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Abstract. The analysis and predictive capabilities of Machine Learning (ML) 
algorithms are becoming an increasingly invaluable asset in the research domains 
of heat transfer and building materials. Precision and high performance of such 
models are heavily reliant on the availability of substantial amounts of data 
for training and testing purposes. This study concentrates on reviewing avail-
able sources of experimental data and assesses compatibility implications with 
ML algorithm requirements. Focus is given on common building materials with 
temperature-dependent properties assessed against elevated temperatures or fire 
scenarios. The structure and consistency of the available information are discussed 
and compared with the fundamental training data requirements of ML algorithms, 
focusing on Artificial Neural Networks. The study concludes with a brief discus-
sion on the financial and environmental benefits of data and material circularity 
and proposes methods of reusing available experimental results in cutting-edge 
Artificial Intelligence applications. 

Keywords: building materials · data analysis · machine learning · information 
circularity 

1 Introduction 

1.1 Machine Learning as a Tool for Scientific Research 

Machine Learning (ML), under the wider sphere of Artificial Intelligence (AI), is evolv-
ing into a valuable tool in scientific research, commercial production and industrial 
applications. It enables deeper understanding of data, reveals interconnections, supple-
ments or surpasses the capabilities of existing statistical methods of analysis and creates 
opportunities for circularity and sustainable research and production.
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Fully utilising the potential of such innovative tools relies on understanding and 
compliance with certain requirements. The algorithm architecture and choice of hyper-
parameters are integral to developing a functional and effective model. The reliability 
and completeness of training and test data are fundamental to ensure underlying informa-
tion patterns are captured with high levels of precision and confidence. Inherent biases 
by the model developers need to be filtered and isolated, while accessibility to the end 
user is essential to ensure uptake of the proposed models and their beneficial features. 

This study focuses on the aspect of data availability and quality for training effective 
ML models. It outlines issues of available datasets, through the prism of building material 
properties, heat transfer and fire science. It discusses the opportunities created by ML 
in relation to information circularity and experimental data reuse and invites dialogue 
on approaches to enhance data depositories and accessibility of information. 

1.2 Scientific Knowledge and Data Circularity 

Circular Economy (CE) and its ability to “close the loop” on production processes 
is receiving notable attention due to striking a comfortable balance between economy, 
societal requirements and environmental consciousness [1]. Machine Learning is already 
contributing to the development of CE and it is suggested that reverse engineering the 
principles of circularity to advance ML itself is worth exploring [2]. The current mindset 
of singularity in information production/consumption is discouraging data sharing, reuse 
and leads to “fragmentation and lack of interoperability” in the heavily data-reliant field 
of Machine Learning [3]. 

Two aspects exacerbate the current difficulty in reusing scientific data in the context of 
information circularity and subsequently advancing ML. A lack of consistent methodol-
ogy on recording how and with what purpose in mind datasets have been created hinders 
future attempts to access and reuse the stored information [4]. Secondly, the infrastruc-
ture that facilitates information circularity (at least in the context of reusing scientific 
data) needs to be enhanced. Data is currently stored in multiple decentralised reposi-
tories, behind varying types of access restrictions, making reuse either by researchers 
or automated information trawlers impractical [5]. Steps to alleviate the situation are 
being taken, in the form of official guidelines being drawn up (the European AI Act 
and the AI Right of Bills, for example). Further suggestions involve clearer guidance 
on data structuring and coherence by scientific journal publishers ahead of publication 
acceptance and clearer descriptions of dataset features and limitations by researchers 
who obtain the data in the first place, as well as more descriptive metadata and guidance 
both for discoverability by machines and organisation by annotator and editorial teams 
[6]. The core principles of data circularity and reuse are listed on Table 1. 

Table 1. Information and data circularity requirements [5]. 

Requirement Practical benefit 

Findable Adequately detailed and accurately labelled meta-data logged on a 
“searchable” depository to enable human or machine searchers to identify the 
required dataset.

(continued)
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Table 1. (continued)

Requirement Practical benefit

Accessible Once found, the data should be easily accessible for free, through a universally 
accepted protocol. 

Interoperable Once retrieved, data should be in a universally acceptable “knowledge 
representation” format, including cross-referencing to other meta-data as 
required. 

Reusable Data being traceable to its source, with detailed descriptions of content, usage 
permissions and in line with universally accepted standards for the 
corresponding domain. 

1.3 Scope and Contribution of This Study 

The aim of the study is to identify representative sources of available experimental 
results that can be used for training ML algorithms while discussing opportunities on 
information circularity. It reviews previously published studies in the field of common 
building material properties exposed to fire and elevated temperatures, with special focus 
on concrete applications. This study also assesses the compatibility of such data against 
the fundamental training requirements of ML algorithms, focusing on Artificial Neural 
Networks (ANNs). This review is not exhaustive, and it concentrates on the most recent 
or representative publications available on online indexing platforms. 

2 Methodology 

The adopted research methodology follows the principles of meta-narrative literature 
review. The cornerstones of meta-narrative research comprise the initial research ques-
tion setting; establishing the scoping and search strategy; a method of quality appraisal 
and data extraction; and finally, the stage of information analysis and narrative synthesis 
The initial paper selection process involved keyword and title review. Further filter-
ing relied on assessment of abstract relevance, clarity and reproducibility of proposed 
methodology and finally relevance of conclusions [7]. 

The research objective for this work is distilled in the following question: “What 
are the features of the available experimental data of temperature-dependent material 
properties that can be used for training ANN models predicting thermal behaviour of 
building elements exposed to fire?”. Parallel topics such as ML training data requirements 
and circularity of existing scientific knowledge are woven into the narrative by reviewing 
and discussing relevant scientific publications. 

The scope of this study has been identified in previous paragraphs. The search 
strategy utilises online indexing platforms such as Scopus, IEEE, Google Scholar 
and Web of Science. Combinations of keywords such as “material properties, ther-
mal behaviour, temperature-dependent properties, concrete, elevated temperatures, data 
circularity, Machine Learning data requirements” were used. The returned results were 
screened on their relevance and quality before including in the below review.
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3 Results 

3.1 Experimental Data Availability and Quality 

A considerable volume of experimental and analytical research exists in relation to 
concrete temperature dependent properties when exposed to elevated temperatures [8]. 
For the purposes of this study 15 published papers have been selected and reviewed in 
detail. These feature both useful experimental results but also encourage discussion in 
relation to scientific knowledge and data circularity. 

Studies have been focusing on different aspects and parameters of concrete specimen 
thermal behaviour. The impact of age, in conjunction with the concrete mix characteris-
tics, and environmental conditions was investigated for temperatures up to 60 °C with a 
Japan developed tester for thermal conductivity [9]. Similarly, an electrical furnace was 
used to investigate the impact of aggregate type to the thermal conductivity and volu-
metric change of concrete when exposed to temperatures up to 600 °C [10]. Focusing 
on the impact of by-product admixtures, the hot wire method was utilised, for heating 
lightweight concrete specimens to 900 °C [11]. On the other hand, despite adequate 
details being provided for the fiber content and coarse aggregate mix design of samples, 
the experimental investigation scope varies considerably from being limited to 25 °C in 
one instance to extending to 1000 °C in others [12–15]. The experiment time (250 min) 
is reported only in one investigation of thermal behaviour of fly ash-based concrete for 
temperatures up to 550 °C with readings at 100 °C intervals [16]. Other studies focus on 
numerical investigation of cracked concrete or mixes containing asphalt, using experi-
ments for validation but providing nominal information on temperatures developed or 
time required for the experiment [17, 18]. Although various numerical formulas are 
provided to describe the development of thermal conductivity, no experimental data is 
made available on any of the above studies. 

A smaller proportion of studies (26% of the reviewed work) mention that experimen-
tal data can be made available upon specific request. Different experimental approaches 
were used to measure the thermal conductivity and specific heat of three samples of 
lightweight concrete at temperatures ranging from 20 to 1000 °C [19]. Others focused 
on the impact of fiber content in ultra-high-performance concrete, reviewing the thermal 
conductivity of samples at temperatures up to 850 °C [20]. The thermal conductivity, 
specific heat and thermal expansion of sleeving grout was subject of experimental inves-
tigation for temperatures up to 900 °C [21]. The influence of water content and levels 
of saturation were also reviewed analytically and experimentally for concrete samples 
heated up to 800 °C [22]. 

The compatibility and structure of the experimental data obtained through these 
works would need to be assessed against the fundamental requirements of Machine 
Learning models. 

3.2 Machine Learning and Training Data Requirements 

As seen in the previous paragraphs, experimental data on the temperature dependent 
material properties does exist. However, it is essential that the process of obtaining,
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managing and preprocessing this data is assessed, before analysing and hopefully extract-
ing useful conclusions [23]. The reason for such upfront scrutiny is that the quality of 
obtained information is detrimental to the quality of the ANN model predictions. Ensur-
ing the provided training data is complete, balanced and accurate (both in terms of 
recorded features and target figures accuracy) is critical for the efficient operation of an 
ML model [24]. Gaps in the obtained data (either due to randomly missed/mistakenly 
noted observations, due to systematic recording errors or corruption in the process of 
storing, retrieving or preprocessing) can skew or significantly mislead the predictions 
made by an ANN [25, 26]. The presence of noisy data in the training dataset can be 
similarly impactful. Apart from potential degradation of predictive capabilities, noisy 
data elevates the complexity of the model leading to increased training times and com-
putational costs [27]. Depending on the application, data of appropriate quality would 
conform with the criteria listed on Table 2. 

Table 2. Machine Learning training and test data requirements. 

Requirement Qualitative explanation Impact on Machine Learning model 

Completeness Data should not contain:
. observations/entries with missing 
values.

. features with missing titles or 
labels. 

Missing observation values can create 
imbalances in the training data, 
affecting the quality of the ML 
predictions. Missing feature labels can 
lead to unexpected predictions due to 
erroneous consideration of training 
data sections. 

Balance A balanced amount of data should 
be available to represent each class 
or feature. 

Unbalanced volumes of data lead to 
misrepresentation of data classes 
affecting the accuracy of the model. 

Accuracy Data should be free from systematic 
erroneous entries, noisy recordings 
and systematic outliers. 

Although ML can quantify and filter 
out the impact of outliers, 
systematically erroneously recorded 
data, or noisy readings can skew the 
final predictions of the model. Such 
data also increases complexity of the 
model and reduces its predictive 
efficiency. 

Consistency Data entries should be presented 
consistently, avoiding variations in 
spelling, abbreviations, different 
languages, synonyms etc. 

Data presentation inconsistencies can 
lead to unexpected editing results in 
the pre-processing phase and could 
create multiple data categories 
referring to the same entries or entry 
categories. 

Volume Adequate quantity of data should be 
available. 

Scarcity of data could lead to unstable 
ML models, limited range of 
application or unreliable predictions 
[28].
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Considering the influence of data quality on ML performance, this initial quality 
assessment should be tailored to the needs of the specific application. Different models 
have different requirements and tolerance towards quantity and quality of training data 
[24]. Regression is an example where data scarcity can lead to overfitting or model 
imbalances. When the available training data is riddled with the above weaknesses, 
strong domain prior knowledge is essential to understand, assess, interpret and accept or 
reconsider the generated ANN predictions [29]. A structured regime of recording data, 
ensuring quality criteria are met at the outset, could mitigate the risks of over recording 
(increased time, upfront costs) or under recording (data scarcity, noise, missing or skewed 
data or delays and associated data re-collection costs) [30]. 

4 Conclusions 

This study concentrated on the implications of data availability and circularity when 
attempting to develop ML models predicting the thermal behaviour of concrete exposed 
to elevated temperatures. Developing these models necessitates a substantial amount of 
tabulated data. To ensure functionality, efficiency and reliability of the ML model, the 
data needs to be consistent, complete and balanced. 

A significant number of experimental studies exist, reporting on the thermal 
behaviour of concrete exposed to fire or elevated temperatures. They report notable 
results and observations through schematics, diagrams and mathematical models. 

However, this wealth of information and data is generally inaccessible for further use 
in Machine Learning research. The datasets are unavailable or difficult to access. There 
is also high variation in how and what data is recorded, necessitating convoluted pre-
processing, performance or scope compromise or even rendering the intended research 
not possible. 

It becomes apparent that action is needed to ensure that existing scientific knowl-
edge becomes reusable in the context of building fire design and Machine Learning 
development. Possible actions would include, but not be limited to:

. Develop data sharing and storing protocols for fire testing results.

. Establish publicly available datasets drawing information from real time data 
collection sensors in existing buildings or lab experiments.

. Standardise the way data is recorded, labelled and enriched with meta-data.

. Obtain feedback through reviewing current fire research community needs and align 
data recording, reporting and sharing accordingly. 

Considering that ML and AI in general are becoming indispensable tools in research, 
a general mindset shift might be necessary, where data curation and circulation become 
deliverables on their own. Future research could focus on preprocessing specific datasets, 
assessing existing knowledge gaps and establishing methodologies for effective use of 
existing knowledge. Standardinsing methods for tackling said gaps with bootstrapping 
techniques, FE modelling, and crossover review of existing experimental sets would be 
another essential future research avenue.
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