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Abstract

This paper studies the service-oriented encapsulation approach of artificial intelli-
gence systems and its application path in supporting data-driven decision-making
in real business processes. Specifically focusing on the service-oriented deployment
of model capabilities and the collaborative processing mechanism of business data,
a technical framework centered on interface encapsulation and data modeling is
constructed, with modular components and standardized interaction protocols de-
fining the core architecture, and its operational effectiveness is analyzed in combi-
nation with actual business processes. Through systematic evaluation across multi-
ple deployment scenarios, the results show that this encapsulation path is feasible
in improving system reusability, decision response efficiency, and business adapta-
tion stability, while also reducing the coupling between model updates and business
logic modifications, providing practical references for the construction of intelligent
decision support systems in complex business scenarios and offering a scalable
blueprint for broader industrial adoption.
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Against the background of accelerating intelligent transformation, enterprises have put forward higher requirements
for the integration mode of model capabilities. The traditional embedding mode, mainly based on manual deploy-
ment, is difficult to meet the operational requirements of multi-system collaboration and real-time response. At the
same time, the extensive accumulation of data resources provides a structural basis for intelligent decision-making
in business processes. How to flexibly encapsulate model capabilities in the form of services and embed them into
actual processes through data-driven mechanisms has become a key technical issue in the current deployment of
intelligent systems. In this direction, the decoupling ability of service components and the adaptation logic of data-
driven structures have received increasing attention in project practices [1].

1. Service Encapsulation Path Design for AI Systems
1.1 Encapsulation Architecture and Deployment Method

When Al systems are integrated into business processes, they need to be independent and reusable. A common
approach is to encapsulate the model inference unit as a service and deploy it in a container platform to achieve
module decoupling and rapid deployment. For example, Kubernetes can start service nodes within 5 seconds and
support elastic horizontal scaling. The overall architecture follows the microservice concept, with model services
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and pre-processing and post-processing modules deployed separately, and interfaces registered uniformly, allowing
for combined invocation as needed [2].

Interface standards are mostly REST or gRPC, with the latter demonstrating better latency control in high-con-
currency scenarios, maintaining typical invocation delays within 800ms. During service packaging, tools like Helm
are used to achieve configuration automation and synchronized cluster deployment, adapting to multi-platform in-
tegration requirements. This model has been stably applied in manufacturing and e-commerce enterprises in Europe
and America, verifying its feasibility in heterogeneous system environments.

1.2 Operation Scheduling and Interface Organization

Service operation relies on load balancing and circuit breaker mechanisms to complete request allocation and fault
tolerance control. After a task is triggered, the service gateway completes request routing, and health checks and
priority strategies ensure that critical nodes are processed first. To ensure business continuity, the system sets a
circuit breaker threshold and automatically takes over abnormal requests with a backup model to avoid single-point
failures affecting the entire system.

Data interaction should be highly structured, with model inputs and outputs encapsulated in unified fields and
transmitted in JSON or Protobuf formats. Interface delays are generally controlled within 300ms. Service invocation
supports both synchronous and asynchronous modes, and intermediate caching mechanisms like Redis are used for
peak shaving and valley filling to enhance system stability in high-frequency invocation scenarios. This organiza-
tional approach has become one of the basic components for enterprises to achieve real-time intelligent decision-
making.

2. Data-driven Decision Support Mechanism
2.1 Data Collection and Preprocessing Methods

The collection mechanism consists of connection scheduling, transmission channels, and access processing. Struc-
tured data is pulled from systems like ERP and CRM at 5-second or 10-second intervals; streaming data is pushed
through channels like MQTT or Kafka, with event-triggered methods suitable for scenarios with frequent state
changes; the access layer uses edge gateways to complete initial screening and time series encoding, maintaining
timestamp accuracy at the 10ms level to ensure ordered data sequence storage [3].

The field merging stage uses field mapping tables and dimension alignment rules, with a unified primary key
structure of “unique identifier + metric value” to avoid dimension intersections. The data cleaning process includes
missing value completion, anomaly detection, structure reorganization, and standard conversion; the sliding window
average method is used for continuous value completion, with a window width of 3-5 and a missing rate controlled
within 10%; anomaly detection uses the 3 0 interval, and categorical fields are uniformly processed with one-hot
encoding; Z-score standardization is used to unify the scale of each metric, with calculation parameters updated
dynamically based on the time window to adapt to real-time stream input.

The preprocessing process is automated through a scheduling chain, outputting data sets with stable structures
and standardized formats, meeting the data feature standards for direct connection to the modeling module.

2.2 Decision Modeling Strategies and Algorithm Selection

Decision modeling uses business task types as the modeling entry point, matching the algorithm system based on
data structure and output constraints. For predictive tasks, continuous variable mapping is emphasized, and gradient
boosting trees or linear regression models are generally selected, suitable for feature dimensions in the 30-50 range
and sample sizes exceeding 10°; in classification scenarios, logistic regression or multi-layer perceptron structures
are introduced, with the loss function in the form of cross-entropy and L2 regularization terms to constrain weight
distribution, ensuring model parameter stability. The modeling process follows a standardized path of “feature input
- model matching - training evaluation - interface output”, as shown in Figure 1. The feature layer is responsible for
receiving preprocessed structured data and completing vectorization mapping; the model selection layer instantiates
algorithms based on task labels and data distribution rules; the training module supports both batch training and
incremental update modes, with GPU iterative training controlled within 20 rounds and each round lasting no more
than 3 seconds; the online update interval does not exceed 5 minutes, and the evaluation module runs in parallel
with the training process, using AUC, MSE or Fl-score as performance metrics, with results written to the model
registration layer for system invocation.
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Figure 1. AI Decision Modeling Pipeline Structure.
3. Practical Exploration under the Fusion Path
3.1 Application Scenario Selection and Demand Identification

In the manufacturing industry, intelligent prediction and optimized scheduling are important demands. Al systems,
by leveraging real-time collection of equipment status, process parameters, and product quality data, optimize pro-
duction scheduling, reduce downtime and capacity waste. For instance, in a certain automobile manufacturing plant,
a decision support system based on production line data can identify equipment failure risks in advance, adjust
production plans in a timely manner, and improve production efficiency. In the financial sector, risk control and
customer credit assessment are core demands [4]. Al decision support systems, by analyzing customers’ historical
transaction data and behavioral characteristics, provide real-time credit risk assessment. A European bank has uti-
lized this system to improve the speed and accuracy of pre-loan approval and effectively reduce the default rate
through precise risk prediction in loan approval.

3.2 Encapsulation System and Data Flow Synergistic Configuration

During the integration of service-oriented Al systems with business processes, the core challenge lies in the struc-
tural adaptation between encapsulated nodes and data flow logic. Taking the manufacturing scenario as an example,
decision services need to be embedded in the data channel between the MES system and the SCADA platform to
achieve synchronous invocation of model data on equipment operation, process flow, and task scheduling. During
the system configuration stage, first, model inference services are deployed at edge nodes, and trained models are
packaged into lightweight API modules, which are then uniformly registered to the model service platform by the
container scheduling system. Each service node’s registration information includes the model version number, task
type, input field specifications, and invocation priority, used to support concurrent scheduling of multiple processes.

The data channel is composed of real-time collection components and buffer transfer modules. Equipment data
collected on the production site is transmitted to the edge gateway via industrial protocols (such as Modbus TCP or
OPC UA), organized into structured event data streams according to unified field mapping rules, and then pushed
to the inference service through stream processing middleware like Kafka. The gateway side uses a double-buffer
mechanism to avoid data packet loss, with a latency controlled within 200ms. The input data structure is dynamically
generated by the scheduling module to ensure complete matching with the service encapsulation interface [5].

Service invocation strategies are configured based on business event trigger rules. For example, when the vibra-
tion value of a device exceeds the preset threshold, the system automatically triggers the health status prediction
service. The invocation process is uniformly scheduled by the gateway, and node matching and load balancing are
completed based on invocation parameters and task labels. After the prediction results are returned by the service,
they are written into the MES system or production database by the business integration module and trigger corre-
sponding process adjustments, such as rewriting the production schedule, issuing warning instructions, or invoking
maintenance processes.

In the financial scenario, the service encapsulation approach focuses on data isolation and security compliance.
When invoking the customer credit assessment service, the input fields of the interface need to be desensitized and
authorized. Model services run in isolated containers, and data transmission uses TLS-encrypted channels. Invoca-
tion logs and model response data are recorded in the link tracking system through the audit module to ensure
regulatory traceability capabilities. Although the configuration methods for the two scenarios are different, they

DOI: 10.26855/ea.2026.09.004 155 Engineering Advances



Zhixian Zhang

both rely on the collaborative construction of the service invocation chain through the model service registration
mechanism, data template generation mechanism, and middleware flow mechanism to achieve continuous response
and controllable expansion of Al capabilities embedded in business processes [6].

3.3 Feedback on Achievements and System Evaluation Indicators

The operational effectiveness of service-oriented Al systems in actual processes can be evaluated from three dimen-
sions: model performance, business adaptability, and system response efficiency. Taking the production line sched-
uling optimization deployment of manufacturing enterprise A and the credit risk control system of financial institu-
tion B as examples, evaluation models and system invocation chain monitoring structures are established respec-
tively, and key indicators before and after are collected during the real business cycle for comparative analysis. In
manufacturing scenarios, before deployment, production scheduling plans were formulated based on manual rules,
with data mainly sourced from historical operation records and team feedback, which was unable to respond to real-
time disturbances. After deployment, the model takes structured equipment status and order information as input,
and dynamically generates production scheduling strategies based on prediction results, with both production sched-
uling stability and equipment utilization rate indicators rising simultaneously [7].

In financial scenarios, traditional credit approval relied on static scorecards, with data updates stagnating, making
it difficult to adapt to changes in user behavior. After deploying the Al model, assessment nodes were connected to
real-time transaction flows and behavior event logs, and the model’s scoring results were updated at a frequency of
once per minute, significantly enhancing the timeliness of default identification.

Table 1. Comparison of Key Indicators Before and After Deployment of Service-Oriented Al Systems (Example Scenarios)

Manufacturing Manufacturing Financial Sce- Financial Sce- Indicator Descrip-
Indicator Name Scenario: Before Scenario: After nario: Before De- nario: After De- tion p
Deployment Deployment ployment ployment

Represents the
. . proportion of ac-
Equ'lp ment Uf}hza 82.5 91.3 — — tual equipment op-
tion Rate (%) T s
eration time within
the effective time
Represents the fre-

Production Sched- quency of plan ad-
uling Change Fre- justments, with
14 6 — — .
quency lower values indi-
(times/week) cating greater sta-
bility

Represents the
time required for

Approval Cycle o o 48 12 credit approval, in-
(hours) cluding assessment
and approval
stages
Represents the
Model Scoring Re- speed of risk scor-
fresh Frequency — — 1 96 ing result updates,
(times/day) affecting response
sensitivity

Data Source: Manufacturing enterprise A’s production line scheduling system logs, financial institution B’s approval system model invocation records,
all based on continuous four weeks of business data after deployment [8].

4. Conclusion

The encapsulation mechanism of service-oriented Al systems has demonstrated strong structural adaptability and
deployment flexibility in real business processes. Through standardized interface design and data-driven logic,
model capabilities can be efficiently embedded into the core links of enterprises, achieving a complete chain from
input recognition, decision modeling to process linkage. In manufacturing and financial scenarios, this mechanism
has already demonstrated replicability and engineering implementability, providing a scalable technical path for
cross-industry intelligent transformation.
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