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Abstract

The rapid growth of online health information resources has made it difficult for users, as well as providers of healthcare, to cope with large
volumes of information that are becoming increasingly complex. Hence, there is an urgent demand for developing new advanced recommendation
techniques in the healthcare domain to enhance decision-making processes. However, most current health recommendation systems, which
recommend personalized healthcare services and items such as diagnoses, medications, and doctors based on users' health conditions and needs,
are hindered by the data sparsity issue that compromises the reliability of their recommendations. In this paper, we intend to address this issue
by proposing a Trust-aware Multi-Criteria Collaborative Filtering model for recommendation services in the healthcare domain. This model
leverages multi-criteria ratings and integrates user-item trust relationships to improve the precision and coverage of recommendations, thus
facilitating more informed healthcare choices that align closely with their individual needs. Our empirical analysis on two healthcare multi-
criteria rating datasets, including those with sparse data, shows the proposed model's superior performance over existing baseline methods. On
the RateMDs dataset, our model improved the average MAE by 24% and RMSE by 19% compared to baseline methods. For the WebMD dataset,
it enhanced the average MAE by 6% and RMSE by 2%. In sparse data scenarios, the model boosted the average MAE by 18% and Coverage by
6% compared to baseline approaches.
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1. Introduction

The healthcare industry is facing a critical challenge: information overload. The sheer volume of data and resources
available to patients and medical professionals has created a pressing need for personalized healthcare services that can
effectively support decision-making. Health recommender systems (HRS) have emerged as a promising solution,
designed to suggest personalized health-related items or services, such as medications, treatments, healthcare providers,
and lifestyle recommendations tailored to individual users' needs and conditions. By leveraging user profiles and
historical preferences, HRS aim to streamline decision-making processes for both patients and healthcare professionals,
thus facilitating a more personalized healthcare experience [1], [2].

One of the key challenges in developing effective HRS is the scarcity of high-quality user interaction data. This scarcity,
known as data sparsity, arises when users interact infrequently with specific health-related items, making it difficult to
accurately predict their preferences. This issue is particularly pronounced in the healthcare domain, where user
interactions with health-related items may be infrequent or highly individualized [2], [3], [4], [5], [6], [7]. For instance,
a medication recommender system may struggle to provide accurate recommendations for rare diseases because few
patients have rated or reviewed these medications. Similarly, new medications or users may lack sufficient rating data,
posing a challenge for personalized recommendations.

To overcome data sparsity, researchers have turned to innovative approaches that incorporate additional information
beyond user-item ratings. One such approach is trust-aware recommender systems, which leverage trust relationships

*Corresponding author: Qusai Y. Shambour (g.shambour@ammanu.edu.jo)

4DOI: https://doi.org/10.47738/jads.v5i3.297

This is an open access article under the CC-BY license (https://creativecommons.org/licenses/by/4.0/).
© Authors retain all copyrights


https://orcid.org/0000-0002-3026-845X
https://orcid.org/0000-0002-7465-8038
https://orcid.org/0000-0002-2374-3152
https://orcid.org/0000-0001-6536-7485
https://orcid.org/0000-0001-9763-6029

Journal of Applied Data Sciences ISSN 2723-6471
Vol. 5, No. 3, September 2024, pp. 1134-1146 1135

between users to improve recommendation accuracy. In the healthcare domain, trust can play a crucial role, as patients
often rely on the experiences and recommendations of others whom they trust. By integrating trust metrics into the
recommendation process, systems can better capture the reliability and relevance of user-generated content, thereby
enhancing the quality of the recommendations [8].

Furthermore, most existing recommendation approaches employ a single-criterion approach to explore the correlation
between historical feedback and model predictions. However, the single-criterion methods ignore the users' multi-
criteria (MC) behavioral characteristics in item evaluation and selection decisions [9], [10], [11]. Therefore, there is a
growing effort to develop multi-criteria recommender systems capable of generating recommendations that resonate
with the complex and varied preferences of individual users [12].

Recent advancements in artificial intelligence and machine learning have revolutionized the development of HRS,
enabling the integration of complex data sources and sophisticated algorithms to improve recommendation accuracy.
For instance, deep learning models with attention mechanisms have been employed to capture critical information
about patients' conditions from text data, such as consultation records and textual reviews [13], [14]. Opinion-mining
techniques have been applied to analyze drug review sentiments and determine medication effectiveness [15], [16].
Moreover, matrix factorization and adversarial knowledge graphs have been leveraged to optimize recommendations
for accuracy and safety [17], [18]. Despite these advancements, many current HRS rely on model-based
recommendation methods that require extensive feature collection, dimensionality reduction, and large datasets,
potentially compromising recommendation effectiveness [19].

This study introduces a novel trust-aware multi-criteria collaborative filtering (TAMCCF) model that addresses the
dual challenges of data sparsity and single-criterion limitations in order to offer accurate, personalized, and diverse
healthcare recommendations. This can empower patients to make informed healthcare decisions that align with their
individual needs and health status. The proposed model integrates multi-criteria ratings with trust relationships to
address the dual challenges of data sparsity and the need for high-quality, personalized recommendations. By
capitalizing on the additional data provided by multi-criteria ratings and the trust relationships among users, the
TAMCCF model aims to deliver more accurate, relevant, and reliable recommendations to patients. Evaluations using
real-world healthcare recommendation datasets demonstrate that our proposed model achieves superior performance
in terms of both prediction accuracy and coverage compared to existing benchmark recommendation methods.

2. Related Works

Recent studies have proposed innovative recommendation methods as potential solutions to the overabundance of
online medical information by leveraging machine and deep learning, data mining, and hybrid filtering techniques. For
instance, in the realm of doctor recommendation systems, several studies have explored deep learning models that
incorporate attention mechanisms to capture critical information about patients' conditions from text data such as
consultation records and textual reviews [13], [14]. For example, Nie et al. [13] proposed a hierarchical attention
network (HAN) to construct doctor-patient models from consultation records, using attention to enhance doctor-patient
interaction. Their recommendation scheme based on patient ratings achieved a hit rate of 79.7%. Similarly, Kulshrestha
et al. [14] developed a hierarchical attention bidirectional long short-term memory network to predict online doctor
ratings from textual reviews, outperforming benchmark models. Other studies have focused on hybrid filtering
approaches that combine collaborative filtering (CF) and content-based filtering to match patients with suitable doctors.
Mani and Thilagamani [20] integrated demographic, collaborative, and content-based filtering along with a fuzzy
analytic hierarchy process to rank doctors based on patients' preferred criteria. Sofia et al. [21] implemented a hybrid
filtering method for telemedicine, using collaborative filtering with rating parameters and content-based filtering with
doctor profiles, achieving 91% accuracy.

In the context of drug recommendations, researchers have investigated opinion-mining techniques to analyze drug
review sentiments and determine medication effectiveness [15], [16]. Keikhosrokiani et al. [15] proposed a system that
applies opinion mining to drug reviews and uses a hybrid filtering method to overcome the limitations of content-based
and collaborative filtering, assisting healthcare professionals in drug decision-making. Begum and Sree [16] utilized a
recurrent neural network for sentiment analysis on drug reviews to predict appropriate medications. Other studies have
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focused on leveraging matrix factorization and adversarial knowledge graphs of drug-drug interactions to optimize
recommendations for accuracy and safety. Symeonidis et al. [17], [18] extended matrix co-factorization and singular
value decomposition algorithms to incorporate information from patient's electronic health records and drug-drug
interaction knowledge graphs, reducing the toxicity scores of recommended drug combinations while maintaining
acceptable efficacy.

While prior studies have made valuable contributions to developing health recommendation systems, several critical
research gaps remain. Existing efforts have mainly focused on individual aspects, such as doctor or drug
recommendations, rather than integrating them into unified models within a single framework. This integration could
greatly improve the efficiency and effectiveness of healthcare decision-making processes. Additionally, there has been
limited consideration of trust factors, such as the reputation of doctors and drugs, as well as the patient-patient
relationship, all of which can significantly influence the acceptance of recommendations. Moreover, many current
health recommendation systems rely on model-based CF that require extensive feature collection, dimensionality
reduction, and large datasets, potentially compromising recommendation effectiveness [19]. Finally, there is a lack of
research on developing multi-criteria recommender systems tailored specifically for health recommendations.

3. Design of the TAMCCF Model

This study presents an effective TAMCCF model designed specifically for health recommendation systems, comprising
three primary components. Firstly, the user-based trust-aware multi-criteria collaborative filtering component
incorporates trust relationships among users and multi-criteria ratings assigned by users to generate recommendations.
Secondly, the item-based trust-aware multi-criteria collaborative filtering component integrates trust relationships
among items and multi-criteria ratings associated with items to generate recommendations. Finally, the hybrid
prediction component merges the predicted ratings derived from the preceding two components, leveraging their
respective strengths to deliver personalized health recommendations.

3.1. The User-based Trust-Aware Multi-Criteria CF Component

This component utilizes the direct, propagated, and global trust scores to produce user-based trust-aware predictions.
Initially, trust values are computed based on user ratings, thereby establishing the initial trust network with direct
connections between users. Subsequently, leveraging this network facilitates the propagation of indirect trust among
users who lack direct connections. Finally, each user's global trust score is derived from their average rating deviation
from item means and their connectivity within the propagated trust network.

Step 1: Calculate direct trust scores between users

This study conceptualizes a user's "trustworthiness" as their reliability in delivering accurate recommendations to
others, drawing upon previous research indicating a strong correlation between user similarity and trust within online
communities. Accordingly, evaluating the trustworthiness of a pair of users entails assessing the accuracy of the ratings
predicted by one user for the other, considering their respective past ratings [10]. To facilitate this process, the following
prediction formula is initially employed to compute the predicted ratings for each user pair, as elucidated below:

Pma = fm + (U"(d) — ) )

Here, r,and 1, represent the mean rating of users m and n respectively. U™ (d) signifies the overall utility of user n on
item d, as defined below:

K K
Un(d) = ) wi(d) xri(d), where wi(d) =1 (2

Where w} (d) denotes the weight assigned by user n to criterion a for item d, reflecting its importance. r (d) represents
the rating provided by user n on criterion a for item d.

Following the prediction, two complementary metrics are employed: (1) Mean Squared Differences (MSD) [22], which
compares prediction errors on co-rated items, and (2) Bhattacharyya Coefficient (BC) [23], which leverages the entire
distribution of ratings provided by users. To account for the confidence in the similarity assessment, an asymmetry



Journal of Applied Data Sciences ISSN 2723-6471
Vol. 5, No. 3, September 2024, pp. 1134-1146 1137

trust factor is introduced, which is based on the proportion of co-rated items between users. The direct trust score is
then obtained by combining the MSD and BC metrics using a sigmoid function, weighted by an asymmetry factor.

MSD _ 1 _ < d=1(Pmd — Um(d))2>

Sim
m,n X

3)

where Py, 4 and U™ (d) denote the predicted rating and total utility of item d with respect to user m, respectively. X is
the total number of co-rated items between users m and n. To ensure MSD values range from 0 to 1, we normalize the
predicted and overall utility rating values using Max-Min normalization.

While the MSD metric effectively captures similarities between users based on co-rated items, it becomes less reliable
in sparse datasets where the overlap of rated items is limited or non-existent. To overcome this limitation, we employ
the BC as a complementary similarity measure that utilizes the entire distribution of recorded ratings from both users
to compute their similarity, as follows:

SimBH = Z Z BC(d, f) x loc(rmg, Inf) )
dely, fel,
Here, Im and I, are the sets of items rated by users m and n, respectively.
BC and loc represent two distinct similarity metrics. However, they leverage different information sources: BC relies

on global information, while loc focuses on local information. Accordingly, BC is used as the initial step to calculate
partial similarities between items d and f, as rated by users m and n for each rating criterion a, as follows:

BCar = Z (%) (%) 2)

Where z represents the total number of possible rating values (e.g., 1 to 5), #v represents the number of users rating
an item with value v, and #d and #f represent the total number of users who rated items d and f, respectively. Then,
we employ a worst-case aggregation function to compute the overall similarity score between given item pair, as
follows:

BC(d,f) = arznlinkBCgf (3)

.....

loc(rm,d,tna) represents the local similarity among two ratings based on their deviation from the median rating value,
as shown below:

(rm,d: Iqmed) (rn,d' I'med)

\/Zselm(rm,s: I‘med)z \/Zseln(rn,sr I'med)z

Here, rmeq represents the value of the median rating, which in our case is 3.

loc(rm,d' I'n,d) =

(7

Previous research [9], [24], [25] highlights the importance of considering the number of commonly rated items between
users when measuring their level of trust. We account for this by introducing an asymmetry trust factor (TF) [24] that
weights the final trust score based on the proportion of co-rated items, as given below:

1

TFpn =
) 4
1+ exp (- I @

where |1, N 1,] is the number of co-rated items between users m and n, and | I, | is the total number of items rated by
user m. To sum up, the overall direct trust between users m and n is obtained by combining the similarity metrics and
the asymmetry trust factor using a sigmoid function, as follows:
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1

TrustDirect — X
mh (1 + exp(—(SimMSP + SimBH )))

TFmn (5)

Step 2: Propagate trust scores between not-connected users

Despite the initial direct trust scores computed between users, the resulting trust network may suffer from sparsity
issues. This is because users in recommender systems typically provide ratings for only a limited subset of items. To
overcome this sparsity challenge and maximize the utility of the trust network, our approach adopts the concept of trust
propagation, which is commonly observed in social networks. Trust propagation allows trust relationships to be
transmitted through intermediary users, thereby establishing new indirect connections within the network. This process
expands the trust network, enabling the modeling of more intricate trust relationships that go beyond direct interactions
between users. Accordingly, we propose an aggregation function that incorporates confidence weights when measuring
trust propagated between users. This function quantifies the level of trust from a user m to a user u, mediated through
a common neighbor n, as follows:

Direct Direct
Prop Zn € intermediary(m and u) (TrUStm,n X TFm,n) + (TFUStn,u X TFn,u)
Trust,,, =

(6)

Zn € intermediary(m and u) TFm,n + TFn,u

Step 3: Calculate global trust scores for users

Traditional recommender systems often struggle with data sparsity, where limited ratings make it difficult to generate
accurate recommendations. Our model tackles this challenge by incorporating user reputation, quantified by a global
trust score, as a supplementary factor [26]. When a user has few or no ratings, our model can still generate personalized
recommendations by leveraging the reputation of similar users. This is achieved by incorporating the global trust score
into the model to provide relevant recommendations even in the absence of sufficient rating data.

This step, which leverages user reputation through a global trust score calculation, sets our model apart from existing
methods by providing a more comprehensive and robust solution. The global trust score for each user score plays a key
role in improving recommendation accuracy, especially for active users with limited interaction history. The score is
derived from two factors [26]: the average deviation between the user's ratings and the item's average rating, which
captures the alignment of the user's ratings with the broader consensus and indicates the trustworthiness of their
evaluations, and the number of users who trust the given user, reflecting the extent to which the user is trusted by their
peers within the propagated users’ trust network

A user with a smaller average rating deviation and higher connectivity receives a higher global trust score. The global
trust score for a user m is calculated as follows:

(7)

r -r U
GTS,, = exp (_Zdelm| md d|> o |Un|

[T | Ul

where r,,, 4 represents average ratings across all criteria given by user m given to item d, 7; denotes mean ratings across
all criteria for of item i given by all users, and |U,,|is the number of users connected to user m within the users’ trust
network.

Step 4: Calculate the user-based trust-aware predicted ratings

The final step involves generating predicted ratings for an active user and a target item by leveraging the direct,
propagated, and global trust scores. A mean-centering approach [27] is employed, where the predicted rating is
computed based on the weighted average of the target item's mean rating and the deviations of similar users' ratings
from their respective means, weighted by the corresponding trust scores, as shown below:
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= ZneNN(m)TrUStm,ﬂ X (rn,d _rn)
r,+
> s 17Ut
i (8)
ZnsNN(m)GTSn x (rn,d _Fn)
zneNN(m)GTSn

Here, NN(m) represents the set of nearest neighbors in relation to user m based on the users’ trust network.

;0f Trust, =0

User

T+ if Trust, =0

3.2. The Item-based Trust-Aware Multi-Criteria Collaborative Filtering Component

This component utilizes the trust relationships between items in the items’ trust network, along with each item's global
trust score, to generate item-based trust-aware recommendations. The component achieves this in three key steps:

Step 1: Calculate trust scores between items

Building on the rationale used in the previous component, this approach employs two complementary metrics: (1)
MSD, which compares prediction errors of co-rated users, and (2) BC, which leverages the entire distribution of ratings
for both items. To account for the confidence in similarity assessment, an asymmetry trust factor (TF) is used again,
based on the proportion of co-rated users. The trust score is then calculated by combining the MSD and BC metrics
using a sigmoid function, weighted by an asymmetry factor.

t _I7u 2
Sim](\ffs]) — _< u=1(Pu,d U (d)) > (9)

t

where P, 4 and U%(d) denote the predicted rating and total utility of item d with respect to user u, respectively. tis
the total number of users who have commonly rated items d and f. MSD values are normalized to a range of 0 to 1
using max-min normalization to ensure comparability.

To address the limitation of MSD, we employ the BC as a complementary similarity measure that utilizes the entire
distribution of recorded ratings for both items to compute their similarity, as shown by (5) and (6).

Similar to the previous component, the asymmetry TF emphasizes the importance of considering the number of users
who have commonly rated both items when measuring their level of trust is utilized as follows:
1

_1Ugn Uf|> (10)
[Uql

TFd'f =
1+ exp (

where |Ud N Uf| is the number of users who co-rated items d and f, and | Uq | is the total number of users rated item d.
The overall trust between items d and f is then obtained by combining the similarity metrics using a sigmoid function,
weighted by the asymmetry trust factor, as follows:

1
(1 + exp(—(Sim{$P + BC(d, H)))

Trustyf = X TFq¢ (11)

Step 2:  Calculate global trust scores for items

To enhance the accuracy of predictions in a recommender system, especially for sparsely rated items, we introduce a
global trust score for each item. The global trust score for an item is determined by two factors: the count of connected
items and the average rating deviation. The count of connected items is based on the item-item trust network, with a
higher count indicating its overall level of engagement. The average rating deviation measures the difference between
the target item’'s rating and the average rating given by users. A higher connectivity and smaller deviation contribute to
a higher global trust score for an item, as defined below:
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ZmEUdlrm,d - I_.I‘I'l|> M (16)
[Uql

GTSy = exp (— M

Where 1, represents the average rating given by user m across all items he has rated, and |Uq| represents the total
number of users who have rated item d. |lq4| represents the number of items that are connected to item d within the items’
trust network, while 1| represents the total number of items in the entire dataset.

Step 3: Calculate the item-based trust-aware predicted ratings

This step involves predicting the rating an active user would give to a target item. This prediction leverages the direct
and global trust scores of items. To account for potential biases in items’ ratings, we employ a mean-centering approach
[27]. This approach is explained in the following formula:

Trust, . x(r_ ,—T;)
Fd+ZfENN(d) AL S Trust, , #0
ZfeNN(d)TrUStdrf
Item
= (12)
m,d
GTS, x(r, 4 —T;)
F+ZfENN(d) ! < if Trust,, =0
‘ > GTS o
feNN(d) f

Here, NN(d) represents the set of nearest neighbors in relation to item d based on the items’ trust network.

3.3 The Hybrid Prediction Component

Inspired by the effectiveness of combining various recommendation techniques [28], this component utilizes a switch
hybridization scheme. This scheme dynamically selects the most appropriate recommendation approach based on the
current context, with the ultimate goal of enhancing recommendation accuracy and coverage. The core principle behind
the selection process is the ability to predict ratings for unseen items. If both candidate approaches can predict ratings
for unseen items, the Root Mean Square metric is employed to combine their outputs. This metric offers a valuable
advantage by quantifying the level of agreement or disagreement between the two predicted ratings, ultimately
informing a more robust recommendation selection.

(0 s if Pp%" =0 and Py =0
Poser ; if Pp%™ #0 and P =0
PTI;"ll:gal = Prlrffim ; if Prl,]lifr =0 and Prlrfiim *0 \ (13)
pusery2 + pltemy2
J( ma') . Crnd " ¢ P’ # 0 and P 0]

4. Experimental Setup and Evaluation

4.1. Experimental Setup

For the evaluation of our proposed model, we employed two multi-criteria (MC) rating datasets from the healthcare
domain: the RateMDs and the WebMD rating datasets. The RateMDs MC dataset was sourced from the ratemds.com
healthcare platform, where patients can review doctors using a rating scale from 1 to 5 across four criteria: punctuality,
staff, knowledge, and helpfulness. This dataset consists of 31,180 MC ratings contributed by 3,464 patients for 3,118
doctors. The WebMD MC dataset, on the other hand, was gathered from the webmd.com healthcare platform, where
patients can review and rate medications on a scale of 1 to 5 based on three criteria: medication effectiveness, ease of
use, and satisfaction. This dataset contains 32,054 ratings provided by 2,136 patients on a collection of 845 medications.
Notably, our datasets are clean and do not require any preprocessing, as they do not contain any missing values or
inconsistencies.
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To provide a comprehensive assessment of our model's performance, we employed three widely adopted metrics in
recommender systems: mean absolute error (MAE), root mean square error (RMSE), and Coverage. MAE is a prevalent
measure for measuring prediction accuracy, computed by taking the absolute difference between the predicted rating
and the actual rating for each user-item pair and then averaging these differences across all the pairs. RMSE is
calculated as the square root of the average of the squared differences between predicted and actual ratings. This makes
RMSE more sensitive to large errors, which can be beneficial in recommender systems where large prediction errors
may be more detrimental to the user experience. The lower the MAE and RMSE, the better the accuracy of the
recommender system. Coverage is another crucial metric, especially in the context of data sparsity. It evaluates a
recommendation method's capacity to generate predictions for a wide array of items, including those that are unrated
or new. Specifically, it measures the proportion of unrated items that the recommendation method can effectively
recommend. Higher coverage implies that the recommendation model can suggest a wider range of items within the
collected data, even encompassing new or unrated ones, thereby enabling more personalized recommendations and
mitigating the impact of data sparsity [29].

In our evaluation, we compared our model's performance against two benchmark approaches: the MC trust-based
collaborative filtering (MC-TCF) approach [30] and the MC user-item trust-enhanced collaborative filtering
(MCUITeCF) approach [31]. The MC-TCF approach aims to enhance predictive accuracy and address data sparsity
and cold-start user issues by leveraging multi-criteria ratings and inferred trust relationships among users. The
MCUITeCF approach integrates multi-criteria ratings and user-item trust relationships to improve recommendation
guality while tackling data sparsity and cold-start problems.

4.2. Experimental Results

This section provides a comprehensive comparative analysis of the results obtained through a series of experiments.
These experiments were designed to evaluate the performance of the proposed model in comparison to benchmark
methods in terms of both prediction accuracy and coverage.

4.2.1. Performance Evaluation on the RateMDs Dataset

Figure 1 displays the MAE performance of the TAMCCF model on the RateMDs dataset. The figure shows nearest
neighbor sizes (5-70) on the x-axis and MAE values on the y-axis. TAMCCEF consistently outperforms the MC-TCF
and MCUITeCF benchmarks across all neighbor sizes, with the most significant improvements at smaller sizes - crucial
for sparse data scenarios. TAMCCF achieves an average MAE of 0.44, compared to 0.48 for MCUITeCF and 0.75 for
MC-TCF, representing improvements of 7.14% and 41.07% respectively. These results demonstrate TAMCCF's
superior recommendation accuracy in terms of MAE, particularly in challenging data conditions.

Figure 2 presents the RMSE results on the RateMDs dataset. The x-axis represents the size of the nearest neighbors
from 5 to 70, while the y-axis shows the RMSE values. Similar to MAE, TAMCCEF outperforms the benchmarks,
achieving an RMSE of 0.89 for a neighbor size of 5, compared to 1.03 for MCUITeCF and 1.30 for MC-TCF. The
percentage improvements, on average, are 6.89% over MCUITeCF and 31.14% over MC-TCF. These results further
confirm TAMCCEF's superior predictive accuracy, particularly in scenarios with limited neighbor data.

MAE Performance on the RateMDs Dataset RMSE Performance on the RateMDs Dataset
0.80
— 1.35
072 1.25 7
w 0.64
u w 115
2 056 Z 105
0.48 0.95
0.40 0.85
5 10 15 20 25 30 50 5 10 15 20 25 30 50
Number of nearest neighbors (NN) Number of nearest neighbors (NN)
—&— MC-TCF MCUITeCF Proposed TAMCCF —&—MC-TCF MCUITeCF Proposed TAMCCF
Figure 1. The MAE performance on the RateMDs Figure 2. The RMSE performance on the RateMDs

dataset with different sizes of nearest neighbors. dataset with different sizes of nearest neighbors.
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A detailed analysis of the MAE and RMSE results on the RateMDs dataset reveals that the TAMCCF model's superior
performance can be attributed to its incorporation of multi-criteria ratings and trust relationships. The reduction in
MAE and RMSE across varying neighbor sizes further confirms the reliability of TAMCCEF in providing precise
recommendations even with smaller neighbor sizes. TAMCCF's use of trust relationships among users and between
items uncovers latent preferences and makes more accurate predictions, even for users or items with limited interaction
history. Additionally, the incorporation of multi-criteria ratings provides deep insights into user preferences, resulting
in more accurate and personalized recommendations. Consequently, TAMCCF proves to be an effective tool for
personalized doctor recommendations, with the potential to significantly enhance user satisfaction and decision-making
in healthcare contexts, highlighting its practical importance.

4.2.2. Performance Evaluation on the WebMD Dataset

Figure 3 presents the MAE performance of TAMCCF on the WebMD dataset, comparing it to MC-TCF and
MCUITeCF benchmarks. The x-axis shows nearest neighbor sizes (5-70), while the y-axis displays MAE values. The
results demonstrate significant improvements in recommendation accuracy over the benchmark methods as indicated
by lower MAE values. This highlights the effectiveness of the TAMCCF model in providing more accurate
recommendations across all neighbor sizes, with the most significant improvements at smaller sizes. On average, the
TAMCCF model achieved an average MAE of 1.08, compared to 1.12 for MCUITeCF and 1.16 for MC-TCF, reflecting
improvements of 4.04% and 7.58%, respectively.

Figure 4 illustrates the RMSE performance of TAMCCF on the WebMD dataset, comparing it with MC-TCF and
MCUITeCF benchmarks. The figure plots nearest neighbor sizes (5-70) on the x-axis against RMSE values on the y-
axis. The RMSE for TAMCCEF at a neighbor size of 5 is 1.45, compared to 1.47 for MCUITeCF and 1.51 for MC-TCF.
On average, the percentage improvements are 0.86% over MCUITeCF and 3.35% over MC-TCF. TAMCCF maintains
lower RMSE scores across all neighbor sizes, demonstrating its consistent superiority.

A thorough analysis of the MAE and RMSE results on the WebMD dataset underscores the TAMCCF model's
robustness in harnessing the power of trust relationships and multi-criteria ratings to boost predictive accuracy. The
consistent reduction in MAE and RMSE values across varying neighbor sizes confirms the model's reliability in
delivering precise recommendations, even in scenarios with sparse user-item interaction data. By considering trust
relationships among users and between items, the model can uncover latent preferences and make more accurate
predictions, even for users or items with limited interaction history, thereby enhancing recommendation reliability.
Furthermore, the incorporation of multi-criteria ratings provides granular insights into user preferences, by capturing
the diverse aspects of user preferences, resulting in more accurate and personalized recommendations. The TAMCCF
model's ability to provide effective personalized medication recommendations has significant implications for
enhancing user satisfaction and decision-making in healthcare contexts, with broad implications for improving
healthcare outcomes, highlighting its practical importance and potential to drive meaningful impact.

MAE Performance on the WebMD Dataset RMSE Performance on the WebMD Dataset
1.24 153
118 .\l\_ 150 \
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4.2.3. Performance Evaluation on a Dataset of Different Levels of Sparsity

To assess the viability of our proposed approach in tackling data sparsity, we designed and executed a series of
experiments. Six datasets with varying levels of sparsity, ranging from 99.8% to 98%, were created for this purpose. We
aimed to thoroughly evaluate how various methods, including our own, performed when confronted with these diverse
sparsity levels. This experimental setup allowed us to measure the robustness and effectiveness of each approach under
different data conditions, providing insights into their relative strengths and limitations in handling different sparsity
scenarios.

Figure 5 and figure 6 illustrate the evaluation of our proposed TAMCCF model on a dataset with varying levels of
sparsity. The TAMCCF model demonstrates its superior performance in terms of MAE and Coverage compared to the
benchmark methods MC-TCF and MCUITeCF. As shown by figure 5, the TAMCCF model consistently achieved lower
MAE across all sparsity levels, with the most significant improvement observed at 99.80% sparsity, where it recorded
an MAE of 1.32, compared to 2.73 for MC-TCF and 1.45 for MCUITeCF. On average, TAMCCEF reduced MAE by
32.58% relative to MC-TCF and by 4.28% relative to MCUITeCF. In terms of coverage, as depicted in Figure 6, the
TAMCCEF also outperformed the benchmarks, particularly at higher sparsity levels, achieving 89.33% Coverage at
99.80% sparsity, versus 40.55% for MC-TCF and 83.54% for MCUITeCF. Overall, the TAMCCF model improved
average Coverage by 10.34% over MC-TCF and by 1.27% over MCUITeCF, underscoring its robustness and
effectiveness in delivering accurate and comprehensive recommendations in sparse data scenarios.

MAE Performance across different Sparsity levels Coverage Performance across different Sparsity levels
2.75 1;32 - N h
230 _. 80
X
w 185 E 70
= 1.40 g 60
> 50
0.95 S .
0.50 — 30
99.8 99.5 99.0 98.8 98.5 98.0 99.8 99.5 929.0 98.8 98.5 98.0
Sparsity levels (%) Sparsity levels (%)
—8—MC-TCF MCUITeCF Proposed TAMCCF —&—MC-TCF MCUITeCF Proposed TAMCCF
Figure 5. The MAE performance at different levels of Figure 6. The Prediction coverage performance at
sparsity. different levels of sparsity.

A comprehensive analysis of MAE and Coverage results across datasets with varying sparsity levels demonstrates the
TAMCCF model's exceptional robustness. The model effectively leverages trust relationships, global user/item trust
scores, and multi-criteria ratings to significantly enhance both predictive accuracy and coverage. TAMCCEF consistently
reduces MAE and improves Coverage across all sparsity levels, with the most remarkable performance observed at
99.80% sparsity level. This underscores the model's reliability in delivering precise recommendations even in extremely
sparse user-item interaction scenarios, a common challenge in real-world applications. By incorporating trust
relationships among users and between items, along with global user/item trust scores, TAMCCF expands its effective
neighborhood. This enables accurate predictions even for users or items with minimal interaction history, addressing the
sparsity problem prevalent in many recommendation systems. Moreover, the integration of multi-criteria ratings
provides a granular understanding of user preferences, leading to more accurate and personalized recommendations that
reflect the complexity of real-world decision-making processes.

5. Conclusion

The transformative role of deep learning techniques in revolutionizing lower limb prosthetics for improved activity
recognition was explored. In this study, the employed approach involved the utilization of an optimized deep learning
technique model to enhance the recognition of lower limb activities. The suggested methodology encompassed three
key steps. The images that were gathered underwent pre-processing through the application of an enhanced wavelet
denoising technique as well as Empirical mode decomposition. Subsequent to the pre-processing stage, features were
extracted from the processed data by means of an enhanced sliding window approach along with a time domain feature.
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The extracted features were subsequently employed in the process of feature classification. The classification of the
features was accomplished utilizing an Optimized LSTM model. The optimization of the LSTM model was achieved
through the utilization of the black window Optimization algorithm. By calculating metrics like accuracy, precision,
recall, F-score, specificity, sensitivity, MCC, NPV, FPR, FNR, the Optimized LSTM achieved higher percentages of
accuracy (98.65%), precision (98.71%), sensitivity (98.70%), specificity (98.8%), and F-score (98.48%). Sustainable
development principles offer a promising framework for advancing prosthetic leg innovation and improving the lives
of amputees globally. Implementing advanced prosthetic technologies, such as those integrating microprocessors,
neural interfaces, and advanced materials, comes with several potential challenges. By addressing the challenges
through concerted efforts from researchers, healthcare providers, policymakers, and manufacturers, the benefits of
advanced prosthetic technologies can be more widely realized, improving the quality of life for individuals with limb
loss. The exploring multi-modal sensor fusion, adapting models through transfer learning, integrating advanced
sensors, implementing edge computing, optimizing for diverse user populations, and addressing ethical considerations
for user-centric lower limb prosthetics activity recognition using deep learning.
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