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Abstract

Human-annotated content is often used to train machine
learning (ML) models. However, recently, language and
multi-modal foundational models have been used to replace
and scale-up human annotator’s efforts. This study explores
the similarity between human-generated and ML-generated
annotations of images across diverse socio-economic con-
texts (RQ1) and their impact on ML model performance and
bias (RQ2). We aim to understand differences in perception
and identify potential biases in content interpretation. Our
dataset comprises images of people from various geograph-
ical regions and income levels, covering various daily activi-
ties and home environments. ML captions and human labels
show highest similarity at a low-level, i.e., types of words
that appear and sentence structures, but all annotations are
consistent in how they perceive images across regions. ML
Captions resulted in best overall region classification perfor-
mance, while ML Objects and ML Captions performed best
overall for income regression. ML annotations worked best
for action categories, while human input was more effective
for non-action categories. These findings highlight the notion
that both human and machine annotations are important, and
that human-generated annotations are yet to be replaceable.

Code and Datasets —
https://github.com/nardienapratama/Human-Machine-
Perception-of-Visual-Content

Introduction
Data annotations are needed to train Machine Learning
(ML) models. These annotations are usually obtained by
having human experts manually label data. However, ML
models can also be used to produce data annotations, en-
suring a more efficient process. However, it is unclear what
the differences of such annotations would be as compared
to human-generated ones. Using ML models for data an-
notation could potentially be problematic if the annotations
prove to be unreliable or biased. Biased training data could
affect the performance and reliability of the learned model
– also known as algorithmic bias – which can cause it to
generate prejudiced predictions. Unfortunately, it is quite
likely that the data will contain bias considering that they
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are commonly annotated by human annotators (Demartini,
Roitero, and Mizzaro 2024). Furthermore, generative mod-
els have started to be used to produce labelled data for
training and evaluation of ML models, which amplifies this
issue (Thomas et al. 2023). It is also unclear how these
machine annotations are different to human annotations.
Since human annotation could contain biases, one possi-
ble approach to creating potentially less biased annotations
is to use machine-generated annotations. These annotations
could likely be more objective compared to those generated
by humans.

In this study, we first investigate how similar annotations
generated by humans and machines are, and explore possi-
ble justifications for their similarities or differences, in the
context of how they think and perceive images. This leads to
our first research question (RQ1): “How similar are human-
generated and ML-generated annotations?” Moreover, due
to the aforementioned biases that could appear in the an-
notations, we look into how different annotations affect un-
biasedness in predictive models. This leads to our second
research question (RQ2): “How do different combinations
of annotations affect the performance and bias in ML pre-
dictive models?” To do this, we use the annotations in vec-
tor representation to train predictive ML models. These an-
notations are based on images of people performing differ-
ent activities from varying geographical regions and socio-
economic classes.

This study contributes to the fields of information re-
trieval and algorithmic bias in several ways. Firstly, it
presents a new large-scale crowdsourced annotation dataset
for data that captures diverse socio-economic visual con-
tent. Secondly, it provides a comparative analysis of human-
generated and machine-generated annotations in the context
of socio-economic diverse content, which gives insights on
how humans and machines compare in their bias when per-
ceiving visual content, filling a gap in the existing literature.
Thirdly, it explores whether different annotations sets can
impact the efficacy and bias of predictive ML models, thus
advancing both theoretical and practical understanding of
this critical issue.

Related Work
Effect of Bias on ML Models. It is inevitable that human
annotations for training ML models may contain bias and
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stereotypes. Numerous qualitative and quantitative studies
have demonstrated that there exist biases in numerous tech-
niques, datasets, and models related to Natural Language
Processing and Information Retrieval (Baeza-Yates 2020;
Bolukbasi et al. 2016; Caliskan, Bryson, and Narayanan
2017). These biases could reinforce stereotypes that already
exist in society (Rekabsaz, Kopeinik, and Schedl 2021). Fan
et al. (2022) investigated this by conducting a study in which
participants were asked to annotate video content associated
with various regions and levels of income. When sentiment
analysis was performed on the annotations, it was found that
they contained regional and income-level biases. Unfortu-
nately, as discussed in their paper, one of the main concerns
of these biased annotations is that they impact ML mod-
els when used as training data. This causes various search
and recommendation systems to use these algorithms to feed
users with stereotypical content. Additionally, crowd anno-
tators may be experts in different domains, so high-quality
annotations are not always guaranteed. Not only could noise
be introduced, but the annotated data may not be consistent
(Cao et al. 2023). These unreliable annotations may also in-
troduce more biases, which would affect the ML model’s
performance. Devillers, Vidrascu, and Lamel (2005) empha-
sise how these biases can be dangerous when the training
dataset involves actual humans as these learned biases tend
to mimic forms of discrimination common amongst humans,
such as racial and gender bias. Sun, Nasraoui, and Shafto
(2020) further discuss how the problem worsens when users
make decisions based on the biased content provided by
these models. These decisions could then result in data used
to train other algorithms in the future, thereby creating a
never-ending bias-reinforcement cycle. In order to mitigate
this issue and break the loop, more diverse data is needed
(Fan et al. 2022). Chhikara et al. (2023); Dash et al. (2019)
further support this by discussing how textual content writ-
ten by numerous different authors will contain a greater vari-
ation of perspectives, especially on polarising topics, such as
religion and politics. This makes it more crucial to see how
fairly different perspectives are reflected when attempting to
summarise these into one text. van Atteveldt, van der Velden,
and Boukes (2021) looked at comparing sentiment analysis
methods in news headlines. They used various approaches to
compare the sentiment scores produced for these headlines,
including manual annotation, crowd-coding, dictionary ap-
proaches, and ML algorithms. In this case, their ML algo-
rithm was used to evaluate the news headlines rather than
create equivalent annotations to compare against the human
annotations. As compared to this body of literature, we focus
on comparing human and machine-generated annotations of
visual content with the goal of understanding how bias may
differ between these annotations.

Image Captioning. Image captioning has emerged as a
critical intersection of computer vision and natural language
processing, evolving from template-based approaches to so-
phisticated deep learning models. As Sharma and Padha
(2023) outline, this field has found applications ranging from
visual aids to medical imaging and security systems, while
highlighting ongoing challenges in real-time performance
and domain-specific datasets. Ghandi, Pourreza, and Mah-

yar (2023) identify key technical challenges including object
hallucination, missing context, and illumination conditions,
while Xu et al. (2023) frame the captioning process through
the stages of seeing, focussing, and telling inspired by hu-
mans. Kasai et al. (2021)’s THumB protocol shows that the
quality of captions created by humans substantially surpass
those generated by machines in terms of covering key in-
formation. Moreover, Sarhan and Hegelich (2023) expose
critical concerns about AI-generated captions’ tendency to-
ward generic descriptions, which can either erase or stereo-
type social group identities, particularly in politically sensi-
tive contexts. Building on this literature, our work employs
the state-of-the-art BLIP model (Li et al. 2022) with the
Vision Transformer architecture (Dosovitskiy et al. 2020),
which has shown to be effective among Vision-Language
Pre-training methods, to generate captions that we system-
atically compare with human annotations across socioeco-
nomic contexts.

Cognitive Differences in Humans and Machines. To
this day, human experts are still needed to provide accu-
rate and reliable annotations that could be used to train ML
models (Valizadegan, Nguyen, and Hauskrecht 2013). Un-
derstanding how differently humans and machines think is
crucial in helping us develop better and less biased auto-
mated systems that could assist us in solving problems, i.e.,
annotating images for ML. Sharifi Noorian et al. (2022) pro-
posed Scalpel-HS, a framework that is intended to identify
unknown unknowns in images by combining human intel-
ligence and machine learning. Unknown unknowns refer to
instances that an ML model fails to identify or has not been
trained on. This framework aims to reduce cognitive load
for humans by using ML models to first identify relevant
objects and relationships, so that the humans can focus on
evaluating relevance rather than performing the task from
scratch. In our study, instead of using ML to aid humans in
the annotating process, we investigate how similar human
annotations and machine-generated annotations are and fac-
tors that explain their similarity or dissimilarity considering
how humans and machines perceive images.

How machines think inevitably affects their decision-
making. In the context of image recognition tasks, Zhang
et al. (2021) investigates how humans and ML models se-
lect features differently. Their study revealed that humans
are not always better than ML models at selecting discrim-
inative features for image recognition and that humans rely
on contextual information, which may affect how they se-
lect the features. In our work, instead of image segmentation
tasks, we look at how humans and machines perform anno-
tation tasks on images. From this, we explore how well the
discriminative features in the annotation sets are by using
them to train predictive models.

Methodology
Experimental Set-Up
In this study, we utilised cloud-based computing resources
provided by Amazon Web Services. The experiments used a
mix of instance types, with some CPU-only instances, such
as the ml.c6i.16xlarge, and some GPU-enabled instances,

1617



Figure 1: Example images annotated with the pre-trained Faster R-CNN model. Left: Hand Washing. Right: Living Rooms.

such as the ml.r5.16xlarge, and ml.r5.24xlarge instances, to
accelerate processing times.

Dataset
The dataset utilised in this study comes from Dollar Street,
a project by Gapminder, and is available under a Creative
Commons license CC BY 4.0 (Gapminder 2021). Dollar
Street visualises global public data by arranging families
based on their income levels. It features photographs of ev-
eryday objects from more than 240 families in 50 coun-
tries, providing a representation of living conditions across
different economic classes. The dataset contains 3,041 im-
ages, sourced from various geographical regions and income
levels, consisting of the following image categories: Drink-
ing Water, Drying Clothes, Front Doors, Hand Washing,
Kitchens, Living Rooms, Places for Dinner, and Washing
Clothes. The dataset captures a mix of actions and static el-
ements, such as home environments, to reflect different as-
pects of daily life across cultures and income levels.

Data Annotation
ML Object Detection. Images used in this study are re-
trieved frame-by-frame from videos capturing handwash-
ing practices. The images are processed using a pre-trained
Faster R-CNN model with a ResNet-50-FPN backbone, as
outlined by Li et al. (2021), which offers improvements over
the original model configuration introduced in Ren et al.
(2017). This model is available under the MIT License. This
model was originally trained on the COCO dataset (Lin et al.
2014) and is utilised to generate our machine-based object
annotations, as illustrated in Figure 1. We selected the Faster
R-CNN model for its prominence in object detection, its ef-
ficiency, and its effectiveness (i.e., mean average precision)
on the COCO labels (Mohammed, Tannouche, and Ounejjar
2022; Ren et al. 2017). We chose to perform object detection
on the dataset as most of the images contain objects, e.g.,
bottles, sinks, instead of subjects performing actions, e.g.,
person washing hands, despite the fact that some of the im-
age categories are meant to be action-based. Due to this, the
COCO dataset was chosen as the most suitable for training
as it contains annotations of everyday objects.

ML Captioning. The images are also passed through a
pre-trained BLIP model (Li et al. 2022), with Vision Trans-
former (ViT) base backbone (Dosovitskiy et al. 2020), for
image captioning purposes. The model is available under
the BSD 3-Clause ”New” or ”Revised” License. The model
was originally trained on the COCO captions dataset (Chen
et al. 2015), which helps ensure that this and the object
detection model are trained on data that are based on the
same images. The BLIP model configuration was chosen as
it has achieved state-of-the-art results, outperforming other
Vision-Language Pre-training (VLP) methods. We chose to
perform image captioning as it would likely resemble the
annotations generated by humans.

Crowdsourcing. Our human annotations were collected
through crowdsourcing tasks on Amazon Mechanical Turk
(MTurk). The dataset comprises annotations for 1,886 Dol-
lar Street images covering eight aspects of daily living:
drinking water, washing clothes, front doors, hand wash-
ing, kitchens, living rooms, places for dinner and washing
clothes. We recruited MTurk workers to provide annotations
for the images. To ensure high-quality annotations, we re-
stricted participation to workers with at least 5,000 com-
pleted tasks and 98% approval rate. Task instructions and
interface screenshots are shown in Figure 2. Based on our
pilot study that measured average task completion times,
participants earned an estimated hourly wage of USD 7.5.
Each image was annotated by three different workers to en-
sure annotation reliability. The total participant compensa-
tion for annotating the complete dataset amounted to USD
$373. This research was conducted under the approval of
Human Research Ethics Committee. Participants were in-
formed of minimal risks associated with viewing everyday
living condition images and provided informed consent be-
fore participation. To protect participant privacy and ensure
data security, any potentially identifying information was re-
moved from the dataset. We also applied post-processing
filters to remove low-quality submissions such as random
numbers and nonsensical text. This approach allowed us to
build a comprehensive dataset of human observations across
Dollar Street images, which represent a wide range of living
conditions worldwide.
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Figure 2: Screenshot of the MTurk annotation interface showing the task instructions and image assessment layout.

Data Preparation and Preprocessing
Prior to obtaining all three annotation sets, the images were
selected based on whether ML Objects with at least 50%
confidence and ML Captions could be generated. Duplicates
were removed, and down-sampling was performed to en-
sure the images were balanced across regions and income
groups. Human annotations were processed to address in-
consistencies by removing noise/punctuation, converting to
lower case, auto-correcting misspellings, and segmenting
concatenated strings. The number of images in the dataset
decreased at each step, starting at 3,041 images at the start,
reducing to 2,797 after generating the ML Objects and Cap-
tions, then to 1,888 after removing duplicates and down-
sampling, and finally to 1,886 unique samples after crowd-
sourcing. In total, 1,155 samples were discarded from the
original dataset.

We fine-tuned the pre-trained Sentence Transformer
model, “all-MiniLM-L12-v2” (Reimers 2021), using code
adapted from Hugging Face’s GitHub repository (Espejel
2022). The model was fine-tuned over 5 epochs with a batch
size of 16 to better tailor its representations to our data,
rather than using it off the shelf. Fine-tuning on the three
annotation sets allowed the model to better capture their
characteristics. The resulting sentence embeddings are 384-
dimensional, consistent with the original pre-trained model.

Experiment 1: Investigating Annotation Similarity
(RQ1)
To investigate the similarity between human, machine-
generated object labels, and machine-generated captions, we
utilised the embeddings that have been generated for the
three types of annotations across all images.

In the first part of this experiment, we utilised T-
Stochastic Neighbor Embedding (T-SNE) to visualise the
vector embeddings in two-dimensional space (van der
Maaten and Hinton 2008). Doing this helps us analyse the
distances of the vectors, and thus the annotations, for every
image in the dataset and see how they are distributed.

We then used the sentence transformer model’s built-in
cosine similarity function to compute the similarity scores

between each possible pair of vector embeddings represent-
ing the annotations. Using these scores, we look at the aver-
age similarity scores for each pair and see how the pairwise
scores are distributed using scatterplots and boxplots.

We computed descriptive statistics about the length of the
annotations to help us better understand differences between
the sets. We compared the average number of words each
worker inputted during crowdsourcing to the average num-
ber of words in each caption, as well as the average number
of object labels predicted in each image.

These experiments are appropriate for addressing RQ1 as
t-SNE, computation of similarity scores across pairs, and an-
notation length allow us to evaluate how similar the annota-
tions are, whereas the pairwise scatter plot helps us derive
trends and patterns between annotations, further evaluating
their likeness to one another.

Experiment 2: Exploring How Annotations Impact
Performance and Bias in Predictive Models (RQ2)
This section emphasises the diversity of model predic-
tion outcomes over overall performance. These experiments
evaluate the distribution of prediction errors across differ-
ent regions and categories, allowing us to identify potential
discrimination, e.g., higher prediction errors for certain sub-
sets of the population as compared to the error on others.
To investigate how the three annotation sets affect predictive
models, we use the vector embeddings of every annotation
as training data for two supervised learning models.

As previously mentioned, the dataset was balanced for all
geographical regions and income groups, as they are the tar-
get variables for these predictive tasks. Since ‘image cate-
gory’ is not a feature in the training data (annotation embed-
dings) and is only used in a group-by operation after model
training, the metric scores for each category are independent
of whether ‘image category’ was balanced. Before training
the models, the dataset was split into training and test sets
with a split ratio of 80:20, respectively. The training set was
first used to run Grid Search Cross-Validation (CV) with
each of the two models to obtain the optimal parameters for
each model whilst performing 5-fold cross-validation. Grid
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Search CV was performed in every independent run.

The first model is an RUS Boost Classifier used to clas-
sify annotation embeddings on geographical regions, which
originate from the dataset, namely Africa, Asia, Europe, and
the Americas (Seiffert et al. 2008). This classifier involves
the incorporation of the Adaptive Boost algorithm, which is
a sequential ensemble technique that can lower a model’s
bias and variance (Mohammed and Kora 2023; Seiffert et al.
2008). The base estimator used in the model is the Deci-
sion Tree Classifier (Swain and Hauska 1977). After obtain-
ing the optimal parameters, i.e., maximum number of esti-
mators where boosting stops and the learning rate, for the
model using grid search CV, we trained the classifier using
these parameter values. The trained classifier is run 10 times
with different random seeds to obtain a mean F1 score for
each class (region) and a mean overall weighted F1 score,
with their respective standard deviations. This is done to
evaluate the overall model performance, as well as its per-
formance when grouped by geographical region and image
category. The model is run multiple times to allow us to eval-
uate its stability. The Welch’s t-test was performed to com-
pare whether the difference in performance of the best and
worst overall-performing models is statistically significant.
This test was performed due to the Gaussian distribution of
the F1-Scores and varying variances between the models.

The second model uses the Adaboost.R2 algorithm to pre-
dict income based on the annotation embeddings (Drucker
1997). Income was chosen as a target variable as it is one
of the labels associated with each image in the dataset. Sim-
ilar to the region classifier, this algorithm uses a Decision
Tree Regressor as its base estimator. Since boosting helps
reduce prediction error, this algorithm is ideal for this task.
Using grid search CV, we optimised for the number of es-
timators, learning rate, and the type of loss function used
in the Adaboost.R2 algorithm. The model was executed 10
times with different random seeds. The root mean square er-
ror (RMSE) was obtained for every run to allow for evalua-
tion of the model performance, including overall, by region,
and by category. A regression plot was generated to visualise
the distribution of predicted samples by income for the best-
performing model. The Kolmogorov-Smirnov test was per-
formed to compare whether the difference in performance of
the best and worst overall-performing regression models are
statistically significant. This test was performed due to the
non-Gaussian distribution of the RMSE scores between the
models.

These predictive models are appropriate in addressing
RQ2 as they help us investigate how well region and income
are correctly identified for a given image annotation set. For
evaluation, the F1-score is appropriate and sufficient ideal
as it is a robust metric which balances precision and recall.
The RMSE scores are appropriate and sufficient as the mea-
surement being done in the same units as the target vari-
able makes it easier to interpret. Looking at these evaluation
metrics for every region and category helps us determine
whether the models perform better for particular regions and
categories, giving insight on how biased the model is.

Figure 3: t-SNE visualisation of sentence embeddings of
each label

Results and Discussion
RQ1: How Similar Are Human-Generated and
ML-Generated Annotations?
Figure 3 illustrates a t-SNE visualisation of the vector em-
beddings of the three annotation categories for each data
sample. The results show how, despite having a fine-tuned
embedding model, the embeddings form into two distinct
clusters, with one for ML Captions and Human labels and
another for ML Objects. This evidence implies that there
exist differences between the different types of annotations
we collected in the study. The clusters of embeddings are
due to differences in the annotations. Human annotations are
holistic, encapsulating both the objects and the array of ac-
tions unfolding in the captured images. On the other hand,
the ML-generated object labels are primarily object-centric.
The COCO dataset, which the ML object detection model is
trained on, does not extend to action recognition, which is
not relevant due to the object-oriented images in the dataset,
thereby inherently limiting the ML-generated object anno-
tations to object identification. Moreover, the ML-generated
captions would be more descriptive than the object labels
and although they may not be as specific as the human an-
notations, they are more likely to contain actions and ob-
jects, which may also be present in Human Labels, hence the
clustering of the ML-generated captions and the Human La-
bels. Additionally, there are apparent syntactic differences
between the annotations - the ML Objects consists of lists
of objects per image; the ML Captions consist of a phrase
per image; while the Human Labels are a list of words and
phrases. It is also important to note that a limitation that
could have affected this categorisation is that stop word re-
moval and lemmatisation were not performed during pre-
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Annotations Used Mean ± s.d.

ML Objects and ML Captions 0.50 ± 0.12
ML Objects and Human Labels 0.49 ± 0.12

ML Captions and Human Labels 0.69 ± 0.12

Table 1: Mean and standard deviation of similarity scores
between each pair of annotations across all samples.

processing as to preserve nuances and context that contain
relevant information. This causes the sentence structures in
the annotations to remain unchanged, resulting in more pro-
nounced categorisations. Considering these differences, the
clusters in the visualisation are expected.

Since t-SNE is only a two-dimensional representation of
the data, it is useful to also look at the similarity scores, gen-
erated by the BLIP model’s cosine similarity function, be-
tween each pair of annotations across the dataset. This is
shown in Table 1. These values give a more accurate and
quantitative comparison of the annotation similarities. It can
be seen that the ML Captions and Human Labels are the
most similar pair of annotations (0.69), followed by ML Ob-
jects and ML Captions (0.50), and ML Objects and Human
Labels (0.49). It is important to note that when comparing
ML Objects to any of the other annotations, the similar-
ity scores are relatively low. To further investigate length
statistics per image, Human Labels averaged 7.18 words per
worker, ML Captions averaged 8.62 words per caption, and
ML Objects averaged 4.36 object labels per inference run.
The length statistic for ML Objects is determined by the
number of object labels rather than the number of words be-
cause each predicted label corresponds to a single object.

The higher similarity between ML Captions and Human
Labels can be explained by several factors. First, both hu-
mans and ML captioning models can recognise not only
objects but also actions in images, leading to overlapping
features in their descriptions. Additionally, the likelihood
of descriptive phrases appearing in both categories is much
higher, which contributes to their high similarity. This is also
further supported by the t-SNE visualisation which shows
both of these annotations placed relatively close to each
other in the same cluster. In contrast, ML Objects having a
low similarity to both ML Captions and Human Labels is ex-
pected as ML Objects annotations are more likely to be syn-
tactically different and may have a more limited range of vo-
cabulary compared to the other annotation types. Moreover,
the average length of the annotations shows that ML Cap-
tions and Human Labels have similar average lengths (8.62
and 7.18, respectively) compared to ML Objects (4.36). This
further supports the interpretation that ML Captions are sim-
ilar to Human Labels due to their sentence structures.

To further explore the relationships of these similarity
scores, a plot of pairwise relationships is presented in Fig-
ure 4. The plot illustrates how similarity scores between two
annotation categories correlate to another pair’s scores for
a given image. The plot is colour-coded by region to allow
further analysis of pairwise similarity scores by geograph-
ical location. The analysis reveals that most regions show

no particular trends or patterns, with one exception: images
from Europe tend to cluster in the higher similarity range
(top right area) of the plots, indicating stronger agreement
between all annotation types for European images. More-
over, when looking at the subplots for ML Captions-Human
Labels pairs, i.e., subplots on the third column/row, the sim-
ilarity scores tend to be relatively high, on average, with the
exception of several outliers. This aligns with the previous
observation that ML Captions and Human Labels have the
highest average similarity score (0.69). It can also be seen
that all three pairs show the same amount of spread of scores
across all subplots, which correspond to the standard devia-
tion values of the mean similarity scores between each pair
(0.12).

The lack of discernible patterns in the way the scores are
distributed across the Americas, Africa, and Asia suggests
that images from these regions have little to no effect on how
similar two sets of annotations will be. This could mean that
the discriminative features in these regions’ images, or lack
thereof, are detected equally by both humans and ML mod-
els. Therefore, none of the annotation sets describe images
from these three regions any better or worse than the other.
On the other hand, the cluster of European samples towards
the top right of the plots suggests that European annotations
from each group seem to share strong similarities with ev-
ery other annotation type. This may mean that both humans
and machines were able to perform more consistently across
many European images compared to non-European ones.
We hypothesise that this due to the fact that both humans
and machine-based models are more familiar with Western
societies images based on their past experience or training.

Moreover, the fact that the ML Objects annotations have a
relatively low similarity score with the other annotations in-
dicates that the ML object detection model may be detecting
objects that do not appear in the corresponding ML Cap-
tions or Human Labels, or failing to identify objects that do.
This reasoning is consistent with the findings of Zhang et al.
(2021), which suggest that deeper neural networks, such as
ResNet - the architecture of our object detection model -
may struggle more with difficult images. Perhaps there is
obstruction or lack of objects in the image, leading to no or
incorrect objects being detected in these outliers, resulting in
the low similarity scores when compared to their respective
ML Captions and Human Labels. The ML captioning model
as well as human annotators have the advantage in that they
are able to capture non-object elements, such as actions, e.g.,
“wash”, or environmental descriptions, e.g., “dirty”.

RQ2: How Do Different Combinations of
Annotations Affect the Performance and Bias in
ML Predictive Models?
This subsection aims to compare the efficacy of various an-
notation combinations - ML Objects, ML Captions, and Hu-
man Labels - to enhance the performance of models devised
for geographical region classification and income regres-
sion. The performance of the models was appraised using
the F1 score, which balances precision and recall, and Root
Mean Square Error (RMSE), which measures performance
using the same units as the target variable.
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Figure 4: Pairwise relationships between similarity scores.

Table 2 shows the F1-Scores of the region classification
ensemble model across various combinations of the three
annotation sets: ML Objects, ML Captions, and Human La-
bels. Table 3 shows the same F1-Scores, but is grouped into
the different image categories in the data. The mean and
standard deviation of the F1-Scores across 10 independent
runs were recorded.

We observe that ML Captions resulted in the highest
overall model performance (0.41). The model utilising all
three annotation sets exhibited slightly poorer overall perfor-
mance (0.39), followed by the ML Objects and ML Captions
Model (0.38), the ML Objects Model (0.37), the models util-
ising combinations of the Human Labels with either of the
other two ML-based annotations (both at 0.36), and the Hu-
mans Label Model (0.35). Moreover, when looking at per-
class performance, we can see that the ML Captions Model
performs best for Asia, Europe, and the Americas, at 0.35,
0.48, and 0.34, respectively, whereas the model utilising a
combination of all three sets performs best for Africa, show-
ing possible discrimination of ML Captions towards scenes
based in the African continent. One notable observation is
that regardless of overall or per-class performance, ML Cap-

tions are always used in the models, whether it would be as
a stand-alone or in combination with other annotations.

When looking through the per-category performance, it is
evident that although the ML Captions Model continues to
be the best-performing for the Drinking Water, Front Doors,
and Hand Washing categories, all seven other categories are
better suited with the other annotation models. The model
containing both ML Objects and ML Captions was the most
effective for the Drying Clothes and Kitchens categories.
ML Objects and Human Labels excelled in handling the
Living Rooms and Places for Dinner categories. ML Cap-
tions and Human Labels worked best for Drying Clothes and
Washing Clothes. Moreover, Washing Clothes also achieved
optimal performance with the Human Labels Model and the
all-annotations model. It is also important to note that the
best-performing models in the Washing Clothes category are
ones that contain Human Labels. It is also the only cate-
gory to have the Human Labels Model as its best-performing
model. Similarly, Drying Clothes, which also has more than
one optimal model, achieve best performance with annota-
tion sets that contain ML Captions.

The superior overall performance of the ML Captions
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Annotations Used
F1-Score (Mean ± Standard Deviation)

Africa (471) Asia (471) Europe (472) The Americas (472) Overall (1,886)

ML Objects 0.46 ± 0.02 0.29 ± 0.02 0.41 ± 0.02 0.31 ± 0.03 0.37 ± 0.01
ML Captions 0.48 ± 0.02 0.35 ± 0.04 0.48 ± 0.02 0.34 ±0.04 0.41 ± 0.01

Human Labels 0.42 ± 0.02 0.32 ± 0.01 0.38 ± 0.02 0.29 ± 0.02 0.35 ± 0.01
ML Obj & ML Capt 0.42 ± 0.04 0.32 ± 0.03 0.47 ± 0.01 0.31 ± 0.03 0.38 ± 0.01

ML Obj & Human Labels 0.43 ± 0.01 0.32 ± 0.02 0.41 ± 0.02 0.29 ± 0.03 0.36 ± 0.01
ML Capt & Human Labels 0.42 ± 0.02 0.30 ± 0.02 0.40 ± 0.03 0.31 ± 0.02 0.36 ± 0.01
ML Obj, ML Capt, Human 0.50 ± 0.01 0.31 ± 0.02 0.44 ± 0.02 0.30 ± 0.02 0.39 ± 0.01

Table 2: Comparison of the region classification model performance across different annotation types grouped by region (target
variable), along with the number of samples per region and the overall total. Over 10 independent runs, the mean and standard
deviation of the F1-Scores were recorded, both for the overall performance and each class (region) individually.

Annotations Used

F1-Score (Mean ± Standard Deviation)

Drinking
Water
(254)

Drying
Clothes
(176)

Front
Doors
(192)

Hand
Washing

(272)

Kitchens
(224)

Living
Rooms
(224)

Places
for

Dinner
(272)

Washing
Clothes
(272)

Overall
(1,886)

MLO 0.35 ± 0.03 0.29 ± 0.07 0.28 ± 0.03 0.39 ± 0.03 0.44 ± 0.04 0.30 ± 0.03 0.40 ± 0.04 0.40 ± 0.04 0.37 ± 0.01
MLC 0.42 ± 0.04 0.38 ± 0.07 0.40 ± 0.05 0.50 ± 0.03 0.39 ± 0.04 0.37 ± 0.03 0.37 ± 0.04 0.40 ± 0.06 0.41 ± 0.01

H 0.32 ± 0.05 0.29 ± 0.04 0.18 ± 0.02 0.41 ± 0.02 0.45 ± 0.02 0.34 ± 0.03 0.28 ± 0.03 0.43 ± 0.02 0.35 ± 0.01
MLO & MLC 0.38 ± 0.04 0.45 ± 0.04 0.22 ± 0.03 0.48 ± 0.05 0.48 ± 0.03 0.27 ± 0.03 0.34 ± 0.02 0.39 ± 0.07 0.38 ± 0.01

MLO & H 0.38 ± 0.03 0.19 ± 0.03 0.30 ± 0.03 0.30 ± 0.02 0.40 ± 0.03 0.38 ± 0.02 0.43 ± 0.03 0.37 ± 0.03 0.36 ± 0.01
MLC & H 0.38 ± 0.02 0.45 ± 0.05 0.23 ± 0.03 0.38 ± 0.03 0.47 ± 0.03 0.20 ± 0.02 0.30 ± 0.04 0.43 ± 0.03 0.36 ± 0.01

MLO, MLC, H 0.32 ± 0.03 0.40 ± 0.04 0.29 ± 0.03 0.42 ± 0.02 0.45 ± 0.02 0.33 ± 0.02 0.39 ± 0.03 0.43 ± 0.04 0.39 ± 0.01

Table 3: Comparison of the region classification model performance across different annotation types grouped by image cate-
gory (image category was not included in training), along with the number of samples per category and the overall total. Over
10 independent runs, the mean and standard deviation of the F1-Scores were recorded, both for the overall model performance
and each image category individually.

Model is expected. As discussed by Zhang et al. (2021),
humans are not necessarily better than machines in choos-
ing discriminative features. Although the paper talks about
this in the context of humans segmenting images, this may
similarly extend to annotation tasks, positively impacting the
model’s performance in classifying regions. It is evident that
the usage of ML Captions on their own leads to more accu-
rate region classifications for Asia, Europe, and the Ameri-
cas. This suggests that images from these regions may have
discriminative features, such as objects and actions, that are
captured by the ML Captions and reflected in the model’s
predictions. Although the ML Captions Model worked quite
well for African samples as well (0.48), combining all an-
notations seemed to perform better for this region. This sug-
gests that there may be certain features that the ML Captions
Model fails to capture on its own. It may be that there are ob-
jects that were detected by the ML Objects annotations that
were not detected by the ML Captions, as captions tend to
convey the overall meaning of the image and overlook ob-
jects in the background or unrelated to the main theme of the
image. Additionally, the fact that ML Captions are always
used in the best-performing models shows how the features
captured by the captions tend to be very indicative of what

region the image is from.
The variation in optimal models across the image cat-

egories is understandable. Images from each of the cate-
gories may contain varying objects and/or actions that are
associated with certain geographical regions, e.g., for Hand
Washing, images of buckets may appear more frequently in
samples from Africa, whereas images of sinks may appear
more in samples from Europe. This explains why certain
annotations are better than others at capturing relationships
between the objects or actions and the regions. The best-
performing models for five out of eight categories (Drying
Clothes, Kitchens, Living Rooms, Places for Dinner, and
Washing Clothes) are the ones with a combination of at least
two annotation sets. This may be due to how the images from
these categories may have discriminative features that can-
not be captured with just one annotation set.

Using the Welch’s t-test, we found that there are statis-
tically significant differences between the overall F1-scores
from 10 independent runs across the ML Captions Model
(overall best-performing) and the Human Labels Model
(overall worst-performing) at p-value < 1.15 × 10−7. This
statistically significant value suggests that the ML Captions
Model’s better performance is statistically reliable.
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Annotations Used
RMSE (Mean ± Standard Deviation)

Africa (471) Asia (471) Europe (472) The Americas (472) Overall (1,886)

ML Objects 1099.26 ± 106.03 1578.72 ± 91.81 2935.26 ± 85.79 1742.49 ± 55.11 1979.1 ± 45.47
ML Captions 601.73 ± 25.31 1634.27 ± 12.86 2973.81 ± 57.28 1620.76 ± 26.25 1925.1 ± 26.13

Human Labels 641.82 ± 30.95 1408.57 ± 35.75 2880.65 ± 24.67 1600.72 ± 29.54 1842.57 ± 14.99
ML Obj & ML Capt 622.80 ± 63.79 1468.67 ± 26.75 2777.27 ± 83.50 1624.42 ± 54.18 1817.49 ± 37.13

ML Obj & Human Labels 581.71 ± 28.81 1515.85 ± 164.94 2895.28 ± 31.16 1620.09 ± 35.57 1870.01 ± 41.36
ML Capt & Human Labels 569.12 ± 12.92 1420.02 ± 31.07 3297.25 ± 145.16 1578.29 ± 35.61 2006.36 ± 58.58
ML Obj, ML Capt, Human 561.42 ± 29.05 1439.70 ± 40.32 2890.99 ± 53.85 1585.46 ± 41.64 1842.89 ± 30.83

Table 4: Comparison of the income regression model performance across different annotation types grouped by region (target
variable), along with the number of samples per region and the overall total. Over 10 independent runs, the mean and standard
deviation of the RMSE were recorded, both for the overall model performance and each class (region) individually.

Annotations
Used

RMSE

Drinking
Water
(254)

Drying
Clothes
(176)

Front
Doors
(192)

Hand
Washing

(272)

Kitchens
(224)

Living
Rooms
(224)

Places
for

Dinner
(272)

Washing
Clothes
(272)

Overall
(1,886)

MLO
1738.35 1699.04 3026.46 1418.68 2502.32 1602.33 1421.24 2030.24 1979.10
±59.40 ±119.83 ±75.53 ±87.05 ±66.97 ±71.54 ±119.54 ±73.80 ±45.47

MLC
1765.65 1241.21 2864.27 1197.36 2389.16 1709.97 1593.86 2112.19 1925.10
±34.95 ±44.87 ±44.27 ±35.92 ±14.50 ±232.10 ±26.17 ±49.54 ±26.13

H
1571.56 1342.43 2744.72 1363.50 2365.00 1483.01 1242.21 2143.17 1842.57
±23.31 ±70.87 ±40.38 ±42.24 ±56.15 ±55.17 ±35.88 ±41.70 ±14.99

MLO & MLC
1531.87 1191.23 2758.96 1376.72 2354.67 1497.12 1341.66 2001.87 1817.49
±54.58 ±67.30 ±54.13 ±56.35 ±127.14 ±76.62 ±46.02 ±54.91 ±37.13

MLO & H
1545.01 1399.87 2729.15 1343.64 2385.23 1515.60 1412.33 2175.34 1870.01
±48.62 ±44.44 ±26.66 ±30.48 ±43.41 ±23.03 ±293.80 ±41.00 ±41.36

MLC & H
1590.08 1246.10 2771.16 1258.17 2423.63 2818.41 1337.43 2057.95 2006.36
±49.66 ±29.81 ±20.11 ±19.13 ±55.94 ±407.44 ±32.27 ±26.72 ±58.58

MLO, MLC, H
1536.57 1250.52 2761.17 1294.69 2373.87 1538.69 1327.09 2143.24 1842.89
±48.04 ±36.12 ±20.38 ±42.16 ±94.76 ±109.56 ±70.26 ±55.33 ±30.83

Table 5: Comparison of the income regression model performance across different annotation types grouped by image category
(image category was not included in training), along with the number of samples per category and the overall total. Over 10
independent runs, the mean and standard deviation of the RMSE were recorded, both for the overall model performance and
each image category individually.

Table 4 shows the Root Mean Square Error (RMSE) for
the AdaBoost Regression algorithm used to predict income
grouped by region, while Table 5 shows the scores grouped
by image category. Similar to the classification model, the
experiment was conducted over 10 independent runs across
different combinations of the three annotation sets. The
mean and standard deviation of the RMSE values were ob-
tained for the overall model and for each region.

It is apparent that, unlike the classification model, the
regression model with ML Objects and ML Captions per-
formed the best overall, indicated by its lowest RMSE value
(1817.49). The best-performing models differ across all re-
gions. The model containing all annotations was the most

effective for African images (561.42), similar to the classifi-
cation model, while the Asian images achieved the best re-
sults with the Human Labels Model (1408.57). Europe saw
optimal performance from the ML Objects and ML Cap-
tions Model (2777.27), and the Americas was best handled
by the ML Captions and Human Labels Model (1578.29).
Moreover, it is worth highlighting that Asia is the only re-
gion where a stand-alone annotation set achieved the best
performance. Looking at the performance of the models by
category, the ML Objects-ML Captions Model is the most
consistent and achieves the best performance across half
of the categories, namely Drinking Water, Drying Clothes,
Kitchens, and Washing Clothes. The ML Objects-Human
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Figure 5: Income Regression Model using ML Objects and Captions as Annotations Grouped by Continent. The x-axis repre-
sents the ground truth values, plotted in log scale, while the y-axis represents the predicted values, plotted in linear scale.

Labels Model was the most effective for Front Doors. The
Handwashing category was best handled by the ML Cap-
tions Model, while the Human Labels Model achieved the
best results for Living Rooms and Places for Dinner.

The observation that the ML Objects and ML Captions
Model achieves highest performance aligns with the claim
made by Zhang et al. (2021) on machines being better at
selecting distinguishing features in the context of image
segmentation. In this case of income regression, the su-
perior performance of the ML-based annotations could be
attributed to certain objects in the images, as well as de-
scriptive terms indicating the state of the environment (e.g.,
clean, dirty, old), being associated with certain income lev-
els, therefore improving the model’s ability to predict in-
come. Further experiments would need to be conducted to
explore this. Moreover, similar to the classification model,
the all-annotations model worked best for African images,
likely driven by the need for the annotations to encompass
various features, including objects and actions. The images
from Asia and the Americas were best handled by the Hu-
man Labels Model and the ML Captions-Human Labels
Model, respectively. This shows how images from both re-
gions have features indicative of income that are most likely
not object-based, rather based on actions or nuanced descrip-
tions of the environment. The fact that Asia required only
Human Labels for its optimal performance suggests that the
discriminative features for income still require full human
intervention, and that although the ML annotations can still
capture them, they do not perform as well, even when com-
bined with the Human Labels. In contrast, the European im-
ages achieved best performance with the ML Objects-ML
Captions Model. This suggests that the combined ML-based
annotations are better at capturing the defining features and
relationships to predict income for European images. This
suggests potential bias in the ML annotations, possible due
to Western-centric training data. Alternatively, human anno-
tators may have found better discriminative features for in-
come prediction in images from Asia.

The best regression models for the action-based image
categories, e.g., Drying Clothes, Hand Washing, are ones
with ML-based annotations, indicating how the ML anno-
tations are better at finding the defining features to predict
income. It may be due to how the images contain more eas-

ily identifiable actions and objects that are indicative of in-
come. On the other hand, most image categories that are not
action-based, such as Living Rooms and Places for Dinner,
are best handled by models containing human annotations.
This suggests that humans are better at identifying key fea-
tures for income prediction when said features are likely to
be based on nuanced descriptions.

Furthermore, we compared the performance differences
between the best and worst-performing models (overall),
namely the ML Objects-ML Captions Model and the ML
Captions-Human Model. The results of the Kolmogorov-
Smirnov test showed that the difference is statistically sig-
nificant (p < 0.001), suggesting that the ML Objects-ML
Captions Model’s better performance is statistically reliable.

Figure 5 illustrates a scatter plot of the income regres-
sion model trained using the ML Objects and ML Captions
(best overall) on the test dataset. Each data point represents
an individual image sample from the dataset, which cor-
responds to a household. The points include associated at-
tributes, such as region (continent), country, actual income,
and predicted income. They are also colour-coded by conti-
nent. The blue dotted line represents the line of best fit and
the red solid line represents the identity line. The x-axis rep-
resents the ground truth of the income, which has been plot-
ted in log scale for clearer visualisation, whereas the y-axis
represents the predicted income, plotted in its original value.

The plot reveals that the incomes of most samples were
overestimated, with most of the Africa samples clustering
towards the lower income area in the x-axis. On the other
hand, the three other regions are more balanced, although
there is a great portion of underestimated samples, most of
which are from Europe.

Although the data was sampled evenly across continents
and balanced across income groups within each continent,
the ground truth income levels of most non-African samples
are higher than the African samples’. This is evident in the
scatter plot, where non-African samples are predominantly
positioned to the right of African points. This means that
the overall average income across all samples is higher than
most African samples, which may attribute to their overesti-
mation. The low variance in the predicted income of African
samples may be due to the features in these samples, cap-
tured in the ML Objects and ML Captions, being simpler to
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capture and understand during model training. This simplic-
ity enables the model to be more consistent in its predictions.
On the other hand, the key features found in the annotations
of the European samples may be more complex, resulting
in more variability in predictions, as shown in the vertical
spread of the European samples in the scatter plot, as well
as the greater variance in the RMSE table.

Limitations. Our study only considers certain ML models
and certain types of images. We thus cannot claim that our
observations would generalise beyond the data and model
considered.

Conclusion
Answering the RQs. We first look at RQ1: “How simi-
lar are human-generated and ML-generated annotations?”.
From a low-level perspective, i.e., what types of word oc-
cur and sentence structures, the ML Captions and Human
Labels are similar to each other, but ML Objects are rela-
tively different to either of them. This is expected due to
similarities in underlying cognitive processes between ML
models and human brains. However, from a high-level point
of view, despite the apparent low similarity between ML Ob-
jects and the other annotations, all exhibit consistent trends,
even when considering the spread based on region, with Eu-
rope clustering together and showing a strong agreement
across all annotation types. This led to RQ2: “How do dif-
ferent combinations of annotations affect the performance
and bias in ML predictive models?” For region classifica-
tion, different annotation combinations work best for vari-
ous regions and image categories. Models that included ML
Captions achieved the best performance in each region. Most
image categories performed best with annotations contain-
ing at least two types. For income regression, using ML Ob-
ject Labels and ML Captions enhanced performance, partic-
ularly across many image categories. The best performance
for each region was obtained from a wide variety of an-
notations. Similar to region classification, performance was
highest in Africa when all annotation types were used, likely
due to the images containing object/action cues and nuanced
environmental context. ML-based annotations worked well
for action image categories, while human input benefited
non-action ones. Using diverse annotations led to more con-
sistent predictions, as seen in Africa’s lower variance in the
scatter plot. Considering these findings, it can be concluded
that all annotations are important and machine-generated an-
notations cannot fully replace human-generated ones.

Implications. These findings have several implications.
First, despite their apparent differences, humans and ma-
chines may share similar levels of bias in visual content.
Their consistent patterns across regions show comparable
tendencies. This points to the need for further advancement
to reduce bias in ML models.

Second, since machine annotations (ML Captions only
and ML Objects-ML Captions) perform better overall at
both the classification and regression tasks respectively, they
may be beneficial in other domains. However, being overly
reliant on machine annotations may have negative societal
impacts, such as missing possible biases in the models that
originated from the training data, assuming ML models are

always superior, or struggling to identify accountability if
errors lead to significant consequences. This could also lead
to potential misuse of the technology, where biased models
are intentionally used without addressing underlying issues.
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(f) Did you discuss any potential negative societal im-
pacts of your work? Yes, see Implications under Con-
clusion.

(g) Did you discuss any potential misuse of your work?
Yes, see Implications under Conclusion.

(h) Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? Yes. With regards to data and model
documentation, the data does not include personally
identifiable information. As for reproducibility of find-
ings, see Methodology. With regard to responsible re-
lease and access control, the code and datasets are
available through a Github repository referenced in the
paper.

(i) Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes.

2. Additionally, if your study involves hypotheses testing...
(a) Did you clearly state the assumptions underlying all

theoretical results? NA.
(b) Have you provided justifications for all theoretical re-

sults? NA.
(c) Did you discuss competing hypotheses or theories that

might challenge or complement your theoretical re-
sults? NA.

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA.

(e) Did you address potential biases or limitations in your
theoretical framework? NA.

(f) Have you related your theoretical results to the existing
literature in social science? NA.

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA.

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA.

(b) Did you include complete proofs of all theoretical re-
sults? NA.

4. Additionally, if you ran machine learning experiments...
(a) Did you include the code, data, and instructions

needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? Yes,
the code, data, and instructions are available through a
Github repository referenced in the paper.

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? Yes, see
Methodology.

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
Yes, they are presented in the form of standard devia-
tion. See Results and Discussion.

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? Yes, see Methodology.

(e) Do you justify how the proposed evaluation is suf-
ficient and appropriate to the claims made? Yes, see
Methodology.

(f) Do you discuss what is “the cost“ of misclassification
and fault (in)tolerance? Yes, one of the aims of the pa-
per is to study model misclassification, so this has been
discussed throughout the paper.

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? Yes.

(b) Did you mention the license of the assets? Yes, see
Methodology.

(c) Did you include any new assets in the supplemen-
tal material or as a URL? Yes, the new assets that
have been curated are released along with the code on
Github.

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
Yes, see Methodology.

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? Yes, see Methodology.

(f) If you are curating or releasing new datasets, did
you discuss how you intend to make your datasets
FAIR (see FORCE11 (2020))? Yes, our curated dataset
follows FAIR. We released it in CSV format under
the MIT License via a public GitHub repository. To
make it findable and accessible, we published the code
and dataset in Github. To make it interoperable, the
datasets are in CSV format. To make it reusable, we
included the code and user guide in Github.

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset (see Gebru et al.
(2021))? Yes, we created a Datasheet for the Dataset
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following the guidelines proposed by Gebru et al.
(2021). The datasheet is included in the Github reposi-
tory and documents key aspects such as the motivation
for the dataset, its composition, collection and annota-
tion processes, preprocessing steps, intended uses, li-
censing, and ethical considerations.

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? Yes, see Methodology.

(b) Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? Yes, see Methodology.

(c) Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? Yes, see Methodology.

(d) Did you discuss how data is stored, shared, and dei-
dentified? Yes, see Methodology.
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