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1. Background

Biologic medicines have transformed the treatment of chronic
inflammatory diseases but represent a significant and growing
costto NHS secondary care [2]. Current forecasting approaches
are predominantly retrospective, limiting the ability of pharmacy
teams to proactively manage stock, procurement and financial
planning. Machine learning offers the potential to identify
complex patterns in historical medicines usage, enabling more
accurate and interpretable forecasting to support data-driven
decision making [6][27].

2. Aim and Objectives

Aim:

To analyse the drivers and implications of biologic medicine

usage in secondary care healthcare settings and to develop

predictive models to forecast future usage.

Objectives:

* Review existing literature on biologics usage forecasting.

* Prepare and explore historical NHS pharmacy issues data.

* Develop and validate XGBoost [27] forecasting models.

* Apply SHAP [29] to explain model predictions.

 Evaluate the framework for medicines management and
financial planning.

4.Results
The forecasting framework was evaluated using predictive performance metrics, forecast visualisation,
SHAP explainability and Diebold-Mariano statistical testing.
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XGBoost [27] achieved strong predictive performance across all forecasting horizons, with the 6-month
model demonstrating the lowest forecast error.
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3. Methodology

Data Collection & Preparation

Historical dermatology biologics issues data were extracted from
the Welsh Hospital Pharmacy Stock Management System
(WHPSMS). Data were cleaned, transformed and aggregated into
monthly observations for forecasting.

Feature Engineering

Lag variables, rolling statistics and temporal features were
created to capture historical utilisation patterns across 1-, 3- and
6-month forecasting horizons.

Model Development

XGBoost[27] was used to develop forecasting models using
TimeSeriesSplit cross-validation and hyperparameter
optimisation.

Model Evaluation

Performance was assessed using MAE, RMSE, MAPE, WMAPE,
SMAPE and R?, and compared with a naive forecasting
benchmark using the Diebold-Mariano test [55].

Model Explainability
SHAP [29] was applied to explain model predictions and identify
the features driving biologics usage forecasts.
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Predicted usage closely followed observed medicines utilisation, demonstrating strong agreement
between forecasts and actual values.
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showed no statistically significant difference
in forecasting accuracy between the 1-, 3-
and 6-month models (p > 0.05).
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SHAP [29] analysis identified lag variables and rolling statistics as the dominant contributors to model

predictions.

5. Conclusion

This research demonstrated that machine learning can
be successfully applied to forecast biologics medicines
usage within NHS secondary healthcare. XGBoost [27]
produced accurate forecasts across the 1-, 3- and 6-
month prediction horizons, while SHAP [29] improved
model transparency by identifying the historical
utilisation features that most influenced predictions.
The forecasting framework provides an interpretable
and data-driven approach that has the potential to
support medicines management, procurement
planning and financial decision-making within the NHS.

6. Future Work

* Validate the framework using data from multiple NHS
Health Boards.

* |nvestigate additional machine learning algorithms
(e.g. LightGBM and CatBoost).

* |ncorporate external variables such as patient
demographic data, seasonality and medicine
shortages.

* Develop an automated forecasting pipeline with
Power Bl integration.

* Evaluate implementation within routine NHS
pharmacy practice.
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