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Abstract 

Diabetes mellitus is an endocrine disorder of global significance. This PhD research project harnesses 

the capabilities of machine learning techniques for the meticulous investigation of data associated with 

diabetes mellitus. The formidable prevalence of the disease across the world, alongside the consequential 

burdens it imposes on healthcare systems, underscores the paramount importance of this research. The 

research is characteristically subdivided into three focal domains: predictive analysis, glucose 

quantification, and risk assessment relating to diabetes. Specifically, the research delves into advanced deep 

learning architectures for forecasting blood glucose levels, proposes methodologies for improving glucose 

quantification, and provides thorough risk assessments for COVID-19 patients with pre-existing diabetes 

mellitus. For each of these three domains, the research deploys state-of-the-art machine learning algorithms 

as a powerful apparatus to navigate the complexities of diabetes data,  culminating in two research 

publications in reputable, peer-reviewed academic journals. Each publication illuminates the transformative 

potential of machine learning as a conduit for novel advancements within the respective domain. This in 

turn contributes to a more nuanced understanding of the disease, enhancement of patient care, and 

optimisation of healthcare resource allocation. Composed in a publication format, this dissertation is 

structured as a compilation of the six resultant articles, which are interconnected within the overarching 

framework of machine learning applications in diabetes research. As a whole, this extensive exploration of 

diabetes data through machine learning pipelines proffers novel insights and aims to make a substantial 

contribution to the academic field.
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Commentary 

In adherence to the University of Sheffield's code of practice, this dissertation adopts a publication format. 

According to the university’s guidelines, a dissertation in this format commences with a commentary, such 

as this one, which distils the central themes of the PhD research project and its corresponding publication 

outputs. Following this commentary, a compilation of research publications forms the primary body of the 

dissertation. The cornerstone of this PhD research project is the analysis of diabetes mellitus data using 

advanced machine learning techniques. 

Diabetes mellitus is a chronic disease affecting millions globally and significantly burdening healthcare 

systems. Diabetes complications can lead to severe health consequences, including cardiovascular disease, 

kidney failure, amputations and blindness. Given the global impact of this disease, there is a pressing need 

for innovative research and solutions to improve patient outcomes and reduce the financial impact on 

healthcare systems. 

Machine learning, with its ability to learn from complex data and adapt, has proven essential in 

addressing key healthcare challenges.  As the volume and complexity of healthcare data continue to grow, 

machine learning techniques are becoming increasingly important for the analysis and interpretation of this 

wealth of data. In recent years, the potential of machine learning to address various challenges in diabetes 

research has gained considerable attention. The surge in the availability of healthcare data, advancements 

in computational power, and the development of sophisticated machine learning algorithms have provided 

researchers with new opportunities to tackle diabetes-related challenges, enhance our understanding of the 

disease, and ultimately improve patient care. 

Among the significant contributions of machine learning in diabetes research are its applications in 

three primary areas: blood glucose level prediction, glucose quantification, and diabetes-related risk 

assessment. In each of these areas, machine learning techniques have shown promise in uncovering novel 

insights, guiding clinical decision-making, and ultimately improving patient outcomes. The ongoing 
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advancements in these fields continue to highlight the potential of machine learning in addressing 

challenges in diabetes research and contributing to the development of innovative solutions for better 

disease management and care. 

Blood glucose level prediction plays a crucial role in diabetes management. Maintaining optimal 

glucose levels is essential for preventing acute complications, such as hypoglycemia and hyperglycemia, 

as well as reducing the risk of long-term complications. Machine learning algorithms have shown great 

potential in accurately predicting blood glucose levels, enabling patients and healthcare professionals to 

make better-informed decisions regarding insulin administration, meal planning, and physical activity. 

This, in turn, can lead to improved glycemic control and an enhanced quality of life for individuals with 

diabetes. 

Glucose quantification is another critical area of diabetes research that has benefited from the 

application of machine learning techniques. Traditional glucose monitoring methods can be painful, 

inconvenient, and disruptive to daily life. Spectroscopic alternatives, on the other hand, offer the possibility 

of continuous, real-time monitoring without the need for blood samples. Machine learning has been 

employed in the development of advanced signal processing and data analysis techniques for various 

quantitative analyses of glucose technologies, ultimately aiming to improve the accuracy, reliability, and 

user-friendliness of these devices. 

Assessing diabetes-related risks is essential for early detection, prevention, and management of the 

disease and its complications. Machine learning algorithms have been applied to identify patterns and 

relationships in large, complex datasets, which can help uncover risk factors and enable more accurate, 

personalised risk prediction. This information can be used by healthcare professionals to stratify patients 

according to their risk levels and allocate resources more effectively. Tailoring interventions to the specific 

needs of individual patients becomes possible. Ultimately, this leads to better health outcomes and more 

efficient healthcare systems. 
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Overall, the application of machine learning in diabetes research holds great promise for advancing our 

understanding of the disease, improving patient outcomes, and optimising healthcare resource allocation. 

The current PhD research contributes to this endeavour by developing advanced machine learning 

techniques focused on the three areas discussed above—blood glucose level prediction, glucose 

quantification, and diabetes-related risk assessment. In each of these areas, this research has led to two 

publications in reputable peer-reviewed journals, synopses of which are provided in the subsequent 

paragraphs.  

The first publication is entitled "Blood Glucose Time Series Forecasting: Advanced GAN Driven 

Interdependent Deep Learning Topologies". This work introduces novel deep learning configurations 

inspired by Generative Adversarial Networks (GANs) to address the complexities of time series forecasting 

for blood glucose prediction. The paper proposes interdependent deep learning topologies, which 

significantly enhance both the accuracy and robustness of blood glucose forecasts. Key findings 

demonstrate that these GAN-based topologies outperform traditional independent methods in predictive 

performance in blood glucose data. This work provides a new pathway for improving real-time diabetes 

management by delivering more reliable predictions, thus aiding clinical decision-making. At the time of 

submitting this dissertation, the article has been submitted to IEEE Journal of Biomedical Health 

Informatics. [1] 

The second publication, titled "Deep Learning Blood Glucose Level Time Series Forecasting: 

Advanced Nested Stacking Lag Fusion Framework", introduces an innovative deep ensemble learning 

approach to resolve the challenge of look-back or lag optimisation in blood glucose prediction models. The 

proposed nested stacking framework integrates multiple lag lengths, significantly enhancing predictive 

accuracy by leveraging complementary temporal patterns. This work shows that the model's ability to 

incorporate varied lag lengths improves both short- and long-term glucose level predictions, contributing 

to more precise and adaptive glucose monitoring solutions. The paper is published in Bioengineering. [2] 
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The third publication, "Classification Before the Regressions for Improvement in Quantification of 

Glucose using Absorbance Spectroscopy", presents a novel pre-classification method that improves glucose 

quantification from spectral data. By grouping data into three homogeneous classes (hypoglycaemia, 

euglycaemia, and hyperglycemia) prior to regression analysis, the study enhances predictive accuracy, 

especially for lower glucose concentrations. This method significantly outperforms conventional 

approaches that do not employ pre-classification, providing a more robust tool for non-invasive glucose 

monitoring. This work is published in Talanta. [3] 

In the fourth publication, "Signal Fragmentation Based Feature Vector Generation in a Model-

Agnostic Framework for Glucose Quantification Using Absorption Spectroscopy", a signal fragmentation 

approach is proposed to improve glucose quantification from spectroscopic data. By dividing the signal 

into fragments and processing each independently, the study enhances the accuracy of glucose 

concentration estimates. This fragmentation method, combined with machine learning techniques, proves 

effective across various modeling strategies, offering a more flexible and reliable approach to glucose 

monitoring. This paper is published in Talanta. [4] 

The fifth publication, "COVID-19 Mortality Risk Assessments for Individuals with and without 

Diabetes Mellitus: Machine Learning Models Integrated with Interpretation Framework", develops 

machine learning models to predict mortality risks for hospitalized COVID-19 patients with and without 

diabetes. Using admission data, the study achieves high prediction accuracy and reveals key clinical 

features contributing to higher mortality in patients with diabetes. The model's interpretability is enhanced 

through SHapley Additive exPlanations (SHAP), providing actionable insights for clinicians to assess risk 

and make more informed decisions in real time. Published in Computers in Biology and Medicine. [5] 

The sixth publication, "Interpretable Machine Learning for Inpatient COVID-19 Mortality Risk 

Assessments: Diabetes Mellitus Exclusive Interplay", focuses exclusively on COVID-19 patients with pre-

existing diabetes. By utilizing machine learning models integrated with SHAP for interpretation, the study 

uncovers critical clinical features linked to higher mortality in this population. The insights generated by 
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this research contribute to improving risk management strategies and help clinicians better understand the 

specific risks faced by diabetic COVID-19 patients. This work is published in Sensors. [6] 

To encapsulate, the three areas covered in this PhD research, each with its objectives and publication 

outputs, coalesce into a cohesive framework anchored by advanced machine learning techniques in diabetes 

mellitus data analysis. The publications demonstrate a significant contribution to the field through rigorous 

analysis of diabetic data, resulting in novel machine learning techniques that enhance analysis and offer 

new insights. These outcomes contribute to a deeper understanding of diabetes management and improving 

patient health. 
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Publication 1. 
Blood Glucose Time Series Forecasting: Advanced GAN 

Driven Interdependent Deep Learning Topologies 1 

Abstract. This article presents new deep learning architectures, leveraging generative adversarial networks, 

for time series forecasting (TSF) with application to blood glucose prediction. For composing the new 

structures, three deep learning modules are contrived as precursors; a stem regressor, an auxiliary 

discriminator, and an auxiliary regressor. The stem regressor, as a compulsory element of all structures, is 

appointed to execute the primary task of TSF. The module intakes sequences of lag observations and outputs 

forecasts of future values over a predefined prediction horizon. The auxiliary discriminator is an adversarial 

compartment that demarcates actual prediction horizon data sequences from those synthesised by the stem 

regressor. The auxiliary regressor collaborates with the stem regressor by exploiting estimates about the 

prediction horizon to forecast data excursion over an expanded timespan. The three structures are created 

depending on whether the stem regressor is retrofitted with the auxiliary discriminator, auxiliary regressor, 

or both. To instantiate the structures’ effectiveness, they are exercised to generate time series blood glucose 

level forecasting systems. To this end, the well-established publicly available Ohio type 1 diabetes mellitus 

(T1DM) datasets were scrutinised. The systems developed undergo in-depth mathematical, clinical, and 

comparative evaluation analysis. The outcomes substantiate the supremacy of the proposed interdependent 

learning setups over standard benchmarked independent learning procedures. 

Keywords. Deep Learning, Time Series, Generative Adversarial Networks, Blood Glucose, Electricity 

Transformer Temperature 

 

1 At the time of submitting this dissertation, this article was under review at the IEEE Journal of Biomedical 

Helath Informatics. Authors: H. Khadem, H. Nemat, J. Elliott, M. Benaissa. 
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1. Introduction 

Time series (TS) is a collection of time-indexed data points [1]. TS analysis refers to developing 

methodologies for deriving meaningful properties of TS data [2,3]. Time series forecasting (TSF) is a scope 

of TS analysis that adopts specialised techniques to project underlying historical patterns of TS data into 

the future [4]. TSF has found a variety of applications in science and technology [5]. Consequently, 

extensive research is underway to develop reliable TSF pipelines [6–8]. For instance, studies such as [9–

14] have created effective TSF models in a wide range of applications leveraging classical techniques, such 

as autoregressive, moving average, exponential smoothing, and autoregressive integrated with moving 

average. 

While traditional TSF approaches have been broadly used they have some limitations e.g., tuning 

difficulty, significant domain knowledge demand, limited capability to deal with complex patterns, and 

limited ability to handle outliers and missing values [15,16]. Thus, more advanced data analysis algorithms, 

namely machine learning (ML), have been invoked to further the TSF domain [17–20]. As representatives, 

in [21–24], ML techniques such as penalised linear methods or nonlinear regression trees have been 

investigated for generating functional TSF models. 

A privileged ML domain to accomplish complicated computing tasks, including TSF, is deep learning 

(DL) [25–30]. On the one hand, given DL’s competence in mapping intricate nonlinear dynamics, it has 

proven effective for TSF [31,32]. On the other hand, recent technological breakthroughs have facilitated 

acquiring large TS data typically needed for DL analysis [33,34]. Some of the recent studies that have 

recruited DL techniques such as recurrent neural networks, convolutional neural networks, and transformers 

to manufacture dependable TSF models include [35–40]. Despite the efficacy of DL-based TSF analysis, 

further improvements are still desired in many areas. This has encouraged the generation of compound 

techniques with more analytical potential. 
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One way to further enrich the analysis is to incorporate advanced complementary techniques like 

generative adversarial networks (GANs) [41]. GANs are a type of deep learning model composed of two 

neural networks, a generator and a discriminator, that work in opposition to improve the model's ability to 

generate realistic data. The generator’s mission is to create lifelike images, and the discriminator’s task is 

to distinguish between actual and artificial images. The crux of GAN is that the two subnetworks are 

intertwined and trained in parallel through an adversarial loop. In each training iteration, the generator 

learns to mock more realistic images. At the same time, the discriminator masters differentiating between 

real and fake images more precisely [42]. 

After establishing its efficacy in simulating image data, GAN was deployed to synthesise other data 

types, including TS data [43–46]. Later, customised variations of GAN also emerged for TSF applications. 

In these modified versions, the generator subnetwork was a regressor predicting a future value based on 

historical data. The discriminator was a classifier determining whether the predicted value by the regressor 

resembled the actual reference data point [47–52]. 

By equipping TSF systems with techniques such as GAN, the analyses have further matured [41]. 

Notwithstanding all the improvements so far, continued progress in TSF is required to deal with challenging 

real-world problems [53]. In pursuit of this objective, one approach is to devise advanced TSF 

infrastructures atop the underlying foundations such as GAN. Such engineering upgrades the repertoire of 

TSF tools and provides potent alternative solutions to cope with more complex problems. 

Backed up by the state-of-the-art paradigm of GAN, the present work offers three interdependent setups 

for DL sequence-to-sequence univariate TSF. The proposed setups concomitantly train a stem regressor, 

responsible for performing predictions over a specified prediction horizon (PH), with one or two auxiliary 

modules. The first platform interlinks the stem regressor with an auxiliary discriminator. The 

discriminator’s task is to detect whether a sequence within a PH is real or synthesised by the stem regressor. 

During the training, the stem regressor forms an adversarial interaction with the auxiliary discriminator. 

The stem regressor is educated to produce sequences that, aside from optimising the prediction 
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performance, curtail the accuracy of the discriminator. In the second platform, the stem regressor is 

interconnected with an auxiliary regressor. The auxiliary regressor utilises the stem regressor’s output 

sequences to make forecasts of data entities within a specific timeframe beyond the PH. The stem regressor 

shapes a collaborative relationship with the auxiliary regressor in the training stage. The stem module learns 

to output sequences that, in addition to minimising the prediction error, lead to increased performance for 

the auxiliary module. Finally, the third platform interrelates the stem regressor with both the auxiliary 

regressor and discriminator described above. 

To showcase the efficacy of the propositions, the three designed interdependent platforms described above 

are then tasked with creating blood glucose level prediction (BGLP) systems for individuals with type 1 

diabetes mellitus (T1DM). Due to the erratic nature of the phenomenon, automated BGLP for T1DM 

patients constitutes a TSF research conundrum [54], desiring further enhancements [55]. Accurate BGLP 

contributes to optimal and sustainable glycaemic control, a crucial goal in managing T1DM [56–58]. In 

turn, the effective management of the disease reduces the risk of associated acute and chronic complications 

[59,60]. In recent times, the growing use of wearable sensing devices by people with T1DM, particularly 

continuous glucose monitoring (CGM), enables the automated collection of vast data in demand for DL 

analysis [61]. Hence, as in other research areas, DL methods integrated with cutting-edge tools such as 

GAN  have gained utility in generating TSF models to perform BGLP for T1DM patients [62]. Despite 

many studies dedicated to this topic, constructing decisive BGLP systems remains a TSF challenge. 

Overall, the main contributions and objectives of the work include: 

• Advancing incorporation of GAN-driven approaches in TFS analysis 

• Introducing three novel interdependent platforms for TSF with demonstrated capability 

• Evolving GAN-based TSF analysis by devising collaborative interactions between components 

The remainder of the paper is organised as follows. Section 2 conducts a concise literature survey on 

the use of GANS in TS analysis. Section 3 presents three new interdependent structures for univariate time 
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series forecasting. In section 4, the recommended structures are examined to create BGLP systems. Section 

5, experimentally validates the generated systems and discusses the results. Section Finally, the work is 

summarised and concluded in section 6. 

2. Related work 

In this section, we overview some of the significant works that have used GAN for TS analysis in 

various fields. A more comprehensive literature survey of the topic can be found in review articles such as 

[63–66]. 

Article [67] presents a promising new approach for modelling financial TS data using GAN. The article, 

first, argues that traditional models, such as autoregressive or moving average techniques, struggle to 

capture the complex dynamics of financial data. Then, in response, the work proposes using GAN and 

shows that this approach outperforms traditional models in terms of accuracy and ability to capture complex 

patterns in the data. The work also discusses how GAN could be used in various areas of finance, such as 

fraud detection. 

Another article [68] proposes a novel DL methodology that employs GAN for anomaly detection in TS 

data. The authors assess the efficacy of the method on benchmark datasets and demonstrate its superior 

performance over several state-of-the-art anomaly detection techniques. This research offers a promising 

solution to detecting anomalies in time series data that can have far-reaching applications in various 

domains. 

Article [69] proposes a new approach to addressing the problem of missing values in multivariate TS 

data. The authors introduce a specialized GAN architecture designed for imputing TS data. The evaluation 

analysis of real-world datasets demonstrates that the model outperforms several existing imputation 

methods. This research offers a promising solution to the challenge of imputing missing values in 

multivariate time series data that has practical applications in diverse fields, such as finance, healthcare, 

and environmental monitoring. 
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Another research article [70] presents a new method for predicting the hourly photovoltaic power output 

using conditional GAN. The proposed approach addresses the issue of limited training data by using 

conditional  GAN to generate synthetic data, which helps to increase the size of the training dataset. A DL 

model then uses the augmented dataset to predict the future output. The study compares the performance 

of this approach with other popular TSF methods and finds that it outperforms them in terms of accuracy. 

The new method’s potential for improving the accuracy of photovoltaic power forecasting could play a 

crucial role in integrating renewable energy sources into the power grid. 

Article [71] introduces a new approach for TS prediction and classification using a combination of 

GAN and recurrent neural networks with an attention mechanism. The recurrent neural network unit is used 

to analyze the temporal patterns in the data, while the GAN unit is employed to create synthetic data that 

can be used to enhance the training dataset. The study compares the performance of this new approach with 

other popular methods used for TS prediction and classification, and the results show that it is more accurate 

and efficient. 

Finally, [43] presents a new method for TS resampling that addresses the issue of unevenly spaced data. 

The proposed method uses GAN to generate synthetic data that can fill in the gaps between the original 

data points. GAN is trained to learn the statistical patterns of the original data and then used to generate 

synthetic data points that complete the missing values. The study compares the performance of this method 

with other popular techniques used for resampling TS data, and the results show that it is more accurate. 

The authors conclude that this new approach has the potential to improve the accuracy of time series 

resampling. 

Overall, GAN has shown promising results in TS analysis and has outperformed traditional methods in 

several applications. However, there are still many open research questions and challenges to be addressed 

in this field, such as designing more effective GAN-driven architectures for TSF. 
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3. Methods 

In this research, three interdependent frameworks are introduced for DL sequence-to-sequence TSF. 

For building these interrelated learning setups, three components are determined; a stem regressor, an 

auxiliary discriminator, and an auxiliary regressor. The stem regressor is assigned to accomplish the 

principal task of TSF. The module receives a determined length of historical data and predicts future data 

over a certain PH (Figure 1). The auxiliary discriminator is responsible for further assessing the similarity 

between actual PH sequences and those synthesised by the stem regressor. To do so, the auxiliary 

component intakes a sequence that contains a certain length of true historical data, true or synthesised PH 

data, and true post-PH data, and detects whether the sequence contains authentic or synthesised PH data 

(Figure 2). The auxiliary regressor’s mission is to test how PH sequences synthesised by the stem regressor 

are informative about the future. To this end, the auxiliary component utilises the sequences produced by 

the stem regressor to make predictions over a period after the PH. In detail, the element intakes a stem 

module’s pair of input and expand the predictions over a predefined post-PH window. For simplicity, the 

post-PH period is given a length identical to that of the PH (Figure 3). 

Since the stem regressor performs the primary TSF predictions, it is a compulsory part of all systems. 

The two auxiliary components, on the other hand, can subserviently interconnect with the stem unit to 

undertake supplementary assignments. When interlinked with the auxiliary discriminator, the stem 

regressor interacts with it adversarially and returns sequences that, in addition to optimising its own 

predictive performance, demote the accuracy of the discriminator. In contrast, if interrelated with the 

auxiliary regressor, the stem regressor treats it collaboratively and outputs sequences that, along with 

minimising prediction error, promote the functionality of the auxiliary compartment. Depending on whether 

the stem module is interconnected to either or both of the auxiliary compartments, the three interdependent 

platforms are formed as described below. 
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3.1. Adversarial Learning 

Adversarial learning is a DL technique in which two models, typically a generator and a discriminator, 

are trained simultaneously. As illustrated in Figure 1, in the adversarial learning framework, the stem 

regressor is assimilated with an auxiliary discriminator. The two modules are then trained in parallel. In the 

training phase, the stem regressor forms an adversarial interaction with the auxiliary discriminator. For this 

purpose, to update the weights of the system the loss functions given in Eqs. 1 and 2 are optimised for the 

auxiliary discriminator and the stem regressor, respectively. With these loss functions, the auxiliary 

discriminator learns to label true data as 0 and synthesised data as 1. On the other hand, the stem regressor 

is educated to produce outcomes that, besides improving the prediction accuracy, undermine the 

performance of the discriminator by minimising its performance to correctly label synthesised data as 1. 

𝐿!" = E(AD(𝑃𝐻#), 1) + E(AD(𝑃𝐻#$), 0) (1) 
 

𝐿%& = E(𝑆𝑅(𝐻#), 𝑃𝐻#) + E(AD(𝑃𝐻#$), 1) (2) 
 

where, 𝐿': loss a, AD: auxiliary discriminator, E(a, b): error between a and b, AD(a): auxiliary 

discriminator’s evaluation of a, 𝑃𝐻#: real prediction horizon sequence, 𝑃𝐻#$: synthesised prediction horizon 

sequence, SR: stem regressor, 𝐻#:real history sequence, SR(a): stem regressor’s evaluation of a. 
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Figure 1. General block diagram of the adversarial learning layout where the stem regressor is internally attached to an auxiliary 
discriminator. Then, both compartments are trained simultaneously. 
Note. N represents the number of values in the history window; M represents the number of data values in the prediction horizon 
and the post-prediction horizon interval. 
Abbreviations. o: observation; PH: prediction horizon. 

3.2. Collaborative Learning 

The stem regressor is interlinked with the auxiliary regressor in this framework, as shown in Figure 2. 

The two modules are then trained simultaneously. During the training, the stem regressor works 

collaboratively with the auxiliary regressor. To do so, the loss functions in Eqs. 3 and 4 are used respectively 

for the auxiliary regressor and the stem regressor. This way, the stem compartment learns to produce 

outcomes that, in conjunction with optimising its own performance (minimising PH prediction errors), 

promote the performance of the auxiliary constituent (minimising post-PH prediction errors) as well. 

𝐿!& = 	E(AR(𝐻# + 𝑃𝐻#$), 𝑃𝑃𝐻#) (3) 
 

𝐿%& = E(𝑆𝑅(𝐻#), 𝑃𝐻#) + E(AR(𝐻# + 𝑃𝐻#$), 𝑃𝑃𝐻#) (4) 
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where, 𝐿': loss a, AR: auxiliary regressor, AR(a): auxiliary regressor’s evaluation of a , E(a, b): error 

between a and b, 𝐻#: real history sequence, 𝑃𝐻#$: synthesised prediction horizon sequence, 𝑃𝑃𝐻#: real post 

prediction horizon sequence, SR: stem regressor,  𝑃𝐻#: real predictin horizon sequence,  SR(a): stem 

regressor’s evaluation of a. 

 

Figure 2. General block diagram of collaborative learning layout where the stem regressor is attached to an auxiliary regressor. 
Then, both compartments are trained simultaneously. 
Note. N represents the number of values in the history window; M represents the number of values in the prediction horizon and 
the post-prediction horizon interval. 
Abbreviations. o: observation; PH: prediction horizon. 
 

3.3. Adversarial Collaborative Learning 

As represented in Figure 3, the last learning framework interlinks the stem regressor with both the 

auxiliary discriminator and regressor. In this scenario, the three modules are trained together, where the 

stem regressor bounds an adversarial relationship with the auxiliary discriminator and a collaborative 

relationship with the auxiliary regressor. To this end, the loss functions in Eqs. 5, 6, and 7 are considered 

for the auxiliary discriminator, auxiliary regressor, and stem regressor. Using these loss functions, with 

similar explanations given for the two previous learning scenarios, during the training stage of adversarial 

collaborative learning, the stem regressor learns to generate outcomes that, along with optimising the 
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prediction error, decrease the discriminator’s performance and increase the auxiliary regressor’s 

performance. 

𝐿!" = E(AD(𝑃𝐻#), 1) + E(AD(𝑃𝐻#$), 0) (5) 
 

𝐿!& = 	E(AR(𝐻# + 𝑃𝐻#$), 𝑃𝑃𝐻#) (6) 
 

𝐿%& = E(𝑆𝑅(𝐻#), 𝑃𝐻#) + E(AD(𝑃𝐻#$), 1) + E(AR(𝐻# + 𝑃𝐻#$), 𝑃𝑃𝐻#) (7) 
 

where, 𝐿': loss a, AD: auxiliary discriminator, E(a, b): error between a and b, AD(a): auxiliary 

discriminator’s evaluation of a,  𝑃𝐻#: real prediction horizon sequence, 𝑃𝐻#$: synthesised prediction horizon 

sequence, AD: auxiliary regressor, AR(a): auxiliary regressor’s evaluation of a, 𝐻#: real history sequence,  

𝑃𝑃𝐻#: real post prediction horizon sequence, SR: stem regressor, SR(a): stem regressor’s evaluation of a. 

 

Figure 3. General block diagram of collaborative adversarial learning layout where the stem regressor is attached to an auxiliary 
discriminator and an auxiliary regressor. Then, all three compartments are trained simultaneously. 
Note. N represents the number of values in the history window; M represents the number of values in the prediction horizon and 
the post-prediction horizon interval. 
Abbreviations. o: observation; PH: prediction horizon. 
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4. Instantiation 

The frameworks described in section 3 are instituted to case study BGLP 30 and 60 minutes into the 

future. Two multilayer perceptron networks with demonstrated usefulness in TSF are allotted as the stem 

and auxiliary regressors [72]. For simplicity, similar architectures are considered for both networks. They 

are formed of an input layer, a 50-unit dense layer followed by a 20-unit dense layer and another dense 

layer as output. The output layer needs six units when PH is 30 minutes and 12 units when PH is 60 minutes. 

For all layers, ReLU is chosen as the activation function. For the auxiliary discriminator, a convolutional 

neural network, which generally has excellent classification capacity, was selected [73]. It consists of an 

input layer, a 20-unit Conv1D layer, a 10-unit Conv1D layer, and a single-unit dense layer as output with 

a sigmoid activation function and binary cross entropy as the loss function. The number of units in all 

networks is fined tuned using a grid search approach. The search space for the regressors includes 25, 50 

and 100 (5, 10 and 20) nodes for the first (second) layer. The search space for the discriminator is 20, 30 

and 40 (5, 10, 15) nodes for the first (second) layer. The values are selected based on the best performance 

observing training data only. The rest of the hyperparameters are preset and commonly used values. 

For developing BGLP systems, two T1DM datasets are studied. Initially, the data are preprocessed 

according to the requirements of our problem space. Subsequently, to generate the BGLP systems, the stem 

regressor is trained by exploring the three proposed interdependent setups, along with conventional 

independent learning. In the independent learning approach, the stem module is trained solo without 

amalgamating any auxiliary component. In all training scenarios, ADAM is used as the optimiser; epoch 

size, batch sizes, and learning rate are set at 600, 128, and 0.002, respectively. Rigorous evaluation analyses 

are then conducted on the generated systems. 
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4.1. Data 

For developing BGLP systems, this work investigates two Ohio T1DM datasets [74] which are well-

studied in this field of TSF research [75–80]. Each dataset encompasses eight weeks’ worth of diabetes-

related attributes for a cohort of six individuals with T1DM [74]. The first dataset compiles data for four 

females and two males aged between 40 and 60 years [74]. It was released in 2018 for the first BGLP 

challenge [74]. The second dataset comprises data for one female and five males within the age range of 

20–80 years old [74]. This dataset was disseminated for the second BGLP challenge in 2020 [74]. Hereafter, 

this paper refers to the former dataset as Ohio T1DM 2018 and the latter as Ohio T1DM 2020. 

In alignment with previous studies on developing univariate TSF systems for BGLP, the current work 

studies CGM data included in the datasets [81]. The modality has been collected by Medtronic Enlite 

sensors in five-minute intervals [74]. For each individual, the collected data points for the last ten days are 

allocated as the testing set and the preceding data points (46 days) as the training set by the data collection 

team [74]. All generated BGLP systems are trained only using the training set, and the testing set remains 

unseen for the evaluation analysis. Table 1 outlines some statistical properties of the CGM data in the 

training and testing sets of the Ohio T1DM datasets. A comprehensive description of the datasets can be 

found in the datasets documentation [74].  
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Table 1. Statistical characteristics of CGM data in Ohio T1DM datasets for each participant’s training and testing set. 

Dataset PID Sex Age Set 
Statistical property 

Samples Range 
(mg/dl) 

Mean 
(mg/dl) 

SD 
(mg/dl) 

Missings 
(%) 

Hypos 
(%) 

Eus 
(%) 

Hypers 
(%) 

O
hi

o 
T1

D
M

 2
01

8 

559 female 40–60 
Training 10655 40–400 167.53 70.44 12.06 3.65 55.98 40.37 
Testing 2444 45–400 168.93 67.78 14.81 3.03 59.86 37.11 

563 male 40–60 
Training 11013 40–400 146.94 50.51 8.80 2.82 72.81 24.36 
Testing 2569 62–313 167.38 46.15 4.71 0.70 60.45 38.85 

570 male 40–60 
Training 10981 46–377 187.5 62.33 5.73 1.97 42.97 55.07 
Testing 2672 60–388 215.71 66.99 5.05 0.41 29.04 70.55 

575 female 40–60 
Training 11865 40–400 141.77 60.27 10.43 8.71 68.62 22.66 

Testing 2589 40–342 150.49 60.53 4.94 5.37 63.50 31.13 

588 
 

female 40–60 
Training 12639 40–400 164.99 50.51 3.69 1.04 63.56 35.40 

Testing 2606 66–354 175.98 48.66 3.42 0.15 53.26 46.58 

591 
 

female 40–60 
Training 10846 40–397 156.01 58.03 17.59 3.94 63.97 32.09 

Testing 2759 43–291 144.83 51.42 3.15 5.18 67.27 27.55 

O
hi

o 
T1

D
M

 2
02

0 

540 male 20–40 
Training 11914 40–369 136.78 54.75 9.76 7.08 72.66 20.25 

Testing 2360 52–400 149.94 66.46 6.74 5.64 68.18 26.19 

544 male 40–60 
Training 10533 48–400 165.12 60.08 19.11 1.47 63.78 34.75 

Testing 2715 62–335 156.48 54.14 15.47 1.22 68.29 30.50 

552 male 20–40 
Training 8661 45–345 146.88 54.63 22.30 3.89 72.05 24.06 

Testing 1792 47–305 138.11 50.23 85.71 3.57 80.02 16.41 

567 female 20–40 
Training 10750 40–400 154.43 60.88 24.91 6.75 63.40 29.84 

Testing 2388 40–351 146.25 55.00 20.18 8.33 67.38 24.29 

584 
 

male 40–60 
Training 12027 40–400 192.34 65.29 9.13 0.80 47.69 51.51 

Testing 2661 41–400 170.48 60.76 12.40 1.01 61.86 37.13 

596 
 

male 60–80 
Training 10858 40–367 147.17 49.34 25.35 2.08 73.99 23.93 
Testing 2663 49–305 146.98 50.79 9.76 2.78 75.07 22.16 

Note. CGM: continuous glucose monitoring; T1DM: type 1 diabetes mellitus; PID: patient identification; SD: standard deviation; Hypos: hypoglycaemic events; 
Eus: euglycaemic events; Hypers: hyperglycaemic events. 

4.2. Preprocessing 

This subsection reports the preprocessing analysis operated on the Ohio T1DM datasets before 

proceeding with the BGLP modelling phase. 

4.2.1. Imputation 

In the first stage of the preprocessing, missing CGM values are handled. Linear interpolation is 

implemented to fill in missing values in the training set. However, missing values in the testing set are 

imputed utilising linear extrapolation. This technique avoids information leakage by ascertaining that 

systems do not manipulate future information in the evaluation stage. Ergo, the resultant systems would be 

functional for real-time predictions. 
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4.2.2. Reframing 

The next preprocessing stage is translating the sequence-to-sequence BGLP task to a supervised ML 

problem. For this purpose, a window with the length of history plus PH is rolled over the CGM series, 

creating a set of associated vectors. Each vector is then split into pairs of input and output sequences 

according to the length of history and PH. This operation renders a subset of associated input and output 

sequences necessary for supervised ML [82–84]. To exemplify, a rolling window with a length of 90 

minutes forms a set of vectors for BGLP 30 minutes in advance from 60 minutes of lag observations. Then, 

each vector is subdivided; the first 60 minutes are set as an input sequence and the last 30 minutes as the 

associated output sequence. It merits mentioning that considering the sampling frequency of CGM values 

in the Ohio T1DM datasets, every five-minute interval corresponds to one timestep. 

4.3. Evaluation 

The performance of the developed systems in making predictions across the entire testing set is 

rigorously reviewed from mathematical and clinical perspectives. For a thorough assessment, several 

evaluation metrics are considered for each viewpoint as follows.  

4.3.1. Mathematical Evaluation 

BGLP errors are measured via three expansively used regression metrics; root mean square error 

(RMSE), mean absolute error (MAE), and mean absolute percentage error (MAPE), as in Eqs. 8, 9, and 10, 

respectively. Moreover, the coefficient of determination (r2), calculated as Eq. 11, is leveraged to rate the 

correlation between the reference and predicted BGLs. 

 	𝑅𝑀𝑆𝐸 = 4(∑ (𝐵𝐺𝐿( −	𝐵𝐺9𝐿()))*
(+, /𝑛 (8) 

𝑀𝐴𝐸 = =>𝐵𝐺𝐿( −	𝐵𝐺9𝐿(>?/𝑁 (9) 

𝑀𝐴𝑃𝐸 = ((A >=𝐵𝐺𝐿( −	𝐵𝐺9𝐿(? 𝐵𝐺𝐿(⁄ >
*

(+,
) N) × 100E  (10) 



Publication 1. New Advanced GAN-Inspired Interdependent System Topologies for Deep Learning Time Series Forecasting: Instantiation to Blood Glucose Prediction 

16 

 

𝑟) = 1 − ((A (𝐵𝐺𝐿( −	𝐵𝐺9𝐿())
*

(+,
) (A (𝐵𝐺𝐿( − 𝐵𝐺𝐿GGGGGG))

*

(+,
))H  (11) 

where, 𝑁 represents the size of the testing set, and the hat symbol denotes predicted BGLs. 

4.3.2. Clinical Evaluation 

The following evaluation criteria were employed to assess the performance of the generated systems 

from the clinical point of view. 

Surveillance error (SE) quantifies the clinical risk of BGLP errors by assigning a value to each 

prediction [85]. A detailed explanation of the calculation for SE is included in the original article [85]. 

Succinctly, 0 < SE < 0.5 reflects no clinical risk, 0.5 < SE < 1.5 slight clinical risk, 1.5 < SE < 2.5 moderate 

clinical risk, 2.5 < SE < 3.5 high clinical risk, and 3.5 < SE extreme clinical risk. This work utilises the 

percentage of predictions with no clinical risk (SE < 0.5) and the average surveillance error (ASE) for 

predictions across the entire testing set as evaluation metrics. 

Matthews correlation coefficient (MCC) measures the quality of binary classification [86]. The metric 

is specifically beneficial when the distribution of data in the two classes is unbalanced [86]. In this work, 

MCC is calculated as Eq. 12 to score the fulfilment of the systems’ predictions in correctly prognosticating 

the occurrence of adverse glycaemic events (BGL < 70 mg/dl or >180 mg/dl) as opposed to euglycaemic 

events (70 mg/dl < BGL < 180 mg/dl). 

𝑀𝐶𝐶 =	 (𝑇𝑃 × 𝑇𝑁 − 𝐹𝑃 × 𝐹𝑁) L(𝑇𝑃 + 𝐹𝑃)(𝑇𝑃 + 𝐹𝑁)(𝑇𝑁 + 𝐹𝑃)(𝑇𝑁 + 𝐹𝑁)⁄  (12) 
 

where TP (true positive) represents the number of adverse glycaemic events foresaw truly by the BGLP 

system, TN (true negative) represents the number of euglycaemic events foresaw truly, FP (false positive) 

represents the number of adverse glycaemic events foresaw falsely, and FN (false negative) represents the 

number of euglycaemic events foresaw falsely. 
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5. Results and Discussion 

This section presents the outcomes of the evaluation analyses for generated BGLP systems and the 

associated discussions. In response to the stochastic essence of DL algorithms, which causes randomness 

in the outcomes, each system runs five times, and the results achieved are presented in the form of mean 

and standard deviation (SD). 

Tables Table and Table display the evaluation results for systems created respectively using the Ohio 

T1DM 2018 dataset and Ohio T1DM 2020 dataset. Each table is compartmentalised with the results of 12 

scenarios, i.e., BGLP modelling for six data contributors in two PHs. For each scenario, four systems are 

created using the three interdependent learning platforms and independent learning approach, one a piece. 

Monochromatic colour coding is applied in the tables to visualise intra-scenario comparisons between 

learning platforms. To this end, the cells are shaded using four grey colours, where the darkest to lightest 

colour codes the outcomes for each metric from the first to the fourth rank. According to the tables, no 

learning structure is universally superior, and there are circumstances where each interdependent layout 

dominated the others. For instance, for BGLP 60 minutes into the future, the best learning setup was 

adversarial learning for subject 559, collaborative learning for subject 570, and adversarial collaborative 

learning for subject 540. These outcomes imply that for a new given BGLP problem, there is a prospect of 

superiority for each interdependent learning structure. This finding promises the potential utility of the 

proposed interdependent learning forums to address challenging TSF tasks. 

An inter-framework comparative analysis is also performed, considering all evaluation metrics in all 

scenarios. For this purpose, the results of colour-coded rankings in Tables 2 and 3 are combined and 

encapsulated in the pie charts shown in Figure 4. Each chart illustrates a summary of the rankings achieved 

using each learning structure for all evaluation metrics across the aggregate pool of scenarios considered 

for both datasets. For cohesion, the charts are colour-coded using the same pallet and approach as applied 

to the tables. As the charts highlight, for the sample TSF problem investigated in this research, the consensus 
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was that adversarial collaborative learning delivered the highest performance overall. This learning 

platform produced outcomes for the evaluation metrics placed first, second, third, and fourth rank in, 

respectively, 39%, 20%, 19%, and 17% of the cases. Therefore the average ranking of the evaluation metrics 

produced by this platform was 2.14. Collaborative learning was the second-best platform overall, with an 

average ranking of 2.22. Adversarial learning with an average ranking of 2.49 and independent learning 

with an average ranking of 3.04 was third and fourth, respectively. Statistical significance between the 

models’ performance was then verified by conducting the Friedman test [87]. Friedman [88] is a non-

parametric statistical test as an alternative to the ANOVA [89] test with no normality assumption. The null 

hypothesis in this analysis was that the models have identical ranking distribution and the significance level 

was 0.05. The null hypothesis was rejected by a resultant p-value of 0.0265. 

Overall, the results obtained underscore the potential efficacy of the proposed learning frameworks in 

advancing BGLP when compared with the traditional independent learning mechanism. Apropos the 

monitored capability of the proposed interdependent learning structures, the following explanations are 

provided. Adversarial interaction of the stem regressor with the discriminator enforces the stem regressor 

to produce sequences that, along with optimising prediction errors, adhere to the data distribution within 

the PH. This way,  further assessments are dictated on the sequences generated by the stem regressor. In 

detail, the output sequences are compelled to resemble real CGM sequences and fit the PH’s data pattern. 

Likewise, a collaborative relationship of the stem regressor with the auxiliary regressor also imposes 

exterior assessments on the outputs of the stem regressor. In this manner, the sequences produced by the 

stem regressor are directed to have increased knowledge of the future. As a result, the trained stem regressor 

yields sequences that possess reinforced future predictivity. As a result of dual interactions with both the 

auxiliary modules, the stem regressor learns to return sequences with optimum prediction errors that are 

also more consistent with the data dynamics in the PH and hold improved future predictivity. 

In addition to the evaluation results above, here, a complementary benchmark analysis is performed to 

further demonstrate the potential of the proposed interdependent topologies. For this purpose, the outcomes 



Publication 1. New Advanced GAN-Inspired Interdependent System Topologies for Deep Learning Time Series Forecasting: Instantiation to Blood Glucose Prediction 

19 

 

ACL in creating BGLP models are studied side-by-side with existing approaches. For comparative analysis, 

the benchmark experimental design in the literature is used [90].  

Table 4 displays the results of BGLP over the Ohio T1DM datasets for 9 existing approaches alongside 

ACL. Detailed descriptions of the benchmarked models are given in [90], here a brief explanation of them 

is given in the table footnote. According to the results in the table, ACL is amongst the top-performance 

models in all scenarios, further verifying the capability of the propositions. 

Accurate blood BGLP represents a significant advancement in the management of T1D, enabling 

more informed decisions regarding insulin dosing and other therapeutic interventions. The superior 

performance of the proposed interdependent learning topologies in minimising prediction errors 

directly enhances the reliability of BGLP, which is crucial for preventing dangerous hypoglycaemic 

and hyperglycaemic events. The ability of these models to maintain high accuracy across diverse 

patient datasets underscores their potential for widespread clinical application, particularly in 

optimising CGM systems. 

When integrated with CGM systems, these predictive models can provide real-time, personalised 

insights into glucose trends, allowing for more precise and proactive diabetes management. This could 

lead to improved glycaemic control, reduced frequency of complications, and ultimately a better 

quality of life for patients with T1D. Among the proposed frameworks, ACL is particularly noteworthy 

for its adaptability to individual patient data, which supports its role in personalised medicine. By 

incorporating these advanced models into clinical practice, healthcare providers can enhance the safety 

and efficacy of diabetes management, leading to better patient outcomes and potentially reducing the 

overall burden of T1D on healthcare systems. 
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6. Denouement 

This work designed three novel interdependent learning environments upon principles of GAN for 

sequence-to-sequence univariate TSF. A stem regressor assigned to perform the primary task of TSF is 

trained within these learning environments to generate TSF systems. Therein, the stem regressor undergoes 

beneficiary adversarial, collaborative, or adversarial collaborative interactions with auxiliary components. 

To instantiate the efficacy of the propositions, the new setups were exploited to create BGLP systems, a 

challenging real-life TSF problem desiring improved analysis. In this sense, experiments were conducted 

on two well-known and publicly available Ohio T1DM datasets. The generated systems were evaluated 

vigorously regression-wise and clinical-wise. The evaluation results promised the effectiveness and 

compatibility of the propositions. All in all, the interpretation of the results supported the capability of the 

proposed interdependent platforms to supply alternative learning mechanisms that could transcend the 

conventional independent learning approaches. The proposed frameworks may also pave the way for the 

construction of more revolutionised TSF forums. In this sense, further work can involve customising the 

frameworks for application in other fields such as finance, energy, or climate forecasting. This can 

potentially extend the applicability and usefulness of the proposed methods and identify new insights in 

various domains.  
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Table 2. Evaluation results for BGLP systems created using Ohio T1DM 2018 dataset. 

Scenario Learning 
Evaluation metric 

RMSE±SD 
(mg/dl) 

MAE±SD 
(mg/dl) 

MAPE±SD 
(%) 

r2±SD 
(%) 

MCC±SD 
(%) 

SE<0.5±SD 
(%) 

ASE±SD 

PID 559 
PH 30 

IL 19.36±0.43 13.45±0.22 8.79±0.19 91.71±1.20 81.08±0.86 89.96±0.56 0.189±0.002 

AL 18.87±0.32 13.29±0.14 8.65±0.12 92.12±1.12 80.01±0.98 90.29±0.95 0.185±0.003 

CL 19.05±0.34 13.17±0.18 8.78±0.17 91.97±1.01 80.68±0.89 89.52±0.51 0.184±0.001 

ACL 18.77±0.18 13.09±0.12 8.55±0.10 92.20±0.92 81.37±0.87 89.60±0.62 0.184±0.002 

PID 559 
PH 60 

IL 33.22±0.65 25.08±0.40 17.97±0.38 75.58±0.96 64.43±0.88 75.78±0.92 0.350±0.003 

AL 32.54±0.94 23.88±0.47 16.19±0.41 76.57±0.89 65.57±0.74 78.67±0.91 0.329±0.005 

CL 32.07±0.56 24.26±0.32 16.00±0.27 75.80±0.75 65.27±0.62 78.11±0.62 0.327±0.002 

ACL 32.54±0.49 24.12±0.24 16.55±0.20 76.57±0.67 64.71±0.54 77.43±0.42 0.336±0.007 

PID 563 
PH 30 

IL 19.68±0.21 13.37±0.19 8.23±0.17 81.81±0.67 74.17±0.86 91.68±1.01 0.183±0.004 

AL 19.05±0.18 14.02±0.16 8.19±0.15 80.42±0.71 73.46±0.51 91.64±0.95 0.188±0.002 

CL 19.17±0.22 13.61±0.16 8.13±0.13 81.75±0.72 73.60±0.42 91.56±0.62 0.187±0.003 

ACL 18.75±0.12 13.05±0.10 8.15±0.09 82.37±0.51 77.10±0.49 91.95±0.79 0.182±0.001 

PID563 
PH 60 

IL 29.97±0.84 21.87±0.53 13.81±0.42 57.81±0.74 57.97±0.28 81.23±0.34 0.305±0.006 

AL 30.57±0.54 22.06±0.32 13.65±0.24 56.11±0.62 56.61±0.59 80.71±0.47 0.301±0.004 

CL 30.65±0.62 21.99±0.36 13.63±0.21 55.88±0.28 56.99±0.39 80.52±0.51 0.301±0.001 

ACL 31.04±0.41 22.64±0.26 13.65±0.14 54.73±0.39 53.13±0.62 79.50±0.61 0.306±0.006 

PID 570 
PH 30 

IL 16.25±0.0.35 11.41±0.28 5.68±0.14 94.05±0.81 86.49±0.56 96.44±0.79 0.107±0.002 

AL 16.08±0.0.30 11.25±0.12 5.73±0.12 94.17±0.45 86.80±0.68 96.40±1.25 0.109±0.004 
CL 16.47±0.28 11.21±0.14 5.60±0.11 93.88±0.31 86.79±0.98 96.62±0.68 0.105±0.003 

ACL 15.86±0.38 11.07±0.11 5.58±0.09 94.18±0.64 86.73±0.57 96.58±0.72 0.104±0.002 

PID 570 
PH 60 

IL 29.89±0.61 22.26±0.42 10.91±0.20 79.86±0.96 75.79±0.95 89.89±0.65 0.203±0.003 
AL 28.38±0.84 20.65±0.24 10.31±0.18 81.85±0.92 76.76±0.78 90.11±0.91 0.193±0.004 
CL 27.37±0.65 19.94±0.18 10.39±0.16 83.10±0.54 77.55±0.69 90.26±0.57 0.193±0.003 

ACL 27.5±0.23 20.05±0.12 10.48±0.08 82.95±0.53 77.88±0.62 90.41±0.64 0.195±0.002 

PID 575 
PH 30 

IL 23.01±0.44 14.34±0.32 10.13±0.12 85.59±0.50 76.08±0.87 86.37±0.84 0.222±0.004 
AL 23.00±0.0.31 14.85±0.21 10.54±0.29 83.91±0.74 77.23±0.32 88.00±0.69 0.224±0.004 
CL 22.45±0.61 15.11±0.53 10.16±0.16 86.28±0.64 77.31±0.57 86.75±0.72 0.219±0.0025 

ACL 22.52±0.25 15.16±0.21 10.03±0.17 86.20±0.81 77.81±0.61 86.99±0.56 0.217±0.003 

PID 575 
PH 60 

IL 36.82±0.53 26.30±0.32 18.90±0.20 63.12±0.69 52.24±0.62 70.89±0.85 0.396±0.006 

AL 36.25±0.62 25.97±0.28 18.80±0.24 66.26±0.82 52.37±0.54 71.80±0.92 0.395±0.007 

CL 35.15±0.87 25.57±0.42 19.38±0.14 66.09±0.86 54.11±0.89 70.85±0.59 0.398±0.005 

ACL 36.55±0.82 26.07±0.29 19.07±0.19 64.65±0.58 52.02±0.38 70.03±0.67 0.397±0.004 

PID 588 
PH 30 

IL 19.25±0.51 13.78±0.32 8.29±0.21 83.95±0.87 71.09±0.84 92.02±0.69 0.183±0.001 

AL 18.81±0.39 13.67±0.24 8.14±0.22 84.67±0.59 73.05±0.89 91.91±0.92 0.198±0.002 

CL 18.41±0.42 13.58±0.26 8.16±0.13 85.32±0.74 75.24±0.52 92.02±0.51 0.184±0.001 

ACL 18.72±0.35 13.64±0.14 8.25±0.08 84.82±0.92 76.24±0.43 91.73±0.68 0.182±0.003 

PID 588 
PH 60 

IL 31.04±0.42 23.06±0.26 14.18±0.19 58.25±0.62 59.40±0.63 78.17±0.54 0.309±0.003 

AL 30.92±0.18 22.63±0.12 13.90±0.16 56.56±0.42 57.36±0.51 80.05±0.58 0.277±0.003 

CL 31.19±0.59 22.97±0.23 13.62±0.18 58.56±0.20 58.36±0.24 79.07±0.92 0.303±0.004 

ACL 31.75±0.51 23.14±0.27 13.56±0.23 56.32±0.54 56.01±0.26 80.30±67 0.289±0.004 

PID 591 
PH 30 

IL 21.13±0.17 15.61±0.14 11.95±0.13 81.92±0.54 62.66±0.52 82.79±0.74 0.264±0.003 

AL 21.41±0.25 15.24±0.21 11.83±0.15 82.46±0.68 65.11±0.46 82.61±0.72 0.262±0.002 

CL 21.22±0.20 15.68±0.15 11.63±0.13 82.77±0.41 63.59±0.49 82.90±0.46 0.259±0.001 

ACL 21.25±0.24 15.49±0.16 12.13±0.14 82.73±0.86 62.97±0.52 82.10±0.61 0.268±0.003 

PID 591 
PH 60 

IL 33.48±0.56 25.88±0.28 21.08±0.25 57.11±0.42 44.65±0.51 68.38±0.88 0.418±0.008 

AL 32.75±0.84 25.15±0.40 20.75±0.24 58.19±0.68 44.61±0.62 69.12±0.71 0.407±0.006 

CL 33.20±0.54 25.53±0.27 19.73±0.19 58.96±0.77 45.69±0.66 69.23±0.75 0.418±0.002 
ACL 33.00±0.20 25.45±0.16 20.08±0.12 58.98±0.20 46.52±0.51 69.44±0.35 0.413±0.001 

Note. BGLP: blood glucose level prediction; T1DM: type 1 diabetes mellitus; RMSE: root mean square error; MAE: mean absolute error; MAPE: 
mean absolute percentage error; r2: coefficient of determination; SE: surveillance error; ASE: average surveillance error; MCC: Matthews correlation 
coefficient; PID: patient identity; PH: prediction horizon; IL: independent learning; AL: adversarial learning; CL: collaborative learning; ACL: 
adversarial collaborative learning. 
Note. Outcomes of each evaluation metric for a given modelling scenario are colour-coded from dark grey for best to light grey for worst outcomes. 

 



Publication 1. New Advanced GAN-Inspired Interdependent System Topologies for Deep Learning Time Series Forecasting: Instantiation to Blood Glucose Prediction 

22 

 

Table 3. Evaluation results for BGLP systems created using Ohio T1DM 2020 dataset. 

Scenario Learning 
Evaluation metric 

RMSE±SD 
(mg/dl) 

MAE±SD 
(mg/dl) 

MAPE±SD 
(%) 

r2±SD 
(%) 

MCC±SD 
(%) 

SE<0.5±SD 
(%) 

ASE±SD 

PID 540 
PH 30 

IL 21.49±0.21 15.93±0.16 11.81±0.14 89.72±0.68 73.84±0.74 81.05±0.84 0.228±0.003 

AL 20.90±0.12 15.63±0.10 11.17±0.08 90.01±0.86 74.46±0.76 82.54±0.67 0.238±0.004 

CL 21.68±0.32 16.08±0.15 11.02±0.12 89.58±0.95 74.70±0.84 81.98±0.93 0.231±0.002 

ACL 21.18±0.44 15.75±0.24 11.07±0.18 90.26±0.62 73.98±0.62 84.69±0.74 0.234±0.001 

PID 540 
PH 60 

IL 40.10±0.62 30.59±0.81 21.71±0.45 64.88±0.54 53.71±0.47 61.20±0.56 0.424±0.005 

AL 38.76±0.54 29.77±0.65 21.96±0.42 65.54±0.62 56.92±0.58 62.85±0.48 0.419±0.006 

CL 39.01±0.53 30.06±0.62 21.20±0.35 65.50±0.42 54.88±0.52 65.12±0.69 0.416±0.007 

ACL 38.84±0.84 29.48±0.68 20.67±0.32 66.43±0.61 57.62±0.48 64.51±0.38 0.404±0.001 

PID 544 
PH 30 

IL 18.02±0.61 13.06±0.36 8.94±0.19 88.61±0.69 79.21±0.69 91.15±1.08 0.192±0.005 

AL 17.99±0.28 12.70±0.18 8.35±0.12 88.74±0.79 79.45±0.62 91.60±1.12 0.180±0.001 

CL 17.98±0.29 12.61±0.17 8.23±0.11 88.74±0.86 79.67±0.57 92.08±0.85 0.175±0.002 

ACL 18.01±0.32 12.72±0.16 8.21±0.15 88.72±0.92 79.69±0.54 91.89±0.60 0.174±0.002 

PID544 
PH 60 

IL 31.39±0.59 23.65±0.56 16.05±0.46 65.71±0.60 58.59±0.74 74.03±0.64 0.336±0.005 

AL 30.93±0.42 23.21±0.35 15.83±0.23 66.72±0.55 60.77±0.42 75.14±0.56 0.328±0.001 

CL 30.85±0.62 23.25±0.31 16.01±0.22 66.88±0.43 61.05±0.65 75.07±0.48 0.333±0.001 

ACL 31.47±0.24 23.92±0.21 16.65±0.15 65.54±0.39 61.25±0.32 74.70±0.72 0.341±0.002 

PID 552 
PH 30 

IL 16.73±0.34 12.50±0.14 9.70±0.10 89.71±0.98 74.76±0.67 89.40±0.86 0.205±0.001 

AL 16.78±0.13 12.50±0.08 9.51±0.08 89.65±0.86 74.98±0.54 89.87±0.81 0.202±0.003 
CL 16.89±0.21 12.66±0.11 9.70±0.09 89.52±0.84 75.14±0.84 89.40±0.82 0.205±0.002 

ACL 16.69±0.18 12.25±0.11 9.35±0.10 89.76±0.69 74.97±0.46 90.25±0.39 0.197±0.003 

PID 552 
PH 60 

IL 29.42±0.84 21.82±0.54 16.53±0.45 68.22±0.38 59.36±0.42 75.85±0.84 0.331±0.006 
AL 30.45±0.54 23.76±0.42 19.72±0.36 65.93±0.46 59.38±0.65 73.50±0.85 0.369±0.003 
CL 29.40±0.62 22.24±0.42 17.52±0.32 68.18±0.86 60.13±0.42 75.64±0.86 0.342±0.001 

ACL 28.96±0.49 22.18±0.36 17.71±0.22 69.02±0.84 61.41±0.38 75.55±0.94 0.341±0.002 

PID 567 
PH 30 

IL 20.68±0.42 14.74±0.21 11.01±0.15 85.76±0.58 64.45±0.48 82.42±0.59 0.258±0.003 
AL 21.11±0.65 15.25±0.20 11.45±0.14 85.02±0.75 62.95±0.52 81.81±0.68 0.268±0.005 
CL 20.88±0.35 14.98±0.15 11.18±0.11 85.34±0.69 64.03±0.68 82.24±0.84 0.260±0.002 

ACL 20.57±0.21 14.38±0.12 10.28±0.10 85.78±0.76 68.08±0.63 85.15±0.20 0.232±0.002 

PID 567 
PH 60 

IL 38.41±0.48 29.59±0.35 23.81±0.16 50.62±0.68 58.04±0.54 61.18±0.18 0.503±0.004 

AL 35.99±0.81 26.68±0.54 19.89±0.32 56.46±0.41 57.99±0.16 64.43±0.58 0.462±0.003 

CL 37.42±0.74 28.78±0.42 22.71±0.33 52.77±0.68 59.13±0.28 62.91±0.92 0.486±0.002 

ACL 36.93±0.59 27.72±0.37 21.26±0.25 54.09±0.82 58.03±0.38 66.04±0.54 0.440±0.002 

PID 584 
PH 30 

IL 21.78±0.19 15.83±0.13 10.56±0.10 87.18±0.91 77.08±0.68 88.02±0.91 0.211±0.001 

AL 22.35±0.22 16.12±0.11 11.20±0.08 86.40±0.57 77.28±0.57 87.54±0.21 0.229±0.002 

CL 21.32±0.32 15.24±0.13 9.89±0.09 87.52±0.65 78.05±0.86 89.24±0.52 0.203±0.003 

ACL 22.41±0.26 16.44±0.14 11.25±0.08 86.26±0.42 77.24±0.91 87.54±0.84 0.229±0.000 

PID 584 
PH 60 

IL 36.14±0.96 26.53±0.74 17.06±0.65 64.14±0.87 64.12±0.54 74.74±0.62 0.343±0.008 

AL 36.37±0.71 26.79±0.62 17.41±0.42 63.68±0.54 63.21±0.58 74.55±0.61 0.340±0.006 

CL 36.82±0.65 27.65±0.42 18.74±0.35 62.78±0.25 61.75±0.68 72.39±0.58 0.366±0.005 

ACL 36.04±0.58 26.55±0.38 17.34±0.32 64.34±0.36 63.27±0.35 74.85±0.46 0.343±0.004 

PID 596 
PH 30 

IL 17.92±0.29 12.75±0.21 9.54±0.16 87.83±0.88 75.67±1.06 88.81±0.89 0.203±0.002 

AL 17.68±0.41 12.44±0.18 9.28±0.13 87.70±0.75 74.33±0.96 89.07±0.92 0.209±0.002 

CL 17.42±0.18 12.11±0.11 8.84±0.10 88.04±0.71 74.58±0.52 89.40±0.81 0.193±0.001 

ACL 17.83±0.13 12.35±0.06 8.89±0.05 87.48±0.68 73.53±0.38 89.26±0.50 0.196±0.002 

PID 596 
PH 60 

IL 29.41±0.59 21.33±0.42 15.89±0.31 68.77±0.84 54.61±0.68 78.63±0.88 0.321±0.003 

AL 29.04±0.65 20.91±0.43 15.48±0.32 66.80±0.51 58.69±0.54 79.47±0.96 0.313±0.000 

CL 28.93±0.71 20.87±0.49 15.31±0.36 67.05±0.68 57.50±0.49 79.14±0.72 0.312±0.001 
ACL 29.21±0.48 20.99±0.36 15.10±0.22 66.41±0.40 56.29±0.68 79.44±0.13 0.311±0.004 

Note. BGLP: blood glucose level prediction; T1DM: type 1 diabetes mellitus; RMSE: root mean square error; MAE: mean absolute error; MAPE: mean 
absolute percentage error; r2: coefficient of determination; SE: surveillance error; ASE: average surveillance error; MCC: Matthews correlation coefficient; 
PID: patient identity; PH: prediction horizon; IL: independent learning; AL: adversarial learning; CL: collaborative learning; ACL: adversarial 
collaborative learning. 
Note. Outcomes of each evaluation metric for a given modelling scenario are colour-coded from dark grey for best to light grey for worst outcomes. 
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Figure 4. Summary of the evaluation metrics rankings obtained using each learning framework across all the scenarios considered 
for both studied datasets. 
Abbreviations. IL: independent learning; AL: adversarial learning; CL: collaborative learning; ACL: adversarial collaborative 
learning. 
 
Table 4. Results of comparative analysis of mean accuracy performance for blood glucose level prediction over Ohio T1DM 
dataset. 

Model 
PH 30 min PH 60 min 

RMSE (mg/dl) MAPE (%) RMSE (mg/dl) MAPE±SD (%) 

Baseline 28.32 13.51 41.02 20.37 

Poly 57.26 31.09 57.27 31.04 

AR 20.70 9.62 33.20 16.73 

ARX 20.61 9.59 33.43 16.73 

SVR 20.10 9.08 32.27 15.38 

GP 20.01 9.16 31.97 15.92 

ELM 25.38 11.56 35.14 16.91 

FFNN 21.00 9.33 32.93 15.83 

LSTM 20.46 9.24 32.88 16.00 

ACL 19.38 9.31 32.81 16.84 

Note. Baseline: a naive model that copies the last observation in the history window as future predictions; Poly: a polynomial regression model; AR and ARX: 
models from the ARIMAX family; SVR: a support vector regression model, GP: a Gaussian Process model; ELM: an Extreme Learning Machines model; FFNN: 
a Feed-forward Neural Network model; LSTM: a Long Short-Term Memory Recurrent Neural Network model; ACL: adversarial collaborative learning; RMSE: 
root mean square error; MAPE: mean absolute prediction error.  
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Data Availability 

Instructions on attaining the Ohio T1DM datasets can be found at this address. 

Code Availability 

We have made our source codes accessible on this Gitlab repository. For these implementations, we 

scripted in Python (3.6.7) [91]. The third-party libraries used include TensorFlow [92], Keras [93], Pandas 

[94], NumPy [95], Sklearn [96], and statsmodels [97]. 
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Publication 2. 

Blood Glucose Level Time Series Forecasting: Nested Deep 

Ensemble Learning Lag Fusion2 

Abstract. Blood glucose level prediction is a critical aspect of diabetes management. It enables individuals 

to make informed decisions about their insulin dosing, diet, and physical activity. This, in turn, improves 

their quality of life and reduces the risk of chronic and acute complications. One conundrum in developing 

time-series forecasting models for blood glucose level prediction is to determine an appropriate length for 

look-back windows. On the one hand, studying short histories foists the risk of information incompletion. 

On the other hand, analysing long histories might induce information redundancy due to the data shift 

phenomenon. Additionally, optimal lag lengths are inconsistent across individuals because of the domain 

shift occurrence. Therefore, in bespoke analysis, either optimal lag values should be found for each 

individual separately or a global suboptimal lag value should be used for all. The former approach 

degenerates the analysis’s congruency and imposes extra perplexity. With the latter, the fine-tunned lag is 

not necessarily the optimum option for all individuals. To cope with this challenge, this work suggests an 

interconnected lag fusion framework based on nested meta-learning analysis that improves the accuracy 

and precision of predictions for personalised blood glucose level forecasting. The proposed framework is 

leveraged to generate blood glucose prediction models for patients with type 1 diabetes by scrutinising two 

well-established publicly available Ohio type 1 diabetes datasets. The models developed undergo vigorous 

evaluation and statistical analysis from mathematical and clinical perspectives. The results achieved 

underpin the efficacy of the proposed method in blood glucose level time-series prediction analysis. 

 

2 This article was published and featured in Bioengineering. 10 (2023) 1–22. Authors: H. Khadem, H. Nemat, J. 

Elliott, M. Benaissa. 
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1. Introduction 

Type 1 diabetes is a chronic metabolic disorder [1]. The disease is currently incurable [2,3]. 

Nevertheless, its effective management can dramatically mitigate the symptoms and the risk of associated 

short-term and long-term complications [4,5]. Accordingly, people with type 1 diabetes and their potential 

carers are normally educated on the standard practices to control the illness [6–8]. 

Self-management of type 1 diabetes is, however, burdensome and prone to human errors [9–11]. Hence, 

automating the management tasks would be highly beneficial [12,13]. Some developments have already 

been made related to this concern [14–16]. For example, technological breakthroughs, such as continuous 

glucose monitoring biosensors [17,18] and insulin pumps [19,20], nowadays, serve myriads of type 1 

diabetes patients. The former, in a minimally invasive fashion, takes regular snapshots of blood glucose 

levels in alignment with the general advice on a frequent review of glycaemic state [21,22]. The latter 

semiautomates insulin administration, requiring minimum user interference [23–25]. Moreover, there are 

ongoing efforts to develop fully noninvasive continuous blood glucose level monitoring sensors to help 

more effective diabetes management [26–29]. 

Despite the advancements achieved so far, continued progress in the automation process is still 

demanded to further facilitate and effectuate the management of type 1 diabetes [30,31]. In this respect, 

engineering accurate blood glucose predictor devices would be game-changing [32,33]. Such instruments 

can provide early warning about possible adverse glycaemic events so that automated or nonautomated pre-

emptive measures can be taken [34,35]. Additionally, these devices are a prerequisite for the advent of a 

closed-loop artificial pancreas as the current vision for the ultimate automated management of type 1 

diabetes [36,37]. 
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For predicting blood glucose levels, physiological, data-driven, and hybrid modelling approaches can 

be pursued [38,39]. In the data-driven approach, also used in this research, current and past values of 

diabetes-management-related variables are studied to project future blood glucose excursion [38,40]. 

For constructing data-driven blood glucose level predictors, one of the three main categories of time-

series forecasting approaches is typically used: classical time-series forecasting, traditional machine 

learning, or deep learning analysis. Among these, deep learning, as a member of the modern artificial 

intelligence family, has proven potency in solving complicated computational tasks, including complex 

time-series forecasting [41–46]. 

Predicting the blood glucose levels of individuals with type 1 diabetes is a convoluted forecasting 

mission due to the highly erratic behaviour of the phenomenon [47]. Thus, in line with many other time-

series forecasting areas, deep learning has gained enormous popularity in the blood glucose level prediction 

realm [48,49]. Subsequently, extensive research has been underway to advance the analysis. 

Notwithstanding all the enhancements in this field so far, there still exist challenges to be addressed 

adequately [50]. This work contributes to addressing one such challenge. 

When applying deep learning algorithms for data-driven time-series blood glucose level forecasting, 

lag observations of data are studied to predict specific future values. Here, a quandary is to select the 

appropriate length of history to be investigated. This issue is even more pronounced when considering the 

fact that due to the significant discrepancy in the blood glucose profile across type 1 diabetes patients, the 

common practice is to generate personalised models. In this circumstance, finding an optimal length of 

history separately for each individual entails further disparity and complexity in the analysis. To address 

this difficulty, the present work suggests a compound lag fusion approach by exploiting the potential of 

nested ensemble learning over typical ensemble learning analysis. This is the first paper, to the best of our 

knowledge, that incorporates nested meta-learning analysis in the field of blood glucose level prediction. 

The rest of the article is outlined as follows. Section 2 reviews some recent studies on type 1 diabetes 

blood glucose level prediction. Section 3 concisely describes the datasets used in this research. Section 4 
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explains model development and assessment analysis. Section 5 presents the results of the model 

assessment analysis along with the relevant discussions. Finally, Section 6 summarises and concludes the 

work. 

2. Literature Survey 

In the following, a number of recent articles on data-driven blood glucose level prediction are succinctly 

overviewed. For further alignment with the contents of this study, the focus of this overview is on the 

application of state-of-the-art machine learning techniques and the use of Ohio type 1 diabetes datasets for 

model development and evaluation. A more comprehensive review of the latest revolutions in the blood 

glucose level prediction area can be studied at these references [51–54]. 

A recent article offered a multitask approach for blood glucose level prediction by experimenting on 

the Ohio datasets [55]. The methods are based on the concept of transfer learning. The study explicitly 

targets addressing the challenge of the need for extensively large amounts of data for personalised blood 

glucose level prediction. For this purpose, it suggests pre-training a model on a source domain and a 

multitask model on the whole dataset and then using these learning experiences in constructing personalised 

models. The authors showcase the efficacy of their propositions by comparing the performance of their 

approach with sequential transfer learning and subject-isolated learning. 

An autonomous channel setup was recently presented for deep learning blood glucose level prediction 

using the Ohio datasets [56]. The proposed method chose the history lengths for different variables 

adaptively by affecting the time-dependency scale. The crux is to avoid dismissing useful information from 

variables with enduring influence and engaging uninformative data from variables with transient impact at 

the same time. The models generated in the study undergo comparison analysis with standard non-

autonomous channel structures deploying mathematical and clinical assessments. 

A deep learning approach based on dilated recurrent neural networks accompanied by transfer learning 

concepts is introduced for blood glucose level prediction [57]. In the study, personalised models are created 



Publication 2. Blood Glucose Level Time Series Forecasting: Nested Deep Ensemble Learning Lag Fusion 

37 

 

for individuals with type 1 diabetes using an Ohio dataset. The method is examined for short-term 

forecasting tasks. Its supremacy over standard methods, including autoregressive models, support vector 

regression, and conventional neural networks, is shown. 

Another study suggests an efficient method for univariate blood glucose level prediction [58]. In the 

analysis, recurrent neural networks were used as learners. The learners are trained in an end-to-end approach 

to predict future blood glucose levels 30 and 60 minutes in advance using only histories of blood glucose 

data. The models are developed and assessed using an Ohio dataset. The results achieved are comparable 

with the state-of-the-art research on the dataset. In addition to accuracy analysis, the study investigates the 

certainty of predictions. To do so, a parameterised univariate Gaussian is tasked with calculating the 

standard deviation of the predictions as a representative of uncertainty. 

Employing the concepts of the Internet of things, a study compares four broadly used models of 

glycaemia, including support vector machine, Bayesian regularised neural network, multilayer perceptron, 

and Gaussian approach [59]. These models are used to investigate the possibility of completing the data 

collected from 25 individuals with type 1 diabetes by mapping intricate patterns of data. The findings 

highlight the potential of such analysis in contributing to improved diabetes management. Further, among 

the approaches examined, Bayesian regularised neural networks outperform others by delivering the best 

root mean square error and coefficient of determination. 

3. Material 

For generating blood glucose level prediction models, this study uses two well-established, publicly 

accessible Ohio type 1 diabetes datasets [60]. The first dataset includes data for six individuals with type 1 

diabetes. The participants’ age at the time of data collection was in the range of 40 to 60 years. The sample 

comprised four females and two males. This dataset was initially released for the first blood glucose 

challenge in Knowledge Discovery at the Healthcare Data conference in 2018. This dataset is referred to as 

the Ohio 2018 dataset hereafter. The second dataset also contains six people with type 1 diabetes, different 
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from those in the first dataset. The data contributors in this dataset were in an age range of 20 to 80 years 

at the point of data acquisition. Five of them were male and one female. This dataset was originally 

distributed for the second blood glucose level prediction challenge in Knowledge Discovery at the 

Healthcare Data conference in 2020. Hereafter, we refer to this dataset as the Ohio 2020 dataset. 

Both datasets contain diabetes-related modalities, including blood glucose, physical activity, 

carbohydrate intake, and bolus insulin injection. Blood glucose and bolus insulin data were collected 

automatically using physiological sensors. For the former, a Medtronic Enlite continuous glucose 

monitoring device was used. For the latter, patients in the Ohio 2018 dataset wore a Basis Peak fitness band 

that collected heart rate data as a representative of physical activity. Alternatively, subjects in the Ohio 2020 

dataset wore an Empatica Embrace fitness band that tracked the magnitude of acceleration as a 

representative of physical activity data. On the other hand, carbohydrate and bolus insulin data were self-

reported by individuals in both datasets. 

In both datasets, data were collected for eight weeks. The data come with the training and testing set 

already separated by the data collection and distribution team. The last ten days of data are allocated as a 

testing set and the remaining former data points as the training set. In the present study, using training sets 

only, bespoke predictive models are created for future values of blood glucose levels from historical values 

of blood glucose itself as the indigenous variable, along with exogenous variables of physical activity, 

carbohydrate intake, and bolus insulin injection. The testing sets are then used to evaluate the generated 

models. Table 1 displays individuals’ identification number, sex, and age information together with a short 

representation of the statistical properties of blood glucose as the intrinsic variable in the dataset. A more 

comprehensive description of the Ohio datasets and the data collection process can be found in the original 

documentation [60].  
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Table 1. Demographic information of contributors and summary of statistical properties of blood glucose data (the focal modality) 
in the Ohio datasets. 

Dataset PID Sex Age Set 
Blood Glucose Data 

Count Range 
(mg/dL) 

Mean 
(mg/dL) 

SD 
(mg/dL) MR (%) HOR (%) ER (%) HRR (%) 

2018 

559 female 40–60 
Train 10,655 40–400 167.53 70.44 12.06 3.65 55.98 40.37 
Test 2444 45–400 168.93 67.78 14.81 3.03 59.86 37.11 

563 male 40–60 
Train 11,013 40–400 146.94 50.51 8.80 2.82 72.81 24.36 

Test 2569 62–313 167.38 46.15 4.71 0.70 60.45 38.85 

570 male 40–60 
Train 10,981 46–377 187.5 62.33 5.73 1.97 42.97 55.07 

Test 2672 60–388 215.71 66.99 5.05 0.41 29.04 70.55 

575 female 40–60 
Train 11,865 40–400 141.77 60.27 10.43 8.71 68.62 22.66 

Test 2589 40–342 150.49 60.53 4.94 5.37 63.50 31.13 

588 female 40–60 
Train 12,639 40–400 164.99 50.51 3.69 1.04 63.56 35.40 

Test 2606 66–354 175.98 48.66 3.42 0.15 53.26 46.58 

591 female 40–60 
Train 10,846 40–397 156.01 58.03 17.59 3.94 63.97 32.09 

Test 2759 43–291 144.83 51.42 3.15 5.18 67.27 27.55 

2020 

540 male 20–40 
Train 11,914 40–369 136.78 54.75 9.76 7.08 72.66 20.25 

Test 2360 52–400 149.94 66.46 6.74 5.64 68.18 26.19 

544 male 40–60 
Train 10,533 48–400 165.12 60.08 19.11 1.47 63.78 34.75 

Test 2715 62–335 156.48 54.14 15.47 1.22 68.29 30.50 

552 male 20–40 
Train 8661 45–345 146.88 54.63 22.30 3.89 72.05 24.06 
Test 1792 47–305 138.11 50.23 85.71 3.57 80.02 16.41 

567 female 20–40 
Train 10,750 40–400 154.43 60.88 24.91 6.75 63.40 29.84 
Test 2388 40–351 146.25 55.00 20.18 8.33 67.38 24.29 

584 male 40–60 
Train 12,027 40–400 192.34 65.29 9.13 0.80 47.69 51.51 
Test 2661 41–400 170.48 60.76 12.40 1.01 61.86 37.13 

596 male 60–80 
Train 10,858 40–367 147.17 49.34 25.35 2.08 73.99 23.93 
Test 2663 49–305 146.98 50.79 9.76 2.78 75.07 22.16 

Note. PID: patient identification; SD: standard deviation; MR: missingness rate; HOR: hypoglycaemic rate; ER: euglycaemic rate; HRR: hyperglycaemic rate. 
Hypoglycaemia, euglycaemia, and hyperglycaemia refer to when the blood glucose level is, respectively, less than 70 mg/dL, between 70 and 180 mg/dL, and more 
than 180 mg/dL. Both hypoglycaemia and hyperglycaemia are adverse glycaemic events. 

4. Methods 

This section explicates the methodological implementations for blood glucose level prediction model 

generation and evaluation. First, some curation steps performed to prepare the data for formal prediction 

modelling analysis are explained. Next, time-series forecasting models constructed for blood glucose level 

prediction are described. After that, the criteria considered for evaluating the generated predictive models 

are presented. Finally, statistical analysis operated on the model outputs is outlined. 

4.1. Data Curation 

The following pre-modelling curation steps are operated on the raw data to render the ensuing formal 

deep learning prediction modelling analysis more effective. 
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4.1.1. Missingness Treatment 

The first data curation stage deals with the missing values presented in the automatically collected blood 

glucose and physical activity data. At the beginning and end of the blood glucose and physical activity 

series, there are some timespans where data are absent. This unavailability occurred because the subject did 

not start and finish wearing the sensing devices exactly at the same time. As an initial missing value 

treatment step, the head and tail of all series are trimmed by removing the void timestamps so that variables 

start and end from the same point. Afterwards, the linear interpolation technique is used to fill in missing 

values in the training sets of blood glucose and physical activity. Alternatively, for the testing sets of these 

modalities, the linear extrapolation technique is used to fill in missing values. This technique precludes 

future value observation in the evaluation stage, so the models created possess applicability for real-time 

monitoring. 

4.1.2. Sparsity Handling 

The sparsity of the self-reported carbohydrate and bolus insulin data is the next pre-modelling issue to 

be addressed. A reasonable assumption as to the unavailable values of these modalities in the majority of 

timestamps is that there has been no occurrence to be reported in those points. Therefore, for these two 

modalities, as a simple yet acceptable practice, zero values are assigned to non-reported timestamps. 

4.1.3. Data Alignment 

Another data curation step is to unify the frequency of exogenous modalities and align their timestamps 

with the blood glucose level as the indigenous variable. Initially, acceleration data are downsampled from 

a one-minute frequency to a five-minute frequency. For this purpose, the entries in the nearest 

neighbourhood to blood glucose timestamps are kept, and the remaining data points are removed. Following 

that, timestamps of all extrinsic variables are aligned with those of blood glucose levels with the minimum 

possible shifts. 
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4.1.4. Data Transformation 

As the next data curation step, as a common practice, feature values are converted into a standardised 

form that machine learning models can analyse more effectively. For each variable, first, the average of 

training set values is subtracted from all values in both the training and testing sets. Then, all obtained 

values are divided by the standard deviation of the training set to make unit variance variables. 

4.1.5. Stationarity Inspection 

Stationary time-series data have statistical characteristics, including variance and mean, that do not 

change over time. In this data treatment step, the stationarity condition in the time-series data is satisfied. 

By conducting the feature transformation step explained in Section 4.1.4, the variances in the series are 

stabilised. To stabilise the mean of the series, the first-order differencing method is applied. Subsequently, 

the outcomes are examined using two prevalent statistical tests of Kwiatkowski–Phillips–Schmidt–Shin 

[61] and Augmented Dickey–Fuller [62], where both confirm the stationary of the series. 

4.1.6. Problem Reframing 

The final data curation phase translates the time-series blood glucose level prediction question to the 

supervised machine learning language. Hence, pairs of independent and dependent variables need to be 

constructed from the time-series data. To this end, a rolling window approach is used to appoint sequences 

of lag observations for blood glucose, physical activity, carbohydrate, and bolus insulin as the independent 

variables and sequences of blood glucose in the prediction horizon as the dependent variable. 

5. Modelling 

This subsection describes time-series forecasting models created for blood glucose level prediction 30 

and 60 min into the future. This work undertakes a sequence-to-sequence fashion for multi-step-ahead time-

series prediction. Prior to explaining the formal modelling process, it is useful to provide a brief explanation 

of stacking as an ensemble learning variation used in this work. 
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5.1. Preliminary 

Ensemble learning is an advanced machine learning method that attempts to improve analysis 

performance by combining the decisions of multiple models [63]. Stacking is a type of ensemble learning 

in which a meta-learner intakes predictions of a number of base learners as an input feature to make final 

decisions [64]. 

5.2. Model Development 

The diagram in Figure 1 displays the procedure contrived in this work for model creation. According 

to the diagram, the models are constructed by training three categories of learners: non-stacking, stacking, 

and nested stacking. The models generated based on the block diagram in Figure 1 are described below. 

A non-stacking model takes a specific length of historical blood glucose, physical activity, 

carbohydrate, and bolus insulin data as multivariate input and returns a sequence of forecasted future blood 

glucose levels over a predefined prediction horizon of 30 or 60 min. According to the diagram in Figure 1, 

for each prediction horizon of 30 and 60 min, eight non-stacking models are created in aggregate. For this 

purpose, a multilayer perceptron network and a long short-term memory network are trained separately on 

four different lag lengths of 30, 60, 90, and 120 min. 

A stacking model is a meta-model that takes sequence predictions from four non-stacking models with 

a homogenous learner (multilayer perceptron network or long short-term memory network) as multivariate 

input and fuses them to generate new prediction outputs. According to v, for each prediction horizon of 30 

and 60 min, two stacking models are created, one with multilayer perceptron networks and the other with 

long short-term memory networks as the underlying embedded learners. 

A nested stacking model is a nested meta-model. It receives the outcomes of the two stacking models 

described above as multivariate inputs and returns new predictions. As can be seen in Figure 1, two nested 

stacking models are generated for each prediction horizon of 30 and 60 min; one employs a multilayer 

perceptron network and the other a long short-term memory network as the nested stacking learner. 
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According to Figure 1, in all model creation scenarios, the learners recruited are either multilayer 

perceptron or long short-term memory networks. For simplicity and coherency, all multilayer perceptron 

networks have similar architectures consisting of an input layer, a hidden dense layer with 100 nodes, 

followed by another dense layer as output. Additionally, all long short-term memory networks are the 

vanilla type with an input layer, a hidden 100-node LSTM layer, and a dense output layer. Given the five-

minute resolution of time-series data investigated, the number of nodes in the output layer is 6 and 12 for 

30 min and 60 min prediction horizons, respectively. In all networks, He uniform is set as the initialiser, 

Adam as the optimiser, ReLU as the activation function, and mean square error as the loss function. 

Moreover, in all training scenarios, epoch size and batch size are set to 100 and 32, respectively. In addition, 

the learning rate is initiated from 0.01, and then using the ReduceLROnPlateau callback, it is reduced by a 

factor of 0.1 once the validation loss reduction stagnates with the patience of ten iterations. 

5.3. Model Assessment 

This section describes the analyses performed to validate the functionality of the developed blood 

glucose level prediction models. The generated models are assessed from regression, clinical, and statistical 

perspectives, as discussed below.  

5.3.1. Regression Evaluation 

Four broadly applied regression metrics are determined to verify the performance of the constructed 

models from a mathematical viewpoint. Mean absolute error (Equation (1)), root mean square error 

(Equation (2)), and mean absolute percentage error (Equation (3)) rate the accuracy of predictions. Further, 

the coefficient of determination (Equation (4)) measures the correlation between the reference and predicted 

blood glucose levels. 

MAE = NA>BGL- −	BGRL->
.

-+,

S/N 
(1) 
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.

-+,

/N 
(2) 

MAPE = ((A >=BGL- −	BGRL-? BGL-⁄ >
.

-+,
) N) × 100E  

(3) 

r) 	= 	1 − ((A (BGL- −	BGRL-))
.

-+,
)(A (BGL- − BGLGGGGG))

.

-+,
)) 

(4) 

where MAE: mean absolute error; BGL: blood glucose level; N: the size of the testing set; RMSE: root 

mean square error; MAPE: mean absolute prediction error; r2: coefficient of determination. 

 

Figure 1. Blueprint for generating non-stacking, stacking, and nested stacking blood glucose level prediction models. Rectangular 
and oval blocks represent sequences of lag or future data and regression learners, respectively. Note. BGL: blood glucose level; 
PA: physical activity; II: insulin injection; CI: carbohydrate intake; LSTM: long short-term memory; MLP: multilayer perceptron. 
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5.3.2. Clinical Evaluation 

Two criteria are employed to evaluate the developed models from a clinical standpoint. One criterion 

is Matthew’s correlation coefficient [65]. It is a factor fundamentally used for assessing the effectuality of 

binary classifications. In this work, this metric, calculated as Equation (5), is exploited to investigate the 

potency of the blood glucose prediction models in discriminating adverse glycaemic events from 

euglycaemic events. Hereby, an adverse glycaemic event is defined as a blood glucose level lower than 70 

mg/dL (hypoglycaemia) or more than 180 mg/dL (hyperglycaemia), and a euglycaemia event as a blood 

glucose level between 70 mg/dL and 180 mg/dL. 

MCC =	 (TP × TN − FP × FN) L(TP + FP)(TP + FN)(TN + FP)(TN + FN)⁄  (5) 

where TP: true positive (the count of correctly predicted adverse glycaemic events); TN: true negative 

(the count of correctly predicted euglycaemic events); FP: false positive (the count of falsely predicted 

adverse glycaemic events); FN: false negative (the count of falsely predicted euglycaemic events). 

The other considered clinical evaluation criterion is surveillance error [66]. It is based on error grid 

analysis to identify the clinical risk of inaccuracies in blood glucose level predictions. Detailed calculations 

of surveillance error can be found in the original article [66]. However, a concise elucidation of the outcome 

of the calculations is as follows. A unitless error value is measured for each predicted blood glucose level. 

Errors smaller than 0.5 indicate clinically risk-free predictions. Errors between 0.5 and 1.5 indicate 

clinically slight-risk predictions. Errors between 1.5 and 2.5 indicate clinically moderate-risk predictions. 

Errors between 2.5 and 3.5 indicate clinically high-risk predictions. Finally, errors bigger than 3.5 indicate 

clinically critical-risk predictions. We adopt two evaluation metrics based on surveillance error calculation 

outcomes. One is the average of surveillance errors across the entire testing set, and the other is the 

proportion of obtained surveillance errors less than 0.5 (clinically riskless predictions) across the entire 

testing set. 
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5.3.3. Statistical Analysis 

Statistical analysis is conducted for further side-by-side performance assessment for different models. 

In this sense, the non-parametric Friedman test is exercised to compare the outcomes of different models 

[67]. This test is privileged for inter-model comparative analysis across multiple datasets with no normality 

assumption requirement as opposed to the counterpart ANOVA test [68]. In this study, the test is assigned 

to compare the performance of different types of models considering individuals as independent data 

sources. To do so, a significant level of five percent is considered to examine the consistency of results 

achieved for evaluation metrics. The null hypothesis for the test is that the results of the non-stacking, 

stacking, and nested stacking models have identical distributions. In the next step, for cases where the global 

Friedman test detects the existence of a statistically significant difference amongst the models’ 

performance, the local Nemenyi test [69], as a post hoc procedure, compares the models in a pairwise 

manner. In this multi-comparison analysis, the Holm–Bonferroni method is used to adjust the significance 

level [70]. Finally, the heuristic critical difference approach is employed to visualise the outcomes of the 

post hoc analysis [71]. The statistical tests are operated on all evaluation metrics in both prediction horizons 

of 30 and 60 min. Both multilayer perceptron and long short-term memory networks are examined as 

learners separately. 

6. Results and Discussion 

This section presents the outcomes of model assessment analyses and the relevant discussion. Initially, 

the results of regression-wise and clinical-wise evaluation investigations are given for the non-stacking, 

stacking, and nested stacking models. Therein, for each metric, mean and standard deviation values 

achieved over five model runs are reported, a common practice in deep learning to counteract the stochastic 

nature of the analysis. After presenting the evaluation results, the results of the statistical analysis performed 

for more detailed comparison inspections between different types of models are exhibited. 
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The full evaluation results of the non-stacking models are compartmentalised in four tables given in 

Appendix A. Table A1 is dedicated to models with multilayer perceptron learners created on the Ohio 2018 

dataset, Table A2 to models with multilayer perceptron learners created on the Ohio 2020 dataset, Table 

A3 to models with long short-term memory learners created on the Ohio 2018 dataset, and Table A4 to 

models with long short-term memory learners created on the Ohio 2020.  

In the non-stacking analysis, there are four modelling scenarios for each patient: blood glucose level 

prediction 30 and 60 min in advance, once assigning multilayer perceptron and once long short-term 

memory as the learner. As can be seen in the Appendix A tables, for each scenario, four models are created 

by training the learner on 30, 60, 90, or 120 min of historical data separately. Additionally, there are four 

parallel modelling scenarios for stacking and nested stacking analysis: blood glucose level prediction 30 

and 60 min in advance, once employing multilayer perceptron and once long short-term memory as the 

last-level learner. On the other hand, one model is created for each scenario in stacking and nested stacking 

analysis because different lags are not separately studied. 

To compare the stacking and nested stacking analyses with the non-stacking analyses, initially, for each 

patient, one of the four non-stacking models created for each modelling scenario is selected as the 

representative. Then, the representative non-stacking models are studied in parallel with the counterpart 

stacking and nested stacking models. To select the representative non-stacking models, first, the best 

evaluation metrics achieved in each modelling scenario are marked in bold font in the Appendix A tables. 

Subsequently, the model delivering the highest number of best-obtained evaluation metrics, highlighted in 

grey in the tables, is deemed as the representative. For eligibility, the results for these models are given in 

Table 2. Moreover, the complete evaluation results for the stacking and nested stacking models are recorded 

in Table 3 and Table 4 respectively. 

After picking the representative non-stacking models, the overall performance of these models is 

compared with the stacking and nested stacking counterparts. To this end, first, the Friedman test is 

conducted on these models’ outcomes. p-values less than a significance level of 5% reveal scenarios in 
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which there is a statistically meaningful distinction in the outputs of the three types of models for a specific 

evaluation metric. To elicit the performance difference for these cases, critical difference analysis integrated 

with the post hoc Nemenyi test is used. The results of the critical difference analysis are shown in Figure 

2. These diagrams show the average ranking of the modelling approaches in generating superior outcomes 

for a given evaluation metric. In each figure, models with statistically different average rankings are linked 

via a thick horizontal line. From Figure 2, the nested stacking models yielded superior evaluation outcomes 

overall. These findings substantiate the effectiveness of the propositions in addressing the challenge of lag 

optimisation while conducting enhanced outcomes.  

It is noteworthy that, according to the highlighted models in the Appendix A tables, an inconsistency 

in the efficient lag to be investigated for different patients, prediction horizons, and learners can be 

observed. In detail, the optimal lag is 30 min in 19 cases, 60 min in 19 cases, 90 min in 5 cases, and 120 

min in 5 cases. Such disparity further accentuates the utility of the nested stacking analyses that 

efficaciously circumvent the lag optimisation process.  
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Table 2. The evaluation results for the best non-stacking models created using Ohio datasets. 

Dataset PID Learner PH 
Evaluation Metric 

RMSE ± SD 
(mg/dL) 

MAE ± SD 
(mg/dL) MAPE ± SD (%) r2 ± SD 

(%) MCC ± SD (%) SE < 0.5 ± SD 
(%) 

ASE ± SD 

2018 

559 
MLP 

30 19.65 ± 0.06 13.56 ± 0.03 8.78 ± 0.03 90.75 ± 0.05 0.77 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

60 31.36 ± 0.06 22.78 ± 0.06 15.18 ± 0.07 76.30 ± 0.08 0.63 ± 0.00 0.79 ± 0.00 0.31 ± 0.00 

LSTM 
30 23.12 ± 0.43 16.60 ± 0.66 11.10 ± 0.63 87.19 ± 0.47 0.74 ± 0.01 0.86 ± 0.01 0.24 ± 0.01 

60 36.08 ± 1.47 25.38 ± 0.84 16.62 ± 0.25 68.60 ± 2.56 0.59 ± 0.02 0.75 ± 0.01 0.34 ± 0.01 

563 
MLP 

30 18.71 ± 0.05 13.46 ± 0.06 8.47 ± 0.04 82.97 ± 0.09 0.74 ± 0.00 0.91 ± 0.00 0.19 ± 0.00 

60 30.65 ± 0.01 21.69 ± 0.04 13.46 ± 0.04 54.36 ± 0.04 0.57 ± 0.01 0.81 ± 0.00 0.30 ± 0.00 

LSTM 
30 21.59 ± 0.64 15.33 ± 0.45 9.69 ± 0.19 77.31 ± 1.34 0.72 ± 0.01 0.89 ± 0.00 0.22 ± 0.00 

60 33.02 ± 0.62 24.13 ± 0.61 15.07 ± 0.18 47.03 ± 2.01 0.51 ± 0.01 0.75 ± 0.02 0.33 ± 0.01 

570 
MLP 

30 17.44 ± 0.03 12.47 ± 0.03 6.38 ± 0.03 93.34 ± 0.03 0.86 ± 0.00 0.96 ± 0.00 0.12 ± 0.00 

60 29.00 ± 0.14 20.97 ± 0.13 10.73 ± 0.04 81.62 ± 0.18 0.79 ± 0.00 0.91 ± 0.00 0.20 ± 0.00 

LSTM 
30 22.92 ± 1.49 16.16 ± 1.15 8.04 ± 0.65 88.47 ± 1.52 0.81 ± 0.02 0.94 ± 0.01 0.15 ± 0.01 

60 35.80 ± 1.50 26.75 ± 1.85 12.68 ± 0.43 71.95 ± 2.31 0.75 ± 0.00 0.88 ± 0.01 0.23 ± 0.01 

575 
MLP 

30 24.12 ± 0.06 16.05 ± 0.10 11.43 ± 0.09 84.48 ± 0.07 0.73 ± 0.00 0.86 ± 0.00 0.24 ± 0.00 

60 35.63 ± 0.17 25.66 ± 0.20 18.91 ± 0.17 66.19 ± 0.32 0.57 ± 0.01 0.71 ± 0.00 0.38 ± 0.00 

LSTM 
30 27.20 ± 0.57 18.25 ± 0.45 13.14 ± 0.71 80.24 ± 0.82 0.69 ± 0.00 0.82 ± 0.02 0.28 ± 0.01 
60 38.09 ± 0.03 27.47 ± 0.52 20.48 ± 1.20 61.36 ± 0.07 0.54 ± 0.02 0.70 ± 0.00 0.41 ± 0.01 

588 
MLP 

30 18.07 ± 0.35 13.50 ± 0.15 8.29 ± 0.01 85.66 ± 0.56 0.76 ± 0.01 0.93 ± 0.00 0.18 ± 0.00 
60 30.36 ± 0.11 22.68 ± 0.13 14.16 ± 0.12 59.60 ± 0.28 0.58 ± 0.00 0.77 ± 0.00 0.31 ± 0.00 

LSTM 
30 19.23 ± 0.11 14.16 ± 0.11 8.53 ± 0.12 83.77 ± 0.19 0.74 ± 0.00 0.92 ± 0.00 0.19 ± 0.00 
60 30.46 ± 0.60 22.48 ± 0.39 14.04 ± 0.23 59.33 ± 1.61 0.60 ± 0.01 0.79 ± 0.01 0.30 ± 0.01 

591 
MLP 

30 22.98 ± 0.11 16.61 ± 0.05 12.99 ± 0.03 80.32 ± 0.18 0.65 ± 0.01 0.80 ± 0.00 0.29 ± 0.00 
60 34.98 ± 0.05 26.93 ± 0.08 21.91 ± 0.13 54.41 ± 0.12 0.39 ± 0.00 0.65 ± 0.00 0.45 ± 0.00 

LSTM 
30 26.33 ± 0.42 19.55 ± 0.24 15.65 ± 0.40 74.16 ± 0.83 0.60 ± 0.00 0.75 ± 0.01 0.34 ± 0.01 

60 36.51 ± 0.20 28.36 ± 0.26 23.32 ± 0.27 50.32 ± 0.54 0.37 ± 0.02 0.63 ± 0.00 0.47 ± 0.00 

2020 

540 
MLP 

30 22.88 ± 0.13 17.45 ± 0.10 12.71 ± 0.04 87.60 ± 0.14 0.68 ± 0.00 0.81 ± 0.00 0.27 ± 0.00 

60 39.84 ± 0.14 30.49 ± 0.12 22.96 ± 0.13 62.48 ± 0.27 0.52 ± 0.00 0.66 ± 0.00 0.44 ± 0.00 

LSTM 
30 24.84 ± 0.42 18.48 ± 0.70 13.81 ± 1.24 85.37 ± 0.49 0.67 ± 0.02 0.80 ± 0.01 0.29 ± 0.02 

60 41.36 ± 0.58 30.69 ± 0.37 22.40 ± 0.20 59.56 ± 1.12 0.50 ± 0.02 0.66 ± 0.00 0.44 ± 0.00 

544 
MLP 

30 17.37 ± 0.03 12.14 ± 0.03 8.21 ± 0.03 88.26 ± 0.04 0.78 ± 0.00 0.92 ± 0.00 0.18 ± 0.00 

60 28.49 ± 0.03 20.74 ± 0.04 14.16 ± 0.05 68.32 ± 0.07 0.63 ± 0.00 0.78 ± 0.00 0.30 ± 0.00 

LSTM 
30 21.23 ± 0.53 15.00 ± 0.49 9.93 ± 0.35 82.45 ± 0.87 0.76 ± 0.01 0.89 ± 0.00 0.21 ± 0.01 

60 30.45 ± 0.12 22.09 ± 0.45 14.81 ± 0.52 63.83 ± 0.29 0.59 ± 0.02 0.78 ± 0.01 0.31 ± 0.01 

552 
MLP 

30 14.06 ± 0.03 8.25 ± 0.11 6.48 ± 0.09 86.18 ± 0.05 0.75 ± 0.00 0.92 ± 0.00 0.14 ± 0.00 

60 23.83 ± 0.03 14.57 ± 0.10 11.75 ± 0.12 60.36 ± 0.09 0.64 ± 0.00 0.84 ± 0.00 0.22 ± 0.00 

LSTM 
30 16.72 ± 0.44 10.31 ± 0.24 8.04 ± 0.22 80.45 ± 1.01 0.71 ± 0.02 0.90 ± 0.01 0.16 ± 0.01 

60 25.47 ± 0.30 16.27 ± 0.24 13.02 ± 0.27 54.73 ± 1.05 0.61 ± 0.01 0.83 ± 0.01 0.24 ± 0.01 

567 
MLP 

30 22.72 ± 0.04 16.47 ± 0.04 12.48 ± 0.03 84.80 ± 0.05 0.64 ± 0.00 0.80 ± 0.00 0.28 ± 0.00 
60 38.38 ± 0.02 29.51 ± 0.04 23.24 ± 0.06 56.68 ± 0.04 0.46 ± 0.00 0.64 ± 0.00 0.47 ± 0.00 

LSTM 
30 24.64 ± 0.97 17.85 ± 0.81 13.48 ± 0.66 82.10 ± 1.41 0.60 ± 0.01 0.78 ± 0.01 0.31 ± 0.01 
60 40.13 ± 1.22 30.57 ± 1.14 25.05 ± 1.96 52.61 ± 2.86 0.45 ± 0.01 0.62 ± 0.02 0.50 ± 0.03 

584 
MLP 

30 22.78 ± 0.04 16.92 ± 0.04 11.34 ± 0.03 85.49 ± 0.05 0.77 ± 0.00 0.87 ± 0.00 0.23 ± 0.00 
60 35.99 ± 0.05 27.29 ± 0.02 18.40 ± 0.03 63.67 ± 0.11 0.60 ± 0.00 0.72 ± 0.00 0.37 ± 0.00 

LSTM 
30 25.31 ± 1.32 18.27 ± 0.95 11.49 ± 0.52 82.05 ± 1.89 0.75 ± 0.01 0.86 ± 0.01 0.23 ± 0.01 
60 41.45 ± 1.58 31.50 ± 1.91 21.43 ± 2.17 51.75 ± 3.64 0.55 ± 0.03 0.67 ± 0.04 0.42 ± 0.04 

596 
MLP 

30 17.87 ± 0.08 12.89 ± 0.06 9.67 ± 0.03 86.99 ± 0.12 0.74 ± 0.00 0.89 ± 0.00 0.20 ± 0.00 

60 35.99 ± 0.05 27.29 ± 0.02 18.40 ± 0.03 63.67 ± 0.11 0.60 ± 0.00 0.72 ± 0.00 0.37 ± 0.00 

LSTM 
30 19.96 ± 0.28 14.31 ± 0.03 10.83 ± 0.18 83.78 ± 0.45 0.70 ± 0.01 0.87 ± 0.00 0.23 ± 0.00 

60 30.28 ± 0.72 22.17 ± 0.71 16.97 ± 0.45 62.72 ± 1.77 0.56 ± 0.02 0.79 ± 0.00 0.32 ± 0.01 

Note. PID: patient identification; PH: prediction horizon; LL: lag length; RMSE: root mean square error; SD: standard deviation; 
MAE: mean absolute error; MAPE: mean absolute percentage error; r2: coefficient of determination; MCC: Matthew’s correlation 
coefficient; SE: surveillance error; ASE: average surveillance error. 
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Table 3. The evaluation results for the stacking models created using Ohio datasets. 

Dataset PID Learner PH 
Evaluation Metric 

RMSE ± SD 
(mg/dL) 

MAE ± SD 
(mg/dL) MAPE ± SD (%) r2 ± SD 

(%) MCC ± SD (%) SE < 0.5 ± SD 
(%) 

ASE ± SD 

2018 

559 
MLP 

30 19.00 ± 0.11 13.19 ± 0.08 8.79 ± 0.05 91.35 ± 0.10 0.78 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

60 31.25 ± 0.41 22.67 ± 0.22 15.22 ± 0.24 76.46 ± 0.61 0.64 ± 0.00 0.79 ± 0.00 0.31 ± 0.00 

LSTM 
30 22.90 ± 0.49 15.77 ± 0.17 9.97 ± 0.09 87.43 ± 0.54 0.76 ± 0.01 0.89 ± 0.00 0.21 ± 0.00 

60 34.95 ± 0.17 24.99 ± 0.11 16.61 ± 0.05 70.56 ± 0.29 0.61 ± 0.01 0.76 ± 0.00 0.33 ± 0.00 

563 
MLP 

30 18.54 ± 0.05 13.03 ± 0.03 8.10 ± 0.00 83.28 ± 0.08 0.74 ± 0.01 0.92 ± 0.00 0.18 ± 0.00 

60 29.87 ± 0.18 21.22 ± 0.14 13.36 ± 0.04 56.67 ± 0.51 0.58 ± 0.01 0.81 ± 0.00 0.30 ± 0.00 

LSTM 
30 21.25 ± 0.05 14.97 ± 0.06 9.38 ± 0.02 78.05 ± 0.11 0.73 ± 0.00 0.89 ± 0.00 0.21 ± 0.00 

60 33.20 ± 0.16 23.55 ± 0.07 14.44 ± 0.02 46.46 ± 0.53 0.52 ± 0.00 0.78 ± 0.00 0.32 ± 0.00 

570 
MLP 

30 17.49 ± 0.11 12.43 ± 0.10 6.36 ± 0.03 93.30 ± 0.09 0.86 ± 0.01 0.96 ± 0.00 0.12 ± 0.00 

60 28.65 ± 0.08 20.90 ± 0.07 10.91 ± 0.04 82.06 ± 0.10 0.78 ± 0.00 0.91 ± 0.00 0.20 ± 0.00 

LSTM 
30 21.58 ± 1.50 15.59 ± 1.55 7.70 ± 0.49 89.77 ± 1.44 0.84 ± 0.01 0.94 ± 0.00 0.14 ± 0.01 

60 32.48 ± 0.69 23.55 ± 0.62 11.82 ± 0.06 76.93 ± 0.98 0.76 ± 0.00 0.89 ± 0.00 0.22 ± 0.00 

575 
MLP 

30 24.21 ± 0.04 15.70 ± 0.09 11.25 ± 0.19 84.36 ± 0.05 0.74 ± 0.00 0.86 ± 0.00 0.24 ± 0.00 

60 36.42 ± 0.41 26.35 ± 0.77 19.85 ± 1.57 64.68 ± 0.79 0.57 ± 0.02 0.71 ± 0.00 0.40 ± 0.02 

LSTM 
30 27.73 ± 0.12 18.09 ± 0.09 12.67 ± 0.09 79.48 ± 0.18 0.66 ± 0.00 0.82 ± 0.00 0.27 ± 0.00 
60 38.34 ± 0.09 27.48 ± 0.06 19.59 ± 0.12 60.86 ± 0.18 0.54 ± 0.00 0.68 ± 0.00 0.41 ± 0.00 

588 
MLP 

30 18.24 ± 0.19 13.51 ± 0.12 8.17 ± 0.02 85.39 ± 0.30 0.75 ± 0.01 0.93 ± 0.00 0.18 ± 0.00 
60 29.65 ± 0.21 21.84 ± 0.18 13.14 ± 0.08 61.46 ± 0.55 0.57 ± 0.01 0.80 ± 0.00 0.29 ± 0.00 

LSTM 
30 18.91 ± 0.08 14.03 ± 0.14 8.43 ± 0.25 84.30 ± 0.13 0.75 ± 0.00 0.92 ± 0.00 0.18 ± 0.01 
60 30.67 ± 0.20 22.29 ± 0.25 13.54 ± 0.49 58.76 ± 0.54 0.60 ± 0.01 0.81 ± 0.01 0.29 ± 0.01 

591 
MLP 

30 22.88 ± 0.07 16.60 ± 0.04 13.03 ± 0.06 80.49 ± 0.12 0.65 ± 0.00 0.80 ± 0.00 0.29 ± 0.00 
60 34.43 ± 0.06 26.80 ± 0.05 22.09 ± 0.09 55.84 ± 0.14 0.41 ± 0.00 0.65 ± 0.00 0.45 ± 0.00 

LSTM 
30 25.51 ± 0.01 18.80 ± 0.05 14.79 ± 0.08 75.73 ± 0.03 0.59 ± 0.00 0.76 ± 0.00 0.33 ± 0.00 

60 36.68 ± 0.16 28.44 ± 0.05 23.78 ± 0.03 49.87 ± 0.44 0.42 ± 0.00 0.64 ± 0.00 0.47 ± 0.00 

2020 

540 
MLP 

30 22.34 ± 0.02 17.13 ± 0.03 12.58 ± 0.03 88.18 ± 0.02 0.68 ± 0.00 0.82 ± 0.00 0.27 ± 0.00 

60 39.40 ± 0.09 30.32 ± 0.13 22.95 ± 0.10 63.29 ± 0.17 0.52 ± 0.00 0.66 ± 0.00 0.44 ± 0.00 

LSTM 
30 24.13 ± 0.14 18.24 ± 0.06 13.57 ± 0.03 86.20 ± 0.17 0.66 ± 0.00 0.80 ± 0.00 0.29 ± 0.00 

60 40.86 ± 0.05 30.62 ± 0.11 23.06 ± 0.18 60.53 ± 0.09 0.51 ± 0.00 0.66 ± 0.00 0.44 ± 0.00 

544 
MLP 

30 16.96 ± 0.02 12.01 ± 0.05 8.14 ± 0.08 88.81 ± 0.03 0.79 ± 0.00 0.92 ± 0.00 0.18 ± 0.00 

60 28.36 ± 0.17 20.72 ± 0.04 14.21 ± 0.08 68.62 ± 0.37 0.64 ± 0.00 0.78 ± 0.00 0.30 ± 0.00 

LSTM 
30 20.85 ± 0.25 14.84 ± 0.20 10.01 ± 0.14 83.08 ± 0.40 0.73 ± 0.00 0.88 ± 0.00 0.22 ± 0.00 

60 31.30 ± 0.23 22.55 ± 0.10 15.44 ± 0.07 61.77 ± 0.57 0.59 ± 0.00 0.76 ± 0.00 0.33 ± 0.00 

552 
MLP 

30 14.19 ± 0.03 9.00 ± 0.06 7.10 ± 0.03 85.92 ± 0.05 0.72 ± 0.00 0.91 ± 0.00 0.15 ± 0.00 

60 23.78 ± 0.04 15.52 ± 0.20 12.62 ± 0.18 60.53 ± 0.14 0.61 ± 0.01 0.84 ± 0.00 0.23 ± 0.00 

LSTM 
30 17.65 ± 0.22 11.92 ± 0.20 9.79 ± 0.21 78.23 ± 0.53 0.69 ± 0.00 0.88 ± 0.01 0.19 ± 0.01 

60 26.93 ± 0.23 17.97 ± 0.17 15.04 ± 0.14 49.39 ± 0.85 0.58 ± 0.01 0.78 ± 0.00 0.28 ± 0.00 

567 
MLP 

30 22.67 ± 0.22 16.17 ± 0.22 12.39 ± 0.21 84.86 ± 0.29 0.64 ± 0.01 0.81 ± 0.00 0.28 ± 0.00 
60 37.82 ± 0.24 28.14 ± 0.18 22.42 ± 0.23 57.94 ± 0.52 0.48 ± 0.00 0.66 ± 0.00 0.46 ± 0.00 

LSTM 
30 23.74 ± 0.09 16.86 ± 0.14 12.96 ± 0.14 83.41 ± 0.13 0.62 ± 0.00 0.79 ± 0.00 0.30 ± 0.00 
60 38.75 ± 0.41 29.24 ± 0.31 23.40 ± 0.46 55.84 ± 0.92 0.47 ± 0.01 0.64 ± 0.01 0.48 ± 0.01 

584 
MLP 

30 21.89 ± 0.09 15.96 ± 0.14 10.64 ± 0.13 86.60 ± 0.11 0.77 ± 0.00 0.89 ± 0.00 0.22 ± 0.00 
60 35.42 ± 0.42 26.73 ± 0.52 17.97 ± 0.53 64.79 ± 0.83 0.60 ± 0.01 0.73 ± 0.01 0.36 ± 0.01 

LSTM 
30 24.79 ± 0.06 18.21 ± 0.08 12.51 ± 0.13 82.82 ± 0.08 0.76 ± 0.00 0.86 ± 0.00 0.25 ± 0.00 
60 38.65 ± 0.29 29.33 ± 0.12 20.14 ± 0.01 58.09 ± 0.63 0.60 ± 0.00 0.70 ± 0.00 0.39 ± 0.00 

596 
MLP 

30 17.76 ± 0.09 12.85 ± 0.09 9.71 ± 0.11 87.16 ± 0.13 0.75 ± 0.00 0.90 ± 0.00 0.20 ± 0.00 

60 28.80 ± 0.19 21.37 ± 0.13 16.53 ± 0.11 66.29 ± 0.44 0.59 ± 0.01 0.80 ± 0.00 0.31 ± 0.00 

LSTM 
30 19.06 ± 0.16 13.55 ± 0.08 10.27 ± 0.06 85.21 ± 0.24 0.72 ± 0.00 0.88 ± 0.00 0.22 ± 0.00 

60 30.01 ± 0.10 22.25 ± 0.10 17.31 ± 0.16 63.39 ± 0.25 0.56 ± 0.00 0.80 ± 0.00 0.32 ± 0.00 

Note. PID: patient identification; PH: prediction horizon; LL: lag length; RMSE: root mean square error; SD: standard deviation; 
MAE: mean absolute error; MAPE: mean absolute percentage error; r2: coefficient of determination; MCC: Matthew’s correlation 
coefficient; SE: surveillance error; ASE: average surveillance error. 
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Table 4. The evaluation results for the nested stacking models created using Ohio datasets. 

Dataset PID Learner PH 
Evaluation Metric 

RMSE ± SD 
(mg/dL) 

MAE ± SD 
(mg/dL) MAPE ± SD (%) r2 ± SD 

(%) MCC ± SD (%) SE < 0.5 ± SD 
(%) 

ASE ± SD 

2018 

559 
MLP 

30 19.67 ± 0.05 13.54 ± 0.05 8.89 ± 0.03 90.72 ± 0.05 0.79 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

60 33.44 ± 0.28 23.54 ± 0.16 15.27 ± 0.04 73.05 ± 0.46 0.63 ± 0.00 0.78 ± 0.00 0.31 ± 0.00 

LSTM 
30 19.69 ± 0.19 13.51 ± 0.18 8.83 ± 0.17 90.71 ± 0.18 0.79 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

60 33.93 ± 0.48 23.82 ± 0.28 15.31 ± 0.05 72.25 ± 0.79 0.63 ± 0.01 0.78 ± 0.00 0.31 ± 0.00 

563 
MLP 

30 18.85 ± 0.10 13.15 ± 0.08 8.27 ± 0.02 82.72 ± 0.19 0.76 ± 0.01 0.91 ± 0.00 0.18 ± 0.00 

60 31.82 ± 0.54 22.38 ± 0.38 13.84 ± 0.11 50.81 ± 1.66 0.55 ± 0.01 0.80 ± 0.01 0.30 ± 0.00 

LSTM 
30 19.00 ± 0.07 13.24 ± 0.06 8.31 ± 0.03 82.44 ± 0.13 0.76 ± 0.01 0.91 ± 0.00 0.19 ± 0.00 

60 31.65 ± 0.51 22.37 ± 0.61 13.79 ± 0.10 51.35 ± 1.59 0.55 ± 0.03 0.80 ± 0.01 0.31 ± 0.01 

570 
MLP 

30 18.34 ± 0.11 12.85 ± 0.08 6.58 ± 0.05 92.64 ± 0.09 0.86 ± 0.00 0.96 ± 0.00 0.12 ± 0.00 

60 31.09 ± 0.28 22.21 ± 0.14 11.54 ± 0.03 78.88 ± 0.38 0.77 ± 0.00 0.89 ± 0.00 0.21 ± 0.00 

LSTM 
30 18.57 ± 0.22 13.11 ± 0.12 6.65 ± 0.08 92.45 ± 0.18 0.86 ± 0.00 0.96 ± 0.00 0.12 ± 0.00 

60 31.61 ± 0.60 22.60 ± 0.54 11.53 ± 0.02 78.16 ± 0.84 0.77 ± 0.00 0.90 ± 0.00 0.21 ± 0.00 

575 
MLP 

30 26.18 ± 0.09 16.60 ± 0.19 12.40 ± 0.27 81.71 ± 0.12 0.73 ± 0.00 0.84 ± 0.00 0.26 ± 0.01 

60 36.98 ± 0.33 26.43 ± 0.50 19.46 ± 1.39 63.57 ± 0.65 0.54 ± 0.01 0.70 ± 0.01 0.40 ± 0.02 

LSTM 
30 26.01 ± 0.91 16.47 ± 0.32 12.02 ± 0.66 81.93 ± 1.25 0.73 ± 0.00 0.84 ± 0.01 0.25 ± 0.01 
60 37.05 ± 0.62 26.29 ± 0.28 18.96 ± 0.13 63.44 ± 1.22 0.54 ± 0.00 0.70 ± 0.00 0.39 ± 0.00 

588 
MLP 

30 18.50 ± 0.11 13.63 ± 0.08 8.11 ± 0.05 84.98 ± 0.17 0.74 ± 0.00 0.93 ± 0.00 0.18 ± 0.00 
60 29.43 ± 0.07 21.42 ± 0.17 13.01 ± 0.42 62.05 ± 0.17 0.62 ± 0.00 0.82 ± 0.01 0.28 ± 0.01 

LSTM 
30 18.26 ± 0.14 13.56 ± 0.27 8.23 ± 0.32 85.37 ± 0.22 0.76 ± 0.01 0.93 ± 0.00 0.18 ± 0.01 
60 29.54 ± 0.28 21.33 ± 0.21 12.84 ± 0.09 61.77 ± 0.74 0.62 ± 0.01 0.82 ± 0.00 0.27 ± 0.00 

591 
MLP 

30 23.07 ± 0.09 16.48 ± 0.04 12.89 ± 0.06 80.16 ± 0.15 0.64 ± 0.01 0.80 ± 0.00 0.29 ± 0.00 
60 35.68 ± 0.11 27.65 ± 0.08 23.12 ± 0.07 52.56 ± 0.29 0.42 ± 0.00 0.65 ± 0.00 0.46 ± 0.00 

LSTM 
30 23.08 ± 0.10 16.52 ± 0.07 12.98 ± 0.08 80.14 ± 0.17 0.63 ± 0.00 0.80 ± 0.00 0.29 ± 0.00 

60 35.68 ± 0.21 27.69 ± 0.12 23.16 ± 0.08 52.57 ± 0.55 0.42 ± 0.00 0.65 ± 0.01 0.46 ± 0.00 

2020 

540 
MLP 

30 22.36 ± 0.03 16.96 ± 0.05 12.59 ± 0.03 88.15 ± 0.03 0.67 ± 0.00 0.82 ± 0.00 0.27 ± 0.00 

60 38.81 ± 0.26 29.34 ± 0.14 22.04 ± 0.10 64.38 ± 0.47 0.53 ± 0.01 0.68 ± 0.00 0.43 ± 0.00 

LSTM 
30 22.39 ± 0.11 16.99 ± 0.09 12.61 ± 0.08 88.12 ± 0.12 0.67 ± 0.01 0.81 ± 0.00 0.27 ± 0.00 

60 38.74 ± 0.18 29.32 ± 0.18 22.05 ± 0.15 64.52 ± 0.33 0.53 ± 0.01 0.68 ± 0.00 0.43 ± 0.00 

544 
MLP 

30 16.86 ± 0.11 11.89 ± 0.06 8.02 ± 0.06 88.94 ± 0.14 0.78 ± 0.00 0.92 ± 0.00 0.17 ± 0.00 

60 28.92 ± 0.14 20.88 ± 0.05 14.33 ± 0.02 67.36 ± 0.31 0.63 ± 0.00 0.77 ± 0.00 0.30 ± 0.00 

LSTM 
30 16.96 ± 0.15 11.95 ± 0.11 8.07 ± 0.09 88.80 ± 0.19 0.78 ± 0.01 0.92 ± 0.00 0.18 ± 0.00 

60 28.84 ± 0.19 20.81 ± 0.10 14.34 ± 0.13 67.54 ± 0.42 0.63 ± 0.00 0.77 ± 0.00 0.30 ± 0.00 

552 
MLP 

30 13.87 ± 0.16 8.88 ± 0.32 7.07 ± 0.24 86.56 ± 0.32 0.72 ± 0.01 0.92 ± 0.00 0.15 ± 0.01 

60 24.61 ± 0.11 16.04 ± 0.36 13.43 ± 0.30 57.73 ± 0.38 0.60 ± 0.00 0.82 ± 0.00 0.25 ± 0.00 

LSTM 
30 13.86 ± 0.02 9.00 ± 0.06 7.13 ± 0.06 86.58 ± 0.03 0.72 ± 0.00 0.92 ± 0.00 0.15 ± 0.00 

60 23.97 ± 0.44 15.47 ± 0.32 12.76 ± 0.38 59.91 ± 1.47 0.61 ± 0.00 0.83 ± 0.01 0.24 ± 0.01 

567 
MLP 

30 21.81 ± 0.28 15.58 ± 0.14 11.71 ± 0.30 86.00 ± 0.35 0.65 ± 0.01 0.82 ± 0.01 0.27 ± 0.01 
60 37.50 ± 0.18 27.95 ± 0.13 21.97 ± 0.18 58.65 ± 0.39 0.49 ± 0.00 0.66 ± 0.00 0.46 ± 0.00 

LSTM 
30 22.02 ± 0.07 15.70 ± 0.05 11.96 ± 0.07 85.72 ± 0.08 0.64 ± 0.00 0.82 ± 0.00 0.27 ± 0.00 
60 37.77 ± 0.25 28.19 ± 0.22 22.38 ± 0.36 58.05 ± 0.55 0.48 ± 0.00 0.66 ± 0.00 0.46 ± 0.00 

584 
MLP 

30 22.35 ± 0.58 16.74 ± 0.67 11.54 ± 0.54 86.03 ± 0.73 0.77 ± 0.01 0.88 ± 0.01 0.24 ± 0.01 
60 35.77 ± 0.49 27.25 ± 0.49 18.79 ± 0.44 64.11 ± 0.99 0.61 ± 0.01 0.73 ± 0.01 0.37 ± 0.01 

LSTM 
30 22.19 ± 0.11 16.54 ± 0.17 11.38 ± 0.17 86.24 ± 0.13 0.77 ± 0.00 0.88 ± 0.00 0.23 ± 0.00 
60 36.02 ± 0.06 27.37 ± 0.12 18.91 ± 0.14 63.60 ± 0.12 0.61 ± 0.00 0.72 ± 0.00 0.37 ± 0.00 

596 
MLP 

30 17.78 ± 0.24 12.67 ± 0.13 9.52 ± 0.10 87.13 ± 0.35 0.74 ± 0.00 0.89 ± 0.00 0.20 ± 0.00 

60 28.54 ± 0.24 20.79 ± 0.09 15.74 ± 0.27 66.89 ± 0.55 0.58 ± 0.02 0.81 ± 0.00 0.30 ± 0.00 

LSTM 
30 17.57 ± 0.25 12.49 ± 0.14 9.35 ± 0.09 87.43 ± 0.36 0.75 ± 0.01 0.89 ± 0.00 0.20 ± 0.00 

60 28.68 ± 0.37 20.97 ± 0.07 15.96 ± 0.31 66.55 ± 0.87 0.58 ± 0.02 0.81 ± 0.00 0.31 ± 0.00 

Note. PID: patient identification; PH: prediction horizon; LL: lag length; RMSE: root mean square error; SD: standard deviation; 
MAE: mean absolute error; MAPE: mean absolute percentage error; r2: coefficient of determination; MCC: Matthew’s correlation 
coefficient; SE: surveillance error; ASE: average surveillance error. 
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Figure 2. Critical difference diagrams based on Nemenyi test for pairwise comparison of the non-stacking, stacking, and nested 
stacking modelling approaches: (a) LSTM learner, 30 min PH, and RMSE metric, (b) LSTM learner, 30 min PH, and MAE metric, 
(c) LSTM learner, 30 min PH, and MAPE metric, (d) LSTM learner, 30 min PH, and r2 metric, (e) LSTM learner, 30 min PH, and 
MCC metric, (f) LSTM learner, 30 min PH, and SE50 metric, (g) LSTM learner, 30 min PH, and ASE metric, (h) LSTM learner, 
60 min PH, and RMSE metric, (i) LSTM learner, 60 min PH, and MAE metric, (j) LSTM learner, 60 min PH, and MAPE metric, 
(k) LSTM learner, 60 min PH, and r2 metric, (l) LSTM learner, 60 min PH, and MCC metric, (m) LSTM learner, 60 min PH, and 
SE50 metric, (n) LSTM learner, 60 min PH, and ASE metric. Note. LSTM: long short-term memory; PH: prediction horizon; 
RMSE: root mean square error; MAE: mean absolute error; MAPE: mean absolute percentage error; r2: coefficient of 
determination; MCC: Matthew’s correlation coefficient; SE: surveillance error; ASE: average surveillance error. 
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7. Summary and Conclusions 

This work offers a nested meta-learning lag fusion approach to address the challenge of history length 

optimisation in personalised blood glucose level prediction. For this purpose, in lieu of examining different 

lengths of history from a search space and picking a local optimum for each subject or a global suboptimum 

for all subjects, all the lags in the search space are studied autonomously, and the results are amalgamated. 

A multilayer perceptron and long short-term memory network are initially trained on four different lags 

separately, resulting in four non-stacking models from each network. The outcomes of the four non-stacking 

multilayer perceptron models are then combined into new outcomes using a stacking multilayer perceptron 

model. Similarly, a stacking long short-term memory model fuses the results of the four non-stacking long 

short-term memory models. Finally, the decisions of the two stacking prediction models are ensembled 

once using a multilayer perceptron and once using a long short-term memory network as a nested stacking 

model. These investigations are performed for two commonly studied prediction horizons of 30 and 60 min 

in blood glucose level prediction research. The generated models undergo in-depth regression-wise, 

clinical-wise, and statistic-wise assessments. The results obtained substantiate the effectiveness of the 

proposed stacking and nested stacking methods in addressing the challenge of lag optimisation in blood 

glucose level prediction analysis. 

While this study demonstrates the effectiveness of the proposed nested meta-learning lag fusion 

approach for blood glucose level prediction, several areas for future improvement should be considered. 

First, enhancing the interpretability of the model will be crucial for gaining deeper insights into the 

underlying decision-making process, especially for clinical applications where transparency is essential. 

Second, further optimisation of the model’s computational efficiency could facilitate its real-time 

deployment in wearable glucose monitoring devices. Additionally, expanding the dataset to include larger 

and more diverse populations would help validate the generalisability of the approach across different 

patient demographics and conditions. Finally, testing the model in real-world clinical environments, 
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including its integration with continuous glucose monitoring systems, would provide a more comprehensive 

understanding of its practical utility and impact on diabetes management. 

Software and Code 

For developing and evaluating blood glucose level prediction models, this research used Python 3.6 

[72] programming. The libraries and packages employed include TensorFlow [73], Keras [73], Pandas [74], 

NumPy [75], Sklearn [76], SciPy [77], statsmodels [78], scikit-post hocs [79], and cd-diagram [80]. The 

source code for implementations is available on this Gitlab repository. 
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Appendix A 

In this section, the complete outcomes of evaluation analysis on the non-stacking models are provided 

in four tables, as below.  
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Table A1. The evaluation results for non-stacking models created by multilayer perceptron learners using Ohio 2018 dataset. 

PID PH LL 
Evaluation metric 

RMSE ± SD 
(mg/dL) 

MAE ± SD 
(mg/dL) MAPE ± SD (%) r2 ± SD 

(%) MCC ± SD (%) SE < 0.5 ± SD 
(%) 

ASE ± SD 

559 

30 

30 19.96 ± 0.09 13.78 ± 0.11 8.83 ± 0.11 90.45 ± 0.08 0.77 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

60 19.65 ± 0.06 13.56 ± 0.03 8.78 ± 0.03 90.75 ± 0.05 0.77 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

90 19.85 ± 0.01 13.73 ± 0.02 8.81 ± 0.04 90.56 ± 0.01 0.77 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

120 19.88 ± 0.07 13.83 ± 0.05 8.81 ± 0.04 90.53 ± 0.07 0.77 ± 0.00 0.90 ± 0.00 0.19 ± 0.00 

60 

30 33.73 ± 0.04 24.46 ± 0.04 16.49 ± 0.05 72.59 ± 0.06 0.58 ± 0.00 0.77 ± 0.00 0.33 ± 0.00 

60 32.04 ± 0.05 23.12 ± 0.09 15.43 ± 0.11 75.26 ± 0.08 0.62 ± 0.01 0.79 ± 0.00 0.31 ± 0.00 

90 31.67 ± 0.05 22.84 ± 0.06 15.23 ± 0.04 75.82 ± 0.08 0.64 ± 0.00 0.79 ± 0.00 0.31 ± 0.00 

120 31.36 ± 0.06 22.78 ± 0.06 15.18 ± 0.07 76.30 ± 0.08 0.63 ± 0.00 0.79 ± 0.00 0.31 ± 0.00 

563 

30 

30 18.71 ± 0.05 13.46 ± 0.06 8.47 ± 0.04 82.97 ± 0.09 0.74 ± 0.00 0.91 ± 0.00 0.19 ± 0.00 

60 18.89 ± 0.03 13.33 ± 0.03 8.30 ± 0.02 82.65 ± 0.05 0.74 ± 0.00 0.91 ± 0.00 0.19 ± 0.00 

90 19.09 ± 0.03 13.42 ± 0.03 8.34 ± 0.02 82.27 ± 0.06 0.74 ± 0.01 0.91 ± 0.00 0.19 ± 0.00 

120 19.29 ± 0.01 13.61 ± 0.00 8.45 ± 0.00 81.91 ± 0.02 0.73 ± 0.01 0.91 ± 0.00 0.19 ± 0.00 

60 

30 30.44 ± 0.08 22.46 ± 0.08 14.40 ± 0.06 55.00 ± 0.23 0.49 ± 0.00 0.78 ± 0.00 0.33 ± 0.00 

60 30.43 ± 0.05 21.75 ± 0.02 13.57 ± 0.02 55.02 ± 0.14 0.56 ± 0.01 0.80 ± 0.00 0.30 ± 0.00 
90 30.65 ± 0.01 21.69 ± 0.04 13.46 ± 0.04 54.36 ± 0.04 0.57 ± 0.01 0.81 ± 0.00 0.30 ± 0.00 

120 30.68 ± 0.15 21.72 ± 0.09 13.47 ± 0.05 54.28 ± 0.44 0.57 ± 0.00 0.81 ± 0.00 0.30 ± 0.00 

570 

30 

30 18.24 ± 0.19 13.27 ± 0.15 6.74 ± 0.08 92.71 ± 0.15 0.84 ± 0.00 0.95 ± 0.00 0.13 ± 0.00 
60 17.44 ± 0.03 12.47 ± 0.03 6.38 ± 0.03 93.34 ± 0.03 0.86 ± 0.00 0.96 ± 0.00 0.12 ± 0.00 
90 17.58 ± 0.03 12.54 ± 0.03 6.45 ± 0.01 93.24 ± 0.03 0.86 ± 0.00 0.96 ± 0.00 0.12 ± 0.00 

120 17.71 ± 0.13 12.53 ± 0.11 6.41 ± 0.06 93.13 ± 0.10 0.86 ± 0.00 0.96 ± 0.00 0.12 ± 0.00 

60 

30 30.36 ± 0.08 23.08 ± 0.07 11.89 ± 0.03 79.85 ± 0.10 0.74 ± 0.00 0.89 ± 0.00 0.22 ± 0.00 
60 28.89 ± 0.03 21.33 ± 0.04 10.92 ± 0.01 81.76 ± 0.04 0.78 ± 0.00 0.91 ± 0.00 0.20 ± 0.00 

90 28.95 ± 0.10 21.07 ± 0.09 10.82 ± 0.02 81.68 ± 0.13 0.79 ± 0.00 0.91 ± 0.00 0.20 ± 0.00 

120 29.00 ± 0.14 20.97 ± 0.13 10.73 ± 0.04 81.62 ± 0.18 0.79 ± 0.00 0.91 ± 0.00 0.20 ± 0.00 

575 

30 

30 24.12 ± 0.06 16.05 ± 0.10 11.43 ± 0.09 84.48 ± 0.07 0.73 ± 0.00 0.86 ± 0.00 0.24 ± 0.00 

60 24.49 ± 0.04 15.93 ± 0.02 11.39 ± 0.02 84.00 ± 0.06 0.73 ± 0.00 0.85 ± 0.00 0.25 ± 0.00 

90 24.38 ± 0.09 15.97 ± 0.13 11.56 ± 0.11 84.13 ± 0.12 0.74 ± 0.00 0.85 ± 0.00 0.25 ± 0.00 

120 24.35 ± 0.09 16.07 ± 0.12 11.72 ± 0.16 84.17 ± 0.12 0.75 ± 0.00 0.85 ± 0.01 0.25 ± 0.00 

60 

30 36.22 ± 0.10 26.77 ± 0.12 19.49 ± 0.10 65.08 ± 0.19 0.51 ± 0.00 0.69 ± 0.00 0.40 ± 0.00 

60 36.27 ± 0.20 26.24 ± 0.25 18.96 ± 0.17 64.96 ± 0.39 0.54 ± 0.01 0.70 ± 0.00 0.39 ± 0.00 

90 35.90 ± 0.23 25.73 ± 0.11 18.79 ± 0.09 65.68 ± 0.44 0.55 ± 0.00 0.70 ± 0.00 0.39 ± 0.00 

120 35.63 ± 0.17 25.66 ± 0.20 18.91 ± 0.17 66.19 ± 0.32 0.57 ± 0.01 0.71 ± 0.00 0.38 ± 0.00 

588 

30 

30 18.80 ± 0.09 13.99 ± 0.09 8.63 ± 0.07 84.49 ± 0.15 0.75 ± 0.00 0.92 ± 0.00 0.19 ± 0.00 

60 18.27 ± 0.42 13.61 ± 0.20 8.36 ± 0.06 85.35 ± 0.68 0.75 ± 0.02 0.93 ± 0.00 0.18 ± 0.00 

90 18.07 ± 0.35 13.50 ± 0.15 8.29 ± 0.01 85.66 ± 0.56 0.76 ± 0.01 0.93 ± 0.00 0.18 ± 0.00 

120 18.44 ± 0.67 13.64 ± 0.37 8.26 ± 0.13 85.06 ± 1.09 0.75 ± 0.02 0.93 ± 0.01 0.18 ± 0.00 

60 

30 30.36 ± 0.11 22.68 ± 0.13 14.16 ± 0.12 59.60 ± 0.28 0.58 ± 0.00 0.77 ± 0.00 0.31 ± 0.00 
60 30.72 ± 0.26 22.76 ± 0.25 13.62 ± 0.16 58.65 ± 0.69 0.56 ± 0.01 0.79 ± 0.00 0.30 ± 0.00 
90 30.58 ± 0.05 22.47 ± 0.10 13.41 ± 0.08 59.01 ± 0.13 0.56 ± 0.00 0.80 ± 0.00 0.29 ± 0.00 

120 30.48 ± 0.25 22.39 ± 0.26 13.33 ± 0.19 59.29 ± 0.67 0.57 ± 0.01 0.80 ± 0.00 0.29 ± 0.00 

591 

30 

30 22.89 ± 0.02 16.68 ± 0.02 12.98 ± 0.02 80.47 ± 0.04 0.62 ± 0.00 0.79 ± 0.00 0.29 ± 0.00 
60 22.98 ± 0.11 16.61 ± 0.05 12.99 ± 0.03 80.32 ± 0.18 0.65 ± 0.01 0.80 ± 0.00 0.29 ± 0.00 
90 23.01 ± 0.06 16.71 ± 0.01 13.12 ± 0.02 80.26 ± 0.09 0.64 ± 0.01 0.80 ± 0.00 0.29 ± 0.00 

120 22.97 ± 0.07 16.78 ± 0.05 13.21 ± 0.11 80.32 ± 0.12 0.64 ± 0.01 0.80 ± 0.00 0.29 ± 0.00 

60 

30 35.00 ± 0.05 27.27 ± 0.06 22.01 ± 0.07 54.35 ± 0.14 0.36 ± 0.00 0.64 ± 0.00 0.45 ± 0.00 

60 35.93 ± 0.07 27.77 ± 0.02 22.37 ± 0.07 51.89 ± 0.19 0.35 ± 0.00 0.63 ± 0.00 0.46 ± 0.00 

90 34.98 ± 0.05 26.93 ± 0.08 21.91 ± 0.13 54.41 ± 0.12 0.39 ± 0.00 0.65 ± 0.00 0.45 ± 0.00 

120 34.91 ± 0.07 27.12 ± 0.16 22.19 ± 0.25 54.60 ± 0.19 0.39 ± 0.00 0.65 ± 0.00 0.45 ± 0.00 

Note. Values in bold indicate the best evaluation outcome for each metric in each learning scenario, and grey highlights denote 
the best model in each scenario based on the best-achieved evaluation metrics. Note. PID: patient identification; PH: prediction 
horizon; LL: lag length; RMSE: root mean square error; SD: standard deviation; MAE: mean absolute error; MAPE: mean 
absolute percentage error; r2: coefficient of determination; MCC: Matthew’s correlation coefficient; SE: surveillance error; ASE: 
average surveillance error. 
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Table A2. The evaluation results for non-stacking models created by multilayer perceptron learners using Ohio 2020 dataset. 

PID PH LL 
Evaluation Metric 

RMSE ± SD 
(mg/dL) 

MAE ± SD 
(mg/dL) MAPE ± SD (%) r2 ± SD 

(%) MCC ± SD (%) SE < 0.5 ± SD 
(%) 

ASE ± SD 

540 

30 

30 23.48 ± 0.04 17.73 ± 0.03 12.88 ± 0.00 86.93 ± 0.04 0.67 ± 0.00 0.81 ± 0.00 0.28 ± 0.00 

60 22.88 ± 0.13 17.45 ± 0.10 12.71 ± 0.04 87.60 ± 0.14 0.68 ± 0.00 0.81 ± 0.00 0.27 ± 0.00 

90 23.41 ± 0.08 17.79 ± 0.04 12.84 ± 0.04 87.02 ± 0.09 0.68 ± 0.00 0.81 ± 0.00 0.28 ± 0.00 

120 23.61 ± 0.13 17.92 ± 0.07 12.86 ± 0.02 86.79 ± 0.15 0.67 ± 0.00 0.81 ± 0.00 0.28 ± 0.00 

60 

30 40.74 ± 0.16 31.20 ± 0.15 23.55 ± 0.12 60.76 ± 0.32 0.49 ± 0.00 0.65 ± 0.00 0.45 ± 0.00 

60 39.84 ± 0.14 30.49 ± 0.12 22.96 ± 0.13 62.48 ± 0.27 0.52 ± 0.00 0.66 ± 0.00 0.44 ± 0.00 

90 40.15 ± 0.16 30.68 ± 0.15 23.09 ± 0.14 61.90 ± 0.30 0.52 ± 0.01 0.66 ± 0.00 0.44 ± 0.00 

120 40.38 ± 0.16 30.88 ± 0.14 23.16 ± 0.07 61.45 ± 0.31 0.52 ± 0.00 0.66 ± 0.00 0.44 ± 0.00 

544 

30 

30 17.76 ± 0.06 12.45 ± 0.07 8.47 ± 0.07 87.73 ± 0.09 0.78 ± 0.00 0.91 ± 0.00 0.18 ± 0.00 

60 17.37 ± 0.03 12.14 ± 0.03 8.21 ± 0.03 88.26 ± 0.04 0.78 ± 0.00 0.92 ± 0.00 0.18 ± 0.00 

90 17.61 ± 0.03 12.42 ± 0.04 8.35 ± 0.03 87.94 ± 0.05 0.77 ± 0.00 0.91 ± 0.00 0.18 ± 0.00 

120 17.78 ± 0.10 12.49 ± 0.04 8.39 ± 0.03 87.71 ± 0.13 0.77 ± 0.00 0.91 ± 0.00 0.19 ± 0.00 

60 

30 29.25 ± 0.08 21.79 ± 0.08 15.29 ± 0.08 66.61 ± 0.19 0.59 ± 0.00 0.75 ± 0.00 0.32 ± 0.00 

60 28.49 ± 0.03 20.74 ± 0.04 14.16 ± 0.05 68.32 ± 0.07 0.63 ± 0.00 0.78 ± 0.00 0.30 ± 0.00 
90 28.92 ± 0.09 21.03 ± 0.02 14.29 ± 0.04 67.35 ± 0.20 0.63 ± 0.00 0.77 ± 0.00 0.30 ± 0.00 

120 29.14 ± 0.12 21.12 ± 0.09 14.32 ± 0.04 66.86 ± 0.27 0.62 ± 0.00 0.77 ± 0.00 0.31 ± 0.00 

552 

30 

30 14.06 ± 0.03 8.25 ± 0.11 6.48 ± 0.09 86.18 ± 0.05 0.75 ± 0.00 0.92 ± 0.00 0.14 ± 0.00 
60 14.32 ± 0.08 8.91 ± 0.08 7.03 ± 0.06 85.67 ± 0.16 0.73 ± 0.00 0.91 ± 0.00 0.15 ± 0.00 
90 14.47 ± 0.10 9.25 ± 0.09 7.30 ± 0.09 85.36 ± 0.20 0.72 ± 0.00 0.91 ± 0.00 0.15 ± 0.00 

120 14.60 ± 0.08 9.42 ± 0.03 7.44 ± 0.03 85.09 ± 0.16 0.72 ± 0.00 0.91 ± 0.00 0.15 ± 0.00 

60 

30 23.83 ± 0.03 14.57 ± 0.10 11.75 ± 0.12 60.36 ± 0.09 0.64 ± 0.00 0.84 ± 0.00 0.22 ± 0.00 
60 23.71 ± 0.06 14.94 ± 0.06 12.07 ± 0.06 60.78 ± 0.18 0.63 ± 0.00 0.84 ± 0.00 0.22 ± 0.00 

90 23.75 ± 0.08 15.44 ± 0.09 12.42 ± 0.06 60.66 ± 0.26 0.64 ± 0.00 0.84 ± 0.00 0.23 ± 0.00 

120 23.87 ± 0.07 15.50 ± 0.09 12.47 ± 0.08 60.25 ± 0.22 0.64 ± 0.00 0.84 ± 0.00 0.23 ± 0.00 

567 

30 

30 22.72 ± 0.04 16.47 ± 0.04 12.48 ± 0.03 84.80 ± 0.05 0.64 ± 0.00 0.80 ± 0.00 0.28 ± 0.00 

60 22.98 ± 0.07 16.63 ± 0.07 12.93 ± 0.07 84.44 ± 0.10 0.64 ± 0.00 0.80 ± 0.00 0.29 ± 0.00 

90 23.48 ± 0.18 17.24 ± 0.15 13.48 ± 0.12 83.77 ± 0.25 0.62 ± 0.00 0.79 ± 0.00 0.31 ± 0.00 

120 24.18 ± 0.20 17.98 ± 0.15 14.18 ± 0.12 82.78 ± 0.29 0.61 ± 0.00 0.78 ± 0.00 0.32 ± 0.00 

60 

30 38.38 ± 0.02 29.51 ± 0.04 23.24 ± 0.06 56.68 ± 0.04 0.46 ± 0.00 0.64 ± 0.00 0.47 ± 0.00 

60 39.00 ± 0.07 29.36 ± 0.01 23.95 ± 0.01 55.27 ± 0.15 0.48 ± 0.00 0.64 ± 0.00 0.48 ± 0.00 

90 39.46 ± 0.07 29.96 ± 0.01 24.71 ± 0.03 54.22 ± 0.17 0.46 ± 0.00 0.63 ± 0.00 0.49 ± 0.00 

120 40.39 ± 0.15 30.91 ± 0.08 25.66 ± 0.09 52.01 ± 0.35 0.44 ± 0.00 0.62 ± 0.00 0.51 ± 0.00 

584 

30 

30 23.25 ± 0.08 16.72 ± 0.06 11.00 ± 0.07 84.88 ± 0.10 0.76 ± 0.00 0.87 ± 0.00 0.23 ± 0.00 

60 22.78 ± 0.04 16.92 ± 0.04 11.34 ± 0.03 85.49 ± 0.05 0.77 ± 0.00 0.87 ± 0.00 0.23 ± 0.00 

90 22.80 ± 0.02 17.17 ± 0.03 11.51 ± 0.02 85.47 ± 0.03 0.76 ± 0.00 0.88 ± 0.00 0.24 ± 0.00 

120 23.30 ± 0.10 17.59 ± 0.10 11.79 ± 0.08 84.82 ± 0.13 0.75 ± 0.00 0.87 ± 0.00 0.25 ± 0.00 

60 

30 37.53 ± 0.03 27.65 ± 0.22 18.33 ± 0.27 60.48 ± 0.07 0.59 ± 0.00 0.71 ± 0.01 0.37 ± 0.00 
60 35.99 ± 0.05 27.29 ± 0.02 18.40 ± 0.03 63.67 ± 0.11 0.60 ± 0.00 0.72 ± 0.00 0.37 ± 0.00 
90 36.04 ± 0.06 27.64 ± 0.06 18.72 ± 0.07 63.56 ± 0.12 0.59 ± 0.00 0.72 ± 0.00 0.38 ± 0.00 

120 36.39 ± 0.04 27.83 ± 0.09 18.84 ± 0.12 62.85 ± 0.08 0.58 ± 0.00 0.71 ± 0.00 0.38 ± 0.00 

596 

30 

30 18.66 ± 0.09 13.47 ± 0.11 10.09 ± 0.10 85.82 ± 0.14 0.71 ± 0.00 0.89 ± 0.00 0.21 ± 0.00 
60 17.87 ± 0.08 12.89 ± 0.06 9.67 ± 0.03 86.99 ± 0.12 0.74 ± 0.00 0.89 ± 0.00 0.20 ± 0.00 
90 17.87 ± 0.09 12.93 ± 0.06 9.71 ± 0.03 86.99 ± 0.13 0.75 ± 0.00 0.89 ± 0.00 0.20 ± 0.00 

120 17.95 ± 0.05 12.98 ± 0.03 9.76 ± 0.02 86.89 ± 0.07 0.74 ± 0.00 0.90 ± 0.00 0.20 ± 0.00 

60 

30 30.46 ± 0.10 22.78 ± 0.08 17.57 ± 0.08 62.29 ± 0.25 0.52 ± 0.00 0.78 ± 0.00 0.33 ± 0.00 

60 29.00 ± 0.13 21.43 ± 0.14 16.36 ± 0.13 65.83 ± 0.30 0.56 ± 0.00 0.80 ± 0.00 0.31 ± 0.00 

90 28.79 ± 0.05 21.35 ± 0.07 16.28 ± 0.07 66.32 ± 0.13 0.57 ± 0.01 0.80 ± 0.00 0.31 ± 0.00 

120 28.83 ± 0.16 21.37 ± 0.16 16.34 ± 0.16 66.22 ± 0.37 0.57 ± 0.01 0.81 ± 0.00 0.31 ± 0.00 

Note. Values in bold indicate the best evaluation outcome for each metric in each learning scenario, and grey highlights denote 
the best model in each scenario based on the best-achieved evaluation metrics. Note. PID: patient identification; PH: prediction 
horizon; LL: lag length; RMSE: root mean square error; SD: standard deviation; MAE: mean absolute error; MAPE: mean 
absolute percentage error; r2: coefficient of determination; MCC: Matthew’s correlation coefficient; SE: surveillance error; ASE: 
average surveillance error. 
  



Publication 2. Blood Glucose Level Time Series Forecasting: Nested Deep Ensemble Learning Lag Fusion 

57 

 

Table A3. The evaluation results for non-stacking models created by long short-term memory learners using Ohio 2018 dataset. 

PID PH LL 
Evaluation Metric 

RMSE ± SD 
(mg/dL) 

MAE ± SD 
(mg/dL) MAPE ± SD (%) r2 ± SD 

(%) MCC ± SD (%) SE < 0.5 ± SD 
(%) 

ASE ± SD 

559 

30 

30 23.12 ± 0.43 16.60 ± 0.66 11.10 ± 0.63 87.19 ± 0.47 0.74 ± 0.01 0.86 ± 0.01 0.24 ± 0.01 

60 23.51 ± 0.36 16.79 ± 0.54 11.02 ± 0.64 86.76 ± 0.40 0.74 ± 0.01 0.87 ± 0.01 0.23 ± 0.01 

90 25.50 ± 1.19 17.44 ± 0.64 10.71 ± 0.13 84.39 ± 1.44 0.72 ± 0.03 0.87 ± 0.01 0.23 ± 0.00 

120 32.86 ± 13.20 23.72 ± 10.60 15.55 ± 8.01 71.35 ± 23.13 0.63 ± 0.19 0.78 ± 0.16 0.31 ± 0.15 

60 

30 38.39 ± 0.82 27.05 ± 0.53 16.65 ± 0.21 64.46 ± 1.52 0.57 ± 0.01 0.75 ± 0.00 0.35 ± 0.00 

60 38.73 ± 4.41 27.75 ± 3.58 17.37 ± 1.50 63.53 ± 8.42 0.54 ± 0.07 0.73 ± 0.05 0.37 ± 0.05 

90 37.77 ± 3.27 26.72 ± 2.04 16.92 ± 0.47 65.46 ± 6.01 0.58 ± 0.02 0.75 ± 0.01 0.35 ± 0.02 

120 36.08 ± 1.47 25.38 ± 0.84 16.62 ± 0.25 68.60 ± 2.56 0.59 ± 0.02 0.75 ± 0.01 0.34 ± 0.01 

563 

30 

30 21.59 ± 0.64 15.33 ± 0.45 9.69 ± 0.19 77.31 ± 1.34 0.72 ± 0.01 0.89 ± 0.00 0.22 ± 0.00 

60 21.73 ± 0.46 15.52 ± 0.33 9.82 ± 0.32 77.03 ± 0.96 0.73 ± 0.00 0.89 ± 0.00 0.22 ± 0.01 

90 24.91 ± 1.84 17.49 ± 1.38 10.96 ± 1.02 69.71 ± 4.55 0.69 ± 0.03 0.87 ± 0.02 0.24 ± 0.02 

120 24.04 ± 1.89 16.94 ± 1.15 10.65 ± 0.72 71.79 ± 4.43 0.69 ± 0.01 0.87 ± 0.01 0.24 ± 0.01 

60 

30 33.02 ± 0.62 24.13 ± 0.61 15.07 ± 0.18 47.03 ± 2.01 0.51 ± 0.01 0.75 ± 0.02 0.33 ± 0.01 

60 34.44 ± 2.48 25.05 ± 2.24 15.80 ± 1.37 42.17 ± 8.46 0.48 ± 0.09 0.74 ± 0.06 0.35 ± 0.03 
90 34.32 ± 1.23 24.45 ± 1.04 15.16 ± 0.63 42.73 ± 4.13 0.52 ± 0.01 0.77 ± 0.02 0.34 ± 0.01 

120 34.13 ± 1.59 24.66 ± 1.10 15.27 ± 0.62 43.33 ± 5.27 0.50 ± 0.02 0.76 ± 0.02 0.34 ± 0.01 

570 

30 

30 24.78 ± 3.96 18.97 ± 3.76 8.84 ± 1.30 86.33 ± 4.12 0.82 ± 0.01 0.94 ± 0.01 0.16 ± 0.02 
60 25.83 ± 5.11 19.99 ± 4.76 9.28 ± 1.87 85.02 ± 5.59 0.81 ± 0.03 0.93 ± 0.02 0.17 ± 0.03 
90 23.09 ± 2.28 17.15 ± 2.09 8.26 ± 0.74 88.25 ± 2.30 0.82 ± 0.01 0.94 ± 0.00 0.15 ± 0.01 

120 22.92 ± 1.49 16.16 ± 1.15 8.04 ± 0.65 88.47 ± 1.52 0.81 ± 0.02 0.94 ± 0.01 0.15 ± 0.01 

60 

30 38.34 ± 2.65 29.98 ± 2.52 13.56 ± 0.95 67.77 ± 4.48 0.75 ± 0.01 0.88 ± 0.01 0.25 ± 0.02 
60 35.80 ± 1.50 26.75 ± 1.85 12.68 ± 0.43 71.95 ± 2.31 0.75 ± 0.00 0.88 ± 0.01 0.23 ± 0.01 

90 37.00 ± 2.48 27.94 ± 1.86 13.17 ± 0.99 69.98 ± 4.09 0.75 ± 0.03 0.87 ± 0.02 0.24 ± 0.02 

120 35.80 ± 2.62 25.82 ± 2.70 12.58 ± 0.95 71.89 ± 4.09 0.75 ± 0.02 0.88 ± 0.01 0.23 ± 0.02 

575 

30 

30 27.20 ± 0.57 18.25 ± 0.45 13.14 ± 0.71 80.24 ± 0.82 0.69 ± 0.00 0.82 ± 0.02 0.28 ± 0.01 

60 27.52 ± 0.76 18.26 ± 0.37 13.07 ± 0.32 79.77 ± 1.13 0.69 ± 0.01 0.82 ± 0.00 0.28 ± 0.01 

90 28.37 ± 0.99 18.89 ± 0.88 13.78 ± 0.69 78.51 ± 1.51 0.68 ± 0.01 0.80 ± 0.01 0.30 ± 0.01 

120 29.33 ± 1.12 19.83 ± 1.63 13.69 ± 0.60 77.03 ± 1.74 0.65 ± 0.05 0.80 ± 0.02 0.29 ± 0.01 

60 

30 38.09 ± 0.03 27.47 ± 0.52 20.48 ± 1.20 61.36 ± 0.07 0.54 ± 0.02 0.70 ± 0.00 0.41 ± 0.01 

60 39.96 ± 0.84 28.84 ± 0.27 21.39 ± 1.07 57.46 ± 1.78 0.55 ± 0.03 0.68 ± 0.01 0.44 ± 0.01 

90 38.15 ± 0.52 27.58 ± 0.22 20.56 ± 0.49 61.24 ± 1.06 0.52 ± 0.01 0.68 ± 0.01 0.42 ± 0.01 

120 39.47 ± 1.28 28.64 ± 0.43 21.35 ± 0.44 58.48 ± 2.69 0.54 ± 0.01 0.67 ± 0.01 0.43 ± 0.01 

588 

30 

30 19.23 ± 0.11 14.16 ± 0.11 8.53 ± 0.12 83.77 ± 0.19 0.74 ± 0.00 0.92 ± 0.00 0.19 ± 0.00 

60 19.60 ± 0.23 14.57 ± 0.15 8.83 ± 0.07 83.13 ± 0.39 0.74 ± 0.01 0.92 ± 0.00 0.19 ± 0.00 

90 20.33 ± 0.86 15.00 ± 0.73 8.87 ± 0.36 81.84 ± 1.54 0.73 ± 0.01 0.92 ± 0.00 0.19 ± 0.01 

120 21.99 ± 1.74 16.39 ± 1.07 9.64 ± 0.77 78.69 ± 3.39 0.69 ± 0.02 0.91 ± 0.02 0.20 ± 0.02 

60 

30 31.32 ± 0.53 23.12 ± 0.56 14.05 ± 0.68 57.00 ± 1.48 0.57 ± 0.01 0.79 ± 0.02 0.30 ± 0.02 
60 30.46 ± 0.60 22.48 ± 0.39 14.04 ± 0.23 59.33 ± 1.61 0.60 ± 0.01 0.79 ± 0.01 0.30 ± 0.01 
90 32.01 ± 0.53 23.06 ± 0.33 14.11 ± 0.47 55.07 ± 1.48 0.58 ± 0.02 0.80 ± 0.01 0.30 ± 0.01 

120 35.57 ± 4.21 25.60 ± 2.74 15.65 ± 1.69 44.02 ± 13.55 0.50 ± 0.08 0.76 ± 0.03 0.33 ± 0.03 

591 

30 

30 26.00 ± 0.54 19.63 ± 0.54 15.81 ± 0.75 74.78 ± 1.04 0.58 ± 0.01 0.74 ± 0.00 0.35 ± 0.01 
60 26.33 ± 0.42 19.55 ± 0.24 15.65 ± 0.40 74.16 ± 0.83 0.60 ± 0.00 0.75 ± 0.01 0.34 ± 0.01 
90 27.44 ± 1.02 20.46 ± 0.58 15.63 ± 0.98 71.90 ± 2.10 0.55 ± 0.05 0.74 ± 0.01 0.34 ± 0.01 

120 27.16 ± 0.88 20.13 ± 0.63 15.75 ± 0.85 72.48 ± 1.78 0.57 ± 0.03 0.74 ± 0.02 0.34 ± 0.01 

60 

30 36.51 ± 0.20 28.36 ± 0.26 23.32 ± 0.27 50.32 ± 0.54 0.37 ± 0.02 0.63 ± 0.00 0.47 ± 0.00 

60 37.52 ± 0.93 28.36 ± 0.32 22.47 ± 0.57 47.52 ± 2.58 0.36 ± 0.04 0.63 ± 0.01 0.47 ± 0.00 

90 37.92 ± 1.44 29.32 ± 1.16 24.31 ± 1.51 46.38 ± 4.10 0.39 ± 0.04 0.63 ± 0.01 0.48 ± 0.01 

120 37.07 ± 1.67 28.38 ± 1.14 22.37 ± 0.89 48.73 ± 4.57 0.37 ± 0.02 0.63 ± 0.02 0.47 ± 0.02 

Note. Values in bold indicate the best evaluation outcome for each metric in each learning scenario, and grey highlights denote 
the best model in each scenario based on the best-achieved evaluation metrics. Note. PID: patient identification; PH: prediction 
horizon; LL: lag length; RMSE: root mean square error; SD: standard deviation; MAE: mean absolute error; MAPE: mean 
absolute percentage error; r2: coefficient of determination; MCC: Matthew’s correlation coefficient; SE: surveillance error; ASE: 
average surveillance error. 
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Table A4. The evaluation results for non-stacking models created by long short-term memory learners using Ohio 2020 dataset. 

PID PH LL 
Evaluation Metric 

RMSE ± SD 
(mg/dL) 

MAE ± SD 
(mg/dL) MAPE ± SD (%) r2 ± SD 

(%) MCC ± SD (%) SE < 0.5 ± SD 
(%) 

ASE ± SD 

540 

30 

30 25.76 ± 1.26 19.38 ± 0.62 14.84 ± 0.24 84.25 ± 1.55 0.67 ± 0.01 0.79 ± 0.00 0.31 ± 0.00 

60 24.84 ± 0.42 18.48 ± 0.70 13.81 ± 1.24 85.37 ± 0.49 0.67 ± 0.02 0.80 ± 0.01 0.29 ± 0.02 

90 28.02 ± 3.64 21.40 ± 2.68 15.98 ± 2.30 81.18 ± 4.68 0.63 ± 0.03 0.76 ± 0.03 0.33 ± 0.04 

120 27.92 ± 1.82 21.00 ± 1.99 15.38 ± 2.29 81.48 ± 2.40 0.63 ± 0.02 0.76 ± 0.02 0.32 ± 0.04 

60 

30 42.60 ± 1.15 31.84 ± 0.41 23.25 ± 0.53 57.07 ± 2.32 0.48 ± 0.02 0.64 ± 0.01 0.45 ± 0.00 

60 41.36 ± 0.58 30.69 ± 0.37 22.40 ± 0.20 59.56 ± 1.12 0.50 ± 0.02 0.66 ± 0.00 0.44 ± 0.00 

90 43.78 ± 2.80 32.44 ± 2.02 23.51 ± 1.66 54.55 ± 5.78 0.50 ± 0.04 0.64 ± 0.02 0.45 ± 0.02 

120 48.17 ± 1.39 34.62 ± 2.09 24.69 ± 2.33 45.10 ± 3.15 0.48 ± 0.04 0.63 ± 0.03 0.48 ± 0.03 

544 

30 

30 21.23 ± 0.53 15.00 ± 0.49 9.93 ± 0.35 82.45 ± 0.87 0.76 ± 0.01 0.89 ± 0.00 0.21 ± 0.01 

60 20.66 ± 0.31 14.71 ± 0.43 9.99 ± 0.53 83.40 ± 0.50 0.75 ± 0.01 0.88 ± 0.02 0.22 ± 0.01 

90 22.55 ± 0.45 15.56 ± 0.37 10.40 ± 0.27 80.21 ± 0.79 0.72 ± 0.01 0.88 ± 0.01 0.22 ± 0.00 

120 23.38 ± 2.94 16.49 ± 1.81 11.35 ± 1.30 78.51 ± 5.18 0.71 ± 0.04 0.84 ± 0.03 0.24 ± 0.03 

60 

30 31.43 ± 0.05 23.19 ± 0.08 15.59 ± 0.16 61.46 ± 0.12 0.58 ± 0.01 0.76 ± 0.00 0.32 ± 0.00 

60 30.45 ± 0.12 22.09 ± 0.45 14.81 ± 0.52 63.83 ± 0.29 0.59 ± 0.02 0.78 ± 0.01 0.31 ± 0.01 
90 32.39 ± 0.61 22.91 ± 0.32 15.40 ± 0.39 59.04 ± 1.55 0.57 ± 0.01 0.76 ± 0.01 0.33 ± 0.01 

120 36.19 ± 1.38 25.61 ± 0.40 17.44 ± 0.10 48.85 ± 3.94 0.52 ± 0.04 0.74 ± 0.01 0.36 ± 0.01 

552 

30 

30 16.72 ± 0.44 10.31 ± 0.24 8.04 ± 0.22 80.45 ± 1.01 0.71 ± 0.02 0.90 ± 0.01 0.16 ± 0.01 
60 21.54 ± 3.51 14.67 ± 3.62 11.21 ± 2.37 66.99 ± 10.53 0.59 ± 0.14 0.85 ± 0.04 0.22 ± 0.04 
90 18.81 ± 1.50 12.58 ± 1.52 9.73 ± 0.98 75.16 ± 3.97 0.69 ± 0.01 0.89 ± 0.01 0.19 ± 0.01 

120 20.91 ± 5.44 14.00 ± 4.23 11.01 ± 3.87 68.05 ± 17.09 0.69 ± 0.08 0.85 ± 0.10 0.22 ± 0.08 

60 

30 25.47 ± 0.30 16.27 ± 0.24 13.02 ± 0.27 54.73 ± 1.05 0.61 ± 0.01 0.83 ± 0.01 0.24 ± 0.01 
60 27.15 ± 1.00 18.20 ± 0.92 15.02 ± 0.93 48.51 ± 3.76 0.58 ± 0.03 0.78 ± 0.02 0.28 ± 0.02 

90 27.51 ± 2.98 17.70 ± 1.96 14.55 ± 1.73 46.78 ± 11.78 0.56 ± 0.06 0.80 ± 0.04 0.27 ± 0.04 

120 40.75 ± 25.37 32.17 ± 26.99 26.17 ± 21.83 45.82 ± 170.04 0.33 ± 0.44 0.60 ± 0.38 0.53 ± 0.49 

567 

30 

30 26.21 ± 1.00 18.74 ± 1.00 14.41 ± 1.01 79.74 ± 1.56 0.61 ± 0.01 0.77 ± 0.01 0.32 ± 0.02 

60 25.54 ± 0.32 18.38 ± 0.28 13.83 ± 0.55 80.78 ± 0.48 0.61 ± 0.01 0.78 ± 0.00 0.31 ± 0.01 

90 24.64 ± 0.97 17.85 ± 0.81 13.48 ± 0.66 82.10 ± 1.41 0.60 ± 0.01 0.78 ± 0.01 0.31 ± 0.01 

120 27.89 ± 3.45 20.96 ± 3.26 16.17 ± 2.94 76.86 ± 5.47 0.57 ± 0.05 0.74 ± 0.04 0.35 ± 0.06 

60 

30 43.16 ± 1.27 32.69 ± 1.21 27.34 ± 1.23 45.19 ± 3.24 0.44 ± 0.02 0.60 ± 0.02 0.53 ± 0.02 

60 40.13 ± 1.22 30.57 ± 1.14 25.05 ± 1.96 52.61 ± 2.86 0.45 ± 0.01 0.62 ± 0.02 0.50 ± 0.03 

90 42.89 ± 2.29 32.84 ± 2.03 26.97 ± 2.57 45.79 ± 5.74 0.41 ± 0.01 0.60 ± 0.02 0.53 ± 0.03 

120 45.08 ± 4.52 34.30 ± 3.01 26.78 ± 0.56 39.83 ± 12.30 0.40 ± 0.06 0.58 ± 0.04 0.54 ± 0.04 

584 

30 

30 26.87 ± 0.77 19.56 ± 0.72 13.10 ± 0.55 79.81 ± 1.16 0.72 ± 0.02 0.84 ± 0.01 0.26 ± 0.01 

60 25.31 ± 1.32 18.27 ± 0.95 11.49 ± 0.52 82.05 ± 1.89 0.75 ± 0.01 0.86 ± 0.01 0.23 ± 0.01 

90 25.93 ± 1.03 19.25 ± 0.82 13.00 ± 0.65 81.19 ± 1.47 0.74 ± 0.01 0.85 ± 0.01 0.26 ± 0.01 

120 27.62 ± 0.80 20.65 ± 1.21 13.36 ± 0.35 78.66 ± 1.24 0.72 ± 0.02 0.84 ± 0.01 0.27 ± 0.00 

60 

30 41.45 ± 1.58 31.50 ± 1.91 21.43 ± 2.17 51.75 ± 3.64 0.55 ± 0.03 0.67 ± 0.04 0.42 ± 0.04 
60 42.14 ± 1.60 32.72 ± 1.78 23.12 ± 1.60 50.12 ± 3.74 0.55 ± 0.01 0.64 ± 0.04 0.45 ± 0.03 
90 41.75 ± 0.90 32.60 ± 0.83 22.86 ± 1.00 51.08 ± 2.11 0.56 ± 0.01 0.65 ± 0.02 0.44 ± 0.02 

120 47.83 ± 3.54 37.15 ± 4.34 25.97 ± 4.37 35.58 ± 9.66 0.46 ± 0.05 0.59 ± 0.07 0.50 ± 0.08 

596 

30 

30 19.96 ± 0.28 14.31 ± 0.03 10.83 ± 0.18 83.78 ± 0.45 0.70 ± 0.01 0.87 ± 0.00 0.23 ± 0.00 
60 21.15 ± 0.65 15.31 ± 0.40 11.64 ± 0.41 81.77 ± 1.12 0.69 ± 0.01 0.86 ± 0.01 0.24 ± 0.01 
90 22.54 ± 0.82 16.38 ± 0.95 12.32 ± 0.90 79.29 ± 1.50 0.66 ± 0.04 0.85 ± 0.01 0.25 ± 0.01 

120 33.46 ± 10.29 25.29 ± 8.45 19.64 ± 6.92 51.54 ± 25.67 0.50 ± 0.16 0.75 ± 0.10 0.36 ± 0.11 

60 

30 30.97 ± 0.19 22.79 ± 0.17 17.23 ± 0.22 61.02 ± 0.48 0.52 ± 0.01 0.78 ± 0.00 0.33 ± 0.00 

60 30.28 ± 0.72 22.17 ± 0.71 16.97 ± 0.45 62.72 ± 1.77 0.56 ± 0.02 0.79 ± 0.00 0.32 ± 0.01 

90 31.70 ± 1.25 23.44 ± 1.22 17.94 ± 1.21 59.12 ± 3.24 0.52 ± 0.03 0.78 ± 0.01 0.34 ± 0.02 

120 36.31 ± 9.68 27.21 ± 8.48 21.03 ± 6.87 43.87 ± 30.66 0.43 ± 0.21 0.71 ± 0.13 0.40 ± 0.11 

Note. Values in bold indicate the best evaluation outcome for each metric in each learning scenario, and grey highlights denote 
the best model in each scenario based on the best-achieved evaluation metrics. Note. PID: patient identification; PH: prediction 
horizon; LL: lag length; RMSE: root mean square error; SD: standard deviation; MAE: mean absolute error; MAPE: mean 
absolute percentage error; r2: coefficient of determination; MCC: Matthew’s correlation coefficient; SE: surveillance error; ASE: 
average surveillance error. 
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Publication 3. 

Classification before Regression for Improving the Accuracy 

of Glucose Quantification using Absorption Spectroscopy3 

Abstract. This work contributes to the improvement of glucose quantification using near-infrared (NIR), 

mid-infrared (MIR), and a combination of NIR and MIR absorbance spectroscopy by classifying the 

spectral data prior to the application of regression models. Both manual and automated classification are 

presented based on three homogeneous classes defined following the clinical definition of the glycaemic 

ranges (hypoglycaemia, euglycaemia, and hyperglycaemia). For the manual classification, partial least 

squares and principal component regressions are applied to each class separately and shown to lead to 

improved quantification results compared to when applying the same regression models for the whole 

dataset. For the automatic classification, linear discriminant analysis coupled with principal component 

analysis is deployed, and regressions are applied to each class separately. The results obtained are shown 

to outperform those of regressions for the entire dataset. 

Keywords. Glucose; Non-invasive; Near-infrared; Mid-infrared; Spectroscopy 

1. Introduction 

The importance of the development of non-invasive glucose monitoring in diabetes management has 

spurred research into the quantification of glucose through in vivo and in vitro experiments [1], [2]. The 

underlying modalities pursued in these studies can be listed as; near-infrared (NIR), mid-infrared (MIR), 

Raman and bio-impedance spectroscopy, electromagnetic sensing, fluorescence technology, optical 

 

3 This article was published in Talanta. 211 (2020). Authors: H. Khadem, M.R. Eissa, H. Nemat, O. Alrezj, M. 

Benaissa. 
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coherence tomography, optical polarimetry, reverse iontophoresis, and ultrasound technology [3]. Of all 

the techniques mentioned above, NIR and MIR spectroscopy are promising and commonly used methods 

[4], [5]. 

NIR and MIR spectroscopy use light beams in the wavelength range of 750–2500nm (13333–4000cm-

1) and 2500–10000nm (4000–1000cm-1), respectively [6]. These technologies are not expensive for frequent 

measurements as it does not use any specific reagent [7].  One advantage of the MIR method is decreased 

scattering phenomena and increased absorption because of higher wavelengths compared with NIR 

spectroscopy [8]. Moreover, the peaks of glucose are sharper in the MIR region [9]. NIR light, on the other 

hand, possesses a deep penetration length [10] and could traverse through different skin layers to reach the 

subcutaneous area [11]. 

While travelling through a sample, some frequencies of NIR/MIR light are absorbed and scattered 

because of the interaction with the physiological compounds of the skin [12]. These absorption and 

scattering measures are used for the quantification analysis of the glucose or other chromophores in the 

sample [6]. 

For extracting glucose-related information from the NIR and MIR spectra, multivariate calibration 

methods such as partial least squares regression (PLSR), principal component regression (PCR), multiple 

linear regression, artificial neural networks, and support vector machine regression are typically applied to 

the recorded signals [13]. For improving the accuracy of the analyses, many pre-processing methods have 

also been proposed [14], such as multivariate scatter correction (MSC), smoothing, and digital band-pass 

filtering. However, accurate quantification results remain a challenge [15]. 

This paper proposes a classification-before-regression methodology to improve glucose measurement 

using NIR, MIR and a combination of NIR and MIR (hereafter referred to as NIR-NIR) spectroscopy. Both 

manual and automatic classification are carried out by classifying the dataset into three more homogeneous 

groups following the clinical definition of the glycaemic ranges (hypoglycaemia, euglycaemia, and 

hyperglycaemia). Partial least squares and principal component regressions are applied with the manual 
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classification; for the automatic classification, linear discriminant analysis coupled with principal 

component analysis in both cases is deployed, and regressions are created for each class. The results 

obtained using the same data for both cases are shown to outperform the results obtained when no 

classification-before-regression is used. 

Classification of spectral data before regressions has been previously used in other research areas, such 

as rapid analysis of coal properties using NIR spectroscopy [16], [17]. However, this is the first paper to 

our knowledge that correlates spectral data using a pre-classification approach in order to improve the 

accuracy of glucose measurement. 

2. Dataset 

This study utilised absorbance spectroscopic data obtained from a synthesised blood sample set 

consisting of 100 samples with phosphate (0.01 M/dl), human serum albumin (5 g/dl), and glucose with 

concentrations ranging from 5mg/dl to 500mg/dl, at intervals of 5mg/dl. The recorded spectra encompassed 

a wavelength range of 2100–8000nm with a resolution of 1.7nm. Specifically, the wavelengths from 2100 

to 2500nm corresponded to the NIR region, while those from 2500 to 8000nm belonged to the MIR region. 

3. Methods 

3.1. Quantification methods 

As shown in Figure 1, three methods were developed in this work for glucose quantification from the 

collected NIR, MIR, and NIR-NIR spectral data. For data analysis in these quantification methods, we used 

Python (3.6.7), scikit-learn (0.15.2), and SciPy (0.12.0). 
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Figure 1. Quantification methods applied in this paper for glucose measurement using NIR, MIR, and NIR-MIR spectroscopy 

3.1.1. Method 1 

In this method, regression models were implemented for the raw and pre-processed spectra of the whole 

sample set to predict the relevant glucose concentrations. 

3.1.2. Method 2 

In this method, the spectral data were divided into the three groups shown in Table 1. Pre-processing 

and regression methods were then implemented for each group individually. By performing this method, 

the idea was to investigate the effect of categorising the dataset as being in the hypoglycaemic range 

(£70mg/dl), euglycaemic range (70-180mg/dl), and hyperglycaemic range (180mg/dl£) [19] on the 

accuracy of the measurements. 

As shown later in the paper, Method 2 improved the measurement results as compared to Method 1. 

This improvement led us to proceed to Method 3, which as Method 1 used only the spectral data without 

further information (Method 2 used the labels in addition to the spectral data). 
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Table 1. Division of the dataset into three groups following the clinical definition of the glycaemic ranges 

 
Label 

Class 1 Class 2 Class 3 

Glucose concentration range 5–70 mg/dl 75–180 mg/dl 185–500 mg/dl 

Corresponding glycaemic range Hypoglycaemia Euglycaemia Hyperglycaemia 

Quantity of data in the class 14 22 64 

3.1.3. Method 3 

This method had the same principles as Method 2 but automated the grouping process using a PCA-

LDA classifier. 

3.2. Pre-processing methods 

In spectroscopic analyses, pre-processing techniques are generally applied to the raw spectra to curtail 

adverse effects from elements other than the analyte of interest and environmental conditions [20]. In this 

work, three pre-processing techniques are applied to assess the effectiveness of the proposed pre-

classification approach when it is coupled with conventional pre-processing methods. 

3.2.1. Smoothing (S) 

Savitzky-Golay smoothing is a pre-processing method to diminish the effect of noise on the raw spectra 

[17]. The method is an averaging algorithm that fits a polynomial with successive subsets of adjacent data 

points based on the least-squares [21]. For the Savitzky-Golay filter in this work, a five-point window and 

a second-order polynomial were implemented. 

3.2.2. Multivariate scatter correction (MSC) 

The scattering phenomenon is the most significant obstacle when attempting quantitative measurements 

using NIR spectroscopy [22]. MSC is a useful pre-processing technique to eliminate the effect of light 

scattering [23]. In this method, the scattering of each spectrum is estimated relative to a reference spectrum 

[14]. In this work, the average of all signals in the calibration set was considered as the reference spectrum; 

each signal was then adjusted using the reference so that they all had the same scatter level [17]. 
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3.2.3. Smoothing coupled with MSC (S-MSC) 

Applying different pre-processing techniques together is a common approach to dealing with 

spectroscopic data [15]. In this paper, a combination of the smoothing and MSC methods was also applied 

as a third pre-processing technique [24]. 

3.3. Regression methods 

For constructing predictive models for selected analytes such as glucose, multivariate calibration 

methods are applied to spectroscopic data [12], [25]. Linear models such as PLSR and PCR are generally 

preferred since they are easy to apply and amenable to Physicochemical interpretation [26]. Likewise, in 

this paper, PLSR and PCR are selected for glucose quantification using absorbance spectroscopy. 

For optimising the PLS and PCR components quantity, different numbers ranging from 1 to 10 were 

examined; and each time, the sum of squares of differences between reference and predicted glucose levels, 

based on ten-fold cross-validation analysis, was calculated to form the predicted residual sum of squares 

(PRESS). The model minimising the value of PRESS/(N-A-1) is then selected; where N is the size of the 

calibration set and A is the number of components [27]. 

3.4. Classification method 

Principal component analysis (PCA) reduces the dimensionality of data while retaining most of the 

information present in the dataset [28]. Linear discriminant analysis (LDA) is a technique that maximises 

the variance between groups while minimising the variance within groups based on the determination of 

linear discriminant functions [29]. In this work, PCA coupled with LDA (PCA-LDA) is employed to 

classify the dataset, a method which was shown to be useful in this regard [30]. Different values from 1 to 

10 were considered as the number of PCA components and the model resulting in the best classification 

accuracy, based on ten-fold cross-validation results,  was then selected [17]. 
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3.5. Evaluation method 

The maximisation of the training data size is a basic approach for dealing with small datasets, and cross-

validation is suitable for this purpose [31]. Ten-folds cross-validation was applied in this work to evaluate 

the regression and classification models [32]. 

3.6. Evaluation Metrics 

3.6.1. Root mean square error of prediction (RMSEP) 

In this work, RMSE was calculated as follows to measure the actual error of quantifications [33]. 

  

: the size of the calibration set 

: reference value 

: predicted value 

3.6.2. Percentage error around the mean (PEM) 

PEM was used to analyse the performance of the quantification methods for each class of data [17] 

(“quantification methods” and “classes” are discussed in section 3.2). 

  

: the average of reference values 

3.6.3. Correlation coefficients (r) 

r is a statistical measure indicating correlations between the reference and predicted glucose 

concentrations [34]. 
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Y: referencevalues; 𝑌9: predicted values; Cov (Y, 𝑌9): covariance between Y and 𝑌9; : standard 

deviation of Y; : standard deviation of 𝑌9  

3.6.4. Clarke error grid analysis (EGA) 

EGA considers the relative difference between reference and predicted glucose levels and the clinical 

significance of this difference [35]. In this paper, EGA was performed to assess the clinical accuracy of the 

measurements, a method which can be used to evaluate in vitro quantitative analysis of glucose[36]. 

4. Results 

4.1. Classification results 

It was mentioned earlier that the proper number of PCA components in the PCA-LDA classifier, 

implemented in the third quantification method, was chosen based on the examination of varying values. 

Classification results based on ten-fold cross-validation for a different number of PCA components ranging 

from 1 to 10 are illustrated in Figure 2. As the figure shows, in the NIR region, the classification accuracy 

improved significantly when the number of components rose from 1 to 5 but remained steady afterwards. 

Therefore, we set the number of PCA components at 5 for this region. Similarly, the number of PCA 

elements when using MIR and IR spectral data were both set at 4. 

ˆ
ˆ( , ) / Y Yr Cov Y Y s s=

Yσ

Ŷσ
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Figure 2. The Accuracy of the PCA-LDA classifier for different numbers of PCA components 

 

The detailed classification results after setting the number of PCA components at the values mentioned 

above are presented in Table 2. Overall, the best and the lowest classification accuracy were found when 

using the MIR and NIR spectral data, respectively. 

Table 2. The PCA-LDA classification results based on ten-fold cross-validation in different spectral regions 

Spectral 
region 

Class 1 data 
(Hypoglycaemia range) 

Class 2 data 
(Euglycaemia range) 

Class 3 data 
(Hyperglycaemia range) 

All data together 
(whole glycaemic range) 

No. of 
Errors 

Classification 
Accuracy (%) 

No. of 
Errors 

Classification 
Accuracy (%) 

No. of 
Errors 

Classification 
Accuracy (%) 

No. of 
Errors 

Classification 
Accuracy (%) 

NIR 3 78.5 15 31.8 5 92.1 23 77 

MIR 0 100 4 81.8 0 100 4 96 

NIR-MIR 0 100 4 81.8 2 96.8 6 94 

4.2. Quantification results 

This section is partitioned into three parts, each of which reports the quantification results belonging to 

the analyses in one of the spectral regions (NIR, MIR, and NIR-MIR region). In this way, the capability of 

the proposed method to improve the analysis precision in either of the three spectral regions could be shown 

more effectively. 

4.2.1. Quantification results in the NIR region 

Table 3 lists the results of RMSE, PEM and correlation coefficient (r) of the three quantification 

methods in the NIR region, and in addition, the improvement of RMSE for Methods 2 and 3 compared to 

Method 1. The values in bold indicate the best results of each quantification method based on the lowest 
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RMSE of the whole dataset; these results are considered for EGA analysis, as discussed later.  For 

comparison purposes, the results of each class and also for that of all classes together are presented 

separately.  

Methods 2 and 3 possessed smaller calibration sets than Method 1, a characteristic that might have 

harmed the results of these methods. However, they provided more accurate quantification results than 

Method 1. The accuracy of predictions obtained by Method 2 outweighed those of Method 3. The reason is 

that the weak classification accuracy in the NIR region (discussed in section 4.1) negatively affected the 

measurements of Method 3. For Method 2, the improvements in the quantification results in comparison to 

Method 1 were more pronounced for data in Classes 1 and 2; for Method 3, it happened for data in Class 1. 

Table 3. Results of ten-fold cross-validation for the quantification methods in the NIR region 

PM RM QM 

 Class 1 data 
(Hypoglycaemia range) 

Class 2 data 
(Euglycaemia range) 

Class 3 data 
(Hyperglycaemia range) 

All data together 
(Whole glycaemic range) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

r 
 

NP 

PLSR 
1 63.5 –– 181.4 100.0 –– 80.0 76.6 –– 22.3 81.1 –– 0.82 

2 11.8 +81.4 31.5 19.4 +80.6 15.2 53.2 +30.5 15.5 43.7 +46.1 0.95 
3 39.5 +37.7 113.4 97.0 +3.0 77.6 69.7 +9.0 20.3 74.0 +8.7 0.85 

PCR 
1 64.3 –– 183.9 98.4 –– 78.7 77.7 –– 22.6 81.4 –– 0.82 
2 12.4 +80.7 33.0 19.3 +80.3 15.1 53.0 +31.7 15.4 43.6 +46.4 0.95 
3 42.4 +34.0 121.3 98.1 +0.3 78.5 69.2 +10.9 20.2 74.2 +8.8 0.85 

S 

PLSR 
1 60.5 –– 173.0 100.8 –– 80.7 76.3 –– 22.2 80.9 –– 0.82 
2 11.9 +80.3 31.8 19.4 +80.7 15.2 53.0 +30.5 15.4 43.6 +46.1 0.95 
3 39.1 +35.3 11.9 97.1 +3.6 77.6 68.8 +9.8 20.0 73.4 +9.2 0.83 

PCR 
1 60.8 –– 173.9 97.9 –– 78.3 76.3 –– 22.2 80.0 –– 0.83 

2 12.2 +79.9 32.6 19.3 +80.2 15.1 52.8 +30.7 15.4 43.4 45.7 0.95 

3 42.1 +30.7 120.4 98.1 -0.2 78.5 68.7 +9.9 20.6 73.9 +7.6 0.85 

MSC 

PLSR 
1 63.5 –– 181.4 100.0 –– 80.0 76.6 –– 22.3 81.1 –– 0.82 

2 11.8 +81.4 31.5 19.4 +80.6 15.2 53.2 +30.5 15.5 43.7 +46.1 0.95 

3 39.5 +37.7 113.0 97.0 +3.0 77.6 69.7 +9.0 20.3 74.0 +8.7 0.85 

PCR 
1 64.3 –– 183.9 98.4 –– 78.7 77.7 –– 22.6 81.4 –– 0.82 

2 12.4 +80.7 33.0 19.3 +80.3 15.1 53.0 +31.7 15.4 43.6 +46.4 0.95 

3 42.4 +34.0 121.3 98.1 +0.3 78.5 69.2 +10.9 20.3 74.2 +8.8 0.85 

S-
MSC 

PLSR 
1 175.0 –– 500.0 136.2 –– 109.0 95.4 –– 27.8 118.6 –– 0.57 

2 12.1 +93.0 32.3 32.6 +76.0 25.6 56.2 +41.0 16.4 47.7 +59.7 0.94 

3 79.3 +54.6 226.6 115.4 +15.2 92.3 71.0 +25.5 20.7 84.3 +28.9 0.81 

PCR 
1 179.5 –– 512.9 137.7 –– 110.2 96.2 –– 28.1 120.3 –– 0.55 

2 11.3 +93.7 30.2 38.8 +71.8 30.4 55.7 +42.0 16.2 48.3 +59.8 0.94 

3 78.1 +56.4 223.3 114.8 +16.6 91.8 71.0 +26.1 20.7 83.9 +30.2 0.81 

Abbreviations: PM = pre-processing method; RM = regression model; QM = quantification method; RMSEP = root mean square error of prediction; Im = improvement of 
RMSEP in comparison to that of Method 1; PEM = percentage error around the mean; r = correlation coefficient; NP = no pre-processing; S = smoothing; MSC = multivariate 
scatter correction, S-MSC = smoothing couples with multivariate scatter correction. 

 

As mentioned earlier, EGA was performed to evaluate the accuracy of the measurements further. The 

EGA comparison between the best prediction results of the three quantification methods in the NIR region 
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(results in bold in Table 3)  is shown in  Figure 3(A); and the percentage of predictions located in Zone A—

the most clinically desired measurement—is presented in Fig(B). As shown in the figures, using Methods 

2 and 3, a higher ratio of predictions is located in zone A, especially for data in Classes 1 and 2. 

  

Figure 3. (A) EGA of the quantification methods in the NIR region (Some predictions of the first calibration method had negative 
values, so have not appeared in the graph.), (B) the statistics of the EGA graphQuantification results in the MIR region 

4.2.2. Quantification results in the MIR region 

Table 4 presents the quantification results of the three methods in the MIR region. Methods 2 and 3 

were more accurate than Method 1, especially for data with lower glucose concentrations (Classes 1 and 2 

data). The results of Methods 2 and 3 were comparable in the MIR region, which was due to the acceptable 

classification accuracy in this region. 

EGA for the best result of the quantification methods in the MIR region and the percentage of 

measurements distributed in Zone A for each method are displayed in Figure 4. As the figures show, more 

accurate prediction results were obtained using Methods 2 and 3 rather than Method 1, notably for lower 

glucose levels.  
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Table 4. Results of ten-fold cross-validation for the quantification methods in the MIR region 

PM RM QM 

 Class 1 data 
(Hypoglycaemia range) 

Class 2 data 
(Euglycaemia range) 

Class 3 data 
(Hyperglycaemia range) 

All data together 
(Whole glycaemic range) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

r 
 

NP 

PLSR 
1 73.8 –– 211.0 38.2 –– 30.5 32.5 –– 9.5 41.5 –– 0.95 

2 17.0 +76.9 45.4 14.4 +62.3 11.3 31.5 +3.0 9.2 26.6 +35.9 0.98 

3 15.0 79.6 42.9 23.3 +39.0 18.6 31.2 +4.0 9.1 27.9 +32.7 0.98 

PCR 
1 81.1 –– 231.9 33.2 –– 26.6 32.3 –– 9.4 42.1 –– 0.95 

2 7.1 +91.2 19.1 13.1 +60.5 10.3 27.2 +18.3 7.9 22.8 +45.8 0.98 

3 16.2 +80.0 46.3 21.4 +35.5 17.19 28.5 +14.4 8.3 25.7 +38.9 0.98 

S 

PLSR 
1 73.9 –– 211.2 37.9 –– 30.3 32.5 –– 9.5 41.4 –– 0.95 

2 17.0 +76.9 45.4 14.3 +62.2 11.2 31.4 +3.3 9.1 26.8 +35.2 0.98 

3 15.0 +79.7 42.9 23.2 +38.7 18.5 31.2 +4.0 9.1 27.9 +32.6 0.98 

PCR 
1 81.2 –– 232.1 33.2 –– 26.6 32.3 –– 9.4 42.2 –– 0.95 
2 7.1 +91.2 19.0 13.1 +60.5 10.2 27.2 +15.7 7.9 22.8 +45.9 0.98 
3 16.2 +80.0 46.3 21.4 +35.5 17.1 28.5 +11.7 8.3 25.7 +39.0 0.98 

MSC 

PLSR 
1 73.8 –– 211.0 38.2 –– 30.5 32.5 –– 9.5 41.5 –– 0.95 
2 17.0 +76.9 45.4 14.4 +62.3 11.3 31.5 +3.0 9.2 26.9 +35.1 0.98 
3 15.0 +79.6 42.9 23.2 +39.2 18.6 31.2 +4.0 9.1 27.9 +32.7 0.98 

PCR 
1 81.1 –– 231.9 33.2 –– 26.6 32.3 –– 9.4 42.1 –– 0.95 
2 7.1 +91.2 19.1 13.1 +60.5 10.3 27.2 +15.7 7.9 22.8 +45.8 0.98 

3 16.2 +80.0 46.3 21.4 +35.5 17.1 28.5 +11.7 8.3 25.7 +38.9 0.98 

S-
MSC 

PLSR 
1 65.9 –– 188.3 37.2 –– 29.8 32.5 –– 9.4 39.5 –– 0.96 

2 9.3 +85.8 24.9 11.9 +68.0 9.4 27.8 +14.4 8.1 23.2 +41.2 0.98 

3 10.2 +84.5 29.2 17.9 +51.8 14.3 26.6 +18.1 7.7 23.2 +41.2 0.98 

PCR 
1 77.0 –– 220.0 36.3 –– 29.0 30.6 –– 8.9 40.9 –– 0.95 

2 8.2 +89.3 21.9 9.5 +73.8 7.4 28.7 +6.2 8.3 23.6 +42.2 0.98 

3 13.1 +82.9 37.5 16.8 +53.7 13.4 26.8 +12.4 7.8 23.4 +42.7 0.98 

Abbreviations: PM = pre-processing method; RM = regression model; QM = quantification method; RMSEP = root mean square error of prediction; Im = improvement of 
RMSEP in comparison to that of Method 1; PEM = percentage error around the mean; r = correlation coefficient; NP = no pre-processing; S = smoothing; MSC = multivariate 
scatter correction, S-MSC = smoothing couples with multivariate scatter correction. 

 

 

  

Figure 4. (A) EGA of the quantification methods in the MIR region, (B) the statistics of the EGA graphQuantification results in 
the NIR-MIR region  
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4.2.3. Quantification results in the NIR-MIR region 

 

Table 5 reports the prediction results in the NIR-MIR region for all the quantification methods. Overall, 

in all cases, Methods 2 and 3 provided more accurate prediction results. All results obtained in the NIR-

MIR region were generally comparable to those of the MIR region, which indicates that our proposed 

classification-before-regression methodology, still maintains its effectiveness over a wider range of spectra. 

Table 5. Results of ten-fold cross-validation for the quantification methods in the NIR-MIR region 

PM RM QM 

 Class 1 data 
(Hypoglycaemia range) 

Class 2 data 
(Euglycaemia range) 

Class 3 data 
(Hyperglycaemia range) 

All data together 
(Whole glycaemic range) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

r 
 

NP 

PLSR 
1 67.5 –– 193.1 40.9 –– 32.7 32.0 –– 9.3 40.4 –– 0.95 
2 18.0 +73.3 48.1 13.2 +67.7 10.3 28.3 +11.5 8.2 24.4 +39.6 0.98 
3 16.5 +75.5 47.2 24.6 +39.8 19.7 28.2 +11.8 8.2 26.2 +35.1 0.98 

PCR 
1 82.1 –– 234.8 37.6 –– 30.0 33.1 –– 9.6 43.6 –– 0.95 
2 8.1 +90.1 21.6 12.3 +67.2 9.7 26.2 +20.8 7.6 21.9 +49.7 0.98 

3 14.1 +82.8 40.5 14.7 +60.9 11.7 24.9 +24.7 7.2 21.7 +50.2 0.98 

S 

PLSR 
1 67.6 –– 193.2 41.0 –– 32.8 32.1 –– 9.3 40.5 –– 0.95 

2 18.0 +73.3 48.1 13.0 +68.2 10.2 28.2 +12.1 8.2 24.3 +40.0 0.98 

3 16.5 +75.5 47.3 24.5 +40.2 19.6 28.1 +12.4 8.2 26.1 +35.5 0.98 

PCR 
1 82.0 –– 234.3 37.6 –– 30.0 33.1 –– 9.6 43.6 –– 0.95 

2 8.0 +90.2 21.3 12.3 +67.2 9.6 26.2 +20.8 7.6 21.9 +49.7 0.98 

3 14.2 +82.6 40.5 14.6 +61.1 11.6 24.9 +24.7 7.2 21.7 +50.2 0.98 

MSC 

PLSR 
1 67.5 –– 193.1 40.9 –– 32.7 32.0 –– 9.3 40.4 –– 0.95 

2 18.0 +73.3 48.1 13.2 +67.7 10.3 28.3 +11.5 8.2 24.4 +39.6 0.98 

3 16.5 +75.5 47.2 24.6 +39.8 19.7 28.2 +11.5 8.2 26.2 +35.1 0.98 

PCR 
1 82.1 –– 234.8 37.6 –– 30.0 33.1 –– 9.6 43.6 –– 0.95 

2 8.1 +90.1 21.6 12.3 +67.2 9.7 26.2 +20.8 7.6 21.9 +49.7 0.98 

3 14.1 +82.8 40.5 14.7 +60.9 11.7 24.9 +24.7 7.2 21.7 +50.2 0.98 

S-
MSC 

PLSR 
1 75.6 –– 216.0 37.1 –– 29.7 32.8 –– 9.5 41.8 –– 0.95 
2 9.7 +87.1 26.0 11.5 +69.0 9.0 26.0 +20.7 7.6 21.8 +47.8 0.98 
3 10.6 +85.9 30.4 16.5 +55.5 13.2 26.9 +19.9 7.8 23.28 +44.3 0.98 

PCR 
1 76.6 –– 218.8 37.8 –– 30.2 34.6 –– 10.1 43.1 –– 0.95 
2 8.5 +88.9 22.8 9.1 +75.9 7.1 26.4 +28.9 7.7 21.8 +49.4 0.98 
3 16.0 +79.1 45.8 13.2 +65.0 70.6 26.4 +28.9 7.7 22.8 +47.0 0.98 

Abbreviations: PM = pre-processing method; RM = regression model; QM = quantification method; RMSEP = root mean square error of prediction; Im = improvement of 
RMSEP in comparison to that of Method 1; PEM = percentage error around the mean; r = correlation coefficient; NP = no pre-processing; S = smoothing; MSC = multivariate 
scatter correction, S-MSC = smoothing couples with multivariate scatter correction. 

 

The EGA graph for the best result of the quantification methods in the NIR-MIR region, and a 

comparison of the predictions that occurred in Zone A for each method are presented in Figure 5. Based on 

the figure, it is clear that Methods 2 and 3 are more accurate than Method 1, also in the NIR-MIR region. 
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Figure 5. (A) EGA of the quantification methods in the NIR_MIR region, (B) the statistics of the EGA graphDiscussion 

 

5. Discussion 

All the quantification methods, as well as the PCA-LDA classifier applied in the third quantification 

method, showed a significantly better performance in the MIR and NIR-MIR regions than in the NIR region. 

The reason is that the MIR and NIR-MIR signals contained a more extensive range of wavelengths; these 

can possess more informative wavebands for glucose monitoring compared to the NIR spectra in the 

experiment. 

Methods 2 and 3 resulted in more accurate measurements than Method 1. Riley et al. showed that 

informative wavebands for the quantitative analysis of four chemical components, including glucose, 

become narrower with a decrease in the concentration range of these analytes [37]. It can be inferred that, 

in our dataset, informative wavebands for glucose measurement are possibly homogenous for signals in 

each class, and are different from the optimal spectral range of data in other classes. These similarities 

between spectra in each calibration set, using Methods 2 and 3, could improve the accuracy of the regression 

analyses.  

As shown in Table, in our dataset, the 3 classes occupy different glycemic ranges dominated by samples 

within the hyperglycaemia range. However, datasets from in vivo experiments on humans generally tend 
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to have the majority of data in the euglycaemia range; to show that our proposed methodology still applies 

in this case, the same analysis is repeated after adapting the step size in the hyperglycaemia range to allow 

for the majority of the data to be placed in the euglycaemia range. The step size for the hyperglycaemia 

range was increased from 5mg/dl to 20mg/dl; this lowered the number of samples by three-quarters for this 

class as illustrated in Table 6, and the other two classes remained unchanged. The new corresponding 

analysis results are shown in Table 7, which confirms the effectiveness of the pre-classification 

methodology for this distribution too. 

Table 6. Division of the dataset after the step size adaptation 

 
Label 

Class 1 Class 2 Class 3 

Glucose concentration range 5–70 mg/dl 75–180 mg/dl 185–500 mg/dl 

Corresponding glycaemic range Hypoglycaemia Euglycaemia Hyperglycaemia 

Quantity of data in the class 14 22 16 

 

Table 7. Best results of ten-fold cross-validation for the quantification methods in all spectral region for modified data distribution 

SR QM 

 Class 1 data 
(Hypoglycaemia range) 

Class 2 data 
(Euglycaemia range) 

Class 3 data 
(Hyperglycaemia range) 

All data together 
(whole glycaemic range) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

PEM 
(%) 

RMSEP 
(mg/dl) 

Im 
 (%) 

r 
 

NIR 

1 115.1 –– 328.9 72.2 –– 57.8 164.8 –– 49.1 118.2 –– 0.42 

2 12.4 +89.2 33.0 19.3 +73.2 15.1 60.6 +63.2 18.1 29.9 +74.7 0.94 

3 54.1 +52.9 154.6 76.1 -5.1 60.9 129.8 +21.2 38.7 92.1 +4.1 0.72 

MIR 

1 78.1 –– 223.1 34.0 –– 27.2 50.8 –– 14.7 53.1 –– 0.92 

2 7.1 +90.0 19.1 13.1 +61.4 10.3 49.5 +2.5 14.3 22.6 +57.4 0.97 

3 11.0 +85.9 31.7 20.6 +39.4 16.5 74.3 -46.2 21.5 44.6 +16.0 0.94 

NIR-
MIR 

1 62.8 –– 179.5 46.7 –– 37.4 51.1 –– 14.5 52.1 –– 0.92 

2 9.7 +84.5 26.0 11.5 +75.3 9.0 50.8 +0.5 15.0 23.1 +55.6 0.97 

3 15.8 +74.8 45.1 20.2 +56.7 16.2 53.6 -4.8 15.5 34.1 +34.5 0.96 

Abbreviations: SR = spectral region QM = quantification method; RMSEP = root mean square error of prediction; Im = improvement of RMSEP in comparison to 
that of Method 1; PEM = percentage error around the mean; r = correlation coefficient 

6. Conclusion 

Glucose measurement using NIR and MIR absorbance spectroscopy was improved by manually 

grouping the dataset into three categories according to the clinical definition of the glycaemic ranges and 

then applying regressions for each class separately. A PCA-LDA classifier was therefore implemented to 

assign each spectrum to the respective class automatically. The creation of regression models for different 

classes improved the results of glucose prediction as compared to regressions for the whole dataset. The 

improvements in the prediction results were more significant for lower glucose concentrations. 
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The performance of the proposed pre-classification approach was evaluated for two common regression 

methods, three pre-processing techniques, and also for a broader range of spectra by merging the NIR and 

MIR data. A primary evaluation of the proposed methodology was carried out by repeating the analysis for 

a modified version of the dataset to account for the distribution of data that is more representative of human 

in vivo experiments scenarios. For future work, the determination of informative wavebands for glucose 

measurement could be investigated in each glycaemic range individually. 
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Publication 4. 

Signal fragmentation based feature vector generation in a 

model agnostic framework with application to glucose 

quantification using absorption spectroscopy4 

Abstract. This paper proposes feature vector generation based on signal fragmentation equipped with a 

model interpretation module to enhance glucose quantification from absorption spectroscopy signals. For 

this purpose, near-infrared (NIR) and mid-infrared (MIR) spectra collected from experimental samples of 

varying glucose concentrations are scrutinised. Initially, a given spectrum is optimally dissected into several 

fragments. A base-learner then studies the obtained fragments individually to estimate the reference glucose 

concentration from each fragment. Subsequently, the resultant estimates from all fragments are stacked, 

forming a feature vector for the original spectrum. Afterwards, a meta-learner studies the generated feature 

vector to yield a final estimation of the reference glucose concentration pertaining to the entire original 

spectrum. The reliability of the proposed approach is reviewed under a set of circumstances encompassing 

modelling upon NIR or MIR signals alone and combinations of NIR and MIR signals at different fusion 

levels. In addition, the compatibility of the proposed approach with an underlying preprocessing technique 

in spectroscopy is assessed. The results substantiate the utility of incorporating the designed feature vector 

generator into standard benchmarked modelling procedures under all considered scenarios. Finally, to 

promote the transparency and adoption of the propositions, SHapley additive exPlanations (SHAP) is 

leveraged to interpret the quantification outcomes. 

Keywords. Glucose quantification; Near-infrared spectroscopy; Mid-infrared spectroscopy; Machine 

learning, SHAP 

 

4 This article was published in Talanta. 243 (2022). Authors: H. Khadem, H. Nemat, J. Elliott, M. Benaissa. 
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1. Introduction 

In vitro glucose quantification has practical applications in a variety of areas, e.g., food science, biology, 

and botany [1–4] Consequently, continued research is underway to expand this area of knowledge [5]. 

In this context, two optical modalities of near-infrared (NIR) and mid-infrared (MIR) have been broadly 

pursued in glucose quantification studies [6,7]. NIR and MIR signals are within the wavelength range of  

750–2500 nm and 2500–10000 nm, respectively [8]. One advantage of using these technologies for glucose 

sensing is that the absence of reagents makes them economically appropriate for regular measurements [9]. 

NIR light possesses a high penetration rate enabling it to enter deeper parts of opaque compounds to 

seek the glucose trace [10–12]. On the other hand, the MIR region includes sharp peaks of glucose [13]. Of 

other merits of MIR spectroscopy for glucose sensing are the attenuated scattering phenomena and 

intensified absorption due to longer wavelengths [14]. Hence, there are stimuli to investigate glucose 

quantification from the combination of NIR and MIR spectra, as well. 

As NIR/MIR light is traversing through an object and as a result of the interaction with physiological 

compounds of the object, some beam frequencies get scattered and absorbed [15,16]. These absorption and 

scattering patterns could be scrutinised using appropriate tools to derive information concerning the 

analyte(s) of interest [8]. Specifically, machine learning (ML) multivariate calibration algorithms, in 

particular, partial least squares regression (PLSR), are typically suggested for quantifying glucose from 

recorded NIR/MIR spectra  [17,18]. 

Notwithstanding the general suitability of such algorithms, further advancements in the analysis are 

necessary towards achieving decisive glucose quantifications from NIR/MIR spectra [19,20]. In this regard, 

scopes exist to enhance the accuracy of the analysis by exploiting state-of-the-art ML techniques such as 

stack learning. Stack learning is an ensemble method for improving the competence of ML models in which 

a meta-learner integrates the outputs of multiple base-learner to produce a final output [21]. 

In conjunction with algorithms like stack learning, model interpretation frameworks could also be 

incorporated to expand the clarity of the analysis and further support the findings [22,23]. In this respect, 
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SHapley additive exPlanations (SHAP) is an elaborate game-theoretic model agnostic approach for 

interpreting ML models by attributing the contribution of each feature to a particular prediction [24]. SHAP 

joins optimal credit allocation with local explanations via the concept of Shapley values from cooperative 

game theory [25]. Resultant SHAP values designate the contribution of attributes to deviations from average 

estimations, a measurement to elucidate the effect of individual features on models’ outputs [24]. 

This article suggests signal fragmentation based feature vector generation (SFFVG) dressed with model 

interpretations for in vitro glucose estimation upon absorbance spectroscopy data. First, a given signal was 

efficiently segmented into a number of sub-signals. The sub-signals were then autonomously investigated 

using a base-learner to estimate the reference glucose concentration. These fragmentary estimations were 

thereafter concatenated, forming a feature vector for the given signal. A meta-learner, utilising the concept 

of stack learning, later aggregated the generated feature vector’s elements, creating an estimation related to 

the entire signal. The flexibility of the proposed approach was monitored by implementing it on NIR 

signals, MIR signals, and the fusion of NIR and MIR signals. Furthermore, the compatibility of the method 

with a conventional preprocessing technique in spectroscopy was examined. Finally, to spur the adoption 

of the propositions by increasing the clarity of the analysis, SHAP was carried out to delineate the influence 

of constructed features on the formation of final estimations.  

2. Material and methods 

SFFVG was proposed to advance glucose quantification from these absorption spectroscopic data. The 

effectiveness of the proposed method was examined within six different modelling strategies with and 

without including a classical preprocessing technique. Finally, to extend the transparency of the proposed 

method, SHAP was deployed to interpret the created models. The dataset and details of implementation 

steps are described in this section. 
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2.1. Dataset 

For glucose quantification, this research investigated absorbance spectroscopic data collected from a 

set of 100 synthesised blood samples composed of phosphate (0.01 M/dl), human serum albumin (5 g/dl) 

and glucose. The samples covered a range of glucose concentrations from 5mg/dl to 500mg/dl, with 

intervals of 5mg/dl. The recorded spectra spanned a wavelength range of 2100–8000nm, with a precision 

of 1.7nm. Notably, the wavelengths from 2100 to 2500nm were classified as part of the NIR region, while 

those ranging from 2500 to 8000nm belonged to the MIR region. [26] 

2.2. Calibration-validation split 

For creating quantitative models, 80% of the data points were randomly selected and allocated as the 

calibration set, and the remaining 20% were considered as the validation set. Table 1summarises some 

statistical characteristics of the calibration and validation set. All subsequent model training and 

hyperparameter tuning operations were carried out using only the calibration set, whereas the validation set 

remained unseen for evaluation and model interpretation analysis. 

Table 1. Characteristics of the calibration and validation set. 
 Samples Mean (mg dL-1) Standard Deviation (mg dL-1) 

Calibration set 80 250.3 146.4 

Validation set 20 261.2 135.2 

2.3. Feature vector generation 

Figure 1 depicts the block diagram of SFFVG consisting of a signal fragmentation, regression, and 

concatenation unit. In the first step, the fragmentation unit efficiently breaks signals into several intervals. 

After that, the regression unit studies the obtained fragments independently to produce a corresponding 

fragmentary estimation of the reference glucose concentration. It should be noted that this regression block 

is trained separately for each interval using the corresponding fragments from the calibration set. Finally, 

the concatenation unit stacks the outputs of the regression unit, forming a feature vector for the original 

input signal. 
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The fragmentation unit was optimised for three separate scenarios depending on input data: NIR signals, 

MIR signals, or concatenation of NIR and MIR signals (hereafter referred to as NIR-MIR signals). For 

simplicity, equidistant fragmentation was considered, and signals were inputted in raw form. Values of 1 

to 20 were explored as the number of intervals, and the one resulting in estimations (by the regression unit) 

with the lowest root mean square error (RMSE) of five-fold cross-validation on the calibration set was 

selected. 

For the regressors block, PLSR was assigned, which previously has been demonstrated to be an 

excellent method in spectroscopic data analysis [27,28]. For tunning the number of PLSR components, 

values of 1 to max (10, the length of the input variable) were sought, and the one delivering the minimum 

RMSE of glucose quantification based on five-fold cross-validation on the calibration set was decided. 

 
Figure 1. The general scheme of the proposed signal fragmentation based feature vector generation (SFFVG) method consists of 
signal fragmentation, regression, and concatenation. The input spectrum is optimally divided into a number of fragments. Next, 
each fragment is used as the input of a regressor (partial least square regression) to estimate the glucose concentration. Outputs 
of regressors were then stacked according to the order of the relevant fragments to form a generated feature vector. 

2.4. Chemometric 

In this work, for creating glucose quantification models, we assigned six different modelling strategies 

with the general block diagrams exhibited in Figure 2 [29–32]. As can be observed, SFFVG was a building 

block of all considered strategies. 

For preprocessing units in the structure of the strategies shown in the figure, Savitzky-Golay (SG) 

smoothing filter was considered with a second-order polynomial and a five-point window [33,34]. 

Preprocessing analysis was to examine the compatibility of SFFVG with this prominent stage in 



Publication 4. Signal fragmentation based feature vector generation in a model agnostic framework with application to glucose quantification using absorption spectroscopy 

91 

 

spectroscopy. For regression units, PLSR was appointed with the same tuning process described in 

subsection 2.2. 

It is distinguishable from the block diagram that the first two modelling strategies were unimodal, where 

only NIR or MIR spectra took part in the modelling process. In contrast, the other four strategies were 

bimodal, utilising both NIR and MIR signals. Also, each dashed block in Figure 2 signifies two possible 

model creation scenarios for the associated modelling strategy by incorporating or not incorporating that 

particular block. Therefore, the working mechanism of modelling strategies was as follows. 

a) NIR Modelling (Figure 2a): the raw or preprocessed form of a given NIR signal or their feature 

vector were input to a regression unit for making a final glucose estimation. 

b) MIR Modelling (Figure 2b): this strategy was akin to NIR Modelling, except MIR signals were 

studied instead of NIR. 

c) Raw Spectra Fusion Modelling (Figure 2c): a given NIR and MIR signal was first concatenated, 

forming an NIR-MIR signal. Raw or preprocessed form of the NIR-MIR signal or their feature 

vector was then fed to a regressor, creating a final estimation. 

d) Preprocessed Spectra Fusion Modelling (Figure 2d): initially, a given NIR and MIR signal were 

separately preprocessed and then mixed. The resultant NIR-MIR signal or its feature vector were 

then given to a regressor to accomplish a final estimation. 

e) Feature Fusion Modelling (Figure 2e): first, feature vectors were generated distinctly from the raw 

or preprocessed form of a given NIR and MIR signal and thereafter coupled. The obtained 

combined feature vector was then input to a regressor, making a final quantification. 

f) Decision Fusion Modelling (Figure 2f): estimations created individually using a given NIR and 

MIR signal were ensembled by a regressor to generate a final estimation. 

The goal of including different strategies was to comprehensively investigate the robustness of SFFVG 

under diverse circumstances. The idea was to generate quantitative models according to all possible 
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permutations for each strategy and later perform intra-strategy comparisons between models with SFFVG 

and those without SFFVG as benchmarks. Thus, by incorporating or skipping preprocessing and SFFVG 

blocks each, four models were constructed using NIR Modelling, MIR Modelling, Raw Spectra Fusion 

Modelling, and Decision Fusion Modelling. On the other hand, two models were created through each of 

Preprocessed Spectra Fusion Modelling and Feature Fusion Modelling by incorporating or not 

incorporating their sole dashed unit. It is worth clarifying that the preprocessing unit in Preprocessed 

Spectra Fusion Modelling and SFFVG unit in Feature Fusion Modelling was not skippable due to the 

essence of these strategies.  

 

 
Figure 2. The general block diagram of the six considered strategies for creating glucose estimation models. 
Note. For the preprocessing and regression blocks, the Savitzky-Golay filter and partial least square regression were used, 
respectively. SFFVG (signal fragmentation based feature vector generation) block’s internal architecture is shown in Figure 1. 
The dashed blocks indicate that both conditions with or without including the block were investigated separately. (a, b) NIR 
Modelling and MIR Modelling, two unimodal strategies where glucose concentrations were estimated from NIR or MIR signals 
alone. (c) Raw Spectra Fusion Modelling where NIR and MIR data were fused in their raw format and then used to create 
quantitative models, (d) Preprocessed Spectra Fusion Modelling where NIR and MIR signals were fused after the preprocessing 
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and then used for constructing quantitative models, (e) Feature Fusion Modelling where features generated from NIR and MIR 
signal were fused and used to create quantitative models, and (f) Decision Fusion Modelling where quantitative models created 
from NIR and MIR signals were ensembled to form a combined model. 

2.5. Model evaluation 

The developed models were evaluated considering three frequently used regression metrics for 

estimations one the evaluation set; RMSE as Eq. (1) and mean absolute percentage deviation (MAPD) as 

Eq. (2)  to reflect the error of quantifications [35], [36], and coefficient of determination (r2) as Eq. (3) as a 

statistical measure to indicate correlations between the reference and estimated values [37].  

 	𝑅𝑀𝑆𝐸 = 4(∑ (𝑦( − 𝑓()))*
(+, /𝑁 (1) 

 𝑀𝐴𝑃𝐷 = ((∑ |(𝑦( − 𝑓() 𝑦(⁄ |*
(+, ) 𝑁) × 100⁄   (2) 

 𝑟) = 1 − (𝑅𝑆𝑆 𝑇𝑆𝑆)⁄  (3) 

where, in Eqs. (1) and (2),  N, yi, and fi are respectively the size of the evaluation set, actual value, and 

estimated value; and in Eq. (3), RSS and TSS respectively represent the residual sum of squares and the total 

sum of squares. 

2.6. Model interpretation  

SHAP is a game-theoric ML explainability technique. It stimulates how an ML model produces an 

estimation for a data instance as a game between input variables. Then, using the Shapley value concept 

from game theory [25], each input variable’s contribution to generated estimation for the data instance is 

quantified as Eq. (4)  [24]. 

 

𝑆𝐻𝐴𝑃#(𝑓) = A N|𝐹| × `
𝑓
|𝐹|a

S
/,

× =𝑥c0 − 𝑥c0\2?
0:2∈0

 (4) 

where f is a given input variable; x is a given instance of data; 𝑆𝐻𝐴𝑃#(𝑓) represents the quantified 

contribution level of variable f in the generated estimation for x (SHAP value of variable f for x); F 
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represents all possible subsets of variables with f included; |𝐹| is the size of F (number of variables in F); 

𝑥c0 represents the model’s estimation for x from F; 𝑥c0\2 is the model’s estimation for x from F excluding f 

Following the evaluation analysis, SHAP was deployed to globally interpret models assimilating 

SFFVG, i.e., explaining the impact of the features generated from sub-signals in producing the estimations 

across the entire validation set. For this purpose, the mean absolute of features’ SHAP values presented in 

Eq. (4) was used.  

This analysis allows analogies to be drawn between the importance of the segregated intervals, thereby 

increasing the transparency of investigations utilising SFFVG. For conciseness, interpretation was 

undertaken only for the best model generated by each modelling strategy according to their evaluation 

results presented later in subsection 4.1. 

3. Results and discussion 

This section reports the evaluation and model interpretation results alongside the corresponding 

discussion. 

3.1. Signal fragmentation 

Based on optimisation for the number of intervals, NIR signals were divided into four equal fragments 

(100 nm wide apiece), MIR signals into six equal fragments (≈ 916 nm wide apiece), and NIR-MIR signals 

into ten equal fragments (590 nm wide apiece). The results of spectra fragmentation are summarised in 

Table 2. 

Consequently, for NIR Modelling, the fragmentation module divided signals into the four NIR intervals 

represented in the table and then the corresponding NIR features were extracted from these intervals. 

Similarly, for MIR Modelling, the signals were divided into the six MIR intervals shown in the table, and 

then the corresponding MIR features were generated. For Raw Spectra Fusion Modelling and Preprocessed 

Spectra Fusion Modelling, signals were divided into the ten NIR-MIR intervals shown in the table and then 



Publication 4. Signal fragmentation based feature vector generation in a model agnostic framework with application to glucose quantification using absorption spectroscopy 

95 

 

the associated NIR-MIR features were constructed. Finally, for Feature Fusion Modelling and Decision 

Fusion Modelling, NIR and MIR signals were separately fragmented into respectively the four NIR 

intervals and the six MIR intervals presented in the table, and then the relevant features were created. 

Table 2. Signal fragmentation process outcomes including the generated intervals their associated name and feature. 
Region Interval Interval name Generated feature 

NIR 

2100–2200 nm NIR interval 1 NIR feature 1 

2200–2300 nm NIR interval 2 NIR feature 2 

2300–2400 nm NIR interval 3 NIR feature 3 

2400–2500 nm NIR interval 4 NIR feature 4 

MIR 

2500–3416 nm MIR interval 1 MIR feature 1 

3416–4333 nm MIR interval 2 MIR feature 2 

4334–5250 nm MIR interval 3 MIR feature 3 

5250–6166 nm MIR interval 4 MIR feature 4 

6166–7084 nm MIR interval 5 MIR feature 5 

7084–8000 nm MIR interval 6 MIR feature 6 

NIR-MIR 

2100–2690 nm NIR-MIR interval 1 NIR-MIR feature 1 

2690–3280 nm NIR-MIR interval 2 NIR-MIR feature 2 

3280–3870 nm NIR-MIR interval 3 NIR-MIR feature 3 

3870–4460 nm NIR-MIR interval 4 NIR-MIR feature 4 
4460–5050 nm NIR-MIR interval 5 NIR-MIR feature 5 
5050–5640 nm NIR-MIR interval 6 NIR-MIR feature 6 
5640–6230 nm NIR-MIR interval 7 NIR-MIR feature 7 
6230–6820 nm NIR-MIR interval 8 NIR-MIR feature 8 
6820–7410 nm NIR-MIR interval 9 NIR-MIR feature 9 
7410–8000 nm NIR-MIR interval 10 NIR-MIR feature 10 

Note. NIR: near-infrared; MIR: mid-infrared; NIR-MIR: the combination of near- and mid-infrared. 

3.2. Model evaluation 

Table 3 lists the results of RMSE, MAPD and r2 for all created models. The table is compartmentalised 

with the results of the modelling strategies to facilitate intra-strategy comparisons of SFFVG-included 

models versus non-SFFVG models. 

Each improvement ratio in Table 3 compares the result of an evaluation metric achieved by an SFFVG-

included model versus the model with the same strategy and preprocessing but without SFVG 

(benchmarked model), reported in the raw above. According to the table, in all pair-wise comparisons, the 

majority of improvement ratios convey the efficacy of SFFVG-included models over non-SFFVG 

counterparts. 

The values in bold in Table 3 are the best result(s) obtained for evaluation metrics through each 

modelling strategy. Grey cells in the table highlight the model(s) with the highest number of best values for 
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the evaluation metrics amongst the models created using the same modelling strategy. These highlights 

indicate that the best model of all strategies was SFFVG-included. Explicitly, applying SFFVG without 

preprocessing granted the highest overall performance with the best MAPD and r2 values for the NIR 

Modelling, whilst applying SFFVG with preprocessing gave the lowest RMSE in this case. In MIR 

Modelling, SFFVG without preprocessing yielded the best overall results for all evaluation metrics. 

Moreover, for Raw Spectra Fusion Modelling, Preprocessed Data Fusion Modelling, and Feature Fusion 

Modelling, SFFVG joined with preprocessing conferred the best performance overall and according to each 

evaluation criterion. Finally, the best performance for Decision Fusion Modelling was achieved by SFFVG 

without preprocessing, the best RMSE and r2, whilst the best MAPD was for non-SFFVG with 

preprocessing. 

Overall, incorporating SFFVG in the six modelling strategies enhanced the accuracy of glucose 

estimation. Moreover, SFFVG maintained its effectiveness when a preprocessing step was also present in 

the modelling process. Such attainments underpin the functionality and flexibility of the proposed SFFVG 

approach. The coordinating power of stack learning could justify such fulfilments; deriving glucose 

information from fragments of a signal and then aggregating the outcomes dominated studying the whole 

signal at once. Finally, it is noteworthy that pre-partitioning procedures have recently found successful 

applications in image processing tasks, supporting the relevance of the core idea involved in this work to 

other areas where further exploration would be desirable [38,39]. 

Comparing bimodal strategies with MIR Modelling reveals that Raw Spectra Fusion Modelling, 

Preprocessed Data Fusion Modelling, and Feature Fusion Modelling produced results on par with MIR 

modelling whilst not conclusively outperforming it. Nevertheless, rather than taking advantage of 

synergistic effects, the object of including bimodal strategies in this work was to test SFFVG’s capability 

under a broader range of spectra with different data fusion strategies. 
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Table 3. Evaluation results for all generated quantitative models. 

Strategy Preprocessing SFFVG RMSE 
(mg dL-1) 

RMSE 
IR (%) MAPD (%) MAPD IR 

(%) r2 r2 IR (%) 

NIR Modelling 

No 
No 98.1 — 66.6 — 0.47 — 

Yes 91.0 +7.2  46.5 +30.1 0.58 +23.4 

Yes 
No 98.7 — 67.3 — 0.46 — 

Yes 89.7 +9.1 48.0 +28.6 0.55 +19.5 

MIR Modelling 

No 
No 36.3 — 28.0 — 0.92 — 

Yes 24.5 +32.5 24.4 +12.8 0.96 +4.3 

Yes 
No 36.2 — 27.8 — 0.92 — 
Yes 24.6 +32.0 24.7 +11.1 0.96 +4.3 

Raw Spectra Fusion 
Modelling 

No 
No 34.4 — 28.8 — 0.93 — 
Yes 32.3 +6.1 26.8 +6.9 0.94 +1.0 

Yes 
No 34.5 — 29.0 — 0.93 — 
Yes 32.1 +6.6 25.6 +11.7 0.94 +1.0 

Preprocessed Spectra 
Fusion Modelling 

Yes 
No 34.2 — 28.7 — 0.93 — 
Yes 32.2 +5.8 25.7 +10.4 0.94 +1.0 

Feature Fusion 
Modelling 

No Yes 27.7 — 25.1 — 0.95 — 

Yes Yes 26.6 +3.9 24.1 +3.9 0.96 +1.0 

Decision Fusion 
Modelling 

No 
No 60.1 — 35.2 — 0.80 — 

Yes 47.0 +21.7 37.0 -5.1 0.87 +8.7 

Yes 
No 60.0 — 35.0 — 0.81 — 

Yes 49.6 +17.3 38.3 -8.6 0.86 +5.8 

Note. SFFVG: signal fragmentation based feature vector generation; RMSE: root mean square error; IR: improvement ratio (comparing the results of an SFFVG-
included model versus the benchmarked non-SFFVG model reported in the raw above.); MAPD: mean absolute percentage deviation; r2: coefficient of 
determination; NIR: near-infrared; MIR: mid-infrared. The values in bold font indicate the best result for each evaluation metric in each strategy. The grey cells 
indicate the model(s) with the highest number of best-obtained evaluation metrics amongst models developed using the same modelling strategy. 

3.3. Model interpretation 

Figure 3 represents the variable importance graphs for the best model of each strategy (marked with 

grey cells in Table 3). The length of each bar in the graphs expresses the importance rate of the 

corresponding feature according to mean absolute SHAP values over the entire validation set. 

As presented in Figure 3a, NIR feature 4 (associated with interval 2400–2500 nm) was the most 

informative variable for the best model from NIR Modelling. NIR features 1, 3, and 2 (intervals 2100–2200 

nm, 2300–2400 nm, and 2200–2300 nm, respectively) in order placed in ranks 2 to 4. 

According to Figure 3b, MIR feature 1 (interval 2500–3416 nm)  had the dominant influence on the 

best model of MIR Modelling with a mean absolute SHAP value remarkably superior to others. In contrast, 

MIR feature 2 (interval 3416–4333 nm)   carried the most inferior influence with a mean absolute SHAP 

value considerably lower than others. In comparison, MIR features 3, 4, 5, and 6 (intervals 4333–5250 nm, 

5250–6166 nm, 6166–7084 nm, and 7084–8000 nm, respectively) induced comparable and medium 

impacts on the model. 
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For the best model of Raw Spectra Fusion Modelling (Figure 3c) and Preprocessed Spectra Fusion 

Modelling (Figure 3d), NIR-MIR feature 1 (interval 2100–2690 nm) supplied the maximum impact on the 

model with a mean absolute SHAP value appreciably higher than others. NIR-MIR features 2 and 8 

(intervals 2690–3280 nm and 6230–6820 nm, respectively) placed the second and third rank. Other features 

had relatively subordinate effects. 

Based on Figure 3e, for the best model of Feature Fusion Modelling, the impact of MIR feature 1  

(interval 2500–3416 nm)  outweighed that of other MIR and NIR features with a  mean absolute SHAP 

value markedly higher than others. MIR feature 3 (interval 4333–5250 nm) and NIR feature 4 (interval 

2400–2500 nm) placed in the second and third rank. The other three NIR features (1, 2, and 3) had the 

weakest impact on the model. 

Figure 3f displays the variable importance plot for the best model of Decision Fusion Modelling. In 

this case, since decisions of NIR and MIR models were combined at the final stage, the effect of NIR and 

MIR decisions on the final estimations were compared. The results illustrate that the influence of MIR 

decisions on the models’ outcomes surpassed NIR decisions. 

According to the interpretation analysis, potential associations between the most informative intervals 

detected and the nearest glucose-informative bands according to the ordinary glucose signature in NIR and 

MIR regions could be inferred [40]. For instance, information possessed by the most influential features in 

different regions was potentially connected to the following vibrations in glucose molecule bonds: a 

combination of vibrations in CH and CH2 bonds for NIR feature 4, stretching vibrations in OH and CH 

bonds for MIR feature 1, a combination of vibrations in OH, CH, and CH2 bonds for NIR-MIR feature 1. 
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Figure 3. Feature importance plots which indicate the influence of variables upon collective absolute (SHapley Additive 
exPlanations) SHAP values for the best model from each modelling strategy (a) NIR modelling, (b) MIR modelling, (c) raw spectra 
fusion modelling, (d) preprocessed spectra fusion modelling, (e) feature fusion modelling, and (f) decision fusion modelling. 
Note. 𝑓!": feature generated from the ith fragment of s signals. 𝑑!: decision from s signals. 

3.4. Complementary analysis 

3.4.1. Comparative analysis 

Interval partial least squares (iPLS) is a well-known variable selection technique in spectroscopy data 

analysis [40]. The technique starts with breaking signals into several intervals. Then, some of these intervals 
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are selected for subsequent modelling analysis, where the selected intervals are stacked and inputted into a 

prediction model. 

We conducted a basic comparative analysis between iPLS and the proposed SFFVG method. To this 

end, using the same block diagram shown in Figure 2, for each model with SFFVG, a comparator model 

with iPLS was constructed. The building blocks of each comparator model were similar to its reference 

model, except the SFFVG unit was replaced with an iPLS unit. For the sake of fair comparisons, the units 

of each comparator model underwent the same optimisation process performed for its reference model’s 

units. As a result of identical fragmentation optimisation, the same intervals represented in Table 2 were 

utilised for comparator models with iPLS. 

In iPLS analysis, first, an autonomous glucose quantification model was created for each interval. The 

interval providing the lowest RMSE of five-fold cross-validation on the calibration set was selected. Then, 

the selected interval combined with the remaining intervals, one at a time, were used to build quantitative 

models. The combination of intervals that produced the model with the lowest RMSE of five-fold cross-

validation on the calibration set was selected. This successive interval selection cycle was repeated until 

adding a new interval could not lower the RMSE of five-fold cross-validation on the calibration set. 

Table 4 presents the results of the comparative analysis of SFFVG and the iPLS. Values in bold and 

grey cells indicate the same information as explained in subsection 3.2 for Table 3. According to the grey 

cells in the table, four of the models with the dominant number of best-obtained evaluation metrics (amongst 

the models generated using each modelling strategy) were with SFFVG. These outcomes further support 

the capability of SFFVG.  
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Table 4. Evaluation results for the comparision analysis between SFFVG and iPLS. 
Strategy Preprocessing Feature enineeing RMSE (mg dL-1) MAPD (%) r2 

NIR Modelling 

No 
SFFVG 91.0 46.5 0.58 

iPLS 99.9 69.7 0.45 

Yes 
SFFVG 89.7 48.0 0.55 

iPLS 99.9 71.3 0.44 

MIR Modelling 

No 
SFFVG 24.5 24.4 0.96 

iPLS 29.3 18.5 0.95 

Yes 
SFFVG 24.6 24.7 0.96 

iPLS 28.7 18.4 0.96 

Raw Spectra Fusion 
Modelling 

No 
SFFVG 32.3 26.8 0.94 

iPLS 33.7 19.2 0.93 

Yes 
SFFVG 32.1 25.6 0.94 

iPLS 31.8 17.7 0.94 

Preprocessed Spectra 
Fusion Modelling 

Yes 
SFFVG 32.2 25.7 0.94 

iPLS 31.8 17.7 0.94 

Feature Fusion 
Modelling 

No 
SFFVG 27.7 25.1 0.95 

iPLS 29.5 16.8 0.95 

Yes 
SFFVG 26.6 24.1 0.96 

iPLS 29.1 16.1 0.95 

Decision Fusion 
Modelling 

No 
SFFVG 47.0 37.0 0.87 

iPLS 49.6 38.4 0.86 

Yes 
SFFVG 49.6 38.3 0.86 

iPLS 49.5 38.5 0.86 

Note. iPLS: interval partial least squares; SFFVG: signal fragmentation based feature vector generation; RMSE: root mean square error; IR: improvement ratio 
(comparing the results of an SFFVG-included model versus the benchmarked non-SFFVG model reported in the raw above.); MAPD: mean absolute 
percentage deviation; r2: coefficient of determination; NIR: near-infrared; MIR: mid-infrared. The values in bold font indicate the best result for each evaluation 
metric in each strategy. The grey cells indicate the model(s) with the highest number of best-obtained evaluation metrics amongst models developed using the 
same modelling strategy. 

3.4.2. Reevaluation analysis 

To further examine the functionality of SFFVG, after reshuffling the data and performing another 80-

20 calibration and validation split, we reconducted the model generation and evaluation analysis. The 

results of this extra analysis are summarised in Table 5. Values in bold and grey cells in the table denote 

the same information as explained in subsection 3.2 for Table 3. Overall, according to Table 5, intra-strategy 

analogies reaffirmed the principal outcomes reported in subsection 3.2. Explicitly, again, models with 

SFFVG outperformed their counterparts without SFFVG in most scenarios. Also, in all strategies, the 

model(s) with the highest number of best-obtained evaluation metrics included SFFVG.  
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Table 5. Results of reevaluation analysis for all investigated scenarios. 
Strategy Preprocessing SFFVG RMSE (mg dL-1) MAPD (%) r2 

NIR Modelling 

No 
No 101.4 83.3 0.48 

Yes 97.4 53.7 0.52 

Yes 
No 103.4 77.6 0.46 

Yes 95.4 52.6 0.54 

MIR Modelling 

No 
No 37.4 31.7 0.93 

Yes 35.6 21.3 0.94 

Yes 
No 37.3 30.9 0.93 

Yes 35.0 21.4 0.94 

Raw Spectra Fusion 
Modelling 

No 
No 33.0 25.0 0.94 
Yes 32.8 17.3 0.95 

Yes 
No 33.1 22.1 0.94 
Yes 31.1 17.4 0.95 

Preprocessed Spectra 
Fusion Modelling 

Yes 
No 32.8 22.0 0.94 
Yes 31.0 17.3 0.95 

Feature Fusion 
Modelling 

No 
Yes 36.7 36.9 0.94 
Yes 37.1 35.7 0.93 

Decision Fusion 
Modelling 

No 
No 57.6 49.3 0.83 

Yes 54.2 30.3 0.85 

Yes 
No 101.4 83.3 0.48 

Yes 97.4 53.7 0.52 

Note. SFFVG: signal fragmentation based feature vector generation; RMSE: root mean square error; IR: improvement ratio (comparing the results of an 
SFFVG-included model versus the benchmarked non-SFFVG model reported in the raw above.); MAPD: mean absolute percentage deviation; r2: coefficient of 
determination; NIR: near-infrared; MIR: mid-infrared. The values in bold font indicate the best result for each evaluation metric in each strategy. The grey cells 
indicate the model(s) with the highest number of best-obtained evaluation metrics amongst models developed using the same modelling strategy. 

4. Summary and conclusion 

Feature vector generation based on signal partitioning and framed with model interpretation analysis 

enhanced in vitro glucose quantification from absorption spectroscopy. First, a given spectrum was sliced 

into fragments. A base-regressor then analysed these fragments individually, forming preliminary glucose 

concentration estimations. These estimations were then stacked, generating a feature vector for the original 

spectrum. Later, leveraging the concept of stack learning, a meta-regressor investigates this feature vector 

to produce a final estimation of the reference glucose concentration. The versatility of the proposed method 

was tested under an array of modelling strategies. Moreover, the compatibility of the proposed method with 

a standard preprocessing technique was investigated. Overall, the results obtained accentuated the efficacy 

of the proposed method in improving glucose quantifications for all modelling strategies. The method 

maintained its functionality when a preprocessing step was also incorporated into the modelling process. 

Finally, SHAP was employed to interpret the outcomes of the quantitative analysis. Such interpretation 

encourages the adoption of the proposed method by extending the transparency of the analysis. For future 

work, applying the proposed methodology with ununiformed spectra fragmentation is recommended. 
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Code availability 

We coded in Python (3.6.7); the packages Pandas, NumPy and Sklearn were used for the analysis. The 

source code of implementations is publicly available in this repository. 
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Publication 5. 

COVID-19 mortality risk assessments for individuals with 

and without diabetes mellitus: machine learning models 

integrated with interpretation framework5 

Abstract. This research develops machine learning models equipped with interpretation modules for 

mortality risk prediction and stratification in cohorts of hospitalised coronavirus disease-2019 (COVID-19) 

patients with and without diabetes mellitus (DM). To this end, routinely collected clinical data from 156 

COVID-19 patients with DM and 349 COVID-19 patients without DM were scrutinised. First, a random 

forest classifier forecasted in-hospital COVID-19 fatality utilising admission data for each cohort. For the 

DM cohort, the model predicted mortality risk with an accuracy of 82%, area under the curve (AUC) of 

80%, sensitivity of 80%, and specificity of 56%. For the non-DM cohort, the achieved accuracy, AUC, 

sensitivity, and specificity were 80%, 84%, 91%, and 56%, respectively. The models were then interpreted 

using SHapley Additive exPlanations (SHAP), which explained the predictors’ global and local influences 

on model outputs. Finally, the k-means algorithm was applied to cluster patients on their SHAP values. The 

algorithm demarcated patients into three clusters. Average mortality rates within the generated clusters 

were 8%, 20%, and 76% for the DM cohort, 2.7%, 28%, and 41.9% for the non-DM cohort, providing a 

functional method of risk stratification. 

Keywords. Machine Learning; COVID-19;  Diabetes Mellitus; Risk Assessment; Model Interpretation 

 

5 This article was published in Computers in Biology and Medicine 144 (2022). Authors: H. Khadem, H. Nemat, 

M.R. Eissa, J. Elliott, M. Benaissa. 
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1. Introduction 

Diabetes mellitus (DM) was identified as a risk factor for coronavirus disease-2019 (COVID-19) 

shortly after the spread of the new disease [1]–[3]. Later, it was argued that DM comorbidity was a leading 

cause of death in people hospitalised for COVID-19 [4]. 

These realisations spurred efforts towards assessing COVID-19 mortality risk in people with DM. For 

example, Sourij et al. investigated the predictors of in-hospital COVID-19 mortality in patients with DM, 

followed by the development of a risk score for predicting fatal outcomes [5]. Furthermore, in another 

study, Ciardullo et al. reported that DM was independently associated with increased in-hospital COVID-

19 mortality using multivariable logistic regression to evaluate the effect of DM on COVID-19 mortality 

[6]. 

Due to these efforts, the COVID-19 susceptibility of DM patients and the need for more intensive 

surveillance in hospitalised COVID-19 patients with DM have been well documented. However, additional 

research is underway to determine the cause of this vulnerability, which has remained a global healthcare 

challenge [7]. 

One strategy for elucidating the increased vulnerability of COVID-19 patients with DM is to conduct 

observational studies on defined populations of COVID-19 patients with and without DM [8]. Such studies 

aim to identify distinctive characteristics of COVID-19 patients with DM, thereby advancing our 

understanding of their increased vulnerability. In this respect, several comparative risk assessment studies 

in COVID-19 patients with and without DM have been conducted [8]–[10]. These studies effectively 

distinguished risk predictions and risk factors for COVID-19 patients with and without DM, primarily 

through standard statistical analysis. 

Machine learning (ML), as a complementary data analysis tool, possesses significant power in 

discriminating outcomes due to the capability to discover complex correlated interactions [11]. ML 

algorithms have demonstrated efficacy in COVID-19 risk assessment research [12]–[14]. For instance, Gao 

et al. developed an ensemble model to efficiently forecast deterioration and death for COVID-19 patients 
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up to 20 days ahead of time [15]. This evidence supports further exploration of advanced ML techniques in 

observational studies of COVID-19 patients with and without DM. 

A concern with ML methods in healthcare applications is the black-box nature of these methods, in 

which the process of generating a specific outcome is unclear [16]. In this context, incorporating 

interpretation frameworks could further promote the adoption of an ML method designed to combat 

COVID-19. These frameworks increase analysis transparency and provide results beyond the domain of 

classical data analysis approaches, e.g., individualised explanations versus generic descriptions [17]. 

The use of SHapley Additive exPlanations (SHAP) is an elaborate approach to increasing the 

transparency of ML models. SHAP is a game-theoretic model agnostic technique that can interpret ML 

models’ outputs by integrating optimal credit allocation with local explanations using the classical Shapley 

values from cooperative game theory [18]. The resulting SHAP values denote the deviation from the 

average prediction when conditioning on a particular feature, elucidating the influence of individual 

attributes on the model’s outputs [18]. 

SHAP analysis transforms and scales the features. This conversion enables the formation of meaningful 

clusters based on explainable similarities. SHAP clustering, as an extension of the original SHAP analysis,  

partitions data points into groups based on their SHAP values [19]. 

ML models equipped with SHAP have been considered in previous risk assessment research on DM 

patients [20] as well as COVID-19 patients [21]–[23]. Specifically, after shortlisting eight out of 100 

collated variables, Pan et al. developed SHAP-incorporated ML models for prognosis assessment of 

COVID-19 patients hospitalised in intensive care units [23]. 

In this research, first, a model was created for each cohort utilising the random forest (RF) classifier to 

predict COVID-19 outcomes (death or survival) from admission characteristics. Following that, the outputs 

of the models were explained globally and locally using SHAP. The most predictive features for each cohort 

were then identified and rated based on the interpretation results. Finally, patients were clustered according 

to their SHAP values to form a risk stratification. The main contributions of the work encompass: 
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• Developing  ML models for in-hospital mortality risk assessment of DM and non-DM COVID-19 

patients; 

• Incorporating an interpretation module into the developed models, explaining significant 

distinctions between the two cohorts; 

• Examining the capability of SHAP clustering for risk stratification of COVID-19 patients with and 

without DM. 

2. Material and methods 

Advanced machine learning techniques were employed for mortality risk prediction and stratification 

of hospitalised COVID-19 patients with and without DM. After cleaning and preprocessing the data, 

predictive features were determined for each cohort. Then, an RF classifier was assigned to predict 

admission outcomes for each cohort using the selected features. In the next step, SHAP explained 

classifiers’ outputs at a global and local level. Finally, a k-means algorithm studied generated SHAP values, 

resulting in the formation of clusters useful in risk assessment practice. For the analysis, we coded in Python 

(3.6.7); Pandas, NumPy and Sklearn, and shap 0.39.0 packages were also used. The dataset used and the 

details of how the methodologies were implemented are described in this section. The work was approved 

by the East-Midlands-Leicester South Research Ethics Committee (20/EM/0145). 

2.1. Clinical data 

This research developed and evaluated models for mortality risk assessment using demographic, 

clinical, and laboratory data from 505 participants with confirmed COVID-19. Of the 505 participants, 156 

had DM (type 1: 13, type 2: 143). The patients were admitted at Sheffield Teaching Hospitals, Sheffield, 

UK, between 29 February 2020 and 01 May 2020, coinciding with the first COVID-19 wave in the UK. A 

comprehensive description of the dataset alongside a detailed explanation of the data collection process can 

be found in [9]. In line with previous COVID-19 research on individuals with DM [9], in this study, patients 
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with type 1 and type 2 DM were combined in one cohort (DM cohort) and those without diabetes in another 

cohort (non-DM cohort). Table 1 summarises admission outcomes for DM and non-DM cohorts. 

As this work assessed COVID-19 mortality, 15 individuals, who died due to causes other than COVID-

19, were excluded from the remainder of the analysis. Based on the table, the COVID-19 death ratio was 

higher for the DM cohort (51/156) than in the non-DM cohort (77/349), correlating with existing evidence 

that people with DM are at an increased risk of COVID-19-related mortality [4]. 

Table 1. Summary of admission outcomes for DM (diabetes mellitus) and non-DM cohorts. 
Outcome of admission DM cohort Non-DM cohort 

COVID-19 mortality 51 77 

Non-COVID-19 mortality 3 12 

Survival from COVID-19 102 260 

 

Tables 2 and 3 summarise the attributes collected at the point of hospital admission for both DM and 

non-DM cohorts. A comprehensive statistical analysis of the data presented in the table can be found in 

Ref. [9]. The current study leverages ML techniques to determine in-hospital COVID-19 mortality risk. 

The two categorical variables NLRL (neutrophils-lymphocytes ratio labelled) and APTTL (activated 

partial thromboplastin time labelled), shown in Table 3, were created and added to the feature set by binning 

corresponding numerical variables. A previous study confirmed the association between these two 

characteristics and in-hospital COVID-19 mortality in DM patients [9]. For generating the NLRL feature, 

NLR values less than eight were labelled as ‘low’, while those greater than eight were labelled as ‘high’. 

Similarly, for APTTL, APTT values less than 24s were classified as ‘low’, while those greater than 24s were 

classified as ‘high’.  
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Table 2. Numerical baseline clinical characteristics of DM (diabetes mellitus) and non-DM cohorts before hospitalisation for 
COVID-19. 

Feature 
Mean standard deviation 

DM Non-DM 

Frailty score A 5.2±1.8 4.2±2.3 

Age (yrs) 71.8 ± 14.9 68.6 ± 18.1 

BMI (kg/m2) 29.2 ± 8.5 26.9 ± 7.1 

Hb (g/l) 122.1±20.9 130.1±21.5 

WCC (g/l) 9.2±5.1 8.1±4.5 

Neutrophils (109/l) 7.1±4.6 6.2±4.1 

Lymphocytes (109/l) 1.3±1.9 1.2±1.0 

Monocytes (109/l) 0.7±0.4 0.6±0.4 

Platelets (1/ml) 240.1±106.6 224.8±85.0 

Na (mmol/l) 135.2±3.9 136.8±4.6 

K (mmol/l) 3.8±1.9 3.7±1.5 

Urea (mmol/l) 11.6±7.4 8.2±5.9 

Creatinine (µmol/l) 188.4±206.7 114.5±114.5 

eGFR(1.73ml.m2/min) 43.2±23.6 27.3±22.7 

Bilirubin (µmol/l) 9.7±5.9 12.5±15.9 

ALT (u/l) 27.1±27.9 39.5±121.6 

Total protein (g/l) 68.3±6.4 68.1±7.3 

ALPO4 (g/l) 101.8±62.8 97.7±111.5 

Albumin (g/l) 36.8±4.6 38.7±5.1 

CRP (mg/dl) 100.3±99.6 82.2±89.2 

Procalcitonin (µg/l) 0.7±1.8 1.4±7.7 

Ferritin (µg/l) 863.7±1620 834.6±1080 

PT(s) 13.5±7.7 11.9±2.3 

Fibrinogen (g/l) 5.7±1.2 5.2±1.4 

D-dimer (µg/l) 3281±6029 4160±8135 

APTT (S) 29.5±14.5 25.9±4.7 

F: Frailty measured by Rockwood score; mild (1-3), moderate (4-6), and 
severe (7-9). 
Note. BMI body mass index; Hb haemoglobin; WCC white cell count; 
Na sodium; K potassium; eGFR estimated glomerular filtration rate; 
ALT alanine transaminase; ALPO4 alkaline phosphates; CRP c-reactive 
protein; PT prothrombin time; APTT activated partial thromboplastin 
time. 
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Table 3. Categorical baseline clinical characteristics of DM (diabetes mellitus) and non-DM cohorts before hospitalisation for 
COVID-19. 

Feature Category 
Frequency A 

DM Non-DM  

Sex 
Male 61 57 

Female 39 43 

Ethnicity B 
White 81 88 

Other 19 12 

Smoking status C 
Non-smoker 45 43 

(ex-)smoker 55 57 

IHD 
Yes 33 17 

No 67 83 

Stroke/TIA 
Yes 25 15 

No 75 85 

Haemodialysis 
Yes 12 2 
No 88 98 

Asthma 
Yes 10 11 
No 90 89 

COPD 
Yes 15 15 
No 85 85 

Hypertension 
Yes 62 60 
No 38 40 

HF 
Yes 28 12 

No 72 88 

CLD 
Yes 1 1 

No 99 99 

Malignant 
neoplasm 

Yes 14 22 

No 86 78 

Dementia 
Yes 16 15 

No 84 85 

PBC 
Yes 14 14 

No 86 86 

NLRL D 
High 36 30 

Low 64 70 

APTTL E 
High 25 35 

Low 75 65 

A: percentage population within the category. B: For simplicity, 
ethnicities other than the dominant white category were united as 
‘other’. C: Smoker and ex-smoker status were unified as ‘(ex-)smoker’. 
D: ‘low’ for NLR<8, ‘high’ for NLR > 8. E: ‘low’ for APTT < 24s, 
‘high’ for APTT > 24s. 
Note. IHD ischemic heart disease; TIA transient ischemic attack; 
COPD chronic obstructive pulmonary disease; HF heart failure; CLD 
chronic liver disease; PBC positive blood culture; NLRL neutrophils-
lymphocytes ratio labelled; APTTL activated partial thromboplastin 
time labelled. 

2.2. Data cleaning 

A data cleaning process was considered to exclude entries with a high missingness rate. A 50% 

inclusion criterion was determined, and thus individuals with a missingness rate of more than 50% in their 

features and features missing in more than 50% of individuals were excluded from the analysis. As a result, 

13 patients, four with and nine without DM, and two features, ferritin and D-dimer, did not meet the 

inclusion criteria. Thus, considering the 15 individuals who died from non-COVID-19 causes, a total of 28 
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individuals were excluded. As a result, 40 features from 477 participants, 149 with and 328 without DM, 

were used in the subsequent analysis. 

2.3. Train test split 

After cleaning the dataset, a stratified random sampling approach was employed to perform a 70-30 

train test split, considering the unbalanced distribution of classes. For each cohort, 70% of death cases plus 

70% of survival cases were selected at random and allocated as the training set, and the remaining 30% of 

death and survival cases were allocated as the testing set. Table 4 summarises the train test split results for 

the DM and non-DM cohorts. All model training and hyperparameter tuning operations were carried out 

on training sets only, with testing sets remaining unseen for evaluation and model interpretation analysis. 

Table 4. Summary characteristics of the training set and testing set of DM (diabetes mellitus) and non-DM cohorts. 
  DM cohort Non-DM cohort 

Training set 

Dead 36 54 

Survived 68 175 

Total 104 229 

Testing set 

Dead 15 23 

Survived 30 76 

Total 45 99 

2.4. Data preprocessing 

2.4.1. Outliers treatment 

The first preprocessing step considered was dealing with outliers to prevent models from being 

significantly influenced by extreme values of numerical features. Therefore, the winsorisation technique 

was employed to limit extreme values of numerical features to the lower and upper boundaries of the 5th 

and 95th percentiles of the training set, respectively. 

2.4.2. Feature values transformation 

The following preprocessing step was converting feature values to a format suitable for analysis by ML 

algorithms. Hence, numerical features were standardised by subtracting the average of the training set from 

each feature value and then scaling to unit variance by dividing the result by the standard deviation of the 



Publication 5. COVID-19 mortality risk assessments for individuals with and without diabetes mellitus: machine learning models integrated with interpretation framework 

115 

 

training set. Additionally, categorical variables were transformed into numeric values using the one-hot-

encoding technique. One dummy variable was obtained from two categories by dropping the first level. 

This curtailment may help avert the dummy variable trap by avoiding an unnecessary increase in the feature 

set size. 

2.4.3. Missing values imputation 

After converting feature values, missing values were replaced with predictions from k-nearest 

neighbour imputation, an algorithm compatible with both continuous and categorical features [24] as 

presented in the data used in this work. With five as the number of neighbours, for a given data point, the 

algorithm found the five most similar data points in the training set using non-missing values, and each 

missing value was filled with the average values of the five considered neighbours. 

2.4.4. Oversampling 

The final stage of preprocessing addressed two imbalance issues in the dataset. One imbalance 

condition was that, as shown in Table 4, in the training set of both cohorts, the number of survivors (68 for 

the DM cohort and 175 for the non-DM cohort) was considerably higher than the number of deaths (36 for 

the DM cohort and 54 for the non-DM cohort). This inequality may cause biased model learning towards 

the dominant class [25]. The other imbalance condition was that the training set of the non-DM cohort, at 

229 entries, was considerably larger than that of the DM cohort, at 104 entries. This difference may result 

in models with performance commensurate with the size of training sets, making model comparisons less 

conclusive. Thus, the oversampling technique was deployed to address the concerns regarding imbalanced 

data. The oversampling increased the number of deaths and survivors in both training sets to 175, the 

maximum number of deaths and survivors in the original training sets (Table 4). Oversampling was 

performed using the SMOTE-NC algorithm, a well-suited technique for datasets with continuous and 

categorical features [26], such as the one used in this study. The testing sets were not oversampled; thereby, 

evaluation and interpretation analyses were conducted only on actual data. 
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2.5. Feature selection 

A preliminary step in developing models for mortality risk assessment was to perform a feature 

selection on each cohort to reduce the input data size. Otherwise, the relatively large feature set size may 

cause the dimensionality curse during the model training process. For feature selection, we considered a 

voting system that could potentially provide further robustness compared to non-voting systems. To 

accomplish this, we wrapped the recursive feature elimination (RFE) technique around three different 

classifiers to create three voter systems. The three classifiers used in each voter system were logistic 

regression, gradient boosting, and AdaBoost. These algorithms have demonstrated broad capability and 

have been applied in COVID-19 research [27], [28]. 

In each voter system, features were ranked using the feature coefficient metric for logistic regression 

and feature importance metric for gradient boosting and the AdaBoost model, and RFE eliminated the 

variable that had the least contribution to predictions on the training set. This feature reduction cycle was 

repeated until RFE dropped half of the variables (commonly used configuration of the RFE function) in 

each voter system and shortlisted 20 out of the 40 features. The features shortlisted by at least two voters 

were finally considered for mortality risk assessments. 

To fine-tune the hyperparameters of the three classifiers, we used the random search approach. A search 

space for possible hyperparameter values was defined. Then, after experimenting with 20 different 

randomly selected combinations of values within the search space, the one that provided the highest five-

fold cross-validation accuracy on the training set was chosen. The details of the search spaces considered 

and the results of hyperparameter tunning are available in Appendix, Table A1. 

2.6. Mortality risk assessment 

Mortality risk assessments in this work consisted of three main parts; developing a mortality risk 

prediction model for each cohort, equipping the developed mortality risk prediction models with a model 
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agnostic framework, and developing a mortality risk stratification model for each cohort based on model 

interpretation outcomes. 

2.6.1. Mortality risk prediction 

After selecting predictive features for each cohort, a model was created to predict in-hospital COVID-

19 mortality. An RF classifier was used to predict admission outcomes from selected features. This 

classification technique has been demonstrated to be effective in different fields, including COVID-19 risk 

assessment [29]. Hyperparameter tuning was performed with a similar approach explained in subsection 

2.5 (for classifiers in the voting feature selection systems). The results are presented in Appendix, Table 

A1. 

2.6.2. Model interpretation 

Following the development of mortality risk prediction models, an extensive SHAP analysis was 

performed. Models’ predictions on unseen testing data were initially interpreted globally, i.e., by explaining 

the aggregate effects of selected features on forming predictions across the entire training set. Afterwards, 

a local interpretation analysis was conducted on a subset of selected individuals, elaborating on the 

contribution of predictors in forming a specific prediction for each individual. This investigation increases 

the transparency of the analysis and enables localisation and comparison of the predictors’ effects on 

forecasts for each instance. 

2.6.3. Mortality risk stratification 

Model interpretation analysis was followed by risk stratification investigations. To this end, first, each 

patient was represented with a vector containing SHAP values corresponding to the selected features. Then, 

the k-means algorithm was employed to divide patients of the test data into clusters based on their SHAP 

value vectors, a demarcation with potential utility in risk stratification practice. The k-means algorithm has 

been used in previous COVID-19 research [30], [31]. The algorithm partitions samples into groups of equal 

variance by minimising the inertia criterion. For selecting the number of clusters, values of 1 to 9 were 
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examined, and the one delivering the elbow point based on the inertia criterion across the entire training set 

was decided [32]. 

3. Results 

This section presents results related to mortality risk prediction and stratification analysis. 

3.1. Feature selection 

From feature selection analysis, the predictors selected for the DM cohort were frailty score, age, Hb 

(haemoglobin), platelets, Na (sodium), creatinine, eGFR (estimated glomerular filtration rate), ALPO4 

(alkaline phosphates), CRP (c-reactive protein), fibrinogen, sex, PT (prothrombin time), WCC (white cell 

count), neutrophils, lymphocytes, monocytes, ALT (alanine transaminase), smoking status, asthma, HF 

(heart failure), NLRL, APTTL. On the other hand, the predictors selected for the non-DM cohort consisted 

of frailty score, age, Hb, platelets, Na, creatinine, eGFR, ALPO4, CRP, fibrinogen, sex, PT, BMI (body 

mass index), monocytes, K (potassium), bilirubin, total protein, albumin, procalcitonin, PBC (positive 

blood culture). 

3.2. Mortality risk prediction 

The developed RF classifiers to predict COVID-19 mortality were evaluated by measuring the 

prediction performance on the unseen testing sets. Four metrics were considered for evaluation analysis; 

accuracy, area under the curve (AUC), sensitivity, and specificity. These metrics have been broadly used 

in classification tasks. Also, these metrics have evidence supporting their applications in healthcare research 

[33], [34]. Table 5summarises evaluation results for mortality risk prediction models. As shown in the table, 

both models resulted in values of at least 80% for three of the four evaluation metrics (accuracy, AUC, and 

sensitivity).  
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Table 5. The evaluation result of the mortality prediction models for DM (diabetes mellitus) and non-DM cohort. 
Evaluation metric DM model Non-DM model 

Accuracy (%) 82 80 

AUC (%) 80 84 

Sensitivity (%) 80 91 

Specificity (%) 55 56 

Note. AUC area under the receiver operating characteristics curve 

3.3. Global interpretation 

The variable importance plots in Figure 1 list the most significant features for each model in descending 

order, according to their collective SHAP values. The length of each bar indicates the mean of absolute 

SHAP values for the relevant feature(s) across the entire testing set. For legibility and brevity, considering 

a maximum display of 10,  the first nine most influential predictors alongside the aggregated impact of 

remaining predictors are displayed. 

Based on the plots,  frailty score, age, and CRP (c-reactive protein) were among the nine most 

predictive variables for both models. NLRL was the most predictive variable for the DM model, and frailty 

score and Na ranked second and third, respectively. On the other hand, albumin, age, and eGFR (estimated 

glomerular filtration rate) were the first three most predictive variables for the non-DM model. 

The Frailty score was the second most important variable for the DM model and the fourth for the non-

DM model. Therefore, this measure of underlying health status was more influential for the DM model than 

the non-DM model. Additionally, albumin was a critical variable for the non-DM cohort while not a 

predictive factor for the DM cohort. Further research may elicit this inconsistency also observed in previous 

work [9]. 
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Figure 1. Feature importance plots for (A) DM (diabetes mellitus) cohort (B) non-DM cohort. The plots indicate a rank order for 
variables upon collective absolute SHAP values of the testing set. Note. NLRL neutrophils-lymphocytes ratio labelled; Na sodium; 
WCC white cell count; APTTL activated partial thromboplastin time labelled; CRP c-reactive protein; eGFR estimated glomerular 
filtration rate; K potassium; ALPO4 alkaline phosphates. 

 

Figure 2 provides SHAP value plots as an alternative global interpretation schematic for mortality 

prediction models. These bee swarm plots express predictors’ positive/negative associations with the target 

variable, in addition to their importance rank. Each point on the graphs corresponds to a sample from the 

testing set. The position on the x-axis indicates whether a particular feature value is associated with a higher 

or lower mortality prediction. The colours represent the relative values of variables. For numerical features, 

blue and red denote low and high values, respectively, while for encoded categorical features, these colours 

indicate 0 and 1, respectively. With similar explanations given for Figure 2, with a maximum display of 10, 

the first nine most influential predictors individually along with the remaining features together are shown. 

The DM model’s nine distinct features were all positively associated with mortality risk prediction, i.e., 

higher feature values were associated with positive SHAP values, while lower feature values were 

associated with negative SHAP values. On the other hand, for the non-DM model, age, frailty score, and 

CRP were positively associated with mortality risk prediction, whereas albumin, eGFR, and K were 

negatively associated with mortality risk prediction. 
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Figure 2. SHAP values plots of the testing set for (A) DM (diabetes mellitus) cohort (B) non-DM cohort. Each point signifies a 
patient in the testing set. The horizontal locations reflect the effect of features on the model’s outputs for a particular individual. 
Colours indicate whether the variable is high (red) or low (blue) for a particular observation;  for encoded categorical variables, 
blue and red denote 0 and 1, respectively. Note. NLRL neutrophils-lymphocytes ratio labelled; Na sodium; WCC white cell count; 
APTTL activated partial thromboplastin time labelled; CRP c-reactive protein; eGFR estimated glomerular filtration rate; K 
potassium; ALPO4 alkaline phosphates 

3.4. Local interpretation 

After presenting the results of the global interpretation analysis, this subsection presents examples of 

the outcomes of the local interpretation analysis. To this end, the results concerning a random death and 

survival case from each cohort are selected to present. 

The waterfall plots in Figure 3 display the local interpretation results for a randomly selected individual 

with a death outcome example in each cohort. These plots show features’ contributions to generating a 

specific prediction for a given instance. The size and direction of each arrow indicate the effect of a 

particular feature to shift the output from a base prediction (average prediction on the training set) towards 

a final prediction [18]. According to the figure, the mortality prediction models predicted a probability of 

death greater than 50% for both cases (DM: 50.2%, non-DM: 62.5%) and thus classified them in the death 

category. 

Based on Figure 3A, NLRL was the most adverse feature for the DM instance, with frailty score, age, 

and PT being second to fourth, respectively. In contrast, in terms of protective impact, variable Na was 

ranked first, smoking status second, fibrinogen third, neutrophils fourth, and WCC (white cell count) fifth. 
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In comparison, the leading five predictors of death in the non-DM case were age, low albumin, creatine, 

eGFR, and frailty score, whereas CRP, procalcitonin, bilirubin, and K were the main features decreasing 

the prediction of death in this case. 

  

Figure 3. Local interpretation waterfall plots for an individual who died due to COVID-19 in the testing set of (A) DM (diabetes 
mellitus) cohort (B) non-DM cohort. The bottom of the plots starts at a base expectation under training data (E[f(x)]). Then, each 
row shows the contribution of its relevant feature to increase (red) or decrease (blue) the expectation value. The final model 
prediction value is indicated by f(x) in the end. Note. NLRL neutrophils-lymphocytes ratio labelled; Na sodium; WCC white cell 
count; PT prothrombin time; CRP c-reactive protein; eGFR estimated glomerular filtration rate; K potassium 

 

Figure 4 illustrates the local interpretation results for two randomly selected instances with a survival 

outcome (one from each cohort). According to the plots, the mortality prediction models classified both 

cases in the survival category, predicting a mortality chance of less than 50% for both cases (DM: 27.6%, 

non-DM: 13.8%). The most protective features for the DM case were NLRL, frailty score, age, APTTL, and 

Na, whereas WCC and smoking status were the most adverse features for this instance. On the other hand, 

the primary protective variables for the non-DM case were age, albumin, eGFR, CRP, creatine, ALPO4, 

and K, whereas the primary adverse variables for this case were frailty score and bilirubin. 
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Figure 4. Local interpretation waterfall plot for an individual who survived COVID-19 in the testing set of (A) DM (diabetes 
mellitus) cohort (B) non-DM cohort. The bottom of the plots starts at a base expectation under training data (E[f(x)]). Then, each 
row shows the contribution of its relevant feature to increase (red) or decrease (blue) the expectation value. The final model 
prediction value is indicated by f(x) in the end. Note. NLRL neutrophils-lymphocytes ratio labelled; Na sodium; WCC white cell 
count; APTTL activated partial thromboplastin time labelled; PT prothrombin time; eGFR estimated glomerular filtration rate; 
CRP c-reactive protein; ALPO4 alkaline phosphates; K potassium 

3.5. Mortality risk stratification 

In this subsection, the results of the mortality risk stratification analysis are presented and discussed. 

Figure 5 presents the results of the elbow method analysis. According to the figure, three clusters were 

decided for both cohorts as it was an elbow point in both cases. 

  

Figure 5. Elbow method graph to determine the optimal number of clusters for SHAP clustering on (A) DM (diabetes mellitus) 
cohort (B) non-DM cohort. 
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Table 6 shows the results of SHAP clustering, including the ratio of the cohorts population distributed 

among the clusters and the death rate within each cluster. The clustering technique has allocated patients of 

both cohorts into three categories with relatively low, moderate, and high mortality rates (clusters 1, 2, and 

3, respectively). 

Table 6. The results of clustering patients on their SHAP values for DM (diabetes mellitus) and non-DM cohorts. 

 
DM cohort Non-DM cohort 

Frequency A (%) Mortality rate (%) Frequency A (%) Mortality rate (%) 

Cluster 1 26.6 8 36.4 2.7 

Cluster 2 44.4 20 32.3 28.1 

Cluster 3 28.8 76 31.3 41.9 

A: The percentage of the cohort placed in each cluster 

4. Discussion 

In general, clinical studies have demonstrated an association between most selected features in this 

research (presented in subsection 3.1) and COVID-19 complications [35]. More specifically, smoking 

status, asthma, and HF were among the features selected for the DM cohort, underlining the established 

increased risk of these preexisting factors for COVID-19 patients with DM [36]. Moreover, it is noteworthy 

that the selection of NLRL and APTTL for the DM cohort was consistent with the findings of previous work 

[9]. Such congruence with the literature implies the effectiveness of the feature selection analysis in laying 

a reliable foundation for the ensuing ML-based mortality risk assessments. 

The evaluation results of the mortality risk prediction models (presented in subsection 3.2) emphasise 

the overall effectiveness of the analysis in predicting mortality risk for both cohorts. Moreover, the models’ 

performance was comparable, enabling fair intercohort analogies. This comparable performance may imply 

that the oversampling process has effectively addressed the concerns regarding data group imbalances. 

As illustrated in Figure 2A, overall, contributions of high NLRLs to increased mortality risk predictions 

were more than contributions of low NLRLs to decreased mortality risk predictions in the DM cohort. 

Conversely, low frailty scores contributed more to lower mortality risk predictions than high frailty scores 

did to higher mortality risk predictions. Similarly, among other high-impact variables for the DM cohort, 

Na, WCC, smoking status, and neutrophils contributed more to increased mortality risk predictions overall, 
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whereas age, APTTL and CRP contributed more to decreased mortality risk predictions. Likewise, it can be 

implied from Figure 2B that creatine had a greater adverse than protective impact in the DM cohort, while 

age and procalcitonin had a greater protective than adverse impact overall. However, the differences 

between the protective and adverse contributions were inconclusive for other high-impact predictors of the 

non-DM cohort. Such analysis could help compare the protective versus adverse impact of features. For 

instance, since high NLRL showed a stronger adverse impact compared to the protective impact from low 

NLRL in the DM cohort, it could be inferred that this feature was overall a stronger adverse risk factor rather 

than a protective factor in this cohort. 

Of note, older ages were associated with increased mortality risk predictions in both cohorts (positive 

SHAP values in Figure 2), but this effect was more marked in the DM cohort. One possible explanation 

could be that the chance of having co-existing features that increased mortality predictions occurred more 

often in older DM cases than non-DM cases. 

Overall, local interpretation results (presented in subsection 3.4) show how explaining the model’s 

output for an individual can differ from explaining the model’s output globally across the cohort. This 

evidence stresses the advantages of individualised risk explanations over generic risk descriptions. 

The SHAP clustering outcomes (presented in subsection 3.5) are in line with real-world risk 

stratification requirements, namely for applications in triage systems, where the aim is to allocate patients 

into predefined categories with different risk grades [37]. This evidence supports the potential capability of 

SHAP clustering in practical COVID-19 mortality risk stratification. 

Table 7 summarises some statistical characteristics of features within the three formed clusters for each 

cohort to explore patterns apart from the frequency and mortality rate presented in Table 6. For conciseness, 

only the three most predictive variables, according to Figure 1, are investigated for each cohort. Based on 

the table, one noteworthy intercluster pattern for the DM cohort was that all patients in Cluster 3 had a high 

NLRL. Another marked pattern was that patients in Cluster 1 had a considerably lower average frailty score 

than patients in Clusters 2 and 3. On the other hand, for the non-DM cohort, a significant pattern was that 
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the average albumin for patients in Cluster 3 was considerably higher than that in Clusters 2 and 1. Also, 

the average age in Cluster 1 was considerably lower than that in Clusters 2 and 3. Finally, there was a 

decrease in the average eGFR from Clusters 1 towards 3. 

Table 7. Characteristics of the three most predictive features of DM (diabetes mellitus) and non-DM cohort sin the three clusters 
created on SHAP values. 

  Cluster 1 Cluster 2 Cluster 3 

DM cohort 

High NLRL ratio 16% 0% 100% 
Average frailty score 3.4 6.1 5.8 

Average Na 134.2 134.9 135.9 

Non-DM cohort 

Average albumin 40.7 41.7 34.9 

Age (year) 51.7 79.1 82.4 

eGFR 79.5 60.9 51.9 

Note. Note. NLRL neutrophils-lymphocytes ratio labelled; Na sodium; eGFR estimated glomerular filtration rate 

5. Summary and conclusion 

Fatality risk assessments were conducted in parallel for cohorts of COVID-19 patients with and without 

DM. First, using the RF algorithm, a model was developed for each cohort to predict in-hospital death due 

to COVID-19 from admission data. The evaluation results showed that the generated mortality prediction 

models provided comparable performances. The models were then interpreted globally and locally through 

SHAP. The global interpretations delineated distinct characteristics of each cohort, such as their features' 

relative importance and positive/negative association with the predicted probability of death. Finally, the 

k-means algorithm was implemented on the SHAP values to generate clusters pertaining to risk 

stratification practice. Clustering on SHAP values formed three clusters with relatively low, moderate, and 

high mortality rates, highlighting the potential functionality of SHAP clustering for COVID-19 risk 

stratification. 

Overall, these ML algorithms offered additional results beyond that provided by standard statistical 

approaches, such as the rate and order of the most important predictors, global and local interpretation of 

outcomes, and risk stratification based on interpretation analysis. In conclusion, this article contributes to 

bridging the gap between advanced ML techniques and routinely collected clinical data in a critical field of 

medicine. The research findings encourage further exploitation of ML models framed with interpretation 

analysis in observational studies of COVID-19 patients with and without DM. These advanced data analysis 
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tools, underused previously in this field, have been shown to facilitate knowledge discovery and inferences. 

Consequently, implementing similar methodologies on recent COVID-19 datasets is recommended for 

future work. 

Although this study successfully highlights the effectiveness of interpretable machine learning models 

in assessing COVID-19 mortality risk among patients with and without diabetes mellitus, several avenues 

for future research remain. Expanding the research to larger and more diverse cohorts would strengthen the 

generalisability of the findings and ensure that the models perform effectively across different populations. 

Additionally, investigating the practical aspects of implementing these models in clinical settings is crucial. 

This includes examining data integration with electronic health records, clinician training, and real-time 

decision support systems to maximise the practical utility of the models in everyday medical practice. 

Future work should focus on validating the models in real-world environments to ensure that they deliver 

meaningful insights and enhance patient care. 
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Appendix 

Table A1. Summary results of the randomised hyperparameter tunning for the voter and final mortality prediction models 

Model Hyperparameter Search space 
Selected hyperparameter 

DM cohort Non-DM cohort 

LR 

regularisation strength {0, .01, 0.02, …,1} 0.02 0.04 

class weight {0, 1, …,10} 3 5 

maximum number of iterationsfelbo {1000, 2000, …,10000} 40000 6000 

GB 

learning rates {0.01, 0.02, …,1} 0.03 0.06 

number of boosting stages {20, 40, …,200} 50 160 
minimum number of samples required to split 
an internal node {2, 4, …,8} 6 4 

minimum number of samples required to be at 
a leaf node {2, 4, …,8} 4 4 

maximum depth of the individual estimators {1, 2, …,10} 5 4 

AB 
maximum number of estimators at which 
boosting is terminated {10, 20, …,100} 50 70 

learning rates {0.01, 0.02, …,1} 0.04 0.06 

RF 

number of trees {50, 100, …,500} 200 400 

maximum depth of the tree {1, 2, …,10} 4 6 
minimum number of samples required to split 
an internal node, {2, 4, …,8} 6 6 

minimum number of samples required to be at 
a leaf node {2, 4, …,8} 4 4 

maximum number of leaf nodes {2, 4, …,8} 6 8 
minimum impurity decrease {0, 0.01} 0 0 
cost complexity pruning factor {0.01, 0.02, …,0.10} 0.06 0.04 
minimum weighted fraction of the sum total of 
weights {0.01, 0.02, …0.05} 0.03 0.04 
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Publication 6. 

Interpretable Machine Learning for Inpatient COVID-19 

Mortality Risk Assessments: Diabetes Mellitus Exclusive 

Interplay6 

Abstract. People with diabetes mellitus (DM) are at elevated risk of in-hospital mortality from coronavirus 

disease-2019 (COVID-19). This vulnerability has spurred efforts to pinpoint distinctive characteristics of 

COVID-19 patients with DM. In this context, the present article develops ML models equipped with 

interpretation modules for inpatient mortality risk assessments of COVID-19 patients with DM. To this 

end, a cohort of 156 hospitalised COVID-19 patients with pre-existing DM is studied. For creating risk 

assessment platforms, this work explores a pool of historical, on-admission, and during-admission data that 

are DM-related or, according to preliminary investigations, are exclusively attributed to the COVID-19 

susceptibility of DM patients. First, a set of careful pre-modelling steps are executed on the clinical data, 

including cleaning, pre-processing, subdivision, and feature elimination. Subsequently, standard machine 

learning (ML) modelling analysis is performed on the cured data. Initially, a classifier is tasked with 

forecasting COVID-19 fatality from selected features. The model undergoes thorough evaluation analysis. 

The results achieved substantiate the efficacy of the undertaken data curation and modelling steps. 

Afterwards, SHapley Additive exPlanations (SHAP) technique is assigned to interpret the generated 

mortality risk prediction model by rating the predictors’ global and local influence on the model’s outputs. 

These interpretations advance the comprehensibility of the analysis by explaining the formation of 

outcomes and, in this way, foster the adoption of the proposed methodologies. Next, a clustering algorithm 

 

6 This articles was published in Sensors 22 (2022). Authors: H. Khadem, H. Nemat, J. Elliott, M. Benaissa. 
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demarcates patients into four separate groups based on their SHAP values, providing a practical risk 

stratification method. Finally, a re-evaluation analysis is performed to verify the robustness of the proposed 

framework. 

Keywords. COVID-19; Diabetes Mellitus; Machine Learning; SHAP 

1. Introduction 

Shortly after the outbreak of coronavirus disease-2019 (COVID-19), pre-existing diabetes mellitus 

(DM) was recognised as a risk factor for the new disease [1,2]. Subsequently, extensive research has been 

underway to study this vulnerability [3]. For instance, adopting logistic regression (LR) analysis, Sourij et 

al. investigated the prognostic prediction in hospitalised COVID-19 patients with DM. They also offered a 

simple yet effective score for forecasting the risk of fatal outcomes from age and on-admission values of 

arterial occlusive disease, c-reactive protein (CRP), estimated glomerular filtration rate, and aspartate 

aminotransferase [4]. 

DM comorbidity was later declared a leading cause of in-hospital COVID-19 mortality in some studies 

[5]. As an example, in a uni-centre retrospective study, Ciardullo et al. deployed LR to perform death 

prediction analysis for 373 hospitalised COVID-19 patients with DM from diabetes status, comorbid 

conditions, and laboratory data. Based on the results achieved, the authors affirmed DM as an independent 

culprit for in-hospital COVID-19 mortality [6]. 

Although the COVID-19 susceptibility of DM patients has been well documented, explaining this 

vulnerability remains a challenge [3,7]. The use of explainable machine learning (ML) is one strategy to 

contribute to addressing this challenge [8–11]. 

In general, ML algorithms carry excellent potency in discovering intricate correlated interactions 

[8,12]. These tools have found practical implementation in COVID-19 research. As a representative, using 

machine learning techniques, Kar et ll. studied 63 clinical and laboratory factors in relation to 1393 subjects 
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hospitalised for COVID-19 to forecast the probability of mortality at 7 and 28 days. As a result, they 

generated an effective bespoke death risk score [13]. 

Integrating underlying ML pipelines with model interpretation frameworks promotes the transparency 

of the analysis, offsetting the block-box nature of plain ML algorithms [14–16]. SHapley Additive 

exPlanations (SHAP) is an exemplar of elaborate ML explainability techniques [17,18]. SHAP employs the 

classical notion of Shapley values from cooperative game theory to measure the contribution of input data 

in forming a given output by the model [19]. The measured SHAP values for a particular input feature 

indicate the deviation from the average prediction when conditioned on that feature [18]. 

SHAP analysis has seen promising applications in COVID-19 risk assessment research [19–21]. For 

example, Pan et al. designed ML models dressed with SHAP analysis for COVID-19 prognosis assessment 

in individuals hospitalised in intensive care units [20]. 

In a recent publication, we developed machine learning pipelines incorporated with interpretation 

components for mortality risk prediction and stratification in hospitalised COVID-19 patients with and 

without DM in parallel [22]. For this purpose, a set of features collected at the point of hospital admission 

for both groups were investigated. Consequently, the generated risk assessment models possessed potential 

application to triage systems for both groups and enabled inter-cohort comparative analysis. In the original 

dataset, though, there existed a pool of historical, on-admission, and inpatient variables collated only for 

the DM group. These features were either DM-relevant or the primary investigations did not persuade the 

clinical data acquisition team to collate for the non-DM cohort. Due to the significance of the topic and the 

value of further knowledge discovery in this field, the current sequel study is conducted to create risk 

assessment platforms comparable to those in the earlier study for the same DM cohort by scrutinising only 

the abovementioned DM-exclusive data opted out of the former investigation. 

First, the clinical data are cleansed and prepared for formal ML modelling analysis. After that, an ML 

model is constructed for inpatient fatality risk assessments. In-depth evaluation and interpretation analyses 

are performed on the model, and the results obtained are discussed in detail. This follow-on work initially 
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recruits similar main methods contrived in the prior paper, focusing on new findings, discussions, and 

applications. This homogeneity facilitates the analogical study of the two relevant articles. Next, some 

compartments in the primary skeleton of the pipelines are replaced with new units, and the investigations 

are re-conducted. This complementary analysis further inspects the robustness of the infrastructure utilised 

in the two studies by a side-by-side comparison of the new and old outcomes. 

The remainder of the paper is organised as follows. The clinical data utilised in this work are outlined 

in Section 2. In Section 3, data pre-treatment steps undertaken before the conventional ML modelling 

analysis are explained. Section 4 describes the primary methodologies implemented for mortality risk 

assessments. The results achieved and the associated discussion is represented in Section 5. Section 6 

reports further stability investigations on the proposed work frames. Finally, Section 7 summarises and 

concludes the work. 

2. Material 

The source of the clinical data used in this paper is the dataset primarily described in [23]. The present 

research explores demographic, clinical, and laboratory data from 156 individuals in the main dataset with 

confirmed COVID-19 and DM comorbidity. All these participants were admitted to Sheffield Teaching 

Hospitals (Sheffield, United Kingdom) between 29 February 2020 and 01 May 2020. Of the 156 patients, 

103 survived, and 51 died due to COVID-19; the other three died due to causes other than COVID-19, 

according to their death certificates. Tables 1 and 2 summarise the statistical characteristics of the data used 

in this work. Table 1 includes categorical variables’ information encompassing the name of categories and 

the number of recorded data in each category. In Table 2, the mean and standard deviation (SD) of numerical 

variables are presented alongside the frequency of records for each feature. 
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Table 1. A summary of properties of the categorical clinical data used in this article. For each feature, the categories’ names and 
the number of patients with recorded data in each category are given. 

Feature Category Count Feature Category Count 

CKD 
Yes 131 

PC-Dizziness 
Yes 7 

No  21 No  145 

      

Radiology-RPLD 
Yes 12 

PC-Headache 
Yes 5 

No  132 No  147 

Radiology-Consolidation on report 
Yes 99 

PC-Hyperglycaemia 
Yes 12 

No  46 No  140 

Radiology-Worsening consolidation 
Yes 34 

DM type 
Type 1 12 

No  25 Type 2 140 

Radiology-CT chest or CTPA 
Yes 5 

DM complications 
Yes 127 

No  143 No  26 

Radiology-PE 
Yes 1 

PVD 
Yes 47 

No  5 No  105 

Diabetes autoantibodies 
Yes 1 

Peripheral neuropathy 
Yes 67 

No  152 No  84 

PC-Fever 
Yes 64 

Background retinopathy 
Yes 73 

No  88 No  64 

PC-Cough 
Yes 81 

Preproliferative retinopathy 
Yes 15 

No  72 No  122 

PC-SOB 
Yes 66 

Proliferative retinopathy 
Yes 17 

No  86 No  120 

PC-Chest pain 
Yes 11 

Previous foot ulcer 
Yes 28 

No  141 No  124 

PC-Abdominal pain 
Yes 8 

Active foot ulceration 
Yes 8 

No  144 No  144 

PC-Diarrhoea 
Yes 21 

VRII treatment during admission 
Yes 23 

No  131 No  129 

PC-Myalgia 
Yes 16 

DNAR 
Yes 109 

No  136 No  41 

Note. CKD: chronic kidney disease; CT: computed tomography; CTPA: computed tomography pulmonary angiogram; DNAR: do not attempt resuscitation; 
PC: presenting complaint; PE: pulmonary embolism; PVD: peripheral vascular disease; RPLD: reported pre-existing lung disease; SOB: shortness of breath; 
VRII: variable rate intravenous insulin infusion.  
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Table 2. A summary of properties of the numerical clinical data used in this article. For each feature, mean and standard deviation, 
together with the number of patients that a value is recorded for the feature, are given. 
Feature Mean ± SD Count Feature Mean ± SD Count 

BGV-pH (mmol/l) 7.39 ± 0.09 80 LV-ALPO4 (g/L) 87.27 ± 49.08 100 

BGV-HCO3 (mmol/l) 22.43 ± 4.33 79 HV-ALPO4 (g/L) 134.35 ± 87.84 100 

BGV-Lactate (mmol/l) 2.09 ± 1.71 80 LAYBA-Albumin (g/L) 39.82 ± 5.17 149 

BGV-Na (mmol/l) 134.83 ± 5.45 80 LV-Albumin (g/L) 30.15 ± 4.91 104 

BGV-K (mmol/l) 4.13 ± 0.86 80 HV-Albumin (g/L) 37.4 ± 4.2 104 

BGV-Cl (mmol/l) 99.65 ± 10.91 80 LV-CRP (mg/dL) 49.37 ± 57.93 133 

BGV-Anion Gap (mmol/l) 16.86 ± 10.44 79 HV-CRP (mg/dL) 165.89 ± 124.04 133 

LAYBA-HbA1c (mmol/mol) 61.34 ± 17 144 LV-Procalcitonin (µg/L) 0.58 ± 1.04 68 

FI-HbA1c (mmol/mol) 68.01 ± 19.52 74 HV-Procalcitonin (µg/L) 3.04 ± 11.98 68 

LAYBA-Hb (g/l) 123.9 ± 20.89 146 LV-Ferritin (µg/L) 1019.87 ± 1363.47 45 

LV-Hb (g/l) 106.5 ± 20.22 140 HV-Ferritin (µg/L) 1596.16 ± 2861.80 45 

HV-Hb (g/l) 125.91 ± 18.29 140 OA-Troponin (ng/L) 49.07 ± 70.64 25 

LAYBA-WCC (g/l) 8.09 ± 2.95 147 LV-Troponin (ng/L) 90.75 ± 224.18 32 

LV-WCC (g/l) 6.03 ± 2.84 140 HV-Troponin (ng/L) 108.94 ± 237.01 32 

HV-WCC (g/l) 11.01 ± 5.69 140 LAYBA-UACR 35.07 ± 76.42 62 

LAYBA- NEUT (109/l) 5.35 ± 2.47 147 LAYBA-Vitamin D (ng/mL) 44.25 ± 25 44 

LV- NEUT (109/l) 4.24 ± 2.43 140 LAYBA-PT (s) 12.26 ± 4.12 92 

HV- NEUT (109/l) 8.72 ± 5.05 140 LV-PT (s) 12.08 ± 2.46 65 

LAYBA-LYM (109/l) 1.76 ± 1.01 147 HV-PT (s) 16.54 ± 14.43 65 

LV- LYM (109/l) 0.93 ± 1.41 140 LAYBA-APTT (s) 27.18 ± 5.48 93 

HV- LYM (109/l) 1.66 ± 1.93 140 LV-APTT (s) 26.41 ± 4.77 66 

LaV- LYM (109/l) 1.34 ± 1.45 151 HV-APTT (s) 33.27 ± 11.81 66 

LAYBA-MN (109/l) 0.69 ± 0.32 147 LAYBA-Fibrinogen (g/L) 5.14 ± 1.42 94 

OA-MN (109/l) 0.68 ± 0.41 148 LV-Fibrinogen (g/L) 5.43 ± 1.24 66 

LV-MN (109/l) 0.38 ± 0.24 140 HV-Fibrinogen (g/L) 6.44 ± 1.1 66 

HV-MN (109/l) 0.87 ± 0.46 140 LV-D-dimer (µg/L) 5313.47 ± 10366.62 15 

LAYBA-Platelets (1/mL) 253.84 ± 102.75 147 HV-D-dimer (µg/L) 5397.80 ± 10339.12 15 

LV-Platelets (1/mL) 196.06 ± 82.68 140 FI-BGL (mmol/L) 10.63 ± 5.84 152 

HV-Platelets (1/mL) 332.41 ± 158.11 140 FI-Ketones (mmol/L) 1.05 ± 1.71 54 

LAYBA-Na (mmol/l) 138.21 ± 3.45 150 Preadmission-RR (1/min) 23.89 ± 8.04 150 

LV-Na (mmol/l) 133.49 ± 4.56 142 Preadmission-Saturations (%) 90.5 ± 9.96 142 

HV-Na (mmol/l) 140.15 ± 5.77 142 Preadmission-Temperature (°C) 37.47 ± 1.21 149 

LAYBA-K (mmol/l) 4.56 ± 0.54 150 Preadmission-SBP (mmHg) 139.27 ± 24.98 150 

LV-K (mmol/l) 3.86 ± 0.55 140 Preadmission-DBP (mmHg) 75.56 ± 14.14 150 

HV-K (mmol/l) 4.94 ± 0.86 140 Preadmission-Pulse (1/min) 90.65 ± 24.15 150 

LAYBA-Urea (mmol/l) 8.85 ± 5.45 150 DM duration (years) 14.15 ± 10.8 145 

LV-Urea (mmol/l) 7.75 ± 5.5 142 FI-RR (1/min) 26.26 ± 7.88 152 

HV-Urea (mmol/l) 14.51 ± 9.28 142 FI-Saturations (%) 91.94 ± 6.24 152 

LAYBA-Creatinine (µmol/l) 140.88 ± 125.46 150 FI-FiO2 (%) 47.16 ± 22.41 103 

LV-Creatinine (µmol/l) 142.98 ± 156.87 142 FI-Temperature (°C) 37.1 ± 1.4 152 

HV-Creatinine (µmol/l) 223.4 ± 244.63 142 FI-SBP (mmHg) 127.74 ± 31.82 152 

eGFR 2.62 ± 1.1 152 FI-Pulse (1/min) 94.47 ± 22.33 152 

LAYBA-Bilirubin (µmol/l) 7.55 ± 4.08 149 HR-O2 (%) 55.46 ± 22.85 124 

LV-Bilirubin (µmol/l) 6.73 ± 3.93 101 LV-BGL (mmol/L) 4.92 ± 2.34 152 

HV-Bilirubin (µmol/l) 12.86 ± 11.02 101 HV-BGL (mmol/L) 16.51 ± 6.65 152 

LAYBA-ALT (u/l) 20.37 ± 13.93 142 Average BGL (mmol/L) 9.55 ± 3.02 152 

LV-ALT (u/l) 29.38 ± 41.64 68 RBGLR below 3 mmol/L 0.01 ± 0.03 151 

HV-ALT (u/l) 76.91 ± 160.6 68 RBGLR 4—10 mmol/L 0.61 ± 0.3 151 

LAYBA-TP(g/l) 68.75 ± 7.36 149 RBGLR 10.1—14 mmol/L 0.22 ± 0.19 151 

LV-TP (g/l) 59.62 ± 7.51 102 RBGLR 14—21 mmol/L 0.11 ± 0.15 151 

HV-TP (g/l) 70.02 ± 6.6 102 RBGLR 21.0—27.8 mmol/L 0.03 ± 0.07 151 

LAYBA-ALPO4 (g/l) 99.43 ± 45 149 RBGLR above 27.8 mmol/L 0.01 ± 0.03 151 

Note. ALT: alanine transaminase; ALPO4: alkaline phosphatase; APTT: activated partial thromboplastin time; BGL: blood glucose level; BGV: blood gas value; Cl: 
chloride; CRP: c-reactive protein; DBP: diastolic blood pressure; D-dimer: disseminated intravascular coagulation; DM: diabetes mellitus; eGFR: estimated glomerular 
filtration rate; FI: first inpatient; FiO2: fraction of inspired oxygen; HbA1c: glycated haemoglobin; HCO3: bicarbonate; HR: highest requirement; HV: highest value; 
K: potassium; LaV: last value; LAYBA: latest available within one year before admission; LV: lowest value; LYM: lymphocytes; MN: monocytes; Na: sodium; NEUT: 
neutrophils; O2: oxygen; OA: on admission; pH: potential of hydrogen; PT: prothrombin time; RBGLR: ratio of blood glucose level readings; RR: respiratory rate; 
SBP: systolic blood pressure; SD: standard deviation; TP: total protein; WCC: white cell count. Note. eGFR > 90= Stage 1, 60–89 = Stage 2, 30–59= Stage 3, 15–29= 
Stage 4, <15= Stage 5-Stage CKD. 
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3. Data Curation 

The following four pre-treatment stages are undertaken to prepare the data for the ensuing ML 

modelling analysis. 

3.1. Cleaning 

In the first data-cleaning step, tainted entities and features are excluded from the rest of the analysis. 

First, the three individuals with reported non-COVID-19 mortality reasons (as discussed in Section 2) are 

omitted from the rest of the analysis. Next, features and participants with a high missingness rate are 

discarded. For this purpose, an inclusion criteria of having a missingness rate of no more than 50% is 

determined for both features and individuals [24]. Initially, attributes with missing rates larger than the 50% 

threshold are discarded. Next, the same criterion is applied to data contributors. As a result, the following 

features are omitted from the rest of the analysis: FI-HbA1c, LV-ALT, HV-ALT, LV-Procalcitonin, HV-

Procalcitonin, LV-Ferritin, HV-Ferritin, OA-Troponin, LV-Troponin, HV-Troponin, LAYBA-UACR, 

LAYBA-Vitamin D, LV-PT, HV-PT, LV-APTT, HV-APTT, LV-Fibrinogen, HV-Fibrinogen, LV-D-

dimer, HV-D-dimer, and FI-Ketones. However, no further individual is obviated from the rest of the 

analysis, as no one holds more than 50% missingness after discarding the abovementioned high-missing 

rate features. 

3.2. Subsetting 

After the cleaning phase, data that have met the inclusion criteria and qualified for the subsequent 

analysis are subdivided into training and testing sets as per the requirements of upcoming supervised ML 

analysis. For data subsetting, 70% of the cases are allocated as the training set and 30% as the testing set. 

Stratified random sampling carries out the train-test split process to take into account the distribution of 

classes. All model training and hyperparameter tuning operations are undertaken on training sets only, with 

testing sets remaining unseen for evaluation and model interpretation analysis. 
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3.3. Pre-processing 

Three pre-processing steps are conducted to render the data more suitable for ML analysis: outlier 

treatment, missing value imputation, and feature transformation. 

Initially, leveraging the winsorisation technique, we shift the numerical variables placed outside the 5th 

to 95th percentile to the corresponding boundary. This confinement pre-empts extreme values of skewing 

the results. 

Next, the missing values for numerical features are treated using the k-nearest neighbour data 

imputation technique [25], configuring the number of neighbours as five. Exploring all non-missing 

features, the algorithm selects five data entities from the training set with the most congruency with a given 

data contributor. Then the average of these akin points is used to interpolate the missing values of the given 

data instance. For categorical variables, the most repeated value is used to fill in the missing values. 

Lastly, features are transformed into a more digestible form for ML algorithms. Categorical attributes 

are converted to numerical form using the binary encoding technique. The numerical features are 

standardised. The mean of the training set is subtracted from each feature, and then the results are scaled to 

unit variance by dividing them by the standard deviation of the training set. 

3.4. Feature Elimination 

After the data curation steps, a voting feature selection is performed on the pre-processed data to reduce 

the input size and help preclude the occurrence of a dimensionality curse. First, regular LR, gradient 

boosting (GB), and AdaBoost (AB) models, which all have already succeeded in applications to COVID-

19 research, are fine-tuned. To this end, the random search approach is used to select the hyperparameter 

values delivering the highest five-fold cross-validation accuracy on the training set. The outcomes of 

hyperparameter tuning are given in Table A1, Appendix. Next, the recursive feature elimination technique 

is enfolded around each model, forming a voting system. Each voting system then shortlists 15 features 

(approximately one-tenth the number of data points, a common practice in ML modelling) by investigating 
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training data only. The features picked by at least two voting systems are then used as predictors to generate 

the final mortality risk prediction model. The shortlisted features encompass LAYBA-NEUT, HV-NEUT, 

LaV-LYM, LAYBA-MN, OA-MN, LV-Platelets, HV-Platelets, LV-CRP, LAYBA-PT, FI-BGL, FI-RR, 

FI-FiO2, and HR-O2. 

4. Modelling 

This section develops explainable ML models for mortality risk assessment analysis from the selected 

features. Prior to representing model implementations, providing a brief description of SHAP theory and 

calculations is of use. 

4.1. Preliminary 

As a game-theoric model agnostic method, SHAP simulates the formation of outputs by an ML model 

as a game. In this gamification process, the input features have the role of involved players. Subsequently, 

the payoff for each player in the game is calculated as Equation (1) [18], based on the principles of Shapley 

value [19]. On elucidating the formula, the SHAP value of a particular feature for a given individual is 

calculated by integrating the payoff shares for the feature in all possible coalitions with other variables. The 

payoff share of the feature in each coalition is determined by calculating the difference between the whole 

payoff of the coalition with and without the given feature included and then dividing the outcome between 

the members of the coalition equally. 

 

 

f: a given feature; x: a given data point; 𝑆𝐻𝐴𝑃#(𝑓): SHAP value of variable f for x (the payoff of feature 

f in the designed game); F: all permutations of feature with f included; |𝐹|: the size of F (number of features 

in F); N: the whole number of features in the models; 𝑥c0: the model’s output for x using the feature subset 

F; 𝑥c0\2: the model’s output for x from the feature subset F excluding f. 

𝑆𝐻𝐴𝑃!(𝑓) = ) *|𝐹| × .
𝑁
|𝐹|01

"#

× 2𝑥4$ − 𝑥4$\&6
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 (1) 
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4.2. Mortality Risk Prediction 

The first risk assessment analysis is to forecast in-hospital COVID-19 mortality from selected features. 

For this purpose, a random forest (RF) classifier, which has proven its capability in COVID-19 risk 

assessment research [26], is fine-tuned using the same approach explained in subsection 3.4. The results of 

this optimisation analysis are presented in Table A1, Appendix. The fine-tuned RF classifier is then trained 

on the entire training set to predict inpatient death due to COVID-19. Following that, the generated model 

undergoes careful evaluation analysis employing four widely used metrics: accuracy, the area under the 

curve (AUC), sensitivity, and specificity. After evaluating the mortality risk prediction model, SHAP is 

leveraged to interpret the model globally and locally. 

4.3. Mortality Risk Stratification 

The second risk assessment analysis is to stratify the in-hospital mortality risk of patients. In order to 

do so, SHAP clustering [27], an extension of SHAP analysis, is deployed. The k-means [28], an algorithm 

used in previous COVID-19 research [29,30], is employed on SHAP values to search for meaningful 

clusters of individuals. The algorithm clusters the subjects into an optimised number of groups [22] with 

identical variance by optimising a criterion known as inertia [28]. For deciding the number of clusters, the 

heuristic elbow method is employed. Values of 1 to 9 are explored, and the one resulting in an elbow point, 

based on inertia values achieved, is chosen [31]. According to the outcome of elbow analysis shown in 

Figure 1, four is determined as the number of clusters, as the diagram has the sharpest break point for this 

value. 
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Figure 1. A schematic of elbow analysis operated to decide the number of clusters. 

5. Results and Discussion 

This section presents the results of model evaluation and interpretation analysis alongside the 

corresponding discussion. First, the outcomes of mortality risk prediction analysis are given and then those 

of mortality risk stratification analysis. 

5.1. Mortality Risk Prediction 

5.1.1. Evaluation 

The generated mortality risk prediction model provides these evaluation results across the testing set: 

97% accuracy, 78% AUC, 78% sensitivity, and 80% specificity. Such practical evaluation results support 

the overall effectiveness of the implemented methodologies, including the feature selection, and 

hyperparameter tuning processes coupled with the final RF classifier. These dependable outcomes also 

backend the following SHAP-based analysis. 
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5.1.2. Global Interpretations 

The next results to present for the mortality risk prediction model are the outcome of the interpretation 

analysis. In this regard, first, the results of global interpretation analysis are reported, followed by those of 

local interpretation analysis. 

Figure 2 illustrates the results of global interpretations for the generated mortality risk prediction model 

in two plots. Both plots represent the features in descending order as per their overall influence on the 

model’s outcomes. 

The bee swarm plot in Figure 2A shows SHAP values and their relative association with predictions of 

death. Each point on the scheme represents a feature value from the testing set. The values of features are 

colour-coded from blue to red, encoding low to high values. A positive SHAP value for each point denotes 

the adverse effect of the feature, viz, its contribution level to a higher risk of death. In contrast, a negative 

SHAP value indicates the protective effect of the relevant feature, i.e., decreasing the risk of death. 

The bar chart in Figure 2B is the variable importance plot for the developed mortality risk prediction 

model. The plot summarises the features’ overall impacts on the model outputs according to their mean 

absolute SHAP values, represented by the length of the bars. 

According to Figure 2A, the predictors positively associated with mortality risk predictions are HR-O2, 

FI-FiO2, HV-NEUT, FI-RR, LV-CRP, LAYBA-PT, OA-MN, LAYBA-NEUT, and LAYBA-MN. By 

comparing the positive and negative SHAP values of these variables, it is noticeable that HR-O2, FI-FiO2, 

HV-NEUT, and LAYBA-PT show greater adverse than protective effects. In other words, the sinister roles 

of higher values for these features are relatively more significant than the protective roles of lower values. 

On the other hand, with similar explanations, it can be inferred that FI-RR carries a stronger protective than 

adverse power. The rest of the aforementioned variables have comparable protective and adversarial 

influences. On the other side, based on the plot, it can also be seen that the modalities negatively associated 

with the prediction of death comprise LaV-LYM, HV-Platelets, and LV-Platelets. Overall, the first two 

variables possess more substantial sinister impacts (in lower values) than protective impacts (in higher 
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values), whereas the last one holds stronger protective effects (in higher values) than sinister effects (in 

lower values). 

Furthermore, based on Figure 2A, one noteworthy inference is that a more influential feature does not 

necessarily have stronger adverse and protective power at once. To exemplify, notwithstanding the greater 

overall importance of HR-O2 over FI-FiO2, the latter possesses a more substantial adverse impact than the 

former on average. This deduction is formed based on predominantly bigger positive SHAP values for FI-

FiO2 compared to HR-O2. 

Additionally, according to the plots in Figure 2, HR-O2, FI-FiO2, and HV-NEUT form the top three 

influential features with considerably higher impacts than others. Therefore, undesired measures for these 

features may be an indicator of high death risk. These findings underscore the importance of careful 

inpatient surveillance and the monitoring of peak values of oxygen requirement and NEUT, along with the 

imperative role of immediate inspection of FI-FiO2 after admission for COVID-19 patients with DM. 

Another notable point is that two features from the patients’ historical profiles, LAYBA-PT and 

LAYBA-NEUT, have shown considerable mortality predictivity power even in the presence of many on-

admission and during-admission data. This observation stresses the potential utility of accessing and 

considering the history profile of COVID-19 patients with DM and specifies two features as candidates 

with high priority for consideration in this respect. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2. Global interpretation plots for the developed inpatient COVID-19 mortality prediction model. (A) Bee swarm SHAP 
values plot, (B) SHAP summary importance plot. The bee swarm plot shows all SHAP values in accord with predictors values. The 
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summary plot presents predictors in descending order based on their overall importance on the model’s outcomes derived from 
mean absolute SHAP values. Note. BGL: blood glucose level; CRP: c-reactive protein; FI: first inpatient; FiO2: fraction of inspired 
oxygen; HR: highest requirement; HV: highest value; LaV: last value; LAYBA: latest available within one year before admission; 
LV: lowest value; LYM: lymphocytes; MN: monocytes; NEUT: neutrophils; OA: on admission; O2: oxygen; PT: prothrombin time; 
RR: respiratory rate; SHAP: SHapley Additive exPlanations. 

5.1.3. Local Interpretations 

The next outcome to be presented entails the results of local interpretation analysis for the mortality 

risk prediction model. In this respect, Figure 3 shows the waterfall plots for two randomly selected examples 

of data entities, one from individuals with death and the other from those with survival as the outcomes of 

their admissions. These plots start at the base from E[f(x)], representing the average risk of death according 

to the training set. Next, each arrow illustrates the influence of a feature, i.e., the feature’s SHAP value, 

towards forming the specific prediction for the given entry. The positive associations of the given feature 

with increased mortality risk prediction are exhibited by red rightward arrows and the negative associations 

with blue leftward arrows. Finally, at the top of the plot, the model’s output for the given sample is 

represented by f(x). It merits mentioning that each arrow’s length denotes the level of impact from its 

relevant feature, i.e., absolute SHAP value. Moreover, the arrows are displayed in ascending order from the 

bottom to the top of the plots according to their size. 

One immediate recognition from both plots in Figure 3 is that the grade and order for the features’ 

impacts on local interpretations are different from global interpretations. This evidence shows how local 

interpretations can evolve the transparency of the analysis by explaining the formation of each specific 

outcome through localising and contrasting the effect of the components, as opposed to giving a generic 

explanation based on all outcomes. 

For the death instance represented in Figure 3A, relatively high values for features FI-FiO2, HR-O2, 

HV-NEUT, and LAYBA-PT have been the most effective predictors of a fatal outcome. In this regard, it is 

worth remarking that, in line with the aforementioned discussion, FI-FiO2 had a more adverse impact than 

HR-O2, the most influential feature overall. 

For the survival case reported in Figure 3B, features with protective impacts are HR-O2, FI-FiO2, LaV-

LYM, and HV-Platelets. It is worth highlighting that this case has received a non-fatal outcome prediction, 
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whilst its influential feature, HV-NEUT, shows an adverse impact. Moreover, for this data instance, HR-

O2 and Fi-FO2 both deliver a protective effect, with the former’s being stronger. This perception is also in  

line with the overall higher protective influence of HR-O2, as discussed before. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3. The local interpretation plots for the developed inpatient COVID-19 mortality prediction model. (A) an example of 
patients with survival as the outcome of admission, (B) an example of patients with death as the outcome of admission. The plots 
start from the bottom with a predefined prediction for the risk of death equal to the average death rate in the training set. Next, the 
arrows with an ascending order show how each feature has contributed to the formation of a final prediction specified for the given 
data instance shown at the top of the plot. Note. BGL: blood glucose level; CRP: c-reactive protein; FI: first inpatient; FiO2: 
fraction of inspired oxygen; HR: highest requirement; HV: highest value; LaV: last value; LAYBA: latest available within one year 
before admission; LV: lowest value; LYM: lymphocytes; MN: monocytes; NEUT: neutrophils; OA: on admission; O2: oxygen; PT: 
prothrombin time; RR: respiratory rate; SHAP: SHapley Additive exPlanations. 

5.2. Mortality Risk Stratification 

Table 3 outlines the results of the SHAP clustering analysis, including the distribution of patients in the 

generated clusters, the rate of mortality outcome in each cluster, and a summary of the statistical 

characteristics of predictors within clusters. Based on the table, it can be apprehended that the clustering 

approach has made an appropriate risk stratification system by forming four categories with disparate 

characteristics. 

In terms of mortality rates, cluster 1 poses a zero mortality rate, cluster 2 has a moderate mortality rate, 

and clusters 3 and 4 have relatively high mortality rates. Further distinctive patterns can be found based on 

the feature distributions within clusters, specifically for the more critical variables. For example, a 

pronounced discriminator between clusters 1 and 2 compared to clusters 3 and 4 is that the first two have 

an average HR-O2 considerably lower than the other two. Additionally, comparing clusters 1 and 2, a 
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prominent discrepancy is that the former, in general, includes patients with more desired values for HV-

NEUT and LV-CRP. One more pattern to mention is that a significant distinguisher between clusters 3 and 

4 is the relatively higher average values for FI-FiO2 and LV-CRP in cluster 3. 

Table 3. The results of the performed SHAP clustering to generate a mortality risk stratification system. 
Characteristics Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Count 21 7 10 8 

Mortality rate (%) 0.00 ± 0.00 0.43 ± 0.53 0.70 ± 0.48 0.75 ± 0.46 

HR-O2 37.31 ± 9.85 37.57 ± 10.83 80.00 ± 0.00 80.00 ± 0.00 

FI-FiO2 36.49 ± 10.06 34.03 ± 10.55 78.00 ± 6.32 32.08 ± 6.87 

HV-NEUT 6.08 ± 1.97 14.95 ± 3.46 8.99 ± 4.36 7.47 ± 3.32 

FI-RR 22.74 ± 4.95 25.57 ± 7.35 31.80 ± 6.36 28.62 ± 6.7 

LV-CRP 29.97 ± 21.68 42.67 ± 41.62 75.09 ± 62.95 37.35 ± 33.85 

LaV-LYM 1.25 ± 0.5 1.18 ± 0.49 1.10 ± 0.4 0.99 ± 0.62 

LAYBA-PT 11.57 ± 0.89 11.36 ± 0.58 12.32 ± 1.87 11.58 ± 0.51 

OA-MN 0.72 ± 0.32 0.68 ± 0.3 0.48 ± 0.24 0.63 ± 0.3 

LAYBA-NEUT 4.57 ± 1.56 5.19 ± 0.97 5.61 ± 1.73 5.32 ± 1.48 

LV-Platelets 189.2 ± 69.29 175 ± 69.63 210.26 ± 70.85 151.43 ± 42.15 

LAYBA-MN 0.71 ± 0.25 0.54 ± 0.15 0.64 ± 0.23 0.64 ± 0.13 

HV-Platelets 272.1 ± 113.01 420.00 ± 157.79 366.96 ± 152.35 269.68 ± 103.64 

FI-BGL 9.67 ± 4.13 13.09 ± 6.42 10.59 ± 4.37 9.85 ± 4.95 

Note. BGL: blood glucose level; CRP: c-reactive protein; FI: first inpatient; FiO2: fraction of inspired oxygen; HR: highest requirement; HV: highest value; 
LaV: last value; LAYBA: latest available within one year before admission; LV: lowest value; LYM: lymphocytes; MN: monocytes; NEUT: neutrophils; 
OA: on admission; O2: oxygen; PT: prothrombin time; RR: respiratory rate; SD: standard deviation. 

6. Complementary Analysis 

This section presents some extra analysis embarked on for robustness assessments. The following set 

of amendments is applied to the compartments of the proposed learning environment. The data are 

reshuffled in their entirety, and a new round of 30–70 stratified random samplings is performed to reallocate 

training and testing sets. In addition, missing values are interpolated using a different technique by applying 

the iterative imputation. In order to do so, a Bayesian ridge regressor is set as the estimator for the numerical 

variables and an RF classifier for the categorical variables. In addition, the mortality risk prediction 

modelling is performed again using a support vector classifier (SVC). The SVC is fine-tuned using the 

random search approach described in Subsection 3.4, and the results are presented in Table A1, Appendix. 

Following these updates, the evaluation, interpretation, and clustering analyses are re-conducted. The new 

results are presented concisely below, and the consistency of the proposed core workflow in producing 

practical outcomes in line with previously discussed findings is inspected. 
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The features selected in the updated analysis are BGV-Na, BGV-Cl, LV-NEUT, HV-NEUT, LaV-

LYM, LV-Platelets, HV-Platelets, LV-Albumin, LV-CRP, Preadmission-SBP, DM duration, FI-RR, FI-

FiO2, and HR-O2. In comparison, the top six most important features, according to the previous analysis 

(HR-O2, FI-FiO2, HV-NEUT, FI-RR, LV-CRP, and LaV-LYM), are all shortlisted in the renewed analysis 

as well. 

Furthermore, the updated fatality risk prediction model yields these new evaluation outcomes over the 

testing set: 87% accuracy, 92% AUC, 72% sensitivity, and 74% specificity. Similar to the primary analysis, 

these results are practical, with an outcome of more than 70% for every metric. 

Moreover, Figure 4 illustrates the global interpretation plots for the renewed models. According to the 

plots, HR-O2 and FI-FiO2 are the first and second most important features, similar to the primary analysis. 

In addition, the top five ranks are occupied by the same features in the original and renewed analysis. 

Furthermore, Table 4 shows the results of the new SHAP clustering analysis. For brevity, only the top 

four important features are shown in the table. As can be seen, similar to the primary analysis, the new 

SHAP clustering analysis successfully groups patients into four distinguishable categories. 

All in all, based on the discussion above, there is a significant agreement between the results of both 

the updated and the original analysis. This alignment promises the robustness of the core interpretable ML 

workflow proposed for mortality risk assessment in COVID-19 patients. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4. Global interpretation plots for the updated inpatient COVID-19 mortality prediction model. (A) Bee swarm SHAP values 
plot, (B) SHAP summary importance plot. The bee swarm plot shows all SHAP values in accord with predictors values. The 
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summary plot presents predictors in descending order based on their overall importance on the model’s outcomes derived from 
mean absolute SHAP values. Note. BGV: blood gas value; Cl: chloride; CRP: c-reactive protein; DM: diabetes mellitus; FI: first 
inpatient; FiO2: fraction of inspired oxygen; HR: highest requirement; HV: highest value; LaV: last value; LV: lowest value; LYM: 
lymphocytes; Na: sodium; NEUT: neutrophils; O2: oxygen; RR: respiratory rate; SBP: systolic blood pressure; SHAP: SHapley 
Additive exPlanations. 

 

Table 4. The results of the performed updated SHAP clustering to generate a mortality risk stratification system. 
Characteristics Cluster 1 Cluster 2 Cluster 3 Cluster 4 

Count 23 10 7 6 

Mortality rate (%) 0.04 ± 0.021 0.50 ± 0.53 0.71 ± 0.49 0.83 ± 0.41 

HR-O2 40.07 ± 10.69 41.31 ± 10.70 80 ± 0.00 80 ± 0.00 

FI-FiO2 34.07 ± 7.69 33.67 ± 7.16 80.00 ± 0.00 51.60 ± 11.36 

HV-NEUT 5.68 ± 1.91 14.59 ± 3.60 9.04 ± 4.09 9.07 ± 4.76 

FI-RR 22.78 ± 4.17 26.10 ± 7.29 28.71 ± 6.82 30.17 ± 6.46 

LV-CRP 28.83 ± 14.59 38.44 ± 33.25 89.35 ± 62.95 106.84 ± 58.60 

Note. FI: first inpatient; FiO2: fraction of inspired oxygen; HR: highest requirement; HV: highest value; LV: lowest value; NEUT: neutrophils; O2: oxygen; 
RR: respiratory rate; SD: standard deviation. 

7. Conclusions 

Inpatient COVID-19 mortality risk assessment specifically designed for patients with pre-existing DM 

was performed in this work. This goal was achieved by investigating a set of clinical features exclusively 

pertaining to DM and COVID-19 interplay for 156 individuals. Initially, the clinical data of the studied 

subjects were carefully pre-treated for the subsequent standard ML modelling analysis. After that, a 

mortality risk prediction model was created, exercising established ML pipelines. Evaluation analysis was 

then performed on the generated model. The results underpinned the effectiveness of the data treatment and 

modelling analysis. Afterwards, the generated model was interpreted globally and locally using SHAP. 

These interpretations help extend the transparency of the analysis. Next, a mortality risk stratification 

system was developed upon the outcomes of the SHAP analysis. Finally, an extra analysis was performed 

to further examine the stability of the core pipelines, where the outcomes corroborated this. The analysis 

reported in this work can be applied to online surveillance of hospitalised patients. The findings suggest 

some critical features to be reviewed more carefully in this monitoring process. To further expand upon this 

area of knowledge, future work could include more rigorous scrutiny of SHAP clustering results by devising 

a nested model interpretation mechanism. 



Publication 6. Interpretable Machine Learning for Inpatient COVID-19 Mortality Risk Assessments: Diabetes Mellitus Exclusive Interplay 

150 

 

While this study offers valuable insights into the COVID-19 mortality risks for diabetic patients using 

interpretable machine learning models, several areas for improvement remain. Expanding the cohort size 

in future studies will enhance the generalisability of the findings and allow for more robust model 

validation. Moreover, incorporating other comorbidities, alongside diabetes, will broaden the relevance of 

the results and provide a more comprehensive understanding of the complex interplay between various 

health conditions and COVID-19. Additionally, comparative analyses with existing risk prediction models 

would offer a clearer perspective on the relative performance of the proposed methodology. Addressing 

these challenges, alongside considerations for real-world implementation, such as integration with 

healthcare systems and clinician training, will be critical for maximising the practical impact of the model. 
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Appendix A 

In this section, the results of hyperparameter tuning are given. Table A1 represents the outcomes of 

randomised fine-tuning analysis on hyperparameters for all models in the paper. For each model, a search 

space is studied for the associated hyperparameters then the random search approach is conducted to select 

hyperparameter values according to the highest performance on the training set. 

 

 

Table A1. The results of the conducted randomised hyperparameter tuning processes for the classifiers in the article. 
 

 

Note. AB: AdaBoost; LR: logistic regression; GB: gradient boosting; RF: random forest; SVC: support vector classifier. 
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