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Abstract 
In this report the use of ensemble and base machine learning algorithms for population prediction were investigated. In this report a comparison between the random forest and a stacking ensemble made up of the K-Nearest Neighbour and Multilayer perceptron as candidate models, and the linear regression model as the meta-learner. Both ensemble models were trained on population estimates between 1942-2024 in regions sourced from the government-maintained statistics repositories of Sweden, Denmark, Australia and the Netherlands. The ensembles performance was compared before and after hyperparameter using various metrics such as RMSE, MAE, MAPE, R2 and computation time. The stacking ensemble outperformed the random forest, getting an RMSE of 61292.2 compared to the random forest which got 143644.5. After training the ensembles, they were exported as object files and then integrated into a web application alongside a dataset containing subnational population estimates of Wales between 1991-2023, the application allows users to make a forecast of the Wales population by local authority.
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1. Introduction	Comment by J L: mention welsh population here
Population is measurement that frequently used when analysing the geography of an area, population is an important metric because it provides guidance to business professionals on where to allocate resources to support customers and clients or for governments to create new facilities such as educational, health or social services to meet the demand of the general public, the Office for National Statistics (ONS) say that measuring the population can be done in differing approaches such as the top down approach where historical data is fitted into a machine learning algorithm to make prediction from or the bottom up approach which involves primary data collection methods such as surveys.[1]	Comment by J L: - real world examples from ONS
   - otherwise use examples from other statistics departments
[bookmark: _Toc228726445]1.1 Research Background
Predicting the population of a region allows governments and service providers to plan or instate new facilities and services for the public before a high demand for it is recognised which could decrease the likelihood of a shortage. The methods used to predict the population of a region usually consist of fitting historical data to a statistical or machine learning algorithm.
[bookmark: _Toc228726446]1.1.1 Machine Learning
Machine learning algorithms can be defined as a set of mathematical equations that can make predictions based on the data given to it, supervised learning is one of the types of learning methods that machine learning algorithms used to make predictions, supervised learning involves giving labelled data to an algorithm and defining a feature(s) and a target variable, the two types of operations which supervised learning algorithms are applied are classification and regression. Classification refers to an operation in which the predicted is categorical, while regression refers to an operation in which the predicted value is numerical.
Machine learning has a lot of real-world applications, for example, the government of Singapore use machine learning to predict traffic flow and the National Health Service in the UK use machine learning to predict patient demands in hospitals.
[bookmark: _Toc228726447]1.1.2 Ensemble Algorithms
Ensemble algorithms refer to a type of machine learning algorithm in which multiple base algorithms are combined into a single combinatorial algorithm also known as a meta learner, the idea of the ensemble algorithm is to combine the advantages of many algorithms into a single predictor that can handle datasets of varying complexity[2].
The implementation of ensemble algorithms has been through two frameworks which are homogeneous and heterogenous, homogenous revolves around training a group of identical base algorithms on subsets of the training data where each base model has a different subset. Heterogenous refers to training a group of unique base models on the same training dataset[2].

From the homogeneous and heterogeneous frameworks, the parallel and sequential architectures were introduced. In parallel ensembles all base algorithms make their predictions simultaneously whereas in sequential ensembles each base model makes their prediction before giving that prediction as an input for the next base model in the sequence, error from the previous model’s prediction is calculated by the next model. There are three specific techniques in which ensemble algorithms learn based on the previously mentioned architectures, these are bagging, boosting and stacking [[2][3].
Boosting is a method in which the misclassified samples in the training data are given to the next model as training data (also known as weak learners) until a user specified number of base models were reached or the total weight of misclassified samples surpass 0.5, popular boosting ensembles include the AdaBoost (Adaptive Boosting) and the XGBoost (Extreme Gradient Boosting) .Bagging is a method where each base model is trained a different subset of the training dataset, the final predictions is then produced through majority voting (in classification) where the most common predicted class is chosen or averaging voting where the average of all predictions is considered the final prediction. Stacking is a method which all of the base model’s predictions are given to the meta learner as its own training data which makes a final prediction based on it [2][3][4].
[bookmark: _Toc228726448]1.2 Research Problem
According to the StatsWales which is a service owned by the Welsh government to publish datasets to the public, the most recent data that showed population projections by local authority were based on 2022’s population estimate [5]. Although there are more recent projections of the UK population that include Wales such as the 2022 based projection from the Office for National Statistics (ONS), it does not provide details on specific Welsh local authority populations, section 8 of that publication also states that the ONS are planning to release a 2022 based projection on local authorities in England only [6].	Comment by J L: - find cases where predictions were inaccurate and outline the effects of the inaccuracy
   - future generations act (2015)
Now that there is data from the Welsh government providing population estimates from 2019-2024 [7] [8], this project aims to make predictions on the more recent data available which would help give a more accurate depiction of the Welsh Population in the future, it will also evaluate the accuracy of the 2018 based projections.
1.3 Aims and Objectives	Comment by J L: Streamlit application + GeoPandas
The aim of the project is to create a forecast of the Welsh population by local authority using an ensemble approach. 
The key objectives of the project are as follows:
· To critically analyse the current literature to understand the trends of population prediction with a focus on ensemble models
· To develop a heterogeneous and homogeneous ensemble model for predicting population
· To evaluate and compare the performance of the developed models using well known evaluation metrics
· To integrate the prediction data and ensemble models into a web application
1.3.1 Methods
An experiment will be the primary research method of this project. The reasoning behind this being that project will make evaluations and draw comparisons between different machine learning algorithms and historical data from government publications.
1.3.2 Data Collection and Sources 
The project will only consist of quantitative data which will be collected from a range of governments departments, the data used for training was collected from the statistical departments of the Netherlands, Sweden and Australia. The subject of the data included subnational population estimates ranging from 1942-2024. The testing data was collected from StatsWales with values ranging from 1991 to 2023.
[bookmark: _Toc228726449]1.3.3 Tools
The development of the machine learning algorithms will be done in Python, The Python programming language has a lot of support for tasks relating to machine learning through a collection of libraries and applications such as Jupyterlab, Scikit-learn, pandas etc. Streamlit will be used to create the web-based dashboard. Streamlit is a library within Python that is used to create web apps
[bookmark: _Toc228726450]1.4 Significance of Research
There are multiple reasons as to why this project can be important for predictive analytics in Wales, the first reason is that it could replace the current algorithms used by the ONS for a more accurate and customisable algorithms and could improve the accuracy of projections, having more accurate algorithms can lead to better informed decisions by the Welsh government for allocating services, facilities and programs.
Another reason is that being able to use a more customisable ensemble algorithm for predictions could open new pathways for experimentation, it also makes the algorithms adaptable for a range of different problems.
[bookmark: _Toc228726451]1.5 Report Layout	Comment by J L: rewrite	Comment by J L: fix
[bookmark: _Int_ie3iU799]In chapter 2, a literature review will be conducted to show the success of various ensemble and base machine learning algorithms, it will also give descriptions of specific machine learning algorithms that are essential to the project. chapter 3 covers the various methodologies that will be used during the implementation, chapter 4 showcases the implementation with code snippets and commentary on why the code was used. Chapter 5 discusses the results produced from the comparison of the ensembles, chapter 6 evaluates the project entirely using a SWOT analysis project, where the strengths, weaknesses, opportunities and threats of the project were discussed. Chapter 7 concludes the project and gives a summary of what happened throughout the project, lastly, chapter 8 is a reflection which talks about the experience of the project and certain skills that were learned as a result of the project.


[bookmark: _Toc228726452]2. Literature Review	Comment by J L: one more academic paper	Comment by J L: - say "in a study by [citation]..." or "in [citation]..."
- section stdies in lit review into: studies that uses ensembles and studies that use base models
There are many studies that have been conducted which involve the comparison of a variety of machine learning algorithms on making predictions on population counts or other population indicators such as birth rate and life expectancy.
[bookmark: _Toc228726453]Studies Comparing Base Algorithms with the Random Forest	Comment by J L: renumber this section
Hajirahimova and Aliyeva [9] conducted a study showcasing a forecast of the population of Azerbaijan using population estimates between 1990 and 2021, from the statistical committee of Azerbaijan with a selection of machine learning algorithms using the Python library Scikit-learn which included the K-Nearest Neighbour, Linear Regression, Random Forest and Decision Tree. in terms of root mean squared error, the linear regression got 75.29, random forest got 49.72, the K-Nearest Neighbour got 44.11 which was the best performing algorithm overall, and the decision tree which was the worst performing algorithm overall by a large margin got 95.79. The K-Nearest Neighbour got a mean absolute error of 27.52, the random forest got 42.02, the linear regression model got 67.21 and the decision tree got 94.38. the K-Nearest Neighbour attained a R-squared score of 99.6, the random forest got 99.5, the linear regression model got 99 and the decision tree got 98.4. 
One of the strengths of this study was that the time series of the data provides a sufficient view of the population growth of Azerbaijan which could reduce bias in the predictions made by the algorithm. A limitation of this study is that the content of the training data solely referred to the overall population of Azerbaijan and does not provide any detail on a subnational level.
In [10], which looked at making predictions on life expectancy in multiple countries using the linear regression, ridge regression, decision tree and random forest algorithms, the training data used in the study included population estimates, infant mortality, Gross Domestic Product, Body Mass Index, alcohol consumption etc. Overall, the random forest algorithm performed the best with a mean absolute error (MAE) of 1.21, while the linear regression got 2.98 and the ridge regression which performed the worst by a small margin got  3.04. for R-squared scores the random forest achieved 0.96, the linear regression got 0.827 and the ridge regression got 0.820.
However, one of the problems with the study is that the training data is not described, in particular the study described the content training data pertaining to multiple countries but not all the countries in the dataset are not mentioned with table 2 in section 5 mentioning some countries. Another problem with the study is that the specific tools used were not clearly mentioned. In section 3 the study mentions an array of tools that are frequently used in the data science industry such as Python, R etc without defining a final choice. But reading the section 4 implies that the study was done with using Python, the same is done with regards to Integrated Development Environments (IDEs) where the study mentions the popularity of Spyder and Jupyter notebook but does not state a final choice. These problems may make it difficult to determine the quality of the research.
Julie et al. [11] Carried out a study comparing forecasts of the population of endangered animals with the linear regression, decision tree and random forest algorithms resulted in the linear regression being the best performer with an R2 score of 0.943, although the other algorithms were not far behind with the random forest getting a score of 0.89 and the decision tree getting 0.88. The training data used in the study consisted of the population figures of 30 animals between the years 2000-2020, in addition name, scientific name and class were other features included in the dataset. The problem with this study is that some of the features used in the dataset may not be relevant to the target variable, for example, the inclusion of the scientific name of the animals alongside the popular names may conflict with predictions as names do not have any relationship to population figures, this could interfere with the accuracy of the algorithms. Another criticism of the study is that the evaluation of the model was solely done using the R-squared metric, which does not give a holistic analysis of algortihms that would come with adding more metrics such as mean absolute error, root mean squared error etc.
The linear regression algorithm also performed the best overall in a study by Hasan et al. [12] where WEKA, a data mining software developed by the university of Waikato, was used to predict birth rates in Bangladesh using data from the world development indicator database provided by the world bank ranging from 1990 to 2013, the other algorithms in the study included the multilayer perceptron, random forest, random tree, gaussian process and SMOreg (Support vector machine tailored for regression problems). The linear regression algorithm got a relative absolute error of 0.28% and a mean absolute error of 0.0113 which was the best overall, the SMOreg was the second-best performant with a mean absolute error of 0.0257 and a relative absolute error of 0.63%. However, in terms of RMSE the SMOreg performed the best by a substantial margin with an RMSE 0.0307 of multilayer perceptron was the second-best algorithm and narrowly ahead the linear regression algorithm with a RMSE of 0.1037 compared to the linear regression’s 0.1064. One problem with this study is that the time period in which the training data accounts for is too old to accurately predict modern population metrics, since the study was released in 2020, using 7 year old data at the time of the papers publishing would of left out important events that would of affected the population figures such as COVID-19.
In a study from Tsuruga and Qiao [13], who looked at comparing the Random forest model with a deep learning model called the Receptance Weighted Key Value (RWKV) on forecasting the population of riverside county in California up to the year 2060, using data collected from the US Census Bureau ranging from 2010 to 2021 relating to migration, fertility, age and sex. Between the two algorithms the random forest performed the best with an MAE of 104.49 compared to the RWKV’s 147.26. The amount of data used in the study give it higher credibility, in addition to what was previously said the dataset included values for each place (17 in total) in Riverside County, this allows to the algorithms to consider population distribution in training. The study’s use of different factors relating to population can give an easier interpretation to what determines the size of a population  A critique of the study is the number of metrics chosen for the model’s evaluation, using two metrics (MAE and MAPE) does not allow for a detailed analysis on the model’s performance, a detailed evaluation would include more metrics alongside MAE and MAPE such as RMSE and R2.	Comment by J L: more
[bookmark: _Toc228726454]Studies Comparing Multiple Ensemble Algorithms
A study by Tzitiridou‑Chatzopoulou et al. [14] forecasting the number of births in Scotland per month with the R programming language using monthly registered births between January 1998 and December 2022 from the national records of Scotland, the algorithms used for comparison included the autoregressive integrated moving average (ARIMA), prophet, random forest and extreme gradient boosting (XGBoost). in the study it was found that the XGBoost was the most performant algorithm out of the selection achieving a mean absolute error of 0.32, the random forest which was second best got 0.34, the prophet algorithm got 0.37, the ARIMA got 0.44 and the linear regression which performed the worst overall got 0.45. for root mean squared error, the XGBoost got 0.41, the random forest 0.44, prophet 0.446, ARIMA 0.52 and linear regression 0.62.
An advantage of the study is the quantity of data used, using monthly measurements of birth rates provides a highly detailed description of birth rates in a time series and therefore leading to more accurate predictions. Similar to the previously mentioned study about Azerbaijan, a problem with this study is that the data used in this only accounts for overall birth rates of Scotland instead of subnational birth rates and lacks other details such as distribution of birth rates across local authorities.
[bookmark: _Toc228726455]2.1 Linear Regression	Comment by J L: screenshot of equation?
[image: ]
[bookmark: _Toc228726529]Equation 1 - Linear Regression Model Equation.
The linear regression algorithm is a simple algorithm that makes a prediction by calculating the weighted sum of the input values [15]. In the equation shown above, y represents the predicted value, b is the bias, w represents the weight and x represents the input value [16].
[bookmark: _Toc228726456]2.2 Random Forest
The random forest algorithm is a type of bagging ensemble that uses that creates subsets of the training data to train a collection of decision trees specifically. Decision trees are a base algorithm that divides attributes in a dataset into nodes which make smaller trees known as branches that represent the decisions made by the model to make predictions [14]. The random forest may inherit some of the benefits from the decision tree such as high interpretability, however this depends on how the random forest is configured, another benefit the model inherits is the smaller amounts of data preprocessing needed to operate the model compared to others [17]. the use of majority or average voting to aggregate predictions from each decision tree into a final prediction gives the ensemble high predictive accuracy [[18], other benefits include its efficiency on large datasets [19]. The random forest can also be highly difficult to interpret because of the number of decision trees made by it.
[bookmark: _Toc228726457]2.3 Multilayer Perceptron (MLP)
An MLP is a type of neural network which uses multiple layers of neurons (also known as perceptrons) sequentially to make predictions. The features of an MLP consist of an input layer, hidden layer(s) and an output layer. The input layer is responsible for handling the raw input data while the hidden layer(s) process the inputs by calculating a weighted sum of the inputs, these sums are the given to the next hidden layer until the output layer is reached where an activation function is used to make a final prediction. There are multiple activation functions that an MLP can use depending on the characteristics of the training data, these functions include tanh (Hyperbolic Tangent) ReLU (Rectified Linear Unit), softmax etc. [20][21] An advantage of using the MLP is its ability to learn non-linear relationships in a dataset. However, one of the problems with using an MLP is the large amounts of hyperparameter tuning need to optimise the model to the training data.
[bookmark: _Toc228726458]2.4 K-Nearest Neighbour (KNN)
The KNN is an algorithm that makes a prediction based on the neighbouring/previous values in the dataset. In action the KNN starts by finding the closest neighbouring values in the dataset by specified metrics such as Euclidean or Manhattan, the number of neighbours (also known as ‘k’) KNN accounts for is specified by the user, then the KNN make the prediction either by a majority voting like technique for classification, or an average on the neighbouring values for regression [22]. Some limitations of the KNN include being inefficient when the number of neighbours that it is configured to factor in is high, determining the optimal number may also be a challenge of utilising the KNN [23].
[bookmark: _Toc228726459]2.5 Time Series Forecasting and Direct Multi-step Forecasting	Comment by J L: sub-chapter, 2.6 or new 2.1
Time series forecasting is a data analysis method specific to time dependant data that can involve machine learning algorithms, time series forecasting is usually performed with statistical algorithms such as autoregressive integrated moving average (ARIMA), or with machine learning algorithms such as neural networks or KNN [24]. Predictions from time series forecasts are frequently produced for many years into the future relying on the time frequency which the data indexed by [25]. Time series datasets are different compared to datasets which machine learning algorithms are usually trained on, a common machine learning dataset will usually record all values for a specific instance in rows, while time series datasets records those values in columns, these columns are indexed by timestamps commonly represented by year, month, day, time of day or a combination of all. Direct multi-step forecasting is a method in time series forecasting which involves creating a new model for each prediction in a forecasting operation.	Comment by J L: more detail	Comment by J L: add summary section
[bookmark: _Toc228726460]2.6 Literature Review Summary
In the literature review section, a discussion of multiple studies showcasing the performance of base and ensemble algorithms with consideration to evaluation metrics, techniques, tools and datasets used in the studies and outlining the advantages and limitations of them. After the discussing the studies a brief explanation of the base and ensemble algorithms that will be used in the project was provided.

[bookmark: _Toc228726461]3. Methods and Materials
The implementation of this project is sectioned into different phases which were, data preprocessing, hyperparameter tuning, training and testing, and visualisation. There will be more detail on the metrics chosen to evaluate the efficacy of the ensemble algorithms will be outlined in this section, which are root mean squared error, mean absolute error, mean absolute percentage error and R-squared.	Comment by J L: mention more specific details
The method in which the practical implementation was done was inspired by the cross industry standard process for data mining (CRISP-DM) but only using stages 3, 4, 5, 6 and 7. stage 3 of CRISP-DM is called data selection and simply refers to determining what data should be selected for use, stage 4 is data preparation, which involves processing the data so that it is accessible to the machine learning algorithms. Stage 5 is called modelling or data mining which is where algorithms are applied to the data to make predictions, clustering or pattern finding, stage 5 may also include further optimisation of the algorithms through hyperparameter tuning. stage 6 is evaluation and is about examining the results from modelling, it may also include a review of the entire operation. Lastly, stage 7 is known as knowledge representation or deployment which consists of visualising the data in a format that makes it easy to understand by others or integrating the results into another service [26][27].
[bookmark: _Toc228726462]3.1 Data Preprocessing
Data preprocessing is a phase in machine learning or data mining that usually takes places before the data is fitted to predictive or clustering algorithms. Data preprocessing involves a broad range of techniques that are applied to different problems in a dataset such as handling missing values and outliers. In this project, imputation, normalisation, slicing and train/test splitting.
[bookmark: _Toc228726463]3.1.1 Imputation
Imputation is a method of handling missing values which involves replacing missing values with estimated values. The are different ways in which imputation programs determine the estimated value, these include single, mean based and regression based. Single imputation is a simple imputation method which only replaces one missing value at a time. Mean based imputation replaces missing values with the average of their respective instance. Finally, regression base imputation uses regression models to replace a missing value with a predicted one.[28]
[bookmark: _Toc228726464]3.1.3 Slicing and Train-Test Split	Comment by J L: timeseriesplit
Slicing is a term in Python which refers to accessing a subset of rows or columns in a dataframe or a specific range of values in an array. Train-test splitting is a common process that is done when training machine learning algorithms just before fitting the data to an algorithm. Train-test splitting involves sectioning the dataset into a training and testing split, the training split is the data that is fitted to the algorithm, while the testing split is used validate the algorithm’s performance after training. The allocation of data to the training or testing split is usually specified as a percentage, common implementations opt for using 70% of a dataset for the training and 30% for the testing splits, however, this ultimately depends on the size of the dataset [29]. Splitting time series data has some similarities, however, the main difference is that the number of splits can be set manually, which also determines that number of cross-validation folds and these splits contain equal length of training samples [30].
[bookmark: _Toc228726465]3.1.4 Transposition	Comment by J L: new subchapter
Transposition in a dataset involves inverting the structure of the data, so that the columns become rows, and rows become columns. Applying transposition to the dataset makes it more suitable for time series forecasting.	Comment by J L: change?
[bookmark: _Toc228726466]3.1.5 Reindexing
Reindexing refers to replacing the default index when creating a dataframe with one specified by the user. Reindexing is crucial in time series forecasts as algorithms rely on a datetime column to operate properly.[31]
[bookmark: _Toc228726467]3.2 Model Development
The custom ensemble will utilise the stacking learning method, as mentioned previously the stacking learning method is designed specifically for ensembles made of multiple unique base algorithms. The base algorithms chosen for the custom ensemble are the KNN, Multilayer Perceptron and Linear regression.
Since the random forest is built to utilise decision trees, most of the effort in developing the algorithms went into the stacking ensemble. The custom stacking consists of the MLP and KNN as base models, and the linear regression model which is used as the meta-learner.
[bookmark: _Toc228726468]3.3 Model Training and Testing
The training and testing of the ensembles will be done in two phases. In the first phase, both algorithms will be trained on default parameters. In the second phase, hyperparameter tuning will be done for comparison of performance
[bookmark: _Toc228726469]3.4 Model Evaluation	Comment by J L: consider removing equations with Seena
Model evaluation is an important part of machine learning operations, evaluation helps users determine whether the model is suitable for deployment, evaluation is also used to determine if a model is underfitted or overfitted. The choice of evaluation metrics is determined by the type of model being used, if using a classification model, popular metrics that would be used consist of precision, recall, f1-score etc. In this project, regression models will be used, and the chosen metrics are as follows; Root Mean Squared Error, Mean Absolute Error, Mean Absolute Percentage Error and R-Squared. Outside of machine learning specific metrics, computational time in the models will also be considered during evaluation

[bookmark: _Toc228726470]3.4.1 Root Mean Squared Error (RMSE)
[image: ]
[bookmark: _Toc228726530]Equation 2 - RMSE Equation [32].
RMSE is a variant of Mean Squared Error (MSE) which represents the squared average differences between the predicted values from a regression algorithm and the actual value, which is done through equation shown above, where y represents the real value, ŷ is the predicted value and n is the number of values in the dataset. RMSE is often chosen over MSE for easier interpretation, however, RMSE inherits the problem of being sensitive outliers from its origin of MSE [33][34].
[bookmark: _Toc228726471]3.4.2 Mean Absolute Error (MAE) and Mean Absolute Percentage Error (MAPE)
[image: ]
[bookmark: _Toc228726531]Equation 3 - MAE Equation [32].
MAE is the average absolute difference between a predicted value and the actual value. The term ‘absolute difference’ refers to the difference between values without considering direction, absolute difference is always presented as a positive value even if a value is smaller than its reference value. MAE is presented in the same scale as the values in the dataset making it easier to understand, however, since an MAE value does not account for direction, the metric does not provide whether a model is underfitted or overfitted [33][34].
[image: ]
[bookmark: _Toc228726532]Equation 4 - MAPE Equation [32].
MAPE shows the absolute differences between predicted and actual values as a percentage. Since MAPE is presented as a percentage, it gives the metric superior interpretability compared to other metrics mentioned, with frequent adoption in professional environments [34][32].
[bookmark: _Toc228726472]3.4.3 R-Squared (R2) 
[image: ]
[bookmark: _Toc228726533]Equation 5 - R2 Equation [32].
R2 provides a measurement of the proportion of variation in the target variable that the algorithm accounts for and is represented as a value between 0 and 1. one of the reasons why R2 is a common choice in model evaluation is its interpretability. One of the problems with using R2 for evaluating algorithms is that it favours models of high complexity and could lead to adding more attributes to a dataset even if it does not improve performance and increases the likelihood of overfitting [24][34][34]. ȳ represents the average of the real values.
[bookmark: _Toc228726473]3.4.4 Computational Time
Computational time simply refers to the amount of time taken for a model to be trained, in this project the model’s computational time will be measured in seconds. Computational time is important if efficiency is a factor behind model choice, as users may choose a quicker learning model with a slight learning penalty over a slower learning model with superior accuracy.
3.5 Hyperparameter Tuning	Comment by J L: more detail
Hyperparameters are a type of parameters in a machine learning algorithm that determines the algorithms learning process, examples include number of iterations performed during training[35]. Hyperparameters are tuned before training frequently using an iterative function.
Hyperparameter tuning is a crucial step for optimising a machine learning algorithm around a dataset and improving its performance. Especially if using a complex algorithm such as an MLP in which convergence rate is an important rate for optimisation.
[bookmark: _Toc228726474]3.6 Model Deployment	Comment by J L: using model on welsh data
After training and testing the models, professionals will apply the same algorithm to a new dataset or domain. Common methods of deployment include building a web service/application around the algorithm. The models will be used in a time series forecasting operation which uses the Welsh population data, the results from the forecast will be exported and implemented into a web dashboard which also includes some visualisation features.
[bookmark: _Toc228726475]3.3 Methodology Summary
In section 3 a brief definition of the various techniques used in the data preprocessing, model creation, model training and testing, model hyperparameter tuning and deployment stages of the project was provided. In addition, the evaluation metrics that will be used in the evaluation of the ensemble algorithms were discussed.



[bookmark: _Toc228726476]4. Practical Implementation
In this section, the practical implementation of the techniques mentioned previously in section 3 will be showcased, with the inclusion of screenshots of code use in jupyter notebook during preprocessing, model creation and testing, and code in the python script file that created the web application.
[bookmark: _Toc228726477]4.1 Data Exploration
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[bookmark: _Toc228726422]Figure 1 - Annual Population Estimates of Cardiff, Swansea, Newport and Blaenau Gwent.
The line charts above show the population estimates of Cardiff, Swansea, Newport and Blaenau Gwent between 1990 and 2023 in the testing data. All the local authorities shown had a large increase in population during the time series except Blaenau Gwent which had a big decrease in population. Blaenau Gwent’s population estimate in 2023 was 67356, a decrease of 5310 from 1990 (7.3%), with population steeply decreasing from 1990 until 2005 where the decrease stabilised and then continues to go down from 2011 onwards, however, 2023’s estimate showed an increase in population. Cardiff’s was 383536, an increase of 86595 since 1990 (22.5%), Swansea’s was 246742, an increase of 16999 since 1990 (6.8%), however, between 1990 and 1999 Swansea’s population estimate decrease steadily by 4663 (2%) to 225080 before a sharp increase to 2010 where growths seemingly stops until 2021 where another steep increase happens. Newport’s was 163628, which was an increase of 28149 since 1990 (17%).
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[bookmark: _Toc228726423]Figure 2 - Annual Population Estimates of Groningen, Norrbotten County, Uppsala County and Tasmania.
These line charts show the population estimates for Groningen in the Netherlands, Norrbotten and Uppsala County in Sweden and Tasmania in Australia, due to the varying methods of which various governments record population estimates, the time periods of recorded population estimates differ. For example, the earliest recorded population estimate for Groningen was in 1940, but for Tasmania it was 2000.
Similar to the regions chosen in the training data’s exploration, all except one of the regions in the line graphs above showed an increase in population since the earliest recorded date. The population estimate of Groningen in 2024 was 601347, increase of 171076 since 1940 (28.4%). Norrbotten county’s estimate in 2024 was 248620, a decrease of 10893 since 1968, other observations of the region's population included a decrease earlier in the time series between 1980 and 1987 where the estimate went from 267054 to 260833, then going up to 267648 in 1994 before decreasing again to its 2024 estimate. A similar observation is seen between 1968 and 1971 where the population went from 259513 to 256078 which was followed by an increase to 266983 in 1979. Uppsala county’s estimate was 407912, an increase of 198391 since 1968 (48.6%). Finally, Tasmania’s estimate was 575496, an increase of 101828 since 2001 (17.6%).
[bookmark: _Toc228726478]4.2 Data Preprocessing in Practise	Comment by J L: transposition before descriptive stats
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Transposition was also implemented manually on the testing data with Microsoft Excel by copying the data and using the ‘Paste Special – Transpose Rows and Columns’ option, it was done this way because the transpose function in pandas removes the names of the new columns after transposing, another reason is that it allows closer inspection of the data after using the feature. The ‘Mid-year’ text in the date column was also removed to make reindexing possible.
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[bookmark: _Toc228726424]Figure 3 - Descriptive Statistics of Training Data.
After importing the data into the Jupyter notebook and using the ‘.describe()’ command from pandas on the dataset, the descriptive statistic returned values formatted in scientific notation, this is due to the range of values in the dataset being very high. These values were dealt with using normalisation
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[bookmark: _Toc228726425]Figure 4 - Training Data Before (Left) and After Imputation (Right).
When importing a dataset into Jupyterlab using the ‘read_csv’ function in pandas, it will automatically detect and handle null values by representing then as ‘NaN’, however, the multilayer perceptron in scikit-learn cannot function if null values are present in the dataset. To get around the problem, imputation was done on the data through the ‘SimpleImputer’ function in scikit-learn. Imputation is a method of handling null values which involves replacing null values with real numeric values, in the case of SimpleImputer, null values are replaced with the average of the column of data. SimpleImputer outputs the result as a numpy array by default, so an additional modification was made to output the results as a dataframe.	Comment by J L: SimpleImputer citation
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[bookmark: _Toc228726426]Figure 5 - Train/Test Split Code Snippet.
When imputation was done, the data was then sectioned in training and testing splits for GridSearchCV and model training/testing. The train and test splits were reshaped using ‘.values’ to extract the values from the specific column and then ‘.reshape(-1,1)’ to reorders all values into a single column, using reshape in this way allows trained models to take varying lengths of new data to make predictions on [36]

[bookmark: _Toc228726479]4.1.1 Testing data 
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[bookmark: _Toc228726427]Figure 6 - Testing Data Before (Top Left) and After (Top Right) After Transposition.
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[bookmark: _Toc228726428]Figure 7 -Testing Data Before (Left) and After Reindexing (Right).
When importing the testing data into Jupyterlab, pandas automatically assigned its own zero-based index to the data. To change this, the date column was converted into a real datetime column using ‘to_datetime()’ with “format=’%Y’” parameter so that the function recognises the values of the date column as years. After, ‘set_index()’ was used to make the date column the new index of the dataframe, finally ‘asfreq()’ was used to change the frequency of the date column, the ‘YS’ parameter was used to present the values in the date column as year start, this is because the skforecast library requires a year, month and day in a time series forecast. The testing data did not have any missing values and did not require imputation techniques to be used.
[bookmark: _Toc228726480]4.2 Model Creation
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[bookmark: _Toc228726429]Figure 8 - Ensembles Models with Default Hyperparameters.
The figure above shows the code for the StackingRegressor and RandomForestRegressor  from scikit-learn in the Jupyter notebook. Initially the ensembles will be trained on default configurations, then hyperparameter tuning will be done to improve performance.
[bookmark: _Toc228726481]4.2.1 Hyperparameter Tuning with GridSearchCV	Comment by J L: change to halvinggridsearch
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[bookmark: _Toc228726430]Figure 9 - GridSearchCV on MLP.
GridSearchCV is a function in scikit-learn which selects the best combination of parameters for a given base algorithm based on a parameter grid created by the user, figure 8 shows the parameter grid created for the function on the multilayer perceptron and the best parameters for the algorithm. due to the complexity of tuning the hyperparameters of a neural network which were mentioned in section 2, GridSearchCV took the longest finding the best parameters for the multilayer perceptron compared to the other chosen models.	Comment by J L: mention limitations of the ensembles
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[bookmark: _Toc228726431]Figure 10 - GridSearchCV on KNN (Top) and Random Forest (Bottom).
Figure 9 shows the parameter grid and the results from GridSearchCV on the KNN and random forest algorithms, due to the lesser complexity of both algorithms compared to the MLP the function took significantly less time to return the results, the GridSearchCV function typically took under a minute to finish for the random forest and KNN, while for the MLP it typically took multiple minutes .	Comment by J L: remove leaf_size for KNN
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[bookmark: _Toc228726432]Figure 11 - Ensemble Models after Hyperparameter Tuning and Integration into Forecasting Functions.
Figure 4 showcases the random forest and custom stacking ensemble after using the GridSearchCV function. From the results a lot of changes have been made from the default version. For the random forest, the function assigned 300 estimators in the tuned model whereas the default was 100, bootstrapping was disabled and warm start was enabled. 	Comment by J L: remove differentiation	Comment by J L: compare tuned parameters with default parameters
For the MLP, the function suggested  a significant increase in maximum iterations from 200 in the default version to 1750 in the tuned version, an increase in hidden layers was given with 150 hidden layers in the tuned version and 100 in the default, the learning rate was changed to adaptive, early stopping was enabled and momentum was decreased from 0.9 in the default version to 0.5 in the tuned version, finally, passthrough was enabled. For the KNN, the leaf size was reduced to 10 from 30 in the default version, and the neighbour search algorithm was changed to brute force search instead of ball tree.
After creating the models, they were implemented into a direct forecasting function provided by the skforecast library, within these functions the number of lag features was set to 1 through the ‘lags’ parameter and the number of predictions made during model training was set to 10 using the ‘steps’ parameter.
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After training the ensembles, the ‘.dump()’ function was used to export the ensembles as a type of file specific for python objects called ‘pickles’. Exporting the ensembles allows them to be imported into other files
[bookmark: _Toc228726482]4.3 Web-based Dashboard	Comment by J L: - add code snippets for each page
- add default models to the web app
- add training data to the app
- file upload feature?
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[bookmark: _Toc228726433]Figure 12 - Backend Class for Web App.
The code snippet above shows the backend for the web app, represented as a class the backend consists of three functions, one responsible for providing the testing data to the app named ‘wales_data’, the function named ‘training_data’ provides the training data used in the project to the app, the function named ‘ensembles’ provides the ensemble algorithms for the web app using the ‘.load()’ function from joblib. The ‘cache_data’ and ‘cache_resource’ decorators are used to store the outputs of the functions in a cache which signficantly improves loading speeds, the ‘cache_data’ decorator is specialised for functions outputting data while ‘cache_resource’ is tailored to resuable objects such as machine learning models.
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[bookmark: _Toc228726434]Figure 13 - Web App Pages List.
The screenshot above shows how tabs are made and how the title was set using Streamlit, which is through a tuple. More detail on how the tabs are used are explained further on.
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[bookmark: _Toc228726435]Figure 14 - Homepage on Web App with Code Snippet.
This is the home page of the dashboard, on this page users will be able to examine the data used in the project and import their own time series dataset, users will also be able to view a simple bar chart based on the columns in the dataset, which are chosen through a drop-down menu above the chart. The home page also gives access to the training data, a radio button was used to let users view the data with and without imputation.
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[bookmark: _Toc228726436]Figure 15 - Model Tuning and Prediction Page With Code Snippet.
This is model creation page, which will allow users to configure some parameters relating to the ensembles which are the number of lag features to assign to the model functions, and the number of predictions to make through the ‘number_input()’ functions. Uses can also pick the local authority they want to predict and which model to use through the ‘selectbox’ functions labelled ‘counties’ and ‘chosen_model’. After making a prediction, a line graph will be displayed to show the results, which is done through the if statement at the bottom of the code snippet.
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[bookmark: _Toc228726437]Figure 16 - Top Half of Full Forecast Page with Code Snippet
The full forecast page produces and displays a dataframe containing forecasts for all local authorities, allowing for a closer examination of the predictions, the full forecast is done through a for loop that iterates over every column in the dataframe (represented as ‘default_data.columns’) and inserting the predictions into a dictionary, the dictionary is then converted into a new dataframe. Streamlit also allows the data to be downloaded as a CSV file.
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[bookmark: _Toc228726438]Figure 17 - Bottom Half of Full Forecast Page.
At the bottom of the full forecast page, a line chart visualising the full prediction of the chosen local authority will be displayed with a selection box above the chart to switch between different local authorities.
[bookmark: _Toc228726483]4.4 Practical Implementation Summary
In section 4, a showcase of the steps done in the implementation of the project was conducted with screenshot of code in the Jupyter notebooks relating to data preprocessing, model creation, model training and testing and model evaluation. Screenshots of code in a python script file relating to the creation of the web application were also provided.



[bookmark: _Toc228726484]5. Results	Comment by J L: give random forest n_jobs=2 also
[image: ][image: ]
[image: ][image: ]

[bookmark: _Toc228726439]Figure 18 - Default Parameter Ensemble Evaluation Metrics.
In the results shown from the model training on default configurations shown above, the random forest was proven to be better in every metric. For RMSE, the stacking ensemble got 61292.2 and the random forest got 143644.5. the stacking ensemble got an MAE of 14918.7 while the random forest’s MAE was 40500. in regard to MAPE, the stacking ensemble got 0.00917 and the random forest got 0.01421. finally, the stacking ensemble’s R2 score was 0.99853 while the random forest’s was 0.99198.	Comment by J L: mention specific results
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[bookmark: _Toc228726440]Figure 19 - Forecast Results from Default Parameter Ensembles, Stacking Ensemble (Right) and Random Forest (Left).
The results above are the 10-year forecasts for Blaenau Gwent from the two ensembles with default parameters, both models forecasted a steady decrease in population for the local authority, with the random forest predicting the biggest drop in population by 2033 (65322) compared to the stacking ensemble (66798). For the prediction of the 2025 population, there was a difference of 215 between the ensembles as the stacking model predicted 67178 and the random forest predicted 67393. Another observation from the results is that between the 2030 and 2033 predictions, the stacking ensemble predicted a sharp decline of 593 in population from 2030 to 2032 followed a sharp increase of 293 in 2033.
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[bookmark: _Toc228726441]Figure 20 - Computation Time of Default Parameter Ensembles.
These are the process times for the ensembles on default parameters, the process times were measured on the predictions of five local authorities which were Blaenau Gwent, Bridgend, Caerphilly, Cardiff and Carmarthenshire. it also measured the time to fit data in addition to prediction time. The results show that the stacking ensemble was quicker at making predictions than the random forest with a difference of 1.6 seconds.
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[bookmark: _Toc228726442]Figure 21 - Tuned Parameter Ensemble Evaluation Metrics.
The results above are from the model training after hyperparameter tuning. There was a significant difference between the results from the training on default parameters compared to tuned parameters, overall, the stacking ensemble performed the best by a significant margin compared to the random forest. For the RMSE metric, the stacking ensemble achieved 61426.6 and the random forest got 143377. For MAE, the stacking ensemble got 15059.3 and the random forest got 40803.6. for MAPE, the stacking ensemble got 0.00913 while the random forest got 0.01499. Finally, for the R2 scores the stacking ensemble got 0.99853 and the random forest got 0.99201.	Comment by J L: metrics
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[bookmark: _Toc228726443]Figure 22 - Forecast Results from Tuned Ensembles, Stacking Ensemble (Right) and Random Forest (Left).
The outputs above are the forecasts on Blaenau Gwent from the two ensembles on tuned parameters. Similarly to the previous forecast, both models predicted a steady decrease in population over 10 years. However, the stacking ensemble predicted a bigger decrease in population over time than the random forest did in the previous forecast, with a decrease of 2968 (63947 in 2033). The tuned random forest’s predictions were significantly higher than the default version and may be overfitted
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[bookmark: _Toc228726444]Figure 23 - Computation Time of Tuned Ensembles.
These are the process times of the ensembles after parameter tuning. The results show a big difference in process times, for example, the stacking ensemble (25.6 seconds) got slower on its process time by 15.1 seconds compared to the version on default parameters. The random forest (26 seconds) got worse at its process time as it got slower by 14 seconds compared to the default parameter version, the gap between the tuned ensembles was 0.5 seconds. The increase in computation time can be explained from the hyperparameter tuning previously explained in section 4.2, such as the increase in iterations for the MLP.



[bookmark: _Toc228726485]6. Evaluation
Overall, the stacking ensemble outperformed the random forest on RMSE, MAE, MAPE, R2 and computation time. In the Wales population forecast, there was a large difference between the predictions of the stacking ensemble and the random forest, with the random forest predicting a significant change in population for Blaenau Gwent. These results were expected due to the evaluation metrics of both ensembles.
The objectives of this project were to; closely critique the existing literature about making predictions on population figures and other population indicators with ensemble models or base models, to create and compare the heterogeneous and homogeneous ensemble, and to deploy the ensembles into a web application along with the data, all of which were achieved, with some exception to the first objective as there were not many studies comparing ensemble models specifically were discussed in section 2.
[bookmark: _Toc228726486]6.1 SWOT Analysis
A strength of the project was that a collection of preprocessing techniques was carried out to ensure thorough training, another strength was that many evaluation metrics were used which is helpful for making a detailed evaluation of the ensembles.
One of the limitations of the project was that not all hyperparameters in the MLP and random forest were modified. For the MLP, only 8 out of the 22 performance altering parameters were modified, and for the random forest only 4 out of the 16 performance altering parameters were altered. This leaves out parameters that could potentially lead to drastically different performances compared to what was achieved in this project.
Another limitation with the project was the use imputation on the training data, the mean values that were used to replace null values took a significant proportion of the values in certain columns,  this may have introduced bias into the ensemble algorithms which affects the predictions of them, to get around this, using a dataset that does not have null values would remove the bias.
Since the review of studies in section 2 show that ensemble algorithms are high performers, including more ensemble algorithms particularly ones that utilise the boosting method such as the Extreme Gradient Boosting (XGBoost) algorithm would be an opportunity that could be used in future projects, more combinations of base models used in the StackingRegressor can be explored, especially combinations that include the Support Vector Machine (SVM) as it also exhibited high performance in section 2.
Another opportunity for future studies relating to this project is using a geographic information system (GIS) to visualise forecasting data, presenting the training, testing and prediction data in a GIS would make it more interpretable and would allow users to more easily identify the distribution of population. Another opportunity within the web application would be adding a feature that allows other time series population datasets to be imported.



[bookmark: _Toc228726487]7. Conclusion
In this report a comparison of two ensemble algorithms on a forecast of the population of Wales at a subnational level. one of the ensembles was a custom stacking ensemble consisting of the multi-layer perceptron, K-Nearest Neighbours and linear regression models as base learners, with the linear regression being used as the meta-learner, The other ensemble was a random forest. After creating and making predictions with the ensembles, a web app was developed to present the data and make additional customised predictions.
The ensembles were trained on subnational population estimates for the countries of the Netherlands, Sweden, Australia and Denmark. And used RMSE, MAE, MAPE, R2 and computational time to evaluate the ensembles. Based on the metrics, the stacking ensemble had the best performance before and after hyperparameter tuning, achieving an RMSE of 61292.2, and MAE of 14918.7, an MAPE of 0.00917, and R2 of and a computation time of. After hyperparameter tuning achieving an RMSE of 61426.6, an MAE of 15059.3, a MAPE of 0.00913, an R2 of 0.99853 and showed a computational time of 8.6 seconds when forecasting 5 local authorities. After importing the trained ensembles into the web application, the stacking ensemble gave a more reasonable forecast of the Welsh population than the random forest.



[bookmark: _Toc228726488]8. Reflection
After the completion of the project, I gained a deeper understanding of machine learning models including the theoretical foundations of ensemble models, I learned more about how regression algorithms are evaluated. I also reinforced previous knowledge that I gained in my studies and personal projects such as my proficiency in the Python programming language and some of the popular data science and visualisation libraries in it.
The project had many setbacks and plateaus during the implementation and made me learn on how to recover. For example, the biggest setback I had during the project was that the random forest after training gave repeated values when forecasting the Welsh population, after about 2 weeks of researching for a fix, I found a specific function in skforecast which was mentioned in section 4
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aggpops.describe()
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hgsearchfeatures = imputedpops.ilocl:-1]
hgsearchtarget = imputedpops.shift(-1).ilocl:

timesplit = Timeseriessplit(n_splits=2)

for fold, (train_idx, test_idx) in enunerate(timesplit.split(hgsearchfeatures), start=1):
X_train, X_test = hgsearchfeatures.iloc[train_idx].values.reshape(-1,1), hgsearchfeatures.iloc(test_idx].values.reshape(-1,1)
y_train, y_test = hgsearchtarget.iloc[train_idx].values.reshape(-1,1), hgsearchtarget.ilocltest_idx].values.reshape(-1,1)
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df = pandas. read_csv(WalesData/WalesPops-Transposed. csv')
df.head()

Blaenau

Date ° U\ Briddend Caerphilly Cardiff Carmarthenshire Ceredigion
1991 72666 120477 170615 296041 169725 65033
1992 725092 120796 170129 207429 169265 67536
1993 72521 130120 170243 290185 169255 68854
1994 72770 130063 169559 299085 169962 69957

1995 72560 129466 168186 300764 171060 70818
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df['Date'] = pandas.to datetime(df['Date’], format='%Y')

df.set_index('Date’, inplace=True)

df = df.asfreq('vs')
df
Blaenau _ . q » o
Gwent Bridfend Caerphilly Cardiff Carmarthenshire ¢
Date
1991
Onoj 72666 120477 170615 296041 169725
1992-
Ohoy 72502 120706 10129 207420 169265
1993 s oo 170243 200185 169255
o101
1994~
oto1 72770 130083 169650 200085 169962
1998 72560 120466 168186 300764 171060

o1-01
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brf = RandomForestRegressor(
criterion='squared_error,
n_estimators=100,
bootstrap=True,
warm_start=False,
n_jobs=2

ensemble = StackingRegressor(

estimators=|

('mlp', MLPRegressor(
max_iter=200,
hidden_layer_sizes=100,
solver="adan’,
Tearning_rate="constant
activation='relu’,
early_stopping=False,
momentun=o.9

Mo

(“knn', KNeighborsRegressor(

algorithm="auto",
Tleaf_size=30,
n_neighbors=5,

weights="distance’

)N
1,

final_estinator=LinearRegression(),
n_jobs=2,
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mlpparams = {
*hidden_layer_sizes': [50, 108, 150, 200],
‘activation': ['tanh', 'relu'l,
‘solver': ['adam’, 'lbfgs'l,
‘max_iter': [500, 1000, 15001,
*early_stopping': [Truel,
‘momentun': [0.3, 6.5, 0.7, 0.9]

b
testnlp = MLPRegressor()

hgsearch = GridsearchCy(
estimator=testmlp,
param_grid=nlpparans,
cv=timesplit,

hgsearch. fit(hgsearchfeatures, hgsearchtarget)
hgsearch.best_parans

Fitting 5 folds for each of 192 candidates, total

{’activation': 'tanh’,
‘early_stopping': True,
*hidden_layer_sizes': 50,
‘max_iter': 1500,
‘momentum’: 0.7,

‘solver': 'lbfgs'}
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knnparams
‘n_neighbors': [5, 10, 15, 20, 251,
‘weights': ['uniform’, 'distance'l,
‘algorithm': ['ball_tree', 'kd_tree', 'brute'l,
‘leaf size': [0, 10, 30, 50, 70]

b
testknn = KNeighborsRegressor ()

knnhsearch = GridsearchCv(

)

| knnhsearch. fit (hgsearchfeatures, hgsearchtarget)
| knnhsearch.best_params

{'algorithn’
'leaf size’

‘brute’,
10,
'n_neighbors': 5,
‘weights': 'distance'}
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rfparams = {
*n_estimators

[100, 200, 300, 4601,

‘criterion': ['squared_error', 'absolute error', 'friedman mse'l,
‘bootstrap': [False, Truel,

‘warm_start': [True, Falsel

}
testrf = RandomForestRegressor ()

rfhsearch = Gridsearchcy(
estimator=testrf,
param_grid=rfparans,
n_jobs=2,

imesplit

rfhsearch. fit(hgsearchfeatures, hgsearchtarget)
rfhsearch.best_params_

{'bootstrap': False,
‘criterion’: ‘absolute_error,
'n_estinators': 160,
‘warm_start': True}
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brf = RandomForestRegressor(
criterion="absolute_error',
n_estimators=100,
bootstrap=False,
warm_start=True

ensemble = StackingRegressor(

estimators=|

('mlp', MLPRegressor(
max_iter=1500,
hidden_layer_sizes=50,
solver="1bfgs,
Tearning_rate='adaptive’,
activation='tanh',
early_stopping=True,
momentun=o.5
)

D

(“knn', KNeighborsRegressor(
algorithm="brute’,
leaf_size=10,
n_neighbors=5,
weights="distance’

N

1,
final_estimator=LinearRegression(),
n_jobs=2,

passthrough

rue
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forecasterl = ForecasterDirect(

forecaster2 = ForecasterDirect(





image30.png
joblib.dunp(ensemble, ‘stackensenble')
joblib.dump(brf, ‘randforest’)
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class backend:

@streanlit.cache_data
def wales_data():
df = pandas. read_csv('WalesData/WalesPops-Transposed. csv')
df['Date'] = pandas.to_datetime(df['Date’], format='%Y')
df.set_index('Date’, inplace=True)
df = df.asfreq('vs')

return df

@streanlit. cache_data
def training data(
return pandas. read_csv('aggdata/aggpops (copy 1).csv')

@streamlit. cache_resource
def ensembles():
models = {
*stackensenble': joblib.load("stackensenble'),
‘randonforest': joblib.load('randforest')

return models
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streamlit.title('SPFX-Web')

tabl, tab2, tab3 = streamlit.tabs(['Home', 'Model Creation', 'Full Forecast'l)
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with tabl:
streamlit.subheader('Training and Testing Data')

default_data = backend.wales data()

streamlit.subheader('Testing Data’, divider=True)
streamlit.datafrane(default_data)

column = streamlit.selectbox(label='Pick local authority’, options=default_data.columns)
if column:
streamlit.bar_chart(default_datalf'{column}'1)

##pRER#ISIFE Training Data
streamlit.subheader('Training Data', divider=True)

impute = streamlit.radio(
label="Choose training data with or without imputation',
options=['With Imputation', 'Without Imputation'l,
index=1

if impute == 'With Imputation':
imputed_df = simpleInputer().set_output(transform='pandas’).fit_transform(backend. training data().drop(‘Name', axis=1))
imputed_df.insert(loc=n, column='Nane', value=backend. training data()[‘Name'])
streamlit.datafrane (imputed_df)

else:
streamlit.datafrane(backend. training data())

traindf_column = streamlit.selectbox(label="Pick area’, options=backend.training data().columns)

streamlit.bar chart(backend.training data()[f'{traindf_column}'])
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with tab2:
set_lags = streanlit.nunber_input(lael
set_steps = streanlit.nunber_input(label

set nunber of lags', min_values1, max_value=20, value=1)
et nunber of predictions', min value=l, max_value=20, value=10)

counties = streanlit.selectbox (label="pick a local authority', options=default_data.columns)

if set_lags and set_steps:
models = backend. ensenbles()
stackensenble = ForecasterDirect(
estinator=models[ 'stackensenble'],
lags=set_lags,
steps=set_steps

)

randonforest = Forecasterdirect(
estinator=models[ 'randonforest'],
lags=set_lags,
steps=set_steps

)

models_list = {
‘Stacking Ensenble': stackensemble,
‘Randon Forest': randonforest

}

chosen_model = streanlit. selectbox(label="choose model’, options=models_list.keys())

if streanlit.button(label='fit and predict') and counties and chosen model:
models_List[f'{chosen _model}'].fit(default_data[f'{counties} ])
new_forecast = models List[f'{chosen model}'].predict()

fig, ax = plt.subplots()
ax.plot(default_datal f' {counties}'])
ax.plot (new_forecast)

streamlit.pyplot (fig)
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@streanlit. cache_data
def full forecast():
forecasts = {
*stacking Ensemble’: {},
‘Random Forest': {}
¥

for model_name, model in models_list.itens():
for column in default_data.columns:
model. fit (default_datalcolumn])

forecasts[model_name] [column] = model.predict()

return forecasts
full_forecasts = full_forecast()

streamlit.subheader('Stacking Ensemble’)
streamlit.datafrane(pandas.DataFrame(full_forecasts['Stacking Ensenble']))

streamlit.subheader('Random Forest')
streamlit.dataframe(pandas.DataFrame(full_forecasts['Random Forest']))

if counties:
fig, ax = plt.subplots(1,2, figsize=(15,12))
f_selectbox = streamlit.selectbox(label='Select Region', option

default_data.columns)
if ff_selectbox:
ax[0].plot(full_forecasts['Stacking Ensenble'][ff_selectbox])
ax[0].set_title('stacking Ensemble’)

ax[1].plot(full_forecasts['Randon Forest'][ff_selectbox])
ax[1].set_title('Randon Forest')

streanlit.pyplot(fig)
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image48.png
RMSE

160000

140000

120000

100000

80000

60000

40000

20000

stackingensemble

model

randomforest





image49.png
50000

40000

. 30000

20000

10000

stackingensemble randomforest
model





image50.png
MAPE

stackingensemble randomforest
model





image51.png
stackingensemble randomforest
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