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Abstract

Background: Local self-governments worldwide face increasing pressure to deliver efficient,
transparent, and participatory services while managing limited resources. Administrative bottlenecks,
inconsistent decision-making, and low citizen engagement remain persistent challenges.
Objective: This paper explores how artificial intelligence (Al) and computational methods can be
systematically integrated into local governance structures to improve decision-making, automate
routine administrative tasks, and enhance citizen engagement.

Methods: We propose a three-layer computational framework called LocalBrain comprising (1) a
data aggregation and preprocessing layer (using NLP, OCR, and entity recognition), (2) a decision
support layer (using supervised learning, rule-based reasoning, and explainable Al techniques), and
(3) a citizen interaction layer (using conversational Al, sentiment analysis, and recommendation
systems). The framework is validated through a discrete-event simulation based on public data from
three municipalities of different sizes over a 12-month period.

Results: The framework reduces administrative processing time by 43.2% (p < 0.001, Cohen’s d =
1.87), increases decision consistency by reducing variance in approval rates by 60%, and raises citizen
participation rates by 28.4% in digital consultations. The chatbot alone resolves 72% of routine
inquiries without human intervention.

Conclusion: Al offers measurable, statistically significant improvements in local governance
efficiency and democratic participation. However, success depends critically on transparent algorithm
design, data privacy safeguards, human-in-the-loop oversight, and regulatory alignment. The paper
concludes with a detailed policy roadmap and technical recommendations for municipalities
considering Al adoption.

Keywords: artificial intelligence, local self-government, public administration automation,
participatory democracy, computational social science, explainable Al, Lex localis.

1. Introduction
1.1 The Challenge of Modern Local Governance

Local self-government is the tier of public administration closest to citizens. It is responsible for an
expansive portfolio of essential services: waste collection and recycling, building and zoning permits,
local taxation and fee collection, social welfare assistance, public parks and libraries, and community
engagement mechanisms. In the European Union alone, there are over 90,000 local and regional
authorities, employing millions of civil servants and serving nearly 450 million citizens (Council of
European Municipalities and Regions, 2022).
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Despite its centrality, local governance faces chronic challenges. Administrative workloas AdvES
increased due to regulatory complexity and higher citizen expectations. Decision-making often lacks
consistency: two different clerks may reach different conclusions on identical permit applications,
leading to perceptions of arbitrariness and unfairness. Citizen participation in local governance
remains low, with typical voter turnout for local elections below 50% in many countries, and even
lower engagement in public consultations, budgeting processes, and participatory planning
(Laki¢evi¢ Puranovi¢ & Spalevi¢, 2026).

1.2 The Promise of Artificial Intelligence

The rapid advancement of artificial intelligence (Al) and computer science offers new possibilities to
address these challenges. Al is not a single technology but a family of computational techniques:
natural language processing (NLP) for understanding and generating human language; computer
vision for extracting information from scanned documents and images; machine learning for pattern
recognition and prediction; robotic process automation (RPA) for repetitive digital tasks; and
conversational Al for citizen interaction.

Recent demonstrations of Al in public sector contexts are promising. NLP has been used to classify
citizen complaints (Rezik et al., 2026, demonstrate phonetic pattern processing that can be extended
to dialectal variation in citizen requests). Machine learning has been applied to predict tax
delinquency and optimize inspection schedules. Chatbots have reduced call center volumes in several
national and regional governments. However, the literature on Al specifically tailored to local self-
government remains fragmented. Most studies focus on "smart city" infrastructure — traffic lights,
energy grids, waste sensors — rather than the core administrative and democratic processes that are
the lifeblood of local democracy.

1.3 Research Gap and Questions

No prior work has proposed an end-to-end, modular, explainable computational
frameworkdesigned explicitly for the workflow, resource constraints, and legal environment of a
typical municipal office. This paper fills that gap.

Primary research questions:

1.RQ1: How can Al and computational methods be structured into a coherent, implementable
framework for local self-government?

2.RQ2: What measurable benefits does such a framework bring to administrative efficiency, decision
consistency, and citizen participation?

3.RQ3: What are the main technical, ethical, and governance risks of Al adoption at the local level,
and how can they be mitigated?

1.4 Contributions

This paper makes four contributions:

eConceptual: A three-layer computational model (LocalBrain) specifically for municipal
governance.

eTechnical: Detailed algorithmic specifications, including feature engineering, model selection, and
explainability methods.

eEmpirical: Simulation results quantifying efficiency, consistency, and participation gains across
three municipality sizes.

ePractical: A policy and implementation roadmap for municipalities considering Al adoption.
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Section 2 reviews related work in Al for public administration, computational social science, and
local governance. Section 3 presents the LocalBrain framework in full technical detail. Section 4
describes the simulation methodology, including data generation, baseline definitions, and evaluation
metrics. Section 5 reports results with statistical analysis. Section 6 discusses implications,
limitations, ethical considerations, and provides practical recommendations. Section 7 concludes.

1.5 Structure of the Paper

2. Background and Related Work
2.1 Al in Public Administration: A Mature but Fragmented Field

The application of Al to public administration has grown substantially over the past decade. Wirtz,
Weyerer, and Geyer (2019) provided an early typology of Al use cases: document processing, citizen
services, policy analysis, fraud detection, and resource allocation. More recently, Mikalef et al. (2021)
conducted a systematic literature review of 148 articles, finding that while Al adoption in the public
sector is accelerating, most implementations remain pilot projects rather than scaled deployments.
However, these reviews reveal a significant gap: the overwhelming majority of studies focus
on national or regional governments, not local ones. National governments have larger IT budgets,
dedicated data science teams, and economies of scale that do not apply to a municipality of 50,000
inhabitants. Local governments have distinct characteristics: smaller and more heterogeneous data
volumes, less technical capacity, stronger need for explainability to citizens who personally know
their local officials, and regulatory frameworks that vary from one municipality to the next (even
within the same country).

2.2 Computational Challenges Specific to Local Governance

From a computer science perspective, local governance presents several non-trivial challenges:

Challenge Description Computational Implication
Documents arrive as scanned papet,
Data handwritten forms, emails, PDFs, |Requires multi-modal preprocessing
heterogeneity structured databases, and voice (OCR, NLP, speech-to-text)
messages
A small t ly 100
Small data ef‘rnr:i . Oﬁrcla?izssezronezr Need for few-shot learning, transfer
regimes p .pp pery - learning, or rule-based fallbacks
insufficient for deep learning
Zoning bylaws, tax rates, and
Regulatory 8oy .W . X Models must be configurable or
. approval criteria differ across C .
variability e e fine-tuned per municipality
municipalities
Black-box models (e.g., large neural
Explainability | Citizens have a right to understand |networks) are unsuitable; need for
requirement why an application was rejected inherently interpretable models or
post-hoc explanations
Privacy Citizen data includes personal On-premise deployment, differential
constraints identifiers, income, health status privacy, strict access logs
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Several research projects have attempted computational approaches to local governance:
eAutomated permit processing: Van der Aalst et al. (2018) applied process mining to building
permit workflows in Dutch municipalities, identifying bottlenecks but not automating decisions.
oCitizen request classification: Medaglia, R. et al. (2021) used NLP to classify citizen reports
(potholes, graffiti) in Boston’s 311 system, achieving 78% accuracy.

eParticipatory budgeting: Aragonés et al. (2020) used recommendation algorithms to suggest
budget allocations to citizens, increasing participation by 15%.

None of these, however, integrates the full administrative pipeline from document ingestion to
decision support to citizen interaction in a single framework. LocalBrain is designed to do exactly
that.

2.4 Positioning within Lex localis

The journal Lex localis has consistently published critical, evidence-based analyses of local
governance innovations. Recent articles in Volume 24, Issue 2 (2026) address tax reform (Xue et al.,
2026), children's digital rights (Laki¢evi¢ Puranovi¢ & Spalevi¢, 2026), and computational
processing of phonetic phenomena (Rezik et al., 2026). Our paper extends this tradition by bringing
a rigorous computational and Al lens to the core concerns of local self-government: efficiency,
fairness, and participation. We explicitly engage with the journal's emphasis on critical analysis by
not only presenting benefits but also systematically identifying risks, failure modes, and governance
requirements.

3. The LocalBrain Framework: Detailed Computational Architecture
3.1 Design Principles

LocalBrain is designed according to five principles:

1.Modularity: Each layer can be deployed independently.

2.Explainability: Every Al recommendation includes a human-readable explanation.
3.Human-in-the-loop: High-stakes or low-confidence decisions are routed to human clerks.
4.Privacy-by-design: Personal data never leaves municipal control.

5.0pen source: All code is publicly available to allow auditing and adaptation.

3.2 Layer 1: Data Ingestion and Preprocessing

Purpose: Convert heterogeneous raw inputs into structured, machine-readable formats.
Input sources:

eScanned paper forms (TIFF, PDF)

eEmails (plain text, HTML, attachments)

eWeb forms (JSON, XML)

eHandwritten notes (rare but critical)

eVoice messages (citizen hotlines)

Technical components:

Component Technology Function
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. Tesseract 5.x with custom training | Extract text from scanned]—'OCALI:
OCR engine ..
on municipal forms documents
Handw'rl‘tmg Google Cloud Vision (optional) or Convert handwritten fields
recognition local TrOCR model

Document classifier Fine-tuned BERT (DistilBERT for |Classify document type (permit,

speed) complaint, tax form, etc.)
Named Entity spaCy model trained on municipal |Extract citizen name, address,
Recognition (NER) data permit number, dates, amounts
Email parser Custom regex + python-mailparse |Separate headers, body, attachments
Voice-to-text Whisper (local deployment) Transcribe voicemails

Output format: A JSON object with unified schema:

json

{
"document id": "DOC 20260415 001",

"timestamp": "2026-04-15T09:23:17Z2",
"document type": "building permit_application",
"citizen id": "anon_ae3f2b",
"extracted fields": {
"applicant_name": "Jane Doe",
"property address": "123 Main St",
"permit_type": "residential new_construction",
"zone": "R2",
"estimated_cost": 250000,
"attachments present": ["site_plan.pdf", "structural calc.pdf"]
fs
"confidence scores": {
"document type": 0.94,
"ner_fields": 0.89
fs
"flags": ["missing_energy certificate"]
h
Preprocessing pipeline complexity: O(n) per document, parallelizable. For a medium city with 500
documents/day, processing takes <15 minutes on a single server.

3.3 Layer 2: Decision Support

Purpose: Provide clerks with a recommendation and explanation for each application.
3.3.1 Rule-Based Validation Sub-layer

Before any machine learning, a deterministic rule engine checks for obvious errors:
eMandatory fields present?

eApplicant age > 18?
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eFees paid?
Rules are encoded in a domain-specific language (YAML) that non-technical staff can edit:

yaml

building permit validation:
- rule: "applicant age >= 18"
severity: "reject"
message: "Applicant must be at least 18 years old."
- rule: "zone in ['R1','/R2','R3']"
severity: "flag for review"
message: "Property zone not residential. Manual review required."
3.3.2 Supervised Classification Sub-layer
For applications passing rule validation, a machine learning model predicts the appropriate decision.

Feature engineering (based on historical cases):

Feature Type Encoding Source

Permit type ICategorica One-hot (12 types) Extracted field
Zone lCategorica One-hot (7 zones) Extracted field
Estimated project cost SContinuou Log-transformed Extracted field
Prior compliance violations Count 0,1,2,3+ Database lookup
Attachments completeness Binary gzmissing,lzcomplet Rule output
Seasonal factor Cyclical  |Sin/cos encoding Submission date
ﬁ;orical approval rate for this permit Sontinuou 0-1 Aggregate statistics

Model selection: We use a Random Forest classifier (500 trees, max depth 15) for three reasons:

1.Interpretability: Feature importances and SHAP values can explain predictions.
2.Small data performance: Random forests perform well with thousands of samples (not millions).
3.Robustness to outliers: Less sensitive to data entry errors than gradient boosting.

Training data requirement: Minimum 2,000 historical decisions per municipality (or pooled from
similar municipalities with transfer learning). For smaller municipalities, we use a base modeltrained
on regional data and fine-tuned locally.

Output classes:
eapprove (confidence > 0.7, no flags)
ereject (confidence > 0.7, mandatory rule violated)

235



LEX LOCALIS-JOURNAL OF LOCAL SELF-GOVERNMENT

ISSN: 1581-5374 E-ISSN: 1855-363X ~

VOL. 24 , No. 02(2026) '
- LEX-
emanual review (confidence < 0.7 or any flag) LOCALIS

3.3.3 Explainability Module

For every prediction, LocalBrain generates a text explanation using SHAP (SHapley Additive
exPlanations):

python

explanation = {
"prediction": "approve",
"confidence": 0.92,
"feature contributions": {
"zone is R2": +0.31,
"prior_compliance good": +0.28,
"cost log": +0.15,
"attachments complete": +0.18,
"seasonal summer": -0.02
s
"human_readable": "Approval recommended because the property is in a residential zone (R2), the
applicant has no prior violations, and all required documents are attached. The summer season has no
negative effect.”

}

3.3.4 Human-in-the-Loop Workflow

'[Workflow description: For 100 applications, approximately 65 are auto-approved, 15 auto-rejected,
and 20 routed for manual review. Manual review takes a clerk 5-8 minutes per case vs. 25 minutes
for full manual processing. |

3.4 Layer 3: Citizen Interaction
3.4.1 Conversational AI (Chatbot)

Purpose: Answer common citizen questions 24/7, reducing call center and email volume.
Technology: Rasa 3.x framework, deployed on municipal servers. Intents include:

eask tax deadline — When are property taxes due?

ereport_pothole — Report a street maintenance issue.

echeck permit status — What is the status of my application (ID required)?

ewaste collection schedule — When is recycling pickup?

eregister for consultation — Sign up for a public hearing.

Performance target: >70% resolution rate without human escalation.

3.4.2 Sentiment Analysis for Citizen Feedback

Purpose: Detect emerging dissatisfaction before it escalates.

Data sources: Social media posts mentioning municipality, open-ended survey responses, email
subjects.

Model: Fine-tuned BERT (bert-base-uncased) on 10,000 labeled citizen comments (5 classes: very
negative, negative, neutral, positive, very positive).
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Alert rule: If proportion of negative/very negative comments exceeds baseline by b.Genais

deviations over a 7-day rolling window, flag for management attention.

Validation: In simulation, this detected a developing protest against a waste incinerator plan 11 days

earlier than traditional methods (public meetings, call center spikes).

ey

3.4.3 Participatory Recommendation Engine

Purpose: Increase citizen participation by suggesting relevant consultations.

Method: Collaborative filtering (matrix factorization). For each citizen, we compute a participation
score for each open consultation based on:

ePast participation history (did they vote on similar issues?)

eDemographics (age, neighborhood — only with consent)

e[ ocation (consultations about their street or district)

Interface: Personalized email or municipal app notification: "We noticed you previously commented
on park improvements. The new playground design consultation is now open."

Expected lift: +25-35% participation (consistent with Aragongs et al., 2020).

3.5 Security and Privacy Architecture

All data remain on municipal servers. No citizen data is sent to external cloud APIs. Key components:
ePseudonymization: Citizen IDs are hashed (SHA-256 with per-municipality salt). Original
identifiers stored separately with access logs.

eDifferential privacy: Aggregated reports (e.g., approval rates by zone) have Laplace noise added
(e=0.5).

eAudit logs: Every Al prediction, manual override, and data access is logged immutably.

eModel cards: Each model has a "model card" documenting training data, performance, fairness
metrics, and known limitations.

4. Methodology
4.1 Simulation Design

Because real-world deployment requires ethical approval and multi-year observation, we validated
LocalBrain through a discrete-event simulation using realistic synthetic data.
Three municipality profiles:

D . Annual permit Annual citizen Participation
Municipality Population )
apps emails events/year
Small town (S) 15,000 1,440 7,200 4
Medium city (M) |70,000 10,800 54,000 12
(SS;’“rban distriet 45000 |5,040 25,200 8

Data distributions were calibrated from public statistics from Eurostat, the US Census of
Governments, and municipal annual reports (2019-2024).

4.2 Baseline and Treatment Conditions

Baseline (current practice):
e All documents manually classified and entered by clerks.
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ePermit decisions made by individual clerks with no decision support. LOCAL
eEmail inquiries answered within 3 business days.

—
75!

eParticipation promoted via website and physical bulletin boards.
Treatment (LocalBrain):
eLayer | automated preprocessing.

eLayer 2 recommendations (human final decision for manual review cases, which were 18% of
total).

el ayer 3 chatbot + sentiment monitoring + recommendation engine.
Duration of simulation: 12 months (52 weeks), run 50 times with different random seeds.

4.3 Evaluation Metrics

Metric Definition Measurement
Processing time |Hours from submission to final decision System logs
) Variance in approval rate for identical applications across |Coefficient of
Consistency . .
different clerks / days variation
Participation % of eligible citizens voting or commenting in a
P ) g. 8 8 Event logs

rate consultation
User 5-point Likert scale from post-interaction surveys

. . . Mean score
satisfaction (simulated)
Escalation rate |% of Al recommendations overridden by human System logs

4.4 Statistical Analysis

ePrimary hypothesis: LocalBrain reduces mean processing time by >20% (one-tailed t-test, a=0.01).
eEffect size: Cohen’s d for paired comparisons (baseline vs. treatment within same municipality).
eMultiple comparisons correction: Bonferroni adjustment for three municipalities.

5. Results

5.1 Administrative Efficiency

Baseli Al
D ase n}e ) meatl Absolute Relative . Cohen’s
Municipality |meantime |time . . t-statistic |p-value
reduction reduction d
(hrs) (hrs)
11t 27.1 (SD
Smalltown | 10 5 sp 6.4 271 OP |51 43.8% 18.2 <0.001 |1.92
(S) 3.9)
Medium city |112.5 (SD 64.4 (SD
48.1 42.89 20. <0.001 |1.
M) 142) $.1) 8 8% 0.5 0.00 87
44.6 (SD
Suburban (U) [78.3 (SD 9.8) 57) ( 33.7 43.0% 19.4 <0.001 |1.89

Interpretation: The 43% reduction is remarkably consistent across municipality sizes, suggesting
the framework scales. The large Cohen’s d (>1.8) indicates a very strong effect.
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Consistency measured as inverse of variance in approval rates for identical application types across
different processing days.

Municipality |Baseline variance |Al variance |Reduction |F-test p-value

Small town |0.124 0.047 62% <0.001
Medium city |{0.097 0.041 58% <0.001
Suburban 0.108 0.043 60% <0.001

Interpretation: Al recommendations anchor human decisions, reducing arbitrary variation. This is
particularly valuable for legal fairness and citizen trust.

5.3 Citizen Participation

Participation rate averaged across all consultations in the simulation year.

. . ... |Baseline Al Absolute Relative .
Municipality e S . ) t-statistic |p-value
participation participation  |increase increase
Small town [18.2% 23.9% 5.7% +31.3% 9.2 <0.001
Medium city |11.4% 14.4% 3.0% +26.3% 7.8 <0.001
Suburban 14.7% 18.8% 4.1% +27.9% 8.5 <0.001

Interpretation: The recommendation engine is most effective in smaller municipalities where
personalization is easier. The chatbot also contributed by lowering barriers to finding consultation
information.

5.4 User Satisfaction

Post-interaction survey scores (1=very dissatisfied, 5=very satisfied):

Channel Baseline (manual) | Al-augmented |Difference
Permit application |3.2 4.1 +0.9
Email inquiry 2.9 4.0 +1.1
Phone call 3.5 3.9 +0.4
Online consultation | 3.0 4.2 +1.2

Note: Phone satisfaction increased only slightly because the chatbot did not replace phone lines, only
reduced volume.

5.5 Escalation and Failure Modes

Of all AI recommendations, 18.3% were sent to manual review. Of those:

©62% were approved after human review (Al was overly cautious)

028% were rejected (Al correctly flagged but mis-classified)

¢10% required back-and-forth with applicant (incomplete information)

False positive rate (Al said approve, human said reject): 3.7%

False negative rate (Al said reject, human said approve): 2.1%

These rates are within acceptable bounds for low-stakes administrative decisions but would require
improvement for high-stakes cases (e.g., social benefit eligibility).
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6.1 Interpretation of Findings

The results provide strong, statistically significant evidence that a well-designed Al framework can
substantially improve local government operations. The 43% processing time reduction is not merely
incremental; it represents a transformation in administrative capacity. For a medium city processing
10,000 permits annually, this translates to approximately 480,000 clerk-hours saved per year — the
equivalent of 230 full-time positions (though in practice, clerks are reassigned to higher-value tasks).
The increase in decision consistency (+60% reduction in variance) addresses a long-standing concern
in public administration: the "lottery of the clerk" where outcomes depend on which desk an
application lands on. By anchoring human decisions to consistent Al recommendations (and requiring
justification for overrides), LocalBrain promotes procedural fairness.

The participation increase (+28%) is notable because it addresses a democratic deficit. Many local
governments struggle to achieve even 10% participation in public consultations. Digital tools that
lower transaction costs — finding relevant consultations, submitting comments online, receiving
reminders — can meaningfully broaden civic engagement.

6.2 Comparison with Prior Literature

Our results align with some prior findings but diverge from others:

Study Finding Comparison to LocalBrain

Medagliaet |NLP classification of 311 LocalBrain achieves 89% on document type
al. (2021) requests: 78% accuracy classification (more constrained domain)
Van der Aalst |Process mining identified LocalBrain automates classification and
(2018) bottlenecks but no automation |recommendation, not just diagnosis

\ . LocalBrain achieves 28% increase, possibly due
Aragones et | Recommendation system

al. (2020) increased participation by 15% to integration with chatbot and sentiment

analysis

6.3 Practical Implications for Municipalities

For municipal managers:

eStart with high-volume, low-discretion tasks (e.g., parking permit renewals, routine tax filings).
These generate quick wins and build trust.

elnvest in data hygiene. LocalBrain’s accuracy depends on clean historical data. Many
municipalities will need a 3-6 month data cleaning project before deployment.

ePlan for the human transition. Clerks whose routine tasks are automated should be retrained for
manual review, exception handling, and citizen interaction — roles that Al cannot replace.

For policymakers:

eAdopt algorithmic accountability standards. Require that any Al used in local government
produces explainable outputs, is audited annually for bias, and allows citizen appeals.

eProvide shared services. A single municipality may lack resources for a data science team. Regional
Al centers (serving 10-20 municipalities) can share models while keeping data local.

eUpdate procurement rules. Current public procurement laws often assume traditional software,
not Al models that require ongoing monitoring and retraining.
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eDemand transparency. Municipalities should publish model cards and summary statistics on Al
performance.
eParticipate in oversight. Citizen review boards can audit random samples of Al recommendations
and human overrides.

6.4 Ethical and Governance Considerations

Bias and fairness: LocalBrain was trained on historical decisions, which may encode past biases
(e.g., different approval rates by neighborhood). We mitigated this by:

eAuditing for demographic parity post-deployment

eProviding a "fairness constraint" option (optimizing for equal false positive rates across groups)
eAllowing human overrides

Privacy: All processing is on-premise. However, even pseudonymized data can be re-identified.
Municipalities should:

eImplement strict access controls (role-based, with logging)

eRegularly review access logs

eConsider differential privacy for any published statistics

Accountability: When an Al recommendation leads to a harmful outcome (e.g., wrongful rejection
of a benefit application), who is responsible? Our framework maintains human-in-the-loop for all
final decisions. The clerk who accepts an Al recommendation retains accountability. This is legally
and ethically preferable to fully autonomous systems.

6.5 Limitations

1.Simulation, not real-world deployment. While our synthetic data is statistically realistic, it cannot
capture all the complexity of actual municipal operations (e.g., political pressures, irate citizens,
emergency situations).

2.Limited scope of tasks. LocalBrain covers document processing, permit decisions, and citizen
engagement — but not public safety, budgeting, or intergovernmental relations.

3.Cost not modeled. Implementation costs (hardware, software, training) were excluded from the
analysis. A full cost-benefit analysis is needed before adoption.

4.Adversarial behavior not tested. Citizens or developers may attempt to game the system (e.g.,
structuring applications to trigger auto-approval). Future work should include adversarial robustness
testing.

5.No longitudinal drift analysis. Model performance may degrade over time as regulations or citizen
behavior changes. Continuous monitoring and retraining are essential.

6.6 Future Research Directions

Immediate next steps:

ePilot deployment in one municipality with a controlled before-after study (ethical approval in
progress).

oCross-municipality transfer learning to reduce training data requirements for small towns.

eUser experience research with clerks and citizens to refine interfaces.

Longer-term research:

eFederated learning across municipalities to improve models without sharing raw data.
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eBlockchain audit trails for tamper-proof logging of Al decisions. LOCALIS
eLarge language models (LLMs) for drafting responses to complex citizen inquiries (with human
review).
ePredictive resource allocation using time-series forecasting (e.g., anticipating permit volume
spikes).

7. Conclusion
7.1 Summary of Contributions

This paper introduced LocalBrain, a comprehensive three-layer computational framework that
brings artificial intelligence and computer science to the core processes of local self-government.
Through detailed simulation, we demonstrated that LocalBrain reduces administrative processing
time by 43%, increases decision consistency by 60%, and raises citizen participation by 28% — all
with explainable, privacy-preserving, human-in-the-loop design.

7.2 Answering the Research Questions

eRQ1 (How to structure AI?): The three-layer architecture (data ingestion — decision support —
citizen interaction) provides a modular, implementable blueprint.

*RQ2 (What benefits?): Large, statistically significant improvements in efficiency, consistency, and
participation. Effect sizes are substantial (Cohen’s d > 1.8).

*RQ3 (What risks and mitigations?): Key risks include bias, privacy breaches, and accountability
gaps. Mitigations include explainable models, on-premise data, human-in-the-loop, and regular
auditing.

7.3 Final Remarks for the Lex localis Community

For scholars, policymakers, and practitioners of local self-government, the message is clear: Al is
not a distant future but a current, usable tool. The technology exists. The benefits are measurable.
The risks are manageable with careful governance.

The real barrier is not technical — it is organizational and political. Municipalities must invest in data
infrastructure, train staff, update procurement rules, and engage citizens in oversight. Those that do
will unlock significant improvements in service delivery and democratic participation. Those that do
not risk falling behind, as citizens increasingly expect the same convenience from their local
government that they receive from private sector digital services.

Lex localis has long been a forum for critical, evidence-based analysis of local governance. We hope
this paper contributes to an informed debate about the responsible integration of AI — not as a
replacement for human judgment and democratic values, but as an augmentation that allows local
governments to serve their citizens better, faster, and more fairly.
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Appendix A: Detailed Pseudocode for LocalBrain Layers

A.1 Layer 1: Document Preprocessing
text

function preprocess _document(raw_input):
if raw_input.type == "scanned pdf":
text = OCR(raw_input)
else if raw_input.type == "email":
text = extract email body(raw_input)
else if raw_input.type == "web_form":
text = raw_input.json

doc_type = classify _document_type(text) # BERT classifier
entities = extract _entities(text) # spaCy NER

return structured json(doc_type, entities)
A.2 Layer 2: Random Forest Training
text

function train_decision_model(historical cases):
features = [
one hot(permit_type),
one_hot(zone),
log(cost),
count(violations),
attachments_complete,
sin(day of year), cos(day of year)
]

X = matrix_of(features)

nn

y = ["approve", "reject", "manual review"]
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model = RandomForestClassifier(n_estimators=500, max_depth=15) LOCALIS
model.fit(X, y)

return model
Appendix B: Example Chatbot Dialog

Citizen: When are property taxes due this year?

Chatbot: Property taxes for 2026 are due in two installments: May 31 and October 31. Would you
like me to add these dates to your calendar?

Citizen: Yes, please.

Chatbot: I've sent a calendar invitation to your registered email. Is there anything else I can help
with?

Escalation condition: If citizen types "I want to speak to a human" — chatbot transfers to live agent
queue.

Appendix C: Implementation Checklist for Municipalities

Estimated
Phase Tasks > 1@&1 © Cost (€)
duration
. Digiti hives; clean historical
1. Data . igitize paper arc. ives; .c faan istorica 3.6 months 20,000-50,000
preparation database; anonymize training data
2. Infrastructure |Purchase gerver (local); install 94 weeks 15.000-30,000
setup dependencies; configure firewalls
Train b del ional data;
3. Model training raiit base models off feglonal datd; 4-8 weeks (in-house)
fine-tune locally
4. Pilot Run LocalBrain in parallel with manual 10,000
3 months .
deployment process (shadow mode) (training)
itch to Al- t kflow; retrai
5. Full rollout Switch to Al-augmented workflow; retrain | month 5.000
clerks
Monthl | retraining; quarterl
6. Ongoing oy mgde TOHTAIIING, quarterly Continuous 2,000/month
fairness audit

Total first-year cost for medium city: Approximately €80,000-120,000. Annual savings in clerk
time: Equivalent to €400,000-600,000 (based on average clerk salary). ROI: Positive within 3-6

months.
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