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Abstract
Contact-center operations often face significant
challenges in identifying candidates whose vo-
cal performance aligns with high-quality cus-
tomer interactions. Existing speech analytics
tools typically assess only content, providing
limited insight into how candidates speak. To
address this gap, we introduce a module to
Smart Recruiter Voice (SR-Voice), a multilin-
gual speech analytics module designed to sup-
port call-center hiring. SR-Voice extends a pre-
vious text-only auditor by integrating segment-
level, audio-native analysis capable of gener-
ating judgments, concise evidence-based ratio-
nales, and 0–10 scores across three dimensions:
Emotion, Communication, and Rhythm. Our
two-stage architecture first applies an audio-
native model to propose a label, which is then
reassessed by a lightweight auditor that com-
bines transcript cues with acoustic and timing
indicators grounded in phonetic and prosodic
theory. We evaluate SR-Voice on a production-
like volunteer dataset, reporting strong agree-
ment and calibration performance reaching
Macro-F1 = 0.83; Expected Calibration Error
(ECE) = 0.053. The hybrid system achieves
state-of-the-art calibration without post-hoc ad-
justment, with the audio-only variant attain-
ing the lowest Negative Log-Likelihood (NLL)
= 0.472). Designed for operational practical-
ity, SR-Voice emphasizes traceability, short ra-
tionales, and well-calibrated probabilities suit-
able for threshold-based decisions and human-
in-the-loop triage. We also discuss privacy-
preserving storage and the prospective masking
of Personally Identifiable Information (PII) for
archival data.

1 Introduction

This product began as a text-centric auditor for hir-
ing simulations: candidates interacted with scripted
scenarios and were scored on clarity, completeness,
and cordiality based on what they wrote. However,
it missed prosodic and voice-quality cues critical
for contact-center roles.

Why a dedicated voice module now. In real call-
center audio, prosody and voice quality convey
information the transcript cannot (Picard, 2010;
Jurafsky and Martin, 2024). Production arti-
facts—overlap, background noise, accents, mul-
tilinguality—also degrade conventional Speech
Emotion Recognition (SER) and rigid checklists
(Swain et al., 2018; Busso et al., 2008). For PT-
BR specifically, acted/lab corpora underrepresent
crosstalk and channel variability (Torres Neto et al.,
2018; Costantini et al., 2014). These gaps motivate
SR-Voice (Smart Recruiter-Voice module), which
scores how candidates speak, not only what they
say.

Scope of this paper. SR-Voice is a multilingual
(EN-US, ES, PT-BR) module that takes raw speech
as input, derives acoustic and temporal features,
and outputs calibrated, sequence-aligned segment-
level judgments alongside an overall performance
score for candidate assessments. In the present
study, we restrict our experiments to Brazilian Por-
tuguese (PT-BR). This choice is motivated by (i)
corpus availability, (ii) the applied focus on Brazil-
ian contact-center assessment scenarios, and (iii)
the need for controlled experimental conditions
when analyzing acoustic–prosodic indicators. Low-
level preprocessing (e.g., segmentation or diariza-
tion) is considered an auxiliary front-end signal for
session-level integrity and remains out of scope.
The system combines different models to compose
the final score.

Problem and setting. In contact-center hiring
scenarios, evaluators must determine whether can-
didates demonstrate stable and intelligible voice
quality, as well as an appropriate speaking pace and
fluency—attributes that directly affect customer ex-
perience.

Designing automated support for this task is
challenging. Publicly available speech resources
remain limited for several languages, particularly
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Brazilian Portuguese, and widely used speech emo-
tion recognition (SER) benchmarks (e.g., IEMO-
CAP, RAVDESS) only partially reflect real call-
center conditions, as they are typically collected
in controlled or acted environments. As a result,
models trained on such data may not generalize to
spontaneous service interactions.

Beyond data mismatch, operational Quality As-
surance (QA) settings impose additional require-
ments: systems must provide time-stamped, trace-
able justifications for their assessments and remain
robust to diarization errors and Automatic Speech
Recognition (ASR) uncertainty.

Approach. We adopt a dual-stage architec-
ture combining an audio-native model with a
lightweight LLM auditor. Additional features help
to improve the quality. Voice Activity Detec-
tor (VAD) removes non-speech, reference-based
diarization supports continuity checks, and low-
support depreciation stabilizes scores. Results fol-
low a unified JSON schema for dashboards and
review.

Contributions.

(1) A production-ready, multilingual speech mod-
ule for contact-center hiring that provides
time-stamped, evidence-based evaluations of
vocal delivery.

(2) A novel two-stage design combining an audio-
language model with a lightweight LLM au-
ditor, enhanced by integrity mechanisms (e.g.
low-support depreciation) for reliable opera-
tion in noisy environments.

(3) A practical assessment protocol reporting both
agreement with human raters (Macro-F1, Co-
hen’s κ) and critical probability-quality met-
rics (Expected Calibration Error, Brier score)
on a production-like dataset, with a focus on
Brazilian Portuguese.

2 Related Work

Text-only assessment frameworks capture task
completion, discourse structure, and politeness
strategies, but systematically miss prosodic and
voice-quality cues that shape intelligibility, affect,
and perceived professionalism in call-center speech
(Picard, 2010; Jurafsky and Martin, 2024). While
transcript-based auditing benefits from advances in
large-vocabulary ASR, lexical evidence alone can-
not account for phonatory stability, rhythmic con-
trol, or temporal fluency—dimensions that strongly

influence communication quality in hiring scenar-
ios.

Prior work has proposed a wide range of acous-
tic metrics to quantify voice quality and prosodic
behavior; however, reported normative values vary
substantially across tools, recording conditions,
and corpora. As a result, published norms are better
treated as soft priors rather than fixed thresholds.
Acceptable ranges are typically tool- and corpus-
dependent (de Felippe et al., 2006; Wertzner et al.,
2005; Leme et al., 2016), motivating speaker- or
session-level normalization strategies.

Recent work in multimodal speech analytics in-
tegrates acoustic embeddings and language mod-
els to improve robustness in real-world evaluation
tasks. Such systems combine speech represen-
tations with textual features derived from ASR,
aiming to capture both semantic and paralinguistic
information. However, many approaches rely on
high-dimensional neural embeddings and prioritize
predictive performance over interpretability, leav-
ing open questions regarding explainability and
auditability in professional decision-making con-
texts.

2.1 Acoustic and Timing Cues
Classical phonetics and clinical acoustics formal-
ize reproducible extraction of acoustic indicators
and provide theoretical grounding for voice-quality
analysis (Titze, 2000; Boersma and Weenink, 2001;
Lerch, 2022).

Pitch statistics (F0 mean, variance, median)
track register and emphasis, contributing to per-
ceived engagement and pragmatic structuring.

Jitter and shimmer capture cycle-level instability
linked to roughness, breathiness, and perceived
clarity (Maryn and Roy, 2009; Titze, 2000; Teixeira
et al., 2013).

HNR and GNE summarize harmonic organiza-
tion versus turbulent noise, providing compact mea-
sures of phonatory regularity (Yumoto et al., 1982;
Michaelis et al., 1998, 1997).

Prosodic fluency—operationalized via speech
rate and pause ratio—quantifies pacing and hesi-
tation. These temporal dimensions exhibit well-
documented variation across speaking styles and
communicative contexts (Tauroza and Allison,
1990; Yuan and Liberman, 2010; Campione and
Véronis, 2002; Goldman-Eisler, 1968). In applied
evaluation settings, temporal control directly influ-
ences perceptions of confidence, clarity, and com-
municative effectiveness.

58



Large-vocabulary ASR systems provide
segment-indexed lexical evidence (e.g., repetitions,
truncations, quotations) as well as temporal
alignment that supports prosodic summarization.
Nevertheless, recognition errors and partial
coverage motivate cross-checks against acoustic
cues and conservative evidence rules (Jurafsky
and Martin, 2024; Radford et al., 2023). In
hybrid auditing settings, transcripts typically
serve as structured evidence rather than acting as
standalone classifiers.

2.2 Agreement and Calibration
Perceptual judgments of speech are inherently sub-
jective. When segments lack salient lexical or
prosodic cues, annotators may diverge in their eval-
uations. Consequently, evaluation frameworks of-
ten anchor thresholds to human gold standards
(e.g., double annotation followed by adjudication),
quantify agreement using Cohen’s κ—including
weighted variants for ordinal or ternary labels—and
report macro-F1 to capture class-balanced perfor-
mance (McHugh, 2012).

Beyond accuracy, probability quality and cali-
bration are increasingly recognized as critical for
decision-support systems. Reliability diagrams, Ex-
pected Calibration Error (ECE), and the multiclass
Brier score provide complementary views of proba-
bilistic consistency (Guo et al., 2017; Brier, 1950).
In operational settings, calibrated outputs are par-
ticularly relevant when model predictions inform
human decisions.

2.3 Linguistic Foundations: Prosody, Rhythm,
and Pragmatic Function

Acoustic and timing cues used in speech as-
sessment are grounded in established theories of
prosody. Autosegmental–Metrical frameworks con-
ceptualize intonational patterns as configurations of
pitch accents and boundary tones associated with
information structure and pragmatic function (e.g.,
focus marking, turn-taking). These prosodic di-
mensions directly affect perceived communication
quality and emotional expressivity.

Rhythm metrics (e.g., pairwise variability in-
dices) and measures of syllable-timed versus stress-
timed behavior quantify temporal alternation pat-
terns that shape fluency and naturalness in spon-
taneous dialogue. By linking extracted acoustic
indicators to linguistic constructs, feature-level rep-
resentations remain directly traceable to phonetic
theory. Unlike end-to-end neural embeddings, such

indicators facilitate transparent auditor rationales
and enable targeted diagnostics (e.g., distinguish-
ing local hesitation from global tempo instability).

Despite advances in acoustic modeling, ASR-
based auditing, and multimodal fusion, rela-
tively few systems explicitly combine theoretically
grounded acoustic indicators, transcript-derived lin-
guistic evidence, and calibrated probabilistic out-
puts aligned with human agreement in hiring sce-
narios. This gap is particularly salient for contact-
center speech in Portuguese, where interpretability,
auditability, and linguistic grounding are central
requirements.

3 Methods

We operationalize SR-Voice as the composition of
a speech model and an auditor (see §1). Figure 1
outlines the flow; here we specify inputs, feature
extraction, evidence rules, and evaluation metrics.
The results are reported at the segment level.

We run 1 SR-Voice in Cloud-1 (managed cloud)
, orchestrated with K8s-Managed (managed Kuber-
netes) . Automatic speech recognition (ASR) uses
ASR-Cloud (large-vocabulary ASR) to speech-to-
text (STT) The language auditor is LLM-Based ,
and the audio-native model is ALM-Based served
as a containerized service in the same Kubernetes
cluster. Kubernetes node pools are backed by C-
GPU-80G (data-center GPU, with at least 80 GB
VRAM) and all calls, model versions, prompts,
and features are logged for auditability. To im-
prove robustness and latency, long recordings are
split into segments of at most 30 s, preferring pause-
aligned boundaries when available. This window
size matches the reliability we observe on short
utterances and prevents degradation on very long
clips.

Optional front-end modules (e.g., VAD, neural
diarization with reference enrollment, and over-
lap detection) are used solely to gate candidate-
attributed segments and to emit session-level in-
tegrity flags. These signals are logged for traceabil-
ity but are intentionally excluded from segment-
level evaluation and scoring. This design isolates
the contribution of acoustic–prosodic and linguis-

1Certain implementation details (including specific com-
mercial providers, proprietary configurations, model variants,
and cloud infrastructure identifiers) have been anonymized
due to industrial confidentiality constraints. The abstractions
reported here preserve the technical characteristics relevant
for scientific evaluation (model class, deployment paradigm,
hardware profile, and logging strategy) while omitting com-
mercially sensitive information.
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Figure 1: SR-Voice pipeline overview.

tic features, avoids propagating front-end segmen-
tation errors into the evaluation metrics, and en-
sures that reported results reflect assessment quality
rather than preprocessing performance.

For each candidate-attributed segment, the audio-
only speech model emits per-topic judgments
with confidences; when available, ASR word-level
timestamps are used to derive timing features (e.g.,
WPM, pause ratio). The auditor LLM consumes
(i) the speech model’s hypothesis, (ii) acoustic and
timing statistics (e.g., F0 summary; jitter/shimmer;
HNR/GNE; WPM; pause ratio), and (iii) segment-
indexed transcript cues (e.g., repetitions, trunca-
tions, filled pauses). It outputs an audited verdict
per topic and a mapped score st ∈ [0, 10] with a
concise justification; scores are a monotonic map-
ping of confidences to a fixed 0–10 scale (no post-
hoc probability calibration).

Auditor ranges and indicators. We pass explicit
units and soft priors in the prompts to reduce tool-
dependent ambiguity. The numeric ranges and in-
dicators used are summarized in the Tables below
(Tables 1, 2).

3.1 Internal dataset and human annotation
Test calls were collected in a production-like sand-
box with consented internal volunteers acting as
candidates across realistic support scenarios. Au-
dio was stored per caller and segmented per the
policy in §3 (≤ 30 s, pause-aligned when avail-
able).

Corpus description The internal evaluation cor-
pus comprises speech recordings from 16 con-
sented volunteer speakers (11 male, 5 female)
collected in a production-like sandbox simulat-
ing realistic support-call scenarios. The seg-
mented audio yielded 94 candidate-attributed
speech segments. Each segment constitutes
an independent evaluation unit and is assessed

across three topics—Emotion, Communication,
and Rhythm—resulting in 282 segment–topic in-
stances. This design enables topic-level analysis
while preserving segment independence in both
modeling and evaluation.

Annotation unit and schema. The basic annota-
tion unit is a candidate-attributed speech segment.
Each segment is evaluated independently for each
topic in {Emotion,Communication,Rhythm}.

For every segment–topic pair, we record:

• File identifier;
• Hybrid system verdict ŷ ∈
{Yes,No,Undetermined};

• Mapped score st ∈ [0, 10], accompanied by
a brief rationale.

For human adjudication, we additionally collect:

• Agreement flag (binary: agree vs. disagree);
• Human score ht ∈ [0, 10];
• Short textual justification.

This schema enables direct comparison between
automated predictions and human evaluations at
the topic level.

Rater guidance and consensus. Scores are
“higher is better”: calm/professional voice (Emo-
tion); clear, intelligible speech with minimal disflu-
ency (Communication); fluent rhythm with natural
pace and pauses (Rhythm). Raters mark agree
only when the hybrid verdict and its cited evidence
(lexical quote or prosodic cue) align with the per-
ceived segment. Each item is triple-annotated by
independent raters; disagreements are resolved via
consensus (with Undetermined preserved when ev-
idence is insufficient). Inter-rater agreement and
calibration diagnostics are reported in §2.1 and Re-
sults.
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Table 1: Two-column summary of acoustic and timing metrics used by the auditor (LLM-only) model.

Metric Unit Guidance (soft priors) Role in system

Jitter (local) % ∼0.3–0.6% indicates stable periodicity; higher ↑ = insta-
bility/strain (supportive, never decisive).

Emotion/quality support

Shimmer (local) dB ∼0.3–0.5 dB “safe”; higher ↑ = amplitude instability. Emotion/quality support
HNR dB >12 dB clean voicing; 9–12 moderate; ≪9 hoarse/noisy. Supportive cue (never de-

cisive)
GNE – ∼0.1–0.3 clearer phonation (tool-dependent); use with

HNR, not alone.
Quality support

F0 (mean) Hz M: 85–180; F: 165–255; moderate dispersion; out-of-
range cues arousal/strain.

Emotion support

WPM w/min 110–145 fluent; >160 fast; <110 slow (cross-check with
pauses/syll/s).

Rhythm

Syllables/s syll/s ∼3–5 conversational; useful when segments are short. Rhythm (backup)
Pause ratio % time 10–20% typical; high values can signal hesitation; avoid

sole use on short clips.
Rhythm/Communication

Energy dynamics dB (rel.) Abrupt changes/peaks indicate emphasis or instability;
helps segmentation.

Emphasis/segmentation

Formants (F1–F3) Hz Vowel/speaker dependent; used qualitatively for plausi-
bility/clarity.

Quality sanity check

Integrity signals (VAD/overlap) – Filter/flag non-speech or crosstalk; logged only; not used
for evaluation.

Integrity (logged)

Diarization (DER) % Continuity vs. reference enrollment; logged only; not
used for evaluation.

Integrity (logged)

Notes / refs. Ranges are supportive heuristics, not rules; decisions combine acoustics with transcript evidence (literal quotes +
timestamps). Acoustic/voice-quality: (de Felippe et al., 2006; Leme et al., 2016; Maryn and Roy, 2009; Titze, 2000; Boersma

and Weenink, 2001; Yumoto et al., 1982; Michaelis et al., 1997, 1998). Rate/timing: (Tauroza and Allison, 1990; Yuan and
Liberman, 2010; Campione and Véronis, 2002; Goldman-Eisler, 1968; Lerch, 2022). Diarization/overlap: (Bredin et al., 2019).

Table 2: Two-column summary of transcript-derived indicators used by the auditor and for evidence rendering.

Indicator Type/Unit Guidance (soft priors) Role in system

Adjacent word repetitions count / seg. Immediate token repeats in a clause (e.g., “eu, eu. . . ”);
case/diacritic–insensitive; deduplicate ASR alts.

Communication:
dysfluency cue.

Truncated / partial words boolean / count Use ASR cut-off/hesitation markers (e.g., “co–”, “con. . . ”)
to flag broken onsets/endings.

Communication:
articulation/flow.

Filled pauses (PT-BR) count / seg. Language-specific fillers (“ah”, “é. . . ”, “hum”); ignore
evaluator backchannels.

Communication/Rhythm.

Lexical repetition flag
(n-gram loops)

boolean (+
count)

Flag repeated bi/tri-grams over a sliding window (20–30 s)
to capture looping/word search.

Communication:
cohesion/fluency.

Mean utterance length
(candidate)

tokens / turn Average tokens per candidate turn; robust to micro-pauses
and minor timing noise.

Communication:
verbosity

Fraction of call time aligned
to word timestamps; low
coverage down-weights
transcript cues.

Confidence
modulator.

Text anomalies boolean / tags Detect nonsensical fragments or obvious ASR artifacts; if
no literal support, use “prosodic inference” wording.

Justification
hygiene.

Notes / refs. Transcript indicators are supportive; final decisions combine acoustics and text per the auditor prompt.
Timing–based fluency metrics (e.g., WPM, text-timed pause ratio, syllables/s) appear in the rhythm/interaction table.

Background on discourse pauses and text evidence: (Jurafsky and Martin, 2024; Goldman-Eisler, 1968; Campione and Véronis,
2002; Lerch, 2022).

3.2 Validation metrics

Cohen’s κ for ternary judgments. Following
(McHugh, 2012; Landis and Koch, 1977), let po
be the observed agreement and pe the chance
agreement induced by the label marginals over

Y = {Yes,No,Undet.}. Cohen’s κ is

κ =
po − pe
1− pe

. (1)

For ordinal variants (e.g., penalizing Yes vs.
No more than disagreements involving Undet.),
weighted κ uses a cost matrix wij and reweights the
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observed/expected proportions accordingly. In SR-
Voice, κ captures criterion-level agreement beyond
prevalence, aligning with human-facing audits.

Macro-F1 for class balance. For each class
c ∈ Y with precision Pc and recall Rc, define
F1c = 2PcRc/(Pc + Rc). Macro-F1 averages
F1c over classes, reducing sensitivity to class im-
balance—relevant since Undet. is expected under
noisy or short segments; see (Jurafsky and Martin,
2024) for a general overview.

Probabilistic calibration (ECE and reliability).
We partition predictions into M confidence bins
{Bm}Mm=1 based on the top-class confidence and
compute the Expected Calibration Error:

ECE =

M∑

m=1

|Bm|
n

∣∣ acc(Bm)− conf(Bm)
∣∣,

(2)
where acc(Bm) is the empirical accuracy and
conf(Bm) the mean predicted confidence in bin
Bm. Reliability diagrams visualize acc vs. conf
across bins (Guo et al., 2017).

Multiclass Brier and NLL. The multiclass Brier
score (Brier, 1950) complements ECE by assessing
the full probability vector:

Brier =
1

n

n∑

i=1

∑

k∈Y

(
p̂ik − oik

)2
, (3)

where oik is one-hot (1 if yik = k, else 0) and p̂ik
is the predicted probability for class k. We also
report the negative log-likelihood (log-loss),

NLL = − 1

n

n∑

i=1

log p̂i,yi , (4)

which is especially sensitive to overconfident er-
rors.

Why these metrics fit SR-Voice. (i) κ dis-
counts chance agreement and is robust to preva-
lence shifts—crucial when Undet. varies with
noise/overlap. (ii) Macro-F1 prevents dominance
by majority classes when No (normal) or Yes (issue)
outweighs Undet.. (iii) ECE/Brier/NLL evaluate
probability quality used in dashboards and thresh-
olding, supporting human-in-the-loop triage and
safe deployment.

Table 3: Overall performance on the filtered evaluation
set (Undetermined excluded). Best per column in bold;
ties in bold

Model Macro-F1 κ ECE10 Brier NLL

Hybrid 0.861 0.536 0.053 0.109 0.630
ALM 0.861 0.607 0.091 0.189 0.472
LLM 0.760 0.446 0.076 0.158 0.602

Note on post-hoc calibration. We did not apply
post-hoc calibration in this study; when miscalibra-
tion is observed, methods such as Bayesian binning
(BBQ) and beta calibration can be applied without
retraining (Naeini et al., 2015; Kull et al., 2017).

3.3 Evaluation protocol

We evaluate at the segment level against a triple-
annotated human gold (§3): items with Unde-
termined gold response are excluded from agree-
ment metrics unless stated otherwise. We report
(i) Macro-F1 per topic and overall, (ii) chance-
corrected agreement via Cohen’s κ (weighted for
ternary labels when noted), and (iii) probabilistic
calibration for the hybrid model’s dashboard prob-
abilities using top-class ECE (M=10 bins) and the
multiclass Brier score (McHugh, 2012; Guo et al.,
2017; Brier, 1950).

4 Results

We evaluate on a filtered set that excludes Unde-
termined gold labels (123 segment–topic pairs: 40
Communication, 45 Emotion, 38 Rhythm). We re-
port Macro-F1, Cohen’s κ, and calibration metrics:
top-class ECE (10 bins), multiclass Brier, and neg-
ative log-likelihood (NLL). Overall performance
results are reported in Table 3. Higher is better for
Macro-F1/κ; lower is better for ECE/Brier/NLL.

Overall. Hybrid matches the best Macro-F1
while achieving the lowest calibration error and
Brier (ECE 0.053; Brier 0.109). ALM attains the
lowest NLL (0.472), indicating sharper probability
mass when correct, though it is less well-calibrated
overall. LLM trails both in accuracy and calibra-
tion.

Per-topic summary. Communication is essen-
tially solved by Hybrid and ALM (near-perfect
agreement); residual ECE underscores that per-
fect accuracy does not imply perfect calibration.
In Emotion, Hybrid shows strong agreement but
higher NLL driven by a few overconfident errors.
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Rhythm is the most variable dimension, consistent
with its sensitivity to segment length and ASR tim-
ing noise.

Visual diagnostics. Figure 2 shows reliability
diagrams for Hybrid, ALM, and LLM (accu-
racy vs. confidence, M=10 bins); Hybrid adheres
most closely to the diagonal, matching its lowest
ECE/Brier, while ALM is sharper but less cali-
brated in mid-confidence bins. Figure 3 presents
the Hybrid confusion matrix (row-normalized,
three classes), with mass concentrated in the No col-
umn due to class prevalence and a conservative op-
erating point. Both figures use the full three-class
set including gold Undetermined for visualization;
Table 3 reports metrics on the filtered set.

5 Discussion

Agreement. Overall κ values fall in the mod-
erate–substantial range (Landis and Koch, 1977;
McHugh, 2012): ALM reaches κ=0.607 (substan-
tial), Hybrid κ=0.536 (moderate). For Commu-
nication, both models achieve near-perfect agree-
ment—a ceiling effect of this sample, which con-
tains only one clip with a clear communication
failure; most segments are fluent speech.

Calibration. ECE10 surfaces a distinct quality
axis: Hybrid is best calibrated (0.053), outper-
forming LLM (0.076) and ALM (0.091). Well-
calibrated probabilities matter for thresholding and
human-in-the-loop triage (Guo et al., 2017). Across
topics, Rhythm is the least calibrated on average,
consistent with its higher ambiguity and depen-
dence on timing cues.

Error profile and dataset effects. The Hybrid
confusion matrix (Fig. 3, visualized on the full
three-class set) shows a tendency toward No, espe-
cially when gold is Undetermined. This aligns with
corpus composition (volunteers attempting to per-
form well) and a conservative operating regime.
This functions as a continuous safety guardrail
within SR-Voice. All segments are automatically
screened for potentially harmful content, such as of-
fensive language, hate speech, or sexist intent, and
any flagged segment is vetoed before downstream
scoring. This ensures that SR-Voice remains within
a controlled safety envelope, preserving ethical and
operational integrity even under noisy or high-risk
inputs

In Emotion, a handful of overconfident mistakes
inflate NLL despite low ECE/Brier .

Takeaways. Hybrid matches ALM on Macro-F1
while offering markedly better calibration; LLM
trails on both. Given the small, clean dataset, these
are likely lower-bound estimates. We expect larger
gains with more diverse acoustics and adjudicated
dysfluency samples; future work will expand the
corpus and, if needed, explore post-hoc calibration
on held-out data.

Linguistic interpretability and operationaliza-
tion From a linguistic perspective, the indicators
extracted by SR-Voice correspond to three major
phonetic–prosodic dimensions. (i) Voice quality
measures (jitter, shimmer, GNE) capture phonatory
stability and vocal effort, correlating with perceived
emotional valence and physiological tension. (ii)
F0-based statistics reflect both affective modula-
tion and intonational structure, linking to pragmatic
functions such as emphasis, politeness, or engage-
ment. (iii) Temporal organization metrics—speech-
rate, pause ratio, and Pairwise Variability Index
(PVI)—represent rhythmical properties tied to flu-
ency and conversational turn management. Oper-
ationalizing these constructs as soft priors in the
auditor’s reasoning prompts enables rationales that
are acoustically grounded and linguistically inter-
pretable. This connection between model output
and theoretical prosody provides transparency and
supports targeted feedback for human auditors and
trainees.

6 Ethical impact

This work uses internally collected speech from
volunteer colleagues in a production-like setting.
Participation was informed and voluntary; no mi-
nors or sensitive groups were targeted. Audio was
processed inside an access-restricted environment
with encryption in transit and at rest, auditable ac-
cess logs, and role-based permissions. For this
study, raw audio was analyzed without automated
PII redaction to preserve acoustic fidelity during
evaluation; before long-term retention or any shar-
ing, we store only de-identified artifacts (e.g., an-
notations, derived features, and transcripts with
manual/automatic redaction where applicable), and
we will not release raw audio.

We recognize potential fairness risks (e.g., ac-
cent, speaking rate). To mitigate these, we (i) report
inter-rater agreement and use a ternary label space
to encode residual ambiguity, and (ii) plan strati-
fied analyses and bias audits in future releases. No
attempts were made to infer protected attributes,
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Figure 2: Reliability diagrams (accuracy vs. confidence). Legend: b = ideal baseline (dashed diagonal, perfect
calibration); e = empirical accuracy per confidence bin; s = mean predicted confidence per bin. Hybrid tracks the
diagonal more closely, consistent with the lowest ECE/Brier.

Figure 3: Confusion matrix on the full three-class set
(Undetermined included for visualization; evaluation
metrics are reported on the filtered set). The concen-
tration along the No column reflects the conservative
operating point and class distribution.

and no harmful-content data were curated. This
submission follows the ACL Policy on Publication
Ethics regarding authorship, conflicts of interest,
privacy, and use of generative assistance.

7 Limitations

Our evaluation uses a small, relatively clean in-
ternal dataset with volunteer speakers, which bi-
ases class prevalence and under-represents difficult
cases (noise, overlap, clinically validated dysflu-
ency). Speech judgments are inherently subjec-
tive; we mitigate with double annotation and ad-
judication, but residual ambiguity remains. We
report segment-level results only; low-level pre-
processing and session-level aggregation/integrity
weighting are treated as replaceable front ends and
are out of scope. We did not apply post-hoc cal-
ibration in this study. Future work will expand
and diversify the corpus, report confidence inter-

vals (e.g., non-parametric bootstrap over segments),
and—if warranted—study calibration methods and
per-threshold trade-offs on held-out data.

8 Conclusion

The SR-Voice module demonstrates that hybrid
audio–text modeling can produce reliable and inter-
pretable assessments of vocal delivery in realistic
hiring scenarios.

Our findings highlight that Communication
reaches a performance ceiling even for human
raters, while Rhythm remains the most challenging
criterion to assess, suggesting an inherent percep-
tual ambiguity that future models must address.
By combining phonetic indicators with transpar-
ent probability estimates, SR-Voice advances the
practical use of speech analytics for recruitment,
offering traceability suitable for threshold-based
and human-in-the-loop decision pipelines.

Future work will explore multilingual generaliza-
tion, longer-form conversational data, and refined
calibration across acoustic domains, as well as ethi-
cal safeguards for privacy and bias. Taken together,
these directions move SR-Voice toward a robust,
explainable foundation for audio-native evaluation
in real-world, multilingual settings.
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