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ABSTRACT

The purpose of this paper is to suggest an integrated system that combines the
classification of medical images and a recommendation model for the choice
of the best hospitals for cancer treatment according to the analysis of the brain
MRI. For the classification of brain MRI images for tumor detection, we used
EfficientNet-B3 as the base model. To evaluate its performance, we contrasted it
with two other popular deep learning architectures, namely Vision Transformer
(ViT) and ResNet101. Having identified malignancies by image classification,
we used the outputs as inputs for a collaborative filtering based recommenda-
tion system. This system was constructed utilizing neural network embeddings
and hidden vectors to learn the correlations between tumor types and hospital
treatment characteristics. Personalized hospital suggestions were generated by
calculating the similarity between the embeddings using the dot product. In ad-
dition, comparison evaluations with a traditional K-Nearest Neighbors (K-NN)
method are performed to evaluate the performance gaps. The classification re-
sults revealed that EfficientNet-B3 has better accuracy when compared with ViT
and ResNet101 and it is a good choice for medical picture analysis. The neu-
ral collaborative filtering model shows superior accuracy and suitability of the
hospital selection during the recommendation phase compared to K-NN. The
results of this study demonstrate that the combination of deep learning and in-
telligent recommendation systems may successfully provide excellent diagnosis
in healthcare . The proposed framework may improve decision making and may
provide individualized recommendations of hospitals for cancer treatment. A
case study is offered in Vietnam to recommend hospitals.
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1. INTRODUCTION
Recommendation system is widely used in many sectors. The most common one is the movie sug-

gestion system in online movie viewing platforms[1, 2]. Today, the use of recommendation systems is more
common than ever but remains rare in the medical profession [3–7]. Therefore, the combination of recom-
mendation systems with computer vision for medical picture classification creates a new research avenue for
recommendation systems. Generally, recommendation systems are categorized into three basic forms, which
are collaborative filtering (CF), content based filtering (CBF) and hybrid [8]. In CF, the system is separated into
two recommendation directions, one is user-based, the system evaluates the similarity between users based on
rating history, and recommends similar users’ favorite goods in the same category [9, 10]. Using item-based,
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the algorithm finds similar things to the items the consumers rated highly [11]. Permana addresses the topic
of identifying the best collaborative filtering approach for restaurant recommendation systems [12]. Specifi-
cally, it compares User-Based Collaborative Filtering (UBCF) and Item-Based Collaborative Filtering (IBCF)
with Cosine Similarity and Pearson Correlation to show which combination can provide the most accurate
and dependable recommendations to users. The accuracy and ranking consistency were poorer in Item-Based
methods (IBCF). Guan [13] proposed to combine collaborative filtering and sentiment analysis to construct
an effective location-based map recommender system. It considers the limitations of merely considering the
numerical ratings, by taking into account text review analysis and location-aware techniques, thus allowing for
more personalized and context-aware recommendations. The author also surveys and describes models such
as Singular Value Decomposition (SVD), Alternating Least Squares (ALS), K-Nearest Neighbors (KNN), and
sentiment scoring approaches like VADER, and how they might be used together. Poudel addresses the issue
of knowing how the structure of rating data affects the effectiveness of collaborative filtering (CF) algorithms
[13]. Prior study has employed six or more data features to explain the differences in CF performance. Poudel
aims to find out whether a smaller number of critical characteristics may perform as well or better. Specifically,
we evaluate if the number of ratings per user (Information per User, IpU) and number of ratings per item (In-
formation per Item, IpI) are adequate to explain most of the diversity of CF performance among the different
methods and datasets.

The recommendation system for CBF is based on the user’s profile or the features of items similar to
those already selected by the user [14]. Tian focuses on the task of generating personalized movie recommen-
dations with content-based filtering (CBF) algorithms [15]. It builds a content-based recommendation system
using movie metadata and user profile features to generate relevant recommendations, addressing common
limitations of collaborative filtering, such as the cold start problem, inadequate user ratings, and over-reliance
on interaction data. They propose to enhance CBF with keyword pre-processing and weighted rating calcula-
tions to achieve higher accuracy and diversity in the recommendations. The overchoice problem is a cognitive
problem that happens when people have too many equal options to choose from, a situation that is common in
places such as cafes. Kosim et al treat the subject [16]. This paper attempts to address this issue at Mubtada
Kopi, a café in Indonesia. We design a beverage recommendation system that is non-personalized by using
content-based filtering (CBF). The aim is to facilitate the user’s choice of drinks by linking his declared pref-
erences to the features of the drinks, improving the efficiency of decision making and minimizing the waiting
time for service. Anh and Truong tackle the issue of aiding IT students in securing appropriate employment
prior to graduation by aligning their academic competencies with employer expectations [17]. Many students
are unable to fulfill job criteria due to insufficient experience or inadequate skills. In this study, we propose a
content-based recommendation system that matches students’ academic performance (grades in major courses)
to job postings from IT companies to find the best matching jobs for the student capabilities. The tool provides
a job discovery and allows the students to identify the skills gap early, thus increasing the students’ readiness
for the labor market ahead of graduation.

The recommendation system for CBF is based on the user’s profile or the features of items similar to
those already selected by the user [14]. Tian focuses on the task of generating personalized movie recommen-
dations with content-based filtering (CBF) algorithms [15]. It builds a content-based recommendation system
that uses movie metadata and user profile features to produce relevant recommendations. It solves common
problems of collaborative filtering such as the cold start problem, not having enough user ratings and over-
dependence on interaction data. They propose to enhance CBF with keyword pre-processing and weighted
rating calculations to achieve higher accuracy and diversity in the recommendations. The overchoice problem
is a cognitive problem that happens when people have too many equal options to choose from, a situation that is
common in places such as cafes. Kosim et al treat the subject [16]. This paper attempts to address this issue at
Mubtada Kopi, a café in Indonesia. We design a beverage recommendation system that is non-personalized by
using content-based filtering (CBF). The aim is to facilitate the user’s choice of drinks by linking his declared
preferences to the features of the drinks, improving the efficiency of decision making and minimizing the wait-
ing time for service. Anh and Truong tackle the issue of aiding IT students in securing appropriate employment
prior to graduation by aligning their academic competencies with employer expectations [17]. Many students
are unable to fulfill job criteria due to insufficient experience or inadequate skills. In this study, we propose a
content-based recommendation system that matches students’ academic performance (grades in major courses)
to job postings from IT companies to find the best matching jobs for the student capabilities. The tool provides
a job discovery and allows the students to identify the skills gap early, thus increasing the students’ readiness
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for the labor market ahead of graduation.
However, there are still quite a few studies on combining computer vision and recommendation system

to classify medical images and give treatment hospital suggestions. Therefore, in this paper, we propose a
solution to build a hospital recommendation system through classifying brain MRI images. This study uses a
family of convolutional neural networks called EfficientNet-B3 to recognize and classify brain MRI images.
Then use that classification data as input to the neural network based collaboration filtering to suggest the
appropriate hospital for treatment.

2. METHOD
In this section, we describe in detail the steps of building the system as shown in Fig. 1, our system

consists of three main parts: MRI image dataset, hospital information dataset, MRI image classification process
and finally the hospital recommendation filtering. In the brain MRI images module, we present how to collect
and process MRI images. In the medical image classification module, we present EfficientNet-B3, a family of
Convolutional Neural Network, used to classify brain MRI images according to 4 different labels, respectively
glioma tumor, meningioma tumor, no tumor and pituitary tumor. In hospital dataset, we describe the storing
structure for recommendation. In the collaboration filtering, we use an algorithm of collaborative filtering based
on deep learning method to make appropriate hospital list based on the output of the MRI image classification
module.

Figure 1. The overall diagram of our proposed method

2.1. Brain MRI images
For research purposes, our system uses brain MRI image dataset obtained from kaggle website. This

dataset contains 7023 images of human brain MRI images which are classified into 4 classes: glioma - menin-
gioma - no tumor and pituitary. After data processing and data augmentation, we get 10,000 images for each
label, which is a total of 40,394 images for the entire training data for the MRI image classification module.
Of which, 80% of the images are used for training, 20% are for validation and about 100 images per label are
reserved for testing. Table 1 summarizes the number images of four tumor classes.

Table 1. Summarize the number of image for 4 tags of brain MRI images from kaggle.com
Classes Train Test
glioma tumor 8,000 2,100
meningioma tumor 8,000 2,115
no tumor 8,000 2,105
pituitary tumor 8,000 2,078

It is important to note that this dataset is publicly available and not specifically collected from Viet-
namese hospitals. Due to limitations in accessing local clinical MRI data, we used this dataset to develop and
evaluate the classification model. However, the proposed framework is designed to be adaptable and can be
fine-tuned with local Vietnamese clinical data in future work.

2.2. Hospital dataset
Regarding hospital recommendation, we collected a total of 61 hospitals in Ho Chi Minh City that

can meet the treatment and examination needs for brain cancer[27]. We used the 83 criteria scores in 2023
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published on reputable Vietnamese online newspapers to make a rating, and searched for information: address,
phone number, website on the official websites of each hospital as shown in Table 2.

Table 2. Hospital information storing structure for recommendation
ID Hospital name Address Phone Website Rating
1 Hung Vuong hospital 179 Su Van Hanh,

Ward 5, District 5
028 3924 2490 https://www.bvhungvuong.vn/ 4.73

2 115 People hospital 527 Su Van Hanh,
Ward 12, District 10

028 3864 2533 https://benhvien115.com.vn/ 4.63

.. ... ... ... ... ...
61 Saigon Tam Tri hospital 171 Truong Chinh

street, Tan Son Nhi
Ward, Tan Phu district

028 6293 4555 https://tmt.vn/ 3.18

2.3. MRI image classification
In this section, we present the MRI image classification process as shown in Fig. 2. This process has

three stages: i) input brain MRI images into the system and preprocess the data to ensure a consistent format,
ii) EfficientNet-B3 model extracts image features through convolutional blocks and MBConv blocks, iii) the
model output is passed through a fully connected and softmax layer to predict tumor labels and map them to
tumor id.

Figure 2. Classification process of EfficientNet-B3 with given brain tumor image

The EfficientNet-B3 is a CNN (Convolutional Neural Network) model of the EfficientNet family
designed by Google AI [21]. It is known for high accuracy with less parameters and computations compared
to previous models such as ResNet or VGG [22]. EfficientNet models scale up CNNs in a balanced way using
a method called compound scaling, which uniformly scales depth, width, and resolution using a fixed set of
coefficients. The core idea of EfficientNet is compound model scaling, which optimizes how the network should
be made deeper, wider, and use higher-resolution input images with all in a balanced manner, instead of scaling
each dimension arbitrarily. EfficientNet is built using MBConv (Mobile Inverted Bottleneck Convolution)
blocks, enhanced with Squeeze-and-Excitation (SE) modules for better channel-wise attention. MBConv block
was represented as[22]:

Expansion (1 x 1 convolution):

Xexp = ReLU6(X ∗Wexp),Wexp ×R1×1×C×tC (1)

Where, X is input feature map of shape H ×W × C, Wexp is weights of the 1 × 1 convolution for
expansion, ReLU6 is an activation function, Xexp is output with increased channels.

Depthwise Conv was computed as [22]:

Xdw = ReLU6(Xexp ∗Wdw),Wdw ∈ Rk×k×tC×1 (2)

Where, Xexp is output from expansion layer, Wdw is depthwise convolution filter of shape k × k ×
tC × 1. K is kernel size (3 or 5), Xdw is output of depthwise conv, same spatial shape but still tC channels.

Squeeze-and-Excitation (SE) module includes Sqeeze, excitation, and scale[28]. Squeeze is global
average pooling to get channel descriptor:
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zc =
1

H ·W

H∑
i=1

W∑
j=1

Xdw[i, j, c] (3)

Where, zc is pooled (squeezed) value for channel c, Xdw[i, j, c] is value at spatial position (i, j) and
channel c. H,W are height and width of feature map.

Excitation are two fully connected layers with non-linearity:

s = σ(W2 ·ReLU(W1 · z)) (4)

Where, z is vector of pooled values, shape tC×1,W1 is the first fully contected layer, shape tC
r × tC,

r is the reduction ratio, W2 is the second fully connected layer, shape tC × tC
r .

Scale is the scaling the feature:

Xse = Xdw · s (5)

Where, Xdw is output from depthwise conv, s is channel-wise attention values, Xse is attention-
weighted feature map.

The ability of EfficientNet-B3 in extracting the features is good and it leads to a better performance
in image processing works. In this paper, EfficientNet-B3 is used to classify the brain MRI images into four
classes such as glioma tumor, meningioma tumor, no tumor and pituitary tumor. 80% of the images are taken for
training the images and they are preprocessed by downscaling them to 224 × 224, normalization and applying
data augmentation technique to improve the dataset diversity and reduce the overfitting. After data preparation,
the images are passed to EfficientNet-B3, which extracts the image features using a series of MBConv blocks.
Each MBConv block comprises an expansion convolution layer followed by a depthwise convolution layer,
a squeeze-and-excitation operation and finally a projection convolution; skip connections are used when the
dimensions of the input and output are matched which helps to solve the vanishing gradient problem [23]. The
high dimensional feature maps produced from these blocks are processed by fully connected layers and then
softmax algorithms are applied to obtain the probability distribution over the tumor categories and finally the
predicted label is obtained.

2.4. Hospital Recommendation Based on Content-Based Filtering
In this research, a content-based filtering (CBF) approach is applied to choose appropriate hospitals

based on the projected tumor type from MRI images [26]. Unlike collaborative filtering, which leverages
the data of the user-item interaction, content-based filtering utilizes the intrinsic properties of the objects and
the input features. This is especially true in medical settings, when explicit user feedback is sometimes not
available due to privacy concerns and data limits. The output of the brain tumor classification algorithm to
predict the label of a brain MRI picture is associated with a tumor id. This tumor id is then mapped to a feature
representation via an embedding layer, which captures the semantic aspects of each type of tumor. Meanwhile,
for the hospital data from the files hospital info.csv and hospital rating.csv, we employ another embedding
layer to project each hospital id to a feature vector which encodes the hospital’s medical skills, specializations
and quality metrics.

In our framework, each clinical case is represented by a feature vector derived from the predicted
tumor type. Let x ∈ Rd denote the feature representation of the input condition (i.e., tumor type). Each
hospital i is also represented by a feature vector yi ∈ Rd, which encodes relevant attributes such as medical
specialization, treatment capability, available equipment, and hospital quality scores.

The relevance between the input condition and hospital i is computed using a similarity function:

s(i) = sim(x,yi) (6)

In this study, we employ cosine similarity due to its effectiveness in measuring the alignment between
feature vectors:

s(i) =
x · yi

||x||||yi||
(7)

Based on the computed similarity scores, hospitals are ranked in descending order, and the top-k
hospitals with the highest scores are selected as recommendations:
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Rk = TopK{s(i)|i ∈ H} (8)

where H denotes the set of all candidate hospitals.
This formulation allows the system to match clinical features to the capabilities of the hospitals quickly

and without the need for historical interaction data. Hence, it is more robust in cold-start conditions and is more
ideal for actual medical applications where individual feedback data is limited or absent.

The embedding vectors are learned in a supervised manner with the hospital rating data as the ground
truth to provide significant representations for tumor types and facilities . For each tumor-hospital pair, the
hospital dataset provides a target appropriateness score . This number indicates the overall quality and treatment
skills of the hospital. Let yi be the true rating of hospital i. Let x ∈ Rd and yi ∈ Rd be the embedding vectors
of the tumor type and the hospital i, respectively. The model derives a predicted appropriateness score as the
dot product of these embeddings:

zi = x · yi (9)

The resulting score is then normalized to the range [0,1] using the sigmoid function and scaled to a
5-point rating system:

ŷi = σ(zi)× 5 (10)

where σ(·) denotes the sigmoid activation function. This formulation allows the model to interpret the
dot product as a predicted rating that reflects the compatibility between a tumor type and a hospital.

To train the model, we minimize the Mean Squared Error (MSE) loss between the predicted scores
and the ground truth ratings:

L =
1

N

N∑
i=1

(yi − ŷi)
2 (11)

where N is the number of training samples. By optimizing this objective, the model learns embedding
vectors such that their similarity aligns with real-world hospital ratings. This ensures that the learned hidden
representations are not arbitrary, but are grounded in meaningful supervision derived from domain-specific data.
Furthermore, the proposed approach can be naturally extended by incorporating additional clinical features or
contextual information into the feature representation x, thereby improving the flexibility and scalability of the
recommendation system.

3. RESULT AND DISCUSSION
3.1. Settings

The training trials of EfficientNet-B3 model were performed on a personal computer equipped with
an AMD R7-4800H CPU (2.9 GHz to 4.2 GHz, 8 cores, 16 threads), a GTX 3060 6 GB graphic card and 16
GB RAM. The model was trained with a maximum of 100 epochs with early termination mechanism to avoid
overfitting and save computational power. We applied a neural network based collaborative filtering strategy
with two hidden layers, with 128 neurons in the first layer and 32 neurons in the second layer. The output
layer outputs the expected value for the tumor id for the hospital id. The neural network was trained over 5
epochs. We used k-fold cross-validation on the MRI classification dataset to get a more reliable estimate of
model generalization. The dataset was partitioned into k = 5 folds, with k1 folds used for training and 1 fold
used for testing at each iteration. We report the average accuracy and standard deviation over all folds. This
approach reduces the dependency on a single train/validation/test split and allows for a more robust evaluation
of model stability.

This study utilizes a collection of publicly accessible brain MRI scans that have been completely
anonymised, devoid of any personally identifiable information. All tests are performed offline and do not
entail the gathering or storage of real-time patient data. Consequently, the study adheres to overarching data
protection principles, encompassing the General Data Protection Regulation (GDPR) and pertinent Vietnamese
data privacy laws.
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3.2. Metrics
MAE is a commonly used metric to measure the accuracy of a model, especially in regression prob-

lems. MAE is the average of the absolute differences between predicted values and actual values. It tells, on
average, how much the predictions are off from the actual results [27]:

MAE =
1

n

n∑
i=1

|yi − ŷi| (12)

where yi is the actual rating of hospital i, ŷi is the model’s predicted rating, and n is the total number
of predictions.

Root Mean Square Error (RMSE) is another popular metric for evaluating the performance of regres-
sion models. RMSE is the square root of the average of the squared differences between predicted and actual
values. Like MAE, it measures the differences between predicted and actual values but it gives more weight to
large errors. RMSE is computed as [27]:

RMSE =

√√√√ 1

m

n∑
i=1

(yi − ŷi)2 (13)

Where, n is the number of tested brain images, yi is the actual value of the hospital, ŷi is the predicted
value of the hospital.

3.3. Comparison of MRI brain image classification with EfficientNer-B3, ViT and ResNet101
We used three different models for the brain MRI image categorization experiment: Vision Trans-

former (ViT), ResNet101 and EfficientNet-B3. This choice is driven by the fact that there are three different
approaches in Deep Learning, ViT uses a self-attention mechanism [30], ResNet101 makes use of skip connec-
tions [29] and EfficientNet-B3 adopts a compound scaling to optimize the network’s depth, width and resolution
[22]. It can be shown that the training speed of the ViT is the fastest during the training process. However,
the final results show that the accuracy of the ViT is the lowest, with 2 of the 4 labels having less than 50%
accuracy, and it is easy to confuse the features of different labels. ResNet101 took longer to train, but improved
the accuracy of four labels significantly, and one label was still very different from other labels. The improved
efficiency of EfficientNet-B3 showed better results in both temporal and accuracy issues, with an average ac-
curacy of 85.38%. ResNet101 showed a higher training speed, but a lower average accuracy of 83.34% over
four labels.

Table 3. The MRI brain image classification performance comparison of 3 models EfficientNer-B3, ViT and
ResNet101

No Models Time (Hours) Train loss Accuracy

1 ViT 3.47 0.0296 0.6221
2 ResNet101 3.70 0.0301 0.8134
3 EfficientNet-V2 1.65 0.0084 0.9953
4 ConvNext 3.14 0.0043 0.9967
5 Swin 4.27 0.0073 0.9983
6 EfficientNet-B3 3.47 0.0028 0.9987

The results in Table 3 show that ViT has the lowest training loss (0.0296), but still has sub-optimal
accuracy for some tumor classifications. This gap suggests that a small training loss may not necessarily lead to
strong generalization. On the other hand, ResNet101 performs better accuracy on most of the labels, but with a
slightly higher training loss. EfficientNet-B3 has the biggest training loss but shows better overall performance
in the brain MRI classification job. We also include recent state-of-the-art designs for medical image analysis
such as ConvNeXt and Swin Transformer in addition to the baseline models ViT and ResNet101. The results
in Table 3 show that these models achieve a somewhat better accuracy than EfficientNet-B3. EfficientNet-
B3 offers competitive performance and a more favorable trade-off between computational cost and accuracy,
making it more suitable for real-world applications with limited resources. ConvNeXt achieved somewhat
better accuracy than EfficientNet-B3 in our experiments, but we chose the latter as our main model due to a
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better trade-off between predicted accuracy and computational cost. This is relevant for practical deployment
in resource-constrained contexts. Additionally, the implementation of EfficientNet-B3 is well-established and
widely used, which ensures the consistent optimization performance. EfficientNet-V2 was tested and showed
competitive results, however the performance gain relative to the increased computational requirements was
marginal compared to EfficientNet-B3 and hence EfficientNet-B3 was kept as the main model.

Table 4. Five-fold cross-validation results of EfficientNet-B3 on the brain MRI dataset
No Metrics Mean ±Std

1 Accuracy 0.9987229 ±0.0017679

2 Precision 0.9987253 ±0.0017625

3 Recall 0.9987229 ±0.0017679

4 F1-score 0.9987228 ±0.0017685

Moreover, in order to evaluate the robustness and generalization capabilities of the proposed EfficientNet-
B3 model, we carried out a five-fold cross-validation experiment on the brain MRI dataset as shown in Table
4. The data set was randomly divided into five equal halves while preserving the class distribution by strati-
fied sampling. In each cycle, 4 subsets (80%) were used for training and the other subset (20%) was used for
validation . The process was repeated five times, each time using a different subset as validation data.

The overall performance was evaluated by averaging the results of the five folds . The standard
deviation ( ± Std ) was also provided to evaluate the model stability . According to Table 4, EfficientNet-B3
has achieved the best performance in all folds with low standard deviation values for all measurements. This
means that the model is accurate and robust and has low sensitivity to data segmentation

The F1-score of 0.9987 ± 0.0018 means that the model is good in balancing precision and recall across
subsets of data. The results confirm that EfficientNet-B3 has good generalization and low overfitting which is
important for real-world medical applications.

3.4. Comparison of hospital recommendation system with neural network based collaborative filtering
and K-NN

We compare our method neural network based collaborative filtering with K-NN to evaluate the accu-
racy of the hospital recommendation system. Specifically, the hospital data is first read, and then the CF model
maps the tumor id and hospital id to embedding vectors, computes the dot product, normalizes the result with
a sigmoid function, and multiplies by a scaling factor of 5. In contrast, the K-NN model uses a pivot table to
calculate the Euclidean distance in order to find the k-nearest neighbors and recommend similar hospitals.

Figure 3. The comparison of RMSE and MAE for CF and KNN models

The results are presented in Fig. 3. It can be seen that the CF method achieves a very low error,
whereas the KNN method exhibits noticeably higher errors. This significant discrepancy indicates that CF is
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more stable and predicts ratings much more accurately. Although KNN initially shows promising results, its
error increases substantially in the presence of noise. Consequently, Collaborative Filtering based on the em-
bedding layer is confirmed to be a more reliable hospital recommendation solution in scenarios with distributed
data and high accuracy requirements.

3.5. Discussion
The best accuracy is 85.38% for EfficientNet-B3, the second is 81.34% for ResNet-101 and the worst

is 62.21% for ViT. The better performance of EfficientNet-B3 can be explained by its compound scaling method
that balances the depth, width and resolution of the network in an ideal way, compared to traditional architec-
tures. This allows to extract more complicated features while maintaining the computing efficiency. On the
other hand, ResNet-101 uses deep residual connections to improve learning, but it does not scale as well for
model performance. Vision Transformer (ViT) is a promising model in theory but often requires large datasets
to obtain competitive performance. The lower score is either a sign of insufficient data or poor training because
transformers usually struggle without sufficient pretraining. Therefore, the properly designed architecture of
EfficientNet-B3 provides a competitive advantage in terms of accuracy and performance. Although Swin Trans-
former and ConvNeXt provide marginally better accuracy, they require much more computer effort and longer
training time. In contrast, EfficientNet-B3 achieves the same performance with a more efficient architecture,
which is useful for practical application in healthcare systems, especially in resource-limited contexts.

For the recommendation tasks, a neural network-based collaborative filtering approach significantly
outperforms a K-Nearest Neighbors (K-NN) approach. The neural approach achieves a Mean Absolute Error
(MAE) of 2.81e-07 and a Root Mean Square Error (RMSE) of 4.39e-07 as compared to the K-NN approach
with an MAE of 0.545 and an RMSE of 0.552. This is mainly due to the ability of the neural network to
learn complex non-linear interactions between users and items, with multiple layers and multiple embeddings,
and hence to find more complex patterns in the data. On the other hand, K-NN is a memory-based, shallow
approach which depends only on the proximity in the user or item similarity space, limiting its capability to
generalize or deal with sparse data effectively. The accuracy and prediction performance of the neural model
is better because it can learn from implicit feedback, user-item interactions and hidden information.

The combination of EfficientNet-B3 for MRI image classification and collaborative filtering for sug-
gesting cancer treatment facilities provides a strong and holistic approach to personalized healthcare. EfficientNet-
B3 with its improved accuracy and fine-tuned architecture efficiently captures small-scale patterns in MRI
images for effective and timely cancer diagnosis. Collaborative filtering can be used to weigh the patient’s
preferences and treatment results once the patient is diagnosed and propose the most suitable facilities based
on similar cases. This synergy can permit automated and accurate diagnosis, and personalized therapeutic
recommendations, improving not only the clinical decision-making process but also the patient experience.
The integration makes workflows easier for healthcare providers and gives patients personalized, data-driven
support on their journey through treatment.

The drawback of this work was the MRI classification system was constructed from the public dataset
rather than the local Vietnamese clinical data. This could affect the model’s applicability to real settings of
hospitals in Vietnam. In future work, we will focus on collecting and merging MRI data from Vietnamese
hospitals, to strengthen the system validation and resilience.

The choice of EfficientNet-B3 should be viewed as a pragmatic design decision, rather than as a
declaration that it is universally better than all present systems. Even if ConvNeXt or EfficientNet-V2 might
achieve marginal gains, EfficientNet-B3 provides a good trade-off between accuracy, efficiency and ease of
implementation for the integrated hospital recommendation system.

4. CONCLUSION
In this study, we set out to create an integrated solution combining deep learning based brain MRI

classification with a hospital recommendation system, as outlined in the Introduction. Although the MRI
dataset is not locally sourced, the hospital recommendation component is specifically designed for the Viet-
namese healthcare system, providing practical value in real-world applications. The results confirm that our
initial expectations were met: EfficientNet-B3 demonstrates strong classification performance for identifying
different tumor types, while neural network based collaborative filtering provides stable and accurate hospital
recommendations. These findings indicate that unifying high-accuracy diagnostic methods with a reliable rec-
ommendation engine can effectively support clinical decision-making and guide patients in choosing the most

IJEEI, Vol. 14, No. 2, June 2026: 352-362



IJEEI ISSN: 2089-3272 ❒ 361

suitable hospital. Furthermore, the system’s scalability and precision can be enhanced in future work by incor-
porating larger or more diverse datasets, refining augmentation and recommendation algorithms, or utilizing
distributed computing resources. By expanding on these results, subsequent studies can further optimize both
the classification accuracy and recommendation quality, thereby advancing practical applications in healthcare.
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