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Abstract

WordNet has long served as a benchmark for
approximating the mechanisms of semantic
categorization in the human mind, particu-
larly through its hierarchical structure of word
synsets, most notably the IS-A relation. How-
ever, these semantic relations have tradition-
ally been curated manually by expert lexicog-
raphers, relying on external resources like dic-
tionaries and corpora. In this paper, we explore
whether large language models (LLMs) can be
leveraged to approximate these hierarchical se-
mantic relations, potentially offering a scalable
and more dynamic alternative for maintaining
and updating the WordNet taxonomy.

This investigation addresses the feasibility and
implications of automating this process with
LLMs by testing a set of prompts encoding dif-
ferent sociodemographic traits and finds that
adding age and job information to the prompt
affects the model ability to generate text in
agreement with hierarchical semantic relations
while gender does not have a statistically sig-
nificant impact.

1 Introduction

The advent of large language models (LLMs) has
revolutionized the landscape of Natural Language
Processing (NLP), providing new avenues for ex-
ploring linguistic structures and semantic relations.
One area of interest is the hierarchical organiza-
tion of word meanings, captured by the semantic
relation IS-A represented in WordNet. This paper
aims to investigate the capacity of LLMs to un-
derstand this semantic relation by inspecting their
ability to construct word ladders based on it. A
word ladder is a sequence of words ordered by hy-
pernym/hyponym relation, that include an initial
given word and that go from a more generic term to
a more specific one, as shown in Figure 1. In this
perspective, word ladders represent the "branches"
of WordNet, spanning from highly specific words

Token: parallelogram
Abstraction Ladder: thing, object,
shape, polygon, quadrilateral,
parallelogram, rectangle, rhom-
bus, square

(a) Parallelogram

Token: creationism
Abstraction Ladder: idea, theory, be-
lief, philosophy, worldview, cre-
ationism, theism, monotheism,
biblical, fundamentalist, young-
earth

(b) Creationism

Figure 1: Examples of LLM-generated ladders for a
concrete concept (a): parallelogram and an abstract
one (b): creationism.

(e.g., "chihuahua") to highly general ones (e.g.,
"living creature"). By analyzing how LLMs con-
struct these hierarchies of hypernyms/hyponyms,
we explore mechanisms that govern conceptual cat-
egorization and sense-making processes for differ-
ent types of words, namely: concrete and abstract
ones. Additionally, we will explore the sensitivity
of the word ladders produced by LLMs to sociolin-
guistic factors, manipulating the sociodemographic
"profile" that the LLM is prompted to play.

Our study explores the following key questions:

1. What type of categorizations do LLMs rely
upon, when generating word ladders?

2. Can they organize hypernym/hyponym seman-
tic relations for concrete as well as for abstract
concepts?

3. Can LLMs approximate different types of
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Category Variants

job linguist, researcher, teacher, poet,
writer

age 8, 12, 15, 18, 22, 25, 30, 40, 50, 70

gender not specified, male, female

Table 1: Sociodemographic variants encoded in differ-
ent system prompts.

speakers, hence generating different types of
word ladders? What type of speaker better
approximates the categorizations encoded in
WordNet?

Overall, through this analysis, we aim to con-
tribute to a deeper understanding of the interaction
between linguistic structures and model behavior,
shedding light on the implications for both NLP
applications and theories of human cognition.

2 Theoretical Background

Word taxonomies, such as WordNet (Miller, 1995),
provide a structured representation of the paradig-
matic relationships between words, labelling se-
mantic relations like hypernymy (generalization)
and hyponymy (specialization). These relations in
turn shed light on the conceptual mechanisms of
conceptual categorization, a core property of hu-
man cognition (Murphy, 2024), which is facilitated
by language (Rissman and Lupyan, 2023). The
construction of word ladders, which depict the pro-
gression from general to more specific terms, as
shown in Figure 1, is a valuable task for assessing
the semantic (paradigmatic) competence of large
language models (LLMs). This approach allows us
to evaluate their ability to abstract and generalize
across different levels of word meaning.

As a matter of fact, LLMs in recent years have
demonstrated remarkable abilities in natural lan-
guage generation, based on these models’ incredi-
ble accuracy in predicting and adjusting predictions
on upcoming words in context, therefore on a syn-
tagmatic level. Their architecture enables them
to produce contextually appropriate responses in
various domains (Brown et al., 2020), nevertheless
crucial differences with human performance persist.
Recent studies have specifically focused on the abil-
ity of LLMs to perform semantic categorizations
and abstractions. For instance, (Samadarshi et al.,
2024) examined the performance of state-of-the-art
large language models (LLMs) against expert and

ladder Specificity Position

thing 1.25 1
object 0.5 2
shape 1.25 3
polygon 1.5 4
quadrilateral 1.75 5
parallelogram 2.0 6
rectangle 2.25 7
rhombus 2.25 8
rhomboid 2.2 9

Quality 0.89

Table 2: Example ladder with specificity scores calcu-
lated for each word. The Quality is measured as the
Pearson correlation coefficient between the specificity
and the position columns.

novice human players in the New York Times Con-
nections word game, a game in which players have
to group words together to form semantically coher-
ent ad-hoc categories. The authors found that even
the top model, GPT-4o, can only fully solve 8% of
the games. The results show that human players, es-
pecially experts, significantly outperform even the
most advanced LLMs in tasks involving categoriza-
tion and abstraction, which rely on paradigmatic
relationships in the lexicon. In other words, while
LLMs can typically generate coherent and cohe-
sive text by inserting plausible words within syntag-
matic contexts, their grasp of deeper paradigmatic,
semantic relationships often falls short of aligning
with established linguistic frameworks (Radford
et al., 2019). In another recent example, Arora et al.
(2023) highlight the limitations of LLMs in recog-
nizing nuanced semantic distinctions, indicating
that while these models can engage in categoriza-
tion, their performance varies depending on the
complexity of the task and the dataset used. To mit-
igate these limitations, Moskvoretskii et al. (2024)
show that LLMs’ understanding of semantic rela-
tions benefits from training on WordNet-like data.

While several works stress that the difference
with humans is significant, there are clues that,
through training on in-domain data, LLMs can un-
derstand taxonomy-like relations (Moskvoretskii
et al., 2024).

Constructing word ladders of hypernyms and
hyponyms presents distinct challenges when deal-
ing with concrete versus abstract concepts. Con-
crete concepts, such as “banana,” generally exhibit
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Avg. Quality: 0.55

Figure 2: Distribution of the ladders’ Quality for the
expert linguist prompt.

clearer hierarchical relationships (Murphy, 2004;
Mervis and Rosch, 1981), especially in domains
like plants and animals, which are often structured
by Linnaean taxonomies. For example, a “banana”
is readily classified as a “fruit,” which belongs to
the broader category of “plant,” and ultimately “liv-
ing organism”. In contrast, abstract concepts, like
“belief”, are more difficult to categorize due to their
less tangible nature and variability in interpretation
across contexts (Borghi et al., 2017b). Abstract
concepts often involve multifaceted meanings that
depend on cultural, social, and cognitive factors,
making it harder to construct clear hierarchical
relationships (Barsalou, 2008). This complexity
can lead to ambiguity in determining appropriate
hypernyms or identifying precise subcategories,
as the boundaries between abstract concepts are
more fluid than for concrete entities (Borghi et al.,
2017a).

Finally, from a sociolinguistic perspective, re-
search shows that sociodemographic factors signif-
icantly influence the types of categorizations per-
formed by speakers, when using language (Labov,
1964; Milroy and Milroy, 1992; Barbieri, 2008;
Wieling et al., 2011; Holmes, 2013). In the com-
putational domain it has been shown that includ-
ing demographic information such as age and
gender significantly enhances the performance of
text-classification tasks across multiple languages
(Hovy, 2015). Ideally, by imposing sociodemo-
graphic profiles on LLMs, we can investigate how
these factors influence the construction of word lad-
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Figure 3: Distribution of the ladders’ length for the
expert linguist prompt.

ders and the resulting semantic relationships. Fur-
thermore, we can correlate the specificity of words
extracted from the generated ladders with that from
WordNet, to infer which sociodemographic pro-
files better approximate the IS-A semantic relations
encoded in WordNet. This approach not only en-
hances our understanding of LLM behavior but
also aids in comprehending the peculiarities and
potential limitations of WordNet, which is often
used as a benchmark for evaluating various tasks,
assuming that its cognitive underpinnings make it
a suitable comparison to approximate any type of
speaker (Bolognesi et al., 2020, inter alia).

To summarize, this study aims to systematically
analyze the paradigmatic, hypernym/hyponym se-
mantic relations encoded in the word ladders gen-
erated by LLMs. We will assess the accuracy and
reliability of the categorizations produced, identify
common challenges faced by the models, and ex-
plore how variations in sociodemographic profiles
influence the semantic output.

3 Method

To explore the ability of LLMs to generate mean-
ingful ladders in an open and replicable manner,
we focus on Llama 3.1 405b, a highly performing
open source LLM, which competes with propri-
etary models such as ChatGPT in several tasks.1 A
comparative study involving different models will
be reserved for future research.

1https://huggingface.co/open_llm_leaderboard

https://huggingface.co/spaces/open-llm-leaderboard/open_llm_leaderboard
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Figure 4: Boxplot of ladders Quality for the expert lin-
guist prompt, comparing distribution when considering
the full set (left), abstract nouns (center) and concrete
nouns (right).

3.1 Ladders Generation

LLMs use two different prompts when generating
text, a system prompt and a regular prompt (Dubey
et al., 2024). The system prompt sets the overall
behavior of the model, allowing it to adopt specific
roles or tones. For instance, it might be instructed
to act as “a lawyer specializing in maritime law” or
“a cheerful person who frequently uses emoticons.”
This shapes the model’s general response style but
doesn’t specify the particular task it should perform.
The regular prompt, on the other hand, defines the
specific task we want the model to execute. In our
approach, we use the system prompt to simulate dif-
ferent sociodemographic profiles, while the regular
prompt will guide the model to generate content
aligned with our specific interests.

We instruct Llama 3.1 405b to generate ladders
by using the following prompt: Construct a list
of single word concepts around the word: {word}.
The bullets before the word {word} have to be in-
creasingly more generic while those after the word
{word} increasingly more specific. Make it look like
one list. In the instruction, {word} is replaced every
time by a specific word. As the words for starting
the ladder generation we use a list of 13,518 to-
kens, which are the items classified as nouns in the
dataset of concreteness ratings collected by Brys-
baert et al. (2014).

We explore two dimensions in sociodemo-
graphic profiles, age and job. We define 10 age

values and 5 jobs (Table 1, see Appendix A for the
complete list of all the system prompts), produc-
ing 15 system prompts: You are a teenager of 18
years old learning in college, You are an expert
linguist analysing the abstraction and concreteness
of words. We also generate 30 additional system
prompts with an explicit specification of gender
(male or female): You are a young woman of 22
years old learning in university. As a result we
generate 13,518 × 45 = 608,310 ladders.2

3.2 Ladders Evaluation
We evaluate the ladders generated by LLM by cal-
culating the Specificity of each word inserted in a
ladder and correlating this measure with the order
they have in the ladder. We use the measure of
word specificity from Bolognesi et al. (2020). This
metric is based on WordNet 3.0, which is available
in the Natural Language Toolkit (NLTK, version
3.2.2) Python library (Bird et al., 2009). The mea-
sure is based on the distance of a word from the
root node of the WordNet hierarchy, where the root
is the most general concept, i.e., entity:

Specificity(w) =
1 + d

20

where d is the number of nodes between the word
w and the root node, and 20 is the longest distance
between the root node and a leaf in WordNet.

We define the quality of a ladder as how much
the order of words in the ladder correlates with
their order by Specificity measured using Word-
Net. Formally, if W = {wi}ni=1 is a ladder
composed of n words wi and X = {xi}ni=1 are
their Specificity scores measured in WordNet, e.g.
xi = Specificity(wi), we define the quality of the
ladder as:

Quality(X) = personr(X,N)

where N = {1, . . . , n} are the integers between 1
and n.

This Quality metric goes from -1 to 1, and it
assigns scores close to 1 to the ladders where the
words are sorted according to the Specificity mea-
sured in WordNet, 0 to those that ordered randomly
and -1 to those that have a reverse order compared
to their Specificity.

Table 2 shows an example of a ladder with the
Specificity scores for each word and the Quality of

2We release this dataset and the code used to create
it in anonymized form here https://anonymous.4open.
science/r/abstract_llm-6B9A/README.md.

https://anonymous.4open.science/r/abstract_llm-6B9A/README.md
https://anonymous.4open.science/r/abstract_llm-6B9A/README.md
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Figure 5: Boxplot of ladders Quality for all ages studied.

the ladder. In the example, the words are almost
perfectly sorted and the Quality is high, however,
there are two exceptions, object, which has a lower
Specificity than thing and should therefore come
first and rhomboid that has a lower Specificity than
rectangle and rhombus and should therefore come
before them, thus Quality is lower than 1.

4 Results

Before exploring separate sociodemographic roles,
we want to understand how well the model is able
to generate coherent and well ordered ladders, to
do this, we initially focus on the ladders generated
by the model when prompted as an expert linguist.

Figure 2 shows the distribution of Quality for all
the ladders generated by the linguist prompts, there
is a noticeable correlation between the Specificity
of the entities in the ladder and their position, show-
ing that they are well sorted. Notice how the aver-
age of 0.55 is relatively high in [−1, 1] range, indi-
cating a good degree of correlation. There are only
a few ladders that have a negative Quality index,
underlining that the model is rarely misaligned with
WordNet, and therefore general commonsense.

Looking at the distribution of the lengths of the
generated ladders, Figure 3 shows that the model
spontaneously generates ladders mostly of length
9, 10, 11 although we don’t ask for this explicitly
in the prompt.3

3Indeed, the examples we provide in Figure 1 have length
9 and 11.

Abstractness and Concreteness: can the model
generate ladders for both, abstract as well as
concrete words? To answer this question we
measure the Quality of the ladders on two sub-
sets of the Brysbaert nouns, one containing more
concrete examples and one containing more ab-
stract ones, both built using WordNet (Bolognesi
et al., 2020). Specifically, the former contains all
the synsets that have the node “physical entity” as
an ancestor, and the latter contains all the synsets
that have the node “abstraction” as an ancestor.

Figure 4 shows the box plots for ladders Quality
for the full set (green), only abstract nouns (blue),
and only concrete nouns (orange). When compared
to the full set of nouns, the Quality is higher for
the concrete nouns, which have higher median, and
lower for abstract nouns. This is coherent with
human behaviour (Mervis and Rosch, 1981).

We conducted Mann-Whitney U tests to reject
the null hypothesis that the medians of the con-
crete and abstract groups are the same. The tests
returned very low p-values (of the order of 10−80).
This finding suggests that the difference in Quality
among ladders constructed starting from abstract
and concrete prompts is reflected in the LLMs. This
is comparable to human behavior, where humans
display more difficulties in creating taxonomic re-
lations for abstract vs. concrete concepts.

5 A Multifaceted Perspective

WordNet was developed by a team of experts in
linguistics, cognitive science, and lexicography.
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(a) Child: 8 years old.
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(b) Adult: 30 years old.

6 8 10 12 14 16 18 20 22 24
Ladder Length

10
00

30
00

50
00

70
00

Nu
m

be
r o

f l
ad

de
rs

(c) Senior: 70 years old.

Figure 6: Distribution of ladders length for all nouns, for three different system prompts, (a) for a 8 years old child,
(b) for a 30 years old adult, and (c) for a 70 years old senior.

Accordingly, our previous analyses prompted the
LLM to mimic this type of speaker. We now extend
our investigation to explore how the results change
when the LLM is used to replicate the behavior of
different sociodemographic groups.

In the analyses hereby reported we manipulate
three sociodemographic factors, namely: Age, Pro-
fession, and Gender. We observe how these vari-
ables impact ladders construction.

Age: how does the age encoded in the system
prompt affect the generated ladders? When
prompting the model with different ages, we exper-
imented with a wide range of ages: 8 years old, 12,
15, 18, 22, 25, 30, 40, 50, and 70. We used a finer
categorization for younger ages and a coarser one
for older ages, based on the assumption that during
developmental and schooling years, more notice-
able changes in language use occur compared to
adulthood.

Figure 5 shows the distribution of quality of the
ladders generated by the model when prompted to
act like a person of different ages. We can see a
U-shape, where the Quality appears to be higher,
i.e., better correlated with WordNet-based Speci-
ficity, for young and old ages, while lower for ages
between 22 and 50. We can thus conclude that the
model is more aligned to WordNet when prompted
as a child or as an older person.

This finding is somewhat counterintuitive, and
we hypothesized that the model would generate
shorter ladders when prompted with a "child" or
"senior" profile, based on the idea that both these
groups might find it harder to generate longer lad-
ders. Figure 6 shows the distribution of ladders
length (number of words inserted in a ladder) for

system prompts where the age is set to 8 years
old (fig. 6a), 30 years old (fig. 6b) and 70 years
old (fig. 6c). The model tends to generate lad-
ders of length 9, 10 and 11, for all ages. Note
that we did not specify the length in the prompt,
the model spontaneously keeps the lengths in this
range. However, when prompted to mimic the be-
havior of a child or senior, ladders appear to be
shorter than when prompted to mimic the behavior
of an adult. To ensure that we are not seeing a spuri-
ous difference among different ages, we performed
a one-way ANOVA test on the ladders length for
the different ages, the test returned a p-value of the
order 10−44 indicating that the difference is signifi-
cant and the post-hoc Tukey test also returns only
significant p-values with the highest of the order of
10−10.

Profession: how strongly does encoding the job
in the system prompt affect ladders generation?
To investigate the effect of different expertise, we
compare prompts that ask to act like a person with
a specific job. We use the following jobs, all in-
volving intellectual work: linguist, poet, teacher,
writer, researcher.

Figure 7 shows the box plots of the ladders Qual-
ity for each job. Interestingly, the two roles involv-
ing more creative work (poet and writer) are the
ones with the lower Quality, while the more ana-
lytical roles, i.e. linguist, researcher and teacher,
have higher Quality. These results are coherent
with WordNet systematicity, favoring more analyti-
cal writing, and also with the inherent fuzziness of
the concept of specificity which becomes harder to
understand when used in more creative writing.

To test the significance of the differences among
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(a) Boxplot of ladders concreteness for all jobs studied.
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Figure 7: Study of the Quality distribution for all the jobs studied. In (a) the boxplot of the Quality for each job and
in (b) a heatmap reporting the p-values for pairwise Mann-Whitney U tests (the * indicates p-values lower than
0.05).

the distributions, we performed pairwise Mann-
Whitney U tests (McKnight and Najab, 2010)
among the ladders of each pair of prompts. This
test determines whether two distributions are the
same or not. In our case, when given two sets of
ladders, we aim to answer the question: "Do these
two sets of ladders reflect an equal ability to under-
stand the concepts of specificity?" Performing the
Mann-Whitney U test between the characteristics
of two sets of ladders generated from different sys-
tem prompts allows us to address this question. We
also apply the Bonferroni correction (Dunn, 1961)
to adjust for multiple comparisons.

Through this approach we want to understand
if prompting the model to behave according to dif-
ferent sociodemographic classes generates signifi-
cantly different ladders and what type of sociode-
mographic profile approximates the word speci-
ficity encoded in WordNet.

Figure 7b shows the p-values for the Mann-
Whitney U tests. The only non-significant p-value
(above 0.05 after applying Bonferroni correction)
relates to the comparison between Linguist and Re-
searcher, which are interestingly very close types
of profession, with the profile "Teacher" being as-
sociated with the highest ladders Quality.

Gender: how strongly does encoding gender in
the system prompt affect ladders generation?
To understand how gender affects the Quality of

the generated ladders, we had the model generate
responses using the same prompts as for age, with
an added description of the character as either fe-
male or male. For example, we used “boy/girl”
for younger ages, “man/woman” for middle ages,
and “male/female” for older ages. We compared
all the ladders generated across all ages. Simi-
larly to how we compared different jobs, we used a
Mann-Whitney U test with Bonferroni correction
to determine whether adding different genders to
the system prompts affects the generated ladders.

Figure 8 shows the pairwise p-values for the
Mann-Whitney U tests of the null hypothesis that
the distribution of qualities is the same between
pairs of system prompts. The squares marked with
an asterisk indicate that the null hypothesis is re-
jected, meaning there is a significant difference
between the distributions of the two groups. While
this is true for most comparisons, there are interest-
ing exceptions.

Most notably, male and female ladders generated
at the same ages are not significantly different from
each other, this is shown in the upper diagonal
starting at the intersection between the rows "8
female" and "8 male" and marking all intersections
between prompts with the same age, showing that
gender alone does not change the overall ability of
the model to generate coherent ladders. 4

4We made the same test also for the specification of jobs
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Figure 8: P-values for the Mann Withney U tests to
measure if the distribution of qualities is significantly
different across prompts, the * indicates p-values below
0.05 (The heatmap uses log-scale for more understand-
able coloring, while * are based on the actual p-values).

Figure 8 also reveals that the “U - shape” shown
in Figure 5, indicating how the higher Quality is
seen for younger and older ages, appears even if
we are diversifying by gender. Indeed, we see that
outside the upper diagonal the only non significant
p-values are of the kind younger female or male
against older female or male. Indicating a degree
of similarity between the qualities of younger and
older characters.

Note that the high number of significant tests
(even when using Bonferroni correction) is reason-
able given the large sample size of the populations
(of ladders) we are comparing, returning small p-
values also with small distribution shifts.

6 Discussion and Conclusions

This study is focused on the ability of Large Lan-
guage Models (LLMs) to replicate the hierarchical
structure of word meaning representations found
in WordNet and summarized in the semantic re-
lation IS-A. This relation connects more specific
terms (hyponyms) to more general categories (hy-
pernyms). We explored to what extent do LLMs
are able to reproduce this paradigmatic semantic
relation, and in particular their ability to do so for
concrete and for abstract concepts. Moreover, we

and we obtained the same result, i.e., gender specification has
no significant impact in the characteristics of the generated
ladders.

explored how different sociodemographic profiles
prompted to the LLM approximate the categoriza-
tions encoded in WordNet.

We can summarize the main results as follows:

• LLMs overall replicate humans’ difficulties
in constructing word taxonomies for abstract
concepts compared to concrete ones.

• When prompted to impersonate different jobs
LLM generate significantly different ladders
resulting in varying Quality. More analytical
jobs generate ladders that are more aligned
with WordNet, while more creative roles gen-
erate ladders with lower Quality;

• Age plays a relevant role when prompting
LLMs to use their understanding of specific
and generic concepts and we identify a "U -
pattern" where younger and older ages result
in higher Quality, we speculate this is due to
simpler ladders that are more easily aligned
with WordNet architecture;

• Gender does not play a major role in the gener-
ation of ladders, since adding male or female
attributes to the prompts doesn’t significantly
affect the Quality of ladders.

We also acknowledge the main limitations of this
study: 1. While we compared the ladders generated
by the LLM to those from WordNet, we are unable
to make direct comparisons with human-generated
ladders due to the absence of such data; 2. Al-
though we tested several system prompts, there is
potential for further exploration with more complex
and diverse sociodemographic profiles. We plan to
address all these points in future research.

In conclusion, this study sheds light on our un-
derstanding of both the capabilities and limitations
of Large Language Models (LLMs) in categorizing
and abstracting knowledge based on semantic lexi-
cal relations. By analyzing the ability of LLMs to
generate word ladders that mirror WordNet’s IS-A
hierarchies, the research helps us understand how
these models handle complex semantic structures.

The findings will not only help identify where
LLMs excel or fall short in replicating human-like
categorization but also highlight the nuanced chal-
lenges they face, particularly in distinguishing be-
tween concrete and abstract concepts.
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A Prompts

Table 3 shows that full list of prompts used to generate the ladders.

Generic Prompts
You are a child of 3 years old learning about the world.
You are a child of 5 years old learning about the world.
You are a child of 8 years old learning in elementary school.
You are a child of 12 years old learning in middle school.
You are a teenager of 15 years old learning in high school.
You are a teenager of 18 years old learning in college.
You are a young adult of 22 years old learning in university.
You are a young adult of 25 years old learning in graduate school.
You are a young adult of 30 yearnewpages old learning in a professional setting.
You are a middle-aged adult of 40 years old learning in a professional setting.
You are a middle-aged adult of 50 years old working in a professional setting.
You are a middle-aged adult of 60 years old working in a professional setting.
You are a senior of 70 years old who is now retired.

You are a teacher explaining the concept of abstraction and concreteness to a class of 5th grade students.
You are a researcher studying the concept of abstraction and concreteness in language.
You are an expert linguist analysing the abstraction and concreteness of words.

You are a poet trying to find the perfect words to describe a feeling.
You are a writer trying to find the perfect words to describe a scene.

Female Prompts
You are a girl of 3 years old learning about the world.
You are a girl of 5 years old learning about the world.
You are a girl of 8 years old learning in elementary school.
You are a girl of 12 years old learning in middle school.
You are a female teenager of 15 years old learning in high school.
You are a female teenager of 18 years old learning in college.
You are a young woman of 22 years old learning in university.
You are a young woman of 25 years old learning in graduate school.
You are a young woman of 30 years old learning in a professional setting.
You are a middle-aged woman of 40 years old learning in a professional setting.
You are a middle-aged woman of 50 years old working in a professional setting.
You are a middle-aged woman of 60 years old working in a professional setting.
You are a senior woman of 70 years old who is now retired.

You are a female teacher explaining the concept of abstraction and concreteness to a class of 5th grade
students.
You are a female researcher studying the concept of abstraction and concreteness in language.
You are a female expert linguist analysing the abstraction and concreteness of words.



You are a female poet trying to find the perfect words to describe a feeling.
You are a female writer trying to find the perfect words to describe a scene.

Male Prompts
You are a boy of 3 years old learning about the world.
You are a boy of 5 years old learning about the world.
You are a boy of 8 years old learning in elementary school.
You are a boy of 12 years old learning in middle school.
You are a male teenager of 15 years old learning in high school.
You are a male teenager of 18 years old learning in college.
You are a young man of 22 years old learning in university.
You are a young man of 25 years old learning in graduate school.
You are a young man of 30 years old learning in a professional setting.
You are a middle-aged man of 40 years old learning in a professional setting.
You are a middle-aged man of 50 years old working in a professional setting.
You are a middle-aged man of 60 years old working in a professional setting.
You are a senior man of 70 years old who is now retired.

You are a male teacher explaining the concept of abstraction and concreteness to a class of 5th grade
students.
You are a male researcher studying the concept of abstraction and concreteness in language.
You are a male expert linguist analysing the abstraction and concreteness of words.

You are a male poet trying to find the perfect words to describe a feeling.
You are a male writer trying to find the perfect words to describe a scene.

Table 3: Prompts used to generate the ladders.
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Figure 9: Ladder length distribution for all ages tested.
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