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Abstract

Recent multimodal learner corpora incorporate
visual information, such as posture, co-speech
gestures, and facial expressions, alongside lin-
guistic features. While multimodal information
has contributed to modeling second language
(L2) proficiency, little attention has been paid
to cross-modal relationships. To address this
gap, the present study investigates whether af-
fective coherence, the alignment between tex-
tual sentiment and facial expressions, is associ-
ated with L2 proficiency. The results indicated
that affective coherence did not significantly
differ across proficiency levels from B1 to C2
under the Common European Framework of
Reference for Languages (CEFR). Coherence
measured at the valence level (positive, neutral,
and negative) exhibited a systematic relation-
ship with proficiency levels, whereas coherence
based on discrete categories (e.g., happiness
and sadness) did not. These findings suggest
that multimodal learner corpora should incorpo-
rate not only information from multiple modali-
ties but also cross-modal measures that capture
the alignment between verbal and nonverbal
communicative behaviors.

1 Introduction

Multimodal corpora have been used in affective
computing research to integrate acoustic, semantic,
and visual cues for analyzing verbal and nonver-
bal behaviors (Hyun et al., 2024; Peechatt et al.,
2024). For example, laughter detection has been
modeled by combining acoustic properties such as
pitch and intensity with visual markers including
Facial Action Units (AUs), together with seman-
tic information derived from speech transcriptions
(Hyun et al., 2024). Similarly, Peechatt et al. (2024)
demonstrated that acoustic features such as funda-
mental frequency Fy (Hz) can be enhanced through
fusion with physiological and visual modalities.
In the context of L2 research, nonverbal behav-
iors have recently been incorporated into analyses
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of L2 communication (Hunston, 2022; Liu et al.,
2023). While traditional multimodal learner cor-
pora (Franceschi, 2018; Bonsignori and Cappelli,
2021) relied on manual annotation of nonverbal
behaviors, recent studies automatically extract vi-
sual cues for analysis of L2 communication (Saeki
et al., 2021; Mawalim et al., 2025). Consequently,
recent multimodal learner corpora have made it
possible to analyze L2 communication from both
verbal and nonverbal perspectives, including pos-
ture, co-speech gestures, and facial expressions, all
of which play essential roles in successful com-
munication (Kendon, 2000; Bavelas and Gerwing,
2007; Cohn and Schilperoord, 2024).

Despite these advances of a multimodal learner
corpus, a research gap remains regarding the sys-
tematic alignment between verbal and nonver-
bal behaviors. This alignment is conceptually
grounded in affective coherence, a phenomenon
in which an individual’s internal emotional state
is synchronized with outward facial expressions
(Duran et al., 2017). In L2 communication, af-
fective coherence between semantic content and
nonverbal behaviors may contribute to comprehen-
sibility (Gullberg et al., 2008; Wheeler and Saito,
2022). Such synchronization can be viewed as
an aspect of pragmatic competence, as proficient
learners are expected to display facial expressions
consistent with the semantic content of their speech
(Wu and Roche, 2025). For example, proficient
learners may display smiles in positively valenced
narratives. While Wu and Roche (2025) exam-
ined L2 arousal states using physiological mea-
surements, facial expressions potentially provide
a more accessible representation of both arousal
and valence (i.e., positivity and negativity) (Zhang
et al., 2024a).

The present study addresses a research gap re-
garding cross-modal relationships for multimodal
learner corpus research. Specifically, it quantifies
the alignment between verbal and nonverbal behav-



iors as a cross-modal annotation layer. Among
various nonverbal behaviors, facial expressions
were selected because they provide observable cues
more directly associated with affective states than
other cues such as postures and gestures. For the
verbal modality, textual sentiment was selected be-
cause it directly reflects the semantic and affective
content of discourse. In contrast, acoustic cues
may be influenced by L2-specific factors such as
Foreign Language Anxiety (FLA) (Szyszka et al.,
2026; Wang et al., 2025). We hypothesize that af-
fective coherence varies systematically across L2
proficiency levels. This hypothesis is examined
through the following research questions:

1. What is the relationship between affective co-
herence and L2 proficiency?

2. To what extent can affective coherence serve
as an index of L2 proficiency levels?

3. Can facial expression diversity serve as an-
other index for L2 proficiency levels?

By addressing these questions, this study offers
two primary contributions to computational L2 re-
search. First, contrary to our hypothesis, affective
coherence did not significantly differ across profi-
ciency levels. Second, the observed distributions
suggest that affective coherence differs between
proficiency levels for positive, neutral, and nega-
tive valence categories.

2 Previous studies

This section first outlines theoretical perspectives
relevant to affective coherence in L2 communica-
tion and then reviews three related research areas:
(a) affective coherence between emotion and facial
expression, (b) multimodal information fusion, and
(c) the role of nonverbal behavior in analyzing L2
communication. Although these studies provide
foundations for the present research, little atten-
tion has been devoted to whether textual sentiment
and facial expressions exhibit systematic alignment
in L2 communication. Furthermore, the extent to
which such alignment varies across proficiency lev-
els remains unclear.

2.1 Theoretical Basis for Affective Coherence
in L2 Communication

Cognitive theories of L2 communication suggest
that the coordination of verbal and nonverbal behav-
iors may vary across proficiency levels. In particu-
lar, Cognitive Load Theory (Sweller, 2010) posits

that working memory resources are limited dur-
ing communication. Because L2 learners allocate
attentional resources to lexical retrieval, grammat-
ical encoding, and speech monitoring, the coordi-
nation of verbal and nonverbal behaviors may be
more difficult than in first-language (L.1) commu-
nication. This account aligns with findings of re-
duced nonverbal expressivity in L2 communication
(Caldwell-Harris, 2014; Pavlenko, 2012).

2.2 Emotion-Facial Expression Coherence in
L1 Communication

A useful baseline for examining affective coher-
ence in L2 communication can be found in stud-
ies of L1 communication. Duran et al. (2017)
conducted a meta-analysis of affective coherence
between emotional experiences and facial expres-
sions. Emotional states were measured through
self-report instruments, whereas facial expressions
were assessed using the Facial Action Coding Sys-
tem (FACS; Ekman et al., 2002) based on six basic
emotions: anger, surprise, disgust, happiness, fear,
and sadness (Ekman, 1971).

Durién et al. (2017) observed weak-to-moderate
correlations between emotional experiences and
facial expressions, ranging from r» = .11 for fear
to r = .41 for sadness (Duran et al., 2017). These
findings suggest that affective coherence remains
limited and variable even among L1 speakers under
controlled experimental conditions. This empirical
baseline provides a useful reference for examining
affective coherence in L2 communication.

2.3 Multimodal Information Fusion

Recent affective—computing research has employed
information fusion integrating visual, acoustic, and
textual modalities for emotion recognition and sen-
timent analysis (Wang et al., 2022). According
to Wang et al. (2022), most studies have focused
on visual-acoustic, textual-acoustic, or visual—
acoustic—textual fusion, while relatively little at-
tention has been paid to direct interactions between
textual and visual modalities.

This limitation was addressed by Li et al. (2024)
with a multimodal fusion framework between tex-
tual and visual information. However, the visual
modality in their study captured general visual in-
formation rather than facial-expression-based com-
municative signals. More recently, Wang and Chen
(2026) developed a sentiment—analysis framework
for complex affective phenomena such as sarcasm
by integrating textual, acoustic, and visual informa-



tion, including facial expressions. In their frame-
work, visual and acoustic signals function as sup-
plementary semantic contextual cues. For example,
sarcastic utterances may be accompanied by facial
displays such as angry smiles and acoustic patterns
that differ from those associated with genuinely
positive expressions. These studies demonstrate
the growing importance of cross-modal interactions
in multimodal communication research. However,
such interactions remain largely unexplored in L2
research.

2.4 Multimodal Model for L2 Proficiency

Although L2 research has recognized the impor-
tance of nonverbal behaviors, little attention has
been devoted to the alignment between textual
sentiment and facial expressions. Recent studies
(Mawalim et al., 2025; Saeki et al., 2021) have
developed automatic L2 proficiency evaluation sys-
tems using nonverbal features. Their findings sug-
gest that visual features provide useful information
but exhibit substantially lower explanatory power
than lexical and acoustic features when analyzed
independently.

Saeki et al. (2021) classified six proficiency
levels using lexical, acoustic, and visual features.
Visual features included facial expressions, head
movements, and eye gaze derived from Facial Ac-
tion Units (AUs) using OpenFace 2.0 (Baltrusditis
et al., 2018). While their multimodal classification
model achieved the strongest correspondence with
human ratings (r = .80), cross-modal relationships
were not explicitly examined. They reported com-
paratively low performance for the visual model
(r = .03), compared with the acoustic (r = .17)
and lexical (r = .78) models. The authors sug-
gested that the limited contribution of visual fea-
tures may reflect substantial individual variation in
nonverbal behavior. For example, behaviors such
as frowning, gaze shifts, or reduced expressiveness
may reflect cognitive processing demands rather
than proficiency itself.

Mawalim et al. (2025) classified binary and six-
level L2 proficiency classification models using tex-
tual, acoustic, and visual features. Visual informa-
tion was extracted through OpenFace (Amos et al.,
2016) and represented by the occurrence frequen-
cies of individual AUs throughout the speaking task.
Their results indicated moderate predictive value
for visual features. In the binary classification, the
visual model achieved an F1 score of 62.87, com-
pared with 81.21 for the acoustic model and 77.72

for the textual model. In the six-level classifica-
tion task, the visual model yielded a correlation of
p = .31, compared with p = .67 for the acoustic
model and p = .61 for the textual model. Mawalim
et al. (2025) further reported that the contribution
of visual information varied across AU types, with
lip-related AUs serving as particularly informative
indicators. As in Saeki et al. (2021), relationships
among modalities were not directly investigated.

3 Method

3.1 Data Collection

We manually compiled 68 video recordings featur-
ing L2 English communication from the YouTube
channels that publish the International English Lan-
guage Testing System (IELTS) speaking test per-
formances and their corresponding band scores,
including: IELTS Daily, IELTS Insider, IELTS En-
glish Academy. These videos were selected from
publicly available content on the YouTube platform.
As of March 2026, the source videos remain pub-
licly available on the platform.

To ensure the validity of the facial expression
analysis, videos were included only if they exhib-
ited a clear, front-facing view of the speaker’s face.
This manual selection process allowed for the ex-
clusion of videos with significant background noise
and multiple speakers.

3.2 L2 Communication Data

The dataset consisted of video recordings of 68
L2 English learners participating in a mock IELTS
speaking test. To ensure data consistency across
proficiency levels, this study focused on the Part
II monologue task, where learners delivered a one-
to two-minute speech on an assigned topic after a
one-minute preparation period.

Following the standard IELTS—CEFR alignment
(IELTS, 2015), IELTS Speaking scores of 8.5 or
above were mapped to CEFR (the Common Euro-
pean Framework of Reference for Languages) C2,
scores of 7.0-8.0 to C1, scores of 5.5-6.5 to B2,
and scores of 5.0 or below to B1. Table 1 presents
descriptive statistics for IELTS Speaking scores by
CEEFR proficiency group.

3.3 Facial Expression Recognition

Facial expressions were analyzed using Py-Feat
0.7.0 (Cheong et al., 2023). All videos were pro-
cessed at 25 frames per second (fps) to ensure com-
putational efficiency. The system assigned proba-
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Group n Mean SD
Cc2 17 8.68 0.25
C1 29 747 042
B2 14 6.04 046
B1 8 481 0.37

Table 1: IELTS Speaking scores by CEFR proficiency
group.
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Figure 1: (A) Six basic facial expressions. (B) Individ-
ual Facial Action Units (AUs) detected. Reproduced
from Cheong et al. (2023) under a CC BY 4.0 license.

bilistic confidence scores for the seven basic emo-
tion categories: anger (ANG), disgust (DIS), fear
(FEA), happiness (HAP), sadness (SAD), surprise
(SUP), and neutral (NEU). As illustrated in Figure
1, it identifies individual AUs (B) and maps them
to six basic facial expressions (A).

Frame-level scores were normalized to sum to
1.00 as shown in Table 2. Table 2 demonstrates
sample scores of a learner at frames 0, 1926, 2005,
and 3008 of a 120.32-second video (comprising
3,009 frames in total). This learner received a score
of 4.0 in the mock IELTS speaking test.

3.4 Textual Sentiment Recognition

Before recognizing textual sentiment, the audio
data were transcribed using the Whisper-large-v3
model with default settings (Radford et al., 2022),
which is robust to accented speech (Ballier et al.,
2023) and generates timestamped segments neces-
sary for multimodal synchronization. Furthermore,
unlike traditional transcription methods that may
split segments solely based on silence, Whisper
identifies meaningful spoken units that better align
with facial expression frames. For instance, Whis-
per retains disfluencies (e.g., “um,” or repetitions;

Mateo et al., 2024), which may reflect cognitive or
affective states.

Textual sentiments were recognized using
Gemini-2.5-flash-lite (Google, 2024). Unlike tra-
ditional sentiment analysis relying on lexical and
grammatical precision, this approach identifies tex-
tual sentiments even when learners’ utterances ex-
hibit limited vocabulary or grammatical inaccura-
cies (Zhao et al., 2026; Zhang et al., 2024b).

The prompt used for this recognition is provided
in Appendix A. For each transcribed segment, Gem-
ini generated normalized probability scores (rang-
ing from 0.00 to 1.00) across the same seven cate-
gories used in facial expression analysis. Table 3
presents sample segment-level textual sentiment
scores for two specific utterances of the learner
corresponding to Table 2: “He always” (1.74 sec-
onds) and “He always help people or become a
hero” (4.04 seconds). Within each segment, the
category with the highest score was identified as
the dominant category (DOM).

3.5 Alignment between Text Emotion and
Facial Expressions

In alignment between textual sentiments and fa-
cial expressions, the former serves as a semantic
reference for the intended affective content. This
alignment establishes affective coherence as an in-
dex of L2 proficiency levels.

For the synchronization of the nonverbal and
verbal datasets, facial expression data from Py-Feat
were mapped to the corresponding timestamped
text segments from Whisper (measured in seconds).
This alignment was achieved by mapping the video
frame indices to the start and end timestamps of
each text segment. The total number of frames (V)
within a specific text segment was determined by
calculating the difference between the start and end
timestamps (ts¢qr¢ and tepq, in seconds) as follows:

Ny = round((tend — tstart) X 25) €))

As illustrated in Tables 2 and 3, the utterance
“He always” spans from 78.48 to 80.22 seconds,
which corresponds to frames 1962 through 2005.
The facial expression score for this segment (Seg-
ment 11 in Table 4) was calculated by taking the
mean score for each of the seven categories across
these 43 frames.
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3.6 Affective Coherence Analysis

Affective coherence was analyzed under two ap-
proaches: (i) Polarity-based coherence, and (ii)
Category-based coherence. To test polarity-based
coherence using Chi-square contingency tests
across proficiency groups, the facial expression
categories for each segment were classified into
three classes: Positive (happiness, surprise), Neg-
ative (anger, disgust, fear, sadness), and Neutral.
This classification was determined by the dominant
emotion within the respective textual sentiment
and facial expression categories of each learner. To
control for Type I error across multiple pairwise
comparisons, a Bonferroni correction was applied,
establishing an adjusted significance threshold of
p = .02. Due to low expected cell counts in spe-
cific categories (e.g., negative segments in B1 and
B2), Fisher’s exact tests were also reported.

However, labeling based solely on the dominant
category may obscure mixed or diffuse emotional
states, when multiple facial expressions yield sim-
ilar scores (see Table 4). In Table 4, while the
dominant facial expression in the 11th and 12th
segments is identified as Happiness, the one in Seg-
ment 12 represents a diffuse state where the score
for Happiness (0.46) is nearly identical to Neutral
(0.43). These examples indicate the limitations of
labeling reduction.

To capture the nuances of mixed or diffuse cat-
egories, we calculated the Cosine Similarity be-
tween the textual sentiment T and facial expres-
sion F' categories. This metric measures the angu-
lar alignment in a 7-dimensional affective space.
Cosine Similarity (COS) is calculated as:

2

where t; and f; represent the scores for each cat-
egory. C'OS ranges from 0.00 (no alignment) to
1.00 (perfect coherence).

For the statistical analysis, learners’ mean COS
values were classified by proficiency group. The
mean C'OS was calculated for each learner by di-
viding the sum of C'O.S values by the total number
of instances within a learner. These group-level dis-
tributions were then compared using an ANOVA
(Analysis of Variance) test.

4 Results
4.1 Polarity-based Coherence

Table 5 summarizes the frequencies of facial ex-
pressions conditioned on textual emotion and
CEFR proficiency. While Neutral facial expres-
sions were the most frequent responses to all tex-
tual emotion categories, the C2 group showed the
highest proportion of Positive facial expressions
in response to Positive textual content (30.6%,
n = 33 out of 108 segments), compared with the
C1 group (21.3%, n = 17 out of 80); the B2 group
(11.1%, n = 4 out of 36); and the B1 group (14.3%,
n = 3 out of 21).

In contrast, alignment for the Negative textual
emotion was comparable between the collapsed
groups (C1-2 group: 28.3%, n = 13 out of 46;
B1-2 group: 25.0%, n = 2 out of 8).

Facial Expression

Text Emotion Group Neg Neu Pos
Neu Cc2 72 188 113
C1 41 137 61
B2 56 95 19
B1 10 85 20
Pos Cc2 15 60 33
Cl 10 53 17
B2 17 15 4
B1 0 18 3
Neg C2 6 12 11
C1 7 8 2
B2 2 2 0
B1 0 4 0

Table 5: Frequency of facial expressions conditioned on
textual emotion and proficiency

To examine polarity-based coherence, we con-
ducted three independent Chi-square contingency
tests for each textual sentiment category (Negative,
Neutral, and Positive).

The results no statistically significant associ-
ation between textual sentiment polarity and fa-
cial expression polarity across any CEFR profi-
ciency level or in the overall aggregated sample:
Bl Level: x%(4,N = 140) = 3.58,p = .47
(Fisher’s exact p = .67).B2 Level: x?(4,N =
210) = 3.51, p = .48 (Fisher’s exact p = .47).C1
Level: x?(4, N = 336) = 9.47,p = .05 (Fisher’s
exact p = .08).C2 Level: x%(4,N = 510) =
2.95, p = .57 (Fisher’s exact p = .54). Total Sam-
ple: x2(4, N = 1,196) = 3.73, p = .44 (Fisher’s
exact p = .43). Across all proficiency groups,



facial expressions were heavily skewed toward neu-
tral displays regardless of textual sentiment (e.g.,
in the total sample, neutral facial expressions ac-
counted for 505 out of 897 neutral text segments,
146 out of 245 positive text segments, and 26 out of
54 negative text segments). Although the C1 group
exhibited a borderline trend (x? = 9.47,p = .05),
the relationship did not reach significance under
Fisher’s exact test (p = .08), confirming the ab-
sence of a reliable categorical alignment between
text emotion and facial expression.

4.2 Category-based Coherence

Table 6 summarizes the Cosine Similarity between
textual sentiment and facial expression categories.
This metric reflects the alignment degree between
the 7-dimensional category distributions in an ut-
terance.

Group n Mean (SD)
Cc2 17 0.63(0.19)
Cl 29 0.61(0.21)
B2 14 0.60 (0.27)
B1 8 0.73(0.15)

Table 6: Cosine Similarity between proficiency groups.

A one-way ANOVA was conducted to examine
whether facial-semantic coherence differed across
proficiency levels. The analysis showed no sta-
tistically significant difference in mean C'O.S val-
ues across proficiency levels, F'(3,25.7) = 1.19,
p = .33. Thus, facial-semantic coherence did not
significantly differ across proficiency levels.

5 Discussion

The goal of this study was to investigate the extent
to which L2 communication demonstrates affec-
tive coherence. The results indicate that the degree
of affective coherence does not significantly de-
pend on either learner proficiency or the granular-
ity of the cross-modality analysis (polarity-based
vs. category-based). Overall, the findings suggest
that coherence between textual sentiment and facial
expression are associated with the individual differ-
ences rather than against the assumption of perfect
alignment between textual and visual modalities.
First, polarity-based coherence was analyzed by
comparing the distribution of valence polarity (Pos-
itive, Neutral, and Negative) across the proficiency
groups. The Chi-square tests demonstrate that fa-
cial expression polairty does not systematically cor-

respond to textual emotion polarity across CEFR
proficiency levels. Across all CEFR tiers, learn-
ers maintained neutral facial expressions (677 out
of 1,196 total segments; 56.6%), irrespective of
whether the uttered segment was positive, negative,
or neutral. This relying on neutral facial expres-
sions suggests a general "flatness" in emotional
display during L2 speech production.

The lack of statistical significance across all
groups (Bonferroni-corrected p > .02) indicates
the methodological limitations of reducing affec-
tive coherence to coarse, segment-level classifica-
tions that may include multiple valences. Further-
more, discrete categorical labeling forces subtle,
continuous facial movements into rigid categories,
which may hide mixed emotional states (e.g., subtle
smiles occurring during neutral or negative speech).
In sum, these findings demonstrate the necessity
of continuous vector-based metrics, such as mul-
tidimensional Cosine Similarity, to capture fine-
grained affective alignment in L2 communication.

Second, category-based affective coherence was
analyzed using a one-way ANOVA of cosine sim-
ilarity across seven emotional categories (anger,
disgust, fear, happiness, sadness, surprise, and neu-
tral) across CEFR proficiency levels. The analsysi
revealed no significant effect of proficiency level,
F(3,25.7) = 1.19, p = .33. This result suggests
that category-based affective coherence was not
significantly associated with L2 proficiency.

However, the descriptive results revealed an
interesting pattern, which we refer to as a
“proficiency—coherence paradox.” B1 learners
showed the highest mean cosine similarity (M =
.73, SD = .15), followed by C2 (M = .63,
SD = .19), Cl (M = .61, SD = .21), and B2
(M = .60, SD = .27). Thus, higher L2 profi-
ciency was not accompanied by greater observable
verbal—facial affective coherence. One possible
explanation is that more proficient learners may
possess greater pragmatic or rhetorical flexibility
in managing emotional displays. Hence, they can
employ facial expressions more independently of
their verbal affect. In contrast, less proficient learn-
ers may rely more heavily on facial expressions
to compensate for their verbal expression. This
reliance is supposed to result in higher apparent
affective coherence. These interpretations remain
speculative, because the statistical analysis does
not support proficiency as a systematic determi-
nant of affective coherence. Rather, the descriptive
pattern raises the possibility that the relationship



between proficiency and verbal—facial coherence
may be non-linear or mediated by communicative
strategies.

6 Conclusion

As L2 research has employed multimodal learner
corpora to analyze verbal and nonverbal behaviors
such as gestures and facial expressions, previous
studies (Saeki et al., 2021; Mawalim et al., 2025)
have developed multimodal models of L2 profi-
ciency. However, given the limited contribution
of nonverbal features in these models, the present
study reconsidered the role of nonverbal behaviors
as complementary communicative resources that
interact with verbal behaviors rather than as inde-
pendent modalities.

We examined affective coherence between tex-
tual sentiment and facial expressions under the hy-
pothesis that more proficient learners would ex-
hibit stronger multimodal alignment. By quanti-
fying this alignment through dominant-emotion
frequency and cosine similarity, we identified what
may be described as a proficiency—coherence para-
dox. While valence-based alignment (i.e., positive,
neutral, and negative categories) exhibited a sys-
tematic relationship with L2 proficiency levels, a
more fine-grained analysis based on seven facial-
expression categories revealed greater divergence
between textual sentiment and facial expressions
among higher-proficiency learners.

Overall, these findings provide empirical support
for the affective coherence as a cross-modal con-
struct in multimodal learner corpora. By demon-
strating that nonverbal behaviors can contribute to
the modeling of L2 proficiency, this study argues
the importance of examining relationships between
verbal and nonverbal modalities rather than treating
them as separate sources of information. Further-
more, the results suggest that cross-modal align-
ment warrants broader investigation in L2 research.
Future studies should examine how affective co-
herence converges and diverges across proficiency
levels and communicative contexts to provide a
more comprehensive account of multimodal L2
communication.

Limitations

This study is subject to several limitations related
to the dataset, nonverbal features, analytical tools,
and coherence measures.

First, the dataset used does not guarantee consis-

tent experimental settings. The data were selected
for their public accessibility where recording condi-
tions (e.g., lighting, camera angle) inevitably vary.
While these conditions enhance ecological validity,
future research should investigate preprocessing
and normalization techniques to mitigate the ef-
fects of variation in lighting, camera angle, and
recording quality.

Second, the scope of nonverbal features was lim-
ited to seven discrete facial-expression categories.
Although these facial-expression categories cap-
ture surface affective information, a more compre-
hensive model should incorporate other nonverbal
cues, including head movements, gaze direction,
hand gestures, and posture. Facial-expression anal-
ysis could also be extended to Facial Action Units
(AUs) and facial landmarks. Tools such as Py-Feat
are capable of recognizing 20 AUs and 68 facial
landmarks, enabling more fine-grained analyses of
facial behavior.

Third, the findings of this study are dependent
on the performance of the automated tools used for
multimodal analysis. For instance, transcription
accuracy depends on Whisper, facial-expression
recognition depends on Py-Feat, and textual senti-
ment classification depends on Gemini. Errors in-
troduced at any stage of the analysis pipeline may
affect the resulting coherence measures. Facial-
expression recognition systems may exhibit demo-
graphic biases associated with factors such as gen-
der, ethnicity, and skin tone (Rhue, 2018; Nagpal
et al., 2019). Because the present study relies on
automated facial-expression analysis, such biases
may affect the estimation of facial-expression cate-
gories and, consequently, the resulting coherence
measures.

Finally, the coherence measures were based on
static comparisons within speech segments rather
than on temporal dynamics. While this approach
facilitates comparisons between textual sentiment
and facial expressions, it does not capture how non-
verbal behaviors evolve over time. Future research
should employ time-series approaches to examine
how facial expressions evolve during speech and
how such temporal patterns relate to affective co-
herence in L2 communication.
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Appendix

— Prompt for Textual Emotion Recognition —~

Analyze the emotional intensity of the
following sentence for each emotion provided.
Sentence: {SENT}

Emotions to evaluate (STRICT ORDER):
[anger, disgust, fear, happiness, sadness,
surprise, neutral]

Rules:

1. Assign a score from 0.00 to 1.00 for
EVERY emotion in the list.

2. Even if the score is 0.00, you MUST
include it in the output.

3. Output the results on a single line.

4. Format: Emotion: Score separated by
commas.

5. DO NOT change the order of emotions.
6. Use the exact sequence: [anger, disgust,
fear, happiness, sadness, surprise, neutral].
7. The sum of all emotion scores MUST be

1.00.
N J
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