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Abstract
Simulation-based training is widely used in neonatology to prepare healthcare professionals for high-risk clini-
cal situations. In this context, effective communication and teamwork are critical for patient safety. However, 
evaluating communication quality during simulation sessions often relies on time-consuming manual review 
of audio and video recordings by expert trainers. Moreover, the poor acoustic quality of recordings and the 
presence of overlapping speech and background noise make conventional speech-recognition-based analyses 
unreliable. To address these limitations, this paper proposes an automated workflow that detects acoustic-
prosodic anomalies associated with potentially ineffective communication in neonatal simulation sessions using 
syllabic-scale acoustic analysis and unsupervised deep learning. The approach extracts super-segmental features 
inspired by psychoacoustic principles and models them through deep neural architectures to identify anomalous 
dialogue segments associated with stress, uncertainty, elevated vocal effort, or inefficient interaction patterns. 
Unlike traditional methods relying on speech transcription or phonetic-level processing, the proposed system 
operates directly on syllabic-scale acoustic patterns, making it more robust to noisy and heterogeneous record-
ing conditions. The workflow was evaluated across multiple neonatal simulation case studies and compared 
with a traditional cluster-analysis baseline. The proposed method achieved an average accuracy of 87.7%, 
with a maximum of 91.2%, representing improvements of up to 59% over the baseline approach. The system 
also demonstrated robustness to high noise levels and produced training-quality assessments showing strong 
agreement with expert evaluations. By automatically identifying acoustic-prosodic indicators associated with 
potentially ineffective communication, the proposed approach can support objective review and feedback pro-
cesses in neonatal simulation-based training.

Keywords  Artificial Intelligence · Healthcare · Neonatology · Psychoacoustics

1  Introduction

Training through simulation is a widely adopted educational methodology that recreates realistic scenarios in 
controlled environments, allowing trainees to practise technical and non-technical skills without risk to patients 
[1–4]. In medicine, simulation-based training plays a crucial role in preparing healthcare professionals to manage 
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complex, high-risk situations while maintaining patient safety. Simulation enables learners to translate theoretical 
knowledge into practice through hands-on activities and structured feedback [5–7].

Neonatology is one of the medical specialities in which simulation-based training is particularly valuable [8]. 
Neonatologists are responsible for the care of newborn infants, especially those with critical conditions such 
as prematurity, congenital anomalies, or respiratory failure. In these contexts, rapid decision-making and coor-
dinated team actions are essential to ensure successful clinical outcomes. Because neonatal emergencies often 
require simultaneous interventions from multiple professionals, effective teamwork and communication are as 
important as individual technical competence [9–12]. In fact, evidence suggests that optimal clinical outcomes 
depend on procedural expertise and the quality of collaboration and communication within the medical team [8].

Simulation-based neonatal training is therefore needed to develop technical proficiency and also to improve 
so-called human factors, including communication, situational awareness, leadership, and teamwork. Human 
factors are non-technical skills that influence how healthcare professionals interact with equipment, clinical 
environment, and with each other during high-pressure situations [13–15]. Ineffective communication, such as 
unclear instructions, misunderstandings, or emotionally charged interactions, may compromise team coordina-
tion and delay critical interventions, such as neonatal resuscitation [16–18]. For this reason, trainers pay close 
attention to analysing team dynamics during simulation sessions to identify communication patterns that may 
hinder effective clinical performance.

Currently, the evaluation of simulation sessions most often relies on expert observation and manual analysis 
of audio and video recordings. Trainers review these recordings to identify communication patterns, decision-
making processes, and behavioural responses to stressful scenarios. However, this approach is time-consuming 
and strongly dependent on expert interpretation. As simulation programmes expand and large volumes of train-
ing data become available, automated tools capable of analysing team interactions can provide valuable support 
to instructors by highlighting relevant segments of a session and offering objective insights into communication 
dynamics [19–21].

Recent advances in Artificial Intelligence (AI) provide new opportunities to analyse complex human interac-
tions in clinical training environments. In particular, speech processing techniques and automatic speech recog-
nisers (ASRs) can extract meaningful information from audio recordings of simulation sessions, enabling the 
detection of patterns associated with stress, uncertainty, or ineffective communication. Such approaches have 
the potential to complement expert evaluation by providing quantitative indicators of communication behaviour 
and facilitating the rapid exploration of ineffective communication [22–26]. However, the use of speech recog-
nition, phonetic-scale signal analyses, and text-based processing presents several drawbacks when applied to 
spoken dialogues recorded during training-through-simulation sessions. A primary limitation concerns the very 
low audio quality typically encountered in these environments. The signal-to-noise ratio is often below 20 dB 
in environmental recordings contaminated by white, violet, and heterogeneous background noise from clinical 
equipment. Moreover, low-volume recordings are frequent, especially in historical data collections. In some 
cases, speech can be barely intelligible, severely degrading the performance of transcription systems. As a result, 
even state-of-the-art ASRs perform poorly, with full sentences transcribed incorrectly and many critical words 
missing from the output [27–29] (as also demonstrated in Sect. 3.1). This scenario makes any analysis relying 
on textual transcription inherently unreliable. These limitations arise because ASRs - both traditional and end-
to-end architectures - depend heavily on the phonetic structure of speech, which becomes distorted under high-
noise conditions, leading transcription-based approaches to fail in realistic medical simulation environments. 
Furthermore, the intrinsic characteristics of dialogue during emergency simulations further complicate transcrip-
tion: speech often includes overlapping utterances, emotionally charged expressions (e.g., stress or anger), rapid 
speaking tempo during critical interventions, and long silences followed by short bursts of speech, all of which 
significantly reduce ASR accuracy [28, 30, 31]. Finally, there may be high variability across recordings, including 
differences in team size, gender composition, noise conditions, and interaction frequency. Developing a robust 
supervised model based on speech transcription would therefore require a very large annotated corpus covering 
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all these conditions, which is difficult and expensive to obtain. For these reasons, approaches relying solely on 
speech recognition or phonetic-level processing are not well-suited to analysing spoken communication in noisy 
and heterogeneous simulation environments.

Alternatively, psycho-acoustics-inspired speech processing has been proposed based on syllabic-scale, super-
segmental, and rhythmic components, which are more robust to noise and better aligned with emotions and human 
factors [32, 33]. Although these techniques cannot provide a sufficiently detailed phonemic structure to allow for 
transcribing utterances, they have great potential for detecting speech alterations and disfluencies, which often 
manifest as irregular rhythms or pauses rather than segmental errors [34]. Moreover, they can improve speech 
recognition stability across different noise conditions by mimicking crucial underlying processing strategies of 
the auditory cortex, which relies on slower rhythmic structures to support perception under challenging condi-
tions [35, 36].

In this study, we propose an automated workflow, based on super-segmental features and syllabic-scale rhyth-
mic components of speech, designed to support simulation-based training in neonatology by identifying segments 
of dialogue that may contain ineffective communication among medical team members. Unlike earlier approaches 
(Sect. 2) based primarily on phonetic features and clustering techniques, or on transcriptions, the present work 
explores advanced modelling strategies that process syllabic-scale features using unsupervised deep learning. 
By processing these features and self-adapting to the audio recorded from a training session, the workflow can 
capture richer patterns in speech dynamics without requiring phonetic-level features, thereby addressing the chal-
lenge posed by adverse noise and recording conditions.

The workflow was conceived to analyse audio recordings from neonatal simulations (e.g., resuscitation and 
critical scenario management) to identify dialogue segments characterised by acoustic and conversational pat-
terns associated with stress, misunderstanding, uncertainty, or inefficient interaction. It particularly aims to detect 
dialogue anomalies associated with ineffective communication and provide trainers with more informative sum-
maries of simulation sessions. Moreover, it estimates an overall quality assessment of the training session based 
on the proportion of ineffective to effective verbal communication.

Notably, the proposed system does not directly model ineffective communication in a semantic or interactional 
sense. Instead, it detects alterations in acoustic-prosodic patterns at the syllabic scale that correlate with inter-
actional difficulties, and interprets them as indicators of potentially ineffective communication. This operational 
definition reflects the constraints of the analysed scenarios - where severe noise conditions and overlapping 
speech make reliable transcription and semantic analysis infeasible - but improves automation.

Automating the identification of potentially problematic interactions and suggesting an overall quality assess-
ment can (i) significantly reduce the time trainers spend analysing simulation sessions, (ii) enhance the evaluation 
of team communication in neonatal teams, and (iii) support trainers in improving both individual and collective 
performance during high-risk clinical scenarios.

To summarise, this work presents a recording-adaptive, unsupervised deep learning workflow for detecting 
ineffective communication in neonatal simulations under acoustic constraints. Key innovations include the use 
of syllabic-scale, psychoacoustically motivated super-segmental features within a two-step anomaly-detection 
framework that can estimate an interpretable overall training quality score. The main contribution of this work 
lies in the integration of established techniques into a coherent, recording-adaptive framework tailored for the 
analysis of communication in highly noisy simulation environments.

The paper is organised as follows: Section 2 reports on current techniques used to enhance communication in 
medical teams and the issues modern technology faces. Section 3 describes the case studies, the workflow, and 
the evaluation methodology. Section 4 reports the results of the application of our workflow to the case studies. 
Finally, Sect. 5 discusses the results and draws conclusions.
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2  Overview

Automatic systems for detecting ineffective verbal communication are increasingly discussed in the context of 
optimising training through simulation with data-driven feedback. Alongside high-fidelity manikins, multi-cam-
era recording, and structured debriefing, recent work has explored AI-assisted debriefing and multimodal learning 
analytics. These techniques help instructors rapidly identify crucial moments in a training session (e.g., teamwork 
and communication events) and support debriefing through summaries or dashboards that aid manual review [21, 
23, 37–40].

In this context, ineffective verbal communication can be operationally defined in terms of its prosodic and 
acoustic profile and its behavioural correlates [28, 41, 42]. One common signature is high syllabic-scale (100–
250 ms) speech energy, indicating increased speech intensity: louder-than-average speech, stronger energy peaks, 
abrupt energy bursts, and increased vocal effort are often consistent with anger, stress, fear, agitation, or over-acti-
vation during emergencies. A second signature is high syllabic-scale pitch (elevated fundamental frequency and 
more extreme intonation contours): higher average F0, sharper tone, increased pitch variability, and a raised voice 
quality are often associated with urgency, anxiety, irritation, insistence, and emotional tension. When high energy 
and high pitch co-occur, the result is an intensified prosodic pattern that frequently accompanies escalating stress, 
misunderstandings, cognitive overload, timeline pressure, and breakdowns in controlled, assertive coordination 
such as medical training. Evidence across speech and emotion research supports the relation between negative 
affect or stress and overall increases in intensity, volume and pitch [42–47]. Although ineffective communication 
is broader than negative emotion, in simulation practice the two often intersect (e.g., during stress escalation and 
misunderstandings), making prosody, and generally rhythmic and super-segmental features (i.e, speech attributes 
that extend over units larger than a phonetic-scale) a natural and often more noise-tolerant target than lexical 
content. By contrast, effective verbal communication in simulation settings is typically characterised as assertive, 
controlled, clear, and intonation-stable. Therefore, exaggerated prosody and intensity can serve as practical indi-
cators of potentially ineffective speech.

Modern automated approaches to analysing ineffective verbal communication in spoken dialogues usually 
combine several layers of signal and human interaction modelling. One family of methods emphasises pro-
sodic and paralinguistic analyses (energy, pitch contours, rhythm, speech rate, turn-taking dynamics), sometimes 
explicitly at syllabic or sub-utterance time scales to better capture short bursts, tension, and rapid interaction 
shifts [42, 48–50]. A second family uses machine learning for detecting emotional, stress, and cognitive load, 
where prosodic features often play a central role and can be integrated with phonetic-scale (10–20 ms) spectral 
features or learned representations [51–54]. A third family utilises multimodal systems that combine audio with 
video, proximity, positioning, or interaction traces to produce relevant indicators for the trainers (e.g., participa-
tion balance and temporal patterns of collaboration) and to support debriefing with structured summaries [19, 23, 
55].

A persistent challenge is that text-based processing and modern ASRs often fail in the conditions where inef-
fective communication matters most: noisy, heterogeneous, multi-speaker, emotionally charged emergency dia-
logue. ASR performance drops with background noise, overlapping speech, rapid tempo, and domain-specific 
jargon, especially when the system relies on phonetic structure that noise and overlapping speech distort [33, 
56–58]. Studies benchmarking ASRs in simulated emergency settings have highlighted clinically relevant limita-
tions under realistic acoustic conditions [59, 60]. For this reason, many of these systems have restricted transcrip-
tion to better-quality segments, added noise-robust adaptation and re-training strategies, or reduced dependence 
on transcription by focusing on prosody and voice activity patterns.

Above all, psychoacoustic theories can inform automatic systems why super-segmental cues remain useful in 
detecting ineffective verbal communication in noisy environments and how to engineer robust detectors. Psycho-
acoustics emphasises human sensitivity to temporal modulations, loudness, and pitch cues that remain perceiv-
able even when fine phonetic details are masked. ASR and speech processing systems based on psychoacoustic 
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theories have often adopted design choices that operate at syllabic time scales and prioritise energy and pitch 
dynamics [33, 34, 61, 62]. These outcomes have been particularly used for noise-robust modelling and for pro-
ducing alternative representations for recognition and analysis in the presence of additive noise, reinforcing the 
use of prosody-first or syllable-scale pipelines when transcription is unreliable [32–34].

A significant technological help in this context has been recently provided by self-supervised and representa-
tion learning approaches, sometimes reused from different application domains [63–65]. Models such as Wav-
2Vec 2.0 [66, 67], HuBERT [68, 69], and related embedding-based architectures [70, 71] can learn high-level 
representations of speech directly from large-scale unlabelled corpora, enabling robust downstream tasks includ-
ing speech recognition, speaker identification, and paralinguistic analysis. These representations have also been 
employed in anomaly detection settings [72, 73], where deviations are identified in the learned embedding space 
rather than in handcrafted acoustic features. Modern anomaly detection methods for audio have explored a wide 
range of techniques, including deep autoencoders, contrastive learning frameworks, density estimation in latent 
spaces, and hybrid architectures combining temporal modelling with deep generative models [74–76]. These 
approaches often rely on large and diverse training datasets to learn generalisable representations of normal 
behaviour. However, the applicability of such methods to the detection of ineffective verbal communication 
is constrained by several factors. First, the available data consist of a limited number of highly heterogeneous 
recordings acquired under severe noise conditions, which differ substantially from the clean or moderately noisy 
corpora typically used to train self-supervised models [77, 78]. Second, large annotated or pretraining datasets are 
unavailable, especially for low-resource languages [79]. Therefore, the methods should be able to adapt directly 
to the acoustic characteristics of each session. For these reasons, this paper proposes a methodology that adopts 
a recording-adaptive unsupervised strategy based on syllabic-scale acoustic features and generative modelling, 
which provides robustness under extreme acoustic variability while remaining applicable in data-poor scenarios.

2.1  Main novelties of this work

The present work builds on previous efforts to incorporate psychoacoustic principles into speech processing. 
It addresses the challenge of detecting ineffective verbal communication in recordings from medical training 
through simulation under particularly complex conditions. These conditions include highly variable noise envi-
ronments, very low signal-to-noise ratios (down to approximately 4 dB), and multiple speakers with overlapping 
speech. The case studies were derived from real-world hospital simulations and belonged to a valuable historical 
collection routinely used by medical trainers to support the optimisation of learning outcomes (Sect. 3.1). In these 
scenarios, approaches based on text processing or phonetic-scale signal processing were not applicable because 
the phonetic structure of speech was heavily masked by noise and environmental disturbances (Sect. 3.1.2). In 
contrast, supra-segmental cues remained relatively robust and therefore provided a viable basis for analysis.

Within this context, the proposed approach adopts syllabic-scale acoustic representations, including Modula-
tion Spectrogram features and super-segmental energy–pitch descriptors, which are more resilient to noise and 
better aligned with perceptual mechanisms related to speech dynamics. Since no annotated training set was avail-
able, the workflow was designed as a recording-adaptive, unsupervised system that self-adjusts to the acoustic 
characteristics of each session. In addition, the method produces an interpretable Training Quality Score, provid-
ing trainers with a concise summary of communication effectiveness within a simulation.

Overall, the contributions of the proposed workflow can be grouped into two main categories: (i) method-
ological contributions, and (ii) task-specific integration for neonatal simulation analysis. From a methodological 
perspective, the main contribution lies in the design of a recording-adaptive, unsupervised anomaly-detection 
workflow operating on syllable-scale acoustic features. This process combines modulation-based representations 
and energy–pitch features within a two-stage deep learning-based architecture that first operates noise removal 
and then detects communication-related anomalies. From an application perspective, the novelty lies in integrat-
ing these components into a coherent workflow - tailored to highly noisy medical simulations - that includes 
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tone-unit segmentation, anomaly aggregation, and the definition of an interpretable Training Quality Score to 
assess overall training effectiveness.

In summary, the contribution of the proposed system is not the introduction of a new deep learning architec-
ture per se, but rather the principled combination of psychoacoustically motivated features and adaptive anomaly 
detection techniques within a domain-specific framework designed for challenging real-world conditions.

3  Methods

This section outlines the details of our workflow. A general conceptual schema is illustrated in Fig. 1, which 
specifies the two main phases: noise removal and ineffective verbal communication detection. Figures 2 and 3 
provide detailed representations of the workflow components within each phase.

The following sections first describe the data for which the workflow was designed (Sect. 3.1). Next, they 
outline the acoustic units (Sect. 3.2) and features (Sect. 3.3) utilised. Subsequently, Sects. 3.4 and 3.5 describe 
the two main phases of the workflow. Finally, Sect. 3.6 explains the evaluation methodology used to assess the 
workflow performance.

3.1  Data

The foundation for the development of our workflow was the historical audio-recording archive of the Centro 
di Simulazione e Formazione Neonatale (Centro NINA) of the Santa Chiara Hospital in Pisa, Italy.  This pub-
lic research centre is dedicated to training neonatologists through simulation. The archive serves as a valuable 
resource for developing new communication protocols and conducting comprehensive analyses of prevalent 
communication errors and learning obstacles among trainees. The recordings used in this study were collected 
during simulation activities conducted within the Dipartimento Materno Infantile of the Azienda Ospedaliero-
Universitaria Pisana   for neonatology speciality training. The simulations were conducted in a dedicated room 
at the Santa Chiara Hospital of Pisa. This room was equipped with a realistic neonatal island, a delivery room, 
and clinical tools designed to enhance participants’ emotional engagement and provide a lifelike context for the 
procedures being practised. The simulated scenarios focused primarily on neonatal resuscitation, specifically 
addressing cases involving a newborn experiencing respiratory failure or a hypotonic newborn. Trainees inter-
acted with a neonatal simulation manikin (Laerdal’s SimNewB [80]), which replicated identical critical clinical 
scenarios for all participants. The management of SimNewB was conducted via Laerdal’s LLEAP simulation 
software, which simulated clinical states and was equipped with sensors for recording the effectiveness of clinical 
interventions, subsequently providing feedback to the medical team. The feedback and interactions were entirely 
a consequence of the trainees’ interventions and the simulator’s automatic feedback mechanism. Recording of the 
sessions was facilitated by Laerdal’s SimView software and used one environmental microphone (Behringer B2 
PRO) positioned 1.5 meters above the simulation manikin, centrally located in the room, with no noise filtering 
applied.

The training sessions were organised into three primary phases. The initial phase involved trainees assisting 
an expert trainer who managed a simulated emergency scenario. The expert trainers were certified by NRP-AHA 
(Neonatal Resuscitation Program of the American Heart Association) and SIN (Societá Italiana Neonatologia). 
During the second phase, the trainees were tasked with managing the simulated situation independently, without 
the trainer’s support. Following this session, the trainer conducted a debriefing session to analyse and evalu-
ate the simulation outcomes. The third phase, conducted two to three months later without a prearranged date, 
required trainees to repeat the simulation with a trainer present among the assistants. This phase was particularly 
instrumental in assessing the overall level of expertise attained by the trainees, thereby making it more suitable 
for evaluating the performance of our workflow.



1 3

7Page 7 of 33    633 

Neural Computing and Applications

https://doi.org/10.1007/s00521-026-12319-1

Fig. 1  Conceptual schema of the proposed workflow
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Fig. 3  Second phase of our workflow, addressing ineffective verbal communication detection

 

Fig. 2  First phase of our workflow, addressing noise removal
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The hospital was requested to provide audio recordings of these final sessions for use as case studies, contin-
gent on confirming that the informed consent obtained from the trainees was compliant with the study’s objec-
tives. Ultimately, a total of 10 sessions were procured (Table 1), corresponding to those also employed in [28], 
for a total duration of approximately 79 minutes, captured under various high-noise-level conditions (ranging 
from 4.63 to 14.17 SNR) with a sampling frequency of 16 kHz. The recordings featured diverse team and gender 
compositions (two or three team members, male and female trainees), with a total of 10 speakers across the case 
studies. They represented common conditions and recording settings of historical audio recordings from hospital 
archives.

3.1.1  Data preparation

The objective of our workflow was to identify and tag audio segments, from each case study recording, charac-
terised by ineffective verbal communication among team members, based on the presence of at least one of the 
following negative evaluation factors:

	● High emotional and psychological stress
	● Communication not directed towards the appropriate team member
	● Non-assertive or aggressive communication style
	● Uncontrolled emotional content and verbal intonation
	● Uncertainty within the communication
	● Confusion about the technical terminology
	● Lack of confirmation regarding actions required from team members
	● Excessive use of the first person plural
	● Insufficient leadership exhibited by the medic managing the operation
	● Discussion of strategies during emergency situations
	● Inadequate level of expertise concerning specific tasks.

Table 1  Summary of the case studies involved in our work, along with the indications of (i) the type of simulation managed 
by the medical team, (ii) the estimated signal-to-noise ratio (SNR), (iii) the noise conditions, (iv) the audio durations, (v) the 
number of speakers involved and (vi) their sexes, the (vii) average (avg.) tone unit (TU) duration, (viii) the average duration 
of the TUs containing speech, and (ix) the average duration of the TUs containing ineffective verbal communication
Case Simulation type SNR 

(dB)
Noise conditions Duration 

(minutes)
No. 
speakers

Participant 
sexes

Avg. TU 
duration 
(s)

Avg. TU 
duration 
of speech 
(s)

Avg. TU duration 
of ineffective 
verbal communi-
cation (s)

T1 Newborn with respiratory 
failure

14.2 white (low level) 11 2 Female 1.18 3.37 4.69

T2 Hypotonic newborn 6.8 white (high level) 6.5 2 Female 1.17 3.41 4.10
T3 Newborn with respiratory 

failure
11.0 white and violet 8 2 Female 1.07 2.65 3.44

T4 Newborn with respiratory 
failure

11.1 white and blue 7 2 Female 1.08 2.64 3.10

T5 Hypotonic newborn 6.8 white and violet 
(high level)

9 2 Female 1.09 2.33 3.33

T6 Hypotonic newborn 11.5 violet (low level) 6.5 3 Female and 
Male

1.09 2.54 2.58

T7 Hypotonic newborn 12.3 violet (low level) 6.5 3 Female (2) 
and Male (1)

1.02 2.57 2.57

T8 Newborn with respiratory 
failure

4.6 white (high level) 9.5 2 Female 1.03 2.15 2.51

T9 Newborn with respiratory 
failure

4.8 white (high level) 7.5 3 Female (2) 
and Male (1)

1.09 2.51 3.24

T10 Hypotonic newborn 10.1 white (low level) 7.5 2 Male 1.02 2.05 1.94
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While these factors help define ineffective communication, not all can be observed through acoustic analysis 
alone. For example, confusion over terminology and discussions during emergencies entail semantic information 
that would require reliable speech transcription. Given the operational scenario constraints, this study specifically 
focuses on capturing the ineffective communication that emerges in acoustic-prosodic features, such as devia-
tions in energy, pitch, and rhythm, which indicate stress and interactional disruption.

A gold standard of annotated audio segments was established, encompassing 4,385 audio segments across the 
case studies, each corresponding to a tone unit (as detailed in Sect. 3.2). Each segment was manually classified 
into one of three categories: ineffective communication (at least one negative evaluation factor present), noise 
(machine or background noise and non-speech audio), or effective communication (otherwise). A collection of 
randomly selected segments totalling 5 minutes from the corpus (approximately 6%) was used as a development 
set for calibration of workflow parameters.

Furthermore, since the workflow was also designed to yield an overall quality assessment categorised as poor, 
average, or good, each case study was assessed by two experts, each from distinct areas of specialisation. Expert 
1 possessed expertise in psychoacoustics and speech annotation and evaluated the cases through the lens of 
emotional factors, stress levels, disfluencies, uncertain speech, and acoustic cues pertinent to the aforementioned 
negative evaluation factors. In contrast, Expert 2 brought experience in simulation-based training in neonatology, 
assessing the training sessions from a content-oriented perspective, specifically regarding whether trainees met 
the anticipated level of expertise. Both experts formulated their evaluations (poor/average/good training effec-
tiveness) by assigning scores on a 5-point Likert scale to each evaluation factor and then subjectively determining 
the overall training effectiveness based on the cumulative score.

3.1.2  Speech recognition performance on the case studies

The high and heterogeneous noise levels present in the case studies, together with spontaneous and overlapping 
speech and the complexity of the real-world simulation environment, prevented the reliable use of automatic 
speech transcriptions for downstream analysis based on text-derived features such as sentiment, emotion, or 
keyword extraction. Our tests on this corpus indicated that the state-of-the-art OpenAI Whisper v3-large model 
(1.6 billion parameters) achieved 42.9% word accuracy, 14.1% substitution rate, 14.1% deletion rate, and 132.9% 
insertion rate. Under these conditions, the probability of correctly capturing a critical keyword was only 18.4%. 
Although transcription performance has approximately doubled compared with five years ago - when the Google 
ASR system achieved 23.3% word accuracy on the same corpus [28] - these results remain insufficient to support 
the development of a reliable text-based classification system. These observations justify the search for alterna-
tive solutions that do not rely on phonetic-scale recognition to process the presented case studies and, more gener-
ally, historical audio recordings from hospital archives.

3.2  Tone unit segmentation

Ineffective verbal communication can be investigated within dialogue units that contain finite and meaningful 
interactions between speakers. An acoustic correlate of such a dialogue unit is the tone unit (TU), defined as a 
portion of speech produced under a coherent intonation contour, representing a prosodically organised segment 
of discourse [81, 82]. Within the prosodic hierarchy, tone units correspond to short speech segments character-
ised by relatively stable patterns of energy and pitch, typically concluding with a marked decrease in energy or a 
boundary-related prosodic cue [83, 84].

Tone units frequently contain a complete or semantically coherent utterance, although they may also cor-
respond to structured non-speech events such as short noise bursts or pauses occurring within conversational 
exchanges. For this reason, they provide a convenient and linguistically meaningful representation for analysing 
the quality of verbal communication in conversational settings. TU-based segmentation can help isolate salient 
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speech segments, discard noisy or irrelevant portions of the signal, and consequently improve the robustness of 
downstream processing tasks of ASRs or dialogue analyses [28, 32, 34, 85].

The automatic detection of tone units can be made more robust to noisy conditions by operating at a syllabic 
temporal scale. In particular, the use of analysis windows in the range of 100–250 ms allows the capture of acous-
tic events associated with syllabic nuclei that remain relatively stable even when the phonetic structure of speech 
is partially masked by noise [28, 34, 86–88]. Such syllabic-scale processing is therefore well suited for analysing 
conversational speech recorded in challenging environments.

As a first step, the proposed workflow (Fig. 2-step 1) segments the acoustic signal into TUs. This segmentation 
is performed using a modified version of an adaptive algorithm also employed in other speech recognition and 
speech processing studies [28, 34, 89]. The algorithm applies an iterative adaptation procedure that starts from 
an initial energy-drop threshold, expressed as a percentage parameter, to identify the end of a TU. This threshold 
is progressively increased until a minimum expected number of TUs is detected in the audio signal. Therefore, 
a TU is identified as the termination of a sequence of relatively high-energy speech followed by a significant 
energy drop. Previous studies have shown that this approach is robust for speech segmentation, particularly under 
heterogeneous and noisy recording conditions [87].

In the present implementation, the method was re-adapted by defining low-energy regions as those falling 
below the 25th percentile of the energy distribution of the analysed signal and using a relative energy drop thresh-
old. The algorithm pseudocode is reported in the following:

Algorithm 1  Tone unit segmentation algorithm
Based on the analysis of the development set, our workflow used a 200 ms time-frame-length (to likely catch 

syllabic-duration silences, in line with previous applications of the algorithm [28]), a starting 60% energy drop 
threshold (to account for high background noise), and 3 minimum TUs to search.

Across the analysed case studies, the average TU duration of segments containing ineffective verbal com-
munication was often longer than that of segments containing spoken dialogue (Table 1). Moreover, the overall 
average TU duration was generally shorter than that of TUs containing speech. This pattern suggests that noise 
events - such as machine-generated, coloured, or white noise - were frequently captured as individual tone units 
when they did not overlap with speech, as they exhibited well-defined energy profiles that satisfied the tone unit 
segmentation criteria.
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3.3  Acoustic features

Syllables play a central role in speech organisation and production, as they are associated with respiratory muscle 
impulses, peaks of sonority, and rhythmic energy patterns in the speech signal. Although a precise acoustic defi-
nition of the syllable remains elusive, syllables constitute a fundamental unit in human speech perception, and 
speakers appear to possess an intuitive awareness of syllabic structure [90, 91].

Within a spoken utterance, a syllable is typically organised around a nucleus, which represents the most intense 
and acoustically stable component of the segment across different speech realisations. The nucleus is usually 
preceded by an onset, characterised by increasing energy, and may terminate with a descending portion known as 
the coda. Because of the inherent variability of spontaneous speech, this canonical structure is not always clearly 
preserved. Nevertheless, syllables that approximate this structure (prominent syllables) often carry important 
information for both human and automatic speech recognition processes [92, 93]. Prominent syllables tend to 
preserve the rhythmic organisation of speech. They are typically less reduced than surrounding segments and 
therefore contribute significantly to maintaining intelligibility along the speech chain [94]. Generally, the impor-
tance of prominent and non-prominent syllables in speech perception extends beyond their phonetic composition. 
Evidence suggests that there exist temporal dynamics of speech at the syllabic scale that encode information that 
goes beyond fine phonetic details, supporting robust speech perception even when phonetic cues are partially 
degraded [32, 36, 95, 96].

For these reasons, and because the phonetic structure of speech in our case studies was heavily compromised 
by environmental noise, our workflow adopts a syllabic-scale analysis approach spanning 250 ms frames, without 
relying on fine phonetic details. The next sections describe the two principal types of features used in the pro-
posed workflow, which play distinct and complementary roles. The first type, the Modulation Spectrogram (Sect. 
3.3.1), is primarily used in the first phase of the workflow to distinguish speech from non-speech segments, as it 
provides a robust representation of slow temporal modulations that are resilient to noise. The second type, energy 
and pitch (Sect. 3.3.2), together with their temporal variations, is used in the second phase to detect alterations in 
speech behaviour associated with potentially ineffective communication. While the Modulation Spectrogram fea-
tures are well-suited for identifying speech activity, energy-pitch features are more sensitive to prosodic changes, 
such as intensity and intonation variations, which are indicative of stress, uncertainty, or interactional disruption. 
This separation of roles reflects the different nature of the two tasks addressed by the workflow: noise removal 
and communication analysis.

3.3.1  Modulation Spectrogram

Several studies have investigated acoustic representations of syllables that do not rely on their phonetic struc-
ture. One of the most influential approaches was proposed by Greenberg and Kingsbury through the Modula-
tion Spectrogram (MS) representation [35]. The MS provides a noise-robust, syllable-centred representation of 
speech based on slow temporal modulations of the acoustic signal rather than fine spectro-temporal details. It has 
been used in diverse applications, including ASR performance improvement in adverse noise conditions [36, 97, 
98], speech intelligibility evaluation [99], acoustic scene classification [100], and even for fake speech detection 
[101].

The MS emphasises the low-frequency portion of the modulation spectrum (0–8 Hz), with a peak sensitivity 
around 4 Hz, which approximately corresponds to the typical syllabic rate of speech. This representation captures 
acoustic properties consistent with articulatory dynamics (typically 2–12 Hz movement rates), auditory cortical 
sensitivity to slow temporal modulations (below approximately 20 Hz), and the statistical organisation of spoken 
language. The MS complies with the hypothesis that speech perception relies heavily on low-frequency modula-
tion patterns and syllabic-scale temporal organisation.

One of the key assumptions underlying this approach stems from psychoacoustic experiments demonstrating 
that speech remains intelligible to humans even when only slow temporal modulations below approximately 6 
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Hz are preserved [102]. These low-frequency modulation cues contribute significantly to the robustness of human 
speech recognition in noisy and reverberant environments [36, 103].

The MS is computed through the following processing pipeline (Fig. 2-step 2): First, the signal is passed 
through an 8-channel filterbank centred on Greenwood’s critical frequencies [104], approximating the frequency 
sensitivity of the human auditory system:

	 sk(t) = s(t) ∗ hk(t), k = 1, . . . , 8,

where hk(t) represents the impulse response of the k-th band-pass filter.
The output of each filterbank channel is then processed independently. The signal envelope is extracted using 

half-wave rectification followed by low-pass filtering (LPF28Hz) with a cutoff frequency of 28 Hz:

	 ek(t) = LPF28Hz(max(sk(t), 0)).

The resulting envelope is downsampled to 80 Hz and normalised by its average level. The temporal modulations 
of the normalised envelope are then analysed by computing the Fast Fourier Transform (FFT) over a 250-ms 
Hamming window with a 12.5 ms shift. Formally, for each frequency f of the spectrum and time frame (being t 
the central time of the window), the following squared magnitude is computed:

	 Ek(f, t) =| F {ek(τ)}τ∈[t−T/2, t+T/2] |2

where T denotes the duration of the window (250 ms), and F{·} denotes the Fourier transform.
Finally, the squared magnitude of the 4 Hz component of the FFT (expressed in dB) is retained as the MS fea-

ture associated with that channel:

	 MSk(t) = Ek(fm, t),

where fm ≈ 4 Hz.
The features across all channels capture the spectral components of slow speech modulations at approximately 

4 Hz (250 ms), which are closely related to syllabic-scale speech dynamics. This process thus produces a time 
series of 8-dimensional vectors at 12.5 ms intervals, with each vector representing the MS features of a 250 ms 
frame. Formally, the process yields an 8-dimensional feature vector x̄(t) = [MS1(t), . . . , MS8(t)] for each time 
frame.

MS features proved particularly suitable for our analysis because they facilitated discrimination between 
speech and non-speech segments in recordings characterised by very high, heterogeneous noise levels. As illus-
trated in Fig. 4, the MS representation of speech segments exhibited distinctive patterns compared with noisy 
segments. In general, speech segments showed higher MS intensity in both lower- and higher-frequency bands, 
often spanning multiple channels, whereas machine and background noise showed more uniform or band-limited 
patterns. White noise, in particular, exhibited very low modulation intensity across all channels. Across the anal-
ysed case studies, the lowest-frequency band (band 1, approximately centred on 210 Hz) showed the largest dif-
ference, with an average MS intensity increase of +93% in speech segments compared to non-speech segments. 
This discrepancy was followed by band 2 (+80%, approximately at 290 Hz), band 8 (+70%, approximately at 
2400 Hz), band 4 (+51%, approximately at 560 Hz), band 7 (+25%, approximately at 650 Hz), and band 5 (+18%, 
approximately at 800 Hz). In contrast, bands 6 (approximately at 1150 Hz) and 3 (approximately at 400 Hz) did 
not exhibit statistically significant differences according to a Welch t-test.

These observations motivated the development of a pattern classification model capable of distinguishing 
speech from non-speech segments within the proposed workflow, as described in Sect. 3.4.
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Fig. 4  Comparison of the traditional spectrograms, based on 32 ms-length windows (upper grey-coloured images), and the 
Modulation Spectrograms, based on 250 ms-length windows (lower red-coloured images), across six audio samples presenting 
different conditions of speech volumes and noise levels and types. The Modulation Spectrogram legend is the same for all charts
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3.3.2  Energy and pitch

The standard short-window spectrograms in our case studies showed high background noise levels, making it 
difficult to reliably detect ineffective verbal communication. For this reason, our workflow focused on extracting 
syllabic-scale features that captured the rhythmic organisation of the acoustic signal, specifically the energy and 
pitch contours (Fig. 2-step 3), which reflected the intonation and emphasis patterns of the utterances.

Syllabic-scale energy was computed as the discrete-time signal power, expressed as the root mean square 
(RMS) of the sample amplitudes within a 100-ms analysis window:

	
E[n] =

√√√√√ 1
N

⌊N/2⌋−1∑
k=−⌊N/2⌋

s2[n + k],

where n denotes the central sample index of the analysis window, s[k] denotes the discrete-time audio signal, and 
N corresponds to the number of samples within the analysis window. These values were calculated over consecu-
tive frames to produce a temporal short-syllabic-scale energy contour of the signal.

Syllabic-scale pitch corresponds to the fundamental frequency F0 of a tone associated with a syllabic segment, 
and its temporal evolution reflects the musicality and intonation of the speech signal. In our workflow, pitch was 
estimated using an autocorrelation-based sound-to-pitch algorithm [105]. This algorithm computes the short-time 
autocorrelation function

	
Rs[τ ; n] =

N−1∑
k=0

s[n − k] s[n − k − τ ],

where τ  is the lag in samples, and N and n are defined as they are for energy. The fundamental period τ0[n] is then 
estimated as the lag that maximises the autocorrelation within a predefined range:

	
τ0[n] = arg max

τ∈[τmin, τmax]
Rs[τ ; n].

The pitch of the window n is finally obtained as:

	
F0[n] = fs

τ0[n]
,

where fs is the sampling frequency.
The algorithm was applied with a frequency search range of 50–500 Hz and an analysis window of 100 ms. 

Frames for which pitch could not be reliably estimated were assigned a value of zero.
As suggested by previous studies [28], computing energy and pitch at a 100-ms temporal resolution through 

the methods described allows the capture of syllabic-level prosodic patterns. At this scale, the resulting trajecto-
ries typically exhibit autocorrelation structures that reflect rhythmic regularities and help highlight prominent syl-
lables, whereas analyses performed at larger temporal scales may smooth out these syllabic dynamics. However, 
to ensure consistency with the MS features and enable analysis of larger syllable-scale modulations of energy and 
pitch, these features were time-aligned with the MS features (Fig. 2-step 4). The alignment was performed using 
a standard frame-averaging procedure. Specifically, for each MS frame - computed every 12.5 ms over a 250 ms 
analysis window - the energy and pitch frames falling within the temporal span of the MS frame were selected, 
and the average energy and average pitch were calculated. This process produced two synchronised sequences 
of syllabic-scale, super-segmental acoustic features, one with 8 MS features and the other with 2 energy-pitch 
features.
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3.4  Noise removal

Our workflow includes a pipeline that processes Modulation Spectrogram features from the input audio record-
ing to distinguish anomalous from non-anomalous TUs. The underlying assumption is that anomalous TUs may 
correspond to audio segments dominated by non-speech events, as supported by the analysis presented in Sect. 
3.3.1. As explained in the following sections, the pipeline consists of two components: one that detects anoma-
lous MS feature vectors (anomaly detection) and another that detects anomalous TUs based on these vectors 
(noise detection).

3.4.1  Anomaly detection

The workflow incorporates a deep-learning model that captures non-linear relationships among the elements of 
each feature vector and infers the latent variables that may have generated the observed MS features (Fig. 2-step 
5). Specifically, this model is a Variational Autoencoder (VAE) [106], which estimates the probability distribution 
of latent variables z̄ using an unsupervised probabilistic Artificial Neural Network (ANN) and then reconstructs 
the input vectors through another ANN.

Generally, a VAE models the distribution p(x̄) of the input vector x̄ by projecting it into a lower-dimensional 
latent space defined by z̄. In our case, x̄ corresponded to the 8 MS features associated with a 250 ms audio seg-
ment, with one vector of 8 features provided every 12.5 ms. From the latent representation z̄, the VAE attempts to 
reconstruct the original input vector. If the latent variables successfully capture the generative factors underlying 
the feature vectors, the reconstructed vectors will closely approximate the original inputs. The feature vectors that 
cannot be accurately reconstructed likely correspond to atypical or anomalous patterns in the data.

A VAE internally consists of two ANNs: an Encoder and a Decoder. The Encoder maps each input vector x̄ to 
the parameters (means and standard deviations) of a multivariate Gaussian distribution over the latent variables. 
This distribution approximates the posterior distribution of the latent variables given the input (q(z̄ | x̄)). The 
second network, the Decoder, reconstructs the input vector by generating a reconstructed vector x̃ from a latent 
sample z̄ drawn from the encoded distribution (i.e., z̄ ∼ q(z̄ | x̄)). The Decoder also estimates the likelihood 
p(x̄ | z̄), i.e., the probability of observing the input vector given the latent variables. This probabilistic recon-
struction mechanism enables the identification of anomalous vectors as inputs that the model cannot accurately 
reconstruct [107–113]. Specifically, the reconstruction probability of x̄ is approximated by marginalising over 
the latent space:

	
p(x̄) =

ˆ
p(x̄ | z̄) q(z̄ | x̄) dz̄.

This quantity is estimated via Monte Carlo sampling by drawing Ns samples (16 in our application) 
{z̄(i)}Ns

i=1 ∼ q(z̄ | x̄), yielding:

	
p̂(x̄) = 1

Ns

Ns∑
i=1

p(x̄ | z̄(i)).

After computing p̂(x̄) for all feature vectors, a distribution of reconstruction probabilities is obtained. Anomaly 
detection is then performed by selecting the vectors whose reconstruction probabilities fall below a given percen-
tile of this distribution. Feature vectors with low reconstruction probability are interpreted as poorly explained by 
the learned latent structure and can therefore be considered atypical with respect to the dominant acoustic patterns 
of the recording. This decision rule provides a recording-adaptive definition of anomaly, where deviations are 
identified relative to the statistical properties of the analysed signal.
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During training, the weights of both the Encoder and Decoder are optimised to maximise the reconstruction 
likelihood over the input vectors. This optimisation is achieved by minimizing a loss function composed of two 
terms: (i) the Reconstruction Loss, which measures the difference between the input vector x̄ and its reconstruc-
tion x̃ (commonly using mean squared error or cross-entropy), and (ii) the Kullback–Leibler (KL) divergence, 
which regularizes the latent representation by measuring the divergence between the learned posterior distribu-
tion q(z̄ | x̄) and a standard multivariate Gaussian prior with mean vector µ̄ = (0, . . . , 0) and standard deviation 
vector σ̄ = (1, . . . , 1), where dim(µ̄) = dim(σ̄) = dim(z̄). Formally, the VAE is trained by maximising the evi-
dence lower bound (ELBO), which corresponds to minimising the following loss function:

	 L(x̄) = −Eq(z̄|x̄) [log p(x̄ | z̄)] + DKL
(
q(z̄ | x̄) ∥ p(z̄)

)

where the first term represents the Reconstruction Loss and the second term is the KL divergence between the 
approximate posterior and the prior z̄ distribution. This objective encourages the model to accurately reconstruct 
typical input patterns while regularising the latent space.

In our workflow, the optimal VAE architecture was predetermined through an empirical optimisation proce-
dure performed on the development set. The optimal configuration in terms of the number of neurons and layers 
was selected using a growing strategy, whereby hidden nodes (up to 500 per layer) and hidden layers (up to 10 
per ANN, allowing the exploration of both shallow and deep architectures) were progressively added until the 
configuration achieving the highest overall reconstruction probability across the input vectors was obtained. The 
optimal dimensionality of the latent variable space was determined by varying its size from 1 to dim(x̄) = 8 and 
selecting the value yielding the highest reconstruction probability. The network parameters were optimised using 
the Adam optimiser with Leaky ReLU activation functions in the hidden layers, after Xavier weight initialisation, 
over 100 training epochs.

The final architecture consisted of an Encoder with two hidden layers containing 100 and 50 neurons, respec-
tively, followed by a latent space with the same dimensionality as the input feature vectors (dim(z̄) = 8). The 
Decoder mirrored the Encoder structure, with two hidden layers of 50 and 100 neurons, and produced the recon-
structed feature vectors at the output layer.

This architecture was fixed for all applications, but the weights were randomly initialised before processing a 
new audio recording (i.e., no pre-training was used). During the execution of the workflow on an audio record-
ing, the VAE adapts its weights based on MS features extracted from the analysed acoustic signal and detects 
anomalies in each recording independently. This design choice guarantees the model’s unsupervised adaptation 
across very different audio-quality scenarios.

Consistent with related studies that have used VAEs for anomaly detection [112–116], our workflow performs 
anomaly detection by defining a threshold at the 25th percentile of the reconstruction probability distribution 
across the input vectors. Formally, it selects vectors - among all M vectors in the dataset - for which p̂(x̄) < θ

, with θ = Quantile0.25
(
{p̂(x̄i)}M

i=1
)
. Feature vectors with reconstruction probabilities below this threshold are 

labelled as anomalous. The choice of the 25th percentile was empirically determined on the development set and 
is consistent with other practices in anomaly detection [112, 113], which use a fixed proportion of low-likelihood 
observations to identify atypical patterns in complex systems.

This approach thus defines “normality” relative to the dominant acoustic patterns within each analysed record-
ing. Consequently, anomaly detection identifies deviations from within-session behaviour rather than departures 
from an external or absolute reference of effective communication. This design enables adaptation to highly 
heterogeneous and noisy conditions but implies that the system captures relative variations within each session.

As an output of this process, each aligned feature vector from the input recording is classified as either anoma-
lous or non-anomalous.
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3.4.2  Noise detection

Based on the anomalous feature vectors detected, our workflow identifies noise-related TUs through a two-step 
procedure (Figure 2-step 6). In the first step, for each TU, the number of anomalous feature vectors falling in 
the TU is computed. If this number is relatively high - indicating that a substantial portion of the TU consists of 
anomalous vectors - the tone unit is considered to mostly correspond to a non-speech audio segment because it 
would provide limited information for dialogue analysis.

In the second step, the proportion of anomalous audio duration relative to total TU duration is calculated. A 
threshold on this proportion is applied to identify anomalous TUs. Those exceeding the threshold are marked for 
exclusion from subsequent processing stages (i.e., as noise). The optimal threshold, estimated on the develop-
ment set, was 50%. This threshold was identified as the one that excluded 100% of the development-set tone units 
dominated by non-speech frames while preserving segments containing relevant speech information.

As output from this phase, the workflow annotates the original audio file by generating a label file in LAB 
format, which is natively supported by the free WaveSurfer educational speech analysis software [117]. The label 
file is associated with the audio recording and contains lines specifying the start and end markers (in seconds) of 
the noise segments along with an annotation (e.g., “1.5 3.9 ‘noise’ ”). This simple, easy-to-parse format facili-
tates integration with other speech analysis tools and complex analytical pipelines. Furthermore, visualising the 
audio signal alongside the generated annotations enables trainers to rapidly navigate long recordings and quickly 
identify audio content during the most critical moments of the simulation, thereby supporting the preparation for 
the subsequent debriefing phase.

Overall, the noise removal process described so far can be summarised as follows:

Algorithm 2  Noise removal algorithm

3.5  Ineffective verbal communication detection

To detect ineffective verbal communication within the non-noise tone units, the workflow relies on the evidence 
discussed in Sect. 2, which indicates that ineffective communication is reflected, at least partially, in measurable 
alterations of acoustic-prosodic features, such as increases in vocal intensity, loudness, and pitch. Accordingly, 
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the workflow does not directly identify communication errors at the semantic or interactional level, but instead 
includes a dedicated pipeline for detecting ineffective communication that searches for anomalies in syllabic-
scale energy and pitch, as well as their temporal variations (Fig. 3). This approach provides an indirect yet robust 
proxy when higher-level linguistic analysis is unreliable.

This pipeline processes the energy and pitch (EP) features from phase 1, along with their respective first-order 
derivatives (deltas), within the non-noise TUs, yielding 4 features per 250 ms frame (with 12.5 ms frame overlap) 
(Fig. 3-step 1). These feature vectors are analysed to identify and select anomalies associated with alterations in 
syllabic-scale speech behaviour. The detection scheme follows a similar approach to the noise-detection stage. 
Specifically, the feature vectors are processed by a VAE, which attempts to reconstruct them (Fig. 3-step 2). Alter-
ations in energy and pitch patterns are selected as anomalous vectors, characterised by low reconstruction prob-
abilities that fall below the 25th percentile of the reconstruction probability distribution across the input vectors.

The optimal VAE architecture was identified through the same process used for noise detection, resulting in an 
Encoder with two hidden layers containing 60 and 30 neurons, a Decoder with a mirrored architecture (30–60), 
and a latent space with dimension 4. This architecture remained fixed, but the model was not pretrained because 
the workflow was designed to fully adapt this VAE to the analysed input audio.

The workflow subsequently maps the detected anomalous vectors to their corresponding TUs (Fig. 3-step 3). 
A threshold of 20% on the proportion of anomalous vectors within a TU is applied to identify those that likely 
contain speech alterations associated with ineffective verbal communication. These segments are then annotated 
and returned to the trainers for inspection. The 20% threshold was calibrated on the development set to maxi-
mise precision (i.e., to minimise false positives). It allowed the detection of consistent patterns of altered speech 
while reducing the impact of isolated acoustic fluctuations. Classifying ineffective communication at the TU 
level rather than the frame level relaxes the assumption that anomalies directly correspond to ineffective com-
munication and provides a controllable parameter to adjust the sensitivity of the detection process. If anomalies 
are uncommon, the workflow will likely and correctly detect no TU associated with ineffective communication. 
However, if energy-pitch anomalies occur frequently, they may be partially normalised. In this case, the 20% 
threshold serves as a reasonable tolerance to include TUs with infrequent anomalies and consequently account 
for this normalisation.

As in the previous phase, the workflow produces an output label file containing annotations aligned with the 
original audio recording. These annotations (labelled ‘ineffective communication’) indicate audio intervals cor-
responding to ineffective verbal communication between medical team members.

In addition, the workflow computes an overall Training Quality Score (TQS) - expressed as a percentage - 
defined as

	
TQS = D(speech) − D(ineffective speech)

D(speech)
· 100

where D(speech) denotes the total duration (in seconds) of TUs likely containing speech (i.e., excluding noise-
related TUs), and D(ineffective speech) represents the total duration (in seconds) of TUs identified as containing 
ineffective verbal communication.

A linear classification over this score - set to give more tolerance to average effectiveness - transforms it into 
an interpretable label for the trainer (Fig. 3-step 4):

	● TQS ≤ 25% → poor training effectiveness
	● 25% < TQS ≤ 75% → average training effectiveness
	● TQS > 75% → good training effectiveness

The TQS interval boundaries were defined to provide a balanced categorisation of training effectiveness, with 
wider tolerance for average performance, and were validated against expert assessments on the case studies.
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Notably, this phase does not use the MS features, as they proved less effective than energy and pitch in detect-
ing altered speech patterns (Sect. 4). This is not surprising, as the audio signal processed at this stage primarily 
consists of spoken dialogue, and the slow speech modulations captured by the MS features only partially reflect 
rapid rhythmic alterations. Moreover, since the energy-pitch frames had large spans (250 ms) and a high rate 
(12.5 ms), energy-pitch change velocity (deltas) could capture rapid shifts in syllabic energy and pitch, making 
acceleration (second-order derivatives, double deltas) less informative (as demonstrated in Sect. 4).

Overall, the ineffective verbal communication process can be summarised as follows:

Algorithm 3  Ineffective verbal communication detection algorithm

3.6  Evaluation methodology

As the first evaluation step, the performance of ineffective verbal communication (IVC) detection was assessed 
against manual TU-level annotations. Among the 4,385 TUs included in the test, those labelled as containing 
IVC by both the manual annotators and the automatic system were considered true positives (TP), whereas those 
labelled by both as noise or effective communication (i.e., non-IVC) were considered true negatives (TN). False 
positives (FP) corresponded to TUs incorrectly classified by the automatic system as containing IVC, while false 
negatives (FN) were TUs manually annotated as IVC but classified as non-IVC by the system.

Based on these indicators, accuracy was computed as

	
A = TP + TN

TP + TN + FP + FN
.

Agreement between manual and automatic annotations was further assessed using Cohen’s kappa coefficient 
[118], which measures accuracy relative to chance agreement (Pe):

	
kappa = A − Pe

1 − Pe

with Pe = (T P +F P )(T P +F N)+(T N+F N)(T N+F P )
(T P +T N+F P +F N)2 .

These metrics were compared with those reported in [28], which used cluster analysis to distinguish IVC from 
non-IVC segments on the same corpus.
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As the second evaluation step, the automatic training-effectiveness interpretation was compared with the inde-
pendent assessments of two expert evaluators across the case studies (Sect. 3.1). An agreement matrix involving 
the three assessors was constructed using Cohen’s kappa values, with the resulting agreement levels interpreted 
according to the guidelines proposed by Fleiss [119].

The third evaluation step assessed the contribution of the Modulation Spectrogram features to the noise-
removal procedure. Noise detection accuracy was first computed using this feature set. Then, the variation in 
noise-detection accuracy was measured when using the Modulation Spectrogram features in combination with 
deltas (MS change velocity and acceleration) and energy–pitch features, or using energy–pitch features alone, to 
quantify the relative contributions of the features.

Finally, the fourth evaluation step consisted of a sensitivity analysis of different feature combinations in the 
IVC-detection VAE model to verify that energy-pitch-delta features were optimal for this model when used after 
the noise-removal stage.

4  Results

The following sections report the results of the four evaluation steps described in Sect. 3.6.

4.1  Performance of the ineffective verbal communication detection

The performance of the proposed workflow across the case studies was generally high, particularly compared 
with the traditional cluster analysis approach used in [28] (Table 2). Accuracy ranged from a maximum of 91.17% 
with a Cohen’s kappa of 0.61 (case study T1) to a minimum of 83.87% with a kappa of 0.53 (case study T10).

The relative accuracy gain over the cluster-analysis baseline, normalised by the performance of the proposed 
method ((Anew − Abaseline)/Anew) × 100) measured the proportion of the proposed method’s achieved accuracy 
that would be lost if the baseline system was used instead. This quantity varied across the datasets, ranging from 
∼15% (T2) to ∼59% (T9), thereby indicating that the advantage of the proposed workflow over the baseline was 
not uniform but became particularly substantial in some challenging scenarios, especially under highly adverse 
acoustic conditions.

Notably, in the case study with the highest noise level (T8), the workflow achieved an accuracy of 88.41% with 
moderate agreement with manual annotations (kappa = 0.54).

Table 2  Performance (accuracy and Cohen’s kappa) of our workflow in detecting tone units that contain ineffective verbal 
communication across the case studies, along with indications of (i) the signal-to-noise ratio (SNR), (ii) the accuracy and 
agreement (with Fleiss’ interpretation) achieved by our workflow, and (iii) by a baseline cluster analysis, and (iv) the accu-
racy loss if the baseline system was used instead (accuracy improvement relative to the proposed method’s accuracy)
Test SNR 

(dB)
Accuracy 
(%)

Agreement 
(kappa)

Agreement 
interpretation

Accuracy of 
cluster analysis 
(%)

Agreement of 
cluster analysis 
(kappa)

Agreement 
interpretation of 
cluster analysis

Relative accuracy gain 
relative to proposed 
method performance (%)

T1 14.2 91.17 0.61 substantial 64.62 0.22 fair 29.13
T2 6.8 85.79 0.41 moderate 73.08 0.46 moderate 14.82
T3 11.0 86.89 0.37 fair 71.15 0.21 fair 18.11
T4 11.1 88.09 0.60 moderate 70.91 0.41 moderate 19.50
T5 6.8 90.90 0.58 moderate 70.00 0.07 slight 22.99
T6 11.5 86.51 0.53 moderate 64.58 0.28 fair 25.35
T7 12.3 85.27 0.48 moderate 57.69 0.14 slight 32.34
T8 4.6 88.41 0.54 moderate 50.00 0.14 slight 43.45
T9 4.8 90.19 0.60 moderate 36.84 0.15 slight 59.15
T10 10.1 83.87 0.47 moderate 63.41 0.24 fair 24.39
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Considering the case studies as mutually independent evaluations, the average accuracy reached 87.71% with 
a standard deviation of 2.35%. In addition, the average agreement improved from the generally slight level 
observed with the cluster-analysis approach to a generally moderate level.

Overall, these results demonstrate the added value of combining super-segmental acoustic features with deep 
learning modelling. In particular, the workflow demonstrated strong robustness to noise, with no clear relation-
ship observed between increasing noise levels and decreasing accuracy.

4.2  Performance of the training effectiveness assessment

The agreement matrix (Table 3) comparing the workflow training effectiveness assessment with the assessments 
of two experts, and the agreement between the experts themselves, revealed several noteworthy observations. The 
two experts exhibited complementary perspectives: Expert 1 focused more on acoustic characteristics, whereas 
Expert 2, with domain-specific expertise, paid greater attention to the semantic content and practical aspects of 
the interaction. This difference in evaluation criteria was reflected in a fair level of agreement between the two 
experts (Cohen’s kappa = 0.38).

In contrast, the automatic system showed greater agreement with the individual experts. In particular, it 
achieved almost perfect agreement with Expert 1 (kappa = 0.85) and moderate agreement with Expert 2 (kappa 
= 0.38). These results suggest that the system formed an intermediate perspective between the two experts in 
assessing training effectiveness. Notably, because the workflow did not rely on speech transcription and primarily 
analysed acoustic and prosodic cues, its assessments tended to align more closely with the acoustically oriented 
perspective of Expert 1. At the same time, the system captured several domain-related situations of uncertainty 
and stress that were not detected by Expert 1 but were identified by Expert 2, highlighting a complementary ratio-
nale for the automated analysis relative to Expert 1.

4.3  Contribution of the Modulation Spectrogram to noise removal

The VAE model using the MS features correctly detected 91.72% of the noisy TUs (Table 4), which included 
various types of noise and non-speech events.

When the MS+∆+∆∆ features were used, the model incurred a modest ∼1% relative loss in accuracy, indicat-
ing that temporal variations relative to previous frames provided only marginal information for noise removal. 
The MS generally was the most informative feature set. In fact, when combined with EP, the relative accuracy 
loss was ∼1% because most of the information was contained in the MS features. In contrast, when only EP or 
EP+∆+∆∆ features were used, accuracy losses were ∼19% and ∼24% respectively.

Table 3  Comparison matrix of the agreements (as Cohen’s kappa, alongside Fleiss’ interpretation) on training effectiveness 
assessments as poor, average, or good across the case studies by two experts and our automatic workflow

Automatic Expert 1 Expert 2
Automatic 0.85 (almost perfect) 0.52 (moderate)
Expert 1 0.85 (almost perfect) 0.38 (fair)
Expert 2 0.52 (moderate) 0.38 (fair)

Table 4  Average noise detection accuracy across the case studies using the Modulation Spectrogram (MS) features, along 
with relative accuracy loss when using other types of feature combinations, including energy-pitch (EP) and the first and 
second order derivatives of the features (∆ and ∆∆)
Average accuracy (%) Relative avg. performance loss when using one feature type (%)
MS MS+∆+∆∆ MS+EP EP EP+∆+∆∆
91.72 ∼ −1 ∼ −1 ∼ −19 ∼ −24
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These results highlight the crucial role of the Modulation Spectrogram features in distinguishing speech from 
non-speech segments. They also confirm the preliminary analysis reported in Sect. 3.3.1, which showed statisti-
cally significant differences in MS intensity across frequency bands and provided the basis for the design of the 
noise-removal pipeline. Overall, these findings support the use of MS features for noise removal in our workflow.

4.4  Sensitivity analysis of feature selection on ineffective verbal communication detection

The performance of the ineffective verbal communication detection model varied depending on the feature set 
used in the VAE, after noise removal (Table 5).

Overall, all features contained useful information for detecting ineffective communication. However, the opti-
mal feature combination could be identified by ranking the combinations according to the number of times they 
achieved top-5 accuracy across the experiments (Table 6). This analysis revealed that EP+∆ features were the 
most consistently represented in the top-performing configurations, appearing in 90% of the cases, followed by 
EP+∆+∆∆ features (70%). In general, combinations including energy and pitch features frequently appeared in 
the top 5. In contrast, energy features alone were insufficient to achieve top performance. Furthermore, using the 
Modulation Spectrogram in isolation from energy–pitch features introduced additional variability, thereby reduc-
ing the effectiveness of verbal communication detection.

This sensitivity analysis indicates that the EP+∆ feature combination represents the most effective configura-
tion for the second VAE model in our workflow, when processing the TUs left by the noise-removal pipeline. At 
the same time, the results confirm that the Modulation Spectrogram plays a crucial role in the first stage of the 
workflow, where it contributes to separating speech from noise, but appears to encode information less suited 
to distinguishing between altered and non-altered speech patterns. Once speech segments have been isolated, 
syllabic-scale rhythmic and intensity cues become highly more informative for detecting ineffective verbal com-
munication, in line with the psychoacoustic studies reported in Sect. 2.

5  Discussion and conclusions

This study has described a psychoacoustically inspired, deep-learning-based workflow for automatically detect-
ing ineffective verbal communication during neonatal simulation training sessions. The proposed approach 
addresses a challenging real-world problem: analysing communication behaviour in recordings characterised 
by very low signal-to-noise ratios, heterogeneous background noise, overlapping speech, and highly sponta-
neous interactions. Instead of relying on phonetic-scale representations or speech transcription - approaches 
that become unreliable under such conditions - the workflow leverages syllabic-scale super-segmental acoustic 
features and unsupervised deep learning to analyse communication dynamics. The system processes simulation 
recordings by segmenting the signal into tone units, extracting features related to slow modulations of speech and 
super-segmental features, filtering noise segments through anomaly detection, and identifying speech segments 
containing acoustic-prosodic alterations associated with potentially ineffective communication. In addition, the 
workflow produces an interpretable Training Quality Score (TQS) that summarises the relative prevalence of 
acoustic-prosodic patterns associated with potentially ineffective communication during a simulation session.

The experimental evaluation has demonstrated that the proposed workflow achieved strong performance across 
diverse simulation scenarios. The detection of acoustic-prosodic patterns associated with potentially ineffective 
communication achieved an average accuracy of approximately 87.7%, with substantial-to-moderate agreement 
with manual annotations and substantial gain over a previously proposed cluster analysis baseline. Importantly, 
the system maintained stable performance across case studies with different acoustic conditions, including record-
ings with very low signal-to-noise ratios. This robustness highlights the advantage of combining super-segmental 
acoustic features with deep generative modelling for analysing speech behaviour in adverse acoustic environ-
ments. Moreover, the training effectiveness indicator produced by the workflow showed moderate-to-strong 
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agreement with expert assessments, suggesting that the workflow can capture acoustic-prosodic patterns consid-
ered relevant by both acoustic- and domain-oriented evaluators.

A central contribution of the proposed workflow is the use of features extracted from the Modulation Spectro-
gram (MS) in the noise-removal stage. The MS captures slow temporal modulations of the speech signal, which 
are known to reflect syllabic-scale speech modulations, and simulates temporal-sensitivity aspects of the human 
auditory cortex. The MS features proved highly effective for distinguishing speech from non-speech segments 
under severe noise conditions. The results showed that removing the MS representation significantly reduced 
noise-detection accuracy, confirming that modulation-based features encode crucial information for separating 
speech activity from environmental and machine noise. This finding aligns with psychoacoustic and computa-
tional speech-processing studies indicating that low-frequency amplitude modulations provide robust cues for 
speech perception and speech detection in noisy environments (Sect. 2).

When interpreting these results, it is important to differentiate between the concept of ineffective communica-
tion and the observable signals that suggest it. The proposed workflow identifies acoustic-prosodic anomalies 
that are statistically linked to communication challenges, rather than directly analysing the meaning or context 
of the speech itself. Therefore, certain aspects of ineffective communication - especially those related to clinical 
reasoning, specific terminology, or strategic discussions - are not captured by this approach. The system should 
be seen as a tool for highlighting segments that may require further review by human experts, rather than as a 
comprehensive evaluation of communication quality. On the other hand, the findings emphasise the significance 
of super-segmental acoustic features in analysing communication behaviour in complex conversational environ-
ments. Notably, variations in syllabic-scale energy and pitch were highly effective for identifying speech changes 
associated with ineffective communication, such as sudden spikes in vocal intensity or pitch during moments of 
stress, uncertainty, or conflict. Unlike features on a phonetic scale, super-segmental cues reflected behavioural 
aspects of speech that tended to remain consistent, even under challenging acoustic conditions. The sensitivity 
analysis revealed that energy and pitch features, along with their temporal changes, provided the most informa-
tive representation for detecting communication anomalies once speech segments were isolated. This observation 
supports the hypothesis that high-stress communication difficulties are often accompanied by measurable altera-
tions in prosody and vocal intensity.

From a practical perspective, the proposed workflow provides a valuable tool for simulation trainers and 
healthcare educators, as well as for re-evaluating historical audio recordings from hospital archives. Automati-
cally identifying tone units that likely contain ineffective communication enables trainers to focus directly on 
the most critical segments of the simulation. This capability would substantially reduce the time required for 
reviewing recordings and facilitate more targeted debriefing discussions. Furthermore, the TQS provides an inter-
pretable summary indicator of the relative prevalence of acoustic-prosodic alterations associated with potentially 
ineffective communication within a session, enabling trainers to track the evolution of trainees’ communication 
skills across multiple simulation sessions. However, it is influenced by the accuracy of the underlying detec-
tion process, the threshold used to identify ineffective communication, and the recording-adaptive nature of the 
workflow. As a result, TQS reflects the relative prevalence of altered speech patterns within a session rather than 
their contextual severity, and should be interpreted as a comparative indicator rather than an absolute measure of 
communication quality.

The proposed workflow should also be considered in light of recent advances in self-supervised and embed-
ding-based speech modelling (Sect. 2). While these methods have demonstrated strong performance across a 
wide range of speech analysis tasks, their effectiveness typically depends on large-scale pretraining on relatively 
clean, homogeneous datasets. In contrast, the present work addresses a low-resource, high-noise scenario, where 
the direct application of these techniques may pose additional challenges. The experimental comparison in this 
study was limited to a traditional clustering-based baseline, motivated by the objective of evaluating the proposed 
workflow against the previous methodology applied to the same corpus. However, direct benchmarking against 
recent self-supervised and representation-learning approaches is an important direction for future investigation, 
particularly under low-resource and highly noisy operational conditions.
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Despite these promising results, several limitations of the current approach should be acknowledged. First, the 
evaluation was conducted on a relatively small corpus comprising 10 simulation sessions from a single training 
centre. Although these recordings covered diverse acoustic conditions and team compositions, and a significant 
number of hand-annotated tone units (4,385), further validation on larger datasets from different simulation envi-
ronments will be necessary to assess the generalisability of the proposed approach. Additionally, the workflow 
focuses exclusively on acoustic and prosodic cues and does not incorporate semantic or linguistic information 
from the spoken content. Furthermore, the system currently operates as an offline analysis pipeline rather than as 
an integrated component of the simulation infrastructure, a crucial step toward operationalisation. Finally, due 
to its recording-adaptive, unsupervised design, the workflow defines normality relative to the dominant acoustic 
patterns within each session. Therefore, the detected anomalies and the resulting TQS should be interpreted com-
paratively within the analysed session rather than as absolute measures of communication quality across sessions 
or teams.

Although the use of tone-unit-level aggregation and a threshold on the proportion of anomalous frames miti-
gates sensitivity to isolated fluctuations, frequent anomalous patterns may be partially normalised, potentially 
reducing the system’s ability to consistently detect altered communication behaviours. Finally, the workflow 
relies on a set of empirically defined thresholds, including the percentile-based anomaly threshold, the noise 
proportion criterion, the tone-unit-level ineffective communication threshold, and the TQS classification inter-
vals. These parameters were calibrated on a development set and, where available, informed by prior studies. 
While the sensitivity analysis presented focuses on feature selection, additional analyses on threshold variations 
were not included to limit the scope and length of the study. The adopted thresholds reflect a trade-off between 
sensitivity and robustness. In particular, the percentile-based anomaly detection provides a relative, recording-
adaptive criterion, while the tone-unit aggregation thresholds mitigate the effect of isolated anomalies. Varia-
tions in these parameters primarily affect the stringency of detection: higher thresholds reduce sensitivity, while 
lower thresholds increase false positives. A more extensive sensitivity analysis across all parameters represents 
a relevant direction for future work, especially in the context of larger datasets. Future work will address all 
reported limitations and explore several promising research directions. The workflow will be integrated into the 
simulation infrastructure used by the Centro di Simulazione Neonatale NINA at the Santa Chiara Hospital. This 
integration will enable near-real-time analysis during training sessions, as the workflow requires only a few min-
utes to process a 10-minute audio on a common laptop - e.g., with an Intel i7 Processor and at least 3 GB of free 
Random Access Memory - and does not require a Graphics Processing Unit. Testing the system in operational 
conditions will provide valuable insights into its usability and effectiveness in supporting simulation-based edu-
cation. Moreover, additional case studies will be collected to refine the workflow parameterisation and further 

Table 6  Fractions of case studies (as percentages) for which each feature set resulted in accuracy included in the top-5 rank-
ing per case study, when used in the ineffective verbal communication detection model. The compared feature sets include 
Modulation Spectrogram, energy, and pitch, along with their respective first-order (∆) and second-order (∆∆) derivatives. 
Colours indicate the suitability of each feature set for detecting ineffective verbal communication, from green (high) to 
orange (low)
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evaluate its robustness across a wider range of training scenarios. Future experiments will also analyse recordings 
acquired under cleaner acoustic conditions to determine whether some stages of the workflow - particularly the 
noise removal pipeline - can be simplified when higher-quality audio signals are available. Future versions of 
the system will investigate integrating the proposed acoustic analysis pipeline with speech recognition models 
fine-tuned to the specific grammar and vocabulary used in neonatal simulation scenarios. Such integration would 
enable the combination of acoustic, prosodic, and textual information, potentially improving the detection of 
communication ineffectiveness and providing richer feedback to trainers. Finally, although the workflow was 
designed to process recordings from neonatology training, its independence from the speech content makes it 
theoretically suitable for applications in other contexts, e.g., debriefing sessions in neonatology or training ses-
sions in other medical fields, and for other training domains beyond medical. Future work will also explore these 
directions.

In conclusion, this study has demonstrated that psychoacoustics-inspired speech representations, combined 
with unsupervised deep learning, provide a powerful framework for analysing communication behaviour in noisy, 
heterogeneous simulation environments. By focusing on syllabic-scale super-segmental features rather than pho-
netic transcription, the proposed workflow achieved robust detection of ineffective verbal communication even 
under extremely challenging acoustic conditions. The resulting system offers a practical tool for supporting simu-
lation-based training by automatically highlighting acoustic-prosodic anomalies potentially associated with com-
munication difficulties and by providing relative indicators of altered communication dynamics within a session. 
More broadly, this work contributes to the growing integration of Artificial Intelligence and learning analytics 
into healthcare education, illustrating how advanced speech-processing techniques can enhance the evaluation 
and improvement of team communication in high-risk clinical contexts.
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