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Abstract

To help maximize the impact of scientific journal articles, authors must ensure that article
figures are accessible to people with color-vision deficiencies. Up to 8% of males and 0.5% of
females experience a color-vision deficiency. For deuteranopia, the most common color-
vision deficiency, we evaluated images published in biology-oriented research articles
between 2012 and 2022. Out of 66,253 images, 56,816 (85.6%) included at least one color
contrast that could be problematic for people with moderate-to-severe deuteranopia
(“deuteranopes”). However, after informal evaluations, we concluded that spatial distances
and within-image labels frequently mitigated potential problems. We systematically reviewed
4,964 images, comparing each against a simulated version that approximates how it appears
to deuteranopes. We identified 636 (12.8%) images that would be difficult for deuteranopes to
interpret. Although still prevalent, the frequency of this problem has decreased over time.
Articles from cell-oriented biology subdisciplines were most likely to be problematic. We used
machine-learning algorithms to automate the identification of problematic images. For a
hold-out test set of 879 additional images, a convolutional neural network classified images
with an area under the receiver operating characteristic curve of 0.89. To enable others to
apply this model, we created a Web application where users can upload images, view
deuteranopia-simulated versions, and obtain predictions about whether the images are
problematic. Such efforts are critical to ensuring the biology literature is interpretable to
diverse audiences.
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eLife assessment

In this important study, the authors manually assessed randomly selected images
published in eLife between 2012 and 2020 to determine whether they were accessible
for readers with deuteranopia, the most common form of color vision deficiency.
They then developed an automated tool designed to classify figures and images as
either "friendly" or "unfriendly" for people with deuteranopia. While such a tool
could be used by publishers, editors or researchers to monitor accessibility in the
research literature, the evidence supporting the tools' utility was incomplete. The
tool would benefit from training on an expanded dataset that includes different
image and figure types from many journals, and using more rigorous approaches
when training the tool and assessing performance. The authors also provide code
that readers can download and run to test their own images. This may be of most use
for testing the tool, as there are already several free, user-friendly recoloring
programs that allow users to see how images would look to a person with different
forms of color vision deficiency. Automated classifications are of most use for
assessing many images, when the user does not have the time or resources to assess
each image individually.

Introduction

Most humans have trichromatic vision: they perceive blue, green, and red colors using three types
of retinal photoreceptor cells that are sensitive to short, medium, or long wavelengths of light,
respectively. Color-vision deficiency (CVD) affects between 2% and 8% of males (depending on
ancestry) and approximately 0.5% of females1     . Congenital CVD is commonly caused by
mutations in the genes (or nearby promoter regions) that code for red or green cone
photopigments; these genes are proximal to each other on the X chromosome2     .

CVD is divided into categories, the most common being deutan CVD, affecting approximately 6% of
males of European descent, and protan CVD, affecting 2% of males of European descent1     . Both
categories are commonly known as red-green colorblindness. Within each category, CVD is
subclassified according to whether individuals are dichromats—able to see two primary colors—or
anomalous trichromats—able to see three primary colors but differently from normal trichromats.
Anomalous trichromats differ in the degree of severity with which they can distinguish color
patterns. Individuals with deuteranopia (“deuteranopes”) or protanopia do not have
corresponding green or red cones, respectively3     . Individuals with deuteranomaly do not have
properly functioning green cones, and those with protanomaly do not have properly functioning
red cones. People with any of these conditions often see green and red as brown or beige colors.
Thus, when images contain shades of green and red—or when either is paired with brown—parts
of the image may be indistinguishable. Furthermore, it can be problematic when some pinks or
oranges are paired with greens. These issues can lead to incorrect interpretations of figures in
scientific journal articles for individuals with CVD.

Efforts have been made to ensure that scientific figures are accessible to people with CVD. For
example, researchers have developed algorithms that attempt to recolor images so that people
with CVD can more easily interpret them4     –6     . However, these tools are not in wide use, and
more work is needed to verify their efficacy in practice. In the meantime, as researchers prepare
scientific figures, they can take measures to improve accessibility for people with CVD. For
example, they can avoid rainbow color maps that show colors in a gradient; they can use color
schemes or color intensities that are CVD friendly7     ; additionally, they can provide labels that
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complement information implied by color differences. However, for the millions of images that
have already been published in scientific articles, little is known about the frequency with which
these images are CVD friendly. The presence or absence of particular color pairings—and
distances between them—can be quantified computationally to estimate this frequency. However,
a subjective evaluation of individual images is necessary to identify whether color pairings and
distances are likely to affect scientific interpretation.

In this paper, we focus on deuteranopia and its subtypes. To estimate the extent to which the
biological literature contains images that may be problematic to deuteranopes, we manually
reviewed a “training set” of 4,964 images and a “test set” of 1,000 images. These images were
published in biology-oriented articles in the eLife journal between 2012 and 2022. After identifying
images that we deemed most likely to be problematic or not, we used machine-learning algorithms
to identify patterns that could discriminate between these two categories of images and thus might
be useful for automating the identification of problematic images. If successful, such an algorithm
could be used to alert authors, presenters, and publishers that scientific images could be modified
to improve visual accessibility and thus make biology more inclusive.

Methods

Image acquisition and summarization
We evaluated images in articles from eLife, an open-access journal that publishes research in “all
areas of the life sciences and medicine”8     . Article content from this journal is released under a
Creative Commons Attribution license. On June 1, 2022, we downloaded all available images from
an Amazon Web Services storage bucket provided by journal staff. We also cloned a GitHub
repository that eLife provides (https://github.com/elifesciences/elife-article-xml     ); this repository
contains text and metadata from all articles published in the journal since its inception. For each
article, we parsed the article identifier, digital object identifier, article type, article subject, and
publication date; we stored this information in a tab-delimited file. We excluded any article that
was not published with the “Research article” type.

For each available image, we identified whether the image was either grayscale or contained
colors. For each color image, we calculated a series of metrics to summarize the colors, contrasts,
and distances between potentially problematic colors. These metrics have similarities to those
used to assess recoloring algorithms, including global luminance error9     , local contrast error10     ,
and global chromatic diversity11     ,12     . Before calculating the metrics, we sought to make the
images more comparable to each other and to reduce the computational demands of analyzing the
images. We scaled each image to a height of 300 pixels and generated a quantized version with a
maximum of 256 colors. For each image, we then created a second version that simulated how a
deuteranope would see the image. To facilitate these simulations, we used the colorspace
package13      and specified a “severity” value of 0.8. Severity values range between 0 and 1 (with 1
being the most severe). We chose this threshold under the assumption that a mild severity level
might not be stringent enough to identify a lack of contrast in the images. However, because many
people with deuteranomaly do not have complete deuteranopia, this threshold reflects more
moderate cases.

Our approach and rationale for these metrics are described below. In these descriptions, we refer
to the quantized, resized images as “original” images and their simulated counterparts as
“simulated” images.

Mean, pixel-wise color distance between the original and simulated image. Our rationale was
that the most problematic images would show relatively large overall differences between
the original and simulated versions. When calculating these differences, we used version

https://doi.org/10.7554/eLife.95524.1
https://github.com/elifesciences/elife-article-xml


Harlan P. Stevens et al., 2024 eLife. https://doi.org/10.7554/eLife.95524.1 4 of 21

2000 of Hunt’s distance14     , which quantifies red/green/blue (RGB) color differences in a
three-dimensional space. This metric is symmetric, so the results are unaffected by the
order in which the colors were specified; we used the absolute value of these distances.
Color-distance ratio between the original and simulated images for the color pair with the
largest distance in the original image. First, we excluded black, white, and gray colors.
Second, we calculated the color distance (Hunt’s method) between each unique pair of
colors in the original image. Third, we calculated the color distance between the colors at
the same locations in the simulated image. Fourth, we calculated the ratio between the
original distance and the simulated distance. Our rationale was that problematic color
pairs would have relatively high contrast (large distances) in the original images and
relatively low contrast (small distances) in the simulated images. This approach is similar
to that described by Gregor Aisch15     .
Number of color pairs that exhibited a high color-distance ratio between the original and
simulated images. This metric is similar to the previous one. However, instead of using the
maximum ratio, we counted the number of color pairs with a ratio higher than five; this
threshold was used by Gregor Aisch15     . Our rationale was that even if one color pair did
not have an extremely high ratio, the presence of many high-ratio pairs would indicate a
potential problem.
Proportion of pixels in the original image that used a color from one of the high-ratio color
pairs. Again, using a threshold of five, we identified unique colors among the color-distance
pairs and counted the number of pixels in the original image that used any of these colors.
Our rationale was that a relatively large number of pixels with potentially problematic
colors may make an image as difficult for a deuteranope to interpret as an image with a
few extremely low-contrast pixels.
Mean Euclidean distance between pixels for high-ratio color pairs. First, we identified color
pairs with a ratio higher than five. For each color pair, we identified pixels in the original
image that used the two colors and calculated the Euclidean distance between those pixels
in the image’s two-dimensional layout. Then, we calculated the mean of these distances.
Our rationale was that potentially problematic color pairs close together in an image would
be more likely to cause problems than color pairs that are distant within the image.

After calculating these metrics for each available image, we calculated a ranked-based score. First,
we assigned a rank to each image based on each of the metrics separately. For the “Mean
Euclidean distance between pixels for high-ratio color pairs,” relatively large values were given
relatively high ranks (indicating that they were less problematic). For the other metrics, relatively
small values were given relatively high ranks. Finally, we averaged the ranks to calculate a
combined score for each image.

When analyzing images, calculating metrics, and creating figures and tables, we used the R
statistical software (version 4.2.1)16      and the following packages:

colorspace (version 2.0-3)13     

doParallel (1.0.17)17     

knitr (1.44)18     

magick (2.7.3)19      - interfaces with the ImageMagick software (6.9.10.23)20     

pROC (1.17.0.1)21     

spacesXYZ (1.2-1)22     

tidyverse (2.0.0)23     

xml2 (1.3.3)24     
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Qualitative image evaluation
We manually reviewed images to assess qualitatively whether visual characteristics were likely to
be problematic for deuteranopes. Our intent was to establish a reference standard for evaluating
the quantitative metrics we had calculated. Initially, we randomly sampled 1,000 images from
among those we had downloaded. Two authors of this paper (HPS and AFO) reviewed each of the
original (non-quantized, non-resized) images and the corresponding image that was simulated to
reflect deuteranopia (severity = 0.8). Neither of these authors has been diagnosed with
deuteranopia. This ensured the reviewers could compare the images with and without
deuteranopia simulation. To avoid confirmation bias, neither author played a role in defining the
quantitative metrics described above. Both authors reviewed the images and recorded
observations based on four criteria:

1. Did an image contain shades of red, green, and/or orange that might be problematic for
deuteranopes?

2. When an image contained potentially problematic color shades, did the color contrasts
negate the potential problem? (The reviewers examined the images in their original and
simulated forms when evaluating the contrasts.)

3. When an image contained potentially problematic color shades, did within-image labels
mitigate the potential problem?

4. When an image contained potentially problematic color shades, were the colors
sufficiently spatially distant from each other so that the colors were unlikely to be
problematic?

After discussing a given image, the reviewers recorded a joint conclusion about whether the image
was “Definitely problematic,” “Probably problematic,” “Probably okay,” or “Definitely okay.” For
images that had no visually detectable color, the reviewers recorded “Gray-scale.”

After this preliminary phase, we randomly selected an additional 4,000 images and completed the
same process. During the review process, we identified 36 cases where multiple versions of the
same image had been sampled. We reviewed these versions manually and found that subsequent
versions either had imperceptible differences or slight differences in the ways that sub-figures
were laid out. None of these changes affected the colors used. Thus, we excluded the duplicate
images and retained the earliest version of each image. The resulting 4,964 images constituted a
“training set,” which we used to evaluate our calculated metrics and to train classification models
(see below). Later, we randomly selected an additional 1,000 images, which we used as a “hold-out
test set.” Again, we excluded duplicate images and those for which different versions were present
in the training set and hold-out test set. The same authors (HPS and AFO) performed the manual
review process for these images.

Classification analyses
We used classification algorithms to discriminate between images that we had manually labeled as
either “Definitely problematic” or “Definitely okay.” Although it reduced our sample size, we
excluded the “Probably problematic” and “Probably okay” images with the expectation that a
smaller but more definitive set of examples would produce a more accurate model. Removing
these images reduced our training set to 4,501 images.

First, we evaluated our ability to classify images as “Definitely problematic” or “Definitely okay”
based on the five metrics we devised. For this task, we used the following classification algorithms,
which are designed for one-dimensional data: Random Forests25     , k-nearest neighbors26     , and
logistic regression27     . We used implementations of these algorithms in scikit-learn (version
1.1.3)28      with default hyperparameters, other than two exceptions; we used the “liblinear” solver
for logistic regression, and we set the “class_weight” hyperparameter to “balanced” for Random
Forests and Logistic Regression. For evaluation, we used three iterations of five-fold cross
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validation. For the test samples in each fold, we calculated the area under the receiver operating
characteristic curve (AUROC)29     ,30      using the yardstick package (version 1.2.0)31     . We
calculated the median AUROC across the folds and then averaged them across the three iterations.

Second, we evaluated our ability to classify the images as “Definitely problematic” or “Definitely
okay” based on the images themselves. We used a convolutional neural network (CNN) because
they are capable of handling two-dimensional inputs and to account for spatial patterns and colors
within images. To generate the CNN model, we used the Tensorflow (2.10.0) and Keras (2.10.0)
frameworks32     ,33     . To support transfer learning (described below), we scaled both dimensions
of each image to 224. To perform hyperparameter optimization, we again used three iterations of
five-fold cross validation (with the same assignments as the earlier classification analysis). Each
hyperparameter combination extended a baseline model that had eight, two-dimensional,
convolutional layers; each layer used batch normalization and the relu activation function.
Subsequent layers increased in size, starting with 32 nodes and increasing to 64, 128, 256, 512, and
728. We trained for 30 epochs with an Adam optimization set, a learning rate of 1e-3, and the
binary cross-entropy loss function. The output layer used a sigmoid activation function.

In addition to the baseline model, we tested 22 hyperparameter combinations based on the
following techniques:

Class weighting - To address class imbalance (most images were “Definitely okay” in the
training set), we increased the weight of the minority class (“Definitely problematic”)
proportionally to its frequency in the training set.
Early stopping - During model training, classification performance on the (internal)
validation set is monitored to identify an epoch when the performance is no longer
improving or has begun to degrade; the goal of this technique is to find a balance between
underfitting and overfitting.
Random flipping and rotation - In an attempt to prevent overfitting, we enabled random,
horizontal flipping of training images and data augmentation via differing amounts of
random image rotation34     . We evaluated rotation thresholds of 0.2 and 0.3.
Dropout - Again to prevent overfitting, we asked the model to temporarily remove a subset
of neurons from the network. We evaluated dropout rates of 0.2 and 0.5.
Transfer learning - This technique uses a corpus of ancillary images such that model
building is informed by patterns observed previously. We evaluated two corpuses:
MobileNetV235     ,36      and ResNet5037     . MobileNetV2 is a 53-layer convolutional neural
network trained on more than a million images from the ImageNet database to classify
images with objects into 1,000 categories. ResNet50 is a 50-layer convolutional neural
network, similarly trained. MobileNetV2 is designed for use on mobile devices, so it is
optimized to be lightweight. As such, MobileNetV2 uses 3.4 million parameters, while
ResNet50 uses over 25 million trainable parameters. When we applied transfer learning
from either ResNet50 or MobileNetV2, we did not use the base model design referred to
above. Instead, we added a global pooling function into a dense layer. Because our training
dataset was relatively small, adding fewer layers may reduce the risk of overfitting.
Fine tuning - When transfer learning was used, we sometimes performed fine tuning. With
this approach, we allowed an initial model to be trained for 30 epochs (unless early
stopping was specified). We then fine-tuned the model by unfreezing the ResNet50 (or
MobileNetV2) layers and retraining the initial model with a lower learning rate of 1e-5.

To guide (internal) evaluation of the models, we specified the following metrics: true positives,
false positives, true negatives, false negatives, accuracy, precision, recall, AUROC, and precision-
recall curve. After identifying the best hyperparameter combination via cross validation, we
created a hold-out test set, randomly selecting an additional 1,000 images from eLife articles
published during the same timeframe as the training set. We did not use these images when
developing the model or selecting hyperparameters.
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Web application
We created a Web application using the Node.js framework38     . The application enables
researchers to evaluate uploaded images. First, users upload an image in PNG or JPEG format. The
application displays the image alongside a deuteranopia-simulated version of the image. For
simulation, we implemented the Machado et al.39      matrix for deuteranopia in Javascript with a
“severity” value of 0.8, the same parameter used in training. If the user requests it, the application
uses our CNN model to predict whether the image is likely to be problematic for a deuteranope;
the prediction includes a probabilistic score so that users can assess the model’s confidence level.
To facilitate execution of the CNN within the Web application, we used Tensorflow.js (version
4.0.0)40     .

Code and data availability
The images we used for evaluation and the trained TensorFlow model are stored in an Open
Science Framework repository (https://osf.io/8yrkb     ). The code for processing and analyzing the
images is available at https://github.com/srp33/bio_image_colorblindness     . That repository also
includes the calculated metrics, cross-validation assignments, results of image curation, and
outputs of the classification algorithms. The Web application code is available at https://github.com
/srp33/colorblind_image_tester     .

Results

We downloaded images from research articles published in the eLife journal between 2012 and
2022. Not counting duplicate versions of the same image, we obtained 66,253 images. Of these
images, 1,744 (2.6%) were grayscale (no color). Of these images, 56,816 (85.6%) included at least
one color pair for which the amount of contrast might be problematic to people with moderate-to-
severe deuteranopia (“deuteranopes”). To characterize potentially problematic aspects of each
color-based image, we calculated five metrics based on color contrasts and distances; we also
compared the color profiles against what deuteranopes might see (see Methods). The distributions
of these metrics are depicted in Figures S1-S5.

A brief evaluation suggested that many images with the highest scores (or lowest, as would be the
case for the “Mean Euclidean distance between pixels for high-ration color pairs” metric) for these
metrics were likely to be problematic for deuteranopes. However, we noted that certain color
pairs were more problematic than others, and the use of effective labels and/or spacing between
colors often mitigated potential problems. Thus, to better estimate the extent to which images in
the biological literature are problematic for deuteranopes, we manually reviewed a sample of
4,964 images and judged whether it would be likely for deuteranopes to recognize the scientific
message behind each image. Additional Data File S1 contains a record of these evaluations, along
with comments that indicate either problematic aspects of the images or factors that mitigated
potential problems. We concluded that 636 (12.8%) of the images were “Definitely problematic,”
whereas 3,865 of the images (77.9%) were “Definitely okay.” The remaining images were grayscale
(n = 179), or we were unable to reach a confident conclusion (n = 284). For the images that were
“Definitely okay,” we visually detected shades of green and red or orange in 2,348 (60.8%) images;
however, in nearly all (99.3%) of these cases, we deemed that the contrasts between the shades
were sufficient that a deuteranope could interpret the images. Furthermore, distance between the
colors and/or labels within the images mitigated potential problems in 54.2% and 48.4% of cases,
respectively.

For the images that were either “Definitely okay” or “Definitely problematic,” we calculated the
percentage of “Definitely problematic” images in a given year or associated with a given biology
subdiscipline. The percentage of problematic images declined steadily between 2012 and 2021,
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with a modest increase in 2022 (Figure 1     ). The subdisciplines with the highest percentages of
problematic images were Stem Cells and Regenerative Medicine, Developmental Biology, and Cell
Biology (Figure 2     ).

Despite the benefits of manual review, this process is infeasible on a large scale. Therefore, we
evaluate techniques for automating classification. Firstly, we used the five metrics we calculated to
classify the training images. We also combined these metrics into a single, ranked-based score for
each image.Figures 3     , S6-S10 illustrate differences for these metrics between the two classes. To
quantify their predictive performance, we calculated the area under the receiver operating
characteristic curve (AUROC)29     . Values closer to 1.0 indicate relatively high predictive
performance. A value of 0.5 indicates that predictions are no better than random guessing. The
best-performing metric on the training set was the number of color pairs that exhibited a high
color-distance ratio between the original and simulated images (AUROC: 0.75); the mean, pixel-
wise color distance between the original and simulated image performed worse than random
guessing (Table S1). Secondly, as an alternative to the combined rank score, we used classification
algorithms to make predictions with the five metrics as inputs. In cross validation on the training
set, the best-performing algorithm was Logistic Regression, attaining an AUROC of 0.82 (Table S2).
Thirdly, we created a convolutional neural network (CNN) to make predictions according to visual
and spatial patterns in the images. CNNs are highly configurable and often sensitive to model
parameters. Accordingly, we performed multiple iterations of cross validation on the training set
and identified a hyperparameter combination that attained an AUROC of 0.93, slightly
outperforming other combinations (Table S3).

We manually reviewed a hold-out test set with an additional 1,000 images (Additional Data File
S2). After removing images from the hold-out test set that were not “Definitely okay” or “Definitely
problematic,” we were left with 879 images to test the classification algorithms. For the Logistic
Regression algorithm and CNN, we trained models using the full training set and classified each
hold-out image as “Definitely okay” or “Definitely problematic.” Logistic Regression classified the
images with an AUROC of 0.82; the CNN classified the images with an AUROC of 0.89 (Figures
4     -5     ). Upon reviewing the 92 misclassified images and comparing them against our manual
annotations, we determined that in 13 cases, the reviewers had missed subtle patterns and that it
would be justified to change the labels (Additional Data File S3). For 31 of the misclassified images,
we visually identified patterns that might have confused the CNN; however, upon reevaluation, we
maintain that the original labels were valid. For the remaining 48 misclassified images, we were
unable to identify patterns that seemed likely to have confused the model.

Discussion

Significant prior work has been done to address and improve accessibility for individuals with
CVD41     . This work can be generally categorized into three types of studies: simulation methods,
recolorization methods, and estimating the frequency of accessible images. Simulation methods
have been developed to better understand how images appear to individuals with CVD. Brettel et
al. first simulated CVDs using the long, medium, and short (LMS) colorspace42     . For dichromacy,
the colors in the LMS space are projected onto an axis that corresponds to the non-functional cone
cell. Viénot et al. expanded on this work by applying a 3×3 transformation matrix to simulate
images in the same LMS space43     . Machado et al. created matrices to simulate CVDs based on the
shift theory of cone cell sensitivity39     ,44     . These algorithms allow individuals without CVD to
qualitatively test how their images would appear to people with CVD. The simulation algorithms
and matrices are freely available and accessible via websites and software packages45     –48     .

CVD simulations have facilitated the creation of colorblind-friendly palettes49     , and they have led
to algorithms that recolor images to become more accessible to people with CVD. Recolorization
methods focus on enhancing color contrasts and preserving image naturalness41     . Many
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Figure 1

Longitudinal trends.

For the 4,964 images in the training set, we identified images that were “Definitely okay” or “Definitely problematic”. This
graph shows the percentage of these images that were “Definitely problematic” in a given year, over time. We used linear
regression to calculate the P-value.

Figure 2

Trends by biology subdiscipline.

For the 4,964 images in the training set, we identified images that were “Definitely okay” or “Definitely problematic”. This
graph shows the percentage of these images that were “Definitely problematic” for a given subdiscipline, as indicated in the
article metadata. In many cases, a single image was associated with multiple subdisciplines; these images are counted
separately for each subdiscipline. We used a chi-squared goodness-of-fit test to calculate the P-value.
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Figure 3

Rank-based metric score for images categorized as “Definitely okay” or “Definitely problematic”.
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Figure 4

Convolutional Neural Network predictions for the hold-out test set.

Each point represents the prediction for an image from the hold-out test set. Relatively high confidence scores indicate that
the model had more confidence that a given image was “Definitely problematic” for a person with deuteranopia.
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Figure 5

Receiver operating characteristic curve for Convolutional
Neural Network predictions on the hold-out test set.

This curve illustrates tradeoffs between sensitivity and specificity for the Convolutional Neural Network on the hold-out test
set. The area under the curve is 0.89.
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algorithms have been developed to compensate for dichromacy50     –61     . These algorithms apply
a variety of techniques including hue rotation, customized difference addition, node mapping, and
generative adversarial networks41     ,57     . Many of these methods have been tested for efficacy,
both qualitatively and quantitatively41     . Recoloring algorithms have been applied to PC displays,
websites, and smart glasses62     . Despite the prevalence of these algorithms, current techniques
have not been systematically compared and may sacrifice image naturalness to increase contrast.
Additionally, recoloring may not improve the accessibility of some scientific figures because
papers often reference colors in figure descriptions. Recoloring the image could interfere with
matching colors between the text and images.

An increase in available resources for making figures accessible to individuals with CVD has
prompted some researchers to investigate whether these resources have been impactful in
decreasing the frequency of published scientific figures with problematic color pairings. Frane
examined the prevalence of images in psychology journals that could be confusing to people with
CVD63     . A group of panelists with CVD qualitatively evaluated 246 images and found that 13.8%
of color figures caused difficulty for at least one panelist; this percentage is similar to our findings.
They also found that in instructions to authors, journals rarely mentioned the importance of
designing figures for CVD accessibility. Angerbauer et al. recruited crowdworkers to analyze a
sample of 1,710 published images and to identify issues with the use of color64     . On average, 60%
of the sampled images were given a rating of “accessible” across CVD types. From 2000 to 2019,
they observed a slight increase in CVD accessibility for published figures.

Our study focuses on the biology literature and uses simulations to estimate the prevalence of
problematic figures. Our work suggests that approximately 13% of figures in the eLife journal are
challenging for scientists with moderate-to-severe deuteranopia to interpret. Although this journal
may not represent biology-related journals more broadly, eLife does publish articles across diverse
biology subdisciplines, and its content-licensing scheme made it possible to perform this study in a
transparent manner. We hope that providing examples of figures that may cause issues for
individuals with CVD will raise awareness of this problem and encourage authors and publishers
to be more proactive about publishing CVD-friendly figures.

By summarizing color patterns in more than 66,000 images and manually reviewing 6,000 images,
we have created an open data resource that other researchers can use to develop their own
methods. Furthermore, we have created an automated process for assigning predictions to other
scientific figures. We have made this model accessible to other scientists by deploying it in a Web
application (https://bioapps.byu.edu/colorblind_image_tester     ); we anticipate that scientists and
journal editors will find this tool useful when preparing or evaluating figures for publication.
However, it is infeasible to perfectly automate the process of determining whether an image is
CVD friendly, so we encourage biologists to use this tool as a starting point only.

Our analysis has limitations. Firstly, it relied on deuteranopia simulations rather than the
experiences of deuteranopes. However, by using simulations, the reviewers were capable of seeing
two versions of each image: the original and a simulated version. Secondly, because we used a
single, relatively high severity threshold, our simulations do not represent the full spectrum of
experiences that scientists with deuteranopia have. Furthermore, recent evidence suggests that
commonly used mathematical representations of color differences are unlikely to reflect human
perceptions perfectly65     . As methods evolve for more accurately simulating color perception, we
will be more capable of estimating the extent to which scientific figures are problematic for
deuteranopes. Thirdly, our evaluations focused on deuteranopia, the most common form of CVD. It
will be important to address other forms of CVD, such as protanopia, in future work. Finally, our
CNN model was trained using biology-oriented images and thus might be less effective for other
image types. Future studies could expand on this work, using images from other disciplines and/or
non-science sources.
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Diverse resources are available to researchers looking to make their figures suitable for people
with CVD. For example, the seaborn Python package includes a “colorblind” palette66     . The
colorBlindness package for R provides simulation tools and CVD-friendly palettes67     . When
designing figures, researchers may find it useful to first design them so that key elements are
distinguishable in grayscale. Then, color can be added—if necessary—to enhance the image. Color
should not be used for the sole purpose of making the image aesthetically pleasing. Using minimal
color avoids problems that arise from color pairing issues. Rainbow color maps, in particular,
should be avoided. If a researcher finds it necessary to include problematic color pairings in
figures, they can vary the saturation and intensity of the colors so they are more distinguishable to
people with CVD. Many of the problematic figures that we identified in this study originated from
fluorescence microscopy experiments, where red and green dyes are commonly used. Accordingly,
cell biology might be a biology subdiscipline that is disproportionately inaccessible to
deuteranopes. Choosing alternative color dyes could reduce this problem and improve the
interpretability of microscopy images for people in all fields.
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Reviewer #1 (Public Review):

Summary:
The authors of this study developed a software application, which aims to identify images as
either "friendly" or "unfriendly" for readers with deuteranopia, the most common color-
vision deficiency. Using previously published algorithms that recolor images to approximate
how they would appear to a deuteranope (someone with deuteranopia), authors first
manually assessed a set of images from biology-oriented research articles published in eLife
between 2012 and 2022. The researchers identified 636 out of 4964 images as difficult to
interpret ("unfriendly") for deuteranopes. They claim that there was a decrease in
"unfriendly" images over time and that articles from cell-oriented research fields were most
likely to contain "unfriendly" images.
The researchers used the manually classified images to develop, train, and validate an
automated screening tool. They also created a user-friendly web application of the tool,
where users can upload images and be informed about the status of each image as "friendly"
or "unfriendly" for deuteranopes.

Strengths:
The authors have identified an important accessibility issue in the scientific literature: the
use of color combinations that make figures difficult to interpret for people with color-vision
deficiency. The metrics proposed and evaluated in the study are a valuable theoretical
contribution. The automated screening tool they provide is well-documented, open source,
and relatively easy to install and use. It has the potential to provide a useful service to the
scientists who want to make their figures more accessible. The data are open and freely
accessible, well documented, and a valuable resource for further research. The manuscript is
well written, logically structured, and easy to follow.

Weaknesses:
(1) The authors themselves acknowledge the limitations that arise from the way they defined
what constitutes an "unfriendly" image. There is a missed chance here to have engaged
deuteranopes as stakeholders earlier in the experimental design. This would have allowed to
determine to what extent spatial separation and labelling of problematic color combinations
responds to their needs and whether setting the bar at a simulated severity of 80% is
inclusive enough. A slightly lowered barrier is still a barrier to accessibility.

(2) The use of images from a single journal strongly limits the generalizability of the
empirical findings as well as of the automated screening tool itself. Machine-learning
algorithms are highly configurable but also notorious for their lack of transparency and for
being easily biased by the training data set. A quick and unsystematic test of the web
application shows that the classifier works well for electron microscopy images but fails at
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recognizing red-green scatter plots and even the classical diagnostic images for color-vision
deficiency (Ishihara test images) as "unfriendly". A future iteration of the tool should be
trained on a wider variety of images from different journals.

(3) Focusing the statistical analyses on individual images rather than articles (e.g. in figures 1
and 2) leads to pseudoreplication. Multiple images from the same article should not be
treated as statistically independent measures, because they are produced by the same
authors. A simple alternative is to instead use articles as the unit of analysis and score an
article as "unfriendly" when it contains at least one "unfriendly" image. In addition,
collapsing the counts of "unfriendly" images to proportions loses important information
about the sample size. For example, the current analysis presented in Fig. 1 gives undue
weight to the three images from 2012, two of which came from the same article. If we
perform a logistic regression on articles coded as "friendly" and "unfriendly" (rather than the
reported linear regression on the proportion of "unfriendly" images), there is still evidence
for a decrease in the frequency of "unfriendly" eLife articles over time. Another issue
concerns the large number of articles (>40%) that are classified as belonging to two
subdisciplines, which further compounds the image pseudoreplication. Two alternatives are
to either group articles with two subdisciplines into a "multidisciplinary" group or recode
them to include both disciplines in the category name.

(4.)The low frequency of "unfriendly" images in the data (under 15%) calls for a different
performance measure than the AUROC used by the authors. In such imbalanced classification
cases the recommended performance measure is precision-recall area under the curve (PR
AUC: https://doi.org/10.1371%2Fjournal.pone.0118432) that gives more weight to the
classification of the rare class ("unfriendly" images).

https://doi.org/10.7554/eLife.95524.1.sa2

Reviewer #2 (Public Review):

Summary:
An analysis of images in the biology literature that are problematic for people with a color-
vision deficiency (CVD) is presented, along with a machine learning-based model to identify
such images and a web application that uses the model to flag problematic images. Their
analysis reveals that about 13% of the images could be problematic for people with CVD and
that the frequency of such images decreased over time. Their model yields 0.89 AUC score. It
is proposed that their approach could help making biology literature accessible to diverse
audiences.

Strengths:
The manuscript focuses on an important yet mostly overlooked problem, and makes
contributions both in expanding our understanding of the extent of the problem and in
developing solutions to mitigate the problem. The paper is generally well-written and clearly
organized. Their CVD simulation combines five different metrics. The dataset has been
assessed by two researchers and is likely to be of high-quality. Machine learning algorithm
used (convolutional neural network, CNN) is an appropriate choice for the problem. The
evaluation of various hyperparameters for the CNN model is extensive.

Weaknesses:
The focus seems to be on one type of CVD (deuteranopia) and it is unclear whether this would
generalize to other types. The dataset consists of images from eLife articles. While this is a
reasonable starting point, whether this can generalize to other biology/biomedical articles is
not assessed. "Probably problematic" and "probably okay" classes are excluded from the
analysis and classification, and the effect of this exclusion is not discussed. Machine learning
aspects can be explained better, in a more standard way. The evaluation metrics used for
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validating the machine learning models seem lacking (e.g., precision, recall, F1 are not
reported). The web application is not discussed in any depth.

https://doi.org/10.7554/eLife.95524.1.sa1

Reviewer #3 (Public Review):

Summary:
This work focuses on accessibility of scientific images for individuals with color vision
deficiencies, particularly deuteranopia. The research involved an analysis of images from
eLife published in 2012-2022. The authors manually reviewed nearly 5,000 images,
comparing them with simulated versions representing the perspective of individuals with
deuteranopia, and also evaluated several methods to automatically detect such images
including training a machine-learning algorithm to do so, which performed the best. The
authors found that nearly 13% of the images could be challenging for people with
deuteranopia to interpret. There was a trend toward a decrease in problematic images over
time, which is encouraging.

Strengths:
The manuscript is well organized and written. It addresses inclusivity and accessibility in
scientific communication, and reinforces that there is a problem and that in part
technological solutions have potential to assist with this problem.

The number of manually assessed images for evaluation and training an algorithm is, to my
knowledge, much larger than any existing survey. This is a valuable open source dataset
beyond the work herein.

The sequential steps used to classify articles follow best practices for evaluation and training
sets.

Weaknesses:
I do not see any major issues with the methods. The authors were transparent with the
limitations (the need to rely on simulations instead of what deuteranopes see), only capturing
a subset of issues related to color vision deficiency, and the focus on one journal that may not
be representative of images in other journals and disciplines.
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