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Table 1  

Participant Characteristics  

 

 

 

 

 

 

 

 

Variable  Total 

n (%) 

   

Age, year, mean (SD)  71.6 (5.04) 

   

Gender, n (%)   

Male  7 (35) 

Female  13 (65) 

   

Race, n (%)   

African American  20 (100) 

   

Education, n (%)   

High School diploma  1 (5) 

Two- year college degree  7 (25 

Four-year college degree  6 (30) 

Master’s degree  6 (30) 

   

Marital Status   

Divorced  5 (25) 

Don’t know  1 (5) 

Living with partner  2 (10) 

Married   5 (25) 

Never married  3 (15) 

Widowed   4 (20) 
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Table 2 

Comparison of Baseline and Post-Intervention Treatment Acceptability and Preference 

(TAP) Scale Measures 

Note. Mean ± standard deviation are presented in the baseline and pre-intervention 

columns. The scale was scored as 0, not at all; 1, somewhat not; 2, neutral ; 3, somewhat 

probable; and  4, very much. 

 

 

 

 

 

 

 

 TAP Scale Questionnaires  Baseline 

(n = 20) 

Post-

Intervention 

(n = 20) 

     

Q1. How effective do you think this treatment will 

be in improving your back pain? 

 3.05 ± .95 3.15 ± .93 

Q2. How acceptable/logical does this treatment seem 

to you? 

 3.25 ± .91 3.45 ± .76 

Q3. 

 

How suitable/appropriate does this 

treatment/assessment seem to be to your back 

pain? 

 3.15 ± .81 3.30 ± .92 

Q4. How willing are you to comply with this 

treatment? 

 3.85 ± .37 3.85 ± .37 

Q5. 

 

List any side affects you experienced with this  

intervention  

  

_ 

 

none 

 Total TAP Score:  3.29 ± .65 3.39 ± .58 
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Table 3 

Comparison of Pre-Intervention and Post-Intervention Autonomic Function  

  

 

 

 

 

 

 

 

Note. RR intervals, interbeat intervals between all successive heartbeats; SDNN, standard 

deviation of normal to normal R-R intervals; HR, heart rate; RMSSD, root mean square 

of successive differences between normal heartbeats; NN50, the number of adjacent NN 

intervals that differ by more than 50 ms; pNN50, percentage of successive RR intervals 

that differ by more than 50 ms. 

 

Table 4 

Comparison of Baseline and Post-Intervention Measures 

Note. M, mean; SD, standard deviation PPT, pressure pain threshold; CPM, conditioned 

pain modulation. R, Rosenthal’s R, Cold pain intensity was measured from 0 to 100 

 

Variable Units Pre-Intervention 

Value 

Post-Intervention 

Value 

    

Mean RR (ms) 988.13 642.01 

SDNN (ms) 108.36 159.87 

Mean HR (1/min) 60.72 93.46 

STD HR (1/min) 108.36  

RMSSD (ms) 116 231.47 

NN50 (count) 34.00 27.00 

pNN50 (%) 26.77 33.75 

 

Variable Pre-

Intervention 

Post-

Intervention 

Z-score Effect 

size R 

p-value 

      

CPM, M ± SD .90 ± .98 .84 ± 063 -.09 .01 .93 

PPT, M ± SD 2.50 ± .93 2.07 ± .82 -2.24 .36 .03 

Cold pain, M ± SD 66.50 ± 21.77 62.05 ±23.91 -1.04 .16 .30 
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Figure 1 

Participant Flow Diagram  
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visits (n = 20) 

Declined to participate 

• Not interested (n = 1) 
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Figure 2  

Profile Plots: Displaying the Mean NRS Score at Each of the Assessment Points with 

Associated Standard Deviation Error Bars 
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Figure 3  

Cortical Hemodynamic Activity in Optical Channels 

 

Note. Functionally active optical channel (colored links) for (a) HbO and (b) HbR in 

response to pressure stimulation to the right lower back measured in participants before 

and after music intervention. Only channels with statistically significant values (p-value 

<0.05) are shown as solid, thicker lines. 
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Appendix 

 

Custon Python Code for HRV analysis 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



112 

 

 

 

Custom Python Code for HRV analysis 

 

#!/usr/bin/env python3 

# -*- coding: utf-8 -*- 

""" 

Created on Tue Mar  8 15:03:32 2022 

 

# data science libraries 

import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

# signal processing 

from scipy.ndimage import label 

from scipy.stats import zscore 

# style settings 

sns.set(style='whitegrid', rc={'axes.facecolor': '#EFF2F7'}) 

# sample frequency for ECG sensor 

settings = {} 

settings['fs'] = 500 

df = pd.read_csv("PostData.csv") 

plt.figure(figsize=(20, 7)) 

start = 0 

stop = 200000 

duration = (stop-start) / settings['fs'] 

plt.title("ECG signal, slice of %.1f seconds" % duration) 

plt.plot(df[start:stop].index, df[start:stop].heartrate, color="#51A6D8", linewidth=1) 

plt.xlabel("Time (ms)", fontsize=16) 

plt.ylabel("Amplitude (arbitrary unit)") 

plt.show() 

def detect_peaks(ecg_signal, threshold=0.3, qrs_filter=None): 

    ''' 

    Peak detection algorithm using cross corrrelation and threshold  

    ''' 

    if qrs_filter is None: 

        # create default qrs filter, which is just a part of the sine function 

        t = np.linspace(1.5 * np.pi, 3.5 * np.pi, 15) 

        qrs_filter = np.sin(t) 

     

    # normalize data 

    ecg_signal = (ecg_signal - ecg_signal.mean()) / ecg_signal.std() 

 

    # calculate cross correlation 

    similarity = np.correlate(ecg_signal, qrs_filter, mode="same") 

    similarity = similarity / np.max(similarity) 



113 

 

 

 

    # return peaks (values in ms) using threshold 

    return ecg_signal[similarity > threshold].index, similarity 

def get_plot_ranges(start=10, end=20, n=5): 

    ''' 

    Make an iterator that divides into n or n+1 ranges.  

    - if end-start is divisible by steps, return n ranges 

    - if end-start is not divisible by steps, return n+1 ranges, where the last range is  

    smaller and ends at n 

    ''' 

    distance = end - start 

    for i in np.arange(start, end, np.floor(distance/n)): 

        yield (int(i), int(np.minimum(end, np.floor(distance/n) + i))) 

sampfrom = 60000 

sampto = 70000 

nr_plots = 1 

for start, stop in get_plot_ranges(sampfrom, sampto, nr_plots): 

    # get slice data of ECG data 

    cond_slice = (df.index >= start) & (df.index < stop)  

    ecg_slice = df.heartrate[cond_slice] 

    # detect peaks 

    peaks, similarity = detect_peaks(ecg_slice, threshold=0.3) 

    # plot similarity 

    plt.figure(figsize=(20, 15)) 

    plt.subplot(211) 

    plt.title("ECG signal with found peaks") 

    plt.plot(ecg_slice.index, ecg_slice, label="ECG", color="#51A6D8", linewidth=1) 

    plt.plot(peaks, np.repeat(600, peaks.shape[0]), label="peaks", color="orange", 

marker="o", linestyle="None") 

    plt.legend(loc="upper right") 

    plt.xlabel("Time (milliseconds)") 

    plt.ylabel("Amplitude (arbitrary unit)") 

    plt.subplot(212) 

    plt.title('Similarity with QRS template') 

    plt.plot(ecg_slice.index, similarity, label="Similarity with QRS filter", color="olive", 

linewidth=1) 

    plt.legend(loc="upper right") 

    plt.xlabel("Time (milliseconds)") 

    plt.ylabel("Similarity (normalized)") 

def group_peaks(p, threshold=5): 

    ''' 

    The peak detection algorithm finds multiple peaks for each QRS complex.  

    Here we group collections of peaks that are very near (within threshold) and we take 

the median index  

    ''' 

    # initialize output 

    output = np.empty(0) 
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    # label groups of sample that belong to the same peak 

    peak_groups, num_groups = label(np.diff(p) < threshold) 

    # iterate through groups and take the mean as peak index 

    for i in np.unique(peak_groups)[1:]: 

        peak_group = p[np.where(peak_groups == i)] 

        output = np.append(output, np.median(peak_group)) 

    return output 

# detect peaks 

peaks, similarity = detect_peaks(df.heartrate, threshold=0.3) 

# group peaks 

grouped_peaks = group_peaks(peaks) 

# plot peaks 

plt.figure(figsize=(20, 7)) 

plt.title("Group similar peaks together") 

plt.plot(df.index, df.heartrate, label="ECG", color="#51A6D8", linewidth=2) 

plt.plot(peaks, np.repeat(600, peaks.shape[0]),label="samples above threshold (found 

peaks)", color="orange", marker="o", linestyle="None") 

plt.plot(grouped_peaks, np.repeat(620, grouped_peaks.shape[0]), label="median of found 

peaks", color="k", marker="v", linestyle="None") 

plt.legend(loc="upper right") 

plt.xlabel("Time (ms)") 

plt.ylabel("Amplitude (arbitrary unit)") 

plt.gca().set_xlim(0, 200) 

plt.show() 

# detect peaks 

peaks, similarity = detect_peaks(df.heartrate, threshold=0.3) 

# group peaks so we get a single peak per beat (hopefully) 

grouped_peaks = group_peaks(peaks) 

# RR-intervals are the differences between successive peaks 

rr = np.diff(grouped_peaks) 

# plot RR-intervals 

plt.figure(figsize=(20, 7)) 

plt.title("RR-intervals") 

plt.xlabel("Time (ms)") 

plt.ylabel("RR-interval (ms)") 

plt.plot(np.cumsum(rr), rr, label="RR-interval", color="#A651D8") 

plt.show() 

plt.figure(figsize=(20, 7)) 

rr_corrected = rr.copy() 

rr_corrected[np.abs(zscore(rr)) > 2] = np.median(rr) 

plt.title("RR-intervals") 

plt.xlabel("Time (ms)") 

plt.ylabel("RR-interval (ms)") 

plt.plot(rr, color="red", label="RR-intervals") 

plt.plot(rr_corrected, color="green",  label="RR-intervals after correction") 

plt.legend() 
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plt.show() 

 

sampfrom = 2000000 

sampto = 11000000 

nr_plots = 1 

# detect peaks 

peaks, similarity = detect_peaks(df.heartrate, threshold=0.3) 

# group peaks so we get a single peak per beat (hopefully) 

grouped_peaks = group_peaks(peaks) 

# RR-intervals are the differences between successive peaks 

rr = np.diff(grouped_peaks) 

for start, stop in get_plot_ranges(sampfrom, sampto, nr_plots): 

    # plot similarity 

    plt.figure(figsize=(20, 10)) 

    plt.title("ECG signal & RR-intervals") 

    plt.plot(df.index, df.heartrate, label="ECG", color="#51A6D8", linewidth=1) 

    plt.plot(grouped_peaks, np.repeat(600, grouped_peaks.shape[0]), markersize=10, 

label="Found peaks", color="orange", marker="o", linestyle="None") 

    plt.legend(loc="upper left") 

    plt.xlabel("Time (milliseconds)", fontsize=16) 

    plt.ylabel("Amplitude (arbitrary unit)", fontsize=16) 

    plt.gca().set_ylim(400, 800) 

        ax2 = plt.gca().twinx() 

    #ax2.plot(np.cumsum(rr_manual)+peaks[0], rr_manual, label="Corrected RR-

intervals", fillstyle="none", color="#A651D8", markeredgewidth=1, marker="o", 

markersize=12) 

    ax2.plot(np.cumsum(rr)+peaks[0], rr, label="RR-intervals", color="k", linewidth=2, 

marker=".", markersize=8) 

        ax2.set_xlim(start, stop) 

    ax2.set_ylim(-2000, 2000) 

    ax2.legend(loc="upper right") 

    plt.xlabel("Time (ms)") 

    plt.ylabel("RR-interval (ms)") 

    def timedomain(rr): 

    results = {} 

    hr = 60000/rr 

    results['Mean RR (ms)'] = np.mean(rr) 

    results['STD RR/SDNN (ms)'] = np.std(rr) 

    results['Mean HR (Kubios\' style) (beats/min)'] = 60000/np.mean(rr) 

    results['Mean HR (beats/min)'] = np.mean(hr) 

    results['STD HR (beats/min)'] = np.std(hr) 

    results['Min HR (beats/min)'] = np.min(hr) 

    results['Max HR (beats/min)'] = np.max(hr) 

    results['RMSSD (ms)'] = np.sqrt(np.mean(np.square(np.diff(rr)))) 

    results['NNxx'] = np.sum(np.abs(np.diff(rr)) > 50)*1 

    results['pNNxx (%)'] = 100 * np.sum((np.abs(np.diff(rr)) > 50)*1) / len(rr) 
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    return results    

print("Time domain metrics - automatically corrected RR-intervals:") 

for k, v in timedomain(rr).items(): 

    print("- %s: %.2f" % (k, v)) 

print() 
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