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Abstract
Voice anonymization systems have the potential to achieve
greater voice privacy, although existing systems suffer from a
lack of use-case specificity and controllability [1]. One such
use-case is the detection of speech-affecting diseases from voice
data.

Emerging research shows promising results in early predic-
tion of such diseases [2], but the required information is inher-
ently sensitive. Speech conveys private attributes beyond lin-
guistic content, including health, emotional state, and identity
[3]. Privacy-preserving processing can therefore be achieved
by transforming speech to limit disclosure of private attributes
while preserving task-relevant information [4], aligning with
information-theoretic formulations of the privacy–utility trade-
off [5].

This work studies disease detection in anonymized speech.
State-of-the-art anonymization pipelines constrain information
through bottlenecks such as quantized SSL features [6] or phone
transcriptions [7]. Utility-focused anonymization is achieved
by controlling the flow of information through these bottle-
necks. My research therefore focuses on: (1) acoustic analy-
sis of disease-related phenomena under anonymization, (2) fea-
ture disentanglement, and (3) controllable synthesis for se-
lectively preserving or suppressing health-related information.

Acoustic Analysis

Speech biomarkers include both acoustic and prosodic char-
acteristics. Prior work has identified measurable correlates
between speech and disease [8, 9], but their behavior under
anonymization remains underexplored beyond limited studies
on Parkinson’s disease [10, 11].

Prosodic features such as pitch, energy, and unit durations
are also informative [12, 13, 14]. In anonymization pipelines,
linguistic units (e.g., VQ tokens from ASR-BN [6]) provide a
discrete structure analogous to phones, enabling duration mod-
eling as mappings between units and frame lengths. I therefore
propose modifying unit durations via duration predictors (DPs),
provided durations modulation would not destroy the desired
biomarkers.

Preliminary results indicate that interpolating toward pre-
dicted durations consistently increases EER, while incurring
only gradual degradation in ASR performance. These findings
are consistent with prior work showing that phone durations
alone can leak speaker identity [15, 16], motivating their ex-
plicit control as a component of anonymization.

Feature Disentanglement

Speech models encode multiple attributes in entangled repre-
sentations. Disentanglement separates information in these rep-

resentations such that task-relevant attributes can be extracted.
Common approaches use adversarial classifiers with gradient
reversal [17] to suppress attributes such as speaker identity, age,
or emotion [18, 19, 20], sometimes combined with mutual in-
formation minimization [21].

These methods assume separable structure in latent space,
which is often imperfect in practice. Bottleneck-based ap-
proaches instead suppress information globally and reintroduce
desired attributes. The ASR-BN pipeline [22] uses a low-
capacity VQ codebook to attenuate speaker information, while
models such as emotion2vec [23] similarly enforce compact
representations.

Recent work combines these approaches via residual vec-
tor quantization (RVQ) [24], enabling hierarchical disentangle-
ment of attributes [25]. This suggests that biomarker-related
attributes can be associated with specific levels of the hierarchy,
enabling structured and interpretable control.

Controllability

Disentangled representations enable controllable synthesis. Du-
ration modeling, for instance, could allow replacement of
source durations with those characteristic of a target speaker.
Current results primarily obscure rather than precisely control
durations, suggesting the need for more expressive or categori-
cal duration models [26].

Representation-level control can also be achieved through
interpolation. Prior work demonstrates linear structure in
speech representations, enabling transformations such as accent
conversion [27] and phonetic manipulation [28]. These find-
ings support the possibility of selectively combining disentan-
gled biomarker-related features.

Modern TTS systems provide further insight. Flow-
matching [29] models reconstruct masked spectrograms [29, 30,
31], while mechanisms such as classifier-free guidance (CFG)
[32] and feature scaling enable controllable generation [33].
These approaches can preserve paralinguistic features such as
laughing and breathing [34], suggesting a pathway for control-
ling biomarker-relevant attributes in anonymized speech.

This work aims to bridge privacy and utility by developing con-
trollable anonymization systems that preserve clinically rele-
vant speech information. By combining acoustic analysis, dis-
entangled representations, and controllable synthesis, it sup-
ports the development of privacy-preserving disease detection
from speech.
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