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• Gaussian scale mixture modeling can 

capture non-Gaussianity in RR intervals.

• RR intervals show non-Gaussian distri­

butions with heavy tails and varying 

variance.

• Non-Gaussianity in RR intervals differs 

between age groups and health condi­

tions.

• Evaluating non-Gaussianity in RR inter­

vals helps identify a cardiovascular dis­

ease.
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a b s t r a c t

The time interval between two consecutive R-peaks in an electrocardiography signal is called the 

RR interval (RRI), and its non-Gaussianity is a valuable marker for assessing cardiovascular disease 

risk. While RRI non-Gaussianity can be quantified by fitting probability distributions, the selection 

of an appropriate distribution remains challenging. Although Gaussian scale mixture representa­

tion has proven effective for analyzing non-Gaussianity in various biological signals, its application 

to RRIs has not been explored. This paper examines the application of Gaussian scale mixture 

representation for quantifying these non-Gaussian characteristics in RRI data. Using open RRI 

databases from participants of different ages and with various cardiovascular diseases, we demon­

strated that this representation, particularly using the Student’s 𝑡-distribution, provides better 

characterization of RRI distributions compared to conventional Gaussian and stable distributions. 

The non-Gaussianity indices derived from this approach, when combined with conventional heart 

rate variability measures, improved the classification of cardiovascular diseases such as congestive 
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heart failure and hypertension, achieving an average area under the receiver operating charac­

teristic curve of 0.835 across multiple classifiers. These findings establish Gaussian scale mixture 

representation as an effective framework for quantifying RRI non-Gaussianity, offering potential 

improvements in cardiovascular risk assessment.

1 . Introduction

The autonomic nervous system involuntarily controls vital functions such as circulation, respiration, and body temperature. 

Electrical signals generated in the sinus node and regulated by the cardiac nerves are transmitted to the atrioventricular node and 

Purkinje fibers, contracting the myocardium of the atria and ventricles. This electrical activity, controlled by the autonomic nervous 

system, can be measured using electrocardiography (ECG) [1]. The time interval between two consecutive R-peaks in the ECG signal 

is called the RR interval (RRI) [2].

Heart rate variability (HRV) is a method to quantify and characterize RRI fluctuations [3]. Traditional HRV analysis employs both 

time-domain and frequency-domain methods to assess autonomic nervous system activity. Time-domain indices characterize the 

magnitude of variability, exemplified by overall RRI and the fluctuations between consecutive RRIs. Frequency-domain indices focus 

on variations within specific frequency bands to characterize the influences of various parts of the autonomic nervous system [4–

6]. However, these conventional measures focus primarily on the magnitude of variations, while the statistical properties of the 

fluctuations themselves may contain additional information.

The amplitude distribution of RRI often deviates from Gaussian distribution, exhibiting heavier tails and more peaked centers [7–

10]. These non-Gaussian characteristics reflect the statistical properties of RRI fluctuations that are not fully captured by conventional 

HRV measures. While time-domain and frequency-domain analyses characterize different aspects of cardiac regulation, such as beat-

to-beat variability and specific physiological rhythms, the shape of the amplitude distribution may provide insights into how these 

regulatory mechanisms manifest in RRI variations. This perspective has motivated investigations into the non-Gaussian nature of RRI 

distributions.

Various approaches have been developed to analyze these non-Gaussian characteristics, including studies of differences between 

consecutive RRIs [7], the logarithms of the differences between consecutive RRIs [8], and the detrended RRIs [9,10]. Through 

these investigations, non-Gaussianity of the amplitude distribution of RRI has emerged as a promising approach for cardiovascular 

risk assessment [9]. Notably, increased non-Gaussianity in RRI data has been associated with higher mortality risk in patients with 

congestive heart failure [9,11] and acute myocardial infarction [12,13]. While these findings highlight the clinical significance of RRI 

non-Gaussianity, its accurate quantification remains challenging. Stable distributions (Lévy stable distributions) have been empirically 

applied to model such characteristics [7,8,14]. Markov models have also been utilized in HRV analysis to capture dynamic transitions 

in autonomic regulation [15]. However, identifying suitable probability distributions for accurately representing RRI non-Gaussianity 

remains an important methodological challenge.

To investigate RRI non-Gaussianity, we explore the Gaussian scale mixture representation as a potential framework for modeling 

heavy-tailed distributions. This approach represents the RRI distribution as a combination of Gaussian distributions with varying 

scales [16,17], considering the observation that RRI variability shows temporal changes. The framework suggests possible rela­

tionships between variance fluctuations and heavy-tailed distributions, which may be relevant to RRI analysis given the known 

multiple time scales of autonomic control mechanisms. This mathematical framework offers a quantitative approach to analyze how 

variance changes relate to the underlying RRI dynamics, potentially providing new insights into cardiovascular regulation. While 

this approach has been applied to analyze non-Gaussian patterns in other biological signals, particularly in electromyography and 

electroencephalography [18–20], the potential of this approach for RRI data analysis has not been investigated.

Given this background, we propose a method to evaluate RRI non-Gaussianity based on a Gaussian scale mixture representation. 

The proposed RRI analysis evaluates RRI amplitude information by modeling the RRI signal through a Gaussian distribution whose 

variance is treated as a random variable determined by a latent variable. This study focuses on the shape of the amplitude distribu­

tion of specific frequency bands in RRI and evaluates non-Gaussianity using a Gaussian scale mixture representation that assumes 

symmetry.

We conducted comprehensive evaluations of this approach using three complementary analyses: (1) evaluation of the goodness 

of fit using open source RRI databases, (2) examination of robustness against artificial ectopic beats, and (3) validation of clinical 

utility through cardiovascular disease detection. Through these analyses, we examined the potential of the Gaussian scale mixture 

representation as a framework for understanding RRI non-Gaussianity and its clinical applications.

2 . Materials and methods

2.1 . Gaussian scale mixture representation for RRI modeling

Fig. 1 illustrates the structure of our approach using a graphical model, where white nodes denote random variables and black 

nodes indicate estimated parameters. In this framework, we model the RRI signal 𝑥 ∈ R+ as a random variable following a Gaussian 

distribution with mean 𝜇 ∈ R+. The variance of the RRI signal is characterized as a random variable, determined by both the scale 

parameter 𝜎2 ∈ R+ of the Gaussian distribution and the latent variable 𝑢 ∈ R+ with parameter 𝜃. We estimate the parameter 𝜃 of 

the variance distribution using maximum likelihood estimation based on the measured RRI signal. By appropriately estimating the 

probability distribution of the latent variable 𝑢, our model can explicitly capture the randomness of the variance.
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Fig. 1. Schematic overview of the Gaussian scale mixture representation for RRI modeling.

The RRI signal 𝑥 can be formally expressed using a Gaussian scale mixture representation as follows: 

𝑝(𝑥) = ∫ N (𝑥 ∣ 𝜇, 𝑢𝜎2)𝑝(𝑢)𝑑𝑢, (1)

where N (𝑥 ∣ 𝑚, 𝑠) is a Gaussian distribution with a mean of 𝑚 and variance of 𝑠. In Eq. (1), the variance of the RRI distribution is 

modulated by the product of latent variable 𝑢 and scale parameter 𝜎2. This modulation, driven by the randomness of 𝑢, introduces 

variation in the Gaussian distribution’s variance. Consequently, marginal distribution 𝑝(𝑥) over 𝑢 is a non-Gaussian distribution with 

a heavy tail. As a result, the marginal distribution 𝑝(𝑥) obtained by integrating over 𝑢 yields a non-Gaussian distribution characterized 

by heavy tails.

We focus on two specific cases of Gaussian scale mixture representations with closed-form solutions: Student’s 𝑡-distribution and 

the generalized Gaussian distribution.

Student’s 𝑡-distribution: Setting the inverse gamma distribution 

𝑝(𝑢; 𝜈) = IG

(

𝑢
|

|

|

|

𝜈
2
, 𝜈
2

)

(2)

as the distribution of the latent variable 𝑢 yields a Student’s 𝑡-distribution [21] with 𝜈 degrees of freedom. Here, IG(𝑎, 𝑏) represents 

the probability density function of the inverse gamma distribution with shape parameter 𝑎 and scale parameter 𝑏. The probability 

density function is given in Eq. (3): 

IG(𝑢; 𝑎, 𝑏) = 𝑏𝑎

Γ(𝑎)
𝑢−𝑎−1exp

(

− 𝑏
𝑢

)

, (3)

where Γ(⋅) denotes the gamma function. Substituting Eq. (2) into Eq. (1) and marginalizing 𝑢, the scaled mixture expression is 

attributed to the Student’s 𝑡-distribution as follows: 

𝑝(𝑥;𝜇, 𝜎𝑡, 𝜈) =
Γ
(

𝜈+1
2

)

√

𝜈𝜋𝜎2𝑡 Γ
(

𝜈
2

)

[

1 +
(𝑥 − 𝜇)2

𝜈𝜎2𝑡

]− 𝜈+1
2

, (4)

where 𝜎𝑡 is the scale parameter.

In this study, the inverse of the degrees of freedom, 1∕𝜈, is computed to handle the parameters more intuitively. As Student’s 

𝑡-distribution described in Eq. (4), approaches a Gaussian distribution, the inverse of the degrees of freedom 1∕𝜈 approaches 0. 

Therefore, 1∕𝜈 can be used to evaluate the non-Gaussian nature of RRI data.

Generalized Gaussian distribution: Setting the distribution 

𝑝(𝑢; 𝛼) =
𝛼
√

2𝜋
4Γ(1∕𝛼)

𝑢−
3
2 S+

𝛼∕2

( 1
2
𝑢−1

)

(5)

as the distribution of latent variable 𝑢 yields a generalized Gaussian distribution [17] with shape parameter 𝛼. Here, S+
𝛼∕2(⋅) is a positive 

(one-sided) 𝛼 stable distribution with stability parameter 𝛼∕2. The probability density function of a positive 𝛼 stable distribution cannot 

be expressed in closed form [22]. Substituting Eq. (5) into Eq. (1) and marginalizing it for 𝑢, the Gaussian scale mixture representation 
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is attributed to a generalized Gaussian distribution [23,24] as follows: 

𝑝(𝑥;𝜇, 𝜎𝐺𝐺𝐷, 𝛼) =
𝛼

2𝜎𝐺𝐺𝐷Γ(1∕𝛼)
exp

(

−
|𝑥 − 𝜇|
𝜎𝐺𝐺𝐷

𝛼)

, (6)

where 𝜎𝐺𝐺𝐷 is the scale parameter. The generalized Gaussian distribution described in Eq. (6) is consistent with a Gaussian distribution 

when stability parameter 𝛼 = 2 and with a Laplace distribution when stability parameter 𝛼 = 1. Therefore, 𝛼 can be used to evaluate 

the non-Gaussianity of RRI data. This study also computed the inverse of 𝛼, that is, 1∕𝛼, to handle the parameters more intuitively.

2.2 . Database

To evaluate our method across diverse subject characteristics, we utilized six PhysioNet databases (labeled as Databases A-F):

• Database A: Normal Sinus Rhythm RR Interval Database [25].

• Database B: MIT-BIH Normal Sinus Rhythm Database [25].

• Database C: RR interval time series from healthy subjects [25–27].

• Database D: Congestive Heart Failure RR Interval Database [25].

• Database E: BIDMC Congestive Heart Failure Database [25,28].

• Database F: Smart Health for Assessing the Risk of Events via the ECG Database [25,29].

Detailed characteristics of these databases are summarized in Table 1. From each recording, we extracted RRI data for 18 h, 

beginning 5 min after the start of recording. To ensure data quality, we excluded recordings that contained either consecutive missing 

intervals exceeding 5 min or had a total length of less than 18 h due to measurement errors or missing values. The complete data 

screening process is illustrated in Fig. 2.

Based on the cardiovascular disease and age of the subjects, they were classified into three groups: an adult control group with 

no cardiovascular disease (> 20 years old); an infant group with no cardiovascular disease (< 1 year old); and an adult patient group 

with cardiovascular disease (> 20 years old). As a result, there were 67 data points in the adult control group, 65 in the infant group, 

and 146 in the adult patient group.

Table 1

Demographic and clinical characteristics of study participants.

Database A B C D E F

Number of data 54 18 147 29 15 139

Sex (male/female/unknown) 30/24/0 5/13/0 72/67/8 8/2/21 11/4/0 90/49/0

Age (years) 28.5–76 26–50 0.083–55 34–79 22–71 72–77

ECG sampling rate (Hz) 128 128 128 128 250 128

Cardiovascular disease None None None Congestive heart failure Congestive heart failure Hypertension

Fig. 2. Flow diagram of the data screening process.
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2.3 . Preprocessing

Based on previous findings that RRI non-Gaussianity characteristics vary across frequency bands [9], we analyzed the RRI signal 

separately in LF and HF bands. The frequency bands were determined based on previous studies, with LF set to 0.04–0.15 Hz and 

HF set to 0.15–0.40 Hz [3]. This frequency-specific analysis is particularly important as the behavior of the latent variable in the 

Gaussian scale mixture representation may differ between frequency bands.

The preprocessing of 𝑁  instances of RRI data 𝐫 = {𝑟𝑖}
𝑁
𝑖=1 consisted of several steps. First, to exclude RRIs not associated with 

normal sinus rhythm, we removed outliers based on the interquartile range (IQR): RRIs outside the range [Q1− 1.5IQR,Q3+ 1.5IQR]
were excluded. We then applied a linear resampling process at 4 Hz to the outlier removed RRI data, followed by a fifth-order 

digital Butterworth filter to separate the LF and HF components. The cutoff frequencies were set to 0.04–0.15 Hz for the LF band 

and 0.15–0.40 Hz for the HF band, and we applied the filter in both forward and reverse directions to eliminate phase distortion 

(zero-phase filtering).

The filtered RRI data were standardized to zero mean and unit variance, denoted as sRRI. We distinguish these standardized 

signals as “sRRI (LF band),” and “sRRI (HF band)” for their respective frequency bands. Using maximum likelihood estimation, we 

fitted these sRRI data to both Student’s 𝑡-distribution and generalized Gaussian distribution. The non-Gaussianity of each frequency 

band was characterized by two parameters: 1∕𝜈 and 𝜎𝑡 for the Student’s 𝑡-distribution, and 1∕𝛼 and 𝜎𝐺𝐺𝐷 for the generalized Gaussian 

distribution.

2.4 . Experimental procedures

2.4.1 . Goodness-of-fit of Gaussian scale mixture representation for RRI data

We evaluated the goodness-of-fit of both Student’s 𝑡-distribution and generalized Gaussian distribution by fitting them to the sRRI 

data (both LF and HF bands) from all groups. The RRI length (𝑤𝑅𝑅𝐼 ) was set to 18 h to capture the characteristics of long-term RRI 

distributions. For comparison, we also fitted Gaussian, Laplace, Cauchy, and Lévy stable distributions as baseline models.

The goodness-of-fit was quantified using the Euclidean distance (𝐿2 norm) between the fitted probability distribution and the 

empirical distribution of the sRRI data. Given a fitted probability distribution 𝑝(𝑥) and an empirical sRRI distribution 𝑞(𝑥), the 𝐿2

norm was calculated as: 

𝑑2(𝑝(𝑧𝑖), 𝑞(𝑧𝑖)) =

√

√

√

√

100
∑

𝑖=1
(𝑝(𝑧𝑖) − 𝑞(𝑧𝑖))

2, (7)

where 𝑧𝑖 is defined as follows: 

𝑧𝑖 = 𝑥min +
𝑛(𝑥max − 𝑥min)

100
. (8)

Here, 𝑥max is the maximum value of 𝑥 and 𝑥min is the minimum value of 𝑥. We compared the goodness-of-fit among different probability 

distributions using Wilcoxon signed-rank test of the 𝐿2 norms calculated according to Eqs. (7) and (8).

To examine how the length of the RRI data affects the model’s performance, we analyzed the relationship between 𝑤𝑅𝑅𝐼  and both 

the 𝐿2 norm and non-Gaussianity indices. We progressively reduced 𝑤𝑅𝑅𝐼  from 18 h to 5 min. For 𝑤𝑅𝑅𝐼  less than 9 h, we extracted 

multiple non-overlapping segments from the original 18-h dataset (e.g., two 9-h segments for 𝑤𝑅𝑅𝐼  = 9 h).

2.4.2 . Robustness of RRI non-Gaussianity indices

To assess the robustness of our non-Gaussianity indices, we examined their sensitivity to artificial ectopic beats. We quantified 

the changes in these indices by comparing their values before and after introducing artificial ectopic beats into the RRI data.

The artificial ectopic beats were inserted at a rate of 𝑧% using the following procedure. We first generated an indicator array 

𝐬 = {𝑠𝑖}
𝑁
𝑖=1 of length 𝑁  (matching the RRI signal length) with all elements initially set to 0. We then randomly selected ⌊𝑁𝑧∕200⌋

elements, ensuring that no adjacent samples were chosen and assigned 1 or −1 with equal probability.

The modified RRI signal 𝐫̂ = {𝑟̂𝑖}
𝑁
𝑖=1 was computed as: 

𝑟̂𝑖 =

⎧

⎪

⎨

⎪

⎩

𝑟𝑖 𝑠𝑖 = 0
1.25𝑟𝑖 𝑠𝑖 = 1
0.75𝑟𝑖 𝑠𝑖 = −1.

(9)

To ensure that artificially altered RRI values according to Eq. (9) do not propagate to subsequent intervals, modifications were 

redistributed to the following RRI. Specifically, when the RRI at time 𝑖 was increased by 1.25 times or reduced to 0.75 times its 

original value, the corresponding adjustment was subtracted from the subsequent RRI at 𝑖 + 1. This modification better aligns with 

physiological mechanisms and prevents unrealistic distortions in the RRI sequence.

We evaluated the robustness by comparing the non-Gaussianity indices calculated from both the original (𝑟𝑖) and modified (𝑟̂𝑖) RRI 

signals. The ectopic beats were designed to create 25% variations in RRI samples, with insertion rates of 0.1%, 0.5%, and 1.0%. For 

comparison, we also calculated conventional frequency indices (LF and HF) [3]. These frequency indices were computed by applying 

a Hanning window to the resampled RRIs and calculating the power spectral density using Welch’s method [30]. The Wilcoxon 

signed-rank test was used to compare the absolute percentage changes in each index following ectopic beat insertion.
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Fig. 3. Representative examples of the sRRI waveform, sRRI histogram, and established distribution. (a) LF band. (b) HF band. Each row shows results for an adult 

control (left), infant (middle), and adult patient (right). The 𝐿2 norm of the fitted probability distribution is shown in the upper left corner of each histogram.
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2.4.3 . Ability of non-Gaussianity indices to identify cardiovascular disease

We analyzed the diagnostic potential of non-Gaussianity indices by setting 𝑤𝑅𝑅𝐼  to 18 h and examining their ability to distinguish 

between different subject groups. The analysis consisted of two parts: a comparison among three groups (adult control, infant, and 

adult patient groups) and a binary classification between adult control and patient groups.

For the three-group comparison, we used the Brunner-Munzel test [31], a rank-based method suitable for non-normally distributed 

data. We then focused on the binary classification between adult control and patient groups, evaluating three different feature sets:

• Conventional-set includes the three conventional indices [3] as the average of the RRIs, the standard deviation of the RRIs, and 

LF/HF.

• t-set consists of the non-Gaussianity indices obtained by fitting with Student’s 𝑡-distribution, i.e., {1∕𝜈, 𝜎𝑡} for both LF and HF 

bands.

• GGD-set consists of the non-Gaussianity indices obtained by fitting with a generalized Gaussian distribution, i.e., {1∕𝛼, 𝜎𝐺𝐺𝐷}
for both LF and HF bands.

To investigate the relationships between the input features, we calculated the correlation coefficients between the non-Gaussianity 

indices (t-set) and conventional HRV indices (Conventional-set).

The classification analysis employed four different models: linear discriminant analysis (LDA), logistic regression (LR), support 

vector machine (SVM), and random forest (RF). Using stratified 5-fold cross-validation to maintain class distributions, we split the 

dataset into training and test sets in a 4:1 ratio. Both the training and test data were standardized using the mean and standard 

deviation computed from the training data. To optimize model hyperparameters, the training data was further divided in a 3:1 ratio 

into training and validation sets, again using stratified 4-fold cross-validation.

Classification performance was evaluated using the area under the receiver operating characteristic curve (AUC) [32]. The hy­

perparameters were optimized through a random search over 500 iterations to maximize the validation set AUC. To ensure robust 

evaluation, we repeated this process 10 times with different random seeds and reported the average AUC across these iterations for 

each model.

2.5 . Statistical analysis and software

For multiple group comparisons, we adjusted the significance level using the Holm method, with the base significance level set 

at 5%. Statistical analyses were performed using SciPy [33]. We used SciPy to fit the Student’s 𝑡-distribution, generalized Gaussian 

distribution, Laplace distribution, Cauchy distribution, and Gaussian distribution, while Lévy stable distributions were fitted using 

Pylevy [34]. For analyses with 𝑤𝑅𝑅𝐼  less than 18 h, we included only those cases where Pylevy’s parameter optimization successfully 

converged for all distributions. The classification analyses were implemented using scikit-learn [35].

3 . Results

3.1 . Goodness-of-fit of a Gaussian scale mixture representation for RRI data

Fig. 3(a) and (b) present representative examples of sRRI waveforms, their corresponding histograms, and fitted distributions in 

the LF and HF bands, respectively. Notable sudden changes in variance were observed in both LF and HF bands for adult patients 

and in the LF band for infants, suggesting enhanced non-Gaussian characteristics in these distributions.

Fig. 4(a) and (b) compare the 𝐿2 norm across different distributions in the LF and HF bands of 18-h sRRI (𝑤𝑅𝑅𝐼  = 18 h), 

respectively. Among all tested distributions, the Student’s 𝑡-distribution exhibited the lowest 𝐿2 norm, indicating the best fit, while 

the Gaussian distribution showed the highest 𝐿2 norm, suggesting the poorest fit. The 𝐿2 norm of the generalized Gaussian distribution 

was significantly lower than that of the Lévy stable, Laplace, Cauchy, and Gaussian distributions for the LF band.

Fig. 4. Comparison of 𝐿2 norms across probability distributions for 18-h RRI recordings. (a) LF band. (b) HF band.
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Fig. 5. Effect of window length (𝑤𝑅𝑅𝐼 ) on 𝐿2 norms for different probability distributions. (a) LF band. (b) HF band.

Fig. 6. Effects of artificial ectopic beat insertion on the absolute rate of change in specific parameters. (a) LF band. (b) HF band.

Fig. 5(a) and (b) show the relationship between the median 𝐿2 norm and 𝑤𝑅𝑅𝐼  for each probability distribution in the LF and HF 

bands of sRRI, respectively. The median 𝐿2 norm of the Student’s 𝑡-distribution was the lowest, regardless of the value of 𝑤𝑅𝑅𝐼 .

3.2 . Robustness of RRI non-Gaussianity indices

Fig. 6(a) and (b) show the absolute rate of change due to artificial ectopic beats in the LF and HF bands of sRRI, respectively. The 

non-Gaussianity indices calculated by the proposed method had a significantly smaller absolute rate of change than the conventional 

frequency index for the same frequency band. This trend persisted even as the insertion rate of artificial ectopic beats increased from 

0.1% to 1%.
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Fig. 7. Comparison of non-Gaussianity indices among the adult control group, infant group, and adult patient group. (a) LF band. (b) HF band.

3.3 . Ability of non-Gaussianity indices to identify cardiovascular disease

Fig. 7(a) and (b) show the non-Gaussianity indices in the LF and HF bands, respectively, among the adult control group, infant 

group, and adult patient group. Statistical analysis revealed significant differences between the adult patient group and the other 

groups across all parameters, indicating distinctive non-Gaussian characteristics in patients with cardiovascular diseases. Specifically, 

the distribution of both the adult patient group and the infant group exhibited greater non-Gaussianity (1∕𝜈, 1∕𝛼) and narrower width 

(𝜎𝑡, 𝜎𝐺𝐺𝐷) in both the LF and HF bands compared to that of the adult control group. While the adult patient group showed significant 

differences from adult controls in both the LF and HF bands, the infant group showed significant differences from adult controls only 

in the HF band.

The correlation analysis revealed significant relationships between our non-Gaussianity indices and conventional HRV measures 

(Table 2). Specifically, 1∕𝜈 showed moderate positive correlations with RRI standard deviation in both frequency bands (LF: 𝑟 = 0.474, 

HF: 𝑟 = 0.498; 𝑝 < 0.05) and negative correlations with LF/HF ratio (LF: 𝑟 = −0.285, HF: 𝑟 = −0.372; 𝑝 < 0.05). These relationships 

suggest that increased non-Gaussianity is associated with both higher overall variability and reduced sympathovagal balance.

Table 3 reports the AUC of various classifiers in distinguishing an adult control group from an adult patient group based on 

different input features. The addition of our non-Gaussianity indices to conventional indices consistently improved the AUC across all 

classifiers, demonstrating the complementary value of non-Gaussianity measures in distinguishing between control and patient groups. 
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Table 2

The correlation coefficients between the non-Gaussianity indices of Conventional-set and 𝑡-set.

Conventional HRV features 1∕𝜈 (LF band) 1∕𝜈 (HF band) 𝜎𝑡 (LF band) 𝜎𝑡 (HF band)

The average of the RRIs −0.090 −0.128 0.056 0.068

The standard deviation of the RRIs 0.474* 0.498* −0.440* −0.448*

LF/HF −0.285* −0.372* 0.298* 0.372*

* 𝑝 < 0.05

Table 3

Classification performance (AUC) for cardiovascular disease detection using different feature sets and classifiers. Standard 

deviations are in parentheses; bold and underlined values indicate the highest and second-highest AUC, respectively.

Input feature Classifier Average

LDA LR SVM RF

Conventional-set (baseline) 0.717 (0.007) 0.715 (0.018) 0.845 (0.006) 0.853 (0.017) 0.782

𝑡-set 0.664 (0.019) 0.633 (0.029) 0.628 (0.023) 0.625 (0.017) 0.637

GGD-set 0.676 (0.020) 0.628 (0.024) 0.615 (0.036) 0.621 (0.012) 0.635

Conventional & 𝑡-set 0.791 (0.004) 0.774 (0.038) 0.869 (0.027) 0.868 (0.014) 0.825

Conventional & GGD-set 0.789 (0.008) 0.764 (0.028) 0.855 (0.013) 0.866 (0.015) 0.818

Conventional & 𝑡 & GGD-set 0.797 (0.010) 0.821 (0.017) 0.860 (0.020) 0.862 (0.025) 0.835

LDA = linear discriminant analysis; LR = logistic regression; SVM = support vector machine; RF = random forest.

Since classification tasks can be sensitive to class imbalance, we ensured methodological robustness by implementing stratified cross-

validation and AUC metrics. The consistent performance across multiple classifiers suggests that our approach effectively mitigates 

potential biases caused by the uneven distribution of class sizes.

4 . Discussion

This study demonstrates that the Gaussian scale mixture representation provides an effective framework for characterizing RRI 

non-Gaussianity, with several key findings. First, we showed that RRI distributions are consistently non-Gaussian across different 

subject groups. Second, we found that the Student’s 𝑡-distribution, a specific case of Gaussian scale mixture representation, provides 

the best fit for RRI data. Finally, we demonstrated that non-Gaussianity indices derived from this framework can enhance the detection 

of cardiovascular diseases.

The Student’s 𝑡-distribution, generalized Gaussian distribution, and Lévy stable distribution showed superior goodness-of-fit com­

pared to other tested distributions (Figs. 4 and 5). These distributions share an important mathematical property: they include 

simpler distributions as special cases—the Student’s 𝑡-distribution encompasses both Gaussian and Cauchy distributions, the general­

ized Gaussian distribution includes Laplace and Gaussian distributions, and the Lévy stable distribution incorporates both Gaussian 

and Cauchy distributions. This flexibility in distribution shape likely contributes to their better fitting performance. The consistently 

poor fit of the Gaussian distribution across both LF and HF bands provides strong evidence for the non-Gaussian nature of RRI signals.

Among these distributions, the Gaussian scale mixture representation—specifically Student’s 𝑡-distribution and generalized 

Gaussian distribution—demonstrated a better fit to the RRI data than the Lévy stable distribution. The Student’s 𝑡-distribution, in 

particular, achieved the lowest 𝐿2 norm across all conditions (𝑤𝑅𝑅𝐼  and frequency band). This superior performance can be attributed 

to its ability to represent heavy-tailed distributions with infinite kurtosis when the degrees of freedom 𝜈 is less than four. While the 

generalized Gaussian distribution can model both heavier and lighter tails than the Gaussian distribution (depending on whether 𝛼
is less than or greater than two), the absence of lighter-tailed distributions in our RRI data likely explains the better performance of 

the Student’s 𝑡-distribution.

The results indicate that the proposed method’s fitting accuracy decreases significantly when the length of the RRI data is less 

than one hour (Fig. 5). Therefore, to effectively apply the method, it is recommended that RRI data samples be at least one hour 

long to achieve a stable assessment of non-Gaussianity. However, increasing the analysis window size beyond this threshold is not 

necessarily desirable, as it could alter the time scale of the captured physiological phenomena. The appropriate window length should 

be carefully considered based on the specific application.

The proposed non-Gaussianity indices demonstrated greater robustness to artificial ectopic beats compared to conventional fre­

quency indices (LF and HF) (Fig. 6). This difference may be attributed to the distinct nature of these measures: frequency indices 

inherently depend on the temporal sequence of the data, while our non-Gaussianity indices characterize the overall distribution of 

values given a sufficient number of RRI samples. This property makes our approach particularly suitable for long-term RRI analysis, 

where artifacts and ectopic beats are common.

The analysis revealed distinctive non-Gaussian characteristics in both frequency bands across different groups. Particularly notable 

was the pronounced non-Gaussianity in the LF band for patients with cardiovascular conditions (congestive heart failure or hyper­

tension) and in the HF band for both patient and infant groups (Fig. 7). The non-Gaussianity indices showed significant correlations 

with both the standard deviation of RRIs and LF/HF ratio (Table 2). However, the moderate strength of these correlations, combined 

with the improved classification performance when combining conventional and non-Gaussianity indices (Table 3), indicates that 
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our approach provides complementary information beyond traditional HRV measures. These results suggest that non-Gaussianity 

indices capture distinct statistical properties of RRI variations that are not fully characterized by conventional time- and frequency-

domain analyses. While these statistical patterns appear to provide complementary information about RRI dynamics, their precise 

physiological interpretation requires further investigation.

5 . Conclusion and limitations

This study examined the application of Gaussian scale mixture representation for evaluating RRI non-Gaussianity. The Gaussian 

scale mixture representation, particularly using the Student’s 𝑡-distribution, effectively characterizes RRI distributions and outperforms 

conventional models in goodness-of-fit. Our approach enables robust quantification of non-Gaussian characteristics through well-

defined distributional parameters and demonstrates potential utility in cardiovascular disease detection, especially when combined 

with conventional HRV indices. Future studies should focus on investigating intra-individual variations in RRI non-Gaussianity under 

controlled measurement conditions. Such investigations would help validate the clinical applicability of this approach and potentially 

lead to improved cardiovascular risk assessment tools.

Several limitations of this study warrant consideration. First, the proposed method was applied to RRIs from participants with 

heart failure and hypertension, and future studies should explore its generalizability across a wider range of cardiovascular conditions. 

Additionally, analyzing RRIs measured in environments with noise and motion artifacts may lead to non-Gaussian assessments that 

deviate from actual physiological changes. RRI measurements from wearable devices are particularly susceptible to such issues [36]. 

While we employed zero-phase filtering to eliminate phase distortion, the frequency band separation process can still introduce 

amplitude attenuation, particularly at signal edges, which may affect the evaluation of non-Gaussianity.

Second, this study achieved an AUC value of 0.835 for classifying cardiovascular patients, which indicates moderate accuracy [37,

38]. While this represents an improvement over conventional methods, the analysis was conducted using existing databases rather 

than prospectively collected clinical data. Future studies should focus on collecting more controlled data and conducting prospective 

validation to confirm the clinical utility of these non-Gaussian indices.

Third, we evaluated RRI non-Gaussianity using a Gaussian scale mixture representation that assumes symmetry in the ampli­

tude distribution. However, several studies have reported that the distribution of RRI is asymmetrical [39,40]. Moreover, while our 

model captures cardiac activity phenomenologically, it does not explicitly incorporate underlying physiological mechanisms. Future 

work should focus on developing models that can account for both asymmetrical distributions and physiological mechanisms while 

maintaining the analytical advantages of the scale mixture approach.
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