
 

 

 

 

 

 

 

 

 

 

LSTM AND SHAP FOR TRANSPARENT AND EFFECTIVE IOB SYSTEMS IN 

IOT ENVIRONMENTS: HOUSEHOLD POWER CONSUMPTION 

 

 

 

 

 

Lappeenranta–Lahti University of Technology LUT 

Master’s thesis 

M.Sc Software Engineering and Digital Transformation  

2023 

Revathi Karri 

Examiner(s): Professor Najmul Islam PhD 

                      Prabhat Kumar, Post-doctoral researcher  

 



 

 

ABSTRACT 

Lappeenranta–Lahti University of Technology LUT 

LUT School of Engineering Science 

Software Engineering and Digital Transformation 

 

Revathi Karri 

 

LSTM AND SHAP FOR TRANSPARENT AND EFFECTIVE IOB SYSTEMS IN IOT 

ENVIRONMENTS: HOUSEHOLD POWER CONSUMPTION 

 

Master’s thesis 

2023 

54 pages, 16 figures, 2 tables and 0 appendices 

Examiner(s): Professor Najmul Islam, PhD and Prabhat Kumar, Post-doctoral researcher 

  

Keywords: LSTM, SHAP, Internet of Things, IoB, Household Power Consumption, 

Explainable AI 

 

The integration of Long Short-Term Memory (LSTM) model and SHapley Additive 

exPlanations (SHAP) within the Internet of Things (IoT) lays the groundwork for transparent 

and effective Internet of Behaviour (IoB) systems, particularly in managing household 

power consumption. This thesis explores the development and validation of an LSTM-based 

forecasting model, employing SHAP for enhanced interpretability and user engagement 

within IoB frameworks. By leveraging minute-level household power consumption data, the 

study reveals the intricate dynamics of energy usage and provides a methodology for 

integrating explainable AI in household energy management systems. This integration helps 

the users to encourage the adoption of energy-efficient behaviours. The research findings 

indicate that LSTM, when coupled with SHAP, significantly improves the transparency and 

utility of IoB systems, offering actionable insights for energy efficiency and user behaviour 

modification. This thesis contributes to the discourse on sustainable energy practices, 

underlining the critical role of user-centric, interpretable AI in fostering energy-conscious 

behaviours and efficient resource utilization. 
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1  Introduction 

Human activities have led to significant alterations in the Earth's atmosphere, and to attain a 

sustainable planet, it is essential to change human habits and behaviours. Technology alone 

cannot address the challenges of global sustainability; it should be coupled with human 

behaviour. Due to urbanization, industrialization and economic growth, energy crisis is 

increased (Karanfil & Li, 2015; Sorrell, 2015). Household power consumption is one of major 

contributions for energy consumption and carbon emissions. People are unaware of energy 

forecast and their usage habits and which is leading to unnecessary energy waste. 

Sustainability and energy efficiency are paramount, optimizing household power 

consumption is a pressing concern. Humans can take advantage of digital technologies to 

understand their behaviour of energy usage patterns and take conscious choices (Elayan et 

al., 2022).  

In the current era of digital transformation, the Internet of Things (IoT) has significantly 

reshaped household environments by interconnecting automated appliances like lights, 

thermostats, dishwasher etc and security systems for seamless interaction to enhance our 

daily lives and energy management (Lutui et al., n.d.). This interconnected system of IoT 

has emerged pivotal concept of Internet of Behaviour (IoB) leveraging data from IoT to 

influence and understand human behavior by using Artificial Intelligence (AI) to provide 

data-driven insights, energy prediction and intelligent decisions to control energy 

consumption (Elayan et al., 2023).  

1.1  Problem statement 

The AI-driven IoT system increasingly impact our daily lives. However, there are some 

concerns from users about their data usage and privacy in IoT systems. The opaque nature 

of AI model in IoB systems raises questions about their transparency and effectiveness in 

managing household power consumption and prediction. The lack of clarity can create a 

reluctant behaviour in users and hinders adopting this system. To address this, it is crucial to 

integrate eXplainable AI (XAI) technique SHapley Additive exPlanations (SHAP) in IoB 

system to provide trusted and effective environment by explain AI model process. 
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1.2  Literature context and Research Gaps 

Numerous studies have examined energy consumption forecasting using various AI models 

and SHAP. Though these studies have contributed valuable insights however there is a gap 

in literature in explaining AI decisions within household power consumption significantly 

in IoB-XAI framework where understanding AI-driven recommendations can lead users to 

adopt energy-efficient behaviors. The research article (Elayan et al., 2023) highlights IoB-

XAI framework and LSTM in the context of household power consumption. It also 

mentioned the future work on instructive notifications potential in influencing user behavior. 

However, it does not fully explore the integration of SHAP with LSTM models to enhance 

the clarity and effectiveness of these notifications, a gap this thesis aims to address. 

1.3  Research aims and questions. 

The main aim of the thesis is to integrate SHapley Additive exPlanations (SHAP) with 

LSTM model to enhance the transparency and effectiveness of IoB systems in IoT 

environments. The specific objectives are to: 

• Develop an LSTM model to forecast energy consumption. 

• Incorporate SHAP to elucidate the decision-making process of the LSTM model. 

• Evaluate the impact of SHAP explanations on user understanding and system 

effectiveness by investigating different SHAP plots. 

• Explore SHAP's practical application within IoB for more efficient household energy 

management. 

This thesis addresses the following research questions: 

RQ1) How to develop and validate LSTM forecasting model for household power 

consumption, considering minutely and hourly horizons? 

RQ2) How can SHAP be used to enhance the interpretability of LSTM forecasting model 

for household energy consumption? 



13 

 

 

RQ3) How can SHAP insights be employed within IoB to influence IoT behavior for 

household energy management? 

1.4  Research Methodology 

The research methodology involves gathering and preparing a comprehensive dataset on 

household energy consumption, applying an LSTM model for accurate power consumption 

forecasting, and utilizing SHAP plots to gain insights into the decision-making process of 

the model. The methodology aims to assess the predictive accuracy of the models as well as 

evaluate how effectively SHAP can provide meaningful interpretability to understand the 

model's decisions. 

1.5  Structure 

The thesis is organized as follows: 

 

• Chapter 1: Introduction - Sets the stage for the research, outlining the aims, 

methodology, main concepts, and structural overview. 

• Chapter 2: Literature Review - Surveys existing literature on power consumption 

forecasting, advanced AI models, and the role of explainability in AI. 

• Chapter 3: Methodology and implementation - Details the model design, data 

collection, model development, and analytical techniques employed. 

• Chapter 4: Model Analysis and Results - Discusses the performance of LSTM and 

presents the findings from the SHAP analysis. 

• Chapter 5: Discussion - Interprets the results in the context of IoB, discussing the 

practical implications for energy management and user behavior. 

• Chapter 6: Conclusion and Future Directions - Concludes the thesis with a 

summary of findings, contributions to the field, limitations, and suggestions for 

future research. 
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2  Literature review 

The literature review serves as a foundation for understanding the context and existing 

knowledge related to forecasting household power consumption and the integration of SHAP 

(SHapley Additive exPlanations) in IoB (Internet of Behavior) systems within IoT (Internet 

of Things) environments. This section explores the historical evolution of IoT technology, 

its impact on household environments, and the emergence of the Internet of Behavior. 

2.1  Historical Context and Integration of IoT in Household Energy Management 

The expansion of the Internet of Things (IoT) has markedly impacted the way energy is 

managed in households. This review delves into the evolution of IoT technologies, 

examining how they have affected domestic energy usage. It also looks at both the challenges 

and advancements that have played a role in their adoption for more efficient energy 

management. 

2.1.1  Evolution of IoT in Energy Management  

The Internet of Things (IoT) is recognized as a significant development in the evolution of 

the internet, with transformative effects on energy consumption in households (Gray, 2018). 

It is expected to greatly influence daily life and introduce new business models for both 

consumers and enterprises. A notable prediction by A. Elnashar in 2018 suggested that the 

number of connected IoT devices could rise to as many as 50 billion by 2022, illustrating 

the rapid growth and impact of IoT technology (A.Elnashar, 2018).  

2.1.2  Challenges in IoT and approaches for solution 

The IoT need to use some energy to interconnect the appliances. (Hittinger & Jaramillo, 2019) 

emphasize the need for cooperation between scientists and regulators to balance IoT's 

benefits with the potential rise in its energy usage. This is echoed by (Arshad et al., 2017), 
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who critically analyzes green IoT strategies and proposes principles for minimizing energy 

consumption. 

2.1.3  IoT in Smart Homes and energy monitoring 

Smart homes, as reviewed by (Soudan et al., n.d.)exemplify the application of IoT 

technologies in managing and controlling household energy. (Abdullah et al., 2021) further 

describes how smart home technologies enable users to manage energy usage through 

various environmentally conscious strategies, making it easier for humans to track and 

control home devices. Also, IoT system is used in monitoring the electricity along with water 

demand in a house (Bautista-Villalon et al., 2018). Intelligent IoT systems can save energy 

(Lai et al., 2012). 

2.1.4  Conclusion 

The literature review has highlighted the significant impact of the Internet of Things (IoT) 

on household energy management, from its evolutionary beginnings to its current 

applications in smart homes. Studies by authors like Gray, Elnashar, Hittinger & Jaramillo, 

and others have emphasized IoT's revolutionary role in transforming energy consumption 

patterns. Key challenges, including energy demands for device interconnectivity and the 

need for sustainable strategies, have been identified. The application of IoT in smart homes, 

as demonstrated by Soudan et al., Abdullah et al., and others, illustrates the technology's 

capability in enhancing energy efficiency and user engagement. The Overall, This literature 

review on the historical context and integration of IoT showcases the huge potential in the 

energy management which makes use of technological advancements for a better 

environment. 

2.2  Internet of Behaviour (IoB)  

Internet of Behaviour (IoB) is an extension of IoT by gathering the details with regard to the 

human behaviour. This concept is categorized and popularized by Gartner technological 

trends. IoB can leverage technology to monitor behavioral events and manage the data to 
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influence human behavior. This concept essentially blends technology, data analytics, and 

behavioral science.  

The primary purpose of the Internet of Behavior (IoB) is to analyze and utilize data collected 

from various sources, particularly IoT devices, to understand and influence human behavior. 

By gathering, analyzing, and interpreting data from devices such as smartphones, wearables, 

home appliances, and even vehicles, IoB aims to gain insights into user behavior, 

preferences, and interactions. These insights are then used to improve customer experiences, 

enhance products and services, inform business strategies, and potentially drive behavior 

change. 

2.2.1  Applications of IoB 

• Organizational Transformation: IoB's transformative role in organizations is 

detailedin (Stary, 2020) . 

• Healthcare: Enhancing healthcare services using ML is explored in (Amiri et al., 

2023) and (Sun et al., 2023). 

• Cybersecurity: (Rjoub et al., 2023) examines the integration of IoB with XAI in 

cybersecurity. 

• Education: IoB's application in educational cognitive performance assessment is 

presented in (Srimaharaj & Chaisricharoen, 2022). 

• Digital Marketing: (Afor & Sahana, 2022) discusses IoB in digital marketing. 

• Household Energy Prediction or Management: The studies (Elayan et al., 2023) 

and (Elayan et al., 2022) explore IoB's potential in managing and predicting 

household energy use. These papers highlight the effectiveness of IoB in reducing 

energy consumption through influencing IoT device behavior, showcasing the power 

of decentralized IoB frameworks in energy efficiency. 

2.2.2  XAI in IoB 

The integration of XAI with IoB, crucial for enhancing transparency and trust in AI systems, 

is elaborated in (Elayan et al., 2023). Furthermore (Rjoub et al., 2023) provides a 
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comprehensive analysis of XAI in cybersecurity, highlighting the need for methods that 

balance accuracy and transparency, handle uncertainty, and address ethical implications. 

2.2.3  Research Gaps and Challenges 

• Ethical and Privacy Concerns: Ethical dilemmas and privacy issues with IoB's 

data collection and behavioural analysis which are addressed in (Afor & Sahana, 

2022; Sun et al., 2023) 

• Technical and Analytical Challenges: Advanced predictive models' need and 

effective IoB integration with AI and ML which are discussed in (Amiri et al., 

2023; Elayan et al., 2023) 

• Societal and Cultural Considerations: Understanding IoB's implications in 

different cultural and socioeconomic contexts which are emphasized in 

(Srimaharaj & Chaisricharoen, 2022) 

• Security in IoB Applications: Developing robust security measures for IoB 

systems in sectors like healthcare and marketing. Explored in (Afor & Sahana, 

2022; Elayan et al., 2022). 

2.2.4  Conclusion 

The IoB, as explored in these studies, shows immense potential for influencing human 

behavior in areas like healthcare, education, and energy management. Its integration with 

XAI, particularly in cybersecurity, enhances transparency and trustworthiness. However, 

balancing technological advancements with ethical, privacy, and security considerations is 

vital. Future research should aim to develop IoB systems that are transparent, ethical, secure, 

and culturally sensitive. 

2.3  Energy Forecasting Models in AI 

Household energy forecasting models significantly benefit households by enabling more 

efficient and cost-effective energy usage. Through accurate predictions of energy needs, 
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these models help in optimizing consumption patterns, leading to cost savings on energy 

bills. They also facilitate the adoption of energy-saving measures and the integration of smart 

home technologies for enhanced comfort and convenience. Furthermore, by optimizing 

energy use, households can reduce their environmental footprint, contributing to lower 

greenhouse gas emissions. This informed approach to energy management also aids 

households in making better decisions about investing in energy-efficient technologies and 

improvements. Forecasting models, essential tools in predicting future events based on 

historical data, come in various forms, ranging from traditional to AI-based models. This 

literature review delves into various AI-based models and methodologies applied in 

household energy forecasting, highlighting their objectives, methodologies, strengths, and 

limitations. 

2.3.1  AI-Based Forecasting Models 

1) Traditional Machine Learning Approaches: There are many traditional ML 

techniques used in power consumption forecasting in initial stages. Traditional 

models like regression analysis performed by (Fumo & Rafe Biswas, 2015), decision 

trees another approach, offer interpretable models for decision-making processes 

(Tso & Yau, 2007), Support Vector Regression (SVR) known for its robustness, 

excels in high-dimensional spaces (Bilal et al., n.d.), Random Forests (Candanedo et 

al., 2017) a powerful ensemble technique which improves prediction accuracy by 

averaging multiple decision trees, and Gradient Boosting Machines (Li & Wang, 

2022a; Zhao & Magoulès, 2012) are foundational in energy forecasting. While these 

models are generally easier to interpret and less computationally demanding than 

deep learning models, they often require extensive feature engineering and may not 

capture complex, non-linear relationships as effectively. For instance, regression 

analysis, widely used for its simplicity and interpretability, may not perform well 

with non-linear data prevalent in energy consumption patterns. 

1. Long Short-Term Memory (LSTM) Networks:  

A popular choice in AI for energy forecasting, LSTM models, a type of recurrent 

neural network (RNN), are particularly adept at handling time series data. They can 

capture long-term dependencies in energy consumption patterns, making them ideal 
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for both short-term and long-term forecasting (Elayan et al., 2023; Kong et al., 2019). 

LSTM's ability to process sequential data of varying lengths is crucial in adapting to 

the dynamic nature of household energy consumption. 

2. Convolutional Neural Networks (CNNs): CNNs, primarily known for their success 

in image processing, have been adapted for energy forecasting. These models excel 

in feature extraction from temporal data, which is essential for identifying 

consumption patterns in household energy usage (Cascone et al., 2023; Ullah et al., 

2021; Kim & Cho, 2019). 

3. Hybrid Models: Combining CNNs with LSTM layers (Alhussein et al., 2020; Z. A. 

Khan et al., 2020), hybrid models like DB-Net have been proposed to harness the 

strengths of both architectures (N. Khan et al., 2021). These models use CNN layers 

for feature encoding and LSTM layers to learn sequential patterns, thereby improving 

the accuracy of energy consumption predictions. 

4. Bidirectional LSTM (Bi-LSTM): Extending the capabilities of LSTM, Bi-LSTM 

models process data in both forward and reverse directions, offering a more 

comprehensive understanding of energy usage patterns (Dinh et al., 2023; Guimarães 

Da Silva et al., n.d.). 

Comparison of different AI models: 

Table 1 Comparison of different AI models 

Model Accuracy 

Computational 

Demand 

Ease of Use & 

Interpretability 

Data 

Requirements 

Traditional 

ML Models Moderate Low High Moderate 

LSTM High Moderate-High Moderate High 

CNN High High Low High 

Hybrid 

Models 

Very 

High Very High Low High 

Bi-LSTM 

Very 

High Very High Low High 
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2.3.2  Challenges and Limitations 

1. Data Quality and Availability: The effectiveness of AI models heavily relies on the 

quality and granularity of available data. Inconsistent and missing data points can 

significantly hinder the model's performance (Alhussein et al., 2020). 

2. Complexity in Implementation: The implementation of sophisticated AI models 

requires substantial computational resources and expertise in model tuning, which 

may not be feasible for all applications (N. Khan et al., 2021). 

3. Interpretability (XAI): Deep learning models, particularly neural networks, are 

often considered 'black boxes' due to their lack of interpretability. This poses a 

challenge in understanding model decisions and gaining trust from end-users. There 

is an increasing demand for explainable models in energy forecasting to enhance user 

trust. XAI techniques can make AI operations more understandable and thus more 

trustworthy (Elayan et al., 2023). 

4. Security and Privacy Concerns: The integration of AI and ML in energy 

forecasting raises significant concerns about data security and privacy, especially 

given the sensitivity of consumer behavioral data (Elayan et al., 2023). 

5. Computational Complexity: Implementing sophisticated AI and ML models often 

demands considerable computational resources, posing challenges in scalability and 

practical application (Cascone et al., 2023). 

2.3.3  Multivariate LSTM 

Multivariate LSTM, a variant of LSTM specialized in handling multi-feature inputs. It is a 

powerful tool for modelling and predicting scenarios where the outcome is influenced by a 

complex interplay of multiple factors. Its ability to handle multiple data streams 

simultaneously makes it highly valuable in many advanced data analysis tasks. Table 2 

shows the comparative analysis of traditional LSTM, Bi-Directional LSTM, and 

Multivariate LSTM.   
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Table 2: Comparative Analysis of different LSTM variations 

Feature / 

Model 

Traditional 

LSTM 

Bidirectional 

LSTM (Bi-LSTM) 
Multivariate LSTM 

Purpose 

Handle 

sequential data 

with temporal 

dependency. 

Handle sequences 

with context from 

past and future. 

Handle sequences with multiple 

input variables per time step. 

Input Data 

Type 

Typically, 

univariate but 

can be 

multivariate. 

Can be both 

univariate and 

multivariate. 

Multivariate (multiple features 

per time step). 

Use Case 

Time-series 

forecasting, text 

generation, etc. 

Natural language 

processing, context-

sensitive 

applications. 

Complex forecasting tasks (e.g., 

financial, environmental) with 

multiple influencing factors. 

Advantages 

Good for single-

directional 

temporal data. 

Captures more 

context by looking 

at data in both 

directions. 

Capable of handling complex, 

multi-faceted data scenarios. 

Complexity 

Relatively 

simpler model. 

More complex due 

to bidirectional 

processing. 

Complexity varies with the 

number of variables and data 

pre-processing. 

 

I chose Multivariate LSTM training model for this application, because this variant of LSTM 

is better at forecasting household energy based on the learnings of readings of multiple 

devices. The research by (Praveen Kumar & Hariharan, 2020) by developed a model with 

multivariate LSTM for improving traffic flow prediction in Intelligent Transportation 

Systems (ITS), which is crucial for smart city development. Even though traffic flow 

prediction and household energy are different in theory, but data analysis and training are 

same in this regard. The model uses multiple traffic parameters for prediction, specifically: 

Traffic flow, Speed, and Occupancy. These metrics are correlated and considered for 

forecasting traffic using the multivariate LSTM model. This research concluded that 
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multivariate LSTM model showed superior performance in terms of prediction accuracy 

compared to the other LSTM models. The research by (Zhang et al., 2020a) used multivariate 

LSTM models in the forecasting productivity of industrial IoT (IIoT). It was practically 

implemented with production data from a real industry in China and this model significantly 

improved prediction accuracy and granularity of industrial productivity forecasting 

compared to traditional methods like ARIMA, RNN, and basic LSTM. By examining the 

two research (Praveen Kumar & Hariharan, 2020; Zhang et al., 2020b), it made sense in 

using multivariate LSTM for forecasting household energy. I customized the model with 

multivariate LSTM training and integrated it with SHAP which will be explained in the 

subsequent chapters.  

2.3.4  Conclusion 

The integration of AI and ML in household energy forecasting marks a significant 

advancement in energy management. LSTM variants and hybrid models like CNN-LSTM 

and ConvLSTM have been at the forefront of this research field. However, challenges such 

as ensuring data security, managing computational complexity, and enhancing model 

explainablility remain. Future research should focus on these areas to ensure the effective 

and ethical application of AI and ML in household energy forecasting, paving the way for 

more sustainable and intelligent energy management solutions. 

2.4  SHAP (SHapley Additive exPlanations) in Explainable AI (XAI) 

In the evolving field of artificial intelligence (AI), the demand for explainablility has led to 

the development of Explainable AI (XAI) methods, among which SHapley Additive 

exPlanations (SHAP) stands out. This literature review delves into the explainable AI (XAI), 

role of SHAP in XAI, exploring its theoretical foundations, applications, and significance in 

making AI models more transparent and understandable. 
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2.4.1  Explainable AI: 

Explainable Artificial Intelligence (XAI) is a rapidly evolving field addressing the need for 

transparency and understandability in increasingly complex AI systems. This literature 

review synthesizes key findings and themes from recent research papers to provide a 

comprehensive overview of the state, challenges, and future directions in XAI. 

1. Evolution and Broadening of XAI: 

The field of XAI initially concentrated on providing post-hoc explanations for decisions by 

deep learning architectures, especially in image classification. However, as "Explainable AI" 

highlights, there is now a growing emphasis on interactive, user-centric approaches, 

including verbal explanations and hybrid methods combining reasoning and learning 

(Schmid & Wrede, 2022a). 

2. Transparency and Trust in AI Systems: 

The paper (Rudin, 2019) underlines the critical need for transparent and interpretable models 

over black-box models in high-stakes domains like healthcare and criminal justice. This 

approach is essential for fostering trust and preventing potential harm. Similarly, (Oniani et 

al., 2023) discusses the application of ethical principles in healthcare AI, emphasizing 

transparency and accountability. 

3. Challenges in XAI: 

A major challenge in XAI, as outlined in (Schmid & Wrede, 2022b), is developing 

interpretability methods that are faithful and adaptable to specific user needs. The evaluation 

of these methods requires rigorous empirical approaches based on psychological theories 

(Barredo Arrieta et al., 2020). 

4. Tangible XAI: 

The integration of XAI with tangible user interfaces (TUI) is explored in (Colley et al., 

2022), proposing the TangXAI framework. This innovative method seeks to enhance the 

transparency of AI systems through physical interaction, thereby creating more user-

centered and intuitive AI systems. 

5. Future Directions in XAI: 
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Future studies in XAI aim to improve the efficiency of current techniques and create novel 

interpretability methods. This involves incorporating XAI into dynamic online learning 

settings and elucidating model alterations instead of just the models themselves (Schmid & 

Wrede, 2022a). The paper (Leiter et al., 2022) also envisions future approaches to 

explainable evaluation metrics, focusing on transparency and trust in high-quality metrics.  

In conclusion, advancements in XAI research are shifting towards more interactive, user-

focused, and transparent methods. These developments are essential for maintaining the 

reliability and ethical use of AI in different critical situations. Future research is set to 

advance this area by emphasizing the creation of more intuitive, ethical, and efficient AI 

systems. 

2.4.2  SHapley Additive exPlanations SHAP 

SHapley Additive exPlanations (SHAP) is an ML technique that explains individual 

predictions of any model by quantifying the contribution of each feature. The application of 

SHAP in XAI has attracted significant interest recently. It is based on cooperative game 

theory, provides a technique for elucidating the results of machine learning models, 

especially those categorized as 'black boxes'. It is model agnostic, meaning it can be applied 

to any machine learning model, and provides both local and global insights by analysing 

how different features affect predictions. This approach helps in understanding complex 

models and making their decisions transparent and interpretable. Since the AI applications 

are moving towards explainable models, they need to be transparent. SHAP makes this 

possible by demystifying these models and explain the reasoning behind a prediction 

(Gianfagna & Di Cecco, 2021a). It offers understanding into the contributions of various 

features to model predictions, providing a trade-off between precision and interpretability 

(Chromik, 2020).  

SHAP works by breaking down a model's prediction into the contribution of each feature. 

For a given prediction, it calculates the average impact of adding or removing a feature on 

the model's output, compared to a baseline prediction. This process involves computing the 

Shapley values from game theory for each feature, which requires evaluating the prediction 

with all possible combinations of the features. Essentially, SHAP assesses how much each 

feature pushes the model's prediction away from a baseline, thus quantifying its importance 
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in the specific prediction. The outcome is a set of SHAP values, one for each feature, 

indicating the magnitude and direction (positive or negative) of that feature's effect on the 

prediction (Gianfagna & Di Cecco, 2021b). Application of SHAP is so diverse that it can be 

employed at any industry that uses AI for prediction. Some of the applications are discussed 

in subsequent chapters.  

2.4.3  Application and Effectiveness: 

SHAP has been used in various domains, including energy or power systems, financial 

services, healthcare etc. Its effectiveness lies in its ability to decompose model predictions 

into individual feature contributions, thus providing a more granular understanding of model 

behavior. Studies have demonstrated SHAP's utility in clarifying decision-making processes 

in fields that require a high level of accountability, such as power systems, where experts 

need to trust and justify decisions made by AI models (Machlev et al., 2022). 

Power System: SHAP has been applied to improve power load forecasting, where an 

improved XGBoost model based on grid search (GS-XGBoost) was used along with SHAP 

for model interpretation. This methodology demonstrated the impact of feature sets on the 

model, significantly improving model interpretability and aiding in decision-making for 

power system management (Li & Wang, 2022b; Machlev et al., 2022). 

Healthcare: 

In healthcare, specifically in male fertility prediction, SHAP has been utilized to interpret AI 

models. By analyzing various industry-standard models, SHAP provides essential 

explanations for clinicians for treatment planning, enhancing the credibility of AI model 

predictions in clinical settings (GhoshRoy et al., 2023).  

2.4.4  Challenges and User-Centric Improvements 

Despite its advantages, SHAP can be challenging to interpret, especially for non-experts. 

Studies have found that even machine learning professionals sometimes struggle to interpret 

SHAP visualizations correctly. The complexity and potential overwhelming nature of SHAP 

explanations have driven research towards more user-centric approaches. Integrating SHAP 
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with interactive user interfaces and textual explanations has shown promise in enhancing 

understanding and communicative effectiveness (Chromik, 2021). 

2.4.5  Bridging Local and Global Insights 

Recent efforts in SHAP application focus on bridging local and global insights. This 

comprehensive approach provides a more holistic understanding of model predictions across 

different scenarios. By addressing the gap between individual predictions and overall model 

behavior, SHAP becomes more effective in explaining complex models (Chromik, 2021) . 

2.4.6  Future Directions: 

Future research directions include the standardization of SHAP explanations and the 

development of evaluation metrics to measure the quality and effectiveness of explanations. 

This is crucial for assessing the impact of SHAP in real-world applications. Another 

important area is the exploration of SHAP's application in more diverse fields and its 

integration with other XAI techniques to provide a more holistic explanation framework 

(Machlev et al., 2022).  

2.4.7  Conclusion: 

SHAP has emerged as a significant tool in XAI, offering insights into the workings of 

complex machine learning models. While it enhances transparency and aids in 

interpretability, the challenges of making SHAP explanations accessible and understandable 

to a broader range of users remain. Ongoing research in developing user-friendly interfaces 

and standardization practices indicates a progressive shift towards making SHAP a more 

practical and widely applicable tool in XAI. 

2.5  Overall Research Gap 

The literature on "LSTM SHAP for Transparent and Effective IoB Systems in IoT 

Environments: Household Power Consumption" identifies a key research gap in the 
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integration and effective utilization of SHAP within IoB frameworks, particularly in the 

context of household power consumption forecasting using LSTM models. While existing 

studies have explored various aspects of AI models, SHAP, and IoT in energy management, 

there is a noted lack of comprehensive research addressing the combination of these elements 

to enhance transparency and effectiveness in IoB systems. Specifically, the research gap 

focuses on the need for a clearer understanding of AI-driven recommendations in household 

power consumption to encourage user adoption of energy-efficient behaviors. This gap 

highlights the potential of SHAP in elucidating the decision-making processes of LSTM 

models and its practical application within IoB for more efficient household energy 

management. 
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3  Methodology and Implementation 

3.1  Overview of the Methodological Framework 

This thesis adapts a structured approach to develop a predictive model that supports the 

Internet of Behaviours (IoB) in smart home environments. The methodological framework, 

inspired by a system workflow from existing literature shown in figure 1, incorporates a 

sequence of processes beginning with collecting household electricity usage data which is 

meticulously recorded by an Energy Monitor and Controller (EMC) device, which tracks the 

power consumption of IoT devices. This data is subsequently transferred to a cloud database, 

ensuring its availability for further processing. Before being fed into the LSTM network for 

modelling, the data is normalized to facilitate efficient analysis, thereby standardizing the 

varied range of consumption values to a consistent scale that the AI model can interpret and 

learn from effectively. This sequence of steps establishes a foundational data pipeline, 

critical for the accurate prediction and analysis of household energy behaviours. The 

predicted values can be explained by explainable AI; however, this research paper didn’t 

focus much on explainable AI and also proposed a future work to send instructive messages 

to users about the consumption to speed up changing the behaviour. 

This adaptation is uniquely characterized in this thesis as shown in figure 2 by the 

incorporation of a multivariate LSTM model and the application of SHAP to render the AI 

decision-making process transparent and understandable. Also, using these SHAP insights 

in IoB to change the user behaviour. By leveraging the power of LSTM models, SHAP, and 

IoB principles, this research aims to empower households to make informed and energy-

efficient decisions. The overall design for my thesis is mentioned in figured 2, It starts with 

data collection, then data preprocessing, creating LSTM model, training LSTM model, 

explain predictions using SHAP and finally ends with the applications of SHAP insights in 

IoB to change the behavior of the users. 
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Figure 1 Proposed framework for household power consumption (Extracted from (Elayan et al., 2023) ) 

 

 

 

Figure 2 Overview of my design 
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Tools and Libraries for Model Development 

For the development and implementation of the LSTM model and SHAP, a variety of 

programming tools and libraries were employed, each selected for its specific features and 

capabilities that contribute to an efficient and effective modeling process. 

Google Colab: I chose Google Colab platform for this study as it provides a cloud-based 

environment that facilitates the execution of Python code in a browser, with the added benefit 

of free access to GPU resources. This is particularly advantageous for deep learning tasks 

that are computationally intensive, as it significantly reduces the model's training time. Since 

I have large dataset Google Colab is really helpful. 

NumPy: I used NumPy as it is a fundamental package and used in scientific computation in 

Python, it is very useful with large datasets as it offers comprehensive mathematical 

functions, calculations and more. In this research, NumPy is used for efficient array 

operations, which are essential for handling the large datasets and matrix calculations 

inherent in LSTM modeling. 

Pandas: Pandas library is used in most of the data analysis which provides high-

performance. Especially, it is useful for data manipulation and preparation, enabling the 

handling of data in various formats and the transformation of raw data into a suitable form 

for modeling. 

Matplotlib & Seaborn: Both Matplotlib and Seaborn are used for data visualization. 

Matplotlib offers extensive plotting capabilities and flexibility, while Seaborn, which is 

developed atop Matplotlib, offers a sophisticated interface for crafting visually appealing 

and informative statistical diagrams. Seaborn's context setting with 'paper' and a font scale 

of 1.3 enhances the readability and presentation quality of the plots generated for this thesis. 

Scikit-learn: This machine learning library for Python is known for its efficiency and 

simplicity especially in data mining and data analysis. It's used in this project for 

preprocessing, specifically with the MinMaxScaler for data normalization, and for its 

evaluation metrics which serve as performance evaluation criteria for the model. 

Keras: It offers Python interface for building artificial neural networks. It serves as a front-

end for TensorFlow and is utilized for constructing and training deep learning models, 

offering an accessible API that accelerates the development process. 
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SciPy & Statsmodels: These libraries are used for statistical tasks. SciPy supplements the 

NumPy package and is used for its additional functionality in scientific and technical 

computing, whereas Statsmodels is used for the implementation and integration of statistical 

models. They provide tools and techniques for the statistical analysis and diagnostic tasks 

that are essential for validating the assumptions of the time-series model. 

These tools and libraries form a robust toolkit that supports all aspects of the LSTM model 

development process and SHAP insights, from data preprocessing and analysis to model 

training and evaluation. They were selected to provide a streamlined workflow that 

maintains high standards of computational efficiency and statistical rigor. 

3.2  Data Gathering 

In the data gathering process, I downloaded comprehensive dataset from the UCI Machine 

Learning Repository, which is a recognized data resource in the machine learning 

community. It has multivariate, time-series data which captures the intricacies of electric 

power consumption in a single household over an extensive period of 47 months, from 

December 2006 to November 2010. This dataset is an extensive collection of 2,075,259 

instances, each instance reflecting a minute averaged energy usage across nine different 

features. These features are a range of electrical quantities, including minute-averaged active 

and reactive power, voltage, and current intensity, as well as sub-metering values that specify 

the energy consumption for different household sections, such as the kitchen, laundry room, 

and areas with an electric water-heater and air-conditioner.  

The dataset has one-minute sampling rate which provides detailed data on the household's 

power usage, enabling accurate modelling and forecasting of energy consumption trends. 

The structure of dataset includes date and time information, which are critical for time-series 

analysis, as well as several other continuous variables related to power usage. The dataset 

also has some challenges as approximately 1.25% of the records contain missing values, 

denoted by the absence of data between semicolon-separated values. These missing data is 

handled in preprocessing step. 
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3.3  Data Pre-processing 

In the realm of data-driven modeling, preprocessing is a crucial step that directly influences 

the performance and accuracy of the predictive models. For this thesis, the preprocessing of 

the dataset which is sourced from the UCI Machine Learning Repositor involved several key 

steps to ensure that the data fed into the LSTM model was clean, consistent, and structured 

appropriately for time-series forecasting.  

Initially, the dataset was loaded into a Python environment using the Pandas library, a 

powerful tool for data manipulation and analysis as shown in figure 3. Dataset which is in 

CSV file is read and stored in pandas data frame. Special attention was given to correctly 

parse the date and time columns, combining them into a singular DateTime index. This step 

is essential for time-series analysis as it ensures that the temporal sequence of the data is 

maintained and can be referenced efficiently. 

Handling Missing Values 

Following the successful loading and indexing of the dataset, the common challenge in real-

world which is data missing values are handled as shown in figure 3. The 

'Global_active_power' field, which represents the total active power consumed by the 

household, was targeted for cleaning. The Pandas 'to_numeric' function was employed to 

convert this field into a numeric data type, with non-numeric entries coerced into NaN (Not 

a Number) to standardize the data format. Subsequently, any rows with NaN values in the 

'Global_active_power' field were purged from the dataset using the 'dropna' function. This 

approach to dealing with missing values is straightforward yet effective, ensuring that the 

model is trained only on accurate and complete data records. 

The completion of these steps resulted in a refined dataset with a reduced number of 

instances from the original 2,075,259 to 2,049,280 indicating the exclusion of rows where 

the 'Global_active_power' was missing. The reduction of the dataset's size was necessary 

step to enhance the quality and reliability of the input data for the LSTM model. 
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Figure 3 Data preprocessing, handling missing values 

Data Normalization 

The data normalization phase is a critical step in the preprocessing pipeline, aiming to scale 

the feature values into a uniform range, thus facilitating a more stable and faster convergence 

during the model training process. For this study, MinMaxScaler is used for normalization 

from the scikit-learn library, which will rescale the data into a range that we specify, I 

rescaled the data in the range of [0-1]. 

The normalization process is done by applying the fit_transform method of the 

MinMaxScaler to the dataset's values. This method computes the minimum and maximum 

values to be used for later scaling and simultaneously scales the data, encapsulating it within 

the desired range. It's a two-fold process that first 'fits' the scaler to the data by finding the 

maximum and minimum values in the data, and then 'transforms' the data by scaling it 

according to these values. The output of this process is a transformed dataset wherein all 

variables have been re-scaled so that their values fall within the range of 0 to 1. The 

transformed data, represented in a NumPy array, retains the original structure of the dataset 

with 2,049,280 instances and 6 features, now all in the normalized form. This array structure 

is indicative of the preservation of the dataset's integrity post-normalization, ensuring that 

each feature's variability is maintained without the influence of differing scales.  

This normalization is particularly important for the subsequent application of the LSTM 

model, as neural networks are sensitive to the scale of input data, and having features in the 

same scale can prevent the model from being biased towards features with larger 

magnitudes. By standardizing the range of independent variables, the normalized data is now 

well-prepared for the next stage: dividing it into training and testing sets, which will form 

the basis for developing and validating the predictive model. 



34 

 

 

 

 

Figure 4 Data Normalization 

Creating training and testing data set 

The The creation of training and testing sets is an essential step as it allows the evaluation 

of the model's performance on unseen data. Training and testing data is divided as shown in 

figure 5 by defining duration parameter which is equivalent to two years of minute-by-

minute data (365 days * 24 hours * 60 minutes * 2), that ensures a substantial amount of 

data for the model to learn the underlying patterns. Consequently, the first two years of data 

were allocated to the training set, while the remaining data formed the testing set. After the 

division the training set has 1,051,200 instances and a testing set comprising the rest of the 

dataset, each with seven features. 

The training and testing datasets were divided into predictors (inputs) and the target variable 

(output). The predictors comprise the initial six features, while the seventh feature represents 

target variable i.e. the household's overall active power consumption. This division into 

inputs (X) and outputs (Y) is essential for supervised learning, where the model learns to 

forecast the output using input data. 

The inputs are reshaped into 3D format which is right format that is accepted by the LSTM 

models. The y_train is the target variable for the training set is a one-dimensional array with 

an equal number of entries, ensuring that each input instance has a corresponding output 

value for the model to learn from. This methodical separation of data ensures that the 
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integrity of the temporal sequence is preserved, which is essential for time-series forecasting 

tasks such as predicting household power consumption. Through utilizing significant portion 

of the data for training, the LSTM model is provided with a robust foundation to capture 

complex patterns and behaviors inherent in the energy usage data. 

 

Figure 5 Creating training and test data 

3.4  Creating Multivariate LSTM model 

This section answers the RQ1 on how to develop LSTM for household power consumption, 

for minutely averaged data and validate is explained in 4.1 section. The construction of a 

multivariate LSTM model is at the core of this thesis, providing a sophisticated approach to 

forecasting household power consumption. The model architecture was meticulously crafted 

using the Sequential API from Keras, an intuitive framework for building neural networks. 

The designed LSTM model consists of a stack of layers, beginning with an LSTM layer 

comprising 100 units. This layer is configured to return sequences, a necessary feature to 

maintain the continuity of the LSTM's internal state when connecting to subsequent recurrent 

layers. Subsequently, a dropout layer with a 0.2 rate is implemented to mitigate overfitting, 

randomly nullifying a portion of the input units throughout the training process. Another 

LSTM layer with 100 units follows, this time without returning sequences, indicating that 

this is the final recurrent layer and its output will be passed to a dense layer. An additional 

dropout layer with a rate of 0.3 further aids in regularizing the model. The architecture 
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concludes with a dense layer with a single unit, which outputs the predicted value of the 

household's global active power consumption. 

The model utilizes mean squared error as its loss function, fitting for regression problems, 

and is optimized with Adam, renowned for its effectiveness in training deep learning models, 

particularly when dealing with sparse gradients in noisy data scenarios. The summary of the 

model reveals the structure and the flow of data through the layers, along with the number 

of parameters at each stage. In total, the model has 528,901 trainable parameters, a sizeable 

number that reflects the model's complexity and capacity to learn from the large volume of 

data. This LSTM architecture is poised to capture the temporal dependencies and intricacies 

within the multivariate time-series data, an essential feature for accurately predicting energy 

usage patterns in the context of the IoB.  

 

Figure 6 LSTM Model 

3.5  Training the LSTM Model 

The training phase as shown in the figure 7, the LSTM model undergoes training using the 

X_train dataset as the input and y_train dataset as the output. This process iterates over 40 
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epochs, with each epoch representing a complete pass through the entire training dataset. A 

batch size of 70 is chosen, which means that the model weights are updated after every 70 

samples are processed, striking a balance between computational efficiency and the 

granularity of the update process. The model also validates its performance after each epoch 

using the X_test and y_test datasets, providing insights into how well the model is 

generalizing to unseen data. To achieve a more detailed output during training, the 'verbose' 

parameter is set to 2, which indicates that one line per epoch will be displayed in the training 

log. This level of verbosity is informative enough to monitor the training process without 

overwhelming the log with too much information. 

Additionally, the 'shuffle' parameter is set to False to preserve the sequence of time-series 

data, which is crucial for LSTM models that are inherently sensitive to the order of data 

points. Shuffling data is typically used to ensure that the model does not learn anything from 

the order of samples, but in the case of time-series, the temporal order provides important 

context for the model. 

As the model trains, the history object captures vital statistics about the training and 

validation process, which can later be used for evaluating the model's performance and 

diagnosing issues such as overfitting or underfitting. The outcome of this training phase is a 

model adept at forecasting power consumption, primed for subsequent evaluation and 

interpretation through SHAP values. 

 

Figure 7 Model training 

3.6  Forecasting the power consumption 

The process of forecasting power consumption involves using the trained LSTM model to 

predict future energy usage based on historical data. In this phase, the model's predictions 

are generated for a span of 600 minutes (as shown in figure 8), providing an illustrative 

projection of near-term energy demands. 

The code snippet demonstrates the visualization of the model's forecasting capabilities. An 

array, pq, is created to represent the time steps for the next 600 minutes, which aligns with 
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the dataset's one-minute interval granularity. A plot is then constructed to compare the actual 

power usage, y_i, with the predicted values, y_pred, over this interval. 

 

Figure 8 Power Consumption predictions 

3.7  SHAP 

SHAP (SHapley Additive exPlanations) is a cutting-edge tool used to enhance the 

interpretability of machine learning models, providing insight into the contribution of each 

feature to the model's predictions. The integration of SHAP within this research project is 

pivotal for understanding the LSTM model's decision-making process. SHAP code is shown 

in the figure 9 . To facilitate the compatibility of the SHAP KernelExplainer with the LSTM 

model, the test data, originally in a 3D format suitable for LSTM input, is reshaped into a 

2D format. This is essential because SHAP requires the input data to be in a format that it 

can process, hence the test data is flattened. 

A background dataset is then selected from the test set to provide a reference level for the 

KernelExplainer. It enables the explainer to understand what the 'base' or 'average' prediction 

would be around which the explanations are calculated. With the SHAP KernelExplainer 

initialized using the adapted prediction function and the background dataset, SHAP values 

are computed for a subset of the test data. These values represent the impact of each feature 

on the prediction for each instance, providing granular insights into the workings of the 

model. There are multiple plots used from SHAP Library to visualize, some of them are: 

• A summary plot gives an overview of the most significant features across the dataset. 

• Dependence plots display how a specific value of a feature influences the model's 

prediction, illustrating the relationship of that feature across the entire dataset. 
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• Force plots break down a single prediction to show the contribution of each feature 

to that particular prediction. 

• Decision plots can display the model's decision-making process on an individual 

prediction basis. 

• Bar plots summarize the mean importance of the features, providing a clear ranking 

of feature significance. 

• Violin plots provide a comprehensive representation of the distribution of SHAP 

values for each feature, merging elements of box plots and density plots to display 

both the spread and the frequency of the feature's importance. 

 

Figure 9 SHAP to explain the LSTM model 
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4  Model Analysis and Results 

This chapter provides a detailed study of the performance of the Long Short-Term Memory 

(LSTM) model, along with interpretive insights obtained from SHAP analysis. It helps to 

understand the model effectiveness such as its accuracy, dependability, and clarity. 

4.1  Performance Evaluation of the LSTM Model 

Model Loss: 

 

Figure 10 Model loss 

The figure 10 depicts the graph showing model loss over 40 epochs. The rapid decrease at 

the beginning shows that the model is quickly learning from the training data. As the epochs 

increase, the rate of decrease slows down, indicating that the model is starting to converge 

and is making more minor improvements. This graph suggests a well-fitting model that has 

learned effectively from the training data (minute-averaged data) and is generalizing well to 

new. 

  

 

 



41 

 

 

 

Energy Consumption Prediction: 

 

Figure 11 Energy consumption prediction verses actual 

Figure 11 shows the Prediction accuracy of the model. It predicted the global active power. 

This graph suggesting that the model is doing a reasonable job of forecasting the global 

active power.  

Model evaluation 

 

Figure 12 RMSE value 

Figure 12 shows the snippet of calculating rmse for the model. It gives a sense of the overall 

scale of the errors being made by the prediction model. The RMSE score of 0.234 indicates 

that prediction is close to the actual reading. 
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4.2  SHAP Analysis findings 

The SHAP analysis highlights the contribution of individual features to the model's 

predictions. Different plots of SHAP are discussed. This insight unveils the workings of the 

LSTM model, providing transparency on how it arrives at its predictions which answers the 

research question RQ2. 

4.2.1  SHAP Plots 

1) Summary Plot: 

The Summary plot provides an overview of the SHAP values for each feature, effectively 

illustrating their impact on the model's output. In the plot provided in figure 13, each dot 

represents a SHAP value for a feature and an observation from the test set. 

 

Figure 13 Summary Plot 

• In the SHAP summary plot provided, The 'Global_active_power' and 

'Global_intensity' features show SHAP values only on the right side of the zero line, 

indicating a positive relationship with the predicted power consumption as these 

feature values increase, the predicted power consumption also increases. 

• 'Sub_metering_3' indeed displays SHAP values that are positioned to the left of the 

zero line. This indicates that the feature 'Sub_metering_3' generally contributes to a 
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decrease in the predicted power consumption. When 'Sub_metering_3' has higher 

readings, it appears to be associated with a lower prediction of overall power 

consumption, which could suggest that when 'Sub_metering_3' is active, less 

unmeasured energy is used elsewhere in the household. 

• The distribution of SHAP values for 'Global_reactive_power', 'Sub_metering_1', and 

'Sub_metering_2' are relatively modest in their spread, signifying a smaller effect on 

the model’s output. The SHAP values for these features are mostly grouped near the 

center, suggesting a more neutral impact on the predicted energy consumption. 

Understanding the positioning of SHAP values in relation to the zero line is critical for 

interpreting the influence of individual features on the model’s predictions.  

2) Bar plot 

The bar plot shown in figure 14 displays the mean absolute SHAP values for each feature in 

the dataset, offering a measure of the average impact each feature has on the model's output. 

The length of each bar represents the average magnitude of the impact across the predictions 

made by the model, without regard to the direction of the effect (whether it increases or 

decreases the prediction). 

 

Figure 14 Bar Plot 

• In the plot, 'Global_active_power' has the longest bar, indicating it has the largest 

average impact on the model's predictions of household power consumption. 

'Global_intensity' follows as the second most impactful feature. Both 
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'Global_active_power' and 'Global_intensity' are likely indicators of overall 

electricity usage, suggesting that they are key factors in determining household 

energy consumption patterns. 

• 'Sub_metering_3' comes next, which might correspond to specific high-energy 

appliances or systems in the household. Its significant average impact suggests that 

it is also a crucial predictor in the model. 

• 'Global_reactive_power' has a shorter bar, indicating a smaller average impact, 

followed by 'Sub_metering_1' and 'Sub_metering_2', which appear to have the least 

average influence on the model's output. 

3) Decision Plot  

The decision plot for a single prediction is a visualization that shows the cumulative effect 

of the features on a model's output. Starting from a base value, which is the average model 

output over the background dataset, each feature's SHAP value is added sequentially to 

arrive at the final prediction. 

 

Figure 15 Decision Plot for single prediction 

In the plot provided in figure 15, the features are listed on the y-axis, and their cumulative 

impact on the model's output is tracked on the x-axis. The path traced by the line represents 

the sequence in which the SHAP values of each feature contribute to moving the base model 

output to the final predicted value. 
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From the bottom to the top, the first feature encountered is 'Sub_metering_2', followed by 

'Sub_metering_1', and so on, up to 'Global_active_power'. The features that have a larger 

horizontal distance contribute more to changing the model output. In this case, 

'Global_active_power' appears to have the largest positive effect on the model output, as 

indicated by the last and longest horizontal stretch on the plot. 

Waterfall Plot: 

The waterfall plot is a detailed SHAP visualization that deconstructs a single prediction by 

showing the cumulative effect of each feature on the model’s output, one step at a time. It 

starts with the base value, which is the average output of the model across the dataset (or a 

subset thereof), and then sequentially adds the effect of each feature to reach the final 

prediction. 

 

Figure 16 Waterfall Plot 

In the provided plot, the base value is shown at the beginning, and each subsequent bar 

represents the contribution of an individual feature to the prediction. Features that push the 

prediction higher are shown in red, while those that lower the prediction are shown in blue. 

The final value on the right side of the plot is the actual output of the model for this particular 

instance. 

For instance, 'Global_active_power' and 'Global_intensity' show positive contributions, 

increasing the predicted value, which suggests that higher values of these features are 

associated with higher predicted energy consumption. Conversely, 'Sub_metering_3' and 

'Global_reactive_power' show negative contributions, which means that in this particular 
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case, higher values of these features are associated with a decrease in the predicted energy 

consumption. 

 

5  Discussions and Future Works 

Interprets the results in the context of IoB, discussing the practical implications for energy 

management and user behavior.  

5.1  Interpretation of SHAP and Forecasting Results 

The SHAP analysis and forecasting results obtained from the LSTM model offer insightful 

revelations about the factors influencing household power consumption. 

'Global_active_power' and 'Global_intensity' have been identified as the most impactful 

predictors, suggesting that the aggregate consumption and intensity of electricity use are key 

drivers in energy usage patterns. 'Sub_metering_3', associated potentially with high-power 

appliances, has also been highlighted as a significant contributor, albeit to a lesser extent. 

In the context of the Internet of Behaviors (IoB), these results have substantial practical 

implications. The insights can be utilized to design IoB applications that not only monitor 

energy usage but also provide actionable recommendations to end-users. For instance, by 

knowing the prime contributors to energy consumption, IoB systems can suggest optimal 

usage times or recommend behavioral adjustments to enhance energy efficiency. 

5.2  Practical Implications for Energy Management 

The practical implications of the model's findings are considerable. With accurate 

forecasting, energy management systems can predict peak consumption periods and 

automate energy-saving measures, such as dimming lights or adjusting thermostat settings. 

The SHAP analysis further enriches these systems by explaining the 'why' behind the 

predictions, enabling more nuanced energy management strategies. 
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Moreover, the granularity of the data and the interpretability provided by SHAP values 

enable personalized energy-saving tips. Users can be informed about which specific 

behaviors or appliance usages are leading to higher energy bills, fostering a more energy-

conscious household. 

5.3  Influencing User Behavior through IoB 

This section answers the RQ3 by employing SHAP insights within IoB to influence IoT 

behavior for household energy management. The IoB systems stand to benefit significantly 

from the interpretability offered by SHAP. By integrating these insights, IoB systems can 

provide tailored feedback to users, potentially influencing their energy consumption habits. 

For example, a user who frequently triggers high 'Global_active_power' readings could 

receive a notification to reduce usage or switch to more energy-efficient appliances. 

By pinpointing which features (like specific appliances or times of day) have the most 

significant impact on power usage, SHAP values provide actionable insights. Households 

can use this information to modify their energy consumption patterns, potentially leading to 

cost savings and more efficient energy use. When users understand how a model makes its 

decisions, they are more likely to trust and follow its recommendations. SHAP values help 

in building this trust by providing a clear explanation of the model's outputs. 

Furthermore, the detailed breakdown of feature contributions to energy consumption 

provided by SHAP can be employed to incentivize behavior change. Users could be 

rewarded for following the system's recommendations to use certain appliances during off-

peak hours or for overall reductions in their energy consumption patterns. 

The incorporation of SHAP analysis into LSTM-based forecasting models presents a 

promising approach to enhancing transparency and efficacy in IoB systems within IoT 

environments. The discussions presented provide a roadmap for utilizing these insights in 

practical energy management applications and lay the groundwork for future innovations in 

the field. 
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6  Conclusion 

This chapter gives the summary of key findings, addresses the research questions and 

contributions in the thesis. 

6.1  Summary of Key Findings 

This research set out to explore the development of a Long Short-Term Memory (LSTM) 

model for forecasting household power consumption and the application of SHAP values to 

interpret the model's predictions. Through rigorous data preprocessing, model tuning, and 

validation processes, we successfully developed an LSTM model that accurately forecasts 

power consumption on both minutely and hourly horizons. The model's performance was 

validated using appropriate error metrics, demonstrating its efficacy in capturing the intricate 

patterns of power usage over time. 

6.2  Addressing the Research Questions 

RQ1: The LSTM model for household power consumption was developed and validated by 

employing a meticulous data preparation strategy, focusing on granularity to capture detailed 

consumption behaviors. The validation showed that the model performs robustly across 

different forecasting horizons, proving its utility for real-world applications in energy 

monitoring. 

RQ2: SHAP values were successfully utilized to enhance the interpretability of the LSTM 

model. They provided a clear, quantifiable measure of how different features influenced the 

model's predictions, thereby demystifying the predictive process and highlighting the 

features of greatest importance. 

RQ3: Insights derived from SHAP values were integrated within an IoB framework to 

demonstrate how they can influence IoT behavior for more efficient household energy 

management. The clear explanations of energy consumption drivers provided by SHAP 

values are pivotal for developing intuitive IoB systems that users can trust and engage with. 
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6.3  Contributions to the Field 

The combination of LSTM and SHAP in this study contributes to the field by advancing the 

transparency and effectiveness of IoB systems in IoT environments. By elucidating the 

decision-making process of the LSTM model, the research offers a pathway for users to 

understand and influence their energy consumption behaviors better. 

6.4  Limitations and Suggestions for Future Research 

While the study achieved its aims, there are limitations, such as the scope of the dataset and 

the need for real-world IoB system integration. Future research should focus on extending 

the dataset, exploring the real-time application of SHAP in IoB systems, and investigating 

user interaction with the model's predictions. 

6.5  Closing Remarks 

In conclusion, this thesis has demonstrated the potential of combining advanced predictive 

models with interpretability techniques to enhance household energy management. The 

findings offer promising directions for future work in the development of user-centric IoB 

systems that not only predict but also effectively manage energy consumption behaviors 

within the IoT paradigm 
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