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Abstract: Insurance placement — the process by which a broker-submitted risk is matched, priced, negotiated, and bound with 

one or more carriers — remains one of the most complex and judgment-intensive workflows in financial services. Despite heavy 

investment in machine learning, large language models, and intelligent document processing, leading carriers still report that most 

submissions arrive incomplete, brokers face multi-day quote latencies on complex risks, and underwriters spend most of their time 

on administrative triage rather than risk assessment. This paper argues that the limitations of pure neural approaches in placement 

are not problems of model accuracy but of reasoning: the workflow is governed by an intricate lattice of underwriting appetite 

rules, regulatory constraints, treaty conditions, and contract logic that statistical models cannot reliably represent alone. Neuro-

Symbolic AI (NSAI) — the integration of neural learning with explicit symbolic representations such as knowledge graphs, 

ontologies, and logical rules — offers a structurally appropriate solution. We examine four high-impact placement use cases: 

submission intake and triage, appetite matching and clearance, risk classification and exposure assessment, and broker-underwriter 

negotiation support. For each, we show that hybrid neuro-symbolic architectures deliver gains in accuracy, explainability, and 

auditability that pure ML cannot — under the regulatory standards now codified in the NAIC Model Bulletin (2023) and the EU 

AI Act (2024). We then catalogue the principal NSAI integration patterns — knowledge-graph-grounded LLMs, differentiable rule 

injection, ontology-aware retrieval, and symbolic verification — and map each to its placement application. The paper concludes 

that carriers and brokers who treat placement as a neuro-symbolic reasoning problem will achieve durable advantages in 

submission-to-quote velocity, hit ratio, and regulatory defensibility. 
Keywords: Neuro-Symbolic AI, Insurance Placement, Commercial Underwriting, Submission Triage, Knowledge Graphs, 

Explainable AI, Underwriting Appetite, Lloyd's of London, NAIC Model Bulletin, Hybrid AI, Broker Workflow, InsurTech, Risk 

Classification, Symbolic Reasoning 

 

1. INTRODUCTION 

Why Placement Resists Pure Machine Learning 

Insurance placement is the operational heart of the property and casualty (P&C) and specialty markets. It begins 

when a broker prepares a submission package — ACORD forms, statements of values (SOVs), loss runs, engineering 

reports, schedules, narrative — and ends when the risk is bound with one or more carriers on agreed terms. Between 

those endpoints lies a process that, on large commercial and London Market accounts, can involve dozens of email 

exchanges, multiple subscription syndicates, layered coverage structures, bespoke wordings, and weeks of negotiation. 

The economic stakes are substantial. The Lloyd's market alone wrote over £52 billion in gross written premium 

in 2023, and the global commercial insurance market exceeds $850 billion annually. Yet brokers and carriers 
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consistently report the same problem: placement is too slow, too manual, and too fragile. As one commercial property 

underwriting manager put it: "Our team was drowning in submissions. We'd spend half our day just opening emails 

and sorting attachments. By the time we identified the good submissions that matched our appetite, brokers had often 

already placed the business elsewhere" [1]. 

The industry response has been an intense wave of AI investment. Intelligent document processing, large 

language models (LLMs), and ML classifiers are now deployed across submission intake, appetite matching, and risk 

classification. Early results are real but partial. Pure neural approaches excel at extraction — pulling structured fields 

from unstructured PDFs, scanned SOVs, and email bodies — but degrade when the task shifts from extraction to 

reasoning: deciding whether a submission falls within appetite under a multi-clause guideline, determining how a 

treaty restriction affects placement strategy, or explaining to a regulator why a risk was declined. 

This mismatch is not solvable by training larger models on more data. Placement is governed by knowledge 

that is explicitly symbolic: appetite rules expressed as logical conditions, treaty wordings as contractual constraints, 

regulatory requirements as state-by-state mandates, coverage logic as policy clause hierarchies. The architecturally 

appropriate response is to integrate statistical pattern recognition with explicit symbolic reasoning — the field known 

as Neuro-Symbolic AI (NSAI). 

The strategic relevance has shifted from speculative to operational in the past twelve months. In April 2026, 

Duck Creek Technologies launched its Agentic AI Platform with neuro-symbolic reasoning as the foundational 

reasoning layer for its Underwriting Workbench and FNOL applications [2]. EY-Parthenon now markets 

neurosymbolic AI services explicitly for insurance underwriting, claims, and compliance, citing the ability to deliver 

"transparency and rigor" in regulated decisioning [3]. These deployments validate the central premise of this paper: 

the next generation of insurance AI will not be defined by larger LLMs alone, but by hybrid architectures combining 

neural fluency with symbolic correctness. 

CORE THESIS 

Placement is not a classification problem; it is a reasoning problem. The information arrives unstructured, but 

the decision is governed by structured knowledge — appetite rules, treaty conditions, regulatory mandates, and 

coverage logic. Neural networks read the submission. Symbolic systems decide what to do with it. The next decade of 

insurance AI belongs to architectures that do both. 

The remainder of the paper is organized as follows. Section 2 defines neuro-symbolic AI and reviews the 

architectural taxonomies relevant to insurance. Section 3 maps four placement use cases to specific NSAI integration 

patterns with quantified business impact. Section 4 catalogues the principal technical building blocks. Section 5 

addresses the regulatory and governance dimension under the NAIC Model Bulletin and EU AI Act. Section 6 presents 

implementation challenges and a reference architecture. Section 7 concludes with strategic recommendations. 

2. Neuro-Symbolic AI: Definition, Taxonomy, and Insurance Relevance 

2.1 What Neuro-Symbolic AI Is — and Is Not 

Neuro-Symbolic AI combines machine learning methods based on artificial neural networks — including deep 

learning and modern LLMs — with the knowledge representation and reasoning techniques of symbolic AI [4]. Where 

neural systems learn patterns from data, symbolic systems manipulate explicit knowledge — facts, rules, ontologies, 

logical constraints — through deductive inference. The motivating insight of NSAI is that the two paradigms are 

complementary: neural networks handle perception and language well but struggle with explicit reasoning, brittleness, 

and explainability; symbolic systems handle reasoning and explainability natively but cannot learn flexibly from raw 

data. 

Two convergent forces have driven the field's recent acceleration. First, the limitations of pure neural systems 

— LLM hallucination, brittleness under distribution shift, and opacity in regulated domains — have become acute 

enough that hybrid architectures are now seen as engineering necessities rather than research curiosities. Second, 



 

906 

regulatory frameworks in finance, healthcare, and insurance have begun to require explicit explainability of AI 

decisions, which symbolic components provide natively [5]. 

NSAI should be distinguished from two adjacent concepts. It is not retrieval-augmented generation (RAG), in 

which an LLM retrieves textual context from a vector store before generating an answer; RAG augments the neural 

model with text but performs no symbolic reasoning over structured knowledge. It is not agentic AI, in which an LLM 

coordinates tool calls; agents may incorporate neuro-symbolic reasoning, but the agent paradigm itself is orthogonal. 

The defining feature of NSAI is the presence of an explicit symbolic representation — a knowledge graph, ontology, 

logic program, or rule base — that participates in the inference process alongside the neural component. 

2.2 The Kautz Taxonomy and Its Insurance Implications 

The most widely-adopted classification of neuro-symbolic architectures is the taxonomy proposed by Henry 

Kautz in his 2020 AAAI Robert S. Engelmore Memorial Award Lecture, which identifies six distinct architectural 

patterns based on how neural and symbolic components interact [6]. Subsequent surveys have refined and extended 

this taxonomy, but the original Kautz categories remain the lingua franca of the field [7]. For insurance applications, 

three of the six categories are particularly relevant: 

Kautz Pattern Description Insurance Placement Application 

Symbolic[Neuro] Symbolic system calls a neural 

component as a subroutine for 

perception tasks (e.g., text 

extraction, image classification). 

Submission intake: rules engine 

orchestrates LLM-based extraction 

from broker emails, ACORDs, and 

SOVs. 

Neuro|Symbolic Pipeline where a neural component 

produces outputs that a symbolic 

reasoner then operates on, often 

with feedback. 

Appetite matching: LLM 

normalizes submission into a 

structured risk profile; rule engine 

evaluates against the appetite 

ontology. 

Neuro[Symbolic] Symbolic reasoning embedded 

inside the neural network itself — 

typically as differentiable logic 

layers or knowledge-graph-aware 

attention. 

Risk classification: differentiable 

rule constraints injected into 

NAICS classifier loss to enforce 

taxonomy consistency. 

Table 2.1: Three of Kautz's six neuro-symbolic architectural patterns and their applications in insurance 

placement. Categorization adapted from Kautz [6] and the consolidated taxonomy in Hitzler et al. [7]. 

2.3 Why Placement Is a Canonical Neuro-Symbolic Problem 

Placement is, in a precise technical sense, a canonical NSAI use case because the workflow exhibits all three 

motivating characteristics simultaneously. 

• Heterogeneous input under structured constraints: Submissions arrive as unstructured text, scanned forms, 

spreadsheets, and email narrative — perception tasks neural models perform well. But the downstream decision is 

governed by structured constraints: appetite rules, treaty terms, regulatory mandates. Neither paradigm alone spans 

the gap from broker email to bind decision. 

• High-stakes, regulated decisions: Placement decisions affect coverage availability, premium, and consumer 

access — and are increasingly subject to regulatory scrutiny under the NAIC Model Bulletin and similar frameworks. 

Decisions must be explainable in symbolic terms ("the risk was declined because building age exceeds the 50-year 

appetite threshold"), not in terms of neural activations [5]. 

• Sparse, evolving training data: Specialty and London Market risks are characterized by long-tail distributions: 

unusual occupancies, novel exposures, bespoke coverage structures. Pure neural models trained on historical bind data 
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underperform on rare risks. Symbolic knowledge — encoded as appetite rules and underwriting guidelines — captures 

the carrier's intent for risks that have never been seen before. 

3. Four Placement Use Cases: Where Neuro-Symbolic AI Creates Value 

This section examines the four highest-impact applications of NSAI in placement. For each, we establish: (a) 

the business context and failure modes of pure neural approaches; (b) the neuro-symbolic integration pattern most 

appropriate to the use case; (c) documented evidence from current commercial deployments; and (d) the measurable 

business outcome. 

3.1 Submission Intake and Triage 

The Business Context 

Submission triage is the first operational stage of placement and, in most commercial carriers, its largest 

bottleneck. A mid-sized commercial carrier receives between 100 and 1,000 broker submissions per week, peaking 

during renewal seasons. Each arrives as an email with multiple attachments — ACORD forms, SOV spreadsheets, 

loss runs, engineering reports — in inconsistent formats. Industry analysis published in 2026 reports a mid-size 

commercial carrier processing ~3,000 submissions per month found 58% missing at least one mandatory underwriting 

field on first receipt, generating an average of 1.4 broker follow-up touchpoints per submission [8]. 

The consequence of triage delay is severe. Brokers typically submit a risk to multiple carriers in parallel and 

bind with the first acceptable quote. Industry data shows that initial-response speed is among the strongest predictors 

of hit ratio on in-appetite submissions [1][8]. A carrier whose triage cycle takes 48 hours is structurally disadvantaged 

against a competitor whose cycle takes 2 hours, regardless of underlying pricing capability. 

Why Pure Neural Approaches Fall Short 

Modern LLMs and IDP systems can extract structured fields from submissions with reasonable accuracy. The 

challenge is what happens after extraction. A pure neural triage classifier scoring "in-appetite vs. out-of-appetite" has 

three failure modes unacceptable in production: when the model is wrong, it cannot explain why; when appetite 

changes — a carrier withdrawing from a class after adverse loss experience — the change must be made instantly, not 

after the next training cycle; and the model's decisions are not auditable in the form regulators expect under the NAIC 

Model Bulletin, which requires insurers to document how AI systems reach decisions aligned with stated underwriting 

standards [5]. 

The Neuro-Symbolic Architecture 

An effective neuro-symbolic triage system follows the Symbolic[Neuro] pattern. An LLM performs 

classification and field extraction across the submission package, normalizing the broker's input into a structured risk 

record. That record is passed to a rule engine that evaluates it against an explicit, version-controlled representation of 

the carrier's appetite, expressed as logical conditions on risk attributes. The output is a decision — accept for full 

underwriting review, route to a specific unit, request specific missing information, or decline — accompanied by a 

natural-language explanation generated from the symbolic trace. 

This architecture is now in commercial production. Cytora's risk processing platform, deployed across 

commercial P&C, specialty, and London Market carriers, describes its triage layer as a "decision-rule engine [that] 

codifies underwriting appetite into automated triage" with a complete audit trail capturing every routing decision [9]. 

Guidewire's UnderwritingCenter, built on its Agentic Framework, combines LLM-based extraction and 

summarization with explicit "Triage Agent" and "Clearance Agent" components that evaluate risks against 

underwriting guidelines using rule-based logic [10]. Duck Creek's Agentic Underwriting Workbench, launched April 

2026, applies the same architectural pattern with neuro-symbolic reasoning grounded in insurance-specific knowledge 

graphs and operational rules [2]. 

Documented Business Impact 
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Triage Metric Manual / Pure Neural Neuro-Symbolic Triage 

Off-appetite identification at intake ~35–60% at first review [8] >90% at triage [8] 

Broker declination cycle time Days (after UW review) Minutes (with audit trail) 

In-appetite bind rate (Y1 post-

deployment) 
Baseline +22% reported [8] 

Explainability of routing decisions Opaque / post-hoc only Symbolic trace per decision 

Adaptation to appetite changes Model retraining cycle Immediate rule update 

Table 3.1: Submission triage metrics — manual or pure neural baselines compared with documented outcomes 

from neuro-symbolic deployments. Figures from Perceptive Analytics 2026 industry analysis [8] and vendor case data 

[9][10][2]. 

KEY INSIGHT — SUBMISSION TRIAGE 

The triage decision must be both fast and defensible. A pure LLM can be fast but cannot explain itself. A pure 

rule engine can explain itself but cannot read a broker's email. The neuro-symbolic architecture — LLM perception 

orchestrated by symbolic appetite logic — is the only configuration that satisfies both requirements simultaneously. 

3.2 Appetite Matching and Clearance 

The Business Context 

Once a submission is triaged as viable, it enters appetite matching and clearance. Appetite matching determines 

whether the submission aligns with the carrier's stated risk appetite — the explicit set of classes of business, 

geographies, exposure limits, and risk characteristics the carrier will underwrite. Clearance validates that the broker 

is authorized to place the business, that the prospect is not already on another underwriter's desk, and that regulatory 

and sanctions screening are complete. Both are reasoning-heavy: they apply structured rules to structured facts, often 

with significant exceptions and overrides. 

Underwriting appetite in modern commercial insurance is rarely a simple list. A specialty E&O carrier may 

have an appetite defined by dozens of conditional rules: "accept law firms with annual revenue between $5M and 

$100M, excluding firms with prior class-action defense work, excluding firms in jurisdictions X and Y, subject to 

maximum limit of $10M per claim and aggregate exposure cap by zip code." Encoding this complexity in a trained 

classifier requires extensive labeled training data that most carriers do not have for rare classes, and obscures the 

rationale behind a neural network's weights. 

The Neuro-Symbolic Architecture 

Appetite matching is best implemented as a Neuro|Symbolic pipeline: a neural component normalizes the 

submission into a structured risk record, and a symbolic reasoner evaluates that record against an explicit appetite 

ontology. The appetite ontology is a knowledge graph representation of the carrier's appetite: classes of business, 

geographies, exposure types, and the relationships among them, with rules expressed as logical constraints over the 

ontology. 

Knowledge graphs are foundational here. As Hitzler and colleagues describe, knowledge graphs serve as the 

structured representation layer that allows AI to combine learned patterns with explicit relationships — organizing 

information as a network of entities connected by relationships and providing the substrate for symbolic reasoning 

over insurance domain knowledge [4][11]. For a carrier, the appetite knowledge graph typically integrates: a class-of-

business taxonomy (often anchored on NAICS or SIC codes), a geography ontology (states, counties, zip codes, 

catastrophe zones), a coverage ontology (lines of business, sublimits, deductibles), and the carrier's specific appetite 

rules expressed as logical constraints over these entities. 
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The neural component contributes two capabilities: mapping the broker's free-text business description to the 

correct nodes in the class-of-business taxonomy, and predicting a "winnability score" — the probability that a 

submission, if quoted, will bind — based on historical data. The symbolic reasoner combines these neural outputs 

with hard appetite constraints to produce the final decision, with a complete logical trace explaining the outcome. 

Real-World Deployment Evidence 

EY-Parthenon's neurosymbolic AI services, marketed to insurers as of late 2025, describe this pattern: "By 

integrating structured domain knowledge with real-time operational data, it enables smarter decisions on everything 

from facility placement, supply routing to workforce allocation — optimized for specific geographies and market-

specific conditions and restraints" [3]. The firm states the approach is "specific, repeatable and auditable — making it 

especially powerful in complex, high-stakes environments" such as regulated insurance underwriting [3]. 

Duck Creek's April 2026 Agentic AI Platform launch describes the same pattern at platform level. The Agentic 

Intelligence layer is built around an "insurance-native Model Context Repository (MCR) powered by fine-tuned and 

carrier-trained generative AI models (LLM), machine learning, and neuro-symbolic reasoning grounded in insurance 

and carrier specific context, rules, and knowledge graphs" [2]. CEO Hardeep Gulati articulates the rationale clearly: 

the neuro-symbolic foundation creates "agents that operate with full context, governance, traceability and human in 

the loop — so carriers can scale AI with confidence and trust" [2]. 

[ Figure 3.1 ] 

Neuro-Symbolic Appetite Matching Architecture: an LLM-based extraction layer normalizes the broker 

submission into a structured risk record; a symbolic reasoner evaluates the record against the carrier's appetite 

knowledge graph; a winnability scoring model contributes the probabilistic component; the final decision is returned 

with a complete symbolic explanation trace. 

3.3 Risk Classification and Exposure Assessment 

The Business Context 

Accurate classification of the underlying business and exposure is the foundation of every downstream 

placement decision — appetite, pricing, treaty allocation, and policy form selection all depend on it. In commercial 

lines, this means assigning the correct NAICS or SIC code, identifying building occupancy (often via the COPE 

framework — Construction, Occupancy, Protection, Exposure), and characterizing specific exposures (auto fleet 

composition, products manufactured, professional services rendered). 

Misclassification propagates through the entire workflow. A construction risk classified as light commercial 

will receive incorrect rating, may breach treaty limits, and may be placed with a carrier whose appetite excludes the 

actual risk. It is also among the most common sources of post-placement disputes between carriers and brokers, and 

a frequent contributor to underwriting leakage. 

Why Neural Classifiers Alone Fail 

Pure neural classifiers trained on historical submissions perform well on common classes but fail in two 

characteristic ways. First, on rare classes — exotic occupancies, novel manufacturing processes, hybrid business types 

— there is insufficient training data for reliable classification. Second, neural classifiers can produce taxonomically 

inconsistent outputs: a NAICS code incompatible with the building occupancy, or a coverage classification that 

violates the policy form's eligibility rules. These inconsistencies are not detectable by the model itself, because it has 

no representation of the taxonomy's internal logic. 

Differentiable Rule Injection 

The Neuro[Symbolic] pattern addresses both failure modes by embedding symbolic constraints directly inside 

the neural network — typically as differentiable logic layers or rule-based regularization in the loss function. Recent 

research published in early 2026 demonstrates this concretely for financial fraud detection: a hybrid neuro-symbolic 
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classifier injects domain rules ("if transaction amount is unusually high and the feature signature is anomalous, treat 

as suspicious") as differentiable constraints on the training objective, producing a model that matches pure neural 

detection performance while remaining interpretable [12]. The same pattern applies to insurance: rules such as 

"NAICS code 2362 (Nonresidential Building Construction) is incompatible with COPE occupancy class Class 1 

Frame Residential" can be encoded as differentiable constraints that the model is penalized for violating during 

training. 

The result is a classifier whose outputs are guaranteed taxonomically consistent — a property pure neural 

classifiers cannot offer. For rare classes, the symbolic constraints provide an inductive bias that compensates for sparse 

training data, encoding the carrier's knowledge of what classifications are even possible before any data is seen. This 

is the foundation pattern behind risk classifiers in modern commercial carriers. The Doc Chat triage system, deployed 

for large commercial broker submissions, infers "NAICS/SIC/GL classes" using "the full submission context" and 

explains "the rationale with citations" — a hybrid of neural pattern recognition with explicit reference to symbolic 

ground truth [13]. CogniSure AI's commercial submission platform similarly integrates "NAICS code prediction and 

SIC classification for industry risk assessment" with explicit taxonomy-aware logic [14]. 

3.4 Broker-Underwriter Negotiation Support 

The Business Context 

Placement, particularly in the London Market and specialty segments, is fundamentally a negotiation. A broker 

presents a risk; one or more underwriters consider it; terms are negotiated — limits, deductibles, coverage extensions, 

exclusions, premium; lead and follow lines are agreed; the slip is constructed and bound. Even with the digital 

modernization of the market through the Blueprint Two programme and the Placing Platform Limited (PPL), the 

cognitive substance of negotiation — assessing the risk, structuring the deal, balancing competing priorities — 

remains heavily manual [15]. 

The placement of the Titanic in 1912 is the canonical historical illustration. The vessel was insured for 

£1,000,000, and no single underwriter would take the entire risk. Within three days, broker Willis, Faber & Co. fully 

placed it across 12 companies and more than 50 syndicates [16]. The mechanics are now digital, but the core process 

— broker presents, underwriters subscribe to portions of the risk on the lead's terms — remains the foundation of the 

subscription market. 

The Cognitive Load Problem 

Modern Lloyd's underwriters and brokers operate under extreme cognitive load. A single complex commercial 

property renewal can involve multi-location SOVs, layered coverage structures, bespoke wordings, syndicate line 

allocation, and broker negotiations spanning weeks. Critical decisions — risk breakdowns, premium options, 

negotiation positions, available discounts — are frequently made from memory rather than real-time intelligence [17]. 

The result, as Cognizant's AI lab observed in its 2026 analysis of the London Market, is "prolonged placement cycles, 

missed opportunities, and underwriters stretched to their cognitive limits" [17]. 

The Neuro-Symbolic Negotiation Assistant 

A neuro-symbolic negotiation assistant addresses this load by providing both perception and reasoning in real 

time. The neural layer (typically an LLM) listens to or reads the negotiation, transcribes the broker-underwriter 

exchange, and extracts key facts. The symbolic layer reasons over those facts against the carrier's appetite, treaty 

constraints, regulatory rules, and historical pricing logic, surfacing decision support in real time: which coverages are 

within appetite, which discounts are available, what the historical pricing benchmark is for comparable risks, what 

negotiation positions have been successful before. 

Cognizant's "Underwriter of the Future" demo, unveiled in April 2026, illustrates this architecture concretely. 

The system deploys two AI assistants — Sam supporting the underwriter, Alex supporting the broker — each backed 

by an agent network. As the negotiation unfolds, both assistants listen, transcribe, and analyze the dialogue. When an 



 

911 

underwriter asks the assistant to assess the risk and add fire coverage, the system responds with "risk breakdowns, 

premium options, negotiation positions, and available discounts being presented dynamically to the Underwriter" — 

combining neural language understanding with symbolic reasoning over the carrier's underwriting knowledge [17]. 

The business case is significant. In the traditional London Market workflow, a single complex commercial 

property renewal can require weeks of broker-underwriter exchange and days of administrative work before a quote 

even lands [17]. A neuro-symbolic negotiation assistant compresses this cycle by providing instant access to structured 

knowledge — appetite rules, treaty terms, historical comparables — that underwriters previously had to retrieve 

manually, while preserving the underwriter's judgment as the binding decision authority. 

WHY SYMBOLIC REASONING IS NECESSARY, NOT OPTIONAL 

The assistant's recommendations must be defensible. If it suggests "add fire coverage at a 12% premium uplift," 

the underwriter must be able to ask why — and the system must answer in terms of appetite rules, treaty terms, and 

historical data, not neural network outputs. Without the symbolic layer, the assistant is a black box; with it, the 

assistant is a reasoning partner whose recommendations can be audited and overridden with clear understanding of 

the chain. 

4. Technical Building Blocks of Neuro-Symbolic Insurance AI 

Having established the use cases where NSAI delivers business value, this section catalogues the principal 

technical building blocks and connects each to its application context. 

4.1 Insurance Knowledge Graphs 

The knowledge graph is the foundational structured representation in most production neuro-symbolic 

insurance systems. An insurance knowledge graph integrates multiple ontologies: a business classification taxonomy 

(NAICS, SIC, ISO codes), a geography ontology (jurisdictions, catastrophe zones, regulatory regions), a coverage 

ontology (lines of business, policy forms, endorsements), a party ontology (carriers, brokers, MGAs, syndicates), and 

a contract ontology (treaty terms, reinsurance arrangements). Entities carry attributes, and edges encode relationships 

such as "is-a," "located-in," "covered-under," "reinsured-by." 

The graph provides the substrate over which symbolic reasoning operates. As the Springer Nature 

comprehensive review of neuro-symbolic AI published in late 2025 describes, symbolic AI "focuses on manipulating 

symbols, building knowledge graphs, and applying logical inference rules to derive consistent and explainable 

outcomes" [7]. In insurance, this means: when a broker submits a manufacturing risk in a coastal Florida county, the 

knowledge graph allows the system to identify that the risk falls under a specific NAICS subclass, is in a named 

catastrophe zone, is subject to specific Florida state mandates, and may be ineligible under the carrier's wind exclusion 

treaty — all from a single submission. 

4.2 Differentiable Rules and Logic Layers 

Where the knowledge graph provides structure, differentiable rule layers integrate symbolic constraints directly 

into neural model training. The technique, formalized in the literature as "reasoning for learning," introduces symbolic 

priors during training through loss regularization, constrained optimization, or differentiable logic encodings, guiding 

the network toward semantically consistent predictions [7]. For insurance classification, this means encoding rules 

such as taxonomy hierarchies, eligibility constraints, and consistency requirements as differentiable penalties in the 

loss function. 

The practical effect, validated in recent published experiments on hybrid neuro-symbolic fraud detection, is 

twofold: the trained model produces outputs that respect domain constraints by design, and is interpretable in terms 

of which rules activated for any given prediction [12]. In production insurance systems, this enables a classifier that 

cannot, in principle, produce a NAICS-occupancy pair that violates the carrier's taxonomy — a guarantee no purely 

statistical model can offer. 
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4.3 Knowledge-Graph-Grounded Large Language Models 

The integration of LLMs with knowledge graphs is one of the most active areas of applied neuro-symbolic 

research, with direct placement relevance. The pattern — sometimes called "grounded generation" or "KG-RAG" — 

uses the structured knowledge graph as the authoritative source for facts that the LLM then articulates in natural 

language. The educational AI survey published in Springer Nature in early 2026 describes the architecture's purpose 

precisely: knowledge graphs "enable language models to anchor their reasoning in curated and verifiable structures, 

thereby improving the transparency and reliability of generated content" [18]. 

In placement, this pattern is the technical foundation for AI assistants now being deployed in commercial 

workflows. When an assistant generates a triage memo, appetite explanation, or renewal recommendation, the natural-

language fluency comes from the LLM but the factual content — specific appetite rule, historical bind data, treaty 

provision — is retrieved from the structured knowledge graph rather than recalled from parametric memory. This 

eliminates the hallucination risk that has limited LLM deployment in regulated insurance workflows. 

4.4 Symbolic Verification of Neural Outputs 

A complementary pattern, valuable in regulated insurance environments, is symbolic verification of neural 

outputs. Rather than embedding rules into the neural model, this approach lets the model operate freely and then 

validates its outputs against a symbolic rule base before action. An LLM may generate a draft quote letter, but a 

symbolic verifier checks that the quoted terms are within the carrier's authority limits, that coverages are permitted 

under the relevant treaty, and that regulatory disclosures required for the policyholder's state are present. 

This pattern is the foundation of the AI Assurance layer in Duck Creek's Agentic AI Platform, described as 

providing "governance features such as traceability, audit records, monitoring, compliance controls and cybersecurity 

to ensure AI actions can be explained" [2]. It is also the architectural rationale behind the "human-in-the-loop" model 

that all major insurance AI vendors now emphasize: the symbolic verifier identifies cases where the neural output 

requires human review, escalating only genuinely ambiguous cases rather than every decision. 

Building Block Function Primary Placement Application 

Insurance Knowledge Graph Structured representation of classes 

of business, geographies, 

coverages, parties, and contracts 

with their relationships. 

Appetite matching, treaty 

validation, regulatory routing. 

Differentiable Rule Layers Symbolic constraints injected into 

neural model training as loss 

penalties or differentiable logic. 

Risk classification, NAICS/COPE 

consistency enforcement. 

KG-Grounded LLMs Language models that retrieve facts 

from a knowledge graph rather than 

parametric memory before 

generating output. 

Triage memos, appetite 

explanations, broker 

correspondence. 

Symbolic Verification Rule-based validation of neural 

outputs against authority limits, 

treaty terms, and regulatory 

requirements. 

Quote generation, bind decisions, 

regulatory disclosures. 

Table 4.1: The four principal neuro-symbolic building blocks used in production insurance placement systems, 

with their primary applications. These patterns are not mutually exclusive; mature deployments typically combine all 

four. 

5. Regulatory and Governance Dimensions 

5.1 The NAIC Model Bulletin and the Explainability Imperative 
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The regulatory environment for insurance AI has tightened materially since the National Association of 

Insurance Commissioners (NAIC) adopted its Model Bulletin on the Use of Artificial Intelligence Systems by Insurers 

in December 2023 [19]. The Bulletin establishes principle-based expectations: insurers must develop and maintain a 

written program for the responsible use of AI systems making or supporting decisions related to regulated practices; 

robust governance, risk management, internal audit, and written policies must form the core of any AI governance 

program; and insurers must be prepared to demonstrate how AI systems reach decisions in market conduct 

examinations [19][20]. 

Adoption has been rapid. As of March 2025, 24 states had adopted the NAIC Model Bulletin with little to no 

material customization, and the count exceeded half of all states by early 2026 [20][21]. For carriers operating with a 

standard national or regional footprint, the majority of premium exposure now sits in bulletin states, where regulatory 

expectation is principle-based but the examination apparatus is real and actively developing [21]. Beyond the Bulletin, 

state-specific legislation in Colorado (C.R.S. §10-3-1104.9), New York (DFS Circular Letter), and California has 

introduced more prescriptive requirements including bias testing, internal logs, and explainability for adverse 

outcomes [22]. 

5.2 Why Neuro-Symbolic Architectures Are Regulatorily Advantaged 

The structural alignment between NSAI architectures and NAIC Model Bulletin expectations is not coincidental 

— both regulators and the technology community independently identified the same problem: pure neural systems are 

difficult to govern in high-stakes regulated environments because their decision logic is opaque. Neuro-symbolic 

systems address this opacity at the architectural level, not as a post-hoc explanation layer. Three specific advantages 

are directly relevant: 

• Decision traceability is native, not retrofitted. Because the symbolic component reasons over explicit rules, 

every decision produces a logical trace — a sequence of applied rules that led to the outcome. This is the form of 

explanation regulators expect under the Model Bulletin, generated as a byproduct of inference rather than reverse-

engineered through SHAP, LIME, or similar post-hoc methods. 

• Appetite and policy changes are auditable. When a carrier modifies its appetite — withdrawing from a class, 

changing a coverage limit, adding a regulatory exclusion — the change is made by updating the symbolic rule base, 

with full version control and audit history. This is materially easier to evidence to a regulator than retraining a neural 

classifier and demonstrating the new model behaves correctly. 

• Bias surface area is reduced. Algorithmic fairness concerns in underwriting often arise from neural models 

learning subtle correlations with protected attributes from historical data. Neuro-symbolic architectures, by 

constraining neural outputs through explicit symbolic rules about permissible decision factors, reduce the surface area 

through which such correlations translate into adverse decisions. This does not eliminate fairness concerns entirely — 

the symbolic rules themselves must be reviewed — but it makes review tractable in a way that auditing neural weights 

is not [22]. 

5.3 The EU AI Act and the Global Convergence 

The EU AI Act, which entered into force in 2024, classifies many insurance applications — including risk 

assessment and pricing for life and health insurance — as high-risk AI systems subject to specific transparency, 

documentation, and human oversight requirements. For carriers operating internationally or providing reinsurance 

capacity to EU-domiciled insurers, the EU AI Act creates compliance obligations difficult to satisfy with pure neural 

architectures and natively supported by neuro-symbolic ones. 

The convergence between US state-level regulation and EU regulation around explainability and human 

oversight signals this is not a transitory regulatory phase. Carriers that build placement AI on architectures explainable 

by design — rather than systems requiring external explanation tools to be retrofitted — will be structurally better 

positioned for the next decade of regulatory development. 
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6. Implementation Challenges and Reference Architecture 

6.1 The Knowledge Engineering Burden 

The single largest implementation challenge of neuro-symbolic insurance AI is the knowledge engineering 

burden — the work required to encode a carrier's appetite, treaty terms, regulatory requirements, and coverage logic 

into a machine-readable symbolic representation. Unlike a pure neural system that can be trained from historical 

decisions, an NSAI system requires explicit articulation of the rules governing those decisions. For many carriers, this 

is the first time the rules have been written down in a single, consistent form. 

Mature deployments handle this through a hybrid knowledge-acquisition process. Domain experts — senior 

underwriters, treaty specialists, compliance officers — work with knowledge engineers to encode the rules. Where 

the rules are tacit, machine learning is used as a discovery tool: a model is trained on historical placements, its learned 

correlations reviewed by experts, and validated patterns codified as explicit rules. This approach — "rule mining with 

human-in-the-loop validation" — is the practical method by which most production NSAI insurance systems have 

been built. 

6.2 Integration with Core Systems 

Placement AI does not operate in isolation. It must integrate with the carrier's policy administration system, 

rating engine, treaty management system, and document management system. Because these core systems are 

themselves heavily rule-based — encoding product configurations, rating algorithms, and contract logic — neuro-

symbolic placement systems integrate naturally with them. The same knowledge graph that underpins appetite 

matching can extend to the policy admin system's product catalog and the rating engine's risk model. 

Duck Creek's Agentic AI Platform makes this integration explicit: "For Duck Creek core system customers, the 

agentic platform leverages their current data, manuscripts, configurations, and APIs to seamlessly integrate all of the 

core intelligence into agentic experiences" [2]. Guidewire's UnderwritingCenter similarly orchestrates the handoff 

from AI-driven submission and triage to the policy administration system for issuance, with the knowledge 

representation flowing across the boundary [10]. The pattern is general: the symbolic layer in NSAI provides the 

natural integration substrate with the symbolic logic already present in legacy insurance systems. 

6.3 Reference Architecture 

[ Figure 6.1 ] 

Reference Architecture for Neuro-Symbolic Placement AI. Five layers: (1) a perception layer of LLM-based 

document understanding and extraction; (2) a structured representation layer holding the normalized submission 

record; (3) a knowledge layer containing the insurance knowledge graph (classes of business, geographies, 

coverages, contracts, parties); (4) a reasoning layer combining symbolic rule evaluation with neural scoring 

(winnability, pricing); and (5) an assurance layer providing audit logging, explanation generation, and 

regulatory compliance instrumentation. Bidirectional flows allow neural outputs to be verified by symbolic rules, 

and symbolic constraints to guide neural training. 

The reference architecture above reflects patterns observed across all major neuro-symbolic insurance platforms 

in commercial deployment, including Duck Creek's Agentic AI Platform [2], Guidewire's Agentic Framework [10], 

Cytora's risk processing platform [9], and the underwriting capability described in EY-Parthenon's neurosymbolic 

services [3]. Implementation choices vary — knowledge graph technology, level of LLM fine-tuning, rule language 

— but the layered structure and bidirectional neural-symbolic integration are consistent across deployments. 

6.4 Common Pitfalls 

Carriers and brokers approaching neuro-symbolic placement implementations should be aware of three 

common pitfalls. First, treating the knowledge graph as a one-time build rather than a living asset: the graph must be 

maintained as appetite changes, treaties renew, and regulations evolve, and this maintenance must be resourced as an 
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ongoing operational discipline. Second, over-engineering the symbolic layer: not every decision requires symbolic 

reasoning, and forcing simple decisions through complex rule chains adds latency and brittleness without business 

benefit. Third, under-investing in human-in-the-loop interfaces: the value of an explainable AI system is realized only 

when the explanations are presented in a form underwriters and brokers can act on, which requires careful product 

design beyond the technical reasoning capability. 

7. CONCLUSION AND STRATEGIC RECOMMENDATIONS 

7.1 The Strategic Imperative 

This paper has argued, across four placement use cases, that neuro-symbolic AI is the architecturally appropriate 

foundation for the next generation of placement systems. The argument is not that neural systems are unimportant — 

they are essential for the perception and extraction tasks that dominate the front end of the workflow. It is that the 

reasoning tasks dominating the back end — appetite matching, classification consistency, treaty validation, negotiation 

support, regulatory compliance — are not amenable to pure neural approaches, and the architectural solution is the 

integration of neural and symbolic components. 

The commercial market has already validated this thesis. Within the past twelve months, every major P&C core 

systems vendor has announced or shipped a neuro-symbolic platform: Duck Creek's Agentic AI Platform with neuro-

symbolic reasoning [2], Guidewire's UnderwritingCenter with rule-based Triage and Clearance Agents [10], Cytora's 

decision-rule-engine-based risk processing [9], and the underwriting AI services from EY-Parthenon and other 

consulting firms [3]. That these vendors converged independently on neuro-symbolic architectures — without 

coordinating, and without using identical terminology — is strong evidence the architecture is responding to a real 

structural requirement of placement. 

7.2 Recommendations for Insurance Technology Leaders 

Based on the analysis presented, this paper advances the following recommendations for insurance CIOs, Chief 

Data Officers, Heads of Underwriting, and broking technology leaders: 

• Treat the knowledge graph as a strategic asset. The most durable competitive advantage emerging from 

neuro-symbolic placement is the carrier-specific or broker-specific knowledge graph encoding appetite, treaty terms, 

coverage logic, and regulatory mappings. This graph is more difficult to replicate than any specific model, and its 

quality compounds over time. Invest in knowledge engineering as an organizational capability, not a project line item. 

• Build explainability in, not on. Explainability requirements under the NAIC Model Bulletin, EU AI Act, and 

state-specific frameworks are tightening, not relaxing. Architectures producing explanations natively — through 

symbolic reasoning traces — are materially easier to evidence to regulators than architectures relying on post-hoc 

explanation over neural models. Make architectural choices now that will satisfy the regulatory environment five years 

from now. 

• Match the architecture pattern to the use case. Different placement use cases call for different neuro-symbolic 

patterns. Submission triage is best served by Symbolic[Neuro] orchestration; appetite matching by Neuro|Symbolic 

pipelines; risk classification by Neuro[Symbolic] differentiable rule injection. Forcing all placement AI into a single 

pattern produces brittle systems; matching pattern to problem produces resilient ones. 

• Resist the LLM-only temptation. LLMs are remarkable, and recent improvements in RAG have reduced 

hallucination. But placement is a domain where the cost of a wrong decision is high, decisions must be defensible to 

regulators, and the underlying knowledge is heavily structured. Pure LLM deployments in placement will continue to 

be limited by these factors; neuro-symbolic deployments will not. 

• Plan for human-in-the-loop, not human-out-of-the-loop. The most effective neuro-symbolic placement 

systems escalate genuinely ambiguous cases to underwriters while resolving clear cases automatically — with 

explanations underwriters can audit and override. Build the product, not just the model. 
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• Build the cross-functional team. NSAI requires a hybrid skill set few insurance technology organizations 

have today: knowledge engineers who understand insurance domain logic, ML engineers who can train and deploy 

neural models, and platform engineers who can integrate the two. Hiring or developing this team is the binding 

constraint on most carriers' ability to execute on the architectural opportunity. 

7.3 Future Research Directions 

Several research directions are particularly important for the maturation of neuro-symbolic insurance AI. First, 

the development of shared insurance ontologies — analogous to the role NAICS plays for business classification — 

would substantially reduce duplicated knowledge engineering across carriers and brokers. ACORD's existing data 

standards provide a starting point, but a richer semantic representation suitable for symbolic reasoning is needed. 

Second, the systematic empirical study of fairness properties of neuro-symbolic insurance models — how constraints 

introduced by symbolic rules interact with statistical patterns learned by neural components — deserves dedicated 

attention; recent work has begun this analysis in the related context of fraud detection but the insurance underwriting 

setting has its own specific fairness considerations [12][22]. Third, federated neuro-symbolic architectures — enabling 

brokers and carriers to share structured knowledge for placement without violating data governance constraints — 

represent a substantial opportunity for market-wide improvement. 

The carriers, brokers, and MGAs that invest now in neuro-symbolic placement architectures — not as 

experimental research, but as the architectural foundation of their next-generation platforms — will accumulate three 

compounding advantages: faster submission-to-quote velocity, higher hit ratios on in-appetite business, and stronger 

regulatory defensibility under the evolving compliance environment. Those that defer this investment, or build on 

pure neural foundations alone, will find themselves rebuilding within a regulatory and commercial environment that 

increasingly rewards architectures designed for reasoning, not just pattern matching. 

8. CLOSING OBSERVATION 

The placement process has never been a pure data problem. It is a reasoning problem — about appetite, 

contracts, regulation, risk. AI architectures that respect this fundamental character of the workflow will scale; 

architectures that ignore it will plateau. Neuro-symbolic AI is the technical name for an approach implicit in good 

underwriting practice for a century: combine the pattern recognition of experience with the discipline of explicit rules. 
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