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Abstract: Maintaining a healthy codebase over time is an ongoing hurdle for software teams. This study 

examines how different restructuring strategies perform when applied at key milestones—early 

development, major releases, and maintenance periods. We compare three approaches (manual refactoring, 

rule-based transformations, and AI-assisted restructuring) using four popular tools (RefactorX, Rearchitect, 

CodeRenew, SmartRefactor) under static, dynamic, and combined (hybrid) analysis. Across eight real-world 

projects and 2,592 experimental runs, we measured changes in code complexity, coupling, and code-smell 

counts, along with tool runtime and developer feedback. Our findings reveal that AI-powered methods 

deliver the largest complexity reductions (≈25 %) with modest time investment, whereas rule-based tools 

strike a favorable balance between speed and effectiveness. Downtime around major releases offers the 

strongest opportunity for broad improvements, and hybrid analysis emerges as the most efficient way to 

catch both static and runtime issues. We close with clear, context-sensitive recommendations to aid teams in 

choosing the right restructuring strategy. 

 

Index Terms - Software Restructuring; Refactoring; Lifecycle Stages; Technical Debt; Analysis 

Mechanisms. 

 

Introduction 

 For Software naturally degrades as features accumulate, dependencies tangle, and quick fixes pile up. 

Left unchecked, this “technical debt” leads to brittle code, frustrated developers, and escalating maintenance 

costs [1]. Periodic restructuring—ranging from small-scale refactorings (e.g., renaming, method extraction) 

to larger architectural realignments—rejuvenates the codebase without altering its external behavior [2]. Yet, 

teams confront a bewildering array of methods, tools, and analysis techniques. There’s little consensus on 

which combination works best at different points in a project’s life. 

 

This paper tackles that uncertainty through a thorough empirical comparison of three restructuring 

methods: 

 

1. Manual Refactoring: Skilled engineers apply changes by hand with IDE assistance. 

 

2. Rule-Based Transformations: Automated engines execute predefined refactoring patterns (e.g., 

extract class if coupling > threshold). 
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3. AI-Assisted Restructuring: Machine-learning models suggest or enact refactorings based on patterns 

learned from vast code repositories. 

 

We evaluate these methods via four widely adopted tools—RefactorX [3], Rearchitect [4], CodeRenew [5], 

and SmartRefactor [6]—and three types of analyses: static (code metrics), dynamic (runtime profiling), and 

hybrid (mixing both). By running a full-factorial experiment (3 methods × 4 tools × 3 analyses × 3 lifecycle 

stages) on eight industry and open-source projects, we gathered 2,592 data points. Our metrics include 

cyclomatic complexity, coupling, code-smell counts, tool runtime, and developer satisfaction surveys. 

Contributions of this paper are: 

a) Quantitative Insights into how restructuring impacts code quality across lifecycle phases. 

b) Head-to-Head Tool Comparison under consistent conditions. 

c) Efficiency-Effectiveness Trade-offs for strategies and analyses. 

d) Actionable Guidelines for practitioners on selecting techniques based on project context. 

I. BACKGROUND AND MOTIVATIONS 

2.1 The Case for Restructuring 

Over time, rapid feature delivery often trumps design hygiene, causing codebases to sprout “smells” 

(e.g., duplicated logic, large classes) and architectural erosion [7]. Comprehensive restructuring restores 

clarity, reduces complexity, and curbs long-term maintenance effort [8]. While the benefits are clear in 

theory, the timing and approach to restructuring require empirical study. 

 

2.2 Timing Matters: Lifecycle Stages 

a) Early Development: In greenfield projects, refactoring sets solid foundations but can slow down 

feature momentum [9]. 

b) Major Releases: Pre-release windows are natural checkpoints for sweeping improvements, though 

large changes can destabilize release candidates [10]. 

c) Maintenance: Legacy systems demand incremental tweaks to avoid disrupting ongoing bug fixes, 

yet small gains accumulate over time [11]. 

 

    2.3 Approaches in Practice 

a) Manual Refactoring relies on developer skill and judgment. It affords fine control but demands 

significant time and carries human error risks [12]. 

b) Rule-Based Transformations automate routine patterns (e.g., inline method, extract interface). They 

excel at bulk operations but may misinterpret context [13]. 

c) AI-Assisted Restructuring taps models trained on millions of code samples to suggest context-aware 

changes. This promising field still requires human oversight to catch spurious suggestions [14], [15]. 

 

    2.4 Tool Ecosystem 

          We selected four representative tools: 

Table 2.1: Overview of Restructuring Approaches and Tools 

 

Tool Approach Analysis Modes Integration 

RefactorX Rule-Based Static, AST diff IDE plugin 

Rearchitect Guided Manual Dynamic profiling Standalone GUI 

CodeRenew AI-Assisted Static, Hybrid CLI / API 

SmartRefactor Hybrid (Rule+AI) Runtime tracing Cloud service 

 

      These tools span the spectrum from purely rule-driven to AI-enhanced pipelines, offering a broad 

view of current capabilities. 
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II. RESEARCH DESIGN 

3.1 Selected Case Studies 
Eight systems were chosen to represent varied sizes (45 KLOC–1.2 MLOC), domains (web, embedded, 

analytics), and team contexts: 

a) Open-Source: OpenWebShop, DataStream, HealthDash, IoTControl, MLToolkit 

b) Industrial: FinServe, AutoManu, RetailCRM 
 
3.2 Experimental Factors 
We crossed four factors: 

a) Lifecycle Stage (Initial, Major Release, Maintenance) 

b) Restructuring Approach (Manual, Rule-Based, AI-Assisted) 

c) Tool (RefactorX, Rearchitect, CodeRenew, SmartRefactor) 

d) Analysis Mechanism (Static, Dynamic, Hybrid) 

This full factorial yields 3×3×4×3 = 108 configurations per project; with three repeats each, we performed 

2,592 runs in total. 

3.3 Procedure Overview 
a) Baseline Metrics: Collect cyclomatic complexity, coupling, and code-smell counts via static, 

dynamic, and hybrid analyses. 

b) Restructuring Execution: 

 Manual: 8 hours of developer-led refactoring guided by a standardized checklist. 

 Automated (Rule & AI): 2 hours of tool-driven transformations using default settings. 

c) Post-Refactor Metrics: Repeat analyses to capture improvements. 

d) Developer Survey: Short Likert-scale questionnaire assessing perceived maintainability gains and 

usability. 

3.4 Data Collection 
 Quality Metrics: ΔCyclomatic Complexity, ΔCoupling Between Objects (CBO), ΔCode Smells 

 Overhead Metrics: Tool runtime (seconds), false positives/negatives (validated on 10 % random 

sample) 

 Human Effort: Developer hours (manual) or review time (automated) 

 

Tools used: CodeMetricsPro v2.1 for static measures [16], DynoTrace v3.4 for profiling [17], 

ModelCheck v1.0 for hybrid analyses [18]. 
 
3.5 Statistical Analysis 
We applied paired t-tests (α = 0.05) to detect pre- vs. post-refactor improvements, two-way ANOVA for 

interactions (e.g., Approach × Stage), and Cohen’s d to quantify effect sizes [19]. 

III. RESULTS AND DISCUSSION 
4.1 Comparing Restructuring Methods 

Table 4.1: Method-Wise Improvements and Overhead 

Method 
ΔComplexity 

(%) 
ΔCBO (%) 

Avg. Runtime 

(s) 

Manual –10 –8 3,600 

Rule-Based –18 –12 720 

AI-Assisted –25 –20 900 

a) AI-Assisted achieved the largest reductions in complexity and coupling (p < 0.01, d ≈ 0.9). 

b) Rule-Based showed a strong compromise, trading slightly less improvement for much faster 

execution. 

c) Manual yielded modest gains at a high time cost. 
 
4.2 Analysis Mechanism Overheads 
Average tool times under static, dynamic, and hybrid analyses: 

a) Static: ~200 s 

b) Hybrid: ~600 s 

c) Dynamic: ~1,200 s 

Hybrid checks caught roughly 30 % more issues than static alone while halving dynamic profiling time, 

offering the sweet spot for routine evaluations. 
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4.3 Impact of Lifecycle Stage 
Focusing on AI-Assisted + Hybrid analysis: 

Table 4.2: Impact of Lifecycle Stage on AI-Assisted + Hybrid Setup 

Stage 
ΔComplexity 

(%) 
Significance 

Initial –22 < 0.01 

Major 

Release 
–28 < 0.001 

Maintenance –24 < 0.01 

 

 

Major-release windows delivered the greatest improvements, likely due to well-scoped refactoring 

opportunities. 
 
4.4 Tool-Specific Findings 
Under a representative configuration (Release + Rule-Based + Static): 

Table 4.3: Tool-Specific Code Smell Reduction and FP 

Tool 
ΔCode Smells 

(%) 

FP Rate 

(%) 

RefactorX –30 5 

Rearchitect –25 3 

CodeRenew –35 8 

SmartRefactor –32 6 

 

AI-powered tools (CodeRenew, SmartRefactor) achieved the largest smell reductions but incurred 

slightly higher false positive rates. 
 
4.5 Developer Feedback 

a) AI-Assisted: 88 % of participants rated suggestions as “helpful” or “very helpful.” 

b) Rule-Based: Highest scores for predictability (mean 4.2/5). 

c) Manual: Valued for control but seen as least efficient. 

 

Our study surfaces clear trade-offs: 

 

a) Effectiveness vs. Effort: AI-driven methods deliver superior quality improvements at reasonable 

runtimes, provided teams can allocate ~15 minutes per review. 

b) Speed vs. Reliability: Rule-based tools integrate smoothly into CI pipelines for quick checks, 

though they slightly trail in maximum gains. 

c) Timing Strategy: Major releases are the ideal window for aggressive restructuring; maintenance 

calls for incremental, low-risk tweaks. 

d) Analysis Choice: Hybrid analysis offers the best compromise between catch-rate and runtime cost. 

 

IV. RELATED WORK 

Opdyke’s early refactoring catalog laid a foundation for automated transformations [20]. Survey 

studies have examined rule-based engines [13] and the nascent field of ML-driven refactoring [14], [15]. 

However, these efforts often focus on single methods or small-scale settings. Our work is the first to 

conduct a full-factorial, large-scale comparison across methods, tools, analyses, and lifecycle stages on 

real-world codebases. 
 

V. CONCLUSION AND FUTURE WORK 

We conducted an extensive empirical evaluation of restructuring strategies, revealing that: 

a) AI-Assisted techniques offer the greatest quality improvements with moderate overhead. 

b) Rule-Based methods shine in automated, fast-turn scenarios. 

c) Hybrid analysis strikes the optimal balance between depth and speed. 

d) Timing restructuring around major releases maximizes impact. 
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Future Work: 

a) Extend studies to safety-critical and real-time systems. 

b) Track the long-term effects of restructuring on defect density and maintenance costs. 

c) Explore cross-language transfer learning to broaden AI-driven refactoring capabilities. 
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