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Abstract

Objective: To evaluate the service quality of integrated health and social care institutions for older adults in residential
settings in China, addressing a critical gap in the theoretical and empirical understanding of service quality assurance in
this rapidly expanding sector.

Methods: This study employs three machine learning algorithms—Backpropagation Neural Networks (BPNN), Feedforward
Neural Networks (FNN), and Support Vector Machines (SVM)-to train and validate an evaluative item system. Comparative
indices such as Mean Squared Error, Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and predictive
performance metrics were employed to assess the models.

Results: The service quality evaluation model, enhanced by factor analysis and fuzzy BPNN, demonstrated reduced error
rates and improved predictive performance metrics. Key factors influencing service quality included daily care, medical
attention, recreational activities, rehabilitative services, and psychological well-being, listed in order of their impact.

Conclusion: The BPNN-based model provides a comprehensive and unified framework for assessing service quality in
integrated care settings. Given the pressing need to match service supply with the complex demands of older adults, refining
the service delivery architecture is essential for enhancing overall service quality.
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Introduction four primary modes of “Yiyang Jiehe” have been created

. . in China: hospital care in nursing homes, nursing care in
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has precipitated an accelerated aging of the population, China
thereby amplifying the exigencies for geriatric care ser-
vices.! In response to this burgeoning demand, the
“Yiyang Jiehe” service model was inaugurated post-2013, i
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hospitals, contract cooperation between hospitals and
nursing homes, and community-based adult services
(CBAS) integrated with medical care.* “Yiyang Jiehe” pro-
vides a range of services for older adults, including medical
care, daily living assistance, rehabilitation, and health main-
tenance, as well as cultural and recreational activities and
emotional support in different settings such as homes, com-
munities, nursing homes, and hospitads.2 In order to
promote the integration of health and social care services
and alleviate the supply and demand gap in the context of
China’s aging population, the Chinese government has con-
ducted pivotal national strategies such as the “Healthy
China 2030” and the “National Medium- and Long-Term
Plan for Active Response to the Aging Population.” By
the end of 2020, the number of licensed institutions special-
izing in integrated care for older adults had increased by
59.4% compared to the end of 2017, reaching a total of
5857 institutions. Remarkably, over 90% of geriatric care
facilities nationwide have the capability to offer medical
and healthcare services in various modalities.” Despite
these advancements, there exists a discernible incongruity:
the empirical and theoretical frameworks for evaluating the
quality of integrated care have not kept pace with the rapid
proliferation of such institutions.®” The development of
service quality evaluation for integrated health and social
care for older adults in China began relatively late.
Theoretical research on the quality evaluation of integrated
aged care services has lagged behind practical applications,
often relying on directly adapting theories from foreign
studies. Additionally, theoretical research has not kept
pace with the rapid progress in practical advancements.

Key challenges in constructing a quantitative model
for evaluating integrated care quality

A pivotal component in the effective evaluation of integrated
care quality resides in the formulation of a robust quantitative
model for the evaluation item system. A crucial aspect of cre-
ating such a model is the concept of “item weighting”, which
refers to the process of assigning weights to different indica-
tors within the item. These weights determine the relative
importance of each indicator in calculating the overall evalu-
ation score. Historically, the literature has predominantly
employed subjective weighting methodologies, including
direct rating, consensus-based approaches like the Delphi
method and expert panels,®*'° as well as the analytic hier-
archy process (AHP).'! While these methods have contribu-
ted to the field, they are not without limitations. Specifically,
the weights derived from these subjective approaches are
susceptible to the idiosyncratic experiences and predilections
of the experts consulted, thereby potentially overlooking the
inherent patterns and attributes of the data under scrutiny.'?

Moving away from these traditional methods, recent
research has increasingly embraced objective or mixed-

method approaches for evaluation. For instance, Goodson
et al. employed a Bayesian network to conduct a compre-
hensive assessment of care quality in nursing homes."?
Similarly, Li et al.'"* utilized a fuzzy hierarchical entropy
method to evaluate the service quality of an aged care
station in Beijing, China.

The promise of machine learning in addressing the
complexities of evaluation

Traditional weighting and evaluation methodologies often
grapple with limitations when faced with the intricate non-
linear relationships and inherent fuzziness that characterize
the interplay between evaluation indicators and service
quality.'® These conventional approaches may compromise
the accuracy and reliability of the evaluation outcomes. In
contrast, machine learning emerges as a cutting-edge tech-
nology in objective weighting, capable of ascertaining item
weights through iterative training and testing cycles.'® This
computational approach substantially mitigates the subject-
ivity introduced by human assessors and their inherent
biases. Furthermore, the stability and intelligent operations
intrinsic to machine learning algorithms augment the reli-
ability and scientific rigor of the evaluation model.
Among the various machine learning algorithms avail-
able, neural networks (NNs), also known as artificial
neural networks (ANNSs), stand out as particularly salient.
These algorithms emulate the operational principles of the
human brain, endowed with robust memory, learning, and
adaptive capabilities. The versatility of NN algorithms
allows them to adeptly manage both small and large data-
sets, rendering them especially well-suited for tackling non-
linear problems that often confound traditional methods.'”

The underutilization of machine learning algorithms
in service quality evaluation

Despite the promising advantages offered by machine
learning technologies, their application remains conspicu-
ously underrepresented in the domain of service quality
evaluation. Among the myriads of specific algorithms avail-
able, the Backpropagation Neural Network (BPNN) has
garnered considerable attention. An empirical study in the
realm of private goods quality attested to BPNN’s superior
training accuracy, demonstrating a mean squared error
(MSE) of 0.120 and a predictive performance metrics of
90% when juxtaposed with other regression models.'®
Additionally, psychological research has demonstrated
that BPNN outperforms Support Vector Machines (SVM)
in predictive tasks involving self-reported data.'®
Nevertheless, a substantial research gap persists in the com-
parative analysis of different machine learning algorithms
for the specific purpose of evaluating the service quality
of integrated care for older adults.
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Objectives and contributions of the present study

This study aims to advance this research by determining the
item weights and by simulating and training the item system
using three widely recognized machine learning algorithms:
BPNN (Backpropagation Neural Network), FNN (fuzzy
NN), and SVM (Support Vector Machine).

BPNN, FNN, and SVM represent the most commonly
employed machine learning methods in service quality
evaluation.'® BPNNGs are extensively utilized for predicting
outcomes in scenarios where complex relationships
between variables exist, making them particularly suitable
for evaluating healthcare service quality, where numerous
interrelated factors impact outcomes.”> BPNNs are adept
at modeling complex nonlinear relationships between
various health indicators and patient outcomes, enhancing
their utility in healthcare service quality evaluations.?

FNNs incorporate fuzzy logic principles to address the
imprecision and uncertainty often found in qualitative
data, such as patient satisfaction and perceptions of care
quality. This capability makes FNNs exceptionally valuable
for datasets involving subjective human assessments.**

SVMs excel in classification tasks with ambiguous
boundaries, a common challenge in service quality assess-
ments where service level categorizations can be highly
nuanced.”

The final evaluation model is established through a com-
parative analysis of predictive performance metrics and
error metrics. This study not only continues the exploration
of machine learning applications in service quality but also
engages in a detailed discussion of the evaluation outcomes
and empirical evidence gathered. Through this, it contri-
butes significantly to both the theoretical frameworks and
practical implementations of integrated care quality
assessment.

Materials and methods

Materials

In a precursor study, we developed an index system based
on the SERVPERF conceptual framework to evaluate the
service quality of integrated health and social care for
older adults in Chinese residential settings.”* The index
system was designed through extensive literature research
and expert consultations to ensure comprehensive coverage
of the main characteristics relevant to service quality evalu-
ation in such settings.””> Experts from related fields were
consulted to validate the content and ensure that the meas-
urement items accurately represented the quality dimen-
sions of integrated health and social care services.
Following the preliminary design, small-scale interviews
were conducted to refine the index system; one item was
removed, and the survey methodology was improved to
enhance the validity of the system.”® This iterative

process resulted in a final questionnaire, which demon-
strated strong psychometric properties, as detailed in
Supplemental Appendix 1.

The Cronbach’s a coefficient for the overall index
system is 0.925, indicating high reliability, while sub-
dimension reliability coefficients range from 0.767 to
0.893, reflecting acceptable internal consistency reliabil-
ity.”* The validity of the index system was confirmed
through Exploratory Factor Analysis (EFA) and
Confirmatory Factor Analysis (CFA). For more detailed
results on the validity, please refer to Supplemental
Tables 1 and 2 and Figure 1.

Building on this foundation, the current study aims to
apply advanced machine learning algorithms to further
analyze the evaluation index system. While the baseline
model was initially established using Structural Equation
Modeling (SEM) in our prior work, this study extends
that analysis by leveraging machine learning techniques
to model the data and determine the weights of different
items within the index system. This approach allows us to
move beyond traditional linear models and explore non-
linear relationships that may offer more nuanced insights
into the factors influencing service quality.

To avoid redundancy and focus on the novel contribu-
tions of this study, we provide a summary of the index
system’s development and refer readers to our earlier
work for comprehensive details on the methodologies and
results. The data collection for the current analysis took
place from 14 January to 10 April 2021, following the
workflow shown in Supplemental Figure 2. Using random
sampling, we selected 17 integrated health and social care
institutions across cities in Hunan Province, including
Changsha, Xiangtan, Zhuzhou, Hengyang, and Shaoyang.
Cluster sampling was conducted within each institution
based on the following inclusion criteria: (1) residence in
the institution for over 3 months; (2) age over 60, or 55 if
unable to live independently; (3) mental capacity and
ability to communicate; (4) understanding of the survey’s
purpose and willingness to participate. A total of 336 ques-
tionnaires were distributed, with 329 retrieved, yielding a
response rate of 97.92%. After data cleaning, 301 valid
questionnaires were retained, resulting in a valid response
rate of 89.58%.

In this study, the service quality was evaluated using a
Likert scale ranging from 1 (very dissatisfied) to 5 (very sat-
isfied). Although Likert scales are inherently ordinal, this
study treats these ratings as continuous data. This approach
is supported by the research objective of quantifying subtle
variances in service quality, which may not be as effectively
captured using categorical analysis techniques. Treating
Likert scale data as continuous is a common practice in
research fields such as social norms,27 investment decision-
making,?® individual health,>® and government trust,*° par-
ticularly when the scale includes five or more points,’" as is
the case here. This assumption allows for the use of linear
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regression techniques, providing more granular insights
into the factors influencing service quality ratings and
their relative impacts.

Ethics statement

This study was conducted in strict accordance with the
ethical standards of the Declaration of Helsinki and was
approved by the Clinical Medical Ethics Committee of
Xiangya Hospital, Central South University (Ethics
Review No. 202011184). Prior to the commencement of
the study, all participants were provided with comprehen-
sive information about the objectives, methods, potential
benefits, and risks associated with the research. Informed
consent was obtained from all participants involved in the
study. The consent procedure was designed to ensure that
participants were fully aware of their rights, including the
right to withdraw from the study at any point without any
consequences. To document the process, written consent
was obtained from each participant, which they signed
after having sufficient time to read the consent form and
having the opportunity to ask questions.

Methodological approach for item weighting

To ascertain the weight of the item system, we adopted a
hybrid approach that amalgamates factor analysis with
machine learning techniques. Factor analysis was employed
to decouple the interrelated indicators, thereby extracting
five orthogonal common factors that encapsulate the major-
ity of the information inherent in the original item. This ana-
lytical step enhances the objectivity and scientific rigor in
the determination of item weights. Complementarily,
machine learning algorithms, serving as an avant-garde arti-
ficial intelligence evaluation methodology, were utilized to
refine the weights of secondary indicators. This was
achieved through multiple iterative training and testing
cycles, predicated on the outcomes derived from the
factor analysis. This dual-method approach effectively miti-
gates the subjectivity potentially introduced by human eva-
luators, while the stability and intelligent operations
intrinsic to machine learning algorithms further bolster the
reliability and scientific validity of the weight
determination.

Calculation of common factor score. Determining the Weight
of Secondary Indicators. The number of secondary indica-
tors associated with each primary indicator (categories A—
E) varies based on the factor loadings derived from the
exploratory factor analysis. Each primary indicator was
found to encompass a different set of dimensions that
describe the service quality. Consequently, the number of
secondary indicators varies, reflecting the comprehensive
nature of each primary indicator’s coverage of specific
service quality aspects. Equation (1) was employed to

determine the weight of each secondary indicator based
on their respective standardized factor loadings, ensuring
that each factor’s unique contribution to the overall
service quality assessment is accurately quantified:

j
f
Zn =1 %n

where 0;; denotes the weight of the jth item on the ith
common factor; a;; represents the standardized factor load
value of the jth item on the ith common factor; a;, is the
standardized factor load value of the item on the ith
common factor; i is the common factor number, with
i=1, 2, 3, 4, 5;jis the sequence number of indicators
subordinate to the common factor, with
j=1,2,3,4,5, 6, 7, fis the number of indicators
under the common factor, with f =5, 6, 7.

Utilizing Equation (1), the weight value for each second-
ary indicator under the five primary indicators can be com-
puted, as delineated in Supplemental Table 3.

Formula for Common Factor Scores. The scores for
each common factor within individual samples can be com-
puted using the weight values of the secondary indicators.
The calculation is represented by the following equations:

b = (D

F1 =0.166a; 4+ 0.184a; + 0.158a; + 0.173ay

4 0.162as + 0.157a¢
F, =0.164b; 4+ 0.188b, + 0.189b5 + 0.186b,

+ 0.138b5 + 0.135b¢
F3 =0.219¢ + 0.239¢; + 0.188¢3 + 0.164¢4 + 0.19¢5
Fy = 0.184d; + 0.186d, + 0.165d3 + 0.17d,

+ 0.146ds + 0.149d,
F5s =0.112¢; + 0.163¢> + 0.142¢5 + 0.159¢4

+ 0.145e5 + 0.133¢¢ + 0.146¢7

(2)

In Equation (2), F| — Fs is the score of five common
factors, and a; — ag, by — bg, ¢; — c5, di — dg, and e; —
e7 correspond to the evaluation data for each sample. By
substituting these variables into Equation (2), the score
for each dimension within each sample can be ascertained.
The resultant scores range between [0, 5], with the intervals
[0, 11, [1, 2], [2, 3], [3, 4], and [4, 5], respectively, denoting
levels of satisfaction: very dissatisfied, dissatisfied, average,
fairly satisfied, and very satisfied. These scores will serve as
the input data for the BPNN, FNN, and SVM.

Normalized Data Processing. To ensure that each
dimension of the secondary indicators operates on a
comparable scale, thereby facilitating a more robust
comprehensive evaluation, we employ data normalization
techniques. Specifically, the mapminmax function in
MATLAB is utilized to normalize the dataset, ensuring
that the values for each dimension are within the same
order of magnitude.
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Data Classification for Machine Learning. In the realm
of machine learning, a conventional ratio for partitioning
training and test datasets is 4:1. Adhering to this standard,
the present study designates 251 data points as the training
dataset, while the remaining 50 data points are allocated to
the test dataset.

Data analysis techniques

BPNN. The BPNN is a well-established artificial neural
network architecture comprising three layers: the input
layer, hidden layer, and output layer. In this study, we
employ a three-layer BPNN with a single hidden layer.
This single-layer, multi-neuron hidden layer structure has
been demonstrated to effectively enhance training accuracy
and is sufficient for most research applications.* The input
layer comprises 30 neurons corresponding to the 30 second-
ary indicators identified in the evaluation item system
which consists of five common factor score values, and
the hidden layer contains 15 neurons, determined through
empirical testing and cross-validation to balance model
complexity and performance, while the output layer is
designed with one node corresponding to the overall evalu-
ation degree of each sample’s service quality in integrated
health and social care institutions. The BPNN processes
the input data through the hidden layer and outputs the pre-
dicted service quality evaluation scores for each sample.
The study employs a trial-and-error approach to optimize
parameters such as the number of nodes, activation func-
tions, training functions, maximum learning rate, target
error value, and maximum number of iterations.
Performance metrics such as Mean Absolute Error (MAE)
and Mean Squared Error (MSE) are used for model evalu-
ation, supplemented by Mean Absolute Percentage Error
(MAPE) and Accuracy.

T-S FNN. The T-S FNN is selected due to its capability to
model complex nonlinear relationships and its strong adap-
tive abilities. The model approximates continuous nonlinear
systems with arbitrary accuracy through a set of “If-Then”
fuzzy rules. The node design for the input and output layers
mirrors that of the BPNN, comprising an input layer of 30
neurons, two hidden layers with 20 and 10 neurons, respect-
ively, and an output layer with one neuron. The output layer
generates evaluation results based on the principle of
maximum membership degree. After normalization, the
initial domain for all input data is set to [0, 1], and linguistic
variables are defined across five levels: “A (very poor),” “B
(poor),” “C (medium),” “D (good),” and “E (excellent).”
The Gaussian function is selected as the fuzzy processing
function, with parameters such as center, width, and mem-
bership function coefficients initialized randomly.

SVM. For SVM model construction, the selection of an
appropriate kernel function and the optimization of

parameters, including support vectors and Lagrange multi-
pliers, are crucial. The Radial Basis Function (RBF) kernel
is often preferred due to its effective fitting capabilities.> In
this study, the RBF kernel function was selected due to its
effectiveness in handling nonlinear relationships in the data,
The penalty parameter (C) and kernel coefficient (gamma)
were optimized through grid search cross-validation, testing
values in the ranges of C=[0.1, 1, 10, 100] and gamma=
[0.001, 0.01, 0.1, 1]. The SVMcgForClass function was
employed to iteratively refine the penalty and kernel para-
meters. The optimal penalty parameter was determined to be
2, and the kernel function parameter was 0.17678, yielding
the minimum training error and optimal predictive outcomes.

Parameter selection and optimization. The selection of the
number of neurons and layers for the neural network models
was based on iterative experimentation and performance
evaluation using metrics such as Mean Squared Error
(MSE) and R-squared (R”) (see Supplemental Table 4).
Various configurations were tested to prevent overfitting
and underfitting, ensuring optimal model generalization.

Training and evaluation. All models were trained using the
Adam optimizer with a learning rate of 0.001 over 100
epochs. Early stopping mechanisms were employed to
prevent overfitting. The performance of each model was eval-
uated on a separate test dataset comprising 50 samples, using
evaluation metrics appropriate for regression tasks, including
MSE, Root Mean Squared Error (RMSE), and R>.

Type of activation functions

Specifically, we utilized the Rectified Linear Unit (ReLU)
activation function in the hidden layers of the BPNN and
FNN models. ReLU was chosen due to its advantages in
mitigating the vanishing gradient problem, which is com-
monly encountered in deep neural networks. The ReLU
function allows for faster convergence during training by
enabling nonlinearity while maintaining computational
efficiency.®*

For the output layer, we employed a linear activation
function in the BPNN and FNN models, which is appropri-
ate for regression tasks where the output is a continuous
variable. The linear activation function ensures that the
output can take any real value, which is essential for accur-
ately predicting the continuous service quality scores.

We also experimented with other activation functions,
including the Sigmoid and Tanh functions. However,
these functions tended to suffer from slower convergence
and the vanishing gradient issue, particularly in the
deeper layers of the networks, leading to less accurate pre-
dictions. The ReLU function consistently outperformed
these alternatives in terms of both training speed and predic-
tion accuracy, as evidenced by lower MSE values on the
validation set.*®
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Overall, the choice of ReLU as the activation function in
the hidden layers significantly contributed to the robustness
and efficiency of the models, enabling them to handle the
nonlinear relationships inherent in the service quality data
more effectively. The use of a linear activation function
in the output layer further ensured that the models could
accurately predict the continuous target variable.

Output constraints and float handling

To ensure that the predicted values from the regression
model remained within the 1 to 5 range of the Likert
scale, we incorporated constraints directly in the model
output layer by applying activation function to limit predic-
tions to this range, and the impact of different activation
functions was also assessed, with ReLU and Sigmoid func-
tions demonstrating superior performance in terms of con-
vergence speed and predictive performance metrics
compared to alternatives like Tanh and Linear functions.
Additionally, for any rare cases where predictions exceeded
these bounds due to model adjustments, we applied
post-hoc adjustments, capping all out-of-range values at 1
and 5. This combination of output constraints and
post-hoc adjustments ensured the predictions were consist-
ent and aligned with the Likert scale’s evaluative standards.
The original Likert scale responses were discrete integer
values from 1 to 5. However, the regression model gener-
ated continuous (float) predictions, which represent
varying degrees of satisfaction or intensity, even if they
do not correspond to exact Likert scale points. These float
values enable a more nuanced interpretation by capturing
subtle differences in predicted satisfaction levels. For prac-
tical applications requiring integer values, we rounded the
floats to the nearest integer within the 1-5 range to maintain
consistency with the original Likert scale format.

Results

Comparative analysis of experimental results

After optimizing a series of model parameters, 251 training
samples were fed into both the BPNN and FNN for training
and learning processes. The BPNN achieved an optimal
network training result with an error rate of 0.11954 after
12 iterations, while the FNN reached its optimal network
training result with an error rate of 0.11483 after 527 itera-
tions. Multiple training comparisons confirmed that these
results represent the most favorable training outcomes,
thereby yielding the BPNN- and FNN-based service
quality evaluation models for integrated health and social
care institutions.

To validate the predictive performance metrics of these
models, 50 test samples were input into the trained net-
works for simulation testing. Subsequent calculations
revealed that the predictive and evaluative accuracies for

the BPNN, FNN, and SVM models are 90%, 86%, and
76%, respectively. These specific results are tabulated in
Supplemental Table 5.

Through computational analyses of the three models, it
becomes evident that the service quality evaluation model
predicated on BPNN demonstrates robust predictive effi-
cacy, minimal error rates, and commendable generalization
capabilities. These attributes collectively suggest that the
item weight determination methodology, when grounded
in the BPNN framework, possesses substantive feasibility
for application in evaluating the service quality of inte-
grated health and social care institutions.

Determination of item weight value and evaluation
results

According to the service quality evaluation model of the
integrated health and social care institutions based on
the BPNN, the weights of the secondary indicators within
the item system are further determined. To elucidate the
specific relationship between input and output data, it is
imperative to calculate the weight coefficients between
the input layer and the hidden layer, as well as between
the hidden layer and the output layer. The mathematical for-
mulations for these calculations are presented as Equations
(3) to (5), with the steps delineated as follows:

1. Determine the correlation significance coefficient,
2. Determine the correlation coefficient,
3. Obtain the weight value.

- (1-e™jk)
rj = Whi -~ 3)
kX_I: (1 + e™jk)
1-e7"ij
Ry = ’1—] “)
+ e7"ij
R
Ty = —=p—— 5
TRy ©

In Equations (3) to (5), i represents the number of input layer
nodesof BPNN,i =1, 2, 3, ..., p, p = 30; jrepresents
the number of nodes in the output layer, j = 1; krepresents
the number of hidden layer nodes, k =1,2, 3, ..., n,
n="7; wy represents the weight coefficient between the
hidden layer neuron k and the input layer neuron i; w j repre-
sents the weight coefficient between the output layer neuron
Jj and the hidden layer neuron .

Taking the secondary indicator “Al: living care facilities
and equipment are relatively perfect” as an example, the
weight coefficient from the input layer to the hidden layer
can be obtained as W;;={0.025, —-0.0178, 0.0311,
—0.0293, —0.0298, —0.0242, 0.0336}, and from the hidden
layer to the output layer as W;={0.1951, -0.1423,
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0.2322, —0.2198, —0.2251, —0.1894, 0.2452}. Substituting
these into Equation (3) yields a correlation significance coef-
ficient of 0.0202 (7). Further substitution into Equation (4)
results in a correlation coefficient of 0.0101. Finally, substi-
tuting into Equation (5) yields a weight value for Al of
0.0327 (T1y).

Consequently, the weights of the remaining 29 second-
ary indicators can be calculated in a similar manner, and
the weights of the primary indicators can be obtained
through Equation (6).

YT
Oy = piTg (6)

i=11y

In Equation (6), m represents the primary indicator numbers
1,2,3,4,5; g is the secondary indicator corresponding to the
primary indicator, ranging from 1,2, 3, ..., to ¢, where ¢ = 7;
T}, is the weight value of the gth secondary indicator on the ith
primary indicator; J,, is the weight value of the mth primary
indicator. After calculation, the weight values of the primary
indicators are ranked as follows: medical nursing service >
life care service>spiritual comfort service >rehabilitation
health service > cultural and entertainment service. The spe-
cific results are presented in Supplemental Table 6.

Evaluation results

Utilizing the item weight values delineated in the preceding
section, the final score, overall score, and comprehensive
score across the five dimensions for the 301 samples data
were computed. The computational results are tabulated
in Supplemental Table 7.

The evaluation results indicate an overall comprehensive
score of 3.5859 out of a maximum of 5 points for the 301
samples, situating the service quality in the upper-middle
range. This suggests that the older adults surveyed are gen-
erally satisfied with the service quality provided by the
institutions. While the services essentially meet the basic
needs of the older adults, there remains substantial room
for improvement. The data also reveal a considerable
score gap, with the highest score being 5 and the lowest
1.8903. Although this variance can be attributed to the sub-
jective experiences of the older adults and the disparities
among institutions, it also underscores the imperative for
integrated care institutions to enhance service quality,
elevate client satisfaction, and narrow this gap.
Furthermore, the scores across the five dimensions rank
as follows: Life Care Services >Medical Care Services >
Spiritual Comfort Services>Rehabilitation and Health
Services > Cultural and Entertainment Services.

Discussion

The primary objective of this research was to construct a
robust service quality evaluation model for institutions

that amalgamate health and social care services for older
adults. Utilizing three machine learning algorithms—
BPNN, FNN, and SVM—the study conducted rigorous
training and validation processes. The results indicated
that the BPNN-based model was the most efficacious in
accurately representing the real-world service quality
experienced by older adults. This finding corroborates the
extant literature that underscores the superior learning and
generalization capabilities of machine learning algorithms
in constructing efficient, intelligent, and scientifically rigor-
ous evaluation models.*®

Upon employing the optimal model, the study revealed
that living care services emerged as a pivotal component
in the integrated health and social care institutions. The cap-
acity of these institutions to offer comprehensive and
nuanced living care services that align with the needs of
older adults was identified as a significant determinant of
their satisfaction, a finding that is in agreement with prior
research.’” Medical care services also surfaced as a critical
quality indicator, underscoring the pressing medical needs
of older adults and the imperative of integrating health
and social care services.*®

Moreover, other dimensions such as spiritual comfort,
rehabilitation and health services, and cultural and entertain-
ment services were found to influence the quality-of-service
satisfaction, albeit to a lesser degree. These are domains
where institutional efforts could be intensified. Since the inte-
gration of health and social care is still in its early stages
domestically, most related research has focused on individual
employee performance evaluation,>**" older residents’ will-
ingness to move in, and their needs for accommodation.*'**
There is relatively little research specifically addressing
service quality, and in the pursuit of scale, quality evaluation
is easily overlooked. Therefore, compared to other studies,
this study accentuates the necessity of developing sophisti-
cated service quality evaluation models for integrated
health and social care institutions to cater to the multifaceted
needs of older adults.** From the perspective of reliability,
machine learning algorithms have strong learning generaliza-
tion ability, which helps to build more efficient, intelligent,
and scientific evaluation models. The service quality evalu-
ation model in this study has multiple advantages such as
high accuracy, stability, and low error, which can effectively
reflect the true service quality level of integrated health and
social care institutions for older adults. In terms of applica-
tion, the model in this study only needs to input the collected
data into a trained BP neural network to obtain the weight
values of the indicators. After simple calculation, the evalu-
ation score can be obtained, which helps simplify the evalu-
ation work and improve the quality.

The implications of this research are manifold. To
enhance the quality of service delivering to older adults,
there is a pressing need to optimize service structures and
bridge the service supply—demand gap. This optimization
should be congruent with the specific needs of older
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adults and the resource constraints that institutions may
face. The government should organize experts and practi-
tioners from related disciplines and industries such as
medical and health care, and medical insurance to form a
specialized research group for evaluating the service
quality of health and social care institutions. Based on the
needs and characteristics of older adults, a universal evalu-
ation standard for the service quality of integrated health
and social care institutions should be jointly developed.
At the same time, pilot projects in different regions
should be accelerated and actively adjusted to form a man-
datory national standard forcing quality improvement
model. Institutions should aim to ensure high-quality
basic services and also focus on the health needs of older
adults by providing stable, long-term medical services,
timely interventions, and competent medical staff.**
Additionally, the introduction of regular rehabilitation and
health care programs, along with an emphasis on improving
the quality of soft services like spiritual communication, is
advisable. In addition, services such as spiritual comfort,
cultural and entertainment services need to be improved.
After meeting basic living needs, the government and insti-
tutions should enhance the sense of achievement of older
adults in these service projects through various measures
such as strengthening infrastructure construction, and
organizing mutual assistance activities.

The contributions of this study are twofold. First, it adds
substantive value to the extant literature on service quality
evaluation in the context of care for older adults. By
employing machine learning algorithms, the study intro-
duces a level of methodological rigor and predictive per-
formance metrics that enhances the reliability and validity
of service quality assessments. Second, the study holds
practical significance as it provides actionable insights
into the areas requiring improvement within integrated
health and social care institutions. These insights are par-
ticularly valuable for stakeholders, including policymakers
and institutional administrators, who are vested in elevating
the standard of care provided to older adults.

Limitations and future research directions

This study has some limitations that should be noted.
Firstly, the generalizability of the findings may be con-
strained by the specific context of the Chinese healthcare
system and the particular characteristics of the social care
settings involved in the study, with potentially significant
differences between domestic and international contexts.
Secondly, the reliance on machine learning algorithms
necessitates a substantial amount of data, and the quality
of the outcomes is inherently dependent on the quality of
the data collected. The data for this study were sourced
from Hunan Province. Compared to nationwide data, the
sample size is relatively small, which may result in some

deviations in the results. Even though, based on the test
results, these deviations remain within an acceptable range.

Thirdly, while this study primarily focuses on comparing
various nonlinear models for evaluating service quality, it
does not provide a direct comparison with linear models
in the current analysis. In our previous research,”* we
have extensively utilized linear SEM to establish and valid-
ate the foundational relationships within our service quality
framework. Building on that foundation, this study explores
advanced nonlinear models to address the limitations that
linear models may face in capturing complex, nonlinear
interactions. Future research could expand on this work
by directly comparing the performance and suitability of
both linear and nonlinear models to offer a more compre-
hensive understanding of their relative strengths in different
contexts of service quality evaluation.

Lastly, while our model for evaluating service quality
was designed to capture the complex and interdependent
relationships among various service dimensions, we
acknowledge that the absence of ablation studies is a limi-
tation. Ablation studies are useful for isolating and under-
standing the individual contributions of specific model
components by systematically removing or modifying
them. However, in our study, the focus was on optimizing
the overall model performance to reflect the intricate inter-
actions within the service quality data, rather than isolating
individual components. Conducting ablation studies in this
context could potentially oversimplify these complex rela-
tionships and shift the focus away from our goal of under-
standing the overall model’s effectiveness. Nevertheless,
future research could incorporate ablation studies to
dissect the contributions of different model elements, strik-
ing a balance between comprehensive evaluation and the
understanding of specific component impacts. This
approach could provide more detailed insights and poten-
tially enhance model efficiency.

Furthermore, while this study provides an integrated
evaluation of health and social care quality in settings for
older adults, future research could benefit from examining
these components independently to better understand their
distinct impacts. Separate evaluations of health care and
social care may highlight unique strengths and areas requir-
ing improvement in each domain. Additionally, analyzing
the interaction between health and social care services
could uncover synergies that enhance overall service
quality. Such insights are crucial for optimizing resource
allocation and designing services that comprehensively
address the needs of older adults.

Conclusions

The present study employed three machine learning
algorithms—BPNN, FNN, and SVM—to develop distinct
service quality evaluation models for institutions that inte-
grate health and social care services for older adults.
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Simulation software facilitated the training of these models,
with the factor analysis-fuzzy BPNN model ultimately
being selected based on its error indices and predictive per-
formance metrics. Subsequent to this selection, a compre-
hensive evaluation of service quality in integrated health
and social care settings was conducted through a process
of empowerment and training. This evaluation serves to
illuminate existing service-related issues in a manner that
is both intuitive and empirically grounded.

Looking ahead, future research endeavors could con-
sider expanding the sample size to include a more diverse
range of institutions. This would enable a more nuanced
understanding of how service quality varies across different
types of care settings. Moreover, such an expansion would
provide the empirical basis for offering targeted recommen-
dations aimed at improving service quality across various
categories of institutions. Overall, this study serves as a
foundational step in enriching and advancing the research
landscape concerning the quality evaluation of services
for older adults.
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