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ABSTRACT  
Accurate forecasting of electrical load plays a critical role in enhancing the efficiency, reliability, and 

operational planning of power distribution systems—particularly in regions facing infrastructure limitations and volatile 

consumption patterns. This study proposes a robust forecasting framework based on real daily load data obtained from the 

132 kV Al-Intisar substation in Mosul, Iraq, covering the years 2022 to 2024. The dataset, sourced in collaboration with 

the Nineveh Electricity Distribution Directorate, provides a practical foundation for modeling realistic demand behavior 

in emerging grid environments.A domain-informed and carefully engineered set of 21 predictive features was designed by 

the authors, integrating temporal dynamics, statistical indicators, and thermo-sensitive variables such as load-to-

temperature ratios, multi-scale lag features, and moving averages. Nine machine learning models were selected to 

represent diverse algorithmic paradigms—ranging from tree-based methods and classical regressors to ensemble learners. 

Among them, the Gradient Boosting model achieved the highest accuracy Coefficient of Determination= 0.986, Mean 

Absolute Error= 0.260 MW, followed closely by the Meta-Learner (Coefficient of Determination = 0.983), strategically 

introduced in this study as a novel stacked ensemble, which demonstrated strong generalization by integrating multiple 

high-performing base learners. Explainability was addressed through Shapley Additive Explanations analysis and feature 

importance visualization, confirming the predictive value of the engineered features and enabling interpretable insights 

into model behavior. The findings affirm that hybrid and tree-based models, when coupled with purposeful feature design 

and interpretability tools, offer scalable and high-performing solutions for long-term load forecasting in real-world power 

systems. 
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1. INTRODUCTION  

Accurate prediction of long-term 

electricity demand has become imperative for 

today's power grid operations. It can aid in 

planning decisions associated with resourcing, 

generation dispatch, and long-term grid planning. 

In contrast to short-term predictions over hours or 

days, long-term forecasts of a few years are critical 

for seasonal planning and infrastructure 

preparedness [1–3]. Having daily-resolution data 

for this purpose increases its temporal sensitivity 

as well as its variability and noise, which makes the 

design of the model more difficult [4,5]. 

Conventional statistical methods for this problem, 

such as (exponential smoothing methods) are 

often inadequate to capture these nonlinear 

dynamics, especially in the presence of volatile and 

transitioning loads [6,7]. As a result, machine 

learning models have gained popularity in energy 

research for their ability to learn complex demand 

patterns and improve forecasting accuracy under 

real-world conditions [8,9]. 

Nonetheless, while machine learning 

(ML) algorithms such as XGBoost, LightGBM, 

and Long Short-Term Memory (LSTM) have 

demonstrated impressive performance in load 

forecasting, such models are frequently argued to 

be non-transparent. In practice, these models are 

typically treated as “black box” systems, revealing 

very little about how inputs affect their predictions 
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[10,11]. This black-box nature may stifle trust and 

utilization in operational settings that demand 

transparency and accountability [12]. To address it, 

interpretable AI methods have been proposed, such 

as SHAP (Shapley Additive Explanations), which 

uncover feature-level contributions, bringing 

model performance closer to interpretability [13]. 

But despite their increasing use, such tools are 

infrequently tested on actual granular data 

samples from the developing world. For example, 

Mosul, Iraq—undergoing reconstruction following 

the 2014–2017 ISIS occupation and the city’s 2017 

liberation—lacks empirical forecasting studies 

using substation-level operational data, despite 

evolving demand and fragile infrastructure[14]. 

Artificial Intelligence (AI) and advanced 

algorithmic methods have played a key role in 

modern power-system operation and planning. 

They enable real-time prediction, dynamic demand 

response, and enhanced system resilience [15]. 

Artificial Intelligence (AI) and advanced 

algorithmic methods have played a key role in 

modern power-system analytics. They enable real-

time prediction, enhance operational efficiency 

and load balancing, and handle high-frequency 

operational data to support decision-making in 

complex and data-constrained environments [16]. 

In addition, the ability to handle high-frequency 

energy data enables decision-makers to act more 

flexibly in complex situations and data-poor 

environments [17]. The application of interpretable 

AI techniques to such AI systems would also help 

underscore their utility in sensitive and/or mission-

critical applications. 

Considering these requirements, the 

current paper presents a reliable and interpretable 

machine learning model for long-term load 

forecasting in electricity using real operational data 

from the Al-Intisar 132kV substation in Mosul, 

Iraq. The suggested approach is tested on nine 

machine learning models, including tree-based 

learners, boosting algorithms, the stacked 

ensemble method, and Ridge Regression with 

Cross-Validation (RidgeCV) as the meta-learner of 

the ensemble. A unique space with 21 engineered 

variables (based on temporal, thermal, and 

statistical features) was used as input across all 

models. SHAP analysis was performed on the best 

models to improve transparency and enhance 

interpretability. Through the combination of high-

fidelity modelling and interpretability, the 

framework targets a scalable approach to 

forecasting in emerging/post-crisis energy 

systems. 

The structure of this paper is as follows: 

Section 2 presents the significance. Section 3 

details the methodology, feature extraction, and 

model architecture. Section 4 results and 

interpretability. Section 5 presents conclusions. 

 

2. SIGNIFICANCE OF THE STUDY  

 The current study is a timely and very 

realistic issue that uses machine learning on real-

life operational load information in Mosul, a city 

that has suffered years of infrastructure weakness 

and a high rate of demand increase. Unlike most 

previous investigations, which use simulated, 

benchmark, or highly aggregated publicly 

available data, this study uses raw daily substation 

measurements from the Al-Intisar 132 kV 

substation in the local distribution network to 

develop forecasting models that reflect real 

operating conditions. The proposed framework, 

combining interpretable ensemble learning 

methods with physically meaningful domain-

specific features, not only provides accurate long-

term and daily load predictions but also offers 

practical insights into the causes of demand 

variability. This is especially useful in small- and 

medium-sized utilities that are either under data 

scarcity or under monitoring, and where system 

reliability is delicate and vital. 

The principal contributions of this 

research may be summarized as follows. 

 

1. It builds a predictable, explainable 

machine-learning model to predict long-

term daily loads using real operational 

data from an Iraqi 132 kV substation, thus 

contributing to empirical evidence on 

post-conflict, under-studied power 

systems. 

2. It presents a feature-driven predictive 

architecture that relies on a 21-

dimensional, domain-informed input 

space, combining temporal, thermal, and 

statistical predictors, and uses the same 

engineered variables with nine different 

machine learners, including tree-based, 

boosting, and a stacked ensemble with 

Ridge Regression Cross-Validation 

(RidgeCV) as the meta-learner. 

3. It provides a single, stringent standard 

across these nine models using the same 

data, preprocessing, and feature 

engineering, isolating the impact of the 

learning algorithms themselves and 

enabling a fair comparison of 

performance. 

4. It improves transparency by using SHAP 

analysis on the most effective models, 

which produces a comprehensive 

explanation of the role of calendar, 

temperature, and load-dynamics 

characteristics in the forecasts and 
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addresses the black-box characteristics of 

ensemble procedures. 

5. The proposed framework provides a 

scalable and robust high-fidelity 

modelling approach to long-term load 

forecasting based on interpretability and 

low-data and noisy conditions, which is 

highly applicable to post-crisis and 

emerging energy systems.  

3. METHODOLOGY  

This  section outlines the methodology for 

the current study to predict long-term daily loads 

at the Al-Intisar 132 kV substation. It initially 

describes the data acquisition, preprocessing, and 

feature engineering procedures in some detail, then 

elaborates on the range of machine learning models 

and the stacked meta-ensemble used. This is 

followed by a description of the training process, 

the adopted interpretability plan, and the 

evaluation metrics used.  

 

3.1  Data description and forecasting setting 

This paper uses operational data from the 

Mosul electrical network in Iraq, collected 

between 1 January 2022 and 31 December 2024. 

The data set consists of time-series data (daily) that 

has substation-level electrical load (in megawatts), 

ambient temperature, and calendar data (day, 

month, year), and population estimates of the 

served area. The target variable is the daily 

electrical load, expressed in megawatts (MW), 

which varies between 118.9 MW and 238.5 MW 

during the study period, reflecting common 

variations in demand at the substation within the 

local grid environment. A total of 1,096 daily 

observations are available. The data are split 

chronologically into a training set comprising 730 

days (years 2022–2023) and a test set comprising 

366 days corresponding to the leap year 2024, 

without shuffling, in order to preserve the temporal 

structure of the series and mimic a realistic 

forecasting setting. 

In this work, long-term forecasting refers 

to the forecast of the entire daily load curve for the 

full upcoming calendar year (including all days of 

2024) based solely on past measurements over the 

previous two years. As a result, two complete 

yearly cycles of the Al-Intisar 132 kV substation 

are sufficient to cover the 730 training days, which 

are sufficient to expose the predictive models to 

current seasonal variations, weekly consumption 

trends, and customary peak-to-peak variations. 

This structure is consistent with the planning-based 

forecasting needs of distribution networks, where 

operators require reliable annual demand patterns 

rather than just short-term (day-ahead or hour-

ahead) forecasts. 

3.2 Data preprocessing (missing values, noise, 

and outliers) 

Before the models were built, the raw 

daily load and temperature series were visually 

analyzed to identify structural weaknesses, 

implausible values, and sudden spikes. The 

original operational records provided by the 

Nineveh Electricity Distribution Directorate did 

not have any structurally missing values. The sole 

observations that were added in later analysis were 

due to the creation of lagged and rolling-window 

characteristics (e.g. statistics calculated on 7-day, 

14-day, 30-day, and 60-day rolling windows), 

which necessarily impact the first entries of the 

time series. Once all 21 engineered features had 

been created, rows with NaN values were removed 

via listwise deletion, thereby mostly removing the 

first days while maintaining the integrity and 

continuity of the rest of the series. This dataset was 

trained on all nine machine-learning models that 

were examined in this study (Decision Tree, 

Random Forest, Gradient Boosting, Bagging, 

XGBoost, LightGBM, AdaBoost, SVR, and the 

stacked ensemble). 

In the present study, data noise and 

outliers were not explicitly filtered using denoising 

filters or outlier-removal algorithms, since high 

peaks and sudden changes in the daily load were 

considered legitimate high-demand events 

associated with local climatic and operational 

conditions rather than measurement errors. As a 

result, their effect was indirectly reduced in two 

complementary ways. To begin with, rolling-

window statistics (7-day, 14-day, 30-day, and 60-

day moving averages) were used as smoothing 

operators to minimize short-term variation in both 

load and temperature-related characteristics. 

Second, strong ensemble models (Random Forest, 

Gradient Boosting, Bagging, XGBoost, and 

LightGBM) were used, as tree-based ensembles 

are less sensitive to local noise and isolated 

extreme cases. The common preprocessing across 

all models ensured physically meaningful 

variability and numerical stability and robustness 

throughout the portfolio. 

 

3.3 Feature Engineering  

To enhance the predictive performance of 

machine learning models, a comprehensive feature 

engineering strategy was adopted, grounded in 

domain knowledge and data-driven insights. The 

original dataset, obtained from the Al-Intisar 

132kV substation in Nineveh Electricity 

Distribution Directorate – Iraq, included daily 

electrical load, temperature, date, and population 

data. From this raw data, a total of 21 features were 

systematically generated and grouped into seven 

semantic categories, as illustrated in Fig. 1. 
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These categories include: 

• Calendar Features: capturing temporal 

seasonality such as month, day, season, 

day_of_week, and is_weekend. 

• Demographic Feature: represented by 

the population data, reflecting load 

variability due to socio-economic 

changes. 

• Lag Features: including lag_1 and lag_7, 

to capture autocorrelation patterns. 

• Rolling Statistics, such as avg_last_7, 

avg_last_14, avg_last_30, avg_last_60, 

std_last_7, and std_last_30, capture 

recent consumption trends and volatility. 

• Load Dynamics: measuring first-order 

load changes, including delta_load and 

relative_change_load. 

• Temperature Metrics: represented by 

temp_diff and avg_temp_7, to quantify 

short-term and smoothed temperature 

effects. 

• Composite Ratios: such as 

load_temp_ratio and monthly_load_ratio, 

which normalize load by temperature or 

monthly averages to reflect context-aware 

behavior. 

The monthly averages used in the 

monthly_load_ratio feature were calculated solely 

from the 2022-2023 training period and applied 

consistently to both the training and test samples, 

thereby avoiding unintended information leakage 

from the 2024 evaluation year into the feature 

construction process. 

The authors did not extract all features 

from commercially available libraries; instead, 

they designed them specifically, thereby making it 

a major methodological contribution to the current 

study. The feature-design process focused on 

reproducibility, physical interpretability, and 

compatibility with other model families, which are 

considered vital for deployment in operational 

load-forecasting systems. 

Moreover, to maintain evaluation fairness 

and scientific rigor, the same 21-dimensional 

feature set was provided to all nine machine-

learning models- tree-based, boosting, bagging, 

kernel-based, and stacked ensemble architecture. 

This consistency in the application of engineered 

features guarantees that any observed performance 

differences can be explained solely by the nature 

of the algorithm, not by variation in the input 

representation.  

 

 
 

Fig.1 Feature engineering pipeline showing the structured transformation of raw variables into the final. 

 

3.4  Model selection and taxonomy 

The nine machine learning models used in 

this research were carefully selected in order to 

cover a balanced range of algorithmic paradigms, 

including single-tree (e.g., Decision Tree) and 

ensemble-based (Random Forest, Gradient 

Boosting, Bagging, XGBoost, LightGBM, and 

AdaBoost), and even a kernel-based model (SVR) 

and a stacked meta-learning model. This choice of 

strategy provides methodological diversity, 

allowing the framework to capture both linear and 

extremely nonlinear dependencies and to reflect 
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best practices based on the current literature on 

medium- and long-term load forecasting. All 

models were tested under the same conditions and 

with the same set of engineered features, ensuring 

a fair and reproducible comparison. The research 

is therefore framed as a single standard, 

comprising nine machine learning models for long-

term daily load prediction in a real-life Iraqi power 

system environment, rather than a set of 

independent contributions. In this benchmark, the 

stacked ensemble is considered a methodological 

contribution applied to combine the strengths of 

several high-performing tree-based learners. 

In our current study, we use a strict and 

methodical taxonomy to categorize the nine 

machine learning algorithms in question, based on 

their theoretical basis and mathematical models. 

This taxonomy enables systematic comparison of 

model performance and can be used to explain the 

conceptual interrelationships among different 

families of algorithms. The algorithms are grouped 

into five major categories as shown in Fig. 2. 

Despite the diversity of modelling 

philosophies represented by the chosen algorithms, 

each family has its own unique set of trade-offs that 

should be reasonably considered in the context of 

long-term load forecasting. Although decision-tree 

models are very interpretable, they are prone to 

over-fitting and produce volatile forecasts. 

Random Forest and  

Conventional Bagging ensembles, which 

are used to reduce variance, are mostly opaque and 

do not explicitly model temporal dependencies. 

Gradient-boosting methods such as Gradient 

Boosting, XGBoost, LightGBM, and AdaBoost are 

often more predictive, but are prone to over-fitting 

on small data sets, are black-box predictors, and 

are especially vulnerable to noise and outliers. 

Kernel-based Support Vector Regression provides 

non-linear modelling flexibility, but is 

computationally expensive, very sensitive to 

feature scaling, and has poor interpretability. 

Instead of ruling out such methodological families, 

the current study places their limitations within its 

scope by combining several high-performing tree-

based learners into an open linear meta-model. As 

a consequence, the resulting stacked ensemble will 

inherit the overall strengths of its members, 

thereby increasing robustness and interpretability. 

In comparison with the existing literature 

on long-term load forecasting, which often focuses 

on one of the so-called champion models, 

including a single neural network, an XGBoost 

instance, or a black-box hybrid, this study is 

different in several material aspects. To begin with, 

it uses real-life operational data collected at a 132 

kV substation in Mosul, Iraq, and, therefore, does 

not rely on synthetic or highly aggregated system-

level data. Second, the systematically engineered 

work provides a 21-dimensional, domain-based 

feature set that is explicitly adapted to local 

climatic and calendrical circumstances. Third, it 

provides a rigorous, detailed benchmark of nine 

machine-learning models in a single taxonomy, 

rather than evaluating a single or two algorithms 

separately. Lastly, it presents an interpretable 

stacking architecture, which combines highly 

predictive tree-based learners with a linear 

RidgeCV meta-model and SHAP-based 

explanations, explicitly balancing predictive 

accuracy and model transparency, which is 

typically overlooked in previous studies.  

 

 
Fig. 2 The machine learning models Taxonomy in this study were categorized by the theoretical model 

structure and the category.  

 

3.5 Individual forecasting models 

The subsection outlines the machine-

learning algorithms to be used in the current 

investigation. These models represent a broad 

range of learning paradigms and can be used as 

independent predictors, as well as as base learners 

to the proposed stacked meta-ensemble. 
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3.5.1 Decision Tree Regressor 

 A Decision Tree Regressor is a non-

linear statistical model with high interpretability 

and a hierarchical structure. It divides the input 

space into separate sub-regions through a series of 

decision rule applications and, hence, enables the 

extraction of complex dependencies embedded in 

multivariate time-series data. The model is widely 

used for task prediction due to its ability to handle 

heterogeneous inputs and the clarity of its decision 

logic [18–20]. 

The model is built based on a recursive 

partitioning plan, according to which the input 

domain is divided into sub-

regionsR1, R2, and so on, RM. The estimated 

response at every terminal node is then estimated 

as the local average of the target values in that 

region. 

𝑦̂𝑚 =
1

∣ 𝑅𝑚 ∣
∑  

𝑥𝑖∈𝑅𝑚

𝑦𝑖 (1) 

The best split at each inner node is found 

by minimizing the sum of squared errors over the 

branch: 

min 
(𝑗,𝑠)

[∑  𝑥𝑖∈𝑅1(𝑗,𝑠) (𝑦𝑖 −

𝑦̂𝑅1
)2   +    ∑  𝑥𝑖∈𝑅2(𝑗,𝑠) (𝑦𝑖 − 𝑦̂𝑅2

)2]  (2) 

 

This form is based on the method CART 

(Classification and Regression Tree) described by 

Breiman et al. [21–23]. However, it tends to overfit 

and cannot model temporal dependencies, unlike 

ensemble or sequence-based models. 

  

3.5.2  Random Forest Regressor 
One of the most widely used ensemble 

learning methods is the Random Forest. It builds a 

large number of independent decision trees by 

using bootstrap sampling. The results from these 

trees are then pooled by taking the arithmetic mean 

of their predictions, which reduces variance and 

improves the model's generalization. 

The terminal predicted value of a given 

observation can be given as follows : 

𝑦̂ =
1

𝑇
∑  

𝑇

𝑡=1

ℎ𝑡(𝑥) (3) 

where  𝑇  represents the number of trees 

ℎ𝑡(𝑥)   is the final output, and 𝑡 - is the output of 

the tree for input  𝑥. This architecture enables the 

model to capture structural variants in temporal 

and climatic data[24–26] . 

However, Random Forests may suffer 

from interpretability limitations and cannot 

explicitly model sequential dependencies, unlike 

temporal models such as LSTMs.  

3.5.3  Bagging Regressor 

Bootstrap aggregating (also known as 

bagging) is an ensemble learning methodology 

developed to reduce errors arising from the high 

variance of individual predictive models. The 

underlying idea of the method is to train several 

base models on different resampled subsets of the 

original data, each resampled by a resampling-

with-replacement scheme. The forecasts of these 

constituent models are then combined by taking 

the arithmetic mean of these constituent models 

and thus a more stable and more accurate overall 

forecast is obtained. This method was proposed by 

Breiman and it works especially well with high-

variance learners like decision trees. The ultimate 

predictive result is mathematically stated in 

Equation (4).   

𝑦̂ =
1

𝑀
∑  

𝑀

𝑚=1

𝑓𝑚(𝑥) (4) 

  Where     𝑀     denotes the number of base 

learners and   𝑓𝑚(𝑥)   is the prediction of the  𝑚  th 

learner for input   𝑥.[27,28]. However, while 

bagging effectively reduces variance, it offers 

limited interpretability and, like other ensemble 

methods, does not inherently model temporal 

dependencies across sequences. 

 

3.5.4  GradientBoosting Regressor  

 Gradient boosting is a sequential 

ensemble method that builds additive models by 

minimising a loss function using the gradient 

descent algorithm. At every iteration, a new model 

is trained to reduce the residual errors of the 

existing ensemble until that point. This approach 

was initially described by Friedman, in which 

weak learners (mostly decision trees) are trained 

using the negative gradient of the loss function 

with respect to the current ensemble prediction. 

The overall model is described as follows: 

𝐹𝑚(𝑥) = 𝐹𝑚−1(𝑥) + 𝛾𝑚ℎ𝑚(𝑥) (5)  

Where  𝐹𝑚(𝑥) is the ensemble prediction 

at iteration, ℎ𝑚(𝑥) is the new weak learner trained 

on the residuals, and 𝛾𝑚 is the learning rate or 

shrinkage factor that controls the contribution of 

each learner [29–31]. However, gradient boosting 

models are prone to overfitting without careful 

tuning and, like other boosting methods, lack 

transparency and do not inherently model temporal 

dependencies. 

 

3.5.5  XGBoost Regressor 

XGBoost, also known as Extreme 

Gradient Boosting, is widely considered one of the 

most powerful ensemble learning methods for 

high-dimensional predictive modeling. Its 

strengths lie in its computational efficiency, 

scalability, and resistance to sparse and missing 

data. XGBoost, first proposed by Chen and 
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Guestrin, is an extension of the traditional gradient 

boosting framework that incorporates second-

order derivatives and uses both L1 and L2 

regularization to reduce overfitting and improve 

overall generalization. 

 

The loss function of XGBoost can be 

formulated as: 

ℒ(𝑡) = ∑   

𝑛

𝑖=1

𝑙(𝑦𝑖 , 𝑦̂𝑖
(𝑡)

) + ∑   

𝑡

𝑘=1

Ω(𝑓𝑘) (6) 

Where   𝑙 is the loss function, and Ω(𝑓𝑘) 

represents the regularization term, defined as: 

Ω(𝑓) = 𝛾𝑇 +
1

2
𝜆 ∑  

𝑇

𝑗=1

𝑤𝑗
2 (7) 

This regularization penalizes model 

complexity through the number of tree leaves 𝑇 

and their corresponding weights  𝑤𝑗  , improving 

the model’s ability to generalize [32–34]. Despite 

its high accuracy and robustness, XGBoost is often 

treated as a black-box model, and like other tree-

based ensembles, it lacks the capacity to learn 

temporal dependencies unless such features are 

manually engineered. 

3.5.6 LightGBM Regressor 

Light Gradient Boosting Machine 

(LightGBM) is a machine-learning algorithm 

developed by Microsoft with the peculiarity of 

high computational speed, computational 

efficiency, and the ability to work with large and 

complex data volumes. Unlike traditional 

algorithms like XGBoost, which use a level-wise 

tree expansion scheme (Level-wise), LightGBM 

uses a leaf-wise growth scheme (Leaf-wise) with a 

maximum depth parameter. In this context, the leaf 

that has the highest loss decrement is designated to 

be split, thus accelerating the training process and 

increasing the error-reducing effectiveness. 

LightGBM can therefore build stronger models 

that can better generalize, especially when faced 

with large and complex data. 

The goal function, which LightGBM 

optimizes is based on a generalized version of the 

regularized gradient boosting algorithm.  

ℒ(𝜃) = ∑  

𝑛

𝑖=1

𝑙(𝑦𝑖 , 𝑦̂𝑖) + 𝜆𝑅(𝜃) (8) 

Where 𝑙(𝑦𝑖 , 𝑦̂𝑖) is the differentiable loss 

function (e.g., squared error), and 𝑅(𝜃) is a 

regularization term penalizing model complexity. 

This structure helps prevent overfitting and ensures 

model sparsity and interpretability [35–37]. 

Despite its efficiency and accuracy, LightGBM 

can overfit on small datasets and is less 

interpretable due to its complex leaf-wise tree 

structure, which also lacks inherent temporal 

modeling capabilities. 

 

3.5.7 AdaBoost Regressor 

One of the earliest and most significant 

ensemble learning algorithms, which was proposed 

by Freund and Schapire in 1997, is AdaBoost 

(Adaptive Boosting). The main objective of the 

algorithm is to reduce a weighted loss function 

among a number of weak learners. AdaBoost was 

initially designed to perform classification, and 

later was expanded to regression through 

AdaBoost.R2. AdaBoost, when used in regression, 

trains weak models, e.g. shallow decision trees, 

sequentially, with training data weights adjusted 

according to the size of prediction errors at each 

step. Therefore, every new model gives more 

weight to the samples that were hard to predict in 

the previous models. The overall shape of the 

ensemble output after 

M iterations is given by: 

 

𝑦̂(𝐱) = ∑  𝑀
𝑚=1 𝛼𝑚ℎ𝑚(𝐱) (9)  

Where ℎ𝑚(𝐱) is the prediction from the 𝑚 

-th weak learner, and 𝛼𝑚 is its associated weight, 

typically derived based on the learner's 

performance. The weights of instances that were 

predicted poorly are increased so that the 

subsequent learner focuses more on difficult 

examples[38–40]. However, AdaBoost is sensitive 

to noisy data and outliers because it emphasizes 

hard-to-predict samples, and it does not inherently 

model temporal dependencies as sequence-based 

models do. 

  

3.5.8  Support Vector Regression (SVR) 

 Support Vector Regression (SVR) is a 

variation of Support Vector Machine (SVM) that is 

targeted at regression tasks. It is particularly 

effective when the underlying data are nonlinear in 

nature, and the traditional ensemble tree models 

may not reflect this. The main idea of SVR is to 

project the original input data into a higher-

dimensional feature space using a kernel function, 

most often the radial basis function (RBF), and 

then to construct a linear regression model in this 

higher-dimensional space. The model aims at 

estimating the actual output values and still within 

a given margin of tolerance, which is represented 

by 𝜀. 

The mathematical expression of SVR is 

as follows: 

min 
𝑤, 𝑏, 𝜉𝑖, 𝜉𝑖

∗

1

2
  ∥ 𝑤 ∥2+ 𝐶 ∑(𝜉𝑖 + 𝜉𝑖

∗)

𝑛

𝑖=1

(10) 

Subject to the constraints: 
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{

𝑦𝑖 − ⟨𝐰, 𝜙(𝐱𝑖)⟩ − 𝑏 ≤ 𝜀 + 𝜉𝑖

⟨𝐰, 𝜙(𝐱𝑖)⟩ + 𝑏 − 𝑦𝑖 ≤ 𝜀 + 𝜉𝑖
∗  

𝜉𝑖 , 𝜉𝑖
∗ ≥ 0

         (11) 

 

Here, ϕ(x) represents the mapping to the 

higher-dimensional space, w is the weight vector, 

b is the bias term, and ξi, ξi
∗ are slack variables 

allow deviations beyond the margin. The 

regularization parameter C balances the trade-off 

between model complexity and tolerance to 

deviation from the ε -margin. This formulation 

ensures that the model remains both accurate and 

sufficiently generalized [41,42]. However, SVR 

can be computationally intensive for large datasets 

and offers limited interpretability, while also 

lacking built-in mechanisms to capture temporal 

dependencies like recurrent models do. 

 

3.6 Stacked model: meta-learner ensemble 

In this paper, an integrated stacked 

ensemble framework is proposed specifically for 

long-term electric load prediction to compensate 

for the limitations of single-model forecasting 

methods. The proposed model takes full 

advantage of Gradient Boosting (GB), XGBoost 

(XGB), and Random Forest (RF) trees. Each of 

these models is independently trained on an 

identical set of 21 engineered features, including 

calendar-based indicators, statistical lag variables, 

temperature-related dynamics, and rolling-window 

metrics. This unified feature strategy ensures 

methodological consistency and allows for 

unbiased evaluation across learners. 

The level-1 predictions from the three 

base models are subsequently passed to a level-2 

meta-learner implemented using Ridge CV—an 

L2-regularized linear regression algorithm that 

performs internal cross-validation to optimize the 

regularization parameter λ. The final prediction is 

generated by computing a linear weighted 

combination of the base model outputs as follows: 

 

𝑦̂ = ℳmeta(ℳ1(𝐱), ℳ2(𝐱), … , ℳ𝑘(𝐱)) (12) 

 

where M_i(x) denotes the prediction from 

the i-th base learner, and M_meta corresponds to 

the RidgeCV meta-learner. The objective function 

optimized by the meta-model is given by: 

 

ℒ(𝛽) =∥ 𝐲 − 𝐗𝛽 ∥2+ 𝜆 ∥ 𝛽 ∥2 (13) 

 

In this formulation, y is the actual target 

vector representing daily load values, X is the 

matrix of predictions from the base models, β is the 

vector of regression coefficients, and λ is the 

regularization term that penalizes model 

complexity[43,44]. 

By integrating this regularized linear 

meta-learner, the ensemble not only reduces 

variance and mitigates multicollinearity among the 

base predictions but also ensures full 

interpretability through transparent coefficient 

attribution. The simplicity of Ridge CV enhances 

the traceability of the model's logic, distinguishing 

it from deep learning or black-box ensemble 

strategies. Moreover, the entire training pipeline is 

structured using a 3-fold cross-validation to 

eliminate data leakage and maintain model 

robustness. 

Fig. 3 illustrates the full structure of the 

stacked ensemble, showing how the 21 engineered 

features are fed into the three base models, whose 

outputs are then linearly fused by RidgeCV to 

produce the final prediction. Each base learner is 

configured with 50 estimators to balance training 

efficiency with predictive performance. 

 

 
Fig. 3 The proposed stacked ensemble framework integrating GB, XGB, RF, and RidgeCV. 

 

This architecture represents a clear methodological 

contribution in the field of energy forecasting. It 

integrates highly expressive tree-based models 

within a transparent linear meta-learning system, 

tailored to real-world electric load dynamics in 

Iraq. Unlike previous stacking models that relied 

on complex deep networks or nonlinear combiners 

[45,46], this work achieves both high predictive 

performance and mathematical clarity. 
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The effectiveness of combining 

heterogeneous tree models with a linear meta-

learner has been documented in recent literature. 

Mohan and Pachauri [47], for instance, reported 

that stacking XGBoost, Decision Trees, and RF 

outperformed standalone algorithms, including 

neural networks, in predicting building energy 

consumption. Similarly, Villalonga et al. [48] 

demonstrated that using Ridge regression as a 

meta-learner improved both transparency and 

accuracy in electric vehicle load prediction tasks. 

Other studies, such as those by Moon et al. [45]and 

Dostmohammadi et al. [49], emphasized that 

stacking enhances generalization and reduces 

variance in complex time-series environments. 

Importantly, none of the reviewed works 

implemented the exact ensemble structure 

proposed here, specifically, a three-tree stacking 

configuration (GB, XGB, RF) integrated with 

Ridge CV. This distinction underscores the 

originality of this study, particularly given its 

deployment on actual operational load data from 

Iraq, making it both a novel and practical 

contribution to the energy forecasting literature. 

 

3.7 Training procedure and hyperparam-eter 

settings 

All machine learning models were 

implemented in Python using scikit-learn, 

XGBoost, and LightGBM. The time-varying data 

were split into two time periods, and models were 

trained only on the 2022-2023 data and tested on 

the isolated 2024 data, thereby preserving the 

chronological order and simulating a real-world 

forecasting scenario. To ensure reproducibility, the 

Decision Tree regressor and all tree-based 

ensemble algorithms were seeded with a constant 

random_state. In the case of the ensembles, 

Random Forest, Gradient Boosting, XGBoost, 

LightGBM, Bagging, and AdaBoost, the size of the 

estimators was limited to between fifty and one 

hundred, thus balancing the cost of computation 

with predictive accuracy. In particular, each 

standalone ensemble was used with one hundred 

estimators in the benchmarking stage, but the 

Gradient Boosting, XGBoost, and Random Forest 

sub-elements of the stacked ensemble were 

restricted to fifty estimators to reduce the 

computational cost. Other hyperparameters, such 

as maximum tree depth, learning rate, and 

subsampling ratios, were chosen based on library 

defaults, supplemented by an initial sensitivity 

analysis on the training data to avoid grid search 

exhaustion and maintain computational tractability 

and reproducibility. Support Vector Regression 

was trained with an RBF kernel with default 

regularization parameters, thereby offering a non-

linear kernel baseline. 

A three-fold cross-validation process was 

utilized in the stacked meta-ensemble to produce 

out-of-fold predictions of the three base learners of 

Gradient Boosting, XGBoost, and Random Forest. 

These out-of-fold predictions are the input matrix 

X for the RidgeCV meta-learner, which then 

selects the regularization parameter lambda via 

internal cross-validation. This design clearly 

excludes the possibility of test information leaking 

into the training phase and provides a strong 

approximation of the meta-learner coefficients. 

3.8 Full forecasting pipeline 

Fig. 4 outlines the workflow used to 

compile the daily load forecasting model in the 

current study.The first stage of the pipeline 

involves purchasing raw input data, including daily 

electricity load, temperature measurements, 

calendar dates, and a population indicator. These 

variables were selected based on their relevance to 

demand patterns at the Al-Intisar 132 kV 

substation in the Nineveh Governorate. After the 

data collection, a series of preprocessing functions, 

as outlined in Section 3.2, are applied to clean and 

standardise the dataset and to create lagged and 

rolling-window features. During this step, 

structural gaps and implausible values are analyzed 

in the time series; missing values due to the 

construction of features are removed, and the 

effects of short-term noise and extreme values are 

reduced with the help of rolling-window statistics 

and the application of robust ensemble models. 

The resulting processed data is then used as a 

shared input to all nine machine-learning models. 

Section 3.3 defines feature engineering, which is 

used to derive more variables that capture temporal 

dynamics, statistical trends, and climatic effects. 

The result of this process is a filtered list of twenty-

one domain-informed features that form the input 

space to model training. The development of 

models is then carried out using the wide range of 

algorithms presented in Sections 3.4 and 3.6, along 

with the training protocol and hyperparameter 

settings discussed in Section 3.7. The stacked 

ensemble combines the predictions of three 

powerful tree-based learners using a linear meta-

model, which is the final phase of the forecasting 

process. Performance forecasting is tested on the 

held-out 2024 test year using four common error 

measures: Mean Absolute Error (MAE), Root 

Mean Squared Error (RMSE), coefficient of 

determination (R²), and Symmetric Mean Absolute 

Percentage Error (SMAPE), whose formal 

definitions are provided in Section 3.9. This 

assessment plan provides detailed descriptions of 

absolute error size, larger-deviation penalty, 

explained variance, and scale-free percentage 

errors. 
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Overall, the proposed pipeline provides a 

rigorous and repeatable data-to-feature 

engineering-to-model training-to-performance 

evaluation pipeline. Its modular design makes it 

scalable and adaptable to a wide variety of 

forecasting contexts, enabling its application in 

other case studies and distribution networks.  

 

 
Fig. 4 Complete forecasting pipeline from raw data to evaluation. 

 

3.9 Evaluation Metrics 

  All models were tested on the held-out 

test year of 2024 using the training-test partition 

described in Sections 3.1 and 3.7. Mean Absolute 

Error (MAE), Root Mean Squared Error (RMSE), 

coefficient of determination (R²), and Symmetric 

Mean Absolute Percentage Error (SMAPE) were 

four complementary measures that were used to 

collectively evaluate the magnitude of absolute 

error, the punishment of large deviations, the 

explained variance, and the scale-independent 

percentage errors. Together, these criteria 

represent both relative and absolute features of 

error, thus providing a complete picture of model 

performance in the context of energy-forecasting 

applications.  

 

3.9.1 Mean Absolute Error (MAE) 

MAE measures the average absolute size 

of the prediction errors, regardless of direction. It 

is easy to interpret and less sensitive to the 

influence of outliers, which are the reasons for its 

popularity in energy load prediction [50–52]. 

MAE =
1

𝑛
∑  𝑛

𝑡=1 ∣ 𝑦𝑡 − 𝑦̂𝑡 ∣     (14) 

 

Where 𝑦𝑡  is the actual load, 𝑦̂𝑡 is the 

predicted load, and 𝑛 is the number of data points 

 

3.9.2 Root Mean Squared Error (RMSE) 

RMSE is the root mean square error. It 

punishes larger errors more than MAE, which 

makes it more relevant to applications where you 

don’t want large errors [53]. 

 

RMSE = √
1

𝑛
∑  𝑛

𝑡=1 (𝑦𝑡 − 𝑦̂𝑡)2         (15) 

 

While RMSE shares the same units as the 

target variable, it is more sensitive to outliers than 

MAE. 

 

3.9.3 Coefficient of Determination (R²) 
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R² quantifies the proportion of variance in 

the actual values that the model explains. It is 

commonly used to evaluate model fit and 

generalization capacity[54–56]. 

 

𝑅2 = 1 −
∑  𝑛

𝑡=1 (𝑦𝑡−𝑦̂𝑡)2

∑  𝑛
𝑡=1 (𝑦𝑡−𝑦̄)2      (16) 

 

Where 𝑦̄ denotes the mean of actual 

values. Values closer to 1 imply better explanatory 

power. 

 

3.9.4   Symmetric Mean Absolute 

Percentage Error (SMAPE) 

SMAPE is a normalized percentage-

based metric that avoids the issue of division by 

zero, unlike traditional MAPE. It is especially 

useful when comparing performance across 

varying load scales. 

 

SMAPE =
100%

𝑛
∑  𝑛

𝑡=1
∣𝑦𝑡−𝑦̂𝑡∣

(∣𝑦𝑡∣+∣𝑦̂𝑡∣)/2
    (17) 

 

SMAPE ensures symmetry in penalizing 

under- and overestimation, making it well-suited 

for applications in volatile energy-demand 

contexts [57–60]. 

 

3.10  Interpretability strategy 

Besides the fact that the proposed 

framework ensures numerical accuracy, it has an 

explicit interpretability layer. To examine linear 

dependencies, identify potential redundancy, and 

verify the coherence of the 21-dimensional feature 

space, a Pearson correlation analysis of the original 

and engineered features was conducted first. 

Second, Shapley Additive Explanations (SHAP) 

were calculated on a subset of models, which are 

Gradient Boosting, Random Forest, and the 

stacked meta-ensemble, the most performant tree-

based predictors, and the main building blocks of 

the final forecasting system. In these models, 

SHAP values were computed with the 

TreeExplainer algorithm and used to decompose 

each prediction into additive contributions from all 

input features, enabling a data-driven analysis of 

both local (per-instance) and global (overall) 

feature influence. The strategy balances 

redundancy across the vast number of highly 

similar ensemble structures by centering the SHAP 

analysis on this representative subsample, 

providing a fine-grained understanding of the 

behaviour of the most powerful and useful models. 

This interpretability approach reduces the black-

box nature of ensemble-based approaches and 

provides physically meaningful insights into how 

the models convert input data into daily load 

predictions, thereby increasing system operators' 

and planners' capacity to understand, verify, and 

trust the resulting predictions. 

 

3.11  Practical applicability to other Iraqi and 

regional systems 

 Although the empirical analysis in this 

paper is based on the Al-Intisar 132 kV substation 

in Mosul, the proposed forecasting framework has 

been specifically designed to apply to other Iraqi 

and regional distribution systems. The pipeline 

uses only quantities that are regularly measured or 

readily available in the majority of utilities, namely 

daily load, ambient temperature, calendar data 

(including weekends and public holidays), and 

crude demographic proxies. This would mean that 

to transfer the approach to a new substation or 

control area would only require: (i) gathering the 

historical daily load and temperature data at that 

location; (ii) re-training the models on the new 

historical data without changing the model 

structures; and (iii) re-training the models on the 

new historical data without changing the model 

structures. 

In this respect, the framework can be 

successfully applied to other Iraqi or Middle 

Eastern systems of power with minimal retraining, 

assuming that sufficient historical data are 

available and that the main similar demand drivers 

are broadly available. However, the quantitative 

performance in every new setting will be based on 

the quality of the local data, climate, and 

consumption patterns. 

  

4. RESULTS AND DISCUSSION  

In this section, the results for the nine 

algorithms used with different measurement 

methods will be discussed. 

 

 

 

4.1  Comparative Visualization of Forecasted 

Load 

Fig. 5 presents a comprehensive visual 

comparison of the actual electrical load and 

predictions generated by nine machine learning 

models for 2024. Each subplot illustrates the 

temporal behavior of a specific model, while the 

bottom panel provides a unified overlay of all 

models against the actual load values. This layout 

enables simultaneous assessment of both 

individual and collective model performance. 

Notably, ensemble-based regressors such as 

Gradient Boosting, Random Forest, and the Meta-

Learner (Stacked) exhibit strong alignment with 

the actual values across all seasonal periods, 

indicating superior predictive fidelity and 

robustness to fluctuations. In contrast, models like 

SVR demonstrate evident underfitting and 
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instability in capturing both baseline demand and 

peak variations. The consolidated subplot shows 

that the top-performing models tend to closely 

match the actual series, particularly during high-

demand periods and transition periods between 

seasons. This visualization supports the 

quantitative findings reported in subsequent 

sections and confirms the advantage of integrated 

ensemble architectures in achieving temporal 

generalization under real-world conditions.  

 
Fig. 5 Forecasting results of nine machine learning models vs actual load (2024). 

 

4.2 Correlation-Based Feature Analysis and 

Interpretability 

Fig. 6 presents the Pearson correlation 

heatmap of all engineered and original input 

features used in the forecasting models. This 

analysis was conducted as part of the feature 

selection process to ensure minimal redundancy 

and maximize informational diversity across the 

feature space.For example, in the heatmap, we find 

strong positive correlations among features such as 

temperature and avg_temp_7 (ρ = 0.96) and 

between season and temperature (ρ = 0.58), a sign 

of seasonal climate conditions and their effect on 

load shape. LAG features like lag_1, avg_last_7, 

and avg_last_14 also showed significant 

correlations among themselves and with the target 

variable, and thus were relevant for capturing the 

autocorrelation patterns in the daily load 

profile.On the other hand, time-related indicators 

(day_of_week, is_weekend, and Population) 

showed very small or zero correlations, reflecting 

their independence and possibly the model's 

generalization power. Low multicollinearity was 

generally observed among these features, 

suggesting that they were valid and worked in 

harmony without redundancy or instability during 

learning. Such correlation-based analysis also 

served as the basis for the design of a structurally 

sound feature set that was conducive to the 

interpretability and robustness of the predicted 

models, as demonstrated by the performance 

measures reported in Section 4.3. 
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Fig. 6 Heatmap showing the correlation between the feature inputs used in the forecast. 

 

4.3 Performance Evaluation Using SMAPE, 

MAE, RMSE, and R² Metrics 

Fig. 7 shows the SMAPE values for each 

model, which are the proportional accuracy values 

for each forecast. The bagging model corresponds 

to the smallest SMAPE of 5.527028% (visually 

marked in green to indicate its relative superiority). 

On the contrary, SVR achieved the worst SMAPE 

of 52.648748% (indicated in red) due to its poor 

generalization and unpredictable predictions. 

Fig. 8 extends the analysis by showing 

absolute error measures. Here again, Bagging and 

Random Forest demonstrated consistently strong 

results, with low MAE and RMSE values and high 

R² scores, suggesting accurate tracking of the  

target signal. Gradient Boosting achieved the 

highest R² value (0.986305), indicating robust 

explanatory power. In contrast, SVR produced the 

highest absolute errors (MAE = 2.733530, RMSE 

= 3.991705) and a negative R² (–0.085160), 

confirming its failure to capture the underlying 

temporal dynamics. 

The use of color-coded bars in the 

figures—green for the most accurate and red for 

the least—visually reinforces the statistical 

outcomes. Taken together, the results clearly 

highlight the strength of ensemble learning 

methods, particularly Bagging and Gradient 

Boosting, in delivering accurate and reliable long-

term load forecasts under fluctuating and data-

sensitive conditions. 
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Fig. 7 Relative Forecast Error (SMAPE) Comparison. 

 

 
Fig. 8 Model Accuracy Metrics (MAE, RMSE, R²)  

 

4.4 Residual Error Distribution Analysis 

To supplement the absolute and relative 

error measures above, analysis of the residual error 

distribution was done on all nine forecasting 

models. Fig. 9 plots the distribution and central 

tendency of the prediction residuals, which are the 

differences between actual and predicted load 

values (Actual - Predicted). In contrast to scalar 

measures like MAE or RMSE, residual boxplots 

give a distributional view, allowing the evaluation 

of variability, asymmetry (skewness), and outlier 

behavior of each model. The mean residual in this 

figure is represented by an “×” mark, and the 

number of outliers (according to the 1.5xIQR 

criterion) is given in each model.  

Gradient Boosting, Meta-Learner 

(Stacked), and Random Forest models have 

compact residual distributions with medians close 

to zero, indicating predictable, consistent 

forecasting behavior with minimal variation. Their 

interquartile ranges are quite narrow, and their 

mean values are close to the median, indicating 

little bias and limited skewness across different 

demand conditions. Conversely, the Support 

Vector Regression model appears to have a 

significantly wider interquartile range and a highly 

asymmetric error distribution, with residuals 

exceeding the presented limits (as denoted by the 

arrows). This increased dispersion indicates 

reduced stability and poor generalisation across the 

dataset's temporal patterns. Although some models 

(e.g., XGBoost) can identify more outliers based 

on the adopted criterion, Support Vector 

Regression is clearly defined by the size and spread 

of its residuals, which highlights its relatively poor 

robustness in the forecasting task.  
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Fig. 9 Residual error distributions (Actual − Predicted) for all forecasting models, with mean markers and 

outlier counts.
 

4.5 Computational Efficiency Analysis of the 

Machine Learning Models 

Fig. 10 illustrates a side-by-side 

comparison of the training durations required for 

each of the nine machine learning models 

examined in this research. The outcome clearly 

underscores the trade-off between model 

complexity and training efficiency. The Meta-

Learner (Stacked) stood out with the longest 

training duration (4.60 seconds), which is 

understandable considering its ensemble 

architecture combining three powerful base 

learners—Gradient Boosting, XGBoost, and 

Random Forest—alongside a RidgeCV meta-

regressor. 

 

Conversely, both Decision Tree and SVR 

models demonstrated very short training times 

(0.037 and 0.087 seconds, respectively), yet their 

predictive outcomes, detailed earlier in Section 

4.3, fell well below expectations. Among the more 

accurate algorithms, Gradient Boosting achieved a 

compelling balance between accuracy and 

computational cost, requiring only 0.67 seconds to 

train while attaining the highest R² score of 0.986. 

Altogether, these observations highlight how 

crucial it is to weigh both model precision and 

training speed when deploying models in real-time 

forecasting settings for energy systems 

 

Fig. 10 Training time (s) of machine learning models ranked by computational efficiency. 
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4.6   Selected Models Justification for SHAP-

Based Interpretability Analysis 

While the study originally implemented 

and evaluated nine distinct machine learning 

algorithms, the SHAP-based interpretability 

analysis—illustrated in Fig. 11—was intentionally 

limited to the three most accurate and reliable 

models: Gradient Boosting, Random Forest, and 

the Meta-Learner (Stacked). This focused selection 

was guided by both scientific rigor and technical 

feasibility. First, these models consistently 

demonstrated superior forecasting performance, 

with R² values exceeding 0.98 and notably low 

MAE and RMSE scores, establishing them as the 

most trustworthy for feature attribution analysis. 

Second, SHAP’s TreeExplainer, which ensures 

high interpretability and computational efficiency, 

is natively.  

optimized for tree-based models. 

Applying SHAP to other models, such as SVR, 

AdaBoost, or LightGBM, would have required 

using KernelExplainer. This more resource-

intensive alternative is often unstable in ensemble 

settings and with high-dimensional datasets. 

Additionally, models with weaker 

generalization—evidenced by negative or low R² 

values—could lead to misleading interpretations if 

included. Therefore, to preserve the clarity, 

reliability, and scientific integrity of the 

interpretability results, the analysis was 

strategically centered on the most performant and 

SHAP-compatible models. This approach 

reinforces the transparency of the forecasting 

framework without compromising analytical depth 

or computational tractability. 

 

 

 
 

Fig. 11. SHAP feature importance for top-performing machine learning models. 

 

5. CONCLUSION  

 The evaluation outcomes show that the 

point accuracy of Gradient Boosting was higher 

than all the investigated models, and it also had the 

lowest MAE and the highest R² score(R² = 0.986, 

MAE = 0.260 MW, RMSE = 0.448 MW). 
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Nevertheless, the stacked ensemble model   

(Gradient Boosting + XGBoost + Random Forest 

with RidgeCV as a meta-learner) provided a good 

trade-off among accuracy, model interpretability, 

and model stability. SHAP  

analysis also found that calendar features 

and short-term lags were the most influential  

predictors of the predictions. These 

observations reinforce the importance of well-

designed features and interpretable ensembles in 

cases of extremely small data and noisy grid 

environments like Mosul. The results of the study 

imply that interpretable, hybrid models may well 

be of great assistance for energy planning and 

operations decision-making in similar, resource-

restricted environments. 
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Table 1:Model Abbreviations and Full Names 
Abbreviation Full Name 

kV kilovolt 

MW megawatt 

R² Coefficient of Determination 

MAE Mean Absolute Error 

SHAP Shapley Additive Explanations 

ML Machine Learning 

XGBoost eXtreme Gradient Boosting 

LightGBM Light Gradient Boosting Machine 

LSTM Long Short-Term Memory 

AI Artificial Intelligence 

ISIS Islamic State of Iraq and Syria 

RidgeCV Ridge Regression with Cross-

Validation 

NaN Not a Number 

CART Classification and Regression 
Tree 

SVR Support Vector Regression 

SVM Support Vector Machine 

RBF Radial Basis Function 

GB Gradient Boosting 

XGB eXtreme Gradient Boosting 

RF Random Forest 

L1 L1 regularization (Lasso) 

L2 L2 regularization (Ridge) 

RMSE Root Mean Squared Error 

SMAPE Symmetric Mean Absolute 

Percentage Error 

MAPE Mean Absolute Percentage Error 

CV Cross-Validation 

SMAPE Symmetric Mean Absolute 
Percentage Error 

RMSE Root Mean Squared Error 

IQR Interquartile Range 
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