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Abstract

Assessing the developmental suitability of chil-
dren’s narratives is important for educational
recommendation and developmental literacy re-
search, yet such assessment typically relies on
subjective and difficult-to-scale human judg-
ment. This raises an important question: Can
Al systems approximate human developmen-
tal judgments of children’s stories? To study
this problem, we introduce CLARA, a cogni-
tively grounded framework for developmen-
tal narrative understanding through structured
annotation across cognitive (COG), language
(LAN), and social-emotional (SEL) dimen-
sions, together with a bilingual benchmark re-
source containing 1107 Chinese—English chil-
dren’s stories with normalized silver develop-
mental references and structured developmen-
tal annotations. We evaluate CLARA through
benchmark comparison, component analysis,
translated bilingual consistency analysis, and
blinded human evaluation with educators. Ex-
perimental results show that structured de-
velopmental annotation achieves substantially
stronger alignment with developmental refer-
ences and human judgments than readability-
based methods and direct prompting baselines.
Overall, our findings suggest that Al systems
can approximate certain aspects of human de-
velopmental judgment when guided by struc-
tured developmental annotation, while also
highlighting the importance of interpretability
and human oversight in educational NLP.

1 Introduction

Assessing the developmental suitability of chil-
dren’s narratives is important for educational rec-
ommendation, curriculum design, and developmen-
tal literacy research. In practice, however, such
assessment typically relies on human judgment
from educators, parents, or publishers, which is
often subjective, culturally dependent, and difficult
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to scale (Gilardi et al., 2023). Existing compu-
tational approaches mainly estimate reading dif-
ficulty through readability formulas or direct age
prediction, focusing on lexical and syntactic com-
plexity rather than the developmental abilities re-
quired for narrative understanding (Flesch, 1948;
Kincaid et al., 1975; Dale and Chall, 1948). Yet
understanding children’s stories often requires sub-
stantially more than surface language processing,
including causal reasoning, temporal understand-
ing, emotional interpretation, social reasoning, and
perspective taking (Piaget, 1952; Vygotsky, 1978;
Astington et al., 1988; Wellman and Liu, 2004).
Consequently, two stories with similar readability
may still require very different levels of develop-
mental understanding.

This raises an important question: Can Al sys-
tems approximate human developmental judgments
of children’s stories? More specifically, can lan-
guage models identify the cognitive, linguistic, and
social-emotional abilities required for understand-
ing narratives in a way that aligns with human
educational reasoning? Addressing this problem
requires not only predictive models, but also struc-
tured developmental representations, interpretable
annotation spaces, and cognitively grounded narra-
tive analysis frameworks capable of modeling de-
velopmental narrative understanding beyond read-
ability alone (Rashkin et al., 2018; Mostafazadeh
et al., 2020; van Dijk et al., 2023).

To study this problem, we introduce CLARA
(Cognitive Labeling and Age Reasoning for
NAurratives), a cognitively grounded framework
for developmental narrative understanding through
structured annotation. Rather than directly predict-
ing developmental stages from stories, CLARA
decomposes developmental understanding into in-
terpretable developmental representations across
three dimensions: cognitive skills (COG), lan-
guage abilities (LAN), and social-emotional abil-
ities (SEL) (Wei et al., 2022; Wang et al., 2023;
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Zhou et al., 2023). The framework consists of four
components: (1) a developmental annotation taxon-
omy, (2) a prompt-based annotation protocol, (3) a
lightweight developmental aggregation mechanism,
and (4) a bilingual benchmark resource for evalua-
tion. Importantly, the current implementation uses
GPT-40 as one possible annotation engine rather
than a required component of the framework itself.

To support systematic evaluation, we construct
a bilingual benchmark containing 1107 Chinese—
English children’s stories with normalized silver
developmental references and structured develop-
mental annotations. Here, “bilingual” refers to
aligned Chinese—English versions of the same sto-
ries, where the English narratives are translated
from the Chinese sources. Accordingly, the bilin-
gual analysis evaluates consistency under trans-
lation rather than cross-lingual or cross-cultural
generalization. Existing narrative understanding
resources mainly focus on story comprehension
or commonsense reasoning rather than develop-
mental cognitive representations (Xu et al., 2022;
Tikhonov et al., 2021; Mostafazadeh et al., 2016).
Experimental results show that CLARA substan-
tially outperforms readability-based and direct
prompting baselines, improving overlap accuracy
from 0.603 (FKGL) and 0.730 (GPT-40 Direct)
to 0.904 while reducing mean developmental dis-
tance to 0.096. Human evaluation further shows
0.81 agreement with educator developmental rank-
ings and an interpretability score of 4.42/5. These
findings suggest that developmental narrative un-
derstanding cannot be captured through surface
linguistic complexity alone, but instead requires ex-
plicit modeling of cognitive, linguistic, and social-
emotional developmental signals (Rashkin et al.,
2018; Mostafazadeh et al., 2020).

Overall, our findings suggest that Al systems
can approximate certain aspects of human develop-
mental judgment when guided by structured devel-
opmental annotation, while also highlighting the
importance of interpretability and human oversight
in educational NLP (Gilardi et al., 2023).

Contributions.

* We formulate developmental narrative under-
standing as a structured and interpretable NLP
problem centered on approximating human de-
velopmental judgments of children’s stories.

* We introduce CLARA, a cognitively grounded
framework that models developmental under-
standing through structured annotations across

cognitive, language, and social-emotional dimen-
sions.

* We construct a bilingual benchmark resource con-
taining 1107 Chinese—English children’s stories
with normalized silver developmental references
and structured developmental annotations.

* We conduct benchmark comparison, component
analysis, translated bilingual consistency analy-
sis, and blinded human evaluation, showing that
structured developmental annotation aligns more
closely with developmental references and hu-
man judgments than readability-based and direct
prompting approaches.

2 Related Work

2.1 Readability and Developmental
Assessment

Traditional approaches to reading difficulty and
age estimation mainly rely on readability formu-
las (Flesch, 1948; Kincaid et al., 1975; Dale and
Chall, 1948). Recent work further applies machine
learning and neural language models to text read-
ability and educational assessment (Martinc et al.,
2021; Gilardi et al., 2023). However, these ap-
proaches mainly model surface linguistic complex-
ity and provide limited developmental interpretabil-

1ty.

2.2 Developmental Narrative Understanding

Developmental psychology studies how children’s
cognitive, linguistic, and social-emotional abilities
evolve over time (Piaget, 1952; Vygotsky, 1978;
Collaborative for Academic, Social, and Emotional
Learning, 2012). Prior work on children’s narra-
tives further highlights the importance of causal
reasoning, perspective taking, emotional interpre-
tation, narrative coherence, and discourse orga-
nization in developmental language understand-
ing (Astington et al., 1988; Wellman and Liu,
2004; Reese et al., 2011; Gagarina et al., 2019;
Gagarina and Bohnacker, 2022). Research on
bilingual and developmental narratives addition-
ally studies narrative macrostructure, referential
coherence, and discourse-level developmental pro-
gression across children with different linguistic
backgrounds (Yang et al., 2022; Kupersmitt and
Armon-Lotem, 2019). Recent NLP-based studies
further explore theory-of-mind reasoning and de-
velopmental signals in children’s narratives (van
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Figure 1: Overview of the CLARA framework. Given bilingual story narratives, CLARA generates structured
developmental annotations across COG, LAN, and SEL dimensions, aggregates developmental evidence into
developmental-stage estimates, and compares the resulting representations with human and publisher developmental

judgments.

Dijk et al., 2023). However, these developmental
frameworks are rarely operationalized into scalable
computational annotation systems for NLP.

2.3 Structured Story Understanding

Narrative understanding has been widely stud-
ied in NLP, including story comprehension, com-
monsense reasoning, character-centered inference,
and structured narrative explanation (Mostafazadeh
et al., 2016; Rashkin et al., 2018; Sap et al., 2019;
Mostafazadeh et al., 2020). Several works further
introduce structured cognitive annotations for sto-
ries, such as Story Commonsense (Rashkin et al.,
2018) and GLUCOSE (Mostafazadeh et al., 2020).
Educational narrative resources such as Fairy-
taleQA (Xu et al., 2022) and StoryDB (Tikhonov
et al., 2021) additionally connect narrative under-
standing with educational settings. Unlike prior
work, CLARA studies whether Al systems can
approximate human developmental judgments of
children’s narratives through structured cognitive,
linguistic, and social-emotional annotation.

3 Developmental Annotation Framework

CLARA studies whether Al systems can approx-
imate human developmental judgments of chil-
dren’s narratives through structured developmen-
tal annotation. Rather than directly predicting de-
velopmental stages, CLARA represents narratives
through COG, LAN, and SEL developmental sig-
nals.

CLARA consists of four components: (1) a de-
velopmental taxonomy, (2) a prompt-based annota-
tion protocol, (3) a lightweight aggregation mecha-
nism, and (4) a bilingual benchmark resource. GPT-
4o is used as one possible annotation engine rather
than a required component of the framework. The
framework is model-agnostic and can be instan-
tiated with different annotation models under the
same developmental taxonomy and prompting pro-

tocol. Importantly, the taxonomy defines the al-
lowable developmental label space and associated
age groups, but does not determine which labels
are activated for a given story. The open-ended in-
ference step is performed by the annotation model,
which identifies the cognitive, linguistic, and social-
emotional abilities required for narrative compre-
hension.

3.1 Problem Formulation

Given a narrative text S, CLARA derives a devel-
opmental label set £(.5), where each label belongs
to one of three dimensions:

COG, LAN, SEL.

Based on these annotations, CLARA estimates a
distribution over developmental age groups:

A= {al,ag,...,aK}.

3.2 Structured Developmental Annotation

CLARA uses a predefined developmental taxon-
omy inspired by developmental psychology and
educational theory. The taxonomy is hierarchically
organized from foundational abilities, such as vo-
cabulary acquisition and emotional expression, to
higher-level reasoning abilities including causal
reasoning, narrative inference, and perspective tak-
ing.

During annotation, the model is constrained to
select labels only from the predefined taxonomy.
For each story, the annotation model determines
which developmental abilities are required for com-
prehension and activates the corresponding COG,
LAN, and SEL labels. Each label is associated
with one or more developmental age groups and
corresponding activation criteria. The complete
taxonomy is provided in Appendix K.
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Figure 2: Hierarchical developmental annotation framework across COG, LAN, and SEL dimensions.

3.3 Developmental Representation

Aggregation

Given the annotated label set £(.S), CLARA first
derives an unnormalized developmental score:

Plai|$) = 3 wi-1ai € g()),

1eL(S)

where ¢(!) denotes the developmental groups asso-
ciated with label {.

The scores are normalized into a developmental
distribution:

Plai|8)
Sayca Plas | 9)

P(al|S):

In the current implementation, all labels are uni-
formly weighted (w; = 1) for simplicity and inter-
pretability. The aggregation step is intentionally
kept lightweight and transparent so that the final
developmental estimate remains directly traceable
to the activated developmental labels, rather than
introducing an additional opaque prediction stage.
The strong performance of “LogReg over CLARA
Labels” suggests that the developmental label space
itself contains meaningful predictive signals, while
CLARA further improves alignment without super-
vised training. Alternative aggregation strategies
are discussed in Appendix C.

The resulting developmental representation is:

P(S)=[P(a1|S),...,Plax | 9)],

and the dominant developmental stage is estimated
through:

a = arg zr_lgiP(ai | S).

The full distribution P (S) is the primary devel-
opmental representation produced by CLARA; the
argmax is used only when a single developmental
stage is required for comparison with categorical
baselines and reference labels.

4 Benchmark Resource Construction

To study whether Al systems can approximate hu-
man developmental judgments of children’s narra-
tives, we construct a bilingual benchmark contain-
ing 1107 Chinese—English children’s stories col-
lected from storybooks and educational materials
in PDF and PPT formats.

Each story includes aligned bilingual narrative
text, normalized silver developmental references,
and structured annotations across COG, LAN, and
SEL dimensions. Among them, 1043 stories con-
tain publisher-provided age annotations and are
primarily used for quantitative evaluation.

We will release annotation prompts, developmen-
tal labels, derived annotations, evaluation splits,
and metadata under appropriate licenses. Original
story text will only be redistributed where legally
permitted. The released resources will be avail-
able at: https://anonymous.4open.science/r/
anonymous_story_dataset.
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Figure 3: Benchmark construction pipeline.

Figure 3 illustrates the benchmark construction
pipeline, including multimodal story extraction,
bilingual narrative generation, developmental nor-
malization, and structured annotation.

4.1 Story Extraction and Data Construction

The original materials contain both visual and tex-
tual content stored in PDF and PPT formats. We
use Qwen3-VL-32B-Instruct to extract narrative
text from storybook pages and convert it into struc-
tured Chinese narratives, which are subsequently
translated into English to construct aligned bilin-
gual story pairs.

Since individual stories may span multiple pages
or slides, related pages are grouped into unified nar-
rative representations during preprocessing. Most
stories target children between ages 2 and 8 and
fall within the medium-length narrative range ap-
propriate for developmental analysis.

4.2 Data Quality Verification

Because the benchmark is constructed through mul-
timodal extraction and bilingual translation, we
conduct manual quality verification on a randomly
sampled subset of 100 stories.

Age Group #Mapped Stories Share
0-2 30 2.9%
2-4 544 52.2%
4-6 687 65.9%
6-8 510 48.9%
8-12 345 33.1%
Annotated stories 1043 94.2%
Unknown age 64 5.8%
Total stories 1107 100.0%

Table 1: Developmental age distribution after normal-
ization.

We evaluate extraction correctness, story group-
ing correctness, and translation adequacy. Manual
inspection shows that 95% of sampled stories con-
tain acceptable extraction quality, 93% preserve
correct story grouping, and 91% maintain adequate
bilingual semantic consistency.

4.3 Silver Developmental References

Publisher-provided age labels are treated as noisy
silver developmental references rather than defini-
tive developmental ground truth. We normal-
ize publisher age ranges into five developmental
groups:

{0-2, 2-4, 4-6, 6-8, 8-12}.

Broad ranges are assigned to all overlapping de-
velopmental groups. For example, a story labeled
as 5-10 is mapped to 4-6, 6-8, and 8-12.

After normalization and filtering ambiguous la-
bels, 1030 stories are retained for quantitative eval-
uation. Benchmark evaluation should therefore be
interpreted as measuring alignment with conven-
tional developmental recommendations rather than
absolute developmental correctness.

4.4 Translated Bilingual Consistency

The bilingual design supports consistency evalu-
ation under translated bilingual settings by com-
paring developmental predictions and annotations
across Chinese and English narrative pairs. Since
the English narratives are translations of the cor-
responding Chinese stories, this analysis evalu-
ates consistency under translation rather than cross-
lingual or cross-cultural generalization.

4.5 Developmental Annotation Analysis

The taxonomy contains 122 developmental labels
distributed across COG, LAN, and SEL dimen-
sions. Stories targeting younger children empha-
size perceptual abilities and emotional expression,



whereas stories for older children increasingly in-
volve causal reasoning, narrative inference, emo-
tional regulation, and perspective taking.

5 [Evaluation and Analysis

We evaluate CLARA from the perspective of de-
velopmental narrative understanding through devel-
opmental label validation, annotation model com-
parison, translated bilingual consistency analysis,
benchmark comparison, ablation studies, and hu-
man evaluation. Our evaluation focuses on whether
structured developmental annotation can capture
meaningful developmental progression patterns,
align with human developmental judgments, re-
main stable across translated bilingual narratives,
and provide advantages over readability-based and
direct prompting approaches.

5.1 Evaluation Setup

The benchmark contains 1107 stories, among
which 1030 are retained for quantitative evaluation
after normalization and filtering. We additionally
construct a balanced 100-story validation subset
for annotation model comparison and consistency
analysis.

All LLM-based experiments use temperature 0,
and annotation model selection is repeated three
times. Table 2 reports annotation-model compar-
ison over repeated runs on the 100-story valida-
tion subset, whereas Table 4 reports the final full-
benchmark result using the selected GPT-40 annota-
tion engine. Because the full-benchmark evaluation
uses temperature O with deterministic downstream
aggregation and evaluation, Table 4 reports a sin-
gle final result. Because publisher age labels are
noisy silver references rather than definitive devel-
opmental ground truth, the evaluation should be
interpreted as measuring alignment with conven-
tional developmental recommendations. Results
involving the 0-2 developmental group should be
interpreted cautiously because this category con-
tains only 30 stories and developmental suitability
at this age may depend more strongly on illustra-
tions, repetition, sensory engagement, and care-
giver interaction, which are not modeled in the
current text-only formulation.

We evaluate developmental alignment using
overlap accuracy and mean developmental distance.
For annotation model comparison, we additionally
report mapped accuracy, label stability (L-Stab.),
and age stability (A-Stab.). Detailed metric defini-
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Figure 4: Developmental distribution of representative
COG labels across age groups.

tions are provided in Appendix B.

5.2 Empirical Validation of Developmental
Labels

We analyze representative label distributions across
developmental stages using annotations gener-
ated by GPT-40, Gemini-2.5-Pro, Qwen-Max, and
DeepSeek-Chat.

Figures 4, 5, and 6 show developmental progres-
sion trends across COG, LAN, and SEL dimen-
sions. Stories targeting younger children empha-
size perceptual abilities and emotional expression,
whereas stories for older children increasingly in-
volve causal reasoning, narrative inference, emo-
tional regulation, and perspective taking.

These trends remain relatively consistent across
annotation models, suggesting that the observed
structures capture meaningful developmental sig-
nals rather than artifacts of a specific annotation
engine. Some foundational labels also remain ac-
tive in older age groups because developmental
abilities are cumulative rather than mutually ex-
clusive. Interpretation of the 0-2 developmental
group should nevertheless be treated cautiously due
to the substantially smaller number of stories in this
category.

5.3 Annotation Model Comparison

We compare GPT-40, Gemini-2.5-Pro, Qwen-Max,
and DeepSeek-Chat on the 100-story validation
subset using developmental alignment, label cover-
age, and annotation stability metrics.

As shown in Table 2, Gemini-2.5-Pro achieves
the highest mapped accuracy but tends to over-label
developmental signals, whereas DeepSeek-Chat
produces excessively dense annotations. GPT-40
achieves the most balanced tradeoff between devel-
opmental alignment and annotation stability, and
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is therefore selected as the primary annotation en-
gine. Additional annotation validation results on a
manually annotated educator subset are provided
in Appendix E.

5.4 Consistency under Translated Bilingual
Narratives

To evaluate whether structured developmental rep-
resentations remain stable under bilingual settings,
we compare annotations generated from Chinese
and English versions of the same 100 stories using
GPT-40.

As shown in Table 3, developmental represen-
tations remain relatively stable across translated
bilingual narratives, with overall annotation sim-
ilarity of 0.772 and developmental-stage agree-
ment of 86.0%. The relatively low strict ex-
act full-set match reflects the difficulty of obtain-
ing identical fine-grained developmental annota-
tions across translated bilingual narratives. How-
ever, the substantially higher Jaccard overlap and
developmental-stage agreement suggest that higher-
level developmental reasoning signals remain com-
paratively stable despite variation in individual la-
bels.

Model Acc. Cov. L-Stab. A-Stab.

GPT-40 0.71£0.01 17.73£0.15 0.87 0.89
Gemini-2.5-Pro 0.87+0.01 29.561+0.65 0.66 0.79
Qwen-Max 0.73£0.02 26.86+£0.71 0.77 0.79
DeepSeek-Chat 0.69+0.02 62.41+0.48 0.91 0.91

Table 2: Annotation model comparison on the 100-story
validation subset.

Metric Score
Overall Label Jaccard 0.772
COG Jaccard 0.793
LAN Jaccard 0.774
SEL Jaccard 0.775
Age Agreement 0.860

Strict Exact Full-Set Match ~ 0.180

Table 3: Consistency under translated bilingual narra-
tives.

5.5 Benchmark Comparison with Readability
and Prompting Baselines

We compare CLARA against readability-based
baselines, direct prompting baselines, rubric-
guided prompting, and a logistic regression classi-
fier trained over CLARA developmental labels.

As shown in Table 4, readability metrics substan-
tially underperform LL.M-based approaches, sug-
gesting that surface linguistic complexity alone is
insufficient for developmental narrative understand-
ing. The rubric-guided baseline improves over di-
rect prompting, indicating that intermediate reason-
ing contributes to developmental estimation, while
the strong performance of “LogReg over CLARA
Labels” further shows that the structured develop-
mental annotations themselves contain meaning-
ful developmental signals. CLARA nevertheless
achieves the strongest alignment with normalized
developmental references, suggesting that explicit
developmental annotation and structured aggrega-
tion provide additional benefits beyond implicit
reasoning alone.

5.6 Contribution Decomposition

To better understand which components contribute
most to CLARA’s performance, we conduct a con-
tribution decomposition study.

Table 5 shows progressive improvement as addi-
tional structured components are introduced. The
taxonomy itself contributes substantially to devel-
opmental alignment, while explicit developmen-
tal age mapping and structured aggregation fur-
ther improve performance. These results sug-
gest that CLARA’s gains do not originate solely
from prompt engineering, but from the interaction



Method Overlap T Mean Distance |

Dale—Chall 0.469 0.882
FRE 0.517 0.681
FKGL 0.603 0.502
GPT-40 0.730 0.672
Gemini-2.5-Pro 0.768 0.497
Qwen-Max 0.775 0.467
DeepSeek-Chat 0.787 0.451
GPT-40 + Rubric 0.835 0.284
LogReg + CLARA Labels  0.874 0.173
CLARA (ours) 0.904 0.096

Table 4: Benchmark comparison using normalized de-
velopmental reference labels.

between structured developmental representation,
constrained annotation, and developmental aggre-
gation.

5.7 Taxonomy Quality Ablation

To evaluate the contribution of the developmental
taxonomy, we construct several degraded taxonomy
variants.

As shown in Table 6, degraded taxonomies sub-
stantially reduce developmental alignment quality,
suggesting that CLARA benefits from meaning-
ful developmental organization rather than prompt
structure alone. Additional dimension-level abla-
tion results are provided in Appendix D.

5.8 Human Evaluation

We conduct a blinded human evaluation study to
assess whether the proposed developmental annota-
tions align with educational judgments from early-
childhood educators. We recruit eight educators
with early-childhood education experience and ran-
domly sample 60 stories covering multiple devel-
opmental stages from the benchmark, where each
story is independently evaluated by three educators,
resulting in 180 evaluation instances.

As shown in Table 7, educational interpretabil-
ity receives the highest average score, suggesting
that the proposed annotation space provides mean-
ingful developmental explanations beyond direct
age prediction alone. Educators further noted that
structured developmental labels better expose emo-

Variant Overlap T Mean Distance |,
GPT-40 Direct 0.730 0.672
Free-form + Agg. 0.791 0.411
Taxonomy Labels 0.852 0.231
Taxonomy + Mapping 0.889 0.148
Full CLARA 0.904 0.096

Table 5: Contribution decomposition analysis for

CLARA.

Variant Overlap T Distance |
Random Mapping 0.611 0.593
Dimension-swapped ~ 0.742 0.366
Coarse Taxonomy 0.861 0.181
Full Taxonomy 0.904 0.096

Table 6: Taxonomy quality ablation study.

Criterion Score
COG Label Quality 4.24
LAN Label Quality 4.18
SEL Label Quality 4.31
Educational Interpretability 4.42
Predicted Age Appropriateness  4.17
Average 4.26

Table 7: Blinded human evaluation results.

tional reasoning, social interaction, and implicit
causal understanding, while the average pairwise
annotation agreement across the three evaluators
per story reaches 0.81, supporting the reliability of
the proposed developmental annotation framework.

5.9 Human Developmental Ranking
Validation

To provide a more independent evaluation beyond
publisher-provided developmental references, we
conduct a blinded human developmental ranking
study using 60 story pairs covering both adjacent
and distant developmental stages, and compare hu-
man pairwise rankings against readability metrics,
direct prompting baselines, rubric-guided prompt-
ing, and CLARA developmental representations.

As shown in Table 8, CLARA achieves the high-
est agreement with human developmental judg-
ments, suggesting that structured developmental
annotation better captures relative developmental
complexity than readability-based or direct prompt-
ing approaches.

5.10 Analysis of Developmental Label
Discrepancies

We analyze disagreement cases between publisher
developmental references and CLARA develop-
mental estimates using 30 randomly sampled sto-
ries evaluated by blinded educators.

As shown in Table 9, educators more frequently
prefer CLARA developmental estimates over pub-
lisher recommendations. Many disagreement cases
involve abstract reasoning, emotional nuance, or
social understanding that publisher labels may un-
derrepresent. Disagreements may arise from sev-
eral sources, including broad publisher recommen-
dations, stories containing mixed developmental



Method Human Agreement
FKGL 0.58
GPT-40 Direct 0.67
GPT-40 Rubric Direct 0.73
CLARA (ours) 0.81

Table 8: Agreement with blinded human developmental
ranking judgments.

Preference Human Evaluators
Prefer CLARA 61%
Prefer Publisher 19%
Both Reasonable 20%

Table 9: Human evaluation on disagreement cases be-
tween publisher developmental references and CLARA
developmental estimates.

signals across adjacent age bands, and occasional
over- or under-activation of developmental labels
by the annotation model.

6 Conclusion

In this paper, we study whether Al systems can ap-
proximate human developmental judgments of chil-
dren’s narratives through structured developmental
annotation. We introduce CLARA, a cognitively
grounded approach for developmental narrative un-
derstanding across COG, LAN, and SEL dimen-
sions, together with a translated bilingual bench-
mark containing 1107 Chinese—English children’s
stories and normalized silver developmental refer-
ences. Experimental results show that structured
developmental annotation achieves substantially
stronger alignment with developmental references
and blinded human educational judgments than
readability-based methods and direct prompting
baselines, suggesting that developmental narrative
understanding cannot be fully captured through
surface linguistic complexity alone. Additional
analyses further demonstrate relatively stable de-
velopmental representations across translated bilin-
gual narratives and annotation models. Overall, our
findings indicate that Al systems can approximate
certain aspects of human developmental reasoning
when guided by interpretable developmental repre-
sentations, while also highlighting the importance
of transparency, human oversight, and cognitively
grounded evaluation in educational NLP.

Limitations

Despite promising results, this work has several
limitations. Developmental narrative understand-
ing is inherently subjective and may vary across

educational, cultural, and linguistic contexts. The
proposed framework relies on structured develop-
mental annotations and silver developmental refer-
ences, which may not fully capture the complexity
and diversity of human developmental reasoning.
In addition, the current study mainly focuses on
text-based narrative analysis and does not explicitly
model multimodal storytelling elements such as il-
lustrations, visual narrative structure, repetition, or
caregiver interaction. This limitation is particularly
important for the 0-2 age group, which contains
only 30 stories and may rely more heavily on non-
textual developmental cues. Moreover, because
the English narratives are translations of the cor-
responding Chinese stories, the bilingual analysis
should be interpreted as consistency under transla-
tion rather than evidence of broad cross-lingual or
cross-cultural generalization. Future work may fur-
ther explore more diverse developmental settings,
multimodal evaluation, and stronger reasoning-
oriented approaches for developmental narrative
understanding.

Ethics Statement

This work studies developmental narrative under-
standing for educational and research purposes.
The proposed framework is intended to support
interpretable analysis of children’s narratives rather
than automated educational judgment, psycholog-
ical assessment, or clinical decision-making. Be-
cause developmental suitability is inherently in-
fluenced by cultural, linguistic, educational, and
individual factors, the developmental annotations
and predictions produced by CLARA should be in-
terpreted as supportive computational signals rather
than authoritative developmental conclusions. In
addition, the framework relies on large language
model annotations and silver developmental refer-
ences, which may introduce biases and inconsisten-
cies inherited from pretrained models, prompting
strategies, and publisher conventions. The story
corpus consists of published children’s narratives
and educational materials rather than personal-user
data, and no personally identifying information is
included in the released benchmark. Human evalu-
ation was conducted anonymously with voluntary
participation from educators, and no personal or
sensitive information was collected. Participants
were recruited through direct invitation based on
their early-childhood education experience and par-
ticipated voluntarily without monetary compensa-



tion. All participants provided informed consent
prior to participation and were informed that their
anonymized responses would be used for research
purposes. Overall, CLARA is intended as a re-
search framework for studying developmental nar-
rative understanding and interpretable educational
NLP.
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B Detailed Evaluation Metrics

We evaluate developmental alignment using over-
lap accuracy and mean developmental distance.

Given predicted developmental groups A and
silver reference groups A*, overlap accuracy is
defined as:

AN A*|
AU A*|

Mean developmental distance measures the av-
erage ordinal distance between predicted and refer-
ence developmental groups after mapping develop-
mental stages into ordered indices.

For annotation model comparison, mapped ac-
curacy measures whether the dominant predicted
developmental group overlaps with any of the nor-
malized silver reference groups.

Label stability (L-Stab.) is computed using Jac-
card similarity between repeated annotation runs:

Overlap =

|£1 N Lo

|[,1 U £2|’

where £; and L5 denote developmental label
sets generated from repeated runs.

Age stability (A-Stab.) measures agreement be-
tween dominant developmental-stage predictions
across repeated annotation runs.

L-Stab =

C Aggregation Sensitivity Analysis

CLARA currently adopts a uniform weighting strat-
egy in which all developmental labels contribute
equally during developmental aggregation. This de-
sign is intentionally lightweight and interpretable,
allowing the framework to focus on structured de-
velopmental representations rather than manually
engineered weighting heuristics.

To examine whether the framework is overly
sensitive to the specific aggregation strategy, we
additionally explored several alternative weighting
schemes, including frequency-normalized weight-
ing and dimension-balanced weighting across
COQG, LAN, and SEL dimensions.

Preliminary experiments showed that alternative
weighting strategies produced relatively similar de-
velopmental alignment trends, while also introduc-
ing additional hyperparameters and reduced inter-
pretability. We therefore adopt uniform weight-
ing in the main experiments for simplicity, trans-
parency, and reproducibility.

These observations further suggest that the pri-
mary contribution of CLARA lies in the structured
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Variant Overlap T Mean Distance |
Full CLARA 0.904 0.096
w/o COG 0.861 0.164
w/o LAN 0.873 0.151
w/o SEL 0.842 0.183

Table 10: Dimension-level ablation study on different
developmental dimensions in CLARA.

Metric Score
COGF1 0.84
LANF1 0.81
SEL F1 0.79
Representative Macro F1 0.73
Representative Micro F1 0.78
Human—Human Cohen’s k= 0.76

Table 11: Gold annotation validation on a manually
annotated subset.

developmental annotation space itself rather than a
particular aggregation heuristic.

D Dimension-Level Ablation Study

To further analyze the contribution of different de-
velopmental dimensions in CLARA, we conduct a
dimension-level ablation study by removing one de-
velopmental dimension at a time, including COG,
LAN, and SEL.

Table 10 shows that removing any developmen-
tal dimension reduces developmental alignment
and increases developmental distance. Among the
three variants, removing SEL leads to the largest
performance degradation, suggesting that social-
emotional development provides important signals
beyond linguistic and cognitive complexity alone.
Removing COG and LAN also negatively affects
performance, indicating that developmental rea-
soning benefits from integrating complementary
developmental dimensions.

E Gold Annotation Validation

To directly evaluate the developmental annotations,
we construct a manually annotated gold subset for
label-level comparison.

We randomly sample 60 stories from the bench-
mark. Three educators from the evaluation pool
independently annotate developmental dimensions
and representative developmental labels for each
story.

The results demonstrate relatively strong agree-
ment between CLARA annotations and human
developmental judgments. The human—human
agreement score further suggests that developmen-
tal interpretation remains partially subjective even
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Metric Score
Exact Agreement 0.68
Adjacent Agreement  0.89
Cohen’s K 0.72

Table 12: Agreement between publisher developmental
references and educator judgments.

Story Excerpt

A cloth bear receives a letter inviting him to visit the big
bears when the moon is full. On the journey, the bear
takes a bus, climbs a mountain path, and finally joins the
celebration with the other bears.

Developmental Labels

COG: simple cause; action consequence; routine under-
standing

LAN: basic vocabulary; story sequence

SEL: emotion expression; preference expression; imita-
tion

Publisher Reference

2-5 (mapped to 2—4 and 4-6)

CLARA Prediction

4-6

Table 13: Representative example from the CLARA
dataset.

among expert evaluators.

F Publisher-Educator Agreement
Validation

Because publisher-provided developmental refer-
ences constitute the primary benchmark target, we
evaluate whether these references align with inde-
pendent educator judgments.

We randomly sample 120 stories from the
benchmark and recruit five educators with early-
childhood education experience to assign develop-
mental age groups without observing the original
publisher recommendations.

The results show that publisher recommenda-
tions exhibit reasonably strong alignment with in-
dependent educator judgments despite ambiguity
in stories involving broad developmental ranges
or abstract reasoning. These findings support the
use of publisher age recommendations as noisy but
meaningful silver developmental references.

G Representative Dataset Example

Table 13 presents a representative example from
the CLARA dataset.

H Representative Disagreement Example

Table 14 presents a representative disagreement
case between publisher-provided age recommenda-
tions and CLARA predictions.



Story Excerpt

A man is rescued by the Nine-Colored Deer after falling
into a river. Although he promises to keep the deer se-
cret, he later betrays the deer in exchange for a reward.
The story follows the consequences of betrayal, trust, and
moral responsibility.

Developmental Labels

COG: cause effect; prediction; sequence order

LAN: narrative inference; discourse understanding

SEL: emotion cause; perspective taking; rule awareness
Publisher Reference

3-8 (mapped to 24, 4-6, 6-8)

CLARA Prediction

6-8

Table 14: Representative disagreement case between
publisher-provided age recommendations and CLARA
predictions.

J.2
I Human Evaluation Questionnaire

Human evaluators were asked to assess stories and
corresponding CLARA annotations using a 1-5
Likert scale.

* COG Label Quality: Do the cognitive la-
bels accurately reflect the reasoning abilities
required by the story?

* LAN Label Quality: Do the language-related
labels appropriately describe the language
complexity of the story?

J.3
* SEL Label Quality: Do the social-emotional
labels reflect the emotional and interpersonal
understanding required by the story?

¢ Educational Interpretability: Are the devel-
opmental labels educationally meaningful and
interpretable?

* Predicted Age Appropriateness: Does the
predicted developmental age group reasonably
match the story content?

Scores range from 1 (strongly disagree) to 5
(strongly agree).

J Prompt Templates
J.1 CLARA Annotation Prompt

You are an expert in developmental psy-
chology and children’s narrative under-
standing.

J.4

Given a children’s story, analyze the de-
velopmental abilities required for com-
prehension.
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Assign developmental labels from the
predefined taxonomy across the follow-
ing dimensions:

* Cognitive Skills (COG)

* Language Abilities (LAN)

* Social-Emotional Skills (SEL)

Select only labels that are strongly sup-
ported by the story content. Avoid un-
supported, redundant, or weakly related
labels.

Return the selected developmental labels
in structured JSON format.

Direct Prompting Baseline

Given a children’s story, predict the most
appropriate developmental age group
from the following categories:

0-2, 24, 4-6, 6-8, 8-12.

Base your prediction on the developmen-
tal abilities required to understand the
story, including reasoning complexity,
language understanding, emotional inter-
pretation, and social understanding.

Return only the predicted age group.

Rubric-Guided Prompting Baseline

Given a children’s story, first analyze the
following aspects:

* Cognitive complexity
* Language complexity
* Social-emotional understanding

Based on these factors, predict the most
appropriate developmental age group
from:

0-2,2-4, 4-6, 6-8, 8-12.

Do not use predefined developmental la-
bels.

Return only the predicted age group and
a brief explanation.

LLM-as-Judge Prompt

You are asked to compare two develop-
mental age assessments for the same chil-
dren’s story.

One assessment is provided by the pub-
lisher. The other assessment is generated



by a structured developmental annotation
system.

Evaluate which assessment better
matches the developmental abilities
required for understanding the story.

Consider:

* reasoning complexity

* language understanding

* emotional understanding

* social and moral interpretation

Choose one of the following options:

¢ Prefer CLARA
¢ Prefer Publisher
¢ Both Reasonable

Provide a brief explanation for the deci-
sion.

J.5 Human Ranking Evaluation Prompt

Given two children’s stories, determine
which story requires more advanced de-
velopmental abilities for comprehension.

Consider:

* reasoning complexity
* language understanding
* emotional interpretation
* social understanding

Choose one:

* Story A requires more advanced de-
velopmental abilities

* Story B requires more advanced de-
velopmental abilities

¢ Both are similar

K Full developmental label taxonomy

Some labels intentionally preserve compact
annotation-oriented naming conventions to main-
tain consistency across visualization figures,
prompts, and annotation outputs. Table 15 presents
the complete developmental label inventory used in
CLARA. The taxonomy contains over one hundred
labels across five developmental age groups and

three dimensions: COG, LAN, and SEL.
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0-2 years (Sensorimotor stage)

COG: visual tracking, sound response, face recognition, object recognition,
object permanence, color recognition, shape recognition, size discrimina-
tion, pattern recognition, sensory integration

LAN: sound association, babbling pattern, word recognition, word-object
mapping, phonetic awareness

SEL: emotion reaction, emotion recognition, attachment security, social
smiling, caregiver response

2-4 years (Early preoperational stage)

COG: simple cause, action consequence, routine understanding, object
function, basic counting, category learning, similarity detection, difference
detection

LAN: basic vocabulary, two-word sentence, sentence imitation, naming
objects, story sequence, picture description, symbolic play language
SEL: emotion expression, emotion labeling basic, imitation, parallel play,
role play, self-awareness basic, preference expression, turn-taking basic

4-6 years (Late preoperational stage)

COG: cause effect, prediction, sequence order, temporal understanding,
spatial relation, problem solution basic, categorization, attribute sorting,
logical relation basic, multi attribute comparison

LAN: sentence comprehension, grammar structure, vocabulary expansion,
simple narrative, character tracking, event linking, story retelling, dialogue
understanding, basic inference, question answering

SEL: emotion labeling, emotion cause, emotion regulation basic, friend-
ship, sharing behavior, cooperation, rule awareness, rule following, social
norms, group participation

6-8 years (Concrete operational stage)

COG: logical reasoning, multi-step reasoning, causal chain understanding,
problem solving, problem decomposition, conservation understanding,
reversibility understanding, hierarchical categorization

LAN: reading comprehension, early reading, independent reading, text
inference, summarization, story structure, narrative coherence, multi event
sequence

SEL: emotion regulation, empathy basic, perspective taking basic, conflict
resolution, responsibility, cooperation advanced, self control, decision
making basic

8-12 years (Formal operational stage)

COG: abstract thinking, analogy reasoning, hypothesis generation, coun-
terfactual thinking, concept generalization, symbolic reasoning, rule ab-
straction, meta cognition

LAN: critical reading, theme understanding, figurative language, metaphor
understanding, argumentation, perspective language, cross text analysis
SEL: empathy, perspective taking, moral reasoning, ethical reasoning,
fairness, honesty, self reflection, goal setting, identity awareness, prosocial
behavior

Table 15: Full developmental label taxonomy used in
CLARA.
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