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ABSTRACT

This study introduces a Lasso—Prophet hybrid framework developed to
deal with the limitations and gap of Facebooks Prophet model. The
approach begins with Prophet’s decomposition of a time series into its
fundamental components trend, seasonality, and holiday effects, and then
applies Lasso regression to the residuals to capture additional structural
patterns that fail to capture by the base model. This layered method-
ology boosts predictive accuracy by enabling the model to learn both
systematic and irregular variations within temporal data by incorporating
Lasso’s feature selection capability, the framework efficiently handles high-
dimensional datasets, retaining only the most informative predictors. The
outcome is a hybrid model which achieves an optimal balance among
interpretability, scalability, sparsity, and forecasting precision. Validation
on simulated high-feature datasets and real-world electricity consumption
data demonstrates that the Lasso—Prophet hybrid consistently outper-
forms the Prophet and other baseline models.

1 Introduction
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Time series forecasting is important in many areas because it helps businesses predict future
trends by using their resources wisely, and make better decisions based on data. Real-world data
is complex, characterized by high dimensionality, and changing patterns over time. There is a
strong need for new forecasting techniques or a framework that can precisely predict future values,
handle large, unbalanced, high dimensional and complicated datasets efficiently, and endure easily
interpretable. This study introduces the Lasso-Prophet Hybrid Model, by joining the advantages of
Facebook’s Prophet method (which breaks down time series into understandable components) with
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Lasso regression, a technique that is good at selecting relevant predictors from large sets of variables.
This method is purposes to improve prediction accuracy and clarity, this makes it suitable for real-
world applications.

Historically, traditional statistical models like ARIMA, Holt Winters and Exponential Smoothing
have dominated the field of forecasting because they are comparatively upfront and easily interpretable
(Box et al., 2015) [1]. These methods have clear parameters and no black box methods like machine
learning models. Durbin & Koopman (2012) [2] decorated how these models successfully identify
trends and seasonal patterns in data, but they also acknowledged that advanced variants like Seasonal
ARIMA (SARIMA) typically need extensive manual adjustments. This makes them very challenging
to apply efficiently in complex and high-dimensional environments where there is a high number of
predictors.

Time series forecasting has advanced from classical linear approaches to hybrid and deep learning—
based models that can balance interpretability, scalability, and predictive accuracy. Taylor and Letham
(2018) [3] presented work on scalable and interpretable forecasting through the development of
the Prophet model. This model decomposes time series data into trend, seasonality, and holiday
components inside an additive regression framework. This was designed and presented for business
applications, Prophet highlights flexibility, robustness to missing data and outliers, and ease of analyst
intervention. In that way, this makes it forecasting at scale without the deep statistical expertise.
While Prophet delivers strong interpretability and modularity, its residual components frequently
contain unexplained variation driven by external predictors or high-dimensional relationships that the
model’s additive structure cannot entirely cover. Prophet’s limitations in modeling complex temporal
dependencies were addressed first by Triebe et al. (2021) [4]. They introduced NeuralProphet, which is
a deep learning extension that integrates autoregressive components and covariate networks into the
classical decomposition framework. It was first built on PyTorch, NeuralProphet, it retains Prophet’s
transparency while leveraging neural networks to capture short-term dependencies and local dynamics.
This showed improvements in short to medium term forecast accuracy in all multiple datasets. This
evolution showed the increasing credibility that Prophet’s statistical decomposition can be effectively
improved by further modeling layers, where we can capture residual patterns. In the same way, many
other studies have shown us that combining Prophet with corresponding models can significantly
improve forecasting performance.

Arslan (2022) [5] presented a hybrid model that merges a long short-term memory (LSTM) net-
work with Prophet for energy consumption forecasting, with Seasonal-Trend Decomposition through
Loess (STL) to isolate trend, seasonal, and residual components in the model. Although Prophet
modeled the overall trend and periodicity, LSTM captured residual non-linearities and temporal
dependencies, which resulted in better forecasting accuracy across all seven national energy datasets.
Liu et al. (2022) [6] further proceed this concept through the P-gL.STNet model. This wraths Prophet
with an upgraded LSTM network to forecast complex environmental and pollutant emission data from
more than 3500 vehicles. Results established this framework of combining Prophet’s competence for
catching long-term seasonality with LSTM’s strength in short-term dynamics produced lower MAE,
RMSE, and MAPE. Huang et al. (2022) [7] extended Prophet’s hybridization to financial forecasting,
by mixing and integrating it with Improved Complete Ensemble Empirical Mode Decomposition with
Adaptive Noise ICEEMDAN), and multi-model optimization for nonferrous metal price prediction.
Prophet modeled the primary trend and seasonality, and while residual components were decomposed
and forecasted using multiple complementary algorithms. These models are ARIMA, BPNN, LSTM,
and Elman networks. An optimization layer carefully chooses the best-performing forecasts from each
sub-model of the study. This multi-stage hybrid model accomplished better predictive performance
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and robustness on London Metal Exchange data. Stressing Prophet’s effectiveness as a base model in
hybrid frameworks when merged with methods that are able to model complex residuals. Furthermore,
in this field, Kenyi and Yamamoto (2024) [8] proposed a SARIMA-Prophet model for predicting
streamflow in South Sudan. In this model, Prophet captured non-linear long-term patterns and
SARIMA modeled short-term stationarity, this produced a reduction in MAE and RMSE. The model
performed well with other comparative models this proved the value of complementing Prophet with
additional statistical structures for hydrological data.

Recently, Sherly, Christo, and Elizabeth (2025) [9] worked on ARIMA—Prophet hybrid framework
which is designed for forecasting in edge computing contexts. In this study, loT-generated data often
exhibits both stationary and non-stationary characteristics. Prophet handled global non-linearities
and seasonality, and while ARIMA captured local autocorrelation and short-term dependencies,
this gave output in improved performance in all multiple datasets. Together, these studies reveal a
consistent research trajectory. Prophet’s modular, interpretable frameworks’ provides a robust basis,
with hybridization with other models whether neural, statistical, decomposition-based provide us good
results. In spite of these advances, most Prophet model frameworks efforts focus on deep learning or
multi-model combinations. There is a gap in methods that handle sparsity, feature selection, additive
framework and high-dimensional residual modeling using interpretable methods. In this background,
we can say that the integration of Lasso regression offers a convincing extension to the Prophet model.
As compared to Neural or ensemble-based extensions, Lasso performs regularization and feature
selection simultaneously, which makes it mainly effective in high-dimensional data environments where
residual variation arises from numerous external predictors. Prophet proficiently models large-scale
trends and seasonality. But its residuals may still contain structured variance driven by auxiliary
features like sensor signals, exogenous variables process indicators that are not directly modeled. When
we apply Lasso to Prophet’s residuals, sparse and interpretable relationships among high-dimensional
predictors can be uncovered. This also helps to handle overfitting in the model. Prophet 4+ Lasso forms
a semiparametric hybrid model that unites Prophet’s additive decomposition with Lasso’s penalized
regression strength. This makes it scalable, and interpretable.

The Prophet model has been used in many fields for forecasting. In recent years, many applications
have been observed, as it is flexible. Sivaramakrishnan et al. (2021) [10] applied ARIMA and
Prophet for predicting air passenger numbers and it was seen that Prophet is easier to use as it
automatically handles trends and seasonality. Similarly on these lines Chaturvedi et al. (2022) [11]
compared SARIMA, LSTM-RNN, and Prophet for forecasting India’s energy demand, showing
that Prophet gave more accurate and understandable results. In the same year, Zhao et al. (2022)
[12] analyzed ARIMA, MLR, and Prophet for forecasting global Omicron COVID-19 cases, finding
that ARIMA performed best, but Prophet still gave dependable results. Basak et al. (2022) [13]
applied Prophet for drought forecasting in semi-arid India and confirmed it as a consistent and
trustworthy model for environmental data. Shakeel et al (2023) [14] improved the FB-Prophet model
by adding positional encoding layers for heat load forecasting achieving better precision than other
models. Ma et al. (2023) [15] worked on a Multiscale Superpixelwise Prophet Model (MSPM) for
analyzing hyperspectral images. In this, they proved more resistant to noise and accurate than advanced
alternatives. Sardar et al. (2023) [16] combined Prophet with ARIMA and other machine learning
models to forecast COVID-19 cases in SAARC countries, this helped to show Prophet’s flexibility.
Most recently, Elneel et al. (2024) [17] used Prophet, ARIMA, and VAR to predict global and regional
sea levels. They showed that Prophet is especially effective in capturing long-term climate trends. We
can say overall these studies show how Prophet very helpful in forecasting and more work is expected
to improve and extend this model methodology for different data problems.
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Machine learning methods popularity have grown for forecasting tasks in recent years, mainly
because of their ability to handle nonlinear patterns and uncover subtle relationships in data. Methods
such as Gradient Boosted Trees, Random Forests, and especially Long Short-Term Memory (LSTM)
neural networks have shown good results. Hochreiter and Schmidhuber (1997) [18] first introduced
LSTM networks and following studies have presented their powerful predictive capabilities. Although
their robust performance, machine learning models often operate like a black box which means users
can’t easily see or understand how the model arrived at its predictions. Molnar (2020) [19] noted that its
lack of transparency can limit its practical use, especially in sectors where understanding the underlying
reasons behind predictions is very important. To handle interpretability issues, Facebook introduced
the Prophet model. This is designed explicitly for forecasting business and economic time series (Taylor
& Letham, 2018) [3]. Lasso shrinks coefficients toward zero using L, Plenty. This effectively removes
irrelevant features and simplifies the model. Zou and Hastie (2005) [20] introduced the Elastic Net,
which is also a regularization method that combines the penalties of both Lasso and Ridge regression
to improve variable selection. This method has successfully dealt with multicollinearity and selects
groups of correlated predictors.

The prophet’s incapability to efficiently include and regularize a large set of external predictors is
a major limitation in high-dimensional external predictors, along with seasonality and trend. When
numerous correlated predictors like macroeconomic, environmental, and behavioral variables influ-
ence the target, Prophet handles them as independent regressors without automatic feature selection
or shrinkage. This leads to overfitting, multicollinearity, poor generalization and poor performance in
deployment. Prophet therefore struggles to identify the actually useful predictors and cannot exploit
the sparsity structure that high-dimensional data naturally requires. This contribution highlights
the development of a hybrid modeling framework that integrates Prophet’s additive decomposition
with Lasso regression. This approach creates methodological balance in a way that Prophet captures
structured temporal patterns while Lasso identifies the most influential external drivers or predictors,
and a systematic hyperparameter tuning procedure makes sure that the Lasso penalty (1) is optimally
selected by enhancing both prediction accuracy and interpretability.

2 Methodology

Let the observed time series be represented as y(7), where t = 1, 2, ..., n. The objective is to model
() as a combination of structured components (trend, seasonality, holidays) and external predictors:
(1) = g@) +s() + h()) + X ()P + €, (1
where:

e g(1): Trend component (long-term changes).

e s(7): Seasonal component (cyclic patterns).

e /i(1): Holiday component (irregular spikes or dips due to special events).
e X(¢): High-dimensional external predictors matrix.

e B: Coefticient vector for external predictors.

e ¢, ~N (0, 0?): Error term assumed to follow a normal distribution.

The primary goal is to estimate g(z), s(¢), h(t), B, and o* while selecting significant predictors from
X(2).
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2.1 Decomposition via Prophet
The Prophet model decomposes y(7) into three additive components:

2.1.1 Trend Component (g(t))

Trend components have two further types, one is a piecewise linear trend, and the other is logistic
growth. Piece wise linear trend is as follows:

g (1) = k (¢) + m if no change point 2)

J
gt =k+ Z a;1; (1) if changpoint occur at ¢, 3)

J=1

where k 1s the growth rate, m is the initial offset, J is the number of changepoints, @; adjusts the growth
rate at each changepoint, and /,(¢) is an indicator function for the changepoints.

Similarly logistic growth is described as follows
B C
1+ exp(—k(t—t,)’

where C is the carrying capacity, k is the growth rate, and ¢, is the midpoint.

g

“4)

2.1.2 Seasonal Component (s(t))
Seasonal effects are modeled using a Fourier series:

N

s() = Z(a,, cos (@) + b, sin (27;”) , (%)

n=1

where P is the periodicity, and N is the number of Fourier terms.

2.1.3 Holiday Component (h(t))

Holidays are modeled as a sum of indicator functions:

K

AOED IV AGY (6)
k=1

where A, represents the effect of holiday &, and 7,(¢) is an indicator function for the holiday.

2.2 Residual Modeling with Lasso Regression
After extracting the structured components, the residuals are computed as:

(1) = y(0) — (g(0) + s(1) + h(D)). (7

These residuals are modeled using Lasso regression to account for the influence of external
predictors X(#). The Lasso regression objective function is:

n

1 4
LB)=5-2 ()= XWOE+12 p ®)

=1
where:

e ): Regularization parameter controlling the sparsity of 3.
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e p: Number of predictors in X(¢).

e The L, penalty ij.:l B; ensures that irrelevant predictors are excluded by shrinking their
coefficient to zero.

The optimal value of A is estimated through k-fold cross-validation, where multiple A values are
tested and the one minimizing the prediction error on validation folds is selected. This method balances
model sparsity and predictive accuracy. Larger A values produce simpler and more interpretable
models and smaller A values retain more predictors.

2.3 Error Variance (o?)

The estimated from the residuals are given

~ 1<
(,2:ZZQ;([)—(g(t)+s(t)+h(t)+X(f),3))2 ©)

2.4 Model Evaluation
Root Mean Squared Error (RMSE)

1 N 3 2
RMSE= |2 200 -3® (10)

2.5 Feature Significance
Significant predictors are identified based on non-zero coefficients in 8.

3 Model Algorithm Framework

The application of the hybrid model follows a two-step method yet interconnected approach
which combine statistical decomposition with machine learning based residual learning. The target
variable y(7) is broken down using Prophet into three core components which are trend g(z), seasonality
s(t), holiday effects /(7). This step helps separate the structured part of the time series. Once these
components are extracted, the next logical move is to calculate the residuals, which are given in
Eq. (11).

r(0) = y(1) — (&) + s(t) + h(D)). (11)

These residuals are thought to contain extra patterns or noise not captured by Prophet so to model
this leftover variation Lasso regression is applied using a set of external predictors X(z), effectively
learning the sparse relationships from a potentially high-dimensional feature set. The final forecast is
made by joining the main components with the Lasso correction, as shown in the Eq. (12) below.

J=gW+sO+hO+X @B (12)

This framework in Fig. | not only improves prediction power but also makes sure that both clear
patterns and hidden factors are included, which gives us a more flexible and detailed way to forecast.
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Prophet
Data pre Deompostion Residuals LASSO L1

Identif New model :

(Trend, External Prophet +

Seasonlity &
holidays)

Signifcant LASSO
Predictors Predictors

processing Extraction Penality

Figure 1: Flow chart of methodology

4 Synthetic Dataset and Time Series Decomposition

The dataset was generated by creating 100 features using a normal distribution with values roughly
ranging between 10 and 50, a mean of about 29, and a standard deviation between 11 and 15. The target
variable (y) was then constructed using selected features with added random noise to introduce realistic
variability. This design allowed the regularized models to effectively recognize the most influential
predictors, as all variables were standardized using z-score normalization to ensure consistency in scale
and improve the stability of model estimation and for evaluation, the dataset was divided using the
first 80% of observations for training and the remaining 20% for testing. This preserved the temporal
order and avoided data leakage. This time-based division provided a realistic assessment of forecasting
performance on unseen future data.

The first phase of the methodology is about breaking down the time series into its fundamental
components and these components are trend, seasonality, and residuals. Fig. 2 shows the decompo-
sition results for the target variable. The decomposition shows a clear long-term trend component
that explains the overall growth and decline in the time series and seasonal patterns with recurring
fluctuations and residuals that capture the remaining variability in the data after accounting for trend
and seasonality.

Time Series Decomposition

target

Resid

—-0.5 A
2023-01 2023-022023-03 2023-04 2023-05 2023-06 2023-07 2023-08 2023-09

Figure 2: Time series decomposition of target variable

Table 1 presents the performance evaluation of Prophet, its extended hybrid variants, and the
Holt-Winters baseline with three error metrics like MAE, RMSE, and MAPE. The Prophet+Lasso
model has gained the lowest error values in all metrics. This shows us its superior ability to refine
residuals and capture underlying patterns in the synthetic data. Ridge and ElasticNet hybrids both of
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these also improved over the baseline Prophet model. The Holt-Winters model showed comparatively
higher error values. These results confirm that the Lasso-enhanced Prophet hybrid offers the most
accurate and stable forecasts among all tested models. The Lasso regularization parameter (1) was
optimized with the GridSearchCV procedure. A logarithmic grid of 120 values for « (equivalent to
A) was defined in the range 1077 to 1072 this makes sure fine resolution with all low penalty regions.
Each configuration was assessed using 10-fold cross validation with the negative mean squared error
(—MSE) it is used as the scoring criteria. The A value minimizing the mean validation error was
selected as optimal, and this cross-validated tuning balances predictive accuracy and sparsity. A higher
A promotes feature elimination, and a lower A retains more predictors.

Table 1: Forecast performance metrics (synthetic dataset)

Model MAE RMSE MAPE (%)
Prophet 2.356 2.999 10.68
Prophet + Lasso 1.622 2.052 7.53
Prophet + Ridge 1.771 2.242 7.97
Prophet + ElasticNet 1.676 2.114 7.74
Holt-Winters 3.225 4.021 14.17

Fig. 3 shows the comparison between the actual synthetic time-series values and the predictions
generated by Prophet, its hybrid extensions (Prophet + Lasso, Prophet 4+ Ridge, Prophet + Elastic-
Net), and the Holt-Winters model, which serves as another baseline forecasting approach. The black
line represents the true synthetic observations, while the colored dashed lines depict the predictions
from each model. All of the forecasting models capture the general trend and seasonality of the data,
but Prophet + Lasso gives the nearest fit to actual values. This indicates that the new proposed model
effectively refines Prophet’s residuals by achieving improved accuracy over the standard Prophet and
other baseline models, such as Holt-Winters.

Actual vs Prophet + ML Hybrids vs Holt-Winters

—o— Actual

=== Prophet

—-= Prophet + Lasso
Prophet + Ridge

50 4

—-= Prophet + ElasticNet

~— Holt-Winters
40 A

201

10 A

2021-09 2022-01 2022-05 2022-09 2023-01

Date

2020-01 2020-05 2020-09 2021-01 2021-05

Figure 3: Comparison of actual vs. prophet-based hybrid forecasting (synthetic data)
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Fig. 4 displays the top 10 most influential features/predictors selected by the Lasso model from the
synthetic dataset, and in this figure, features like feature_47, feature_19, and feature_38 contributed
the most to reducing residual forecast errors. This plot highlights the sparsity and interpretability
advantage of Lasso in a high-dimensional environment.

Top 10 Important Features Synthetic Data

feature_47

feature_19

feature_38

feature_41

feature_87

Feature

feature_37

feature_49

feature_86

feature_32

feature_12 A

0 2 4 6 8 10 12 14 16
Importance (%)

Figure 4: Top 10 important features (synthetic data)

Figs. 5 and 6 show the distribution and temporal movement of forecast errors which are produced
by the Prophet model. The histogram shows that most residuals are centered around zero and indicate
that the model captures the underlying trend effectively, with only a few large deviations. However,
occasional outliers suggest under- or over-prediction in certain periods.

The time series plot of forecast errors also explains the positive and negative deviations, which
show us that errors are not systematically biased but fluctuate around the zero line. The Prophet model
overall shows balanced performance with moderate variability and no persistent trend in forecast
errors.
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Distribution of Forecast Errors (Prophet)
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Figure 5: Distribution of forecast error of Prophet model
Prophet Forecast Errors Over Time
6 —&— Forecast Error
4 -~ — —

]
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Figure 6: Prophet forecast errors over time

https://www.scipedia.com/public/Yaqoob_et_al_2026 10


https://www.scipedia.com/public/Yaqoob_et_al_2026

N. Yaqoob, E M. Alghamdi, A. S. Aloufi, R. Jabeen and A. Zaka,
A new scalable hybrid model approach of high-dimensional

S I P E D IA time series forecasting applications,
Rev. int. métodos numér. calc. diseno ing. (2026). Vol.42, (1), 29

5 Prophet Forecast Performance on Real Data

The real-world dataset and synthetic datasets both used for this experiment, real word data
set is sourced from the UCI Electricity Load Diagrams 2011-2014. It includes 15-min aggregated
electricity consumption for 370 clients over a 4-year period in kW, which are 140,256 rows, and
we converted to kWh for monthly-level forecasting. The target variable was chosen as MT_001
(representing a single client), and all other meter columns (MT_002 to MT_370) were treated as
potential predictive features. The dataset was aggregated to a monthly frequency, resulting in a time
series of 48 monthly observations from 2011-01 to 2014-12. The first model employed was Facebook
Prophet, a decomposition-based forecasting model. Fig. 7 shows the comparison between the actual
electricity consumption values and the forecasts generated by Prophet, its hybrid variants (Prophet +
Lasso, Prophet 4+ Ridge, Prophet + ElasticNet), and the Holt-Winters baseline model. The black line
shows the actual electricity demand and the colored dashed lines show the predictions from different
models, all models were able to follow the main trend and seasonal changes in electricity use, showing
high and low periods we can see the Prophet + Lasso model matched the real data most closely,
especially around the peaks and drops showing it can better capture changes in demand.

Actual vs Prophet + ML Hybrids vs Holt-Winters

—e— Actual

—== Prophet

— - Prophet + Lasso (Best)
o Prophet + Ridge

—-= Prophet + ElasticNet
~——— Holt-Winters

30 1

201

Energy Consumption (in Thousands kWh)

2012-05 2012-09 2013-01 2013-05 2013-09 2014-01 2014-05 2014-09 2015-01
Date

Figure 7: Actual vs. prophet + ML hybrids vs. Holt-Winters (real data)

Table 2 shows how well each model predicted electricity use and the Prophet—Lasso hybrid model
gave the best results with the lowest MAE, RMSE, and MAPE values, showing it could capture hidden
demand patterns and seasonal changes more accurately. The regular Prophet model and its Ridge and
ElasticNet versions made fairly good predictions but were slightly less accurate. The Holt-Winters
model, which is a traditional method had the highest errors proving that the Prophet-Lasso hybrid
provided the most accurate forecasts for electricity consumption.

Fig. 7 clearly shows that the improvement in the hybrid forecast (green dashed line) almost
matches the actual electricity demand during the test period, and it is shows strong prediction ability.
The Lasso part selected a small but very useful set of features from the 369 m readings and other
variables, including nearby meter signals and past values of the target series.
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Table 2: Forecast performance metrics (real dataset)

Model MAE RMSE MAPE (%)
Prophet 5.986 8.554 4.47
Prophet + Lasso 4.374 5414 3.27
Prophet + Ridge 5.986 8.554 4.47
Prophet + ElasticNet 5.986 8.554 4.47
Holt-Winters 6.677 9.188 4.98

Fig. 8 shows the top ten most important features based on their scores. The experiment tested the
hybrid model in the same way on both simulated and real datasets using the same accuracy measures
and graphs. In each case, the results from the basic Prophet model were compared with the Lasso—
Prophet hybrid to highlight the improvement in accuracy and understanding of the model.

Top 10 Important Features (Prophet + Lasso)

MT_152

MT_114

MT_087

feature_2

MT_180

Feature

MT_308

MT_176

MT_288

MT_141

MT_129

6 1 2 3 4 5 6 7 8
Importance (%)

Figure 8: Top 10 important features (real dataset)

Fig. 9 shows the histogram of forecasting errors (Actual-Predicted) for the Prophet model used
on electricity data. This figure shows that most of the errors are close to zero, which means that the
model predicts the overall pattern quite well. This figure also shows that a few large errors on both
sides show that the model sometimes overestimates or underestimates demand, likely due to sudden
changes in electricity use, but overall, the error pattern suggests that the Prophet model gives fairly
balanced and unbiased forecasts.

https://www.scipedia.com/public/Yaqoob_et_al 2026 12


https://www.scipedia.com/public/Yaqoob_et_al_2026

N. Yaqoob, E M. Alghamdi, A. S. Aloufi, R. Jabeen and A. Zaka,
A new scalable hybrid model approach of high-dimensional

S I P E D I A time series forecasting applications,
Rev. int. métodos numér. calc. diseno ing. (2026). Vol.42, (1), 29

Distribution of Prophet Model Errors

Frequency
S
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Error (Actual - Predicted)

Figure 9: Distribution of Prophet model errors (real data)

Fig. 10 shows how the Prophet model’s errors change over time, the red line moves around the
zero line it explain that periods when the model slightly overestimates or underestimates demand.
This means the errors are not one-sided and the model stays stable across time. A few sharp spikes
appear at certain points, matching times of sudden changes in electricity demand. The Prophet model
follows the general pattern well, by keeping a steady level of accuracy throughout the observed period.

Prophet Model Errors Over Time

—o— Error

20 4

10 1

A /Kv/\V u‘vA\/\

2012-05 2012-09 2013-01 2013-05 2013-09 2014-01 2014-05 2014-09 2015-01
Date

Error (Actual - Predicted)

Figure 10: Prophet model errors over time (real data)

6 Conclusion

This research introduced and tested the Lasso—Prophet Hybrid Model, a new and effective
approach for forecasting high-dimensional time series data by combining Prophet’s ability to break
down a time series into trend and seasonal parts with Lasso regression’s strength in selecting important
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variables and avoiding overfitting. The hybrid models showed clear improvements in prediction
accuracy for both simulated and real electricity data by capturing local changes and reducing errors.
It also stayed easy to interpret and worked well with datasets containing hundreds of features,
making it useful for real-world problems. The findings show that combining statistical models with
machine learning can lead to more accurate and reliable forecasts, especially in fields like energy,
finance, and healthcare. Future improvements could include using nonlinear models, such as kernel
or neural-network regressors, to capture more complex patterns, and adding adaptive tuning methods
or Bayesian techniques to make the model even more stable and explainable.
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