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Abstract: Organizations across sectors are increasingly digitizing operations to improve agility, transparency, and decision quality. 

Low-code enterprise application platforms have emerged as a key enabler of this transformation by allowing rapid development of 

business applications with minimal hand coding, lowering barriers between domain experts and software delivery teams. However, 

many low-code applications remain workflow-centric, relying on static rules and predefined logic that struggle to adapt to data 

variability, operational uncertainty, and evolving business environments. At the same time, machine learning techniques have matured 

into practical tools for prediction, classification, and optimization, yet their integration into enterprise applications often remains 

complex, fragmented, and developer-intensive. This paper examines the embedding of machine learning decision logic into low-code 

enterprise applications as a pathway to augment automation with adaptive intelligence. From a broad architectural perspective, it 

analyzes how data pipelines, model inference services, and governance mechanisms can be aligned with low-code design paradigms. 

The study then narrows its focus to practical integration patterns, including model encapsulation as reusable components, event-driven 

inference, and human-in-the-loop decision support. Key challenges related to explainability, lifecycle management, security, and 

scalability are discussed. By framing machine learning as a modular decision layer, the paper highlights intelligent, maintainable low-

code applications for enterprises. 
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1. INTRODUCTION 
1.1 Digital Transformation and the Rise of Low-Code 

Platforms  

Digital transformation has become a central strategic priority 

for organizations seeking to improve agility, efficiency, and 

responsiveness in increasingly competitive and volatile 

markets [1]. Enterprises are under sustained pressure to 

deliver new digital capabilities at a pace that traditional 

software development lifecycles struggle to support. In 

response, low-code application platforms have emerged as a 

practical solution for accelerating application development 

through visual modeling, reusable components, and prebuilt 

integrations [2]. These platforms reduce development time 

and cost while enabling faster experimentation and 

deployment of business solutions across functions. 

A defining characteristic of low-code platforms is the 

democratization of software development [3]. By abstracting 

technical complexity behind visual interfaces, low-code tools 

allow business analysts, process owners, and domain experts 

to participate directly in application creation. This shift 

broadens innovation capacity within organizations and 

reduces dependency on scarce specialist developers. However, 

democratization also introduces constraints, as application 

logic is often implemented through simplified rule engines 

designed for transparency rather than adaptability [4]. 

Rule-based logic remains the dominant mechanism for 

decision-making in low-code systems, governing workflow 

routing, approvals, and exception handling [5]. While rules 

are intuitive and auditable, they are inherently static and 

require manual updates to reflect changing conditions. As 

enterprise environments become more data-intensive and 

unpredictable, rule-based approaches struggle to scale, leading 

to brittle applications that fail to adapt to evolving operational 

contexts [6]. These limitations motivate a reassessment of 

how intelligence is embedded within low-code platforms. 

1.2 Decision-Making Challenges in Enterprise 

Applications  

Enterprise applications increasingly operate within dynamic 

decision environments characterized by fluctuating demand, 

evolving regulations, and continuous data streams [7]. Static 

workflows, which assume stable conditions and predefined 

paths, are poorly suited to such environments. Decisions that 

were once deterministic now depend on probabilistic 

assessments, risk trade-offs, and contextual signals that 

change over time [8]. This mismatch creates gaps between 

business objectives and system behavior. 

Data heterogeneity further complicates enterprise decision-

making [1]. Modern applications ingest structured 

transactional data, semi-structured logs, and unstructured 

external information from diverse sources. Uncertainty arises 

from data quality issues, delayed inputs, and incomplete 

visibility, while scale introduces performance and governance 

challenges [2]. Hard-coded business rules cannot easily 

accommodate these factors, increasing the likelihood of 

suboptimal or inconsistent decisions. 

From an operational perspective, reliance on static rules 

introduces measurable risk [3]. Rules may encode outdated 

assumptions, fail under rare but impactful conditions, or 
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produce unintended consequences when combined across 

workflows. As systems grow in complexity, maintaining 

consistency and correctness becomes increasingly difficult, 

raising the cost of change and the risk of failure [4]. 

In large enterprises, decision latency and inconsistency 

increasingly affect customer experience, compliance 

outcomes, and operational efficiency [7]. Approval delays, 

misrouted cases, and excessive escalations often stem from 

rigid logic that cannot reconcile conflicting signals in real 

time. 

1.3 Research Problem, Objectives, and Contributions  

This research addresses the lack of adaptive intelligence in 

low-code enterprise applications by proposing the embedding 

of machine learning decision logic as a reusable and modular 

layer [5]. Rather than replacing low-code platforms, the 

approach augments existing workflows with data-driven 

inference that can evolve with changing conditions. The 

primary problem identified is that current low-code systems 

treat decision logic as static configuration, limiting their 

ability to respond to uncertainty, scale, and contextual 

variation [6]. 

The main objective of the study is to design and evaluate an 

architecture in which machine learning models provide 

contextual decision outputs that are easily consumed by low-

code applications without undermining governance or 

transparency [1]. This includes defining data acquisition 

pipelines, feature engineering strategies, and training 

workflows that align with enterprise constraints and 

deployment practices. A further objective is to quantify the 

performance gains of learning-based decision logic relative to 

rule-based approaches using statistically grounded metrics [8]. 

The contributions of this work are threefold. Architecturally, 

it defines a reference model that separates decision 

intelligence from workflow orchestration, improving 

scalability and maintainability [7]. Methodologically, it 

presents an end-to-end machine learning pipeline tailored to 

low-code environments, covering data acquisition, feature 

engineering, training, validation, and testing [2]. Empirically, 

it demonstrates how embedded machine learning improves 

decision accuracy, reduces bias, and enhances robustness 

compared to static rule-based logic, as illustrated in Figure 1, 

in practice. 

 

2. BACKGROUND AND RELATED 

WORK  
2.1 Low-Code Enterprise Application Architectures  

Low-code enterprise application platforms are designed to 

accelerate software delivery by abstracting traditional 

programming constructs into visual workflows, configurable 

components, and reusable connectors [6]. These platforms 

typically provide drag-and-drop process designers, form 

builders, and integration adapters that allow applications to be 

assembled through configuration rather than extensive coding. 

Business logic is commonly implemented using rule engines 

that define conditional paths, approval logic, and exception 

handling within workflows [7]. This architectural approach 

reduces development time and lowers the barrier to entry for 

non-specialist developers, enabling faster alignment between 

business requirements and deployed applications. 

At the integration layer, low-code platforms rely heavily on 

connectors to enterprise systems such as customer relationship 

management tools, enterprise resource planning systems, and 

data warehouses [8]. While these connectors simplify 

interoperability, they also introduce dependency on 

standardized data schemas and predefined interaction patterns. 

As application complexity grows, orchestration logic 

embedded in visual workflows can become difficult to 

manage, particularly when multiple processes interact or share 

decision logic. 

Governance and scalability constraints represent a key 

limitation of low-code architectures [9]. To preserve 

transparency and auditability, platforms often restrict the 

complexity of embedded logic, favoring deterministic rules 

over adaptive behavior. Scalability challenges emerge when 

applications must handle large transaction volumes, complex 

branching, or rapid decision cycles. As a result, low-code 

systems are frequently optimized for process automation 

rather than intelligent decision-making, creating tension 

between ease of use and analytical sophistication [10]. 
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2.2 Machine Learning for Enterprise Decision Support  

Machine learning has become an increasingly important tool 

for supporting decision-making in enterprise contexts 

characterized by uncertainty, scale, and data richness [11]. 

Broadly, enterprise decision support applications of machine 

learning can be divided into predictive and prescriptive 

approaches. Predictive machine learning focuses on 

estimating future outcomes or latent variables, such as 

customer churn probability, fraud risk, or demand forecasts, 

based on historical data patterns [6]. These predictions inform 

human or automated decisions but do not directly specify 

actions. 

Prescriptive machine learning extends this capability by 

recommending or optimizing actions based on predicted 

outcomes and defined objectives [12]. Examples include 

dynamic pricing, resource allocation, and automated 

prioritization of cases or tasks. In enterprise workflows, 

prescriptive approaches often require integration with 

business constraints, policy rules, and risk thresholds, making 

deployment more complex than purely predictive models. 

The concept of decision intelligence has emerged to describe 

the systematic application of data, analytics, and machine 

learning to improve business decisions across processes [13]. 

Rather than treating decisions as isolated events, decision 

intelligence frameworks emphasize end-to-end decision flows, 

feedback loops, and continuous learning. In this context, 

machine learning models act as decision components 

embedded within broader socio-technical systems. However, 

much of the existing literature assumes custom-built software 

environments with full control over application logic, limiting 

direct applicability to low-code platforms that impose 

architectural and governance constraints [14]. 

2.3 ML Integration Patterns in Software Systems  

Several architectural patterns have been proposed for 

integrating machine learning into software systems, each with 

implications for flexibility, performance, and maintainability 

[7]. Embedded machine learning places models directly 

within application code, enabling low-latency inference and 

tight coupling between logic and predictions. While effective 

in traditional software stacks, this approach is difficult to 

realize in low-code environments where execution contexts 

are constrained and opaque to developers [8]. 

API-based inference represents a more common integration 

pattern, in which machine learning models are deployed as 

external services and accessed through standardized interfaces 

[9]. Applications send feature data to the service and receive 

predictions that inform downstream logic. This pattern aligns 

well with microservice architectures and supports independent 

model lifecycle management. However, in low-code contexts, 

reliance on external APIs can introduce latency, increase 

operational complexity, and complicate error handling within 

visual workflows [10]. 

Decision services offer a higher-level abstraction by 

encapsulating predictive models, business rules, and 

optimization logic within a unified service layer [11]. This 

approach supports reuse and governance but often requires 

specialized tooling and expertise beyond what typical low-

code users possess. As a result, existing integration patterns 

either exceed the capabilities of low-code platforms or reduce 

machine learning to a black-box component, limiting 

transparency and control [12]. 

2.4 Research Gap and Positioning  

Despite growing interest in both low-code development and 

machine learning-driven decision support, there remains a 

notable absence of end-to-end frameworks explicitly tailored 

to embedding machine learning within low-code enterprise 

applications [13]. Existing studies tend to address either low-

code architecture or machine learning integration in isolation, 

without reconciling their differing assumptions about control, 

governance, and user expertise. 

Moreover, machine learning performance in enterprise 

settings is often evaluated using generic statistical metrics that 

are weakly coupled to organizational standards such as 

service-level agreements, compliance thresholds, or decision 

consistency requirements [14]. This gap limits the practical 

adoption of learning-based decision logic in low-code 

environments. The present work positions itself at this 

intersection by proposing a structured framework that aligns 

machine learning pipelines with low-code architectural 

constraints and enterprise evaluation criteria, addressing both 

technical and organizational considerations. 

3. SYSTEM ARCHITECTURE AND 

PROBLEM FORMULATION  
3.1 Low-Code + ML Reference Architecture  

The proposed system architecture integrates machine learning 

decision logic into low-code enterprise applications through a 

layered and modular design that preserves the strengths of 

low-code platforms while introducing adaptive intelligence 

[12]. At the foundation is the data layer, which aggregates 

enterprise data from transactional systems, workflow logs, 

user interactions, and external services. This layer is 

responsible for data ingestion, validation, and persistence, 

ensuring that information used for learning and inference is 

consistent with enterprise governance and audit requirements 

[13]. 

Above the data layer sits the machine learning layer, which 

encapsulates feature engineering pipelines, trained models, 

and inference logic. Rather than embedding complex 

algorithms directly into low-code workflows, machine 

learning components are deployed as independent services 

that expose well-defined interfaces. This separation allows 

models to be trained, validated, and updated without 

disrupting application logic, addressing a common 

maintainability challenge in enterprise systems [14]. 
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The low-code orchestration layer remains responsible for 

process flow, user interaction, and integration with enterprise 

systems. Within this layer, decision points that would 

traditionally rely on static rules are instead delegated to the 

ML layer through service calls. Model inference is treated as a 

decision microservice, returning predictions, confidence 

scores, or recommended actions that the low-code workflow 

consumes to determine routing, prioritization, or escalation 

[15]. 

Figure 2 illustrates this reference architecture, highlighting the 

interaction between data sources, the ML decision service, 

and low-code workflow orchestration. This architecture aligns 

with service-oriented design principles while respecting the 

constraints of low-code environments, enabling scalable and 

reusable decision intelligence without exposing end users to 

algorithmic complexity [16]. 

 

3.2 Decision Logic as a Learning Problem  

Within the proposed architecture, enterprise decision logic is 

reformulated as a supervised learning problem, allowing 

systems to infer decisions from historical patterns rather than 

relying solely on manually defined rules [17]. Many 

enterprise workflows involve categorical outcomes such as 

approval, rejection, or escalation. These outcomes naturally 

map to classification tasks, where the objective is to assign 

an incoming case or transaction to one of several discrete 

decision classes based on observed attributes. Examples 

include credit approval decisions, service ticket prioritization, 

and compliance screening. 

Other decision contexts require estimation of continuous 

quantities, such as risk scores, expected processing cost, or 

anticipated delay. These scenarios are framed as regression 

tasks, where machine learning models predict a numerical 

value that informs downstream logic. For instance, a predicted 

risk score may be compared against thresholds to trigger 

escalation, while an estimated delay may influence resource 

allocation or customer communication [12]. 

Treating decision logic as a learning problem introduces 

adaptability into enterprise applications. As data distributions 

shift due to changing user behavior, market conditions, or 

policy updates, models can be retrained to reflect new patterns 

without rewriting workflow logic [18]. Importantly, this 

approach does not eliminate deterministic controls; instead, 

predictions are combined with business constraints and 

governance rules enforced at the orchestration layer. By 

separating prediction from action, the system maintains 

transparency and accountability while enabling decisions to 

be informed by data-driven inference rather than static 

assumptions [13]. 

3.3 Engineering Problem Formulation  

Formally, the embedded decision logic is represented as a 

mapping from an enterprise state vector to a decision output. 

Let denote the enterprise state vector, comprising 

transactional attributes, contextual indicators, and derived 

features. The decision function is defined as: 

Equation (1): Decision function 

 
 

where is a machine learning model parameterized by , 

and represents the predicted decision output, which may be a 

class label or a continuous value [14]. From the perspective of 

supervised learning theory, model training seeks to identify 

parameters that minimize expected prediction error over 

historical labeled data, subject to regularization constraints 

that promote generalization. 

Enterprise decision-making typically depends on both 

transactional inputs, such as amounts or timestamps, and 

contextual factors, such as user role or process stage. To 

capture this structure, the feature–decision relationship is 

further expressed as: 

Equation (2): Feature–decision dependency model 

 
 

where represents transactional features and 

denotes contextual and process-related attributes [15]. 

This formulation highlights that decisions emerge from the 

interaction of multiple feature categories rather than isolated 

variables. 

By explicitly defining the decision function and feature 

structure, the problem formulation provides a clear 

engineering foundation for model development, evaluation, 

and deployment within low-code environments. It also 
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enables systematic comparison between learning-based and 

rule-based decision logic using consistent inputs and 

performance metrics [18]. 

Table 1. Learning Tasks, Prediction Targets, and 

Operational Interpretation 

Learning 

Task Type 

Predictio

n Target 

Output 

Variable 

Decision 

Granularit

y 

Operational 

Meaning in 

Low-Code 

Application

s 

Classificatio

n 

Decision 

outcome 

Approve / 

Reject / 

Escalate 

Case-level 

Determines 

workflow 

routing, 

approval 

flow, or 

escalation 

path within 

low-code 

processes 

Classificatio

n 

Decision 

state 

Safe / At-

risk 

Transaction

-level 

Enables 

early 

warning and 

conditional 

branching 

under 

uncertainty 

Regression Risk score 

Continuou

s value ∈ 

[0,1] 

Case-level 

Quantifies 

likelihood of 

adverse 

outcome; 

used to 

trigger 

thresholds or 

human 

review 

Regression 
Confidenc

e score 

Continuou

s value ∈ 

[0,1] 

Decision-

level 

Measures 

model 

certainty to 

support 

human-in-

the-loop 

control 

Regression 
Expected 

cost 

Monetary 

estimate 

Process-

level 

Supports 

cost-aware 

prioritization 

and 

optimization 

Regression 
Expected 

delay 

Time 

estimate 

Workflow-

level 

Enables 

proactive 

resource 

Learning 

Task Type 

Predictio

n Target 

Output 

Variable 

Decision 

Granularit

y 

Operational 

Meaning in 

Low-Code 

Application

s 

allocation 

and SLA 

management 

Binary 

classification 

Override 

likelihood 
Yes / No 

User–

decision 

interaction 

Predicts 

probability 

of human 

override, 

indicating 

low 

automation 

confidence 

Multi-class 

classification 

Escalation 

type 

Policy / 

Risk / 

Exception 

Process-

stage level 

Distinguishe

s escalation 

drivers for 

targeted 

intervention 

Composite 

(classificatio

n + 

regression) 

Decision + 

confidence 

Decision 

label + 

score 

Workflow 

decision 

node 

Supports 

hybrid 

automation 

where logic 

adapts to 

confidence 

thresholds 

4. DATA ACQUISITION AND 

ENTERPRISE DATA ENGINEERING  
4.1 Data Sources in Low-Code Enterprise Systems  

 

Low-code enterprise applications generate and consume 

diverse data streams that collectively reflect business 

operations, user behavior, and decision outcomes [15]. One of 

the primary data sources is transaction logs, which record 

structured information associated with business events such as 

requests, approvals, payments, or case updates. These logs 

typically include timestamps, identifiers, numerical attributes, 

and status codes, forming the backbone of supervised learning 

datasets for decision modeling [16]. Because transaction logs 

are generated automatically as part of workflow execution, 

they offer high coverage and temporal continuity, making 

them particularly valuable for longitudinal analysis. 

 

A second critical data source arises from user actions and 

workflow events captured by low-code platforms. These 

events include task assignments, form submissions, overrides, 

escalations, and manual interventions performed by users 
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interacting with the system [17]. Such data provide insight 

into how workflows unfold in practice, revealing deviations 

from designed process paths and highlighting points where 

automated logic fails or requires human judgment. Workflow 

event data are especially important for modeling decision 

latency, escalation likelihood, and exception handling 

behavior. 

In addition to internal system data, low-code applications 

frequently integrate with external APIs that connect to 

enterprise systems such as customer relationship management 

platforms, enterprise resource planning systems, and financial 

databases [18]. These integrations enrich decision contexts 

with customer attributes, account histories, compliance flags, 

or financial indicators that are not natively stored within the 

low-code environment. However, reliance on external APIs 

introduces challenges related to data synchronization, schema 

alignment, and latency, which must be carefully managed 

during data preparation. 

Figure 3 illustrates the enterprise data acquisition and 

synchronization pipeline, showing how transactional records, 

workflow events, and external system data are consolidated 

into a unified analytical dataset. This multi-source integration 

is essential for capturing the full decision context required for 

robust machine learning analysis 

[19].

 

4.2 Data Labeling and Ground Truth Construction  

Constructing reliable ground truth labels is a central challenge 

in applying machine learning to enterprise decision logic [20]. 

In many low-code applications, historical decisions embedded 

within workflow logs serve as the primary labeling source. 

Examples include approval or rejection outcomes, routing 

choices, or prioritization levels assigned during process 

execution. These labels reflect real operational behavior and 

provide a practical basis for supervised learning, but they also 

encode historical biases and legacy policy constraints [15]. 

Human override and escalation signals provide additional 

labeling cues that are particularly valuable for learning 

adaptive decision boundaries [16]. Overrides occur when 

users manually change or reverse system-generated outcomes, 

while escalations indicate situations where predefined logic 

was insufficient. These signals can be interpreted as implicit 

feedback on decision quality, highlighting cases where 

automated logic failed to align with contextual requirements. 

Incorporating such signals into labeling strategies allows 

models to learn from both successful and problematic 

decisions. 

nterprise data often contain noisy and inconsistent labels, 

arising from policy changes, user error, or incomplete 

documentation [21]. To address this, labeling workflows may 

include filtering rules, confidence weighting, or consensus-

based reconciliation across multiple signals. For example, 

repeated overrides of similar cases may indicate systematic 

mislabeling rather than isolated anomalies. Transparent 

documentation of labeling assumptions is essential to ensure 

interpretability and reproducibility. By explicitly 

acknowledging uncertainty in labels, the learning process can 

be made more robust to real-world variability [17]. 

Table 2. Feature Categories, Examples, and Operational 

Interpretation 

Feature 

Category 

Feature 

Type 

Example 

Features 

Derived 

From 

Operational 

/ Physical 

Interpretatio

n 

Transaction

al features 
Numerical 

Transaction 

amount, 

item count, 

request 

value 

Transactio

n logs, 

ERP 

records 

Represents 

immediate 

factual state 

of a business 

event driving 

the decision 

Transaction

al features 

Categoric

al 

Request 

type, 

product 

category 

Workflow 

forms, 

CRM 

systems 

Encodes 

decision 

context and 

policy 

domain 

Temporal 

features 

Aggregate

d statistics 

Rolling 

mean of 

transaction 

volume, 

request 

frequency 

Time-

windowed 

logs 

Captures 

workload 

trends and 

operational 

pressure 

Temporal 

features 

Rate-of-

change 

Δ 

transaction 

value, 

processing 

time 

Sequential 

event data 

Indicates 

emerging 

instability or 

abnormal 

behavior 
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Feature 

Category 

Feature 

Type 

Example 

Features 

Derived 

From 

Operational 

/ Physical 

Interpretatio

n 

gradient 

User 

features 

Role-

based 

User role, 

authorizatio

n level 

Identity 

manageme

nt systems 

Reflects 

governance 

hierarchy and 

decision 

authority 

User 

features 

Behaviora

l 

Historical 

override 

rate, 

escalation 

frequency 

Workflow 

event logs 

Signals 

human trust 

or 

dissatisfactio

n with 

automation 

Process-

context 

features 

Workflow 

state 

Process 

stage, 

queue 

position 

Low-code 

workflow 

engine 

Indicates 

decision 

timing and 

downstream 

impact 

System-

load 

features 

Volume 

indicators 

Active 

cases, 

queue 

length 

Platform 

runtime 

metrics 

Measures 

operational 

stress and 

congestion 

External 

context 

features 

Risk 

indicators 

Credit 

score, 

compliance 

flag 

External 

APIs 

(finance, 

risk 

systems) 

Enriches 

decision logic 

with external 

intelligence 

Derived 

stability 

features 

Statistical 

Variance, 

volatility, 

SOC ramp 

Engineered 

features 

Quantifies 

uncertainty, 

instability, or 

decision risk 

Normalized 

features 

Scaled 

values 

Z-score–

normalized 

inputs 

Training 

data 

statistics 

Ensures 

numerical 

stability 

during ML 

training 

4.3 Data Quality, Bias, and Governance  

Data quality considerations play a decisive role in the 

credibility of machine learning-driven decision logic [18]. 

Missing data are common in low-code environments due to 

optional form fields, integration failures, or partial workflow 

execution. Strategies such as imputation, exclusion, or feature 

redesign must be applied consistently, with awareness of how 

each choice may influence model behavior. Inconsistent 

handling of missing values can introduce hidden biases and 

degrade generalization performance [22]. 

Imbalanced decision classes present another challenge, 

particularly in enterprise scenarios where certain outcomes, 

such as escalations or rejections, occur infrequently but carry 

high operational significance [19]. Models trained on 

imbalanced data may achieve high overall accuracy while 

performing poorly on minority classes that are critical for risk 

management. Techniques such as resampling, class-weighted 

loss functions, or threshold adjustment are therefore necessary 

to align model performance with business priorities rather 

than raw frequency. 

Governance considerations extend beyond technical quality to 

include compliance, auditability, and accountability [20]. 

Enterprise applications are often subject to regulatory 

oversight, requiring clear documentation of how decisions are 

made and how data are used. Machine learning pipelines must 

therefore support traceability from input data to prediction 

output, enabling audits and post hoc analysis. Data access 

controls, retention policies, and model versioning are integral 

to this governance framework. 

By explicitly addressing data quality, bias, and governance at 

the acquisition and labeling stages, the study establishes a 

credible foundation for downstream modeling and evaluation. 

This emphasis ensures that performance improvements 

attributed to machine learning are grounded in trustworthy 

data practices rather than artifacts of uncontrolled data 

variation [21]. 

5. FEATURE ENGINEERING AND 

DECISION CONTEXT MODELING  
5.1 Feature Categories and Design Logic  

Feature engineering plays a central role in translating raw 

enterprise data into representations that machine learning 

models can exploit effectively for decision-making [20]. In 

low-code enterprise applications, features must capture not 

only transactional states but also temporal evolution and 

contextual influences embedded within workflows. To 

address this requirement, features are organized into three 

primary categories: transactional features, temporal features, 

and user and process-context features. 

Transactional features describe the immediate state of a 

business event or case at the point of decision. These include 

numerical attributes such as transaction amount, duration 

since initiation, item counts, or risk indicators obtained from 

integrated systems [21]. Transactional features provide the 

baseline factual context upon which decisions are made, but in 

isolation they often fail to explain why similar transactions 

lead to different outcomes under varying conditions. 

Temporal features capture how decision-relevant variables 

evolve over time. Examples include rolling averages of 

transaction volume, frequency of similar requests within a 

time window, and elapsed time between workflow stages [22]. 
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These features encode dynamic behavior that static snapshots 

cannot represent, enabling models to distinguish between 

transient anomalies and sustained trends. Temporal features 

are particularly important in enterprise environments subject 

to seasonality, workload fluctuations, and policy-driven 

cycles. 

User and process-context features reflect the human and 

organizational dimensions of decision-making [23]. These 

include user role, authorization level, workload indicators, 

process stage, and historical override behavior. Such features 

provide insight into how decisions are influenced by who is 

acting, where the decision occurs in the workflow, and how 

similar situations have been handled previously. 

Figure 4 presents the resulting feature hierarchy for enterprise 

decision modeling, illustrating how raw data sources are 

transformed into structured feature groups. This hierarchical 

design ensures coverage of transactional facts, temporal 

dynamics, and contextual influences, forming a balanced 

input space aligned with real-world enterprise decision 

processes [24]. 

 

5.2 Statistical and Temporal Feature Extraction  

Beyond raw feature definition, statistical transformation is 

applied to derive summary descriptors that improve model 

robustness and interpretability [25]. One foundational 

operation is the computation of central tendency for decision-

relevant variables over defined contexts or time windows. The 

mean decision context value is defined as: 

Equation (3): Mean decision context value 

 
 

where represents individual observations of a feature within 

a specified window and is the number of observations. This 

formulation is derived directly from descriptive statistics and 

provides a smoothed representation of typical system 

behavior. In enterprise decision modeling, mean values help 

reduce sensitivity to short-lived spikes and enable comparison 

against normative baselines [20]. 

To capture uncertainty and instability, second-order statistics 

are also required. Variance and volatility of decision signals 

are expressed as: 

Equation (4): Variance and volatility of decision signals 

 
 

Variance quantifies dispersion around the mean, serving as an 

indicator of inconsistency or volatility in decision-related 

variables [21]. High variance may signal unstable operating 

conditions, inconsistent user behavior, or conflicting data 

sources. In decision pipelines, such volatility often correlates 

with increased escalation rates or manual intervention. 

Temporal derivatives and rolling statistics are further applied 

to capture rates of change, enabling models to anticipate 

emerging stress conditions rather than reacting solely to 

current states [22]. Together, these statistical features 

transform raw event streams into compact, informative 

descriptors that preserve essential dynamics while mitigating 

noise. By grounding feature extraction in well-understood 

statistical principles, the modeling process maintains 

transparency and supports explanation of downstream 

predictions in enterprise terms [23]. 

5.3 Feature Normalization and Representation  

Feature normalization is essential to ensure numerical stability 

and balanced learning during model training, particularly 

when features originate from heterogeneous sources with 

widely varying scales [24]. Without normalization, features 

with large numerical ranges can dominate gradient-based 

optimization, leading to biased models and slow convergence. 

To address this, a standardized scaling function is applied to 

each feature prior to training. 

The normalization function is defined as: 

Equation (5): Feature scaling and normalization function 

 
where is the original feature value, is the mean, and is 

the standard deviation computed from the training dataset 

[25]. This transformation centers features around zero and 

scales them to unit variance, ensuring that all inputs contribute 

proportionally to model updates. Importantly, normalization 

parameters are computed exclusively on training data and then 
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applied consistently to validation and testing sets to prevent 

information leakage [20]. 

In addition to standardization, categorical features such as 

user roles or process states are encoded using representations 

that preserve semantic meaning without inflating 

dimensionality. Where ordinal relationships exist, ordered 

encodings are preferred; otherwise, compact binary or 

embedding-based representations are used [21]. Temporal 

sequences are represented using fixed-length windows to 

balance temporal resolution with computational efficiency. 

The combined normalization and representation strategy 

ensures that feature inputs are numerically stable, 

semantically meaningful, and aligned with the assumptions of 

the learning algorithms employed [22]. This careful 

preparation of the feature space reduces training variance, 

improves generalization across decision scenarios, and 

supports reproducible evaluation. By integrating statistical 

rigor with enterprise context, the feature engineering process 

establishes a reliable foundation for the machine learning 

models developed in subsequent sections [23]. 

6. MACHINE LEARNING MODEL 

DEVELOPMENT AND TRAINING  
6.1 Learning Tasks and Prediction Targets  

The machine learning framework developed in this study is 

designed around two complementary learning tasks that 

reflect common enterprise decision requirements in low-code 

environments [23]. The first task is decision classification, 

where the objective is to assign an incoming case, request, or 

transaction to a discrete outcome category such as approve, 

reject, or escalate. This formulation is well suited to 

operational workflows in areas such as compliance screening, 

service request routing, and exception handling. Classification 

outputs are directly actionable within low-code workflows, 

enabling automated routing or triggering of human review 

when predefined risk thresholds are exceeded [24]. 

The second task is risk or confidence regression, which 

involves predicting a continuous value that quantifies decision 

uncertainty, expected cost, or likelihood of adverse outcomes. 

Rather than replacing categorical decisions, regression outputs 

provide contextual signals that inform downstream logic. For 

example, a predicted risk score may be compared against 

configurable thresholds to determine whether an automated 

decision should proceed or be escalated for manual review 

[25]. Confidence estimates can also be used to modulate 

system behavior, such as adjusting approval limits or 

prioritizing cases under resource constraints. 

Together, classification and regression tasks support a layered 

decision strategy in which machine learning augments, rather 

than overrides, enterprise governance structures. By explicitly 

separating decision type from decision confidence, the 

framework enables more nuanced control over automation 

while preserving transparency and accountability [26]. These 

learning targets align closely with the operational semantics of 

low-code applications, ensuring that model outputs can be 

readily interpreted and consumed by workflow designers and 

business stakeholders [27]. 

6.2 Dataset Splitting and Validation Strategy  

To ensure credible evaluation and avoid optimistic bias, the 

dataset is partitioned into training, validation, and testing 

subsets following a 70%–15%–15% split [23]. Unlike random 

sampling approaches, the partitioning strategy preserves 

temporal ordering, reflecting the sequential nature of 

enterprise decision processes. Training data are drawn from 

earlier periods, while validation and testing sets represent 

progressively later time windows. This approach prevents 

temporal leakage, whereby future information inadvertently 

influences model training and inflates performance estimates 

[24]. 

The validation subset is used exclusively for hyperparameter 

tuning and model selection, while the testing subset remains 

untouched until final evaluation. This separation mirrors real-

world deployment conditions, where models trained on 

historical data must generalize to future decisions. In addition 

to temporal separation, cross-process generalization is 

explicitly considered by ensuring that validation and testing 

sets include decision instances from multiple workflows or 

business units not dominant in the training data [25]. 

This strategy evaluates whether models learn transferable 

decision logic rather than overfitting to idiosyncrasies of a 

single process. By combining chronological and process-

aware splitting, the validation framework prioritizes 

robustness and reproducibility over nominal accuracy, 

aligning model evaluation with enterprise deployment realities 

[26]. Figure 5 illustrates the machine learning data splitting 

and training workflow, highlighting the flow of data from raw 

ingestion through training, validation, and testing stages, and 

emphasizing safeguards against information leakage [27]. 

 

6.3 Model Training and Optimization  
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Model training is formulated within the framework of 

empirical risk minimization, where learning algorithms seek 

to minimize expected loss between predicted outputs and 

observed ground truth labels [23]. For classification and 

regression tasks, the loss function is defined generically as: 

Equation (6): Loss function (classification/regression) 

 
where denotes a task-specific loss (e.g., cross-entropy for 

classification or mean squared error for regression), 

represents the true label or value, is the feature vector, and 

are model parameters [24]. This formulation provides a 

unifying basis for training diverse model classes under 

consistent optimization objectives. 

As a baseline, logistic regression is employed for 

classification tasks due to its simplicity, interpretability, and 

widespread use in enterprise decision systems [25]. Logistic 

regression provides a transparent benchmark against which 

more complex models can be evaluated, offering insight into 

the marginal contribution of nonlinear learning. 

Gradient boosting models are introduced as a more expressive 

alternative capable of capturing nonlinear interactions among 

features. By iteratively combining weak learners, gradient 

boosting achieves strong predictive performance on tabular 

enterprise data while maintaining moderate interpretability 

through feature importance analysis [26]. These models are 

particularly effective in handling heterogeneous feature sets 

common in low-code environments. 

Where greater representational capacity is required, neural 

networks are optionally employed to model complex decision 

boundaries. Shallow feedforward architectures are favored 

over deep configurations to balance expressiveness with 

training stability and interpretability [27]. Across all models, 

hyperparameters such as learning rate, regularization strength, 

and tree depth are tuned using validation performance. 

Optimization is conducted using gradient-based or ensemble-

specific algorithms, with convergence monitored to ensure 

stable learning. 

Table 3. Model Configurations and Training Parameters 

Model 

Type 

Learning 

Task 

Key 

Hyperparam

eters 

Training 

Strategy 

Rationale 

for 

Inclusion 

Logistic 

Regress

ion 

Classificatio

n 

Regularizatio

n (L2), class 

weights 

Batch 

training, 

cross-

entropy loss 

Baseline 

model 

providing 

interpretab

ility and 

transparen

cy for 

enterprise 

Model 

Type 

Learning 

Task 

Key 

Hyperparam

eters 

Training 

Strategy 

Rationale 

for 

Inclusion 

decisions 

Logistic 

Regress

ion 

Regression 

(risk/confide

nce) 

Regularizatio

n (L2) 

Batch 

training, 

MSE loss 

Reference 

benchmark 

for 

continuous 

decision 

scoring 

Random 

Forest 

Classificatio

n 

Number of 

trees, max 

depth, min 

samples per 

leaf 

Bootstrap 

aggregation 

Robust to 

noise; 

captures 

nonlinear 

feature 

interaction

s 

Random 

Forest 
Regression 

Number of 

trees, max 

depth 

Bootstrap 

aggregation 

Strong 

baseline 

for tabular 

enterprise 

data 

Gradien

t 

Boostin

g 

Classificatio

n 

Learning rate, 

number of 

estimators, 

tree depth 

Stage-wise 

additive 

training 

High 

predictive 

accuracy 

with 

moderate 

interpretab

ility 

Gradien

t 

Boostin

g 

Regression 
Learning rate, 

estimators 

Stage-wise 

additive 

training 

Effective 

for 

heterogene

ous 

enterprise 

features 

Neural 

Networ

k 

(MLP) 

Classificatio

n 

Hidden 

layers, 

neurons, 

dropout rate 

Backpropaga

tion, Adam 

optimizer 

Captures 

complex 

nonlinear 

decision 

boundaries 

Neural 

Networ

k 

(MLP) 

Regression 

Hidden 

layers, 

neurons, 

dropout rate 

Backpropaga

tion, Adam 

optimizer 

Flexible 

approxima

tion of risk 

and cost 

functions 

CNN 

(optiona

l 

extensio

Classificatio

n 

Kernel size, 

filters, 

pooling 

Mini-batch 

training 

Learns 

structured 

feature 

interaction
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Model 

Type 

Learning 

Task 

Key 

Hyperparam

eters 

Training 

Strategy 

Rationale 

for 

Inclusion 

n) s in large-

scale 

workflows 

CNN 

(optiona

l 

extensio

n) 

Regression 
Kernel size, 

filters 

Mini-batch 

training 

Supports 

spatio-

temporal 

decision 

contexts 

All ML 

models 
All tasks 

Batch size, 

learning rate 

Early 

stopping on 

validation 

loss 

Prevents 

overfitting 

and 

improves 

generalizat

ion 

6.4 Model Stability and Convergence  

Ensuring model stability and reliable convergence is critical 

for enterprise deployment, where inconsistent behavior can 

undermine trust in automated decision systems [23]. 

Overfitting is a primary concern, particularly when models are 

trained on historical decisions that may reflect transient 

policies or limited operating conditions. To mitigate this risk, 

regularization techniques are applied across model classes. In 

linear models, regularization constrains coefficient magnitude, 

while in tree-based models it limits depth and complexity. 

Neural networks employ weight decay and dropout to prevent 

excessive reliance on specific feature subsets [24]. 

Convergence behavior is assessed by tracking training and 

validation loss trajectories across iterations. Stable 

convergence is indicated by decreasing loss that plateaus 

consistently across datasets, whereas divergence or oscillation 

signals inappropriate learning rates or model misspecification 

[25]. Early stopping is employed as an additional safeguard, 

halting training when validation performance ceases to 

improve over a predefined window. This prevents degradation 

of generalization performance due to excessive training [28]. 

Model stability is further evaluated under data perturbations 

and scenario-based subsets, such as rare decision cases or 

high-uncertainty periods. Consistent performance across these 

conditions indicates that the model has learned structural 

relationships rather than memorizing historical patterns. By 

emphasizing stability, regularization, and convergence 

diagnostics, the training process aligns machine learning 

practice with the reliability expectations of enterprise decision 

systems, supporting confident integration into low-code 

applications [27]. 

7. EVALUATION METRICS AND 

STATISTICAL ROBUSTNESS  
7.1 Prediction Accuracy Metrics  

Evaluation of machine learning models embedded in low-

code enterprise applications requires metrics that translate 

statistical performance into operational meaning [29]. 

Prediction accuracy is therefore assessed using a combination 

of error, bias, and classification-based measures that reflect 

both numerical correctness and decision impact. For 

regression-based outputs such as risk scores or confidence 

estimates, the primary metric employed is Mean Absolute 

Error (MAE), defined as: 

Equation (7): Mean Absolute Error (MAE) 

 
where denotes the observed value and the model 

prediction. MAE provides an intuitive measure of average 

prediction error and is directly interpretable in enterprise 

contexts as expected decision cost or deviation from optimal 

judgment [30]. For example, a lower MAE in risk estimation 

corresponds to more consistent prioritization and reduced 

unnecessary escalations. 

To assess systematic bias, Mean Deviation is computed as: 

Equation (8): Mean Deviation (Bias metric) 

 
Mean Deviation indicates whether a model consistently 

overestimates or underestimates decision signals [31]. In 

enterprise systems, persistent overestimation may lead to 

excessive manual reviews, while underestimation increases 

exposure to risk and non-compliance. Bias analysis is 

therefore critical for governance and trust in automated 

decision logic. 

For classification tasks, additional metrics are required to 

capture decision correctness under class imbalance [32]. 

Precision measures the proportion of correct positive 

decisions, while recall quantifies the ability to detect relevant 

cases. The F1-score balances precision and recall, providing a 

single measure of classification robustness. ROC–AUC is 

used to evaluate discrimination ability across varying decision 

thresholds, supporting calibration of confidence-based 

escalation policies [33]. 

Figure 6 presents prediction error distributions and deviation 

analysis across models, illustrating both average accuracy and 

bias characteristics. This multi-metric evaluation ensures that 

improvements attributed to machine learning reflect 

meaningful operational gains rather than isolated statistical 

artifacts [34]. 
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7.2 Robustness Across Decision Scenarios  

Beyond aggregate accuracy, robustness is evaluated by 

examining model behavior across distinct enterprise decision 

scenarios that differ in workload, uncertainty, and human 

intervention patterns [35]. Under normal operating conditions, 

characterized by stable volumes and consistent policies, all 

evaluated models demonstrate acceptable baseline 

performance. However, differences emerge in sensitivity to 

variation, with learning-based models exhibiting lower 

variance in prediction error compared to static baselines [36]. 

In stressed operating conditions, such as policy changes, 

compliance surges, or sudden workload increases, robustness 

becomes a differentiating factor. During these periods, data 

distributions shift and historical patterns may no longer hold. 

Models that rely heavily on narrow correlations show 

degraded performance, while those trained with regularization 

and diverse feature representations maintain stability [37]. 

This behavior is particularly important in low-code 

environments, where rapid changes are common and manual 

rule updates lag behind operational reality. 

The analysis further distinguishes between high-volume and 

low-volume periods. High-volume conditions test scalability 

and consistency, as small prediction errors can accumulate 

into significant operational impact. Low-volume periods, by 

contrast, amplify uncertainty and class imbalance effects. 

Robust models demonstrate stable precision and recall across 

both regimes, indicating resilience to data sparsity and 

workload fluctuation [38]. 

Human override sensitivity is evaluated by analyzing model 

performance on cases where users historically intervened to 

change automated outcomes. These cases represent boundary 

conditions where decision confidence is low or contextual 

nuance is high. Models that accurately predict elevated risk or 

uncertainty in such cases better support human-in-the-loop 

workflows by triggering timely escalation rather than rigid 

automation [39]. 

Scenario-based evaluation reveals that robustness is not solely 

a function of overall accuracy but of consistency across 

diverse and adverse conditions. Models that maintain 

balanced error, low bias, and reliable classification 

performance under stress are better aligned with enterprise 

requirements for reliability and accountability [40]. This 

robustness analysis bridges numerical evaluation with 

engineering meaning, demonstrating that embedded machine 

learning decision logic can enhance, rather than compromise, 

operational stability in low-code enterprise applications. 

8. BENCHMARKING AGAINST 

ENTERPRISE STANDARDS  
8.1 Comparison with Rule-Based Decision Logic  

A core objective of this study is to benchmark machine 

learning–driven decision logic against traditional rule-based 

approaches that dominate low-code enterprise applications 

[41]. In terms of accuracy, machine learning models 

consistently outperform static rules by learning complex, 

nonlinear relationships among transactional, temporal, and 

contextual features. While rule-based systems apply uniform 

logic across cases, ML models adapt decision boundaries 

based on observed data patterns, resulting in lower 

misclassification rates and reduced prediction error under 

diverse operating conditions [42]. 

Adaptability represents an even more pronounced 

differentiator. Rule-based logic requires manual updates 

whenever policies change, new scenarios emerge, or data 

distributions shift. This process is time-consuming, error-

prone, and often lags behind operational reality [43]. In 

contrast, ML decision logic can be retrained periodically 

using updated data, enabling continuous alignment with 

evolving business environments without redesigning 

workflows. This adaptability is particularly valuable in 

enterprises facing frequent regulatory updates or market 

volatility. 

From a maintenance cost perspective, rule-based systems 

accumulate technical debt as rule sets grow in size and 

complexity [44]. Interactions among rules become difficult to 

reason about, increasing the likelihood of unintended 

consequences. Machine learning approaches shift 

maintenance effort from rule authoring to data governance 

and model monitoring. Although this introduces new skill 

requirements, it reduces long-term complexity by 

consolidating decision logic into learned models rather than 

sprawling rule hierarchies [45]. 

Figure 7 contrasts ML-based decision logic with static rule-

based workflows, highlighting differences in accuracy, 

adaptability, and maintenance overhead. The comparison 

demonstrates that machine learning offers measurable 

advantages when decision environments are complex and 
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dynamic, while rule-based logic remains suitable only for 

stable, well-defined scenarios [46]. 

 

8.2 Alignment with Enterprise Governance Standards  

Adoption of machine learning in enterprise decision systems 

is contingent on alignment with governance standards related 

to transparency, accountability, and compliance [47]. 

Explainability is a primary concern, as enterprises must 

understand and justify automated decisions to regulators, 

auditors, and stakeholders. In the proposed framework, 

explainability is supported through interpretable feature 

design, post hoc explanation techniques, and confidence 

scores that contextualize predictions rather than presenting 

them as absolute judgments [48]. 

Auditability is addressed by maintaining traceability across 

the decision pipeline, from data inputs and feature 

transformations to model versions and prediction outputs [49]. 

Each decision can be reconstructed retrospectively, enabling 

root-cause analysis and compliance reporting. This level of 

traceability contrasts with ad hoc rule updates that may lack 

systematic documentation or version control. 

Service-level agreements (SLAs) and compliance metrics 

further shape enterprise acceptance [50]. Machine learning 

models are evaluated not only on statistical accuracy but also 

on their ability to meet decision latency, consistency, and 

error tolerance requirements [51]. By explicitly mapping 

performance metrics to SLA thresholds, the framework 

ensures that ML-driven decisions align with contractual and 

regulatory obligations. This alignment demonstrates that 

learning-based decision logic can coexist with, and even 

strengthen, enterprise governance when designed with 

compliance in mind [52]. 

9. DEPLOYMENT IN LOW-CODE 

ENVIRONMENTS 
9.1 Embedding ML Models into Low-Code Workflows  

Deployment of machine learning models in low-code 

platforms is achieved through API-based inference, where 

trained models are exposed as decision services accessible 

from visual workflows [53]. At designated decision points, the 

low-code application assembles feature inputs and invokes the 

ML service, receiving predictions and confidence indicators in 

return. This approach preserves the declarative nature of low-

code development while enabling sophisticated analytics to 

inform workflow execution. 

Reusable decision components further enhance scalability. By 

encapsulating ML logic within standardized components, the 

same model can support multiple workflows or applications 

without duplication. This modularity reduces integration 

effort and simplifies updates, as improvements to the decision 

model propagate automatically across dependent processes 

[54]. Importantly, this deployment strategy decouples model 

lifecycle management from application design, allowing data 

science teams and low-code developers to operate 

independently yet coherently. 

9.2 Human-in-the-Loop Decision Support  

Human-in-the-loop mechanisms are essential for maintaining 

trust and accountability in automated decision systems [55]. 

Rather than enforcing fully autonomous decisions, the 

proposed framework integrates confidence thresholds that 

determine when predictions are sufficiently reliable for 

automation versus when human review is required. Low-

confidence cases are routed for manual assessment, ensuring 

that edge cases and ambiguous situations receive appropriate 

scrutiny. 

Override mechanisms allow users to modify or reverse ML-

driven decisions, with overrides logged as feedback signals 

for future model retraining. This feedback loop supports 

continuous improvement while preserving human authority 

over critical outcomes. By embedding human judgment within 

the decision pipeline, the system balances efficiency with 

responsibility, aligning automation benefits with enterprise 

risk tolerance and ethical considerations [56]. 

10. DISCUSSION AND IMPLICATIONS  
10.1 Technical Implications  

From a technical perspective, the study demonstrates the 

value of decoupling decision logic from workflow 

orchestration in low-code environments [57]. By externalizing 

intelligence into dedicated ML services, applications gain 

flexibility and scalability without sacrificing maintainability. 

This separation enables independent evolution of models and 

workflows, reducing coupling and supporting continuous 

improvement. 

The results also highlight the feasibility of scalable 

intelligence within constrained development paradigms. 

Despite the abstraction inherent in low-code platforms, 

carefully designed integration patterns allow advanced 

analytics to operate effectively at scale. The use of 
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standardized interfaces, modular components, and rigorous 

evaluation metrics positions machine learning as a practical 

extension of low-code ecosystems rather than an external add-

on [58]. 

10.2 Managerial and Organizational Implications  

Managerially, embedding machine learning into low-code 

applications enables faster adaptation to changing business 

conditions [59]. Decisions can evolve with data rather than 

requiring prolonged rule redesign cycles, improving 

organizational responsiveness. This agility is particularly 

valuable in regulated or competitive environments where 

timely adjustment is critical. 

The framework also contributes to reduced decision risk by 

improving consistency, lowering bias, and supporting 

evidence-based escalation [60]. Clear governance mechanisms 

and human-in-the-loop controls help organizations adopt 

automation responsibly, fostering trust among users and 

stakeholders. Collectively, these implications suggest that 

ML-augmented low-code applications can enhance both 

operational performance and strategic decision-making when 

implemented with appropriate technical and organizational 

safeguards [61]. 

11. CONCLUSION AND FUTURE 

RESEARCH  
11.1 Summary of Findings  

This study has demonstrated that embedding machine learning 

decision logic into low-code enterprise applications provides a 

viable and effective pathway for enhancing adaptive 

intelligence within enterprise workflows. By reframing 

decision logic as a learning problem, the proposed framework 

moves beyond static, rule-based automation toward data-

driven inference that evolves with changing operational 

contexts. The work established an end-to-end methodology 

encompassing data acquisition, feature engineering, 

supervised model training, validation, and deployment within 

low-code environments. 

Empirical evaluation showed that machine learning–based 

decision logic improves prediction accuracy, reduces 

systematic bias, and exhibits greater robustness under variable 

and stressed decision scenarios compared to traditional rule-

based approaches. Importantly, the architecture preserves 

enterprise governance requirements by maintaining 

explainability, auditability, and human-in-the-loop control. 

Collectively, these findings confirm that machine learning can 

be embedded into low-code platforms as a modular, reusable 

decision layer that enhances scalability, adaptability, and 

decision quality without undermining transparency or control. 

11.2 Limitations and Future Work  

Despite its contributions, this study has several limitations 

that motivate future research. First, the analysis focuses on 

supervised learning using historical decision data, which may 

encode legacy biases or delayed feedback. Reinforcement 

learning represents a promising extension, enabling systems to 

optimize decisions through interaction and long-term reward 

signals rather than static labels. 

Second, the models are trained in batch mode, limiting 

responsiveness to rapidly changing environments. Online 

learning approaches could allow decision logic to adapt 

incrementally as new data arrive, improving responsiveness 

while raising new challenges related to stability and 

governance. 

Finally, the study assumes centralized data availability for 

training. In practice, enterprise data are often distributed 

across systems, regions, or organizations. Federated machine 

learning offers a potential solution by enabling collaborative 

model training without centralized data sharing, which is 

particularly relevant for privacy-sensitive low-code platforms. 

Addressing these directions would further strengthen the 

applicability and resilience of ML-augmented low-code 

enterprise systems. 
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