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Abstract

The rapid evolution of artificial intelligence has driven demand for specialized computing architectures,
with open-source Al chip development emerging as a critical alternative to proprietary solutions. This
research presents a meta-analysis of open-source Al chip development ecosystems through systematic
analysis of 127 academic publications and 43 industry projects spanning 2015-2024.

The study employs mixed-methods combining quantitative meta-analysis with qualitative thematic
analysis. Analysis reveals significant disparities between academic and industry approaches, with
academic projects demonstrating higher innovation rates (u = 2.3 novel architectures per project) but
lower commercial viability scores (u = 3.2/10) compared to industry initiatives (L = 1.4 and 6.8
respectively, p < 0.001). Design tool effectiveness analysis—evaluated against a seven-dimension
rubric encompassing learnability, documentation quality, PPA closure, community support, license
constraints, CI/CD integration, and reliability—identifies critical gaps, with open-source EDA tools
achieving 73% feature parity compared to commercial alternatives.

The research contributes: (1) a PRISMA-conformant systematic review framework; (2) an included-
studies evidence table linking major claims to primary sources; (3) a seven-dimension scoring rubric
for EDA tool assessment; and (4) evidence-based recommendations for improving design tool
effectiveness.

Keywords: Open-source hardware, Al accelerators, design tools, meta-analysis, neural processing
units, EDA evaluation, PRISMA

‘N

Volume 10. Issue I. June 25

LIOTHM



mailto:ijotm@utamu.ac.ug

Introduction

1.1 Background and Motivation

The artificial intelligence revolution has transformed computational requirements across industries,
driving demand for specialized hardware architectures optimized for machine learning workloads.
Traditional processors struggle to meet Al application demands, leading to dedicated Al accelerators
and neural processing units. This shift has catalysed significant investment in custom silicon
solutions, with the global Al chip market projected to reach $227 billion by 2030.

Open-source Al chip development has emerged as a compelling alternative to proprietary solutions,
offering transparency, collaborative innovation, and reduced barriers to entry. Notable initiatives
include OpenTitan, Google's open source TPU designs, and various university-led neural processing
developments. These platforms enable rapid prototyping, facilitate academic research, and promote
innovation through community-driven development.

However, the transition presents unique challenges in electronic design automation tools and
verification methodologies. Traditional commercial EDA tools carry prohibitive costs and impose
workflow constraints, leading to numerous open-source design tools whose comprehensive evaluation
remains fragmented across disparate studies.

1.2 Research Questions

This research addresses four fundamental questions: (RQ1) What characteristic patterns and success
factors distinguish effective open-source Al chip projects? (RQ2) How do open-source design tools
compare against commercial counterparts across a standardised multi-dimension rubric? (RQ3) What
differences exist between academic and industry approaches, and how do they impact outcomes?
(RQ4) What evidence-based recommendations can improve open-source design tool effectiveness
and ecosystem maturity?

1.3 Contributions

This research contributes:

(1) a PRISMA-conformant systematic search protocol with explicit inclusion/exclusion criteria;

(2) an Included Studies table (Table 2.2) linking each major claim to primary empirical evidence;

(3) a seven-dimension EDA tool scoring rubric (Table 5.0);

(4) the first large-scale meta-analysis synthesising 127 publications and 43 industry initiatives; and
(5) actionable recommendations for improving ecosystem sustainability.

1.4 Paper Organisation

Section 2 reviews related work and presents the Included Studies table. Section 3 describes PRISMA -
compliant methodology. Section 4 analyses the ecosystem landscape. Section 5 evaluates design tools.
Section 6 presents meta-analysis results. Sections 7-9 discuss findings, future directions, and
conclusions.
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2. Related Work

2.1 Open-Source Hardware Development Methodologies

Open-source hardware development has evolved from maker communities to sophisticated
frameworks producing complex integrated circuits. Chen et al. (2023) demonstrated federated models
achieve 2.3 times higher contributor engagement than centralised approaches across 47 open-source
hardware projects. Rodriguez and Park (2022) showed sponsored projects achieve faster time-to-
market but reduced innovation diversity.

2.2 AI Accelerator Architectures in Academic Literature

Academic research has produced diverse Al accelerator designs. Dominant paradigms include
dataflow architectures (Eyeriss, NVDLA), systolic arrays (Google TPU variations), and
neuromorphic approaches (Intel Loihi, IBM TrueNorth). Liu and Zhang (2024) analysed 47 academic
systolic array designs, identifying optimal configurations and consistent area-delay trade-offs.

2.3 Industry Open-Source AI Chip Projects

Industry participation reflects diverse strategies. Google's TPU v1 release enabled academic research
while retaining competitive advantages. Intel's RISC-V participation ensures ecosystem
compatibility. Government-funded initiatives (European Processor Initiative) prioritise sovereignty
over commercial considerations.

2.4 Design Tool Evaluation Studies

Patel et al. (2023) found open-source synthesis tools achieve comparable RTL optimisation on IWLS
benchmarks but significant gaps remain in physical design on advanced technology nodes. Zhang and
Kim (2023) surveyed 312 practitioners, finding integration overhead consumes 20—40% of project
time—directly informing the CI/CD dimension of the rubric in Section 5.

Table 2.1: Classification of Related Work by Category and Methodology

Category Methodology Key Studies Primary Focus
OSH .
Case Study Chen et al. (2023) Collaboration models

Development
Academic Systematic Liu & Zhang Desien patterns
Architectures Survey (2024) ELp

. C ti Rodri & Park .
Industry Projects Ai;rg :irsa Ve ( 2(()) 2r215)guez A Business models
Design Tools Benchmarking Patel et al. (2023)  Performance metrics
[
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Table 2.2: Included Studies — Evidence Traceability Table

This table explicitly links each major quantitative claim to its primary evidence source.

Author/Y | Tool/E t

Hehor poLECosyste Sample Key Metrics = Key Result
ear m
Chen etal. Federated N=47 Contributor  Federated models yield 2.3x
(2023) OSH Model projects engagement  higher engagement vs centralised
Rodri Time-to-

odniguez Sponsored N=34 Hmetto Sponsored faster to market but
& Park OSH Projects rojects market, lower innovation diversit
(2022) ! pro) diversity Y
Liu & . . . . .
Zhan Systolic Array N=47 PPA metrics,  Optimal configs identified;

g Designs designs reusability consistent area-delay trade-offs
(2024)
N=28 D

Patel et al.  Yosys vs benchmar QoR (area, Synthesis within 10-15% QoR;
(2023) Synopsys DC ks timing) physical design gap 25-40%
Zh N=312

_ang & Open-Source .. Adoption Integration overhead: 20—40% of
Kim EDA UX practitione barriers roject time
(2023) rs pre)
Martinez
& Ecosystem N=127 Maturity, Rapid evolution challenges
Thompson Evolution pubs validity longitudinal validity
(2024)
Wang &

ang Geographic N=170 S5-yr European projects 78% active vs
Johnson e L .
(2023) OSH Trends initiatives  sustainability  54% North American

ingh Meta-
IS)I:gis & Bias anZla is Funnel, p=0.061; trim-fill adjusts

A%

(2024) Assessment et 4 Egger d=0.42—0.38
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3. Methodology

3.1 PRISMA-Conformant Literature Search Strategy

This study employed a systematic literature search following PRISMA 2020 guidelines across IEEE
Xplore, ACM Digital Library, SpringerLink, and arXiv (January 2015-December 2024). Search terms
combined Al descriptors with hardware and open-source indicators. Inter-rater reliability: Cohen's
kappa = 0.87. Validation against an expert-identified reference set (Martinez & Thompson, 2023)
achieved 94% recall.

Figure 3.1: PRISMA 2020 Flow Diagram — Systematic Literature Search

Identi-
fication

Duplicates removed
n = 906

Records after duplicate removal & title / abstract screening
n = 2,941 retained

Excluded (irrelevant /
no open component)

n=2,529

Full-text articles assessed for eligibility
n=412

Eligibility

Excluded after full-text

Studies included in meta-analysis
127 academic publications + 43 industry projects
Total n =170
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Table 3.0: PRISMA Flow Summary

PRISMA
Action Count

Stage

. . Records found: IEEE Xplore, ACM DL, SpringerLink,
Identificat 3,847
CIHHCAtON o Xiv (Jan 2015-Dec 2024) ’

Screening Duplicates removed; title/abstract screened 2,941 retained

Eligibility Full-text. assessec.iz requiretc, e@pirical evaluation or 412 assessed
substantial technical contribution

Included Final corpus: academic publications + industry project 127 +43 =
reports 170

Table 3.1: Inclusion and Exclusion Criteria

Type Criterion

Inclusion Peer-reviewed or documented industry project (2015-2024)

Inclusion Addresses open-source Al chip design, EDA tools, or hardware ecosystem
Inclusion Reports empirical evaluation, benchmarks, or substantial implementation
Inclusion English language; accessible full text

Exclusion Purely theoretical proposals with no implementation or evaluation
Exclusion Closed-source/proprietary designs with no open components

Exclusion Duplicate reports of the same project without new data

Exclusion Workshop abstracts <4 pages with insufficient methodological detail

[
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3.2 Data Collection Framework

Data extraction followed a two-stage process using standardised templates. Categories included study
characteristics, methodological approaches, quantitative results, and qualitative observations.

Table 3.2: Data Extraction Template

Field Category Specific Fields Validation Method

Study Characteristics ~ Author, Year, Venue, Database Cross-reference verification

Design type, Sample size,

Methodolo Statistical power calculation
24 Technology node pow "
Outcomes Performance metrics, Effect sizes ~ Unit conversion verification
) ) Risk of bias, Reportin )
Quality Indicators P g Independent dual scoring

completeness

3.3 Meta-Analysis Approach and Effect-Size Definitions

Random-effects models (DerSimonian—Laird estimator) accounted for between-study heterogeneity.
Effect sizes: standardised mean differences (SMD/Cohen's d) for continuous outcomes; odds ratios
(OR) for categorical comparisons. Heterogeneity assessed via Cochran's Q, I? index, and tau-squared
(t%). Publication bias examined via funnel plot and Egger's regression test (a=0.05). Trim-and-fill
applied where asymmetry detected. All analyses used R 4.3.1 with the metafor package (Kumar et al.,
2022).

Equation 3.1 — Cochran's Q: Q = X(w; x (0; — 0)?), where wi is the inverse-variance weight for study
i and 0 is the weighted mean effect.

3.4 Quality Assessment Criteria

A ten-point quality assessment scale evaluated methodological rigour and reporting completeness
(CONSORT-adapted checklist). Independent scoring by two reviewers achieved substantial
agreement (Cohen's k¥ = 0.84; Singh & Davis, 2024).

4. Open-Source Al Chip Ecosystem Analysis

4.1 Project Landscape Overview

The ecosystem identified 127 distinct projects meeting inclusion criteria. Temporal distribution
reveals a foundational period (2015-2018) averaging 8.75 projects/year (totalling 35), an expansion
phase (2019-2021) with 47 new initiatives, and a maturation phase (2022-2024) averaging 15
projects/year (totalling 45) as the community shifted toward production-ready implementations.
Geographic distribution: North America 42%, Europe 28%, Asia 23%, other regions 7%. RISC-V
[
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Figure 4.1: Timeline of Open Source Al Chip Projects (2015-2024)
Geographic: N. America 42% - Europe 28% - Asia 23% - Other 7% - RISC-V based: 38%
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Figure 4.1: Timeline and Phase Analysis of Open-Source AI Chip Projects (2015-2024)

Figure 4.2: Geographic Distribution and 5-Year Sustainability Analysis

5-¥ear Sustainability 5-¥ear Sustainability
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of 127 Projects
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Figure 4.2: Geographic Distribution (left) and 5-Year Sustainability by Category/Region (right)

4.2 Academic vs Industry Project Characteristics

Academic projects emphasise architectural innovation (78% introduce novel paradigms) with smaller
budgets ($2.3M over 3.5 years). Industry projects demonstrate larger resource commitments ($15.2M
over 2.1 years) focusing on market viability. Innovation patterns show complementarity: academic
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projects generate 2.3 times more novel concepts (Chen et al., 2023) while industry achieves 1.8 times
better performance-per-area (Rodriguez & Park, 2022).

Figure 4.3: Academic vs Industry Project Characteristics (Radar) — ac3demic

= Industry

Community Commercial
Adoptign iability

Sustainab
(5-yr)

ime-to-
Market

Figure 4.3: Radar Chart — Academic vs Industry Project Characteristics Across Six Dimensions

Table 4.1: Enhanced Comparison Matrix of Academic and Industry Projects

Dimension Academic Industry Significance
Innovation Rate 2.3 concepts/project 1.0 concepts/project p < 0.001
Commercial 3.2/10 6.8/10 <0.001
Viability ' ' p=5
Community

: 145 users 1,247 users p <0.001
Adoption

>
i
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Dimension Academic Industry Significance

Avg. Budget $2.3M /3.5 yr $152M /2.1 yr p <0.001
5-Year

3 710 <0.001
Sustainability % /o p
Novel Arch.
P;r:lfligr:; 78% of projects 23% of projects OR=3.12

4.3 Collaboration Patterns and Community Structure

Analysis identified 234 collaborative relationships among 127 projects. University-industry
partnerships: 42%; distributed governance: 45%; corporate-sponsored: 24%. Knowledge transfer
occurs through 67 key boundary-spanners contributing to multiple projects. Community size analysis
reveals critical thresholds: >100 contributors correlates with 89% sustainability; <20 contributors with
only 31%.

4.4 Licensing and IP Management Strategies

License selection shows diversity: permissive licences (Apache, BSD, MIT) 47%, copyleft (GPL
variants) 31%, hybrid strategies 22%. Patent policies include defensive strategies (34%) and patent-
free approaches (28%; Chen & Rodriguez, 2024).

5. Design Tool Effectiveness Analysis

5.0 EDA Tool Evaluation Rubric

Prior evaluations relied on ad hoc criteria, impeding cross-study comparisons. We introduce a seven-
dimension scoring rubric (Table 5.0) developed from practitioner survey responses (N=312, Zhang &
Kim, 2023), benchmarking methodology (Patel et al., 2023), and ISO/IEC 25010 software quality
models.

Table 5.0: Seven-Dimension EDA Tool Scoring Rubric

Weig | Score 1-3 Score 4—6 Score 7-10

E le Metri
ht (Low) (Med) (High) xample Metric

Dimension

Some .
) Extensive docs, .
Steep curve,  tutorials; Time-to-first-

Learnability  10% interactive

no tutorials moderate synthesis
) demos
on-boarding
. o . .
Documentati 1970 S arse, Partial Comprehensive, Docs coverage;
[
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Dimension Weig @ Score 1-3 Score 4-6 Score 7-10 Example Metric
ht (Low) (Med) (High) P
on outdated coverage, versioned, last-updated date
some community-
examples maintained
<15% gap on
>40° 15409 WNS
PPA Closure ~ 25% Comr/; b e % | standard o m}i‘;ea’ powet
gap benchmarks
20-100
Community 15% <20 contrib., contrib., >100 contrib., GitHub stars,
Support °  inactive monthly <48 hr response  commit frequency
activity
. - Copyleft Permissive
Llcense‘ 10% Restrictive/u with (Apache/MIT/B OSlI-approved;
Constraints nclear . patent grant
exceptions  SD)
N Basic CI Full CI/CD
CI/CD © asie ™D R Pipeline pass rate;
. 10%  automated limited regression,
Integration coverage %
tests coverage Docker
Occasional
. Ceastonal production-
Reliabilit 15% Frequent issues, rade. tacoed MTBF; release
y crashes workaround 5 0o 188 cadence
releases

S

Weights sum to 100%. PPA = Power, Performance, Area. Two independent reviewers; Cohen's k =
0.84.

Equation 5.1 — Tool Effectiveness Score: TE = 0.10-L + 0.15-D + 0.25-P + 0.15-C + 0.10-Lic +
0.10-CI + 0.15'R, where L=Learnability, D=Documentation, P=PPA Closure, C=Community,
Lic=License, CI=CI/CD Integration, R=Reliability.

5.1 Tool Categories and Usage Patterns

Analysis categorised 89 distinct open-source EDA tools. Logic synthesis is dominated by Yosys (67%
of projects). Physical design shows the most pronounced maturity gap, with OpenROAD providing a
comprehensive framework but a 25-40% PPA deficit versus commercial tools (Patel et al., 2023).

11
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Table 5.1: Open-Source EDA Tools by Design Stage

. . Maturity Commercial .

Design Stage Primary Tools Level Gap Adoption Rate
High-Level

1ELEVe HLS4ML, CIRCT Medium 35-45% 73%
Synthesis
Logic Synthesis  Yosys, ABC High 10-15% 94%

) ) OpenROAD, . o o

Physical Design DREAMPlace Medium 25-35% 62%
Verification Verilator, sby High 5-10% 87%

5.2 Quantitative Analysis Results

Applying the rubric yields an overall TE distribution with mean 6.2/10 (6=2.1). Category results:
verification highest (u=7.4), logic synthesis strong (u=7.1), physical design lowest (u=4.8). Open-
source tools achieve 73% feature parity overall: verification 91%, synthesis 85%, physical design
58%.

Figure 5.1: Distribution of Tool Effectiveness Scores by Category

10 4

S
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S "7 1 o
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7 S SO . R | _ . = = 1=

6 =5
5 e
= —
]
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& =
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2 ° °

Verification Logic Synthesis High-Level Physical Design
(Verilator, sby) (Yosys, ABC) Synthesis (OpenROAD, DREAMPlace)

Figure 5.1: Box Plot — Tool Effectiveness Score Distribution by Category (n=89 tools)
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Figure 5.2: Open Source EDA Feature Parity by Tool/Stage

100 4

Overall avg 73%

58%
B =85% parity
I 70-84% parity
Hl <70% parity
Gap to commercial

Feature Parity vs Commercial Tools (%)

Formal Simulation Logic HLS Placement Full PnR
Verification (Verilator) Synth. (HLS4ML) (DREAMPIlace) (OpenROAD)
(sby) (Yosys)

Figure 5.2: Open-Source EDA Feature Parity vs Commercial Tools by Stage/Tool

Table 5.2: Comparative EDA Tool Scores (Seven-Dimension Rubric)

PPA C
Lear  Doc : °M | Jicens CI/C | Reliabili TE
Tool Stage Parit muni
n. S e D ty Score
vty
Logic
Yosys 8 ~85% 9 ISC 8 8 7.1/10
R Physical
gfg DeZiS;a 6  ~65% 7 BSD-3 7 6 4.8/10
HLS4 Apache
R0
. HLS 6 7 68% 6 o 6 6 5.5/10
ilat ificati
Z:“a ZE“ featt 8 ~91% 8 LGPL 8 8 7.4/10
Formal
sby Vot 6 7 ~88% 6 ISC 7 7 7.0/10
DREA Pl
aceme 5 ~70% 5 BSD 5 5 4.6/10

MPlace nt

|
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Scores are per-dimension ratings (1-10). TE = weighted composite per Equation 5.1. PPA parity vs
Synopsys DC / Cadence Innovus on IWLS 2005 benchmarks. Community scores based on GitHub
activity, Q4 2024.

5.3 Qualitative Assessment of User Experience

Analysis of 312 practitioners (Zhang & Kim, 2023) reveals cost as the primary adoption driver (78%
cite licensing reduction), but integration challenges consume 20—40% of project time. Only 34% of
tools provide comprehensive documentation. These findings informed the weighting of
Documentation (15%) and CI/CD (10%) dimensions in the rubric.

6. Meta-Analysis Results
6.1 Cross-Study Statistical Analysis

Meta-analysis synthesised 127 studies using random-effects models. The overall pooled effect size
for commercial versus open-source tools was d=0.42 (95% CI: 0.31-0.53, p<0.001), indicating
moderate commercial superiority. Synthesis tools showed the smallest gap (d=0.18), physical design
the largest (d=0.67). Academic projects demonstrated higher innovation rates (OR=2.84) while
industry achieved better commercial viability (SMD=1.76).

Figure 6.1: Forest Plot — Effect Sizes Across Included Studies
(Commercial vs Open Source Tool Performance; Random-Effects Model)

=

'
1
]
1
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1
1
1
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Liu & Zhang (2024) — PPA: Systolic Arrays 1
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1
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1
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| d=0.42 I Pooled effect (d=0.42, 95%Cl: 0.31-0.53)
1
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Figure 6.1: Forest Plot — Effect Sizes Across Included Studies (Random-Effects Model; d = 0.42,
95% CI: 0.31-0.53)

6.2 Heterogeneity Assessment

Cochran's Q=156.3 (df=126, p<0.001); I>=67% indicating meaningful between-study variation;
1=0.031 (DerSimonian—Laird). Meta-regression identified publication year (B=—0.021, p<0.01) and
geographic origin as significant moderators. Tool category explained 43% of observed heterogeneity.

6.3 Subgroup Analysis

Academic projects introduced novel concepts in 68% of cases vs 23% for industry (OR=3.12).
Industry projects scored 7.2 on commercial viability vs 2.8 academic (Cohen's d=2.34). European
projects exhibit 78% 5-year sustainability (Wang & Johnson, 2023). Community size critical
thresholds: >100 contributors — 89% sustainability; <20 contributors — 31%.

Table 6.1: Summary Statistics by Project Category

Category Innovation Rate Commercial Viability | Sustainability (5 yr)
Academic 23+1.1 32+1.8 34%
Industry 1.1+£0.7 6.8+1.4 71%
Government 1.8+0.9 45+2.1 58%

6.4 Publication Bias Assessment

Funnel plot examination revealed asymmetrical patterns. Egger's regression test was borderline
significant (p=0.061). Trim-and-fill estimated 12 missing studies; adjusted pooled effect d=0.38 vs
observed d=0.42 — a 10% reduction. Sensitivity analyses excluding low-quality studies (score <5/10)
yielded d=0.40 (95% CI: 0.28—-0.52), supporting robustness.

15
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Figure 6.2: Funnel Plot for Publication Bias Detection
(Egger's test p=0.061; trim-fill: 12 imputed studies)
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Figure 6.2: Funnel Plot for Publication Bias Detection (Egger's test p=0.061; 12 trim-fill imputed
studies)

7. Discussion

7.1 Key Findings and Implications

The meta-analysis reveals moderate commercial tool advantages (d=0.42, adjusted d=0.38 after bias
correction). The academic-industry contrast (innovation 2.3 vs 1.1 concepts/project; viability 3.2 vs
6.8/10) highlights fundamental tensions between innovation and practicality, suggesting collaboration
opportunities. Tool effectiveness analysis (73% feature parity) demonstrates achievement in mature
domains (verification 91%) but substantial gaps in complex areas (physical design 58%).

Table 7.0: Claim—Evidence Linkage Summary

Major Claim Supporting Evidence Source(s)

Federated models: 2.3 x

contributor engagement
| |
>
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Major Claim Supporting Evidence Source(s)

Academic projects: 2.3x This study §6.3; Liu &

Innovation meta-analysis (OR=3.12) Zhang (2024)

more novel concepts

73% overall EDA feature = 89-tool benchmarking; category Patel et al. (2023): §5.3
parity breakdown

Physical design: 25-409
ysical desigh /o IWLS benchmark vs Synopsys ICC2 Patel et al. (2023)

PPA deficit
Integrati head: 20— Zh Kim (2023);
festd lfm oYer - Practitioner survey N=312 ang & Kim ( )
40% project time §5.4
>100 contributors — 89% Community size suberoun analvsis This study §6.3; Wang
N u ze subgrou
sustainability Y Eroup Y & Johnson (2023)
European projects: 78% ) Wang & Johnson
hic 5-
vs N. American 54% Geographic 3-yr subgroup (2023); §6.3

Tech. leadership r=0.81

i Pearson correlation across project set ~ This study §7.4
with success

Publication bias: adjusted
d=0.38 vs 0.42

Singh & Davis (2024);

Trim-and-fill; Egger p=0.061 §6.4

7.2 Ecosystem Maturity and Evolution Patterns

The ecosystem progressed through foundational experimentation, an expansion phase with industry
participation and government funding, and a current consolidation phase focused on production-ready
implementations. Maturity varies: verification tools highest, logic synthesis intermediate, physical
design least mature.

7.3 Tool Gaps and Improvement Opportunities

Physical design automation represents the most critical gap (25-40% PPA deficit; Patel et al., 2023).
Integration challenges consuming 20—40% of project time (Zhang & Kim, 2023) suggest that
standardised tool interoperability — addressed through the CI/CD rubric dimension — could provide
greater ecosystem benefit than marginal individual tool improvements.

7.4 Success Factors for Open-Source AI Chip Projects

Analysis identifies sustained funding (>3 years — 4.2x higher success probability), technical
leadership quality (r=0.81), and community investment (22% of resources) as critical factors. Industry
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Figure 7.1: Success Factor Correlation Heatmap
(Higher r = stronger positive association with outcome dimension)
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Figure 7.1: Success Factor Correlation Heatmap — Pearson r Between Key Factors and Outcome

Dimensions
Table 7.1: Success Factor Analysis Matrix
High-I t Low-I t
Success Factor 1g. mpac 0“,’ mpac Correlation
Projects Projects
Funding Duration 48412 1.6+0.7 r=0.73%*%
(years)
Technical Leadership 82411 43418 = 0.8 %
Score
Community
22 £5% 8 £3% r=0.69%**
Investment (%)

7.5 Limitations and Threats to Validity

Selection bias from published literature may underrepresent unsuccessful projects (partially addressed
by trim-and-fill; §6.4). Measurement validity concerns arise from evaluation metric heterogeneity.
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Generalisability is limited to RISC-V and neural accelerator domains. Causal inference is precluded
by the correlational nature of the evidence (Martinez & Thompson, 2024).

8. Future Research Directions

8.1 Emerging Trends and Technologies

Quantum-classical hybrid computing presents opportunities for open-source exploration.
Neuromorphic computing diversity suggests community-driven standards development could be
valuable. Edge Al ultra-low-power requirements and in-memory computing with emerging memory
technologies require partnerships addressing manufacturing constraints.

8.2 Recommended Methodological Improvements

Future meta-analyses should adopt the standardised seven-dimension rubric (Table 5.0) for robust
comparative replication. Pre-registration of systematic review protocols (e.g., via PROSPERO) would
reduce outcome-reporting bias. Longitudinal designs could capture ecosystem evolution patterns
missed by cross-sectional approaches (Rodriguez & Wang, 2023).

8.3 Policy and Funding Implications

Strategic funding with longer commitments (5—7 years) could address sustainability challenges
evidenced by community-size thresholds (§6.3). Infrastructure investment in shared fabrication and
cloud-based EDA could reduce barriers. International cooperation frameworks could leverage
complementary regional strengths (Wang & Johnson, 2023).

9. Conclusions

9.1 Summary of Contributions

This research provides the first comprehensive PRISMA-conformant meta-analysis of open source
Al chip ecosystems, synthesising 127 publications and 43 industry projects. The Included Studies
table (Table 2.2) explicitly links all major quantitative claims to primary evidence. The seven-
dimension EDA tool scoring rubric (Table 5.0) provides a replicable evaluation framework. Critical
benchmarks established: 73% overall feature parity, clear academic-industry trade-offs, and
community-size sustainability thresholds.

9.2 Practical Implications

Project leaders should emphasise technical leadership (r=0.81) and community investment (22% of
resources). Tool developers should prioritise physical design PPA closure (Table 5.2) and CI/CD
integration to reduce the 20-40% integration overhead documented by Zhang and Kim (2023).
Funding agencies can optimise allocation based on geographic sustainability patterns and critical
community thresholds (§6.3).

9.3 Final Remarks

The open-source Al chip ecosystem has matured from experimental projects to production-ready
initiatives increasingly influencing Al hardware development. The quantitative evidence assembled

here—grounded in transparent inclusion criteria, standardised effect-size definitions, rubric-based
|
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tool evaluation, and explicit claim-to-evidence linkage—provides a reproducible foundation for
future research (Zhang & Lee, 2024).
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