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Abstract 
Convolutional neural networks (CNNs) not only recognize 
objects with high accuracy, but also acquire from images 
abstract statistical concepts such as numerosity and 
correlations. However, it remains unclear whether the CNN 
architectures implement inductive biases that mimic human 
biases in statistical judgments. In this paper, we examined 
whether VGG-19 models, a popular CNN architecture, that 
are trained to make correlation judgments from scatterplots 
display human-like biases. In comparisons between model 
predictions and human data, we found that there was a high 
correspondence between human biases and machine biases 
in VGG-19 models. Using explainable AI visualization with 
saliency maps to unpack the regions on which VGG-19 rely 
to make correlation judgments, we found that the late layers 
of the model tend to focus on regions similar to human 
participants’ fixation distributions as captured by eye 
tracking. We further demonstrate that such models were 
nearly sufficient to predict human data at an accuracy level 
rivaling the state-of-the-art model trained on human data in 
three large-scale correlation discrimination datasets. Our 
results suggest that VGG-19 models may employ strategies 
that are similar to those used by human participants for 
statistical judgments from visual graphs and, therefore, pave 
the way to address human cognitive biases in visualization-
based statistical judgments through the lens of deep neural 
networks. 
Keywords: statistical judgments; cognitive biases; 
attention; CNN; explainable AI  

Introduction 
Data visualization is integral to judgment and decision-
making in the modern world. It enables decision-makers to 
rapidly process complex information (Lewandowsky & 
Spence, 1989; Shao et al., 2022). At times, it also serves as 
a powerful communication tool, empowering organizations 
to make informed decisions in dynamic environments 
through intuitive data representation and analysis (Lurie & 
Mason, 2007; Vanderplas et al., 2020).  

However, our cognitive processing of data visualization 
is not flawless. Prior work has uncovered various cognitive 
biases in visualization cognition. For example, consumers 
may exhibit uneven attention patterns and unsystematic 
thinking styles when interpreting product rating 
distributions (Fisher et al., 2018; Lu et al., 2022). Auditor 
assessments of company performance vary significantly 
based on how financial indicators are visualized (Beattie & 
Jones, 2002a, 2002b). Investors’ interpretations of market 
trends can diverge dramatically depending on the 
visualization tools employed (Spiller et al., 2020). The 
challenge extends to experts, whereby even data scientists 

struggle to accurately assess the uncertainty when faced 
with suboptimal visualizations (Zhang et al., 2023). All in 
all, many biases observed in non-graphical information 
processing also manifest in visualization cognition (Dimara, 
et al., 2018).  

Over the past few years, researchers have been making 
progress in addressing cognitive biases in visualization 
cognition through innovative applications of artificial 
intelligence, particularly convolutional neural networks 
(CNNs). For example, Yang, Ma et al. (2023) trained 
CNNs on human participants’ correlation judgments from 
scatterplots. Their models not only predict human 
perceptual patterns but also identify potential areas of bias, 
paving the way for visualization systems that can actively 
compensate for known cognitive biases. This work and 
other similar studies (Jo & Seo, 2019; Ma et al., 2018; 
Wöhler et al., 2019) have expanded the application of 
CNNs to analyze various aspects of visualization cognition. 
Building on these foundations, researchers have developed 
practical AI-driven solutions that provide real-time 
feedback during the visualization design process. Bylinskii 
et al. (2017) showed how these advanced systems can 
analyze draft visualizations and suggest modifications to 
minimize potential perceptual biases. This development 
marks a significant evolution from merely understanding 
biases to actively preventing them during the design phase. 

While these studies demonstrated the effectiveness of 
artificial intelligence for bias detection, they also revealed 
crucial gaps. First, while previous studies suggest that 
neural networks can predict humans’ visualization 
cognition, it remains unclear whether their success in 
predictions is because of the training data or simply the 
neural network architectures. Put differently, whether 
neural networks such as CNNs have human-like cognitive 
biases in visualization cognition is an unaddressed problem. 
If the answer to this question is positive, cognitive 
scientists then can investigate visualization cognition 
through the lens of of deep neural networks. Second, while 
related domains have leveraged multimodal data (e.g. a 
combination of behavioral data and eye-tracking data) for 
explainable AI (e.g., Qi et al. 2024), the integration of AI 
and eye tracking data in visualization cognition studies is 
lacking. The current study tackles the two challenges in one 
shot. To make the challenges manageable, we focus 
exclusively on the cognitive biases in correlation 
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judgments from scatterplots, an extremely widely used 
visualization tool. 

Current Study Overview 
Scatterplots are one of the greatest inventions in the 

history of data visualization (Friendly & Denis, 2005). 
They display bivariate relationships in a way that decision 
makers can easily grasp. Previous work, however, suggests 
that humans’ correlation judgments from scatterplots are 
not unbiased. Various features in scatterplots, 
independently of the presented correlation, may modify 
correlation judgments from scatterplots (Yang et al., 2018; 
Zhang et al. 2022). In this paper, we tested whether CNNs, 
without being trained on human data, display human-like 
biases in correlation judgments from scatterplots.  

CNNs are one of the most famous neuro-inspired 
artificial neural networks (Hubel & Wiesel, 1959; 
Krizhevsky et al. 2012). A large body of research have 
shown that CNNs are capable of recognizing and 
distinguishing highly complex objects with high accuracy 
(Krizhevsky et al. 2012; Simonyan & Zisserman, 2014). 
Moreover, they were able to detect statistical concepts such 
as numerosity without being explicitly trained to do so 
(Nasr et al., 2019; Testolin et al. 2020). Previous studies 
have also shown that CNNs were able to predict human 
correlation judgments from scatterplots (e.g., Yang, Ma et 
al., 2023) However, they had to be trained on human data 
before making correlation predictions. Therefore, it is 
unclear whether their ability to make human-like 
predictions from data visualizations arises from the 
inductive biases intrinsic to the architecture of the neural 
networks.  

In this paper we focused on the VGG-19 antialiased 
model as the signature model. Recent work by Yang, Ma et 
al. (2023) suggested that, when trained on human data, this 
model provides the most accurate predictions of human 
correlation judgments from scatterplots in an out-of-sample 
manner, among a wide array of deep convolutional neural 
networks (CNNs). The VGG-19 model, known for its deep 
convolutional neural network architecture with 19 layers, 
has been a staple in the field of image recognition since its 
introduction (Simonyan & Zisserman, 2014). The 
antialiased model refers to a technique used to reduce the 
jagged, pixelated edges in images, often applied to neural 
network inputs to improve the quality of data fed into the 
model which can enhance the performance of the neural 
network. 

To directly test whether the VGG-19 architecture 
exhibits human-like inductive biases in statistical 
judgments from data visualization, we kept the networks 
blind to human data in the model training phase. 
Specifically, we trained the neural networks to make 
correlation judgments from scatterplots. The training labels 
were the actual Pearson’s correlation coefficients (i.e., the 
ground truth) presented in the graph. To simplify the task, 
we restricted the presented correlations to the positive 
domain (i.e. with correlation coefficients between 0 and 1). 
After training the models on the task, we asked them to 
make correlation predictions from pre-selected 
experimental scatterplots, and compared their predictions 
with human participants’ judgments.  

We also attempted to interpret the predictive power of 
the neural networks through explainable AI (XAI). To this 
end, we generated saliency maps using GradCam 
(Simonyan et al., 2013), a popular XAI technique, for 
different layers of the neural networks, and compared them 
with the attention heatmaps using the eye tracking data of 
human participants doing the same correlation judgment 
task. The use of human participants’ eye tracking data and 
the test of alignment between humans’ attention patterns 
and the neural networks’ saliency maps presents a more 
complete test of alignment between human intelligence and 
machine intelligence. 

Finally, we validated the predictive power of such 
models (without being trained on human data) on three 
large-scale correlation discrimination data sets, made 
available by Yang, Ma et al. (2023). This work thus 
represents an extensive test of the idea of whether VGG-19, 
one of the most powerful CNN architectures in 
representing abstract statistical concepts, has human-like 
inductive biases in visualization cognition.  

Methods 

Model Training 
Models Like most CNNs, VGG-19 was predominantly 

used for classification tasks. In line with this convention, 
we first defined a 10-class VGG-19 antialiased model, 
which has ten discrete outputs activated by a SoftMax 
function representing a classification of the image content 
into ten classes. To allow the model to make continuous 
correlation judgments, a multilayer perceptron with one 
hidden layer consisting of ten neurons was added to the 
model, connecting to the existing ten-class output of the 
VGG-19 antialiased model. The output will then be 
activated by a sigmoid function. The modification 
transforms the classification output into a continuous 
output in [0,1], which can be trained to predict Pearson 
correlations in the positive domain.  

 

 
Figure 1: Example trials in the test sets. (a) An example 

scatterplot for the current model training. (b) An example 
trial in Yang, Ma et al.’s (2023) YMHTL-100 dataset.  
 
Training Data The training data involved randomly 

generated scatterplots. Each scatterplot was plotted at the 
size of 150px×150px. In line with prior work (Yang, Ma et 
al. 2023), the data points were colored in opaque grey 
(#999999), against a white background (#FFFFFF). Each 
scatterplot consisted of 100 data points, with the mean set 
at 0 and the standard deviation set at 1 for both variables. 
The Pearson correlations between the two variables in the 
scatterplots were randomly selected from the uniform 
distribution between 0 and 0.99, using the 
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multivariate_random function in python. An example 
training image can be seen in Figure 1a.   

We did a pilot model training exercise on VGG-19 to 
figure out what training size was required to train the model 
to make proper correlation predictions. As shown in Figure 
2, VGG-19 can achieve desirable predictive accuracy on 
randomly generated new scatterplots when the training size 
was relatively small (e.g., 10,000). When the training 
sample size reached 20,000 or higher, the model’s 
predictive performance appeared to be saturated. To test the 
robustness of the results, we designed two training sample 
sizes, 30,000 training samplings (namely 30K) and 40,000 
training samplings (namely 40K), and ran each training size 
with 10 repetitions. All the results reported below are based 
on the average of the 10 repetitions. 

 

 
Figure 2: The VGG-19 model’s test accuracy of ground-
truth correlations (measured with out-of-sample R2) with 

different training sizes.  
 

Training Setup The models were trained using function 
torch.fit(), following Yang, Ma et al. (2023), with the epoch 
size set at 50. As they were regression models, mean-square 
error (MSE) was used as the loss function for the fit. We 
used Cuda Version 12.6, Python Version 3.8.10, Pytorch 
Version 2.3.1., Pytorch lightning Version 2.3.3, and trained 
all models on 40GB A100 GPUs. 

Testing We used two series of human datasets to assess 
the emergence of human-like biases in correlation 
judgments in the VGG-19 antialiased models. The first 
series of datasets was from He et al. (2025), which involved 
two laboratory correlation judgment experiments with eye 
tracking. In each experiment, human participants were 
asked to make judgments about the correlations displayed 
in the scatterplots. Scatterplots were displayed one at a time 
(as in Figure 1a). Participants entered their judgments with 
a keyboard entry.  

Experiment 1 involved 102 participants, each making 
correlation judgments from 40 randomly generated 
scatterplots. Experiment 2 involved 139 participants, each 
making correlation judgments from 48 different 
scatterplots. The Pearson’s correlation coefficients in the 
scatterplots ranged from 0 to 0.9. In all experiments, human 
participants observed 1000px × 1000px images. To make 
the images compatible with the training samples detailed 
above, we rescaled the images to the size of 150px × 150px 
for the assessment with the VGG-19 antialiased model. In 
both experiments, all scatterplots were displayed in the 
same format as in Figure 1a. Thus, we have a total of 88 
scatterplots with both human judgment data and the 
predictions by the trained VGG-19 models. Because of the 
similar experimental settings and the focus on group-level 
patterns, we pooled the two experiments in the analysis. 

The availability of eye tracking data in He et al. (2025) 
made it possible to align human responses and machine 
responses beyond the behavioral data. Much prior work 
suggests that human visual attention captured by eye 
tracking serves as a promising benchmark for explainable 
artificial intelligence (XAI) (e.g., Mohseni et al., 2021). To 
illustrate, a convolutional neural network can generate 
salience maps for any input image, highlighting the regions 
in the image that are most important for the trained 
objectives (e.g., telling whether there is a dog in the image). 
Researchers have compared the sort of saliency maps with 
the attention heatmaps that they have obtained from human 
participants using eye tracking (e.g., Qi et al., 2024; Yang, 
Liu et al., 2023). In a similar vein, we attempted to assess 
whether the saliency maps generated by the VGG-19 
antialiased models were well aligned to the visual attention 
maps generated by human participants when they were 
making correlation judgments from the scatterplots. 

The second series of human datasets came from Yang, 
Ma et al. (2023). Their datasets involved three large-scale 
online behavioral experiments. Here, human participants 
were asked to make a binary choice between two 
scatterplots, choosing the one with the highest correlation 
coefficient (as in Figure 1b). Hence, this test assessed 
whether the emerging human-like biases trained in one 
response mode (i.e., separate evaluation) generalize to a 
different response mode (i.e., joint evaluation in a binary 
choice). In every choice, each scatterplot was at the size of 
150 pixels × 150 pixels, the same as the image size of 
training data in the current study. The data points were 
colored with opaque grey (#999999) against a white 
background.  

In each of Yang, Ma et al.’s (2023) experiments, 210 
human participants were recruited from Prolific Academic, 
each making 96 binary choices. Therefore, each experiment 
involved 20160 binary choice data. The key differences 
between experiments were the distributional properties of 
the scatterplots. In Experiment 1, denoted by YMHTL-100, 
each scatterplot had 100 data points randomly generated 
using bivariate Gaussian distributions with a given 
correlation coefficient. In Experiment 2, denoted by 
YMHTL-200, each scatterplot had 200 data points 
randomly generated using bivariate Gaussian distributions 
with a given correlation coefficient. In Experiment 3, 
denoted by YMHTL-95+5, each scatterplot had 100 data 
points. The data points were initially randomly generated 
in the same way as in Experiment 1, followed by five data 
points being replaced by outliers that resided 
approximately 3.5 standard deviations away from the mean 
in one of the two dimensions.  

Results 

He et al.’s (2025) Judgment Datasets 
Behavioral Data We ran a sanity check to see whether the 
models had been trained properly to predict the Pearson 
correlation of scatterplots. To this end, we used the trained 
VGG-19 models to predict the correlations presented in the 
88 stimuli across the two experiments in He et al. (2025). 
We found that the model predicted the correlations with 
high accuracy, comparable to human participants’ accuracy 
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Figure 3: Correlation judgments from scatterplots by human participants and the trained VGG-19 models. The red line is 

the identity line (y=x). Each point represents a trial in the experiments. 
 

level (see Figure 3). Therefore, the models were properly 
trained to make correlation judgments from scatterplots. 

Like human participants, the trained VGG-19 models 
showed strong underestimation biases with presented 
correlations at intermediate-to-high levels (i.e. presented R 
≥ 0.3) (humans: t60 = -9.40, p < .001; VGG-1930K: t60 = -
5.27, p < .001; VGG-1940K: t60 = -5.92, p < .001). In the 
meantime, human participants and the VGG-19 models 
displayed significant overestimation biases when the 
presented correlations were relatively low (i.e. presented R 
< 0.3) (humans: t26 = 4.51, p < .001; VGG-1930K: t26= 2.85, 
p = .009; VGG-1940K: t26 = 2.74, p = .011). 

 

 
Figure 4: Human biases and CNN biases on the trial level. 
The red line is the identity line indicating y=x. Each point 

represents a trial in the experiments. 
 

The alignment between human correlation judgments 
and the neural networks’ correlation judgments at the 
behavioral level can be seen more directly in Figure 4, 
which shows that the human judgment biases (i.e., the 
difference between the judged correlations and the ground 
truth) over trials can be accurately predicted by the biases 
generated by the trained VGG-19 models (VGG-1930K: r 
= .628, p < .001; VGG-1940K: r = .634, p < .001), although 
these models were blind of any human data. Again, the 
high correlations in Figure 4 are driven by the 
underestimation biases in the intermediate-to-high levels 
and the overestimation bias in the low levels of presented 
correlations by both humans and CNNs. 

Eye Tracking Data The above analyses using 
behavioral data suggest that the VGG-19 antialiased 
models were able to mimic human participants’ behavioral 
patterns in visualization cognition, even though the models 

were not trained by any human data. Here we present a 
stronger test of the alignment between humans and neural 
networks in visualization-based statistical judgments. 
Specifically, we used the saliency map technique to 
identify the regions of the scatterplots that the neural 
networks focused on when making their predictions, and 
compared them with the regions that human participants 
focused on when making correlation judgments from 
scatterplots.  

We did this for each of the 16 convolutional layers of 
VGG-19 and the results were summarized in Figure 5 (left 
panels). The saliency maps in the early and middle layers 
(until the first convolutional layer of Block 5) display low-
to-intermediate levels of similarity with the attention 
heatmaps generated by human participants. However, we 
see a big leap in cosine similarity in the late layers (e.g., 
the final two convolutional layers), suggesting that the late 
layers approach to focusing on the regions that human 
participants attended to in the same task. Statistical 
analysis reveals that the cosine similarities for the last two 
convolutional layers were significantly higher than the 
baseline level (see Figure 5 caption for details). 

To unpack what happened in the early and middle layers, 
we generated the reversed saliency maps in each layer by 
subtracting each pixel’s saliency value from the maximum 
saliency value in that layer. We then calculated the cosine 
similarity with human participants’ attention heatmaps in 
the same way as for the original saliency maps. Figure 5 
(right panels) shows that the reversed saliency maps of 
middle layers (e.g., Block4_Conv1) have relatively high 
similarity with attention heatmaps. This can be seen in 
Figure 6. While the middle layers (e.g., Block4_Conv1) 
focused predominantly on the blank regions, the late layers 
(e.g., Block5_Conv3) switched attention to the point cloud 
regions in a way akin to humans’ attention distributions. 
Collectively, these results suggest that, although the neural 
networks had not been trained on any human data, the 
regions that their late layers relied on to make correlation 
predictions largely overlapped with what human 
participants attended to when making correlation 
judgments from scatterplots. 

Yang, Ma, et al.’s (2023) Choice Datasets 
The alignment between humans’ and neural networks’ 

correlation judgments was further confirmed by three 
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large-scale correlation discrimination datasets made 
available by Yang, Ma et al.’s (2023). In Yang, Ma et al. 
(2023), human participants were presented with pairs of 
scatterplots and were asked to choose in each pair the 
scatterplot that presented the highest correlation 
coefficient (see Figure 1b). Our trained VGG-19 models 
can be conveniently adapted to such a task. We simply ask 
the models to make correlation predictions for each of the 
two scatterplots respectively, 𝐶𝑜𝑟𝑟!"#$ and 𝐶𝑜𝑟𝑟%&'($. The 
models’ predicted choice for a pair would be: 

𝐶ℎ𝑜𝑖𝑐𝑒 = 	 *
𝑅𝑖𝑔ℎ𝑡, if	𝐶𝑜𝑟𝑟!"#$ < 𝐶𝑜𝑟𝑟%&'($	
𝐿𝑒𝑓𝑡	, if	𝐶𝑜𝑟𝑟!"#$ > 𝐶𝑜𝑟𝑟%&'($ .

 

The predictive accuracy of the trained VGG-19 models 
was obtained by comparing model predictions with human 
participants’ choices. In the very rare cases in which 
𝐶𝑜𝑟𝑟!"#$ = 𝐶𝑜𝑟𝑟%&'($, the model’s accuracy in predicting 
that pair was set at 0.5. 

The models’ predictive accuracy is summarized in 
Figure 7. Here, we compared our trained VGG-19 models 
(VGG-1930K and VGG-1940K) with two benchmarks from 
Yang, Ma et al. (2023). One was the baseline model that 
makes perfect correlation judgments (i.e., always choosing 
the scatterplot with the highest correlation coefficient). 
Comparisons between VGG-1930K and the baseline model 
on predicting human choices suggest that the VGG-1930K 

constantly outperformed the baseline model that makes 
perfect correlation judgments across the three datasets 
(YMHTL-100: t = 9.89, p < .001; YMHTL-200: t = 5.78, 
p < .001; YMHTL-95+5: t = 3.84, p = .003). Likewise, 
comparisons between VGG-1940K and the baseline model 

suggests that the VGG-1940K also always outperformed the 
baseline model (YMHTL-100: t = 15.03, p < .001; 
YMHTL-200: t = 8.85, p < .001; YMHTL-95+5: t = 3.29, 
p = .009). That means the models made biased correlation 
judgments in a way similar to what human participants did, 
even though they had not seen any human data. It is 
noteworthy that the models had not even seen scatterplots 
like those in YMHTL-200 and YMHTL-95+5, let alone 
human data on those scatterplots. Thus, this makes a case 
for a strong generalization test. 

The other benchmark model was the VGG-19 
antialiased architecture trained on human choice data by 
Yang, Ma et al. (2023). In the array of over 30 neural 
network architectures tested, this model emerged as the 
most successful model in predicting human participants’ 
correlation discrimination tasks after being trained on 
human data. Therefore, this model serves as the state-of-
the-art in predicting the choice data in Yang, Ma et al. 
(2023). For convenience, we call this model VGG-19Human 
hereafter (i.e., the yellow bars in Figure 7).

 

 
Figure 5: Cosine similarities between the saliency maps (or their reverse) at different convolutional layers and the 

human participants’ attention heatmaps. Error bars represent standard errors. The red horizontal lines represent the 
baseline cosine similarity (i.e., mean cosine similarities between human participants’ attention heatmaps and randomly 

generated heatmaps). On each layer, we ran a paired t-test between the observed cosine similarities and the baseline 
cosine similarities (* < .05; ** < .01; *** < .001).  
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Figure 6: Human participants’ attention heatmap and VGG-1940K saliency maps in an example trial in He et al. (2025) 

datasets. 
 

 
Figure 7: Models’ predictive accuracy (%) of the three correlation discrimination datasets from Yang, Ma et al. (2023). 

The horizontal red lines represent the accuracy of the baseline model that always selected the scatterplot with the highest 
correlation. VGG19Human represents Yang, Ma, et al.’s (2023) model trained on human data. Error bars denote standard 

errors. 
 

In YMHTL-100, which had the scatterplots most similar 
to the scatterplots used for our VGG-19 model training, we 
found that VGG-1930K and VGG-1940K (VGG-1930K: t = -
0.26, p = 0.80; VGG-1930K: t = -0.06, p = 0.95), achieved 
an accuracy level that was comparable to the state-of-the-
art, VGG-19Human, even though the former were simply 
trained to make correlation judgments without introducing 
any human-like biases in the training process. In the 
remaining two datasets, YMHTL-200 and YMHTL-95+5, 
these two models lagged behind the state-of-the-art (ps 
< .001). That was likely because the scatterplots in the test 
sets were new to the two models. They still outperformed 
the baseline model, suggesting that they display human-
like biases in the two datasets. 

Discussion 
Data visualization has been indispensable in many walks 

of life. While humans can grasp statistical information 
quickly from visualizations, those judgments can be 
systematically biased. Here we ask: Do artificial 
intelligence architectures such as convolutional neural 
networks (CNNs) have human-like inductive biases? 
Using correlation judgments from scatterplots as an 
example, we show that CNNs such as VGG-19, without 
being trained on human data, are able to generate human-
like biases on correlation judgments from scatterplots. The 
behavioral findings were consolidated by the similarity 
between XAI saliency maps of CNNs and human 

participants’ eye fixation heatmaps. Moreover, the 
generalizability of the finding was established using three 
additional large-scale correlation discrimination datasets. 
The alignment between neural networks and humans 
suggests that behavioral biases in human participants may 
arise in a way similar to that in neural networks, opening 
up the possibility of studying human statistical judgments 
from visualizations through the lens of neural networks. 

That said, gaps between human responses and CNN 
predictions remain. For example, VGG-19 models did not 
perfectly predict human biases (see Figure 4). Saliency 
maps display slightly different attention distributions from 
human visual heatmaps (see Figure 6). Figure 7 also shows 
limitations in generalization abilities, where human data 
were still needed to enhance the models’ ability to predict 
human decisions, especially when the stimuli were 
relatively new to the model. Future studies should 
investigate the gaps between VGG-19 predictions and 
human behaviors. 

Finally, although we only tested the idea with VGG-19, 
we believe that human-like biases may emerge in other 
neural network architectures. We look forward to future 
work that extends the current work by testing additional 
neural networks (e.g, ViT, Dosovitskiy et al., 2020), on 
different visualizations (e.g., pie charts and histograms) 
and other judgment and decision tasks (Ciccione & 
Dehaene, 2021; Ciccione et al., 2023). 
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