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Abstract

Data in hospital information systems contain errors, inconsistencies, and
other issues that mask the true underlying patterns in the data, making the
existing time series patterns blurry and leading to increased prediction errors
in access patterns. To this end, research is being conducted on the prediction
and performance optimization of hospital web application access patterns
based on big data analysis. Firstly, semi-structured log data and structured
information data from hospital web applications are collected and prepro-
cessed. Then, a deep belief network (DBN) is used for feature extraction, and
a deep learning model consisting of a stacked restricted Boltzmann machine
(RBM) and a BP neural network is utilized to automatically extract multidi-
mensional information such as user behavior features, temporal features, and
page features, constructing a comprehensive feature system. Finally, based on
the gated recurrent unit (GRU) neural network for access mode prediction, the
control information selection mechanism of GRU is utilized to capture time
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series information and improve the accuracy of prediction. The experimental
results show that the proposed prediction method has a practical application
value with a mean square error of 0-50 for predicting traffic and a response
rate within 5 seconds after application.

Keywords: Big data analysis, hospital web application, access mode predic-
tion, performance optimization, gate controlled cycle unit.

1 Introduction

In the wave of digital healthcare transformation, hospital web applications are
gradually becoming an important link between patients and medical services,
and their strategic position and role are becoming increasingly significant.
Hospital web applications, such as online registration systems, electronic
medical record query platforms, and remote diagnosis and treatment services,
carry high-frequency and complex access requirements. They have high con-
currency and dynamic fluctuations, and the daily visit volume may increase
several times or even tens of times due to the impact of outpatient time,
seasonal disease outbreaks (such as influenza season), or sudden public health
events (such as epidemics). Moreover, medical data involves patient privacy
and requires strict compliance with regulations such as HIPAA and GDPR,
which place extremely high demands on system security, data transmission
encryption, and access control [2, 3]. At the same time, doctors, patients,
and administrators need access through multiple terminals such as PCs
and mobile devices, and the system needs to be compatible with different
browsers, operating systems, and network environments. In this context,
how to accurately predict the access patterns of hospital web applications
and optimize their performance based on them has become key to ensuring
service quality and user experience.

Many experts and scholars have conducted research on this topic. For
example, Zhang et al. [4] proposed a cluster driven compact LSTM model
that effectively groups applications through clusters and trains a compact
meta-LSTM model for each cluster, enabling rapid adaptation to various
applications. However, the accuracy of clustering methods directly affects the
training effectiveness and prediction accuracy of meta-LSTM models. If the
clustering is not accurate, this may result in the model being unable to effec-
tively adapt to certain applications in the cluster, thereby affecting prediction
performance. Razilov et al. [5] proposed the access interval prediction (AIP)
technique. AIP technology draws on the idea of branch prediction, predicting
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the next memory access cycle by analyzing program flow patterns, thereby
improving the hardware efficiency and software flexibility of embedded sys-
tems, while alleviating performance degradation caused by memory sharing.
Nevertheless, the access interval predictor demands storage space to main-
tain historical access data and prediction states, potentially raising system
costs. This issue is especially critical in embedded systems, where storage
is typically constrained, requiring a trade-off between predictor efficiency
and storage usage. Zhao et al. [6] developed a multi-layer driven framework
and corresponding algorithms to resolve resource allocation issues in URLLC
systems employing unauthorized (GF) access. This framework includes three
layers: network load learning, network load prediction, and adaptive resource
allocation. The initial layer processes the random access resource status of
resource blocks and time slots, the subsequent layer predicts network load
using the results from the first layer, and finally, in the third layer, the base
station dynamically allocates resources based on the predicted results and
user QoS requirements. This method improves resource utilization efficiency
and effectively enhances QoS for different URLLC services by introducing
K-repeated unauthorized (GF) access. However, due to the influence of
multiple factors and rapid changes in network load, predictive models may
not be able to maintain high accuracy in all situations. Prediction errors may
lead to improper resource allocation, thereby affecting the performance and
QoS of URLLC services.

To address the issues with the aforementioned methods, a method for
predicting and optimizing the access patterns of hospital web applications
based on big data analysis is proposed. By collecting and analyzing massive
user access data, it is possible to deeply explore the patterns and trends behind
user behavior, thereby achieving accurate prediction of access patterns. These
predicted results can not only provide scientific basis for performance opti-
mization strategies such as system resource allocation and load balancing, but
also help hospitals better understand user needs and improve user experience.

2 Prediction of Access Modes and Performance
Optimization Design for Hospital Web Applications

2.1 Hospital Web Application Access Data Collection and
Preprocessing Based on Big Data Analysis

Before predicting the access mode and optimizing the performance of hospi-
tal web applications, it is necessary to collect a large amount of hospital web
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application access data [7]. These data sources are diverse, including users’
login time, visited pages, operation records, etc. To ensure the comprehen-
siveness of the data, multiple data collection methods are adopted. There are
currently two main types of hospital web applications that access data: semi-
structured log data generated by web applications and structured information
data stored in various relational database tables [8]. Therefore, this article
conducts the targeted collection of two types of data.

2.1.1 Collection scheme for log data

The access data of hospital web applications currently derives primarily
from application-generated logs, necessitating explicit enablement of logging
functionality prior to collection. Our data acquisition architecture [9] there-
fore employs a log-centric approach implemented via the Flume framework.
Originally developed by Cloudera for massive-scale log aggregation and
transportation, Flume has since been adopted as an Apache incubation project
under the designation Flume NG. It has high scalability, high availability, and
high reliability, and supports uploading logs to HDFS. Through configuration
files, Flume can specify the roles of data sender and receiver, plan data
transmission paths, and provide customized operation interfaces for data pro-
cessing and filtering. The Flume framework consists of an agent component
responsible for data collection and a collection component responsible for
data aggregation, where each component integrates three major modules:
source, channel, and sink. The source module is responsible for specifying
and processing diverse data sources, supporting single or multiple source
inputs. The channel module serves as a cache, temporarily storing data
sent by the source, which can be stored in memory or in file form, and
supports data distribution to one or more receiving channels. As the final data
receiver, the sink module can save data to the local file system, write it to
the distributed file system through HDEFS API, or pass it to the next agent. By
flexibly configuring these modules, the Flume framework can not only ensure
high throughput and stability in the data collection process but also install
proxy log collection agents on business system service host nodes, deploy
data collection nodes, and effectively complete the task of collecting large
amounts of data [10]. The workflow for collecting hospital web application
logs is shown in Figure 1.

2.1.2 Collection scheme for structured data
Structured data mainly refers to information data stored in various business
database tables. For structured table data, automatic data pulling is mainly
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Figure 1 Data collection process for a hospital web application log.

used to collect it, and then it is automatically imported into Hbase through
the data collection module at regular intervals. By utilizing the dynamic
column addition feature of HBase, the column descriptions of the original
structured table are used as HBase columns and dynamically inserted [11].
Key value design is based on the combination of user ID, time, and task ID
to form a row key. This collection module includes a business management
layer, which includes functions such as database connection management,
SQL tag saving, and data view browsing. The main steps of data collection
are as follows. First, configure the information of various business databases
connected to the hospital, including database accounts, passwords, and types.
Then, according to the hospital’s business analysis requirements, analysts
write relevant information for SQL analysis statements, including functional
descriptions, SQL primitives, and other related information. After the user
saves the information, the system verifies whether the SQL statement is error
free and generates a data collection task. The data connection information
and database type are submitted to the data collection module, which pulls
the data to the HBase database based on the submitted information. Finally,
the user can retrieve the data from HBase based on the data collection
task information for further analysis [12]. The process of data collection
architecture is shown in Figure 2.

The data collected based on the above process contains a large amount
of patient information, medical records, examination reports, and other data
from different departments, departments, or systems, which may have issues
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Figure 2 Structured data collection process.

such as data errors and inconsistencies. The steps for data preprocessing are
as follows:

(1) Data organization stage: Classify different log data based on the
obtained data feature categories through regular expressions, including
user access IP address, access time zone, request URL and HTTP proto-
col, HTTP status, file body content size, source page link, Mozilla ren-
dering engine compatibility, user system information, browser version,
etc.

(2) Data cleaning stage: Remove redundant and invalid information, such
as invalid links, crawler information, and incorrect access information,
only retaining data features that are useful for model construction,
and reduce the number of invalid data rows vertically. Using behavior
sequences for anomaly detection, calculate the joint probability density
of request frequency f,., and page dwell time £ gye;;:

(freq;tdwell ZN freq’ﬂf:o'f) (tdwell’,uftao'?) (D

If p(freq, tawen) < 0.01, it is judged to be a crawler. Based on this, the
number of rows after cleaning is:

Ncleaned = Norig'mal - Ninvalid (2)

In the formula, Ny igina represents the number of original data rows,
and Nj,.q1iq Tepresents the number of invalid data rows.
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(3) Data selection stage: Based on experimental requirements, select key
data features such as retained user IP, access time, and request URL from
data categories, and use heuristic rules to uniquely identify users using
IP addresses, filtering out users who access specific campus websites.
Heuristic rules refer to rules designed based on experience, domain
knowledge, or simple logic used for making reasonable inferences in
situations where data is incomplete or fuzzy. Specific rules may include
the following: (i) IP address uniqueness rule: If the same IP address
accesses a specific campus website multiple times within a short period
of time (1 hour), it is considered as the same user. If the same IP address
is accessed during different time periods but with similar access patterns
(same device type, browser type), it is classified as the same user. (ii)
Access time window rule: If the same IP address accesses multiple
URLSs within 5 minutes, it is considered to be the same session. If the
interval between two visits exceeds 30 minutes, it is considered to be a
new session. (iii) Access URL pattern rule: Rule description: If the URL
accessed by the same IP address contains a specific hospital website
path, it is considered to be the target user. If accessing public resources,
it is considered a crawler or irrelevant access and can be filtered out.

(4) Data processing stage: Perform region conversion on IP addresses in
valid session records to improve preprocessing efficiency and address
conversion accuracy, and store the data in a unified format in the
database. At the same time, the Z-score is used to standardize the
collected data, and the formula is:

7 — Li — M

= ,(i=1,2,3,...,n (3)
UNcleaned ( )

In the formula, iz and o represent the mean and standard deviation of the
original data, and Z represents the standardized value of the ith data point.
The processed data will be normalized to the interval of (0, 1).

Through this series of preprocessing steps, accurate and effective data
support is provided for subsequent model construction and analysis.

2.2 Feature Extraction of Access Data Based on a Deep Belief
Network

After preprocessing, the collected raw data effectively solves problems such
as data errors and inconsistencies. However, there are still some complex
and disordered phenomena. Deep belief networks (DBNs) can automatically
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extract features. They consist of multiple restricted Boltzmann machines
(RBMs) and a layer of BP neural networks stacked together, which can effec-
tively extract multidimensional information such as user behavior features,
temporal features, and page features from complex data, build a comprehen-
sive functional system, make data patterns easier to understand, and provide
strong support for subsequent access pattern prediction [13].

A deep belief network is composed of multiple restricted Boltzmann
machines (RBM) stacked together [14, 15]. The RBM network is structured
with two layers: the visible layer (V), responsible for data input, and the
hidden layer (H), which captures feature representations. Each node in the
network randomly adopts values of 0 or 1, and the overall structure forms
a bipartite graph [16]. Refer to Figure 3 for a visual depiction of the RBM
architecture.

As illustrated in Figure 3, the RBM network includes a visible layer
vector V' (n nodes) and a hidden layer vector H (m nodes). Notably, nodes
within the same layer are not connected, whereas nodes across layers are fully
linked. The weights of these inter-layer connections are denoted by W [17].
Based on thermodynamic energy functions, RBM model training can achieve
parameter learning by calculating the probability distributions of visible and

hidden layers.
Define v; as the state value of the 7th node in the visible layer, the visible
layer vector can be represented as V' = (vy, v2,v3, ..., vy), h; signifies the

state value of the jth neuron in the hidden layer, and the hidden layer vector
is given by H = (hy, ho, hs, ..., hy;). The bias vectors for the visible and
hidden layers are a; and b;, respectively, and w;; is the connection weight
between visible node ¢ and hidden node j. The energy function for the visible
layer v and hidden layer A is:

E(v,h|0) = —ZZn:awi — i bjhj — z": iviwijhj 4)
i=1 j=1

i=1 j=1
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In the formula, 6 represents the target parameter for learning the RBM
network structure. When the values of parameters a;, bj, and w;; are deter-
mined, calculate the joint probability distribution of (v, h) using the following
formula:
o—E(v,h|0)

Z(0)

In the formula, Z(#) represents the normalization factor, and Z(6) =
> v —E(v, h|0). From this, the distribution of the visual layer vector v can
be calculated as the marginal probability distribution of P(v, h|6):

S, e Bwhl0)

Plf) = = (6)

P(v, hl0) = 5)

From Equation (4), it can be seen that to calculate the edge probability
distribution of visible layer v, the first step is to calculate Z(6), which
requires 21" calculations and is quite complex. By exploiting the RBM
network’s fully connected inter-layer and unconnected intra-layer structure,
the state values of hidden layer nodes are conditionally independent given the
visible layer nodes. Thus, the conditional probability distribution of the jth
hidden layer unit can be derived:

P(hjzl"u, 9) =0 (Z Viwij + bj) @)

i=1

In the equation, o represents an S-shaped activation function. Due to
the symmetrical structure of the RBM, while determining the hidden layer
node values, the visible layer nodes remain independent. This enables the
calculation of the conditional probability distribution for the ¢th visible
layer unit:

P(visa|h,0) = o | Y hjbj + a; (8)
j=1

Through the energy function calculation, the RBM model can be
expressed as the product of conditional probability distributions for each
node, facilitating the training process. The contrastive divergence (CD)
algorithm is utilized to train the RBM, optimizing weights and biases by
minimizing reconstruction errors. This enables the hidden layer to learn
feature representations of the visible layer data [18]. Using formula (8),
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Figure 4 Deep belief network (DBN) structure diagram.

the state values of the visible and hidden layers are derived, and parameter
optimization is achieved through the update formula, as follows:

W« W + e(P(ho = 1|vg)vd — P(hy = 1|v1)v] ) P(viz1|h,6)  (9)
a<+a+e(vy—v)W (10)
b%b—i—E(P(hg:llvo)—P(hlzll’Ul))a (11)

Iterate the above steps to calculate the distribution of all data samples.
Through multiple calculations, the full input data distribution is derived, and
parameters are optimized to minimize the energy function. Multiple RBM
networks are stacked to construct the DBN hidden layers, with each RBM
output feeding into the next. Unlike single-hidden-layer networks, multiple
layers allow sequential training, reducing the risk of local optima [19]. A BP
neural network is often added at the final layer for parameter refinement,
achieving the target prediction or classification task. Consequently, DBN
models typically include several RBM layers and one BP layer. The structure
of the deep belief network (DBN) is depicted in Figure 4.

The DBN model training process mainly includes two main parts, one
is to unsupervised train the RBM network layer by layer according to the
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above steps. Another approach is to use a BP neural network for supervised
parameter tuning [20]. The specific process is as follows:

(1) Unsupervised training of RBM network layer by layer

Step 1: Train the first layer RBM network using unsupervised methods
according to the above method. At this point, initialize the DBN model
parameters including connection weights and bias values, and complete the
feature extraction of the initial input sample data.

Step 2: The training process adopts a greedy layer by layer algorithm. The
first step is to extract the lowest level features and use the output data features
as input to continue training the second layer according to the method of
the first step and continue using them as the output of the next layer until
the training of the last RBM network is completed. Complete pre-training to
obtain parameter values.

(2) Supervise parameter fine-tuning

Like other networks, the parameter values obtained through pre training need
to be fine-tuned to achieve optimal values for each layer. The parameter fine-
tuning adopts a supervised approach, adding BP network layers to the top
layer of the trained multiple RBM model structure, and using a backprop-
agation algorithm to propagate errors layer by layer from the top layer to
adjust the parameter values of each RBM network layer. The added BP neural
network layer is not only for parameter tuning, but for classifying the data
training results of the previous multiple RBM models.

Complete the feature extraction of hospital web application access data
through the above process, as shown in Figure 5.

According to the above figure, it can be seen that the deep belief net-
work (DBN) can effectively extract multidimensional information such as
user behavior characteristics, time characteristics, and page characteristics,
providing basic information data for subsequent access pattern prediction.

2.3 Prediction of Access Modes for Hospital Web Applications
Based on Gated Recurrent Unit Neural Networks

Accurately predicting the access patterns of hospital web applications is
crucial for optimizing server resource allocation and improving application
performance. After extracting features, use a gated recurrent unit (GRU)
neural network for access pattern prediction. A deep belief network (DBN)
is a deep learning architecture based on probabilistic graph models, whose
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core principle is to extract high-level features from complex data layer by
layer by simulating the inherent distribution patterns of the data. A DBN
is composed of multiple layers of restricted Boltzmann machines (RBMs)
stacked together, with each layer capturing local patterns of data through
unsupervised learning, and then passing the learned features to the next
layer for higher-level abstraction [21, 22]. This hierarchical training method
enables DBN to automatically mine multi-dimensional information such as
user behavior characteristics, temporal patterns, and page access patterns
from raw data. The structural design of DBN embodies the idea of hierarchi-
cal feature extraction from concrete to abstract. Its input layer is responsible
for receiving raw data, such as access logs of hospital web applications.
Subsequently, multi-layer RBM gradually combines low-level features into
high-level features through greedy training layer by layer. The hidden layer
output of each RBM layer serves as the input for the next layer, forming a
deep feature representation. Finally, a backpropagation (BP) neural network
is added at the top level to perform supervised fine-tuning of global parame-
ters, making feature extraction more tailored to specific task requirements,
such as traffic prediction or user classification. In the context of medical
informatization, DBN has demonstrated significant application value. Firstly,
it can automate the processing of high-dimensional sparse hospital web log
data and efficiently extract user behavior features. Secondly, DBN excels
at capturing time series patterns, such as daily fluctuations in registration
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volume or delayed features of inspection report queries, providing data-
driven decision support for resource scheduling. In addition, a DBN can
integrate heterogeneous data from multiple sources (such as logs, database
records, and user behavior monitoring data), build a unified feature space, and
support cross module analysis tasks. The combination of hierarchical feature
extraction and global optimization makes DBN a powerful tool for modeling
complex data.

Like the LSTM model, which features three gates, the GRU neural net-
work incorporates two control gates: the reset gate and the update gate. This
streamlined design reflects GRU’s evolution from LSTM, suggesting that its
two-gate structure is a simplification of LSTM’s three-gate mechanism [23].
The input—output structure of the neural unit is depicted in Figure 6.

In Figure 6, h symbolizes the information flow between neural units, x
stands for the input data, and y indicates the output of the current neural unit.
For the nth neuron, z(n) represents its input, y(n) its output, and h(n — 1)
the information passed down from the previous neuron. The variable n —
1 is used for indexing purposes. However, at every moment or in the final
fully connected computation, h(n) is constantly updating itself, combining its
inheritance and current alternative answers to update itself. h(n) represents
the genetic information transmitted from one neural unit to the next. Inside
the neural unit, the inherited information is processed and computed. These
units are then connected in series, creating an intricate network where each
unit is directly or indirectly interconnected. Within each neural unit, there is
the same internal structure as shown in Figure 7. Among them, updating and
resetting the two control gates are the most important structural components.
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Figure 7 Internal control gate structure of a GRU.

According to the GRU internal control gate structure shown in Figure 7,
we can predict the access mode of hospital web applications. The specific
process is as follows:

Update gate: Represented by Z;, the update gate in the GRU at time ¢ deter-
mines the proportion of information transferred to the next neural unit. As
Z nears 1, hy_1 approximates h;, implying that the received information is
passed directly to the next unit without modification or loss [24]. In contrast,
when Z; approaches 0, Z; differs from h;, suggesting that the received
information is mostly discarded through computational processing and not
propagated further. The update gate’s operation is described by:

Zt = 5(Wz . [htfl,l't]b) (12)

In Equation (12),  represents the Sigmoid function, and W, represents
the update gate weight corresponding to h;—; when solving Z;. x; represents
the current input information.

Reset gate: Let r; represent the reset gate at the current time ¢, ¢ determine
the impact of h;_1 on h;_1, when r; is approximately equal to 0, h;_; will
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not pass on information to ﬁt_1,~and when r; is approximately equal to 1,
hi—1 will pass on information to h;_1. The reset door is expressed as:

Tt = 5(Wr : [ht717$t])Zt (13)

In the formula, W,. represents the reset gate weight corresponding to h¢_1
when solving 7.

New memory: The update gate Z; controls the proportion of prior time step
information used to evaluate the current time step’s outcome. h;_; represents
the comprehensive calculation result of the current input information and the
transmission information h;—; of the previous hidden layer, which includes
the new input information and the previous information [25]. The expression
for the new memory process is:

hy = tanh(Wy, - [ry * hy—1, 7)) (14)

Hidden layer: The GRU’s hidden state h; at the current time step is computed
based on the previous time steps h;—1 and h, where Z; governs the weighting
between the two. The process of information transmission and calculation is
expressed as:

ht = (1 — Zt) * ht_l -+ Zt * ht (15)

Result output: After determining h; at the current time, the output work of
this neural unit can be completed. After calculation, the final y(¢) data can be
obtained. The expression of the result output process is as follows:

y(t) = 6(Wo - hy) (16)

In the prediction process, the extracted features are used as inputs, and the
trained model outputs key information such as future traffic, peak traffic peri-
ods, and popular pages. These predicted results can provide scientific basis
for performance optimization strategies such as system resource allocation
and load balancing [26].

3 Experimental Design

3.1 Experimental Plan

To evaluate the real-world applicability of the hospital web application access
mode prediction and performance optimization method based on big data
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Table 1 Experimental operation platform and environment

Operating Platform Operating System Windows7 Ultimate
System memory 64 GB
Dual core main frequency 2.5 GHz
Processor Intel Core i5-4200
Operating environment Programming language Python
Deep learning framework TensorFlow 2.8.0
Cloud environment 8-core 16 thread CPU; 16 GB memory; 200 GB storage space.

configuration

analysis introduced in this paper, experimental tests were carried out. The
experimental setup includes:

(1) Experimental platform and environment

A simulation platform and environment were configured to replicate actual
hospital web application conditions, ensuring the reliability and practicality
of the experimental outcomes. The configuration of the experimental environ-
ment includes high-performance hardware, adaptive software, professional
development tools, and stable networks, as shown in Table 1.

(2) Experimental subjects and experimental data

This experiment focuses on the web application of a large hospital as the
research object. This application covers multiple core business modules of
the hospital, including registration and appointment, examination and testing
report query, online payment, doctor—patient communication, and other func-
tions. It is used by a large number of patients and medical staff every day and
has typical characteristics of hospital web applications, which can fully reflect
the access patterns and performance issues in actual application scenarios.
The collection period is from 1 March 2024 to 31 May 2024 (a total of 92
days), with an average daily data volume of approximately 4.2 GB (logs), 1.1
GB (databases), and 680 MB (behavioral data). The total number of records
is approximately 1.27 billion (logs), 320 million (database operations), and
840 million (behavioral events).

The experimental data mainly comes from the server logs, database
operation records, and user behavior monitoring system of the hospital’s web
application. The server log records in detail the time, URL, IP address, and
request parameters of each user’s request. The database operation records
include various business operations performed by users in the application,
such as appointment time, department, doctor information, and query records
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Table 2 Partial experimental data

Time Stamp User ID Page Path Stay Time/s  Device Type
2023-05-05 08:30:00 U21345 /login 90 Mobile
2023-05-05 08:32:00 U54637 /schedule 120 Desktop
2023-05-05 09:00:00  U54637 /lab/results 45 Mobile
2023-05-05 10:02:00 U67390  /patient_profile 180 Mobile
2023-05-05 14:05:00  U29456  /hospital_guide 30 Desktop

of examination and testing reports. The user behavior monitoring system
collects user interaction behavior data on the page, such as clicks, scrolling,
dwell time, etc. In order to obtain sufficiently rich and representative data,
access data was collected for three consecutive months. This time span covers
weekdays, weekends, and different seasons, which can fully reflect the access
situation of hospital web applications in different time periods and business
scenarios. Partial experimental data are shown in Table 2.
Perform data preprocessing using Section 2.2 for the above data.

(3) Model prediction

Goal: Predict future traffic and peak periods. The steps are as follows:

Sequence modeling: Input window: past 24-hour traffic (time step = 15
minutes); GRU layer: 128 units, dropout = 0.2;output layer: predict future
1-hour traffic volume (regression task).

Model training: Loss function: Huber loss (adversarial outlier); optimizer:
RMSprop (Ir = 0.001); Batch size: 256, Epoch = 100.

(4) Prediction result analysis

Through the above process, the practical application effect of the method
proposed in this article in hospital scenarios can be systematically ver-
ified, providing a reproducible solution for the intelligent operation and
maintenance of medical information systems.

3.2 Experimental Indicators

We selected the methods in [4, 5], and [6], and the proposed method as
experimental comparison methods to verify the effectiveness of different
methods by comparing their accuracy in predicting hospital web application
traffic, mean square error, and optimized web application access response
rate.
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(1) Traffic prediction accuracy: This indicator evaluates how accurately
different methods predict hospital web application traffic. It reflects the
degree of agreement between predicted and actual traffic, demonstrating
the method’s capability to identify traffic trends and variations.

(2) Traffic prediction mean square error (MSE): The MSE is a standard
measure of prediction error, representing the average squared difference
between predicted and true values. Larger MSE values suggest higher
overall deviation and inferior prediction performance, whereas smaller
values indicate better accuracy. The formula is as follows:

MSE = Y ji)? 17
== (i — ) (17)

=1

In the formula, n represents the number of samples in the original dataset,
y; represents the actual traffic of the ¢th sample, and ¢; represents the
predicted value of the ith sample.

(3) Optimized web application access response rate: This indicator reflects
the speed at which hospital web applications respond to user access requests
after being optimized using different methods. A fast response rate can
enhance user experience and reduce waiting time for users.

3.3 Experimental Results
(1) Accuracy of traffic prediction

The predicted results of hospital web application traffic under the four
methods are shown in Table 3.

According to Table 3, the results of using the proposed method to predict
the traffic of hospital web applications are closer to the true values, while the
methods in [4, 5], and [6] differ significantly from the actual traffic of hospital
web applications, indicating that the proposed method has better prediction
performance and can accurately predict the access patterns of hospital web
applications.

(2) Mean square error of traffic prediction

The mean square error test results of traffic prediction under the four methods
are shown in Figure 8.

According to Figure 8, the mean square error of traffic prediction after
the application of the method in [4] is between 200 and 400, the mean
square error of traffic prediction after the application of the method [5] is
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Table 3 Prediction results of hospital web application traffic under different methods of
application

Hospital web application visits/time

Prediction = True  Proposed  Reference Reference Reference
Duration/h  Value Method [4] Method [5] Method [6] Method

2 150 150 120 100 103

4 125 120 150 102 140
6 550 550 500 480 470
8 1000 1000 890 850 801

10 1334 1321 1209 1098 1128
12 1568 1561 1400 1345 1256
14 1609 1609 1500 1432 1370
16 1769 1771 1654 1540 1400
18 1800 1800 1727 1600 1576

—4A—  Reference [4] method —afg— Reference [6] method

00 Reference [5] method —@— Proposed method

600

0 1000 2000 3000 4000 5000 6000 7000 8000 9000
Experimental data/piece

Figure 8 Mean square error of traffic prediction after applying the four methods.

between 150 and 410, and the mean square error of traffic prediction after the
application of the method in [6] is between 100 and 200. The mean square
error of traffic prediction using the proposed method is between 0 and 50,
consistently lower than the comparison method, indicating that the traffic
prediction results of the proposed method are closer to the true values.
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Figure 10 F1 value results.

(3) Optimized web application access response rate

The comparison results of the access response rate of the optimized web
application using the four methods are shown in Figure 9.

From Figure 9, it can be seen that the proposed method predicts an
optimized web application access response rate within 5 seconds, while the
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methods in [4, 5], and [6] predict optimized web application access response
rates above 5 seconds. This indicates that the proposed method can accurately
predict web application access patterns, and optimizing the application based
on the prediction results can significantly improve user access rates and has
practical application value.

(4) Predict the F1 value

To further verify the practicality of the core GRU technology in this arti-
cle, the LSTM network and the BP network were selected as comparative
methods for predicting F1 values. The results are shown in Figure 10.

From Figure 10, it can be seen that the F1 value using the proposed
GRU technique is significantly higher than that of the comparison methods,
reaching a maximum of 0.96, while the highest values for the comparison
methods are only 0.51 and 0.58. This indicates that the GRU technique of the
proposed method achieves a balance between high accuracy and high recall in
prediction tasks. This means that the model can not only accurately identify
real peak access periods and patterns but also minimize false positives to the
greatest extent possible.

4 Conclusion

Through in-depth research on the access mode of hospital web applications,
this paper proposes a prediction and performance optimization design method
that combines big data analysis and machine learning technology. Firstly,
by utilizing the Flume framework and automatic data retrieval solution,
log data and structured data were effectively integrated, and the accuracy
and availability of the data were ensured through data preprocessing steps.
Subsequently, a deep belief network (DBN) was used for feature extraction,
constructing a comprehensive feature system that provides a solid foundation
for predicting access patterns. In the prediction stage, a gated recurrent unit
(GRU) neural network was introduced to accurately predict access patterns
by capturing time series information. Experimental results showed that the
mean square error of access prediction using this method was between 0 and
50, consistently lower than the comparison method; The response rate of web
application access is within 5 seconds. The F1 value is significantly higher
than the comparison method, reaching a maximum of 0.96, indicating high
application performance. Not only does it improve the operational efficiency
of hospital web applications, but it also provides useful references for the
development of medical informatization.
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