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ABSTRACT
Most human societies conduct a high degree of division of labor
based on occupation. However, determining the occupational field
that should be allocated a scarce resource such as vaccine is a topic
of debate, especially considering the COVID-19 situation. Though
it is crucial that we understand and anticipate people’s judgments
on resource allocation prioritization, quantifying the concept of
occupation is a difficult task. In this study, we investigated how
well people’s judgments on vaccination prioritization for different
occupations could be modeled by quantifying their knowledge
representation of occupations as word vectors in a vector space.
The results showed that the model that quantified occupations
as word vectors indicated high out-of-sample prediction accuracy,
enabling us to explore the psychological dimension underlying the
participants’ judgments. These results indicated that using word
vectors for modeling human judgments about everyday concepts
allowed prediction of performance and understanding of judgment
mechanisms.
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1 INTRODUCTION
Human societies consist of a high degree of division of labor based
on occupation. Currently, due to the COVID-19 pandemic, just allo-
cation of a scarce resource such as vaccines has become a topic of
intense debate. Distributive justice, especially during this pandemic,
has captured attention worldwide and is universally essential as
human society continues to operate with finite resources. There-
fore, understanding and predicting people’s judgment in prioritiz-
ing resource allocation across occupations is critical. This study
attempted to predict and understand people’s judgments when allo-
cating scarce resources to people in various occupations. To achieve
this goal, we used a vector space semantic model, which enabled us
to quantify the meanings of various occupations as numeric word
vectors based on a large corpus.

Previous research on resource allocation has shown that several
types of distributional preferences exist regarding resource alloca-
tion. For example, studies in experimental economics, behavioral
economics, and social psychology have shown that the primary
factors influencing distributive judgments include inequality [1, 8],
the welfare of the worst-off [7, 9, 13], and social efficiency (the
welfare of society as a whole [6]) of resource distribution. In ad-
dition, studies in the field of political science have underscored
people’s attitudes towards resource (re)distribution, using large and
representative samples [2, 3, 17].

These studies are crucial for understanding people’s distribu-
tional judgments and decision-making. However, the literature is
not sufficient for understanding people’s distributional judgments
involving a natural concept like occupation. One of the reasons
behind this limitation is that it has been challenging to quantify
everyday concepts in modeling distributional judgments. This is
not to say that the literature does not quantify occupations. For
example, the occupational prestige score quantifies occupations.
Moreover, a database such as the Occupational Information Net-
work (O*NET) provides quantitative scores of various occupations
in terms of necessary skills, abilities, and work contexts.

Though insightful, these scores usually reflect only a tiny part
of the impressions and meanings people have about occupations.
Hence, they are not entirely suitable if we intend to predict people’s
distributional judgments regarding various occupations with high
out-of-sample accuracy rates, which requires rich knowledge rep-
resentations of occupations. To model the distributional judgments
regarding various occupations, it is necessary to quantify people’s
impressions of occupations as comprehensively as possible.

Recent research in cognitive science has successfully employed
vector space semantic models to map various judgments about ev-
eryday concepts [4, 20, 28]. Vector space semantic models exploit
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the distributional pattern of words in a large corpus to obtain a
vector representation of each word. For example, in the sentence
“Farmers have political influence,” the word “Farmers” appears in
a political context. If such sentences in which farmers appear in a
political context are frequent in a corpus, the word “farmer” has
a vector representation similar to that of other political words. In
other words, the meaning of a word depends on the context in
which the word appears (distributional hypothesis [10]). Thus, the
distributional hypothesis implies that words that occur in similar
contexts have similar meanings. Then, based on the distributional
hypothesis, it is possible to represent the meanings of words as
numeric vectors. We can use such vector representations of words
to quantify people’s knowledge representation and meaning in
words or concepts [15, 20]. We assume that distributional hypoth-
esis would imply the quantification of meaning of people’s un-
derstanding towards knowledge because text corpora can reflect
people’s language experience, and that can shape people’s semantic
judgments [28]. The current study used this vector space seman-
tic model to quantify people’s rich knowledge representation of
various occupations in numeric word vectors. We can then feed
the vector representations of each occupation into the model as an
explanatory variable.

Taking advantage of the fact that the knowledge representation
for each occupation can be quantified as a word vector, this study at-
tempted to predict vaccination priority judgment for more than 130
different occupations and understand its psychological basis. Pre-
dicting the kind of resource distribution that can be supported may
help formulate relevant social policies. Notably, we can obtain word
vectors of occupations from a corpus that already exists. Hence,
using word vectors as input variables can enable the modeling of
people’s judgments rapidly and inexpensively.

As discussed later, in this study, we used word vectors in
the framework of multiple regression analysis rather than using
prediction-specializedmethods such as deep neural networks. Using
a simpler and more interpretable model, we attempted to under-
stand the psychological underpinnings of people’s judgments.

Regarding the out-of-sample predictive accuracy of the model us-
ing the word vector representation of occupations, this study made
two predictions. First, we predicted that the mean observed rating
for vaccination priority of each occupation (measured on a Likert
scale ranging from 0 to 4) would highly correlate with the model’s
mean predicted rating. Since correlation coefficients are generally
considered high when they are above 0.5, this study set the heuristic
that if the out-of-sample correlation between the observed values
and the model predicted values were above 0.5, the model’s predic-
tion accuracy would be adequate. Accordingly, we predicted that a
model using word vectors could achieve this criterion. We acknowl-
edge that a model’s prediction accuracy sufficiently depends on how
we use the model in the real world. However, we adopted the above
criterion because the model evaluation based on real-world applica-
tions was not suitable for the current study. Second, we evaluated
the predictive performance of the word vector model by comparing
it with a benchmark model. Then, we predicted that the model us-
ing word vectors would show a higher predictive performance than
the benchmark model. Although there are several ways to set up a
benchmark model, we used a multiple regression model with three
explanatory variables as the benchmark for model comparison. As

explanatory variables, we asked participants to respond to three
items that were highly related to vaccination priority judgments.
As described in the methods section, we specifically asked each
participant three questions governed by: (1) social importance, (2)
personal importance, and (3) familiarity with each occupation. The
participants answered these questions immediately after complet-
ing the vaccine distribution priority rating for each occupation. We
compared the two models using the widely applicable information
criterion (WAIC).

2 METHODS
2.1 Participants and procedures
We recruited 250 participants through a Japanese crowdsourcing
website. Excluding 7 participants for whom complete data were not
available due to communication errors or inattention, our analyses
used 243 participants in total (136 women, 105 men, and two pre-
ferred not to specify; mean age = 40.88 years, SD = 9.86). Informed
consent was obtained from each participant before the study, using
a form approved by the ethics committee of the Graduate School of
Arts and Letters, Tohoku University. The participants responded
using their personal computers. Participants answered the question
“For the following five occupations, if certain occupations are given
priority for vaccination against novel coronavirus infections, to
what extent do you think the prioritization is justified?” by select-
ing responses on a 5-point Likert scale ranging from 0 (Should be
given the lowest priority) to 4 (Should be given the highest priority).
The five occupations presented were randomly selected for each
participant from the 132 occupations shown in Table 1. Before an-
swering this vaccination priority question, participants completed
a questionnaire that encouraged them to think specifically about
each of the five occupations (four items: average annual income,
percentage of female workers, average age of workers, and the num-
ber of acquaintances in each occupation) and played an economic
game, which we have included in a different study. At the end of the
questionnaire, participants provided demography-related details,
such as their age, gender, and occupation. Participants received 300
yen (approximately US$3) for participation.

2.2 Models and evaluation metric
As explained above, we examined how well a model using vector
representations of each occupation could predict the vaccination
priority judgment for various occupations. We obtained vector
representations of each occupation from a publicly available pre-
trainedword2vec resource, chiVe [14]. It is one of themost extensive
and publicly available Japanese pre-trained word2vec resources and
uses a high-quality corpus of the National Institute for Japanese
Language and Linguistics, which contains approximately 100 mil-
lion web pages as a training corpus. Based on previous research
[4, 28], we modeled the participants’ vaccine priority judgment yi
against occupation xi as follows.

yi = αpar ticipant [i] + wxi + εi ,

αpar ticipant [i] = αpopulation + ηpar ticipant [i]

Here, xi is the 300-dimensional vector representing occupation i ob-
tained from the pre-trained word2vec resource and an explanatory
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Table 1: A list of 132 occupations used in the study. For each participant, we presented five occupations randomly chosen out of
132 occupations as judgment targets. We selected the 132 occupations using the Japanese standard occupational classification
(2009) and the Japanese version of Wikipedia’s entry on “occupation (shokugyo ichiran)” as reference. For corresponding
Japanese words, see Table S1 provided in https://osf.io/mgpws/?view_only=16acfb4e385e4729b1239c8b8c60ddef

variable of the regression. xi j is a scalar and the value of the j-th di-
mension of occupation i, ∥xi ∥ = 1.w is a 300-dimensional vector. It
is the weight for each of the 300-dimension of xi . wxi is calculated
as the dot product between the 300-dimensional vectorsw and xi .
αpar ticipant [i] is the varying intercepts for the participants. That is,
αpar ticipant [i] is generated from a normal distribution with a mean
of αpopulation (i.e., a population average) and standard deviation,
allowing each participant to have different values in intercepts. The
errors εi and ηpar ticipant [i] have independent normal distributions
with a mean of zero and standard deviation. To avoid overfitting,
we used a prior distribution called the horseshoe prior [5] forw as
follows.

w j ∼ Normal
(
0, λjτ

)
,

λj ∼ Student t+ (3, 0, 1) ,

τ ∼ Student t+ (2, 0, 1)

Student t+(3, 0, 1) is a half-Student’s t-distribution. We used [21]
as reference for the implementation of the horseshoe prior in Rstan.
We used the half-Student’s t-distribution instead of the half-Cauchy
distribution—usually used in the horseshoe prior to allow the pa-
rameter estimation to converge.

We conducted a model comparison to test the performance of
the regression model using word vectors in terms of prediction.
Although it is difficult to set up a benchmark model with a high de-
gree of objective validity, we asked each participant three questions
that were highly related to the resource distribution judgment. We
then created a benchmark multiple regression model using these
three questions. The three questions were as follows. (1) “To what
extent do you think each occupation is necessary for the society?”
(2) “To what extent do you have a personal need for each of these
occupations?” (3) “How much do you think you know about the
work of each occupation?” In other words, these questions indicated
the social importance, personal importance, and familiarity of each
occupation, respectively. Participants answered these questions
after completing the vaccination priority judgment for each of the
five occupations. The equation of the benchmark regression model

is given by:

yi = γpar ticipant [i]

+ β1Social importancei + β2Personal importancei

+ β3Famirialityi + εi ,

γpar ticipant [i] = γpopulation + δpar ticipant [i]

γpar ticipant [i] is the varying intercept for participants. Errors εi
and δpar ticipant [i] have independent normal distributions with a
mean of 0 and standard deviation.

We calculated the leave-one-occupation-out correlation (LOOO-
correlation) between the observed and predicted values. That is, we
predicted the rating for the hold-out occupation after we trained
our model using the other 131 occupations. The model compari-
son was based on the WAIC. In addition to chiVe, Wikipedia En-
tity Vectors [24], which uses all the Japanese Wikipedia articles
as a training corpus, was used as another pre-trained word2vec
resource. We used this pre-trained resource to verify if we could
reproduce the results of our model comparison with word vectors
trained using a different corpus. We used Rstan version 2.21.2 [23]
with R version 4.1.0 [19] to fit the regression models. We used
the LOO package [25] to estimate the WAIC for model compar-
ison. R̂ statistics were below 1.1 for all models, indicating con-
vergence of model estimations. Correlation analyses were per-
formed using JASP 0.14.1 [12]. We used the sklearn version 0.24.1
[18] for k-means clustering. Data and code are available at https:
//osf.io/mgpws/?view_only=16acfb4e385e4729b1239c8b8c60ddef

3 RESULTS
3.1 Basic results
We first checked the basic results regarding the vaccination pri-
ority judgment (a 5-point Likert scale ranging from 0 to 4, with a
midpoint of 2). The mean response value was 2.03 (SD = 1.06, N
= 243 * 5 = 1215 observations). The five occupations that had the
highest priority were “doctor” (mean rating = 3.80), “nurse” (3.70),
“caregiver” (3.67), “firefighter” (3.43), and “caremanager” (3.42). Con-
versely, the occupations with the lowest five ratings were “painter
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Figure 1: Comparing observed mean ratings for each occupation against predicted values from the word vector model (panel
A) and the benchmark model (panel B). The Pearson correlations (r) are leave-one-occupation-out correlations. Each dot rep-
resents each of 132 occupations. Error bars indicate the mean 50% posterior predictive intervals.

(artist)” (0.67), “landlord” (0.75), “illustrator” (0.83), “writer” (0.86),
“idol” (i.e., pop star; 1.00), “YouTuber” (1.0), and “fortune teller” (1.0).

3.2 Predictive accuracy of the word vector
model and the benchmark model

Next, we used the LOOO-correlation and WAIC to check the ex-
tent to which the regression model with the word vectors could
predict people’s vaccination priority ratings. Figure 1A shows the
relationship between the observed response (the average rating
given by participants to each occupation) and the predicted re-
sponse by the model (the average rating given by the model to
each occupation). Each of the 132 data points in the figure repre-
sents an occupation. The observed and predicted responses were
matched for the data points on the diagonal. The LOOO-correlation
between the observed and predicted responses was r = 0.74 (95%
credible interval [0.64, 0.84]). The WAIC was 2964.1 (SE = 47.3).
These results confirmed our first prediction that the word vector
model would achieve a high out-of-sample correlation (r > 0.5) be-
tween the observed and predicted responses. Next, to evaluate the
effectiveness of the predictive power of the regression model using
the word vectors (i.e., WAIC=2964.1), we compared the predictive
performance of the word vector model with that of the benchmark
model. The benchmark model was a regression model consisting
of three variables assumed to be closely related to the rating of
the vaccination priority judgment. The three variables were (1)
social importance, (2) personal importance, and (3) familiarity as
rated by the participants for each of the five occupations. Figure
1B shows the relationship between the responses predicted by this
benchmark model and the observed responses. The correlation
(LOOO-correlation) between the observed and predicted responses
was r = 0.63 [95% CI (0.51, 0.72)]. WAIC was 3133.6 (SE = 48.9). In
terms of WAIC (2964.1 vs. 3133.6), we confirmed our prediction that

the model using the word vector of the occupations would show
better predictive power than the benchmark model.

Furthermore, we confirmed that we could reproduce the results
of the model comparison using the WAIC with word vectors ob-
tained from a different corpus. We used Wikipedia Entity Vectors
[24], which trained word vectors using the full text of Japanese
Wikipedia articles. This pre-trained resource contained 119 of the
132 occupations used for the main analyses. Using only the data for
these 119 occupations (N = 1103 observations), we found that the
WAIC of the word vector model obtained from Wikipedia Entity
word2vec resource was 2719.1 (SE = 44.6). On the other hand, the
WAIC of the benchmark model was 2873.2 (SE = 46.0; we only
estimated the WAIC rather than LOOO-correlation because the
estimation of LOOO-correlation was computationally expensive).
These results indicated that the word vector model performs bet-
ter than the benchmark model, even when using different vector
representations to quantify occupations.

3.3 Analyses of error rates
As exploratory analyses, we analyzed leave-one-occupation-out
errors (LOOO-errors) for the 132 occupations in both the word vec-
tor model and the benchmark model. We defined the LOOO-errors
for each occupation as the squared difference between the mean
observed response (the average rating given by participants to an
occupation) and the mean predicted response by the model (the
average rating given by the model to an occupation). Here, again,
prediction by the model was performed for the hold-out occupa-
tion after we trained the model using the other 131 occupations
(leave-one-occupation-out cross-validation). By comparing LOOO-
errors for each occupation between the two models, we checked
whether the judgment targets that both the word vector model and
the benchmark model failed to predict were the same. As shown
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Figure 2: Comparing LOOO-errors between the word vector
model and the benchmark model. Each dot represents each
occupation, resulting in 132 dots on the plot. Dots above the
diagonal indicate occupations that the word vector model
predicted better than the benchmark model.

in Figure 2, the correlation of the 132 LOOO-errors between the
two models was r = 0.24 [95% CI (0.07, 0.39)], which is not consid-
ered very high. In fact, in the word vector model, ten judgment
targets with the largest LOOO-errors were “fortune teller,” “shoe
store,” “railroad worker,” “scientist,” “fireman,” “YouTuber,” “doctor,”
“janitor,” “dry cleaner,” and “baker.” However, of these ten occupa-
tions, only “doctor” appeared in the ten largest LOOO-errors of the
benchmark model. These results suggest that there is a great deal
of room to investigate the conditions under which prediction by
the word vector models can be successful.

3.4 Interpretation of estimated weights of word
vector model

Finally, following a previous study [28], we investigated the psy-
chological basis of people’s judgments on vaccination priority. The
coefficient (i.e., weight) of the regression model using word vectors
w can itself be considered a 300-dimensional vector. In our model,
a word vector with a large dot product between w was associated
with high-priority judgments. In contrast, a word vector with a
small dot product betweenw was related to low-priority judgments.
For example, the dot product between “nurse vector” and w was
1.82, resulting in a high priority judgment. While the dot prod-
uct of “YouTuber vector” and w was -0.69. Most importantly, we
could compute the dot products between w and the vectors of any
word in a corpus other than the vectors of occupational words. This
meant that we could examine the words or concepts psychologically
associated with vaccination priority judgment.

From the frequency list of the Balanced Corpus of Contemporary
Written Japanese (BCCWJ, long unit, version 1.0) provided by the
National Institute for Japanese Language and Linguistics, we se-
lected 5000 most frequently used words after excluding stop words
such as particles, auxiliary verbs, adverbs, conjunctions, interjec-
tions, pronouns, adnominal adjectives, and prefixes. After removing
duplicate words, we narrowed our selection to words included in
the pre-trained word2vec resource (chiVe) we used for our main
analyses, resulting in 4,196 unique words. We then calculated the
dot product of w and each vector of the 4,196 words, resulting in
4.196 dot products. Note that the magnitude of the word vectors
of 4,196 words was normalized to one before calculating the dot
products.

The 200 words that had the highest and the lowest dot product
with w were each subjected to k-means clustering. We set the num-
ber of clusters to 10. Table 2 shows the results (for space limitations,
we show five words for each cluster). Table 2A shows that concepts
related to medicine (Cluster 2), public transportation (Cluster 5),
childcare service (Cluster 6), and administrative service (Cluster
8) might be related to the judgment dimension for most priori-
tized occupations. In contrast, Table 2B shows concepts related to
money (Cluster 1), outside (Cluster 3), and literature (Cluster 4) may
have been related to the dimension of least prioritized occupations.
These results provide insights into the psychological dimensions
underlying the participants’ vaccination priority judgments.

4 DISCUSSION
The allocation of limited resources is a crucial social decision. In
this study, we focused on the fact that many human societies con-
sist of a high degree of division of labor based on occupations and
investigated the resource allocation judgment about occupations.
Specifically, we attempted to predict how people made priority
judgments when distributing scarce resources across various occu-
pations and explored the psychological basis of these judgments.
A unique feature of this study was that we used vector representa-
tions of occupations obtained from a large corpus to quantify the
meanings of various occupations.

The analysis showed that the regression model using the word
vectors of occupations could predict people’s vaccination priority
judgment better than the benchmark model set up in this study.
We also analyzed the errors for each of the 132 occupations in the
word vector and benchmark models. We found that there was not
much overlap in the occupations that could not be predicted by
either model. Although further investigation is needed, this result
suggested that there might be positive complementary aspects to
the model using corpus data (word vector model) and the model
using participants’ responses (benchmark model). Finally, we ex-
plored the psychological bases of people’s judgments, using w—the
weight parameter of the word vector model. As a result, we found
that concepts related to medicine and public transportation may
be associated with the judgment dimension for most prioritized
occupations. In contrast, concepts related to money and literature
may be related to the dimension of least prioritized occupations.
In summary, this study showed that the word vectors representing
people’s knowledge representation about more than 130 different
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Table 2: Results of k-means clustering. Table A shows the
results of k-means clustering for words that had the 200-
highest dot products with w. We set the number of clus-
ters as 10. For space limitations, we showed five words
for each cluster. Table B represents results from the 200-
lowest words in the same way as Table A. The word “doc-
tor (isha)” is different from the word “doctor (ishi),” which
is one of the 132 occupations. For corresponding Japanese
words, see Table S2 provided in https://osf.io/mgpws/?view_
only=16acfb4e385e4729b1239c8b8c60ddef

occupations can help predict and understand their distributional
judgments.

One of the important features of the present research was the
pursuit of both prediction and understanding. For pursuing pre-
dictive performance, models such as deep neural networks were
better options; however, there are some difficulties in interpret-
ing complex models [22]. At the same time, the use of these types
of complex models usually requires large amounts of data. Thus,
we assumed that directly applying these types of models was not
suitable for the present study.

However, if the main goal was interpretation, we could have
used the same approach as the benchmark models in this study. For
example, we could examine whether the social importance of each
occupation would be positively related to the ratings of vaccination
priority judgments. This might have helped us interpret the rela-
tionship between each occupation’s social importance and priority
in vaccination. However, this approach has the disadvantage of
inadequately quantifying the diverse knowledge representations
and connotations associated with each occupation, resulting in
lower predictive performance. Our modeling approach using word
vectors showed adequately high out-of-sample predictive accuracy
by quantifying the knowledge representation of each occupation
based on the distribution patterns of occupational concepts in a

large corpus. In addition, unlike other studies using high predictive
power but too complex models, the analysis using the word vectors
in this study was only performed in the framework of multiple
regression analysis, which allowed for a straightforward interpreta-
tion of the results. Recent research in social science has examined
the importance of not only explaining or understanding, which
has been the focus of social science in the past, but also focusing
on prediction, which has been the focus of the machine learning
community [11, 26, 27]. This study showed that the word vector
model was an efficient way to achieve the right balance of both
prediction and understanding.

While we conducted the current study in May 2021, the word
vectors used for the main analyses were obtained from a corpus
from 2011–2015. This did not reflect potential changes in semantic
space caused by COVID-19, a large-scale societal-level phenomenon
occurring around early 2020. Nonetheless, our model using the
word vectors for each occupation showed relatively good predictive
accuracy in our setting, suggesting that the word-vector modeling
may be a robust approach for semantic space changes. Of course,
if an event that could completely change the correlation structure
of people’s knowledge representation of occupations occurs (e.g.,
the industrial revolution), it will be necessary to acquire word
vectors from a corpus created after the event occurred. Future
research can systematically investigate how the use of knowledge
representations from multiple corpora created at different times
affects the prediction of people’s decisions and judgments.

One clear limitation of using word vectors to predict people’s
judgments was that this approach was, currently, not well suited
for predicting individuals’ judgments and decision-making. The
pre-trained word2vec resource employed in this study used many
web pages to acquire vector representations of the words, causing
a given occupational vector to reflect the average knowledge repre-
sentation of many people (i.e., the diverse texts in the corpus) for
that occupation; heterogeneity of each participant’s knowledge rep-
resentation for a given occupation could not be considered. There-
fore, an approach such as the present one may not be sufficient for
predicting the judgments of specific individuals with high accuracy.
For example, the semantic impression of the younger and the older
generation towards occupations could differ, but the current study
cannot take this heterogeneity into account. This problem can be
solved using a corpus that reflects the knowledge representation
of a particular individual. However, such corpus is usually not ac-
cessible, and even if it is, privacy issues may arise. Research on
finer-scale predictions using word vectors is both challenging and
promising in the future.

We also acknowledge that there is still much to be clarified re-
garding the usefulness of the word vector model. To determine
how well the word vector model performs, we conducted a model
comparison using the benchmark regression analysis of three ex-
planatory variables associated with the resource distribution judg-
ment. Then, we showed that the model using word vectors was
superior to the benchmark model in terms of the WAIC. However,
we agree that there are many other possible ways to set up a bench-
mark model. More importantly, the usefulness of a model should
ultimately be evaluated by the benefits it brings to the real world.

https://osf.io/mgpws/?view_only=16acfb4e385e4729b1239c8b8c60ddef
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Therefore, in the future, it will be essential to conduct a more ob-
jective evaluation of the applicability and usefulness of the model
in the real world.

Modeling distributional judgments for everyday concepts, such
as occupation, has been difficult in the past. However, large natu-
ralistic language data have made it possible to measure the mean-
ings of various concepts and objects [16]. The present study used
knowledge representations of occupations quantified from word
distributions in a large corpus to predict and understand people’s
distributional judgments for more than 130 different occupations.
Although such an approach is still in its infancy, we believe that
modeling judgments based on the meanings of everyday concepts
quantified by word vectors is a promising way for social sciences,
including psychology, cognitive science, and cultural sociology.
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