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Objective: This study aimed to develop a dynamic prevention and control method for fluctuating respiratory nosocomial infections in 
outpatients.
Methods: Six sets of surveillance data such as influenza-like case counts and their predicted results were used in the autoregressive 
integrated moving average model (ARIMA) to forecast the onset and end time points of the epidemic peak. A Delphi process was then 
used to build consensus on hierarchical infection control measures for epidemic peaks and plateaus. The data, predicted results, and 
hierarchical infection control measures can assist dynamic prevention and control of respiratory nosocomial infections with changes in 
the infection risk.
Results: The ARIMA model produced exact estimates. The mean absolute percentage errors (MAPE) of the data selected to estimate 
the time range of the high-risk and low-risk periods were 15.8%, 9.2%, 15.4%, 16.8%, 25.6%. The hierarchical infection control 
measures included three categories and nine key points. A risk-period judgment matrix was also designed to connect the surveillance 
data and the hierarchical infection control measures.
Conclusion: Through a mathematical model, dynamic prevention and control of respiratory tract infections in outpatients was 
constructed based on the daily medical service monitoring data of hospitals. It is foreseeable that when applied in medical institutions, 
this method will provide accurate and low-cost infection prevention and control outcomes.
Keywords: respiratory nosocomial infection, ARIMA, outpatient, dynamic infection control

Background
In the long struggle between human beings and diseases, respiratory infectious diseases have had the biggest impact on 
the development of human society and produced a serious medical burden and economic loss.1,2 Respiratory infectious 
diseases, which have a higher transmission efficiency than other types of infectious diseases, can cause hospital-acquired 
infection outbreaks3,4 and pose a severe threat to the safety of healthcare workers and patients. For example, as of 
May 2022, confirmed COVID-19 infection exceeded 519 million cases worldwide, causing an estimated economic loss 
of 77–2700 billion US dollars,5 and the indirect economic loss and negative impact are even more immeasurable.6 There 
was a certain regularity to respiratory epidemics, particularly throughout the fall and winter months. However, because of 
China’s poor vaccination coverage, the population’s recurring respiratory infectious disease epidemic has not been 
adequately managed, leading to recurring respiratory infection epidemics in hospital emergency rooms and outpatient 
clinics.7,8

Outpatient and emergency procedures involve several aerosol-generating medical examinations, such as sputum 
aspiration, endotracheal intubation, and respiratory tract endoscopy,9 which increase the risk of respiratory infection in 
outpatients and emergency departments. In addition, with the continuous promotion of health policy reforms, patients 
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visiting hospitals at different levels have different risks of respiratory infection. Tertiary hospitals are more likely to 
receive critically ill patients and are more susceptible to respiratory infections.10,11

The weakness of infection prevention and control measures is a direct cause of hospital infection outbreaks.12 With 
the awareness of the key role of infection prevention in outpatients and emergency departments, there are still great 
obstacles to promoting infection control management.13 The epidemic law, epidemic peak, and epidemic cycle can all be 
estimated and computed using mathematical models. Predicting the potential number of new infections or deaths in 
a future time frame is the most significant and often used methodology for estimating the future trend of epidemics. This 
forecast is increasingly being used as a foundation for modifying nosocomial infection prevention and control strategies. 
The autoregressive integrated moving average (ARIMA) model is currently the most widely used model for predicting 
epidemic trends, particularly seasonal outbreaks of infectious diseases.14 In Canada, France, India, South Korea, and 
Italy, the ARIMA model provides accurate short-term (10-day) forecasts of the number of daily confirmed cases of 
COVID-19.15,16

Our research team has previously published a series of research results on methods and tools for the quantitative risk 
assessment of respiratory infections in outpatients and emergency departments.17,18 In this study, we used the ARIMA 
model, multiple types of surveillance data on outpatient medical services, and expert consultation to perform an accurate 
infection risk estimation and provide predictive recommendations for respiratory infection control in outpatients.

Data and Methods
Research Design
This study designed three steps to achieve precise control according to the surveillance data and model-predicted results. 
First, six types of outpatient medical service surveillance data were collected for 40 consecutive weeks and the ARIMA 
model used to perform continuous prediction for each type of data. Second, a multidisciplinary expert consultation was 
conducted to reach consensus on hierarchical infection control measures for respiratory nosocomial infections during 
peak and low epidemics. Third, the trend characteristics of these surveillance data were analyzed at the onset and end of 
the peak of the respiratory infection epidemic, and a risk period judgment matrix was constructed to estimate epidemic 
intensity one week in advance to select matched infection control measures.

Data
Six sets of data were collected for ARIMA model fitting: 1, surveillance data of influenza-like case counts (ILI); 2, the 
search frequency of respiratory tract infection keywords in the Baidu search engine (BS);19 3, outpatient visits to the fever 
clinic (FC); 4, outpatient visits to the pediatric outpatient department (PO); 5, prescribed amounts of antiviral drugs for 
influenza (ADI); and 6, cases positive for respiratory pathogens (RP) (including mycoplasma, parainfluenza virus, influenza 
virus, COVID-19, respiratory syncytial virus, Streptococcus pneumoniae, and Klebsiella pneumoniae). Influenza-like illness 
(ILI) was defined as an acute respiratory infection with fever >38 °C and cough within the last 10 days.20 Positive cases of 
respiratory pathogens were the sum of the types of test items provided by the clinical laboratory. Because Google Trends 
has some limitations in usage in mainland China, data from the Baidu Index were used for risk forecasting.21 The Baidu 
Index data were downloaded from the database (https://index.baidu.com/v2/index.html#/), The time span of these datasets 
was 92 weeks, from 27/03/2022 to 31/12/2023.

All data were collected from the database of the outpatient service system, the physician order system, and the disease 
control and prevention system of Xuanwu Hospital and were approved by the ethics committee of Xuanwu Hospital 
(ethics approval number: [2024] 003–001 Xuanwu Hospital Capital Medical University approval date: April 07, 2024). 
As the data used in this study were all derived from the number of patients admitted to the outpatient and emergency 
departments, the number of samples with positive pathogen tests, and the number of orders for respiratory infectious 
disease-related drugs, which were enumeration data and did not include any personal patient information, the ethics 
committee waived the requirement for informed consent from the participants. The time span of these datasets was 
92 weeks, from 27/03/2022 to 31/12/2023.
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Xuanwu Hospital, located in Beijing, which possesses the typical environment and epidemic features of respiratory 
infectious illnesses in northern China, provided all of the data used in this study. There are four distinct seasons in Beijing. 
The temperature steadily increases during the spring (March to May), and there is a significant temperature differential 
between day and night. In May, the temperature can rise to 20–25 °C, with an average of 5–20 °C. The summer months of 
June to August are hot and muggy, with average highs of 25 to 30 °Cand highs of over 35 °C in July. The average 
temperature in the fall (September to November) was between 8 and 20 °C, with a possible drop to 5 to 10 °C in November. 
The winter months of December to February are dry and chilly, with average temperatures between −8 and 0 °C. January is 
the coldest month, and the lowest temperature can drop as low as −10 °C. Patients with respiratory tract infections are 
generally stable and maintain a low epidemic level at other times, but the epidemic of respiratory infectious diseases 
exhibits a fairly clear periodicity, peaking in the fall and winter.

Methods
The Auto Regressive Integrated Moving Average Model
In the first step of our research, risk prediction was mainly implemented using the autoregressive integrated moving 
average model (ARIMA) developed by Box and Jenkins. This model is used to predict future trends and directions based 
on past data or samples and plays an important role in the stock and insurance markets, as well as in the field of public 
health research.22

The model has the following form:

and is also simply described as:

The autoregressive coefficient polynomial is calculated as:

The moving average coefficient polynomial is calculated as:

Model fitting depends on three parameters, p, d, and q, and can be summarized as ARIMA(p, d, q). p specifies the lag 
observations of the model, d determines the number of times the original observations are distinguished, and 
q determines the size of the moving-average window. Model fitting was done by the “forecast” package in R language.

Rolling forecasting was performed using the first 40 weekly datasets as training data to estimate the data for the 41st 
week and then moved to the next step to estimate the data for the 42nd week. The Mean Absolute Percentage Error 
(MAPE), which converts absolute errors into a percentage of actual numbers, was used to evaluate the model fitting 
results by comparing the continuous forecast values with actual values.

Construction of Hierarchical Prevention and Control Measures
The second step involved selecting an expert panel, with the following selection standards: associate senior professional 
title or above; more than 5 years of clinical medical treatment or outpatient management experience; more than 3 medical 
management papers published in the last five years; holding a position in a medical, nursing, or hospital infection 
management-related association, and high enthusiasm for participation. The panel consisted of 10 clinical physicians, 3 
outpatient nurses, 5 experts on nosocomial infection control, 3 experts on outpatient management, and 2 experts on 
nursing management. The aim of the expert panel was to reach consensus on hierarchical infection control measures for 
respiratory nosocomial infections in peak and low epidemics from a pool of selected measures. The majority of the expert 
recruitment was done at Capital Medical University’s Xuanwu Hospital. Being a sizable general hospital with strong 
nosocomial infection prevention and control capabilities, Xuanwu Hospital is able to hire more top-notch multidisci
plinary specialists. The expert committee was also extended an invitation to two specialists in hospital administration and 
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nosocomial infection prevention and control from the National Medical Center for Infectious Diseases. The approach to 
expert recruitment was through prior work contacts.

Two experts searched electronic databases, such as PubMed, NCBI(Chinese), and CNKI(Chinese), to set a pool of 
recommendations for infection control measures in outpatients. The search terms including: “respiratory infection”, 
“COVID-19”, “infection control”, “outpatient”, “disinfection”, and “personal protective equipment”. Guidelines and 
standards from the National Health Commission of the People’s Republic of China, the Standardization Administration 
of China, and the Centers for Disease Control and Prevention of the USA were also searched for suggestions on infection 
control measures and interventions.

The inclusion criteria for articles in the search were as follows: 1) published between 1/1/2010 and 31/12/2023; 2) reported 
on infection control measures against respiratory infection, and 3) full-text availability. The exclusion criteria for articles were 
as follows: 1) articles without abstracts or unavailable for download; 2) conference articles, letters, case reports, and overviews 
(not systematic reviews); and 3) articles with no explicit infection control recommendations or with unreliable data analysis.

Construction of Early Warning Criteria
In the third step, early warning standards were constructed by addressing two problems: how to determine the threshold 
for the historical average level of these data; and how to use diverse data to determine the onset and end time points of 
the epidemic peak. The methods of the World Health Organization (WHO) and the US Centers for Disease Control and 
Prevention were used as references to set the threshold to address the first problem.20 “A+σ” was used as the threshold 
for the onset and endpoints of the epidemic peak. For the second problem, the time axis of all data was aligned and then, 
by comparing the sensitivity of each data point at the onset and end time points of the epidemic peak, as well as the 
characteristics of the data themselves, a risk-period judgment matrix was designed. The threshold and judgment matrix 
had the ability to analyze and predict the epidemic peak of respiratory nosocomial infections.

Results
Description Analysis of Datasets
All data were obtained from the system servers of Xuanwu Hospital Information Center, and use of the data was 
approved by the Ethics Committee of Xuanwu Hospital. The basic statistical descriptions and epidemic period thresholds 
for the data are presented in Table 1.

Forecasting Results of the ARIMA Model
The best models for the ILI, BS, FC, PO, ADI, and RP data were ARIMA(1,0,1), ARIMA(1,0,5), ARIMA(1,0,3), 
ARIMA(1,0,3), ARIMA(1,0,3), and ARIMA(1,0,4), respectively. Rolling forecasting is shown in Figure 1. The MAPE 
between rolling forecasting and actual data of ILI, BS, FC, PO, and RP were 15.8%, 9.2%, 15.4%, 16.8%, and 25.6%, 
respectively. The MAPE of ADI was >100% because too many ADI data were 0 or <5 (over 26 weeks), and the 
forecasting results were all above the actual data, generating too many MAPE results >1. The tendencies of the actual and 
forecast data for all the datasets above are shown in Figure 1.

Table 1 The Description of the Surveillance Data

Dataset Maximum Minimum Mean Median Threshold

Influenza-like cases counts (ILI) 954 56 409.2 364.5 376

The search frequency in Baidu search engine (BS) 28347 6986 14489.4 13772.5 15216.4

Outpatient visits of Fever clinic (FC) 2480 201 898.5 825.0 872.3
Outpatient visits of Pediatric outpatient (PO) 2720 342 998.4 703.0 675.2

Prescribed amounts of antiviral drugs for influenza (ADI) 1526 0 215.7 12.0 59.0
Positive cases of respiratory pathogens (RP) 1390 41 330.1 184.0 175.5
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Early Warning Criteria
Through expert consultation and a comparison between the real and predicted values of the aforementioned data, a risk- 
period judgment matrix was designed to estimate the time range of the high-risk and low-risk periods (Table 2). Given 
the frequent occurrence of 0 or a large number of values below 5 in the ADI data, experts recommend that the predicted 
value of the ADI data not be used to estimate the start time of the epidemic peak.

Figure 1 (a) Yellow line: actual influenza-like cases counts; Grey lines: forecasted influenza-like cases counts. (b) Pink line: actual Baidu searching engines data; Grey lines: 
forecasted Baidu searching engines data. (c) Blue lines: actual outpatient visits of Pediatric outpatient; Grey lines: forecasted outpatient visits of Pediatric outpatient. (d) Dark 
blue lines: actual outpatient visits of Fever clinic; Grey lines: forecasted outpatient visits of Fever clinic. (e) Green lines: actual prescribed amounts of antiviral drugs for 
influenza; Grey lines: forecasted prescribed amounts of antiviral drugs for influenza. (f) Purple lines: actual positive cases of respiratory pathogens; Grey lines: forecasted 
positive cases of respiratory pathogens.

Table 2 The Risk Period Judgment Matrix

Epidemic Period Data Trigger

ILI BS FC PO ADI RP

A F A F A F A F A F A F

The onset time point of epidemic peak – ↑ ↑ – – ↑ – ↑ ↑ – ↑ –

The end time point of epidemic peak ↓ – – ↓ – ↓ – ↓ ↓ – ↓ –

Notes: A stands for “actual data”, F stands for “forecasted data”. “↑” means the data exceeds the corresponding threshold. “↓” means the data were 
below the corresponding threshold. “–” means this kinds of data were not used for time point prediction.
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Hierarchical Prevention and Control Measures Database
34 research papers, 8 standards, and 10 guidelines were among the 52 pertinent materials gathered for this study. 3 
conference papers, 6 papers without explicit recommendations for prevention and control measures, 1 standard with low 
correlation, 1 guideline, and 7 papers whose conclusions could not be used as prevention and control measures were 
excluded based on the corresponding inclusion and exclusion criteria. 12 articles, 7 standards, and 9 recommendations 
were ultimately included (Supplementary Table). The hierarchical prevention and control measures database contained 
infection control measures for cleaning and disinfection, personal protection, isolation, and the process of medical care in 
the high-risk and low-risk periods (Table 3).

Table 3 The Hierarchical Prevention and Control Measures Database

Categories Key Points Infection Control Measures

Low-Risk Period High-Risk Period

Process of 

medical care

Triage 1. Following the routine pre-test and triage process 

2. Scheduling patients with suspected infection to the 

last visit of the day is recommended

1. Establish triage, waiting, attendance areas and 

streamlines 

2. All patients should be carefully asked about the 
symptoms of respiratory infection and placed in 

different areas 

3. Non-acute critical illness patients with fever should 
be guided to the fever clinic for examination and 

treatment

Clinical 

schedules

1. It is recommended to schedule inpatient, outpatient 

and emergency patients receiving medical technology 

examination in different time periods

1. Medical technology examination for inpatient, 

outpatient and emergency patients should be 

scheduled in different areas 
2. Patients with respiratory infectious diseases were 

examined at the end of the day, and final disinfection 

was performed after the examination

Quarantine 

Precautions

Personal 

protection

1.The medical staff who carry out the diagnosis and 

treatment of oral and nasal should wear a surgical 
mask, and hats and gloves are optional

1.The medical staff who carry out the diagnosis and 

treatment of oral and nasal should wear a medical 
protective mask and hat, and gloves are optional 

2.The isolation gown and face screen should be worn 

in the operation that may cause body fluid spillage

Cleaning and 

disinfection

1. The environment for oral and nasal diagnosis and 

treatment operations was cleaned and ventilated once 
a day after diagnosis and closure

1. The operating environment of oral and nasal 

diagnosis and treatment should be disinfected twice 
a day with 500mL/L chlorine containing disinfectant (or 

equivalent potency disinfectant) 

2. The indoor air for oral and nasal diagnosis and 
treatment should be disinfected twice a day using air 

sterilizer

Conditions of 

isolation

1. Determine the location of the isolation room, which 

should be near entrance or passageway, and well 

ventilated

1. Isolation offices should be available at all times, 

equipped with air sterilization equipment 

2. Disinfection and protective materials should be well- 
stocked, within the validity period, and easy to access

Disposal in 
isolation

1. A complete plan for isolation, information reports, 
and personal protection should be established

1. Medical staff should be familiar with the isolation 
measures for patients with respiratory infectious 

diseases 

2. A respiratory infectious disease isolation and 
disposal drill was conducted

(Continued)
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Discussion
Respiratory tract nosocomial infections are the most common nosocomial infection worldwide.14,23 The average 
incidence of adult inpatients worldwide is approximately 1%, and the crude mortality rate is approximately 13–30%, 
which can cause a health economic burden of approximately 3 billion US dollars every year.24 Respiratory tract infection 
can significantly prolong the hospitalization time, increase the cost of medical services, increase the mortality rate of 
patients, and the long-term physiological effects on heart, lung, endocrine and blood vessels similar to COVID-19.25–27

Respiratory nosocomial infections in outpatients and emergency departments have received insufficient attention. 
This is because infection prevention and control resources in outpatient and emergency areas are very limited. The 
prevention and control of respiratory tract infections in outpatient and emergency departments was a relatively large task, 
involving epidemiological features, social communication, personnel and process management, and other aspects, based 
on the actual situation of nosocomial infection prevention and control. There are many publications and guidelines 
accessible today as well, but we still facing a big problem, That is, in order to guarantee that the prevention and control 
measures have the effect in a suitable period of time, particularly during the epidemic period of respiratory infectious 
diseases, and to effectively control the cost, all of the measures provided in the literature or guidelines must be chosen by 
experts with rich experience. Because such excellent specialists are extremely uncommon and cannot be quickly 
developed in a short amount of time, this presents a significant challenge for primary hospitals and smaller hospitals.

The study’s dynamic preventive and control approach integrates dynamic data-based risk assessment with respiratory 
tract infection control measures in emergency rooms and outpatient clinics. Different from normal surveillance utilizing 
available data, this risk assessment also employs mathematical models for sophisticated prediction, we also evaluated and 
categorized the current state of respiratory tract infection risks in emergency rooms and outpatient clinics based on 
various data trends. The infection control measures were derived from the most effective preventive and control 
approaches. In order to break the current model of respiratory tract infection prevention and control in outpatient and 
emergency departments, this set of method uses dynamic mathematical model prediction technology. This allows the 
prevention and control measures outlined in papers and guidelines to be applied accurately and flexibly. It’s important to 
note that this study’s dynamic prevention and control approach also had some impact on preventing and managing 
pediatric respiratory tract infections. According to the previous study,28 the highest positive proportion of pathogens in 
children’s respiratory samples occurred during the respiratory epidemic period, making it a crucial early warning 
indicator during that time. Though the precise threshold and scope have not been established, the percentage of children 

Table 3 (Continued). 

Categories Key Points Infection Control Measures

Low-Risk Period High-Risk Period

Personnel 

management

Patient 

management

1. Following the routine patient management 

requirements and respiratory etiquette

1. Outpatients and emergency patients with symptoms 

of respiratory infection should wear masks during 
waiting and examination (if permits) 

2. All inpatients should wear masks when they leave 

the ward for examination (if permits)

Health 

monitoring of 
medical staff

1. Health care workers should follow respiratory 

etiquette

1. Medical staff should pay close attention to their own 

respiratory tract infection symptoms, and avoid 
contact with patients or other medical staff if with 

fever and cough occur

Training 1. Medical staff in the outpatient, emergency 

department and medical technology departments 

should attend at least one training on nosocomial 
infection prevention and control every year. 

2. New medical staff should receive pre-job training

1. It is necessary to conduct a intensive training to 

medical staff on the prevention and control of 

respiratory infectious diseases 
2. The training content should at least include personal 

protection, isolation prevention, information reporting 

and other aspects
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with respiratory infections among outpatient and emergency patients can be utilized as representative data for infection 
risk early warning. Artificial intelligence technology has steadily advanced in recent years. It will be feasible to achieve 
effective and automated risk research and judgment if the judgment matrix can be optimized and modified. It will 
successfully address the preventive and control conundrum faced by small and primary hospitals, in conjunction with 
standardized prevention and control procedures, and it will improve the standardization of prevention and control quality.

The ARIMA model in our study showed clear advantages in predicting the number of patients with respiratory 
infections. Continuous surveillance data on infectious respiratory diseases, collected at the district or country level, can 
be used to predict likely peaks of infection 1–2 weeks in advance with high accuracy.29–31 The difference was that the 
surveillance data used in this study were generated from outpatients and emergency departments, which can better 
adapt to the actual infection risk in different medical institutions compared to the regional or national surveillance data 
in other studies. In addition, with the model prediction of the Baidu search engine, the intensity of community 
transmission outside medical institutions can be considered in management decisions.32 In the data selection process, 
The primary reason this study only included antiviral medications in its selection of prescription orders is that, among 
outpatient and emergency patients, viruses are the most common pathogens that cause respiratory tract infections, with 
bacteria accounting for a very little portion of these cases. Second, a significant number of antibiotics are used to treat 
infections in other regions out of the respiratory tract. According to the two aforementioned criteria, the shift in the 
quantity of antibiotic orders cannot be attributed to a rise or fall in the risk of respiratory tract infections in emergency 
rooms and outpatient clinics. Antibacterial medications were therefore not used in this investigation as indicators of 
respiratory tract infections in emergency rooms and outpatient clinics. Another concern is that different regions and 
hospitals should consult previous data, We strongly recommend the most indicative data for the risk of respiratory 
infections in outpatient and emergency departments should be used for risk prediction, not just the seven pathogens 
listed in this study.

In the process of constructing the risk-period judgment matrix, various data were reviewed and compared. After 
aligning the date coordinates, the sequence and predictive sensitivity of each dataset at the boundary time points of the 
high-risk and low-risk periods were comprehensively analyzed, and a risk period judgment matrix was constructed. Each 
dataset was divided into true and predicted values in a matrix. Different combinations of trigger points for each dataset 
were used to determine the risk period. For example, we found that the number of oseltamivir physician orders 
significantly increased in the high-risk period, whereas it was very small or even zero in the off-peak period. Such 
data characteristics cause the prediction accuracy of the ARIMA model to decrease during the off-peak period. Therefore, 
the study took advantage of the significantly elevated property during the peak periods and used only the true value of the 
number of orders as the trigger point. The number of positive cases of respiratory pathogens also had similar 
characteristics, and the sum of all types of pathogens was significantly different in the high-risk and low-risk periods, 
which could effectively indicate the risk of respiratory infection without considering the specific pathogens causing high 
risk. The pathogen composition ratio in the previous week can be used to identify the main pathogens during the peak 
period.

Infection prevention and control measures constructed by multidisciplinary experts included the selection of personal 
protection equipment, methods of environmental cleaning and disinfection, isolation, and medical process management. 
The prevention and control of respiratory infectious diseases frequently share similarities across countries and regions, 
and the majority of these methods have been incorporated into applicable guidelines and standards. As a result, 
throughout the literature screening, we mostly searched widely utilized databases, including American disease prevention 
and control, Chinese and Western industry standards, and Chinese industry standards. However, prevention and control 
strategies may differ differently throughout different parts of the world, and we advocate fine-tuning measures to reflect 
these variances.

This paper certainly has some shortcomings and limitations. We found the data types, prevention and control measure 
contents, and associated model parameters must be modified to reflect the real circumstances in various hospitals and 
regions, which improve the difficulty of use. However, if properly adjusted, the difficulty of daily prevention and control 
will be reduced and the accuracy of prevention and control will be improved. The types of data should be further 
enriched, and it is possible to obtain better risk analysis results. The judgement matrix was relatively simple, which can 
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not yet complete complex risk assessment and judgment, and it is easy to be affected by abnormal fluctuations in a short 
time during the off-peak period.

Ethics
Our study complies with the Declaration of Helsinki.
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