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Abstract—Computational emotion recognition traditionally re-
lies on observable signals, but this approach fails in emotionally
challenging social situations, where individuals actively regulate
their expressions, e.g., through smiles and carefully chosen
words. This regulation creates a critical mismatch between
internal experience and external expressions, leading systems that
typically associate positive expressions with positive emotions
to misinterpret these signals. In this paper, we study to what
extent self-reported internal functions of smiles can be decoded
from multimodal observable behavior. To this end, we extend
an existing corpus of smiles in shame-eliciting situations by
adding comprehensive verbal annotations, creating a unique
multimodal resource of 172 smile instances from 27 participants
that enables comprehensive analysis of social and emotional sig-
nals in challenging contexts. Analyses using both computational
models and human observers failed to reliably interpret smiles,
e.g., whether a smile reflects or masks an internal emotion or
serves self-regulatory, relationship-maintaining, or relationship-
compromising functions. Our results suggest fundamental limi-
tations of interpreting internal states based purely on observable
expressions, and that a reliable interpretation of complex internal
states may require intrapersonal information from introspective
self-reports. This work contributes novel multimodal annotations,
available as an open research resource, and provides evidence
that between-person variability limits universal approaches to
interpreting smile functions.

Index Terms—Emotion Recognition, Emotion Regulation Mul-
timodal Corpus, Facial Coding, Verbal Analysis

I. INTRODUCTION

In a job interview, an applicant smiles when receiving
negative feedback — while smiles are typically associated with
positive emotions, the applicant self-reports intense negative
emotions and self-protective regulation [[1]-[3]]. This paradox
exposes a critical flaw in computational emotion recognition:
the implicit assumption that expressions directly reflect inter-
nal states. In negative social situations, individuals actively
regulate both verbal and nonverbal channels to protect self-
concept and relationships [4]-[7]. This creates mismatches
between internal experiences and external expressions [§]]
that mislead systems into interpreting protective displays as
genuine affect. We bridge this gap by modeling the interplay
between regulated verbal and nonverbal signals to predict
their subjective functions. Our approach captures smile-related
verbal content and communicative intention alongside nonver-
bal smile features. We investigate whether internal functions
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of smile expressions can be predicted based on multimodal
observable expressions in the context of negative social situa-
tions. Using self-reported smile functions as ground truth, we
apply three different approaches to answer this question: 1)
machine learning classification, 2) human annotation, and 3)
Bayesian regression modeling. The contributions of our work
are threefold:

e Novel lexical and functional verbal annotations from
manual transcripts on a corpus of 172 smile instances,
provided as an open research resource.

e A systematic evaluation of smile function prediction
using machine learning, human annotation, and Bayesian
regression modeling.

« Evidence that individual differences create substantial and
irreducible variance, pointing to fundamental limits of
universal decoding approaches.

II. BACKGROUND AND RELATED WORK
A. Emotion Regulation and the Approach-Distance Dilemma

Emotions arise in situations relevant to one’s goals, in-
volving experiential, behavioral, and physiological compo-
nents [[6]. We distinguish internal experiences of emotion,
which are not directly observable, from external expres-
sions that manifest in verbal and nonverbal signals [9], [10].
Critically, these two dimensions do not map directly; the
emotional process involves an appraisal of a stimulus, the
generation of an internal experience, and the subsequent
external expression [11]]. This process can be modified, either
consciously or unconsciously, through intrapersonal emotion
regulation strategies, influencing experienced and expressed
emotions [4], [6], [12], while interpersonal emotion regulation
aims to influence others’ emotions through specific verbal and
nonverbal expressions [[13]. Consequently, observable signals
can encode various regulatory processes: an individual may
smile to mask their internal state, to influence their social
standing, or improve their own well-being [1]], [[14].

Such regulatory complexity becomes particularly evident in
high-stakes evaluative contexts such as job interviews [15].
When an applicant feels that they do not meet expectations,
social emotions like shame become particularly salient [2],
[3]] — a self-conscious emotion resulting from negative self-



evaluation that threatens the self-concept (an individual’s be-
liefs about themselves [16]]) [S]. Shame can also arise when
an individual fears rejection from someone whose opinion
they regard as important [17], [[18]]. A shame-eliciting situation
activates strategies to defend the self-concept [19]], [20] while
simultaneously avoiding social rejection [5]], [12], [18]. This
creates an approach-distance dilemma [21]], [22]]: the applicant
may blame themselves and give an appeasing smile (ap-
proach), or express critique and withdraw [7]], [[14] (distance).
The dilemma’s resolution depends on individual differences
in emotion regulation strategies and interaction goals [4],
[23]], motivating individuals toward relationship maintenance
(approach) or self-protective distancing [[13[], [21]], [22].

B. Functions of Expressions in Negative Social Situations

Both humans and computational emotion recognition rely
on expressed verbal and nonverbal signals and their coordina-
tion to interpret internal states [24]]-[26]. However, in social
interactions shaped by an approach-distance dilemma, verbal
and nonverbal signals often convey incongruent emotional
information, limiting their interpretability [24]. Critically, in
such situations, both nonverbal and verbal expressions serve
emotion and relationship regulating functions rather than di-
rectly reflecting internal states. Especially smiles are often
used to manage emotionally charged social situations [4],
[7], [27], [28]]. Expressions in negative social situations can be
largely categorized along two dimensions: (1) interpersonal vs.
intrapersonal and (2) relationship approaching vs. distancing.

a) Nonverbal signals: Smiles are particularly multifunc-
tional [29]], [30]. Beyond expressing happiness, they regulate
emotions intrapersonally [4f], [7], [27]], [28] and interperson-
ally, managing relationships [[7], [30], [31]. Their morphologi-
cal features, including Duchenne vs. Non-Duchenne activation,
Symmetry, and Smile Controls (e.g., pressed lips, depressed lip
corners) [31]-[33]] can hint at specific functions [1f], [30], [34],
[35]]. Hladky et al. [[1]] developed a function-based taxonomy of
smiles from self-reports in negative social contexts, identifying
three primary categories: Representative functions (smiles rep-
resenting negative internal states), frequently appearing as con-
trolled Duchenne smiles; Intrapersonal functions (reappraisal-
based self-regulation), enhancing well-being through intense
or Duchenne smiles [1]], consistent with research showing
smiles can induce positive affect [27], [28]]; Interpersonal func-
tions encompass three sub-functions: relationship supporting
functions (intense, Non-Duchenne smiles), relationship adjust-
ing/compromising functions of signaling dominance, conflict,
or devaluation (asymmetric and controlled smiles, related to
known contempt [31] and dominance displays [34]), and
emotion masking functions (associated with face-touching) [1]].
Critically, the mapping between morphological features and
functions is rather ambiguous: smiles are shaped by individual
characteristics such as habitual emotion regulation strategies
and social values [23]], variables that are not directly observ-
able and must be self-disclosed.

b) Verbal signals: In naturalistic settings where non-
verbal signals alone are ambiguous, verbal expressions may

provide additional information, as the preceding, accompa-
nying, and subsequent verbal context of a smile shapes its
meaning [36]. Verbal signals regulate negative emotions [37],
[38]] and social relationships [39]]. At the lexical level (e.g.,
analyzed using LIWC [40]]), first-person pronouns indicate
self-directed attention, negative emotion and lower social sta-
tus [41]], [42]]; second-person pronouns indicate other-directed
attention but also conflict [43], [44]; tentative language signals
uncertainty [45]]; emotion words directly capture affective
expression and motivational drives capture status concerns
relevant in shame-eliciting contexts [[7]], [20]]. At the functional
level, Dialogue Acts (DAs) capture communicative intentions
(e.g., apologize, criticize, agree) [46|, [47]], revealing speakers’
social intentions and interpersonal emotion regulation strate-
gies [48]-[51]. In approach-distance dilemmas, DAs can signal
approach (e.g., agree, apologize) or distancing (e.g., disagree,
criticize, blame) intentions. Verbal fillers (e.g., 'umm’) can
indicate uncertainty and ongoing intrapersonal regulation pro-
cesses that can temporarily stall the conversation.

C. Inferring Internal States from External Expressions

Because regulatory processes obscure internal emotional
experiences, traditional approaches assuming a direct mapping
between external expressions and internal states are unsuitable
for negative social situations [8]]. The integration of nonverbal
and verbal channels improves emotion recognition only when
both channels convey congruent information [24]. However,
in high-stakes social situations, they often carry incongruent
content, due to display rules, impression management, and
social intentions [52]]—[54]. Modern psychology challenges the
direct-mapping assumption: mappings between facial expres-
sions and felt emotions are modest, and expressions cannot
be decoded as a straightforward readout of internal experi-
ence [55]. Affective computing has begun addressing this com-
plexity through context-aware recognition methods [|56[], [57]
and regulation-aware models (e.g., MARSSI [58]], DEEP [59])
which demonstrate that emotion regulation must be considered
when interpreting expressions. Hladky et al. [1] linked smile
morphology to self-reported functions in negative social situ-
ations, showing that smiles serve diverse intra- and interper-
sonal regulatory purposes. However, their classification did not
clearly outperform trivial baselines, was limited to nonverbal
signals, and did not account for individual differences. This
prior work failed to reliably decode internal smile functions,
leaving open whether this reflects insufficient signal coverage,
methodological limitations, or a fundamental ambiguity in the
mapping from observable expressions to internal states. To dis-
tinguish between methodological limitations and fundamental
ambiguity, we (1) extend the feature space to include verbal
signals, (2) establish a human performance ceiling, and (3) use
regression modeling that quantifies between-person variability.

III. SMILE CORPUS

This work builds upon the empirically grounded smile
corpus presented in [1]. It investigated the relationship between
smile morphology and internal functions in negative social



situations. The corpus contains multi-modal data from N = 30
German participants (24 female; 6 male; age 19-58, M = 30.33,
SD = 10.59) who participated in an online job interview led
by a virtual agent. The interview used a validated shame-
elicitation protocol [3]], [59] that successfully induced shame.
Participants were confronted with three shame-eliciting state-
ments in the beginning, middle and end of the job interview,
targeting their physical appearance, professional experience,
and interview performance (details in [[1]], [3], full job inter-
view script on OSHD).

The extended corpus introduced in our work adds a new
layer of annotated verbal data to the existing nonverbal
and self-report data. To capture smile-specific verbal dy-
namics [36]], we defined relative duration thresholds to non-
exclusively classify verbal annotations as occurring before
(pre-smile), during (in-smile) or after a smile (post-smile)
relative to each smile instance (classification algorithm and
source code on OSHI). We provide all corpus annotations as
an open research resource on OSFF_-] including an interactive
visualizer tool to view temporal alignments of nonverbal smile
signals and accompanying verbal signals.

A. Smile Corpus Data

We use existing smile corpus data by [1] on the two
variables: smile functions and smile-related nonverbal signals,
and extend it by adding a new variable smile-related verbal
signals. We also include the situational context variable from
the original corpus.

1) Smile Functions: Hladky et al. [1] obtained ground
truth labels for smile functions via semi-structured post-
interviews, where participants reviewed video recordings of
themselves in shame-eliciting situations and reported on their
internal experiences. A total of 199 smile instances were
identified, with participants assigning one or multiple functions
to each instance (a total of 364 functions). Of 199 smile
instances, we use 172 as we had to exclude 27 due to missing
audio or poor quality. Qualitative content analysis of these self-
reports resulted in a category system comprising three main
smile function types [1]:

Representative Functions encompass smiles that outwardly
express an experienced emotional state. Intrapersonal Func-
tions comprise smiles that indicate and serve private self-
regulation, such as modulating one’s own emotional state.
The third broad class, Interpersonal Functions, groups smiles
that manage social relationships; it contains three subclasses:
Relationship Supporting (smiles that improve or preserve
relationships), Relationship Adjusting (smiles that signal dis-
tancing, devaluation, or a recalibration of social status), and
Mask Internal Emotions (smiles that hide the smiler’s authentic
affect behind a facial display). Details of this smile taxonomy
can be found in [I]. We use these categories (prevalence in
parentheses) in our analyses: Representative (33.9%), Intraper-
sonal (31.0%), Relationship Supporting (40.9%), Relationship
Adjusting (36.8%), Masking Emotions (19.3%).

! https://ost.io/dntjv/overview ?view_only=74973ef40f484b338a2cc17267d44d83

2) Smile-related Nonverbal Signals: The nonverbal anno-
tations in the original smile corpus [1[] capture facial actions
associated with a smile: Duchenne markers (eye-muscle con-
traction alongside raised lip corners) versus Non-Duchenne
(lip corners raised without eye involvement); Non-Symmetric
(one-sided smile); Intensity (teeth visible); Laughter (audible
vocalization); Smile Control (actions that suppress or alter a
smile, e.g., pressed or pursed lips, depressed lip corners, raised
chin); Gaze Aversion; and Adaptors (face or body self-touch).
See [1]] for the full coding manual.

3) Smile-related Verbal Signals: We extend the smile
corpus by annotating verbal expressions accompanying smiles
using quantitative and qualitative text analysis methods:

a) Quantitative Lexical Verbal Analysis (LIWC): We
analyzed word-level features using the German adaptation of
Linguistic Inquiry and Word Count (LIWC) [40], a standard
tool for quantifying psycholinguistic categories. We selected
six categories based on their theoretical relevance to the
shame-eliciting context (see Sec. while maintaining a
manageable predictor-to-observation ratio: first-person pro-
nouns, formal second-person pronouns, tentative language,
positive and negative emotion words, and motivational drives.

b) Qualitative Functional Verbal Analysis (Dialogue
Acts): To capture communicative functions we employed
Dialogue Act (DA) analysis, following Bunt et al’s ISO
standard [60]. We categorize DAs as reactions to the approach-
distance dilemma (see Sec. present in our data into two
main categories: (1) Approach — DAs that carry intentions
to maintain/enhance the relationship to the interviewer (e.g.,
Self-Present, Justify, Agree, Acknowledge, Apologize, Thank,
Blame Self); (2) Distance — DAs that carry intentions to com-
promise/abandon the relationship (e.g., Disagree, Challenge,
Withdraw, Criticize, Disengage). We include general-purpose
communicative functions (e.g. Agree, Disagree, Apologize)
presented in [60]] and introduce domain-specific functions [49]
(e.g., Blame Self, Disengage, Self-Present) to capture emotion
and relationship regulating functions in negative social situ-
ations. Our smile function predictors include Approach (N =
113), Distance (N = 60) and a time-management category Stall
(verbal fillers; N = 158). The full DA annotation scheme can
be found on OSHL.

We employed a human-led deductive coding approach [[61].
First, the human coder developed a theoretically grounded
annotation scheme and validated it on sample transcripts,
iteratively refining category definitions and segmentation rules.
Next, to improve efficiency, we used an LLM for pre-coding.
We translated the validated scheme into a structured system
prompt (following recommendations by [[62]) and conducted
initial LLM trial run-throughs, with the human coder iden-
tifying discrepancies between LLM outputs and theoretical
framework to refine the prompt [63]], [64]]. The resulting sys-
tem prompt can be found on OSHL In a final step, the human
coder reviewed every automated output, corrected inappropri-
ate classifications, and made all final coding decisions [63],
[65]]. Following best practices for computational assistance in
qualitative analysis [62], [66], we configured the open-source
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Kimi K2.5 model (Mixture-of-Experts architecture) with low-
temperature parameters (temperature = 0.1, top-p = 0.4) and
chain-of-thought reasoning to generate transparent classifica-
tions [|62]], [66]. LLM traffic was end-to-end encrypted and ran
in a protected enclave, avoiding third-party sharing [67].

4) Situational Context: A label Situation defines start and
end of three video sections that are considered for analysis
containing participants’ responses in the three shame-eliciting
situations. We use this variable to capture context effects, as
they contain three different shame-eliciting statements occur-
ring at the beginning, middle and end of the job interview
(details in [[1]], [3], full job interview script on OSFm).

IV. SMILE FUNCTION PREDICTION

Using the corpus described in Sec. we address our
Research Question: Can internal functions of smile expressions
be predicted based on observed nonverbal and verbal signals
in the context of negative social situations characterized by an
approach-distance dilemma?

We applied three different approaches: 1) machine learning
classification and 2) human annotations to assess whether
smile functions can be predicted from observable nonverbal
and verbal signals; and 3) statistical regression modeling
to identify which specific predictors are reliably associated
with each function while accounting for between-person vari-
ability. All approaches predicted five smile functions as bi-
nary outcomes: Representative, Intrapersonal, Relationship-
Supporting, Relationship-Adjusting, and Masking Emotions.
Predictors for machine learning and regression included seven
Nonverbal Signals, three Dialogue Act categories, six Linguis-
tic categories and Situational Context (see Section [III}).

A. Machine Learning Classification

To classify smile functions, we utilize Support Vector
Machines (SVMs) with radial basis function (RBF) kernels.
In line with previous work [1]], we train separate classifiers
for each of the five smile function ground truth classes.
Training and evaluation proceeds via leave-one-subject-out
nested cross-validation. The outer cross-validation loop is
used to evaluate classifier performance on an unseen test
subject. The inner loop is used to find optimal hyperpa-
rameters. The regularization parameter C' is chosen from
{0.01,0.1,1,10,100}, and the kernel parameter ~y is chosen
from {scale,0.001,0.01,0.1, 1}, where scale denotes the de-
fault RBF kernel parameter in scikit-learn [68], i.e. the inverse
of the number of features times input variance.

To evaluate classifier performance under unbalanced smile
function class distributions we report balanced accuracy as the
primary metric as it is not inflated by majority-class predic-
tions. We additionally report precision, recall, and F1, with
chance F1 (stratified-random baseline) and chance accuracy
(majority-class baseline) contextualizing performance relative
to the varying class prevalence. The metrics enable direct
comparison with human rater performance (see Section [[V-B).

Results: All classifiers failed to perform above the majority-
class baseline on balanced accuracy across all five categories

(see Table [). The SVM trained on all features achieved a
macro-averaged balanced accuracy of .538 and macro F1
of .321, both below trivial baselines. While some individual
categories showed F1 scores above stratified-random chance
F1, balanced accuracy remained more informative: for Mask
Emotions, the above-chance F1 reflects that its low prevalence
lowers chance F1, while for Relationship Adjusting, high
recall and low precision indicate many false positives. Bal-
anced accuracy remained below the majority-class baseline for
every category. Notably, the classifier mostly failed to detect
Intrapersonal smiles (recall = .038), predicting only 2 of 53
positive cases. This finding is in line with [1]], where classifiers
likewise failed to consistently outperform the majority-class
baseline when class imbalance was accounted for.

B. Human Annotation

Internal smile functions were rated by four trained German
raters (2 male, 2 female, age 26-54, M = 35.75) who inde-
pendently annotated the 172 smile instances. We evaluated
the raters’ ability to perceive and understand own and others’
mental states with the Mentalizing Emotions Questionnaire
(MEQ) [69]. Sixteen items assess their ability with regards
to self (e.g., I try to understand the different reasons for
my feelings), communication (e.g., I can explain my different
feelings to others), and others (e.g., I can perceive conflicting
feelings in others) on a 7-point frequency scale (1 = never,
7 = always). Overall (possible score range 16-112), they
had a score of M = 96.25 (SD = 9.78) and in the subscale
reflecting mentalizing abilities with regards to others (possible
range 7-49), M = 41.25 (SD = 3.95), both above normative
average [69]]. All raters received identical instruction on the
five function categories (Representative, Intrapersonal, Rela-
tionship Supporting, Relationship Adjusting, Mask Emotions)
and were familiarized with the full job interview context,
including the shame-elicitation protocol. For each of the 81
shame-eliciting situations, raters first watched the complete
interaction sequence, then viewed each smile instance individ-
ually, assigning one or more functions per instance to account
for multi-label occurrences in the ground truth data. Raters
were free to re-watch as needed.

Agreement across all four raters, measured with Krippen-
dorff’s « (robust to imbalanced categories and small rater
counts), was low [70]. The macro-averaged o across categories
was .062, indicating unreliable agreement (o« < .667). Rela-
tionship Supporting (o = .186) and Adjusting (o« = .143) had
the highest (although still poor) agreement, Representative was
at chance level (a = .025) while negative values for Intraper-
sonal (o« = —.030) and Mask Emotions (o« = —.016) indicate
a tendency for systematic disagreement among raters [71]].

Results: Human raters failed to perform beyond chance level
in assigning smile functions (as self-reported in ground truth
data) to smiles. Table E] reports precision, recall, F1, balanced
accuracy, and chance baselines for human raters (mean across
four raters) in comparison to the SVM classifier. Both hu-
man raters and the SVM classifier performed comparably,
with near-identical macro-averaged balanced accuracy. Social-



TABLE I: Classification metrics for human raters and SVM classifier.

Category Precision Recall F1 Chance F1 Balanced Chance
Accuracy Accuracy
Human Raters
Representative .396 (.070) A27 (222) 378 (.077) 339 .529 (.038) .661
Intrapersonal .306 (.040) .283 (.208) 265 (.114) 310 .506 (.017) .690
Rel. Supporting .536 (.066) .286 (.105) 357 (.074) 409 .550 (.013) 591
Rel. Adjusting .507 (.043) .365 (.088) A18 (.057) .368 577 (.025) .632
Mask Emotions 227 (.028) .614 (.186) 321 (.020) .193 .541 (.038) .807
Macro-avg. .394 (.016) .395 (.156) .348 (.058) 324 .540 (.008) .676
SVM (all features)
Representative 333 328 330 339 496 .661
Intrapersonal .500 .038 .070 310 510 .690
Rel. Supporting 400 257 313 409 495 591
Rel. Adjusting 450 714 552 .368 .603 .632
Mask Emotions 316 364 .338 193 .588 .807
Macro-avg. 400 340 321 324 538 .676

Note. Human raters: Mean (SD) across four raters. Chance Acc. = majority-class baseline. Chance FI = expected F1 of a stratified random classifier.

communicative functions (Relationship Adjusting and Sup-
porting) were identified relatively more reliably than intraper-
sonal regulatory functions and masking functions, consistent
with the inter-rater pattern.

C. Statistical Regression Modeling

Both classification and human annotation indicate that ob-
servable signals do not carry sufficient information for predict-
ing internal smile functions. However, neither approach reveals
which signals, if any, are reliably associated with specific
functions, nor how much unpredictability is due to differences
between individuals. We investigate these questions with con-
firmatory regression modeling, which estimates directional as-
sociations of individual predictors while explicitly accounting
for between-person variability via random intercepts.

Smile functions were modeled as binary outcomes using
Bayesian Generalized Linear Mixed Models (GLMMs) with
participant-specific random intercepts. The GLMM frame-
work addresses the data structure by: (1) explicitly modeling
between-person variability in baseline smile tendencies via
random intercepts; (2) jointly estimating all five smile func-
tions while accounting for their within-person correlations via
a multivariate normal structure; and (3) providing uncertainty
quantification through Bayesian inference. Situational context
was modeled as a categorical fixed effect using orthonormal
contrasts (Contrast 1 = Situation 1 vs. Situation 2; Contrast 2
= Situations 1 and 2 combined vs. Situation 3). Priors were
assumed to be weakly informative: Normal(0, 1.5) for fixed
effects, HalfNormal(1) for random intercept SDs, regularizing
against overfitting without strongly constraining effect direc-
tions in cases of sparse or unbalanced data. Convergence was
confirmed by R-hat < 1.01 and effective sample sizes > 2400
across all parameters.

Results: Random intercept standard deviations were sub-
stantial across outcomes (o,: 1.04-1.81), indicating consider-
able between-person variability in baseline smile tendencies.
Fixed effects explained 19-37% of latent variance (marginal
R?), while the full model including person-level variability

explained 40-68% (conditional R?). The random intercept
structure showed a credible correlation between Intrapersonal
and MaskEmotions (r = .51, 95% CI .17, .83).

Table [[I] reports fixed-effect coefficients for predictors that
showed credible effects on at least one smile function. Repre-
sentative smiles were predicted by Gaze Aversion, Laughter,
and Non-Duchenne smiling, negatively by Non-Symmetric
smiles. Intrapersonal smiles were predicted by smile Inten-
sity and negatively by Duchenne smiling; distance-oriented
DAs and motivational drives language were positive predic-
tors while first-person pronouns were negative. Relationship-
Adjusting smiles were predicted by Non-Symmetric smiles
and first-person pronouns, negatively by Gaze Aversion.
Smiles that Mask Emotions were predicted positively by Non-
Duchenne and negatively by Non-Symmetric smiles and lan-
guage indicating motivational drives. Relationship-Supporting
smiles showed a positive effect only for first-person pro-
nouns. Regarding situational context, Intrapersonal and Mask-
ing smiles were most likely in Situation 1, while Relationship-
Adjusting smiles were most likely in Situation 3. An addi-
tional exploratory analysis split dialogue acts by timing (pre-
, during-, post-smile windows) and revealed that distancing
DAs occurring specifically during smiling (b = 0.90, 95% CI
[0.02, 1.80], OR = 2.45) were more strongly associated with
Intrapersonal smiles than when aggregated across windows.
Full posterior summaries (b, 95% HDI, odds ratios) for all
credible effects are provided on OSHL

While the preceding results revealed only scattered and
function-specific predictor effects, the random intercept stan-
dard deviations suggest substantial between-person variability.
To explore the magnitude of this variability, we computed intr-
aclass correlation coefficients (ICCs) that quantify the propor-
tion of total variance in smile function outcomes attributable
to between-person differences. ICCs > .05 are considered
small, > .20 medium, and > .40 large [72]. Unconditional
ICCs (intercept-only models) ranged from .12 to .26 (mean
= .18), indicating meaningful between-person variation prior
to accounting for any predictors. Conditional ICCs (full model



TABLE II: Fixed effects from the multivariate Bayesian GLMM predicting smile functions.

. . Relationship Relationship Masking
Representative Intrapersonal Supporting Adjusting Emotions
Nonverbal Duchenne —0.38 —1.24%* 0.43 0.76 0.14
Non-Duchenne 0.87* —0.04 0.49 —0.57 1.18%*
Non-Symmetric —0.85% —0.07 0.19 1.17* —1.20%
Intensity —0.56 1.26%* —0.42 —0.12 0.78
Laughter 1.30% 0.47 —0.28 —0.76 —1.24
Gaze Aversion 0.28%* 0.05 0.11 —0.43% —0.00
Dialogue Act Distance 0.25 0.72% -0.20 0.02 —0.02
LIWC First-person ("T”) —0.16 —0.44%* 0.47* 0.51%* 0.42
Motivational Drives 0.22 0.43* —0.37 —0.48 —0.65*
Situation Contrast 1 (1 vs. 2) —0.01 1.03* 0.04 —1.32* 1.75%
Contrast 2 (1&2 vs. 3) 0.47 0.20 0.20 —1.22% —1.00

Note. Coefficients (b) are log-odds on the standardized scale. Bold* = 95% HDI excludes zero (credible effect). The full model includes 18
predictors; predictors without credible effects for any outcome are omitted. See supplementary table on OSHI for all coefficients.

including all predictors) ranged from .21 to .46 (mean = .32),
as shown in Table Notably, conditional ICCs were larger
than unconditional ICCs for all five smile functions. Even
when including nonverbal, verbal, and situational context,
a substantial portion of variance in smile function remains
attributable to the individual displaying the smile.

TABLE III: Intraclass Correlation Coefficients (ICCs) for
Smile Functions.

Smile Function Unconditional ~ Conditional % Between-
ICC ICC Person®
Representative .12 .00, .37] .26 [.02, .57] 25.8%
Intrapersonal .16 [.00, 411 .32 [.05, .61] 32.1%
Rel. Support .14 .00, .35] .21 [.00, .52] 21.3%
Rel. Adjustment .26 [.05, 511 .35 [.06, .63] 34.9%
Mask Emotions 22 [.01, 49] 46 [.14, .69] 45.5%
Mean .18 32 31.9%

Note. Brackets indicate 95% highest-density credible intervals.
Unconditional ICCs: intercept-only models. Conditional ICCs: full
model including nonverbal, verbal, and situational predictors.
“Percentage of total latent variance attributable to between-person
differences in the conditional model.

V. DISCUSSION

This study investigated whether internal smile functions
can be inferred from observable cues in shame-eliciting in-
teractions — probing the fundamental gap between internal
emotional experience and external expression [9]—[11]]. Using
both machine learning classification and regression modeling,
we consistently found that observable nonverbal and verbal
signals, as well as situational context, provide only limited
information about internal smile functions. This conclusion is
reinforced by human annotation performance: trained raters
with full contextual knowledge could not agree with each
other or with ground truth beyond chance level. We identified
function-specific associations but no single signal or signal
combination reliably discriminating across smile functions.

Previous work [1] investigating the link between smile
morphology and smile functions in negative social situations
did not show a clear mapping, and focused exclusively on

nonverbal signals without verbal and situational context or
accounting for differences between individuals. Our results
replicate and extend previous findings in four ways. First,
our regression model confirmed associations between specific
nonverbal signals and individual smile functions. Laughter,
Non-Duchenne smiles and smile symmetry represent negative
emotions, contradicting previous findings [1]. Symmetric Non-
Duchenne smiles are generally considered to serve social
functions by masking negative emotions [31] rather than ex-
pressing them. Intense smiles indicate intrapersonal regulation,
in line with [[1]], [27]; non-symmetric smiles and maintained
gaze indicate relationship adjusting/compromising intentions,
as in [[1]], similar to ’false’ [31]] and ’dominance’ smiles [34]
and reflecting cues of other-attacking shame regulation [19];
symmetric Non-Duchenne smiles mask emotions, a result not
found by [1]] but supporting traditional assumptions [31]]. We
found no nonverbal signal linked to relationship supporting
functions, despite these having previously been linked to Non-
Duchenne smiles [[1], [31]], pressed lips and dimpler [34], [35]].

Second, we add verbal signals to the prediction framework
and found that they reinforce a pattern of specificity rather
than generality: dialogue acts that convey intentions to distance
from the relationship to the interviewer and motivational
language mark intrapersonal regulation, consistent with the
approach-distance framework where a focus on own well-
being is associated with abandoning a social relationship
that elicits a self-concept threat. Interestingly, self-referential
language was negatively associated with intrapersonal regu-
lation, and rather marks outward relational functions (both
relationship supporting and compromising/abandoning).

Third, we found that some smile functions vary by situa-
tional or temporal context: Intrapersonal and masking smiles
were more likely in the first shame-eliciting situation, sug-
gesting that applicants initially focus on regulating their own
well-being, while in later situations they shift toward adjusting
the relationship with the interviewer.

Fourth, and most critically, we quantify the between-person
variability that prior work could not address: even after
accounting for all observable signals, a substantial share



of the differences in smile function is attributable to the
individual displaying the smile. But not all functions were
equally person-dependent: masking and relationship-adjusting
functions vary more across individuals, while relationship-
supporting functions show less between-person variation. This
may explain why classification approaches, both in the orig-
inal [1] and our multimodal approach, fail to consistently
perform above baseline: because individuals differ system-
atically in how they resolve the approach-distance dilemma
through smiling, the same observable features can serve differ-
ent regulatory functions across persons, precluding universal
decoding. These individual differences are consistent with
the self-concept protection mechanisms described in shame
research [5]], [19]]. When faced with the same evaluative threat,
some individuals may defend their self-concept through mask-
ing smiles, others through contemptuous smiles, reflecting
different shame regulation strategies [7]] shaped by individual
habits [4], [23]. This also explains why credible predictor
effects coexist with machine learning classification failure:
the regression model identifies credible verbal and nonverbal
effects by accounting for person-level baselines, demonstrating
that these features carry information, but the SVM (lack-
ing person-specific baseline parameters) cannot account for
between-person variability in the leave-one-subject-out evalu-
ation. The classification failure is thus more likely attributable
to between-person variability than to inadequate features.
Notably, adding observable predictors did not reduce but
concentrated the between-person differences, indicating that
predictors account primarily for variation across smile in-
stances within the same person, leaving person-level baseline
differences largely unchanged. Furthermore, individuals who
smiled for self-regulatory reasons also tended to smile to
mask emotions, suggesting a shared regulatory disposition
at the person level. However, these variance decompositions
establish that individuals differ, not why — they do not identify
which person-level characteristics drive the differences.
Additionally, we found that neither machine learning clas-
sification nor human raters can consistently assign smile
functions to observed smiles. The poor human annotation
performance strengthens the assumption that the information
required to distinguish smile functions is not reliably available
in externally observable expressions, given that trained raters
cannot agree with ground truth (functions that have been self-
reported by the smiling individual), despite high mentalizing
abilities, access to recordings of the shame-eliciting situa-
tions, and being familiarized with the full interaction context
and smile functions. Even the most recognizable functions
remained below the threshold for tentative agreement [70].
This reflects a genuine ambiguity that arises when the mapping
from internal state to external expression varies across individ-
uals [23[], and when social display rules and emotion regulation
strategies mask the connection between what is felt and what
is shown [53]. The between-person variability we document
may offer an explanation: different people may use the same
observable cues to serve different regulatory functions, and
without person-specific knowledge, neither computational nor

human raters can resolve this ambiguity.

Our results also align with the approach-distance dilemma
that characterizes shame-eliciting situations [21], [22] where
individuals balance relationship maintenance and self-
protection, with outcomes shaped by emotion regulation strate-
gies [4]], [23]. These findings suggest that the regulatory strate-
gies individuals employ in such dilemmas reflect dispositions
that produce systematic differences across individuals.

Overall, we contribute to the theoretical debate on emo-
tion recognition and whether emotional expressions are uni-
versal [8]. The findings support a nuanced position: some
observable signals show smile function-specific associations,
yet between-person heterogeneity limits the generalizability
of these associations across individuals. This also challenges
current affective computing approaches [1], [56], [57]] that
focus on optimized features and model architecture. Future
affective computing approaches should account for individ-
ual tendencies regarding, for instance, expressivity, emotion
regulation strategies and social values [23|], addressing the
between-person differences documented in our model.

Limitations and Future Work. Although the human annota-
tions suggest genuine ambiguity, different datasets and models
may yield different estimates. The small sample and between-
person variability limited the SVM’s ability to generalize.
While Bayesian regression models are suited for small sam-
ples, wide credible intervals reflect imprecise estimates that
larger samples would narrow. Generalizability to other popu-
lations and socio-cultural contexts remains to be established.
Notably, smile functions were derived from retrospectively
self-reported internal experiences, which may be restricted
due to emotion regulation processes [|6]], [[73]], altered through
memory reconstruction [74f], and are challenging for external
annotators to judge. Future models may benefit from adding
prosodic and phonological features [25], [75]. Also, how
verbal and nonverbal signals unfold before, during, and after
a smile deserves further investigation, as our exploratory anal-
ysis suggests timing-specific effects. Finally, between-person
differences invite direct investigation: individual variables such
as habitual emotion regulation strategies and social values [4],
[23] may explain part of the observed variance.

A. Conclusion

This study provides evidence that internal smile functions
cannot be reliably inferred from observable signals alone.
Machine learning classifiers failed to beat trivial baselines,
human raters reached only chance-level agreement, and re-
gression models showed that outcomes were driven mainly by
between-person differences in baseline smile tendencies. This
between-person heterogeneity is not a limitation; it is a finding
with direct implications for how emotion recognition systems
should be designed. We propose that a reliable interpretation of
smile functions from external observation requires accounting
for who is smiling, not just what is visible.



ETHICAL IMPACT STATEMENT

This study extends the corpus of smiles in shame-eliciting
social situations originally established in [[I] by adding com-
prehensive verbal annotations to existing audio-visual record-
ings. All underlying data collection procedures received prior
approval from the Ethical Review Board of the authors’ home
institution, and participants provided informed consent for the
capture and subsequent research use of their facial videos
and voice recordings, as well as for the eventual publication
of these materials in an anonymized form after removal of
personally identifiable information. The corpus used in this
study contains personally identifiable information; access to
the original recordings was restricted to authorized research
personnel bound by confidentiality agreements. The present
work analyzes the original materials directly (e.g., for human
annotation of smile functions and verbal coding). Public
dissemination is restricted to a de-identified, processed version
from which personally identifiable details have been removed.

To derive smile-related verbal annotations, we pre-coded
dialogue acts using an open-source large language model.
To protect participant privacy, all LLM inference ran in a
protected enclave with end-to-end encrypted traffic, ensuring
that no participant data were shared with third parties [67].
A human coder reviewed and corrected all automated outputs,
making final coding decisions. Additionally, four trained raters
independently annotated smile functions from the original
video recordings. All individuals involved in data handling,
coding, and annotation were bound by institutional confiden-
tiality agreements.

The shame-elicitation paradigm required a simulated job
interview with a virtual agent. To preserve ecological validity,
participants were informed that they would interact with an
autonomous, adaptive interviewer, when in fact an exper-
imenter remotely controlled the agent’s scripted behaviors
while covertly monitoring the session. This deception was
essential to elicit genuine emotional responses central to
the research objectives. Following the interaction, a qualified
psychologist conducted structured post-interviews regarding
participants’ subjective affective experiences and the reg-
ulatory functions of their smiles. Throughout the session,
rapport-building techniques [59]] were employed, regular wel-
fare checks were performed, and a comprehensive debriefing
disclosed the scripted nature of the interaction. Participants
retained the right to withdraw at any time without penalty.
Before dismissing them, the experimenter ensured that partic-
ipants’ well-being has not been impaired through the study.

The analyzed sample comprises 27 German psychology
students (three exclusions from an initial set of 30 due
to insufficient audio quality). While this population offers
enhanced validity for introspective self-report data [76], its
demographic and cultural homogeneity limits generalizability.
Our findings further underscore substantial between-person
variability in how internal experiences link to observable
expressions, suggesting that universal inference models may
be insufficient and that individualized approaches are needed

for ecologically valid prediction.

Finally, this work probes the inferential gap between ex-
ternal multimodal signals and internal psychological states.
Although our results demonstrate fundamental limits in de-
coding smile functions without intrapersonal information, the
underlying technology raises significant privacy concerns. Au-
tomated inference of emotional states and social intentions
from combined verbal and nonverbal signals could expose
deeply private information, potentially compromising social
standing, personal privacy, and psychological welfare. Trans-
parent disclosure of system capabilities, data practices, and
associated risks is therefore a prerequisite for any deployment;
observation through such systems must never occur without
the knowledge and explicit agreement of those observed.
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