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ABSTRACT

Speech biomarkers of disease have attracted increased clinical interest in recent years, but interpretation of clinical features

derived from signal processing or machine learning approaches remains challenging. As an example, the second Mel frequency

cepstral coefficient (MFCC2) has been identified in several studies as a useful marker of disease, but continues to be treated

as uninterpretable. Here we show that MFCC2 can be interpreted as a weighted ratio of low- to high-frequency energy, a

concept which has been previously linked to disease-induced increases in aspiration noise caused by incomplete vocal fold

closure, and also show how its sensitivity to disease can be increased by adjusting computation parameters.

Introduction

The last decade has seen an increase in the use of speech for health monitoring, with a focus on studies in neurological1, 2

and respiratory disease3, 4. This is in part driven by increased ease in recording good-quality data using either smartphones5

or cloud-based platforms6. Analysis of this data has used a mix of interpretable endpoints (prosodic measures related to

timing and pitch, etc.) as well as speech parameterizations originally developed for speech recognition. This later category of

parameterizations (which includes MFCCs, or Mel Frequency Cepstral coefficients1, RASTA coefficients, and deep learning-

derived embeddings7) often leads to high performance in classification or regression tasks, but low interpretability. This lack

of interpretability makes it difficult to link acoustic features to disease biology and diminishes their utility to clinicians and

patients.

Smartphone-based measurements can be useful in tracking Parkinson’s Disease (PD)8. In Roche’s PD Mobile Application

designed for generating exploratory outcome measures for clinical trials in Parkinson’s disease, speech was evaluated via a

sustained vowel phonation task ("say aaah"), leading to a finding that the second MFCC coefficient (MFCC2) separated PD

participants from healthy controls. This work cited earlier studies9, 10 supporting the use of MFCC2 as a basis for its inclusion

as the only published speech feature in the study.

Motivated by this and other work reporting the value of MFCC211, 12 , we examined this feature in several datasets (described

below) and observed that it appears to be a useful feature in both PD and frontotemporal dementia (FTD). Given that the

apparent sensitivity of MFCC2 to disease, we seek to build a better understanding of the utility and interpretability of this

potentially important feature.

In what follows, we first demonstrate that MFCC2 has a relatively straightforward interpretation as a weighted ratio of

low- to high-frequency energy, which has been previously identified as being linked to voice pathology. We then examine

MFCC2 in three datasets, showing that a) by tuning MFCC2 calculation to include more high frequencies, we can improve

its performance, and b) MFCC2 appears to depend strongly on sex but not age. We also examine MFCC2 in several datasets,

showing that trends are similar across datasets but values may depend on recording quality. Further work is needed to explore

this possible dependence.

MFCC2 interpretation Figure 1A) briefly summarizes the MFCC calculation. The input signal is first transformed to

create a spectrogram. Mel frequency filters are then applied to resample the frequency axis in a manner that mimics the

roughly logarithmic pitch sensitivity of human hearing, with finer resolution at lower frequencies and coarser resolution at



high frequencies. The Mel-filtered data are then log-transformed and processed with a cepstral transform, which amounts to

multiplying the Mel spectra by a series of cosine terms. As shown in Figure 1A), MFCC1 is a constant feature capturing overall

energy, MFCC2 is a half-cycle of cosine, etc. The MFCC coefficients are computed by multiplying the log-transformed Mel

spectra by the cosine terms and then summing across frequency.

Figure 1B) shows the cosine term associated with MFCC2, remapped from Mel frequency back to actual frequency in Hz.

This figure suggests that MFCC2 is adding a weighted sum of low frequency log(energy) and subtracting off a weighted sum of

high frequency log(energy). As log(a)− log(b) = log(a/b), MFCC2 can be interpreted as a form of low-to-high frequency

energy ratio, with the lowest and highest frequencies contributing most strongly due to the weighting applied.

Figure 1B) also shows two MFCC2 curves. MFCC2 computation requires the user to specify the maximum frequency used

in calculation. While 8 kHz is a common upper limit, we show below that increasing the maximum frequency can be beneficial.

Figure 1. Overview of MFCC calculation; a) shows a schematic of the MFCC computation; b) shows the MFCC2 cosine term

mapped to frequency in Hz, for maximum frequency values of 8 and 12 kHz; c) shows a ‘cartoon’ view illustrating how

increasing aspiration noise can impact affect the overall spectrum at high frequencies.

Given that MFCC2 can be interpreted as a low-to-high energy ratio, the next step is to relate this to voice quality and/or

disease. Breathy voice can be characterized in the low-frequency range via increased amplitude of the first harmonic, as

the glottal waveform becomes more rounded due to non-simultaneous closure along the length of the vocal cords13. More

relevant to MFCC2, high-frequency energy also increases due to the presence of turbulent airflow associated with breathy

voice. Hillenbrand and Houde note13, “... the presence of aspiration noise, which is stronger in the mid and high frequencies

than in the lows, can result in a voice signal that is richer in high-frequency energy than nonbreathy signals." This concept is

illustrated in a ‘cartoon’ view in Figure 1C); in the absence of aspiration noise, voice signal levels typically fall off rapidly as

frequency increases. Aspiration noise, generated by turbulent flow, tends to fall off less rapidly with frequency. As aspiration

noise increases, it primarily impacts the high-frequency part of the overall (voice plus aspiration noise) spectrum but remains

negligible compared to voice at the low frequencies.

Hillenbrand and Houde proposed a high-to-low (H/L) ratio, comparing average energy above 4 kHz to average energy below

4 kHz, to capture aspiration noise. Thus it is anticipated that voices with more aspiration noise, caused by incomplete vocal

fold closure, will have lower MFCC2 values and higher H/L ratios. Similarly, ratios splitting high and low frequencies appear

sensitive to changes in speech and voice resulting from Huntington’s disease14, illicit drug use15, congestion16, and fatigue 17.

Results

We examined sustained phonation recordings from three datasets, with patient characteristics shown in Table 1. All three

datasets contain control participants. The University of Melbourne/Monash dataset also includes participants with FTD (with
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(a) Female, Melbourne (b) Male, Melbourne

(c) Female, WatchPD (d) Male, WatchPD

Figure 2. Mean spectra (with 95th percentile confidence limits) for Melbourne and WatchPD datasets. Note the generally

higher values above 4 kHz for non-healthy participants.

behavioral variant FTD most common), while the WatchPD dataset includes participants with PD. The PD participants were

recruited soon after diagnosis so have fewer years of disease than the FTD participants.

Dataset Diagnosis Age Years since Diagnosis # Participants (Male/Female/Other)

Melbourne FTD 65.0 (60.2 / 71.0) 3 ( 2 / 5.5) 36 / 19 / 0

Melbourne Controls 63.0 ( 56.0 / 70.0) - 50 / 56 / 0

WatchPD PD 66.0 (55.0 / 71.0 ) <1 29 / 25 / 0

WatchPD Controls 61.0 (54.5 / 69.5) - 19 / 24 / 0

CLAC Controls 33.0 (27.0 / 42.0) - 799 / 800 / 11

Table 1. Subject information. Age and Years since Diagnosis are listed as median (25th percentile / 75th percentile).

Figure 2 shows the averaged acoustic spectra for the Melbourne and WatchPD datasets, comparing controls to participants

with neurological disease (FTD or PD) (called "cases" below). Because spectral characteristics vary by sex, plots are shown

separately for males and females. In general, these plots indicate that FTD/PD participants have higher acoustic power at high

frequencies as compared to controls. This is seemingly more evident in men, as well as in the FTD participants, who have

greater years of disease duration.

We next computed various metrics to capture low-to-high frequency energy ratios. We computed MFCC2 with the standard

8 kHz maximum frequency, and MFCC2 with a 12 kHz maximum frequency. Like Hillenbrand and Houde, we compare

energy above and below 4 kHz using an Energy Ratio metric; while they computed a high-to-low ratio, we instead compute a

low-to-high ratio for easier comparison to MFCC2 (see Methods). Table 2 lists AUC (area under the curve) values for these

metrics from ROC curves for Melbourne and WatchPD datasets (no ROC curves are shown for CLAC as the database only
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Metric Dataset AUC, Female AUC, Male

MFCC2, 12kHz Melbourne 0.82 (0.66-0.97) 0.78 (0.67-0.89)

MFCC2, 8kHz Melbourne 0.69 (0.51-0.86) 0.73 (0.61-0.86)

Energy Ratio Melbourne 0.73 (0.58-0.87) 0.75 (0.64-0.87)

MFCC2, 12kHz WatchPD 0.61 (0.45-0.77) 0.69 (0.54-0.84)

MFCC2, 8kHz WatchPD 0.61 (0.45-0.77) 0.67 (0.51-0.83)

Energy Ratio WatchPD 0.59 (0.43-0.75) 0.58 (0.41-0.75)

Table 2. ROC Area under the curve (AUC) for different metrics and datasets; mean AUC and 95th percentile confidence

intervals are shown. Bold values highlight the best-performing metric for each dataset.

MFCC2, 12kHz MFCC2, 8kHz Energy Ratio

Dataset Gender Diagnosis M SD M SD M SD

WatchPD female Healthy 136.0 22.3 95.8 19.1 33.5 6.8

WatchPD female PD 128.1 21.3 89.6 16.0 31.1 6.8

WatchPD male Healthy 148.8 20.6 107.4 15.7 34.9 8.1

WatchPD male PD 133.2 20.4 98.3 14.5 32.3 6.6

Melbourne female Healthy 143.4 11.8 109.9 10.7 38.3 4.7

Melbourne female FTD 126.8 18.8 101.5 13.0 34.5 4.1

Melbourne male Healthy 148.4 13.1 112.5 8.5 38.8 4.1

Melbourne male FTD 131.9 14.9 103.5 10.4 34.7 4.5

CLAC female Healthy 131.1 29.2 90.8 24.4 30.1 9.1

CLAC male Healthy 137.1 29.9 96.0 23.8 30.4 9.8

CLAC other Healthy 123.2 30.6 85.1 30.2 27.6 9.9

Table 3. Descriptive statistics for MFCC2-related metrics, by dataset, sex and diagnosis.

contained control participants). MFCC2 with 12 kHz maximum frequency appears to show best separability, with the energy

ratio being least discriminative. Descriptive statistics for these metrics are shown in Table 3. In the Melbourne dataset, a small

number of participants made more than one clinic visit, so Tables 2-3 include only the first visit for each subject. Note that in

all cases, control participants have higher mean values for all three metrics.

Statistical analysis: We next explored whether these metrics were dependent on sex, age and dataset, as well as diagnosis.

We modeled each MFCC2 endpoint as a linear combination of factors. A model selection process using the Akaike Information

Criterion (AIC) led to selection of a model which includes gender, dataset, and age. Because dataset and diagnosis are

confounded, this analysis was done for control participants only. For MFCC2 with fmax = 12 kHz, there was a highly significant

effect of gender (males were higher, p<0.001) and a significant effect of dataset (CLAC values were lower, p <0.05) with no

significant effect of age. The corresponding boxplots for MFCC2 with fmax = 12 kHz are shown in Figure 3a) for the different

datasets, by gender and diagnosis. MFCC2 values are higher in men, reflecting the increased low-frequency content in these

speakers (and are lower in disease, likely reflecting the aspiration noise discussed above). For MFCC2 with fmax = 8 kHz (not

plotted), these findings were repeated, but also there were also significant effects of age (values decreased with a small slope of

roughly 1 point per decade, p<0.05) and also Melbourne values were significantly higher than WatchPD values.

Figure 3b) shows the relationship between MFCC2 and the Energy Ratio metric described above, with moderate to good

correlations (Pearson correlations are 0.82 in the WatchPD data, 0.60 in the Melbourne data, and 0.74 in CLAC). Note that the

CLAC outliers observed may be due to noise cancellation artifacts, as discussed below.

Discussion

The results suggest that MFCC2 is capturing a tendency toward increased high-frequency acoustic energy in phonation of

individuals with neurological disease. This tendency may reflect impaired motor control and thus and thus incomplete closure

of the vocal folds.

The acoustic spectra in Figure 2 suggest that differences between cases and controls increase with frequency, which is

consistent with broadband aspiration noise. Thus, increasing the maximum frequency for MFCC2 from 8 kHz to 12 kHz
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Figure 3. MFCC2 (fmax=12 kHz) characteristics: a) dependence on gender and diagnosis, and b) correlation with 4 kHz

Energy Ratio metric, by dataset, with loess fit. Detailed analysis found in the Statistical Analysis section.

appears to improve the ability of MFCC2 to separate cases from controls. In principle, further increasing the upper range could

further improve separability between groups. However, manual examination of our data shows occasional high-frequency noise

of undetermined source at frequencies above roughly 12-15 kHz. Thus, we limited the upper frequency range to 12 kHz in our

calculation. This upper limit is based on engineering judgement, not extensive data exploration. If phonations were recorded in

a very quiet environment using high quality hardware18, there could be benefit to including higher frequencies.

Because MFCC2 values depend on the frequency limits used in computation, it is important that MFCC parameter

settings should be reported along with findings, to better allow comparisons between different studies. Widely used MFCC

implementations such as librosa19 default to using half the sampling rate as the upper limit, which means that MFCC values

could easily vary depending on recording settings (and may include very high-frequency noise, as noted above).

As noted above, there is a clear impact of gender on MFCC2. In healthy participants, MFCC2 values are higher in men than

women in all cohorts (Table 3), presumably reflecting the fact that male voices are skewed to lower frequencies. Interestingly,

Table 2 shows that MFCC2 better discriminates Parkinson’s in men (higher AUC). It has been previously established that PD

differentially affects male and female voices1, 7. A possible physical explanation is that male voices containing relatively less

mid-to-high frequency energy would be more affected by addition of aspiration noise in this frequency range (see Fig. 1C).

However, the same pattern is not observed in FTD participants. Whether this is a true physiological difference, or is related to

the relatively small number of women in the FTD cohort, is unclear. In both cases the uncertainty in the AUCs (seen in the

confidence bounds) argues for repeating these analyses in additional datasets.

Spectral differences and MFCC2 differences between cases and controls were clearer in the Melbourne dataset (FTD) than

the WatchPD dataset (PD). This may partly reflect the advanced disease state of the FTD cohort (longer disease duration)

than the early-stage PD participants in WatchPD, but may also be impacted by recording quality. Fully understanding the

progression of the disease in FTD vs. PD would require datasets with a larger range of progression or a longitudinal sample.

There are several potential reasons for the observed dependence on dataset. The Melbourne dataset consists of Australian

speakers, while the WatchPD and CLAC cohorts are US-based. Perhaps more importantly, the datasets use different recording

setups; Melbourne is a mixture of in-lab recordings and at-home (smartphone) recordings, WatchPD consists of in-clinic

recordings made with an iPhone 1, and CLAC was recorded via internet browsers using Amazon Mechanical Turk. This

means CLAC data are subject to data compression artifacts that may be variable depending on browser, service provider, etc.

Manual review uncovered CLAC recordings in which the sustained phonation was distorted after the first second or so, perhaps

because noise cancellation algorithms incorrectly identify the sustained phonation as a form of background noise (this issue

impacts sustained phonation more than regular speech, as algorithms presumably target hum-like signals). These variations in

browser processing may explain the noticeably higher standard deviations seen in metrics computed from CLAC (Table 3).

This suggests that the acoustic quality of internet-acquired data be carefully reviewed, and that ideally browser settings be

controlled to disable processing algorithms, especially when subtle acoustic features of speech are being analyzed.

Since MFCC2 was not optimized for disease detection, it is likely possible to find weighted energy ratios that would

discriminate cases from controls better than MFCC2. Ideally, such features could be tuned separately by gender. Such

exploration would benefit from larger datasets to ensure generalizability of the results.

1note that only data from the WatchPD baseline visit are analyzed here; the complete WatchPD dataset also includes at-home recordings
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Finally, while we focused on MFCC2, we note that several papers report higher-order MFCC coefficients as being useful

features1. Just as MFCC2 is interpreted as a low-to-high energy comparison, it would be possible to interpret MFCC3 as a

mid-frequency to (low+high)-frequency ratio, MFCC4 as a ratio of two frequency bands to two slightly higher frequency bands,

etc. (see the cosine shapes in Fig. 1a). However, the physical / biological meaning of such ratios becomes increasingly unclear

as the MFCC coefficient number increases. Features such as spectral contrast or spectral flatness19 may give more intuitive

ways to probe finer-scale acoustic structure. The time-derivatives of higher MFCC coefficients (often computed as a speech

recognition feature) do have some degree of interpretability as measures of the temporal stability of the acoustic spectrum.

Methods

We analyzed recordings of sustained vowel phonation ("aaah") from baseline clinic visits in the WatchPD study5, and from data

collected at the University of Melbourne (consisting of healthy elderly controls20 and FTD participants2). We also utilize the

public-domain CLAC dataset6 of normative speakers, collected using Amazon Mechanical Turk.

In each dataset, recordings were first automatically segmented using custom Python code to identify the vowel phonation.

Processing first detected voiced regions of speech using the voicing/pitch detection from Parselmouth21. The initial 0.75 sec

of voiced data were discarded to remove transient effects, and the next 2.5 sec were retained for analysis. If no segment was

detected, the recording was not analyzed further. The segmented waveform was then processed using Librosa19 to compute

MFCC coefficients, using 133 Hz as a lower bound and either 8 or 12 kHz as upper bounds. In addition, the acoustic spectra

were computed using the scipy-signal implementation of the Welch periodogram method, using 20 msec, 50% overlapped

Hanning windows, as plotted in Fig. 2. These (linear) spectra Pxx( f ) were used to compute the Energy Ratio metric:

ER,dB = 10log10

(

∫ 4000
0 Pxx( f )d f
∫ fmax

4000 Pxx( f )d f

)

(1)

where fmax = 12,000 Hz. Note that whereas Hillenbrand and Houde13 formed a ratio of high-to-low energy, we compute

low-to-high for easier comparison with MFCC2. Statistical analysis was performed in R version 4.1.0. AUC analysis was

performed using the pROC package (version 1.18.0) which uses bootstrapping to estimate confidence intervals.

Data availability

Raw audio for the CLAC dataset is available at https://groups.csail.mit.edu/sls/downloads/clac/. The extracted features for the

CLAC dataset are available at https://github.com/brianhtracey/mfcc2_related. Extracted features for other datasets may be

available upon reasonable request by contacting Brian Tracey (brian.tracey@takeda.com).

Code availability

Core python code for feature extraction is available at https://github.com/brianhtracey/mfcc2_related.
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