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Abstract

Despite current progress, automatic speech recognition (ASR) often struggles with non-standard
speech, for example, influenced by dialectal or pathological features. (Re)training ASR models
to accommodate these variations is not always possible due to limited data. This paper proposes
applying the knowledge about non-standard (aphasic and dialectal) phonetic features to the ASR
transcription post hoc. Using speech data from German speakers with aphasia who speak the
Thuringian-Upper Saxon dialect, this study evaluates the impact of these modifications on an
ASR-based error analysis pipeline. The approach helps to reduce automatic error rates on the
recordings manually labelled as error-free. The performance of the pipeline also improves both in
general acceptance or rejection of the responses and error attribution. General acceptance/rejection
accuracy reaches the mean of 83.3%, which is considered sufficient to be used in a digital
application for speech and language therapy support.

1 Introduction

Digital transformation has led to significant advancements in healthcare, particularly through
the integration of artificial intelligence (AI). In the field of speech and language therapy (SLT),
AI-driven tools are increasingly used for diagnosing and supporting people with aphasia (PWA)
(Adikari, Hernandez, Alahakoon, Rose, & Pierce, 2024; Azevedo et al., 2024; Pottinger & Kearns,
2024). This paper is part of a broader project, aphaDIGITAL1, aimed at developing a mobile
application for German-speaking PWA. The project is regional and focuses on Southern Saxony-
Anhalt and bordering regions of Saxony and Thuringia.

The app is to provide detailed, personalised feedback in oral exercises using automatic speech
recognition (ASR) and subsequent automatic text processing, united into an error analysis pipeline
(see Subsection 2.1). Currently, this pipeline includes ASR as well as phonemic/phonetic and
semantic analysis components. This paper presents our work on the ASR component of the
pipeline, specifically a solution to mitigate the effects of aphasic and dialectal features in the users
speech on its automatic recognition, which is performed with selected open-source models.

1.1 ASR in aphasia speech therapy

Aphasia is an acquired language disorder caused by focal brain damage. Although there are several
characteristic clinical profiles of the disorder, some linguistic symptoms are particularly salient

1https://aphadigital.sprechwiss.uni-halle.de/
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and widespread among PWA. Anomia, or difficulty in word retrieval, is one of the most common
deficits Benson (1988), and it is typically treated with naming-oriented semantic exercises.

Naming-oriented semantic exercises have been automated with the help of ASR for Portuguese
(Abad et al., 2013; Pompili et al., 2011), Australian English (Ballard, Etter, Shen, Monroe, &
Tien Tan, 2019), British English (Barbera et al., 2021), and German (Heide et al., 2023; Hirsch,
Tiggelkamp, Neumann, Frieg, & Knecht, 2025; Lin et al., 2022). In all these applications, the
feedback is binary – correct or incorrect – without deeper analysis of the users speech errors.
Reported accuracy rates of accepting or rejecting PWA’s responses in an oral naming exercise are
above the recommended accuracy threshold of 80% for use in SLT (McKechnie et al., 2018) –
except for the case described by Ballard et al. (2019). They test the application with the participants
suffering from apraxia of speech, comorbid to aphasia, and the application reaches only 75%
accuracy. Heide et al. (2023) do not report results on aphasic speech, although the use of ASR
is mentioned on the app’s website2. The development of the ASR technology for the Neolexon
Aphasie-App (Lin et al., 2022) is thoroughly described in Klumpp (2024), but according to the
information on the app’s website3, the technology has not yet been implemented. The system
developed by Hirsch et al. (2025) is still in the research stage.

Modern ASR systems present distinctive results on typical speech. For example, a word
error rate (WER) for English reaches 0.05 (Protalinski, 2017; Xiong et al., 2017) and lower
in certain cases (Graham & Roll, 2024; Picovoice, 2025). When tested on a range of datasets,
German ASR solutions demonstrate similar results (Picovoice, 2025, see also Wirth & Peinl,
2022). However, their performance on impaired speech in general, and PWA’s speech in particular,
remains unreliable (Green et al., 2021; Rykova & Walther, 2025). Aphasic speech is characterised
by linguistic searching behaviour and self-corrections, hesitation phenomena with or without
vocal utterances, phonemic structure distortions, imprecise articulation or hyperarticulation. The
irregularities are often inconsistent and unpredictable, which makes them hard to model – in
distinction to motor speech disorders (e.g. dysarthria; see Caballero Morales & Cox, 2009;
Mulfari, Carnevale, & Villari, 2023). For the current application, these challenges are compounded
by dialectal variations (see Fischer & Jäck, 2023; Pompili et al., 2011), which already present
difficulties for ASR systems even with German speakers without speech disorders (Költzsch,
2024). The present paper addresses this challenge in the context of the aforementioned project.

1.2 ASR of dialects

Non-standard language varieties pose significant challenges for the development of specialised
ASR systems due to the absence of a standardised written form, internal variation, and the
limited availability of training data. WER values of 0.2 and higher are common in dialectal
ASR. Evaluation of dialectal speech recognition systems is also not trivial due to the absence of a
common benchmark (Hinsvark et al., 2021).

Research has been carried out in several languages, including the dialects of American English
(Harris, Mgbahurike, Kumar, & Yang, 2024), Arabic (for a review, see Alsayadi, Abdelhamid,
Hegazy, Alotaibi, & Fayed, 2022), Chinese (for a review, see Li, Mai, Wang, & Ma, 2024),

2https://lingo-lab.de
3https://neolexon.de/
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Thai (Suwanbandit, Naowarat, Sangpetch, & Chuangsuwanich, 2023), and German varieties and
dialects (e.g., Bystrich, 2023). Hinsvark et al. (2021) discuss promising approaches to dialectal
speech recognition, focusing on the challenge of phonetic variation within a language (which the
authors refer to as "accented speech"). Phonetic variation consistently leads to degraded ASR
performance, even in the absence of dialect-specific vocabulary (Harris et al., 2024).

To improve ASR performance on dialectal speech, it is common to train the corresponding
models from scratch with deep learning or using more traditional methods like Gaussian mixture
models and hidden Markov models, which can achieve a WER below 0.19 (see Nigmatulina, Kew,
& Samardžić, 2020). Another solution involves applying transfer learning or fine-tuning to models
pretrained on a standard variety (Bystrich, 2023; Elmahdy, Hasegawa-Johnson, & Mustafawi,
2014; Harris et al., 2024; Suwanbandit et al., 2023). However, both methods require a considerable
amount of audio data and corresponding transcripts.

One possible way to circumvent the obstacle of limited audio data is to extend the pronunciation
dictionary of the ASR system, which maps orthographic words to their pronunciation(s).
Masmoudi, Khmekhem, Estève, Belguith, and Habash (2014) formulate rules for Tunisian Arabic
dialect patterns and apply these rules to generate such extensions, achieving a WER of 0.23
with a trained-from-scratch ASR model. Bystrich (2023) explores phonetic mapping rules to
supplement the phonetic lexicon of a Standard German ASR system with new Bavarian dialectal
pronunciations for existing words and transcribe the spoken dialect into orthographic Standard
German (cf. Nigmatulina et al., 2020 and Ulasik et al., 2021). Bystrich (2023) finds that the
mapping of some phones is more effective than others, while some mappings have a negative
impact.

Ali and colleagues proposes mining non-standard spellings of Egyptian Arabic from social
media and applying them to dialect ASR in two ways. One method involves including the non-
standard spellings into the language model, which reduced the WER of a trained-from-scratch
Egyptian Arabic ASR model from 0.6 to 0.45 (Ali, Mubarak, & Vogel, 2014). The other method
uses the non-standard spellings as targets in the evaluation of ASR performance (Ali, Nakov, Bell,
& Renals, 2017). The authors call the resulting metric WER for dialects (WERd) and argue that
WERd is a more appropriate metric for evaluating dialect ASR. Evaluated on a corpus of Egyptian
dialect, an Arabic ASR system achieves a mean WERd of 0.36 compared to a WER of 0.46.

Swiss German

Swiss German – a continuum of Swiss German dialects, to be more precise – differs significantly
from Standard German (of Germany). There are variations in phonology, lexicon, morphology and
syntax (Scherrer & Rambow, 2010). Furthermore, the dialects differ from each other, primarily in
phonology and vocabulary. Swiss German dialects are mainly used for oral and informal written
communication and do not have a standardised orthography, while Standard German is used in
more rather written contexts (Plüss et al., 2023). This makes automatic speech processing for
Swiss German especially challenging. Additionally, publicly available annotated data remain
scarce. STT4SG-350, a large corpus of Swiss German speech recordings transcribed into Standard
German and balanced across dialectal regions was released only recently (Plüss et al., 2023).
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There are other corpora, smaller and less balanced, from which some are transcribed in Swiss
German (e.g., Samardžić, Scherrer, & Glaser, 2016; see also Plüss et al., 2023).

Researchers have explored different approaches to ASR for Swiss German dialects. Nigmatulina
et al. (2020) develop the first multi-dialectal Swiss German ASR framework based on ArchiMob
corpus (Samardžić et al., 2016) and experiment with two types of output: a dialectal phonemic
spelling and a normalised transcription closely resembling Standard German. For ASR systems
with dialectal output, the authors also introduce an alternative evaluation metric, FlexWER. It
generally follows the idea of WERd (Ali et al., 2017), but makes use of the word-level mapping
between the dialectal and the normalised representations: an output word is considered correct if
it maps to the same normalised transcription as the corresponding word in the ground truth. The
lowest WER score of 0.29 is achieved by an ASR system with normalised output. However, a
corresponding ASR system with dialectal output achieves a lower FlexWER score (0.21) and also
performs slightly better in terms of character error rate (CER): the lowest score is 0.146, with a
difference of up to 0.015.

Ulasik et al. (2021) focus on the transcription of Swiss German speech into text in Standard
German, treating the task as speech translation (ST). ST combines ASR and machine translation:
spoken utterances in a source language are translated into a target language, either as text or
speech. The translation can be performed stepwise – first ASR in the source language, then
automatic translation into the target language (cascaded approach) – or with the input in the source
language mapped directly to the output in the target language (end-to-end approach). Since the
authors use the test corpus of Swiss German transcribed into Standard German (Plüss, Neukom, &
Vogel, 2021), they employ an end-to-end ST approach for their experiments. BLEU (Bilingual
Evaluation Understudy), a standard metric for automatic evaluation of machine translation, is used
to assess model performance. BLEU scores range from 0 to 100, with higher scores indicating
better performance.

Ulasik et al. (2021) train three types of models using various methods and corpora, select the
best model of each type, and combine them into a single system, applying an ensemble method of
majority voting both with and without perplexity weighting. The three models ensembled with
simple majority voting achieve the highest BLEU score of 38.7 (cf. mean BLEU score of 75
achieved by the model fine-tuned with a large STT4SG-350 corpus in Plüss et al., 2023). Ulasik et
al. (2021) experiment with a supervised spelling-correction model that identifies likely errors in
the automatic transcriptions and suggests corrections. However, the four tested spelling-correction
algorithms decrease overall system performance.

Finally, Kresic and Abbas (2024) present a method to normalise Swiss German written speech
to Standard German, fine-tuning a multilingual large language model (mT5). The authors suggest
integrating this method with speech recognition for increasing the effectiveness of the latter.

1.3 Research questions

In the absence of adequate data for (re)training ASR models, the current research is based on
applying knowledge about non-standard (aphasic and dialectal) phonetic features post hoc to the
ASR output. The implementation of the dialectal features adapts the method of using spelling
alternatives for standard ASR evaluation introduced by Ali et al. (2017). In the present study,
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dialectal pronunciation alternatives are generated based on non-standard pronunciation rules,
similarly to Masmoudi et al. (2014) and Bystrich (2023). The main research questions are as
follows:

• Can a post hoc implementation of non-standard speech features improve the performance of
an ASR-based error analysis pipeline?

• What are the ways to improve automatic error attribution?

2 Materials & Methods

This work introduces modifications to the initial error analysis pipeline described in Rykova and
Walther (2024a). The modified pipeline, which includes a module for post hoc phonetic features,
is tested using existing speech recordings from PWA.

2.1 Error analysis pipeline

The original error analysis pipeline for naming exercises was presented in Rykova and Walther
(2024a). In a naming exercise, the user is presented with a picture or text stimulus and is expected
to utter a target word or phrase as a response. In the presented app, the user’s response is
transcribed with the ASR. The ASR output is then compared to the target transcription, and an
error rate (ER) threshold is applied. If ER = 0, the response is error-free. The error is considered
phonemic/phonetic if 0 < ER < ER threshold, and semantic if ER ≥ ER threshold.

ER is defined as the minimum of the character error rate (CER) between the orthographic forms
of the ASR output and the target, and the phoneme error rate (PER) between their respective
phonemic transcriptions. These transcriptions are generated automatically using the grapheme-to-
phoneme (g2p) converter bootphon espeak phonemizer (Bernard & Titeux, 2021). Both CER and
PER are normalised to range from 0 to 1. Based on previous findings (Rykova & Walther, 2025)
and discussions with speech therapists, the ER threshold was set to 0.5.

For example:

• Target: Gürtel /gYrt@l/ (’belt’)

ASR output: "schnalle" /Snal@/ (’buckle’)

CER = 0.875, PER = 0.834 → ER = 0.834

ER > 0.5 → semantic error

• Target: Gürtel /gYrt@l/ (’belt’)

ASR output: "gürtelm" /gYrtElm/

CER = 0.143, PER = 0.286 → ER = 0.143

ER < 0.5 → phonemic/phonetic error
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Four ASR models (Fleck, 2022; Grosman, 2021; Guhr, 2022; NVIDIA, 2022) previously shown
to be suitable for aphasic speech (Rykova & Walther, 2025) were used. In one-word recognition
tasks involving atypical speech, the lowest mean CER among these models is 0.11, observed in
speech from alcohol-intoxicated speakers.

The pipeline evaluates each ASR models output both as a whole and as separate words, removes
duplicates, and selects the output with the lowest ER for further analysis and feedback (cf.
ensembled use of ASR models in Ulasik et al., 2021). Phonemic/phonetic errors are analysed
with a phonemic/phonetic analysis component, and semantic errors are analysed with a semantic
analysis component. The user has three attempts to produce the target correctly. After the first
two attempts, they receive detailed feedback based on the error type. After the third attempt, the
pipeline only checks whether the answer is correct (error-free) or incorrect, regardless of the error
type.

Figure 1: Modified error analysis pipeline section for attempt 1. Adapted from Rykova and Walther (2024a),
p. 3387.
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Upon internal discussion with a project team, the original Rykova and Walther’s (2024a) pipeline
has been modified:

• The ER threshold remains at 0.5, but if a half of the target is produced correctly, it is now
considered a phonemic/phonetic error (previously – semantic error): phonemic/phonetic
errors correspond to 0 < ER ≤ 0.5, and semantic errors correspond to ER > 0.5 (cf. Klumpp,
2024 and Redrovan-Reyes et al., 2019).

• Detailed analysis of phonemic/phonetic errors, previously executed after the first two
attempts, is now removed after the first attempt. Phonemic/phonetic errors are analysed in
details after the second attempt only.

This paper presents a new post hoc features component to be executed in every attampt after
the ASR component when ER > 0. Figure 1 illustrates the modified pipeline for the first attempt.
In a modified version, if the ER > 0 after the first comparison of the ASR output to the target
(performed within the ASR component), non-standard features are introduced to the ASR output.
The ER is then recalculated and, if it is greater than zero (the response is not error-free), compared
to the threshold to determine the error type. If 0 < ER ≤ 0.5, the user is asked to repeat their
response, thus initiating the second attempt. If ER > 0.5, the response is subject to semantic
analysis with the corresponding pipeline component(s). For details on semantic analysis, please
see Rykova and Walther (2023).

2.2 Post hoc features

For the research purposes, the analysis of test recordings was conducted in three steps, uniting
aphasic features under step 2:

• Step 1: Original ASR output.

• Step 2: Implementation of aphasic speech features:

– Syllabification and hyperarticulation: long pauses between syllables may cause them to
be recognised as separate words. In such cases, spaces between ASR output segments
are removed (as shown effective in Rykova & Walther, 2025);

– Vowel prolongation: slow, careful speech may result in prolonged vowels. The vowel
length symbol is removed, and vowel quality is adjusted (e.g. /i:/→/I/ – if such changes
help to reduce PER).

• Step 3: Implementation of dialectal features: according to the project’s geographic focus
and available data, features from the Thuringian-Upper Saxon dialect group were selected
(Rocholl, 2015; Siebenhaar, January, 2024; Wallraff, 2007). Based on these features,
phonemic transformation rules were formulated. These rules of phonemic changes were
applied to the target phonemic transcription in order to generate alternative targets and
compare the phonemic transcription of the ASR output to them.
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Table 1: Steps of non-standard phonetic features implementation.

Step Description Example

Separate words Target: Buch
1 from ASR output ASR outputs: ein buch, en woch, von wo

Result: buch is accepted as an error-free answer

Aphasic features: Target: Schuhanzieher
Removing whitespaces ASR output: schuh anzieher, CER = 0.07

Output corrected: schuhanzieher, CER = 0
2 Result: the answer accepted as error-free

Reducing vowel length Target: Zigarre /tsi:gar@/
(removing vowel length ASR output: zigare /tsi:ga:r@/, PER = 0.125

symbol) Output corrected: /tsi:gar@/, PER = 0
Result: the answer is accepted as error-free

Dialectal features: Target: Haustür /haUsty:r/
ASR output: haus dir /haUs di:r/
Output corrected (step 2): hausdir /haUsdi:r/

3 Generation of alternative (Vowel length is not reduced at step 2
target transcriptions because it does not bring a reduction in PER)
based on phonemic Alternative target generated based

transformation rules on rules t→d and y:→i:: /haUsdi:r/
Result: the answer is accepted as error-free

Due to technical reasons, in the app backend, removing whitespaces is implemented at the very
first stage of the ASR output evaluation, corresponding to the ASR component in Figure 1 (see
Rykova & Walther, 2025). Vowel prolongation and dialect features are addressed successively in
the post hoc features component. Examples of the post hoc features implementation are provided
in Table 1. When CER-based analysis suffices, only orthographic forms are shown. For PER-
based analysis, automatic g2p transcriptions are included (please note that these transcriptions are
intrinsically imperfect).

A full list of dialect-based phonemic transformation rules is provided in the Appendix. To
address limitations of the g2p algorithm (Bernard & Titeux, 2021), which is constrained to
Standard German phonemes, some dialectal features were approximated using existing phonemes
or combinations (e.g., single consonants for long consonants, /o:/ for /O:/). Additionally, all sounds
that correspond to an orthographic r were unified as /r/ to avoid mismatches between the target
and ASR output transcriptions caused by g2p inconsistencies.

2.3 Test recordings

A total of 412 audio recordings obtained from PWA during the Aachen Aphasia Test (AAT)
(Huber, 1993) served as the test material. The recordings were provided by the Clinic of Cognitive
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Neurology, University of Leipzig Medical Center. Access to the data was granted under an ethical
agreement for research purposes. The dataset includes 219 recordings from the repetition task and
193 from the naming task. The naming task was performed by ten speakers (three female), seven
of whom (two female) also completed the repetition task. All speakers were from Saxony and
Saxony-Anhalt. No additional information about the participants was available.

All recordings were converted from mp3 to WAV format and resampled to 16 kHz to meet the
requirements of the ASR models. The test material was extracted from longer recordings of the
test sessions. The following (sub)tasks were selected for analysis:

• Naming task:

– objects – one-stem nouns (e.g., Gürtel ’belt’, Zigarre ’cigar’)

– objects – multi-stem nouns (e.g., Staubsauger ’vacuum cleaner’, Kühlschrank
’refrigerator’)

– colours – adjectives (e.g., rot ’red’, orange ’orange’)

– situations – sentences (e.g., Hund ’dog’, Pfeife ’pipe’)

• Repetition task:

– monosyllabic words (e.g., Ast ’branch’, Glas ’glass’)

– loan- and foreign words (e.g., Telefon ’phone’, Schokolade ’chocolate’)

– compound words (including compounds with lexical morphemes)
(e.g., Kraftfahrzeugschein ’vehicle license’, Verantwortungslosigkeit irresponsibility)

For the naming subtask ’situations – sentences’, several individual words were selected from
the expected multi-word responses. Although the other subtasks required single-word responses,
speakers occasionally produced multi-word utterances (e.g., inserting an article before the target
word).

The AAT naming task is used to assess word retrieval and verbal expression. It consists of
words with one to five syllables long. The repetition task is used to assess auditory processing and
speech motor control. It contains words of complex phonemic structures, one to eight syllables
long. It also includes less frequent words than the naming task.

The extracted recordings were orthographically transcribed by the second author of the paper.
Based on these transcriptions, the number of syllables in each of the utterances was determined.
Using this number of syllables and the duration of the utterance, speech rate of a particular
participant was calculated in syllables per second (syl/s).

2.4 Pipeline’s performance analysis

The recordings were analysed auditorily by the first two authors of this paper and labelled as
containing either no errors, phonemic/phonetic errors, or semantic errors. The second author, an
SLT specialist, applied principles of SLT and dialect knowledge, while the first author, a clinical
linguist, took into account ASR performance and technical considerations (cf. Klumpp, 2024).
The final label was determined by consensus among the annotators (cf. Saz et al., 2009).
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The label no errors was given to those utterances that would be fully accepted by an SLT
specialist. These utterances might still contain false starts, self-corrections, syllabification, and
dialectal features. The label "phonemic/phonetic error" refers to deviations in pronunciation that
still render the word recognisable. The label "semantic error" refers to responses that are either
unrelated to the target (including incorrect words or non-words) or are incomprehensible. It is
important to note that the repetition task recordings contained very few semantic errors, as most
participants were able to repeat the target words to some extent.

For the purpose of evaluating the pipeline’s performance in terms of error rates, only the 249
recordings (120 from the naming task and 129 from the repetition task) that were labelled as
error-free were used. All 412 recordings were used for analysing error attribution.

2.5 Statistical analysis

All statistical analyses were conducted in R (R Core Team, 2023) at a 95% confidence level. Error
rates were analysed using the Students t-test, or the Wilcoxon Rank Sum Test when the sample
size was too small for parametric testing.

Significance in the pipeline’s accuracy changes was tested with the help of McNemar’s Chi-
squared test, designed for paired nominal data (McNemar, 1947). An exact binomial test
(Hollander, Wolfe, & Chicken, 2014) was used to verify whether the results were statistically
above the chance level.

3 Results & Discussion

This section presents the results of testing the error analysis pipeline using recordings from
people with aphasia. It discusses the automatic error rates (ERs) on error-free recordings, the
general accuracy of the pipeline in accepting or rejecting responses, its performance in attributing
errors and disadvantages of different error misclassification scenarios. It also examines individual
differences observed in the selected participants’ data.

3.1 Error rates

A series of t-tests revealed no statistically significant differences in ERs between the naming and
repetition tasks when analysing error-free recordings:

• step 1: t(232) = 0.63, p = 0.532

• step 2: t(230) = 0.77, p = 0.442

• step 3: t(233) = 0.86, p = 0.388

As a result, the two subsets were merged for further analysis. The ER decreased progressively
across the three steps, as shown in Figure 2. Paired t-tests confirmed that these reductions were
statistically significant:

• step 1 vs. step 2: t(248) = 4.77, p < 0.01
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• step 2 vs. step 3: t(248) = 3.76, p < 0.01

• step 1 vs. step 3: t(248) = 5.87, p < 0.01

Figure 2: Decrease of the error rates on error-free recordings after non-standard features implementation.

Table 2 presents the changes in the central tendency and data dispersion of the ERs occurred at
each step of the analysis.

Table 2: Changes in the error rates’ central tendency and data dispersion after non-standard features
implementation.

measure step 1 step 2 step 3

mean 0.2 0.192 0.184
median 0.143 0.105 0.091

standard deviation 0.225 0.218 0.211
range 0-0.83 0-0.83 0-0.75

interquartile range 0-0.33 0-0.33 0-0.33
percentage of the values equal to zero 44.18% 44.98% 45.38%

While the improvements in ERs on error-free recordings were statistically significant, the
absolute differences in average ER values remained modest. The post hoc implementation of
aphasic features contributed more to reducing ERs to zero than dialectal features. However, both
types of features contributed equally to reducing the mean ER values and their spread in relation
to the mean (measured with standard deviation).

It is worth noting that the quality of the original recordings had a substantial impact on ASR
performance. The data had been collected for different purposes and stored in mp3 format. In some
cases, poor audio quality rendered the post hoc corrections ineffective (e.g., reducing an ER from
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0.83 to 0.75 still results in rejecting the response as semantically incorrect). The proposed method
shows potential in reducing the impact of aphasia and dialectal variations on ASR performance,
but improving the ASR models and the quality of input audio remains essential.

3.2 Pipeline’s general accuracy

Evaluated solely on whether users’ responses are semantically accepted (ER ≤ 0.5) or rejected
(ER > 0.5) – without considering phonemic/phonetic errors (cf. Klumpp, 2024) – the pipeline’s
accuracy improved at each processing step: 78.2% → 81.1% → 83.3%. Results of the McNemar’s
Chi-squared test demonstrated statistical significance of the improvements:

• step 1 vs. step 2: χ2(1) = 10.08, p = 0.001

• step 2 vs. step 3: χ2(1) = 7.11, p < 0.001

• step 1 vs. step 3: χ2(1) = 19.05, p = 0.008

Precision for both accepted and rejected responses, as well as recall for accepted responses,
increased from step to step. The recall for rejected responses remained unchanged. At the final
step, the pipeline correctly identified 83.9% of semantically correct responses and 77.8% of
semantically incorrect responses.

3.3 Pipeline’s error attribution

Overall pipeline’s accuracy in error attribution increased from 50.5% after step 1 to 53.9% after step
3, which is statistically significant according to the McNemar’s Chi-squared test: χ2(1) = 12.07,
p < 0.001. The accuracy of 53.9% is above chance level of 33.3%: p < 0.001 in an exact binomial
test.

Due to the nature of the tasks, semantic errors are rare in the repetition task, while
phonemic/phonetic errors occur more than twice as often in the naming task. According
to the manual labelling of the given data, there were 6 semantic errors and 84 phonemic/phonetic
errors in the repetition task, and 39 semantic errors and 34 phonemic/phonetic in the naming task.
Because of these differing error distributions, the pipeline’s error attribution was analysed in detail
separately for each task – see Figure 3.

In the error attribution, the pipeline achieved accuracy score of 58% in the naming task and
50.2% in the repetition task, which are both above the chance level (p-values < 0.001 in an
exact binomial test). There are not enough discordant pairs in each task to verify the statistical
significance of the differences in accuracy scores between the steps.

In the confusion matrices in Figure 3, one can notice that there are not that many individual
changes from step to step, and general picture remains similar. Numerically the greatest changes
occur in the recall of phonemic/phonetic errors in the naming task: it increases from 55.9% after
step 1 to 67.6% after step 3. The increase in the recall of phonemic/phonetic errors in the repetition
task from 52.4% after step 1 to 60.7% after step 3, and the increase in the precision of identifying
semantic errors in the naming task from 50.8% after step 1 to 58.5% after step 3 can be also
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Figure 3: Confusion matrices for the pipeline’s error attribution in naming and repetition task at each step.

viewed as numerically considerable. Otherwise, the increase in precision and recall of the errors
did not exceed 3%. In the rest of this subsection, only the values after step 3 are discussed.

The pipeline demonstrates similar precision in identifying error-free responses across both tasks:
96.7% in the naming task, and 98.2% in the repetition task. Only three recordings together from
both tasks were missclassified as error-free, while containing phonemic/phonetic errors according
to manual labelling. For example, user’s response peife was recognised as pfeife with target Pfeife
pipe. Such misclassifications do not depend on the non-standard features and happen due to the
ASR systems reliance on language and pronunciation models, which may favour plausible word
forms.

Overseeing a phonemic/phonetic error is not viewed as a critical scenario because the
application’s primary goal is to train vocabulary and not pronunciation. This type of pipeline’s
errors could be addressed by training ASR models on pseudowords or actual mispronunciations
with corresponding transcriptions.

The recall of error-free responses is, however, below 50% in both tasks: 48.3% in the naming
task, and 42.6% in the repetition task. Due to the imperfections of ASR, error-free responses
are frequently erroneously misclassified as phonemic/phonetic errors (and less frequently –
as semantic errors), which makes the precision in identifying true phonemic/phonetic errors
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relatively low: 28.8% in the naming task, and 41.8% in the repetition task. For the same reason,
phonemic/phonetic errors are misclassified as semantic errors, which is most noticeably reflected
in precision in identifying semantic errors in the repetition task: 9.8%. Probably, as soon as the
target word was that difficult for the speaker that it caused them commit phonemic/phonetic errors,
it became extremely difficult for the ASR. Nevertheless, the recall of phonemic/phonetic errors in
both tasks and the precision in identifying semantic errors in the naming task are the areas that
benefit the most from implementing the non-standard features (see above).

Misclassifying an error-free response as a phonemic/phonetic error is considered less
disadvantageous for the user than misclassifying it as a semantic errors. The feedback on
phonemic/phonetic errors suggests that the response is semantically correct and encourages
practising pronunciation, while the feedback on a semantic error would assume a semantically
wrong response and the hints would confuse the user. Following the same logic, misclassifying
phonemic/phonetic errors as semantic errors, which frequently occurred in the repetition task, is
rather a harmful scenario.

The recall of semantic errors is relatively high and did not change with implementation of the
non-standard features: 79.5% in the naming task, and 66.7% in the repetition task. In the erroneous
scenarios, semantic errors were misclassified as phonemic/phonetic errors. It occurred when a
semantically incorrect user’s response was orthographically or acoustically similar to the target.
The response could be a real word: zigarette cigarette vs. target Zigarre cigar, or a non-word:
schirrach /SIrax/ vs. target Spruch /SprUx/.

Misclassifying a semantic error as a phonemic/phonetic error is not considered a harmful
scenario because the user would still receives adequate, although not as tailored to the error type,
feedback from the pipeline. Thus, after the first attempt, the pipeline would prompt the user to
repeat the word slowly and clearly. After the second attempt, it would provide a phonemic/phonetic
hint (see Figure 1 and Rykova & Walther, 2024a). Incorporating lexical analysis earlier in the
pipeline could help reduce the acceptance of such semantically incorrect responses. Additionally,
analysing syllabic structure could further aid in distinguishing between phonemic/phonetic and
semantic errors, complementing the existing ER threshold.

3.4 Interspeaker variability

Given the variability in recording quality, speaker diagnoses, and individual speech characteristics,
it seems reasonable to examine the results on a per-speaker basis. For this analysis, data from
those seven speakers who completed both the naming and repetition tasks were used.

Table 3 presents the following information for each speaker:

• N: total number of recordings;

• N+R: number of recordings from the naming and repetition tasks;

• E-F: percentage of the recordings manually labelled as error-free;

• M dur: mean duration of recordings (s);

• M sp.r.: mean speech rate (syl/s);
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• ER:M mean of the error rate (ER) on error-free items;

• ER:SD standard deviation of the ER on error-free items;

• Acc: general acceptance (ER ≤ 0.5)/rejection (ER > 0.5) accuracy;

• AccN: error attribution accuracy in the naming task;

• AccR: error attribution accuracy in the repetition task.

Additionally, the SLT specialist noted that P4 exhibited laborious articulation, P6 showed signs
of dysarthria, and P7 showed signs of apraxia of speech.

Table 3: Results presented per speaker

Speaker information

P1 P2 P3 P4 P5 P6 P7
N items 57 72 61 39 35 67 49

N+R 32+25 42+30 30+31 9+30 4+31 16+61 29+20
E-F 56% 74% 89% 67% 94% 15% 39%

M dur 1.71 0.87 1.54 2 0.82 1.15 2.5
M sp.r. 1.85 3.15 2.12 1.54 3.45 1.86 0.85

Automatic analysis

ER:M 0.08 0.15 0.17 0.24 0.25 0.3 0.54
ER:SD 0.16 0.2 0.19 0.2 0.23 0.2 0.19

step 1 Acc 86% 87.5% 93.4% 89.7% 85.7% 58.2% 38.8%
AccN 78.1% 57.1% 41.4% 77.8% 25% 68.8% 13.8%
AccR 64% 53.3% 63.6% 33.3% 38.7% 41.2% 26.3%

ER:M 0.08 0.14 0.16* 0.24* 0.24* 0.29 0.53
ER:SD 0.16 0.2 0.18 0.2 0.22 0.19 0.19

step 2 Acc 89.5% 87.5% 98.4% 92.3% 91.4% 61.2% 42.9%
AccN 78.1% 59.5% 41.4% 77.8% 25% 75% 20.7%
AccR 72% 56.7% 63.6% 33.3% 38.7% 41.2% 26.3%

ER:M 0.07 0.14* 0.16* 0.23* 0.23** 0.27 0.5**
ER:SD 0.16 0.2 0.18 0.19 0.21 0.18 0.16

step 3 Acc 89.5% 88.9% 98.4% 92.3% 94.3% 64.2% 53.1%
AccN 78.1% 59.5% 41.4% 77.8% 25% 75% 24.1%
AccR 76% 60% 63.6% 33.3% 38.7% 45.1% 36.8%

* - statistically significant difference from step 1
** - statistically significant difference from step 1 and step 2

A closer look at the results confirms the heterogeneity of speech difficulties among PWA. For
four of the seven speakers (P4P7), the mean ER on error-free samples was above the mean of the
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whole dataset at each step (0.2, 0.192, and 0.184, respectively). Nevertheless, mean ERs showed a
statistically significant decrease following the implementation of non-standard features for five
speakers. From the remaining two, P1 already had the lowest mean ER (M = 0.08 after step 1, and
M = 0.07 after step 3), while P6 had very few error-free recordings (n = 10), limiting the reliability
of their results.

General acceptance/rejection accuracy of the pipeline increased with the implementation of the
non-standard features. After step 3, the pipeline achieved above 88% general acceptance/rejection
accuracy for five speakers (P1P5), with a maximum of 98.4% for P3. For P6, the results were
above chance level (cf. minimum accuracy of 65.1% in Ballard et al., 2019), and for P7, the results
were at chance level. P7’s speech rate is extremely low (0.85 syl/s), which is known to present
difficulties for one-word ASR (Rykova & Walther, 2024b).

The three speakers with higher ERs and low error attribution accuracy in the repetition task
(P4, P6, P7) were also those identified by the SLT specialist as having articulation difficulties.
Motor speech disorders, comorbid to aphasia, challenge ASR systems even more. P6 and P7
supposedly suffer from motor speech disorders, comorbid to aphasia, which challenges ASR even
more. comparably, the application described by Ballard et al. (2019), reaches the lowest mean
acceptance/rejection accuracy than the other similar ones, including the one presented in this paper,
probably because the participants of the study have apraxia of speech. However, dysarthric speech
patterns are often predictable and can be modelled (Caballero Morales & Cox, 2009; Mulfari et
al., 2023). Other articulatory difficulties may also be modelled upon further analysis.

Surprisingly, for P5, who produced 94% of their responses without errors, the mean ER
was relatively high, and the error attribution accuracy was relatively low. This may be due to
an imbalanced distribution of recordings across the tasks and very short recordings with P5’s
utterances. The latter aligns with findings from previous research (Rykova & Walther, 2024b).

4 Conclusions

This study presents a post hoc approach for incorporating aphasic and dialectal phonetic features
into an ASR-based error analysis pipeline for people with aphasia. The proposed method is
evaluated using recordings from the German Aachen Aphasia Test, specifically from naming
and repetition tasks. Post hoc correction of ASR output based on knowledge of input speech
characteristics shows promising results and might be applied as an alternative to spelling correction
models trained on ASR errors, which do not necessarily improve ASR performance (Ulasik et al.,
2021). The idea of using alternative reference targets in ASR performance evaluation (Ali et al.,
2017; Nigmatulina et al., 2020) has also proven effective.

The results demonstrate that subsequent integration of non-standard phonetic features – first
aphasic, then dialectal – leads to a statistically significant reduction in error rates on error-free
recordings. Although the absolute improvements are modest (cf. results for speech under alcoholic
intoxication), the enhancements are consistent across speakers and tasks, and the results are
comparable to CER scores of an ASR system for dialectal speech with no disorders (Nigmatulina
et al., 2020).

The general acceptance/rejection accuracy of the pipeline increases by 5%, reaching 83.3% (and
up to 98.4% on an individual level). Such accuracy score is comparable to other SLT applications
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that use ASR in automation of naming tasks and above the recommended threshold for SLT
purposes (McKechnie et al., 2018).

In addition to improved acceptance/rejection accuracy, the pipeline also shows better
performance in error attribution, reaching the overall accuracy of 53.9% and 58% accuracy in
the naming task – both above the chance level. Since this is the first known application to offer
automated error classification for PWA’s speech, there are no directly comparable benchmarks.

Pipeline errors seem to stem mainly from limitations in the ASR component itself, which handles
dysarthric or otherwise atypical articulatory patterns inadequately. This could be addressed with
retraining, speaker-adaptation, and additional modelling of dysarthric and other articulatory
difficulties.

To improve the recognition of phonemic/phonetic errors, (re)training or adapting ASR mod-
els using pseudowords or actual mispronunciations could be of help. Incorporating syllabic
structure and lexical analysis earlier in the pipeline should strengthen differentiating phone-
mic/phonetic and semantic errors and decrease misclassification of semantically incorrect but
orthographically/acoustically similar responses.

On an individual level, besides qualitative articulatory difficulties, the pipeline demonstrates
sensitivity to speech rate and utterance duration. Extremely slow speech and short utterance
durations can lead to poorer performance of the pipeline (in line with Rykova & Walther, 2024b).

5 Limitations and future work

The most significant difficulty faced during this study – and the broader aphaDIGITAL project –
was the scarcity and poor quality of relevant data. The pipeline was tested using existing recordings
of aphasic speech, which were collected under conditions different from those intended for the
application. The dataset includes only ten speakers and covers a limited number of target words
(cf. low numbers of participants in Abad et al., 2013; Ballard et al., 2019; Barbera et al., 2021).
These constraints in both data quality and quantity mean that the current evaluation should be
considered a feasibility study rather than a full validation. Nevertheless, the results demonstrate
the viability of the proposed method and are comparable to those reported by other researchers
working with pathological or dialectal speech.

Although the pipelines overall acceptance/rejection accuracy is similar to that of ASR-assisted
SLT applications in other languages, its performance in error attribution remains insufficient for
deployment in real-world therapeutic contexts. The majority of misclassifications appear to stem
from limitations in the ASR component, which must be addressed upon collection of relevant data.

The current pipeline is designed for German-speaking PWA, particularly those who speak
dialects from the Thuringian-Upper Saxon group. However, the pipeline’s modularity allows
for relatively easy substitution of dialectal features upon formulating the corresponding rules of
phonemic changes, making it adaptable to other regional varieties or languages. With appropriate
modifications, the pipeline could be extended to other therapeutic or language training contexts.

To address the limitations of this study, future work should focus on:

• live testing of the application with PWA in relevant scenarios;

• systematic data collection aligned with the apps intended use;
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• expanding the dataset to include more speakers, a broader range of speech tasks, and greater
dialectal and clinical diversity - and further analysing the impact of these factors.
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Appendix

Rules of phonemic changes based on the characteristics of the Thuringian-Upper Saxon
dialect group

The presentation of the context roughly follows the notations used for phonological rules (Chomsky
& Halle, 1968), where C stands for consonant, V stands for vowel, # stands for ’no sound’ and is
also used to indicate the boundaries of words. The transcriptions were generated automatically
using the grapheme-to-phoneme converter bootphon espeak phonemizer (Bernard & Titeux, 2021)
with some modifications (see Section 2.2).

Schwa (@) deletion and following assimilation of place (if applicable) could be a feature of
informal speech or a dialectal pronunciation. The discussion of the reasons for this phenomenon
is outside the scope of the current work, and the corresponding cases are presented as dialectal
features following Wallraff (2007).

phonemic context example:
change (if applicable) standard transcription

→ alternative transcription
a → O ___ r Markt /markt/ → /mOrkt/

a:→ o: ___ r Nahrung /na:rUN/ → /no:rUN/
I → Y ___ r, ___ m, irgendwie /Irg@ndvi:/

___ S, r___ → /Yrg@ndvi:/
i:→ I ___ C(@)l, ___ C(@)r, Zwiebel /tsvi:b@l/→ /tsvIb@l/

___ C(@)n
Y → I Brücke /brYk@/ → /brIk@/
y:→ i: Blüte /bly:t@/ → /bli:t@/
U → O ___ r Turm /tUrm/ → /tOrm/
œ→ E Knöchel /knœç@l/ → /knEç@l/
ø:→ e: Vögel /fø:g@l/ → /fe:g@l/
e:→ E: Meer /me:r/ → /mE:r/

aU → o: auch /aUx/ → /o:x/
aI → e: Fleisch /flaIS/ → /fle:S/
OI → e: Leute /lOIt@/ → /le:t@/
@ → # ___ n, ___ l, ___ m besen /be:z@n/→ /be:zn/

p(@)n → bm ___ # umstülpen /UmStYlp@n/
→ /UmStYlbm/

b(@)n → bm ___ # leben /le:b@n/ → /le:bm/
k(@)n → gN ___ # schlucken /SlUk@n/ → SlUgN/

n@n → n ___ # brennen /brEn@n/ → /brEn/
m@n → m ___ # kommen /kOm@n/ → /kOm/
N@n → N ___ # fangen /faN@n/ → /faN/

pf(@)n → pfm ___ # hüpfen /hYpf@n/ → /hYpfm/
p → b Papier /papi:r/ → /babi:r/
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phonemic context example:
change (if applicable) standard transcription

→ alternative transcription
t → d Teufel /tOøf@l/ → /dOøf@l/
k → g Kalt /kalt/→ /galt/
b → p ___ r, ___ l Blüt /bly:t/ → /ply:t/
d → t ___ r, ___ l Droge /dro:g@/ → /tro:g@/
g → k ___ r, ___ l Glocke /glOk@/ → /klOk@/

nd → n finden /fInd@n/ → /fIn@n/
k → ç V [+front] ___, Krieg /kri:k/ → /kri:ç/

l ___, r___
k → x V [-front] ___ C [+alveolar] Jagd /ja:kt/ → /ja:xt/
g → j # ___ V, V ___ V genau /g@naU/ → /j@naU/
g → ç V [+front] ___ V Ziege /tsi:g@/ → /tsi:j@/
g → S V [+front] ___ V Ziege /tsi:g@/ → /tsi:S@/
g → x V [-front] ___ V Beluga /belu:ga/ → /belu:xa/
ç → S Schicht /SIçt/ → /SISt/

pf → f # ___, Pfeife /pfaIf@/ → /faIf@/
m___ # Kampf /kampf/ → /kamf/

pf → b ___ V Apfel /apf@l/ → /ab@l/
pf → p ___ # Zopf /tsOpf/ → /tsOp/
ts → s ___ # Holz /hOlts/ → /hOls/
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