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[bookmark: _Toc207867145]1. Introduction
Biologic drug use in secondary care presents a challenge for cost control within the NHS. This project, Predictive Modelling and Analysis of Biologic Drug Spend in Secondary Healthcare, aims to identify trends and develop predictive models to support more informed decision-making around biologic dispensing of medication.
The project is undertaken in partnership with Digital Health and Care Wales (DHCW), the organisation responsible for national digital systems across NHS Wales and Cwm Taf Morganwg University Health Board. As a registered pharmacy technician in the Medicines Team at DHCW, and as part of this role it includes management of medicines data used across secondary care, giving first-hand insight into system-level data structures and how meaning of data stored in tables and databases.
My combined clinical background and experience in digital health, position me well to lead this research. With a strong interest in pharmacy data analytics, this project aligns with my professional skills and offers the opportunity to contribute to more efficient, evidence-based medicines management.
[bookmark: _Toc207867146]2. Research Problem

Biologic medicines represent one of the fastest-growing areas of drug expenditure in secondary healthcare. Spend of biologic medicines is shaped not only by drug prices and volumes, but also by factors such as therapeutic area, prescribing behaviour, biosimilar uptake, formulation changes, and changing patient needs [1. 1. 2. 1. 2. 3]. Traditional retrospective analyses provide limited insight, leaving healthcare organisations without the ability to anticipate future financial pressures [4. 4. 5].

From a data science perspective, biologics expenditure presents a complex forecasting problem. The data is high-dimensional, influenced by non-linear relationships, and subject to uncertainty in clinical dynamics [6]. Existing statistical approaches often fall short of capturing these complexities [7], creating a gap where predictive modelling and machine learning could provide stronger forecasts and clearer identification of cost drivers.

This research therefore seeks to address the lack of predictive models for biologics spend in secondary care by developing and evaluating models that can analyse historic data and generate accurate forecasts. The aim of this research is to demonstrate how data science methods can support proactive planning and decision-making, bridging the gap between descriptive reporting and predictive insight. 

[bookmark: _Toc207867147]3. Literature Review

[bookmark: _Toc207867148]3.1 Savings From Biosimilars Use in the Italian National Health Service
This research examined the financial impact of biosimilar adoption on biologics expenditure within the Italian National Health Service [2]. 
The study demonstrated that increased uptake of biosimilars across therapeutic areas resulted in cumulative savings of €3.09 billion between 2013 and 2022, with annual savings rising from €37.7 million to €762.6 million over the period [2]. The authors emphasised that biologics spend is influenced by multiple factors beyond simple drug pricing and volume. Elements such as prescribing behaviour, therapeutic area, and the extent of biosimilar uptake were shown to play critical roles in determining overall costs.
This study is particularly relevant to the UK NHS secondary healthcare. Biologics account for a growing share of hospital medicines budgets. Marino et al.[2] provides strong evidence that forecasting biologics expenditure must move beyond price-based projections to incorporate behavioural and contextual factors. 
Their findings also highlight the potential of biosimilar adoption and switching as a policy lever to manage escalating costs, this is further cemented with the statistically significant negative correlation seen between the mean cost per DDD and the biosimilar uptake [2]. 
The research does have limitations, as all savings could not be identified and quantified due to way in which certain biologic medicines are dispensed to patients in the primary care setting, so the researchers were not able to capture the full analysis [2]. This is applicable to the system in UK national health service where high-cost biologic medicines are managed by secondary care providers and lower cost medicines are distributed by community pharmacies in primary care. 
This research underscores the need for predictive models that can simulate different uptake scenarios and anticipate resulting financial outcomes. 

[bookmark: _Toc207867149]3.2 Promoting Population Health Through Pharmaceutical Policy
This research is a UK-focused analysis, Angelis et al [8] investigated recent NHS hospital medicine spending trends. Their study found that between 2018 and 2022, hospital expenditure increased by 35%, rising from £6.7 billion to £9.1 billion [8]. The largest contributors to this increase were biologics prescribed such as Pembrolizumab (KEYTRUDA) for malignant disease and immunosuppression. This reinforces their centrality as cost drivers in secondary care. Similarly, the researchers identified significant growth in skin 177% increase, where the expansion of clinical indications for biologics like Adalimumab have grown significantly [8].
This research’s importance lies in its clear demonstration of the financial pressures facing the NHS from biologics [8]. Unlike Marino et al. [2], who focused on the moderating effect of biosimilars in Italy, Angelis et al [8]. provided direct evidence of expenditure growth in the UK secondary healthcare setting. 
The research by highlighting therapeutic areas responsible for cost increases, the study makes the case that forecasting methods must not only model overall expenditure but also allow for granular analysis at the therapeutic or disease level. Such granularity is especially important when considering biologics, which are concentrated in high-cost therapeutic categories with variable growth trajectories depending on clinical indications or off-label use.

[bookmark: _Toc207867150]3.3 Applying Machine Learning and Statistical Forecasting Methods for Enhancing Pharmaceutical Sales Predictions
The research from Fourkiotis et al presented one of the most direct applications of the Prophet model from Meta [9] to pharmaceutical data, analysing approximately 600,000 pharmacy transactions grouped by ATC codes [10]. 
This research compared Prophet against a range of alternatives, including ARIMA, Long Short-Term Memory (LSTM) networks, and XGBoost. The research demonstrated that Prophet [9] was found to deliver competitive accuracy while also being more interpretable than deep learning approaches achieving a Mean Absolute Percentage Error (MAPE) of 18.37% on predictions for Pyscholeptic drugs [10]. Importantly, Prophet effectively captured seasonal variations in drug sales, which are often driven by factors such as prescribing cycles and supply-side fluctuations [10].
The study’s contribution to this review is twofold. Firstly, it demonstrates machine learning models practical applicability in a pharmaceutical forecasting context, showing that it can handle the complex temporal patterns characteristic of drug sales data. 
Second, it highlights the trade-offs between different forecasting approaches. While deep learning methods such as LSTM may achieve marginally higher accuracy in some cases, Prophet’s interpretability makes it more suitable for healthcare organisations where transparency is essential for decision-making. This balance between accuracy and usability makes Prophet an appealing candidate for biologics expenditure forecasting.

[bookmark: _Toc207867151]3.4 Demand forecasting for platelet usage: From univariate time series to multivariable models
The research from Motamedi et al showed Prophet’s application to the forecasting of daily platelet demand in hospital settings [11]. Although platelets are blood products and not pharmaceuticals in the conventional sense, they are high-cost, perishable healthcare resources with significant financial implications, which is very much akin to biologic medicines. The study benchmarked Prophet against ARIMA, lasso regression, random forests, and LSTM. Prophet proved particularly effective in modelling holiday effects and seasonal demand fluctuations [11], both of which are highly relevant to hospital and secondary care.
This research also underscored the financial consequences of forecasting accuracy. The authors estimated that misalignment between supply and demand could lead to wastage costs of $400,000 annually [11]. This finding has clear parallels with biologics expenditure: both involve expensive resources where demand variability and timing play critical roles in determining costs. Motamedi et al.’s [11] study thus strengthens the case for applying Prophet or other machine learning models to biologic medicines forecasting, demonstrating its capacity to manage complex demand dynamics while informing cost containment strategies to inform health decision makers.
[bookmark: _Toc207867152]3.5 Predicting Medical Drug Sales in a Specific Area for Categorical Drugs using Time Series Forecasting
This particular research analysed pharmaceutical sales forecasting in Sri Lanka using SARIMA models, Prophet, XGBoost and Random Forests [12]. The researchers were motivated by challenges such as drug shortages, oversupply, and inefficiencies in supply chains [12]. Their methodology involved rigorous data pre-processing, stationarity testing, and time-series analysis of historical pharmacy sales. 
The model achieved strong short-term forecasting accuracy and was validated against external datasets, reducing the risk of shortages and waste. Importantly, the authors compared SARIMA with LSTM, XGBoost, and Prophet, noting Prophet’s strengths in handling multiple seasonality’s. 
However, SARIMA performed slightly better on daily forecasts and even better on weekly predictions for product purchases although the researchers did highlight that Random Forest Models and XGBoost were competitive [12]. 
This research highlights a common dilemma in healthcare forecasting the trade-off between predictive power and interpretability. While more complex models may achieve higher accuracy, simpler approaches may be more acceptable in resource-constrained or high-stakes environments [12]. 
For the present research, this insight reinforces the need to balance methodological sophistication with usability in NHS settings, where non-technical stakeholders require interpretable outputs to inform policy and practice.
[bookmark: _Toc207867153]3.6 Conclusion
Taken together, these studies provide a robust foundation for understanding the challenges and opportunities in forecasting biologics expenditure. 
Marino et al [2] and Angelis et al [8] establish biologics as central cost drivers, influenced by complex clinical dynamics. Fourkiotis et al [10] and Motamedi et al [11] demonstrate the applicability of Prophet in pharmaceutical and healthcare resource forecasting, highlighting its strengths in capturing seasonality and balancing accuracy with interpretability. Ekanayake et al [12] further illustrate the trade-offs inherent in model selection, underscoring the need to align forecasting approaches with data characteristics and decision-making contexts.
From the research reviews a clear gap is present. While predictive modelling and machine learning are increasingly applied in healthcare, there remains limited research specific to biologics expenditure forecasting in UK secondary healthcare. 
Existing work demonstrates Prophet’s promise in analogous domains, but no study has yet systematically evaluated its performance for biologics. Addressing this gap is the central aim of the present research, which seeks to apply and benchmark predictive modelling techniques to generate actionable insights for NHS decision-makers and clinical partners.
[bookmark: _Toc207867154]4. Aim & Objectives
The aim of this project is to analyse the drivers and implications of biologics medicine usage in secondary care healthcare settings and to develop predictive models to forecast future expenditure.

The objectives of the project are set out as below.

· To collect and preprocess data on biologic medicines, including variables such as cost, frequency of use and department.
· To apply descriptive and inferential statistical techniques to identify key patterns and trends influencing non-formulary issues and costs.
· To develop a predictive model for forecasting biologic medicines expenditure.
· To provide actionable insights and recommendations for healthcare decision-makers to manage and potentially reduce unnecessary non-formulary medicine costs.

[bookmark: _Toc207867155]5. Methodology

[bookmark: _Toc207867156]5.1 Research Methodology

[bookmark: _Toc207867157]5.1.1 Philosophy
This research will adopt a positivist philosophy. As the aim is to analyse historical issues and purchases data and identify quantifiable trends and patterns from these, a positivist approach is appropriate due to its emphasis on objectivity, measurement, and statistical analysis. This aligns well with the research’s use of structured data sets and predictive modelling techniques [13. 13. 14].
A potential limitation of positivism is its limited ability to capture the subjective rationale behind prescribing decisions from the issues and purchases data [13]. To mitigate this, the study will include insights from existing literature to contextualise the quantitative findings and ensure a more informed interpretation.

[bookmark: _Toc207867158]5.1.2 Approach
A deductive approach will be used. The research will begin with a hypothesis. In this scenario the hypothesis is that that historical patterns in biologic drug usage can be used to predict future spend. The research will test this hypothesis through predictive modelling and data analysis.
The key advantage of a deductive approach is its structured framework, which suits the objective nature of this research [15]. However, if unexpected patterns emerge from the data, the analysis may also incorporate some exploratory techniques to ensure useful insights are covered in their entirety[15].

[bookmark: _Toc207867159]5.1.3 Strategies
The research will employ three main strategies, a literature review, a case study, and data analysis using experimental modelling.

5.1.3.1 Literature Review
A targeted review of existing literature on biologic prescribing, cost management and dispensing in secondary care, and predictive modelling in healthcare will be conducted. This will provide theoretical grounding and help identify best practices and gaps in current research.

5.1.3.2 Case Study
A case study approach will be used to focus on a specific Health Board in Wales. This will allow for a detailed analysis of biologic drug spend trends in a real-world context, using data extracted via the Digital Health and Care Wales infrastructure.
5.1.3.3 Data Analysis and Experimental Modelling
A predictive model will be developed and tested using anonymised issues and purchases data. The model will be validated against known historical outcomes to assess accuracy and practical relevance.

[bookmark: _Toc207867160]5.1.4 Risks & Limitations
Potential risks include restricted access to sufficient or high-quality data due to privacy, availability, or governance issues. To mitigate this, early engagement with relevant stakeholders and data custodians will be prioritised, also the option of anonymising the data is being explored through in-code obfuscation due to the commercial interests this data may hold [16].
Limitations may include generalisability beyond the selected case study area as health boards have slight operational differences. These will be acknowledged, and where possible, addressed through triangulation with literature findings and discussion with clinical partners.

[bookmark: _Toc207867161]5.1 5 Ethical Issues
There are no perceived ethical issues to this project, the project will exclude any patient details. The research purely attempts to identify trends and analyse existing data and to extract meaningful data to improve medicines spend and governance. The exposure of this data could lead to commercial interests.

[bookmark: _Toc207867162]5.1.6 Validity, Reliability & Generalisability

5.1.6.1 Validity
The project’s use of real-world purchases and issues data makes it a valid method for exploring the research question. Predictive modelling is a well-established technique in healthcare analytics [17].

5.1.6.2 Reliability
The use of structured data and clear analytical procedures ensures that the research can be replicated. Another researcher following the same methodology would likely obtain similar results, assuming data of comparable quality.

5.1.6.3 Generalisability
While the findings will focus on one health board, the methodology and insights may be transferable to other NHS organisations with similar systems and data structures, especially within the context of secondary care. 

[bookmark: _Toc207867163]5.1.7 Data Evaluation Methods

5.1.7.1 Data Collection
The project will use anonymised issues and purchases data available through DHCW or partnering Health Boards. This data is held within SQL databases that can be accessed using SQL queries. Some data access will be needed through the data warehouse as the servers provide greater performance when running large queries. The minimum requirement is 12 months of biologic issues and purchases data to establish trends and build a predictive model. If full data access is not granted, data may be generated based off the table structures and biologic medicines in use within the pharmacy system.

5.1.7.2 Data Evaluation
The data will be analysed using the statistical programming language R. Techniques will include time-series analysis, regression modelling, and error evaluation using metrics such as Root Mean Squared Error (RMSE) or Mean Absolute Error (MAE) [18]. Visualisations will be used to communicate findings, including forecasted expenditure trends. 

To analyse the purchases and issues data, the study will employ a combination of statistical techniques—t-tests and chi-square tests for examining differences in continuous and categorical variables, respectively. When group differences are detected for example across therapeutic categories such as cytokine modulators or JAK inhibitors or across cost centres, post-hoc analysis such as Tukey’s HSD will be used to pinpoint specific pairwise differences. These methods are established practice in analysing pharmacy data [19]. 

[bookmark: _Toc207867164]5.2 Development Methodology

[bookmark: _Toc207867165]5.2.1 Software Development Methodology OR Other Relevant Major Methodology
This project will follow a structured, iterative analytical methodology using the R programming language for data processing, modelling, and visualisation. The overall process includes the following key areas.

5.2.1.1 Problem Definition and Planning
Establish the scope of the predictive model, define key variables of interest, and ensure the model displays data for consumption by clinical partners.

5.2.1.2 Data Acquisition and Preparation
Clean, transform, and structure biologic dispensing and purchases data using R packages such as dplyr, tidyr, broom and lubridate ready for modelling and presentation to clinical partners [20. 20. 21. 20. 21. 22. 20. 21. 22. 23]. Data preparation will ensure the quality and consistency required for accurate modelling.

5.2.1.3 Exploratory Data Analysis (EDA)
Conduct statistical exploration and visual analysis of trends, seasonality, outliers, and correlations using R packages such as ggplot2, summarytools, and corrplot [24. 24. 25. 24. 25. 26].

5.2.1.4 Model Development and Validation
Build the predictive model using appropriate machine learning techniques such as the Prophet from Meta through their R package [9]. Model performance will be evaluated using metrics such as Root Mean Squared Error and Mean Absolute Error [27. 18. 27].

5.2.1.5 Results Interpretation and Application 
Translate outputs into actionable insights for secondary care decision-makers, with clear visualisations and explanations of cost drivers and forecast accuracy.

This methodology is chosen for its suitability in producing repeatable, transparent, and explainable models within the R language, allowing efficient experimentation and reproducibility.
[bookmark: _Toc207867166]6. Resources and Planning
This section will outline the proposed resources that are required for the project and give the proposed plan. 
[bookmark: _Toc207867167]6.1 Hardware Resources
As this software will not be going into a live environment for use, the hardware resources of this project will be limited to a work PC. The laptop is a Dell Latitude 5440 with 16GB of RAM, with 13th gen i5-1345u processor. This should be suitable hardware for the data sets I intend to use.
[bookmark: _Toc207867168]6.2 Software Resources
For this project I will be utilising the R programming language 4.4.2 [28] and R Studio [29]. 
[bookmark: _Toc207867169]6.3 Information Resources
The data that will be used for this project is hosted by Digital Health and Care Wales on behalf of the health boards of Wales, I will be utilising data from within the All Wales Hospital Pharmacy Stock Management System (WHPSMS). 
[bookmark: _Toc207867170]6.4 Project Plan
The below table outlines the tasks that are to be completed for the project. The table outlines the task that needs to be completed, a description of the task, the start date and the target completion date to keep the project on track.
	Task
	Description
	Start Date
	Target Completion Date

	Project Proposal
	Submit project proposal to be assigned supervisor
	Jan 2026
	Jan 2026

	Further Literature Review
	Review existing literature 
	Jan 2026
	Feb 2026

	Data Collection
	· Identify interested drugs
· Identify data sources
· Collect data
	Jan 2026
	Mar 2026

	Data Preparation and Validation
	Prepare and validate data ready for analysis using inferential techniques
	Mar 2026
	Mar 2026

	Analysis Utilising Inferential Techniques
	Analyse the data utilising inferential statistical techniques. 
	Mar 2026
	Apr 2026

	Prepare Predictive Model
	Prepare the Prophet model for use with the data.
	Mar 2026
	Apr 2026

	Finalise Methodology
	Finalise Methodology used for data analysis and predictive model.
	Apr 2026
	May 2026

	Complete Report
	Complete writing of report outlining findings conclusion and further work
	May 2026
	Jun 2026

	Final Review of Report
	Complete final review and rewrite sections as necessary
	Jun 2026
	Jul 2026

	Report Submission
	Submit final research report
	Jul 2026
	Jul 2026
 



[bookmark: _Toc207867171]7. Personal Reflection 

Undertaking this project has been a valuable learning experience that has deepened both my subject knowledge and my research skills. One of the key areas I have developed has been my ability to conduct a literature review. Initially, I found the process of searching, screening, and selecting relevant papers to be quite challenging, particularly given the wide range of research available across healthcare and data science. However, through structured database searching and critical reading, I have gained confidence in identifying high-quality, recent and relevant studies that align to my research problem.
I have also appreciated the importance of not simply summarising literature, but evaluating it critically to identify common themes, methodological strengths, and existing gaps. This skill has allowed me to see how predictive modelling is being applied in adjacent areas, such as healthcare cost forecasting and biologic treatment outcomes, while also recognising the lack of direct applications to biologics expenditure in secondary care. This process highlighted the value of situating my own project within the broader academic conversation.
Another important lesson has been the significance of methodological awareness. By engaging with studies that applied machine learning techniques such as random forests, gradient boosting, logistic regression models [7], I have not only expanded my understanding of these tools but also developed insight into their comparative advantages over traditional statistical approaches [7. 4. 7. 4. 6. 7]. This has helped organise my own thinking about which modelling strategies may be most appropriate for forecasting biologics spend and has given me an appreciation of the trade-offs between model accuracy, interpretability, and practical application.
In conclusion, the process of writing and reflecting on the literature review has shown me that research is not simply about answering a question, but about developing a critical lens, recognising limitations, and learning how to frame a problem in a way that adds value. 


References
[1] M. D. Russell and J. B. Galloway, "Driving down the cost of biologics: lessons from a nationalised health-care system," The Lancet, vol. 404, no. 10464, pp.1723–1724, 2024. doi: 10.1016/S0140-6736(24)02151-2. Available: https://doi.org/10.1016/S0140-6736(24)02151-2
[2] M. L. Marino, et al., "Savings From Biosimilars Use in the Italian National Health Service," Value in Health Regional Issues, vol. 49, pp.101142, 2025. doi: 10.1016/j.vhri.2025.101142. Available: https://www.sciencedirect.com/science/article/pii/S2212109925000676
[3] J. Ivanovic, et al., "Horizon Scanning for pharmaceuticals and effective health care programming: 2 years’ experience at the Italian Medicines Agency," Drug Discov.Today, vol. 26, no. 2, pp.569–576, 2021. doi: 10.1016/j.drudis.2020.11.015. Available: https://www.sciencedirect.com/science/article/pii/S1359644620304797
[4] S. Garcia Gonzalez-Moral, et al., "Looking at the fringes of MedTech innovation: a mapping review of horizon scanning and foresight methods," BMJ Open, vol. 13, no. 9, pp.e073730, 2023. doi: 10.1136/bmjopen-2023-073730. Available: http://bmjopen.bmj.com/content/13/9/e073730.abstract
[5] D. Stahl, "New horizons in prediction modelling using machine learning in older people’s healthcare research," Age Ageing, vol. 53, no. 9, pp.afae201, 2024. doi: 10.1093/ageing/afae201. Available: https://doi.org/10.1093/ageing/afae201
[6] F. Orhan and M. N. Kurutkan, "Predicting total healthcare demand using machine learning: separate and combined analysis of predisposing, enabling, and need factors," BMC Health Services Research, vol. 25, no. 1, pp.366, 2025. doi: 10.1186/s12913-025-12502-5. Available: https://doi.org/10.1186/s12913-025-12502-5
[7] A. Angelis, et al., "Promoting Population Health through Pharmaceutical Policy," 2023. https://www.lse.ac.uk/lse-health/assets/documents/Reports/23-0275-Pharma-Report-V10.pdf
[8] S. J. Taylor and B. Letham, "Prophet: Forecasting at Scale." https://facebook.github.io/prophet/
[9] K. P. Fourkiotis and A. Tsadiras, "Applying Machine Learning and Statistical Forecasting Methods for Enhancing Pharmaceutical Sales Predictions," Forecasting, vol. 6, no. 1, pp.186, 2024. doi: 10.3390/forecast6010010. 
[10] M. Motamedi, et al., "Demand forecasting for platelet usage: From univariate time series to multivariable models," PLOS ONE, vol. 19, no. 4, pp.e0297391, 2024. Available: https://doi.org/10.1371/journal.pone.0297391
[11] S. B. Ekanayake, et al., "Predicting Medical Drug Sales in a Specific Area for Categorical Drugs using Time Series Forecasting," 2025. doi: 10.1109/SCSE65633.2025.11031056. 
[12] M. Salzmann-Erikson, "The intersection between logical empiricism and qualitative nursing research: a post-structuralist analysis," Int.J.Qual.Stud.Health.Well-being, vol. 19, no. 1, pp.2315636, Dec 2024. doi: 10.1080/17482631.2024.2315636. 
[13] Y. S. Park, L. Konge and A. R. Artino Jr, "The Positivism Paradigm of Research," Academic Medicine, vol. 95, no. 5, 2020. Available: https://journals.lww.com/academicmedicine/fulltext/2020/05000/the_positivism_paradigm_of_research.16.aspx
[14] S. Mohammed, "deductive and inductive research," in 2024, pp. 203. 
[15] A. Majeed and S. Lee, "Anonymization Techniques for Privacy Preserving Data Publishing: A Comprehensive Survey," IEEE Access, vol. PP, pp.1, 2020. doi: 10.1109/ACCESS.2020.3045700. 
[16] A. R. Rao, et al., "Predictive interpretable analytics models for forecasting healthcare costs using open healthcare data," Healthcare Analytics, vol. 6, pp.100351, 2024. doi: 10.1016/j.health.2024.100351. Available: https://www.sciencedirect.com/science/article/pii/S2772442524000534
[17] W. Wang and Y. Lu, "Analysis of the Mean Absolute Error (MAE) and the Root Mean Square Error (RMSE) in Assessing Rounding Model," IOP Conference Series: Materials Science and Engineering, vol. 324, pp.012049, 2018. doi: 10.1088/1757-899X/324/1/012049. 
[18] A. L. Oh, et al., "Improving bedside dispensing services through early medication discharge planning: a pre-post intervention study," Journal of Pharmaceutical Policy and Practice, vol. 15, no. 1, pp.7, 2022. doi: 10.1186/s40545-022-00405-3. Available: https://doi.org/10.1186/s40545-022-00405-3
[19] H. Wickham, R. François, L. Henry, K. Müller and D. Vaughan, "broom: Tidy Up Model Outputs with Tidy Data Principles (CRAN vignette)." https://cran.r-project.org/web/packages/broom/vignettes/broom.html
[20] H. Wickham, D. Vaughan and M. Girlich, "tidyr: Tidy Data Tools (R package version 1.3.1)." https://tidyr.tidyverse.org
[21] H. Wickham, R. François, L. Henry, K. Müller and D. Vaughan, "dplyr: A Grammar of Data Manipulation (R package version 1.1.4)." https://dplyr.tidyverse.org
[22] V. Spinu, G. Grolemund and H. Wickham, "lubridate: Make Dealing with Dates a Little Easier." https://lubridate.tidyverse.org
[23] H. Wickham and Others, "ggplot2: A system for declaratively creating graphics." https://ggplot2.tidyverse.org
[24] D. Comtois. "summarytools: Tools to Quickly and Neatly Summarize Data (vignette introduction)." https://cran.r-project.org/web/packages/summarytools/vignettes/introduction.html
[25] T. Wei, V. Simko and Others, "corrplot: Visualization of a Correlation Matrix (vignette introduction)." https://cran.r-project.org/web/packages/corrplot/vignettes/corrplot-intro.html
[26] S. J. Taylor and B. Letham, "Prophet Diagnostics: Cross Validation." https://facebook.github.io/prophet/docs/diagnostics.html#cross-validation
[27] S. C. The R Project for. "R-4.4.2 for Windows (CRAN Archive)." https://cran.r-project.org/bin/windows/base/old/4.4.2/
[28] P. Posit Software. "Download RStudio Desktop." https://posit.co/download/rstudio-desktop/


