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Abstract

Freestanding sculpture can be scored for abstraction using order scales such as the 3-rank
'realistic,' 'mixed,' and 'abstract.’ Subjective but invaluable, the ranks support ordering but
not arithmetic. Numeric limitations can be addressed via information-theoretic metrics that
measure collective uncertainty about a sculpture; to this end 60 participants view 25 images
of sculpture via an internet questionnaire. They (i) score each depicted object and (ii) type a
caption stating what impression the object evokes. Captions for the image are simplified to
their English simple subject, sorted into classification categories and counted. A metric
converts an image's categories and counts into viewers' uncertainty. The investigation
examines 4-rank and 5-rank scales plus metrics CC (category count), H (entropy) and EC =

2 (equalized category count). Medians of scores or uncertainties reduce variability as
appropriate.

Comparisons of scores versus uncertainties show the two generally correlate well. Results
also highlight inherent design tradeoffs.  Scale/metric pairings affect both ranks (which
should be statistically distinct) and rank/uncertainty correlations. Two good combinations
are [4-rank; median CC] and [5-rank; median EC]. = Metric CC is easy to compute and
correlates slightly better than EC, although the latter supports five evenly separated ranks.
Shifting focus to image scatterplots, the pair [4-rank median score; CC] yields a very strong
correlation.  Once uncertainties are linked to ranks to “calibrate” them, one gets a
quantitative sense of the rank order scale. The augmented framework offers the speed and
ease of scoring along with valid numeric estimates of uncertainty unavailable from ranks
alone.

Keywords: abstraction level; measurement; metrics; quantitative; sculpture; subjective
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1. Introduction

All art involves some degree of abstraction (Zimmer, 2003), but most artworks are not
completely abstract. How abstract are they? Viewers reliably make group estimates of
abstraction levels. This investigation examines these estimates through the lens of
information theory and its metrics, the idea being to correlate subjective group estimates
with more objective statistical measures. To do this it is necessary to restrict the scope of
study to something manageable. The chosen art subfield comprises sculptural objects,
freestanding 3-dimensional pieces such as A. Rodin's '"The Thinker' or B. Hepworth's
'Pelagos'.

Abstraction and Sculpture

Abstract or non-representational sculpture arose early in the twentieth century. Rodin had
freed sculpture from architecture, but Brancusi and admirers of Cezanne would take it into
realms of the non-representational (Read, 1964; Curtis, 1999). Advance was rapid.
Brancusi sculpted his semi-abstract "The Kiss' in 1907 and a more abstract "Two Penguins' in
1911-14. By 1928 his 'Bird in Space' series (1923- ) had famously clashed with the US
Customs Service (Brancusi, 1928). In 1914, Picasso constructed a cubist 'Still Life'
(Tucker, 1974). V. Tatlin, inspired by a 1913 visit to Picasso, initiated what became
Russian Constructivism (~1915-1930), a major art movement that spread sculptural
abstraction internationally (Lucie-Smith, 1987; Curtis, 1999).

Sculptural Objects

Sculptures in the first half of the twentieth century were mostly objects (see the illustrations
in Read's (1964) book, Modern Sculpture). The 1960s saw sculptors increasingly
emphasizing audience encounters: installations; performances; light or sound shows
(Causey, 1999). Sculptor/theorist Robert Morris wrote in 1966 that ... The object is but one
of the terms in the newer aesthetic” (Moszynska, 2013, p. 9). Clement Greenberg objected,
but Morris's remark prevailed ( Idem., p. 12). A widely-read essay by Rosalind Krauss
(1979) proposed what, beyond objects, post-modern sculpture might entail. Yet forty-five
years later, sculptural objects remain popular and enjoy an expanded presence. For
example, contemporary artist Alice Aycock (1946-) may appropriate floor, walls and ceiling
for an installation. At other times she reifies a weather model as a huge, freestanding
tornado-like object. Regarding a wider presence, N. Atkinson (2015) remarks in Craft for a
Modern World that contemporary museum-level craft objects need no longer be tightly
focused on immaculate craftsmanship. Many craftworks today evoke a rich variety of
distinct associations characteristic of the abstract sculpture they are.

Public Response
Public appreciation of art—especially abstract works—is never guaranteed (Pelowski, et al.,
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2017). A fraction of any population will likely not value abstract art (Wilson, A.S. and
Cupchik, G. (1992)). Nonetheless, Gortais (2003) envisions back-and-forth interactions
between an artistic formulation and the public, so ““..Perhaps the work of art will enable the
public to enjoy, in turn, a subjective artistic experience.” Ideally, this dialog evolves
positively over time. But not always: R. Hughes (1988) relates how sculptor R. Serra and
the NYC public got radically out of synchronization over his immense outdoor sculpture,
Tilted Arc. Viewers participating in this study are no different, even though their
educational cross section mirrors prosperous areas of the US or Canada. Forty percent
report “usually” or “always” disliking abstract sculpture. As discussed later, dislikers cause
no problem in this investigation, but they constitute a factor worth considering in experiment
design.

Measurements, Technology, Models

Data in this study come from an internet group completing a questionnaire. Participants
evaluate images of sculptures. Empirical studies of aesthetics go back at least to G. Fechner
(1801-1887), who stressed experiments and developed techniques for measuring aesthetic
preference. Methods herein—rank selection (choice) and typed response (production)—
echo Fechner. In the mid 1950s Daniel Berlyne began efforts that would reinvigorate
experimental aesthetics. In roughly the same period, Gestalt psychologist Rudolf Arnheim
published his influential A7t and Visual Perception (Zimmer, 2003). Technology too was
improving—rapidly. The advent of mini-computers, e.g., PDP-8 in 1965, enabled academic
groups to conduct human performance experiments under flexible yet precise computer
control. More recently, computers have provided fast internet service, medical imaging and
crowdsourcing; all these expand possibilities for aesthetic experiments.

A viewer/artwork model often accompanies an aesthetic experiment. Takahashi (1995)
distinguishes two approaches. The first focuses on the art object, seeking to identify visual
factors that influence aesthetic judgments. For example, Cotter, et al. (2017) show viewers
preferring curvature to angularity. The second emphasizes that “...what we know routinely
influences what we see...” (Luypan, 2017). Verbal cues suggest cognition affects art
perception, although distinct participant backgrounds yield different results (Ibid.). These
points are valuable, but discussion here focuses primarily on correlations between responses
(subjective and objective). Nonetheless, participants—as generators of responses—cannot
be factored out. Informal perspectives of viewer-artwork interactions are useful later, when
reflecting on what has been observed.

An Abstraction Framework

The continuum of abstraction, an ordered progression of ranks, occupies a pedagogical and
conceptual role within fine art (Davidson 1985; Ocvirk, et al. 2006). Realistic art objects sit
at one end with highly abstract, non-representational works at the other. The simple
continuum framework adapts well. For example, Pihko, et al. (2011) place artworks into a
hierarchical table whose five classification ranks range from I (most representational) to

V (extremely abstract), whereas Uusitalo, et al. (2012) choose a nine-point (1—9) scale. In
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all cases, viewers score artworks subjectively (Jamieson, 2004).

Any improvement to the continuum would sharpen insights for inquiries such as, “What do
viewers' perceived levels of abstraction signify?” and “Beyond an ordering, how do
abstraction levels relate?” These questions have implications for design:

“How can the theory and techniques of traditional visual arts help beautify modern
technology outputs and products and enhance their usability?” (Zhang et al. 2012)

Knowing ambiguity levels along the continuum would help. The hypothesis here is that
abstraction scores and viewers' collective uncertainty (ambiguity) about an artwork
correlate. Since uncertainty is measurable statistically, this linkage could add quantitative
attributes to the continuum.

But how are viewers' collective uncertainties captured? Wilson (2012) classifies and tallies
participants' single-word responses to stimulus images (photomicrographs of stained cells).
Each image becomes characterized by its partition P, a ensemble of word frequencies.
Logarithms of P's largest frequencies determine printed sizes of corresponding words in the
image's “word cloud,” a visual summary of viewers' impressions.

The approach here builds on Wilson's, although each participant responds twice to an
artwork image: (1) a subjective abstraction score '1' to '5'; (2) a short typed caption that is
first simplified, then classified and tallied in the image's partition, P. Word captions are
central to the approach—their variety reflects uncertainty among participants about what a
work evokes (Wilson 2012; Sidhu, et al. 2018; Uusitalo 2012; Lyssenko 2016). The
artwork may itself be multi-representational, which further increases response variability
(Tormey and Tormey, 1983). In lieu of Wilson's sized-word visual cloud for assessing an
image, several information-theoretic metrics applied to P give distinct—but related—
uncertainty measurements. Uncertainties and scores are then compared.

2. Materials and Methods

Images

Digital Library's JStor/ArtStor archive provide a starter set of 57 digital images of
sculptures. (Note: ArtStor is now folded into JStor. See Appendix B for artwork titles and
alternative sources. JStor links allow thumbnail views for everyone.) Image sizes range
circa 750x550 to 1500x900 pixels, which display clearly on monitors and laptops. Depicted
sculptures show no noticeably degraded workmanship. With one exception, the works date
from 1860 to the present—modern and contemporary art periods. All sculptors have
national or international standings.

Images are screened to meet a project requirement that each photograph clearly emphasize
its art object (Hayn-Leichsenring, 2017). Professional digital photographs of sculptures
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from museums work well: Most are clear and carefully composed against neutral
backgrounds (cf. Fig 1). To encourage seeing the works as single objects, image selection
excludes multi-element sculptures such as Remington's “Coming through the Rye” or
Hepworth's “Four Figures Waiting.” Images of art installations are also barred.

Participants

Sixty US adults participated interactively via Amazon's service MTurk (Mechanical Turk).
All participants held MTurk's Master qualification for reliable performance: Loepp and
Kelly (2020) recommend this to promote sample quality. Additionally, participants had to
have successfully completed at least 95% of their previous MTurk tasks. MTurk on-line
documentation for working with Google Forms (the questionnaire vehicle) suggested
collecting participants' MTurk Worker ID (anon., 2017). This discouraged retaking the
questionnaire. There were no ID repetitions. Participants were asked no other control
information (Agley, 2022).

Self-identified genders were 30 male, 29 female and one other. Ages ranged from 24 to 68
years old. The age median was 38.5 years, the mean, 41.8. Thirty-five percent of the group
(21 respondents), held a 4-year college degree or equivalent. Thirty percent (18) declared
little or no formal training beyond high school. Another 25% (15) held 2-yr. associate
degrees, multi-year apprenticeship certificates, etc. Ten percent (6) had graduate or
professional degrees. Asked how many art exhibits (in libraries, fairs, galleries, museums,
artists' studios, etc.) they visited in an average year before Covid-19, 75% said one or two,
20% none and 5%, 3-8. At the questionnaire exit participants were asked: “Having viewed
25 images, would you say you like abstraction in sculpture?”” They responded: 43.3%
(26)--often, but not always; 33.3% (20)--sometimes, but often not; 16.7% (10)--yes; 6.7%
(4)--no. All participants agreed that their (anonymous) responses could be shared with
others.

Experimental Procedure

The set of images should represent ranks of the continuum as uniformly as possible. For
this, one pretests and culls a deliberately oversized starting set. Five local participants who
did not take the main questionnaire each scored the 57 initial images for abstraction using
ordered ranks of '1' (realistic) to '5' (abstract). The median score for each image placed it in
one of five ranks. From the ten to 14 images in each rank, five were then randomly selected
to build a final set of 25. Because scores were later redetermined in the main questionnaire,
one had to settle for likely having improved coverage. Final image rankings appear in
Appendix B. It is important that the number of test images (25) be large enough to establish
rank correlation confidences for image median scores vs. uncertainties. A later section,
Artwork-Centered Statistics, discusses this.

To help participants adjust to scoring images with the '1'-'5' scale, the questionnaire provided
three example image rankings from the culled images. Scores were defined as:
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1-realistic (a detailed, consistent representation of the world)
2-tending realistic (less reliable detail than #1)

3-mixed (the topic may be hidden somewhat)

4-tending abstract (non-representational elements dominate)
5-abstract (truly non-representational; nothing familiar)

As further help, an abbreviated scale repeated beneath every test image. No information on
artist, title or year of creation was shown (Franklin, et al. 1995). Five extra internet
participants, paid $5, established timing estimates and confirmed workability of the final
design. Self-paced, the questionnaire was made available across the USA during a two-
hour weekday period starting at 10:30am EST. Average completion time was under 23
minutes and participants earned $6. There were no collection problems and all responses
were useable. The questionnaire presented each participant 25 images in random order.
Sixty participants (a) scored each depicted work 'l'to 'S' and (b) typed a caption of 36 or
fewer characters describing whatever impression the image evoked for them. They did not
have to identify anything, although many did. This yielded 1500 (score, caption) pairs for
analysis.

Metrics, Classifications and Analysis

CC is a simple, robust metric that ignores partition frequencies. It simply counts categories,
1.e., different caption types . This lends it an ease of application, e.g., CC works even when
limited participation render frequency data incomplete or suspect. CC's quick and intuitive
nature renders it well-suited for demonstrations. Expect CC to be higher than a weighted
category count (EC, below).

Metric ensemble entropy H (Shannon, 1949) assumes P has representative frequencies from
adequate sampling. Because H uses partition information fully, it enjoys another form of
robustness. Any misclassified caption is discounted in H(P) calculations because the
caption will have a low frequency weight. However, H is not intuitive within an art
community more attuned to visions of ruin associated with physical entropy. Observe that
Shannon's H is the root formulation from which physical entropy derives ( E.T. Jaynes,
1957).

The third metric, EC = 2H(P)_ melds CC'’s intuitive counting with H's weighted categories.
Imagine a new partition, P*, with 2/(P) categories such that H(P*) = H(P); this holds only
when all category frequencies of P* are equal. EC thus converts P into P*, with its
categories 'equalized' for counting. Comparisons using EC are as straightforward as with
CC: Tt is one partition’s EC versus anothers. Ideally, EC 's frequencies offer more balanced
comparisons (infrequent captions can distort CC). Note that EC(P) = 2H®) < CC(P), since
P* is the partition of fewest categories having entropy H(P).
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The MTurk + Google Forms combination returns questionnaire results via one large table.
Editor and spreadsheet operations suffice for classifying captions. Captions are reduced to
English grammar simple subjects via inspection and text editing. Expletives, exclamations
and the like are taken literally, as long character strings (see Appendix A). Reduced
captions for an image are then sorted into partition categories where they are counted. An
optional step taken prior to removing labels merges categories via tailored label-equivalence
rules such as cat = feline. Overall, the classification scheme is designed to be (i) simple, (ii)
transparent, (iii) modular and (iv) reproducible.

Each image i is described by 60 scores and a partition of frequencies, Pi. Together they form
a set, {(score, Pi)}, of 60 intermediate data pairs. Given 25 images, there are 60 x 25 = 1500
intermediate pairs. A metric M (= CC, H or EC) is then applied to all intermediate pairs,
converting them to a dataset of 1500 x-y points, {(score, M(P))}. M can be one of three
different operators, so there are three datasets.

3. Results

Image scores are first checked as to whether, for each image, participant-assigned scores are
similar (cluster together) or scatter haphazardly over the '1' to '5' scale. Clustering indicates
some overall participant consonance in determining scores. Assessed by an intraclass
correlation test (ICC), viewer scoring performance is “moderate/good,” with consistency =
0.73 and agreement = (.72.

A Score-Focused Perspective.

The datasets display well in the cartesian format of Figs 2-5, which help screen for
scoring/metric combinations. The several Box plots in each figure summarize image
uncertainty measurements (y axis) for the five ordered ranks ( 'l-realistic' to 'S-abstract' on
the x-axis), the exception being composite rank 2-3' in Fig 3, discussed below. The plots
show quartile confidence intervals. Widths for plotted boxes are proportional to the square
root of the number of responses, which are 306 ('1-realistic'), 273 ('2-tending realistic'), 253
('3-mixed'), 289 ('4-tending abstract') and 379 ('5-abstract'). Two inner quartile boxes
delineate the central half and show the median. Each side notch indicates roughly a 95%
confidence interval. Since notches in the figures do not overlap, all medians are likely
distinct (McGill, 1978). Whiskers indicate data extremes.

/Figures 2 and 3 about here/

Fig 2 depicts Box plots for metric M = CC. A Spearman rank correlation for this dataset is
rho = (.698)[1500], p < 2.2e-16, which has a rule-of-thumb interpretation of
“moderate/strong.” Medians for CC show a strictly monotone relation with scores, although
median confidence limits are just barely separated for ranks '2' and '3'. Merging '2' and '3’
for a 4-rank scale improves separation in Fig 3 but costs an abstraction rank. Rho is
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essentially unchanged, dropping a tick to (.696)[1500], p < 2.2e-16.

Metric H in Fig 4 uses all frequency information. The scale is 5-rank. H median separations
are good, but overall, rho declines mildly: (.658)[1500], p <2.2e-16. The correlation is
“moderate.” EC =2H (Fig 5) also separates medians better than CC. Because EC is a
strictly monotone transformation of H, its Spearman rank correlation is also .658. (Not
shown: For both H and EC, merging scores '2-3' for a 4-rank scale causes a tiny decrement;
rho = (.656)[1500], p <2.2e-16.) Figs 2-5 demonstrate a positive correlation between raw
scores and median uncertainties.

/Figures 4 and 5 about here/

Median uncertainties quantify ranks of the continuum. Take for example Fig 5, which
shows an invertible relationship between median EC (denoted EC ) and scores. EC in Fig 5
is 3.74 ('1-realistic'), 11.36 ('2-tending real'), 14.30 ('3-mixed'), 18.36 ('4-tending abst.") and
23.34 ('5-abstract'); units are equalized categories. The values encourage quantitative
comparisons among continuum ranks, e.g.: uncertainty £C varies by a factor of 6.2 across
the five ranks; moving from rank '4' to '2' cuts EC by 40%; ambiguity for rank '5' is
considerable (23.3). These statements about ambiguity (uncertainty) provide tangible facts
not available from rank descriptions. As always, such measurements reflect scoring, metric,
classification and participants.

Artwork-Centered Statistics

Partitions and metrics certainly generate a miscellany of information about individual
sculptures. Moloy-Nagy's abstract work Nickel Construction (1921) has CC = 48 (EC =
43.8); it is very ambiguous (see Fig 1, #5). Opposite on the continuum, Rosa Bonheur's
realistic Lion (1880) has a low CC = 7, with 50 (out of 60) captions classified in category
lion (Fig 1, #1).

/Figure 6 about here/

A succinct overview of images is available from scatterplots of image median scores versus
an uncertainty metric. Using median scores reduces variation and dataset pairs drop from
1500 to 25. The dataset is small but a Stuart-Kendall tau-c rank correlation works well (see
Bonett and Wright (2000), Table 1, etc. for details). Results for H and EC will again be the
same, so they are reported together:

scoring (median)

metric 4-rank  5-rank
CcC 811 768
EC/H 730 720
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Figs 6 displays the 25 test images using a (merged)" "2-3' rank that worked well earlier with
metric CC (cf. Fig 3). Correlation is “very strong” (tau-c = (.81)[25], p —1.47 e-06,
CI=[.66-.96] a=.01). Data pair ties limit getting exact p-values; a is from Table 1 in Bonett

and Wright (2000). Since 5-rank scoring worked well earlier with EC (Fig 5), Fig 7 follows
suit with these two common choices. Tau-c is (.72)[25], p = 8 ¢-06, CI=[.58-.88] a =.05.

Discussion

Rank Order Scales and Uncertainty Metrics

Choice of an uncertainty metric—an evaluation measure—affects how scorings are assessed.
One should select a ranking scale in conjunction with the desired metric (or visa versa): For
example, when diminished scoring resolution is tolerable, 4-rank/CC (Fig 3) is a very good
pairing. On the other hand, the combination 5-rank/EC (Fig 5) makes scoring ranks look
especially “linear” vis-a-vis uncertainty. Shifting to (scatterplot) comparisons of art images
via their median scores and uncertainties, metric EC rates well-enough, but it is dominated
by CC. H, a popular but non-linear metric (Zhao and Zhu, 2013; Wang, et al., 2023), gives a
less attractive plot of the images. (Jost (2006) suggests H is not always appropriate.) Test
before deploying any score/metric combination in actual trials.

The uncertainty of images at higher ranks (4-5) may pose a challenge for the usual
scatterplot. Many sculpture pieces are so non-representational that their simplified captions
could almost be random selections from a dictionary; as participation increases, so too will
the associated uncertainties. This may warrant normalizing uncertainties by the number of
participants (for metrics CC, EC) or logarithm of that number (metric H).

“Dislikers”
The Introduction alludes to tensions between art abstraction and the public (Wilson and
Cupchhik, 1992). Surprisingly, although a plurality of our MTurk participants usually
dislike abstraction, their responses warrant no special treatment. This contrasts with Wang,
et al. (2023), where abstraction rankings emerge only after MTurk “dislikers” are identified
(their Figure 7). The authors suggest, “aesthetic preferences may be influenced by the level
of engagement, and ambiguous artworks generally require higher engagement ... design
choices may make a big difference...” Results here support these remarks anecdotally,
although Wang, et al. have a considerably more ambitious agenda incorporating several
tasks. Our questionnaire/task involves factors that may affect engagement positively:

1. Clear images
Responses are viewer impressions
Self-pacing (Wang, et al. mention time as a factor)
Real artwork (sculptors fashion their works, likable or not, to engage)
Pretesting for acceptability (e.g., shortened—to forestall viewer tedium)
Serious respondents (via stiff participant requirements for diligence)

AN
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In any case, a third of participants have used an optional comment field to describe our task:
'fun;' 'interesting;' 'excellent;' 'made me think;' 'enjoyable;' etc. One participant extolled,
“This was a super fun task and well designed. Definitely a nice break from the typical
studies.” That said, controlling for MTurk “typical studies” could prove challenging.

Interesting Outliers

Outliers present opportunities to check on task mechanisms. Consider two image outliers in
Fig 7. Magquette for Radio-Announcer (1922?7)—Fig 7, upper center—has familiar elements;
megaphones, parts of a folding stool? child's alphabet block, etc. Its median score is a
midrange '3' even though EC = 34.81 indicates considerable caption variety. Do
Magquette's everyday elements cause participants to score it lower subjectively than its
captions indicate? A milder, complementary example is Hare's Magician's Game (1944).
Gestalt of Game (Fig 7, lower right) is a table, desk or chair for 31 of 60 responses (EC is
only 12.68). Still, its many mysterious elements may explain a high median score of 'S.’
Participants' subjective scorings for both works apparently favor elements over gestalt. A
revised questionnaire might investigate this by splitting subjective assessments into two
factors, elements and gestalt, each scored separately for abstraction.

/Figure 7 hereabout/

Rules

Categories are established via simple sorting. Optional equivalence rules can then aggregate
categories signifying the same thing within a context set by a specific artwork. Synonyms
present opportunities to merge category tags. Other word relations, such as metonymy, work
as well. Consider rule crown = king. Merging categories (crown, freq.:13) and (king, freq.:
9) yields (crown OR king, freq.: 22). An example rule set, for Chamberlain's Essex (1960),
is car = automobile, debris = garbage = junk, dump = junkyard = landfill, heap = pile, and
jumble = tangle. To demonstrate the effect on partitions, Fig 8 plots the 25 works in black
after applying (their 25 optional) rule sets (Fig 7 repeats in light red to highlight changes).
EC for Essex drops from 19.69 categories to 12.68. Other artworks are less affected by their
tag equivalences. Merging categories will diminish ambiguity, so the scatterplot shifts
lower on the y-axis. Rule sets have one considerable drawback—they are much more
subjective than simple label sorting.

New Metrics

Klutsis' Magquette serves to illustrate a partition's utility and strength in supporting
quantitative metrics beyond the three already covered. It is often remarked of abstract
artwork that no one agrees on what is represented. However, partition P contains
information that can quantify viewers' level of consensus. Let the specific question be:
What prospects do gallery patrons A and B have of agreeing on a representation for
Magquette? Patron A imagines a caption that fits into category i of P. This event has a
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chance = fi/n, where fi is the frequency for category i and n denotes number of participants.
Patron B also imagines a caption. For A and B to agree, both captions must fall into
category i—an event chance of (fi/n)?. Sum (fi/n)? over all i, since concurrence may occur
with any category. Maquette's caption partitionis P = (5, 4,4, 3,3, 2,2, 2, 2, 2, 1,..etc.).
Category labels for P suggest rules speaker = loudspeaker; sign = road sign, megaphone =
horn. This gives P'= (6,4, 4, 3, 3, 3, 2, 2, 2, 2, 2,1,...). Summing category chances of A
and B agreeing, (1-6° + 2-4°+ 3-32 + 5-22+ 27-1%)/(60°) = 0.039. A and B likely agree
about Magquette only 4% of the time. Evidently popular opinion on abstract art has some
basis.

6. Summary

Comparisons of subjective abstraction scores vis-a-vis more objective “caption-based”
uncertainty (ambiguity) measurements show the two are correlated. Rank order scales are
quite good—they have served for years in estimating abstraction levels—but their ranks are
sensitive to different assessments from distinct uncertainty metrics. Some combinations of
order scales and uncertainty metrics may cause ranks to blur, to be statistically
indistinguishable. Top metric performers for this study (i) count distinct types of captions
assigned to a work, or (ii) adjust type counts by rebalancing for multiple occurrences. Once
uncertainties are linked to ranks to “calibrate” the latter, one has a quantitative sense of how
ranks compare. This arrangement offers the speed and ease of scoring along with valid
numeric estimates unavailable from ranks alone.
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Glossary

CC, category count
Metric CC(P) counts caption varieties (categories) of an image's partition P.
Sometimes called a species count.

EC, equalized category count,
is an uncertainty metric 2H® that counts categories of an idealized partition P*
having all frequencies equal and H(P*) = H(P).

EC, median EC

H, ensemble (or Shannon) entropy
is an information-theoretic metric; it characterizes disorder in P in terms of binary
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digits (bits) needed, on average, to identify a partition category (Shannon and
Weaver, 1949).

M, a metric

M(P) measures ambiguity/uncertainty for P (below). M = CC, H or EC

P, partition

A list of frequencies, each of which indicates occurrences of one caption variety for
an artwork.

Appendix A: Classifying Captions by Spellings

Image captions are reduced to character string labels (tags) that denote partition categories.
Optional semantic constraints are applied after this stage.

For each caption:

1.

Ignore upper and lower case.

Identify the caption subject, e.g., “several white geese alighting on a pond” concerns
“several white geese.”

Reduce the subject to a simple subject, if this is possible (otherwise, see #3 and #4,
below). For the above, this is 'geese.’

o Treat singular and plural forms as equal, so for classification, goose = geese.

o Determine what is a single word via the Merriam-Webster (MW) on-line
dictionary/thesaurus. “Holy man”—having no MW entry—reduces to 'man.'
In contrast, 'wise man' is a MW entry and will be recorded as 'wise man,' a
category separate from 'man.' 'Junk yard' can be spell-corrected to 'junkyard'
since the latter is an entry in MW. Note that 'Canada geese' is also a MW entry
and is classified separately from 'goose.'

o QOther than singular/plural forms and spelling corrections, there are no word
equivalents. Do not use a thesaurus; for this phase, 'pupil' is not the same as
'student.' Each defines a separate category. This may seem crude but (a) it
works and (b) it supports having label/tag equivalences such as junk = trash
expressed in a separate, later phase.

o Ifthe caption is an imperative, e.g., “Spread the news,” the simple subject is
an implied 'you' that tells little. Therefore, an imperative caption is treated as
an exclamation. See #4, below.

Simplify compound subjects but keep them compound. The subject “green grapes
and red apples” becomes “apple and grape.” (Note alphabetical re-ordering for
sorting.)

Take literals, imperatives, expletives, expressions, tags and exclamations just as they
are. 'Meow meow' thus becomes a classification tag, as does '*!**!1%##.' Different
names of the same thing are distinct categories. For example, Jenga Building and
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Jenga Tower denote a structure at 56 Leonard St., NYC, but this phase does not
recognize this fact.

6. Add anew rule to this list to handle an unforeseen case, but then apply this rule to
those captions already classified that it affects.

One may contest MiriamWebster via other sources, but doing so misses the point: MW is the
selected arbiter, a standard against which others can re-check classifications.

Appendix B: Sculptural Works and their Image Sources (see page 21)

Figure Captions

Figure 1. Sculptures of Five Abstraction Ranks

Figure 2. Category Count versus Score (1500 responses)

Figure 3. Category Count versus Score, 2-3 Merged (1500 responses)
Figure 4. Entropy (base 2) versus Score (1500 responses)

Figure 5. Equalized Category Count versus Score (1500 responses)
Figure 6. Scatterplot of 25 Images: CC vs. Median Score

Figure 7. Images : EC vs. Median Score

Figure 8. Images : EC with Rules
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