
Ab s t r ac t
Domain-specific AI systems that replace a general-purpose language model are achieving heights of performance that 
can be from 20% to 50% better by using fine-tuning of the AI using industry specific data. For multiple industries (such as 
healthcare, finance, manufacturing, retail, legal, agriculture) the industry has achieved significant transformative results 
(i.e. higher diagnostic accuracy and fewer instances of fraud). This article describes a modular architecture, to support 
the improvement of these results, incorporating the following components: data lake, LoRA adaptation, Multi-Agent 
Orchestrating Architecture for the Deployment of AI hybrid edge-cloud solutions. Additionally, the article outlines a 
six-stage pipeline that takes disparate data from the major industries and uses it to create Autonomous Expert Systems 
which can provide a substantial return on investment to businesses in a short period of time. The article discusses the 
advancements in federated learning and explainability in the coming years that will allow for the broad acceptance by 
businesses by 2027 and for the widespread application of Technology. It is expected that in the years between 2027 and 
2030 there will be dramatic improvements in the field of Domain Specific AI due to the introduction of Multimodal World 
Models, Specialized Agent Swarms, and Quantum Enhanced Training. As such Residents & Stakeholders of the business 
sector should be aware of the importance of developing proprietary data assets for competitive advantages over their 
competitors in the rapidly changing landscape of domain-specific AI.
Keywords: LoRA Adaptation, Multi-Agent Orchestrating Architecture, AI Hybrid Edge-Cloud, Autonomous Expert Systems,  
Multimodal World Models, Specialized Agent Swarms, and Quantum Enhanced Training 
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In t r o d u c t i o n
Healthcare and finance sectors are anticipated to undergo 
a signif icant transformation as a result of ongoing 
advancements in artificial intelligence (AI) technologies. With 
these advancements, it will be possible to identify critical 
issues at an earlier stage (e.g., Sepsis, Fraudulent Trades) in 
any given system and make informed decisions based on the 
data collected and processed through AI. By the year 2027, it 
is estimated that more than 50% of all corporate generative 
AI solutions will now be focused on specific domains vs. the 
less than 1% of generative AI solutions in 2023 will have done 
so. The obvious advantages of having domain-specific AI 
versus generic AI models will provide an even greater degree 
of accuracy within practical uses of LLMs.

The effectiveness of domain-specific AI on improving 
LLMs will come through fine-tuning LLMs against industry-
specific knowledge and procedures, thus resulting in a better 
understanding of greater complexity and context compared 
to generically trained LLMs. Additionally, domain-specific 
AI uses data from proprietary sources (medical records, 
transaction logs, etc.) and has developed techniques such 
as Retrieval-Augmented Generation and fine-tuned training 

over large label datasets that have resulted in superior 
accuracy with regards to interpreting medical notes.

The current architecture of domain-specific AI is 
leveraging a number of efficient techniques for modifying 
pre-existing LLMs, thus reducing the computational 
expense involved. A Cloud Service Provider plays a vital role 
in providing access to pre-trained models and providing 
the tools necessary for securely managing regulated data. 
Furthermore, specialized systems are created to comply with 
the unique needs of the Industry by overcoming the inability 
of generically trained LLMs to meet regulatory challenges. 
Lastly, there continues to be challenges regarding the need 
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for segregated and reliable data, which presents numerous 
privacy issues. Nevertheless, there are innovations available, 
such as Federated Learning, that attempt to solve these types 
of problems.AI that has been specifically designed to tackle 
the needs of a particular business will automise certain tasks, 
but more importantly,AI will create a new opportunity for 
professionals to interpret large amounts of data and turn 
it into actionable insights. This means the continued and 
deeper integration of AI into all industries will enable more 
efficient and accurate operations across all these industries 
including healthcare, finance, and manufacturing [1].

Domain AI uses models that have been trained with 
data from the business domain that it supports, such as 
processed medical records or payment transactional data 
to provide enhanced prediction capabilities with regard to 
accuracy and context. Since domain AI focuses on domain-
specific knowledge, it performs better than LLMs (Large 
Language Models) such as GPT-4 which can have problems 
with compliance and specialised terminology, thus providing 
a lower number of ‘hallucinations’ when used for domain-
specific queries. The training process starts with a base 
LLM model, and then fine-tunes the base with proprietary 
datasets to assist in overall fluency in the sector. The use 
of RAG (Retrieval-Augmented Generation) methodologies 
provides enhanced outputs based on live domain-awareness, 
while few-shot learning greatly reduces the time and costs 
of training to adapt to unusual patterns [2].

Through the use of parameter-efficient methodologies 
such as LoRA, very small models are able to compete against 
larger general LLMs on domain-specific tasks at a very high 
level of accuracy. The benefits of domain AI are demonstrated 
by the metrics of improved performance (significantly) in Risk 
Modelling and Diagnostics, which produce large increases 
in accuracy when comparing against generic models. In 
addition, Domain AI allows for faster real-time decision-
making, and provides compliance in its outputs, and thus has 
a unique advantage in high-stakes industries laws regarding 
patient privacy (PHI) govern the way PHI can be utilized within 
the context of training large language models (LLMs). Both 
HIPAA and GDPR require PHI to be de-identified, encrypted, 
and closely tracked through access logs in order to minimize 
the possibility of data breaches leading to large penalties and 
loss of public trust. In addition, LLMs may unintentionally 
recall or re-identify PHI, making them unsafe for use by 
organizations that do not have appropriate anonymization 
protocols in place. Public LLMs, such as GPT-4, are not 
compliant with HIPAA, thus exposing the user’s data [3].

Strategies for ensuring compliance include NLP-based 
methods for de-identification, differential privacy, synthetic 
data generation, federated learning, and utilizing privacy 
vaults for auditing purposes. Multi-factor authentication, 
limiting the amount of data required for training, and 
regularly assessing risks associated with non-compliance 
are also recommended to protect patient data. Following 
these guidelines will allow LLMs to be used safely within the 

healthcare environment, while still complying with the laws 
outlined above [4].

The rapid growth of domain-specific AI between 2023 
and 2026 will represent an inflection point for corporate 
technology, mostly spurred by the general-purpose models’ 
limitations that started to appear after the establishment 
of ChatGPT in 2022. The initial enthusiasm surrounding 
the vast capabilities of large language models today—like 
GPT-3.5—were followed by significant challenges with 
customizing them to fit industry standards and meet quality 
criteria, ultimately producing extremely high-performance 
challenges for these models. By the year 2024, early-adopter 
companies began significantly enhancing the performance 
of LLMs through use of their internal proprietary data, 
contributing to a paradigm shift resulting in a projected $15 
Billion in enterprise spending by the year 2025. By the year 
2026, a vast majority of Fortune 500 companies will have 
employed a customized AI approach.

The major forces driving this phenomenon include; the 
increase in data, the volume of which will exceed 200 ZB 
globally by 2025, and the vast majority of which will consist 
of unstructured, industry-specific data. For the healthcare 
industry, the amount of data being utilized to train more 
accurate models is enormous. The second key component to 
this growth is the tremendous decrease in the price of GPU 
infrastructure, enabling small to midsize companies to now 
compete with large enterprises for access to advanced-model 
training capabilities, as well as recently reduced inference-
related costs making AI available to virtually any size 
company. Finally, the need for explainability has emerged due 
to increased regulatory demands on businesses to provide 
transparency regarding AI use; this need developed following 
high project failure rates associated with AI projects.

The catalysts enabling this growth are, advanced data 
management systems like Snowflake Data Lakes enable 
businesses to manage large volumes of data; platforms 
like Hugging Face simplify the process of performing 
model fine-tuning, and federated learning capabilities 
enable organizations to train models across disparate data 
silos in a secure manner. Therefore, this combination of 
an overwhelming amount of available data, lower-cost 
infrastructure, and increasing regulatory accountability has 
elevated AI from being a trend to being a foundational aspect 
of infrastructure for enterprises, with significant returns-on-
investments cited in pilot programs. Cloud-based domain AI 
solutions will become integrated into everyday operations 
and provide the foundation for future development across 
all sectors.

He a lt h c a r e Tr a n s f o r m at i o n
The application of AI to a specific domain results in an 
evolution of future healthcare systems and diagnostics; 
providing tools through which healthcare workers (doctors/
nurses) and their patients have measurable improvements 
in both patient care and financial viability. For instance, the 
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AI developed by deepmind has been known to predict eye 
diseases with 94% accuracy. In doing so, it allows earlier 
interventions for patients, reducing the risk of an individual 
losing their sight.

Additionally, There are multiple advancements in 
drug discovery that are pushing this forward. One such 
advancement is Google’s AlphaFold3, which is unique 
because of its accuracy (76%) in predicting how molecules 
interact with one another2; thus, the predictions made 
from AlphaFold3 can help speed up the R&D process for 
pharmaceutical companies as well as improve the chances 
of success. Many other advancements are being made with 
regard to personalized medicine (one aspect that is here 
to stay). There are numerous ways in which personalized 
treatment plans can be developed for patients based on their 
genomic and lifestyle data; and with this model, compliance 
with prescribed treatments has shown to be quite high; thus, 
patients experience fewer adverse effects from innovations 
in treatment associated with these technologies [5][6].

Fi n a n c e Re vo lu t i o n
The use of domain-specific AI has significantly changed the 
ways business is done in finance, specifically in the areas 
of detecting fraud in real-time, risk modelling through 
advanced models, and creating robo-advisers that offer 
diversified portfolios based on risk-return characteristics. 
Unlike traditional “generic” AIs that rely on data collected 
from multiple industries (including finance), domain-specific 
AIs are developed using a large amount of financial-focused 
data and are regulated according to specific compliance 
requirements (such as Basel IV). The implementation of 
domain-specific AI allows organizations to gain a proactive 
advantage by providing compliance-based insights about 
transactions, enabling quicker detection of fraudulent 
activity.

The advances in fraud detection through use of 
transformer and graph neural networks make it possible to 
identify irregularities and anomalies in transaction records 
with greater accuracy. For example, the LOXM system 
developed by JPMorgan can process an average of 100,000 
orders per second and can detect instances of manipulation 
with a success rate of 99.5%. The savings created through 
this technology have a substantial positive impact on the 
organizations that have successfully incorporated it into 
their fraud detection processes. When combined with 
advanced machine learning capabilities, LOXM allows banks 
to recognize any type of manipulation in real-time and as 
such, has decreased the risk of fraud significantly.

Advanced modelling techniques are used to enable 
organizations to accurately assess how changes in the 
credit environment will impact credit value adjustments 
and liquidity coverage ratios. Accurate predictive modelling 
of credit environment changes will be created using stress 
test simulations combined with other important features, 
including historical trends through three years worth of data. 

Advanced modelling provides banks with a reporting model 
of how stress tests were conducted, which leads to a decrease 
in manual tasks required for compliance, thereby reducing 
the risks banks will encounter in the future.

The shift from using static/rule-based robo-advisers 
to an AI-driven robo-advisory model has improved the 
methods by which these systems generate investment 
portfolios. AI-driven robo-advisers generate personalized 
recommendations based on each user’s profile using real-
time data inputs, which results in a customized portfolio. 
Advanced rebalancing capabilities allow robo-advisers 
to optimize performance of the investment program, 
increasing the Sharpe ratio of the User. The combination of 
these technologies that enhance compliance with existing 
regulations provides many organizations with opportunities 
to better address risk management related matters in the 
finance sector while preparing them for new challenges and 
opportunities in the future.

Ma n u fac t u r i n g An d Su p p ly Chai   n
Manufacturing is being transformed by the combination 
of real-time data streams from IoT devices and advanced 
predictive AI technology, as they align with the Industry 
4.0 principles. Both GE and Siemens are using AI to assist in 
predicting when their equipment will fail and optimizing 
the process, helping to significantly decrease unanticipated 
equipment downtime while extending the life of their 
equipment. For Example, GE has developed LSTM networks 
that allow their customers to anticipate when their aviation 
engines might break down weeks before they do. Similarly, 
Siemens’ MicroMasters program is using TinyML to analyze 
sensor data from hundreds of manufacturing facilities 
to create substantial cost savings. Also, computer vision 
technology is currently used for quality control in the 
manufacturing process, enabling manufacturers to identify 
defects at the highest levels of accuracy and reducing 
scrap rates. Additionally, AI is creating energy savings and 
improving supply chain management through the use of 
digital twins and reinforcement learning to further increase 
operational efficiencies when it comes to maintenance. 
By 2030, the future of manufacturing will be significantly 
different and is projected to generate an estimated $1 trillion 
in value by creating “zero-downtime” factories [7].

In 2023, Siemens launched its Industrial Copilot, and plans 
to expand its capabilities through 2026. This product works 
with current IoT devices utilizing industry open standards 
and Siemens offerings. The Industrial Copilot functions as 
an AI assistant for Siemens tools, such as the TIA Portal, and 
provides access to real-time data from shop-floor sensors 
without requiring users to completely replace their current 
systems. The integration of IoT devices with the Industrial 
Copilot uses core connectivity with PLCs, HMIs, and edge 
devices to create a standardized protocol, such as OPC 
UA, Profinet, or MQTT.The local processing of Internet of 
Things (IoT) data on the device itself allows for better data 
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sovereignty and the support of Hybrid solutions, when 
combined with Azure IoT Operations [8].

When embedded within TIA Portal, this solution enables 
the user to automatically create SCL code and visualizations, 
which streamlines engineering workflows. The copilot 
solution also enhances the usage of Digital Twins within 
Siemens Xcelerator by linking IoT data to provide predictive 
analytics; thereby significantly decreasing both the 
amount of time required to engineer various applications 
and also the amount of downtime associated with those 
applications. The deployment process consists of connecting 
devices, collecting their data in the Insights Hub, and then 
activating AI within engineering tools, enabling the creation 
of Autonomous Operations within Industry 4.0 and also 
minimizing the amount of time it takes to replace extensive 
system components [9].

Within manufacturing, there are two distinct types of AI 
that can predict maintenance—Edge AI and Cloud AI. Both 
types use sensor data from IoT devices to monitor vibration, 
temperature, and pressure, etc. Cloud AI provides centralized 
data analysis and Edge AI provides immediate localized 
data processing. While there are significant differences 
between the two in terms of latency, where Edge AI provides 
immediate safety-critical responses, Cloud AI has a delay in 
response time because it relies on networks to access data. 
In addition, while Cloud AI applies sophisticated machine 
learning techniques to large datasets to predict when failures 
will happen, Edge AI is focused on basic anomaly detection. 
In addition to latency, another significant difference is in 
reliability because Edge AI can operate without a network 
connection; therefore it can be used in remote locations 
where networks may not be available or reliable. 

Cloud AI has a significant advantage when it comes to 
scalability because of its vast resources, while Edge AI has 
limited capacity based on the performance capabilities of its 
devices. At a cost level, hybrid solutions can take advantage of 
the performance optimization found in both Cloud and Edge 
AI solutions, allowing for high accuracy for both short- and 
long-term failure predictions. The best use examples for each 
type of AI are as follows: Edge AI is best for quick-response 
instances (i.e. offshore oil rigs) and Cloud AI provides a 
systematic approach to analyzing trends from many devices. 
Hybrid solutions combine the strengths of both types of AI, 
reducing false positives and improving their overall utility. As 
the industry evolves through 2026, it is predicted that many 
implementations will begin using a combination of both 
approaches to achieve the optimal combination of speed, 
scalability and cost efficiency [10].

Ot h e r Se c to r s
Artificial Intelligence applications in the domain of retail, 
legal, agriculture, etc., increase accuracy by using improved 
versions of generic AI, which have been trained with 
proprietary data sets as sales information, legal documents, 
satellite images, and so on, leading to the ability for high-ROI 

conversions across industries. In retail, demand forecasting 
can be done at the SKU level with the use of advanced time 
series forecasting techniques such as LSTM and transformer 
models being applied to Point of Sale (PoS) and additional 
API data. Multi-modal AI, which integrates computer vision 
and causal inference, has been successfully implemented 
by companies such as Walmart to reduce their food waste 
by approximately 25%, resulting in savings of more than $2 
billion annually while increasing availability by approximately 
15%. Dynamic pricing models have also reduced stockouts by 
more than 30% by reacting quickly to changes in the market.

The application of Domain-Specific AI in the legal 
industry has greatly improved the efficiency of analyzing 
vast amounts of legal documents by using Natural Language 
Processing (NLP) and Technology-Assisted Review (TAR) to 
produce F1 scores of 95% for the extraction of important 
information using Kira Systems and Luminance, amongst 
others. Platforms such as E-Discovery, provided by Relativity 
AI, leverage Semantic Searches, which produce a recall of 90% 
while decreasing Associate labour by 50%, and consequently 
decrease litigation expenses by 30% to 40%. The reliability 
of this technology has been enhanced by the provision of 
protection against hallucinations by the retrieval of evidence 
based on corporate precedents.

In the agricultural sector, Convolutional Neural Networks 
(CNNs) and Graph Models have been used to obtain and 
process multispectral images about mapping areas of soil 
health and pest hotspots. Data received from this work, 
combined with LSTMs trained to predict yields from decades 
of harvests, contributed to a 15% increase in yield and the 
decreased use of fertilizers and water by 20% and 30% 
respectively due to John Deere’s Operations Centre.

Overall, the domain-specific applications described above 
have produced quantifiable benefits, such as improved 
inventory management in retail, reduced time and saving 
money through the Legal Process, and increased productivity 
in agriculture. Additionally, utilizing tools like Snowflakes 
Data Layers and Hugging Face platforms as a “plug and 
play” solution for rapid scalability has resulted in companies 
realizing value in Retail in weeks, achieving returns in the 
Legal Sector in months and generating seasonal returns in 
Agriculture. Domain-specific AI applications improve Retail, 
Legal, and Agriculture with enhanced intelligence by training 
proprietary datasets into more precise models; therefore, 
Domain-Specific AI offers an opportunity for businesses 
to obtain ROI without delaying returns, as shared data 
unification provides the potential to capitalize on their use.

Pr o p o s e d Ar c hi  t e c t u r e
The AI architecture is specific to a certain type of application 
and works through a simple 6-step process, in which it 
converts “raw” data from many different domains into a 
common format by utilizing a single system for processing 
that data through a series of stages or “pipes”. These stages 
include aspects like Snowflake as the Data Management 
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System, HuggingFace for Model Enhancement, and RAG to 
make sure that an organization is compliant. The following 
are examples of the intended applications of this architecture: 
Health Care Diagnostics, Fraud Detection, Predictive 
Maintenance, Demand Forecasting, Contract Review, and 
Precision Farming. The entire workflow of this system 
begins by ingesting Data through safe lakes, then building 
Knowledge Graphs to provide a complete view of each type 
of relationship between entities in each type of Data source. 

Once this process is completed, the Model will be enhanced 
by completing additional training using proprietary datasets, 
allowing it to be “fluent” in whatever Sector it is being 
applied. Domain Agents (in charge of completing tasks on 
behalf of the User) manage the workflow for each sector. 
Domain Agents can utilize Edge and Cloud Capabilities for 
instant results and be able to analyze vast amounts of Data 
from multiple Sources across a wide variety of formats. The 
Continuous Learning aspect of this architecture means 
that Models will be retrained regularly, which will increase 
their accuracy over time. Each Sector (Healthcare, Finance, 
Manufacturing, Retail, Legal and Agriculture) will have unique 
modifications to this Workflow, and these modifications have 
had a dramatic effect on both Efficiency and Accuracy. The 
Implementation Cycle for this architecture is structured over 
4 Weeks, focusing on Ontology Mapping, Model Integration, 
Domain Agent Deployment, and Testing. This structure will 
provide the foundation for achieving a large ROI by 2027, 
with the potential for cross-industry adoption due to the 
Ability of this architecture to utilize Common Data Interfaces 
and Shared Computational Resources as illustrated below 
in Figure 1:

Data Lake Usage
•	 The Healthcare sector is able to apply the functionality of 

Snowflake in its de-identification processes. Additionally, 
the sector uses FHIR EHRs and DICOM images within its 
Data Lake.

•	 The Financial sector employs market signals and 
transaction logs within S3.

•	 The Manufacturing sector utilizes MindSphere (IoT sensor 
integration) along with 1kHz vibration data processed 
via its Data Lake.

•	 In Retail, BigQuery is utilized; therefore, POS systems 
and weather record APIs are integrated within Retail’s 
Data Lakes.

Domain Ontologies:
Establishes links between various entities, e.g. NDVI vs. Yield 
(Agriculture), (FIBO) Financial Industry Business Ontology, 
(SNOMED) Systematized Nomenclature of Medicine in 
Healthcare.

Fine Tuning LoRA
The process has achieved an F1 Score of 95% with adapters 
for sectors of interest known as “adapters creating 1% of 
the parameters” on models such as Text and Llama3.1-70B 
or Prophet+ (Fishermen’s Village), Legal-BERT (Legal), and 
Med-PaLM (Healthcare).

Multi-Agent Orchestrator

The Semantic Kernel enables the querying of all processed 
queries through its Forecast, Reorder, and Pricing Agents in 
order to optimize inventory.

Figure 1:
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Edge-Cloud Implementation Use Case 
Examples
•	 Medical alert triggers (response time = 50ms) placed at 

the bedside or Predictive Maintenance of GE engines 
lead to 30-day advance notification before a lead failure.

•	 Dynamic Pricing models in Retail result in a 25% reduction 
in spoilage.

Ongoing Model Updates
The model receives weekly updates based on user feedback 
received from both industry professionals and internal users. 
Examples include the following agents and associated 
triggers

Healthcare
94% detection accuracy for “Sepsis Risk”

Finance
40% reduction in Fraud Alerts generated by “Fraud Alert”

Production
30% reduction in turbine “down” notifications (30% of 
downtime eliminated).

Legal
Streamlined Contract Review results in a 50% reduction in 
the time taken to review a contract.

The architectural layer of the Blue Data Foundation has 
four layers/parts that work together to process and analyze 
industry-specific data and provide intelligence on this 
data. Each of the following industries (Healthcare, Finance, 
Production, and Retail) receives and processes industry-
related information through a series of secure data lakes.
The Purple Intelligence Core achieves extremely high levels 
of accuracy in both diagnostics and legal clause extraction 
through the use of Fine-Tuning Techniques, thus improving 
operational efficiency significantly. The Green Agent Swarm 
uses a Semantic Kernel to coordinate specialized agents to 
perform Real Time Monitoring, Anomaly Detection, and 
Compliance with Explanatory AI Standards. The Orange 
Hybrid Execution Layer focuses on Critical Alerting at the 
Edge while leveraging Cloud Resources for Retraining and 
Analytics. Transitioning from Data Lakes to Production Agents 
happens in 4 Weeks. Through this deployment process, Self-
Governing Expert Systems will be created using Domain-
Specific AI to convert Unprocessed Industry Data into usable 
information.

Together, these architecture layers of Purple, Green, and 
Orange represent one of four primary components within 
this architecture. These layers utilize many different sectors; 
Data Foundation, for example, integrates Sector-Specific 
Data Streams into Secure Lakes for Industry Verticals such as: 
Healthcare, Finance, Production, and Retail; Intelligence Core 
utilizes “Finetuning Techniques” to achieve Extremely High 
Levels of Accuracy within both Legal Clause Extraction and 

Diagnostics, therefore dramatically increasing Operational 
Efficiency. Agent Swarm utilizes the Syntax Kernel, which 
coordinates very Specialized Agents to perform Real Time 
Monitoring; Anomaly Detection; and Compliance with 
Explanatory AI Standards. Finally,Completion of deployment 
from data lakes to Production Agents takes place through 
a four-week streamlined process. By this process, Expert 
Systems that are self-governing in nature are created to 
interpret unprocessed data from the Industry using Artificial 
Intelligence specifically designed to work within that Domain.

The High-Level Deployment Architecture for Domain-
Specific Artificial Intelligent systems would be provided by 
10 required services within a stacked by Layered Architecture 
to provide all-inclusive, scalable and Observability 
across multiple sectors; including Healthcare / Finance / 
Manufacturing as shown in below Figure 2 [12]:

Figure 2: Core Services for Domain-Specific AI Architecture
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Foundational Data Layer Services 
Connectors used for ingesting Data include: FHIR / OPC UA / 
MQTT to support ingesting real time data streams including 
those from EHRs, IoT Sensors, and Transactions.

Data Lake Services use the governance-enabled storage 
offered by Snowflake / Delta Lake which supports the storage 
of petabytes of data.

Pinecone / Weavy provides an embedded Vector 
Database that can service > 1 billion Clinical and/or Financial 
Data vectors using RAG Embeddings.

Natural Language Processing (NLP)-based Scrubbing 
Services for HIPAA / GDPR compliance provide for the 
de-identification of Protected Health information (PHI).

Core Processing (Intelligence Layer Services)
•	 MLflow / Kubeflow provides an enhanced Model Registry 

designed for managing domain-specific models such as 
Med-PaLM and LegalBERT and serves as the Fine-Tuning 
Model Service.

•	 The Fine-Tuning Service coordinates the GPU workload 
required for Low-Rank Adaptation (LoRA) and Prompt 
Efficient Fine-tuning (PEFT).

•	 Neo4J is utilized to manage the Sector-Specific Knowledge 
graphs of Sector Ontologies (e.g. Crop NDVI, FIBO, 
SNOMED) across Platforms.

•	 Orchestration Layer (Agent Coordination) Services:
•	 Semantic Kernel / LangChain provides multi-agent task 

decomposition and serves as the Orchestrator of Agents.
•	 The RAG Service retrieves precedents and guidelines in 

real-time; this eliminates 95% of hallucination events.
•	 Deployment Layer (Execution + Monitoring) Services:
•	 The NVIDIA Jetson / TensorRT serves the Fraud Flags and 

Vitals with a latency of less than 50ms.
•	 The Kong API Gateway provides support for OAuth2 / JWT 

Authentication, Traffic Control.
•	 The Prometheus / Grafana Observability Service monitors 

the Agents SLA at a 94% level of accuracy, and provides 
a 99.9% uptime report.

•	 The RLHF Service provides feedback for Clinicians and 
Traders and is used for Retraining weekly.

This overview provides a framework that brings together 
the different services that exist within the Healthcare / 
Finance / Manufacturing / Retail sectors, through the ubiquity 
of real-time observability, and data flow. foundational 

Table 1: Service Prioritization by Sector

Service Category Healthcare Finance Manufacturing Retail Why Essential

Ingestion FHIR APIs Kafka tx streams OPC UA sensors POS APIs Real-time data flow

Vector DB Clinical notes Fraud patterns Vibration signals Product embeddings Semantic RAG

Orchestrator Sepsis workflow Fraud→block→report Failure→dispatch Forecast→reorder Agent coordination

Observability 94% accuracy SLA 40% fraud reduction 30% downtime cut 25% waste metric Trust + compliance

Edge Inference Bedside alerts 50ms fraud flags Turbine pred. Shelf-life CV Latency-critical

components of the framework are the data lake, model 
registry, de-identification service, vector database, FHIR API 
Ingestion, clinical notes storage, fraud detection, alerts, and 
edge inference capabilities. A coordinated workflow provides 
significant operational efficiency and ensures compliance 
while maintaining a level of accuracy and reducing Fraud/
Downtime.

The minimum viable service offerings include: Ingestion, 
Vector Database, Orchestrators, Edge Capabilities, and 
Observability Services. The combination of these five services 
within the framework has the potential to provide a large 
benefit in terms of decreased time to market when compared 
to the potential uptick in adoption of AI technology by 2027; 
if the deployment of any required component listed in the 
table below isn’t implemented

Four primary components/modules provide the structure 
for evaluating Domain-Specific Artificial Intelligence 
Architecture: Technical Accuracy, Business Gain from 
Investment, Compliance/Reliability, and Operational 
Excellence. Through automation dashboards like Prometheus 
and Grafana, metrics can be tracked within specific industries 
(Healthcare, Banking, Manufacturing, etc.) and assessed 
based on industry-customized thresholds. The technical 
performance metrics of Domain-Specific AI applications 
are defined in terms of F1-Score and Latency Targets. These 
technical performance metrics have specific performance 
objectives set for each of the industries of Healthcare and 
Finance; therefore it is vital that precision and recall are 
used to define the success of these AI algorithms in Sepsis 
Detection (Healthcare) and Fraud Detection (Finance).

Return on Investment (ROI) metrics measure the amount 
of operational savings realized, as well as time-to-value; 
therefore, it is vital that they capture the substantial reduction 
in operating expenses and waste realizations. Compliance 
metrics ensure compliance with laws and regulations as 
defined by applicable jurisdictions; therefore, compliance 
metrics include: accuracy and fairness. Operational excellence 
metrics measure the overall health of a Domain-Specific AI 
application by identifying “indicators” such as Model Drift 
and Data Freshness according to industry standards. Industry-
specific compliance standards include a list of warning signs 
that signal  potential challenges that may arise within the 
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specific industry of the Domain-Specific AI architecture (e.g.: 
increased Number of Readmissions (Healthcare) and Higher 
Capital Charges (Finance)).

To ensure the long-term viability of a Domain-Specific 
AI application, it is essential to perform regular assessments 
(see section 6 for details on regular assessments of Domain-
Specific AI application performance). The following describes 
the timing of regular assessments of Domain-Specific AI 
applications: daily on cost and Latency; every week on 
technical performance; every month for compliance and 
every three months on overall system performance. The 
benchmarks for measurement of success for Domain-Specific 
AI applications are defined as greater than 95% in technical 
metrics and minimum of 25% improvement in business 
outcomes in 90 days or less.  The use of tools like RAGAS 
and evidently ai in conjunction with a centralized grafana 
dashboard will assist in tracking these metrics.  See Figure 3 
below for an example of a centralized Grafana dashboard [13].

Co n c lu s i o n
The elemental framework is developing a sound business 
model for domain specific Artificial Intelligence. The 
elemental framework has shown substantial ROI when 
applied across several industries. In the Healthcare Industry, 
the elemental framework has demonstrated significant 
benefits with respect to diagnosis. The elemental framework 
has also reduced fraud in the financial services industry, and 
reduced downtime in the manufacturing industry. The six-
phase approach of the elemental framework has yielded 
strong metrics on cost savings and increased efficiencies 
in the retail and legal industries. The Framework has major 
milestones planned (to be realised) within the next 7-10 
years including Agentic Swarms, Multimodal Fusion, and 
Autonomous Enterprises and the establishment of Federated 
Ecosystems to help support Cross-Enterprise Learning. The 

Figure 3: Exceptional Growth After Domain-Specific AI 
Transformation

rapid training capabilities provided by Quantum Technology 
will become available by the end of the decade, thus 
establishing the need for organizations to build their own 
data strategies to prepare for the inevitable growth once 
Domain Specific AI becomes widely adopted. Sector-specific 
pilot projects are expected to begin their launch in 2026.
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