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Abstract

Prediction of long-term survival in patients with invasive intraductal papillary mucinous neo-

plasm (IPMN) of the pancreas may aid in patient assessment, risk stratification and person-

alization of treatment. This study aimed to investigate the predictive ability of artificial neural

networks (ANN) and LASSO regression in terms of 5-year disease-specific survival. ANN

work in a non-linear fashion, having a potential advantage in analysis of variables with com-

plex correlations compared to regression models. LASSO is a type of regression analysis

facilitating variable selection and regularization. A total of 440 patients undergoing surgical

treatment for invasive IPMN of the pancreas registered in the Surveillance, Epidemiology

and End Results (SEER) database between 2004 and 2016 were analyzed. The dataset

was prior to analysis randomly split into a modelling and test set (7:3). The accuracy, preci-

sion and F1 score for predicting mortality were 0.82, 0.83 and 0.89, respectively for ANN

with variable selection compared to 0.79, 0.85 and 0.87, respectively for the LASSO-model.

ANN using all variables showed similar accuracy, precision and F1 score of 0.81, 0.85 and

0.88, respectively compared to a logistic regression analysis. McNemar´s test showed no

statistical difference between the models. The models showed high and similar performance

with regard to accuracy and precision for predicting 5-year survival status.

Introduction

Intraductal papillary mucinous neoplasm (IPMN) of the pancreas is a cystic lesion arising

from the ductal cells lining the pancreatic ducts. IPMN harbors a potential to become malig-

nant (invasive). The likelihood of malignant transformation into invasive IPMN seems to in

part be dependent upon the location of the lesion, i.e. main duct, branch duct or mixed type,

as well as the histological differentiation, i.e. gastric, pancreatobiliary or intestinal [1,2].

The main treatment of invasive IPMN, as for other types of pancreatic cancer, is surgical

resection. The role of neoadjuvant therapy is to date not fully established by the guidelines.

Adjuvant chemotherapy, however, has recently been recommended [2,3] and shows benefit in
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selected cases, either as solely administered or in combination with radiotherapy [4]. Com-

pared to pancreatic ductal adenocarcinoma (PDAC), invasive IPMN seems to have a superior

postoperative prognosis [5]. This may be explained by earlier detection as well as biological dif-

ferences. Invasive IPMN can be divided into different histological subtypes, the two most com-

mon being colloid and tubular, where the colloid subtype has improved survival compared to

the tubular subtype [1,5].

Prediction models of postoperative survival is important for risk stratification and progno-

sis, which can improve further treatment as well as future planning. Five-year survival is used

as a benchmark in cancer prognosis and is often reported as “cure” if no recurrence has

occurred. Disease-specific survival captures death from residual or recurrent disease. Five-year

disease-specific survival (DSS) is thus an important measure in cancer research.

Prediction models are traditionally based on regression analyses. The Least Absolute

Shrinkage and Selection Operator (LASSO) [6] is a regression method especially valuable in

datasets with numerous variables and support unbiased parameter selection. Variable selection

is important for generalization, i.e. avoiding overfitting of dataset. In contrast to regression

models, artificial neural networks (ANN) work in a non-linear fashion resembling biological

neural networks [7]. This approach may have an advantage when predicting survival in cancer

because of the ability to find underlying patterns in complex data. ANN have been used previ-

ously in pancreatic cancer [8] and have been shown to outcompete the prediction of the AJCC

TNM-stage [9]. The major disadvantage of ANN revolves around its “black box” nature,

which limits conclusions regarding relationship between variables as well as an increased risk

of overfitting the prediction model [7].

The primary aim of this study was to create predictive models for 5-year DSS after surgery

for invasive IPMN. ANN models (with and without selection of variables), LASSO models and

logistic regression models were created. The performance of the models was investigated.

Methods

Data source

The Surveillance, Epidemiology and End Results (SEER) database (2004–2016) was queried.

SEER is a prospective database, maintained by the National Cancer Institute (NCI). Data were

obtained from all US cancer registries participating in the SEER program. Patients were identi-

fied on the basis of the International Classification of Diseases for Oncology, 3rd edition

(ICD-O-3) for tumors of the exocrine pancreas: C25.0, C25.1, C25.2, C25.3, C25.7, C25.8, and

C25.9. Cases with histopathologically confirmed invasive IPMN of the pancreas (ICD-O-3 his-

tology codes 8050, 8260, 8450, 8453, 8471, 8480, 8481 and 8503 [10,11] were included. Patients

that had not undergone surgical resection were excluded. Only adult patients (�18 years old at

diagnosis) were included. A total number of 912 eligible patients were identified. The Ethics

Committee for Clinical Research at Lund University, Sweden, approved the study protocol

(2016/100). The study followed the STROBE guidelines [12].

Variables and baseline data

Out of the 912 patients, 639 patients were followed up for at least 5 years or until death from

disease (event). Six out of the 12 variables had missing values ranging from 2–24% (M-stage

2%, N-stage 3%, T-stage 4%, type of surgery 5%, tumor size 10%, grade 24%). Since both artifi-

cial neural networks and LASSO require complete cases, all patients with missing values were

excluded from the analysis. This resulted in a dataset consisting of 440 patients (Fig 1). Logistic

regression was considered appropriate for comparison with the ANN due to the binary end-

point. Disease-specific survival (DSS) was used as endpoint (0 = alive, 1 = death from disease).
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DSS in the database is calculated from diagnosis to date of death, last date known to be alive,

or until last follow-up. Patients who died from other causes were censored.

Variables examined included age at diagnosis (continuous), gender (male or female),

tumor size (cm), tumor location (head versus other), surgery (partial or total pancreatectomy),

histological grade (well differentiated, moderately differentiated and poorly differentiated/ana-

plastic), radiotherapy (yes or no), chemotherapy (yes or no/unknown if administered), year of

diagnosis (2004–2016) and staging according to the American Joint Committee on Cancer

(AJCC) separated on T, N and M stage. In the database the 6th edition AJCC stage [13] was

available for patients diagnosed between 2004 to 2009 and the 7th edition AJCC stage [14] for

patients diagnosed between 2010 to 2016. Both editions share the same definitions of T, N and

M stages, thereby ensuring uniformity of staging during the study period. This added up to

twelve variables: age, gender, year of diagnosis, tumor location, radiotherapy, chemotherapy,

T-stage, N-stage, M-stage, surgery, tumor size, grade. Continuous data are presented as

median with interquartile range and standard deviation. Categorical data are presented as fre-

quencies with percentages (Tables 1 and 2). The type of surgery coded as “surgery NOS” (not

otherwise specified) and “pancreatectomy NOS” were classified as missing due to uncertainty

in coding of variable of interest (total or partial pancreatectomy). Chemotherapy is in SEER

coded as administered (yes) or not administered (no) and unknown if administered (no). The

sequence in respect to surgery is not stated. In the case of radiotherapy, >90% of those who

received it had it following surgery, some prior to surgery and only a few both prior and fol-

lowing surgery.

Fig 1. Flow chart of selection of cases for prediction analysis.

https://doi.org/10.1371/journal.pone.0249206.g001
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Statistical analysis and predictive models

Before any analyses were conducted, 30% of the total number of patients were randomly put

aside to be used as a test set. These patients were not used in any modelling or analyses before

being used to test the models. The remaining patients will be referred to as model data/set. To

validate the comparability between the model and test set the Chi-squared test (or Fischer’s

exact test if appropriate) was used for categorical variables and Mann-Whitney U test for con-

tinuous variables as well as the log-rank test for survival-analysis. A 2-sided p-value of less

than 0.05 was considered statistically significant. These calculations were performed following

modelling and testing of the predictive models and performed using SPSS version 25.0 (IBM,

Armonk, New York, USA). All analyses on modelling were performed in R v. 3.6.3 [15–18].

Table 2. Variables of the 440 cases with complete data used in prediction analysis.

Variables N (%) or median (IQR), SD

Age at diagnosis 66 (58–73), 11.3

Year of diagnosis (2004–2016) 41, 38, 52, 38, 48, 42, 46, 53, 27, 21, 14, 15, 5

Tumor size (cm) 3.5 (2.5–5), 2.9

Gender (male vs female) 235 vs 205 (54 vs 46)

Site (pancreatic head vs other) 291 vs 149 (66 vs 34)

Type of surgery (partial vs total pancreatectomy) 378 vs 62 (86 vs 14)

Radiotherapy (no vs yes) 304 vs 136 (69 vs 31)

Chemotherapy (no/unknown vs yes) 186 vs 254 (42 vs 58)

T stage

T1 42 (9)

T2 82 (19)

T3 283 (64)

T4 33 (7)

N stage (0 vs 1) 203 vs 237 (46 vs 54)

M stage (0 vs 1) 406 vs 34 (92 vs 8)

Histological grade

Well differentiated 96 (22)

Moderately differentiated 222 (50)

Poorly differentiated/anaplastic 122 (28)

IQR interquartile range. SD standard deviation.

https://doi.org/10.1371/journal.pone.0249206.t002

Table 1. Performance measures used in assessing the chosen models.

Definition

Accuracy (TP+TN) / total

Precision (PPV) TP / (TP+FP)

Recall (sensitivity) TP / (TP+FN)

F1 score 2 � ((PPV � Recall) / (PPV + Recall))

NPV TN / (TN+FN)

Specificity TN / (TN+FP)

FN false negative. FP false positive. LR likelihood ratios. NPV negative predictive value. PPV positive predictive

value. TN true negative. TP true positive.

https://doi.org/10.1371/journal.pone.0249206.t001
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A multilayer perceptron ANN was created consisting of three layers (input, hidden and out-

put) (Fig 2). Two different ANN models were used, one using a reduced set of variables (ANN

model 1) and one including all 12 variables (ANN model 2). The modelling data was split into

training data and validation data (containing 50% and 20% of the patients from the dataset,

respectively). This split was conducted eleven times, with models trained on each training set,

and evaluated on each validation set. The final prediction of the ANN is a majority vote ensem-

ble prediction, using all eleven models.

The process for selecting the best subset of variables starts with the ANN using all variables.

The optimal number of hidden nodes, as well as the optimal weight decay is estimated using

10-fold cross validation. Next using the cross validated values, several different networks, each

excluding one variable, are trained and evaluated. The average number of correctly classified

observations across all eleven sets of data is then used to determine which variable contributes

the least to the model. That variable is eliminated, then new values for the number of hidden

nodes and weight decay are estimated. Networks with one less variable are fitted and evaluat-

ing using the same process. This continues until the network consists only of a single variable.

The network which achieved the highest number of correctly classified observations in the val-

idation data is chosen. Finally, new values for the number of hidden nodes and the weight

decay is re-estimated. Following the above steps, the resulting ANN model 1 had 1 hidden

Fig 2. Schematic structure of the applied multilayer perceptron neural network with three layers.

https://doi.org/10.1371/journal.pone.0249206.g002
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node and a weight decay of 0.01. The included variables were age at diagnosis, T-stage 3 and 4

(T-stage 1 and 2 combined as reference category) and N-stage. The resulting ANN model 2

had 8 hidden nodes and a weight decay of 0.3.

A LASSO was conducted in order to select the best variables and a logistic regression using

the variables selected in the LASSO was performed. The regularization parameter (lambda)

was estimated using 10-fold cross validation. This resulted in a model with a lambda value of

0.023. The selected variables in the LASSO-model were age, year of diagnosis, gender, tumor

size, tumor location, N-stage, M-stage, T-stage (2, 3 and 4 with T-stage 1 as reference category)

and grade (moderately and poorly differentiated/anaplastic with well differentiated as refer-

ence category). A logistic regression using all variables was fitted, corresponding to the ANN

with all variables included.

Once all models were calculated, their performance was evaluated based on their predictive

performance on the test data. Performance was measured by calculating accuracy, precision,

recall, and F1 score. F1 score can be interpreted as a balance between precision and recall

(Table 1). A 95% confidence interval was calculated with Wilson score interval for all measures

excluding the F1 score, which was performed by bootstrapping with 10 000 repetitions. McNe-

mar´s test was performed to statistically compare the two models selecting parameters, i.e.

ANN model 1 and LASSO and the two models including all parameters, i.e. ANN model 2 and

logistic regression model. Venn diagrams on recall (sensitivity) were created to illustrate the

models predictive ability for identification of the cases with disease-specific mortality in the

test dataset.

Results

Patient demographics

The 440 cases with complete data were included in the prediction analysis (Table 2). The

median age was 66 and the median tumor size was 3.5 cm. The distribution of male and female

was almost 1:1. Most invasive IPMN engaged the head of the pancreas (66%) and a partial pan-

createctomy was most often performed (86%). Chemotherapy was known administered in a

majority of cases while a third received radiotherapy. About 1 in 4 received both radiotherapy

and chemotherapy. Variables related to tumor characteristics showed a high percentage of

higher T-stages, i.e. T-stage 3 and 4, lymph node metastasis in 54%, almost 1 in 10 with distant

metastasis and about 3 in 4 having low tumor grade, i.e. well to moderate differentiation. A

total of 353 (80%) died during the five-year period with 336 (76%) from the disease. The

included 440 cases with complete data showed almost no difference in baseline data to the 639

cases they were derived from. The differences seen were a slightly higher percentage of patients

receiving chemotherapy (52% and 58%), cases graded as T-stage 3 (56% and 64%) and cases

graded as N-stage 1 (46% and 54%) in the complete cases dataset.

Model and test set

Following modeling on 308 cases, test of the models on the randomly prior selected 132 cases

were performed. Of the 132 cases, mortality from the disease was observed in 99 (75%) cases

and 33 cases had survived five years or died of disease unrelated causes. Following testing,

comparison between the model set and the test set was performed showing no difference in

survival (log-rank test, p = 0.603). The only variable showing statistical difference between the

two datasets was radiotherapy with a higher percentage of patients receiving radiotherapy in

the test set (222 vs 86 and 82 vs 50, p = 0.038).
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Validation of variable selection models

The ANN model selecting a subset of variables (ANN model 1) showed an accuracy of 0.82

and an F1 score of 0.89 corresponding to a precision and recall of 0.83 and 0.95, respectively.

The corresponding logistic regression model (LASSO-model) had an accuracy of 0.80 and

F1, precision and recall of 0.87, 0.85 and 0.89 respectively (Table 3). McNemar´s test resulted

in p = 0.627. The Venn diagram illustrates the predictive ability in classifying the true positive

(DDS = 1) of ANN model 1 compared to the LASSO model, with the ANN model 1 correctly

classifying 7 patients that the LASSO did not (Fig 3).

Validation of complete variable models

The ANN model using all variables (ANN model 2) performed similar to the logistic regres-

sion (LR) with the same accuracy and F1 score of 0.81 and 0.88, respectively. The precision

and recall were 0.85 versus 0.86 and 0.91 versus 0.90 for the ANN and LR, respectively

(Table 3). McNemar´s test resulted in p = 1.000. The similar results in the aspect of recall

between the models are illustrated in Fig 4.

Discussion

This is to our knowledge the first study investigating the performance of ANN and LASSO for

predicting long-term survival in surgically resected invasive IPMN. ANN have previously been

used in survival analyses of PDAC [8]. For IPMN, ANN have been used in radiomics for classi-

fying pancreatic cystic neoplasms [19]. Deep learning algorithms have also been developed for

classification of high-risk IPMN on MRI [20] and endoscopic ultrasonography (EUS) [21], as

well as for differentiating between malignant and benign pancreatic cysts [22]. LASSO have

been used in optimizing a PCR-based assay on cyst fluid predicting IPMN with high malignant

potential [23]. Variable selection for ANN with LASSO has been proposed [24].

In this study, ANN models were developed and compared to regression models. One ANN

using a variable selection process (ANN model 1) and one using all included variables (ANN

model 2). The corresponding regression models were LASSO (variable selection method) and

logistic regression including all variables.

All models performed fairly accurate predictions (approximately 0.80) in predicting sur-

vival status five year following diagnosis and received treatment (surgery and in a majority of

cases chemotherapy and/or radiotherapy). McNemar´s test did show no statistical differences

Table 3. Performance including 95% confidence interval of the four different models used in the prediction of 5-year disease-specific survival.

ANN model 1 LASSO-model ANN model 2 Logistic regression

Accuracy 0.82 (0.74–0.87) 0.80 (0.72–0.86) 0.81 (0.74–0.87) 0.81 (0.74–0.87)

Precision 0.83 (0.75–0.89) 0.85 (0.76–0.90) 0.85 (0.77–0.90) 0.86 (0.78–0.91)

Recall 0.95 (0.89–0.98) 0.89 (0.81–0.94) 0.91 (0.84–0.95) 0.90 (0.82–0.94)

F1 score 0.89 (0.84–0.93) 0.87 (0.81–0.91) 0.88 (0.83–0.92) 0.88 (0.83–0.92)

NPV 0.74 (0.51–0.88) 0.61 (0.42–0.76) 0.65 (0.46–0.81) 0.64 (0.46–0.79)

Specificity 0.42 (0.27–0.59) 0.52 (0.35–0.68) 0.52 (0.35–0.68) 0.55 (0.38–0.70)

Hidden nodes 1 NA 8 NA

Weight decay 0.01 NA 0.3 NA

Lambda NA 0.023 NA NA

ANN artificial neural network. LASSO least absolute shrinkage and selection operator. NA not applicable. NPV negative predictive value. ANN model 1: Variable

selection process was carried out. ANN model 2: All twelve variables were included in the network.

https://doi.org/10.1371/journal.pone.0249206.t003
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between the models. The ANN model 1 did, however, with only 3 variables, i.e. age, T-stage

and N-stage perform especially good on recall (sensitivity) and negative predictive value

(NPV) with 0.95 and 0.74, respectively. Recall and NPV corresponds, in our models, to a good

performance in finding cases succumbing to the disease before five years. Selection and reduc-

tion of variables is important to reduce complexity and may, as shown by the performance of

the ANN model 1 and to some degree the LASSO-model, not negatively impact model

performance.

The outcome chosen, 5-year disease-specific survival, is rarely described in research on pan-

creatic cancer [25]. However, 5-year survival is considered a benchmark in cancer prognosis

and is thus an important outcome measure, especially following resection of curable attempt.

Of the variables used in this study, the different components of the AJCC stage were ana-

lyzed separately and the AJCC stage was not added due to their multicollinearity. Tumor size

was used as T-stage involves the relation of tumor growth to the surrounding tissue. The year

of diagnosis was included to represent treatment development during the study period (2004–

2016).

Several limitations need to be addressed. This is a retrospective study using data that relies

on the inputs given in the database. It contains patients from different institutions and during

a wide time period with possible different management strategies. However, large cancer

Fig 3. Venn diagram on recall (sensitivity) of ANN model 1 and LASSO regression model. Seven correctly classified by ANN and not LASSO, 1

by LASSO and not ANN, 87 by both models and 4 not correctly classified by any model.

https://doi.org/10.1371/journal.pone.0249206.g003
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registries offer a great source of information in rare diseases such as invasive IPMN [13].

There were no data on the different subtypes of invasive IPMN (tubular or colloid), which may

have different outcomes [4,5] and entail different management strategies. However, according

to recent guidelines management of resected invasive IPMN do not differ in regard to subtype

[3]. There is uncertainty regarding neoadjuvant and adjuvant therapy and also lack of informa-

tion of reasons for the choice of administration (including completeness of planned therapy)

with possible selection bias. Both chemotherapy and radiotherapy variables should thus be

viewed with caution [14]. There was a high percentage of missing values (4% for whole data-

set), which somewhat limited the number of eligible cases for prediction analysis. However,

there was no substantial difference between the 440 cases with complete data compared to the

639 cases. Imputation of missing values was considered; however, the added value was deemed

limited. All four models had a relatively low specificity, corresponding to misclassification of

true negatives (survivors). However, this must be put into perspective with the models ability

to correctly classify those with high risk of not surviving. The binary outcome was somewhat

imbalanced to a 3:1 ratio (diseased:survivors), both in the complete data set as well as in the

test set. This was, considering the size of the datasets, deemed not to influence the modelling

or prediction outcome in any major way. For the same reason, the simpler standard cross vali-

dation and not a stratified one was performed.

Fig 4. Venn diagram on recall (sensitivity) of ANN model 2 and logistic regression model. Three correctly classified by ANN and not LASSO, 2

by LASSO and not ANN, 87 by both models and 7 not correctly classified by any model.

https://doi.org/10.1371/journal.pone.0249206.g004
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Conclusions

The present study shows the feasibility and validity of ANN as well as LASSO for survival pre-

diction in invasive IPMN. Twelve general and easily assessable clinico-pathological variables

were used to build the prediction models. The performances of the ANN and LASSO models

were comparable to traditional logistic regression. Thus, we could not observe a major perfor-

mance improvement using these more sophisticated statistical methods. As knowledge of

IPMN increases at the molecular level, it may be possible to add genomic and proteomic data

to these models to improve outcome prediction.

Supporting information

S1 Data.

(XLSX)

Acknowledgments

The authors wish to express their most sincere gratitude to Axel Ström, Medical Statistics and

Epidemiology Unit, Skåne University Hospital, Lund, Sweden, for assistance in developing the

statistical models.

Author Contributions

Conceptualization: Linus Aronsson, Roland Andersson, Daniel Ansari.

Data curation: Linus Aronsson, Daniel Ansari.

Formal analysis: Linus Aronsson.

Funding acquisition: Daniel Ansari.

Investigation: Linus Aronsson.

Methodology: Linus Aronsson.

Project administration: Roland Andersson, Daniel Ansari.

Resources: Daniel Ansari.

Supervision: Roland Andersson, Daniel Ansari.

Writing – original draft: Linus Aronsson.

Writing – review & editing: Roland Andersson, Daniel Ansari.

References
1. Adsay V, Mino-Kenudson M, Furukawa T, Basturk O, Zamboni G, Marchegiani G, et al. Pathologic Eval-

uation and Reporting of Intraductal Papillary Mucinous Neoplasms of the Pancreas and Other Tumoral

Intraepithelial Neoplasms of Pancreatobiliary Tract: Recommendations of Verona Consensus Meeting.

Ann Surg. 2016; 263(1):162–77. https://doi.org/10.1097/SLA.0000000000001173 PMID: 25775066

2. Tanaka M, Fernandez-Del Castillo C, Kamisawa T, Jang JY, Levy P, Ohtsuka T, et al. Revisions of

international consensus Fukuoka guidelines for the management of IPMN of the pancreas. Pancreatol-

ogy. 2017; 17(5):738–53. https://doi.org/10.1016/j.pan.2017.07.007 PMID: 28735806

3. European Study Group on Cystic Tumours of the P. European evidence-based guidelines on pancreatic

cystic neoplasms. Gut. 2018; 67(5):789–804. https://doi.org/10.1136/gutjnl-2018-316027 PMID:

29574408

4. Aronsson L, Marinko S, Ansari D, Andersson R. Adjuvant therapy in invasive intraductal papillary

mucinous neoplasm (IPMN) of the pancreas: a systematic review. Ann Transl Med. 2019; 7(22):689.

https://doi.org/10.21037/atm.2019.10.37 PMID: 31930090

PLOS ONE Prediction of long-term survival for invasive IPMN

PLOS ONE | https://doi.org/10.1371/journal.pone.0249206 March 25, 2021 10 / 11

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0249206.s001
https://doi.org/10.1097/SLA.0000000000001173
http://www.ncbi.nlm.nih.gov/pubmed/25775066
https://doi.org/10.1016/j.pan.2017.07.007
http://www.ncbi.nlm.nih.gov/pubmed/28735806
https://doi.org/10.1136/gutjnl-2018-316027
http://www.ncbi.nlm.nih.gov/pubmed/29574408
https://doi.org/10.21037/atm.2019.10.37
http://www.ncbi.nlm.nih.gov/pubmed/31930090
https://doi.org/10.1371/journal.pone.0249206


5. Aronsson L, Bengtsson A, Toren W, Andersson R, Ansari D. Intraductal papillary mucinous carcinoma

versus pancreatic ductal adenocarcinoma: A systematic review and meta-analysis. Int J Surg. 2019;

71:91–9. https://doi.org/10.1016/j.ijsu.2019.09.014 PMID: 31546033

6. Tibshirani R. Regression Shrinkage and Selection via the Lasso. Journal of the Royal Statistical Society

Series B (Methodological). 1996; 58(1):267–88.

7. Tu JV. Advantages and disadvantages of using artificial neural networks versus logistic regression for

predicting medical outcomes. J Clin Epidemiol. 1996; 49(11):1225–31. https://doi.org/10.1016/s0895-

4356(96)00002-9 PMID: 8892489

8. Bartosch-Harlid A, Andersson B, Aho U, Nilsson J, Andersson R. Artificial neural networks in pancreatic

disease. Br J Surg. 2008; 95(7):817–26. https://doi.org/10.1002/bjs.6239 PMID: 18551536

9. Burke HB, Goodman PH, Rosen DB, Henson DE, Weinstein JN, Harrell FE Jr., et al. Artificial neural net-

works improve the accuracy of cancer survival prediction. Cancer. 1997; 79(4):857–62. https://doi.org/

10.1002/(sici)1097-0142(19970215)79:4<857::aid-cncr24>3.0.co;2-y PMID: 9024725

10. Wasif N, Bentrem DJ, Farrell JJ, Ko CY, Hines OJ, Reber HA, et al. Invasive intraductal papillary mucin-

ous neoplasm versus sporadic pancreatic adenocarcinoma: a stage-matched comparison of outcomes.

Cancer. 2010; 116(14):3369–77. https://doi.org/10.1002/cncr.25070 PMID: 20564064

11. Riall TS, Stager VM, Nealon WH, Townsend CM Jr., Kuo YF, Goodwin JS, et al. Incidence of additional

primary cancers in patients with invasive intraductal papillary mucinous neoplasms and sporadic pan-

creatic adenocarcinomas. J Am Coll Surg. 2007; 204(5):803–13; discussion 13–4. https://doi.org/10.

1016/j.jamcollsurg.2007.01.015 PMID: 17481488

12. Vandenbroucke JP, von Elm E, Altman DG, Gotzsche PC, Mulrow CD, Pocock SJ, et al. Strengthening

the Reporting of Observational Studies in Epidemiology (STROBE): explanation and elaboration. Epi-

demiology. 2007; 18(6):805–35. https://doi.org/10.1097/EDE.0b013e3181577511 PMID: 18049195

13. Le H, Ziogas A, Rhee JM, Lee JG, Lipkin SM, Zell JA. A population-based, descriptive analysis of malig-

nant intraductal papillary mucinous neoplasms of the pancreas. Cancer Epidemiol Biomarkers Prev.

2008; 17(10):2737–41. https://doi.org/10.1158/1055-9965.EPI-08-0417 PMID: 18843017

14. Noone AM, Lund JL, Mariotto A, Cronin K, McNeel T, Deapen D, et al. Comparison of SEER Treatment

Data With Medicare Claims. Med Care. 2016; 54(9):e55–64. https://doi.org/10.1097/MLR.

0000000000000073 PMID: 24638121

15. Venables WNR, B. D. Modern Applied Statistics with S. Fourth Edition ed: Springer, New York; 2002.

16. Jerome Friedman TH, Robert Tibshirani Regularization Paths for Generalized Linear Models via Coor-

dinate Descent. Journal of Statistical Software. 2010; 33(1), 1–22. PMID: 20808728

17. Max Kuhn (2020). caret: Classification and Regression Training. R package version 6.0–86. https://

CRAN.R-project.org/package=caret.

18. Core Team (2020). R: A language and environment for statistical computing. R Foundation for Statisti-

cal Computing, Vienna, Austria. https://www.R-project.org/.

19. Shen X, Yang F, Yang P, Yang M, Xu L, Zhuo J, et al. A Contrast-Enhanced Computed Tomography

Based Radiomics Approach for Preoperative Differentiation of Pancreatic Cystic Neoplasm Subtypes:

A Feasibility Study. Front Oncol. 2020; 10:248. https://doi.org/10.3389/fonc.2020.00248 PMID:

32185129

20. Corral JE, Hussein S, Kandel P, Bolan CW, Bagci U, Wallace MB. Deep Learning to Classify Intraductal

Papillary Mucinous Neoplasms Using Magnetic Resonance Imaging. Pancreas. 2019; 48(6):805–10.

https://doi.org/10.1097/MPA.0000000000001327 PMID: 31210661

21. Kuwahara T, Hara K, Mizuno N, Okuno N, Matsumoto S, Obata M, et al. Usefulness of Deep Learning

Analysis for the Diagnosis of Malignancy in Intraductal Papillary Mucinous Neoplasms of the Pancreas.

Clin Transl Gastroenterol. 2019; 10(5):1–8.

22. Kurita Y, Kuwahara T, Hara K, Mizuno N, Okuno N, Matsumoto S, et al. Diagnostic ability of artificial

intelligence using deep learning analysis of cyst fluid in differentiating malignant from benign pancreatic

cystic lesions. Sci Rep. 2019; 9(1):6893. https://doi.org/10.1038/s41598-019-43314-3 PMID: 31053726

23. Maker AV, Hu V, Kadkol SS, Hong L, Brugge W, Winter J, et al. Cyst Fluid Biosignature to Predict Intra-

ductal Papillary Mucinous Neoplasms of the Pancreas with High Malignant Potential. J Am Coll Surg.

2019; 228(5):721–9. https://doi.org/10.1016/j.jamcollsurg.2019.02.040 PMID: 30794864

24. Sun K, Huang SH, Wong DS, Jang SS. Design and Application of a Variable Selection Method for Multi-

layer Perceptron Neural Network With LASSO. IEEE Trans Neural Netw Learn Syst. 2017; 28(6):1386–

96. https://doi.org/10.1109/TNNLS.2016.2542866 PMID: 28113826

25. Kimura K, Amano R, Nakata B, Yamazoe S, Hirata K, Murata A, et al. Clinical and pathological features

of five-year survivors after pancreatectomy for pancreatic adenocarcinoma. World J Surg Oncol. 2014;

12:360. https://doi.org/10.1186/1477-7819-12-360 PMID: 25429841

PLOS ONE Prediction of long-term survival for invasive IPMN

PLOS ONE | https://doi.org/10.1371/journal.pone.0249206 March 25, 2021 11 / 11

https://doi.org/10.1016/j.ijsu.2019.09.014
http://www.ncbi.nlm.nih.gov/pubmed/31546033
https://doi.org/10.1016/s0895-4356%2896%2900002-9
https://doi.org/10.1016/s0895-4356%2896%2900002-9
http://www.ncbi.nlm.nih.gov/pubmed/8892489
https://doi.org/10.1002/bjs.6239
http://www.ncbi.nlm.nih.gov/pubmed/18551536
https://doi.org/10.1002/%28sici%291097-0142%2819970215%2979%3A4%26lt%3B857%3A%3Aaid-cncr24%26gt%3B3.0.co%3B2-y
https://doi.org/10.1002/%28sici%291097-0142%2819970215%2979%3A4%26lt%3B857%3A%3Aaid-cncr24%26gt%3B3.0.co%3B2-y
http://www.ncbi.nlm.nih.gov/pubmed/9024725
https://doi.org/10.1002/cncr.25070
http://www.ncbi.nlm.nih.gov/pubmed/20564064
https://doi.org/10.1016/j.jamcollsurg.2007.01.015
https://doi.org/10.1016/j.jamcollsurg.2007.01.015
http://www.ncbi.nlm.nih.gov/pubmed/17481488
https://doi.org/10.1097/EDE.0b013e3181577511
http://www.ncbi.nlm.nih.gov/pubmed/18049195
https://doi.org/10.1158/1055-9965.EPI-08-0417
http://www.ncbi.nlm.nih.gov/pubmed/18843017
https://doi.org/10.1097/MLR.0000000000000073
https://doi.org/10.1097/MLR.0000000000000073
http://www.ncbi.nlm.nih.gov/pubmed/24638121
http://www.ncbi.nlm.nih.gov/pubmed/20808728
https://CRAN.R-project.org/package=caret
https://CRAN.R-project.org/package=caret
https://www.R-project.org/
https://doi.org/10.3389/fonc.2020.00248
http://www.ncbi.nlm.nih.gov/pubmed/32185129
https://doi.org/10.1097/MPA.0000000000001327
http://www.ncbi.nlm.nih.gov/pubmed/31210661
https://doi.org/10.1038/s41598-019-43314-3
http://www.ncbi.nlm.nih.gov/pubmed/31053726
https://doi.org/10.1016/j.jamcollsurg.2019.02.040
http://www.ncbi.nlm.nih.gov/pubmed/30794864
https://doi.org/10.1109/TNNLS.2016.2542866
http://www.ncbi.nlm.nih.gov/pubmed/28113826
https://doi.org/10.1186/1477-7819-12-360
http://www.ncbi.nlm.nih.gov/pubmed/25429841
https://doi.org/10.1371/journal.pone.0249206

