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Abstract
Speech is a cost-effective and non-intrusive data source

for identifying acute and chronic heart failure (HF). However,
there is a lack of research on whether Chinese syllables contain
HF-related information, as observed in other well-studied lan-
guages. This study presents the first Chinese speech database
of HF patients, featuring paired recordings taken before and
after hospitalisation. The findings confirm the effectiveness
of the Chinese language in HF detection using both standard
’patient-wise’ and personalised ’pair-wise’ classification ap-
proaches, with the latter serving as an ideal speaker-decoupled
baseline for future research. Statistical tests and classification
results highlight individual differences as key contributors to
inaccuracy. Additionally, an adaptive frequency filter (AFF)
is proposed for frequency importance analysis. The data and
demonstrations are published at https://github.com/
panyue1998/Voice_HF.
Index Terms: Heart Failure, Machine Learning, Speech Abno-
mality Detection

1. Introduction
Heart failure (HF) is a progressive condition characterised by
a decline in the heart’s ability to pump blood effectively, af-
fecting 26 million individuals worldwide [1]. Speech analysis
offers a cost-effective and non-intrusive method for detecting
HF-related laryngeal edema in its early stages [2], providing an
alternative to conventional diagnostic techniques, such as X-ray,
echocardiography, and angiography. Previous research has ex-
plored various speech tasks for HF detection, including vowels
and word articulation [3], sentence reading [1, 3, 4], and short
paragraph recitations [3, 5, 6]. These studies have been con-
ducted in multiple languages, such as English [2, 3], Finnish
[5, 7], and Portuguese [4], while some supported a mix of dif-
ferent languages [1].

Since HF-related changes in speech features are subtle and
can be overshadowed by individual variations, a paired database
that captures multiple conditions of the same patient is essen-
tial for extracting pathological information. One of the earli-
est studies in this direction, conducted by Murton et al. [3],
analysed speech from ten hospitalised HF patients, revealing
detectable trends in phonation and respiration parameters be-
tween admission (wet) and discharge (dry) conditions. Simi-
larly, Amir et al. [1] observed vocal alterations between wet and
dry states using a mobile application designed for speech analy-
sis. Both studies highlighted intra-patient variability as a poten-
tial confounding factor. A subsequent study expanded on [3] by
incorporating a larger patient cohort and additional biomarkers,
demonstrating a positive correlation between speech features
and discharge probability through logistic regression analysis

[2]. However, these studies did not systematically assess the
impact of individual differences on classification accuracy, nor
did they establish baselines to evaluate such effects.

To address these gaps, this study introduces a pair-wise
classification approach alongside the standard patient-wise clas-
sification method, leveraging a newly constructed, large-scale
Chinese paired speech database. A summary of related stud-
ies is shown in Table 1. Our dataset is among the most exten-
sive, particularly in terms of paired speech samples collected
before and after medical intervention. While no public dataset
is currently available, we intend to release high-level feature
data while preserving patient privacy. Previous studies pri-
marily focused on Indo-European and Afroasiatic languages,
largely neglecting Sino-Tibetan languages. Although HF de-
tection is generally considered content-independent, linguistic
characteristics—such as those specific to Chinese [8, 9]—may
influence pathological speech markers. Consequently, features
identified in one language may not necessarily apply to another.

Furthermore, prior studies reported varied classification ac-
curacies without thoroughly analysing the sources of model er-
rors. This work hypothesises that individual differences sig-
nificantly contribute to classification inaccuracies, a claim sup-
ported by statistical tests and our proposed pair-wise classifica-
tion framework, which also serves as a robust baseline for future
research. Additionally, we introduce an adaptive frequency fil-
ter (AFF) for frequency importance analysis in time-frequency
sequential models. The key contributions of this work include:
• Development of the first Chinese speech database for HF de-

tection with paired samples, achieving high classification per-
formance.

• Introduction of a ’pair-wise’ classification approach as a
speaker-independent baseline, identifying individual varia-
tions as a primary source of classification inaccuracy.

• Design of an AFF for frequency importance analysis.
In Section 2, the proposed methods and experimental setup

are detailed. The results and discussion are presented in Section
3, while the conclusion and suggestions for future work are pro-
vided in Section 4. A summary of related studies is illustrated
in Figure 1.

2. Methods
2.1. Data acquisition

This study involves a total of 127 patients from our partner hos-
pital, admitted for acute HF treatments. The recordings were
collected using a standard smartphone, handheld by the staff,
at a sampling rate of 22,050 Hz. Each patient participated in
two data collection sessions, one before and after hospitalisa-
tion. The male-to-female ratio is 0.61:0.39, with an average age
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Study Year Language Patients Data
Collection

Data
Made Public

Best Result
(Accuracy)

[3] 2017 English 10 Paired No -
[5] 2021 Finnish 45 Single No 81.5
[7] 2022 Finnish 45 Single No -
[1] 2022 Hebrew, Arabic, Russian 40 Paired No -
[6] 2022 English 74 Single No 93.7
[4] 2023 Portuguese 142 Single No 91.9
[2] 2023 English 52 Multiple No 69.0

Ours Chinese 127 Paired High-level features/
Full data by request See results

Table 1: Summary of similar studies
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Figure 1: Overall structure of the project.

of 68 and a standard deviation of 13.

Medical professionals assessed the patients’ conditions
based on the New York Heart Association (NYHA) functional
classification for HF before and after hospitalisation, consider-
ing clinical tests, such as electrocardiogram, echocardiography,
and walking tests [10]. Patients who exhibited improvement in
NYHA levels were considered relevant for the study.

Participants were required to complete four speech tasks,
categorised into short and long sentences. In Chinese, conso-
nants exhibit the discrimination between voiced and unvoiced
sounds. These are further classified into fully voiced (r), par-
tially voiced (m, n, l, j, w), fully unvoiced (b, d, g, s, x, z),
and partially unvoiced (p, t, k, c, q) [9]. Three short sentences
were selected to capture both voiced and unvoiced sounds in
Chinese. For the long sentence task, participants were asked to
count from 1 to 60 in Chinese, ensuring the inclusion of both
voiced and unvoiced sounds. Vowels (a, i, u) were present in all
four tasks. Details of these tasks are presented in Table 2.

Every recording was manually labelled according to its re-
spective task. Unrelated, incomplete, and erroneous samples,
as well as those from patients with other underlying conditions
affecting speech, were excluded, leaving a total of 117 patients.
The final number of recordings for each task after data cleansing
is shown in Table 3.

2.2. Feature extraction and selection

This study performed feature extraction using openSMILE [11],
version 2.5.0. Two feature sets were utilised: GeMAPS [12]
and ComParE 2016 [13]. To identify the most relevant features
associated with hospitalisation conditions, paired and indepen-
dent t-tests were conducted between admission and discharge
groups. Table 4 presents the number of selected features where
p ≤ 0.05 for each task. This process was repeated for each task
and both feature sets, considering female, male, and combined
groups separately. The selected feature data were then used to
train a three-layer fully connected neural network for HF detec-
tion, as illustrated in part c.1 in Figure 1.

2.3. Pair-wise classification

In this work, we propose the ’pair-wise’ classification scheme as
a baseline for the ideal speaker-decoupled case. In the pair-wise
scenario, we aim to simultaneously feed both the wet and dry
data points of a single patient into the classifier, which should
then determine which is wet and which is dry. In other words,
there is an additional by-patient normalisation compared with
the raw data. The commonality with the standard scheme is
that the training and testing sets are divided according to patient
ID, ensuring that the data points in the test set are from patients
previously unseen by the classifier, so they are both speaker-
independent.

Consider the selected feature vectors of a given patient as
Ai = [ai

1, a
i
2, ..., a

i
n] (wet) and Bi = [bi1, b

i
2, ..., b

i
n] (dry),
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task abbr. Chinese Pingyin
(phonetic symbols) Consonants Consonants

Type
Average Length
of Recordings

Short Sentence 1 pg shan dong de ping guo you da you tian s, d, p, g, t unvoiced 5.1s
Short Sentence 2 mm ni you yi ge mei li de mei mei m, n, l voiced 4.6s
Short Sentence 3 mlh hao yi duo mei li de mo li hua m, l voiced 4.7s
Long Sentence c (numbers 1-60) r, l, j, b, q both 27.2s

Table 2: Speach tasks conducted.

Tasks pg mm mlh c

Training
(Individuals)

male 46 44 38 47
female 28 21 23 30
total 74 65 61 77

Testing
(Individuals)

male 22 17 19 20
female 11 5 6 11
total 33 22 25 31

Table 3: Number of individuals used for training and testing in
each task. Task name abbreviations are provided in Table 2.

Feature
Set Sex T-test Tasks

pg mm mlh c

A

male ind 2 7 4 3
pair 8 12 5 6

female ind 5 7 2 3
pair 15 9 11 12

all ind 11 10 5 7
pair 23 20 16 15

B

male ind 248 241 187 467
pair 392 378 352 914

female ind 332 327 311 467
pair 562 461 440 996

all ind 326 287 212 901
pair 618 490 434 1483

Table 4: Number of features selected by paired (pair) and inde-
pendent (ind) t-tests, where p ≤ 0.05. A: ComParE 2016, B:
eGeMAPSv02. Task name abbreviations are provided in Table
2.

where i is the patient ID and n is the feature ID. For the pair-
wise scheme, we first randomly generate a 0/1 label. If the label
is 1, a combined vector is formed where the ’wet’ vector is sub-
tracted from the ’dry’ one, and vice versa:

Xi
train/test =

{
Ai −Bi for label = 1 (1a)
Bi −Ai for label = 0 (1b)

In this way, the result is a comparison within a single pa-
tient’s data, making it immune to the domain difference caused
by inherent individual variations in speech voice. While this
scheme may not be as practical as the standard patient-wise
scheme in real-world applications—since it would require a
known normal state for a given individual— it serves as a use-
ful baseline reference in cases where individual differences are
decoupled from pathological features.

The standard patient-wise scheme follows a typical clas-
sification approach, where the training and test sets contain a
mixture of ’wet’ and ’dry’ vectors, each treated as a standalone
data point. The standard scheme was conducted separately for
female, male, and combined groups.

2.4. Adaptive frequency filter (AFF)

The AFF (part c.2 in Figure 1) is primarily designed for the vi-
sualisation of frequency importance. This technique is inspired
by [14]. While [14] operates in the time domain, our AFF is
directly applied in the frequency domain. The AFF is a train-
able linear projection matrix applied to the time-frequency data
before sequential encoding, and in this case, transformer en-
coders. It has a dimension of (dfreq, dnew), where dfreq rep-
resents the input dimension of the frequency axis, and dnew is a
user-defined target dimension. It is applied to the spectrogram
(S) as:

S (T, dfreq)×AFF (dfreq, dnew) = F (T, dnew) (2)

To obtain the filtered feature map (F), the AFF will have
dnew filters, with each filter having trainable attention across
all dfreq dimensions. The trainable AFF is initialised as an
MFCC filter bank. To ensure that each filter focuses on a rele-
vant frequency band and converges towards a Butterworth-style
filter bank, we trim the high attention values outside a specific
frequency range around the current highest position after every
few epochs.

3. Results and discussion
Table 5 presents the patient-wise and pair-wise classification re-
sults, as outlined in part c.1 of Figure 1. We report the F1 score,
which is calculated as follows:

F1 =
2× precision× recall

precision+ recall
(3)

Overall, the ComParE 2016 feature set outperformed
eGeMAPSv02, though it comes with a considerably larger fea-
ture size. The highest performance was observed in the pair-
wise scheme of the ’mm’ task using the ComParE 2016 fea-
ture set, achieving an F1 score of 0.964. The pair-wise scheme
generally outperformed the patient-wise scheme across nearly
all settings, including the average score. This suggests that
personal differences substantially influence model accuracy, as
expected, with the pair-wise scheme remaining unaffected by
inter-patient variations due to its focus on intra-patient compar-
isons. This assumption is further supported by statistical tests.
From Table 4, paired t-tests consistently identified more sig-
nificant features than independent t-tests, indicating that while
there are changes before and after hospitalisation, these dif-
ferences are smaller than the inherent variations between pa-
tients. As a result, the overall difference between HF and nor-
mal groups becomes less pronounced.

Although previous studies commonly train separate mod-
els for male and female groups, our results show that this ap-
proach slightly improves performance (about +4% on average
compared with the combined group). However, it cannot com-
pletely eliminate the influence of personal differences, as evi-
denced by the remaining 12% difference compared to the pair-
wise baseline.
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(a) (b)

(c) (d)

(e)

/i, y/ F1

/a/ F1
/a, u, y/ F3

F0

Figure 2: AFF frequency analysis for the tasks: pg(a), mm(b), mlh(c), c(d); and the sum of frequency dimensions, average, and standard
deviation across the four tasks (e). The positions of the fundamental frequency (F0) and the resonant frequencies of vowels are marked
in (e). For task name abbreviations, refer to Table 2.

The frequency analysis of the AFF (part c.2 in Figure 1)
is illustrated in Figure 2. Several significant frequency areas

Task Feature
Set

Feature
Selection

F1 (%)
Female Male All Pair-

wise

pg
A

ind 68.1 54.2 54.5 68.6
pair 59.0 59.0 56.0 61.6

B
ind 90.9 86.4 72.7 89.6

pair 90.8 79.5 68.1 88.6

mm
A

ind 58.3 58.7 56.8 68.8
pair 49.5 55.8 47.7 76.3

B
ind 89.9 85.2 68.1 96.4
pair 89.9 67.6 61.2 96.4

mlh
A

ind 48.5 57.8 61.3 71.3
pair 41.2 59.8 53.8 73.0

B
ind 91.6 78.9 76.0 91.7
pair 74.8 76.3 71.8 91.2

c
A

ind 54.2 60.0 62.7 67.3
pair 54.5 55.0 64.5 61.0

B
ind 68.1 80.0 74.2 95.4
pair 72.7 77.5 74.1 96.5

Average 68.9 68.2 64.0 80.9
Table 5: Classification results of fully connected classifiers. A:
ComParE 2016, B: eGeMAPSv02. Task name abbreviations
are provided in Table 2.

are identified, with the low-frequency range below 250 Hz cor-
responding to the fundamental frequency (F0). The AFF also
captured several vowel formants, such as /a/ (F1 ∼ 800Hz), /i,
y/ (F1 ∼ 300Hz) and /u/ [8]. Notably, in Figure 2(b), the 800
Hz area is less pronounced for the ’mm’ task, likely due to the
absence of the vowel /a/.

4. Conclusion
This study presents the first large-scale Chinese paired speech
dataset for HF detection. A ’pair-wise’ classification scheme,
decoupling personal differences, was proposed as an ideal base-
line. Two feature sets were employed for feature extraction, and
fully connected models were used for classification. The classi-
fication results highlight personal differences as a major factor
affecting model accuracy, a challenge that cannot be fully ad-
dressed by the common practice of training separate models for
male and female groups. The frequency analysis using the AFF
identified several vowel formants as significant in HF detection.

Future work could improve upon this study in several ways.
First, although the ’pair-wise’ scheme serves as an ideal refer-
ence for speaker-irrelevant cases, it may not be practical in real-
world applications, as it requires a known normal state, which
is not always available. Further improvements in model de-
sign would be necessary to reduce the accuracy gap between the
standard and pair-wise schemes. Second, while the frequency
analysis captured important vowel formants, further refinement
is needed to more accurately identify resonant frequencies and
their exact positions.

5. Ethics
The study adhered to the guidelines of the Declaration of
Helsinki and was approved by the Taizhou People’s Hospital
(approval number KY 2023-073-01, obtained on 7 June 2023).
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