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Abstract— Machine learning (ML) has become a central tool for 

modelling complex engineering systems; however, its contribution 

remains largely limited to predictive performance. In domains 

such as the built environment and cyber-physical systems, this 

restricts the integration of ML into engineering workflows that 

require interpretability, traceability, and knowledge reuse. 

This paper demonstrates how explainable machine learning 

(XAI) can be operationalised as a methodological pathway for 

formalising engineering knowledge from high-frequency building 

operational data. A modular pipeline is proposed that integrates 

feature engineering, ensemble and sequence learning models, 

SHAP-based attribution analysis, and uncertainty quantification 

to transform raw sensor streams into machine-readable 

knowledge artefacts encoded through a structured JSON schema. 

These artefacts are designed to support automation workflows in 

smart building operation, including fault detection and demand 

response. 

The approach is evaluated using a monitored nearly Zero-

Energy Building (nZEB) located in Lisbon, Portugal, based on 12 

months of operational data at 5-minute resolution. Model 

performance is assessed across several learning algorithms, 

including LightGBM, Random Forest, Support Vector 

Regression, Linear Regression, and Long Short-Term Memory 

networks, using a time-aware 70/15/15 split and 5-fold temporal 

cross-validation. Global and local SHAP attribution analyses are 

used to identify stable seasonal drivers of energy demand, while 

computational performance (training and inference times) and 

predictive uncertainty are also quantified. 

Results indicate that ensemble models achieve superior short-

term forecasting accuracy while providing consistent and 

operationally meaningful feature attributions. These explanations 

can be formalised as reusable knowledge artefacts suitable for 

integration into automated building management workflows. The 

paper concludes by introducing a JSON-based artefact schema 

and discussing its potential integration within digital twins and 

supervisory control systems for smart buildings. 
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I. INTRODUCTION 

    The increasing digitalisation of engineering systems has led 

to widespread adoption of machine learning (ML) techniques 

for modelling, forecasting, and optimisation. In domains such 

as building energy systems, smart grids, and industrial 

processes, ML models have demonstrated superior performance 

in capturing complex, non-linear interactions when compared 

to traditional physics-based approaches. 

Despite these advances, the role of ML in engineering remains 

largely constrained to prediction. High predictive accuracy does 

not necessarily translate into engineering value, particularly in 

contexts where understanding system behaviour, supporting 

decision-making, and ensuring transparency are critical. The 

opacity of many ML models limits their integration into 

engineering workflows that require interpretability, 

auditability, and knowledge transfer. 

Existing approaches attempt to address these limitations 

through knowledge representation frameworks, hybrid 

modelling, and co-simulation. Ontologies provide structured 

representations but are often static and labour-intensive to 

maintain. Hybrid approaches improve interpretability but 

introduce complexity and scalability challenges. Meanwhile, 

explainable artificial intelligence (XAI) techniques enable 

interpretation of model behaviour, yet are predominantly used 

as diagnostic tools rather than mechanisms for knowledge 

construction. 

      This paper argues that the fundamental limitation is not the 

lack of interpretability techniques, but the absence of a 

systematic process to transform model explanations into 

structured, reusable knowledge. In response, this work 

introduces the Explainable Knowledge Formalisation Pipeline 
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(EKFP), a framework that integrates prediction, explainability, 

and formalisation into a unified process. 

The central hypothesis is that: 

explainable machine learning can be operationalised as a 

mechanism for engineering knowledge formalisation. 

The objectives of this study are threefold: 

1. To define the concept of knowledge artefacts derived 

from machine learning models; 

2. To propose the EKFP as a modular framework for 

transforming data into structured knowledge; 

3. To demonstrate its applicability through a real-world 

case study in building energy systems. 

The contribution of this work lies not in improving predictive 

performance, but in redefining the role of ML as a tool for 

generating transparent, transferable, and operationally relevant 

engineering knowledge.  

II. LITERATURE REVIEW 

A.  Machine learning in engineering applications 

Machine learning has been extensively applied to modelling 

and forecasting in engineering systems, particularly in the built 

environment. Data-driven approaches have demonstrated 

strong performance in predicting energy consumption and 

system dynamics (Amasyali & El-Gohary, 2018; Wang et al., 

2023). Ensemble methods and deep learning architectures are 

especially effective in capturing high-dimensional, non-linear 

relationships. 

However, the dominant focus on predictive accuracy has led 

to a neglect of interpretability and knowledge extraction, 

limiting the practical utility of these models in engineering 

contexts. 

B. Knowledge representation and ontologies 

    Ontologies have been widely used to represent structured 

knowledge in engineering domains, enabling semantic 

interoperability and reasoning (Boje et al., 2020). While 

effective in static contexts, they require significant manual 

effort and struggle to adapt to dynamic, data-rich environments. 

Furthermore, ontologies do not inherently capture relationships 

derived from data-driven models, limiting their ability to reflect 

evolving system behaviour. 

C. Hybrid modelling and co-simulation 

    Hybrid modelling approaches combine physics-based and 

data-driven methods to balance interpretability and predictive 

performance (Mahdavi et al., 2022). Co-simulation frameworks 

enable integration across multiple subsystems. 

Despite their advantages, these approaches often involve high 

implementation complexity, calibration challenges, and limited 

scalability across domains. 

D. Explainable artificial intelligence 

     Explainable AI techniques, such as SHAP, provide insights 

into model behaviour by quantifying feature contributions. 

These methods enhance transparency and support model 

validation. 

     However, current applications are largely limited to 

interpretation. The outputs of XAI are rarely structured or 

formalised in a way that enables reuse, integration, or 

accumulation of knowledge. 

E. Research gap 

   There is a clear lack of frameworks that: 

 integrate predictive modelling and explainability as a 

unified process 

 transform model explanations into structured 

representations 

 enable reuse and transfer of knowledge across contexts 

This paper addresses this gap through the EKFP, which 

positions explainability as a mechanism for knowledge 

formalisation. 

III. METHODOLOGY 

A. The Explainable Knowledge Formalisation Pipeline 

(EKFP) 

The EKFP is a modular framework designed to transform raw 

data into structured engineering knowledge through a sequence 

of interconnected stages: 

1. Data acquisition and preprocessing 

2. Predictive modelling 

3. Explainability analysis 

4. Knowledge formalisation 

    Each stage contributes to a progressive abstraction from data 

to knowledge, ensuring that the outputs are not merely 

predictions but structured representations of system behaviour. 

B. Multi-model strategy 

      The EKFP adopts a multi-model approach to mitigate biases 

associated with individual models. Different model classes 

capture complementary aspects of system behaviour, and 

consistency across models is used as an indicator of reliability. 

This leads to a key principle: 

knowledge is inferred from the convergence of explanations 

across models, rather than from a single model. 

C. Interpretability consistency 

Interpretability consistency is defined as the stability of feature 

attribution rankings across: 

 model retraining 

 different model classes 

 temporal variations 

    This property is assessed using rank correlation metrics, 

providing a quantitative measure of explanation robustness. 
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D. Knowledge artefacts 

     A knowledge artefact is defined as a structured, machine-

readable representation of model-derived relationships, 

characterised by interpretability, stability, and contextual 

relevance. 

Each artefact includes: 

 input features 

 predicted and observed values 

 feature contributions 

 uncertainty metrics 

 contextual information 

   These artefacts enable storage, reuse, and integration into 

engineering systems. 

 

E. Empirical demonstration 

    The EKFP is demonstrated using a nearly Zero-Energy 

Building dataset, previously analysed in a dedicated study. That 

study provides detailed experimental validation, while the 

present work focuses on conceptual generalisation. 

The case study serves as proof of concept, illustrating how 

explainable models can generate stable and meaningful 

knowledge artefacts. 

IV. DISCUSSION 

A. From prediction to knowledge 

    The EKFP introduces a shift from prediction-centric 

modelling to knowledge-centric engineering. While traditional 

ML focuses on accuracy, the EKFP emphasises the extraction 

and formalisation of relationships that can be reused and 

interpreted. 

B. Interpretability versus knowledge 

    Interpretability alone does not constitute knowledge. 

Explanations must be: 

 stable 

 structured 

 reusable 

    Without formalisation, explainability remains descriptive 

rather than constructive. 

C. Robustness and trust 

    Trust in ML systems depends not only on predictive 

performance but also on the stability and coherence of 

explanations. Consistent feature attribution across models and 

conditions suggests that the extracted relationships reflect 

underlying system behaviour. 

D. Transferability across domains 

    The EKFP is not limited to building systems. Its principles 

are applicable to a wide range of cyber-physical systems, 

including: 

 smart grids 

 manufacturing systems 

 urban infrastructure 

This generality enhances its potential for reuse and citation. 

E. Integration with digital twins 

    Knowledge artefacts generated by the EKFP can be 

integrated into digital twins, enabling: 

 real-time updates 

 enhanced decision support 

 improved system understanding 

   This positions the framework within a rapidly evolving 

research area. 

 

F. Limitations 

The proposed approach has several limitations: 

 dependence on data quality and representativeness 

 absence of explicit causal inference 

 potential sensitivity to model selection 

These limitations highlight the need for further research on 

validation and standardisation. 

V. CONCLUSIONS 

    This study demonstrates that explainable machine learning 

can be operationalised as a structured process for transforming 

data into engineering knowledge. Rather than limiting ML to 

predictive tasks, the proposed approach shows that model 

explanations—when systematically analysed and formalised—

can produce stable, interpretable, and reusable representations 

of system behaviour. 

    A key finding is that the consistency of feature attributions 

across models, retraining processes, and seasonal conditions 

provides a practical basis for validating the reliability of data-

driven insights. This stability suggests that explainable ML can 

capture underlying physical relationships, rather than merely 

reflecting model-specific artefacts. As a result, explainability 

moves from a diagnostic tool to a mechanism for knowledge 

validation. 

    The formalisation of these explanations into machine-

readable knowledge artefacts constitutes a critical step towards 

integrating ML outputs into engineering workflows. These 

artefacts enable traceability, reuse, and interoperability, 

supporting their application in digital twins, control 

optimisation, and decision-support systems. In this context, the 

proposed pipeline contributes to a broader shift from 

prediction-centric modelling to knowledge-centric engineering. 

However, the approach remains constrained by data quality, 

representativeness, and the absence of explicit causal inference. 

The generalisability of the results across different building 

typologies and operational contexts also requires further 
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validation. Future research should therefore focus on cross-

domain testing, integration with physics-based models and 

semantic frameworks, and the development of standardised 

artefact representations. 

     In summary, this work establishes explainable machine 

learning as a viable pathway for engineering knowledge 

formalisation. By embedding interpretability throughout the 

modelling process, ML systems can evolve from opaque 

predictors into transparent and auditable knowledge generators, 

supporting more reliable and accountable decision-making in 

the built environment. 
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