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Abstract
We introduce a human-in-the-loop pipeline for creating context-aware (e.g., culture, sex, and age) affect-induction 
images and the initial Library of AI-Generated Affective Images. Current limitations in image-based research include 
weak to moderate emotional-elicitation effects, limited image diversity, and minimal cultural tailoring of images. Using 
generative artificial intelligence (AI) guided by existing data sets and emotion taxonomies, we generated 847 images and 
their corresponding descriptions across 12 discrete emotions and then iteratively refined them with local cultural experts. 
We validated the library through six studies (N = 2,470; 58 countries). Participants rated five types of images: (a) images 
from existing affective databases, (b) AI-generated images without cultural adjustments, (c) AI-generated images adjusted 
to specific cultural contexts, (d) AI-generated images adjusted by sex (male, female), and (e) AI-generated images 
adjusted by age group (childhood, adulthood, older age). The AI-generated images were as effective in eliciting affective 
responses as the images from existing affective databases. Culturally adjusted images were slightly more effective than 
unadjusted counterparts in targeting intended emotions. Sex- and age-adjusted variants produced comparable responses 
with their base images, demonstrating controllability without loss of affective impact. Furthermore, we calculated the 
smallest subjectively experienced difference for affect-induction research (ds = 0.05–0.29). This work demonstrates that 
researchers can now generate high-quality affect-induction stimuli cost-effectively and at scale and tailor them to diverse 
contexts—overcoming long-standing barriers and laying the groundwork for future AI-driven methodologies in affective 
science.

Keywords
affect, emotion, image database, affect-induction procedures, generative artificial intelligence, open data, open 
materials, preregistration

Received 6/25/25; Revision accepted 12/2/25

To conduct experimental studies in affective science, 
researchers need reliable and valid methods to elicit affec-
tive states. Thus, scientists often start by selecting stimuli 
for eliciting specific affective states, also known as “affect-
induction procedures” ( Joseph et al., 2020). Multiple data-
bases of affective stimuli are widely available to researchers 
(Diconne et al., 2022) and include databases of auditory 
(e.g., International Affective Digitized Sounds, Bradley & 
Lang, 1999), verbal (e.g., Affective Norms for English 
Words, Stevenson et al., 2007), and visual materials (e.g., 
pictures of the affective content—International Affective 
Picture System [IAPS], Lang et al., 2008; Geneva Affective 
Picture Database [GAPED], Dan-Glauser & Scherer, 2011; 
Nencki Affective Picture System [NAPS], Marchewka et al., 
2014). These tools significantly aid in the elicitation and 
measurement of affective states.

The rise of generative artificial intelligence (AI) offers 
an unprecedented opportunity to expand the methods 

available to elicit affective responses (Demszky et al., 
2023). Here, we focus on two tasks generative AI excels 
at: generating and describing images. Our goal is to 
provide a pipeline—and an initial image library—that 
enables researchers to generate, validate, and adapt a 
versatile collection of affective images along with their 
descriptive prompts.

Existing Affect-Induction Images

Images of people, nature, and everyday objects are often 
the most prevalent stimuli used for affect elicitation 
( Joseph et al., 2020). Researchers typically use a wide 
variety of image databases, each designed to elicit spe-
cific affective reactions or represent particular themes 
(for a review, see Table 1).

Many of these databases focus on stimuli related to 
food and alcohol. For instance, databases such as the 
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Amsterdam Beverage Picture Set (Pronk et  al., 2015), 
CROss-CUltural Food Image Database (Toet et al., 2019), 
Open Library of Affective Foods (Miccoli et al., 2016), 
and Food_Pics (Blechert et al., 2014) provide images of 
food in different contexts, often contrasting highly palat-
able and unpalatable food images with nonfood stimuli, 
whereas the Galician Beverage Picture Set (López-
Caneda & Carbia, 2018) and Wake Forest Alcohol Imag-
ery Set (Peterson et al., 2019) focus on alcohol-related 
content. These sets are valuable for studying affective 
responses related to eating and drinking behaviors, crav-
ings, and food-related decision-making. Other databases, 
such as the IAPS (Bradley & Lang, 2007; Lang et al., 2008; 
Libkuman et  al., 2007), COMPlex Affective Scene Set 
(Weierich et  al., 2019), Open Affective Standardized 
Image Set (Kurdi et al., 2017), and NAPS (Marchewka 
et al., 2014), which include scenes of people, animals, 
objects, and landscapes, focus on broader emotional and 
social contexts. Sets such as the Pictures with Social 
Context and Emotional Scenes (Teh et al., 2018), Besan-
çon Affective Picture Set-Adult (Szymanska et al., 2019), 
and ToMenovela (Herbort et al., 2016) explore human 
interactions in everyday scenarios, often depicting social 
and emotional situations. Other databases, such as the 
DIsgust-RelaTed-Images (Haberkamp et al., 2017) and 
Set of Fear Inducing Pictures (Michałowski et al., 2017), 
are designed to elicit discrete emotions such as disgust 
(e.g., images showing food, body fluids/excretions, inju-
ries/infections, death, and lack of hygiene) or fear (e.g., 
images showing phobia-related content, including blood, 
injections, spiders, social exposure, or angry faces). The 
Animal Images Database (Possidónio et al., 2019) and 
GAPED (Dan-Glauser & Scherer, 2011) present a variety 
of animal images, some of which (e.g., snakes and spi-
ders) are commonly used to elicit fear or disgust. Despite 
offering diverse, valuable content for affective research, 
existing image databases still have notable limitations.

First, although many studies confirm their effective-
ness in eliciting affective responses (for reviews, see 
Behnke et  al., 2022; Joseph et  al., 2020; Siegel et  al., 
2018), the absolute effects are small (e.g., 2.72 before 
manipulation to 3.01 after manipulation on the scale for 
positive affect with ratings from 1 to 5; Diener et  al., 
2023). Second, the finite assortment of images and vid-
eos in specific thematic categories may result in partici-
pants encountering the same materials more than once, 
particularly in longitudinal studies, potentially leading 
to a repetition bias. Third, the technical quality (e.g., 
low resolution) can be inconsistent across stimuli. Given 
that the databases feature stimuli created in earlier times 
(e.g., IAPS presenting images from the 1980s and 1990s), 
they may not meet current technical standards or the 
quality of stimuli participants are used to. This issue is 
particularly relevant when media quality varies 

significantly between emotions (e.g., eliciting joy with 
images from one database and sadness from another). 
Fourth, depicted people and objects from earlier times 
might provoke unintended emotional responses because 
of changes in societal norms and fashions (e.g., eliciting 
nostalgia through images of outdated fashion styles). 
Fifth, there is an asymmetry in the databases; they often 
contain a larger volume of negative than positive stimuli, 
and the negative content is more varied (Dan-Glauser & 
Scherer, 2011). Furthermore, data sets are often pub-
lished under different, sometimes outdated licenses with 
varying copyright restrictions, which can limit or prohibit 
their use in certain ways. For instance, some databases 
are stored locally on university servers and are not main-
tained once the authors leave academia (e.g., the official 
IAPS page no longer exists). Finally, most available stim-
uli target Western contexts, hindering cross-cultural 
research—yet identical images can elicit different emo-
tional responses elsewhere (Berezina et al., 2024).

The Promise of Generative AI

Generative AI has rapidly advanced in its ability to pro-
duce both text and images, enabling the creation of 
highly customized, expressive, and context-aware con-
tent. One of the core strengths of generative AI lies in 
its ability to generate rich, context-sensitive descriptions 
that capture subtle emotional, cultural, and situational 
nuances. When paired with image-generation models, it 
is possible to create affective stimuli that are not only 
visually compelling but also semantically aligned with 
specific psychological definitions. This synergy enables 
the development of more valid, tailored emotional con-
tent than is typically possible with static, precurated 
image sets.

Thus, the limitations of the existing databases of affec-
tive stimuli could be addressed by leveraging generative 
AI. First, we believe that images generated and tailored 
to specific contexts will enhance the effectiveness of 
affect induction by increasing personal and cultural rel-
evance, which may, in turn, elicit stronger emotional 
responses than standardized stimuli from existing affec-
tive databases. Second, generative models can produce 
highly specific affective stimuli on demand, potentially 
resolving the issue of limited variety in existing data-
bases. For instance, once researchers have a detailed 
idea or concept for the image, they might use a gener-
ative-AI model (e.g., ChatGPT) to craft a precise and 
descriptive prompt that outlines the key elements, com-
position, and style of the image. Next, the prompt would 
serve as input into another (or the same) model (e.g., 
MidJourney) to generate the image. Thus, novel, goal-
aligned images prevent repeated exposure, vital for lon-
gitudinal studies. Third, AI-generated images can be 
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produced in high resolution, meeting modern technical 
standards and matching the up-to-date quality of media. 
Researchers using AI can also create contemporary stim-
uli that are more culturally relevant, reducing the likeli-
hood of unintended responses. Moreover, using AI, 
researchers can help balance the asymmetry between 
negative and positive stimuli. AI also allows for iterative 
improvement in the generated content, so the less evoca-
tive (or offensive) images can be adjusted accordingly. 
Images can be released under open-access licenses from 
the outset, helping to avoid these legal and practical 
barriers and facilitate broader reuse, transparency, and 
reproducibility in affective science. To ensure long-term 
availability, we plan to store the generated library in 
established open-access repositories, which offer per-
sistent storage and stable access independent of indi-
vidual researchers’ affiliations. Finally, generative-AI 
models can be used to adapt the stimuli to diverse social 
and cultural contexts, developmental stages, and sex, 
among others, enabling a wide variety of comparisons. 
The flexibility of AI-generated content combined with 
its availability on open-access platforms, could also 
resolve issues around licensing and accessibility, provid-
ing researchers with a sustainable, adaptable, and legally 
compliant resource.

The Present Study

We leveraged generative AI to create the pipeline and 
build a publicly accessible database of affect-induction 
images, referred to as the Library of AI-Generated Affec-
tive Images (LAI-GAI). By using generative AI, we sought 
to address the current limitations of existing databases 
and generated detailed, adaptable descriptions and 
images (847 of them annotated) across 12 discrete emo-
tion categories. The chosen images were adapted to 
represent African, Arabic, Asian, Indian, South/Central 
American, and European/North American contexts. 
Thus, each image would have six different cultural ver-
sions. The chosen images were also adapted to depict 
male and female individuals and independently, indi-
viduals at childhood, adulthood, and older age. We vali-
dated the library through six studies involving 2,470 
participants from 58 countries, who rated five types of 
images: (a) images from existing affective databases, (b) 
AI-generated images without cultural adjustments, (c) 
AI-generated images adjusted to specific cultural con-
texts, (d) AI-generated images adjusted by sex (male, 
female), and (e) AI-generated images adjusted by age 
group (childhood, adulthood, older age). In Study 1, 
participants (n = 589) evaluated images from existing 
affective databases and AI-generated images (images 
generated based on the descriptions of stimuli from 
existing affective databases). In Study 2, participants  

(n = 296) evaluated AI-generated images (images gener-
ated based on our ideas = 74%, images generated based 
on the descriptions of stimuli from existing affective 
databases = 26%). In Studies 3 and 4, participants (n = 
726 and n = 275, respectively) evaluated selected AI-
generated images from Studies 1 and 2 adjusted to dif-
ferent cultural contexts. In Study 5, participants (n = 224) 
evaluated sex-adjusted variants (male vs. female) of AI-
generated images to test whether demographic tailoring 
preserves affective responses. In Study 6, participants 
(n = 360) evaluated age-adjusted variants (childhood, 
adulthood, older age) to assess affect equivalence across 
developmental depictions.

Using collected data, we aimed to benchmark the per-
formance of generated images and to estimate the small-
est effect size of interest (SESOI) for affective studies that 
use affective stimuli, defined as the smallest subjectively 
experienced difference in reactions to two stimuli. Thus, 
in Studies 1 and 3, we included direct comparisons 
between the images using adapted anchor items (Kamper 
et al., 2009). In Study 1, we included the images from 
existing affective databases and their AI-generated coun-
terparts to benchmark the effectiveness of AI-generated 
images against their original counterparts. In Study 3, we 
included the culturally adjusted and unadjusted stimuli 
to benchmark the effectiveness of matched images 
against their unmatched counterparts.

We hypothesized the following:

Hypothesis 1: Generated images would be at least as 
effective as the images from existing affective data-
bases in affect elicitation.

Hypothesis 2: Images adjusted to participants’ cultural 
context would elicit stronger affective responses than 
their unadjusted counterparts.

Hypothesis 3: Sex- and age-adjusted variants would 
produce affect responses comparable with their cor-
responding base images.

Because we did not recruit minors as raters, the sex/age 
studies did not use a matched-unmatched design. 
Instead, they served as a generalizability test, assessing 
whether demographic variants could be generated while 
preserving affective impact. We aimed to deliver a trans-
parent pipeline for creating robust, validated affect-
induction images freely available for future research.

Method

Materials: creating the image database

We created the LAI-GAI database with the following 
steps: (a) collecting evocative images from available 
databases, (b) generating descriptions for each image, 
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(c) generating new evocative images from these descrip-
tions, (d) grouping images, and (e) creating culture-, 
sex- and age-adjusted variants.

In the first step, we leveraged existing data sets to 
create descriptions of images. We explored the data sets 
included in the KAPODI—the searchable database of 
free emotional-stimuli sets (Diconne et al., 2022)—and 
extracted images that elicited strong affective reactions 
in data-set-validation studies (for the list of studies, see 
Table 1). In total, we selected 284 images that elicited 
strong affective reactions and 78 neutral images. For 
details on how we selected images for each database 
and their ratings, see the Supplementary Information in 
the Supplemental Material available online.

In the second step, we used large language models 
(LLMs), mainly ChatGPT 4o (OpenAI, 2024a), with the 
Mj prompt Generator V6 chatbot to describe the images 
using the following prompt: “Provide me a prompt for 
the picture.” All descriptions of the images are included 
in the “Data, Analysis Code & Outputs OSF Component” 
(Behnke et al., 2025b), “SupplementaryData.xlsx” spread-
sheet, sheet: “generated & not_generated,” column: 
“Prompt GPT.”

In the third step, we used text-to-image models, such 
as Midjourney (Midjourney, Inc., 2024) and Freepik 
(Freepik, 2024), to generate new pictures based on the 
descriptions of the images using the following prompt: 
“/imagine[prompt generated in the previous step]”; we 
sometimes had to adjust the generated images to ensure 
the image quality and its fit to the definition of the emo-
tion. Corrections were made using the Vary (Region) 
function, in which after selecting a part of the image, 
the researchers entered what should be changed, which 
in many cases included correcting hands and faces. 
Often, it was also necessary to remove an element or 
change its position to make it look more natural, such 
as removing the second medal from the winner’s neck. 
Using this procedure, we generated 310 images. We also 
brainstormed ideas for other images that would elicit 
strong emotions. We asked ChatGPT 4o to describe each 
picture using our idea with this prompt: “I will provide 
you with a description of an emotion. I want you to give 
me prompts that will create photorealistic images reflect-
ing that emotion.” Using this procedure, we generated 
an additional 136 images in Midjourney and Freepik. In 
sum, we generated 446 images.

In the fourth step, we grouped the pictures into cat-
egories based on definitions of discrete emotions 
(Behnke et al., 2022; Ekman & Cordaro, 2011). We aimed 
to generate at least 20 pictures for 12 discrete emotional 
categories: amusement, awe, anger, attachment love, 
craving, disgust, excitement, fear, joy, neutral, nurturant 
love, and sadness. These categories were selected to 
cover a broad range of affective experiences, including 

basic emotions, neutral states, and an expanded repre-
sentation of positive emotions. Among other typical 
choices, we chose to exclude surprise because we 
believe static images are unlikely to elicit this emotion 
effectively. We also omitted sexual desire because of 
potential ethical and cultural concerns associated with 
distributing such stimuli online to a global audience. 
After grouping the images, the research team evaluated 
the image quality and its alignment with the definition 
of a given emotion. Based on these decisions, we chose 
20 images from each emotion category for further testing 
and validating our database. All images used and unused 
for database validation are presented in the “Images OSF 
Component” (Behnke et al., 2025c) and the “Data, Analy-
sis Code & Outputs OSF Component” (Behnke et  al., 
2025b), “SupplementaryData.xlsx” spreadsheet, sheet: 
“generated.” We also released a web application for 
browsing LAI-GAI. For a stable pointer to the current 
address, see the OSF project page (Behnke et al., 2025a).

In the fifth step, we selected six images out of the 20 
categorized images. M. Behnke and M. Kłoskowski sub-
jectively chose six images, evaluating their potential for 
cultural adjustments and emotion elicitation. We adjusted 
them to different cultural contexts, resulting in four simi-
lar pictures, each adjusted for Asian, African, Latin Amer-
ican, and European/North American contexts. Because 
most images from existing affective databases (83%) 
represented the European/North American context, 
these images also typically served as the baseline for 
other cultural adaptations. To adjust the pictures, we 
used the following prompt:

Hello, my task is to adapt the photos to three dif-
ferent cultures: African, Asian, and Central/South 
American culture. I will upload photos, and you 
will create prompts for AI that will be customized 
under these 3 cultures. Create 3 prompts for each 
culture (9 prompts total).

Using this procedure, we generated 216 additional images.
At the end of the fifth step, we shared the images with 

researchers from the target cultural contexts to ensure 
they are appropriate for those contexts. We asked the 
reviewers to evaluate whether the image was well 
adjusted to their culture and to provide feedback when 
the image needed some additional adjustments. Based 
on the reviewers’ feedback, we corrected 81 images 
(34%). For further testing and validation, we chose 20 
from each emotion category (five images across four 
cultural contexts).

After additional input from outside experts, we refined 
the “Asian” category by adding two additional contexts—
India-specific and Arabic-speaking regions—and adapted 
the 60 images from Study 3 accordingly to produce 120 
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new images. Incorporating expert feedback, we then 
revised 45 images (37.5%). We also expanded our tool 
set to include newer text-to-image models suitable for 
affect-elicitation tasks, including Imagen 4 (Google 
Cloud, 2025), OpenAI’s GPT/DALL·E 3 image generation 
(OpenAI, 2024b), Seedream (Team Seedream et al., 2025), 
and FLUX.1 (Black Forest Labs et  al., 2025). The new 
models also allowed us to use a reference image together 
with an additional prompt, which helped match the affec-
tive content while changing contextual cues.

In the sixth step, we created sex-adjusted variants of 
selected AI-generated images. For each base image, we 
produced male and female versions while holding scene 
semantics, composition, and the target emotion constant. 
We used an LLM to rewrite the prompt to depict the 
opposite sex of the original image, generated the variant, 
and iterated until nondemographic features matched the 
base image. In some cases, to achieve close similarity, 
we provided the base image as a reference. We excluded 
two emotion categories—craving and awe—because the 
canonical images did not depict humans. To enable sex 
adjustment where needed, we also introduced new 
human-depicting images in the amusement, anger, and 
disgust categories. These procedures yielded a set of 51 
sex-matched pairs that were advanced to testing.

In the seventh step, we created age-adjusted variants 
to depict minors, middle-aged adults, and older adults 
while holding scene semantics, composition, and the 
target emotion constant. We used an LLM to rewrite the 
prompt to the target age group, generated the variants, 
and iterated until nonage features matched the base 
image. Again, in some cases, to achieve close similarity, 
we provided the base image as a reference. For attach-
ment love, every image in this category necessarily 
depicts a minor. Therefore, we did not create a separate 
“minors” variant. Instead, we generated only the middle-
aged-adult-minor and older-adult-minor variants for this 
category. This procedure yielded 45 age-matched triplets 
(all three age groups) and five age-matched pairs (two 
age groups, i.e., for attachment love), which were 
advanced to testing.

To openly document the disagreement between the 
researchers (Coles et al., 2024), we provide the evalu-
ations of the final set of images, in which each researcher 
was allowed to state their opinion on each image (“Data, 
Analysis Code & Outputs OSF Component,” “Supple-
mentaryData.xlsx,” sheet: “authors_disagreements”). For 
an overview of the LAI-GAI generation procedure, see 
Figure 1.

Procedure

Initially, participants received an overview of the study’s 
structure. All six studies had a very similar structure and 

were run in English. Participants were recruited via Pro-
lific, where they chose to participate in the study aimed 
at developing a new image library for emotion elicita-
tion. They were informed that the images might elicit 
strong positive and negative responses and were advised 
to report any discomfort immediately and pause the 
experiment. After consenting to their participation, par-
ticipants read the definitions of each emotional dimen-
sion (for details on emotion definitions, see Supplementary 
Information in the Supplemental Material), and before 
seeing the images, they were asked to report their base-
line emotions. Next, participants watched a series of 
images. Images were displayed full size for 4 s each, 
followed by rating scales on a new screen to the right 
and a smaller version of the image to the left. Before 
each image, the fixation cross (+) was displayed in the 
center of the screen for 1,000 ms, followed by a blank 
screen for 1,000 ms. The smaller version of the image 
remained visible until all ratings were completed, and 
then the next image appeared.

In Study 1, participants rated 12 images from existing 
affective databases alongside 12 AI-generated images 
created based on textual descriptions of those stimuli 
from existing affective databases. In Study 2, participants 
rated 36 only-AI-generated images, the majority of which 
(74%) were based on original image concepts developed 
by the research team and the remaining (26%) derived 
from descriptions of stimuli from existing affective data-
bases. In Studies 3 and 4, participants rated 12 and 15 
culturally adapted AI-generated images (respectively) 
selected from Studies 1 and 2 that matched their region 
and 12 and 15 that did not match their region. In Study 
5, participants rated 17 images depicting females and 17 
images depicting males. In Study 6, participants rated 
nine images depicting minors, 10 images depicting 
adults, and 10 images depicting older adults to test 
whether demographic tailoring preserved affective 
responses. Thus, each participant viewed 24 images in 
Study 1, 36 images in Study 2, 24 images in Study 3, 30 
images in Study 4, 34 images in Study 5, and 29 images 
in Study 6. The order of images was randomized, and 
each image was presented individually.

In Studies 1 and 3, once participants rated all images, 
they evaluated pairs of matched images—AI generated 
and those from existing data sets in Study 1 and images 
from their and other cultural contexts in Study 3—and 
were asked to compare the reactions elicited by them. 
In this phase, image pairs were displayed side by side, 
and the left/right assignment of each image was coun-
terbalanced across trials.

At the end of each study, all participants were fully 
informed about the study’s purpose and completed a 
newly developed scale assessing their attitudes toward 
emotional AI—specifically, its ability to detect, understand, 
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Fig. 1.  Images-generation pipeline. The workflow consisted of five main phases: (a) selection of evocative images from exist-
ing affective databases; (b) generation of textual descriptions for each image using large language models, such as ChatGPT 
4o; (c) creation of new images based on these descriptions with text-to-image models (e.g., Midjourney); (d) AI-driven cultural 
adaptation of images using both ChatGPT 4o and Midjourney or Freepik and other text-to-image models, such as Imagen 4, 
OpenAI’s GPT/DALL·E 3 image generation, Seedream, and FLUX.1; (e) AI-driven sex and age adaptation of images using mul-
tiple models. AI = artificial intelligence.
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and enhance human emotions (see Supplementary Infor-
mation in the Supplemental Material). The study lasted 
approximately 25 to 40 min (Study 1: Mdn = 30.79; Study 
2: Mdn = 35.88; Study 3: Mdn = 31.17; Study 4: Mdn = 
32.23; Study 5: Mdn = 33.05; Study 6: Mdn = 31.47). The 
names of images used in each study are presented in the 
“Data, Analysis Code & Outputs OSF Component” (Behnke 
et  al., 2025b), “SupplementaryData.xlsx” spreadsheet, 
sheet: “generated.”

Participants

We used Prolific’s gender-balance option to ensure an 
even distribution across genders. Study 1’s (n = 589) 
sample included 48.56% female participants and 50.08% 
male participants (age: M = 33.04 years, SD = 10.38, 
range = 18–77) from 38 countries. Study 2’s (n = 296) 
sample included 46.96% female participants and 50.68% 
male participants (age: M = 32.83 years, SD = 11.41, 
range = 18–77) from 33 countries. Study 3’s (n = 726) 
sample included 46.97% female participants and 51.93% 

male participants (age: M = 32.12 years, SD = 10.01, 
range = 19–73) from 36 countries. Study 4’s (n = 275) 
sample included 50.18% female participants and 49.45% 
male participants (age: M = 31.08 years, SD = 7.84, range = 
18–65) from 26 countries. Study 5’s (n = 224) sample 
included 49.55% female participants and 49.55% male 
participants (age: M = 34.78 years, SD = 11.16, range = 
19–74) from 30 countries. Study 6’s (n = 360) sample 
included 49.72% female participants and 50.00% male 
participants (age: M = 35.14 years, SD = 11.73, range = 
19–77) from 32 countries. For the countries represented, 
see Figure 2.

In Study 3, we split the target sample into four regional 
groups—Africa, Asia, Europe/North America, and South/
Central America—and selected specific countries within 
each region for data collection. Study 4 included Indian 
participants and participants of Arabic-speaking nation-
alities (Algeria, Bahrain, Egypt, Iran, Iraq, Jordan, Kuwait, 
Lebanon, Libya, Mauritania, Morocco, Oman, Qatar, 
Saudi Arabia, Somalia, Sudan, Tunisia, United Arab Emir-
ates, Yemen).

Participants by Country

Number of Participants
0 1 5 10 50 100 234

Fig. 2.  Participants by country. Data were collected from 2,470 participants in 58 countries. In each of the three studies, participants came, 
on average, from a similar number of different countries (between 26 and 38). Darker shades of red denote larger country-specific sample 
sizes. The color scale uses loge(1 + n) internally to visualize variation across countries better (for the map in colors without the log transfor-
mation, see the Supplementary Information in the Supplemental Material available online).
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Sample-size determination.  To determine the sample 
size for our studies, we aimed for 70 ratings (participants) 
per image. In anticipation of potential data loss and 
expecting 10% to 20% of the sample to be reduced because 
of careless responding, we recruited additional partici-
pants up to n = 660 in Study 1, n = 330 in Study 2, n = 710 
in Study 3, n = 300 in Study 4, n = 230 in Study 5, and  
n = 370 in Study 6. We expected a reduction in the sample 
based on our experience with similar projects (Coles et al., 
2022). The number of ratings per image was based on the 
study budget (allowing for 2,500 participants in total), the 
number of images that could be evaluated within 30 min 
of the study, and the median of the rates per image in 
databases presented in Table 1 (Mdn = 64).

Furthermore, the sensitivity analysis using the simr 
(Green & MacLeod, 2016) package in R showed that our 
sample allowed us to detect the range of ds = 0.16 to 
0.31, depending on the outcome measure with α = .05 
and power (1 − β) = 0.95 for the difference between the 
AI-generated images and images from existing affective 
databases; the range of ds = 0.06 to 0.08 for the differ-
ence between images matched and unmatched to the 
cultural contexts; and the range of ds = 0.29–0.37 for 
the difference between sex variants. For age variants, 
convergence issues and inconsistent results across alter-
native model specifications (including simplified, single-
outcome versions) precluded reliable simulation-based 
power estimates, so we do not report effects.

Exclusion.  We excluded participants identified as care-
less responders based on the following criteria: (a) select-
ing answers other than “7” for the photo with instructions 
to “Please select ‘7’ for all items for this photo to show that 
you are paying attention” and (b) answering the last item 
on the last study page—“In your honest opinion, should 
we use your data in our analyses in this study?”—with 
“No, I responded carelessly” (Meade & Craig, 2012). We 
decided to classify the participants as outliers if they 
skipped two or more answers other than “7” for the atten-
tion-check image, resulting in excluding 21 participants in 
Study 1, six in Study 2, 28 in Study 3, 11 in Study 4, 14 in 
Study 5, and 12 in Study 6. Furthermore, we excluded 
participants if they admitted to responding carelessly, 
resulting in the exclusion of an additional three partici-
pants in Study 1, six in Study 2, 11 in Study 3, two in Study 
4, one in Study 5, and two in Study 6.

Ethics information

The Ethical Committee for Research Projects at the Fac-
ulty of Psychology and Cognitive Science at Adam 
Mickiewicz University (May 11, 2024) approved the 
study. Each participant provided written informed con-
sent. Participants received four GBP for completing 

each study. The project was also consulted and 
approved by the Legal Advisors’ Office at Adam Mick-
iewicz University.

Measures

In addition to the measures reported in the main text, 
we also collected data on participants’ attitudes toward 
AI (for details, see the Supplementary Information in the 
Supplemental Material).

Emotions.  Participants used single items to report the 
intensity of discrete emotions they experienced while 
watching the stimuli. Participants rated the intensity of 
amusement, awe, anger, attachment love, craving, disgust, 
excitement, fear, joy, neutral, nurturant love, and sadness. 
Furthermore, participants used two independent unipolar 
items to report the intensity of valence (positive and nega-
tive), arousal (arousing and calming), and motivation 
(motivating to approach the situation and motivating to 
avoid the situation). All responses were measured on a 
scale from 1 (not at all) to 7 (extremely).

Comparison.  In Studies 1 and 3, participants compared 
pictures on targeted emotion, valence (positive and nega-
tive), and arousal (arousing and calming) choosing one of 
the following options: “Photo no. 1 compared to Photo no. 
2 elicited/was: much less [emotion]”; “slightly less [emo-
tion]”; “no difference, slightly more [emotion]”; or “much 
more [emotion].” We adapted this anchor item for affective 
measures from a previous study that aimed to establish the 
SESOI for the difference in effect across 2 or 5 days (Anvari 
& Lakens, 2021).

Analysis

We preregistered our analysis for Studies 1 through 3 
(for the OSF preregistration, see https://doi.org/10.17605/
OSF.IO/72RJ3). The deviations for the preregistration 
plan are explained in the Supplementary Information in 
the Supplemental Material. We did not preregister the 
analysis for Studies 4 through 6 because they were a 
direct continuation of the previous analysis. First, we 
calculated the means and standard deviations for the 
targeted emotional measures. Next, we examined 
whether the images elicited targeted affective responses. 
We explored whether the targeted emotion received the 
highest ratings.

Furthermore (not preregistered), to support future use 
of the images in our library, we calculated a “success 
index” based on the approach introduced by Gross and 
Levenson (1995). This index combines two key compo-
nents: the intensity and discreteness of the emotional 
response elicited by each image. We operationalized 

https://doi.org/10.17605/OSF.IO/72RJ3
https://doi.org/10.17605/OSF.IO/72RJ3
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intensity as the mean rating for the target emotion. Dis-
creteness was defined using an idiographic hit rate, cal-
culated as the percentage of participants who rated the 
target emotion at least 1 point higher than any of the six 
nontarget emotions. These two components were each 
standardized (z-scored) within the emotion category and 
then summed to form a composite success index for 
each image. This index provides a practical metric to 
identify the most effective images for eliciting specific 
emotional responses.

Benchmarking the library.  Next, we compared the 
AI-generated images and images from existing affective 
databases using multivariate multilevel modeling in R (R 
Core Team, 2025) using R packages brms (Bürkner, 2017) 
and lme4 (Bates et al., 2015). The data from Study 1 were 
conceptualized as a two-level structure in which repeated 
emotional ratings were nested in individuals. Images 
were grouped into two categories: AI-generated images 
and images from existing affective databases. We focused 
our analyses on the extent to which the stimuli elicited 
the targeted affective states. For example, we focus our 
analyses on whether sadness is elicited by images 
designed to elicit sadness—not images designed to elicit 
anger, happiness, or disgust. Thus, we fitted a multivariate 
multilevel Bayesian model using the brms package 
(Bürkner, 2017) to simultaneously examine differences in 
targeted discrete emotion, targeted valence, targeted 
arousal, and targeted motivation as a function of image 
type (AI-generated vs. images from existing affective 
databases). We ran four No-U-Turn Sampler chains (2,000 
iterations each, 1,000 warm-up) and inspected trace and 
pairs plots. We also used posterior predictive checks 
based on 100 replicated data sets. We based our infer-
ences primarily on 95% credible intervals (CrIs); thus, if 
the entire 95% CrI for the coefficient excludes 0, we inter-
preted this as evidence that image type influenced the 
corresponding emotional measure. Each measure was 
modeled with random intercepts for participants and 
images, random slopes for image type across both partici-
pants and images, and correlated residuals to account for 
interdependencies among the four outcomes. By default, 
brms allows these slopes to be correlated with the ran-
dom intercept at each grouping level; thus, in our final 
model, random intercepts and slopes are freely estimated 
as correlated, providing a more flexible approach to cap-
turing between-participants and between-images variabil-
ity. The code for the analysis is available in the “Data, 
Analysis Code & Outputs OSF Component” (Behnke 
et al., 2025b), “files MMA_model_SX.Rmd.”

Furthermore, we compared the images adjusted to 
different cultural contexts. Using a similar approach, we 
conceptualized the data from Studies 3 and 4 as a two-
level structure in which repeated emotional ratings were 

nested within individuals. Images were grouped into two 
categories: matched and unmatched cultural context. To 
test the difference, we used targeted discrete-emotion 
measures: valence, arousal, and motivation. We applied 
the same analytic strategy to the sex-adjusted and age-
adjusted variants.

We determined the targeted valence, arousal, and 
motivation based on data from another study in which 
participants assigned the film clips to discrete-emotion 
categories and evaluated them using affective dimen-
sions (e.g., valence, arousal, approach; Cowen & Keltner, 
2017). Thus, for our analysis, we used (a) positive 
valence for amusement, awe, craving, excitement, joy, 
attachment love, neutral, and nurturant love; (b) negative 
valence for anger, disgust, fear, and sadness; (c) arousal 
for all categories; (d) approach motivation for amuse-
ment, attachment love, awe, craving, excitement, joy, 
neutral, and nurturant love; and (e) avoidance motiva-
tion for anger, disgust, fear, and sadness.

As an exploratory (and not preregistered) analysis, 
we used direct comparison items to calculate the per-
centage of responses indicating whether the AI- or non-
AI-generated (or culturally matched vs. unmatched) 
images elicited much weaker, a little weaker, the same, 
a little stronger, or much stronger affective responses. 
Next, we also performed two-sided binomial tests on 
the direct comparison items. Ratings of 1 (much weaker) 
and 2 (a little weaker) were grouped as “less,” and rat-
ings of 4 (a little stronger) and 5 (much stronger) were 
grouped as “more;” ties (ratings of 3) were excluded 
from directional tests. For each comparison item, we 
tested whether the proportion of “more” responses dif-
fered from 50% using an exact, two-sided binomial test, 
thus assessing whether participants showed a significant 
imbalance—either toward more or less—in judging 
which image elicited the stronger affective response.

Calculating SESOI.  Affective scientists are often inter-
ested in effects that are large enough to be subjectively 
experienced and deemed meaningful by individuals. 
Thus, we defined the SESOI as the smallest change in an 
outcome measure that individuals consider to be mean-
ingful enough to rate themselves as feeling different, fol-
lowing Anvari and Lakens’s (2021) methodology. We 
calculated the SESOI for the difference between affective 
ratings for two pictures. First, the pairs of images were 
subcategorized based on responses to the anchor item. 
Because there was a symmetry between the subcategories 
(e.g., “a little less” and “a little more”), we rescored them 
so the categories would indicate the difference between 
the AI-generated image and non-AI-generated image or 
culturally matched or unmatched images (e.g., the AI-
generated image elicited much less amusement than the 
non-AI-generated image).
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Next, we calculated the difference score by subtract-
ing the second image rating from the first image rating 
so that the positive value would indicate the stronger 
affective reaction elicited by the first image. Finally, the 
mean difference score for categories a little less and a 
little more on the outcome of interest was taken as the 
estimate of the smallest subjectively experienced differ-
ence. As recommended, we present SESOI as raw differ-
ences and standardized effect sizes (Anvari & Lakens, 
2021). For standardized effect sizes for paired observa-
tions, we used Cohen’s dz because it takes the correlation 
between observations into account.

Results

The raw data, means, and standard deviations for affec-
tive measures for all images are reported in “Data, Analy-
sis Code & Outputs OSF Component” (Behnke et  al., 
2025b). The mean levels of elicited responses are pre-
sented in Figure 3 (for radar plot for each image, see 
“Data, Analysis Code & Outputs OSF Component,” 
Behnke et  al., 2025b, file: “radar_by_category_with_
image.zip”). For each image (AI-generated and images 
from existing affective databases), we had an a priori 
expectation regarding the target emotion it was intended 

Fig. 3.  (continued on next page)
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to elicit. As a preliminary check, we examined whether 
the anticipated target emotion received, on average, a 
higher rating than the other nontarget emotions. Of the 
847 tested AI-generated images, 544 (64%) received the 
highest ratings for their intended targeted emotion. Like-
wise, of the 96 tested images from existing affective 
databases, 52 (54%) received the highest ratings for tar-
geted emotion. Thus, for both images from existing 
affective databases and AI-generated images, in most 
cases, the intended emotion aligned with participants’ 
ratings. A complete list of success index values for each 
image, along with intensity and discreteness scores, is 
provided in the “Data, Analysis Code & Outputs OSF Com
ponent” (Behnke et al., 2025b), file: “image_emotion_
means_S123456.csv.” This resource can be used to select 
the most effective stimuli for future studies.

Benchmarking the library

For the descriptive statistics for univariate comparisons, 
see Tables 2 to 5. For detailed results for both analyses, 
see the “Data, Analysis Code & Outputs OSF Compo-
nent” (Behnke et  al., 2025b), files: “MMA_model_SX 
.Rmd.”

The model for AI-generated images versus images 
from existing affective databases converged successfully 
(R2: range = .32–.46). Although some parameters initially 
showed poor mixing (maximum R-hat = 1.34; bulk effec-
tive sample size [ESS] as low as 41), our primary fixed-
effect estimates converged cleanly after raising the 
sampler’s target acceptance probability to 99% (all fixed-
effect R-hat = 1.00; bulk ESS ≥ 692). Posterior predictive 
checks showed that the model consistently reproduced 

the observed means and variances for all four outcomes 
(Bayesian p values = .49 to .51), and inspection of trace 
plots did not reveal any sampling issues. A summary of 
the fixed effects showed that on average, AI-generated 
images produced stronger reactions than images from 
existing affective databases for arousal (b = 0.12, 95% 
CrI = [0.01, 0.22]). In contrast, targeted emotion, targeted 
valence, and targeted motivation did not differ across 
image types (b = 0.06, 95% CrI = [−0.17, 0.28]; b = 0.06, 
95% CrI = [−0.21, 0.31]; b = 0.12, 95% CrI = [−0.14, 0.38], 
respectively) because CrIs slightly overlapped zero.

We used the same approach to fit the multivariate 
model for Studies 3 and 4. The model for the images 
matched and unmatched to cultural context converged 
successfully (R2: range = .33–.46). Convergence diagnos-
tics were generally acceptable (most R-hat ≈ 1.00; key 
fixed effects and variances well identified). Posterior 
predictive checks showed that the model consistently 
reproduced the observed means and variances for all 
four outcomes (Bayesian p values = .50–.52), indicating 
good overall fit. A summary of the fixed effects showed 
that on average, matched images produced stronger 
reactions than unmatched images for targeted emotion 
(b = 0.09, 95% CrI = [0.02, 0.15]). In contrast, targeted 
valence, arousal, and motivation did not differ across 
image types (b = 0.04, 95% CrI = [−0.01, 0.09]; b = 0.04, 
95% CrI = [−0.00, 0.09]; b = 0.04, 95% CrI = [−0.02, 0.10], 
respectively) because CrIs slightly overlapped zero.

The model for the female versus male variants of the 
images converged successfully (R2: range = .31–.48). 
Convergence diagnostics were generally acceptable 
(most R-hat ≈ 1.00; key fixed effects and variances well 
identified). Posterior predictive checks showed that the 

Fig. 3.  Affective ratings. Radar charts visualize the strength of affective responses. Mean levels of elicited reactions are aggregated by tar-
geted emotional category. Each spoke on the radar chart represents one of the rated emotions (e.g., joy, fear, surprise). Along each spoke, 
the distance from the center shows the average intensity with which participants rated that emotion in response to an image set. The red 
dashed concentric rings represent the midpoint of the scale, making it easier to interpret whether a rating was above or below the middle 
point of the scale from not at all to extremely.



16	 Behnke et al.

Table 2.  Descriptive Statistics for Images From Study 1 and Study 2

Measure

Study 1 Study 2

AI-generated
M (SD)

Non-AI-generated
M (SD)

Mean difference
[95% CI]

Cohen’s 
d

AI-generated
M (SD)

Targeted emotion 4.75 (2.08) 4.67 (2.09) 0.07 [0.00, 0.14] 0.03 4.78 (2.06)
  Amusement 5.08 (1.85) 4.53 (1.93) 0.55 [0.18, 0.93] 0.29 4.89 (1.90)
  Anger 4.80 (1.93) 5.06 (1.87) −0.26 [−0.48, −0.05] −0.14 4.19 (2.22)
  Attachment love 3.73 (2.27) 3.52 (2.18) 0.21 [−0.01, 0.43] 0.09 4.66 (2.21)
  Awe 4.97 (1.93) 4.59 (1.97) 0.38 [0.20, 0.56] 0.20 4.73 (2.08)
  Craving 5.38 (1.84) 5.13 (1.98) 0.26 [−0.04, 0.55] 0.13 5.48 (1.86)
  Disgust 5.10 (2.03) 5.39 (1.97) −0.28 [−0.48, −0.08] −0.14 5.27 (1.98)
  Excitement 4.12 (1.96) 4.14 (2.03) −0.02 [−0.50, 0.46] −0.01 4.40 (2.06)
  Fear 4.76 (2.04) 4.66 (2.09) 0.10 [−0.11, 0.31] 0.05 4.85 (1.97)
  Joy 4.78 (2.02) 4.55 (2.17) 0.23 [−0.19, 0.64] 0.11 4.83 (1.94)
  Neutral 4.63 (2.15) 4.61 (2.16) 0.02 [−0.21, 0.25] 0.01 4.30 (2.14)
  Nurturant love 4.70 (2.03) 4.39 (2.04) 0.31 [0.11, 0.51] 0.15 4.82 (2.09)
  Sadness 4.96 (2.04) 5.17 (1.95) −0.20 [−0.38, −0.03] −0.10 4.88 (2.06)
Targeted valence  
  Positive 5.39 (1.85) 5.11 (1.92) 0.28 [0.20, 0.36] 0.15 5.32 (1.84)
  Negative 5.18 (1.89) 5.35 (1.88) −0.17 [−0.26, −0.07] −0.09 5.20 (2.01)
Targeted arousal  
  Arousing 2.29 (1.79) 2.17 (1.71) 0.12 [0.06, 0.18] 0.07 2.49 (1.93)
Targeted motivation  
  Approach 4.79 (2.13) 4.50 (2.15) 0.30 [0.20, 0.39] 0.14 4.59 (2.20)
  Avoidance 4.58 (2.31) 4.65 (2.31) −0.07 [−0.18, 0.05] −0.03 4.71 (2.35)

Note: None of the discrete emotions were identified as aiming to calm the participants. AI = artificial intelligence;  
CI = confidence interval.

model consistently reproduced the observed means and 
variances for all four outcomes (Bayesian p values: .50–
.52), indicating good overall fit. Fixed-effect estimates 
for differences between sex variants were small, and 
their 95% CrIs all included zero for each outcome (tar-
geted emotion, valence, arousal, and motivation, respec-
tively: b = 0.01, 95% CrI = [−0.21, 0.30]; b = 0.09, 95% 
CrI = [−0.30, 0.45]; b = 0.07, 95% CrI = [−0.07, 0.21]; b = 
0.03, 95% CrI = [−0.33, 0.38]). It provides no clear evi-
dence that subtly adjusting the apparent sex of depicted 
individuals systematically changes targeted emotion, 
valence, arousal, or motivational ratings.

The model converged successfully (R2: range = .36–
.49). Convergence diagnostics were generally acceptable 
(all reported R-hat ≈ 1.00 and key fixed effects and vari-
ances well identified). Posterior predictive checks showed 
that the model consistently reproduced the observed 
means and variances for all four outcomes (Bayesian p 
values = .49–.51), indicating good overall fit. Fixed-effect 
estimates for adults and older adults were small, and their 
95% CrIs all included zero for each outcome (adults for 
targeted emotion, valence, arousal, and motivation, 
respectively: b = 0.12, 95% CrI = [−0.21, 0.43]; b = −0.10, 
95% CrI = [−0.44, 0.24]; b = 0.07, 95% CrI = [−0.06, 0.20]; 

b = 0.15, 95% CrI = [−0.14, 0.45]; older adults for targeted 
emotion, valence, arousal, and motivation, respectively: 
b = −0.01, 95% CrI = [−0.34, 0.32]; b = −0.08, 95% CrI = 
[−0.43, 0.25]; b = −0.05, 95% CrI = [−0.17, 0.07]; b = 0.02, 
95% CrI = [−0.28, 0.31]). It provides no clear evidence 
that subtly adjusting the apparent age of depicted indi-
viduals systematically changes targeted emotion, valence, 
arousal, or motivational ratings.

Unregistered frequency analysis

Using the direct-comparison items, we calculated the 
percentage of responses indicating whether the AI- 
generated images or images from existing affective data-
bases elicited much weaker, a little weaker, the same, a 
little stronger, or much stronger affective responses 
(Table S1 in the Supplemental Material). Across all mea-
sures, “the same” was the most frequently selected 
response, ranging from 21% to 71%. In addition, for 
amusement, attachment love, awe, craving, excitement, 
fear, neutral, nurturant love, positive, arousing, and 
calming items, the proportion of participants indicating 
stronger responses (combined a little stronger and much 
stronger) exceeded those indicating weaker responses 
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(combined a little weaker and much weaker). Most of 
the differences between combined more and combined 
less were significant, except for disgust and joy.

Furthermore, we ran the same analysis for culturally 
matched and unmatched images from Study 3 (Table S2 
in the Supplemental Material). Across all measures, “the 

Table 3.  Descriptive Statistics for Images From Study 3 and Study 4

Measure
Culturally matched

M (SD)
Culturally unmatched

M (SD)
Mean difference 

[95% CI] 
Cohen’s 

d

Targeted emotion 4.70 (2.04) 4.61 (2.06) 0.09 [0.04, 0.14] 0.05
  Amusement 4.64 (1.97) 4.43 (2.05) 0.20 [0.03, 0.38] 0.10
  Anger 4.45 (2.17) 4.34 (2.17) 0.11 [−0.08, 0.30] 0.05
  Attachment love 4.53 (2.11) 4.31 (2.13) 0.22 [0.03, 0.40] 0.10
  Awe 4.74 (2.06) 4.69 (2.03) 0.06 [−0.12, 0.23] 0.03
  Craving 5.54 (1.73) 5.37 (1.83) 0.17 [0.02, 0.32] 0.10
  Disgust 4.82 (2.03) 4.80 (2.07) 0.02 [−0.16, 0.20] 0.01
  Excitement 4.37 (2.01) 4.19 (2.03) 0.18 [0.01, 0.35] 0.09
  Fear 4.74 (2.01) 4.56 (2.04) 0.17 [0.00, 0.34] 0.09
  Joy 5.01 (1.88) 5.02 (1.8) −0.01 [−0.16, 0.15] 0.00
  Neutral 4.01 (1.96) 4.01 (2.03) 0.00 [−0.17, 0.17] 0.00
  Nurturant love 4.68 (2.04) 4.75 (1.99) −0.07 [−0.24, 0.1] −0.04
  Sadness 4.88 (2.06) 4.80 (2.11) 0.09 [−0.09, 0.26] 0.04
Valence  
  Positive 5.49 (1.69) 5.43 (1.72) 0.06 [0.00, 0.11] 0.03
  Negative 5.03 (1.99) 5.01 (2.02) 0.02 [−0.06, 0.11] 0.01
Arousal  
  Arousing 2.38 (1.83) 2.34 (1.80) 0.04 [0.00, 0.09] 0.02
Motivation  
  Approach 4.75 (2.06) 4.73 (2.09) 0.02 [−0.05, 0.08] 0.01
  Avoidance 4.45 (2.31) 4.37 (2.32) 0.08 [−0.02, 0.18] 0.04

Note: Positive values for the mean difference and Cohen’s d indicate stronger reactions elicited by the culturally 
matched images than by the unmatched images. CI = confidence interval.

Table 4.  Descriptive Statistics for Images From Study 5

Measure
Female variants

M (SD)
Male variants

M (SD)
Mean difference 

[95% CI] 
Cohen’s 

d

Targeted emotion 4.30 (2.06) 4.29 (2.10) 0.01 [−0.08, 0.11] 0.01
  Amusement 4.22 (1.95) 3.79 (2.14) 0.43 [0.14, 0.72] 0.21
  Anger 3.77 (2.11) 3.82 (2.15) −0.05 [−0.36, 0.26] −0.02
  Attachment love 3.85 (2.09) 3.59 (2.15) 0.26 [−0.05, 0.56] 0.12
  Disgust 5.12 (1.95) 5.33 (1.92) −0.21 [−0.49, 0.06] −0.11
  Excitement 4.38 (1.85) 4.21 (1.94) 0.16 [−0.11, 0.43] 0.09
  Fear 4.21 (2.06) 4.14 (2.06) 0.06 [−0.23, 0.36] 0.03
  Joy 4.72 (1.78) 4.62 (1.82) 0.10 [−0.16, 0.36] 0.05
  Neutral 4.54 (2.13) 4.83 (2.09) −0.29 [−0.57, −0.02] −0.14
  Nurturant love 4.00 (2.15) 4.06 (2.08) −0.06 [−0.37, 0.25] −0.03
  Sadness 4.16 (2.17) 4.35 (2.02) −0.19 [−0.49, 0.11] −0.09
Valence  
  Positive 5.10 (1.80) 4.86 (1.89) 0.24 [0.13, 0.35] 0.13
  Negative 4.90 (2.03) 5.03 (1.97) −0.13 [−0.27, 0.01] −0.07
Arousal  
  Arousing 2.08 (1.60) 2.01 (1.56) 0.07 [0.00, 0.14] 0.05
Motivation  
  Approach 4.28 (2.11) 4.06 (2.17) 0.22 [0.10, 0.35] 0.10
  Avoidance 4.36 (2.34) 4.62 (2.26) −0.26 [−0.43, −0.10] −0.11

Note: Positive values for the mean difference and Cohen’s d indicate stronger reactions elicited by the 
female variants of the images than by the male variants. CI = confidence interval.
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same” was the most frequently selected response, rang-
ing from 25% to 71%. In addition, for amusement, anger, 
attachment love, craving, excitement, joy, nurturant love, 
negative, and calming items, the proportion of partici-
pants indicating stronger responses (combined a little 
stronger and much stronger) exceeded those indicating 
weaker responses (combined a little weaker and much 
weaker). However, the differences between combined 
more and combined less were significant only for amuse-
ment, nurturant love, and sadness.

Calculating SESOI

We present the mean differences between the images 
divided into subcategories (much less, little less, the 
same, little more, and much more) in Table 6. For the 
comparison between affective images, we first noticed 
that images rated as eliciting “the same” response dem-
onstrated slight differences in affective responses (rang-
ing from d = −0.04 to d = 0.18). Images that elicited a 
little more affective response, in fact, elicited stronger 
reactions (ranging from d = 0.07 to d = 0.51), and images 
that elicited a little less affective response, in fact, elicited 
weaker reactions (ranging from d = −0.38 to d = 0.03). 
Combining the estimates for the a little more and a little 
less categories yielded overall SESOI estimates (from 

absolute d = 0.05 to d = 0.29). These values represent 
the smallest subjectively experienced differences in affec-
tive response, providing an essential reference point for 
affective studies. For the separate results for the SESOI 
analysis for Study 1 and Study 3, see the Supplementary 
Information in the Supplemental Material.

Discussion

In this project, we focused on leveraging generative AI 
to advance affect-induction procedures. First, we pro-
posed a pipeline demonstrating how generative AI can 
be used to develop affective images by building on 
existing data sets and emotion definitions. Second, we 
created and validated a library of AI-generated images 
and accompanying descriptions, spanning 12 discrete 
emotion categories and annotated with affective ratings. 
Our goal was to address key limitations of existing image 
databases by providing a proof of concept: that genera-
tive AI can produce emotionally evocative images that 
are both efficient and adaptable to specific contexts (i.e., 
culture, sex, and age). For efficiency, the results showed 
that the AI-generated images elicited comparable emo-
tional responses from those from existing affective data-
bases. To demonstrate the potential for adaptability, we 
tailored images to six broad cultural regions: African, 
Arabic, Asian, Indian, Latin American, and European/

Table 5.  Descriptive Statistics for Images From Study 6

Measure

Minor 
variants
M (SD)

Adult 
variants
M (SD)

Older-adult 
variants
M (SD)

Cohen’s d
Minors 

vs. adults

Cohen’s d
Minors vs. 

older adults

Cohen’s d
Adults vs. 

older adults

Targeted emotion 4.44 (2.11) 4.55 (2.09) 4.44 (2.11) −0.05 0.00 0.05
  Amusement 3.87 (2.08) 3.75 (2.11) 3.42 (2.13) 0.06 0.21 0.16
  Anger 3.63 (2.07) 3.77 (2.05) 3.62 (2.15) −0.06 0.00 0.07
  Attachment love 4.25 (2.31) 4.18 (2.24) 4.23 (2.30) 0.03 0.01 −0.02
  Disgust 5.30 (1.87) 5.72 (1.73) 5.49 (1.86) −0.23 −0.10 0.13
  Excitement 4.12 (2.08) 4.40 (1.99) 4.17 (2.02) −0.14 −0.03 0.11
  Fear 4.47 (2.12) 4.80 (2.09) 4.65 (2.05) −0.15 −0.08 0.07
  Joy 5.09 (1.78) 5.01 (1.75) 4.89 (1.82) 0.05 0.11 0.06
  Neutral 4.13 (2.00) 4.47 (2.18) 4.33 (1.93) −0.17 −0.10 0.07
  Nurturant love — 4.54 (2.00) 4.81 (1.93) — — −0.14
  Sadness 5.06 (1.96) 4.85 (1.98) 4.85 (2.01) 0.11 0.11 0.00
Valence  
  Positive 5.34 (1.81) 5.20 (1.87) 5.21 (1.84) 0.08 0.07 −0.01
  Negative 5.14 (1.92) 5.10 (1.93) 5.10 (1.89) 0.02 0.02 0.00
Arousal  
  Arousing 2.19 (1.75) 2.27 (1.79) 2.15 (1.70) −0.04 0.02 0.07
Motivation  
  Approach 4.59 (2.13) 4.52 (2.16) 4.46 (2.15) 0.03 0.06 0.03
  Avoidance 4.46 (2.31) 4.94 (2.19) 4.72 (2.25) −0.21 −0.11 0.10

Note: Positive values for the mean difference and Cohen’s d indicate stronger reactions elicited by the first category variants 
of the images than by the second category variants.
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North American. When testing matched versus unmatched 
images across different cultures, the images adjusted to 
participants’ cultural context elicited slightly stronger 
emotional responses than the unadjusted stimuli. Sex- 
and age-adjusted variants produced comparable 
responses with their base images, demonstrating control-
lability without loss of affective impact. Finally, we cal-
culated the smallest detectable differences in people’s 
affective states that can be used in future studies using 
affect-induction procedures.

Generating the affective images  
using AI

Affective scientists are increasingly embracing AI to sup-
port various aspects of research, from modeling emotion 
dynamics (Coles et  al., 2025) and classifying affective 
behavior (Cowen et al., 2021) to developing robots (Saad 
et al., 2024) and analyzing physiological data (Perz & 
Kazienko, 2025; Saganowski et al., 2022). Our study adds 
to that growing body of work by demonstrating another 
promising application: creating efficient and culturally 
adaptable affective images.

One of the key contributions of this project is the 
creation of a pipeline that can be used to generate affec-
tive images with AI. We transparently documented each 
step that led to the creation of the final image set. The 
process of creating the AI-generated images proved to 
be both rewarding and challenging. Overall, researchers 
found the experience to be highly positive, with the AI 
platforms being efficient and enjoyable to use. The abil-
ity to describe and generate new stimuli was particularly 
impressive, with the realism of the generated photos 
often surpassing expectations. However, we noted that 
achieving the desired image frequently required addi-
tional effort and tweaking because it was not always a 
straightforward task. Thus, the iterative process of refin-
ing prompts and generating multiple variations helped 
optimize the results.

One significant challenge was generating detailed 
and natural-looking faces, particularly when the image 
included more than four or five people. In addition, 
issues with image quality persisted, including low- 
resolution photos and the occasional generation of  
disturbing or inappropriate content, such as graphic  
depictions of violence, wounds, or controversial sym-
bols. Another limitation was the inclusion of written 
text in some images, which was not always grammati-
cally correct. Furthermore, inconsistencies in context 
occasionally arose, such as mismatches between a per-
son’s appearance and the setting (e.g., dirty hands 
paired with a clean shirt) or issues with bodily anatomy, 
such as poorly rendered hands. Adjusting elements 
such as color balance and focus also presented chal-
lenges. We also noticed that the generated images 

presented an unrealistic standard of beauty for all 
depicted people. Every face appeared highly attractive, 
and it proved challenging to generate faces that were 
not physically attractive.

During the image-generation period from April 2024 
to August 2025, the researchers observed a noticeable 
improvement in the quality of the AI-generated images. 
The evolution of the models over time and the introduc-
tion of new models became evident, with certain models 
proving more adept at generating specific types of 
images. This variation highlighted the importance of 
selecting the right model for the task at hand. For exam-
ple, although some models excelled at creating highly 
realistic portraits, others were better suited for generat-
ing scenes with complex backgrounds. In our qualitative 
review of outputs, Midjourney appeared more consistent 
at producing awe-evoking scenes, whereas Google Ima-
gen often handled larger group depictions more cleanly. 
These are observational patterns rather than results of 
a controlled benchmark. The models also differed in 
their content restrictions. For example, some (e.g., Seed-
ream) allowed the generation of highly realistic disgust-
eliciting images, whereas others (e.g., Google Imagen 
and Midjourney) imposed stricter limits that constrained 
such content. Initially, only Midjourney allowed for the 
effective correction of small errors using the “Vary 
(Region)” option, whereas over time, other models also 
acquired similar capabilities.

Importantly, this experience highlighted a broader 
challenge in working with generative AI: the rapid pace 
of technological advancement. Tools are evolving con-
tinuously, and the capabilities, limitations, and even inter-
faces of these platforms can change significantly within 
months. This dynamic landscape has important implica-
tions for affective science. Newer models may quickly 
outperform previous image sets, making older stimuli 
less relevant or useful. Furthermore, if the tools change, 
benchmarks and validation results may lose their rele-
vance quickly. Affective researchers may need to rou-
tinely revalidate stimuli or shift toward frameworks that 
validate generation pipelines instead of static image sets. 
To address this, we not only validated the images them-
selves but also generated detailed, human-written image 
descriptions that serve as an “immortal” layer of annota-
tion—interpretable across time, theories, and tools. These 
descriptions ensure that even as AI evolves, the emo-
tional meaning and context of the stimuli remain acces-
sible and comparable. On the positive side, the pace of 
development also opens doors for real-time adaptation—
for instance, tailoring stimuli to individuals or dynami-
cally generating stimuli during an experiment.

Furthermore, generative images enable ethically con-
trolled exposure when real photographs are scarce, 
restricted, or inappropriate to collect—for example, 
scenes involving minors, medical procedures, disaster 
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aftermath, illicit activities, or culturally sensitive taboos 
(e.g., alcohol). They also help study low-base-rate or 
logistically inaccessible phenomena (e.g., rare hazards, 
remote settings) without endangering participants or 
violating privacy/consent norms. Crucially, the pipeline 
supports institutional-review-board-compliant tailoring, 
allowing researchers to generate only content that aligns 
with local ethics and study aims.

Finally, our image-generation pipeline integrated gen-
erative AI with careful human oversight. Throughout the 
process, we consulted with cultural raters to ensure that 
the images not only matched their intended emotional 
targets but also fit appropriately within specific cultural 
contexts. Despite the advantages of AI, the involvement 
of human reviewers remained essential—each image was 
viewed, discussed, and iteratively refined based on qual-
itative feedback. Note that we observed meaningful dis-
agreement among raters from the same cultural group, 
which we interpreted as a valuable reminder of within-
cultures diversity. These differences were transparently 
documented and included in the “Data, Analysis Code 
& Outputs OSF Component” (Behnke et  al., 2025b), 
“SupplementaryData.xlsx” spreadsheet, sheet: “authors_
disagreements,” to support future research.

The LAI-GAI

With LAI-GAI, we showed that it is possible to overcome 
several key limitations outlined in the introduction, 
ensuring relevance for current research needs and show-
ing that AI-generated images could serve as a valuable 
complement to traditional image databases. We were 
able to generate images intended to elicit the 12 discrete 
emotions. In terms of emotion elicitation, we found that 
our AI-generated positive stimuli often elicited stronger 
affective responses than their counterparts from existing 
affective databases—a finding consistent across multiple 
statistical approaches. However, similar improvements 
were not observed for negative stimuli. The negative 
images were consistently worse at eliciting sadness, 
anger, and general negative affect than images from 
existing affective databases.

One likely reason for this discrepancy lies in the limi-
tations encountered during the image generation. We 
faced challenges in creating images that depict disturb-
ing or emotionally intense content, such as visible inju-
ries, acts of violence, or controversial symbols. These 
difficulties do not appear to reflect limitations in the 
generative model’s capabilities per se but rather stem 
from embedded filtering mechanisms designed to pre-
vent the production of sensitive or potentially harmful 
material. Consequently, we were unable to generate 
negative stimuli that might elicit stronger affective 
responses. However, it is important to emphasize that 
in our early attempts, these filters not only blocked some 

extreme images depicted in existing data sets but also 
prevented the creation of more moderate “negative” 
scenes—such as street fights or violence against animals 
and minors—representative of everyday norm violations. 
With the emergence of newer, less restrictive open mod-
els, generating such moderate negative content became 
feasible. For example, in the most recent iteration of age 
variants, the models successfully generated strong dis-
gust elicitors. Further validation and refinement— 
especially for negative stimuli—are needed to realize 
their potential as complementary resources that enhance 
existing approaches. Importantly, given that existing data 
sets tend to overrepresent negative content while offer-
ing fewer validated positive stimuli, our study addresses 
a significant gap by expanding the availability and qual-
ity of positive emotional materials.

There is growing recognition in the literature of the 
need to move beyond convenience sampling—not only 
of participants but also of stimuli, situations, and con-
texts (Barrett, 2022). Traditionally, stimulus selection has 
often been constrained by the availability of validated 
materials, limiting the ability to explore stimulus varia-
tion and generalization systematically. One of the major 
contributions of this project is that it makes such explo-
ration far more feasible. Generative AI allows systematic 
sampling of large, diverse, context-specific stimuli, yield-
ing robust tests of emotional generalizability, supporting 
within-categories variation, and reducing overinterpreta-
tion from narrow sets.

Crucially, the present library is a proof of concept, 
not a comprehensive endpoint. Its coverage—limited to 
six broad, simplified cultural groupings—is necessarily 
incomplete; we had to start somewhere, and these cat-
egories offered a pragmatic first step. Even when affec-
tive responses are comparable with existing stimuli, our 
approach enables purpose-specific adjustments (e.g., 
reducing overreliance on Caucasian faces in non-West-
ern settings) while preserving affective impact, demon-
strating novelty through controllability rather than 
stronger elicitation alone. Accordingly, our primary con-
tribution is the pipeline: a transparent, human-in-the-
loop process that others can reuse and extend to build 
country- or community-specific sets, update content  
as models evolve, and integrate local expertise to miti-
gate bias.

Adjusting stimuli to the context

We also demonstrate that generative AI can on-demand 
produce customized affective stimuli tailored to cultural 
contexts and to demographic characteristics, including 
sex and age. We further show that it is feasible to adapt 
stimuli to a single country context—here, India (despite 
its size and heterogeneity)—illustrating a concrete use 
case for more fine-grained, country-specific applications. 



22	 Behnke et al.

This opens new possibilities for tailoring affective stimuli 
to particular populations or cultural settings, addressing 
a major limitation of many existing static-image data-
bases. We showed that images can be adapted to reflect 
different cultural contexts and observed some advan-
tages of using culturally matched versus unmatched 
images, although they were smaller than expected. One 
possible explanation is that globalization has diminished 
distinct cultural differences because people worldwide 
are increasingly exposed to similar images. Another 
explanation might be that affective reactions are not as 
strongly culturally driven as initially hypothesized but 
instead reflect more universal emotional responses. We 
also note that culture may matter in ways not captured 
by minor adjustments: In some settings, entire concepts 
(e.g., companion animals) can be unacceptable, so 
“adjusted” versions may be ineffective or inappropriate; 
in such cases, redesign—not cosmetic modification—is 
warranted. However, because this study was not designed 
to test theoretical claims about the cultural versus uni-
versal nature of emotions, we refrain from drawing 
strong conclusions and encourage future research to 
address these questions directly.

We extend our approach by generating matched vari-
ants depicting male and female individuals and minors, 
middle-aged adults, and older adults while preserving 
the underlying scene and targeted emotion. This allows 
researchers to align stimuli more closely with the popula-
tions and designs of their studies (e.g., age-congruent 
stimuli for older adults, sex-consistent depictions to avoid 
confounds) without compromising affective validity.

We demonstrated that by using generative AI, 
researchers can now generate stimuli tailored to their 
precise research needs, allowing for greater control over 
the emotional content of the images. However, it also 
raises important considerations for cumulative science. 
If each research group creates its own set of tailored 
stimuli, comparability across studies may be reduced 
unless reporting standards are followed. To address this, 
we provide detailed documentation of our generation 
pipeline, including AI prompts, model names, selection 
procedures, and open access to all stimuli and annota-
tions. We recommend that future studies adopt similar 
approaches, including this level of transparency, to sup-
port reproducibility and ensure that generative methods 
strengthen rather than fragment the field.

Estimating the smallest difference 
participants can distinguish

Our study also offered a comparative estimate of the 
smallest subjectively experienced difference in the con-
text of affective image evaluation using the anchor-based 
approach proposed by Anvari and Lakens (2021). When 

we compared responses with images judged as eliciting 
a little more or a little less intense emotional responses, 
we found consistent shifts in the expected directions. 
Images classified as eliciting a little more emotion pro-
duced stronger responses (up to d = 0.51), and those 
judged as a little less yielded weaker reactions (down 
to d = −0.38). These results parallel Anvari and Lakens’s 
findings that even small self-reported changes in affect 
correspond to measurable differences on validated 
scales. By combining these little-more and little-less cat-
egories, we derived the estimates between Ms = 0.20 and 
0.45 for affective images (with neutral notably smaller 
at M = 0.08), values close to the estimates reported by 
Anvari and Lakens (M = 0.31 for positive affect and M = 
0.25 for negative affect) for the changes in affect across 
2 weeks. Furthermore, similarly to the Anvari and Lakens 
study, we observed that images rated as eliciting the 
same affective responses still yielded small but nonzero 
differences in emotion ratings, indicating that even sub-
jectively equivalent affective experiences may be associ-
ated with measurable variance.

Note that our design applied the anchor-based method 
to cross-context comparisons (i.e., image pairs) rather 
than longitudinal self-assessments. This suggests that the 
global rating of difference can also be fruitfully used in 
between-stimuluses designs, as proposed in the extended 
discussion by Anvari and Lakens (2021). Importantly, we 
found no single, consistent threshold: Some dimensions 
(e.g., neutral, attachment love) showed smaller esti-
mates, variability was substantial (wide standard devia-
tions), and in the a-little-less category, the sign 
occasionally reversed. We therefore present these values 
as descriptive benchmarks—not fixed cutoffs—to guide 
study design, power analysis, and the interpretation of 
future equivalence tests.

Limitations and future directions

Despite the promising results of this study, several limi-
tations warrant consideration. One limitation of the 
present study is that it was conducted solely in English. 
Although this is the case for most available research, 
future studies should account for the linguistic diversity 
of affective expression ( Jackson et  al., 2019) and 
explore conducting research in other languages. This 
is particularly important given evidence that emotional 
responses—especially to negative stimuli—may be 
attenuated when processed in a second language (e.g., 
Jończyk et al., 2016; Wu & Thierry, 2012; Zhang et al., 
2023). In addition, even though we used stimuli adapted 
for four distinct cultures in the study, we did not fully 
capture the diversity of all these cultures. The images 
may not be universally applicable in a given region 
(e.g., Asia), and future research should include a wider 



Advances in Methods and Practices in Psychological Science 9(1)	 23

range of cultures to better understand cross-cultural 
emotional responses.

In terms of diversity, although the current data set 
includes a variety of emotional images, it predominantly 
features heteronormative gender representations. To 
broaden the scope and reflect a more inclusive range of 
experiences, future versions of the stimuli should con-
sider adding images that represent diverse sexual orien-
tations and gender identities. For example, incorporating 
images of same-sex couples alongside the more tradi-
tional heteronormative representations could further 
enhance the diversity and inclusivity of the library.

To further optimize the generation of affective stimuli, 
future studies should consider controlling additional fac-
tors that may affect the emotional responses elicited by 
the images. For example, factors such as camera type, 
time of day, and lighting conditions can influence the 
way emotions are conveyed in visual stimuli. Although 
it may not be possible to alter these factors in the current 
library, acknowledging their potential impact in future 
discussions and studies would be an important consid-
eration for improving consistency in emotional responses.

Another limitation is the challenge of effectively elicit-
ing certain emotions, such as anger, using still visual 
stimuli. Although many “anger” stimuli appeared ambig-
uous and coactivated sadness, fear, or disgust, we do 
not treat this coactivation as evidence of induction fail-
ure. Rather, it likely reflects that negative-emotion 
reports tend to be naturally correlated, which can blur 
distinctions between closely related emotions in static 
visual elicitation. In addition, although generative AI is 
currently limited in its ability to generate certain types 
of affective content, such as films, this is an area in 
which affective research may evolve in the near future. 
These limitations are partly due to restricted access to 
some of the most advanced generative video models and 
partly because the generated videos often still appear 
odd or unrealistic—reminiscent of the early stages of 
generative image models. As generative AI continues to 
advance, researchers should prepare for the potential of 
generating not only static images but also dynamic stim-
uli, such as video clips (e.g., by preparing the descrip-
tions of the videos). These could offer new possibilities 
for studying emotional responses in more complex con-
texts, adding a layer of depth to the research.

The cultural adjustments made during the image-
generation process revealed the challenges of accurately 
representing diverse cultural contexts in a single cluster. 
For instance, images adapted to the Asian context risk 
ignoring the enormous diversity in physical appearance, 
cultural practices, and religious norms across and within 
East, South, and Southeast Asia. Likewise, images that 
were considered acceptable in some countries (e.g., 
Japan) could be viewed as inappropriate in others (e.g., 

Bangladesh) because of religious taboos, such as depic-
tions of pigs or alcohol. Crucially, continuous, iterative 
feedback from cultural experts on clothing cues, food 
presentation, gesture norms, and landscape/architectural 
details was indispensable for detecting such issues early, 
adjudicating ambiguous cases, and guiding revisions 
toward locally appropriate depictions. In addition, ste-
reotypical portrayals (e.g., often emphasizing poverty in 
Africa) were noted by cultural experts as misrepresenting 
the continent’s diversity. Some authors also pointed out 
the forced nature of certain cultural adjustments, par-
ticularly when traditional elements, such as clothing or 
flowers, were added in an attempt to fit the cultural 
context. Although these cues were helpful in signaling 
the intended culture, they sometimes exaggerated ste-
reotypes, which could compromise the ecological valid-
ity of the stimuli. Moreover, some traditional cultures 
may still treat generative AI with suspicion, which can 
hinder adoption and limit the adaptability of these tools.

Importantly, our goal is not to present the current 
image library as a finished, globally representative 
resource. Rather, we see our main contribution as the 
methodological pipeline. We demonstrate that generative 
image creation can be effectively integrated with itera-
tive, local-expert review in a human-in-the-loop process. 
This pipeline is designed to be extensible: For cases in 
which specific use cases warrant it (and relevant exper-
tise is available), it can be adapted to generate country-
specific or even subcultural image sets. Because 
generative models often encode Global North-centric 
priors that can surface in subtle ways (e.g., high-arousal 
smiling), it is essential that images be reviewed by local 
cultural experts and revised iteratively before inclusion, 
with ongoing monitoring for residual biases. In this way, 
future contributors can build additional, finer-grained 
subsets without overclaiming cultural coverage and 
while maintaining ecological validity. Thus, future work 
should continue to refine these methods, focusing on 
enhancing the ecological validity of the generated 
images and exploring deeper cultural nuances to avoid 
oversimplification and stereotyping.

As AI-generated images become more prevalent, a 
broader risk arises from training new AI systems on 
these images, which could compromise their ability to 
accurately reflect real-world pictures and experiences. 
Our data set is not meant for training such general 
systems. That said, there may be value in purpose-built 
tools that estimate the emotional impact of AI-gener-
ated images—for example, tools that could hide or 
down-rank images likely to elicit strong negative affect. 
If used this way, images should be clearly labeled as 
AI-generated/AI-made, and human-made images should 
be analyzed separately; evaluations should be planned 
in advance and include checks for bias and for whether 
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results hold up when the images come from different 
sources.

Conclusion

The use of generative AI to create affective stimuli marks 
a meaningful step forward in affective science, providing 
greater flexibility, contextual adaptability, and technical 
quality than traditional data sets. This project introduced 
a reproducible pipeline for generating and validating 
AI-based images. Our results demonstrate that such AI-
generated images can reliably elicit affective responses 
and be tailored to specific cultural and demographic 
contexts. As generative tools continue to evolve, the 
presented approach offers a scalable and customizable 
solution for advancing affective research across diverse 
domains and scenarios. More broadly, this work lays a 
robust foundation for future AI-driven investigations in 
affective science, emphasizing transparency and open-
ness in such scientific inquiry. Importantly, the outcome 
of this project is the LAI-GAI—the first publicly available 
database of AI-generated affective images, validated 
across international and diverse samples, ready for 
immediate use in future research.
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Jan Baczyński: Methodology; Resources; Writing – review 
& editing.
Lilianna Dera: Methodology; Resources; Writing – review 
& editing.
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