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Abstract This paper presents a comprehensive comparative modeling of conventional, robust, and wavelet-augmented beta
regression models for proportional data. To preprocess the response variable, four discrete wavelet transforms—Daubechies
IV (Db4), Coiflets IV (Coif4), Symlets IV (Sym4), and discrete Meyer (Dmey) were applied to remove noise and enhance
model robustness. Results demonstrated that wavelet-enhanced models surpassed conventional and resilient Beta regression
at all points. The wavelet pre-processing effectively eliminated noise, producing more precise and smoother forecasts. The
developed models were also applied to a real body composition data set and were shown to replicate the simulation results
as well as demonstrate real-world utility but introduces additional computational overhead and sensitivity to wavelet family
selection.
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1. Introduction

Beta regression models attracted more interest in the recent past because they can measure continuous bounded
data with high precision, especially proportions that range from 0, 1. [9], who originally came up with the Beta
regression model, are especially suitable for proportion-based data in the majority of study fields, including
ecology, biostatistics, and economics, since they can handle heteroskedasticity as well as asymmetry. However,
it is well understood that standard maximum likelihood estimation is susceptible to outliers and data anomalies.
This can create biased parameter estimates as well as less-than-ideal model fit [12].

More robust regression approaches, including those that use the Huber loss function, have been suggested to
overcome these weaknesses through minimizing outlier influence while preserving estimation efficiency [11, 18].
Although such techniques tend to be more resistant to contamination, they tend to be less effective when there are
subtle noise patterns or high-frequency oscillations in the response variable.

For this purpose, the application of wavelet-based signal processing methods to statistical models is a
development with great promise. Wavelet transforms can be used as an effective means of removing noise and
isolating relevant structural information from data. These transforms were originally proposed by [6] and have
been extended to include Quefflet, Simlet, and discrete Meyer (Dmey) wavelets. To make models more stable and
accurate, especially in a noisy data environment, successful experiments have recently been conducted indicating
that wavelet noise removal can be enhanced using regular or stable regression models [3, 10, 13].
This study contributes to the scientific literature through a systematic comparison of classical, robust, and wavelet-
augmented beta regression models in artificial and applied settings. This research provides new insights into how
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preprocessing theory can, in principle, improve the robustness and predictive ability of proportional information
models in the presence of noisy data and outliers, by comparing a variety of wavelet power families and their
outputs to an industrial standard.

2. Methodology

This work suggests an integrated modeling framework combining classical Beta regression, robust estimation
methods, and wavelet-based denoising to enhance the performance of regression models in the analysis of
continuous proportion data. The following subsections detail the theoretical formulation, parameter estimation
methods, wavelet-based preprocessing, and performance evaluation metrics used in this work.

2.1. Beta Regression Model

In cases where Yi is a continuous response variable with the open interval (0, 1), the Beta distribution is a good
modelling solution because it is flexible and capable of taking skewness and different dispersion [2]. The Beta
distribution probability density function is as follows:

f (yi; ai; bi) =
Γ (ai + bi)

Γ (ai) + Γ (bi)
yai−1
i (1− yi)

bi−1 , 0 < yi < 1 (1)

Where the parameters of the shape of observation i are ai and bi. A logit link function is used to associate the
conditional mean of the response variable with a set of explanatory variables, which is stated as;

logit (µi) = XT
i β (2)

Where:
µi=

ai

ai+bi
is the expected value of the Beta distribution.

XT
i is a predictor variable of the i− thobservation.

β is an estimated vector of regression coefficients.

2.2. Maximum Likelihood Estimation

The parameters are estimated using the standard Beta regression which is the maximization of the log-likelihood
equation as shown in Equation (1) which is derived using the PDF of the Beta distribution. The log-likelihood
function for a sample of size n can be written as:

ℓ (β) =

n∑
i=1

[lnΓ (ai + bi)− lnΓ (ai)− lnΓ (bi) + (ai − 1) lnyi + (bi − 1) ln (1− yi) ] (3)

The values of β are numerically estimated by maximizing this function through iterative optimization routines
like the Nelder-Mead simplex algorithm, as applied through MATLAB’s fminsearch function. These estimates are
then used as the baseline against which robust and wavelet-enhanced models are compared [9].

2.3. Robust Beta Regression Using Huber Loss

To improve model resilience against outliers and data irregularities, a robust Beta regression model is developed
by incorporating the Huber loss function [4, 23]. This loss function behaves quadratically for small residuals and
linearly for large residuals, providing resistance to extreme values. It is defined as:

ρc (ri) =

{
1
2r

2
i if |ri| ≤ c

c
(
|ri| − 1

2c
)

if |ri| ≥ c
(4)

Where:
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ri = yi − µ̂i is the residual for observation i.
µ̂i =

1
1+exp(−XT

i β)
is the predicted mean.

c is a tuning constant (commonly set at 1.345).
The robust estimate of β is obtained by minimizing the following objective function:

Q (β) =

n∑
i=1

ρc ( yi − µ̂i) (5)

This function is minimized using the same optimization algorithm applied in the classical MLE procedure.

2.4. Wavelet-Based Denoising for Beta Regression

Localized variations, random fluctuations and error in measurements are usually prevalent in real world data of
proportions. To solve this, model fitting is preceded by the application of a discrete wavelet transform (DWT) to
the response variable [15, 16]. The DWT splits the original signal Y(t) into a representation of approximation and
detail coefficients at several levels of resolution [7, 8, 22]:

Y (t) =
∑
k

aj0,k∅j0,k (t) +
J∑

j=j0

∑
K

dj,kψj,k (t) (6)

Where:
ϕj0,kare scaling functions representing low-frequency components.
φj,kare wavelet functions representing high-frequency details.
aj0,kand dj,kare approximation and detail coefficients, respectively.
The thresholding of the detail coefficients dj,k, to eliminate noise but retain significant data structures, is used to
reduce noise. The response after denoising is then reconstructed through the backward wavelet transform to get a
smooth signal Ỹ that is then used to re-estimate the robust Beta regression model [15, 17].

The wavelet families employed in this study include Db4, Coif4, Sym4, and Dmey. Soft thresholding was
applied to all detail coefficients, and reconstruction followed the standard inverse DWT process. A single-level
decomposition was used unless otherwise specified. The modeling sequence strictly followed six steps: (1) classical
estimation, (2) robust estimation, (3) DWT preprocessing, (4) thresholding, (5) inverse reconstruction, and (6)
refitting the robust model to the denoised response. Performance metrics (RMSE, MAE, R²) were computed using
standard formulas.

2.5. Computational Considerations

To address the computational overhead associated with wavelet preprocessing, we note that applying the Discrete
Wavelet Transform (DWT) requires approximately O(n log n) operations. This makes wavelet-enhanced models
computationally heavier than classical Maximum Likelihood Estimation (MLE) and robust Beta regression,
especially when the preprocessing must be repeated many times. In our simulation study, where each scenario
was replicated 1000 times, this additional cost was more noticeable. However, the improved accuracy obtained
through wavelet denoising justified the added computation time. All wavelet operations, including decomposition,
soft thresholding, and reconstruction, were implemented using the MATLAB Wavelet Toolbox, while parameter
estimation for classical and robust Beta regression employed MATLAB’s fminsearch function based on the
Nelder–Mead optimization algorithm. This discussion clarifies the computational trade-off of incorporating DWT
as a preprocessing step and improves the methodological transparency of the proposed framework.

2.6. Model Performance Evaluation

To comprehensively evaluate model performance, three metrics are utilized [19, 20]:
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Root Mean Square Error (RMSE):

RMSE =

√√√√ 1

n

n∑
i=1

(yi − ŷi)2 (7)

Which measures the average prediction error magnitude [1].
Coefficient of Determination R2:

R2 = 1−
∑n

I=1 (yi − ŷi)
2∑n

I=1 (yi − y)2
(8)

This quantifies the proportion of variance in the response variable explained by the model [14, 21].

2.7. Summary of the Proposed Method

The suggested modeling plan combines three complementary schemes of Beta regression using the following
systematizing:

1. Estimating the classical Beta regression model by Maximum Likelihood Estimation.
2. Estimating a strong Beta regression model, using the Huber loss function so as to minimize the impact of

outliers.
3. Apply DWT denoising to the response variable using four wavelet families: Db4, Coif4, Sym4, and Dmey.
4. Carry out extensive thresholding of the detail coefficients of the wavelet decomposition. Particularly, use

soft thresholding, which becomes smaller wavelet coefficients gradually, in effect mildly reducing noise, and
important signal details are retained.

5. Reconstruct the denoised response variable using the inverse wavelet transform.
6. Refit the robust Beta regression model using the denoised response data.

Compare all fitted models based on various performance measures: RMSE, MAE, R2, and residual diagnostics to
evaluate accuracy, robustness, and overall accuracy of the model.
This sequential procedure combines classical, robust, and wavelet-based techniques to enhance the predictive
accuracy and resilience of Beta regression models when analyzing proportion data, especially in the presence
of noise and outliers.

2.8. Software Implementation

All analyses were conducted using MATLAB (version 2025b). Classical and robust Beta regression estimations
were performed using the fminsearch function based on the Nelder–Mead algorithm. Wavelet decomposition, soft
thresholding, and reconstruction were carried out using MATLAB’s Wavelet Toolbox functions. This ensures full
reproducibility of the modeling framework.

3. Applications: Simulation Study and Real-World Case Study

To illustrate the performance of the proposed Beta regression methodologies, two applications are provided in this
section: a simulation study to evaluate model characteristics in a controlled setting, and a case study to show the
usefulness of the proposed approaches. The two applications adhere to a process of formulating and evaluating
models described in the following sections.

3.1. Simulation Study

Beta regression is a relatively new and growing statistical tool for the dealing with continuous response variables
bounded in the open interval (0,1), such as proportions and probabilities. It can adapt to the shape and skewness of
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bounded data, which clearly is an advantage for many applications in the real world. Copying the previous situation
of many classical statistical models, common Beta regression depending on maximum likelihood estimation (MLE)
is particularly vulnerable to outliers and data contamination. This vulnerability results in biased estimates of
parameters and poor predictive performance.
In response to these issues, this simulation experiment was constructed specifically to test and compare the
performance of three different modeling techniques as they are affected by artificially created outliers. The first
model uses traditional MLE Beta regression, the second uses a robust Beta regression model using the Huber
loss function to reduce the influence of outliers, and the third involves wavelet-based denoising methods before
estimation with the robust method. The third involves pre-modeling noise reduction and structural pattern extraction
of the response variable using discrete wavelet transforms.
Synthetic data were created according to the logistic transformation of a linear predictor, and controlled outliers
were added to simulate a realistic contamination scenario. Model performance was evaluated through root mean
square error (RMSE), mean absolute error (MAE), and an adjusted version of the coefficient of determination (R²)
based on the original data variance. This experiment is only a first attempt to establish how wavelet models stand
against traditional and robust Beta regression models in terms of predictive performance and strength; further and
more extensive simulations will be conducted in the following chapters.
In Figure 1, several Beta regression models are plotted, and the impact of outlier-contaminated data can be
observed. The plot in the top-left corner shows the estimates of the classical Beta regression model obtained by
Maximum Likelihood Estimation (MLE). This model should be able to keep pace with the general behavior of the
original observations, but it is overly sensitive to local variations, and it is not smooth and generalized since it is
jagged, and it responds to outliers.
The results of the robust Beta regression with Huber loss are shown in the top right panel. The resulting robust
curve is smoother than the MLE one, and apparently, it is less influenced by extremes. There is still variance that
is not explained, especially in regions of the response variable where variance is high.
The bottom four panels show the outputs of the hybrid models that combine wavelet-based denoising with robust
Beta regression. Each panel corresponds to a different wavelet filter: Db4, Coif4, Sym4, and Dmey. In all four
cases, the denoised observations appear significantly smoother than the original data, and the resulting predictions
align more closely with the underlying structure of the response variable. It is important to note here that the Dmey
and Coif4 wavelets provide a much smoother prediction with more distinct trends, which means they perform better
by filtering high-frequency noise and the influence on outliers.
In general, the idea that wavelet-enhanced robust models can furnish the more stable and more accurate
representation of the data is supported by visual evidence, particularly when distortion is present. The findings
of these studies indicate that a combination of signal processing approaches, including the wavelet transform, with
sound statistical modeling can be used to increase the effectiveness of prediction in noisy conditions.

Figure 1. Comparison of Classical, Robust, and Wavelet-Enhanced Beta Regression Models

Table 1 compares the results of the six modeling methods deployed to the simulated data of Beta distribution
with outliers. Classical Beta regression model with maximum likelihood obtained an RMSE of 0.1760, an MAE
of 0.1324 and an R2 of about 59.95 which indicates that it is a moderate predictive model with a significant
sensitivity to contamination of the data. The robust Beta regression that uses Huber cost function, slightly enhanced
performance with a reduced RMSE (0.1726) and an appearance of a slightly elevated R2 (61.51%).
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Significant results were obtained when wavelet denoising was applied before robust regression. Among the wavelet-
based models, the Sym4 filter achieved the best overall performance, with the lowest RMSE (0.0911), the lowest
MAE (0.0744), and the highest R² (89.28%). Db4 filter was also quite competitive, with an RMSE of 0.0922 and
an R2 of 89.02%. Coif4 and Dmey, despite providing slightly more elevated error statistics, were also well above
the performance of the classical and the robust mono-variate models by themselves.
As expected, these results support the advantages of applying wavelet robust regression in controlling for outlier
influence and providing higher model fitness. Combining aspects of signal preprocessing with robust estimation
represents a useful avenue in the modeling of complex noisy datasets.

Table 1. Performance Comparison of Classical, Robust, and Wavelet-Enhanced Beta Regression Models in the First
Simulation

Method
Criteria

Classical Robust Db4 Coif4 Sym4 Dmey

RMSE 0.1760 0.1726 0.0922 0.1160 0.0911 0.1161
MAE 0.1324 0.1357 0.0770 0.0913 0.0744 0.0901
R2 59.95% 61.51% 89.02% 82.61% 89.28% 82.59%

To test the model performance in more realistic and scalable situations, the simulation was repeated for n=50,
100, 200, 300, with 1, 2, and 3 independent variables each in 1000 replications. The mean results over all iterations
are shown in Tables 2, 3, and 4. The performance of the classical MLE Beta regression, robust Beta regression
based on Huber loss, and four other wavelet robust models based on the wavelet filters Db4, Coif4, Sym4, and
Dmey was assessed using RMSE, MAE, and R2. Results indicate that the wavelet model variants, especially
those built using Coif4 and Sym4 wavelets, show significantly less error and include more predictors than both the
classical and robust models under all conditions examined. It should also be mentioned that the gain in performance
is even greater when the sample is larger and the model becomes more complex with the inclusion of additional
predictors.

Table 2. Average Simulation Results for Classical, Robust, and Wavelet-Enhanced Beta Regression Models with One
Predictor

Method
Criteria

n Classical Robust Db4 Coif4 Sym4 Dmey

RMSE 0.1677 0.1659 0.0721 0.0626 0.0663 0.0666
MAE 50 0.1328 0.1341 0.0568 0.0503 0.0524 0.0548
R2 0.5166 0.5266 0.8955 0.9205 0.9117 0.9112
RMSE 0.1500 0.1493 0.0645 0.0587 0.0616 0.0610
MAE 100 0.1154 0.1164 0.0503 0.0464 0.0481 0.0489
R2 0.5694 0.5733 0.9131 0.9283 0.9212 0.9230
RMSE 0.1375 0.1372 0.0600 0.0569 0.0576 0.0569
MAE 200 0.1053 0.1058 0.0466 0.0446 0.0448 0.0451
R2 0.6148 0.6162 0.9233 0.9311 0.9295 0.9310
RMSE 0.1327 0.1326 0.0569 0.0547 0.0550 0.0548
MAE 300 0.1018 0.1022 0.0443 0.0432 0.0430 0.0434
R2 0.6308 0.6116 0.9301 0.9356 0.9350 0.9354

Tables 2, 3, and 4 present the average performance metrics of classical Maximum Likelihood Estimation (MLE)-
based Beta regression, robust Beta regression using Huber loss, and four wavelet-enhanced robust Beta regression
models (Db4, Coif4, Sym4, and Dmey). These results are evaluated under varying conditions of sample size (n =
50, 100, 200, 300) and number of predictors (one, two, and three). The performance criteria include Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), and coefficient of determination (R2).
Wavelet-enhanced models in the single predictor model show much better results compared to both the classical
and robust Beta regression models. The values of RMSE and MAE in wavelet models are significantly lower, and
the value of R2 is significantly higher, always above 0.89 versus below 0.64 in classical methods. An example is
that Coif4 wavelet model gives RMSE of 0.0547 and R2 of 0.9356 at n = 300 compared to the classical model,
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Table 3. Average Simulation Results for Classical, Robust, and Wavelet-Enhanced Beta Regression Models with Two
Predictors

Method
Criteria

n Classical Robust Db4 Coif4 Sym4 Dmey

RMSE 0.1567 0.1553 0.0769 0.0663 0.0702 0.0728
MAE 50 0.1233 0.1227 0.0618 0.0544 0.0569 0.0604
R2 0.7009 0.7064 0.9177 0.9374 0.9323 0.9259
RMSE 0.1454 0.1448 0.0741 0.0679 0.0701 0.0728
MAE 100 0.1134 0.1132 0.0594 0.0553 0.0565 0.0595
R2 0.7442 0.7462 0.9293 0.9401 0.9369 0.9318
RMSE 0.1379 0.1377 0.0714 0.0685 0.0694 0.0699
MAE 200 0.1078 0.1076 0.0569 0.0550 0.0553 0.0564
R2 0.7703 0.7710 0.9367 0.9416 0.9403 0.9392
RMSE 0.1353 0.1352 0.0713 0.0688 0.0691 0.0697
MAE 300 0.1059 0.1057 0.0566 0.0550 0.0550 0.0558
R2 0.7790 0.7794 0.9374 0.9417 0.9412 0.9401

Table 4. Average Simulation Results for Classical, Robust, and Wavelet-Enhanced Beta Regression Models with Three
Predictors

Method
Criteria

n Classical Robust Db4 Coif4 Sym4 Dmey

RMSE 0.1529 0.1510 0.0746 0.0655 0.0688 0.0718
MAE 50 0.1199 0.1186 0.0601 0.0538 0.0556 0.0592
R2 0.7094 0.7162 0.9212 0.9379 0.9327 0.9271
RMSE 0.1429 0.1422 0.0733 0.0680 0.0698 0.0721
MAE 100 0.1113 0.1108 0.0584 0.0550 0.0560 0.0586
R2 0.7487 0.7512 0.9296 0.9392 0.9364 0.9319
RMSE 0.1363 0.1360 0.0710 0.0678 0.0688 0.0697
MAE 200 0.1064 0.1060 0.0564 0.0545 0.0550 0.0562
R2 0.7710 0.7720 0.9361 0.9414 0.9397 0.9380
RMSE 0.1336 0.1334 0.0704 0.0682 0.0683 0.0690
MAE 300 0.1045 0.1041 0.0561 0.0548 0.0545 0.0554
R2 0.7806 0.7812 0.9377 0.9415 0.9415 0.9401

which gives RMSE = 0.1326 and R2 = 0.6116. These results show the increased accuracy and explanatory power
of wavelet filtering in the simpler model case.
The trend of the models of the wavelets to be better than the classical and robust methods has been maintained with
two predictors. Although the overall values of RMSE and MAE slightly rise as the complexity of model is added,
the use of a wavelet models has a definite upper hand. To illustrate, Coif4 has produced an RMSE of 0.0688 andR2

of 0.9417 at n = 300 in comparison to RMSE of 0.1352 and R2 of 0.7794 of the classical model. This shows that
the wavelet models have the ability to successfully manage higher levels of dimensionality without compromising
performance.
When extended to three predictors, wavelet-enhanced models continue to lead in performance metrics despite the
increasing challenge of model complexity. At n = 300, Coif4 achieves RMSE = 0.0682, MAE = 0.0548, and R2

= 0.9415, while the classical model shows RMSE = 0.1334, MAE = 0.1041, and R2 = 0.7812. This sustained
performance highlights the robustness and scalability of wavelet-based enhancement for Beta regression modeling
in multi-response.
Table 1 presents the results of the first simulation with the complete dataset of any size and number of predictors
in order to have a point of reference. It demonstrates that wavelet-enhanced models have a huge improvement over
classical and robust Beta regressions, and Coif4 and Sym4 filters show the best R2 values of about 89, compared
to about 60 with classical models. This preliminary evidence agrees with the detailed simulation findings of Tables
2-4.
Wavelet improvement is always effective to increase model accuracy: In every condition, wavelet-enhanced Beta
regressions would report less RMSE and MAE values and larger R2 than both classical MLE and robust Huber
models.
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Sym4 and Coif4 of wavelet filters are especially successful: These filters make repeated optimal tradeoffs between
reduction of error and the best fit to the model.
The improvement in performance as size and model complexity grows: the relative improvements are stronger
when wavelet models have more predictors and the sample size is larger, which is a characteristic of the wavelet
models to extract meaningful data and reduce noise in the complex forms of data.
Robust regression alone improves moderately: While robust Beta regression using Huber loss yields modest gains
over classical MLE, it does not approach the level of improvement seen with wavelet enhancement.

3.2. Real Data Application

This is important because the study of body composition has gained relevance in recent years, being highly related
to public health as well as fundamental for early clinical diagnosis and treatment of the obesity epidemic and
associated chronic diseases like cardiovascular diseases and type 2 diabetes. While many methods exist to assess
body composition, body fat percentage is an important biomarker commonly used by researchers and health care
professionals to inform assessments of health status. An increasing amount of research demonstrates higher body
fatness and strong association with many adverse health conditions.
As a resource for continuing health surveillance and risk assessment, several more recent data sets have been
developed with more detailed anthropometric and demographic measurements. A significant dataset in this regard
is the Body Composition Dataset from 2023 [5], João Da Silva on the Kaggle platform. This dataset has information
on contemporary and complete body fat percentages as well as other relevant explanatory variables, including age
and body weight, derived from a heterogeneous sample of subjects. This dataset is rich and up to date, thus it
is very well suited to form the basis for the development of more sophisticated statistics as well as for a deeper
understanding of the distribution of fat across populations.
The uniqueness of this data is the fact that it can be analyzed using modern analytical models. And that is on top
of the fact that the body fat percentage is a continuous variable that assumes values within the range of 0 to 1
and this is consistent with Beta Regression assumptions. These kinds of models suit data that are proportions and
are flexible enough to capture the non-linear and heteroscedastic relationship that are common with many health
measures. In addition, more advanced modeling techniques can be used due to the quality of the dataset and its
resolution such as wavelet-based denoising techniques which separate the signal and the noise resulting in better
estimation.
Thus, this work uses the recently released 2023 Body Composition Dataset to implement and test three different
ways of modeling the data: Eq. (1) classical Maximum Likelihood (ML) Beta Regression, Eq. (2) a robust ML Beta
Regression analysis that uses Huber loss to reduce the influence of outliers, and Eq. (3) Beta Regression based on
wavelet analysis that incorporates signal processing techniques to enhance the prediction of outcomes even more.
By applying them to a specific health-related dataset, the intention is to evaluate how well each of these approaches
can perform predictions as well as models, providing information about their efficacy in terms of finding the actual
model of a real health dataset.

Figure 2. Each panel represents a prediction curve obtained from one of the six Beta regression models

Figure 2 shows the last 100 observed Body Composition 2023 data set’s performance of six Beta Regression
Models’ body fat percentage predictions. The models are as follows: Classical Beta Regression based on MLE,
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Robust Beta Regression, and Robust Beta Regression plus wavelet denoising employing the following wavelet
filters: Db4, Coif4, Sym4, and Dmey.
The top-left plot illustrates the predictions of the classical MLE-based Beta regression. It shows high volatility
in the predicted values (red line) relative to the actual data points (blue circles), suggesting poor model fit and
instability in the presence of noise or possible outliers.
The top-middle plot presents the robust Beta regression model using Huber loss. Although it shows a small step
forward in its ability to trace the overall trend as compared with the classical model, it, nevertheless, has pronounced
fluctuations and is also restricted in terms of reflecting the smooth underlying structure of data. Both models have
the tendency to overfit local variations without quite generalizing the trend.
The other four plots (bottom row and top-right) demonstrate the outcomes of the sturdy Beta regression models
that were supplemented with the wavelet-based denoising with Db4, Coif4, Sym4 and Dmey filters. In these
visualizations:

1. The denoised signal (magenta line) is the data which corresponds to the percentage of body fat that is cleaned.
2. The resultant predicted value (bluish line) closely attribute to the denoised signal and appears to exhibit a

much better-behaved and smoother behaviour.
3. The models created with the help of the wavelet are all superior to the classical and robust ones in the way

they capture the structural trend in the data. Notably:
4. Coif4 and Sym4 are particularly smooth and accurate in prediction with the predicted line matching the

denoised signal at the zero oscillations minimize.
5. Db4 and Dmey also are very much better than no-wavelet methods, but seem to be a little more sensitive to

local variations than Coif4 and Sym4.

The results indicate that it is possible to effectively use the combination of powerful statistical modeling and
wavelet-based denoising. The wavelet-enhanced models eliminate noise, as well as, maintain the key characteristics
of the data hence better generalization and readability.

Figure 3. The boxplots highlight the differences in residual variability and outlier influence across the models

Figure 3 shows that values in the body fat percentage data have outliers and their effects because they are observed
in the various regression models used in this research. The behavior and influence of these outliers is important in
examining the strength and accuracy of predictive models particularly when dealing with real-life health statistics
that usually do not follow the perfect assumptions of statistics.
The residual analysis showed that there were potential outliers when the actual values differed considerably
with the predicted values. Such points are beyond the expected range of variation for the model and have an
excessive influence on model parameters. The classical Beta regression model was very sensitive to these types of
phenomena, as its fitted line was wildly undulated, indicating that the model assumed violated assumptions, such
as the presence of non-normal noise or outliers.
The traditional Maximum Likelihood-based Beta regression was very susceptible to outliers. The prediction curves
were very wiggly, as the model was very responsive to noise in the area, and it didn’t represent the actual underlying
structure of the data. Indeed, this is one important drawback of traditional MLE-type procedures that assume
homoscedasticity and a lack of robustness to outlier contamination. As a result, the extreme values are over-fitted
by the model and its generalization capabilities are decreased.
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The robust Beta regression model using the Huber loss function was more resilient, but. Downweighing the
influence of outliers, instead of removing them, allowed this method to be closer to the center trend. While some
noise remained, it was at a much lower level of deviation, thus illustrating the value of robust methods in stabilizing
the model. However, while helpful, the robust approach alone was insufficient to fully suppress the erratic behavior
caused by embedded data noise.
Beta regression wavelet-augmented models had much better results with outliers. By denoising the signal with
DWT prior to estimating model, these models could remove high frequency noise without affecting the structural
features of original signal. As a result, the amounts, and the intensities of observed outliers diminished in great
numbers and the prediction lines became more regular and smoother.
This thus implies that much that appeared to be behavior not towards the mean at first was driven by short term
noise and not by underlying distribution outliers. Wavelet filtering allowed these distortions to be eliminated and
provided more understandable and sensible forecasts.
Wavelet denoising is, statistically, a frequency filter which eliminates the high-frequency components that are
common to random noise but preserves the low-frequency components that represent useful trends. This breaks
down enables the model to pay attention to the underlying signal of the data that diminishes the influence of the
spurious variations. This is not, in fact, merely the removal of the outliers; it puts them back in context by blurring
their effect to bring it much more in line with the overall structural trend of the data set.
The comparative analysis concludes that Classical models are most prone to outlier distortion and this results in
low predictive accuracy. Model resilience to this effect is partly achieved through the decrease in leverage of the
extreme points. Compared to all other robust models, wavelet-enforced robust models provide the most robust
solution, which removes noise in the data but also absorbs the impact of outliers without compromising the quality
of the data. These observations support the effectiveness of integrating powerful statistical procedures and signal
processing strategies to generate more powerful, interpretive, and general models in health data analysis.

Table 5. Performance of Beta Regression Models on the Last 100 Observations of the Body Composition Dataset

Method
Criteria

Classical Robust Db4 Coif4 Sym4 Dmey

RMSE 0.0417 0.0788 0.0370 0.0365 0.0362 0.0364
MAE 0.0345 0.0653 0.0310 0.0307 0.0304 0.0306
R2 35.88% 29.42% 49.37% 50.76% 51.7% 51%

The R2 values in the real-data application are notably lower than in the simulation experiments. This is primarily
due to the higher noise levels and weaker underlying structural relationships present in the Body Composition
dataset, which naturally limit the explanatory power of all fitted models.
The following table gives the Root Mean square error (RMSE), Mean Absolute Error (MAE), and Coefficient
of Determination (R2) of the six Beta regression models of the last 100 observations of body fat percentage of
the Body Composition 2023 dataset. Models that are compared are the Classical and the Robust estimators and
four wavelet models that are based on Db4, Coif4, Sym4 and Dmey wavelet families. The findings show that the
wavelet-based models have the highest performance in all the performance measures with the highest R2 of 51.70
and lowest errors of the Sym4 model.
All analyses were performed using MATLAB . The classical and robust Beta regression models were estimated
using the fminsearch function, while all DWT procedures were conducted using the Wavelet Toolbox functions for
multilevel decomposition, threshold selection, and signal reconstruction.

3.3. Limitations

Although wavelet-enhanced Beta regression models demonstrated great improvements, several limitations should
be acknowledged. The performance is sensitive to the choice of wavelet family and thresholding method, and
over-smoothing may occur, potentially removing meaningful high-frequency structure. Wavelet preprocessing also
increases computational cost, especially in large-scale simulations. Moreover, in low-noise or very small datasets,
wavelet denoising may not provide substantial benefits. These considerations should guide practitioners in selecting
appropriate modeling strategies.
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4. Conclusion

This paper introduced a new regression-based outlier detection technique that incorporates discrete wavelet
transform (DWT) methods—specifically the Daubechies, Coiflets, Symlets, and Dmey wavelet families—into both
robust and classical estimation frameworks. The primary objective was to enhance the quality and stability of
multivariate linear regression models, particularly in situations where outliers and noise may obscure underlying
patterns.

From the experimental analysis, the following main conclusions were drawn:
Wavelet-based filtering improves accuracy.
Integrating Dmey and Db4 wavelet transforms into the regression models led to higher predictive accuracy.

Across all evaluation metrics (RMSE, MAE, and R2), the wavelet-based models outperformed both the classical
and robust regression approaches. For instance, the best-performing model, using Dmey, achieved the lowest RMSE
and MAE values (0.0364 and 0.0311, respectively) and the highest R2 value (0.8777), indicating that it provides
more reliable predictions of the dependent variable.

Classical vs. robust methods.
While robust regression offered some improvement over the classical model by mitigating the effect of outliers, it

still fell short of the performance of wavelet-based models. The findings suggest that robust techniques can dampen
the influence of extreme observations on the fit but may not be sufficiently effective in eliminating high-frequency
noise or other irregular structures in the data, which wavelet transforms are particularly adept at capturing.

Superior performance of Dmey and Sym4.
Within the examined wavelet families, Dmey and Sym4 produced the strongest results. These wavelets achieved

lower prediction errors and better goodness-of-fit metrics compared with Db4 and Coif4. This emphasizes the
importance of carefully selecting wavelet functions that align with the characteristics of the underlying data signal.

Outlier detection capability.
As illustrated in Figure 3, outliers were more clearly identified and separated in the wavelet-based models than in

the classical approaches, based on visual inspection. This highlights an additional advantage of incorporating DWT
into regression analysis: beyond improving model fit, it enhances the accurate detection of anomalous observations
that could compromise sound decision-making.

Implications for applied modeling.
These findings are especially relevant in domains where data quality may be degraded by noise or hidden outliers,

such as medicine, finance, and engineering. The proposed hybrid models provide a practical and powerful means of
improving model reliability, reducing prediction error, and detecting influential observations that might otherwise
mislead standard regression analyses.

In conclusion, the study demonstrates the value of using discrete wavelet transform as a preprocessing step in
regression modeling. Combining wavelet methods with classical estimation techniques yields models that are both
more accurate and more robust, making this approach a promising avenue for contemporary statistical modeling
and outlier detection.
Wavelet preprocessing introduces additional computational cost compared with classical and robust estimation.
However, the improved predictive accuracy and noise reduction observed across all simulation scenarios
demonstrate that this cost is acceptable in practical applications.
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