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ABSTRACT
Speech models are often evaluated based on overall performance or

predefined subgroups, which can miss valuable insights from more

detailed subgroup analyses. Yet, identifying interpretable subgroups

in raw speech data poses inherent challenges. To address this, we

enhance speech data with metadata such as speaker demographics

(gender, age), task-related features (intent, emotion), and signal-

related metadata (speaking rate, number of pauses). This enriched

data allows us to identify human-understandable subgroups where

speech model performance deviates significantly from the average.

Our approach is task-, model-, and dataset-agnostic, enabling us to

identify performance disparities both within and across different

models. We validate our method on three tasks (intent classifica-

tion, automatic speech recognition, and emotion recognition), four

datasets, and three models of varying sizes, providing nuanced

insights into model assessments. We further leverage this approach

to guide a mitigation strategy for improved and fairer models. The

results demonstrate that our approach leads to performance im-

provements and significant reductions in performance disparities

compared to random-, and clustering-based techniques.
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1 INTRODUCTION
Intelligent systems with speech recognition and comprehension

capabilities are increasingly common. However, evaluations often

focus on overall performance, neglecting disparities across different

groups. Recent studies have highlighted issues of model bias and

unequal treatment across data subgroups [2–4, 6, 8, 12]. A data

subgroup is a subset of instances sharing similar characteristics

or attribute values (e.g., utterances by female speakers). Previous

approaches typically focused on predefined subgroups based on

known attributes of interest, targeting biases in specific demo-

graphic traits such as skin tone [4], ethnicity [8], or combinations

of metadata like gender, age, and accents [3]. However, these cate-

gorizations require human expertise and limit the exploration of

unanticipated yet significant subgroups. We propose an automated

method to identify critical subgroups to address these limitations.

Unlike existing clustering-based techniques [2, 12], our approach

allows intersectional analysis, exploring the combined impacts of

multiple attributes. By combining metadata like speaker gender and

features like speaking rate, we can identify interpretable subgroups.

Research questions. This study investigates bias in speech model

performance across data subgroups via pattern mining. We auto-

matically identify combinations of metadata values that exhibit

the highest: (i) intra-model performance gaps, indicating significant

performance differences between the overall dataset and specific

data subgroups, and (ii) cross-model performance gaps, signifying no-
table differences in subgroup performance among different models.

We leverage this interpretable identification of critical subgroups

to design a data acquisition strategy to enhance performance and

mitigate model biases. Therefore, this work addresses the follow-

ing research questions (RQs): (RQ1) “How can we automatically

identify and characterize the most critical subgroups for a speech

model?”, (RQ2) “How do model size and architecture impact sub-

group performance?”, and (RQ3) “ How effectively can we mitigate

these model biases through a subgroup-guided data acquisition?”.

2 METHODOLOGY
We analyze speech model behavior by slicing data into interpretable

subgroups. We define interpretable metadata as attributes under-

standable by humans, e.g., speaker age or gender or utterance noise

level. For instance, “old men in noisy scenarios” is an interpretable

subgroup. Identifying interpretable subgroups in raw speech data

poses intrinsic challenges. To overcome this issue, we enrich speech

data with interpretable metadata, including: (i) speaker demograph-
ics like gender or age, (ii) task-specific features, like intent or emotion

associated with an utterance, (iii) recording and speaking conditions,
such as noise level, speaking rate, and duration of pauses.

Items and Itemsets. Let 𝐷 represent our dataset and 𝐴 denote its

metadata attribute set. An item represents an attribute equality 𝑎 =

𝑣 , where 𝑎 is an attribute in 𝐴, and 𝑣 is its value. Examples of items

include gender = male and age ∈ [41 − 65]. Note that continuous-
valued attributes are discretized. A subgroup corresponding to an

item denotes the dataset portion satisfying it. Items facilitate the

selection of data subsets based on single attributes, while itemsets
allow slicing across multiple attributes. An itemset 𝐼 comprises zero

or more items, each including a different attribute. For instance, an

itemset like {gender = female, age ∈ [22, 40]} defines a subgroup.
The itemset support denotes the fraction of the dataset it covers. For

instance, an itemset with support 0.02 represents 2% of the dataset.

An itemset is frequent if its support exceeds a minimum threshold.

Intra and cross-model performance gapsWe aim to identify sub-

groups with performance disparities relative to the overall dataset.

We use DivExplorer [9] to extract all frequent itemsets above a

certain support threshold via frequent pattern mining techniques.

While the number of subgroups can increase exponentially with

more attributes, many itemsets may have minimal support and thus

be less relevant. Additionally, low-support subgroups can suffer

from statistical fluctuations. Therefore, we focus only on frequent

subgroups that exceed the support threshold to ensure meaningful

analysis. We use the concept of subgroup divergence (i.e., intra-

model performance gap) from [9]. Let 𝑓 be a generic statistic for

a speech task. For a model 𝑀 and subgroup 𝐼 , 𝑓 (𝐼 , 𝑀) represents
the average statistic (e.g., accuracy, error rate) for the model on

the subgroup. The divergence of itemset 𝐼 for model𝑀 is defined

https://orcid.org/0000-0003-4386-0409


Koudounas et al.

Table 1: Top, RQ1. Intra-model 𝑓 gap for the most negatively (I-) and positively (I+) divergent subgroups. Bottom, RQ2. Cross-
model 𝑓 gap when scaling up wav2vec 2.0. (↑) and (↓) denote the highest performance improvement and decrease, respectively.

Subgroups Sup_train Sup_test 𝑓 Δ𝑓 t

I-: {age=22-40, gender=male, location=none, speaking rate=high, tot silence=high} 0.03 0.04 60.50 -31.22 7.05

I+: {age=22-40, location=washroom, speaking rate=low, trimmed duration=high} 0.03 0.03 100.0 8.28 9.74

Subgroups Sup 𝑔𝑎𝑝 𝑓 𝑓w2v2-b 𝑓w2v2-l t

↑ : {action=increase, location=none, tot duration=low, trimmed speaking rate=low, trimmed duration=low} 0.03 22.69 75.63 98.32 5.37

↓ : {action=activate, gender=male, speaking rate=low} 0.03 -20.97 96.77 75.81 4.92

Table 2: RQ3. Original wav2vec 2.0 training, random and clustering-based approaches, and ours strategy. Best results in bold.

K Approach #samples Accuracy F1 Macro Δ−
𝑚𝑎𝑥 Δ−

𝑎𝑣𝑔−10 Δ−
𝑎𝑣𝑔−20 Δ−

𝑎𝑣𝑔−50 |Δ𝑎𝑣𝑔−𝑎𝑙𝑙 |

- original 18506 91.58 ± 0.08 86.34 ± 0.13 -70.09 ± 0.26 -70.09 ± 0.26 -65.73 ± 0.49 -53.31 ± 0.19 1.06 ± 0.07

2

random +226 92.56 ± 0.44 90.25 ± 0.60 -52.20 ± 2.57 -51.11 ± 2.19 -46.61 ± 1.34 -43.98 ± 0.68 0.97 ± 0.02

clustering +226 89.77 ± 0.88 87.02 ± 0.15 -47.37 ± 0.42 -47.34 ± 0.42 -47.23 ± 0.43 -46.75 ± 0.91 0.94 ± 0.04

ours +226 96.55 ± 0.08 94.71 ± 0.12 -40.60 ± 0.35 -40.28 ± 0.36 -38.08 ± 0.36 -32.72 ± 0.28 0.81 ± 0.03

- all data +4606 93.42 ± 0.17 93.11 ± 0.17 -53.18 ± 0.15 -50.89 ± 0.09 -45.61 ± 0.14 -40.37 ± 0.16 0.37 ± 0.01

as the difference between the model’s performance on 𝐼 and its

performance on the entire dataset: Δ𝑓 (𝐼 , 𝑀) = 𝑓 (𝐼 , 𝑀) − 𝑓 (∅, 𝑀).
A higher absolute divergence indicates a more significant variation

in subgroup performance compared to the overall dataset. To com-

pare models, we introduce the cross-model performance gap, which

measures the performance difference between two models on a spe-

cific subgroup. This gap helps compare models with different sizes,

architectures, or pre-training objectives. For models𝑀1 and𝑀2, the

performance gap for itemset 𝐼 is the change in performance on 𝐼

when replacing𝑀1 with𝑀2: gap𝑓 (𝐼 , 𝑀1, 𝑀2) = 𝑓 (𝐼 , 𝑀2) − 𝑓 (𝐼 , 𝑀1).
The definitions of intra- and cross-model gaps apply to any speech

model and task, allowing for subgroup performance assessment

on any dataset with metadata. This methodology is task-, model-,

and dataset-agnostic. We use Welch’s t-test to evaluate the statisti-

cal significance of the differences in the statistic 𝑓 between (i) the

subgroup 𝐼 and the dataset 𝐷 , and (ii) the two models𝑀1 and𝑀2.

Subgroup-guided Data Acquisition After evaluating a speech

model’s performance, we aim to improve it overall and across dif-

ferent subpopulations. We identify critical subgroups with negative

divergence, indicating challenging scenarios for the model. We use

a pruning procedure from [9] to reduce redundancy. When two

subgroups, 𝐼𝑎 and 𝐼𝑏 , have similar divergences but 𝐼𝑏 includes an

additional metadata condition, we retain only the more general sub-

group, 𝐼𝑎 . We then prioritize data acquisition for the top-𝐾 critical

subgroups with the highest negative divergence and retrain the

model with additional data from these subgroups. The parameter

𝐾 controls the extent of data acquisition. More details in [5].

3 RESULTS AND DISCUSSION
We evaluate our method by (i) analyzing its ability to identify

sources of errors, (ii) examining the influence of factors like model

size and architecture on subgroup-level performance, and (iii) as-

sessing the effectiveness of subgroup-guided data acquisition on

bias mitigation. Further details can be found in [5–7].

RQ1: Model understanding.We focus on wav2vec 2.0 base model

[1] performance, i.e., accuracy. Table 1(top) highlights the sub-

groups with the largest divergence for the FSC dataset in the intent

classification task. Negative divergence signifies below-average ac-

curacy, while positive divergence indicates above-average accuracy.

These divergence values are statistically significant (with 𝑡 > 2,

per Siegel’s rule of thumb [11]). The model performs worst for the

subgroup of male speakers aged 22-40, unspecified location, high

speaking rate, and high total silence (divergence Δ𝑓 = −31.2%).
Conversely, it performs best for the subgroup of speakers aged

22-40, with low speaking rate, long duration, and “washroom” as

the target location, correctly predicting all utterances. For further

analyses on other datasets and models, please see [7].

RQ2: Model comparison. We compare model performances over-

all and across subgroups to identify which populations benefit

most from model changes. Specifically, we analyze the impact of

model size. Larger models generally show higher overall accuracy,

and [10] claims that they are also fairer. However, subgroup perfor-

mance depends on the dataset/task. Table 1(bottom) summarizes

performance changes for FSC when scaling up wav2vec 2.0 size. We

find varying subgroup impacts, with some groups benefiting more

than others. However, over 30% of explored subgroups experience

decreased performance with larger model sizes. For other datasets

and factors (e.g., architecture), please refer to [7].

RQ3: Subgroup-guided data acquisition. We utilize critical sub-

groups to guide targeted data acquisition, focusing on 𝑘 = 2, that

is, the two highest-divergent subgroups, for FSC. Further details

on different 𝑘 values can be found in [5]. We partition the dataset

into training, held-out, validation, and test sets. After identifying

critical subgroups using the validation set, we acquire data samples

from the held-out set and retrain the model. Evaluation on the test

set consistently shows superior performance compared to baseline

methods like indiscriminate random and clustering-guided acqui-

sition (Table 2). Selecting only the top 2 critical subgroups leads

to significant performance improvements, achieving the best F1

score and accuracy performance, as well as the lowest maximum

divergence (Δ−
𝑚𝑎𝑥 ) and the lowest average divergence for the top-

10 (Δ−
𝑎𝑣𝑔−10), 20 (Δ−

𝑎𝑣𝑔−20), and 50 (Δ−
𝑎𝑣𝑔−50) subgroups with the

highest negative divergence. Targeted data acquisition effectively

mitigates performance disparities and improves model robustness.
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