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Abstract

Human values are enduring motivational prin-
ciples that shape how people argue, justify,
and evaluate social issues. While prior work
has largely approached value detection as a
standard classification problem, we investigate
what values look like linguistically and whether
computational models reflect aspects of the
structure proposed by Schwartz’s theory of ba-
sic human values. Using the training parti-
tion of the Touché ValueEval corpus, we com-
pare lexical resources, linguistic markers, su-
pervised classifiers over TF-IDF and sentence
embeddings, an automated model-search proce-
dure, a zero-shot large language model (Gem-
ini 3.5 Flash), and a transformer embedding
baseline (all-MiniLM-L6-v2). On a shared
124-item test split, the three dense semantic ap-
proaches form a statistically indistinguishable
high-performing tier (macro-F1 0.529-0.591)
and achieve substantially higher scores than
the sparse lexical methods, highlighting the im-
portance of contextual semantic representation
in this setting. A constructed diagnostic san-
ity check shows that deontic modals, univer-
sal quantifiers, and abstract nouns behave in
the expected direction for value-bearing versus
opinion language; however, these cues provide
little information for distinguishing individual
values in the Touché data. Performance is less
stable for low-support value categories. Qual-
itative inspection of model confusions reveals
several patterns consistent with theoretically
close Schwartz values, alongside confusions
between more distant categories; circumplex
adjacency is not formally tested. Overall, the
results suggest a distinction between surface
linguistic cues associated with value-bearing
language and the contextual semantic informa-
tion involved in distinguishing specific values,
while offering qualitative evidence that some
model confusions align with relationships in
Schwartz’s motivational structure.

1 Introduction

Values are the deeply ingrained principles by which
people judge the world, distinct from opinions,
which are time- and target-bound evaluations of
specific entities. Their influence extends beyond
abstract beliefs to consistent patterns of judgement
and behaviour across contexts (Bardi and Schwartz,
2003). Identifying values in text has broad rele-
vance across NLP: in political discourse analysis,
values underlie policy preferences and frame ide-
ological divides; in computational persuasion re-
search, value appeals are a core rhetorical device;
and in Al alignment and safety, where understand-
ing and evaluating value representations has be-
come an increasingly important research direction
(Gabriel, 2020; Ren et al., 2024; Gupta et al., 2025).
Characterising how human values are expressed in
language is therefore an important step toward de-
veloping systems that can recognise and reason
about value-laden content. Value detection also
supports the study of cross-cultural communica-
tion, public opinion formation, and computational
analyses of human values in discourse.

This paper investigates how human values are
expressed in argumentative language and whether
computational models reflect the motivational dis-
tinctions proposed by Schwartz’s theory of basic
human values (Schwartz, 1992, 2012). While previ-
ous work has primarily focused on improving pre-
dictive performance, we approach value detection
as a linguistic and semantic analysis problem rather
than solely as a classification task. Accordingly, we
examine the linguistic signals associated with value
expression, conduct a comparison of lexical, super-
vised, embedding-based, zero-shot LLLM, and unsu-
pervised topic-modeling approaches within a uni-
fied experimental framework, and analyse whether
model errors reflect the motivational relationships
predicted by Schwartz’s theory.

We address three research questions:
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* RQ1. Which linguistic signals distinguish
value-bearing text from opinion?

* RQ2. Which representation strategies best
capture Schwartz values for automatic classi-
fication?

* RQ3. Do model confusion patterns re-
flect the motivational structure predicted by
Schwartz’s circumplex?

To answer these questions, we make three contri-
butions. First, we conduct a systematic comparison
of lexicon-based, classical supervised, embedding-
based, zero-shot LLM, and unsupervised topic-
modeling approaches within a unified evaluation
framework. Second, rather than treating these mod-
els solely as classifiers, we use them as analyti-
cal tools to investigate the linguistic and semantic
structure of value expression. Third, we identify
qualitative confusion patterns that are consistent
with aspects of Schwartz’s motivational structure,
suggesting a possible relationship between model
errors and theoretical proximity among values.

2 Related Work

Schwartz’s basic values. Schwartz’s theory of
basic human values (Schwartz, 1992, 2012) iden-
tifies ten motivationally distinct values—power,
achievement, hedonism, stimulation, self-direction,
universalism, benevolence, tradition, conformity,
and security—arranged in a circumplex defined
by two opposing dimensions: openness-to-change
versus conservation and self-enhancement versus
self-transcendence. Adjacent values share moti-
vational goals, whereas opposing values conflict.
This structure implies that the categories are neither
independent nor arbitrary, providing a theoretically
grounded expectation for patterns of computational
confusion.

Values vs. opinions. Values are enduring, ab-
stract principles (e.g., “sustainability is important™),
whereas opinions are target-specific evaluations
(e.g., “this phone’s battery is terrible”). They are ex-
pressed through different linguistic markers: value-
bearing language favors deontic modals, abstract
nouns, and universal quantifiers, while opinion lan-
guage more often employs evaluative adjectives,
first-person hedges, and comparatives (Section 4).
This distinction is particularly important in compu-
tational argumentation, where concrete evaluations
are frequently intertwined with appeals to broader

principles. Distinguishing opinions from the values
motivating them is therefore central to value-based
reasoning. A classifier that conflates these dimen-
sions risks attributing a general evaluative stance
to a specific human value.

Other value frameworks. Beyond Schwartz’s
model, Moral Foundations Theory (Graham et al.,
2013) proposes a set of innate moral foundations
(care/harm, fairness, loyalty, authority, and sanc-
tity), whose associated Moral Foundations Dictio-
nary serves as one of our lexical baselines. The
World Values Survey provides a complementary
cross-cultural perspective on human value priori-
ties (Schwartz, 1992).

Value detection in NLP. Kiesel et al. (2022) in-
troduced the Touché/ValueEval task and released
the multi-label corpus, followed by transformer-
based systems in the SemEval shared task (Kiesel
et al., 2023). Earlier NLP research on stance de-
tection (Mohammad et al., 2016) and subjectiv-
ity analysis provides important context, but value
detection differs in that values are neither binary
nor anchored to a specific target; instead, they are
grounded in psychological theory rather than an-
notator consensus. Recent work has also shown
that disagreement in value annotation reflects dif-
ferences in both human and model reasoning, high-
lighting the inherently subjective nature of value
identification (Falk and Lapesa, 2025). Overall,
previous work has primarily emphasized predictive
performance, while comparatively less attention
has been paid to the linguistic and semantic struc-
ture of value expression.

Argument mining, Al alignment, and model
interpretability. Argument mining (Stab and
Gurevych, 2017) focuses on identifying claims,
premises, and their relations, whereas value detec-
tion addresses the motivational principles underly-
ing an argument. Explicit representations of human
values have also become increasingly important for
Al alignment and interpretability (Gabriel, 2020),
where systems must reason about value-laden con-
tent rather than only factual or topical informa-
tion. Understanding how computational models
represent and confuse human values therefore con-
tributes both to computational argumentation and
to the broader study of value-aware language mod-
els.

LLMs as zero-shot annotators. Recent studies
suggest that large language models can both rec-
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ognize and express value-related distinctions in
text (Gilardi et al., 2023; Ren et al., 2024; Han
et al., 2025). In particular, LLMs have been shown
to annotate subjective and value-laden labels with
accuracy competitive with human crowd workers
(Gilardi et al., 2023), making them an attractive
alternative for low-resource annotation tasks.

3 Dataset and Value Mapping

We use the training partition of the Touché ValueE-
val’23 corpus (Kiesel et al., 2022; Mirzakhmedova
et al., 2024), containing 5,393 arguments. After
mapping the 20 fine-grained labels to the ten clas-
sic Schwartz values, dropping Face and Humility,
and retaining arguments expressing exactly one
value, 636 instances remain. These instances are
repartitioned for our experiments as described in
Section 5.

The resulting distribution is strongly imbalanced
(universalism 230, security 184, self-direction 113,
..., hedonism and stimulation only one each; Fig-
ure 4, right), leaving several value categories with
very limited support.

The 20—10 mapping aggregates the level-2
categories (e.g., Self-direction: thought and Self-
direction: action both map to self-direction); Face
and Humility are dropped because they have no
counterpart among the classic ten. We restrict the
analysis to single-value arguments to separate the
study of value representation from the additional
ambiguity introduced by multi-label annotation.
Although this substantially reduces the available
data, it provides a simplified setting for studying
value identification before extending the analysis
to the original multi-label task.

4 Linguistic Markers of Values

A central aim of this work is to understand what lin-
guistic signal expresses human values, not merely
to optimise classification accuracy (RQ1). To probe
this, we design a targeted experiment contrasting
value-bearing and opinion sentences.

We encode six feature groups—deontic modals,
universal quantifiers, abstract nouns, first-person
hedges, evaluative adjectives and comparatives—
and fit a balanced logistic regression. Table 1 sum-
marises the features with their theoretical loading.

We evaluate the marker classifier at two scales.
First, we apply it to a hand-built diagnostic set of
60 sentences (50 value statements; 10 opinions).
This constructed diagnostic set is intentionally cue-

Feature group Direction Example cues

Deontic modals value+ must, should, ought
Universal quant. value+ always, everyone, all
Abstract nouns value+ justice, freedom, dignity
1st-person opinion— I think, in my view

hedges

Evaluative adj. opinion— terrible, amazing, awful
Comparatives opinion— than, better, worse

Table 1: Linguistic marker features and their

value/opinion loading.

driven and is used as a sanity check of the proposed
linguistic markers rather than as an independent val-
idation of their ability to distinguish naturally oc-
curring value statements from opinions. The binary
value/opinion classifier separates the two classes
in the diagnostic set perfectly, and the learned co-
efficients recover the predicted direction: deontic
modals, abstract nouns, and universal quantifiers
push toward value; evaluative adjectives, hedges,
and comparatives push toward opinion.

Second—and more importantly—we apply the
same six features to the full 10-way value classifi-
cation task on the Touché corpus, training on the
512-item pool and evaluating on the shared 124-
item held-out test set (Marker LR in Table 3). The
marker classifier achieves macro-F1 0.159 (95%
CI [0.08, 0.22]), essentially matching the hand lex-
icon (0.161) and remaining far below the dense
semantic approaches.

Taken together, the diagnostic and Touché results
suggest a tentative distinction: the selected sur-
face cues are sufficient to separate the constructed
value/opinion examples, but provide little informa-
tion for distinguishing among specific Schwartz
values in naturally occurring arguments. This pat-
tern is consistent with a two-level distinction be-
tween surface cues associated with value-bearing
language and the semantic content that differenti-
ates values such as Universalism and Security. The
results therefore suggest that syntactic and stylistic
cues may help indicate the presence of value-based
reasoning, whereas finer-grained distinctions be-
tween motivational types benefit substantially from
richer contextual semantic representations.

S Experimental Setup

After filtering, we construct a stratified argument-
level split with seed 0, yielding 388 training, 124
validation, and 124 test instances (approximately
60/20/20). Hyperparameters are selected on the val-
idation partition, and final performance is evaluated
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Value Top data-mined terms

universalism  animals, cruel, whaling, species, z0os
self-direction  freedom, choice, vote, individual
security health, dangerous, food, obesity
conformity policy, zero-tolerance, schools, respect
achievement  knowledge, skills, work, financial
tradition culture, religion, integration, banning

Table 2: Representative terms learned per value by the
data-mined lexicon.

once on the 124-item held-out test set.

For classification, we report accuracy and macro-
F1. Macro-F1 is computed over the eight value
labels represented in the test set; hedonism and
stimulation have no test instances and are therefore
excluded from the macro average. For clustering,
we report Adjusted Rand Index (ARI) and Normal-
ized Mutual Information (NMI). Bootstrap 95%
confidence intervals are computed from 10,000 re-
samples of the held-out test set using a fixed set of
the eight supported labels. Pairwise comparisons
among the three strongest semantic approaches use
paired bootstrap resampling over the same test in-
stances.

Experiments use gemini-3.5-flash,
gemini-embedding-001,
all-MiniILM-L6-v2, and standard scikit-
learn classifiers. The training and validation
partitions together contain 512 of the 636
single-label arguments, with the remaining 124
reserved for testing. Random seeds are fixed
throughout, and implementation details, prompts,
split-generation code, and bootstrap procedures are
provided in Appendix B.

5.1 Lexical baselines

We compare two lexical approaches. The first is a
hand-built lexicon combining Schwartz value key-
words with the Moral Foundations Dictionary (Gra-
ham et al., 2013). The second is a data-driven lexi-
con learned from the training corpus using Rocchio
weighting over TF-IDF. Representative learned
terms are shown in Table 2; the complete construc-
tion procedure is described in Appendix C.

5.2 Supervised classification

We train linear classifiers over TF-IDF features
using an automated hyperparameter search over
feature representations and classifier families. Af-
ter optimization, the best TF-IDF model achieves
macro-F1 0.386 on the held-out test set. Replacing
TF-IDF with gemini-embedding-001 sen-

tence embeddings and a linear SVM improves per-
formance to macro-F1 0.540 (+40% relative). De-
tails of the search space and optimization procedure
are provided in Appendix B.

5.3 Zero-shot LLM

We evaluate Gemini 3.5 Flash in a zero-shot setting
by prompting it with the ten Schwartz value defini-
tions and asking it to predict exactly one value for
each argument. The complete prompt is given in
Appendix A. Because the prompt provides explicit
definitions of all ten Schwartz categories, this con-
dition should be interpreted as task-informed zero-
shot classification rather than as a definition-free
representation comparison. The model is evaluated
on the same held-out test set used for all supervised
approaches.

5.4 Transformer baseline

As a non-proprietary embedding baseline, we en-
code each argument using a11-MiniILM-L6-v2
and classify the resulting sentence embeddings us-
ing the same model-selection procedure as for the
Gemini embeddings.

5.5 Unsupervised topic modelling

We compare classical TF-IDF clustering (LDA
and KMeans) with BERTopic (Grootendorst, 2022)
over Gemini embeddings, evaluating cluster quality
using Adjusted Rand Index (ARI) and Normalized
Mutual Information (NMI).

6 Results

Table 3 and Figure 1 summarise the comparison.
All seven methods are evaluated on the same 124-
item stratified held-out test set. The results re-
veal a clear separation between sparse lexical rep-
resentations and dense semantic representations.
All embedding-based and LLM approaches sub-
stantially outperform lexical methods, while dif-
ferences within the semantic-representation group
are comparatively small and not statistically signif-
icant.

Zero-shot Gemini 3.5 Flash achieves the highest
macro-F1 (0.591), closely followed by Gemini em-
beddings (0.540) and MiniLM-L6-v2 (0.529). All
LLM/embedding methods substantially exceed the
sparse TF-IDF ceiling (0.386). Bootstrap 95% con-
fidence intervals (Table 3) are wide—confirming
that the small test size (n=124) limits statistical
precision—and pairwise bootstrap tests between
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Method Representation  F1 95% CI
Marker LR 6 markers 0.159 [0.08, 0.22]
Hand lexicon Schwartz+4MFD  0.161  [0.07, 0.24]
Learned lex. TF-IDF 0.363 [0.25, 0.45]
AutoResearch TF-IDF 0.386 [0.27,0.47]
Gemini emb. emb.+SVM 0.540 [0.41,0.63]
MiniLM emb.+SVM 0.529 [0.40, 0.61]
Gemini CoT LLM 0.591 [0.42,0.69]
(0-shot)

Table 3: Value identification on Touché ValueEval,
macro-F1 over 8 test-supported labels (n=124, boot-
strap n=10,000). Marker LR: 6 linguistic features (Sec-
tion 4), balanced LR. MiniLM: a11-MiniIM-L6-v2.
Gemini emb.: gemini-embedding-001 (3072-d).
Wide ClIs reflect the small test set; pairwise differ-
ences within the LLM/embedding tier are not significant
(p>0.05). Experiment shorthands exp5/exp6/exp8 are
defined in Appendix D.

Value identification on Touché ValueEval — 124-item held-out test

0.6 0.501
0.529 0.540

0.4 e 0.386

0.159 0.161

macro-F1 (8 test-support labels)

Marker LR Hand Learned  AutoResearch  MiniLM Gemini Gemini CoT
(6 features) lexicon lexicon (TF-IDF)  (emb.+SVM) emb.+SVM  (zero-shot)

Figure 1: Macro-F1 of value-identification methods
(held-out 124-item test set). Zero-shot Gemini CoT
achieves the highest point estimate; Gemini embeddings
and MiniLM-L6-v2 are close behind. Pairwise differ-
ences among the three LLM/embedding methods are
not statistically significant (p > 0.05).

the three LLM/embedding methods are not signif-
icant at « = 0.05 (all p > 0.05; n = 10,000
resamples), indicating that they form a single per-
formance tier.

Per-class behaviour (RQ2). Per-class perfor-
mance (Figure 2) is generally stronger for fre-
quent categories, but substantial variability remains
among low-support classes. Figure 3 illustrates this
relationship: low-support categories tend to exhibit
less stable performance, although the association
between class frequency and F1 is not monotonic.
The gap between accuracy and macro-F1 is large:
on the held-out test, the zero-shot LLM achieves
accuracy 0.726 but macro-F1 0.591 (over the eight
supported values), because frequent classes con-
tribute more heavily to overall accuracy, whereas
macro-F1 gives equal weight to each supported cat-
egory. Table 4 gives the full per-class breakdown.

Value P R F1 n
universalism 0.73 0.83 0.78 46
security 0.68 0.72 0.70 36
self-direction  0.81 0.77 0.79 22
achievement 0.75 0.50 0.60 6
conformity 0.67 040 0.50 5
tradition 0.75 1.00 0.86 3
power 1.00 0.33 0.50 3
benevolence 0.00 0.00 0.00 3
hedonism — 0
stimulation — 0

macro avg (8) 0.67 0.57 059 124

Table 4: Per-class precision, recall, F1 and support
for zero-shot Gemini 3.5 Flash on the held-out test set
(n = 124). The two singleton values have no test exam-
ples; macro averages are computed over the 8 supported
values. Performance varies substantially across low-
support classes.

Performance is strongest for several relatively
frequent categories, including universalism, secu-
rity, and self-direction, while some low-support
categories remain difficult. At the same time, per-
formance varies substantially even among similarly
rare classes, indicating that class support is an im-
portant but not sufficient explanation of per-class
performance.

Qualitative examples. Table 5 shows represen-
tative held-out examples illustrating correct and
incorrect predictions. Several errors involve theo-
retically close values, while others span more dis-
tant regions of the value space, consistent with the
qualitative analysis in Section 7.

Unsupervised results. BERTopic obtained a
higher NMI than TF-IDF clustering in this exper-
iment (0.209 vs. 0.150), although neither method
cleanly recovered the value categories (Figure 4). A
2-D embedding map (Figure 5) shows partial over-
lap and separation among value categories, consis-
tent with the difficulty of recovering them as purely
topical clusters.

7 Error Analysis and Value Structure

The row-normalised confusion matrix of the
Gemini-embedding classifier (Figure 6, left)
is partly, but not uniformly, consistent with
Schwartz’s motivational structure. Several con-
fusions occur between theoretically close values:
power is misclassified as achievement (both within
self-enhancement), benevolence as universalism
(both within self-transcendence), and conformity
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Per-class F1 by method (Touché)

1.0
I Gemini CoT (0-shot)
[ Gemini emb.+SVM
I MiniLM-L6-v2+SVM
0.81
0.6
0.4
0.2
0.0- . !
power achievement  hedonism stimulation self universalism benevolence tradition conformity security
direction
Figure 2: Per-class F1 for the three strongest methods.
10 Per-class F1 vs. class frequency distance and model confusion would require a for-
oion mal distance-based analysis controlling for class
08 o guniesatem frequency, which we do not attempt here.

securit

(9
achievement

0.6 [©)

ower conformit
™" o v

0.4

F1 (Gemini CoT, held-out test)

hedonism, stimulation benevolence
0.0 o o

10° 10* 10?
# arguments for the class (log scale)

Figure 3: Per-class F1 (Gemini CoT) versus class fre-
quency in the filtered corpus (log scale). Low-support
categories exhibit substantially greater performance vari-
ability.

as security (both within conservation). Universal-
ism and self-direction, which occupy neighbouring
regions in the circumplex, are also confused in both
directions.

At the same time, the largest off-diagonal
masses connect universalism and security, two
motivationally more distant values that are also
the two largest categories in the held-out test
set. These confusions may therefore partly re-
flect class-frequency effects rather than theoreti-
cal proximity. Direct confusions between oppos-
ing regions (e.g., achievement—benevolence and
self-direction—security) occur only as isolated in-
stances. We therefore interpret the confusion struc-
ture as qualitatively consistent with the value cir-
cumplex in specific cases, without claiming that
the classifier recovers it systematically. Establish-
ing a systematic relationship between theoretical

The close-value confusions are also semantically
interpretable. Power and achievement share associ-
ations with success, influence, and status, whereas
benevolence and universalism both concern the
welfare of others but differ primarily in scope—
from close others to broader concern for humanity
and nature. Such cases illustrate why boundaries
between neighbouring motivational concepts may
be difficult for a classifier to distinguish, without
implying that model errors systematically follow
circumplex proximity.

Aggregating  per-class performance by
Schwartz’s higher-order value groups (Figure 6,
right), conservation shows the highest descriptive
mean F1 (0.69), whereas openness-to-change,
self-enhancement, and self-transcendence obtain
lower and broadly similar values (0.37-0.40).
These group-level scores should be interpreted
cautiously, however, because they are simple
averages of per-class F1 and include categories
with no test support, notably hedonism and
stimulation. We therefore treat the higher-order
aggregation as a descriptive summary rather than
as evidence that some motivational regions are
intrinsically easier to recover than others.

More generally, the analysis illustrates how
model errors can complement aggregate perfor-
mance metrics by highlighting where semantic cat-
egory boundaries become difficult to distinguish.
In this sense, confusion patterns provide a useful
qualitative lens on computational representations
of human values, while stronger theoretical con-
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Unsupervised topic models
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TF-IDF
(exp4)
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Figure 4: Left: cluster quality (NMI vs. value); BERTopic obtained a higher NMI than TF-IDF clustering in this
experiment. Right: the imbalanced class distribution of the corpus.

Argument premise (abbrevi- Gold Pred. v

ated)

Correct predictions

Capital punishment is cruel
and unusual.

Banning cosmetic surgery
is like banning freedom of
speech.

They will lead to more deaths
on the roads.

univ. univ. V'

s-dir.  s-dir. Vv

sec. sec. v

Errors

Legalizing prostitution will
further demean a woman or
man and result in unnecessary
violence.

As EU citizens we should
never forget how privileged we
are... we bear a human obli-
gation to help others in need.
IP rights enable large cor-
porations to have a strangle-
hold over creators’ designs and
work and should be abolished.
We should legalise organ trade
because it could save so many
lives.

conf. sec. X

univ. X

ben.

univ. X

s-dir.

sec. univ. X

Table 5: Illustrative examples drawn from the held-out
test predictions of zero-shot Gemini. Examples are
selected for qualitative illustration and do not constitute
a formal test of circumplex adjacency.

clusions require formal testing of the relationship
between model errors and motivational distance.

8 Discussion

Three findings emerge from our experiments. First,
dense semantic approaches perform strongly in
this setting (RQ2). As summarised in Table 6, the
embedding- and LLM-based approaches achieve
substantially higher macro-F1 than the lexical and

Gemini embeddings (UMAP 2D), colored by Schwartz value
® power

ry °
L]
4
) ; ’
v A c R o™
. ARY Y N
“ é .0‘;“-
1)
Y 4 e
S ° ‘v. 4
L4 Jvl“ .
. s 5

Figure 5: UMAP projection of the Gemini embeddings,
coloured by gold value.

sparse TF—IDF methods, whereas additional opti-
mization within the sparse TF-IDF family yields
only modest gains. The three strongest seman-
tic methods form a statistically indistinguishable
performance tier. These results suggest that repre-
sentation choice is an important factor in perfor-
mance. However, the compared systems also differ
in model family, training regime, and available task
information, so the present comparison does not
isolate representation as a single causal factor.

This pattern is consistent with previous work
showing that distributional semantic representa-
tions can capture culturally meaningful concepts
beyond lexical similarity (Kozlowski et al., 2019;
Rodman, 2020).

Second, zero-shot LLLMs provide a practical al-
ternative for value annotation in low-resource set-
tings. Although Gemini CoT achieves the high-
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Gemini-embedding classifier (exp6) — row-normalized confusion

achievement {MO:¥A 0.17 0.00 0.00 0.00 0.17 0.00 0.00 0.00

benevolence{ 0.00 MUVAS 0.00 0.00 0.00 000 0.00 0.00 0.33 0.8

conformity{ 0.20 0.00 | 0.40 0.00 0.00 0.20 0.00 0.20 0.00

hedonism+ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.6

power fMUFAY 0.00 0.00 0.00 0.00 0.00 033 0.00 0.00

True label

security{ 0.00 008 0.00 0.00 0.03 JOVEM 000 0.0 0.11 0.4

self direction{ 0.00 0.14 0.00 0.00 0.09 0.05 WUEE 0.00 0.05

traditionq{ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 EESG[M 0.00 0.2

universalism4 0.02  0.02 0.02 0.02 0.00 0.11 0.07 0.04 ¥

Predicted label

10 Performance by Schwartz higher-order value group

0.8

0.6

0.4 0.80 0.37 0.39

0.2

mean F1 (Gemini CoT, held-out test)

0.0

Openness to change  Self-enhancement Conservation Self-transcendence

Figure 6: Left: row-normalised confusion matrix of the Gemini-embedding classifier. Right: descriptive mean
per-class F1 by Schwartz higher-order value group for zero-shot Gemini CoT. Group-level means include categories
with no test support and are intended as descriptive summaries.

Representation type  Methods F1 range

Marker features Marker LR 0.159

Dictionary lookup Hand lexicon 0.161

Sparse TF-IDF Learned lex., 0.363-0.386
AutoResearch

Dense emb.+SVM Gemini emb., 0.529-0.540
MiniLM

Zero-shot LLM Gemini CoT 0.591

Table 6: Observed performance by representation type.
The three strongest semantic methods—Gemini embed-
dings, MiniLM, and zero-shot Gemini CoT—do not
differ significantly in paired bootstrap comparisons.

est point estimate, its confidence interval over-
laps substantially with those of the embedding-
based models, and paired bootstrap comparisons
show no significant differences among the three
strongest semantic approaches. The zero-shot con-
dition requires no task-specific parameter training,
although the prompt provides explicit definitions of
the Schwartz value categories. The results therefore
show that an LLLM supplied with task definitions
can identify value categories at a level comparable
to supervised classifiers over dense embeddings,
complementing recent work on value-aware LLMs
(Han et al., 2025).

Third, the similar performance of Gemini embed-
dings and the substantially smaller public MiniLM
model indicates that the advantage of dense seman-
tic representations in this experiment is not specific
to proprietary models. At the same time, data spar-
sity remains an important limitation: performance

is highly variable among low-support values, and
several categories have too few examples for sta-
ble evaluation. The error analysis adds a comple-
mentary perspective. Some model confusions oc-
cur between theoretically close Schwartz values,
while others span more distant regions of the value
space. We therefore interpret the observed align-
ment with the circumplex as qualitative and case-
specific rather than as evidence that the models
systematically recover its motivational geometry.

More broadly, the results suggest that value iden-
tification depends on contextual semantic distinc-
tions that are only weakly captured by surface lex-
ical cues. In this sense, human values occupy a
level of abstraction that is not well represented as
simple topics or keyword sets. This perspective
helps explain the strong performance of dense se-
mantic approaches in our experiments and supports
treating value identification primarily as a semantic
representation problem rather than as conventional
lexical text classification.

9 Conclusion

Human values are central to argumentation because
they provide the motivational principles that argu-
ments invoke, defend, and contest. This study ex-
amined how such values are expressed in language
and how different computational approaches repre-
sent them. Across our experiments, dense semantic
approaches achieved higher macro-F1 than lexi-
cal baselines, suggesting that contextual semantic
information plays an important role in value identi-
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fication.

Beyond predictive performance, the results sug-
gest a distinction between surface cues associated
with value-bearing language and the richer contex-
tual semantics involved in distinguishing specific
values. The constructed diagnostic analysis shows
that selected syntactic and stylistic cues behave
in the expected direction for value-bearing versus
opinion language, but provide little information for
separating individual Schwartz values. In addition,
several model confusions are qualitatively consis-
tent with relationships in Schwartz’s motivational
structure, while others span more distant regions
of the value space. The present analysis should
therefore be viewed as suggestive rather than as a
formal recovery of the circumplex.

Future work should extend the analysis to larger
and more balanced multilingual corpora, evaluate
the original multi-label ValueEval setting, and test
whether the observed linguistic and confusion pat-
terns generalize across domains, languages, and
cultures.

Limitations

The 20— 10 mapping drops Face and Humility,
and restricting the data to single-label arguments
discards most of the original examples and pro-
duces a strongly imbalanced distribution. Inputs
are premise-only, English, and drawn from a single
shared-task corpus.

The value/opinion analysis is based on a small,
cue-driven constructed diagnostic set and should
be interpreted as a sanity check rather than as inde-
pendent validation on naturally occurring text. The
supervised experiments use a custom argument-
level repartitioning of the official ValueEval train-
ing split rather than preserving conclusion-level
groups. As a result, different arguments associated
with the same conclusion can appear in different
partitions; in our split, this occurs for 45 conclu-
sions shared between training and test. Because
the models receive only the argument premise, this
does not constitute duplicate or direct input leak-
age, but it may introduce topical overlap between
training and evaluation data.

Bootstrap 95% confidence intervals (Table 3)
confirm that the 124-item test set provides lim-
ited statistical precision. Pairwise bootstrap com-
parisons among the three strongest semantic ap-
proaches are not significant. The MiniLM result
uses a frozen encoder with a linear classifier; task-

specific fine-tuning could yield different perfor-
mance. BERTopic and the embedding pipeline
contain stochastic components; although random
seeds are fixed, absolute results may vary slightly
across environments.

Finally, the observed correspondence between
some model confusions and Schwartz’s circumplex
is qualitative and should be interpreted as sugges-
tive rather than confirmatory. We do not formally
operationalize motivational distance or test whether
adjacent values are confused more often than ex-
pected after controlling for class frequency. Es-
tablishing such relationships would require larger,
more balanced datasets and a dedicated distance-
based analysis.
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A Zero-shot Prompt

The Gemini 3.5 Flash classifier receives the follow-
ing prompt, with {text} replaced by the argu-
ment premise:

Classify the sentence into exactly one of the 10
Schwartz basic human values:

e power: social status, prestige, control or
dominance over people and resources

¢ achievement: personal success through

demonstrating competence by social stan-

dards

hedonism: pleasure and sensuous gratifica-

tion for oneself

« stimulation: excitement, novelty, and chal-

lenge in life

self-direction: independent thought and ac-

tion; choosing, creating, exploring

universalism: understanding, tolerance,

and protection for all people and nature

* benevolence: preserving and enhancing the
welfare of close others
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* tradition: respect and commitment to cus-
toms of one’s culture or religion

 conformity: restraint of actions that upset
others or violate social norms

* security: safety, harmony, and stability of
society, relationships, and self

Sentence: {text}. Reason step by step, then end
with a line exactly: value: <one_value>

B Implementation Details

B.1 Experimental configuration

All experiments were implemented using scikit-
learn, LangChain, and the Gemini API. Random
seeds were fixed throughout all experiments, and
Gemini embeddings were cached to support repro-
ducibility.

After filtering, the 636 single-label arguments
are repartitioned at the argument level using a strat-
ified split with seed 0, yielding 388 training, 124
validation, and 124 held-out test instances. Single-
ton classes are assigned to the training partition.

Bootstrap confidence intervals are computed us-
ing 10,000 resamples of the 124-item held-out test
set with seed 0, sampling test instances with re-
placement. Macro-F1 is computed in every resam-
ple over the same fixed set of eight labels repre-
sented in the test set; hedonism and stimulation
have no test instances and are therefore excluded
from the macro average. Labels absent from an
individual bootstrap resample remain part of this
fixed evaluation set and contribute an F1 of zero.

For pairwise comparisons among zero-shot Gem-
ini, Gemini embeddings, and MiniLM, the same
resampled test indices are used for both models
in each bootstrap replicate, yielding paired distri-
butions of macro-F1 differences. The resulting
two-sided p-values are 0.634 for zero-shot Gem-
ini versus Gemini embeddings, 0.515 for zero-shot
Gemini versus MiniLM, and 0.771 for Gemini em-
beddings versus MiniLM; none of the three differ-
ences is significant at o = 0.05.

B.2 Hyperparameter search

The TF-IDF classifier is optimized using an auto-
mated hill-climbing search. The search explores

» word and character n-gram features,
* document-frequency thresholds,
* sublinear TF weighting,

* classifier family (Linear SVM, Logistic Re-
gression, Complement Naive Bayes, SGD,
Nearest Centroid),

* regularization,
* class weighting.

Candidates are evaluated using the mean macro-
F1 over five resamples of the training pool. The
search runs for 150 iterations with periodic random
restarts.

For the embedding models, a balanced Linear
SVM or Logistic Regression is selected on the val-
idation split and retrained on the combined train-
ing+validation data before evaluation on the held-
out test set.

C Data-mined Lexicon Construction

The data-driven lexicon is constructed using Roc-
chio weighting over TF-IDF. For each Schwartz
value, we identify the terms whose TF-IDF mass is
most concentrated within that value relative to the
corpus-wide mean. The top 50 terms are retained
and L2-normalized to form the class lexicon.

Top learned terms per value (Rocchio over TF—
IDF). Frequent values yield coherent terms; the
singleton classes (hedonism, stimulation) are noise.

power: european, space, useful, trading, econ-
omy, council

achievement: knowledge, gain, skills, work, fi-
nancial, products

hedonism: (noise: trying, spread, world, ago)
stimulation: (noise: world, talent, olympic,
games)

self-direction: freedom, choice, vote, individual,
voting, bodies

universalism: animals, zoos, whaling, cruel, in-
humane, species

benevolence: safe spaces, help, minors, cosmetic
surgery, nepotism

tradition: culture, religion, integration, banning,
whaling

conformity: policy, zero tolerance, schools, pride
parades, respect

security: health, dangerous, food, obesity, acci-
dents, surgery

D Per-class Supervised Results

Table 7 reports per-class F1 for the three supervised
models on the shared 124-item held-out test set
(singleton values have no test examples). Gemini
embeddings (exp6) improve small classes over TF-
IDF (e.g. tradition 0.00 — 0.67); MiniLM (exp8)
further improves benevolence (0.31 — 0.57) and
tradition (0.67 — 0.86) while lagging on confor-
mity (0.50 — 0.15).
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Value n exp5SFl exp6Fl exp8F1

universalism 46 0.73 0.76 0.72
security 36 0.70 0.78 0.77
self-direction 22 0.62 0.73 0.68
achievement 6 0.18 0.57 0.47
conformity 5 0.18 0.50 0.15
benevolence 3 0.67 0.31 0.57
power 3 0.00 0.00 0.00
tradition 3 0.00 0.67 0.86
macro (8) 0.39 0.54 0.53

Table 7: Per-class F1 on the shared held-out test set:
AutoResearch TF-IDF (exp5) vs. Gemini embeddings
(exp6) vs. MiniLM-L6-v2 (exp8).
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E Linguistic-Marker Features

The value/opinion classifier uses six substring-
matched feature groups. Each feature is the count
of cue terms found in the sentence.

Deontic modals (value+): must, should, ought,
have to, shall, need to

Universal quantifiers (value+): always, never,
everyone, all, every, fundamental

Abstract nouns (value+): justice, freedom,
equality, tolerance, security, heritage, dignity, wel-
fare, autonomy, peace

First-person hedges (opinion—): I think, I feel,
in my view, honestly, seems, to me

Evaluative adjectives (opinion—): terrible, amaz-
ing, awful, boring, cheap, slow, expensive, disap-
pointing

Comparatives (opinion—): than, compared, bet-
ter, worse, faster, slower

A logistic regression over these six counts separates
the diagnostic set perfectly; the sign next to each
group is the direction of the learned coefficient,
matching the theoretical markers in Section 4.

F Diagnostic Sentence Set

The 60 hand-built sentences used to evaluate the
value/opinion marker classifier (Section 4). The set
contains 50 value statements (5 per Schwartz basic
value) and 10 opinion sentences. A logistic re-
gression over the six marker features (Appendix E)
separates the two classes perfectly.

Value statements. Power (self-enhancement):
Those in authority must maintain control over re-
sources to preserve social order. - Status and pres-
tige should always be earned through dominance
over rivals. - A true leader ought to command re-
spect and control those who serve under them. -
Power over others is what ultimately determines
one’s rightful place in society. - We must hold au-
thority firmly because control is the foundation of
all influence.

Achievement (self-enhancement): Personal suc-
cess must be pursued relentlessly through demon-
strated competence. - One should always strive
to achieve ambitious goals and prove their ability.
- Hard work and accomplishment are what truly
define a worthy and capable life. - We ought to
set challenging targets and excel far beyond every
expectation. - Excellence and competence should
always be rewarded above mediocrity.

Hedonism (self-enhancement): Life should be
enjoyed and pleasure is the highest good one can
ever seek. - We must indulge in the gratification

of our senses whenever the chance arises. - En-
joyment and personal pleasure ought to guide how
we spend all our days. - One should always savor
delight and seek sensual comfort in every moment.
- Pleasure and fun are what make human existence
truly worthwhile.

Stimulation (openness): Life must be full of
excitement, novelty, and daring adventure at every
turn. - We should always seek thrilling challenges
that push us beyond our limits. - A bold, adven-
turous life of constant novelty is what everyone
truly needs. - One ought to embrace risk and chase
exhilarating new experiences fearlessly. - Variety,
thrill, and surprise are essential to any life worth
living.

Self-direction (openness): Everyone must be
free to think independently and choose their own
path. - Creativity and autonomy should always be
protected as fundamental freedoms. - We ought to
explore our own ideas without anyone else control-
ling us. - Independence of thought is the very foun-
dation of a meaningful life. - People must always
be free to create and decide things for themselves.

Universalism (self-transcendence): We must
protect the environment and preserve nature for all
future generations. - Justice, equality, and tolerance
should be guaranteed for everyone everywhere. -
Peace and social justice are foundational rights that
must never be denied. - All people deserve equal
dignity and we ought to defend the welfare of the
planet. - Tolerance and understanding among all
peoples must always be upheld.

Benevolence (self-transcendence): We must al-
ways care for our family and help those who are
closest to us. - Kindness and loyalty toward our
friends should guide every single action. - One
ought to nurture and support the people in their
own community. - Helping our loved ones and pro-
tecting their welfare is a sacred duty. - We should al-
ways be generous and compassionate toward those
we love.

Tradition (conservation): We must preserve our
heritage and honor the customs of our ancestors. -
Tradition and religious custom should always be
respected and faithfully upheld. - One ought to
maintain the time-honored ways that define our
shared culture. - Respect for our heritage must
never be abandoned for the sake of novelty. - The
customs handed down to us should always be ob-
served without question.

Conformity (conservation): Everyone must
obey the rules and conform to society’s clear expec-
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tations. - We should always restrain our impulses
and follow established social norms. - Politeness
and obedience to authority ought to be maintained
at all times. - One must never violate the social
norms that keep daily order intact. - Following the
rules and respecting expectations is what holds us
all together.

Security (conservation): We must ensure safety
and stability for our society at almost any cost. -
National security and public order should always
be our highest priority. - A stable, harmonious, and
safe community is what everyone must work to
protect. - Order and protection from every threat
ought to be guaranteed for all. - Safety and stability
are the foundation that must never be compromised.

Opinion sentences. I think this phone’s battery
life is terrible compared to my old one. - The new
restaurant downtown is amazing but it is honestly
way too expensive. - In my view the latest update
made the app much slower than it was before. -
That movie was boring and far too long if you ask
me. - | feel the mayor is doing a terrible job han-
dling the traffic this year. - This laptop is noticeably
faster and smoother than the model I had last year.
- The coffee here tastes awful and the service seems
painfully slow to me. - I think their new logo looks
cheap and much worse than the original one.

This hotel room felt cramped and overpriced for
what you actually get. - Honestly the sequel was
disappointing and not nearly as good as the first.
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