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Abstract

Speech-comprehension difficulties are common among older people. Standard speech tests do not fully capture such difficul-
ties because the tests poorly resemble the context-rich, story-like nature of ongoing conversation and are typically available
only in a country’s dominant/official language (e.g., English), leading to inaccurate scores for native speakers of other languages.
Assessments for naturalistic, story speech in multiple languages require accurate, time-efficient scoring. The current research
leverages modern large language models (LLMs) in native English speakers and native speakers of 10 other languages to auto-
mate the generation of high-quality, spoken stories and scoring of speech recall in different languages. Participants listened to
and freely recalled short stories (in quiet/clear and in babble noise) in their native language. Large language model text-em-
beddings and LLM prompt engineering with semantic similarity analyses to score speech recall revealed sensitivity to known
effects of temporal order, primacy/recency, and background noise, and high similarity of recall scores across languages. The
work overcomes limitations associated with simple speech materials and testing of closed native-speaker groups because re-
call data of varying length and details can be mapped across languages with high accuracy. The full automation of speech gen-
eration and recall scoring provides an important step toward comprehension assessments of naturalistic speech with clinical
applicability.
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Although individuals seek audiological help mainly
because they have difficulties comprehending speech
(McNeice et al., 2024; Portnuff and Bell, 2019), only
one-third of audiologists use speech tests regularly (Billings
et al.,, 2024; Fitzgerald et al.,, 2023; Portnuff and Bell,
2019). Speech testing adds 1015 min to busy ~1-h audio-
logical assessments (Billings et al., 2024), which is time-
consuming and costly without automation. Even when speech
tests are administered, they are typically available only in a

Introduction

Many older people live with some form of hearing loss
(Cruickshanks et al., 1998; Feder et al., 2015; Goman and
Lin, 2016). Peripheral degeneration associated with hearing
loss and resulting maladaptive neural plasticity (Auerbach
et al., 2014; Herrmann and Butler, 2021; Salvi et al., 2017)
impairs speech comprehension in noisy situations, such as
in crowded restaurants. This often occurs well before pure-
tone hearing thresholds worsen sufficiently for hearing loss
to be diagnosed (Helfer and Jesse, 2021; Herrmann and
Johnsrude, 2020a; Pichora-Fuller et al., 2016; Pichora-Fuller
and Levitt, 2012). Persistent speech comprehension chal-
lenges increase the risk of social isolation (Bott and
Saunders, 2021; Motala et al., 2024; Shukla et al., 2020)
and cognitive decline (Chern and Golub, 2019; Lin and
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Albert, 2014; Livingston et al., 2020). The accurate assess-
ment of speech-comprehension challenges is thus highly rele-
vant for diagnostic and treatment outcomes.
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country’s dominant language. Speakers of other languages
perform worse on speech-in-noise tests despite similar hear-
ing function (Garcia Lecumberri et al., 2010; Kilman et al.,
2015; Phillips et al.,, 2024; van Wijngaarden, 2001; van
Wijngaarden et al., 2002). The generation of speech materials
in different languages is costly because it requires voice actors
with different language backgrounds to record speech. The
lack of speech materials and ways to score them in different
languages makes assessments less accessible, especially in
multiethnic countries with a high number of immigrants.
Recent advances in Al-based speech synthesizers may open
new opportunities (Costa-jussa et al., 2024; van den Oord
et al,, 2016) because they enable the creation of highly
naturalistic-sounding speech materials (Herrmann, 2023) that
are increasingly used in research practice (Karunathilake
et al., 2025; Herrmann, 2025b; Herrmann, 2025c; Pandey
and Herrmann, in press) and may have high applicability in
clinical settings (Polspoel et al., 2025). Modern synthesized
speech can be generated in different languages, potentially
reducing the need for costly recordings by voice actors
(Herrmann, 2023; Polspoel et al., 2025; van den Oord et al.,
2016).

Existing speech tests consist of simple words/sentences
and verbatim word reports (Billings et al.,, 2024; Killion
et al., 2004; Polspoel et al., 2025; Wilson et al., 2012;
Wilson Richard et al., 2007) that poorly resemble the
context-rich, story-like speech of typical conversations
(Bohanek et al., 2009; Eisenberg, 1985; Jefferson, 1978;
Mullen and Yi, 1995; Ochs et al., 1992). Moreover, the men-
tal representations of conversations are not verbatim but re-
flect the gist integrated across multiple sentences and tens
of seconds of speech (Fillenbaum, 1966; Gomulicki, 1956;
Martinez, 2024; Mehler, 1963; Mehler and Miller, 1964;
Panela et al., 2025; Raccah et al.,, 2024; Sachs, 1967,
Schneider et al., 2002). Verbatim word reports with standard
speech tests may fail to capture real-life comprehension chal-
lenges because individuals can understand the gist and be
highly engaged in a conversation despite missing a significant
number of words (Herrmann and Johnsrude, 2020b; Irsik
et al., 2022). The focus on verbatim reports of words or short
sentences may thus disconnect clinic testing from daily ex-
periences, potentially explaining why hearing aid use is rela-
tively low (Bainbridge and Wallhagen, 2014; Chien and Lin,
2013; Davidson et al., 2021). However, speech tests for natur-
alistic, story-like speech have thus far not been feasible be-
cause they would add ~30 min of manual scoring that
audiologists cannot afford. Automating speech generation
and speech-comprehension scoring in different languages
could advance audiological practice and make assessments
of hearing function more accessible.

Recent research suggests that scoring free recall data can
be automatized using modern data-science approaches
(Georgiou et al., 2025; Heusser et al., 2021; Martinez,
2024; Raccah et al., 2024; Shen et al., 2023). For example,
prompt engineering with large-language models (LLMs)

(Chen et al., 2024) has been used to score the number of de-
tails a person recalls from short passages with a predefined
number of details (Georgiou et al., 2025; Martinez, 2024),
but it is unclear whether this is scalable to longer more natur-
alistic materials for which the details are not defined a priori.
Another approach is to use either hidden Markov models or,
more recently, LLMs to obtain text-embeddings as the basis
for analysis (Chandler et al., 2021; Herrmann, 2025a;
Heusser et al., 2021; Martinez, 2024; Raccah et al., 2024;
Shen et al., 2023). Text-embeddings are high-dimensional
vectors that represent the semantic meaning of text pieces
(Cer et al., 2018; Devlin et al.,, 2019; Feng et al., 2022;
Feuerriegel et al., 2025; Mikolov et al., 2013; Pennington
et al., 2014). For example, the embedding vectors for two se-
mantically related words, such as “sock” and “foot,” correlate
higher than the embedding vectors for two semantically unre-
lated words, such as “sock” and “pool.” Correlations between
embedding vectors can thus be used to assess the semantic
similarity between segments of the speech materials and a per-
son’s recall. The approach enables assessing critical compre-
hension metrics, including recall magnitude, temporal order
recall, and benefits from primacy and recency information
in the stimulus materials (Heusser et al., 2021). However,
the extent to which it can be used for spoken speech recall
across languages is unclear.

The current study expands initial work (Heusser et al.,
2021; Panela et al., 2025; Raccah et al., 2024; Shen et al.,
2023) to explore a completely automated approach to assess
speech comprehension of short stories under different speech-
clarity conditions (speech in quiet/clear and in 12-talker bab-
ble) across 11 different languages. The work uses LLMs to
generate stories, translate them into different languages, syn-
thesize auditory stories in different languages, and automatic-
ally score speech recall in a listener’s own native language (in
which they also heard the stories). The approach proposed
here proves to be sensitive to known comprehension effects
(speech clarity, temporal order, primacy/recency) and gener-
alizes to speakers of different languages. The current work
has the potential to open new avenues for an accessible clin-
ical practice that focuses on naturalistic speech listening.

Methods and Materials

Participants

Two groups of participants took part in the current study. One
group included 29 native English speakers or individuals who
grew up in English-speaking countries (mostly Canada) and
have been speaking English since early childhood (<5 years
of age) (mean age: 22.9 years, age range: 19-34 years, 6
male, 21 female, 1 transgender male, 1 nonbinary). The other
group comprised 26 native speakers of not only a different
language (mean age: 22.9 years, age range: 18-37 years, 7
male, 17 female, 1 genderfluid, 1 preferred not to answer)
but who also spoke English sufficiently to understand and
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comply with task instructions presented in English.
Participants of this group were Danish (N =2), French (N=
3), German (N=1), Italian (N=1), Polish (N=1),
Portuguese (N=2), Russian (N=4), Spanish (N=9),
Tagalog (N=2), and Ukrainian (N=1) native speakers. For
simplicity, the two groups are referred to as English speakers
and non-English speakers, respectively. The number of parti-
cipants resulted from the availability of participants with dif-
ferent language backgrounds and is consistent with previous
in-person speech-perception work observing meaningful ef-
fects with less than 30 participants per group (Ferguson
et al., 2010; Gianakas Steven and Winn Matthew, 2025;
Gordon et al., 2009; Peelle and Wingfield, 2005; Regev
et al., 2025; Tsuji and Arai, 2025).

All participants reported having normal hearing abilities
and no neurological disease. Participants gave written in-
formed consent prior to the experiment and received $20
per hour for their participation. The study was conducted in
accordance with the Declaration of Helsinki, the Canadian
Tri-Council Policy Statement on Ethical Conduct for
Research Involving Humans (TCPS2-2014), and was ap-
proved by the Research Ethics Board of the Rotman
Research Institute at Baycrest Academy for Research and
Education (REB #23-11).

Data from three additional participants were recorded but
excluded from the analysis. One English speaker reported
having a neurological disease. One non-English speaker indi-
cated that their first language is Polish, but they spoke English
growing up and felt not very comfortable in Polish anymore.
Another non-English speaker indicated that they are fluent in
Lithuanian but identified as a native English speaker.

Speech Materials

Speech materials were auditory stories of about 2-min dur-
ation. The aim of the current study was to fully automate
stimulus generation and data analysis approaches to test the
feasibility of examining speech comprehension in individuals
with different language backgrounds. Hence, stories were
generated using generative Al for text generation and
Al-based text-to-speech synthesizers (Georgiou et al., 2025;
Herrmann, 2025c).

In detail, OpenAI’s GPT-40 (v2024-05-13; OpenAl et al.,
2023) was used to generate seven story texts (Georgiou et al.,
2025; Herrmann, 2025c¢), one for practice and six for the main
experiment. Each story text focused on a different topic (e.g.,
a boy stealing and being caught; a women becoming a con-
struction worker). The model was prompted using a zero-shot
approach (Chen et al., 2024) with the following input:
“Generate a 300 word engaging story about [story topic was
inserted here]. The story should not start with “once upon a
time” and should not contain quotations, dashes, colons, or
semicolons. Generate a related story title.” The number of
words in the stories ranged between 314 and 355 (English).

Each story text was concatenated into a single paragraph for
stimulus generation and analysis.

Auditory stories were generated from the story texts using
OpenAl’s Whisper (model: “tts-1-hd”; Radford et al., 2022)
through OpenAl’s application processing interface (API)
using Python code. Whisper is an automatic speech recogni-
tion system that was trained on 680,000 h of multilingual
and multitask supervised data collected from the internet
(Radford et al., 2022). Whisper supports text-to-speech and
speech-to-text applications in different languages. To gener-
ate auditory stories in English, each story text was directly
fed into the Whisper API. To generate auditory stories in other
languages, OpenAl’s GPT-40 (v2024-05-13; API; OpenAl
et al., 2023) was used to translate each story, using a zero-shot
prompt (Chen et al., 2024): “Translate the following text to
[language]:,” followed by the story text. The translated text
was fed into Whisper. Piloting with colleagues in the lab sug-
gested accurate translation and high auditory quality for
several languages. However, piloting also suggested that
Asian languages, such as Cantonese, Mandarin, Bengali,
and Hindi are more poorly converted to auditory stories using
Whisper (despite accurate translations). The current study
therefore focused on languages for which we were confi-
dent that the audio quality was high. The Whisper voice
“alloy” was used to generate all stories, because this voice
is naturalistic sounding and gender neutral. Indeed, indivi-
duals experience modern Al speech as very naturalistic,
and speech perception in quiet and noise is highly similar
for Al and human speech (Herrmann, 2023). The “alloy”
voice was used for the synthesis of all stories in different
languages, having the advantage that acoustic confounds
are minimized that would arise if different voice actors
had recorded the stories. Whisper generates audio files at
a 24-kHz sampling frequency. Each story was up-sampled
to a 44.1-kHz sampling frequency to enable use with the
sound-delivery system.

To investigate the sensitivity of the recall scoring approach
to different speech listening conditions, each participant was
presented with three stories under clear conditions and three
stories with added 12-talker babble (Bilger, 1984; Bilger
et al., 1984) at a signal-to-noise ratio (SNR) of +2 dB.
Twelve-talker babble simulates a crowded restaurant, while
not permitting identification of individual words in the masker
(Bilger et al., 1984; Mattys et al., 2012). Young normal-
hearing listeners correctly hear about 80% of words of con-
tinuous speech masked by a 12-talker babble at +2 dB SNR
(Irsik et al., 2022).

For each participant group (English, non-English), half of
the participants listened to the stories with the topics “A boy
being surprised,” “A man going camping for the first time,”
and “A woman becoming a construction worker”” under clear
conditions (i.e., in quiet) and to the stories with the topics “A
boy stealing and being caught,” “A woman moving into a
shared flat,” and “A woman surprising her grandma” in bab-
ble. For the other half of the participants, the assignment of
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speech-clarity conditions (clear, babble) was reversed; coun-
terbalanced as much as possible across languages.

Experimental Procedures

Participants sat in a comfortable chair inside a single-wall
sound booth (Eckel Industries). Experimental procedures
were run using Psychtoolbox (v3.0.14) in MATLAB
(MathWorks Inc.) on a Lenovo T450 s laptop with
Microsoft Windows 7. The laptop screen was mirrored to a
ViewSonic monitor within the sound booth. In each of the
six blocks, participants listened to one 2-min story and after-
ward freely recalled the story. Participants were instructed to
recall as many details as possible. Story order was randomized
for each participant. Participants were familiarized with the
task procedures in one training block with a separate 2-min
story, prior to the six experimental blocks. Instructions for
all participants were in English, and all participants indicated
they understood the instructions (they were all proficient
English speakers). Critically, stories were played to people
in their native language, and participants were instructed to re-
call the story in their native language. Auditory stories were
presented at a comfortable listening level that was fixed across
participants (~70 dB SPL) via Sony Dynamic Stereo
MDR-7506 headphones and an RME Fireface 400 external
sound card. Participants’ free recall was recorded via a
Shure SM7B microphone.

Language and Speech-Quality Ratings

Following the main experimental procedures, participants
rated their experience (Likert scale from 1 to 5) with the spo-
ken story materials (exact statements are described in
Table 1). Ratings were obtained only for a subset of partici-
pants (19 English speakers; 18 non-English speakers) because
the procedures were implemented after the study had already
started. English and non-English speakers did not differ in
their ratings of the overall impression of the stories, the natur-
alness of the spoken speech, nor the accurateness of the gram-
mar (for all p>0.1; Table 1). Non-English speakers rated
speech understanding, the accurateness of the speech’s mean-
ing, and vocabulary usage slightly lower than English speak-
ers (for both p<0.05; Table 1), but the rating scores were
relatively high for both groups. The most notable difference
was that non-English speakers rated the speech pronunciation
lower than English speakers and that they more frequently felt
the speech was accented (for both p<0.001; Table 1).

The results of the ratings are also reflected in qualitative re-
ports from participants during debriefing. Non-English speak-
ers reported that they liked the materials and could understand
the speech, but that occasionally a word was presented in a
context in which it would not typically occur (relating to
the translation quality), and that the speech sometimes
sounded like a person speaking with an English accent (relat-
ing to speech synthesis quality). The English accent of

OpenAl voices in non-English languages has been noted pre-
viously in developer forums (e.g., https:/community.openai.
com/t/tts-voices-have-a-clear-us-accent/705394) because the
model was optimized for English (https:/platform.openai.
com/docs/guides/text-to-speech).

The group differences in ratings and qualitative reports
highlight existing limitations of modern speech synthesis in
different languages. Critically, the current study aims to auto-
mate the scoring of spoken recall of native speakers of differ-
ent languages and is thus not directly concerned with the
quality of the speech materials. Although differences in
speech synthesis quality between groups could in principle in-
fluence recall performance, this does not seem to be the case
in the current study (as described below). Nevertheless, poten-
tial limitations arising from group differences in rating scores
will be detailed in the discussion section.

Preprocessing of Recall Data

Verbal recall data were converted to text using OpenAl’s
Whisper speech-to-text model (whisper-1) using the
OpenAl API through Python. As outlined above, Whisper is
a multilanguage model and can provide transcriptions for
speech in different languages. For some transcriptions, punc-
tuation was largely absent, because the model appeared to in-
terpret the audio signal as one stream of thought. OpenAl’s
GPT-40 (v2024-05-13; temperature=0; OpenAl et al.,
2023) was used to correct punctuation using the following
prompt: “The following text has no or minimal punctuation.
Please repair missing punctuation where it seems appropriate.
Use only periods, commas, and question marks. Avoid all
other punctuation. Be moderate and do not overdo it. Do
not add, replace, or remove any words from the text. Do not
insert line breaks. Add punctuation, but otherwise reproduce
the text exactly. This is the text for which punctuation needs
to be repaired:” followed by the transcription. Punctuation
correction was carried out for all recall data to avoid manual
evaluation. A qualitative assessment suggested that when
punctuation was already present, GPT-40 did not add un-
necessary punctuation. More generally, the presence or ab-
sence of punctuation had little impact on recall analyses.
The punctuation-corrected transcriptions in the original lan-
guage were used as the recall data for analysis. That is, all
story and recall texts used for analysis were in the language
in which a person heard and recalled the stories. Analyses
were also conducted for recall transcriptions translated to
English using OpenAI’s GPT-40, but the results were largely
comparable (Figures S1 and S2 in the Supplementary
Materials).

Analysis of recall data was based on and extended different
previous approaches that aimed to automate the analysis of
free recall data (Georgiou et al., 2025; Heusser et al., 2021;
Panela et al., 2025; Raccah et al., 2024; Shen et al., 2023).
The approach implemented here uses modern LLMs and en-
ables analyses across languages that were not possible with
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Table I. Ratings of Speech Materials.

Non-English
Statement English speakers speakers Statistic
My overall impression of the stories was good. 4.15+0.49 3.83+0.69 t3s=1.617,p=0.115
(’strongly disagree” ... “strong agree”)
The spoken speech sounded naturalistic. 3.68+0.98 3.05+1.22 t3s=1.685, p=0.101
(’strongly disagree” ... “strong agree”)
| could understand everything (when there was no background noise). 4.68 +0.57 4.17+0.76 t35=2.284, p=0.029
(’strongly disagree” ... “strong agree”)
The pronunciation of the spoken speech was ... 4.58 +0.67 3.06 091 t35=5.643, p<0.001
(“Poor” ... “Excellent”)
The language was grammatically/syntactically accurate. 4.53+0.99 4.0 +0.94 t3s=1.607, p=0.117
(“Not at all” ... “No mistakes”)
The meaning of the words and sentences was accurate. 4.68 +0.57 4.17 £0.76 t35=2.284, p=0.029
(“Not at all” ... “No mistakes”)
The vocabulary usage was ... 453 +0.59 3.72+0.87 t35=3.206, p=10.003

(“Very poor vocabulary, inappropriate or incorrect usage” ... “Excellent vocabulary

usage, fully appropriate”)
The spoken speech sounded accented.
(“Yes,” “No”)a

p(yes) =0.052 p(yes)=0.889 x>=22.76, p<0.001l

Left column: The statement that participants (19 English speakers; 18 non-English speakers) rated on a 5-point scale (scale end points are indicated in

parentheses) and the statement for which they answered “yes” or “no.” Middle

columns: Mean and standard deviation for each statement and speaker group

(English, non-English). Right column: Test statistics showing t-values (or chi-squared value for the “yes” vs. “no” question) and p-values. The text indicated in

bold indicates a significant difference between English and non-English speakers

(p <0.05). Note that the identical descriptive and test statistics for the

statements “The meaning of the words and sentences was accurate” and “| could understand everything” are not mistakes. The values for individual participants
differ between the two statements; only the summary statistics happened to be identical.

previously used models. Analyses involve mapping the story
texts and recall transcriptions onto high-dimensional numer-
ical vectors (i.e., text-embeddings) to capture the semantic
meaning of the texts (Cer et al., 2018; Devlin et al., 2019;
Mikolov et al.,, 2013; Pennington et al., 2014; Radford
et al., 2019).

Extensive previous work shows that individuals perceive,
encode, and recall dynamic, naturalistic environments as dis-
crete events or segments (Kurby and Zacks, 2008; Kurby and
Zacks, 2018; Sargent et al., 2013; Sasmita and Swallow,
2022; Speer et al., 2004). Hence, each story text and recall
transcription (both in the language spoken by the participant)
was divided into 10 equally sized segments (based on the
number of words in a story) with a length that achieved
20% overlap (Figures 1A and 1B). Segmentation also miti-
gates potential semantic losses or dilution resulting from an
analysis that aims to capture the semantic space of the entire
story by compressing it into a single embedding vector (Zhou
et al., 2024). The 20% overlap was used to minimally smooth
recall data over time and avoid artificial text breaks. Ten seg-
ments were selected as a compromise between temporally re-
solved recall scoring and a high number of short segments that
may not capture recall appropriately. The impact of the num-
ber of segments was analyzed explicitly as described below.
Please note that the results from the segmentation of stories
and recalls into equally sized text segments are mostly com-
parable to the results from automated event segmentation
based on meaningful units within a story/recall using
GPT-40 with prompt engineering (Michelmann et al., 2025;

Panela et al., 2025; Figures S3 and S4 in the Supplementary
Materials).

Each segment of the story texts and recall transcriptions
was mapped onto one 768-dimensional embedding vector
using the Language-agnostic BERT Sentence Embedding
(LaBSE) model (Feng et al., 2022), where BERT refers to
Google’s Bidirectional Encoder Representations from
Transformers (Devlin et al., 2019). Language-agnostic
BERT Sentence Embedding is a multilingual text-embedding
model optimized for over 100 languages and is freely avail-
able through the Huggingface platform (https:/huggingface.
co/sentence-transformers/LaBSE). The model was imported
into Python through the sentence-transformers module.
Running the LaBSE model for each story segment and tran-
scription segment resulted in 10 embedding vectors for each
of the six story texts, and 10 embedding vectors for each of
the six recall transcriptions per participant. The embedding
vectors were used to calculate different metrics that assess re-
call performance.

Automated Scoring of Recall Data

For each participant and story, all-to-all Spearman correla-
tions were calculated between the 10 embedding vectors re-
flecting the 10 story-text segments and the 10 embedding
vectors reflecting the 10 recall-text segments (Figure 1C).
Spearman correlation rather than Pearson’s correlation, cosine
similarity, or Euclidean distance was used because it is less
sensitive to outliers, if there were any (Herrmann, 2025a;
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A Story B Recall

Timmy loved exploring the dense woods behind his house. Every Timmy often likes to explore the woods behind his house, so one day
Saturday morning, he donned his old sneakers and ventured into the
green labyrinth. One particular morning, as the sun peeked through
the treetops, he stumbled upon something unusual. A glint....

he doesn't really have any luck trying . ..
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Figure |. Schematic and Sample Data Displaying the Calculation of Recall Metrics. (A and B) Sample Story and Recall Texts from One
English Speaker. The Colored Lines Below the Text Indicate the Story and Recall Segments, Dividing Both the Story and the Recall into
10 Equally Sized Segments (Based on the Number of Words; Separately for Story and Recall Texts) with 20% Overlap. (C) Story and Recall
Segments are Fed into a Text-Embedding Model (LaBSE), Resulting in One High-Dimensional, Text-Embedding Vector for Each Story and
Recall Segment; Here Schematically Shown, with Colors Symbolizing the Magnitude of Embedding Dimensions. (D) The Story X Recall
Matrix Shows the Spearman Correlations (Transformed to Fisher’S Z Correlations) Between the Embedding Vectors of the Story Segments
and the Embedding Vectors of the Recall Segments for One Sample Participant. The Colored and Line-Dashed Square Boxes within the
Matrix Indicate the Different Recall Metrics Specified in Panel E. (€) Several Recall Metrics can be Calculated from the Story X Recall Matrix.
The “Maximum Recall Score” for a Story Segment is Calculated as the Maximum Correlation in the Corresponding Row of the Matrix. The
Index Corresponding to the Maximum Correlation can be Used to Calculate a “Temporal-Order Divergence Score” Represented in Panel
H. the “Original-Order Recall Scores” are the Correlation Values Along the Diagonal of the Story X Recall Matrix. This Score is High if a
Participant Recalled the Story in the Original Temporal Order. The “Reversed-Order Recall Scores” are the Correlation Values Along the
Reversed Diagonal of the Story X Recall Matrix. These Values can be Used as a Control Relative to the “Original-Order Recall Scores.” (F)
The “Recall Distinctiveness” is the Maximum Value of a Row of the Story x Recall Matrix After Standardizing the Correlation Values within
the Row. A High Recall Distinctiveness Score Indicates that a Story Segment Correlated Strongly with One Specific Recall Segment, Rather
than Being Similarly Related to Multiple Segments. (G) Calculation of Recall Scores for the Analysis of Primacy and Recency Effects by
Averaging the First Two Diagonal Correlation Values (Primacy) and the Last Two Values (Recency) and Comparing them to the Average
Across the Two Values in the Middle. (H) The Index Corresponding to the Recall Segment that Showed the Highest Correlation with a
Story Segment (“Maximum Recall Score”) can be Used to Calculate the “Temporal-Order Divergence Score” as the Root Mean Squared
Error Between the Predicted Temporal Order (I, 2, 3, ..., N-1, N) and the Recalled Temporal Order. The Outlined Approach in Panels A-
H can also be Used to Calculate the Similarity of Participants’ Recall by Calculating Participant Recall X Participant Recall Matrices.

Panela et al., 2025; Zhelezniak et al., 2019). The correlation “maximum recall score” was taken as the maximum

values of the resulting 10 story segments by 10 recall seg-
ments correlation matrix were Fisher Z-transformed
(Figure 1D). A high value in the correlation matrix means
that the semantic content of a story segment is highly similar
to the semantic content of a recall segment. “Control” correl-
ation matrices were calculated by pairing a specific story sep-
arately with the recall of the other five stories from the same
participant. Overall, the procedure resulted in one story X re-
call matrix and five control story X recall matrices for each
participant and for each of the six stories (three clear stories;
three stories in background babble).

Specific recall metrics were derived from these story X re-
call correlation matrices (metrics for the five control matrices
were subsequently averaged). In detail, for each story segment
(i.e., row of the storyxrecall correlation matrix), the

Fisher’s Z correlation across the 10 recall segments
(Figure 1E). The result was one maximum recall score for
each story segment. Scores were averaged across the 10 story
segments to obtain one maximum recall score reflecting the
participant’s overall recall for the specific story. A “recall-
distinctiveness score” was calculated by z-transforming
(standardizing) the Fisher’s Z correlation values within a
row (i.e., a story segment) of the story X recall correlation ma-
trix and taking the maximum z-score (Figure 1F; Heusser
et al.,, 2021). A high recall distinctiveness score indicates
that a story segment correlated strongly with one specific re-
call segment, whereas a low value indicates it is similarly re-
lated across multiple of the 10 recall segments (Heusser et al.,
2021). The index corresponding to the recall segment that
showed the highest correlation with a story segment (i.c.,
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the index of the maximum recall score) can be used to calcu-
late a “temporal-order divergence score” (Figure 1H). To this
end, for each story segment (i.e., row in the story X recall ma-
trix), the index corresponding to the highest correlation was
extracted. The root mean squared error was then calculated
between the original temporal order (i.e., 1, 2, 3, ..., n-1, n)
and the recalled temporal order as indicated by the extracted
indices. The root mean squared error was taken as the
“temporal-order divergence score” (Figure 1H).

Previous research suggests that individuals tend to recall
events in the temporal order in which they were experienced
(Chen et al., 2017; Heusser et al., 2021; Howard and Kahana,
2002; Zhang et al., 2023). The diagonal elements in the story X
recall correlation matrix reflect the recall scores for story seg-
ments recalled in the original temporal order, that is, the order
in which the story was played. Hence, for each story, the cor-
relation values along the diagonal were averaged to obtain one
“original-order recall score” for each story (Figure 1D and E).
To examine whether participants indeed recalled a story in the
original temporal order, the correlation values along the re-
versed diagonal were averaged to obtain one “reversed-order
recall score” for each story (i.e., assuming that participants re-
called the last story segment first and the first segment last)
(Figure 1D and E). A higher original-order recall than
reversed-order recall score would indicate that participants re-
called a story in the temporal order in which the story was
heard.

Previous memory research also highlights that information
in the beginning (primacy) and at the end (recency) is better
recalled than information in the middle of the stream of infor-
mation (Murdock Jr, 1962; Howard and Kahana, 1999;
Howard and Kahana, 2002; Tan and Ward, 2000; Zhang
et al., 2023). To examine whether primacy plays a role in
story recall, the first two scores of the “original-order recall
scores” (i.e., the diagonal elements of the correlation matrix)
were averaged and compared to the two averaged scores in the
middle. The effect of recency was examined by averaging the
last two scores of the diagonal elements and comparing them
to the two averaged scores in the middle (Figure 1G).

All recall metrics—maximum recall, original-order recall,
reversed-order recall, recall distinctiveness, temporal-order
divergence, primacy, recency—were calculated for each par-
ticipant and story (three clear; three in background babble).
Recall metrics were averaged separately across the three clear
stories and the three stories in background babble. To assess
the degree to which meaningful information about story recall
is represented in the story X recall matrices (independent of
speech clarity), two repeated-measures analysis of variance
(rmANOVA) were calculated, using the within-participant
factor Score Type (analysis 1: maximum recall vs. chance
maximum recall; analysis 2: original-order recall vs.
reverse-order recall; collapsed across speech-clarity levels)
and the between-participant factor Speaker (English,
Non-English). To assess the impact of background babble
on story recall, an rmANOV A was calculated with the within-

participant factor Speech Clarity (clear, babble) and the
between-participant factor Speaker (English, Non-English),
separately calculated for the original-order recall score, recall
distinctiveness, temporal-order divergence. To assess primacy
and recency effects, the rmANOVA included the additional
within-participant factor Time (beginning, middle, end).
Post hoc comparison was calculated in case of significant ef-
fects, using Holm’s methods to correct for multiple compari-
sons (Holm, 1979). Statistical analyses were conducted in
JASP software (JASP, 2024; version 0.19.1.0).

Intersubject Correlation of Recall

The recall metrics described in the previous section reflect
how well the semantic content of a participant’s recall corre-
sponds to the semantic content of a story. In order to investi-
gate how well story recall in different languages agrees across
participants, recall agreement metrics were calculated based
on previously established intersubject correlation approaches
(ISC; Dmochowski et al., 2012; Hasson et al., 2004; Hasson
et al., 2008; Hasson et al., 2010; Irsik et al., 2022; Lee and
Chen, 2022; Nastase et al., 2019; Nguyen et al., 2019).
Calculations were similar to those outlined in Figure 1, with
the exception that correlations were calculated between the re-
call transcriptions of two participants rather than between the
story text and the recall transcription of a participant. Recall
transcriptions were maintained in their original languages
and were not translated to a common language prior to
analysis.

In detail, for each participant, the all-to-all Spearman cor-
relations (Fisher’s Z transformation) were calculated between
the 10 embedding vectors corresponding to one participant’s
recall and the 10 embedding vectors corresponding to another
participant’s recall, leading to one recall X recall matrix (using
the transcription of the recall in each participant’s native lan-
guage). For each participant, one correlation matrix was cal-
culated relative to each of the other participants listening to
the same story under the same speech clarity condition (clear
or babble). For example, 14 English and 14 non-English
speakers listened to the story “A boy being surprised” in bab-
ble noise. For one English speaker out of these 28 partici-
pants, 27 recall X recall correlation matrices were calculated,
13 relating to the other English speakers and 14 relating to
the non-English speakers. For each recall X recall correlation
matrix, we calculated the mean across the diagonal elements
(“original-order score”; Figure 1E)—reflecting how much
participants recalled the story in a similar temporal order—
and the mean across the reversed-diagonal elements as a con-
trol (“reversed-order score”; Figure 1E). The “temporal-order
divergence” was also calculated for each recall X recall correl-
ation matrix to assess the degree to which participants di-
verged from recalling the story in the same temporal order
(Figure 1H). In the specific example from a few sentences
above, this led to 13 scores per recall metric associated with

the participant’s “own” group and 14 scores of the participant
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relative to individuals from the “other” group. These scores
were averaged separately for the participant’s “own” and
“other” group, leading to two scores per metric. Note that
“group” refers to individuals defined above as belonging to ei-
ther the English speakers or the non-English speakers (and not
unique languages).

To assess whether recall ISC is significant (independent
from speech clarity), scores were averaged across speech-
clarity conditions, and a rmANOVA was calculated using
the within-participant factors Score Type (diagonal vs. re-
versed diagonal) and Reference Group (own, other), and the
between-participant factor Speaker (English, non-English).
To assess the impact of background babble, two
rmANOVAs were calculated, one for ISC (diagonal of the re-
call X recall matrix), and one for temporal-order divergence,
with the within-participant factors Speech Clarity (clear, bab-
ble) and Reference Group (own, other), and the between-
participant factor Speaker (English, Non-English). Post hoc
comparisons were calculated in the case of significant effects,
using Holm’s methods to correct for multiple comparisons
(Holm, 1979).

Recall Scoring Using Similarity Ratings Through Prompt
Engineering

Recall scoring through correlations between embedding vec-
tors for story text segments and recall text segments has been
used most for automated recall scoring (Heusser et al., 2021;
Panela et al., 2025; Raccah et al., 2024; Shen et al., 2023;
sometimes cosine similarity is used instead of correlation),
and the current work expands the approach by using LLMs,
novel metrics, and, most critical, scoring across languages.
The embedding approach is computationally fast and is sensi-
tive to experimental manipulations (see below). However,
correlations between embedding vectors from multiword
text segments can lead to a small dynamic range of values.
Moreover, scores are rarely close to zero, even when embed-
ding vectors from unrelated stories are correlated (e.g., 0.2;
see below). For clinical purposes, scores should ideally be
easily interpretable (meaningful dynamic range) and a low re-
call should lead to a score close to 0.

Previous work has explored prompt engineering with mod-
ern LLMs for shorter stories, such that the LLM provides a
rating or accuracy score (Georgiou et al., 2025; Martinez,
2024). The current work extends this work to explore whether
LLM prompt engineering provides a greater dynamic range of
values and a score close to zero for a recall segment that is un-
related to a story segment. The following zero-shot prompt
(Chen et al., 2024) was used to obtain a rating score between
0 and 100 for each of the 10 X 10 combinations of story text
segments and recall text segments:

Act as an expert rater of speech contents. On a scale from 0 to
100, rate the degree to which a text segment from a story is

semantically captured by the text segment from a human who re-
called the story. O refers to “not very” and 100 refers to “very.” If
the recall segment mostly does not capture the story segment,
give a 0. If the recall segment mostly captures the story segment,
give a 100. This is the text segment from the story: “[story seg-
ment is inserted here].” This is the text segment from the human
recall: “[recall segment is inserted here].” Please provide only the
rating score and nothing else. Use the full range of the scale.

An LLM rating value for each story segment and recall
segment combination was obtained three times and then aver-
aged to reduce noise. Scores were divided by 100 to obtain
scores akin to proportion correct responses.

The prompt was provided to OpenAl’s “gpt-4o0-mini-
2024-07-18” model (temperature =0). The “mini” GPT
model was used instead of GPT-40 (v2024-05-13) because
each prompt fed to the model is associated with costs that
were about 17 times cheaper for the “mini” GPT model.
Calculating the 10 X 10 matrices and corresponding chance-
level matrices (i.e., relating a story segment to a recall seg-
ment of a different story) required 10,800 prompt requests,
costing about $1.5 USD per participant for the “gpt-4o-
mini-2024-07-18” model (the GPT-40 model would have
led to >$1200 overall). The practical implications of the
approach will be discussed in the discussion section.

After obtaining the story X recall matrices, calculation of
recall metrics and statistical analyses mirrored the procedures
described above for the embedding approach (Figure 1).

Intersubject correlation was not calculated for the GPT rat-
ing approach due to the high monetary and computational
costs (several hours per participant) associated with the
prompting approach for ISC (>30,000 prompt request), but pi-
lot testing suggested similarly meaningful sensitivity to ex-
perimental manipulations. Practical solutions for future
research will be discussed in the discussion section.

Evaluation of the Effect of Segment Numbers

The analyses described above, and the related results pre-
sented below are based on the segmentation of story texts
and recall transcriptions into 10 segments. To evaluate
whether the number of segments by which story texts and re-
call transcriptions are divided impacts the sensitivity of the
automated assessment approach, calculations and analyses
were carried out for 6, 10, 14, and 18 segments. Statistical as-
sessments included similar analyses as described above, fo-
cusing on speech-clarity contrasts to assess the current
approach’s sensitivity.

Results

Recall Accuracy: Embedding Approach

Figure 2A shows the story X recall correlation matrices for
English and non-English speakers. Highest values are present
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Figure 2. Story X Recall Correlation Matrices and Recall Scores (Embedding Approach). (A) Matrices (Averaged Across Participants) are
Shown for Clear Stories and Stories in Babble and for the Actual Recall Scores and Chance Level (Recall Paired with an Unrelated Story).
(B) Recall Scores for Clear Speech and Speech in Babble. Violin Plots, Boxplots, and the Mean Across Participants (VWhite Circle) are Shown
for the Maximum-Recall Score, Chance Maximum-Recall Score (Recall Paired with Unrelated Stories), Original-Order Recall Score, and
Reverse-Order Recall Score. The Right Plot Shows Original-Order Recall Scores for Non-English Speakers and the Distribution for English
Speakers, to Display the Overlap Between Speaker Groups. (C) Clear Speech Versus Speech in Babble Contrasts for Original-Order
Recall Score (Left), Recall Distinctiveness (Middle), and Temporal-Order Divergence (Right). Violin Plots Show the Difference
Between Clear Speech and Speech in Babble. (D) Recall Scores for the Beginning, Middle, and End of a Story, Assessing Primacy and Recency

Effects. Eng — English Speakers; nEng — Non-English Speakers; N.s. — Not Significant, *p <0.05, #p <0.1.

along the diagonal of the matrix, indicating that participants
recalled the stories in the original temporal order.
Repeated-measures ANOV As revealed that the maximum-
recall score was greater than the chance recall score (i.e.,
maximum-recall score for unrelated stories), and that the
original-order score was greater than the reverse-order score
(effect of Score Type; for both analyses: F;s3>300,

p<0.001: Figure 2B), showing that there is meaningful infor-
mation in the correlation matrices and that stories are recalled
in the original temporal order. There was no effect of Speaker
(for both analyses p>0.7). There was a Score Type X Speaker
interaction for the analysis contrasting maximum-recall score
to chance recall (£} 53=4.612,p=0.036, 0’ = 0.012) because
the difference between the maximum-recall score and chance
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level was slightly smaller for English than non-English
speakers.

To provide a visual impression of the similarity of the re-
call scores across languages, the right-hand side of Figure 2B
shows individual recall scores (original-order recall) for each
non-English speaker and the distribution of scores for English
speakers. All scores for non-English speakers fall within the
distribution of scores for English speakers, confirming visu-
ally the absence of a difference between speakers. The results
suggest that data are comparable across languages.

Figure 2C shows the effects of speech clarity (clear, bab-
ble) for different recall metrics and participant groups. The
rmANOVA for the original-order recall revealed larger recall
scores for stories under clear than under babble conditions (ef-
fect of Speech Clarity; F; 53=10.314, p=0.002, ®>=0.017;
Figure 2C, left). There was no difference between speakers
and no interaction (for both p>0.4). There were no effects
for recall-distinctiveness and temporal-order divergence (for
all p>0.1; Figures 2C, middle and right).

The rmANOVA to investigate primacy and recency effects
revealed again higher recall scores for clear stories than stories
in babble (effect of Speech Clarity; F; 53=13.011, p=6.9 -
107*, ©* = 0.020; Figure 2D). Recall scores were also greater
for the beginning than the middle of a story (primacy: ts3 =
8.776, Priom=2 - 107", d=0.737) and the end than the mid-
dle of a story (recency: ts3 =3.836, pyom =34 - 1074, d=
0.227; effect of Time: F5 106 ="50.622, p=3.7 - 107'¢, 0’ =
0.104; Figure 2D). No other main effects or interactions
were significant (for all p>0.15).

Intersubject Correlation: Embedding Approach

Figure 3A shows the ISC matrices. The rmANOVA revealed
greater scores for diagonal elements than reversed-diagonal
elements (effect of Score Type: F; 53 =1584.941, p=3.6 -
107", @?=0.666; Figure 3B), showing that participants
tend to recall a story in a similar temporal order.
Correlations between recalls for speakers of their own
group were greater than correlations between recalls with
speakers from the other group (effect of Reference Group:
F153=37458,p=1.2- 1077, 0> = 0.032). There was no over-
all difference between English and non-English speakers (ef-
fect of Speaker: F; 53=0.771, p=0.384, 002<0.001), but the
Reference Group X Speaker, Score Type X Reference Group,
and the Score Type X Reference Group X Speaker interactions
were significant (for both F)s3>9, p<0.005, >>0.0005).
Calculating the Score Type X Reference Group rmANOVA
separately for English and non-English speakers revealed
an interaction only for non-English speakers (£ 53 =18.068,
p=5.6 - 107*, ®*=0.014), but not English speakers (F, s3=
0.082, p=0.776, »*<0.001). For English speakers, both the
diagonal and reversed-diagonal scores were greater for the
own than the other group (for both pyg, <0.001), whereas
for non-English speakers, this was only the case for the diag-
onal (ppeim=0.023), but not reversed-diagonal scores (Proim

=0.479). Critically, English and non-English speakers did
not significantly differ for any direct contrasts (for all p>0.2;
Figure 3B).

Figure 3C shows the effect of speech clarity (clear, babble)
for ISC (diagonal elements). Participants’ recalls were more
similar for clear speech than speech in babble (effect of
Speech Clarity: Fys3=42.315, p=2.8 - 107%, ©>=0.084)
and more similar within their own speaker group than relative
to the other speaker group (effect of Reference Group: F s3 =
31.769, p=6.8 - 10~’, ®*=0.030). There was no difference
between English and non-English speakers (effect of
Speaker: F53=0.285, p=0.596, ®°<0.001), but the
Speech Clarity X Reference Group X Speaker interaction was
significant (F) s3=4.421, p=0.044, ®><0.001). Follow-up
rmANOVAs revealed a Reference Group X Speaker inter-
action for clear speech (F)353=7.308, p=0.009, ’=
0.004), such that the greater ISC for the “own” group com-
pared to the “other” group was only significant for English
speakers (ts3=6.571, pyom=1.3 - 1077, d=0.453), but not
for non-English speakers (ts3=2.499, proim=0.078, d=
0.182). For speech in babble, the Reference Group X
Speaker was not significant (£ 53=0.269, p=20.606, w’<
0.001), showing greater “own” group than “other” group re-
call similarity for both English and non-English speakers
(for both pyem<0.05; main effect of Reference Group:
F153=21.406,p=24 - 107°, ®* =0.028). None of the other
interactions were significant (for all p>0.1).

Figure 3D shows the effect of speech clarity (clear, babble)
for temporal-order divergence. The rmANOVA revealed a
greater divergence for speech in babble than clear speech (ef-
fect of Speech Clarity: F 53=20.264, p=3.7 - 1075, @’ =
0.104). There was no difference in temporal-order divergence
between English and non-English speakers (effect of Speaker:
F153=0.006, p=0.937, ®*<0.001), but Reference Group
and Speaker interacted (F; s3=13.424, p=5.7 - 1074, 0=
0.026). For English speakers, temporal-order divergence rela-
tive to speakers of the “other” group (non-English speakers)
was lower than when calculated relative to speakers of their
“own” group (ts3 =2.166, pyom =0.174, d =0.224), whereas
in non-English speakers, temporal-order divergence relative
to speakers of their “own” group was lower than when calcu-
lated relative to speakers of the “other” group (English speak-
ers) (ts3=2.995, proim =0.025, d=0.328). In other words,
the recall of both English and non-English speakers was tem-
porally more similar (i.e., lower temporal-order divergence)
relative to non-English speakers compared to English speak-
ers. None of the other effects and interactions were significant
(for all p>0.4).

Recall Accuracy: GPT Ratings Through Prompt
Engineering

Figure 4A shows the story X recall rating matrices for English
and non-English speakers for the prompt-engineering
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Figure 3. Recall X Recall Intersubject Correlation Matrices and Scores (Embedding Approach). (A) Intersubject Correlation Matrices
(Average Across Participants) are Shown for Clear Stories and Stories in Babble, For English and Non-English Speakers, and for Correlations
Among Participants of their Speaker Own Group and Relative to the other Speaker Group. (B) Original Order (Diagonal of Recall X Recall
Matrix) and Reversed Order Scores. Violin Plots, Boxplots, and the Mean Across Participants (White Circle) are Shown. Plots on the Right
Show the Correlation of Recall (Original-Order Scores, i.e., Diagonal Elements) Among English Speakers and Between Non-English and
English Speakers. (C) Intersubject Correlation (Diagonal of Recall X Recall Matrix) and Difference Between Clear Speech and Speech In
Babble. (D) Same as in Panel C for Temporal-Order Divergence. Eng - English Speakers; nEng - Non-English Speakers, *p <0.05.

analyses. The rmANOVAs showed that the maximum-recall
score was greater than the chance recall score (i.e., maximum-
recall score for unrelated stories) and that the original-order
score was greater than the reverse-order score (effect of
Score Type; for both analyses: F;s3>400, p<0.001:
Figure 4B), showing that stories are recalled more in the ori-
ginal order than in the reversed order. There was no effect of
Speaker (for both p>0.15) and no Score Type X Speaker
interaction (for both p>0.6). Individual data points for

non-English speakers relative to the distribution of data for
English speakers are shown in Figure 4B, right.

Figure 4C shows the effects of speech clarity (clear, bab-
ble) for different recall metrics and participant groups. The
rmANOVA for the original-order recall revealed larger recall
scores for stories under clear than under babble conditions (ef-
fect of Speech Clarity; F; s3=11.647, p=0.001, ®>=0.019;
Figure 4C, left). There was no difference between speakers
and no interaction (for both p>0.6). Recall-distinctiveness
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Figure 4. Story X Recall Correlation Matrices and Recall Scores (GPT Rating Approach). (A) Matrices (Average Across Participants) are
Shown for Clear Stories and Stories in Babble and for the Actual Recall Scores and Chance Level (Recall Paired with an Unrelated Story). (B)
Recall Scores for Clear Speech and Speech in Babble. Violin Plots, Boxplots, and the Mean Across Participants (White Circle) are Shown for
the Maximum-Recall Score, Chance Maximum-Recall Score (Recall Paired with Unrelated Stories), Original-Order Recall Score, and Reverse-
Order Recall Score. The Right Plot Shows Original-Order Recall Scores for Non-English Speakers and the Distribution for English Speakers, To
Display the Overlap Between Speaker Groups. (C) Clear Speech Versus Speech in Babble Contrasts for Original-Order Recall Score (Left),
Recall Distinctiveness (Middle), And Temporal-Order Divergence (Right). Violin Plots Show the Difference Between Clear Speech and Speech
in Babble. (D) Recall Scores for the Beginning, Middle, and End of a Story/Recall, Assessing Primacy and Recency Effects. Eng — English Speakers;

nEng — Non-English Speakers; N.s. — Not Significant, *p <0.05, #p <0.1.

was greater for non-English than English speakers (F 53 =
10.021, p=0.003, ®>=0.077; Figure 4C, middle), but there
was no effect of Speech Clarity and no interaction (for both
>(0.5). Temporal-order divergence was greater for speech in
babble than clear speech (effect of Speech Clarity; F 53 =
6.377, p=0.015, ®>=0.02; Figure 4C, left), whereas there
was no effect of Speaker and no interaction (for all p>0.6;
Figures 4C, right).

The rmANOVA to investigate primacy and recency effects
revealed again higher recall scores for clear stories than stories
in babble (effect of Speech Clarity; F; 53 =8.398, p=0.005,
®®=0.016; Figure 4D). Recall scores were also greater for
the beginning than the middle of a story (primacy: ts3=
15.249, prom=1.5 - 1072°, d=1.150) and the end than the
middle of a story (recency: ts3 =10.256, pyom =06.9 - 10714
d=0.713; effect of Time: F, 0= 140.834, p=1.4 - 107,
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o®=0.220; Figure 4D). No other main effects or interactions
were significant (for all p>0.15).

Evaluation of the Number of Segments

The analyses reported above were based on the segmentation
of story texts and recall transcriptions into 10 segments. To
evaluate whether the number of segments impacts the sensi-
tivity of the automated recall scoring approach, the speech-
clarity effects (clear vs. babble) reported in the previous sec-
tions were calculated for 6, 10, 14, and 18 story-text and
recall-transcription segments.

For recall scoring using the embedding approach
(Figure 5A), scores were greater for clear speech than speech
in babble for all segment conditions (for all F;53>9, p<
0.005). This speech-clarity effect did not differ between
English and non-English speakers (for all F,s3<0.7, p>
0.4), and there was no overall difference between speaker
groups (for all F; 53<0.5, p>0.5). This indicates that recall
scoring is sensitive to speech-clarity conditions in different
languages regardless of whether the story texts and recall tran-
scriptions are divided into 6, 10, 14, or 18 segments.
However, the speech-clarity effect (clear minus babble) de-
clined with the increase in the number of segments (linear
trend; ts3 =—2.779, p=0.008, d=0.167; Figure 5B).

Figure 5C displays the recall X recall matrices (ISC) for
transcriptions divided into 6, 10, 14, and 18 segments. For
all segment numbers, ISC (i.e., the diagonal of recall X recall
matrices) was greater for clear speech than speech in babble
(for all F; 53>35, p<0.001) and greater among individuals
of their own group compared to individuals from the other
group (for all F)s3>15, p<0.001; although for 14 and 18
segments, this was greater for English than non-English
speakers: Reference Group X Speaker interaction p<0.05;
whereas for 10 and 14 segments this difference was specific-
ally greater for English speakers for clear speech: Speech
Clarity X Reference Group X Speaker interaction p<0.05).
There was no overall difference in ISC between English
and non-English speakers for any of the segment-number
conditions (for all /', 53<0.9, p>0.35). The speech-clarity
effect (clear minus babble) decreased with the increase
in the number of segments (linear trend: ts3=-—6.381,
p=4.5-10"% d=0.434; Figure 5D). Temporal-order di-
vergence was greater for speech in babble than clear speech
for all segment conditions (for all F s3>20, p<0.001;
Figure SE). Similar to the results reported above (Figure 3D),
temporal-order divergence was lower for calculations based
on similarity with non-English than English speakers for
all segment conditions (Reference Group X Speaker inter-
action: for all F; s3>10, p<0.005). There was no overall
difference between speakers for any of the segment condi-
tions (for all F; 53<0.5, p>0.5). The speech-clarity effect
(clear minus noise) increased with the increase in the num-
ber of segments (linear trend: ts3=—4.787, p=1.4 - 107>,
d=0.358; Figure 5E).

For recall scoring using the GPT ratings (Figures 5F and
G), scores were greater for clear speech than speech in babble
for all segment conditions (for all F; 53> 10, p<0.003). The
speech-clarity effect did not differ between English and
non-English speakers (for all F; 53<0.2, p>0.7), and there
was no overall difference between speaker groups (for all
F1.53<0.5, p>0.4). This indicates that recall scoring is sensi-
tive to speech-clarity conditions in different languages regard-
less of whether the story texts and recall transcriptions are
divided into 6, 10, 14, or 18 segments. There was no differ-
ence in the speech-clarity effect (clear minus babble) for dif-
ferent segment numbers (F; 53 =1.146, p=0.332, ®><0.001;
Figure 5G).

Overall, the analyses reported in this section show sensitiv-
ity to the effects of speech clarity for story texts and recall
transcriptions divided into 6, 10, 14, and 18 segments, and
no meaningful differences between English and non-English
speakers. Nevertheless, the effect of speech clarity for recall
scores and ISC (using the embedding approach) was greatest
when fewer segments were used, whereas the speech-clarity
effect for temporal-order divergence was greatest when
more segments were used, suggesting an intermediate number
of segments may be beneficial to maximize sensitivity for dif-
ferent metrics. GPT ratings were similarly sensitive to speech
clarity for all segment numbers.

Discussion

The current study examined whether speech comprehension
scoring of naturalistic stories can be automated for listeners
with different language backgrounds. The data show that recall
scoring using both LLM text-embeddings and LLM prompt
engineering is sensitive to relevant speech-comprehension ef-
fects, including original temporal-order recall, benefits from
primacy and recency information in stories, and reduced recall
for speech in background noise. Scoring data for native speak-
ers of various languages showed no meaningful differences,
suggesting that LLMs provide a powerful way toward
language-independent speech scoring. The current, fully auto-
mated approach—from story generation to recall scoring—
across languages shows the feasibility of assessing speech
comprehension with naturalistic speech materials in speakers
with different language backgrounds. The work has the poten-
tial to open new avenues for an accessible clinical practice that
captures challenges in naturalistic speech listening.

Large Language Models for Automated
Comprehension Scoring

Manual scoring of verbal or written reports from participants
or patients can be extremely time-consuming (Borrie et al.,
2019; Bosker, 2021; Herrmann, 2025a; Levine et al., 2002;
Martinez, 2024; van Genugten and Schacter, 2024). Recent
work shows the applicability of LLMs to convert verbal
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Figure 5. Results for Different Segment Numbers. (A) Story X Recall Matrices (from the Embedding Approach) Based on Story Texts and
Recall Transcriptions Divided into 6, 10, 14, or 18 Segments (Top Left, Top Right, Bottom Left, and Bottom Right, Respectively). (B) The
Effect of Background Babble (Clear Minus Babble) on Recall Scores (Original-Order Recall; Diagonal Elements). The Speech-Clarity Effect
Decreased for Higher Segment Numbers. (C) Recall X Recall Matrices (from the Embedding Approach) Based on Recall Transcriptions

Divided into 6, 10, 14, or 18 Segments. (D) The Effect of Background Babble (Clear Minus Babble) on Intersubject Correlation (Diagonal
Elements). The Speech-Clarity Effect Decreased for Higher Segment Numbers. (E) The Effect of Background Babble (Clear Minus Babble)
on Temporal-Order Divergence Scores. The Speech-Clarity Effect Increased for Higher Segment Numbers. (F and G) Same as in Panels A
and B for Story X Recall Matrices from the GPT Rating Approach Through Prompt Engineering. All Matrices Reflect the Average Across
Participants. Error Bars Reflect the Standard Error of the Mean. The Colored * and # Indicate P < 0.05 and P < 0.1 Significance Levels,

Respectively, For Tests Against Zero.

speech to text for speech-recognition use in the speech, lan-
guage, and hearing sciences (Ballier et al., 2024; Slaney and
Fitzgerald, 2024; Zhao et al., 2025). Verbatim word report
scoring can also be automatized using LLM text-embeddings
(Herrmann, 2025a), but this work has still been limited to
words or short sentences.

The scoring of free recall data is substantially more chal-
lenging (Levine et al., 2002; Martinez, 2024; van Genugten
and Schacter, 2024), especially across languages, because

people’s mental representations for naturalistic stimuli are
not verbatim (Fillenbaum, 1966; Gomulicki, 1956; Mehler,
1963; Mehler and Miller, 1964; Raccah et al., 2024; Sachs,
1967). Each person uses somewhat different words and
descriptions when recalling the same story information
(Raccah et al., 2024). Scoring in different languages would
require a human scorer to be fluent in numerous languages,
which makes scalability to a large number of languages
not feasible. The current data show that scoring speech recall
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for speakers with different language backgrounds can be
automated using semantic similarity analyses (text-embed-
dings) and rating scores derived through prompt engineering.

A few other recent works have shown the feasibility of
using text-embeddings on segmented recall data for scoring
movie comprehension (Heusser et al., 2021; Shen et al,,
2023), and recently for story reading (Martinez, 2024;
Panela et al., 2025) and listening comprehension (Chandler
et al., 2021; Martinez, 2024; Raccah et al., 2024). Some of
these works show that scores from text-embeddings correlate
well with scores made by humans (Chandler et al., 2021;
Martinez, 2024; Panela et al, 2025), including the
text-embedding approach employed here (Panela et al.,
2025). The current work extends these previous works by
fully automating story generation and scoring in different lan-
guages and testing new assessment metrics—that is,
temporal-order divergence and ISC—that show sensitivity
to the clarity of speech. Other recent works used LLM
prompting to generate short passages with a predefined num-
ber of details and LLM prompting to quantify the number of
details correctly reported by participants (Georgiou et al.,
2025; Martinez, 2024). This work focused on sentence
clauses, which are unlikely the unit of mental representations
of information encountered in everyday conversations.
Nevertheless, scores from prompt engineering showed a high
correlation with human raters (Georgiou et al., 2025; Martinez,
2024). Scoring approaches using text-embeddings—despite
showing meaningful comprehension sensitivity—can have the
disadvantage that even unrelated multisentence passages can
lead to nonzero correlation/similarity scores (Figures 2A and
2B), thereby reducing the dynamic range and interpretability.
By combining the general pipeline of story/recall text segmenta-
tion and obtaining metrics from story X recall matrices with
LLM prompt engineering, the current study demonstrates a
wider dynamic range and chance-level scores close to zero
(Figure 4B), while also showing sensitivity to relevant speech-
comprehension effects across speakers with different language
backgrounds. Combining text segmentation with LLM-based
speech-similarity ratings may thus provide the most fruitful av-
enue for research and clinical practice.

Sensitivity of LLMs to Different Aspects of Speech
Comprehension

The current approach is sensitive to speech comprehension as
indicated in several ways. Scores were greater than chance
(i.e., when recall data were paired with an unrelated story),
and scores were higher for recall in the original than reversed
temporal order (Figures 2B and 4B), indicating that partici-
pants reported story segments in the order in which they heard
a story, which is consistent with previous work (Chen et al.,
2017; Heusser et al.,, 2021; Howard and Kahana, 2002;
Zhang et al., 2023). Moreover, recall scores were greater for
story segments in the beginning and end compared to the

middle of a story, showing the well-known primacy and re-
cency recall pattern (Murdock Jr, 1962; Howard and
Kahana, 1999; Tan and Ward, 2000; Howard and Kahana,
2002; Zhang et al., 2023). There were no meaningful differ-
ences between English speakers and non-English speakers.
In fact, the ISC analyses demonstrate a similar distribution
of correlation scores among the group of English speakers
and correlation scores of non-English with English speakers.
The automated scoring is thus language-independent.

The current scoring approach also shows sensitivity to the
clarity of speech. Recall scores were lower for speech in
the presence of background noise compared to clear speech.
A reduction in speech intelligibility due to background noise
is well-known (Gordon et al., 2009; Helfer and Jesse, 2021;
Mattys et al., 2012; McArdle and Wilson Richard, 2009;
Miller, 1947; Pandey and Herrmann, in press; Pichora-
Fuller et al., 2016; Summerfield, 1987) and translates to re-
duced story comprehension in the current study. Moreover,
the temporal order in which participants recalled the stories
was reduced for speech in background noise, which appeared
to be most prominent in the ISC analyses (Figure 3D).
Temporal-order effects cannot be revealed well with trad-
itional speech-perception assessments, because these assess-
ments rely on individual words or short sentences (Billings
et al., 2024; Gustafsson and Arlinger, 1994; Killion et al.,
2004; Polspoel et al., 2025; Wilson et al., 2012; Wilson
Richard et al., 2007). Automatically scoring the comprehen-
sion of naturalistic, story speech thus offers additional ave-
nues to understand speech-comprehension challenges in
everyday life.

Young normal-hearing listeners correctly hear about 80%
of words of continuous speech masked by the level of back-
ground babble used in the current study (+2 dB SNR; Irsik
et al., 2022). Participants tend to be as engaged in listening
to stories under this level of background babble as they are
when listening to clear stories (Herrmann and Johnsrude,
2020b; Irsik et al., 2022), suggesting that missing or incor-
rectly hearing about 20% of words does not impede compre-
hension success. This could explain why speech clarity did
not affect all recall metrics, and why the significance of the
speech-clarity effects varied across analysis types (e.g., recall
score vs. ISC).

Limitations and Practical Considerations

The current study provides a language-independent approach
to automating the scoring of free-recall data of individuals lis-
tening to short stories. The approach is sensitive to critical
speech-comprehension effects, but there are practical consid-
erations and limitations.

Stories were generated, translated, and synthesized in dif-
ferent languages using modern large language models (LLM),
but the rating scores by non-English native speakers high-
lighted two limitations. Translations occasionally included
words that would typically not be used in the context in which
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they were presented. This limitation is consistent with recent
advocacy for including cultural competence beyond text-
based information into the training of models for machine
translations to improve translations (Feuerriegel et al., 2025;
Tenzer et al., 2024). Moreover, the OpenAl voice used in
the current study (i.e., Alloy) led to speech that was spoken
in a somewhat American-English accent, because the model
was optimized for English. The voice was selected because
it is naturalistic-sounding and controls voice acoustics across
languages. Other synthesizers for different languages are
available, such as Google’s text-to-speech (https:/cloud.
google.com/text-to-speech/docs/voices). However, American-
English was the only highly naturalistic Google voice avail-
able at the time the research was conducted, whereas voices
in other languages still relied on older models that resulted
in less naturalistic speech. The OpenAl voice did not work
well with Asian or Arabic languages (despite good transla-
tions), leading to incomprehensive auditory materials. This
will likely not be an issue for long, given the fast-developing
Al space. In fact, since this research was conducted, new
models that appear less English-accented and more naturalis-
tic have been made available by both OpenAl and Google.
Despite the language and acoustic limitations in the current
study, participants with different language backgrounds found
the stories engaging and there were no meaningful impacts on
the automated scoring.

The current study compared speech listening and compre-
hension scoring between people with different language back-
grounds. The results suggest that full speech-assessment
automation can be achieved across languages using modern
speech synthesizers and LLM. However, speech perception
can also be affected by regional dialects/accents (Floccia
et al., 2006; Goslin et al., 2012; McCullough et al., 2017;
Nissen Shawn et al., 2013; Wang et al., in press), but modern
speech synthesizers that generate regional dialects/accents
have not emerged (with the exception of Google’s English
US, UK, Australian, and Indian accents). Future technological
advances may fill this space.

The automated recall scoring involved dividing story and
recall texts into segments. This choice was based on previous
recall-scoring work (Chen et al., 2017; Heusser et al., 2021,
Raccah et al., 2024) and cognitive research showing that indi-
viduals perceive, encode, and recall everyday environments
as discrete events (Lee and Chen, 2022; Pitts et al., 2023;
Richmond et al., 2017; Sasmita and Swallow, 2022; Speer
et al., 2004; Zacks et al., 2007; Zacks and Swallow, 2007).
Segmentation was also used to avoid semantic dilution
(Zhou et al., 2024). The current work explored dividing the
story and recall texts into different number of segments,
showing—for the text-embedding approach—that maximiz-
ing the sensitivity to speech-clarity effects may benefit from
an intermediate number of segments. If overall recall accuracy
is the main focus, fewer segments may be beneficial, whereas
sensitivity to effects on temporal-order divergence may be
greater for a higher number of segments. The latter may be

the case because more segments provide a higher temporal
resolution. For LLM prompting, the number of segments ap-
peared to matter less. Eventually, the choice for the number of
segments may also depend on the duration of the story, with
longer stories possibly requiring more segments.

In the current study, ~2 min spoken stories were used to
examine whether speech comprehension scoring can be auto-
mated using LLMs. In theory, longer stories could pose more
challenges for scoring participants’ recall because more infor-
mation is integrated, which could lead to semantic dilution
(Zhou et al., 2024). Nevertheless, our recent work in
English speakers shows that the current assessment approach
works well also for 10-min stories (Panela et al., 2025). The
segmentation into story snippets appears to be critical, espe-
cially for longer speech materials and recalls to avoid seman-
tic dilution. For longer stories, participants may also
increasingly recall only story gist rather than individual de-
tails (Georgiou et al., 2025), potentially counteracting meth-
odological issues related to semantic dilution, but this
requires further research. More generally, for a specific clin-
ical test, story generation will require validation to ensure
that the generated stories afford similar recall scores under
ideal conditions.

The languages included in the current study all favor
chronological narrative structures. Although for most (if
not all) languages, narratives are temporally forward-
moving when spoken, there may be nuance in how narratives
are structured that could interact with the assessment across
languages. This could affect ISC analysis, but should not af-
fect maximum recall scores because this measure is inde-
pendent of the temporal order in which a story is recalled.
Moreover, there is a chance that linguistic complexity is al-
tered during the translation of stories, which in turn may be
reflected in participants’ recall. If a researcher was con-
cerned about these potential issues, they could translate the
recall to English prior to analysis (assuming translations
would somewhat account for structural differences). In the
current study, no meaningful differences were observed
when using the story and recall transcriptions in the original
language compared to English translations (Figures S1 and
S2 in the Supplementary Materials).

The current automated scoring approach leveraged the
LaBSE language-independent text-embedding model
(LaBSE; Devlin et al., 2019; Feng et al., 2022). Other multi-
language models, such as USE-CMLM-Multilingual (Yang
et al., 2020), were also explored, but initial evaluations sug-
gested poorer performance. Examinations further suggest
that the translation of story and recall texts to English using
OpenAl’s GPT-40 and then using English-based models or
LaBSE lead to qualitatively similar results as the ones re-
ported here (Figures S1 and S2 in the Supplementary
Materials). Moreover, scoring through LLM prompt engineer-
ing did not require translation. It was sufficient to use English
instructions with text pieces in other languages. Whether scor-
ing performance could be improved somewhat by using
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non-English prompts for non-English recall scoring may
be worth exploring in the future, but it appears that
state-of-the-art models simply map speech across different
languages.

Using LLM can come with computational and direct finan-
cial costs. OpenAl’s LLMs were used in the current study to
generate stories, translate speech, and synthesize speech. The
costs associated with these tasks involved less than two dol-
lars and were performed within a few minutes for all partici-
pants (using a Dell XPS14 laptop). The LaBSE
text-embedding model is freely available, and the calculation
of the correlation matrices took less than a minute per partici-
pant (calculations of ISC took a few minutes per participant).
The LLM zero-shot prompt engineering approach was com-
putationally and financially more expensive even though
GPT-40 mini was used. Fees across the calculations con-
ducted were about $80 USD (including chance level) and cal-
culations took about 15 min per participant. Nevertheless,
GPT prompt engineering showed somewhat better perform-
ance than the embedding approach, such that scores had a
greater dynamic range and chance-level scores were near
zero. To minimize costs in future work, only the diagonal
of the story X recall matrix could be calculated, reducing the
number of computations 10-fold (for a 10 X 10 matrix), and
calculations for chance level matrices could be omitted.
Fees could be avoided by using open-access models like
LLaMA 3.1, but this may come with reduced accuracy
(LLaMA performs more poorly than GPT; e.g., Panela
et al., 2025) and may require higher computational capacity
in-house (e.g., computers with GPUs). Other new models
such as DeepSeck v3 (https:/www.deepseek.com/) may offer
a 10 times lower price at the same performance level.
Considerations of data sharing, ethical use, and carbon foot-
print may also determine the model choice (Luccioni et al.,
2023; Rillig et al., 2023). The Al landscape is evolving fast,
but the current approach outlines the general architecture of
automated recall scoring across languages that could likely
be used with any future model.

Conclusions

The current study investigated the feasibility of a fully auto-
mated approach to story generation, speech synthesis, and
speech-recall scoring across different languages. A group of
English speakers and a group of native speakers of a
non-English language (10 non-English languages) listened
and recalled short stories, both in their native language. The
results showed that scoring recall with LLM text-embeddings
and prompt engineering is sensitive to known speech-
comprehension effects, including temporal-order recall, pri-
macy and recency benefits, and sensitivity to reductions in
speech clarity. The LLM prompt engineering approach may
be preferable over the LLM text-embedding approach be-
cause the scores for the former have a wider dynamic range
and are more interpretable. Critically, there were no

meaningful differences between English and non-English
speakers, demonstrating automated, language-independent
scoring of speech recall. The current approach may open fruit-
ful avenues for clinical assessments with naturalistic speech.
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