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Abstract
We introduce HaessigDB, a curated collection of human-
annotated emotional speech snippets with intensity grading.
The database contains acted call-center style speech snippets
with human ratings on three irritability dimensions, namely an-
noyance, frustration, and aggression. Each snippet is rated on
an ordinal intensity scale, which supports fine-grained analysis
beyond binary emotion detection. To improve annotation qual-
ity, we construct high-agreement subsets per dimension through
iterative processing steps. The resulting corpus preserves tem-
poral ordering, enabling research on irritability development
in conversations and early escalation signals. HaessigDB ad-
dresses a data gap in speech-based emotion research for service
settings, where intervention decisions depend on both intensity
and temporal development. The database can support super-
vised learning, trajectory modeling, and design of escalation-
aware conversational systems.
Index Terms: speech emotion recognition, irritability in
speech, computational paralinguistics, emotion intensity,
speech corpus

1. Introduction
The detection of irritability in speech has many important ap-
plications. In particular in customer service, automatic fine-
grained detection could improve service quality: Irritable cus-
tomers could be transferred to human agents in call routing sys-
tems, and voicebot conversations can automatically be escalated
to experts when irritability increases. Such routing decisions
matter because customers’ negative emotions can lead to nega-
tive experiences in bot interactions [1, 2]. When a request is not
resolved or when misunderstandings persist, conversations can
deteriorate [3]. Consequently, for systems that automate cus-
tomer service interactions with voice agents, it is essential to
identify breakdown risk early enough to trigger corrective ac-
tion [4].

However, automatic irritability detection in speech remains
challenging. Existing speech emotion recognition datasets of-
ten do not provide labels that match escalation management
needs. Widely used corpora were primarily designed for gen-
eral emotion recognition. Classic resources such as Emo-DB
[5, 6], IEMOCAP [7], and RAVDESS [8] are highly valuable
for benchmarking broad emotion categories, but were not de-
signed to capture irritability in service calls and typically do not
provide intensity ratings. In practice, binary or coarse emotion
labels are often insufficient for corrective action because inter-
vention decisions depend on intensity and temporal develop-
ment, not only on the presence or absence of a category [9, 10].
For escalation management, systems need an ordinal signal of
how irritability evolves over interaction time.

Prior dialog research has shown that problematic interac-
tions can be predicted from early turns and that such predic-
tions can inform recovery policies, including transfer decisions
[11, 9]. More recent work reaches a similar conclusion in de-
ployed systems, where frustration detection is linked to reten-
tion and user satisfaction outcomes [12, 10]. Together, this
line of work indicates that escalation handling is a core oper-
ational problem in conversational systems in service environ-
ments. Emotion-aware modeling provides two concrete oppor-
tunities. First, affective speech cues can reveal early irritability
even when lexical content remains formally polite or ambigu-
ous, which can enable adaptive response strategies before fail-
ure becomes explicit. Second, if adaptive strategies do not stabi-
lize the interaction, continuous affect tracking can enable timely
handoff to a human agent before full conversational breakdown.

Recent multimodal and foundational model research makes
this direction increasingly feasible. In conversational AI, multi-
modal architectures that integrate audio and text improve break-
down detection relative to text-only approaches [10]. In affec-
tive computing, current foundation-model discussions empha-
size theory-grounded emotion modeling and multimodal inte-
gration as key directions for robust real-world systems [13].
However, progress is constrained by data availability. While
text resources for sentiment and dialogue-state modeling are
abundant, speech resources with intensity labels allowing for
more fine-grained prediction of irritability remain compara-
tively scarce in practical service settings [14, 12].

To address this gap, we introduce a database of human-
annotated emotional speech snippets with intensity grading
(HaessigDB). The corpus focuses on irritability as the target
construct and operationalizes it through annoyance, frustration,
and aggression ratings on ordinal scales across temporally or-
dered dialogue snippets. This design supports models that esti-
mate both current irritability level and short-horizon escalation
risk. We also provide curated high-agreement subsets for each
irritability dimension to support reliable supervised learning.
By aligning dataset design with intervention needs in service
operations, HaessigDB provides a resource for emotion-aware
adaptation and handoff policies in conversational systems.

2. Related Work

This section establishes emotion-aware conversational systems
as one prominent application field for fine-grained detection of
irritability in speech. Additionally, we introduce the construct
of irritability and highlight the importance of intensity and tem-
porality in the given application context.
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2.1. Emotion-Aware Conversational Systems

Conversational systems deployed in customer service environ-
ments are increasingly equipped with some form of emotion
awareness. For instance, a growing body of research investi-
gates empathetic conversational agents, where agents are de-
liberately designed to elicit or project empathy [15]. While
some empathetic designs lead to beneficial consumer responses
[16], overall findings are mixed [17, 18]. Designing emotion-
aware systems typically implies dynamic recognition of a hu-
man user’s feelings and emotional state [19]. More generally,
in human-computer interaction, the emotional intelligence of a
conversational agent is evaluated based on the agent’s ability
to perceive user emotions, use emotions, understand emotions,
and manage emotions [20]. Compared to text-based agents,
acoustic signals in voice interactions provide richer data for
emotion detection [20]. Therefore, multimodal approaches to
emotion-aware conversational systems are a promising research
direction. However, training data are often scarce, unbalanced,
and noisy across modalities [21].

2.2. Irritability in Emotional Speech

In this paper, we use irritability to denote a construct of
interaction-relevant negative affective states that are plausibly
expressed in speech and may vary in degree. We operationalize
irritability through three closely related dimensions, namely an-
noyance, frustration, and aggression. This is in line with prior
conceptual work that characterizes irritability as mild anger and
as a blend of being easily annoyed or frustrated, with the po-
tential to progress toward more overt anger [22]. Classic and
reformulated accounts of the frustration–aggression relation-
ship further motivate treating these states as connected rather
than independent: Goal blockage may induce negative affect
that can facilitate aggressive inclinations under appropriate cues
[23, 24]. More recent empirical work similarly associates frus-
tration episodes with irritation-related emotional responses, re-
inforcing the relevance of an annoyance–frustration–aggression
framing for escalation-sensitive settings [25].

A second premise is that irritability is more usefully treated
as graded rather than purely categorical. By intensity, we mean
an ordinal notion of “how irritated” a speaker is perceived to
be along a given dimension, rather than a binary indicator of
whether that dimension is present. This choice is consistent
with previous findings showing that many affective judgments
are ordinal in structure and that ordinal labeling can better align
with human perception than categorical annotation [26]. In
speech, early work demonstrated that annoyance and frustra-
tion can be inferred from prosodic cues in dialogue, suggesting
that these emotions have vocal correlates that are noticeable to
listeners [27]. More recent work in complaint-service call anal-
ysis has explicitly modeled annoyance as a degree, including
segment-level annotation schemes intended to capture shifts in
annoyance intensity over a conversation. [28, 29]

Finally, we treat irritability as temporal within an interac-
tion. By temporality, we mean that perceived intensities may
increase, plateau, or decrease as a conversation unfolds over
time. This evolution can be consequential for downstream de-
cisions such as escalation management. Analyses of customer-
facing calls have emphasized tracking annoyance as it develops
within a call, rather than assuming a stationary emotional condi-
tion [29]. More broadly, work on the temporality of frustration
in learning contexts underscores that frustration is not a static
state and can transform as conditions change, which motivates
studying trajectories rather than isolated snapshots [30]. Thus,

our database contains both a temporal and an ordinal intensity
component.

3. Gathering and Curating the Data
We created the database in three phases: First, we generated the
typical textual call transcripts and hired voice actors to record
them. Second, we crowd-sourced the annotation of the three
irritability dimensions (annoyance, frustration, aggression) on
ordinal scales. Third, we iteratively removed snippets with low
inter-rater agreement until we had a curated high-agreement la-
beled dataset for each irritability dimension.

Figure 1: Methodology of dataset creation and curation.

3.1. Text Material

The text material was generated synthetically to resemble cus-
tomer service center conversations in a banking context. The
synthetic generation pipeline ensured that a variety of scenarios
are covered. Additionally, it was configured such that the role-
played customer would become increasingly irritable as their
request could not be resolved to their satisfaction. This design
choice was intended to convey the temporality and graded affec-
tive states to actors, rather than a single static emotional condi-
tion. In total, 45 distinct call scripts were selected for recording.

3.2. Selection of Actors

We hired four voice actors through the online platform Upwork.
All of them were recruited from different countries where En-
glish is an official language, had experience in voice acting, and
a professional recording setup. Actors were compensated at an
average wage of 64 USD per recording hour.

3.3. Online Rating via Prolific

To obtain ratings of the intended irritability dimensions, we seg-
mented full call recordings into snippets roughly corresponding
to individual sentences. The average snippet recording is 3.91
seconds long with a standard deviation of 2.13 seconds.

Each voice snippet was rated by multiple annotators on an
ordinal scale from 1–10 for aggression, frustration, and annoy-
ance. In total, we recruited 374 annotators on Prolific, that rated
a maximum of 20 snippets each. We included attention checks
and removed all ratings from the nine annotators who failed
them. For the reliability analysis, we retained only snippets with
at least three ratings per irritability dimension (28 snippets were
removed). This filtering step was used to mitigate issues aris-
ing from sparsely rated items caused by failed attention checks.
After filtering, we thus ended up with 587 snippets rated three
times and 482 snippets rated four times.
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3.4. Curating the Data

We quantified inter-rater reliability using Krippendorff’s alpha
α, computed at the ordinal level of measurement. In this setting,
Krippendorff’s α is used as a chance-corrected agreement mea-
sure that accommodates varying numbers of ratings per item
[31]. We computed α separately for each irritability dimen-
sion. This per-dimension computation reflects that agreement
may differ across emotion constructs, rather than constituting a
single aggregate property of the dataset.

Because α is defined over a set of items rather than per
item, we constructed a curated subset of snippets whose anno-
tations achieve a target dataset-level reliability. Starting from
all eligible snippets, we iteratively removed snippets that most
increased dataset-level α. Iteration stopped when α ≥ 0.80 or
when no further removals increased α. We refer to the resulting
curated subset as the high-agreement subset.

4. Evaluating the Data
In this section, we provide a description and preliminary evalu-
ation of our database.

4.1. Overview of Datasets

After curation, we arrived at three separate datasets for each tar-
get dimension. While the raw dataset after filtering contained
1068 valid snippets, the high-agreement subsets for annoyance,
frustration, and aggression contained 553, 537, and 516 snip-
pets respectively. Additionally, we provide two variants of a
merged dataset containing 250 snippets when using an inner
join and 832 snippets for the outer join method. Table 1 gives an
overview of the different subsets. All datasets are made publicly
available on Zenodo and Hugging Face.1

Table 1: Overview of Raw and Curated (High-agreement)
Datasets

Name Description # Snippets
All ratings Full collected voice data and rat-

ings
1068

Annoyance
(α > 0.8)

High-agreement subset for annoy-
ance

553

Frustration
(α > 0.8)

High-agreement subset for frustra-
tion

537

Aggression
(α > 0.8)

High-agreement subset for aggres-
sion

516

Inner join
(α > 0.8)

High-agreement subset satisfying
α > 0.8 across all emotions

250

Outer join
(α > 0.8)

High-agreement subset satisfying
α > 0.8 in at least one emotion

832

Figure 2 shows the distribution of ratings for each irritabil-
ity dimension before and after the curation of the dataset. While
the raw ratings for frustration and annoyance approximately fol-
low a normal distribution, the rating distribution for aggression
is skewed right. After curation, the most frequent rating values
are attenuated, resulting in a flatter distribution. For a labeled
data set, this is generally beneficial. For example, when the
dataset is utilized as training data for a machine learning model,
a more even distribution among labels will prevent issues aris-
ing from class imbalance.

1https://huggingface.co/datasets/nwllr/
haessigDB

Figure 2: Label distributions for each emotion before and after
the data curation.

Interestingly, in the curated subset, almost no ratings are
filtered out for the lowest level of each emotion. This indicates
that there tends to be high agreement in the ratings when the
respective emotion is clearly absent.

4.2. Temporal Component

Figure 3: Smoothed emotion trajectories for the first 20 snippets
of each call.

Figure 3 shows the trajectories of perceived aggression,
frustration, and annoyance for the first 20 snippets of each call.
The grey lines show the rolling-mean (window = 5 snippets)
ratings for individual calls, and the thick line shows the average
trajectory across calls.

We can observe, that, for the first 10 snippets, each irritabil-
ity dimension monotonically increases on average. Afterwards,
they remain at a high level. This is in line with our intention of
increasingly irritable customers in the synthetic call scripts. It
also illustrates the suitability of our dataset for early stage detec-
tion, as - especially in the first 10 snippets - the snippets show
relatively low levels of irritability that are followed by higher
levels.

In both Figure 2 and Figure 3, it is apparent that aggres-
sion levels are perceived lower than frustration and annoyance.
This aligns well with the previously mentioned frustration-
aggression relationship, which claims that frustration can lead
to aggression and usually arises when individuals face obstacles
in achieving their goals [23, 24].

4.3. Baseline Evaluation of Emotion Detection Models

There is a lack of off-the-shelf models explicitly targeting the
detection of irritability or its subdimensions. Thus, we evalu-
ated the performance of five popular speech emotion recogni-
tion models from Hugging Face on our database (search string
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”emotion” in the audio classification category). Concretely, we
selected the five most liked models for emotional speech recog-
nition that included an irritability proxy (anger/angry) as a la-
bel2. We related the categorical irritability label (anger/angry)
to our ordinal ratings of each irritability subdimension (annoy-
ance, frustration, aggression) by performing a threshold sweep.
For a minimum threshold t ∈ 0, . . . , 9, snippets with human
rating > t were treated as ground-truth anger present, and all
remaining snippets as anger absent. For reporting, we focus
on the results for the aggression subdimension. The results for
annoyance and frustration follow a similar pattern.

To evaluate the model performance, we focus on the recall
score that the models achieve across each threshold. A desirable
model would have a high recall for a high threshold value (only
snippets that are rated highly aggressive by the human raters
are assigned the anger present label) and a medium to low level
recall for a low threshold value (most snippets are assigned to
anger present, even though many of them are not rated at a high
level of aggression by humans as apparent in Figure 2). On the
thresholds in between, the recall rate would ideally monotoni-
cally increase.

The recall scores across the threshold sweep reveal the ma-
jor failure modes of the existing models. We find that there is
only a small difference between the recall score for a low and
high threshold across all tested models. They either remain at
very low levels or very high levels throughout the whole thresh-
old sweep. This highlights two major limitations of deploy-
ing existing categorical speech emotion recognition models for
escalation-sensitive settings. First, existing categorical emotion
models may not provide stable behavior across operationaliza-
tions of irritability, because their classification propensity varies
materially across architectures and training regimes. Second,
none of these models provides an ordinal notion of how ag-
gressive a snippet is. The relatively flat lines resulting from the
threshold sweep illustrate that, even when models can recover
high-aggression cases, their categorical outputs do not resolve
intermediate aggression levels in a stable fine-grained manner.
This is precisely what matters for many applications including
early intervention and escalation management.

4.4. Fine-tuning of Emotion Detection Models

In a next step, we evaluate whether our curated dataset can be
used to fine-tune existing speech models for continuous inten-
sity prediction. We again use the subdimension aggression to
evaluate the models. We split the labeled audio data into a train-
ing and testing set (80/20 random split, not speaker-disjoint)
and fine-tune two of the aforementioned pretrained speech en-
coders using Low-Rank Adaptation (LoRA) [37]. We add a
simple regression head predicting a single scalar score per clip
to adjust the models for ordinal outputs. Specifically, we fine-
tune the models based on HuBERT and XLSR-wav2vec for five
epochs using a batch size of 4 and a learning rate of 1 × 10−4

on a 16GB NVIDIA T4 GPU, which is sufficient for parameter-
efficient adaptation of these transformer backbones. After five
epochs, both models perform well on the held-out test set. Hu-
BERT achieves a mean average error (MAE) of 1.502 with a
Pearson correlation of r = 0.607 between predicted and true

2The selected models are (1) harshit345/xlsr-wav2vec-speech-
emotion-recognition [32], (2) Rajaram1996/Hubert emotion [33],
(3) speechbrain/emotion-recognition-wav2vec2-IEMOCAP [34], (4)
ehcalabres/wav2vec2-lg-xlsr-en-speech-emotion-recognition [35], (5)
firdhokk/speech-emotion-recognition-with-openai-whisper-large-v3
[36]

intensity ratings. XLSR-wav2vec achieves an MAE of 1.333
with a Pearson correlation of r = 0.710. Overall, the results
suggest that the dataset contains a learnable acoustic signal for
aggression intensity and supports effective parameter-efficient
adaptation of pretrained speech encoders. Across both absolute
error and association with human judgments, XLSR-wav2vec
shows stronger performance, indicating better alignment with
the relative ordering and magnitude of aggression ratings in this
dataset.

To compare this regression result to the classification base-
line models, we convert the predictions to the binary label of
anger present/absent when the predicted aggression value is
higher/lower than five. Figure 4 illustrates the recall perfor-
mance across the threshold sweep before and after fine-tuning.
We observe that the dotted curves (fine-tuned models) much
more closely resemble the desirable behavior as described in
the previous section. Once again the fine-tuned XLSR-wav2vec
performs best. Nevertheless, the improvement of the fine-tuned
HuBERT model is also clearly visible. Overall, the character-
istics of both models after fine-tuning on HaessigDB are much
more similar and useful than before.

Figure 4: Irritability detection performance on the HaessigDB
aggression subset of two emotional speech detection models
from Huggingface before and after fine-tuning.

We emphasize that these results rely on an internal 80/20
split and therefore do not, on their own, establish out-of-sample
generalizability across speakers, domains, or recording condi-
tions. Nonetheless, given the absence of established bench-
marks for irritable speech detection with ordinal intensity rat-
ings, the observed error levels and correlations provide initial
evidence that pretrained speech encoders can be adapted to pre-
dict fine-grained intensity labels for irritability subdimensions.
This capability is salient for applied settings such as customer
service, where early and graded detection of escalating affect
may be more actionable than categorical emotion labels.

5. Conclusion

This paper introduced HaessigDB, a curated corpus of tempo-
rally ordered call-center speech snippets with ordinal intensity
ratings for annoyance, frustration, and aggression. The database
enables modeling irritability as graded and evolving over inter-
action time. Initial experiments suggest that pretrained speech
encoders can be adapted to predict these fine-grained inten-
sity labels, underscoring the feasibility of intensity-aware affect
modeling for escalation management in conversational systems.
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