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Abstract
Accurate vehicle rating prediction can facilitate designing

and configuring good vehicles. This prediction allows vehicle
designers and manufacturers to optimize and improve their de-
signs in a timely manner, enhance their product performance,
and effectively attract consumers. However, most of the exist-
ing data-driven methods rely on data from a single mode, e.g.,
text, image, or parametric data, which results in a limited and
incomplete exploration of the available information. These meth-
ods lack comprehensive analyses and exploration of data from
multiple modes, which probably leads to inaccurate conclusions
and hinders progress in this field. To overcome this limitation,
we propose a multi-modal learning model for more comprehen-
sive and accurate vehicle rating predictions. Specifically, the
model simultaneously learns features from the parametric speci-
fications, text descriptions, and images of vehicles to predict five
vehicle rating scores, including the total score, critics score, per-
formance score, safety score, and interior score. We compare the
multi-modal learning model to the corresponding unimodal mod-
els and find that the multi-modal model’s explanatory power is 4%
- 12% higher than that of the unimodal models. On this basis, we
conduct sensitivity analyses using SHAP to interpret our model
and provide design and optimization directions to designers and
manufacturers. Our study underscores the importance of the
data-driven multi-modal learning approach for vehicle design,
evaluation, and optimization. We have made the code publicly
available at http://decode.mit.edu/projects/vehicleratings/ .
Keywords: Multi-modal Learning, Machine Learning, Vehicle
Rating Prediction, Model Interpretability, Sensitivity Analyt-
sis

1. INTRODUCTION
From the earliest years of their invention, vehicles have stood

as a major contributing factor to both everyday consumer life and
global economic development. Since the availability of the in-
ternet, most consumers research vehicle evaluation scores online
and see them as important references for their vehicle purchasing
decisions [1]. Vehicle evaluation is likewise at the heart of vehicle
design, optimization, and improvement. Effective and efficient
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vehicle evaluation is essential for designers and manufacturers
to enhance the appeal of their new models. Extant research has
shown promise in exploiting machine learning (ML) and artificial
intelligence for vehicle price prediction [2–4], vehicle sales pre-
diction [5], vehicle purchase criteria [6], vehicle evaluation [7],
and insurance services[8]. When evaluating a vehicle, consumers
typically analyze multiple data types, such as images, 3D models,
parametric specifications, and text reviews.

Consider a typical vehicle purchasing journey. Initially, a
potential vehicle buyer determines the need to purchase a vehicle,
which leads them to explore various automotive websites, such
as US News, to evaluate numerous vehicle options. In order to
make a well-informed choice, they might scrutinize the vehicle’s
exterior and interior images to assess its design and features.
They might even engage with 3D models, when accessible, for a
more detailed understanding of the vehicle’s attributes.

Additionally, the buyer might review parametric data to mea-
sure the vehicle’s specifications against others in its category, fo-
cusing on elements such as engine capacity, fuel efficiency, safety
features, and cost. Reading reviews and written summaries about
the vehicle’s performance, reliability, and user experience also
aids them in ensuring it suits their requirements. Renowned en-
tities, like US News, often rank or rate different vehicles, which
can significantly influence the buyer’s decision. Through the
amalgamation of this varied information, buyers are able to make
knowledgeable purchase decisions. Subsequently, they might
visit a vehicle dealership to inspect and test drive their chosen
vehicle. Upon assessing the vehicle’s performance, comfort, and
additional features, buyers determine whether it’s the right fit for
them. If satisfied, they return to the dealership to discuss the price
and finalize the purchase. It’s crucial to acknowledge that individ-
uals tend to consider multiple data modalities when interacting
with designs. However, the majority of current machine learning
algorithms are focused on a single modality, typically images,
which limits their perspective and hence their practicality. This
single-dimensional approach inevitably results in oversimplified
conclusions and findings.

This paper endeavors to bridge this gap by tackling the re-
search question: How does multi-modal information about a
vehicle influence its ratings? This question is approached uti-
lizing a multi-modal learning method and interpretability mod-
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els. The application of artificial intelligence and multi-modal
deep learning to evaluate and analyze vehicles is relatively un-
explored, predominantly due to the substantial requirement for
labeled multi-modal data to train deep neural networks. To rem-
edy this shortfall, we also collected a novel multi-modal dataset
that includes parametric specifications, images, and textual de-
scriptions of vehicles, all labeled with various vehicle assessment
scores.

On this basis, we develop and validate a multi-modal learning
model to predict the rating scores of vehicles more comprehen-
sively and accurately. We show that multi-modal learning can
exploit the features learned from different types of data and cap-
ture the interactions between them to achieve better performance
than unimodal learning. Our contributions include the following:

1. We propose the development of individual unimodal ML
models that independently learn from parametric specifica-
tions, images, and text descriptions of vehicles. These mod-
els aim to predict five distinct vehicle rating scores, namely
the total score, critics score, performance score, safety score,
and interior score.

2. We introduce a multi-modal learning model capable of con-
currently learning from parametric, image, and text data
to predict vehicle rating scores. Our findings indicate that
this multi-modal learning model markedly outperforms the
unimodal models.

3. We assess the relative informativeness of different data
modes. Our analysis suggests that parametric data is the
most informative for predicting all rating scores, and in most
instances, text descriptions offer more predictive power than
images.

4. We demonstrate that the sensitivity analyses using SHAP
are capable of interpreting our models and providing more
detailed design, optimization, and improvement directions
to designers and companies.

The rest of this article is organized as follows: Section 2 re-
views the approaches to the relevant components of the proposed
model. Section 3 introduces the source and composition of the
data used in this paper, the data processing module, and both
the unimodal and multi-modal machine learning models. Sec-
tion 4 reports and discusses the performances of the unimodal
and multi-modal machine learning models, interprets the models
through sensitivity analyses, and summarizes the limitations of
this study. Section 5 concludes this paper by highlighting its
findings and contributions.

2. BACKGROUND
Good vehicle evaluation often requires the analysis of multi-

modal data, often involving vehicle parametric specifications, text
descriptions, and images. In this section, we first discuss why
vehicle evaluation is important. We then review relevant methods
for embedding parametric, text, and image data, and investigate
prior research on ML techniques for multi-modal data.

2.1 Why are vehicle evaluations important?
A few websites provide vehicle reviews and ratings, such as

J.D. Power1, US News2, Motor Trend3, Edmunds4, and Kelley
Blue Book5. Among these, US News is one of the most popular
websites, showing as the number one search result for the query
“vehicle rating” on search engines such as Google, Bing, and
Duck.

US News vehicle ratings are highly influential and are widely
followed by consumers who are in the market for a new vehicle.
When a vehicle receives high ratings, it can receive increasing
consumer interest, ultimately resulting in more sales. US News
vehicle ratings consider various factors such as safety, reliability,
performance, and interior features. These ratings are based on
objective data and evaluations from automotive experts, which
can provide consumers with a valuable reference for making in-
formed decisions when purchasing a vehicle. Consumers may
use these ratings as a guide when comparing different models
and brands and may be more likely to consider a vehicle that
has received high ratings. Similarly, vehicle dealerships may use
these ratings in their advertising and marketing efforts to attract
customers to their inventory.

Vehicle manufacturers can use US News vehicle ratings to
improve their new vehicle designs in several ways:

1. Identify Areas for Improvement: By looking at the rating
scores for factors like safety, reliability, performance, and
interior features, vehicle manufacturers can use these rat-
ings to identify areas where their new vehicles are falling
short and improve their designs. US News vehicle ratings
take into account consumer needs and preferences. By us-
ing the ratings to inform their new vehicle designs, vehicle
manufacturers can create vehicles that can better meet the
needs and preferences of their target customers.

2. Benchmark Against Competitors: Vehicle manufacturers
can use vehicle ratings to see how their new vehicle de-
signs compare to those of their competitors. This can help
them identify areas where they need to improve to remain
competitive in the market.

3. Incorporate Best Practices: Vehicle manufacturers can ana-
lyze the highest-ranked vehicles in their category to discover
and incorporate best practices into their new vehicle designs.
This can help them improve their ratings in future years.

In summary, by using vehicle ratings to inform their new
vehicle designs, vehicle manufacturers can create vehicles that
better meet the needs of their customers, are more competitive in
the market, and ultimately achieve higher ratings in future years.

What are the benefits of predicting vehicle ratings using ma-
chine learning? Predicting vehicle ratings using ML can be
incredibly useful for several reasons. By analyzing a vast amount

1https://www.jdpower.com/cars/rankings
2https://cars.usnews.com/cars-trucks/rankings
3https://www.motortrend.com/cars/
4https://www.edmunds.com/new-car-ratings/
5https://www.kbb.com/cars/
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of data, ML algorithms can identify patterns and correlations
across different vehicle data, that may not be immediately appar-
ent to humans. This can help vehicle manufacturers gain valuable
insights into the features and characteristics contributing to high
ratings. By predicting ratings, vehicle manufacturers can identify
areas for improvement in their products and make adjustments to
enhance their performance in these areas. Predicting ratings can
also help vehicle manufacturers remain competitive in the market
by identifying trends and preferences among consumers, allow-
ing them to create products that better meet the needs of their
target audience.

Predicting vehicle ratings can also inform marketing and ad-
vertising strategies by highlighting the features that are most im-
portant to consumers. Additionally, it can help vehicle manufac-
turers identify areas for improvement in their vehicle designs and
assess their performance relative to their competitors. By tracking
their progress over time and setting internal targets for improve-
ment, vehicle manufacturers can use predicted vehicle ratings as
a benchmark to inform their product development and competi-
tive strategies. Ultimately, predicting vehicle ratings using ML
can help vehicle manufacturers create better products, improve
their marketing and advertising strategies, and gain competitive
advantages in the market. Next, we discuss different modalities
of data in which vehicle information is typically captured.

2.2 Representing Engineering Data in Different Modalities
Parametric data Engineering product specifications are often
provided in the form of tables in a structured way. Parametric data
is one of the most commonly used forms of data, consisting of
samples (rows) that share the same feature set (columns), which
has been used in many applications [9]. Compared with image or
text data, parametric data is mostly heterogeneous, consisting of
continuous-valued and categorical-valued attributes. Parametric
data features dense values but sparse classification. Although
parametric data modeling has been explored intensively using
traditional ML methods in the past decades, such as linear re-
gression [10], the Gaussian process [11], and gradient-boosted
decision trees (GBDT) [12], deep neural networks can learn para-
metric data in a gradient-based way and allow for the integration
of parametric data with other data modalities for multi-modal
learning. Typically, parametric data can be learned by simple
neural networks, such as multi-layer perceptrons (MLPs). Prior
studies have reported that regularization can improve the perfor-
mance of MPLs in learning parametric data [13]. Deep learning
techniques like attention mechanisms [14] and transformer [15]
architectures have also been applied to parametric data learning
and have shown good prospects.

Image data With the recent advances of deep learning in
computer vision, convolutional neural networks (CNNs) have
made breakthroughs in image recognition [16], image classifi-
cation [17], image segmentation [18], image generation [19],
and other applications. Therefore, we focus on CNNs for im-
age learning. A few pre-trained image embedding modules are
commonly used for image learning tasks, including AlexNet [20],
VGGNet [21], ResNet [22], and Inception [23]. Although cur-
rent image learning for prediction tasks mostly focuses on clas-

sification and recognition, this study particularly focuses on the
prediction of vehicle rating scores, which is essentially a regres-
sion problem. Different from classification problems, the features
learned by the image embedding modules are not used to predict a
categorical class through the Softmax activation function but are
employed to predict continuous values (i.e., vehicle rating scores)
through the Rectified Linear Unit (ReLU) activation function.

Text data In addition, natural language processing (NLP) has
made significant strides toward automatic comprehension of text
data. A few neural network language models (NNLMs) [24] first
appeared to learn massive text data. Then, deep recurrent neu-
ral networks (RNNs) [25] brought NLP to the next level with
their strengths in learning sequential data. Its variants, such as
long short-term memory (LSTM) [26] or gated recurrent unit
(GRU) [27], were proposed to resolve the problems of gradi-
ent vanishing and the explosion of RNNs. Recently, with the
advent of the transformer models [15], large Transformer-based
language models have gradually gained prominence in fulfilling
various NLP tasks. These models have many advantages over
the previous NNLMs and RNN-based models: taking entire se-
quences as input, they can understand the context of each word in
a sequence more comprehensively; transformers can process and
train more data in less time and utilize the embedded self-attention
mechanism to enhance learning. Deep learning models, such as
the generative pre-trained transformers (GPT) models [28, 29]
proposed and constantly updated by the OpenAI team, and the
bidirectional encoder representations from transformers (BERT)
model [30], and its variants [31, 32], significantly improve NLP
tasks. In this study, we use a BERT model to encode text data
and predict different rating scores.

2.3 Multi-modal Learning
On the vehicle rating websites, each vehicle is represented in

multiple data modes. Capturing the complementarity and align-
ment of multi-modal data can lead to a better understanding and
more accurate evaluation of a vehicle. Multi-modal learning
models that can learn vehicle features simultaneously from the
multi-modal information are required to predict vehicle rating
scores using such information. In multi-modal learning, the uni-
modal models are often pre-trained to learn features from each
data modality first. On this basis, the multi-modal model can be
constructed by fusing the features learned by multiple unimodal
models for the downstream tasks. In this paper, we focus on
employing multi-modal learning to learn vehicle images, text de-
scriptions, and parametric specifications to predict vehicle rating
scores.

Obtaining multi-modal latent representations with effective
information fusion lies at the heart of multi-modal learning for
this prediction task. Joint representations and coordinated rep-
resentations are the common options to represent multi-modal
data [33]. Joint representation is better at capturing complemen-
tary information from different modalities compared to coordi-
nated representations [33, 34], making it more suitable for pre-
diction tasks [35]. Fusing the information from multiple modal-
ities effectively is critical to learn informative joint representa-
tions. Operation-based methods, bilinear pooling methods, and
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attention-based methods are commonly used for information fu-
sion in multi-modal learning [33]. The operation-based methods
integrate features learned from unimodal data using simple oper-
ations, such as concatenation [35–38], averaging [39], element-
wise multiplication [40], (weighted) summation [37, 38], linear
combination [37], and majority voting [41]. Bilinear pooling
fusion integrates features learned from unimodal data by calcu-
lating their outer product or Kronecker product [42, 43]. This
approach can capture the high-order multiplicative interactions
among all modalities, leading to more expressive and predictive
multi-modal representations for fine-grained recognition [42, 44].
In comparison, the attention-based methods can model depen-
dencies between two data modalities dynamically and assign
higher weights to the elements more relevant to the other modal-
ity [15, 45]. The integration of the features learned from different
modalities can be joined at early or late stages. It is easier to learn
the interactions between different data modalities when the fea-
tures are joined at early stages. However, early joining results in
higher-dimensional joint representations, which need more com-
putational resources to train [33].

In recent years, multi-modal learning has been explored for
a variety of tasks, such as cross-modal synthesis [46–49], multi-
modal prediction [50], and cross-modal information retrieval [51,
52]. However, it is still underexplored in the engineering domain.
Recently, Yuan, Mation, and Moghaddam [53] proposed a multi-
modal learning model to capture features from images and text
for shoe evaluation. Li et al. [54] developed a multi-modal target
embedding variational autoencoder model for 2D silhouette-to-
3D shape translation. Song et al. [55] developed an attention-
enhanced multi-modal learning model that learns design sketches
and text descriptions simultaneously for design metric prediction.

2.4 Machine Learning Model Interpretability
In the realm of engineering, there is a growing emphasis

not only on the effectiveness and predictive capabilities of ML
models but also on their interpretability [56–58], which indicates
if the reasoning process behind the model predictions can be
easily comprehended by humans. The greater the interpretability
of a model, the more readily people can understand and trust its
predictions.

The rapid advancement of deep learning models has facil-
itated diverse model-independent explanation techniques. For
instance, permutation feature importance [59–61] and Shapley
Additive exPlanations (SHAP) [62–64] have seen widespread
applications. Fisher et al. devised the model class reliance
(MCR) approach to facilitate the comprehension of Variable Im-
portance (VI) for unknown models [59]. Within Engineering
Design, Ahmed et al. [61] employed a feature permutation-based
technique to interpret the predictions of a graph neural network
in predicting product relationships. They found factors such as
car make, body type, and segment were important for determin-
ing co-consideration relationships. Mukund Sundararajan and
Amir Najmi [63] proposed Baseline Shapley (BShap), a tech-
nique to explore differences in Shapley value attribution across
multiple operations. Shrikumar et al. [62] developed Deep Learn-
ing Important FeaTures (DeepLIFT), a method that analyzes the
contribution of neurons to input in backpropagation networks to

ascertain feature importance. And DeepExplainer, an implemen-
tation of Deep SHAP, was developed based on SHAP [64] and
DeepLIFT [62]. Additionally, Integrated Gradients [65], in con-
junction with SHAP [64] and SmoothGrad [66], has given rise to
the GradientExplainer, which is a variant of the SHAP Explainer.
This variant enables the interpretation of image or text model
outputs. In our study, we deploy a SHAP-based approach [64] to
interpret the outputs of the image, text, and parametric models.

3. DATA AND METHOD
This section introduces the different types of data we use

and the multi-modal learning models for vehicle rating score pre-
diction in this research. This prediction problem is viewed as a
regression task. The multi-modal learning model can be divided
into five modules, as shown in Figure 1. The first module is
a pre-processing module to prepare the original data (paramet-
ric vehicle specifications, images, and text descriptions). The
processed data are the input to the respective unimodal models.
The second, third, and fourth modules are the unimodal models
capturing features from the parametric, image, or text data, re-
spectively. After the three unimodal models are pre-trained, they
can be combined to construct the multi-modal learning model.
The rest of this section will separately introduce the data used in
this study and each module of the proposed multi-modal learning
model.

3.1 Data
The data for developing the multi-modal learning model

comes from U.S.News6. The website provides detailed informa-
tion on vehicles from different categories, such as sedans, trucks,
vans, and sport utility vehicles. The available information covers
expert reviews, photos, prices, specifications, performances, rat-
ing scores, and so on. In this study, the rating scores, including
the overall score, the performance score, the interior score, the
critics score, and the safety score, are used as the labels of each
vehicle described by the other information. Among them, the
performance score reflects the vehicle’s performance in terms of
acceleration, braking, ride quality, handling, and other qualita-
tive performance metrics. The interior score is regarding vehicle
interior manufacturing quality, interior comfort, decoration and
features, cargo space, and styling. The critics score represents the
reviewer’s degree of recommendation and their overall tone re-
garding the vehicle. The safety score is based on two factors: the
number of advanced accident-avoidance technologies and crash
test results from the National Highway Traffic Safety Administra-
tion and the Insurance Institute for Highway Safety. The overall
score for each vehicle is the weighted average of the other four
component scores and a few other factors, which are not available
on the US News website and are not considered in our study. The
rating scores range from 0 to 10, with 10 being the best.

The goal of our multi-modal regression model is to predict
the five scores for new vehicle designs, given their specifications,
images, and text descriptions. The text description provides an
overall review of the vehicle, including its advantages and dis-
advantages, and changes to the vehicle model compare to its last

6https://cars.usnews.com/cars-trucks
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Figure 1: The outline of the proposed multi-modal learning model for predicting vehicle rating scores7.

version. The image data are the exterior and interior photos of
the vehicle. The parametric data conveys detailed specification
information of the vehicle, such as body style, dimensions, and
other mechanical, safety, and interior features. Our dataset cov-
ers 4,517 different vehicle models from different categories from
2007 to 2022. However, some relevant information is missing
on the US News website for 1,946 vehicle models, which are
excluded from this study. Accordingly, the data of 2,571 vehicles
is used to develop the multi-modal learning model.

3.2 Data Processing
The raw data from the US News website contains three types

of data: parametric specifications, text descriptions, and image
data. The parametric specifications consist of five categories:
general information, exterior information, interior information,
mechanical information, and safety information. Each category
covers multiple subcategories, as listed in Table 1. Notably,
the subcategories further comprise varying numbers of features,
resulting in a total of 302 features for each vehicle. Some of
these features are numeric, while others are categorical. When
preprocessing the data, we normalize all numeric features to [0,1]
and use one-hot encoding to represent the categorical features.

The image data consists of exterior and interior photos.
Among a large number of exterior and interior photos, we se-
lect the four most representative exterior or interior photos as
the input to the image model. Specifically, the selected exte-
rior photos include photos taken from four fixed views: angular
front, front, rear, and side. The original size of these photos is
776 × 776. First, we resize the original images to 224 × 224.
Second, we remove part of the white background at the periphery
of the exterior photos to further reduce the size of the images.
Third, we integrate the four resized exterior photos into a single
exterior image with a size of 448 × 290, as shown in Figure 2.

7https://cars.usnews.com/cars-trucks/acura/mdx/2007

Category Subcategory

General
Information

Years
Brand

Drivetrain
Manufacturer Suggested Retail Price (MSRP)

Mile Per Gallon (MPG) City
Mile Per Gallon (MPG) Highway

Exterior
Information

Exterior Body Style
Exterior Dimensions

Exterior Measurements

Interior
Information

Interior Convenience & Comfort
Interior Dimensions

Interior Entertainment
Interior Heating Cooling

Interior Navigation & Communication
Interior Seats

Mechanical
Information

Mechanical Transmission
Mechanical Fuel

Engine & Performance

Safety
Information

Safety Airbags
Safety Brakes

Safety Features

Table 1: Parametric specification information.

The selected interior photos cover the major interior components,
including the dashboard, front seat, rear seat, and steering wheel.
While their original size is 776× 517, we resize the interior pho-
tos to 224 × 150 proportionally and integrate them to produce a
single interior photo with a size of 448 × 300.

For text data, the information of different features is format-
ted as “The name of this feature: content”, and the information
on different features is concatenated successively into a single
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machine-readable string. The maximum, minimum, and aver-
age word lengths for the text descriptions are 224, 32, and 74,
respectively.

Figure 2: Examples of vehicle exterior8 and interior9 photos.

3.3 Models
In this subsection, we first introduce the three unimodal mod-

els for embedding the parametric data, image data, and text data,
respectively. Then, we describe how the multi-modal learning
model is constructed based on these three unimodal models.

Unimodal Model Figure 3 illustrates the architectures of the
unimodal models that respectively learn the parametric, image,
and text data. All these unimodal models adopt the ReLU activa-
tion function for the regression task in this study. The final output
for each unimodal model is the predicted value of the rating score.

Figure 3: The architectures of three unimodal models.

(1) Parametric model: Firstly, we construct an MLP model
to learn the parametric data. To find the optimal neural network
architecture and hyper-parameters, we conduct a set of pilot ex-
periments. This process leads us to a simple neural network
architecture containing two hidden layers, as depicted in Fig-
ure 3-A. The number of neurons in the first hidden layer is equal
to the dimension of the input data (302), and that of the second
hidden layer is 100. We add a dropout layer after the first hidden
layer with dropout rates ranging from 0.25 or 0.3 for predicting
different rating scores.

8https://cars.usnews.com/cars-trucks/acura/mdx/2007/photos-exterior
9https://cars.usnews.com/cars-trucks/acura/mdx/2007/photos-interior

(2)Text model: Secondly, the text model adopts a pre-trained
transformer-based BERT [30] text embedding module. We use
the pooled output from the BERT model as the final embedding
of the input text with a dimension of 512. During pre-training,
the BERT embedding module is trained on large text databases
(e.g., Wikipedia.) for multiple tasks. The adoption of the pre-
trained BERT model allows for effective knowledge transfer from
the large external text dataset to our target text descriptions when
we fine-tune the model with our dataset for the regression task.
Following the BERT embedding layer, a dropout layer with a
dropout rate of 0.1 and a dense layer with 100 neurons are attached
before the final output layer, as shown in Figure 3-B. We unfreeze
all layers to train the text model.

(3) Image model: Thirdly, we construct a CNN-based model
to learn the vehicle images. We experiment with multiple CNN
models, including ResNet [22], Inception [23], and VGG16 [21],
during our pilot experiments and get similar performances from
them. VGG16 [21] is selected for this study because it takes
less time to train. The output from the VGG16 embedding mod-
ule exhibits a dimension of 9 × 14 × 512. Following the image
embedding module, we add a self-attention mechanism, as visu-
alized in Figure 3-C. It reshapes the output to 126 × 512, which
is seen as a set of 126 latent features with a dimension of 512.
The self-attention mechanism employs a latent dimension of 32
in this study. Since the input to the image model integrates four
exterior or interior vehicle photos, which complement or align
with each other to different degrees. The self-attention mecha-
nism is expected to facilitate capturing the interactions between
different regions of the input images. The self-attention mech-
anism employs the dot-product attention proposed in “Attention
Is All You Need” [15]. After that, a flatten layer, a dense layer
with 1024 neurons, a dropout layer with a dropout rate of 0.2,
another dense layer with 100 neurons, and a final output layer are
attached sequentially.

For the image model, to enhance our evaluation of vehicle
features, we use interior photos to evaluate the interior score and
use exterior images to evaluate the other rating scores.

Multi-modal Learning Model After the three unimodal
models are trained, we integrate them to construct the multi-
modal learning model. To facilitate the learning of the inter-
actions between the three data modalities, we do not directly
integrate the unimodal models by concatenating their final out-
puts. Instead, we concatenate the final embedding of the in-
put parametric, text, and image data from the corresponding
unimodal models as the final joint representation of the multi-
modal input data. The final output of the multi-modal learning
model is calculated from the joint representation through a dense
layer with the ReLU activation function. The architecture of the
multi-modal model is shown in Figure 4. In comparison, we
also construct three bi-modal models that respectively combine
two of the three unimodal models. These different combina-
tions give us four multi-modal learning models. For the sake of
simplicity, we refer to the bi-modal learning model combining
parametric and text data as 𝑃𝑎𝑟_𝑇𝑒𝑥𝑡 − 𝑀𝑀𝐿 model, the bi-
modal learning model combining parametric and image data as
𝑃𝑎𝑟_𝐼𝑚𝑔 − 𝑀𝑀𝐿 model, the bi-modal learning model combin-
ing the image and text data as 𝐼𝑚𝑔_𝑇𝑒𝑥𝑡 − 𝑀𝑀𝐿 model. The
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multi-modal model combining the parametric, text, and image
data is called 𝑃𝑎𝑟_𝑇𝑒𝑥𝑡_𝐼𝑚𝑔 − 𝑀𝑀𝐿 model in this paper here-
after. When training the multi-modal models, we initialize the
multi-modal learning models with the pre-trained weights from
the unimodal models and fine-tune the weights jointly to learn the
interactions between the three data modalities for better vehicle
rating score prediction.

Figure 4: The architecture of the multi-modal learning model.

4. RESULTS AND DISCUSSION
In this section, we compare the performances of the three

unimodal models and the four multi-modal learning models to
verify the effectiveness of the proposed multi-modal learning
model. Specifically, the performance of each model is assessed
in terms of the explanatory power for the variances of the vehicle
rating scores, which is known as the determination coefficient
(i.e., 𝑅2 value) in statistics. In regression, the degree of fit im-
proves as the 𝑅2 value increases. To train and test the model,
the 2,571 vehicles in our dataset are divided into the training set,
validation set, and test set following the ratio of 0.8:0.1:0.1. In
the process of data split, we ensure that the stratified distribution
of the rating scores within each set is consistent with that of the
entire dataset. We observe that the distribution of different rating
scores could be very different, so we generate a unique data split
for each of the five rating scores. All the models use the same data
split to predict the same rating score for easy comparison. During
training, different unimodal and multi-modal learning models are
trained with the same batch size of 32 and the initial learning
rates ranging from 0.001 to 0.00005, which are selected through
a series of pilot experiments. We also apply different decay rates
ranging from 0.0 to 𝑒−0.015 to schedule the learning rates during
training different models. The training process is ended if the
validation loss does not decrease for 20 consecutive epochs. In
order to demonstrate the stability of the model and test the statis-
tical significance of the differences between different models, we
repeat each experiment 10 times.

4.1 Performance of Unimodal Models
The three unimodal models show varying performances in

predicting different rating scores, as shown in Figure 5. The
parametric model best predicts all rating scores. Its 𝑅2 values
are at least 0.04 higher than that of the corresponding image and
text models for predicting all rating scores. Moreover, in most
cases, the text model outperforms the image model. That is, the
parametric data is most informative while the image data is least
informative in predicting these rating scores. The information
conveyed by these different types of data may explain the dif-
ferences in model performance. The parametric data intuitively
shows the detailed specifications of a vehicle, including general
information, exterior information, interior information, mechan-
ical information, and safety information of the vehicle, which
summarizes the vehicle’s major characteristics. The compact
representation may make it easier for the model to capture the
key features, leading to better predictions. In comparison, the
text data describes the advantages and disadvantages of a vehicle
compared to other vehicles or its previous version, which is also
valuable for rating the vehicle. The images of a vehicle show its
aesthetic features and body design, which influence customers’
affection for it and its aerodynamic performance. Since exterior
design is not considered by the five rating scores directly, the
information conveyed by the images might be less informative for
predicting these scores.

Figure 5: The performances of the unimodal models. The columns
show the average 𝑅2 values from the 10 repeated experiments with the
bars indicating one standard error. We observe that parametric models
have higher 𝑅2 across different metrics.

Moreover, we find that the three unimodal models are rela-
tively less effective in predicting the total score compared to the
other scores. The total score is an overarching evaluation of a
vehicle, which is the weighted average of the other four rating
scores and several other indicators. The prediction of such an
overarching score needs more complicated and comprehensive
information from multiple perspectives, which is more challeng-
ing for the unimodal models to learn from a single data modality.
Therefore, the unimodal models may struggle to learn enough
features during training and thus do not predict the overall score
as well as the other four rating scores. In addition, the dataset
used in this study is small, which cannot provide sufficient in-
formation to train these large models. We observe that it is easy
to overfit these models and the training is terminated early be-

7



fore better model weights can be learned, which may lead to
insufficient final predictions. Among all five rating scores, the
parametric model exhibits the highest 𝑅2 value in predicting the
safety score, and the 𝑅2 values of the three unimodal models dif-
fer greatly. The 𝑅2 value of the parametric model is higher than
that of the worst model (image) by 0.34. One potential reason
is that its evaluation is partly based on the advanced accident
avoidance technologies implemented by a vehicle, which is de-
scribed clearly in the parametric data. In comparison, although
the vehicle body design reflected by the images affects the safety
of the vehicle, the material of the vehicle body is unknown from
the images and the importance of body design is being weakened
by the incorporation of the technologies in recent years.

4.2 Effect of Multi-modal learning
Multi-modal learning models outperform the unimodal mod-
els. For predicting all rating scores, the average 𝑅2 values of
the multi-modal learning models are significantly higher than that
of the corresponding unimodal models, as shown in Figure 6.
The results suggest that compared to the unimodal models, the
joint learning of multi-modal data enables the multi-modal learn-
ing models to leverage the complementary features learned from
different modalities to better predict the rating scores. More-
over, the 𝑃𝑎𝑟_𝑇𝑒𝑥𝑡_𝐼𝑚𝑔 − 𝑀𝑀𝐿 model also performs bet-
ter than the three bi-modal learning models that integrate two
types of data for predicting all rating scores except for the total
score. The 𝑃𝑎𝑟_𝑇𝑒𝑥𝑡 − 𝑀𝑀𝐿 model slightly outperforms the
𝑃𝑎𝑟_𝑇𝑒𝑥𝑡_𝐼𝑚𝑔−𝑀𝑀𝐿 model for predicting the total score. This
may seem counterintuitive, as adding one more mode should log-
ically allow the model to learn more information and, thus, likely
make better predictions. However, as discussed above, the eval-
uation of the total score relies on more complicated, interrelated,
and comprehensive information. This is more challenging for the

models to learn. The features learned from the three data modal-
ities are fused through simple concatenation in this paper, which
may not be able to capture the complex interactions among the
modalities for better total score prediction when the image data is
involved. Another possible reason is the dataset used in this study
is not large enough to support learning the complex cross-modal
interactions for predicting the total score.

The effect of multi-modal learning varies in predicting differ-
ent rating scores. The effect of multi-modal learning is most
substantial in predicting the total score. The best multi-modal
model (𝑃𝑎𝑟_𝑇𝑒𝑥𝑡−𝑀𝑀𝐿) outperforms the best unimodal model
(parametric) by 0.12. The characteristics of the total score imply
that its evaluation relies more on a comprehensive understanding
of a vehicle. Accordingly, the multi-modal features learned by
the multi-modal models help significantly in this regard. The
effect of multi-modal learning is least obvious in predicting the
safety score. The best 𝑃𝑎𝑟_𝑇𝑒𝑥𝑡_𝐼𝑚𝑔 − 𝑀𝑀𝐿 model only im-
proves the 𝑅2 value by 0.02 compared with the best unimodal
model, which is the parametric model. As mentioned above,
the parametric data clearly describe the advanced accident avoid-
ance technologies implemented by a vehicle, which inform the
evaluation of the safety score. Since the 𝑅2 values achieved by
the image model and the text model are much lower than the
parametric model, the incorporation of the text and image data
only slightly complements the parametric information for this
evaluation. In general, the 𝑃𝑎𝑟_𝑇𝑒𝑥𝑡_𝐼𝑚𝑔 − 𝑀𝑀𝐿 model ex-
hibits similar or slightly better performances compared to the best
bi-modal learning models for predicting all rating scores. The
simple information fusion mechanism and the small size of the
dataset in this study may help explain this.

Figure 6: The comparison in performance among the unimodal and multi-modal learning models. The columns show the average 𝑅2 values with one
standard deviation bar. We observe that the multi-modal model using three modalities outperforms unimodal or bi-modal models.
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4.3 Implications for Engineering Design
As demonstrated in the last subsection, our multi-modal

learning models can predict vehicle rating scores accurately using
vehicle parametric specifications, text descriptions, and images.
However, a more detailed interpretation of the outputs from the
models is needed to inform designers and companies about po-
tential directions to optimizing the inferior design or advertising
the superior design of a vehicle. For this purpose, we utilize the
SHAP [64] method to interpret the outputs from the image, text,
and parametric models. Through backward gradient-based sen-
sitivity analysis, the output SHAP values indicate the influence
of each element of the input data on the final prediction made by
a model. A higher absolute SHAP score suggests a higher influ-
ence. Therefore, the SHAP method can help us interpret how a
deep learning model makes its decision.

We first conduct SHAP analysis for the parametric model.
As we mentioned before, the parametric data conveys rich infor-
mation across five feature categories as listed in Table 1. The
SHAP analysis can help us identify the most informative and
influential vehicle feature categories from the parametric data.
We run SHAP analysis for the parametric models that predict the
five rating scores, respectively. Figure 7 illustrates the average
absolute SHAP values of the five feature categories across all ve-
hicles in the test set for predicting different scores. These values
indicate the extents to which different feature categories affect
the model’s predictions. The findings indicate that the impact of
each category varies, with the interior information category hav-
ing the greatest influence on all score predictions and the exterior
information category having the least impact on them.

Figure 7: Mean Absolute SHAP values of the five feature categories of
the parametric data with one standard error. We observe that the interior
information category exhibits the largest SHAP values while the exterior
information category holds minimal significance.

On this basis, we further analyze the influences of the 21 fea-
ture subcategories on the model predictions, and Table 2 shows
the 21 subcategories used to predict the total score. The findings
are in line with our expectations and quite interesting. When
buying a vehicle, customers tend to base their decisions on the
vehicle brand and the appearance of the vehicle’s body. For in-
stance, some people prefer Toyota sedans, while others may prefer
Subaru SUVs. This indicates that the features like “Brands” and
“Exterior Body Style” can significantly influence the prediction.
Furthermore, the comfort and convenience of driving a vehicle

are crucial since the most straightforward feeling that drivers
and passengers may have for a vehicle is how comfortable and
convenient it is to drive or ride in it. That is why most of the inte-
rior information subcategories have prominent impacts on rating
predictions. Additionally, people value the safety and perfor-
mance of a vehicle since if the vehicle’s safety and performance
are not up to par, people are less likely to trust and purchase
it. Accordingly, “Safety Features”, “Engine & Performance” and
“Mechanical Transmission” features are also important. Design-
ers and companies need to focus on these feature subcategories
to improve or advertise their designs.

In addition to examining the average absolute values, we
also analyze the variation of the average SHAP values for the
302 individual features over time. Although the SHAP values of
the majority of the features do not show noticeable trends (e.g.,
sharp fluctuations or little changes), a subset of the features ex-
hibit clear increasing or decreasing trends, as shown in Figure 8.
As electronic and information technologies continue to advance,
these technologies have been enhancing the driving experience
and promoting driving safety. For example, the “Heated Steer-
ing Wheel” prevents hand stiffness during long driving hours in
winter, and “Keyless Start” eliminates the need for manual key
insertion by pressing a button inside the vehicle, or turning a
knob, making the process more convenient. Furthermore, the
“Hands-Free Liftgate” automatically opens and closes the lift-
gate. Other technologies, such as “Back-UP Camera,” “Lane
Keeping Assist,” and “Lane Departure Warning” help improve
driving safety on the road. These features have experienced an
increase in their SHAP values over time, highlighting their grow-
ing positive influence on the model’s prediction. On the other
hand, the SHAP values of a few others show the opposite pattern,
such as “auxiliary power outlet”, “regular unleaded (fuel)”, and
“high-intensity discharge (HID) headlights”. These features play
increasingly negative roles in affecting the predictions, which
means having these features may result in lower rating scores as
time passes by. For example, “Auxiliary Pwr Outlet,” also known
as the “car cigarette lighter,” is an outdated feature that has been
excluded by many new vehicle models. By analyzing the original
data, we observe that most vehicles manufactured before 2014
were equipped with cigarette lighters, but very few vehicles had
them after that year. Similarly, “HID headlights” were once pop-
ular for their high brightness and long service life compared to
traditional halogen bulbs. However, due to their expensive man-
ufacturing costs and slow response time to peak brightness, they
have been gradually replaced by LED headlights that offer lower
power consumption, longer lifespan, and faster response times.
Consequently, HID headlights are disappearing from the market,
which aligns with the observed changes in its SHAP values.

Then, We employ the SHAP method to analyze the informa-
tiveness of different image regions for predicting different rating
scores. Since we use the interior and exterior images to predict
the interior score and the other four scores, respectively. The
mean absolute SHAP values of interior image regions are dis-
played in Table 3, while Figure 9 showcases the mean absolute
SHAP values of the exterior image regions for predicting the four
rating scores. For predicting the interior score, the dashboard
and steering wheel regions present higher mean absolute SHAP
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Subcategory Mean Absolute Shap Values Sample Features
Interior Convenience & Comfort 9.11 · 10−2 Auxiliary Pwr Outlet, HID headlights, Back-Up Camera
Brand 3.93 · 10−2 Toyota, Honda, Ford
Interior Seats 2.59 · 10−2 Heated Rear Seat, Heated Front Seats, Driver Lumbar
Interior Entertainment 2.58 · 10−2 WiFi Hotspot, Smart Device Integration, Entertainment System
Engine & Performance 2.17 · 10−2 Engine Type, Premium Unleaded, Regular Unleaded
Safety Features 2.06 · 10−2 Lane Keeping Assist, Blind Spot Monitor
Mechanical Transmission 2.01 · 10−2 Continuously Variable Trans, Manual, 6-Speed Automatic
Years 1.78 · 10−2 2010, 2014, 2020
Exterior Body Style 1.25 · 10−2 SUV, Sedan, Hatchback
Interior Heating Cooling 7.44 · 10−3 Climate Control, Dual Zone A/C, Rear A/C
Safety Airbags 7.21 · 10−3 Rear Side Air Bag, Passenger Air Bag On/Off Switch
Interior Navigation & Communication 7.15 · 10−3 Navigation System, Onboard Communications System
Safety Brakes 6.48 · 10−3 Front Disc/Rear Drum Brakes, 4-Wheel Disc Brakes
Drivetrain 6.21 · 10−3 AWD, FWD, RWD
Mechanical Fuel 3.99 · 10−3 Hybrid Fuel, Plug-In Electric/Gas, Gasoline Fuel
Exterior Dimensions 3.43 · 10−3 Dim Width (in), Wheelbase (in), Dim Length (in)
Interior Dimensions 3.30 · 10−3 Front Head Room (in.), Front Leg Room (in.)
Manufacturer Suggested Retail Price(MSRP) 1.46 · 10−3 MSRP
Exterior Measurements 1.08 · 10−3 Base Curb Weight (lbs)
Mile Per Gallon (MPG) City 5.25 · 10−4 MPG City
Mile Per Gallon (MPG) Highway 4.53 · 10−4 MPG Highway

Table 2: The feature subcategories with the corresponding SHAP Values and a few sample features. We observe that Interior convenience and brand
are found most important in ratings prediction.

Figure 8: The SHAP values of 12 example features for predicting the
total score over time. We observe that the importance of some features
such as back-up cameras has increased in the last decade.

values than the front and rear seat regions, suggesting that the
model may primarily rely on features in these regions to predict
the interior score. Notably, the SHAP values of the front and rear
views in the exterior images are higher than that of the other two
views in predicting most of the rating scores. The results indicate

the critical role of the front and rear views in predicting the other
scores. This indicates that when purchasing a vehicle, people
prioritize the front and back views, as they are the most visible
when driving. Well-designed front and rear portions of a vehicle
can also potentially reduce safety risks.

Score Dashboard Steering Wheel Front Seat Rear Seat
Interior 1.159 1.011 0.448 0.389

Table 3: Mean absolute SHAP values of the interior image regions for
predicting the interior score. The SHAP values of the dashboard and
steering wheel highlight their high importance in predicting the interior
score

To gain further insights into the performance of different
features in each region, we used the SHAP method to analyze
the image data of individual samples. We exemplify the SHAP
values of two representative images for predicting the total and
interior scores in Figure 10 and Figure 11, respectively. The
red regions positively influence the predictions, while the blue
regions negatively influence the predictions. The color intensity
indicates the influence extent.

Figure 10 showcases the SHAP values of the exterior image
regions of the 2020 GMC Terrain for predicting the total score.
We find that in the front view and angular front view, the regions
on the front wheels, the vehicle brand logo, the fog lamps, the
front bumper, and the front fenders have positive influences on the
total score prediction of this vehicle. Similarly, in the rearview,
the regions on the rear wheels, taillights, and bumpers also play
a bigger role in predicting the total score. This is reasonable. For
example, during night driving, turning on the taillight can alert the
following vehicle to maintain a safe distance, and a well-designed
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Figure 9: Mean absolute SHAP values of the exterior image regions
for predicting the total, critics, performance, and safety scores with one
standard deviation bar. The SHAP values of the front view and rear view
play a bigger role in predicting these scores.

bumper can offer better protection in case of accidents. This will
undoubtedly have a positive impact on the overall rating of the
vehicle. Additionally, our SHAP analyses for predicting the other
scores show similar trends. However, it is important to note that
different vehicles may have distinct components that contribute
to different score predictions, thus necessitating a case-by-case
analysis by designers and engineers.

Figure 10: SHAP values of the exterior image regions of the 2020 GMC
Terrain10 for total score prediction: the SHAP values on the right with
the corresponding exterior image on the left.

Figure 11 displays the SHAP values of the interior image
regions of the 2020 Acura RLX for predicting the interior score.
The instrument panel, the gearshift, the dashboard, the steering
wheel, the steering wheel controls, and the front and rear seats
are likely to have positive impacts on the interior score prediction
of this vehicle. Among these, the steering wheel and dashboard
have the most substantial impacts, as they are among the most
used interior components. We believe that people can only truly
experience the comfort and convenience of the front and rear seats
when they are in the vehicle, rather than from a picture, so their
effect may be weaker than that of the steering wheel. Overall,
considering these details and features can lead to a better interior
score and increase the vehicle’s appeal to potential consumers.

Figure 11: SHAP values of the interior image regions of the 2020 Acura
RLX11 for the interior score prediction: the SHAP values on the right
with the corresponding interior image on the left. One can observe that
most points are clustered near the dashboard, indicating its importance
for ratings.

Lastly, We use the SHAP method to analyze the informa-
tiveness of different text segments for predicting different rating
scores. The results are displayed in Figure 12. Our findings reveal
that the review of a vehicle and its advantages and disadvantages
significantly influence the model predictions. In general, the re-
view segment of the text has the largest influence on the rating
score predictions. If this segment provides a negative evaluation
(e.g., ) of the vehicle, often with words like “bottom”, “however”,
or “but”, the corresponding SHAP value is mostly negative, in-
dicating a negative impact on the rating prediction. Otherwise,
words like “top” indicate a positive evaluation and tend to have
positive impacts on the predictions. Moreover, the brand and year
of the vehicle mentioned in the text also have relatively important
impacts on the model predictions. Additionally, the pros segment
usually has a positive SHAP value, while the cons segment has a
negative SHAP value, as expected. The “New Change” segment
of the text indicates if there are any new changes in the vehicle
compared to the previous year. If there are positive changes, the
corresponding SHAP value is usually positive.

Figure 12: Mean Absolute SHAP values of different segments of the text
data for predicting different scores with one standard error. The review
segment is most important for all predictions.

Figure 13 is an instance of SHAP analysis applied to an

10https://cars.usnews.com/cars-trucks/gmc/terrain/2020/photos-exterior
11https://cars.usnews.com/cars-trucks/acura/rlx/photos-interior
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individual vehicle - the 2020 Mazda - for predicting its total score.
The light blue colors assigned to “2020” and “Mazda” indicate
slightly negative effects on the prediction. The positive SHAP
value of the word “top” confirms the esteemed position held by the
vehicle in the US News evaluation system, positively influencing
the prediction. This positive reputation may sway potential buyers
towards considering this vehicle over others within this system. In
addition, the vehicle has several advantages such as a “premium
cabin,” “pleasant ride,” and “thrilling handling,” all of which
are positive aspects of the vehicle and present positive SHAP
values. These aspects probably lead to a positive perception of
the vehicle and attract potential buyers. However, the vehicle
also has some drawbacks, such as “subpar cargo space” and a
“cramped third row,” indicating that it may not be the best option
for those looking for more space. These downsides have negative
impacts on the total score forecast, as indicated by their negative
SHAP values. New changes such as “standard heated front seats”
and “Mazda i-active sense suite of safety features made standard,”
are positive changes and exhibit positive SHAP values. Engineers
and designers need to analyze their own designs case by case.

Figure 13: SHAP values of the words in the 2020 Mazda CX-9’s text
data12 for its total score prediction. The red and blue colors imply posi-
tive and negative impacts, respectively. Words such as premium cabin
and thrilling handling are found to have high importance.

To inform the design and optimization directions of individ-
ual vehicles, brands, or other aspects, designers and engineers
need to extract a suitable sub-dataset from the entire dataset, re-
train the prediction model, and carry out SHAP analyses and
discussions accordingly. This approach can improve the rating
score prediction for a particular type of vehicle and improve the
interpretability of the model.

4.4 Limitations and Future Work
This section summarizes the limitations of this study and

future research directions of using multi-modal learning mod-
els to promote engineering design. First, a major limitation of
this study is our dataset is much smaller than the other datasets
for training large deep learning models, which may not provide
sufficient information for the multi-modal learning models to
learn the complex interactions between different data modalities.
It is hard to harness the full potential of multi-modal learning
with small datasets. We observe that the US News website only
provides information regarding the vehicles on the US market,
leading to the exclusion of some vehicle brands from China, In-
dia, and other countries in this study. We will work to expand
this dataset by including more vehicle brands and completing the
information on the vehicles with missing data items in the future.

12https://cars.usnews.com/cars-trucks/mazda/cx-9/2020

Second, we use the simple concatenation mechanism to fuse in-
formation from different data modalities in this paper, which may
lead to less effective information fusion compared to more ad-
vanced information fusion mechanisms, such as attention-based
or transformer-based information fusion. In future work, we will
explore advanced techniques to fuse features learned from the
parametric, text, and image data. Additionally, not all informa-
tion available from the US News website is leveraged in this study.
For example, we only select four exterior photos and four inte-
rior photos from a much larger photo collection and use a small
part of each text description from the website for the rating score
prediction. A more comprehensive understanding of a vehicle
and a better rating score prediction may be achieved by incorpo-
rating all available information into ML. In the future, we need
to explore more effective and efficient deep-learning models to
manage richer data.

5. Conclusion
In this research, we have developed and validated a multi-

modal learning model aimed at predicting five different vehicle
rating scores—total score, critics score, performance score, safety
score, and interior score. These predictions are facilitated using
the parametric specifications, text descriptions, and images of
vehicles. As the foundation of the multi-modal learning model,
we developed three unimodal models to independently extract
features from parametric, text, and image data. Based on this, we
compared the efficacy of the multi-modal learning model against
its unimodal equivalents. Our research has led to three significant
discoveries: 1. Parametric data proves to be the most informative
in predicting all the scores, with the text model surpassing the
image model in most instances for predicting the rating scores. 2.
The multi-modal learning model, which concurrently learns from
parametric, text, and image data, outperforms all the unimodal
models. This suggests that multi-modal data learning captures
a richer array of information than learning from a single data
mode for the task of prediction. 3. The sensitivity analyses con-
ducted via SHAP can offer invaluable insights for interpreting
predictions and provide crucial design, optimization, and im-
provement guidance to designers and engineers. Furthermore,
the proposed multi-modal learning methodology can be extrap-
olated to a broader range of application scenarios, potentially
providing fresh insights and inspiration for designers.
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