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ABSTRACT 

Art images are characterized by affective properties that are 

rarely captured by current classification practices. We 

conducted a study to test three methods for developing 

affect descriptors for art images. The first method relied on 

affect tags derived from analysis of an image‘s subject 

matter and colors. The second method involved affect tags 

derived from analysis of a viewer‘s facial expressions of 

emotions associated with each image. The third method 

relied on affect tags assigned to an image by viewers. The 

strengths, limitations, and potential of each affect tagging 

method for art images are discussed.   

Keywords 

Art images, tag, tagging, affect, emotion, image 
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INTRODUCTION 

The growth of visual information necessitates development 

of methods for describing visual objects for effective 

access. While progress has been made in developing 

metadata schemas for visual objects (Choi & Hseih-Lee, 

2010; Hollink et al., 2004; Chen & Rasmussen, 1999; 

Jörgensen, 2003), many challenges remain, especially when 

describing art images. Art images are characterized by 

affective properties (Chupchik & Gignac, 2007; Eskine et 

al., 2012; Henrik et al., 2008) that are rarely captured by 

current classification practices. These affective properties 

have the potential to increase access to art collections and 

improve user engagement with them (Ciocca et al., 2011; 

Tschacher et al., 2012).  

We conducted a study to test three methods for developing 

affect descriptors for art images. The first method relied on 

affect tags derived from the analysis of an image‘s subject 

matter and colors. The second method involved affect tags 

derived from analysis of a viewer‘s facial expressions of 

emotions associated with each image. The third method 

relied on affect tags assigned to an image by viewers. This 

paper reviews existing methods for describing affective 

properties of art images and presents the study‘s findings. 

RELEVANT LITERATURE 

―Most artworks are explicitly created to evoke a strong 

emotional response‖ (Yanulevskaya, et al., 2012, p. 349), 

yet an emotional dimension is still largely underrepresented 

in traditional art image classifications (a comprehensive 

review of traditional trends in image classifications can be 

found in Jörgensen, 1999). 

Previous research in image classification and visual art 

suggests several directions for developing affective tags. 

One of the means of developing affect attributes involves 

analysis of an image‘s subject matter. For example, 

previous research found that positive affect is often evoked 

by ―superficial‖ subject matter such as landscapes, still-life, 

nudes, or social events (for example, Van Gogh‘s 

Landscape from Saint-Rémy, 1889; Kemp & Cupchik, 

2007, p. 75). Negative subject matter is often 

communicated in depictions of death, chaos, and generally 

more abstract works (for example, Manet‘s Execution of 

Emperor Maximilian, 1867/1868; Kemp & Cupchik, 2007, 

p. 75). The work of Shatford (1986) Armitage & Enser 

(1997) and Klavans, LaPlante, & Golbeck (2014) illustrates 

how the analysis of image subject matter can lead to the 

inclusion of affect into an abstract facet of image 

description. For example, an image of JFK‘s funeral can be 

described at a generic level as a funeral or death, at a 

specific level as JFK‘s funeral, and at an abstract level as an 

image that communicates sadness.   

Another approach in developing affect tags involves 

analysis of viewer reactions to the image. For example, 

Jörgensen (1998) identified 12 classes of art image 

attributes and grouped them into perceptual (attributes that 

can be identified by looking at an image), interpretive 

(attributes that are based on a viewer‘s opinion), and 

reactive (attributes that reflect an emotional or intellectual 

reaction of a viewer) aspects of an image. Using 

Jörgensen‘s (1998) classification, an image of JFK‘s funeral 

could have several affective tags associated with perceptual 

attributes (image of sad people), abstract concepts (death, 

sadness), and viewer responses (image evokes sad 

emotion). More recently Huang et al., (2015) proposed and 

 
{This is the space reserved for copyright notices.]  

 

ASIST 2016, October 14-18, 2016, Copenhagen, Denmark. 
 

[Author Retains Copyright.  Insert personal or institutional 

copyright notice here.] 



 

2 

 

tested a conceptual framework for indexing image 

topicality. One of the facets in Huang et al. (2015) 

classification is ―effect‖ of an image manifested in 

emotional and psychological reactions of the viewer to the 

image. For example, through analysis of art image tags 

generated by art librarians and art historians, the authors 

were able to classify the painting of A Young Woman and 

Her Little Boy (Bronzino, 1540) as cold and detached.  

In addition to describing emotions associated with the 

subject matter of an image, affective tags can be inferred 

from the visual elements used to create an image, including 

colors, lines, shapes, and textures. Yanulevskaya et al. 

(2012) classified 500 abstract paintings based on viewers‘ 

emotional responses and found that bright colors generally 

evoked positive affect, while dark colors were associated 

with negative affect. The authors also found that smooth 

lines were generally associated with positive affect while 

chaotic textures correspond to negative affect. In a similar 

work, reserved or expressive painting styles were found to 

influence viewers‘ emotions (Kemp & Cupchik, 2007). Art 

images painted in an expressive style, where shapes and 

bright colors are used to influence a viewer‘s cognitive and 

emotional response, evoked negative emotions, especially 

when the image topicality was also negative (e.g., a scene 

of death).   

Additional visual elements that are used in art images to 

evoke emotions include the facial expressions of depicted 

subjects (Erdos, 2001), use of expressive gestures 

(Gombrich, 1982), use of chorus effect expressed through 

the reactions and expressions of a crowd within the painting 

to clarify its meaning (Gombrich, 1982). Some of these 

emotionally laden elements are used in experimental 

indexing and retrieval systems. For example, the Rijks 

Affects program (Mollen, 2014) relies on an algorithmic 

classification of gender (male, female), age, mood (positive, 

negative), and facial expression (happy, sad, neutral, 

disgust, anger, fear, surprise) characteristics of a subject in 

an artwork and matches them to the same characteristics of 

a viewer, derived from a video classification of viewer‘s 

face (Figure 1).  

We designed a study to extend emergent research on 

affective dimensions of visual objects‘ classification and 

explore several types of human- and auto-generated 

affective tags for art images. 

METHODS 

In an effort to understand the quality and processes 

associated with generating various types of affect tags, we 

compared three methods for developing affect tags for art 

images. The first method relied on manual classification of 

artworks based on subject matter and color analysis. This 

―mechanical‖ method based on explicit analysis of an 

image‘s visual elements has potential to be coded into an 

algorithmic classifier of an image into an emotion category 

based on analysis of colors, lines, and other visual elements. 

However, before investing in a classifier, we were 

interested in examining the extent of which affective tags 

derived from visual elements‘ analysis relate to user-

generated tags. For example, would an image classified as 

the one that evokes ―negative‖ affect based on colors and 

subject matter analysis also evokes negative emotions in 

viewers? In order to test the quality of the first method, we 

developed a second method where we asked study 

participants to describe feelings they experienced while 

viewing study images. This approach is based on a popular 

concept of social tagging (Klavans, LaPlante, & Golbeck, 

2014; Hollink et al., 2004) and an idea that a viewer first 

perceives an artwork in its entirety before exploring its 

visual details (Arnheim, 1974). In the third method, 

affective tags were derived from analysis of facial 

expressions of emotions associated with each image. The 

affect detection approach for artwork classification was 

previously used by the Rijks Affects program (Mollen, 

2014) and can inform automated classifiers of artworks 

based on viewers‘ emotional responses (similar work on 

automatic artwork classifiers is reported in Alelis, 2013). 

 

Figure 1. Example of Rijks Affects program retrieval 
interface (adopted from Mollen, 2014) 

 

As a way of testing the quality of this method, we examined 

relationships between tags that were automatically 

generated from a viewer‘s facial reactions to artworks 

(FaceTags), the user self-generated tags (UserTags), and 

tags based on visual elements analysis (VETags).  

Image Sample and Visual Elements Classification  

A study sample was drawn from a pool of 522 digital 

images of artworks in the Dallas Museum of Art collection 

(Dallas Museum of Art, 2016). All 522 images were 

classified into ―neutral‖, ―positive‖, or ―negative‖ affect 

categories based on the analysis of visual elements that 

were previously linked to affective dimension of art images, 

including a) subject matter (Kemp & Cupchik, 2007) and b) 

color (Yanulevskaya et al., 2012). The images were also 

classified into reserved and expressive styles (Kemp & 

Cupchik, 2007) to ensure representation of both styles in all 

three affect categories. 
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Initial classification was conducted by a group of 4 adult 

coders: two experts holding art history degrees and two 

novices who did not hold art history degrees or have 

training in the art history field.  

Subject matter was inferred from an image title (e.g., 

Portrait of a Woman in a Blue Turban, 1827, by Eugène 

Delacroix) and/or genre (e.g, Sleepy Baby, 1910, by Mary 

Cassatt - portrait) and scored as affectively ―neutral‖ (e.g., 

landscapes), ―positive‖ (e.g., portraits of happy people), or 

―negative‖ (e.g., depiction of death).  

Image colors were analyzed using the TinEye program 

(http://labs.tineye.com/color/) to determine three dominant 

HEX colors, their labels, and percentage in an image. Three 

dominant colors were mapped into associated affects based 

on prior research (e.g., yellows and greens were coded as 

―positive‖, while dark browns and black colors were coded 

as ―negative‖ based on previously reported research (Kaya 

& Epps, 2004; Terwogt & Hoeksma, 1995; Adams & 

Osgood, 1973; He, Qi, & Zaretzki, 2014). The most 

frequently occurring of the three-color affect associations 

was then used to classify the colors of an image as positive, 

negative, or neutral (see examples of positive and negative 

colors in Table 1 below). 

 

 

Ocean Park No. 
29; Richard 

Diebenkorn; 
1970 

 

Lot and His 
Daughters; 
School of 

Fontainebleau, 
16

th
 cent. 

First dominant 
color/ 

hex#/ 

percent/association 

Jungle 
Mist(Green) / 

a9c0cf / 27.7% / 
positive 

 

 

Seal 
Brown(Brown)/ 

21170d / 38.80% 
/negative 

 

Second dominant 
color/ 

hex#/ 

percent/association 

Perano(Blue) / 
a4b8dc / 24.6% / 

positive 

 

Vanilla(Brown)/ 
d0b59f / 20.70% / 

neutral 

 

 

Third dominant 
color/ 

hex#/ 

percent/association 

Santas 
Grey(Blue)/ 

959eaa / 15.5% 
/neutral 

Hairy 
Heath(Brown) / 

633c26/ 13.70% / 
negative 

  

Dominant color-
affect association 

Positive Negative 

Table 1. Example of color analysis and associated 
affects 

The final visual element used in initial image classification 

was style (Kemp & Cupchik, 2007). Images with non-

expressive colors, smooth lines, and rigorous composition 

elements, such as perspective and salience, were classified 

as reserved. Images with bright colors, sharp lines, and 

visible brushstrokes were classified as expressive (examples 

of landscapes in expressive and reserved styles can be 

found in Table 2 below). 

Expressive 

 

Three Peaks, William Lester, (ca. 
1950-1955); bright colors; 

complex lines; visible brush 
strokes 

 

Reserved 

 

The Fountain of 
Vaucluse, Thomas 

Cole, 1941; reserved: 
non-expressive colors, 
smooth lines, rigorous 

composition (clear 
perspective, salience) 

 

Table 2. Examples of expressive and reserved 
landscapes 

A cumulative affect score for each image was created based 

on subject matter and color-based affect scores. Ninety 

images, 30 images in each affect category with the highest 

inter-coder agreement (Cohen‘s Kappa ≥ .7) were selected 

for the study. Remaining images also received medium to 

high inter-coder agreement scores (Cohen‘s Kappa .4.5-.7), 

but were not required for the viewers‘ tagging described 

below. Within each affect category, we aimed to include 

images that varied by style (expressive and reserved), genre 

(e.g., portrait, landscape, group scenes, still lives), color and 

art movements (e.g., abstract, realism, impressionism). The 

list of artworks included in the study can be found on the 

author‘s website       

(https://irenelopatovska.wordpress.com/research/).  

http://labs.tineye.com/color/
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Image Classification by Viewers 

Sample images were randomized and uploaded into the 

three Google forms, each containing 30 different artworks, 

10 in each affect category. The Google forms were used to 

present artworks to participants, one image per survey page. 

Image titles were not displayed to minimize influence on 

participants‘ initial emotional responses to the artworks. 

Participants were asked to describe their feelings associated 

with the artwork by choosing one or more emotion tag(s): 

angry, sad, scared, happy, surprised, and neutral. The six 

emotion tags were informed by the list of seven basic 

universal emotions (Ekman, 1992). ―Disgust‖ was excluded 

from the list of survey options as we did not expect 

participants to react at such a level of intensity to presented 

images. For each image, participants were also given an 

option to enter a free text comment. 

Seven participants were recruited for the study: two 

participants identified themselves as art experts (having Art 

History or related degrees), two participants identified 

themselves as having an intermediate knowledge of art 

(visual art hobbyist), and three identified themselves as art 

novices. In distributing the surveys to participants, we 

ensured that each survey collected responses from one 

novice and one art expert or intermediate-level participant. 

Classification Based on Emotion Detection 

Participants were asked to review images and identify their 

emotional responses in online surveys administered in a lab. 

Each survey session was recorded using TechSmith Morae 

software. The video feed of participants‘ facial expressions 

was extracted from Morae and ran through the Nodlus 

FaceReader software which classified each video frame into 

7 basic emotion categories. Using timestamps data, emotion 

tags extracted from a facial expression analysis were linked 

to images. Post hoc analysis of Morae data indicated that an 

average duration of viewing a single image and selecting 

and/or typing appropriate emotional tag was 16 seconds, 

with the first 5 seconds on average spent viewing the 

artwork.  Since the most frequently occurring emotional 

expression was ―neutral‖, the second most frequently 

occurring non-neutral emotional expression during the first 

5 seconds of image viewing was chosen to represent the 

dominant emotional response to an image. Cases with equal 

durations of several not-neutral expressions and not a single 

dominant non-neutral expression were classified as 

―neutral.‖  

Data Analysis 

A total of 210 unique image viewing cases were analyzed 

(30 images per each of the seven participants). Cohen‘s 

Kappa tests were performed to determine levels of 

agreement between VETags, UserTags, and FaceTags 

variables. All three variables were created using a nominal 

scale. The VETag variable was created on a 3-point scale 

(neutral, positive, negative), while the other two variables 

were created using 6-point scales (angry, sad, scared, 

happy, surprised, and neutral). For the tests that compared 

3-level variables to 6-level variables, UserTags and 

FaceTags emotion variables were re-coded into a 3-point 

affective scale. Neutral and surprised tags were re-coded 

into neutral category (e.g., surprise could be associated with 

positive and negative affect), angry, sad, and scared were 

re-coded into a negative category, and happy tags were re-

coded into a positive category. Fifty-five free text 

comments from participants were coded into ‗positive‘, 

‗negative‘ and ‗neutral‘ categories and used in 

interpretations of UserTag and FaceTag variables.   

FINDINGS 

Table 3 illustrates the distribution of positive, negative and 

neutral affect tags across the three methods of generating 

tags from 1) analysis of visual elements of an image 

(VETag), 2) viewers‘ self-reports (UserTags variable), and 

3) analysis of viewer‘s facial expressions (FaceTags). 

 VETags FaceTags UserTags 

Neutral 70 
(33%) 

117 (63%) 99 (47%) 

Positive 70 
(33%) 

62 (33%) 110 (52%) 

Negative 70 
(33%) 

7 (4%) 27 (13%) 

Total  210 186 210 

Table 3. Distribution of positive, negative and neutral 
affect tags across the three methods of tag generation. 

Table 3 shows that VETags are intentionally evenly 

distributed among the three affective categories for the 

purpose of creating a balanced sample of images that, based 

on visual elements analysis, were expected to evoke 

positive, negative, and neutral feelings. In the case of 

FaceTags, the FaceReader software was unable to classify 

all emotion expressions due to head movements and partial 

facial coverage (e.g., glasses, facial hair). Out of the total 

210 image viewing instances, only 186 were classified by 

FaceReader and included in the analysis. The most frequent 

interpretation of a participant‘s facial reaction to an image 

was neutral (63%). We experimented with analysis of 

different time intervals of user reactions to an image (e.g. 

moved the frame from 0-5 sec to 2-6 sec and 3-7 sec of 

viewing), but reached similar results – the most frequently 

occurring emotional response manifested in the facial 

expression and recognized by the FaceReader was 

―neutral‖, followed by ―positive‖ (33%), and ―negative‖ 

(4%). Distribution of the user-generated tags shows a high 

frequency of positive responses (52%), followed by neutral 

(47%) and negative (13%).  

The differences between the three tag-generating methods 

were further confirmed by tests of agreements between the 

three types of tags. Cohen's Kappa test was performed to 

determine the level of agreement between VETag and 

UserTag values. Based on the guidelines for interpreting 

kappa value (Altman, 1999), there was fair agreement 
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between the two values, κ = .32 (95% CI), p < .001 

(Altman, 1999). The result suggests a fair agreement 

between affective tags derived from analysis of an image‘s 

visual elements and viewers‘ self-identified emotional 

responses to artworks. 

Cohen‘s Kappa test on UserTags and FaceTags indicated a 

fair level of agreement between the two variables, at k = .25 

(95% CI), p < .001. Cohen‘s Kappa test on VETags and 

FaceTags indicated a slight level of agreement between the 

two variables, at k = .07 (95% CI), p > .05. These results 

suggest that tags generated from the viewers‘ facial 

expressions had a fair level of overlap with the viewers‘ 

self-generated tags and there was a slight overlap with the 

tags based on an image‘s visual elements. 

We also examined agreements between UserTags and 

FaceTags values generated by different participants. 

Cohen‘s Kappa test on UserTags indicated a fair level of 

agreement between the two participants, at k = .39 (95% 

CI), p < .001, suggesting a fair overlap between self-

identified emotional reactions to the same image by 

different viewers. Cohen‘s Kappa test on FaceTags 

variables indicated a poor level of agreement between the 

two participants, at k = -.03 (95% CI), p > .05, suggesting a 

poor agreement between tags derived from facial 

expressions of different viewers to the same image. 

DISCUSSION AND FUTURE DIRECTIONS 

This section aims to assess the three methods of affective 

tagging in terms of a tag generation process, quality, 

limitations and directions for future research.  

Visual Elements-Driven Classification  

Tagging art images based on analysis of visual elements 

was the most time-consuming of the three discussed 

methods. We felt confident about inferring affective tags 

from artworks‘ subject matter analysis—this method is 

grounded in previous studies (Huang et al., 2015; Klavans 

et al., 2014; Kemp & Cupchik, 2007; Shatford, 1986) and is 

already used by some art collections (e.g., the Tate‘s 

website supports collection browsing by emotion tags that 

are extracted from the text of image title and curatorial 

notes (―Search art & artists‖, n.d). (See Figure 2).  

During the initial classification, we were less confident in 

assigning affective tags based on image colors. Many 

previous studies examined emotion associations to single-

colored samples taken out of context. Associating colors to 

particular emotions in the context of complex stimuli such 

as an art image is more challenging and requires more 

research on relationships between artwork colors and 

emotions.  Previous research has also often linked the same 

color to multiple emotions (e.g., red has been linked to both 

negative and positive feelings (Kaya & Epp, 2004), making 

it difficult to assign a single affective valence to a color. 

While we identified the three most dominant colors of an 

image and classified these colors into affective categories, 

future work should consider examining the most unusual, 

brightest, and/or least present colors as representations of 

image emotionality (relevant research on identifying 

―relevant‖ image colors can be found in life logging 

research of Duane et al., 2016). 

 

 

Figure 2. Example of the emotion search filter features 
of the Tate’s website (Tate, 2016) 

Overall, we think that further examination of methods for 

deriving emotion tags based on analysis of artworks‘ visual 

elements offers a promising line of research. Automated 

analysis of an image‘s subject matter, color, line, subjects‘ 

facial expressions and other elements can offer an effective 

solution for classifying large image collections. Our 

analysis also indicates a fair level of agreement between 

tags derived from visual element and user-generated tags, 

pointing to the similarities between expected emotional 

reaction to individual elements of an image and a holistic 

user emotional response to an image. Future research will 

focus on developing an algorithm that would weight 

different visual elements in determining the image 

emotionality. 

Image Classification by Viewers 

Deriving affective tags from viewers‘ self-reports offers a 

way to expand existing image descripts
1
 and engage virtual 

visitors with artworks at a new level. In our study, we used 

a crowdsourcing approach based on user voting for already 

available tag options, including an option to add text 

when/if necessary. While free-text tagging might be more 

engaging for users, structured or semi-structured tagging 

might offer a more systematic method for collection 

description and access (Klavans et al., 2014; Bar-Illan et al., 

2008). While we relied on the basic universal emotion 

labels to describe viewers‘ emotional responses to images, 

other options for describing emotional and/or aesthetic 

responses to artworks should be explored.  

In discussing the quality of user-generated tags, we should 

also note a number of disagreements in emotional responses 

                                                           

1
 For discussion on the differences between social tagging 

and expert descriptions of artworks see Trant (2006).  
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of two or three viewers to the same image.  For example, an 

image of Lot and His Daughters (School of Fontainebleau, 

16
th

 cent.) evoked negative and nervous reactions in one 

viewer and happy and funny feelings in the other viewer. 

Such discrepancies in viewers‘ perceptions can be 

attributed the mood prior to image viewing, knowledge of 

art history, and other variables that affect perception and 

interpretation of an image (Cupchik & Gignac, 2007; 

Cupchik & Wroblewski-Raya, 1998). Based on our results, 

and recent progress in the use of social tags for artwork 

classification (Chae et al, 2016), we find the social tagging 

method for generating affective tags promising, and 

recommend that the future work takes into account the 

complexity and dynamic nature of emotional responses to 

visual artworks (e.g., support multiple choice and/or rated 

tag options; solicit viewers‘ emotional states prior to 

tagging. Additional examples can be found in (citation 

removed to ensure author‘s anonymity). 

Classification Based on Affect Detection 

In our study, affective tags derived from the analysis of 

participants‘ facial expressions were associated with the 

highest levels of disagreement a) among different 

participants, b) with tags derived from visual elements, and 

c) with user-generated tags. For example, the image of 

Lighthouse Hill by Edward Hopper (1927) (classified as 

―positive‖ based on visual elements and self-report tags) 

was associated with the facial expressions of ―disgust‖ in 

one participant, ―happy‖ in the other and ―neutral‖ in a 

third. While automatic emotion recognition method offers 

many opportunities in mobile and/or social media 

environments (e.g., it can enable collection browsing by 

analyzing facing expression—see Mollen (2014) and Caon 

et al. (2014) the accuracy and completeness of facial 

expression classifier is far from perfect and should provide 

a viewer with an option to correct system‘s output. 

Additional discussion on the factors that affect the accuracy 

of automatic emotion classifiers can be found in 

Lopatovska and Arapakis (2011). 

CONCLUSION 

In recent decades, progress has been made in regards to 

developing metadata standards for non-textual objects, such 

as images (Choi & Hseih-Lee, 2010; Hollink et al., 2004; 

Chen & Rasmussen, 1999; Jörgensen, 2003) and sound 

(Kaminskas & Ricci, 2012; Yang et al., 2008; Zentner et 

al., 2008; Daimi & Saha, 2014). Our study expands on 

previous research involving innovative description and 

access features for image collections by examining three 

methods of developing affective tags for art images. We 

found that each of the tested methods has unique strengths 

and limitations. For example, facial recognition of viewers‘ 

emotions or analysis of an image‘s visual elements can 

enable automatic tagging of art images; however, more 

work is needed to ensure the accuracy and completeness of 

such tagging. Social tagging can offer an engaging way for 

viewers to describe their feelings and interact with a 

collection but the design of this feature should support 

diversity and the changing nature of emotional responses 

associated with such complex stimuli as artworks.  

Emotion is an important dimension of artworks: it can be 

used to capture attention, generate discussion, create 

memorable experiences and increase user engagement 

(O‘Shaughnessy & O‘Shaughnessy, 2002; Ciocca et al., 

2011; Tschacher et al., 2012). The benefits of capturing an 

emotional dimension have been recognized in music (Yang 

et al., 2008; Bischoff et al., 2009; Kaminskas et al., 2012) 

and photographic collections (Knautz, Sibenlist & Stock, 

2010; Schmidt & Stock, 2009; Neal, 2010; Rorissa, 2010). 

We hope that our findings encourage more experimentation 

with emotion in the art collection domain. 

ACKNOWLEDGMENTS 

I would like to thank the Dallas Museum of Art staff and 

especially Robert Stein for providing images for the study.  

I am also grateful to Heather Lember, Deanna Sessions and 

my student participants for all their help and support. 

REFERENCES 

 

Adams, F. M., & Osgood, C. E. (1973). A cross-cultural 

study of the affective meanings of color. Journal of 

Cross-Cultural Psychology, 4(2), 135-156. 

Alelis, G. (2013). Exhibiting emotion: using digital 

technologies to discover emotional connections. In CHI 

'13 Extended Abstracts on Human Factors in Computing 

Systems (CHI EA '13), 1017-1022. 

DOI=10.1145/2468356.2468538 

http://doi.acm.org/10.1145/2468356.2468538 

Altman, D. G. (1999). Practical statistics for medical 

research. New York, NY: Chapman & Hall/CRC Press. 

Arnheim, R. (1974). Art and visual perception: A 

psychology of the creative eye. The new version. 

Berkeley, CA: University of California Press. 

Arumugam, D. & Purushothaman, S. (2011). Affect 

classification using facial expression. International 

Journal of Advanced Computer Science and Applications, 

7(2), 92-98. 

Bar-Illan, J., Shoham, S., Idan, A., & Miller, Y. (2008). 

Structured versus unstructured tagging: a case study. 

Online Information Review, 32(5), 635-647. 

Barwell, I. (1986). How does art express affect? Journal of 

Aesthetics and Art Criticism, 45(2), 175-181. 

Bronzino, A. (1540). A young woman and her little boy [Oil 

on panel]. Washington D.C.: National Gallery of Art. 

Retrieved from 

http://www.nga.gov/content/ngaweb/Collection/art-

object-page.1143.html 

Bullough, E. (1912). "Psychical distance" as a factor in art 

and as an aesthetic principle. British Journal of 

Psychology, 5, 87-98. 

http://doi.acm.org/10.1145/2468356.2468538
http://doi.acm.org/10.1145/2468356.2468538
http://doi.acm.org/10.1145/2468356.2468538
http://doi.acm.org/10.1145/2468356.2468538


 

7 

 

Cabral, R. S., Torre, F., Costeira, J. P., & Bernardino, A. 

(2011). Matrix completion for multi-label image 

classification. In Advances in Neural Information 

Processing Systems (pp. 190-198). 

Caon, M., Angelini, L., Khaled, O. A., Lalanne, D., Yue, 

Y., & Mugellini, E. (2014). Affective interaction in smart 

environments. Procedia Computer Science, 32, 1016-

1021. 

Carroll, N. (2003). Art and mood: Preliminary notes and 

conjectures. The Monist, 86(4), 521-555. 

Chae, G., Park, J., Park, J., Yeo, W. S., & Shi, C. (2016). 

Linking and clustering artworks using social tags: 

Revitalizing crowd-sourced information on cultural 

collections. Journal of the Association for Information 

Science and Technology, 67(4), 885-899. 

Chen, H.l., Kochtanek, T., Burns, C.S., & Shaw, R. (2010). 

Analyzing users‘ retrieval behaviours and image queries 

of a photojournalism image database. Canadian Journal 

of Information and Library Science, 34(3), 249-270. 

Choi, Y. & Hseih-Lee, I. (2010). Finding images in an 

online public access catalogue. Canadian Journal of 

Information and Library Science, 34(3), 271-295. 

Ciocca, G., Olivo, P., & Schettini, R. (2012). Browsing 

museum image collections on a multi-touch table. 

Information Systems, 37, 169-182. 

Cupchik, G. C., & Gignac. A. (2007). Layering in art and in 

aesthetic experience. Visual Arts Research, 33(1[64]), 

56–71. 

Cupchik, G. C., & Gebotys, R. J. (1990). Interest and 

pleasure as dimensions of aesthetic response. Empirical 

Studies of the Arts, 8(1), 1-14. 

Cupchik, G. C., Vartanian, O., Crawley, A., & Mikulis, D. 

J. (2009). Viewing artworks: Contributions of cognitive 

control and perceptual facilitation to aesthetic experience. 

Brain and Cognition, 70(1), 84-91.  

Dallas Museum of Art. (2016). Search the collection. 

Retrieved from https://www.dma.org/collection 

Daimi, S.N. & Saha, G. (2014). Classification of affects 

induced by music videos and correlation with 

participants‘ rating. Expert Systems with Applications, 41, 

6057-6065. 

Duane, A., Hinbarji, M., Albatal, R., & Gurrin, C. (2016). 

A ColourMap visualisation of lifelog data. Proceedings 

of Information Retrieval and Learning with Lifelogging 

Devices - A Session for Interaction and Engagement, 4-6. 

Retrieved from 

http://irlld2016.computing.dcu.ie/resources/irlld2016_pre

print.pdf  

Ducasse, C. J. (1964). Art and the language of the affects. 

Journal of Aesthetics and Art Criticism, 23(1), 109. 

Ekman, P. (1992). An argument for basic affects. Cognition 

& Affect, 6(3-4), 169-200. 

Ekman, P., Friesen, W. V., & Ellsworth, P. (1972/1982). 

What affect categories or dimensions can observers judge 

from facial behavior? In P. Ekman (Ed.), Affect in the 

human face (39-55). New York: Cambridge University 

Press. 

Erdos, J. H. J.-L. T. G. (2001, July 01). Perceiving Affects 

from Facial Expressions in Paintings. Empirical Studies 

of the Arts, 19(2), 157-166. 

Eskine, K. J., Kacinik, N. A., & Prinz, J. J. (2012). Stirring 

images: Fear, not happiness or arousal, makes art more 

sublime. Affect, 12(5), 1071. 

Gentileschi, O. (1622). Lot and his daughters. [Oil on 

canvas]. Los Angeles, California: The Getty. Retrieved 

from 

http://www.getty.edu/art/collection/objects/108894/orazio

-gentileschi-lot-and-his-daughters-italian-about-1622/  

Gombrich, E. H. (1962). Symposium: Art and the language 

of the affects. Proceedings of the Aristotelian Society, 36, 

215.  

Gombrich, E. H. (1982). The image & the eye: Further 

studies in the psychology of pictorial representation. 

London: Phaidon Press. 

Hager, M., Hagemann, D., Danner, D., & Schankin, A. 

(2012). Assessing aesthetic appreciation of visual 

artworks - the construction of the art reception survey 

(ARS). Psychology of Aesthetics Creativity and the Arts, 

6(4), 320-333. 

He, L., H. Qi, and R. Zaretzki. (2014, November 2). Image 

color transfer to evoke different emotions based on color 

combinations. Signal, Image and Video Processing. 

Retrieved from http://arxiv.org/pdf/1307.3581.pdf 

Henrik, H., Reidar, H., & Vanessa, P. (2008). The 

perception and evaluation of visual art. Empirical Studies 

of the Arts, 26(2), 197. 

Hollink, L., Schreiber, A. Th., Wielinga, B.J., & Worring, 

M. (2004). Classification of user image descriptions. 

International Journal of Human-Computer Studies, 61, 

601-626. 

Hopper, E. (1927). Lighthouse Hill. [Oil on canvas]. Dallas, 

Texas: Dallas Museum of Art. Retrieved from 

https://www.dma.org/collection/artwork/edward-

hopper/lighthouse-hill 

Huang, X., Soergel, D., and Klavan, J. L. (2015). Modeling 

and analyzing the topicality of art images, Journal of the 

Association for Information Science and Technology, 

66(8), 1616-1644. 

Jörgensen, C. (1999). Access to pictorial material: A review 

of current research and future prospects. Computers and 

the Humanities, 33(4), 293-318 

Kaminskas, M. & Ricci, F. (2012). Contextual music 

information retrieval and recommendation: State of the 

art and challenges. Computer Science Review, 6, 89-119. 

https://www.dma.org/collection


 

8 

 

Kaya, N., & Epps, H. H. (2004). Relationship between 

color and affect: A study of college students. College 

Student Journal, 38(3), 396. Retrieved from 

http://irtel.uni-

mannheim.de/lehre/expra/artikel/Kaya_Epps_2004b.pdf 

Kemp, S. W. P., & Cupchik, G. C. (2007). The emotionally 

evocative effects of paintings. Visual Arts Research, 33, 

72-82. 

Klavans, J. L., LaPlante, R. & Golbeck, J. (2014). Subject 

matter categorization of tags applied to digital images 

from art museums. Journal of the Association for 

Information Science and Technology, 65(1), 3-12. 

Knautz, K., Sibenlist, T. & Stock, W. G. (2010). MEMOSE 

– Search engine for emotions in multimedia documents. 

SIGIR’10, Geneva, Switzerland. Retrieved from 

https://www.phil-fak.uni-

duesseldorf.de/fileadmin/Redaktion/Institute/Information

swissenschaft/stock/MEMOSE_2010.pdf 

Leder, H., Gerger, G., Dressler, S. G., & Schabmann, A. 

(2012). How art is appreciated. Psychology of Aesthetics, 

Creativity and the Arts, 6(1), 2-10.  

Li, Q., Luo, S., Shi, Z. (2009). Fuzzy aesthetic semantics 

description and extraction for art image retrieval. 

Computers and Mathematics with Applications, 57, 1000-

1009. 

Lopatovska, I., & Arapakis, I. (2011). Theories, Methods 

and Current Research on Emotions in Library and 

Information Science, Information Retrieval and Human-

Computer Interaction. Information Processing and 

Management 47(4), 575-592.  

Manet, E. (1867/1868). The execution of Maximilian. [Oil 

on canvas]. London, U.K.: The National Gallery. 

Retrieved from 

https://www.nationalgallery.org.uk/paintings/edouard-

manet-the-execution-of-maximilian 

Mollen, J. (2014, November 26). 'Rijks Affects' finds your 

face in classical painting. [Web log post]. Retrieved from 

http://thecreatorsproject.vice.com/blog/rijks-affects-finds-

your-face-in-a-classical-painting 

Morris, M. (2007). Technologies for heart and mind: New 

directions in embedded assessment.  Intel Technology 

Journal, 11.  

Neal, D.M. (2010). Affect-based tags in photographic 

documents: The interplay of text, image, and social 

influence. Canadian Journal of Information and Library 

Science, 34(3), 329-353. 

Nguyen, G.P. and Worring, M. (2008). Interactive access to 

large image collections using similarity-based 

visualization. Journal of Visual Languages and 

Computing, 19, 203–224. 

O‘Shaughnessy, J., & O‘Shaughnessy, N. J. (2002). The 

marketing power of emotion. Oxford University Press. 

Pelowski, M. & Akiba, F. (2011). A model of art 

perception, evaluation and affect in transformative 

aesthetic experience. New Ideas in Psychology, 29, 80-

97. 

Ray, R.D., Ochsner, K.N., McRae, K., & Gross, J.J. (2010). 

Cognitive reappraisal of negative affect: Converging 

evidence from EMG and self-report. Affect, 10(4), 587-

592. 

Rorissa, A. (2010). A comparative study of Flickr tags and 

index terms in a general image collection. Journal of the 

American Society for Information Science and 

Technology, 61(11), 2230 - 2242. 

Sankowski, E. (1976). Affect and the appreciation of art. 

Journal of Aesthetic Education, 10(2), 45-67. 

Schmidt, S., & Stock, W.G. (2009). Collective indexing of 

emotions in images. A study in emotional information 

retrieval. Journal of the American Society for Information 

Science and Technology, 60(5), 863-876). Retrieved from 

https://www.phil-fak.uni-

duesseldorf.de/fileadmin/Redaktion/Institute/Information

swissenschaft/1246881835jasist_60-.pdf 

Tate. (2016). ―Search art & artists.‖ Retrieved from 

http://www.tate.org.uk/art/search?st=29 

Terwogt, M. M., & Hoeksma, J. B. (1995). Colors and 

affects: Preferences and combinations. The Journal of 

General Psychology, 122(1), 5-17. Retrieved from 

https://www.researchgate.net/profile/Jan_Hoeksma/publi

cation/15483690_Colors_and_Affects_Preferences_and_

Combinations/links/00b49530f19930c572000000.pdf 

Trant, J., & with the participants in the steve. museum 

project. (2006). Exploring the potential for social tagging 

and folksonomy in art museums: Proof of concept. New 

Review of Hypermedia and Multimedia, 12(1), 83-105. 

Trivedi, S. (2004). Artist-audience communication: Tolstoy 

reclaimed. Journal of Aesthetic Education, 38(2), 38–52. 

Tschacher, W., Greenwood, S., Kirchberg, V., Wintzerith, 

S., den Berg, K. v., & Tröndle, M. (2012). Physiological 

correlates of aesthetic perception of artworks in a 

museum. Psychology of Aesthetics, Creativity and the 

Arts, 6(1), 96-103.  

Uusitalo, L., Simola, J., & Kuisma, J. (2012). Consumer 

perception of abstract and representational visual art. 

International Journal of Arts Management, 15(1), 30–41. 

Van Gogh, V. (1889). Landscape from Saint-Rémy. 

[Painting]. Copenhagen, Denmark: Glyptoteket. 

Retrieved from http://www.glyptoteket.com/explore/the-

collections/artwork/vincent-van-gogh-landscape-saint-

remy 

Yang, Y. H., Lin, Y. C., Cheng, H. T., Liao, I. B., Ho, Y. 

C., & Chen, H. H. (2008). Toward multi-modal music 

affect classification. In Advances in Multimedia 

Information Processing-PCM 2008 (pp. 70-79). Springer 

Berlin Heidelberg. 

https://www.phil-fak.uni-duesseldorf.de/fileadmin/Redaktion/Institute/Informationswissenschaft/stock/MEMOSE_2010.pdf
https://www.phil-fak.uni-duesseldorf.de/fileadmin/Redaktion/Institute/Informationswissenschaft/stock/MEMOSE_2010.pdf
https://www.phil-fak.uni-duesseldorf.de/fileadmin/Redaktion/Institute/Informationswissenschaft/stock/MEMOSE_2010.pdf
http://thecreatorsproject.vice.com/blog/rijks-emotions-finds-your-face-in-a-classical-painting
http://thecreatorsproject.vice.com/blog/rijks-emotions-finds-your-face-in-a-classical-painting
https://www.phil-fak.uni-duesseldorf.de/fileadmin/Redaktion/Institute/Informationswissenschaft/1246881835jasist_60-.pdf
https://www.phil-fak.uni-duesseldorf.de/fileadmin/Redaktion/Institute/Informationswissenschaft/1246881835jasist_60-.pdf
https://www.phil-fak.uni-duesseldorf.de/fileadmin/Redaktion/Institute/Informationswissenschaft/1246881835jasist_60-.pdf
http://www.tate.org.uk/art/search?st=29


 

9 

 

 


