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Abstract 

Background: The elderly are a high-risk group of healthcare-associated infections (HAIs) after pancreatico

duodenectomy (PD), and the effective prediction model may be beneficial to HAIs control.   

Methods: The data were obtained from Hospital Infection Surveillance System. The BP-ANN model was 

conducted according to univariate analysis. The receiver operating characteristic curve (ROC), the prediction 

accuracy, sensitivity and specificity were used to estimate the predicted performance. The final weight coefficients 

were calculated to illustrate the relative importance of indicators. 

Results: Of 688 elderly patients underwent PD, 83 (12.06%) were diagnosed with HAIs. 9 significant factors 

(P<0.05) including weight, fever, continuous fever for more than three days, blood routine abnormal percentage, 

ever livered in intensive care unit (ICU), antibacterial combination, postoperative antibacterial use days, ventilator 

use and urinary catheter use days were included into prediction model. The prediction accuracy in testing sets was 

93.79%, and the sensitivity and specificity were 0.67 and 0.97. The contribution level of 9 significant factors were 

10.65%, 8.54%, 10.17%, 9.64%, 9.26%, 10.02%, 12.53%, 11.90% and 17.29%, respectively. 

Conclusions: The 9-9-1 BP-ANN prediction model underpinned by complex factors in this study has relatively 

excellent performance for HAIs prediction among elderly patients after PD. Urinary catheter use days, 

postoperative antibacterial use days, ventilator use, weight and continuous fever for more than three days are the 

top five contribution indicators for HAIs prediction, which should be fully taken into consideration when 

developing HAIs prediction for the PD patients. 

Keywords: Healthcare-associated infections; Elderly; Pancreaticoduodenectomy; Risk prediction 

  



 

 

 

Background 

Pancreaticoduodenectomy (PD), a complicated operation for the treatment of pancreatic cancer, ampullary 

carcinoma, pancreatic head disease, and other related diseases [1], has been widely applied in clinical practice with 

the increasing incidence of pancreatic cancer worldwide over the past decades, especially in developing countries 

[2]. PD may not only remove the gallbladders, but also clean up the relevant organs and tissues, thus increasing the 

risks of various postoperative complications [3-5]. Although the mortality rate of patients after PD has dropped 

down to below 5% due to the development of medical technology, the incidence of postoperative complications 

remains high [6-9]. As one of the most common adverse events, healthcare-associated infections (HAIs) accounts 

for one-third of postoperative complications of PD [4], of which incidence ranges from 20.0% to 60.0%, resulting 

in decreasing surgery success rate, lowering medical quality, and increasing medical cost and risk of mortality
 

[10-14]. Previous studies have found that older patients underwent PD were of higher risk to be more susceptible to 

HAIs because of the decline of the function of various organs and immune [15-21]. Therefore, HAIs among the 

elderly patients after PD has become a prominent clinical event needed to pay more attention.  

The risk prediction model underpinned by complex factors has been used to assess the occurrence risk of 

HAIs and other adverse effects on prognosis. Numerous studies suggested that providing risk prediction through 

comprehensive analysis of related factors was an effective measure to prevent adverse events
 
[22-24]. A study on 

the prediction of morbidity after PD suggested that the mean muscle attenuation on routine preoperative CT scans 

seemed to be an indicator to predict postoperative complications [25]. Similarly, C-reactive protein was 

recognized as a reliable indicator for early postoperative prediction of pancreatic fistula after PD [26]. Joliat GR et 

al. applied the Braga score to calculate the overall risk score for the prediction of complications after PD [27]. A 

risk scoring system with 10-point based on logistic regression was also established to predict the pancreatic fistula 

[28]. However, most of studies mainly focused on general age groups, and just described one or more 

postoperative complications rather than targeting HAIs. And so far, few studies have prospectively explored the 

risk prediction of HAIs among patients after PD. 

A systematic review pointed out that artificial neural network (ANN) is undoubtedly more advantageous than 

traditional statistical methods in predicting clinical outcomes when the relationship between outcome-related 

variables is complex, multi-dimensional and non-linear [34]. And its practicality has been verified among lung 

cancer patients, blood disease patients, and ICU patients [32, 35-36]. As one of the most common artificial neural 

networks, the back propagation artificial neural network (BP-ANN), based on the simulation of biological neural 

network, has also been proven to acquire an excellent performance in predictive model construction, of which 

prominent advantage is that it is unnecessary to determine the mathematical equation of the mapping relationship 

between input and output variables in advance, with the actual output results gradually approaching to the expected 

output value by error propagation [29-31]. Nowadays, BP-ANN has been widely applied into various complex 

systems and model constructions that contain multiple and non-linear or unclear relationship variables [32-33], 

which may be also suitable for predicting the HAIs underpinned by complex factors among patients after PD. 

Consequently, this study aims to construct a risk prediction model for HAI occurrence among elderly patients after 

PD using BP-ANN model, and to verify its predictive performance. 

Methods  

Data sources 

The data used in this study was from a 3800-bed tertiary hospital with 135 wards serving approximately 

13000 inpatients per month in Beijing, China. We collected the patient data using the automatic Hospital Infection 

Surveillance System (RT-NISS), which was developed since 2010 and put into practice since 2012 [37]. The 

RT-NISS automatically collected process data from the hospital information system and monitored all patients 

during their hospital stay. The related information of patients including the common information, diagnosis and 

therapy information, medication information, operation information and so on, could be directly obtained from the 

RT-NISS. The exported data were also confirmed by the infection prevention professionals. For protecting the 

privacy of the patients, all sensitive patient information in this study was excluded. Ethical approval was obtained 

from the Medical Ethics Committee of the Chinese PLA General Hospital (approval number S2019-142-02) and 

the informed consent was obtained from all subjects.  



 

 

 

Inclusion criteria 

The eligibility of elderly patients after PD for this study was determined according to the following inclusion 

criteria: 1) Elder patients were 60 years old and over; 2) Patients admitted between 1 January 2014 and 31 

December 2017; 3) Main surgical operation of patients was PD; 4) Patients had no HAI or occurred HAI before PD. 

Finally, a total 688 elderly patients underwent PD were screened out to meet the inclusion criteria in this study. 

HAI case definition 

The HAI cases were confirmed by infection preventers according to the Chinese Nosocomial Infection 

Diagnosis Criterion (2001) published by the National Health Commission of the People’s Republic of China [38], 
which differed somewhat from the United States CDC Definitions for Nosocomial Infection (1988).  

Variables management 

The dependent variable was the HAI occurred or not, the infection cases were coded as 1, while non-infection 

cases were coded as 0. Available data concerning demographic, admission and other factors was collected and 

used as dependent variables to explore potential determinants of the occurrence risk of HAIs among elderly 

patients after PD. Then 18 complete independent variables were identified as following parts: 1) Demographic 

characteristics: age, sex and weight; 2) Admission information: admission year, fever, continuous fever for more 

than three days, blood routine abnormal percentage; operation duration, preoperative hospital stay and ever lived 

in ICU; 3) Underlying disease: hypertension, diabetes, and coronary heart disease; 4) Antibacterial utilization: 

preoperative antibacterial use, antibacterial combination and postoperative antibacterial use days; 5) Medical 

device utilization: ventilator use and urinary catheter use days. Specifically, all the variables in HAI group 

including fever, continuous fever for more than three days, blood routine abnormal percentage and others were 

collected before the diagnosis of HAI. Furthermore, the low-quality and incomplete variables of central venous 

catheter use, urinary catheter use, ventilator and central venous catheter use days in medical device utilization part 

were excluded in this study. 

Data analysis 

The descriptive statistics were performed, of which continuous variables was presented as means with 

standard deviation or median with quartile, and categorical variables as frequencies and proportions. Univariate 

analysis using Chi-square tests, two sample t-tests and Wilcox rank sum test was performed to examine the effect 

of each individual variable and identify potential indicative factors of HAIs among elderly patients after PD, and 

the statistical significance was set at the 5% level. 

Then a three-layer BP-ANN model containing statistically significant variables in univariate analysis was 

constructed. The data from 2014-2016 was used for training set while the data from 2017 for testing set, leading to 

527 patients in training set and 161 patients in testing set, respectively. The number of hidden layer of the model 

was selected referring to the Equation 1:                    

                                    √                               （1） 

where   is the number of hidden layer nodes,   is the number of input layer nodes (the number of 

significant variables included in the model),   is the number of output layer nodes (the number of outcomes,     

in this study), and   is a constant between 1 and 10.   

The weight coefficients were calculated referring to the Equation 2. 
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where    represents the weight coefficient of the j input variable to the output,    and    are the number 

of input and hidden layer nodes,    is the connect weight values of input-hidden layer and    is connect weight 

values of hidden-output layer.  ,   and   are the serial number of the neuron. 

Sigmoid transfer function was employed as an excitation function between the hidden layer and the output 

layer. The initial learning rate was set 0.1 and the training goal was set 0.0001. The BP-ANN model was trained 

with 5000 epochs, and the prediction threshold was set 0.5.   

Finally, in order to verify the prediction performance of the model for the testing set, the overall prediction 

accuracy, sensitivity, specificity and the area under the receiver operating characteristic (ROC) curve (AUC) were 

also calculated. The weight coefficients were displayed to determine the contribution level of significant variable 

for HAIs prediction among elderly patients after PD. 

Descriptive and univariate analyses were performed in STATA14.0. The BP-ANN prediction model was 

constructed in MatlabR2014a. 

Results 

Of 688 elderly patients after PD, 426 (61.92%) were males and 262 (38.08%) were females. The mean age 

2.18% of patients with hypertension, diabetes, and coronary heart disease, respectively. 83 patients developed 

HAIs with the overall prevalence of 12.06% (see Table 1). The annual prevalence of HAI from 2014 to 2017 was 

14.91%, 16.07%, 9.84% and 9.26%, respectively. For patients with HAIs, 40.96% were postoperative abdominal 

infections (34, 40.96%), followed by bloodstream infections (11, 13.25%), surgical site infections (9, 10.84%), 

lower respiratory tract infections (8, 9.64%), organ cavity infections (5, 6.02%) and others (13, 15.68%) (see Table 

2).   

Table 1 Basic information of the participants (N=688) 

Variables  n Percentage (%) 

Age, years (x  s ) 66.68±5.12 - 

Weight, kg (x  s ) 64.0211.32 - 

Hospitalization days (x  s ) 25.23±9.69 - 

Sex   

   male 426 61.92 

female  262 38.08 

Admission year   

   2014 114 16.57 

2015 168 24.42 

2016 244 35.47 

2017 162 23.55 

Hypertension   

yes 53 7.70 

no  635 92.30 

Diabetes   

yes 40 6.98 

no  640 93.02 

Coronary heart disease   

yes  15 2.18 

no  673 97.82 

HAI   



 

 

 

yes 83 12.06 

no  605 87.94 

Table 2 The information of patients with HAIs (Ni=83) 

Variables n Percentage (%) 

Admission year   

2014 17 14.91 

2015 27 16.07 

2016 24 9.84 

2017 15 9.26 

Infection type   

postoperative abdominal infections  37 44.58 

bloodstream infections 11 13.25 

surgical site infections 9 10.84 

lower respiratory tract infections 8 9.64 

organ cavity infections 5 6.02 

other infections 13 15.68 

Univariate analysis was performed to examine the effect of variables screening for risk prediction model, 

which had identified altogether 9 significant factors associated with the occurrence of HAIs. In demographic 

characteristics part, the average weight of patient

of non-

days, blood routine abnormal percentage and ever lived in ICU were found as significant variables. In addition, 

the prevalence of HAIs among patients taking antimicrobials in combination (20.42% vs. 6.19%) and using 

ventilator (47.19% vs. 6.84%) was higher, and the HAI group had significantly longer days of postoperative 

antibacterial use and urinary catheter use than those of non-HAI group (see Table 3). 

Table 3 Univariate analysis of factors associated with HAIs (N=688) 

Variables 

Infection status 

2
/ t /z P-value Infection 

n (%) 

Non-infection 

n (%) 

Demographic Characteristics     

Age, years (x  s ) 66.90±5.30 66.65±5.10 -0.426 0.670 

Weight, kg (x  s ) 66.1010.83 63.740.46 -1.784 0.038 

Sex   1.234 0.267 

     male  56 (13.15) 370 (86.85)   

female 27 (10.31) 235 (89.69)   

Admission Information     

Admission year   5.758 0.124 

2014 17 (14.91) 97 (85.09)   

2015 27 (16.07) 141 (83.93)   

2016 24 (9.84) 220 (90.16)   

2017 15 (9.26) 147 (90.74)   

Fever    53.827 <0.01 



 

 

 

yes 71 (21.58) 258 (78.42)   

no 12 (3.34) 347 (96.66)   

Continuous fever for more than 

three days 
  48.522 <0.01 

yes 17 (50.00) 17 (50.00)   

no 66 (10.09) 588 (89.91)   

Operation duration 

M (P25,P75)# 
5.14 (4.33,6.07) 5.08 (4.17,5.99) -0.960 0.337 

Blood routine abnormal percent

age  M (P25,P75) # 
31.25 (22.22,37.50) 27.27 (16.13,37.50) -2.090 0.037 

Preoperative hospital stay   

M (P25,P75) # 
7 (5,11) 7 (5,10) 0.480 0.631 

Ever lived in ICU   20.122 <0.01 

yes 8 (47.06) 9 (52.94)   

no 75 (11.18) 596 (88.82)   

Underlying Disease     

Hypertension   0.030 0.863 

yes  6 (11.32) 47 (88.68)   

no 77 (12.13) 558 (87.87)   

Diabetes   0.132 0.716 

yes  5 (10.42) 43 (89.58)   

no  78 (12.19) 562 (87.82)   

Coronary heart disease   0.023 0.879 

yes 2 (13.33) 13 (86.87)   

no  81 (12.04) 592 (87.96)   

Antibacterial Utilization     

Preoperative antibacterial use   2.141 0.143 

      yes 67 (13.14) 443 (86.86)   

       no 16 (8.99) 162 (91.01)   

Antibacterial combination   31.852 <0.01 

      yes 58 (20.42) 226 (79.58)   

      no 25 (6.19) 379 (93.81)   

Postoperative antibacterial use 

days    M (P25,P75) # 
17 (13,21) 11 (8,13) -8.719 <0.01 

Medical Device Utilization     

Ventilator use    118.899 <0.01 

     yes 42 (47.19) 47 (52.81)   

no 41 (6.84) 558 (93.16)   

Urinary catheter use days   

M (P25,P75) 
#
 

10 (6,15) 2 (2,3) -12.079 <0.01 

# M means the median of non-normally distributed data, P25 and P75 means the 25th quantile and the 75th quantile of data. 



 

 

 

According to the formula of hidden layer nodes selection, 5-14 was the range of the number of hidden layer 

nodes. Finally, 9 hidden layer nodes with the highest prediction accuracy and the shortest training time in the 

training set was selected in this study, then the three-layer 9-9-1 BP-ANN framework was employed to predict 

the HAIs of elderly patients after PD in the testing set. The results showed that the ultimate prediction accuracy 

was 93.79%, and the sensitivity and specificity of the BP-ANN were 0.67 and 0.97, respectively. See Additional 

file:Figure S1 for the visualize prediction results of the model. Furthermore, in order to examine the prediction 

performance of the model, the ROC was drawn with AUC of 0.94 (see Figure 1). 

 

Figure1 Receiver operating characteristic curves of BP-ANN model 

After calculating the weight coefficient, urinary catheter use days (I=17.29%) is of the largest contribution 

value, which together with postoperative antibacterial use days (I=12.53%), ventilator use (I=11.90%), weight 

(I=10.65%) and the continuous fever for more than three days (I=10.17%) constitute the top five contribution 

indicators for HAIs occurrence prediction (see Figure 2). See Additional file:Table S1 for all the connection 

weights values of the model between input-hidden layer and hidden-output layer. 

 

Figure 2 Relative weight coefficient of input variables (%) 
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Discussion 

In the current study, the overall prevalence of HAIs among elderly patients after PD was 12.06%, which was 

lower than the reported infection rate of 17.80% in Dalian, China, while higher than 8.12% among PD patients 

aged 61-83 years old in Chun’an, Zhejiang, China [39-40]. The differences may result from the different research 

settings and participants. It implies that the HAI prevalence of the elderly patients after PD in this study was at a 

relatively moderate level, and the further improvement of prevention and control measures was needed.  

Based on the univariate analysis, the risk prediction model using BP-ANN involving 9 significant factors for 

predicting HAI occurrence among elderly PD patients was finally constructed. The overall prediction accuracy of 

the model, 93.79%, was obviously higher than the reported predictive rate of 75.7% conducted in lung cancer 

patients [32] and 82.49% conducted among hematological diseases patients
 
[41], and also higher than the reported 

predictive performance conducted by 10-point Braga risk score among patients underwent PD [28]. It had 

indicated that BP neural network prediction accuracy could reach approximately 90% by scientifically 

determining risk indicators and constructing appropriate network models
 
[42], which was well verified in this 

study. The sensitivity of the risk prediction model in this study was 0.67 while the specificity was 0.97, which were 

also both higher than other similar studies
 
[32, 41]. Furthermore, the AUC value of 0.94 was higher than the study 

among lung cancer patients conducted by Chen et al
 
[32]. These all indicated that our BP-ANN model has an 

excellent goodness-of-fit for HAIs prediction among elderly PD patients. 

From the final weights coefficient result in the model ,we found that medical device indwelling including 

urinary cannula days and ventilator use were two key indicators with the high contribution weights. The use and 

built-in of medical devices increase the risk of device-related HAIs, which can deteriorate the extent of infections 

due to surgery. Many studies had pointed out that catheter-associated urinary tract infection was correlated with 

duration of catheterization and suggested to shorten the length of catheter indwelling [43-44]. A previous study 

estimated that ventilator-associated infection was associated with the application of mechanical ventilation [52]. It 

implies that the patients indwelling medical devices can be of high risk of HAIs.  

Furthermore, postoperative antibacterial use days were identified as the second contributing indicator for 

HAIs prediction among elderly patients underwent PD. Though antibiotic use has irreplaceable clinical value in 

the prevention of clinical HAIs, clinicians should still choose the appropriate timing of medication, duration of 

medication and type of medication to ensure rational use of drugs, avoiding drug resistance and other adverse 

events caused by antibiotic abuse [45-47]. The correlation between antimicrobial use and HAI occurrence should 

be emphasized and monitored in the future. 

We also found that continuous fever for more than three days was one of the top five important predictors. 

HAIs and fever symptoms could interact with each other, that is, long-term fever can caused HAIs meanwhile 

patients with HAIs could exacerbate fever. Furthermore, prolonged fever days might cause the immunity to 

decline, thus making patients be more susceptible to HAIs. Some studies have also pointed out that the incidence 

of HAIs in patients with prolonged fever was higher than that of ordinary patients [48]. This finding indicated that 

long-term fever was the key factor that cannot be ignored both in clinical and HAI prediction. What’s more, weight 
was the fifth contributing indicator in the model. Huttunen R. pointed out that obesity increased the risk of HAIs 

and the health management of weight could effectively prevent its occurrence
 
[49]. The effect of weight on 

surgical site infections had also been confirmed in many other studies [50-51]. So we speculate that patients with 

underweight might have low immunity and patients with overweight might have weight-related diseases, which 

are both associated with HAIs in elderly PD patients.  

This study is the first to apply the BP-ANN model underpinned by complex factors to HAI occurrence 

prediction among elderly patients after PD. However, this study has also several limitations. First, it was difficult 

for us to include all the HAIs-related variables in the analysis due to the characteristics of clinical data, and the 

personal socioeconomic status information in this study only includes age, gender and weight, which may miss 

partly important information. Secondly, only one hospital's data was selected for prediction model construction, 

which may result in selective bias. Thirdly, the BP-ANN prediction model was constructed among elderly PD 

patients, so that the ability to extrapolate to the general hospitalized patients may be limited. 

Conclusions 

In this study, we have constructed a 9-9-1 BP-ANN risk prediction model for HAIs among elderly patients 

after PD, and it was proved to have a good predictive performance. Nine indicative variables screened in the risk 

prediction model can provide a balanced indication, so it can be promotionally applied into clinical HAIs 



 

 

 

prediction for elderly patients after PD. And the factors including the urinary catheter use days, postoperative 

antibacterial use days, ventilator use, weight and continuous fever for more than three days were the top five 

contributed indicators, which should be fully taken into consideration when developing HAIs prediction and 

surveillance system for the PD patients. 
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