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[bookmark: _Toc235776879]Abstract

The increasing use of biologic medicines within NHS secondary healthcare has contributed to rising medicines expenditure and created growing challenges for medicines management, procurement and financial planning. The current approaches taken to forecasting medicines demand are largely retrospective and provide limited capability to anticipate future usage. This project investigated whether machine learning could provide an accurate and interpretable approach for forecasting biologic medicines usage using historic pharmacy issues data.

Historic dermatology medicines issue data was extracted from the Welsh Hospital Pharmacy Stock Management System, was cleaned, transformed and aggregated into a structured monthly forecasting dataset. Temporal feature engineering techniques, including lag variables and rolling statistical features, were applied before developing Extreme Gradient Boosting (XGBoost) models to predict medicines usage across 1-month, 3-month and 6-month forecasting horizons. The model’s performance was assessed using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE), Weighted Mean Absolute Percentage Error (WMAPE), Symmetric Mean Absolute Percentage Error (SMAPE) and the coefficient of determination (R²). In addition to the performance metrics, a naïve forecasting benchmark, Diebold-Mariano statistical testing, and Shapley Additive Explanations (SHAP) analysis and sensitivity analysis were also undertaken to evaluate the predictive performance, statistical significance and model interpretability. 

The developed forecasting framework demonstrated strong predictive performance across all forecasting horizons and generally outperformed the naïve forecasting benchmark. SHAP analysis identified historic usage and rolling statistical features as the most influential predictors of future biologic medicines usage, providing transparent explanations of the developed models behaviour. The sensitivity analysis undertaken further demonstrated that although a single high usage medicine influenced several evaluation metrics, the overall forecasting framework remained robust and continued to identify meaningful patterns within the dataset. 

These findings demonstrate that machine learning can provide an accurate, interpretable and operationally relevant approach for forecasting the usage of biologic medicines within NHS secondary healthcare. The proposed framework has the potential to support medicines management, procurement and financial planning by enabling the early identification of future usage while providing transparent predictions that complement professional decision-making. 
[bookmark: _Toc235776880]Introduction

Biologic medicines represent one of the fastest-growing areas of drug expenditure within secondary healthcare systems [1][2]. In the NHS, increased reliance on biologic therapies has placed sustained financial pressure on hospital medicines budgets, particularly within high-cost therapeutic areas such as oncology, immunology, and dermatology [1][2]. While these medicines deliver significant clinical benefit, their complex pricing structures, expanding indications, and long-term treatment pathways present ongoing challenges for financial planning and medicines management within secondary care.

Expenditure on biologic medicines is influenced by a range of interrelated factors beyond simple price and volume. Prescribing behaviour, therapeutic area, biosimilar uptake, formulation changes, and evolving patient demand all contribute to expenditure patterns. As a result, traditional approaches to financial analysis, which are typically retrospective and descriptive in nature, offer limited ability to anticipate future cost pressures. This lack of insight restricts the ability of health boards and trusts to plan proactively, manage risk, and allocate resources effectively.

Despite the availability of detailed pharmacy issues and purchases data within secondary care systems, forecasting practices remain limited. Conventional statistical methods often struggle to capture the non-linear relationships, and temporal dynamics present in biologic medicines data. Consequently, there is growing interest in the application of predictive modelling and machine learning techniques within healthcare analytics, where such methods have demonstrated potential to improve forecasting accuracy and support operational decision-making [3]. When applied appropriately, predictive models offer an opportunity to move beyond descriptive reporting by identifying historical patterns and generating reliable forecasts of future usage.

This project focuses on the analysis of biologic medicines usage within a secondary care setting, using historic pharmacy issues and purchases data from a single NHS health board. The scope is intentionally constrained to biologic medicines within dermatology to examine a high-impact area of hospital drug spend while maintaining appropriate and sufficient analytical depth. By leveraging pharmacy data stored in the national pharmacy system, the project seeks to explore whether predictive modelling approaches can provide actionable insight to support medicines management and financial planning in secondary care.

To analyse the drivers and implications of biologic medicine usage in secondary care healthcare settings and to develop predictive models to forecast future usage. The project pursues the following objectives:

· To undertake a literature review of existing research on predictive modelling of biologics usage in secondary healthcare, identifying methodological approaches, limitations, and gaps to inform model development and further research. 
· To prepare and explore historic secondary care biologic medicines issues data by cleaning, transforming, and performing exploratory data analysis to identify key trends, seasonality, and variability relevant to usage forecasting.
· To develop and validate a predictive model for biologic medicines usage using machine learning techniques, with forecasting performance evaluated using established error metrics such as RMSE and MAE.
· To apply explainable AI techniques to the predictive model to identify and quantify the key factors influencing forecasted biologic drug usage.
· To critically evaluate the predictive model and dashboard in relation to existing literature and stakeholder requirements, assessing their usefulness for medicines management and financial planning in secondary healthcare

[bookmark: _Toc235776881]Literature Review

Biologic medicines have become essential to modern secondary healthcare, particularly in oncology, immunology, dermatology and inflammatory disease management. While clinically beneficial for patients, these therapies represent one of the highest components of hospital medicines expenditure[1][2]. 

Within NHS secondary care settings, biologics are characterised by high acquisition costs, evolving additional clinical indications, and increasing biosimilar market entry [4].Combined, these factors create a dynamic environment for medicines management teams.

Despite the importance of biologics, much of the existing literature focuses on cost containment mechanisms such as biosimilar adoption, pharmaceutical policy reform, and procurement strategies, rather than through proactive lens of usage forecasting [1][2][5]. Traditional retrospective financial analyses provide descriptive insight into past spending patterns but offer limited predictive capability [1]. As financial pressures intensify across UK health systems, there is a growing need for analytical approaches capable of anticipating future biologics usage and identifying its key drivers.

Whilst developments have been ongoing in pharmaceutical policy research, the field of healthcare analytics has made significant advancements. Time-series modelling, statistical forecasting, and machine learning techniques such as ARIMA, Prophet, random forests, gradient boosting, and long short-term memory (LSTM) networks have demonstrated effectiveness in forecasting pharmaceutical sales, hospital resource utilisation, and healthcare demand [6][7][8][9]. 

Through comparison of methodologies, findings, and limitations, this review identifies a research gap in biologics usage forecasting within secondary care. While predictive modelling is increasingly applied in adjacent healthcare domains, there is limited empirical research evaluating forecasting models for biologics usage within UK secondary care. Addressing this research gap forms the foundation of the present project, highlighting the need for research into interpretable forecasting approaches for biologics utilisation within NHS secondary care, capable of supporting proactive usage planning in NHS Wales.

[bookmark: _Toc235776882]Biologics and NHS Medicines Management

Biologic medicines are increasingly forming a significant proportion of NHS medicines expenditure. Over the past two decades, advances in biotechnology have enabled the development of complex therapeutic agents such as monoclonal antibodies, fusion proteins, and recombinant cytokines, which are now widely used across multiple clinical specialties including oncology, dermatology, gastroenterology, and rheumatology. As clinical evidence accumulates and regulatory approvals expand, many established biologic molecules continue to receive additional therapeutic indications, allowing them to be used in broader patient populations [2]. From this, the range of treatment options involving biologic medicines has expanded considerably, further contributing to growth in their utilisation within secondary care settings.

Alongside expanding clinical use, biologic medicines are also associated with substantially higher acquisition costs compared to traditional small-molecule pharmaceuticals. 
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This reflects both the complexity of their manufacturing processes and the regulatory requirements surrounding biological therapies. As a result, biologics have become one of the most significant drivers of medicines expenditure across NHS secondary care [4].

Within the United Kingdom, several national strategies and policy frameworks have been introduced to support the management of high-cost medicines, particularly biologics and other specialised therapies. In Wales and across the wider UK, guidance has been issued through national bodies to promote the safe, effective, and economically sustainable use of these medicines [4] [10] [11]. Such policies often include frameworks for clinical prioritisation, biosimilar adoption, and structured commissioning arrangements for specialised services [12].

These developments reflect broader trends occurring across the global pharmaceutical environment [1]. Worldwide pharmaceutical expenditure has been steadily increasing, with specialty medicines representing one of the fastest-growing segments of the market. Biologic therapies, particularly monoclonal antibodies and targeted immune modulators, now account for a substantial share of global pharmaceutical spending due to their high cost per treatment course and expanding range of clinical indications [2]. At the same time, the pharmaceutical industry has experienced a shift away from traditional small-molecule drugs toward increasingly complex biologic therapies, many of which are designed to target specific molecular pathways involved in disease progression.

This transition has also coincided with increased regulatory scrutiny and growing emphasis on cost-effectiveness within healthcare systems. Health technology assessment bodies such as the National Institute for Health and Care Excellence (NICE) play a central role in determining whether new biologic medicines are recommended for NHS use based on clinical effectiveness and value for money [13].In parallel, advances in precision medicine and personalised healthcare have encouraged the development of highly targeted biologic treatments that are tailored to specific patient subgroups, further shaping prescribing patterns and usage trends [14].

Within the NHS context, these global developments translate into significant challenges for medicines management teams. Hospital medicines budgets have grown substantially in recent years, with an increasing proportion of expenditure attributable to biologic medicines and other high-cost therapies. In secondary care settings, biologics are often concentrated within specialised clinical areas such as oncology, immunology, and inflammatory disease management, where treatment regimens may involve long-term therapy for chronic conditions [2]. This concentration of high-cost treatments contributes to ongoing financial sustainability concerns for both NHS England and NHS Wales [2][4].

In Wales, the commissioning and oversight of specialised medicines is influenced by organisations such as the Welsh Health Specialised Services Committee (WHSSC), which coordinates access to specialised treatments across Welsh health boards. At the UK level, commissioning decisions and prescribing guidance from NICE also influence biologic uptake and funding decisions. Furthermore, national biosimilar policies have been introduced as a key cost-containment strategy, encouraging switching from originator biologics to lower-cost biosimilar alternatives where clinically appropriate. These policies have demonstrated potential to generate significant savings while maintaining equivalent clinical outcomes [4] [15][12][1].

These trends highlight the strategic importance of understanding and anticipating biologics usage within NHS secondary care. The rapid growth in biologic prescribing, combined with the complexity of factors influencing their uptake, which includes the expanding clinical indications, biosimilar adoption, and evolving commissioning policies. This creates a highly dynamic expenditure landscape for NHS bodies. 

Accurate forecasting of biologic medicines usage and associated costs therefore represents an important capability for healthcare organisations. By identifying emerging trends and predicting future demand, forecasting models can provide medicines management teams with actionable insights that support financial planning, resource allocation, and long-term sustainability of services for patients.

[bookmark: _Toc235776883]Factors Influencing Biologics Usage

Forecasting biologics utilisation involves predicting future patterns of medicine use and associated expenditure using historical utilisation data. Within secondary healthcare systems such as the NHS, biologics usage is shaped by a range of interacting clinical, organisational, and economic factors [2]. 

As a result, biologic medicines are typically used in specialised therapeutic areas such as dermatology and are associated with complex prescribing pathways, high acquisition costs, and evolving treatment guidelines [16][17]. As a result, predicting future biologics spending requires consideration of multiple drivers beyond simple usage volumes.

Biologic therapies are now widely used across several therapeutic areas. Biologic therapies are now widely used in specialties such as oncology, dermatology, rheumatology, and gastroenterology, where they provide targeted treatment options for complex or chronic conditions [2]. 

Another important factor influencing usage is the adoption of biosimilars and the associated switching behaviour within healthcare systems. In the UK, national policy has encouraged the uptake of biosimilar alternatives as a mechanism to control rising biologics costs [4][18]. While biosimilars can reduce unit costs, their introduction also introduces dynamic changes in usage patterns, procurement strategies, and market competition. These shifts can produce complex and sometimes unpredictable usage trajectories and trends as health systems transition between originator biologics and biosimilar alternatives.

In addition to clinical drivers, organisational and financial structures within the NHS also influence biologics usage patterns. Budget cycles, procurement contracts, and high-cost drug commissioning arrangements can introduce temporal variation in spending. For example, biologics supplied through homecare services may be subject to different funding mechanisms compared to medicines supplied through hospital pharmacy stock systems [19] [20] . Changes in how services are configured, treatment pathways for patients, or national commissioning guidance may therefore create structural shifts in usage patterns that cannot easily be captured by simple time-series trends.

The forecasting of biologics usage presents a complex analytical challenge. Traditional univariate forecasting approaches, which rely solely on historical spending trends, may be insufficient to capture the multi-dimensional nature of biologics utilisation. Instead, more advanced forecasting methods that incorporate multiple explanatory variables and account for non-linear relationships may provide more accurate predictions. 

[bookmark: _Toc235776884]Current Forecasting Practice in NHS Medicines Management

Across NHS Wales and the wider UK NHS, data use within medicines management remains predominantly retrospective, with limited integration of advanced analytics and machine learning into operational decision-making.

The Welsh Government’s Digital and Data Strategy for Health and Social Care in Wales [21] highlights fragmentation across health data systems and that analytical capability is still developing rather than embedded in regular practice. Furthermore, the strategy highlights that improvements in data quality, accessibility and standards are required.

Limitations with data and reporting are observed in the English NHS. The report created from the Carter review [22], highlights that hospital pharmacy systems continue to rely on varying levels of manual data handling and locally developed reporting processes, with limited standardisation and digital integration. This reliance on basic data tools constrains the ability of organisations to perform advanced analytics or predictive modelling at scale. While national strategies and organisations such as the Digital Health and Care Wales (DHCW) organizational plan [23] outline ambitions to enhance data infrastructure and analytical capability, this work remains ongoing.

This evidence indicates that current NHS practice is largely centred on descriptive retrospective reporting rather than predictive modelling. The limited maturity of data infrastructure, combined with reliance on fragmented systems and manual processes, presents a significant barrier to the adoption of machine learning approaches within pharmacy and medicines management. There remains limited published evidence describing the routine application of predictive machine-learning techniques to medicines management within NHS secondary care, particularly for high-cost biologic medicines.

[bookmark: _Toc235776885]Requirements for an Effective Forecasting Framework

The existing approaches that have been taken to forecasting medicines usage demonstrate important limitations when applied to complex healthcare domains such as biologic medicines. Traditional forecasting methods have frequently relied on univariate time-series models or retrospective descriptive analysis, which are insufficient for capturing the multidimensional nature of healthcare utilisation. Evidence from hospital drug utilisation and pharmaceutical forecasting studies shows that demand is influenced by a combination of clinical, operational, and external factors, resulting in patterns that are inherently non-linear and dynamic [24] [6]. 

One of the key requirements of an improved forecasting framework is the ability to incorporate multiple interacting variables. Healthcare demand is shaped by a range of variables which include, patient need, the configuration of the service, prescribing behaviour, and policy interventions either nationally or locally, which interact in complex ways [25]. Research into pharmaceutical forecasting demonstrates that multivariate models significantly improve predictive performance by capturing these interactions, particularly when compared to traditional univariate models [26] [6]. This is especially relevant in the context of biologics, where usage is not only driven by volume and price, but also by factors such as biosimilar uptake, clinical guideline changes, and therapeutic indication expansion.

In addition to a multivariate capability, improved forecasting approaches must account for the non-linear relationships that exist within healthcare data. Machine learning models, including gradient boosting methods such as XGBoost [27], have been shown to outperform conventional statistical techniques in modelling complex, non-linear patterns in pharmaceutical sales and healthcare demand [27][6]. These findings highlight the need for forecasting frameworks that can accommodate complex functional relationships between variables rather than relying on simplified linear structures [7].

Another important consideration that must be accounted for is the requirement to model temporal dynamics and variability. Healthcare demand is subject to seasonality, long-term trends, and sudden structural changes, such as those caused by external events or changes to policies. Studies analysing prescription trends and hospital medicine usage have demonstrated that failing to account for such temporal dynamics can lead to significant forecasting inaccuracies [5] [3]. Furthermore, research into temporal hierarchies suggests that demand patterns may vary across different time resolutions, reinforcing the importance of flexible approaches that can adapt to changing temporal structures [7].

There have been advances in machine learning have improved predictive accuracy, the literature consistently highlights the importance of interpretability in healthcare forecasting. There is a requirement for the outputs of models to be transparent and interpretable in healthcare decision making, this ensures that predictions can be understood and trusted by clinicians. Research into interpretable analytics and explainable artificial intelligence emphasises that models must provide insight into the drivers of predictions, not simply produce accurate outputs [28]. Techniques such as SHAP [29][30] and other explainability methods have been shown to enhance understanding of complex models by identifying the contribution of individual variables to forecast outcomes [28] [30]. This is particularly important in the context of medicines usage, where decisions informed by forecasts from these models could have significant financial and clinical implications.

To summarise, this literature indicates that an improved forecasting framework must go beyond traditional approaches that have already been taken by integrating several important characteristics. These include the ability to incorporate multiple influencing factors, model non-linear relationships, account for temporal variability, and provide interpretable outputs. Rather than relying on a single modelling technique, effective forecasting in healthcare requires a more holistic approach that reflects the complexity of the system being analysed.

[bookmark: _Toc235776886]Machine Learning in Healthcare Forecasting

Machine learning is becoming an increasingly important approach for forecasting in healthcare, offering capabilities that beyond those offered by traditional statistical methods. Unlike traditional methods, which often rely on linear assumptions and limited variables, machine learning techniques are designed to capture complex, non-linear relationships within large and high-dimensional datasets. This makes them particularly well-suited to healthcare environments, where medicines usage is influenced by multiple variables [25].

There are a growing number of research articles which highlight the effectiveness of machine learning models in forecasting healthcare demand and pharmaceutical utilisation. Studies focusing on drug sales and hospital medicine usage demonstrate that machine learning approaches can achieve improved predictive performance compared to traditional methods, particularly when modelling complex and variable datasets [6][25][31]. These improvements are largely attributed to the ability of machine learning algorithms to automatically identify patterns and relationships within the data [31].

Among the various machine learning techniques applied in healthcare forecasting, ensemble methods such as gradient boosting have gained prominence [31]. Models such as XGBoost [27] have been widely used due to their strong predictive performance, scalability, and ability to handle missing or irregular data [31][27]. These models can capture interactions between variables and modelling non-linear effects, which as highlighted above are common in healthcare datasets. As a result, they have been successfully applied to forecasting pharmaceutical demand and healthcare utilisation, where traditional models often struggle to accurately represent the underlying patterns within the data.

In addition to ensemble methods, other machine learning approaches, including neural networks and hybrid models, have also been explored in healthcare forecasting. Research comparing stochastic models with machine learning techniques indicates that machine learning models generally provide greater flexibility in capturing complex temporal and structural relationships within healthcare data [32]. This is an aspect which is particularly important in pharmaceutical forecasting, where demand may be influenced by a combination of clinical, operational, and external factors such as policy changes and introduction of new drug formulations that vary over time.

Machine learning also enables the incorporation of a broader range of input variables into forecasting models. Healthcare demand is shaped by diverse factors, including demographic characteristics, clinical needs, and system-level influences. These could all be integrated into machine learning models to provide a more comprehensive representation of the system [25]. This contrasts with more traditional approaches, which often rely on a limited number of variables and may therefore fail to capture the full complexity of the data within a healthcare environment.

One of the challenges presented for the use of these models is the balance between model performance and the practical application. While machine learning models can achieve high levels of predictive accuracy, they may also introduce additional complexities compared to more traditional approaches. Research comparing forecasting techniques suggests that the most accurate model is not always the most suitable for operational use, particularly in a healthcare setting where simplicity and usability may be important considerations [32]. This highlights the need to carefully evaluate the trade-offs between the sophistication of the model and its practical implementation especially when dealing with non-technical clinicians.

Healthcare systems are inherently dynamic areas, with medicines usage patterns influenced by evolving clinical practices, policy changes, and external factors. Machine learning models must therefore be capable of adapting to these changes to remain effective. Studies examining healthcare utilisation during periods of disruption, such as the COVID-19 pandemic, demonstrate the importance of flexible forecasting approaches that can accommodate structural shifts in data patterns [5].

[bookmark: _Toc235776887]Explainable Artificial Intelligence in Healthcare Forecasting

The increasing application of machine learning in healthcare forecasting has highlighted a challenge which is the need for transparency in the workings of predictive models. While advanced algorithms can improve forecasting accuracy, the complexity of the models themselves often limits interpretability, in turn this creates barriers to adoption in healthcare environments. In the context of the NHS, where forecasting outputs inform financial planning, resource allocation, and clinical decision-making, the ability to understand and justify predictions is essential [33].

Healthcare forecasting differs from many commercial applications in that decisions must be clinically and operationally accountable particularly within the public sector. NHS organisations operate within highly regulated environments, where decisions must be supported by clear evidence and rationale. As a result, models that function as “black boxes” such as artificial neural networks may be less suitable, regardless of their predictive performance [34]. Research into healthcare analytics emphasises that predictive models must not only generate accurate forecasts but also provide insight into the factors influencing those predictions [34] . This requirement is particularly important when forecasting areas such as medicines usage, where outputs may directly influence commissioning strategies and prescribing policies.

Explainable artificial intelligence (XAI) has emerged as a response to these challenges, providing methods that enable greater transparency in complex models. XAI approaches aim to make machine learning outputs more interpretable by identifying and quantifying the contribution of input variables to predictions [35]. This allows an understanding of how different factors influence forecast outcomes, thereby improving trust and supporting informed decision-making [35].

The literature highlights several techniques that have been developed to enhance interpretability in forecasting models. Methods such as SHAP (Shapley Additive Explanations)[29] [30] and LIME (Local Interpretable Model-Agnostic Explanations) [28] provide a framework for decomposing model predictions into contributions from individual variables, allowing for detailed analysis of model behaviour [36]. These approaches are particularly relevant in healthcare settings, where stakeholders require both accuracy and clarity to act on predictive insights.

The integration of XAI into healthcare forecasting is not without challenges. There is often a trade-off required between the complexity of the model and the interpretability given by the model, with more complex models requiring additional techniques to make their outputs understandable [36]. Furthermore, while XAI methods can provide insights into model behaviour, they may introduce additional layers of analysis that require careful interpretation [36]. As a result, the use of XAI must be approached in a way that balances transparency with usability, ensuring that outputs remain accessible to non-technical stakeholders.

[bookmark: _Toc235776888]Research Gaps in Biologics Usage Forecasting

The literature demonstrates that biologic medicines represent one of the fastest-growing medicines in use in NHS secondary care. This increased use is driven by increasing clinical use, the expansion of therapeutic indications, and the introduction of biosimilars to the market [1][2][4]. While existing research has largely focused on cost-containment strategies such as biosimilar adoption and pharmaceutical policy reform, there is comparatively limited emphasis on proactive forecasting of biologics usage [1][2][5]. Current reporting practice with the NHS remains for the majority retrospective, relying on descriptive reporting and fragmented data systems, this restricts the ability of teams to leverage data to anticipate future demand and upcoming financial pressures [6][23].

In recent years significant advances have been made in healthcare analytics and machine learning has demonstrated improved predictive performance in pharmaceutical demand and resource utilisation forecasting [7][8][9], these approaches are rarely applied specifically to biologics usage within NHS secondary care. 

Traditional forecasting methods, including univariate time-series models, are insufficient for capturing the complex and multi-dimensional drivers of biologics usage, which include clinical demand, usage behaviour, policy changes, and organisational factors [25][26]. While machine learning models such as gradient boosting techniques have shown strong capability in modelling non-linear relationships within healthcare data [3][7][27], their practical adoption is limited by challenges related to interpretability and transparency especially for non-technical clinicians.

The literature further highlights the importance of explainable artificial intelligence (XAI) in addressing these limitations, enabling insight into the factors that influence the predictions of the models and then to support evidence-based decision-making from those predictions [30][34]. However, there remains limited research integrating both advanced predictive modelling and interpretability within a unified framework for biologics forecasting.
From this, a clear research gap exists for the development of an interpretable, multivariate forecasting approach tailored to biologics usage in NHS secondary care. This project seeks to address this gap by applying machine learning techniques alongside explainability methods to produce accurate, transparent, and actionable forecasts to support medicines management decision-making.
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The selection of an appropriate model is critical for healthcare forecasting, where both predictive performance and practical applicability must be considered. In the context of forecasting biologics usage, the modelling approach must be capable of capturing complex, non-linear relationships, handling high-dimensional data, and providing outputs that are both accurate and interpretable. Based on these requirements, this research adopts XGBoost [27] as the primary predictive model, supported by SHAP [29][30] for model interpretation.

[bookmark: _Toc235776891]Comparison with Traditional Statistical Models

Traditional statistical approaches such as ARIMA and other time-series models have been widely used in pharmaceutical and healthcare forecasting. These models are effective in capturing temporal trends and seasonality. However, the drawback with this approach is that they are inherently limited by their reliance on linear assumptions and their focus on univariate or low-dimensional data structures. Research in pharmaceutical forecasting demonstrates that such models struggle to incorporate multiple interacting variables and often fail to capture the complexity of healthcare demand [26][7].

In the context of biologics usage, where it is influenced by factors such as prescribing behaviour, biosimilar uptake and usage, and clinical pathway changes, these limitations are particularly significant. As highlighted in broader healthcare demand modelling, usage is shaped by multiple interdependent variables, which cannot be adequately represented using purely statistical approaches [25]. While traditional models provide a useful baseline, they are insufficient as a standalone solution for this research problem.

[bookmark: _Toc235776892]Comparison with Other Machine Learning Approaches

Machine learning models offer greater flexibility in modelling complex and non-linear relationships, and a range of approaches have been applied in healthcare forecasting. Neural networks, including Long Short-Term Memory models [37], can capture temporal dependencies and complex patterns within time-series data [6]. 

These models often require large volumes of data, are computationally intensive, and can be difficult to tune effectively. Additionally, their lack of transparency makes them less suitable for healthcare environments where interpretability is important [33][32]. 

Other machine learning techniques, such as random forests, offer improved performance over other traditional models and these are less sensitive to overfitting when compared to single decision trees [38]. However, research comparing machine learning approaches indicates that gradient boosting methods often achieve superior predictive accuracy due to their ability to iteratively refine the model’s performance and reduce errors [6][3].

[bookmark: _Toc235776893]Summary

When compared to other machine learning models, XGBoost offers a balance between predictive performance and practical usability. While more complex models such as deep learning approaches could offer some gains in accuracy, XGBoost provides strong performance with lower computational cost and greater ease of implementation, making it more appropriate for forecasting of biologic medicines usage [32].

[bookmark: _Toc235776894]Justification for SHAP

While XGBoost [27] provides strong predictive capability, its complexity necessitates the use of interpretability techniques to ensure that model outputs can be understood and trusted. SHAP (SHapley Additive Explanations) [29][30] is adopted in this research as a method for interpreting model predictions.

SHAP [30] is based on cooperative game theory and provides a consistent framework for quantifying the contribution of each input variable to a model’s predictions. Research in healthcare analytics highlights the importance of such techniques in enabling transparency and supporting decision-making, particularly in environments such as the NHS [7][13].

The use of SHAP [29][30] allows for both global and local interpretability. At a global level, it enables identification of the most important variables influencing biologics usage, providing insight into key cost drivers. At a local level, it allows for explanation of individual predictions, which is valuable for understanding specific forecasting outputs. This dual capability makes SHAP [29][30] particularly suitable for healthcare forecasting, where both overall trends and case-specific insights are important.

[bookmark: _Toc235776895]Comparison with Other Interpretability Approaches
Alternative interpretability methods, such as feature importance measures or partial dependence plots, provide some insight into model behaviour but are often limited in their ability to fully explain complex interactions between variables [39]. In contrast, SHAP [29][30] offers a theoretically grounded and consistent approach to interpreting model outputs, making it more robust and informative than simpler techniques [11][12]. 
[bookmark: _Toc235776896]Summary
In summary, the selection of XGBoost [27] and SHAP [29][30] is justified by their ability to address the key challenges of healthcare forecasting. Traditional statistical models are limited in their ability to capture complex, multivariate relationships, while alternative machine learning approaches either lack interpretability for non-technical users or can introduce unnecessary complexity. XGBoost [27] provides a strong balance of predictive performance, scalability, and robustness, making it well-suited to modelling biologics usage. SHAP [29][30] complements this by enabling transparent interpretation of model outputs, supporting informed and accountable decision-making within an NHS context.

[bookmark: _Toc235776897]Methodology

[bookmark: _Toc235776898]Introduction

This section outlines the methodological framework that has been adopted for the development and evaluation of predictive models for biologics medicine usage within secondary healthcare. The methodology was designed to support the research question of assessing the extent to which machine learning techniques can accurately forecast future biologics demand using historical pharmacy data.

This section discusses the research philosophy, research approach, and experimental design used throughout the project. It also details the processes involved in data collection, preprocessing, feature engineering, predictive model development, and model evaluation. In this section focus is given to the application of Extreme Gradient Boosting (XGBoost) [27] and Explainable Artificial Intelligence (XAI) techniques using SHAP [29][30] to improve interpretability of model outputs for clinical users.

The project adopted structured experimental framework to ensure the research remained transparent, reproducible, and aligned with established healthcare analytics practices. The methodology further incorporates statistical evaluation metrics, comparative forecasting approaches, and governance considerations associated with the use of healthcare data within NHS secondary care environments.

[bookmark: _Toc235776899]Research Philosophy and Approach

[bookmark: _Toc235776900]Research Philosophy

This research adopts a positivist research philosophy due to the project’s reliance on structured quantitative data and statistical analysis. The positivist research approach is appropriate for research seeking to identify objective patterns, relationships, and measurable outcomes from observable data [40][41]. Within this project, the historic usage of biologic medicines data is used to analyse and to identify trends and generate predictive forecasts using machine learning techniques.

The use of a positivist approach aligns with the projects usage of structured pharmacy issues datasets extracted from NHS secondary care systems. These datasets contain quantifiable variables, including medicine usage volumes, cost centre usage, temporal patterns, and location usage which are suitable for objective analysis [42]. The projects use of predictive modelling techniques, including XGBoost, further supports this position through the application of repeatable statistical and machine learning processes to evaluate forecasting performance for biologics medicines usage.

An advantage of the positivist philosophy within this research is the ability to generate reproducible and measurable results through consistent analytical procedures [40]. This supports objective comparison between forecasting approaches using statistical evaluation metrics such as Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE). However, a limitation of positivism is that it does not fully capture the subjective clinical or organisational factors influencing usage behaviour of these medicines [40]. To mitigate this limitation, findings are interpreted within the context of existing healthcare and forecasting literature.

[bookmark: _Toc235776901]Research Approach

This research project adopts a deductive research approach, whereby existing theory and established analytical principles are used to formulate and test a research hypothesis. Deductive research is often commonly associated with positivist studies and quantitative analysis, as it focuses on testing theories through measurable observations and structured evaluation [40].

The central hypothesis of this research is that historical biologics usage patterns and organisational variables can be utilised to generate accurate forecasts of future biologics demand within NHS secondary healthcare settings. To test this hypothesis, historical pharmacy issues and expenditure data are analysed using machine learning techniques, with forecast outputs evaluated against known historical outcomes.

The deductive approach is appropriate for this research project due to the structured and objective nature of predictive modelling. Existing literature demonstrates that machine learning techniques can successfully identify patterns within healthcare and pharmaceutical datasets to support forecasting and operational planning [6] [8]. Utilising this existing theoretical foundation, the research applies XGBoost forecasting models to determine whether similar predictive performance can be achieved within biologics medicines usage for dermatology.

The advantage offered by using a deductive approach is that it provides a clear and systematic framework for model evaluation through predefined performance metrics and comparative analysis [40]. This supports the objective assessment of forecasting accuracy across different prediction horizons identified using metrics such as RMSE, MAE, and MAPE. However, a limitation of deductive research is that unexpected relationships or emerging patterns may not always align fully with the original hypothesis [40]. To mitigate this limitation, exploratory data analysis techniques are incorporated within the research process to identify additional patterns and relationships within the medicines issue dataset.

[bookmark: _Toc235776902]Research Strategy and Experimental Design

[bookmark: _Toc235776903]Case Study Strategy

This research adopts a case study strategy focused on dermatology biologic medicines usage within an NHS secondary healthcare environment in Wales. A case study approach is appropriate where research seeks to investigate a contemporary issue within a real-world operational setting while retaining the contextual complexity associated with that environment [43]. Within this research, the case study strategy enables detailed investigation of biologics usage and expenditure patterns using operational pharmacy data derived from NHS systems.

The research project utilises historical pharmacy issues data extracted from systems managed within Digital Health and Care Wales (DHCW). These datasets contain operational information relating to biologics medicine usage, usage trends, cost centre activity, and organisational variables within secondary care. The use of real-world operational healthcare data increases the practical relevance of the research, allowing predictive models to be developed and evaluated against realistic demand patterns rather than using simulated datasets.

Utilising a case study strategy is particularly suitable for healthcare analytics research due to the complexity of healthcare operational environments and the variability that exists in usage behaviour, treatment pathways, and medicines management processes [40] [5]. Biologics medicines represent a complex forecasting problem influenced by multiple organisational and temporal factors, including biosimilar uptake, prescribing trends, and service demand [1]. Examining these variables within a real-world NHS setting supports the development of forecasting models that are operationally relevant to medicines management and financial planning activities.

An advantage of the case study approach is that it allows detailed analysis of a specific operational healthcare environment while maintaining contextual understanding of the data and organisational processes [43]. However, a limitation of this is that findings may not be fully generalisable across all Welsh NHS organisations due to differences in local prescribing practices, formulary adoption, and operational structures. To mitigate this limitation, the findings will be interpreted alongside wider healthcare forecasting literature and existing research relating to pharmaceutical demand forecasting.

[bookmark: _Toc235776904]Experimental Design

This research project adopts an experimental design to evaluate the effectiveness of machine learning techniques for forecasting dermatology biologics medicine usage within NHS secondary healthcare. Experimental research is appropriate where the hypotheses are tested through structured analytical procedures, a controlled evaluation process, and measurable outcomes [40]. Within this project, a predictive forecasting model is developed and evaluated using historical pharmacy usage data to determine the extent to which future biologics demand can be accurately predicted.

The central experimental hypothesis of this project is that the historical biologics usage patterns and variables can be utilised to generate accurate forecasts of future biologics usage within dermatology NHS secondary healthcare settings. To evaluate this hypothesis, a supervised machine learning framework is implemented using historical pharmacy issues data extracted from operational NHS systems. Existing healthcare forecasting research demonstrates that machine learning approaches are increasingly capable of identifying temporal patterns and supporting operational decision-making within healthcare environments [25][6].

The experimental framework utilises historical time-series data to train forecasting models capable of predicting future biologics usage across multiple forecasting horizons. The research evaluates monthly, 3-monthly, and 6-monthly forecast periods to assess how predictive performance changes over varying temporal ranges. Forecast horizon comparison is particularly important within medicines management and healthcare financial planning, as shorter forecasting windows may provide greater operational precision while longer forecasting periods may better support strategic resource allocation and procurement planning in the longer term [8].

The forecasting framework incorporates the following steps:
· Structured data preprocessing. 
· Feature engineering.
· Model training.
· Validation.
· Comparative evaluation procedures. 

Historical data is separated chronologically into training and validation datasets to preserve temporal ordering and reduce the risk of data leakage. This approach is considered best practice for forecasting and time-series machine learning practice, as randomised splitting techniques may unintentionally expose to the model future observations during model training and artificially inflate predictive performance [44] [45].

The experimental design additionally incorporates the development of lag-based and temporal predictor variables to support supervised learning. Feature engineering techniques are widely used within machine learning forecasting to capture historical behavioural patterns, seasonality, and temporal dependencies within operational datasets [45]. The use of structured pharmacy operational data containing variables such as medicine usage volumes, issue timing, and historical usage trends provides an appropriate basis for predictive modelling within secondary healthcare environments.

The forecasting performance of the model is evaluated using multiple statistical and forecasting-specific evaluation metrics, including Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Weighted Mean Absolute Percentage Error (WMAPE), Symmetric Mean Absolute Percentage Error (SMAPE), and coefficient of determination (R²). RMSE and MAE provide measures of absolute forecasting error, while MAPE, WMAPE, and SMAPE are particularly valuable within forecasting research due to their ability to assess relative predictive performance of models across varying demand magnitudes [46] [47]. WMAPE is particularly suitable for operational healthcare forecasting because it reduces distortion caused by low-volume to zero observations and places greater weighting on higher-volume medicines usage [48]. SMAPE is additionally incorporated to reduce the instability associated with traditional percentage-based error metrics when actual values are close to zero [46].

The research additionally incorporates a naïve baseline forecasting approach using historical lag values to assess whether the machine learning models provide meaningful predictive improvement beyond simple trend continuation. This baseline comparison is recognised as an important component of forecasting evaluation, as it ensures that increased model complexity produces measurable operational benefit rather than overfitting from historical data [45].

An advantage of the experimental design is that this supports systematic and reproducible evaluation of forecasting performance through structured analytical procedures and measurable outcomes [40]. However, there are limitations that remain due to the complexity of healthcare operational environments and the potential influence of external factors not fully represented within the dataset used, including policy changes, biosimilar adoption strategies, supply shortages, and the changes in prescribing guidance at health board level. To reduce the impact of these limitations, findings are interpreted alongside existing healthcare forecasting literature and wider NHS operational context.

[bookmark: _Toc235776905]Implementation of Project

[bookmark: _Toc235776906]Data Sources and Scope

The dataset utilised within this project consisted of the historical issues of the identified biologics medicines extracted from the Welsh Hospital Pharmacy Stock Management System which is managed by Digital Health and Care Wales. The data was selected as it represents real life operational historic usage data of medicines in secondary care. This data is routinely used by finance and medicines management departments for their financial planning and fits in with the wider Digital Health and Care Wales and Welsh Government strategies of utilising digital and analytical techniques effectively [23][21].

The data extracted from the dataset included the historical records of the issues of medicines including the issue date, medicine name, quantity of the issue and organisational, cost centre and location identifiers. This dataset was selected as it contained the historic usage patterns of medicines, these historical patterns are recognised as a key input for healthcare demand forecasting and have previously been used with success in other forecasting studies [7][25][3]. The use of historic medicines issue data directly supports the research objective of determining whether biologics demand can be accurately predicted using machine learning techniques.

The scope of this project was restricted to biologics medicine used in dermatology in secondary healthcare. This focus was selected due to increasing financial significance of biologic medicines and the growing importance of effective forecasting to support medicines optimisation and budget planning [4][10]. Previous research has highlighted the substantial expenditure that is associated with biologics medicines and the opportunities presented to healthcare organisations to improve resource utilisations using the data available [1][22].

Prior to the analysis of the data, the extracted data underwent pseudonymisation to remove identifiable operational information while preserving the relationships between the variables required for forecasting [49]. The resulting dataset provided a practical balance between upholding data governance requirements and its analytical utility.

[bookmark: _Toc235776907]Data Cleaning and Transformation

Following the extraction of the dataset, it underwent a series of cleaning and transformation steps. This aimed to improve the data quality and to prepare it for use within the XGBoost algorithm. Data pre-processing is a critical step within the machine learning process as at this stage inconsistencies such as missing values and variations in data formats can be addressed so that it does not adversely affect the model performance [25][45].

The original dataset contained medicine issue records recorded at a transaction level. Before modelling could occur, the dataset was assessed to identify missing values, inconsistent quantities and anomalies that could affect the accuracy of the forecast. Data quality assessment is particularly important within healthcare forecasting studies due to the operational nature of the source systems and the potential for variation in recording practices across varying healthcare organisations [24][25].

One of the key transformation steps in the process was the standardisation of the medicine usage quantities. The data contained quantity information recorded as both containers and dose units, to ensure consistency across the dataset these fields were transformed into a common usage measure that represented the total units used. This approach allowed demand to be measured in a standardised metric suitable for comparative analysis and forecasting. The use of consistent measurement units is widely recognised and recommended within the forecasting research, as variation in the input scales can obscure underlying demand patterns and reduce the model accuracy [45]. Figure 3 below shows the steps taken to clean the data.
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[bookmark: _Toc235776953]Figure 3: Cleaning of Data and unit derivation

Following on from this standardisation, the transaction level records were aggregated into monthly observations as demonstrated in figure 4.
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[bookmark: _Toc235776954]Figure 4: Monthly aggregation of data
 Monthly aggregation was selected as the objective of the research was to support medium-term forecasting for medicines management and planning activities, rather than day-to-day operational stock control. Previous hospital pharmacy forecasting studies have similarly used aggregated temporal periods to reduce short-term variability and improve the identification of the underlying demand [7][3]. Forecasting literature further highlights that performing aggregation can reduce noise within operational datasets and improve the stability of forecasting models to analyse longer-term demand trends [45]. 

The transformed dataset was then ordered chronologically to prepare it for time series forecasting. Maintaining a temporal order is considered essential within forecasting studies, as predictive models must be trained using only information available at the time of prediction. Ordering in this way stops information leakage and ensures a realistic performance [44]. 

[bookmark: _Toc235776908] Feature Engineering

Feature engineering was undertaken to transform the cleaned operational dataset into a structured format which is suitable for supervised machine learning. Feature engineering is key step of predictive modelling, as the quality and relevance of input variables can significantly influence forecasting performance [45]. The objective at this stage of the model was to create features capable of temporal patterns and demand behaviours that are associated with the usage of biologics medicines in dermatology [6]. The features created in figure 5 provide additional context that could not be captured through historical demand alone.
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[bookmark: _Toc235776955]Figure 5: Feature engineering of rolling statistical features
Lag-based featured were generated to represent previous medicine usage levels. The historical demand is frequently identified as one of the strongest predictors of future demand and is widely used within healthcare and pharmaceutical forecasting studies as a method to capture the temporal dependencies that exist within the data [6][7][3]. Lag variables were then created to provide the model with recently observed utilisation levels when generating the future forecasts. The inclusion of lagged observations facilitates models to learn relationships between past and future demand; this is considered an essential feature engineering technique within time series forecasting [45].

To facilitate evaluations across the varying different forecasting horizons, separate target variables were created, representing 1-, 3- and 6-month future demand. The creation of multiple forecasting targets enabled comparative assessment of predictive performance across multiple forecasting timescales. This approach aligns with healthcare forecasting literature, which highlights that different planning activities may require forecasts that cover varying time periods [8][25].

To further support the development of the model, sample weighting was incorporated during training to increase the influence of observations associated with higher-volume medicines [50]. This approach was adopted to reflect the greater operational and financial significance of forecasting errors associated with high-usage biologics. Given the substantial expenditure associated with biologic therapies and the importance of efficient medicines management within healthcare organisations, prioritising accuracy for high-volume medicines was considered operationally appropriate [4][10][22].

The resulting feature set provided a structured representation of historical usage patterns, temporal trends, and future demand targets. These engineered features formed the foundation of the predictive modelling framework and enabled subsequent evaluation of forecasting performance across the multiple time horizons of 1,3 and 6 months.

[bookmark: _Toc235776909]Selection of XGBoost

Extreme Gradient Boosting (XGBoost) [27] was selected as the predictive modelling algorithm for this study. As established in the literature review, XGBoost [27] has demonstrated strong predictive performance within healthcare forecasting and pharmaceutical demand prediction due to its ability to model complex non-linear relationships while maintaining computational efficiency when applied to structured tabular datasets [6][25][27][31][32][34]. Consequently, XGBoost [27] was considered an appropriate modelling technique for forecasting dermatology biologics medicine utilisation using historical NHS pharmacy issues data.

The pharmacy dataset used within this study consisted of structured historical medicines issues data containing temporal variables and engineered lag features. XGBoost [27] was therefore well suited to this forecasting task due to its ability to model interactions between predictor variables without requiring assumptions of linearity or data distribution, whilst also incorporating regularisation techniques to reduce overfitting and improve generalisation to unseen data [27]. In addition, the algorithm provides native handling of missing values and supports feature importance analysis, making it appropriate for operational healthcare datasets and subsequent model interpretation using SHAP [29][30].

The implementation of XGBoost [27] within this study, including feature engineering, hyperparameter optimisation, model training, and validation, is described in the following sections.

[bookmark: _Toc235776910]Training and Validation Strategy

A structured training and validation strategy was implemented to ensure that the forecasting performance of the model was robustly evaluated to minimise the chances of overfitting. Forecasting models differ from conventional machine learning applications as future observations are unavailable at the point of prediction. Thus, the validation period must preserve the temporal order to ensure that the model performance is reflective of realistic forecasting conditions [44] [45]. 

The dataset was partitioned chronologically into training and validation subsets. Unlike traditional machine learning applications where the observations can be randomly allocated to training and testing datasets, random sampling is not an appropriate technique due to the time-series nature of the data. Introducing a random split may introduce data leakage to the model and expose future observations, which could artificially inflate the model performance [44][45]. To mitigate this, the historical observations were used for model training, while the more recent observations were retained for validation. 

To further strengthen the model’s evaluation, time series cross validation was implemented using a rolling validation framework. TimeSeriesSplit was selected as it preserves the temporal order while allowing the models performance to be assessed across the multiple forecasting periods as discussed, this is shown in figure 6. 
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[bookmark: _Toc235776956]Figure 6: Time series split of data.
Using this approach gives a more robust estimate of predictive performance than a single train-test split [45][51]. By repeatedly training on the historical observations and then validating these against the subsequent periods the methodology ensured that the performance of the model was evaluated under conditions consistent with real world forecasting applications.

For the varying horizons of 1-month, 3-months and 6-months a separate model was developed for each of these horizons. The use of the multiple horizons enabled assessment of how predictive performance changed as the forecasting horizon was increased. This approach is supported by healthcare forecasting literature, which demonstrates that the model accuracy often varies across the horizons, and that users may require forecasts over various timescales [8][25][3]. 

Hyperparameter optimisation was undertaken using GridSearchCV [52] to identify the model configuration that provided the strongest predictive performance. A range of hyperparameters including tree depth, learning rate, number of estimators, subsampling rate and regularisation values were systematically evaluated as demonstrated in figure 7. 
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[bookmark: _Toc235776957]Figure 7: Parameter grid for GridSearch
Hyperparameter optimisation is recognised as an important component of machine learning model development because model performance can be highly sensitive on the parameters that are selected for use [27][31]. 

Sample weighting was also incorporated during the model training to increase the influence of observations associated with medicines of higher volume usage. This approach was adopted to reflect the greater operational consequences of forecasting errors involving frequently utilised biologic medicines [50]. 

[bookmark: _Toc235776911]Model Evaluation Framework

An evaluation framework was implemented to assess the forecasting accuracy of the forecasting performance across the various prediction horizons.  Forecasting literature recommends the use of multiple evaluation metrics, as there is no single measure which provides a complete assessment of model performance [47][48].

Root Mean Squared Error (RMSE) and Mean Absolute Error (MAE) were used to measure the forecasting accuracy. RMSE places a greater emphasis on larger forecasting errors, making it particularly useful for identifying substantial deviations between the predicted demand and the demand that is observed [47]. In contrast to RMSE, MAE provides a direct measure of average forecasting error and is less sensitive to extreme observations [47]. The combined use of RMSE and MAE enabled assessment of both the overall forecasting accuracy and the impact of large errors. 

Percentage -based metrics were additionally incorporated to allow comparison across medicines with differing usage volumes. Mean Absolute Percentage Error (MAPE) was included due to its widespread use within forecasting research and ease of interpretation [47][48]. A limitation of MAPE, is that it may become unstable when actual values are close to zero, with the potential to distort assessment of the model’s performance [47] [53].

To address the limitation, Weighted Mean Absolute Percentage Error was adopted as the forecasting metric. WMAPE weights errors according to the magnitude of observed demand [53]. This places a greater emphasis on the forecasting performance of the higher volume medicines, which is appropriate for biologics medicines usage as higher use medicines may have a greater financial impact than the equivalent errors lower volume medicines.

Symmetric Mean Absolute Percentage Error (SMAPE) was also calculated to provide a more balanced percentage-based assessment of the forecasting performance. By incorporating both the actual and predicted values within the denominator SMAPE reduces the sensitivity to extreme values and provides a more stable measure of the forecast accuracy across the demand levels [54]. 

In addition to the forecasting specific error measures the coefficient of determination (R2 ) was utilised to assess the proportion of variation in medicine usage explained by the model. Although it is not used as the primary metric, the R2 provides additional insights into the model’s ability to capture the underlying demand patterns. 

Finally, the model performance was also compared against the naïve forecasting benchmark using the previous observed usage value as the forecast. The inclusion of a benchmark model is widely recommended, within forecasting research to determine whether increased model complexity provides meaningful predictive improvement over simple forecasting approaches [46].

[bookmark: _Toc235776912]Statistical Comparison of Forecasting Models

Whilst the forecasting accuracy metrics provide measures of model performance ultimately, they do not determine whether the observed differences between the competing forecasting models are statistically significant. From this, the Diebold-Mariano (DM) test [55] was employed to the compare the predictive accuracy of the 1-month, 3-month and 6-month forecasting models. The DM test is widely recognised within forecasting research as a method of evaluating whether the differences in forecast error between models are statistically distinguishable [55]. 

The Diebold-Mariano test compares forecast error series generated by alternative forecasting models and then evaluates whether one model demonstrates significantly superior predictive performance. Unlike traditional accuracy metrics, which provide descriptive measures of the quality of the forecasts produced, the DM test enables formal statistical assessment of whether observed differences are meaningful [55].

For this project the DM test was applied to forecast errors generated during the model validation. Pairwise comparisons were conducted between the 1-month, 3-month and 6-month forecasting horizons to determine whether differences in predictive performance were statistically significant. The null hypothesis stated that no difference existed in forecast accuracy between the models being compared, whilst the alternative hypothesis stated that a statistically significant difference in predictive performance was present.

A significance level of 0.05 was adopted throughout the analysis. Where the resulting p-value was below this threshold, the null hypothesis was rejected, indicating evidence of statistically significant difference in forecasting accuracy. Conversely where the p-values were greater than 0.05 suggested that any observed differences in performance may have occurred due to the random variation within the forecast error series. 

The inclusion of the Diebold-Mariano test strengthens the evaluation of the model by supplementing traditional forecasting measure with formal statistical testing. This enables the assessment of not only which forecasting model achieved the strongest predictive performance, but also whether the differences between competing models were sufficiently large to be considered statistically meaningful. 

[bookmark: _Toc235776913]SHAP Analysis

While the predictive accuracy of the model is an importantly measure of its performance, healthcare forecasting applications also require transparency and interpretability for clinical users to help support their decision-making. The increasing adoption of machine learning within healthcare has resulted in growing interest in explainable artificial intelligence (XAI) techniques that enable users to understand how the predictions are generated [28][35][36]. This aspect is of particular importance within healthcare environments, as forecasting outputs may influence operational and financial planning decisions.

Traditional machine learning models, including ensemble methods such as XGBoost [27], are often described as black box algorithms due to the difficulty of directly interpreting the relationships learned during model training [33]. While these models may achieve strong predictive performance, limited interpretability can reduce the trust in the models and hinder their adoption within healthcare [28][34]. XAI techniques are increasingly recommended to improve the transparency and support the practical implementation of machine learning techniques [36].

To address the challenges presented by machine learning interpretability, Shapley Additive Explanations (SHAP) was selected as the primary explainability technique within this project. SHAP [29] is an explainable artificial intelligence model based on cooperative game theory that quantifies the contributors of individual features to model predictions [30]. Previous healthcare research has demonstrated SHAP’s [29] effectiveness at improving transparency and interpretability while maintaining the predictive performance advantages associated with machine learning [30][34].  

SHAP [29] was selected due to its ability to provide both global and local explanations of the model’s behaviour. Global explanations enable the identification of the features overall influence to the models’ forecasts. For this project global SHAP [29] analysis was used to identify the variables most strongly associated with future biologic usage, providing insights into the drivers of the forecasting outcomes and supporting understanding of the model’s decision-making process.

The incorporation of SHAP [29] analysis strengthened the interpretability of the forecasting framework by supplementing the predictive performance me metrics with explainable insights. Taking this approach aligns with current healthcare artificial intelligence literature which places great emphasis on the importance of predictive accuracy with the trustworthiness and practical usability of machine learning models [28][35][36].

[bookmark: _Toc235776914]Governance and Ethical Considerations

The project utilised historical issues data of biologics medicines, prior to analysis the dataset underwent pseudonymisation to remove identifiable information such as the drug name, location and cost centre. The pseudonymisation of data is an effective technique as it reduces the privacy risks whilst also maintaining the analytical utility of the dataset [49]. 

The dataset contained no patient-identifiable information and did not include personal demographic clinical or diagnostic data. The research also did not involve direct patient participation, or the processing of sensitive health information. The forecasting models developed within this project were intended solely to support operational medicines management and financial planning, rather than clinical decision-making. 

Several limitations should be considered when interpreting the findings of the project. The study was conducted using data originating from a single NHS health board and focussed specifically on biologic medicines used in dermatology. Although this enabled investigation of the defined are of dermatology the findings may not be fully generalisable to other NHS organisations, specialities due to the differences in governance and usage behaviour that exists.

The forecasting framework relied on historical medicines usage data as the primary data source. Although historical demand is recognised as a strong predictor of future usage [6][7], there are other external factors such as medicines shortages, policy changes, biosimilar adoption [4] and changes in guidance which can impact future demand.

A further limitation is the exclusion of patient-level data, whilst the approach supported compliance with the data governance and reduced the requirements with the analysis, additional variables such as patient demographics, disease prevalence, indications of use could be of value and could be considered for future work.

Despite the limitations described above the methodology provides a robust framework for evaluating the application machine learning techniques for the forecasting of biologic medicine usage within secondary healthcare.
[bookmark: _Toc235776915]Results and Evaluation

[bookmark: _Toc235776916]Forecasting Performance

The below section presents the performance of the XGBoost [27] forecasting models across the 1-month, 3-month and 6-month horizons. The model’s performance is first assessed visually using the actual versus predicted plots before quantitative evaluation using the forecasting metrics. 

[bookmark: _Toc235776917]1-Month Forecast

The below figure 8 demonstrates the relationship between the observed and predicted biologic medicines usage generated by the 1-month XGBoost [27] model. Most of the observations are clustered around the line of perfect prediction, indicating that the model accurately captured the demand for lower-volume medicines. Greater deviation from the reference is evident for several higher volume observations, where the model can be seen to generally underpredict the actual medicines demand. Despite these deviations there was an overall positive relationship between the actual and predicted values, indicating that the model successfully identified the underlying demand patterns with the validation dataset.  

[image: No description has been provided for this image]
[bookmark: _Toc235776958]Figure 8: Actual usage vs predicted usage for 1-month horizon
[bookmark: _Toc235776918]3-Month Forecast

The below figure 9 demonstrates the relationship between the observed and predicted biologic medicines usage generated by the 3-month XGBoost [27] model. Most of the observations are clustered around the line of perfect prediction, indicating that the model accurately captured the demand for lower-volume medicines. In comparison to 1-month model there is greater clustering around this line for the low volume medicines. Greater deviation from the reference is evident for several higher volume observations much like the 1-month model, where the model can be seen to generally underpredict the actual medicines demand. Despite these deviations there was an overall positive relationship between the actual and predicted values, indicating that the model successfully identified the underlying demand patterns with the validation dataset.  

[image: No description has been provided for this image]
[bookmark: _Toc235776959]Figure 9: Actual usage vs predicted usage for 3-month horizon
[bookmark: _Toc235776919]6-Month Forecast

The below Figure 10 demonstrates the relationship between the observed and predicted biologic medicines usage generated by the 6-month XGBoost [27] model. Like the 3-month model, most observations are clustered closely around the line of perfect prediction, indicating that the model accurately captured the demand for lower-volume medicines. The clustering of observations around the reference line remains consistent across the lower and medium usage ranges, demonstrating strong agreement between the observed and predicted values.

As with the previous forecasting horizons, greater deviation from the reference line is evident for several of the higher-volume medicines, where the model generally underpredicts the actual demand. However, despite these deviations, the model continues to closely follow the overall demand trend, with predictions remaining well aligned to the observed values. This demonstrates a strong positive relationship between the actual and predicted medicines usage and indicates that the 6-month XGBoost model [27] successfully captured the underlying demand patterns within the validation dataset.
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[bookmark: _Toc235776960]Figure 10: Actual usage vs predicted usage for 6-month horizon
[bookmark: _Toc235776920]Model Evaluation Metrics

The forecasting performance of the developed XGBoost [27] models was evaluated across the three horizons, 1-month, 3-month and 6-month using the evaluation framework described in the methodology. The model’s performance was assessed using the below measures:

· Mean Absolute Error (MAE)
· Root Mean Squared Error (RMSE)
· Mean Absolute Percentage Error (MAPE)
· Weighted Mean Absolute Percentage Error (WMAPE)
· Symmetric Mean Absolute Percentage Error (SMAPE)
· The Coefficient of Determination (R2)

Figure 11 below summarise the overall performance of the model for each of the forecasting horizons.
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[bookmark: _Toc235776961]Figure 11: Performance metric output for all horizons

The results demonstrate variation in forecasting performance across the three horizons. The 1-month forecasting model achieved the lowest MAE of 11.26 and RMSE of 29.87. As the forecasting horizon increases both the MAE and RMSE increased, the 6-month model showed the largest forecasting errors.

The percentage-based performance measures showed a different trend. The 1-month model produced a WMAPE of 39.04%, where the 3-month and 6-month models achieved SMAPE of 22.71% and 23.83% respectively. This trend was similarly observed for the SMAPE measure which decreased from 120.36% for the 1-month model to 98.67% for the 3-month model and 94.21% for the 6-month model. These results of this evaluation indicate differences in model performance depending on the evaluation metric employed.

The R2 increased across all the forecasting horizons ranging from 0.871 for the 1-month model to 0.969 for the 6-month model. This gives an indication that the longer horizons explained a greater variation that is present within the validation dataset. 

The XGBoost [27] model demonstrates the ability forecast biologic medicines usage across all three of the prediction horizons. While the absolute forecasting errors increased as the forecast horizon increased, the percentage-based measures and R2 values demonstrated differing trends.

[bookmark: _Toc235776921]Comparison with Naïve Forecast

To determine whether the XGBoost [27] models provided meaningful predictive value, the forecasting performance was compared against a naïve forecasting benchmark. The naïve model utilised the previously observed medicines usage value (lag1) as the prediction of future demand. 

Figure 12 compares the naïve forecast results to the results obtained from the XGBoost models [27].
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[bookmark: _Toc235776962]Figure 12: Performance metrics compared to naïve benchmark for all horizons

The results demonstrate that the XGBoost [27] model consistently outperformed the naïve benchmark when evaluated MAE. The greatest improvement was observed for the 1-month model where the MAE was reduced by 13.96%, while improvements of 5.4% ad 9.73% were achieved for the 3-month and 6-month models respectively.

A similar trend was also observed when RMSE was concerned, the 1-month and 6-month forecasting horizons showed reductions of 15.83% and 26.86% respectively in comparison to the naïve benchmark. The 3-month model produced a higher RMSE than the naïve forecast produced, this resulted in a decrease of 18.29% in performance according to this metric. This indicates that although the 3-month model achieved lower average forecasting errors that within the validation period several large prediction errors occurred. 

The comparison with the naïve benchmark demonstrates that the XGBoost model provides improved predictive performance that a simple persistence-based forecasting approach. This indicates that the machine learning model could extract meaningful temporal relationships from the historic biologic medicine’s usage. 

[bookmark: _Toc235776922]Statistical Comparison of Forecasting Models 

To determine whether the observed differences in the forecasting performance between the 1-month, 3-month and 6-month models and the naïve benchmark were statistically significant, the Diebold-Mariano [55] was applied to the forecast error series generated during the model validation.

The below figure 13 shows the results of the pairwise Diebold-Mariano comparisons of the three forecasting horizons.
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[bookmark: _Toc235776963]Figure 13: Diebold-Mariano test results for forecast comparison.
The Diebold-Mariano [55] test identified no statistically significant differences in forecasting accuracy between any of the forecasting horizons, as all the p-values exceeded the significance threshold. The comparison between the 1-month and 3-month forecasting models produced the lowest p-value, however those remained above the threshold required to reject the null hypothesis.

The findings give an indication that although differences were observed in the forecasting performance of each of the horizons, the variations in forecasting accuracy between each of them was not enough to be considered statistically significant. No individual forecasting horizon demonstrated statistically superior predictive performance over the other based on the forecast error distributions analysed. 

To provide further analysis and evaluation of the practical benefits of the machine learning approach, the Diebold-Mariano test [55] was applied to compare the XGBoost [27] models against the corresponding naïve forecast. The results are presented below in figure 14. 
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[bookmark: _Toc235776964]Figure 14: Diebold-Mariano test results for forecast comparison to naïve benchmark.
Like the comparisons between the forecasting horizons in figure 14, none of the XGBoost [27]models demonstrated statistically significant improvements over the naïve forecast, all the p-values exceeded the significance threshold of 0.05. Although the quantitative metrics presented in the forecasting performance section, indicated that the XGBoost [27] models generally achieved lower forecasting errors that then the naïve approach. The Diebold-Mariano test suggests that these improvements were not large or consistent enough to demonstrate a significant statistical superiority over the naïve forecast. 

Overall, the statistical analysis indicates that whilst differences in forecasting performance were observed between the competing models and the naïve benchmark, these differences demonstrated no significant statistical differences. Therefore, the null hypothesis could not be rejected for any of the comparisons undertaken. 


[bookmark: _Toc235776923]SHAP Model Interpretation

To improve the transparency and interpretability of the developed XGBoost [27] forecasting models, Shapley Additive Explanations (SHAP)  [29][30] were applied to examine the contributions of features to the models’ predictions. SHAP [29][30] provides a global explanation of model behaviour, by quantifying the impact of each feature on the forecasted output, this allows the most influential predictors to be identified across the entire validation dataset. This supports greater understanding of the underlying decisions taken by the machine learning model. 

Figures 15-17 present the SHAP [29][30] plots of the 1-month, 3-month and 6-month models. Each plot has the features ordered according to their contribution to the models’ prediction, with features positioned at the top of the plot having the greatest influence. The colour gradient represents the magnitude of the feature values.

[image: No description has been provided for this image]
[bookmark: _Toc235776965]Figure 15: SHAP Global Output 1-month horizon



[image: No description has been provided for this image]
[bookmark: _Toc235776966]Figure 16: SHAP Global Output 3-month horizon



[image: No description has been provided for this image]
[bookmark: _Toc235776967]Figure 17: SHAP Global Output 6-month horizon
The SHAP [30] model analysis demonstrated a high degree of consistency across the three forecasting horizons. The rolling historical utilisation features were identified as the dominant predictors if future biologics demand, with the feature roll_mean_3 the 3-month rolling mean was consistently shown to be the most influential feature across each of the forecasting models. Similarly, the features, roll_mean_6, roll_max_3, rol_max_6 and roll_min_3 were also ranked among the higher contributors to model predictions. This indicates that individual observations do not provide as great a predictive value as aggregated historical usage. 

The second set of influential features were the lag-based features, these also contributed to the model-performance. The features lag_1, lag_2, lag_3 and lag_4 consistently appeared as the most influential predictors to model performance. Their contribution is lower than that of the statistical rolling features. This suggests that whilst the recent utilisation remains an important indicator of future demand, the summarisation of historical behaviour over multiple time periods provides a more informative representation of usage trends.

In contrast to the previous sets of features, the calendar variables month_number and year demonstrated limited influence on the models. This was seen also with the derived growth variables and the homecare-specific features which contributed very little to the models’ overall predictions. This suggests that the forecasting models has relied primarily on the historical utilisation behaviour rather than seasonal or temporal characteristics when generating the predictions.

Comparison of the three forecasting horizons demonstrated consistency in feature importance rankings. Although the magnitude of the SHAP [29][30] values increased for the longer forecasting horizons, this reflects the longer prediction targets, the relative ordering of the influential features remained for the most part unchanged. This consistency provides additional confidence in the robustness of the forecasting framework, indicating that the similar historic demand characteristics underpin predictions regardless of the horizon considered.

[bookmark: _Toc235776924]Local SHAP Interpretation

Whilst the global SHAP [29] analysis provides an understanding of the overall feature importance of the dataset, local SHAP [29] explanations enable interpretation of individual forecasts by quantifying the contributions of each feature to a specific prediction. This provides greater transparency regarding why a particular forecast was generated and supports the practical application of machine learning in healthcare [36].

The below figure 18 presents as SHAP [29] waterfall plot for an individual prediction.
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[bookmark: _Toc235776968]Figure 18: SHAP Local Output for specific forecast
 
Figure 18 presents the local SHAP [29][30] explanation for a forecast generated from a November 2025 forecast origin. The model predicted 1291.9 units whereas the observed utilisation was 1479 units, representing an underprediction of 187.1 units. SHAP [29][30] indicates that the prediction was drive predominantly by recent historic usage, particularly the 3-month rolling mean, together with other rolling statistics and lagged demand features. These variables correctly indicated that usage would remain high, but the model did not fully capture the subsequent increase in usage observed in the forecast period. This suggest that factors not represented in the training data, such as accelerated patient uptake or clinical policy changes, could have contributed to the higher-than-expected demand.

The incorporation of both global and local SHAP [29][30] explanations strengthen the interpretability of the forecasting framework by demonstrating not only which of the features was the most influential but also how the features combine to produce an individual forecast. This level of explainability increases confidence in the forecasting model and supports its potential application within healthcare [36].
[bookmark: _Toc235776925]Discussions

[bookmark: _Toc235776926]Overview of Findings

This chapter discusses the findings presented in the Results chapter and evaluates their significance in relation to the research objectives and existing literature. The primary aim of this research was to investigate whether machine learning techniques specifically XGBoost [27], could accurately forecast the future biologics medicines usage within NHS secondary healthcare using historical pharmacy usage data. This chapter also considers the practical implications of the forecasting framework, evaluates the strengthens and limitations of the proposed research approach, and identifies the opportunities for future development.

The results demonstrated that the developed XGBoost [27] models could forecast biologics medicines usage across periods of 1-month, 3-month and 6-months. Visual assessment of the forecasting models demonstrated a strong relationship between observed and predicted utilisation, whilst the quantitative evaluation indicated good predictive performance across all forecasting horizons. The models also generally outperformed the naïve forecasting benchmark when assessed using the selected forecasting metrics, demonstrating the potential value of machine learning supporting medicines usage forecasting.

The models were compared statistically using the Diebold-Mariano test [55] for the different forecasting horizons and naïve benchmark, from the test these were not statistically significant. These findings suggest that although the numerical differences in the forecasting performance were observed, no individual forecasting horizon demonstrated statistically superior predictive accuracy based on the validation data that was analysed.

The SHAP [29][30] analysis further demonstrated that the historical utilisation characteristics such as the lag-based features and rolling statistical features, were the dominant contributing features for model prediction. This supports the importance of historical demand behaviour when forecasting biologics medicines usage and provides greater transparency [36] regarding the decisions taken by the XGBoost [27] models.

The overall results demonstrate the potential of machine learning to support biologics usage forecasting, additional analysis also identified factors that influenced the forecasting performance. These findings provide further insight into the robustness of the forecasting framework and are explored later in this chapter alongside comparisons with previous research, consideration of practical implication within NHS secondary healthcare, and recommendations for future development. 

[bookmark: _Toc235776927]Discussion of Forecasting Performance

[bookmark: _Toc235776928]Comparison with Existing Literature

The findings of this research demonstrate that XGBoost [27] can be successfully applied to forecast biologics medicines usage within NHS secondary healthcare using historical pharmacy usage data. Across all forecasting horizons, the developed models demonstrated strong predictive capability, supporting the growing body of evidence that machine learning techniques can effectively model complex healthcare demand [6][8][25].

Previous research has reported that machine learning algorithms outperform traditional statistical forecasting methods when modelling pharmaceutical demand due to their ability to capture complex, non-linear relationships within the data [6][31][32]. The findings of this project support the conclusions identified within the research. The XGBoost [27] models across all horizons showed good predictive performance and generally produced lower forecasting errors than the naïve benchmark. This suggests that incorporating historical utilisation behaviour and engineered temporal features enabled the model to learn meaningful patterns beyond simple persistence forecasting. 

The importance of the historical usage measures was further reinforced by the findings of the SHAP [29][30] analysis. This analysis demonstrated the importance of not only the historical usage measures but also the lag-based features, these were shown across the three forecasting horizons as the most influential features. This aligns with previous healthcare forecasting studies such as Barrow et al [7] and Xu et al [3] which identify historic medicines usage as strong determinants of future demand. The relatively limited contribution of calendar-based variables also suggests that recent usage behaviour was more informative than seasonality alone within the data analysed.

An interesting finding discovered during this project was that the percentage-based forecasting metrics demonstrated relatively consistent performance across the three horizons. Whilst the absolute forecasting errors increased as expected for the longer forecasting periods, WMAPE and SMAPE indicated comparatively stable proportional forecasting performance. This suggests that XGBoost [27] was able to maintain robust predictive capability over medium-term forecasting horizons, this finding is consistent with other healthcare forecasting research [25][3]. 

Despite the numerical improvements observed across the forecasting metrics, the Diebold-Mariano [55] comparisons identified no statistically significant differences between the forecasting horizons or between the XGBoost [27] models and the naïve benchmark. This indicates that although the machine learning models generally achieved lower forecasting errors, the magnitude of these improvements was insufficient to show statistical superiority. 

These findings demonstrate that XGBoost provides a robust framework for modelling biologic medicines usage, although the statistical evidence indicates that differences between competing forecast approaches should be interpreted with appropriate caution.

[bookmark: _Toc235776929]Interpretation of Forecasting Performance

The forecasting results demonstrates that the developed XGBoost [27] models could identify meaningful relationships within historical biologics usage data and applying these relationships to predict future medicines usage across the three forecast horizons. The consistently high R2 values and relatively low WMAPE value indicate that the models were able to successfully capture the underlying demand patterns within the dataset, despite increasing uncertainty associated with longer forecast horizons. These results suggest that machine learning provides a suitable framework for modelling biologics usages within NHS secondary care.

One of the more notable findings was the differing behaviour observed between the absolute and percentage-based forecasting metrics. While MAE and RMSE increased as the forecasting horizon extended, the WMAPE and SMAPE demonstrated relatively consistent performance across the three prediction horizons. This difference reflects the characteristics of the evaluation metrics themselves. MAE and RMSE quantify the magnitude of the forecasting errors in absolute terms and therefore naturally increase as forecast values become larger. In contrast to this, WMAPE and SMAPE assess the forecasting performance relative to the magnitude of the observed demand, this provides a more representative assessment of proportional forecasting accuracy across medicines with varying usage volumes. Although the longer horizons produced larger absolute errors, their proportional forecasting performance remained comparatively stable.

The comparison with the naïve forecast benchmark further demonstrated that the XGBoost [27] models generally achieved lower forecasting errors that the simple persistence-based forecasting model. This suggests that the incorporation of engineered historic usage features enables the model to learn the temporal relationships that extend beyond simple continuation of previous demand. However, the Diebold-Mariano [55] analysis indicated that these improvements from the naïve forecast benchmark were not statistically significant. This finding highlights the importance of distinguishing between numerical improvements in forecasting metrics and formal statistical evidence of superior predictive performance. While the XGBoost [27] models generally produced lower forecasting errors, the variability present within the forecast error series meant that the observed improvements were insufficient to reject the null hypothesis of equal predictive accuracy. 

Visual assessment of the forecasting outputs also demonstrated that the models accurately captured the overall trend in biologics usage across all the horizons. Most observations remained closely aligned with the line of perfect prediction, indicating strong agreement between the observed and predicted values. There was increased dispersion for a small number of high usage medicines, this suggests that the forecasting errors became more pronounced for medicines with larger usage. 

The forecasting framework demonstrated good predictive capability whilst maintaining a consistent performance across the three horizons. Although statistical comparison indicated no significant differences between the models, the combination of quantitative metrics, visual assessment and explainability analysis suggests that XGBoost [27] provides a robust and practically applicable approach for forecasting the use of biologic medicines. 

[bookmark: _Toc235776930]Discussion of SHAP Findings

The SHAP [29][30] analysis provided valuable insights into the factors influencing the forecasting models and complemented the evaluation of the quantitative metrics by improving the interpretability of the XGBoost [27] models. While the forecasting metrics demonstrated that the models were capable of accurately predicting the usage of biologic medicines, SHAP [29][30] explains how each of the features contributed to the model’s prediction. This address recognised limitations of machine learning techniques, which have been criticised for limited transparency [36]. 

The SHAP [29][30] analysis of the three horizons consistently identified rolling historic usage measures as the most influential features of future medicines usage. In particular, the 3-month and 6-month rolling averages contributed more strongly to model prediction than individual lag observations. This suggests that recent usage trends provide a more stable representation of future demand than isolated historic values. 

The lag-based variables also demonstrated consistent importance across the three horizons. The contribution of these variables confirm that previous usage remains an important predictor of the future biologic’s usage. The combination of lag variables and rolling statistical features therefore enabled the model to capture both short-term fluctuations and longer-term usage patterns.  

In contrast to the lag and statistical rolling features, the temporal features including month number and year, contributed little to the forecasting models. This finding suggests that the biologics medicines included within this project showed demand patterns that were driven primarily by historic usage rather than by strong seasonal effects. Given that these medicines are used in the management of dermatological conditions, this finding is clinically plausible as prescribing behaviour is generally influenced by ongoing treatment requirements rather than seasonal variation [18].

An important observation from the SHAP [29][30] was the consistency of the feature importance across all three of the horizons. Although the magnitude of the SHAP [29][30] values increased as the prediction horizon was extended, this reflected the larger forecast values, the ranking of the most influential features remained for the most part unchanged across those horizons. This suggests that the underlying drivers of biologic demand remain unchanged and stable regardless of the forecasting horizon.

The inclusion of SHAP [29][30] analysis demonstrates the potential value of explainable artificial intelligence within medicines management. While high predictive accuracy is essential, healthcare organisations increasingly require machine learning models to provide transparent and interpretable outputs before they can support operational decisions [33][36]. 

[bookmark: _Toc235776931]Sensitivity Analysis

During the evaluation of the forecasting models, visual inspection of the prediction plots identified that a single biologic had substantially higher usage than the remainder of the dataset. As biologic medicines exhibit highly skewed usage, it was considered important to investigate whether this medicine was masking the underlying performance of the forecasting models. 

The figure 19 below shows the disproportionate usage of this medicine.

[image: No description has been provided for this image]
[bookmark: _Toc235776969]Figure 19: Top medicines usage actual vs predicted
To assess the robustness of the model, the high usage medicine was removed from the dataset, and the complete modelling pipeline was repeated. This analysis was not intended to improve the reported forecasting performance but rather to determine the extent to which a single influential medicine affects the evaluation metrics and the overall interpretation of the framework.

[bookmark: _Toc235776932]Comparison of Forecasting performance

The figures 20 and 21 below compare the forecasting metrics produced. 
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[bookmark: _Toc235776970]Figure 20: Performance metrics without high usage medicine
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[bookmark: _Toc235776971]Figure 21: Performance metrics with high usage medicine
The comparison shows that excluding the medicine produced mixed effects across the evaluation metrics, indicating that different measures of forecasting performance responded differently to changes in the underlying demand distribution.

Across the three horizons, removal of the high usage medicine resulted in lower MAE and RMSE values. This indicated that the largest absolute forecasting errors were associated with the excluded medicine. These findings suggest that a relatively small number of observations with exceptionally high usage contributed disproportionately to the overall forecast error. 

In contrast the percentage-based forecasting metrics demonstrated a different pattern. WMAPE increased from 39.04% to 47.84% for the 1-month model, from 22.71% to 30.16% for the 3-month model and from 23.83% to 36.66% for the 6-month model. Similar increases were observed for SMAPE, while R2 declined across all the horizons. These findings indicate that although the exclusion of the highest-volume medicine reduced absolute prediction errors, it also altered the overall demand distribution within the dataset. 

[bookmark: _Toc235776933]Comparison of Prediction Plots

To determine whether the medicine with disproportionate high usage affected the graphical representation of forecasting performance, the predicted versus observed plots were compared before and after its removal.

Figure 22 shows the original prediction graph.
[image: No description has been provided for this image]
[bookmark: _Toc235776972]Figure 22: Prediction Graph for model with high usage medicine
The original model demonstrated a strong positive relationship between the observed and predicted values, although several high usage observations exhibited noticeable deviation from the line of perfect prediction. These observations were generally positioned below the reference line indicating that the model tended to underpredict medicines with exceptionally high demand. 


[image: No description has been provided for this image]
[bookmark: _Toc235776973]Figure 23: Prediction Graph for model without high usage medicine
Following the exclusion of the highest-volume biologic medicine, the remaining observations exhibited tighter clustering around the line of perfect prediction, with fewer extreme deviations from the line. This visual improvement is consistent with the reductions observed in MAE and RMSE, suggesting that the largest absolute forecasting errors were associated with the excluded medicine. This reduced dispersion indicates that the forecasting framework was able to model the usage patterns of the remaining medicines with greater consistency. 

Whilst the graphical comparison demonstrates improved agreement between observed and predicted values, this does not necessarily indicate that the model had superior overall forecasting performance but rather reflects the influence that one high usage medicines have on the original plots and metrics.

Overall, the comparison of the prediction plots indicates that the original model’s tendency to underpredict was largely driven by the inclusion of the single high usage medicine. Following the exclusion of this medicine the remaining observations were notably closer in agreement with line of prediction. However, it must be noted that a degree of underprediction remained indicating that accurately predicting extreme demand continues to be a challenge.

[bookmark: _Toc235776934]Statistical Comparison

Whilst the evaluation metrics demonstrated that exclusion of the high usage medicine influenced the forecasting performance, t remained necessary to determine whether these changes altered the statistical comparison between the horizons. 
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[bookmark: _Toc235776974]Figure 24: Diebold-Mariano test output for model without high usage medicine compared to other horizons.
Thes sensitivity analysis produced notably different Diebold-Mariano [55] results compared with the original forecasting models. Following the exclusion of the high usage medicine, statistically significant differences were identified between the 1-month and 3-month horizon and the 3-month and 6-month horizon. The 1-month and 6-month approached statistical significance but remained marginally above the threshold. These finding indicate that removal of the high usage medicine removed variability within the forecast error series, allowing statistically significant differences ion predictive accuracy between the horizons to become apparent.  

To further investigate the exclusion of the medicines effect on the performance of the machine learning model, the Diebold-Mariano [55] test was again repeated against the naïve benchmark.
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[bookmark: _Toc235776975]Figure 25: Diebold-Mariano test output for model without high usage medicine compared to naïve benchmark.
The comparison with the naïve benchmark demonstrated that only the 3-month XGBoost [27] model achieved a statistically significant improvement over the persistence-based forecasting. Although the 1-month model approached statistical significance the null hypothesis could not be rejected. Similarly, no statistically significant difference was identified with the 6-month XGBoost [27] model. These findings suggest that, following the removal of the high usage biologic the 3-month horizon retained the greatest predictive advantage over a simple persistence-based forecasting method. 

Overall, the repeated Diebold-Mariano [55] analysis demonstrates that exclusion of the high-volume biologic medicine altered the statistical interpretation of the forecasting results. Whereas the original analysis identified no statistically significant difference between the competing forecasting horizons or between the XGBoost [27] models and the naïve benchmark., the sensitivity analysis revealed statistically significant differences involving the 3-month horizon. This suggests that the high usage medicine increased the variability within the original forecast error series, masking the differences in predictive performance. 

[bookmark: _Toc235776935]Comparison of SHAP Outputs

Whilst the repeated Diebold-Mariano [55] analysis demonstrated that exclusion of the highest-volume biologic medicine altered the statistical interpretation of forecasting performance, it was also important to determine whether removal of this influential observation affected the underlying behaviour of the XGBoost [27] models. SHAP [29][30] analysis was therefore repeated to compare the relative importance of the predictor variables following exclusion of the medicine.
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[bookmark: _Toc235776976]Figure 26: SHAP Global Output for model with high usage medicine 3-month forecast



[image: No description has been provided for this image]
[bookmark: _Toc235776977]Figure 27: SHAP Global Output for model without high usage medicine 3-month forecast
Comparison of the SHAP [29][30] summary plots demonstrated that the overall ranking of the feature importance remained largely consistent following removal of the high usage medicine. Rolling historic usage measures continued to represent the most influential predictors of future usage, with roll_mean_3 remaining the dominant feature for both models.

Although minor changes were observed in the importance of several lower-ranked features, the overall SHAP [29][30] patterns remained largely consistent. Rolling averages and lag-based features continued to be the dominant features for the prediction of future biologics usage. This indicated that the removal of the high usage medicine influenced the evaluation metrics more than the underlying behaviour of the XGBoost [27] model. This suggest that the forecasting framework remained robust and continued to identify meaningful patterns rather than becoming dependent on a single influential medicine. 

[bookmark: _Toc235776936]Practical Implications

The findings of this study demonstrate that machine learning can provide an accurate and interpretable approach for forecasting biologics medicines utilisation within NHS secondary healthcare. Whilst the primary objective of the research was to evaluate the predictive performance of an XGBoost [27] forecasting framework, the outcomes extend beyond model accuracy and have several practical implications for medicines management. Accurate forecasting of biologics demand has the potential to support financial planning, procurement activities, operational decision-making and the wider digital transformation of pharmacy services [22]. Furthermore, the inclusion of explainable artificial intelligence through SHAP [29] [30] analysis improves the transparency of model predictions, increasing their potential acceptability within clinical and operational settings [36].

[bookmark: _Toc235776937]Medicines Procurement

Beyond financial planning, accurate forecasting has practical applications within medicines procurement and supply chain management. Procurement teams must ensure sufficient medicine availability whilst avoiding unnecessary stock holding and waste. Underestimating demand may contribute to supply shortages or delays in treatment, whereas overestimating demand may increase inventory costs and medicine wastage [4][20].

Forecasting future utilisation using historical prescribing patterns could support more proactive procurement decisions by identifying anticipated increases or decreases in demand before they occur. This may be particularly valuable for biologic medicines supplied through homecare services or medicines requiring longer procurement lead times, where advanced planning can improve service continuity.

Although procurement decisions will always require professional judgement alongside forecasting outputs, predictive models may provide an additional evidence source to support users in making decisions rather than replacing existing procurement processes altogether.

[bookmark: _Toc235776938]Supporting Medicines Management Decisions

The forecasting framework may also provide valuable decision support for pharmacy and medicines management teams. Traditional reporting methods are primarily retrospective, describing medicines utilisation after activity has already occurred [1]. In contrast, predictive analytics provides an opportunity to anticipate future trends, allowing organisations to adopt a more proactive approach to medicines management [6].

Forecasts generated by the proposed model could assist medicines management teams in identifying medicines experiencing sustained increases in utilisation, monitoring usage trends, evaluating the impact of formulary changes and supporting service planning. Where forecasts differ substantially from expected demand, these outputs may also prompt further clinical or operational investigation to determine whether changes reflect genuine usage behaviour or emerging service pressures.

The integration of forecasting into routine reporting therefore has the potential to complement existing business intelligence by providing forward-looking insights that support earlier intervention and more informed operational decision-making.

[bookmark: _Toc235776939]Explainability in Artificial Intelligence

One of the principal advantages of the proposed forecasting framework is the incorporation of SHAP [29][30] analysis to explain individual model predictions. Whilst machine learning algorithms are often criticised for functioning as black box systems, explainable artificial intelligence provides greater transparency regarding the factors influencing model outputs [28].

The SHAP [29][30] analysis undertaken within this study demonstrated that historical utilisation, rolling averages and recent prescribing patterns consistently exerted the greatest influence on forecasting performance across all prediction horizons. These findings align with established understanding of medicines utilisation, increasing confidence that the model is learning clinically plausible relationships rather than relying upon spurious correlations.

Providing interpretable explanations alongside forecast values may improve user confidence, facilitate validation by pharmacy professionals and support governance requirements associated with the implementation of artificial intelligence within healthcare [34]. Rather than requiring users to accept predictions without explanation, SHAP [29][30] enables forecasting outputs to be interpreted within the context of historical prescribing behaviour.

Collectively, these findings demonstrate that machine learning has the potential to support a more proactive approach to medicines management within NHS secondary healthcare. By combining accurate forecasting with interpretable explanations, the proposed framework could complement existing reporting processes and provide additional evidence to support financial planning, procurement and operational decisions. Forecasts should not replace professional judgement but, they may provide valuable decision support that enables pharmacy teams to anticipate future demand and respond more effectively to changing medicines usage.


[bookmark: _Toc235776940]Limitations

Although the proposed forecasting framework demonstrated strong predictive performance and provided valuable insight into biologics medicines usage, there are several limitations which should be considered while interpreting the findings. These limitations relate to the scope of the dataset, the variables available for modelling, the influence of external factors on medicines demand, and the methodological decisions adopted throughout the research. Recognising these limitations provides important context for the interpretation of the results and identifies opportunities for future development.

[bookmark: _Toc235776941]Dataset Scope

The forecasting framework was developed using historical pharmacy issues data relating to dermatology biologic medicines from a single NHS organisation in Wales. Whilst the use of a real-world operational dataset increased the practical relevance of the research, the findings may not be fully generalisable to other Health Boards, clinical specialties or medicine groups that exhibit different usage behaviours and business practices. Restricting the study to dermatology biologics enabled detailed evaluation of a clinically important and high-cost group of medicines but inevitably limited the breadth of the investigation. Future studies incorporating data from multiple Health Boards and additional therapeutic areas would enable broader assessment of the forecasting framework and improve confidence in applying it for the forecasting across a wider range of medicines.

[bookmark: _Toc235776942]Data Availability and Feature Selection

The forecasting models were developed using routinely collected pharmacy issues data, with historical utilisation and derived temporal variables forming the primary predictors of future demand. Whilst these variables proved effective for forecasting, additional factors that may influence medicines utilisation were not available for use either within the dataset or were excluded from the study for information governance reasons. 

Patient demographics, disease severity, treatment pathways, seasonal variation in clinical activity, and prescribing indication were outside the scope of the available data. Incorporating these variables may improve predictive performance by allowing the model to capture additional clinical and operational factors that influence biologic medicines usage.

[bookmark: _Toc235776943]External Influences on Medicines Demand

This forecasting framework assumes that future demand can largely be inferred from historical utilisation patterns. However, biologics prescribing within NHS organisations may be influenced by external factors that cannot be readily captured using historical medicines issue data alone. Changes in national prescribing guidance, biosimilar adoption programmes, commissioning policies, medicine shortages, supplier availability, new molecules, new formulations of existing medicines, and redesign of services may all result in sudden changes in demand that differ from established historical trends. Although these events were not explicitly modelled within this project, they should be considered when interpreting the forecasting results and represent potential opportunities for future model improvement.

[bookmark: _Toc235776944]Methodological Considerations

Finally, this research focused exclusively on XGBoost [27] as the predictive modelling technique. XGBoost [27] was selected following the literature review due to its strong performance on structured tabular datasets, ability to model complex non-linear relationships, and compatibility with explainable artificial intelligence techniques such as SHAP [29][30][31]. However, alternative forecasting approaches, including recurrent neural networks [37], Prophet [44], or hybrid models [56], were not evaluated within the scope of this project. Whilst comparison with a naïve forecasting benchmark provided an appropriate baseline for assessing predictive performance, evaluation against a wider range of forecasting algorithms may provide additional insight into the relative strengths and limitations of the proposed framework.

Despite the limitations discussed above, the study demonstrates that machine learning provides a practical and interpretable approach for forecasting biologics medicines usage within NHS secondary healthcare. The use of operational NHS data, comprehensive model evaluation, statistical comparison, SHAP [29] explainability, and sensitivity analysis provides a robust foundation for future research and demonstrates the potential of predictive analytics to support medicines management and financial planning within NHS Wales.

[bookmark: _Toc235776945]Future Work

Whilst this study demonstrates the potential of machine learning for forecasting biologics medicines utilisation, opportunities exist to develop this further and extend the proposed framework. The findings within this project provide a foundation for future research aimed at improving the generalisability of the model, the predictive performance and the practical implementation n a business environment.

[bookmark: _Toc235776946]Expansion of Data Sources

The forecasting framework developed within this study was evaluated using historical pharmacy issues data relating to dermatology biologic medicines from a single NHS Health Board. Future research should investigate the performance of the proposed approach using larger and more diverse datasets, incorporating multiple Health Boards, additional therapeutic specialties and a wider range of medicines. Such expansion would improve the generalisability of the findings and determine whether the forecasting framework performs consistently across different organisational settings [57].

Where appropriate governance and data protection arrangements permit, future research could investigate the inclusion of additional patient-level or service-level information, such as demographic characteristics, disease prevalence, treatment pathways or clinic activity. Incorporating these variables may allow the forecasting model to better account for the clinical and operational factors that influence medicines demand.

[bookmark: _Toc235776947]Evaluation of Alternative Forecasting Techniques

This research focused on XGBoost [27] due to its demonstrated performance on structured tabular datasets, ability to model complex non-linear relationships and compatibility with explainable artificial intelligence techniques. Whilst the results demonstrated strong predictive performance across all forecasting horizons, future research should compare the proposed framework with alternative machine learning and deep learning approaches.

Potential candidates include LightGBM [58], CatBoost [59], Long Short-Term Memory (LSTM) networks [37] and other modern time-series forecasting techniques [8][32][56]. Comparative evaluation would enable a more comprehensive assessment of forecasting accuracy, computational efficiency and model interpretability across different healthcare forecasting scenarios. Such comparisons would establish whether XGBoost remains the most appropriate approach for biologics forecasting or whether alternative methods provide meaningful improvements under different operational conditions.


[bookmark: _Toc235776948]Integration into NHS Digital Decision Support Systems

Building upon the findings of this research, future work should investigate the integration of predictive forecasting within existing NHS digital infrastructure. Historical pharmacy issues data could be extracted routinely from pharmacy information systems, processed through an automated forecasting pipeline and presented within interactive reporting platforms such as Power BI [21][23].

A potential implementation pathway would involve automated extraction of medicines utilisation data, scheduled feature engineering and model retraining, generation of forecasting outputs and SHAP [29] explanations, followed by visualisation through interactive dashboards accessible to pharmacy managers, procurement teams and finance departments. Such an approach would provide timely forecasting information whilst maintaining transparency through explainable artificial intelligence.

[image: ]
[bookmark: _Toc235776978]Figure 28: Proposed Model Cycle for use in NHS environment
Implementation within operational healthcare environments would require robust governance, comprehensive validation and ongoing monitoring of model performance to ensure forecasts remain accurate as prescribing patterns evolve. Future research should therefore investigate not only the technical feasibility of deployment but also the organisational, governance and user adoption considerations associated with embedding artificial intelligence within routine medicines management processes [34].

Future research should focus on expanding datasets available for model development, evaluating alternative forecasting techniques and investigating the practical implementation of predictive analytics within NHS pharmacy services. Collectively, these developments would improve the generalisability, robustness and real-world application of the proposed model, all the while supporting the continued adoption of data informed decision making [33]. 
[bookmark: _Toc235776949]Conclusion

The project investigated the application of machine learning techniques for forecasting the usage of biologic medicines within NHS secondary healthcare. The primary aim was to develop and evaluate an XGBoost [27] forecasting framework capable of predicting future medicines demand using routinely collected pharmacy issues data. 

Historical pharmacy issues data was transformed into a structured forecasting dataset using standardised utilisation measures and engineered temporal features. Separate XGBoost [27] models were developed for 1-month, 3-month and 6-month horizons and evaluated using multiple performance metrics alongside a naïve forecasting benchmark. SHAP [29] [30] analysis was used to improve the model’s interpretability, whilst sensitivity analysis and Diebold-Mariano [55] testing provided additional assessment of model robustness.

The results demonstrated that the proposed forecasting framework achieved strong predictive performance across all the horizons. The forecasts closely reflected the observed usage patterns within the data. Comparing the XGBoost [27] models to the naïve benchmark highlighted the value of using machine learning as a forecasting approach, with SHAP [29] [30]complemented this approach by identifying the historic usage and rolling statistical features as the strongest contributors to model predictions. The sensitivity analysis that was undertaken further demonstrated that, although a single high usage medicine influenced several of the valuation metrics used, the underlying behaviour of the model remained stable. 
Beyond the forecasting accuracy, this project demonstrated the practical potential of machine learning within NHS medicines management. The accurate forecasting of biologic medicines usage may support financial planning, procurement activities and operational decision-making by providing earlier visibility of future medicines demand. Furthermore, the inclusion of SHAP [29][30] explainability increases the transparency, allowing pharmacy professionals to better understand the factors that influence the model’s predictions. 

This project contributes to the growing application of machine learning within healthcare by demonstrating an end-to-end forecasting framework using routinely collected pharmacy issues data. It also highlights the value of explainable artificial intelligence for improving the interpretability of forecasting models and provides a practical foundation for future research into predictive analytics for medicines management. 

While further work is required to evaluate the framework using larger datasets, additional explanatory variables and alternative forecasting techniques, the findings that machine learning provides an accurate, robust and interpretable approach for forecasting biologics medicines usage. 

 
[bookmark: _Toc235776950]Reflection

One of the most significant learning experiences through this project was developing an understanding and appreciation of explainable artificial intelligence (XAI). Prior to undertaking this project, my experience of machine learning focused primarily on producing accurate predictive models, with limited consideration of how model decisions can be interpreted. Through the implementation of SHAP, I developed a greater appreciation of the importance of model transparency, particularly within healthcare where decisions must be understandable and justifiable. Learning how individual features contributed to the predictions demonstrated that explainability is not simply an additional feature of the model, but going forward in a healthcare environment is a key feature for building trust and confidence in AI-assisted decision making.

The project also considerably also considerably strengthened my understanding of the XGBoost algorithm. Although I was initially familiar with the theoretical concepts of gradient boosting, implementing the model in practice required a much deeper understanding of hyperparameter optimisation, regularisation techniques and feature interactions and model validation. Experimenting with different parameter combinations and analysing their impact on model performance enabled me to move beyond using machine learning algorithms as black boxes and develop a stronger appreciation of the underlying principles governing their predictive performance. 

One of the greatest personal lessons was recognising that developing an accurate forecasting model is a highly iterative process. At the outset of the project, I naively expected that selecting an appropriate algorithm and supplying the historic issues data would produce accurate forecasts with relatively little refinement. Instead, I quickly discovered that model performance is heavily dependent upon the quality of the underlying data and the suitability of the engineered features. This experience fundamentally changed my understanding of machine learning demonstrating that a substantial proportion of development time is dedicated to data preparation, experimentation, and continuous improvement rather than model training alone. 

Feature engineering proved to be one of the most challenging aspects of the project. Determining which historical variables were likely to influence the future predictions of the model required extensive experimentation, with many features providing little or no improvement to forecasting performance. Developing lag variables, multiple forecasting horizons and sample weighting strategies highlighted how domain knowledge and iterative experimentation are often more influential than simply selecting increasingly complex algorithms. Reflecting on this process has reinforced the importance of adopting a systematic and evidence-based approach when developing predictive models. 

Beyond the technical aspects of the project, I developed a greater appreciation of the organisational challenges associated with implementing a machine learning framework within healthcare. Producing an accurate model represents only one component of successful adoption within the NHS. The long-term sustainability of predictive analytics for service users also depends upon the availability of appropriately skilled staff who can maintain models, interpret their outputs and refine them as healthcare systems evolve. This project has highlighted the importance of investing in technical capability, multidisciplinary collaboration and ongoing professional development to ensure that advanced analytical methods can be successfully embedded into routine NHS practice. 

Overall, this project has significantly developed both my technical competence and my approach to solving problems. I have gained practical experience in machine learning, explainable AI and predictive modelling while also developing a more realistic understanding of the iterative nature of data science projects. The greatest less has been recognising that successful machine learning is rarely achieved through a single model of algorithm, rather it is the result of continuous learning, experimentation and refinement. These experiences have strengthened my confidence in applying advanced analytics within healthcare and have provided a strong foundation for my future professional development in health informatics.
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# Extract units per pack from drug_packsize
df_xdi["units_per_pack"] = (
df_xdil"drug_packsize"]
.astype(str)
.str.extract(r"(\d+)")
.astype(float)
)

# Clean quantity fields here
def clean_guantity(series
cleaned = (
series
~astype(str)
.str.strip()
.str.replace(",", "", regex=False)
.str.extract(r" (-7\d+\. 2\d%)") [0]

)
return pd.to_numeric(cleaned, errors="coerce")

df_xdi["quantity_container_raw"] = df_xdi["quantity_container"]
df_xdi["quantity_doseunits_raw"] = df_xdi["quantity_doseunits"]
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df_xdi["total_units_used"] = (
df_xdil"quantity_container"] * df_xdi["units_per_pack"]
+ df_xdi["quantity_doseunits"]
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# Aggregate the data by drug and month

monthly_units = (
df_xdi
~groupby ( ["drugfull” , “month_period"],
-agg(
homecare_units=(
“total_units_used",
lambda x: x[df_xdi.loc[x.index,
),
hospital_units=(
“total_units_used",
lambda x: x[df_xdi.loc[x.index,

)

monthly_units ["total_units"] = (
monthly_units ["homecare_units"]
+ monthly_units["hospital_units"]

as_index=False)

“homecare_issue"] == 1].sum()

“homecare_issue"] == 0].sun()
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# Add roling mean, std, min, max features
group_cols = ["drugfull"]

monthly_units ["used_last_month"] = (
monthly_units["lag_1"] > 0
).astype(int)

monthly_units ["used_last_3n_count"] = (
monthly_units
-groupby (group_cols) ["total_units"]
~transform(lambda s: s.shift(1).gt(0).rolling(3).sun())

)

monthly_units ["used_last_6n_count"] =
monthly_units
-groupby (group_cols) ["total_units"]
~transform(lambda s: s.shift(1).gt(0).rolling(6).sun())

)

monthly_units ["nonzero_rate_6m"] = (
monthly_units["used_last_6m_count"] / 6
)

for window in [3, 61:
monthly_units[f"roll_mean_{window}"] =

monthly_units
~groupby (group_cols) ["total_units"]
-transform(lambda s: s.shift(1).rolling(window).mean())

)

monthly_units [f"roll_std_{window}"] = (

monthly_units

~groupby (group_cols) ["total_units"]

-transform(lambda s: s.shift(1).rolling(window).std())
)

monthly_units [f*roll_min_{window}"] = (

monthly_units

~groupby (group_cols) ["total_units"]

-transform(lambda s: s.shift(1).rolling(window).min())
)

monthly_units [f"roll_max_{window}"] = (
monthly_units
~groupby (group_cols) ["total_units"]
.transform(lambda s: s.shift(1).rolling(window).max())
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# Time-series cross-validation
tscy = TimeSeriesSplit(n_splits=5)
rmse_scorer = make_scorer(

Tanbda y_true, y_pred: np.sqrt(mean_squared_error(y_true, y_pred)),
greater_is_better=False
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# Parameter grid for tuning

param_grid = {
“n_estimators": [500, 700, 900, 1100],
“nax_depth": [4, 5, 6],
“learning_rate": [0.02, 0.03, 0.05],
“min_child_weight": [1, 2, 31,
“subsample”: [0.8, 0.9, 1.0],
“colsample_bytree": [0.8, 0.9, 1.0],
“reg_alpha": [0.0, 0.1, 0.25],
“reg_lambda": [0.5, 1.0, 1.5,





image9.png
700

600

8
g

8
8

Predicted usage

200

100

Actual vs Predicted Usage: 1_month

°
°
. °
P °
4 o0
°
%
100 200 300 400 500 600 700

Actual usage





image10.png
1750

1500

1250

5
3
8

750

Predicted usage

500

250

Actual vs Predicted Usage: 3_month

250

p °
e
Pl
i,. ®
500 750 1000 1250 1500 1750

Actual usage





image11.png
3500

3000

2500

N
S
8
8

1500

Predicted usage

1000

500

Actual vs Predicted Usage: 6_month

1000 1500 2000 2500
Actual usage





image12.png
MAE RMSE MAPE  WMAPE  SMAPE R2
1_month 11263416 20.872100 68103716 39.043255 120363141 0871214
3_month 20190313 51039271 58.469541 22710281 98674976 0.957831
6_month 41336035 87.083867 57.803144 23.820332 94218482 0.969298




image13.png
MAE RMSE MAPE  WMAPE  SMAPE R2 Naive_MAE Naive RMSE Best_CV_RMSE MAE_Improvement_% RMSE_Improvement_%
1_month 11263416 29.872100 68103716 39.043255 120363141 0871214 13091346 35492077 20759878 13.962889 15.834455
3_month 20190313 51039271 58.469541 22710281 98674976 0957831 21343407 43149147 52.252289 5.402575 -18.285701
6_month 41336035 87.083867 57.803144 23820332 94218482 0.969208 45791209  119.063978 103.979847 9720322 26.850602




image14.png
DM Statistic  p-value
1m_vs_3m -1.619193 0.106419
1m_vs_6m -1.210738 0.227839

3m_vs_6m -1.142006 0.254771




image15.png
DM stati

ic  p-value
Im_xgboost_vs_naive  -1.095287 0274026
3m_xgboost_vs_naive 0499815 0617508
6m_xgboost_vs_naive  -1105235 0.269790




image16.png
roll_mean_3
roll_max_3
roll_mean_6

lag_1

roll_max_6

lag_3

lag_4

roll_min_3

lag_2

roll_min_6

drug_code
month_number
recent_growth_3m
change_6m

lag_5
lag_1_to_roll_mean_3_ratio
roll_std_3

growth_1m
lag_1_to_mean_6_ratio

year

SHAP Summary Plot: 1_month Forecast

- o oo
l.... -

0 50 100 150
SHAP value (impact on model output)

High

Low

Feature value




image17.png
roll_mean_3
roll_mean_6
roll_min_3
roll_max_6
roll_max_3
lag_1

lag_2
drug_code
lag_12

month_number
lag_4

roll_min_6

year
change_3m
change_6m
change_1m
homecare_share
roll_std_6
growth_3m

growth_1m_pct

SHAP Summary Plot: 3_month Forecast

-100

0 100 200 300 400 500 600
SHAP value (impact on model output)

700

High

Low

Feature value




image18.png
roll_mean_3
roll_mean_6
roll_min_3
roll_max_3
roll_max_6
drug_code
year

lag_4

lag_1
roll_min_6
lag_2

lag_5
month_number
lag_12
change_6m
change_3m
lag_3
roll_std_6
change_1m

homecare_share

SHAP Summary Plot: 6_month Forecast

-200

0 200 400 600 800 1000 1200
SHAP value (impact on model output)

High

Feature value




image19.png
SHAP Waterfall Explanation
drug_2b4752a1e609
Forecast origin: November 2025 | Target period: December 2025-February 2026
Predicted: 1,291.9 units | Actual: 1,479.0 units

=1291885935

582.667 = roll_mean_3
657 = roll_max_3 . +115.15
588.167 = roll_mean_6 . +100.73
536 = roll_min_3 B s
657 = roll_max_6 . +92.25
11 = monthinumber43-01|
536 = lag_2 .+39.77
657 = lag_1 '+32.54
426 = lag_12 ’+19.83
—136 = usage_acceleration).66 ’
8 = drug_code ‘ +10.65
2025 = year9.5 ’
—~51 = change_3nP.46 '
618 =lag.a |+7.14

28 other featuresl.35 ’

200 400 600 800 1000 1200
EIfiX)] =271.367




image20.png
3-month usage

Actual vs Predicted 3-Month Usage by Drug

1600

1400

1200

™
5
3
8

800

600

400

200

mm Actual March-May usage
e Predicted March-May usage





image21.png
MAE RMSE MAPE  WMAPE SMAPE R2 Naive MAE Naive RMSE Best_CV_RMSE MAE_Improvement_% RMSE_Improvement_%
1_month 8191889 19384160 60373588 47.843123 128.258688 0726842 10317708 24179128 19.897139 20603601 19.831021
3_month 15822374 32433909 60828787 3063504 104.254678 0903528 18.997024  39.643088 51.030461 16711303 1818521

6_month 35558225 70707142 70.306558 35663304 100.243659 0870721 34699405  72.499323 98.589518 -2.475028 2471996




image22.png
MAE RMSE MAPE  WMAPE  SMAPE R2 Naive_MAE Naive RMSE Best CV_RMSE MAE_Improvement_% RMSE_Improvement_%
1_month 11263416 20.872100 68103716 39.043255 120363141 0871214 13091346 35492077 20759878 13.962889 15.834455
3_month 20190313 51039271 58.469541 22710281 98674976 0957831 21343407 43149147 52.252289 5.402575 -18.285701
6_month 41336035 87.083867 57.803144 23820332 94218482 0.969208 45791209  119.063978 103.979847 9720322 26.850602




image23.png
Actual vs Predicted Usage: 3_month

500 .
400
®e
° °
] S
3 300
El
2
g
5
g
& 200
°
100 °
3 4
o
°
°
0 J
0 100 200 300 400 500

Actual usage




image24.png
DM Statistic ~ p-value
Im_vs_3m  -3317993 0001024
Im_vs_6m  -1968738 0.050917
3m_vs_6m  -2142807 0033394




image25.png
DM Statistic  p-value
m_xgboost_vs_naive  -1843373 0.066047
3m_xgboost_vs_naive  -2.313563 0.021297
6m_xgboost_vs_naive  -0.461402 0.644809




image26.png
roll_mean_3
roll_mean_6
roll_max_6

lag_1

roll_max_3

year

roll_min_3
roll_min_6
change_6m
drug_code
change_3m

lag_3

change_1m
month_number
growth_3m

lag_2
used_last_6m_count
recent_growth_3m
homecare_share

lag_5

SHAP Summary Plot: 3_month Forecast

=50

=25 0 25 50 75 100 125
SHAP value (impact on model output)

150

High

Low

Feature value




image27.png
Historic Data

o

Model
Retraining

Data Extraction
and Validation

Monitoring &
Evaluation

Proposed NHS 9

Model Lifecycle Feature
Engineering

(6

Power BI
Dashboard

XGBoost
Forecast Model

(5

SHAP
Explainability
Layer





image1.jpeg
M Prifysgol Cymru
% Y Drindod Dewi Sant
% University of Wales
Trinity Saint David





image2.png
Neoral 100mg capsules Novartis Pharmaceuticals UK Ltd
A Hide

Cautionary and advisory labels

v Show
Active ingredients Ciclosporin 100 mg
Size 30
Unit capsule
NHS indicative price £68.28
Drug tariff Part VIIIA Category C
Drug tariff price £68.28

Legal category POM | (Prescription-only medicine)





image3.png
Amgevita HCF 80mg/0.8ml solution for injection pre-filled syringes Amgen Ltd

A Hide

v Show

Cautionary and advisory labels

Active ingredients

Size
Unit
NHS indicative price

Legal category

Adalimumab 100 mg per 1ml

1
pre-filled disposable injection
£633.60 (Hospital only)

POM | (Prescription-only medicine)





