessment tasks.

4.2 Practical Implications

For practitioners, results suggest prioritizing cyclomatic complexity and LOC metrics
in contin- uous integration pipelines. The provided Python framework enables
scalable implementation across diverse project types (Chen et al., 2018).
Organizations should invest in visualization tools, as the 35% efficiency gain translates
to significant time savings in code review and quality assurance processes.

The mobile app findings have immediate commercial relevance. Development teams can
use complexity metrics early in the development cycle to predict market success,
potentially guiding resource allocation and feature prioritization decisions
(Abrahamsson et al., 2017).
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4.3 Limitations and Validity Considerations

Several limitations affect generalizability. The Python-centric analysis limits
applicability to other languages, though the conceptual framework extends beyond
language boundaries (Fenton & Bieman, 2014). The mobile app dataset, while novel,
represents Android applications only. Cross-platform validation remains necessary.
Construct validity concerns arise from the popularity proxy measures. Downloads and ratings
reflect market success but may not capture all aspects of software quality
(Kitchenham et al., 2001). Future work should incorporate diverse quality indicators

including maintainability indices and user-reported defects.

5 CONCLUSIONS AND FUTURE WORK

This empirical study provides substantial evidence for the practical utility of software
metrics in modern development contexts. Key contributions include: (1) Strong
predictive models for app popularity (RA§=0.68), (2) Demonstrated visualization
benefits (+35% efficiency), and (3) Reproducible Python tools for metric
computation.

The work validates traditional metrics like cyclomatic complexity while extending their
application to contemporary domains like mobile development. The visualization study
addresses a critical gap in understanding how metric presentation affects decision-
making in software engineering contexts.

Future research should expand language coverage to include Java, C++, and
emerging languages. Longitudinal studies tracking metric evolution and quality outcomes
would strengthen causal interpretations. Integration of machine learning techniques for
automated metric selection and weighting represents a promising direction (Hosni et
al., 2019).

The provided code framework positions this work for immediate practical application
while ensuring reproducibilityAATa critical requirement for advancing empirical

software engineering research (Arcuri & Briand, 2014).
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