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Prediction of one-year recurrence among
breast cancer patients undergone surgery
using artificial intelligence-based algorithms:
a retrospective study on prognostic factors

Raoof Nopour'”

Abstract

Background and aim Breast cancer is highly prevalent, with an increasing trend in women globally. Although the
survival of breast cancer is relatively high, the recurrence rate is also high, demanding effective predictive solutions
to breast cancer prognosis among post-operative patients. So far, Artificial intelligence algorithms integrated with
various clinical data have demonstrated potential predictive capability regarding breast cancer recurrence.

Objective This study aims to specifically conduct a predictive analysis of one-year recurrence of breast cancer by
comparing and analyzing different machine learning and deep learning algorithms trained by structural prognostic
data.

Materials and methods This retrospective study was carried out using one database, including 1156 post-operative
breast cancer data from 30 January 2020 to 30 December 2022, in three clinical centers in Tehran City. The inclusion
criteria were patients who had undergone at least one surgery, had at least one year of medical records, and did not
have other conditions. The patients who were diagnosed with malignant BC and had undergone adjuvant therapies
without surgery were excluded from the study. Twenty-three prognostic factors were utilized to train algorithms to
establish prediction models for the one-year recurrence of breast cancer. The data were analyzed using univariate and
adjusted correlation-based methods and chosen machine learning and deep learning algorithms. The discrimination,
calibration, and clinical utility were leveraged to assess the algorithms’ performance efficiency. The SHapley Additive
exPlanations plot was generated to identify the prominent prognostic factors affecting the one-year recurrence of
breast cancer.

Results Totally, 445 relapsed and 711 non-relapsed cases were utilized in this study. Our empirical study showed
that the random forest with a positive predictive value of 0.96, negative predictive value of 0.92, sensitivity of 0.92,
specificity of 0.96, accuracy of 0.94, F-score of 0.94, area under the receiver operator characteristics curve of 0.919
was the best-performing model for predicting the breast cancer recurrence. As the analysis of SHapley Additive
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exPlanations indicated, the tumor grade, HER-2, and the number of lymph nodes involved were more significant

predictors.

Conclusion The current study demonstrated the potential predictive power of the random forest for early predicting
tumors among breast cancer patients who have undergone surgery and its utility in enhancing decision-making in
clinical environments. It is crucial in promoting the prognosis, more effectively choosing therapies, augmenting post-
operative breast cancer patients’survival, and controlling the limited healthcare resources.

Clinical trial number Not applicable.

Keywords Artificial intelligence, Tumor recurrence, Breast cancer, Prognosis, Clinical utility

Introduction

Breast cancer (BC) is one of the most common cancers
among the female population worldwide, with the high-
est mortality rate compared to other malignancies, and
is continuously increasing globally [1]. It is estimated
that about 2.3 million new cases are identified annu-
ally regarding BC [2]. This malignancy is the fifth most
common cause of cancer death, accounting for 6.6% of
all cancer deaths worldwide [3]. As a significant public
health dilemma across all countries, this malignancy is
more prevalent in Western nations than in Eastern ones
[4]. However, women in low-income and middle-income
countries are experiencing a sharply rising trend due to
adopting Westernized dietary practices, increased lon-
gevity, and changing lifestyles [5]. Global trends regard-
ing BC incidence and death across 185 countries have
indicated that BC will experience a 38% and 68% increase
associated with new cases and mortality rates, respec-
tively, by 2050 [6].

Early diagnosis and efficient prognosis of BC signifi-
cantly improve the prognosis and increase the likelihood
of recovery; thus, it will help choose a more effective
treatment strategy and decrease mortality rates [7, 8].
Also, manual prognosis and diagnosis of BC take many
hours, even for a clinical specialist, so establishing one
model with better predictive strength is advantageous for
patients. Moreover, it is beneficial in eliminating the toxic
side effects and additional medical costs associated with
unnecessary treatments [9].

Although the five-year BC survival is relatively high, the
recurrence rate is also high (roughly 20-30%, depending
on the stage) [10]. Approximately 30% of patients who
initially manifest the early stage of BC will experience a
recurrence following ten years [11]. Accurate risk assess-
ment of BC recurrence in post-operative patients can
significantly enhance their prognosis by choosing appro-
priate treatment, planning follow-up measures, promot-
ing patient health, and using medical resources [10, 12].

Artificial intelligence (AI) has exhibited potential pre-
dictive efficiencies in oncology, such as risk evaluation,
timely diagnosis, patient prognosis accuracy, and treat-
ment plans based on deep knowledge obtained from
the data [13]. Al-based algorithms, including machine

learning (ML) and deep learning (DL), are crucial in BC
diagnosis and prognosis through developing prediction
models in various research tasks in BC, including risk
forecasting, probability of tumor malignancy, detecting
subtypes or staging, response to adjuvant treatments, and
patient progression-free survival (PFS) or overall survival
(OS) [14]. More specifically, they have appeared in differ-
ent applications in BC detection with satisfactory predic-
tive accuracy using biosensors [15], routine clinical [16],
multi-omics [17], and image data [18]. Al models aiming
to forecast BC recurrence were recognized as a support-
ive tool in clinical environments for assessing follow-up
visits to timely interventions and enhanced therapies to
lower BC mortality [19-23].

To our knowledge, limited studies have specifically
examined the one-year BC recurrence among patients
who have undergone surgery by leveraging ML and DL
models combined with structural data on prognostic fac-
tors. This study aims to establish prediction models for
the one-year BC recurrence by comparing and analyzing
various ML and DL models to achieve novel predictive
insight into BC prognosis in this period.

Methods

The current research was according to the Transparent
Reporting of a Multivariable Prediction Model for Indi-
vidual Prognosis or Diagnosis (TRIPOD) Al statement
[24] (Supplementary A).

Study population and database

This retrospective study aimed to establish prediction
models using Al algorithms for one-year tumor recur-
rence among BC patients who had undergone surgery. To
achieve this, we leveraged one electronic Excel data sheet
(.xIsx format), including the data of 1156 post-operative
BC patients from 30 January 2020 to 30 December 2022,
belonging to three clinical centers in Tehran City. Seven
hundred and eleven and 445 cases were associated with
non-relapsed and relapsed BC cases following one year
of performing the surgery, respectively. The inclusion cri-
teria were patients who had undergone at least one sur-
gery to clear tissue from tumors, had a minimum of one
year of medical records in those centers, and did not have
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other conditions affecting BC recurrence. Conversely,
the patients who were diagnosed with malignant BC and
had undergone adjuvant therapies without surgery were
excluded from the study. The process of arriving at the
study sample size leveraged based on the eligibility crite-
ria is presented in Fig. 1.

Input features and outcome variable

The input features of the current database leveraged for
the model construction included age, smoking, alco-
hol, residence, ethnicity, obesity, use of contraceptive
pills, physical activity, number of other chronic condi-
tions, premature menstruation, absence of pregnancy,
personal history of BC, family history of BC, family his-
tory of different cancers, tumor size, estrogen receptor,
progesterone receptor, HER-2, number of lymph nodes
involved, tumor grade, surgery type, radiotherapy, che-
motherapy, hormonotherapy, targeted therapy. The out-
come variable was the status of BC recurrence after one
year among patients who had undergone surgery. This
variable assesses the relapse status among these patients,
including relapsed tumor and non-relapsed conditions,
which were allotted with 1 and 0 codes in the database,
respectively.

Preprocess of dataset
We reviewed the current database in multiple steps to
enhance its quality for analysis. First, we investigated the

Total admissions
(n=3750)
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database regarding the redundancy. The redundancy in
this step was defined as having more than one row allo-
cated to one patient, and it was registered by a similar
ID. We removed all redundancies affecting the database
quality and might increase analysis bias. Second, any
issues regarding noisy data were solved using statisti-
cal methods. Also, the invalid values for qualitative data
were eliminated from the database by finding the actual
data from the record as possible; otherwise, we removed
this value and embedded it using the mode of values in
the corresponding feature. Third, we handled the miss-
ing data in two conditions. If the missing values consti-
tuted more than 10% of the corresponding record’s data,
we removed them from further analysis; otherwise, in
the condition that we couldn’t find the actual value, we
imputed them using the average and mode values of the
corresponding feature considering the quantitative and
qualitative data, respectively.

Feature selection

Feature selection (FS) is crucial in decreasing the data
dimensionality and improving framework performance
in ML [25]. Some objectives of FS techniques include
eliminating irrelevant and noisy features, lowering the
computational time, and enhancing the sophistication
of training and testing classifiers, which results in more
cost-effective models [26, 27]. It also improves algo-
rithms’ performance in learning, avoids overfitting, and

Not pertaining to BC (n=1623)

A 4

surgery (n=1501)

Total BC cases undergone

Not carried out surgery (n=626)

Excluded cases by:
less than one year history of surgery

h 4

Included cases (n=1156)

(n=218)
Other chronic conditions (n=127)

x 2

Non-relapsed
(n=711)

Fig. 1 The flowchart of the sample selection process
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assists in establishing more generalized models [27]. To
achieve this aim in the current study, we leveraged uni-
variate (eta and Chi-square) and adjusted (logistic regres-
sion) correlation-based analysis. The adjusted regression
analysis implies the estimation of the outcome variable
through the input variable with the presence of at least
one covariate. The variables obtained significant corre-
lation with the outcome class (one-year BC recurrence)
in univariate and adjusted analyses were considered for
model construction. P<0.05 was considered a statistically
significant level to select more competent prognostic fac-
tors regarding one-year BC recurrence.

Data balance solving

This study utilized 1156 post-operative patients, includ-
ing 711 and 445 BC cases about non-recurrent and
recurrent cases, respectively. This proportion of cases
belonging to different class labels causes an imbalance
during training models, resulting in biased accuracy. In
this condition, the classifier would forecast the new cases
favoring the majority class (as the non-recurrent cases).
To address this challenge, we leveraged the Synthetic
Minority Oversampling Technique (SMOTE). This tech-
nique has been specially developed to tackle the imbal-
anced dataset using synthetic samples from minority
cases. The fundamental idea behind the SMOTE as an
oversampling technique is to generate synthetic samples
in the feature space formed by the corresponding sam-
ple and its K-nearest neighbors due to its potential to
impede overfitting and assist the classifier in finding deci-
sion thresholds between classes [28]. By mitigating bias
and achieving highlighted characteristics of the minority
class, SMOTE leads to more accurate forecasting perfor-
mance in ML models [29]. It should be noted that before
more profound analysis in the FS and establishing predic-
tion models for predicting one-year BC recurrence, the
number of minority cases was augmented to 702 cases
(number of non-relapsed cases after preprocessing) by
using the SMOTE technique to mitigate the risk of bias in
the performance results. This way, the number of recur-
rent cases has risen from 438 to 702.

Parameter adjustment, hold-out, and K fold cross-
validation

We employed GridSearch Cross-validation (CV) to
establish prediction models. It is considered a robust
and fine-tuning technique for the algorithms’ training
and evaluation, which plays a crucial role in model opti-
mization. As an automatic hyperparameter adjustment,
GridSearch CV allows a systematic exploration through
prespecified hyperparameter values to identify the more
competent hyperparameter combinations, contributing
to a more favorable forecasting capability [30, 31].
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The hold-out method randomly divides the data into
two independent parts: the train and test sets. Typically,
two-thirds or 70 of the original data is used for the algo-
rithm’s training, and one-third or 30% of the data is con-
sidered to assess the accuracy of the trained algorithm
[32, 33]. Although the estimate is pessimistic in this
situation, with one portion of the initial data to estab-
lish the model, training algorithms with K-fold CV for
hyperparameter tuning would enhance the performance
efficiency.

Also, this study used the K-fold CV method to assess
the performance during model establishment. This way,
all the dataset samples are randomly divided into K equal
sections, namely folds. (K-1) folds are leveraged to train
algorithms and establishment purposes, and one fold is
used to test the algorithms’ performance. This process
would be iterated in K epochs, and the total performance
of algorithms is calculated as the mean of performance
obtained in K times training of the algorithms. The cur-
rent study applied ten-fold CV as an extensively used and
superior validation technique in ML research due to the
distinguished and efficient characteristics compared to
the conventional dividing sample method. This method
facilitates mitigating bias in forecasting errors and
enhances data leverage in training and validation pro-
cesses without overfitting or intervening in testing data
with validation data. It also advocates against the theory
of testing established by arbitrarily split data [34].

Model development

Seven chosen ML and DL algorithms were employed to
establish prediction models for the one-year BC recur-
rence. ML algorithms leveraged included Random Forest
(RF), eXtreme Gradient Boosting (XGB), Support Vec-
tor Machine (SVM), and K-Nearest Neighbor (KNN). In
contrast, DL algorithms consist of Convolutional Neural
Networks (CNN), Long Short-Term Memory (LSTM),
and Deep Neural Networks (DNN). The ML model
would provide a more favorable predictive performance
efficiency and enhanced explainability, while DL models
favor eliciting more sophisticated patterns from the tabu-
lar data. The proposed algorithms utilized simultaneously
give us more predictive insights and the most profound
knowledge on one-year BC relapse. For example, some
research indicated that although CNNs are efficient in
favorable prediction efficiency when leveraging image
data, they were effective on tabular data by learning local
dependencies and patterns in tabular datasets, similar to
identifying image attributes [35]. In more detail, the spe-
cific architecture of CNN, namely 1D-CNN, can provide
favorable predictive efficiency when we use tabular data
for the training algorithm, despite 2D-CNN converting
the input data shape, which hinders its efficiency regard-
ing the tabular data. So, 2D-CNN requires some steps to
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Table 1 Confusion matrix: TP: true positive (relapsed cases
correctly classified as relapsed by model), TN: true negative (non-
relapsed cases correctly classified by model), FN: false negative:
relapsed cases incorrectly classified as non-relapsed cases by
model), FP: false positive: non-relapsed cases incorrectly classified
as relapsed cases by model)

Output Predicted values
Relapsed (+) Non-relapsed (-)
Real values (+) Relapsed TP FN
(-) Non-relapsed FP TN

Table 2 Performance criteria of Al models

Assessment metrics Formula
PPV __TP _
TP+FP
NPV __TN
TN+FN
Specificit __TN _
P Y TN+FP
Sensitivity TP
TP+FN
Accuracy __ TP4TN
TP+FN+FP+TN
TP
F-Score

TP+§(FN+FP)

transform data when we deal with input data of tabular
datasets. Leveraging 1D-CNN with LIME or SHAP val-
ues would give robust predictive performance XAI when
we utilize tabular datasets [36]. Although LSTM is most
commonly used for time-series data, they have indicated
efficacy in achieving sequential patterns from the tabular
data. It optimizes predictive performance, especially for
medical data, by targeting features such as tumor recur-
rence, which are not dynamic data but possess intuitive
consecutive associations [37, 38]. Moreover, in other
research, some specific configurations of LSTM algo-
rithms, such as Stacked Bidirectional LSTM, obtained
satisfactory performance when the tabular datasets
were considered for training the algorithm. This way, the
minimal conversion of the tabular data is needed for this
architecture, and it requires some characteristics such as
batch size and features to train the algorithm [37].

Performance analysis of established models

We used a variety of performance criteria to compre-
hensively assess the predictive efficiency of Al-based
algorithms to predict the one-year BC recurrence. The
confusion-based (Tables 1 and 2) metrics, including Posi-
tive Predictive Value (PPV), Negative Predictive Value
(NPV), sensitivity, specificity, accuracy, and F-score,
were employed to analyze the capability of models’ per-
formance. Moreover, the Receiver Operator Characteris-
tics (ROC) of models were assessed to gauge the models’
potentiality to predict the positive and negative cases
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against each other in various thresholds. The calibration
of Al-based models was investigated using the calibra-
tion curve plot to evaluate the reliability of the estimated
risks. Decision-analytic matrices are set up to abridge
the model’s performance in underpinning decision-mak-
ing. To assess the clinical utility of the Al-based models
established for clinical decision-making, we generated
the Decision Curve Analysis (DCA) plot. It consisted of
Net Benefit (NB) across clinically sensible risk thresholds,
displaying the oscillations between benefit (true posi-
tives) and cost (false positives) in various threshold prob-
abilities among a range of reasonable thresholds [39].

Explainability of Al-based models

Although Al algorithms have been seen in many tasks
with remarkable performance efficiency, the inherent
sophistication of the algorithms puts Al in the black box.
Indeed, it hinders the extensive adoption of healthcare
decision-making due to the lack of transparent, account-
able, and understandable algorithms for humans [40, 41].
Explainable Artificial Intelligence (XAI) is incremen-
tally cited in scientific publications and is essential in
improving trust in Al models established in medicine and
healthcare [42, 43]. They assist clinical professionals in
adopting the advantages of Al in their tasks without any
previous bias occurring due to the lack of interpretability
[44].

As a game-theory approach, SHAP (SHapley Additive
exPlanations) by Lundberg and Lee (2017) is a state-of-
the-art FS mechanism. It interprets each model’s predic-
tion by introducing individual features’ contribution to
the model’s outcome and estimates the Shapley values
[45, 46]. In the current study, we leveraged the SHAP
values to indicate the XAl and predict the one-year BC
recurrence. It exhibits more transparent ML models with
robust predictive performance. Furthermore, integrating
the DL models with SHAP would provide a more pro-
found knowledge of the data with interpretability.

Ethical considerations

The ethical committee board of Tehran University of
Medical Sciences (TUMS) approved the study (Ethics
code: IRTUMS.SPH.REC.1398.401). To protect the pri-
vacy and confidentiality of patients, the unique identifi-
cation information of patients was concealed during all
steps of the study. All methods of the present study fol-
lowed the relevant guidelines and regulations. Informed
consent was obtained from all subjects and/or their legal
guardian(s). Also, there was no patient or public involve-
ment during the study’s design, conduct, reporting, inter-
pretation, or dissemination.
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Results

Preprocess of database and sample characteristics

After investigating the database regarding duplicates,
five cases, including three relapsed and two non-relapsed
duplicate cases, were identified and excluded. Thirty-five
instances, consisting of 10 noisy and 25 missing data (low
rate), were handled using statistical methods and uti-
lized for analysis. Eleven cases, including four relapsed
and seven non-relapsed cases, with more than 10% miss-
ing values, were excluded from the further analysis. In
total, 1140 cases, consisting of 702 non-relapsed and 438
relapsed cases, remained for analysis. The characteristics
of the data leveraged in the study for relapsed and non-
relapsed cases are presented in Table 3.

Feature selection

The results of the univariate and adjusted correlation-
based analyses for one-year relapse are presented in
Table 4. As shown in Table 4, age, smoking, alcohol, obe-
sity, use of the contraceptive pill, physical activity, num-
ber of other chronic conditions, premature menstruation,
absence of pregnancy, personal history of BC, family
history of BC, family history of different cancers, tumor
size, estrogen receptor, progesterone receptor, HER-2,
number of lymph nodes involved, tumor grade, surgery
type, radiotherapy, chemotherapy, hormonotherapy, and
targeted therapy were considered more significant prog-
nostic factors for one-year BC relapse.

Optimal parameters using hyperparameter adjustment
Table 5 displays the Al-based algorithms with optimized
parameters from the hyperparameter adjustment using
the Gridsearch CV. Moreover, the ranges of hyperparam-
eter space search to achieve the higher accuracy algo-
rithms are presented in Table 6.

Performance evaluation of Al-based models
Cross-validation

Table 7 indicates the performance efficiency of the cho-
sen Al-based models for predicting the one-year BC
recurrence using various performance metrics.

As given in Table 7, CNN, with a PPV of 0.80, NPV of
0.82, sensitivity of 0.82, specificity of 0.80, accuracy of
0.81, and F-score of 0.81, exhibited more predictive per-
formance for one-year BC relapse compared to all DL
models. Moreover, RF with a PPV of 0.96, NPV of 0.92,
sensitivity of 0.92, specificity of 0.96, accuracy of 0.94,
and F-score of 0.94 was superior to other ML models
based on all performance criteria investigated. Com-
paring the DL and ML models indicated that RE, as an
ensemble model, attained more performance compe-
tency than others in predicting the one-year BC relapse.
DL models with performance metrics values between
0.7 and 0.82 yielded relatively satisfactory prediction
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performance. Conversely, base ML models, including
KNN and SVM, obtained performance criteria between
0.61 and 0.72, indicating the lowest performance than
other ML and DL models. Despite RF being considered
the best-performing model based on these performance
criteria, the DL models exhibited relatively good to favor-
able prediction performance efficiency with less variabil-
ity than ML models.

Hold-out method

The performance measurements of Al algorithms in train
and test modes by the hold-out method are presented in
Tables 8 and 9, respectively.

As shown in Tables 8 and 9, RF with a PPV of 0.98,
NPV of 0.96, sensitivity of 0.96, specificity of 0.98, accu-
racy of 0.97, and F-score of 0.97 in train mode and with
a PPV of 0.89, NPV of 0.88, sensitivity of 0.88, specificity
of 0.89, accuracy of 0.88, and F-score of 0.88 in test mode
was considered the best-performing model in two modes.
Conversely, the SVM with a PPV of 0.66, NPV of 0.69,
sensitivity of 0.71, specificity of 0.64, accuracy of 0.67,
and F-score of 0.68 in train mode, and with a PPV of 0.58,
NPV of 0.58, sensitivity of 0,59, specificity of 0.57, accu-
racy of 0.58, and F-score of 0.58 in test mode attained
lower performance than other Al algorithms. Except for
SVM, other algorithms obtained favorable prediction
performance (all criteria more than 0.7). With all per-
formance criteria of 0.76, the CNN algorithm obtained
satisfactory predictive performance for BC recurrence in
the test mode. In general, all algorithms have experienced
less than 10% performance decrease in the test rather
than train mode, indicating a low risk of overfitting in
training algorithms.

The ROC curve plots of the chosen ML and DL models
for predicting one-year tumor recurrence are illustrated
in Figs. 2 and 3, respectively. (horizontal and vertical
vertices indicate 1-specificity and sensitivity, respec-
tively). Based on the ROC plots, among all ML models,
RF attained higher AUC, indicating higher prediction
performance regarding relapsed and non-relapsed cases
in various discrimination thresholds. In contrast, the
CNN obtained higher performance competency across
all DL models. Comparing the AU-ROC of ML and DL
models demonstrated the eligibility of the RF model as
the best-performing model for predicting tumor recur-
rence among BC patients who have undergone surgery.
Also, investigating Figs. 4 and 5 confirms the more reli-
able prediction performance attributed to the RF model
based on the calibration curve plot (more similar to the
ideal curve).

The NB curves of the DCA for the Al-based models are
displayed in Fig. 6. In line with the ROC plot analysis, RF
has superior NB compared to other DL and ML models,
showing a more competent clinical utility than others.
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Table 3 The characteristics of the samples used for analysis

Feature Value Total cases (1=1140) Non-relapsed (1=702) Relapsed (n1=438) P_, 1.e

Age (year) <40 214 128 86 <0.001
40-50 323 241 82
50-60 346 215 131
>60 257 118 139

Residence Rural 559 320 239 0.036
Urban 581 382 199

Ethnicity Persian 798 463 335 0.014
Non-Persian 342 239 103

Smoking Have 58 15 43 <0.001
Haven't 1082 687 395

Alcohol Have 106 48 58 <0.001
Haven't 1034 654 380

Obesity Have 429 271 158 0.089
Haven't 711 431 280

Use of contraceptive pills Have 157 68 89 <0.001
Haven't 983 634 349

Physical activity Have 483 224 259 <0.001
Haven't 657 478 179

Number of other chronic conditions 0 389 253 136 0.052
1 421 276 145
>1 330 173 157

Premature menstruation Have 237 98 139 <0.001
Haven't 903 604 299

Absence of pregnancy Have 56 24 32 0.047
Haven't 1084 678 406

Personal history of BC Have 25 7 18 <0.001
Haven't 115 695 420

Family history of BC Have 194 92 102 <0.001
Haven't 946 610 336

Family history of other cancers Have 517 265 252 0.023
Haven't 623 437 186

Tumor size (cm) <2 285 196 89 <0.001
2-5 570 425 145
>5 222 53 169
Invasion to the skin and chest 63 28 35

Estrogen receptor Positive 650 366 284 0.017
Negative 490 336 154

Progesterone receptor Positive 763 439 324 0.001
Negative 377 263 114

HER-2 Positive 380 135 245 <0.001
Negative 760 567 193

Number of lymph nodes involved 0 364 282 82 <0.001
<3 410 288 122
3-10 262 83 179
>10 104 49 55

Tumor grade | 170 138 32 0.036
Il 627 388 239
Il 343 176 167

Surgery type Lumpectomy 513 384 129 <0.001
Mastectomy 627 318 309

Radiotherapy Have 785 533 252 <0.001
Haven't 355 169 186

Chemotherapy Have 724 450 274 0.027
Haven't 416 252 164

Hormonotherapy Have 785 456 329 <0.001
Haven't 355 246 109

Targeted therapy Have 719 424 295 0.001

Haven't 421 278 143
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Table 4 The univariate and adjusted analyses of predictors
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Feature Univariate Adjusted Feature Univariate Adjusted
P—value P—value P—value P—value

Age 0.013 0.034 Family history of other cancers 0.049 0.001

Residence 0.115 0.103 Tumor size <0.001 <0.001

Ethnicity 0216 0.197 Estrogen receptor <0.001 <0.001

Smoking 0.035 0.017 Progesterone receptor <0.001 0.001

Alcohol 0.046 0.05 HER-2 <0.001 <0.001

Obesity 0.001 <0.001 Number of lymph nodes involved <0.001 <0.001

Use of contraceptive pills 0.001 0.013 Tumor grade <0.001 <0.001

Physical activity <0.001 0.015 Surgery type <0.001 <0.001

Number of other chronic conditions <0.001 0.001 Radiotherapy 0.001 0.001

Premature menstruation 0.001 0.034 Chemotherapy <0.001 0.001

Absence of pregnancy 0.001 <0.001 Hormonotherapy 0.016 0.035

Personal history of BC <0.001 <0.001 Targeted therapy 0.023 0.015

Family history of BC <0.001 0.001

Table 5 The algorithms’hyperparameter tuning

Algorithm Parameters

CNN activation: selu, epochs: 20, learning_rate: 0.03, neurons: 25, optimizer: 0.8, batch_size: 60.

RF batch_size =45, max_depth =7, feature_num=5, epoch =50, cal_out_bag=false, seed =3, base_classifier=DT.

SVM Kernel=RBF, C=10, precision=0.1, RBF gamma=0.3, stopping criteria=10E-3.

DNN activation(relu), dropout(0.5), Dense(2), pool_size=(3), kernel size =7, filters_num:40.

XGB max_depth=10, min_child_weight=2, learning_rate=0.5, colsample_bytree =0.75, subsample=0.2.

LSTM Dense (5), learning rate=0.3, momentum =0.65, epochs_num =50, batch size =50, activation =sigmoid.

KNN K=5, batch size=35, CV=true, search algorithm=Linear NN search, distance weighting=None.

Table 6 The ranges of algorithms’hyperparameters

Algorithm Parameters

CNN Epochs (10, 15, 20, 25, 30, 40, 50), learning rate (0.02-0.05), neurons (10, 15, 20, 25, 30, 35, 40, 45, 50), optimizer (0.6, 0.7, 0.8, 0.9)
RF Max depth (6,7,8,9, 10, 12, 15), feature_num (4, 5, 6, 7, 8,9, 10), epoch (20, 30, 40, 50, 70, 100),

SVM C(10,15), RBF gamma (0.1, 0.2, 0.3, 04, 0.5), stopping criteria (10E-1, 10E-2, 10E-3)

DNN Dense (2, 3,4, 5), pool-size (2, 3,4, 5,6, 7), Kernel size (5, 7, 8, 10), filters_sum (10, 20, 30, 40, 50)

XGB Maz_depth (5,6,7,8,9,10, 15), learning_rate (0.3,0.5,0.7,0.8,0.9)

LSTM Dense (2, 3,5, 7), learning rate (0.1, 0.2, 0.3, 0.5), epoch_num (20, 30, 40, 50, 70, 100)

KNN K(3,5,7,9,11,13,15), search algorithm (Linear NN search, KD-Tree)

Table 7 The performance of Al-based models

Algorithm PPV NPV Sensitivity Specificity Accuracy F-Score
CNN 0.80 0.82 0.82 0.80 0.81 0.81

RF 0.96 0.92 0.92 0.96 0.94 0.94
SVM 0.61 0.62 0.62 061 0.62 0.62
DNN 0.71 0.72 0.73 0.70 0.71 0.72

XGB 0.72 0.74 0.75 0.72 0.73 0.73
LSTM 0.76 0.77 0.77 0.76 0.76 0.76

KNN 0.71 0.69 0.68 0.72 0.70 0.70
SHAP summary plot involved, and HER-2 were the more significant predictors

As previously stated, the RF algorithm outperformed
others in predicting the BC one-year recurrence regard-
ing PPV, NPV, sensitivity, specificity, accuracy, F-Score,
and ROC analysis. Accordingly, the SHAP plot (Fig. 7)
was specially generated for this algorithm. As shown
in this figure, the tumor grade, number of lymph nodes

in predicting recurrence.

Discussion

This study aims to predict the one-year recurrence of BC
using Al-based algorithms and prognostic factors. We
applied seven chosen ML and DL algorithms, includ-
ing RF, XGB, SVM, KNN, CNN, LSTM, and DNN, to
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Table 8 The performance of algorithms in train mode
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Algorithm PPV NPV Sensitivity Specificity Accuracy F-Score
CNN 0.84 0.85 0.86 0.84 0.85 0.85
RF 0.98 0.96 0.96 0.98 0.97 0.97
SVM 0.66 0.69 0.71 0.64 0.67 0.68
DNN 0.75 0.80 0.82 0.73 0.77 0.78
XGB 0.79 0.80 0.81 0.78 0.79 0.80
LSTM 0.82 0.81 0.80 0.82 0.81 0.81
KNN 0.75 0.73 0.71 0.76 0.74 0.73
Table 9 The performance of algorithms in test mode
Algorithm PPV NPV Sensitivity Specificity Accuracy F-Score
CNN 0.76 0.76 0.76 0.76 0.76 0.76
RF 0.89 0.88 0.88 0.89 0.88 0.88
SYM 0.58 0.58 0.59 0.57 0.58 0.58
DNN 0.67 0.68 0.69 0.66 0.67 0.68
XGB 0.68 0.69 0.71 0.66 0.68 0.69
LSTM 0.69 0.70 0.71 0.68 0.69 0.70
KNN 0.66 0.63 0.60 0.68 0.64 0.63
1 f..m?* 1 s . N
/ S/
f e
/ /
0.5 1 j 0.5 /X’/
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Fig. 2 The ROC curve plots for ML models

establish prediction models to this end. The compre-
hensive performance criteria, including PPV, NPV,
sensitivity, specificity, accuracy, F-score, AU-ROC,
calibration, and DCA curves, were measured to assess
models’ discrimination, reliability, and clinical utility for
tumor recurrence. We generated the SHAP summary plot
to indicate the XAI and show the interpretability of the
Al-based models. The current empirical results showed
that RE, with a PPV of 0.96, NPV of 0.92, sensitivity of

0.92, specificity of 0.96, accuracy of 0.94, F-score of 0.94,
AU-ROC of 0.919, more calibration, and NB was an out-
standing model in predicting one-year recurrence of BC.
Also, the SHAP summary plot for the RF model exhib-
ited tumor grade, number of lymph nodes involved, and
HER-2 as the more competent descriptors for predicting
the one-year recurrence of BC.

So far, several efforts have been made to establish a
prediction model for BC recurrence using DL and ML
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AU-ROC (LSTM)=0.757

AU-ROC (DNN)=0.712

Fig. 3 The ROC curve plots for DL models

algorithms, and we have pointed out some of these stud-
ies. LG’s analysis has focused on the ML models for pre-
dicting BC recurrence by utilizing 1189 records and 22
predictors. They indicated that SVM is an outstanding
model with an accuracy of 0.957 in predicting recur-
rence. Also, HER2, tumor grade, and the number of
lymph nodes involved were prominent prognostic factors
for the two-year BC recurrence [47]. In the current study,
the ensemble model, such as RF, revealed more predictive
performance efficiency than other DL and ML models.
Also, the aforementioned prognostic factors were consid-
ered more significant for predicting the one-year recur-
rence of BC, similar to LS’s study.

Despite DL algorithms obtaining higher predictive per-
formance when dealing with more complicated data such
as images, text, and others, the current study showed
higher performance efficiency for RF compared to the
DL algorithms. Indeed, some ML models, such as RF as
one hybrid ML algorithm, usually provide satisfactory
performance efficiency when we leverage simpler data,
such as tabular datasets, to establish prediction models.
The RF model has also obtained satisfactory predictive
performance in other studies leveraging tabular data;
for example, it has attained an excellent predictive per-
formance with an accuracy of 0.97 [48]. The superior-
ity of ML models over DL is not always confirmed in all
empirical studies using tabular data, and this superiority
varies depending on the data used. In other words, the
DL models may obtain higher predictive performance
than ML ones in some research. In one study by Cai et al,,
the DL model with an accuracy of 0.89 was considered a

0.5 1

higher-performing model compared to ML models [49].
Indeed, in some scenarios, the DL models may provide
more performance efficiency. So, leveraging DL models
may assist us in obtaining higher predictive performance
when we use tabular data.

Zuo et al. examined BC recurrence using the prognos-
tic factors obtained by AdaBoost as the best classifier for
predicting recurrence [50]. Alzubiet al. leveraged ML and
natural language processing algorithms to extract essen-
tial features from the medical records and developed the
prediction model for BC recurrence. OneR algorithm
was considered the best model on this topic. Alzubiet’s
study determined tumor grade as a top-ranking predic-
tor for BC recurrence, consistent with our experimental
study [21]. Lou et al. investigated ten-year BC recurrence
using ML models and registry data on prognostic fac-
tors. Artificial Neural Network (ANN) with an AU-ROC
of 97.62% and 95% CI of 96.83-98.41% in validation data
was recognized as a more eligible model to enhance clini-
cal decision-making. Based on the ANN model, tumor
stage was the best predictor for the prognosis of ten-year
BC recurrence, which was in line with our result [51].
Liu et al. indicated the competency of XGB with the AU-
ROC of 0.75 and 0.72 in internal and external datasets for
predicting BC recurrence and metastasis using the clini-
cal data extracted from the histopathological images [22].
Compared to the study of Liu, where ML models trained
by the extracted features of image data showed higher
performance, in the present study, DL models achieved
higher performance than some ML models when using
routine clinical data.
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Fig. 4 Calibration plots for ML models

Kim et al. leveraged SVM to construct prediction mod-
els for the five-year BC metastasis after surgery, which
resulted in an AU-ROC of 0.85 and 95% CI of 0.79-0.91
[10]. The current research resulted in higher performance
of DL and ensemble ML models for predicting one-year
BC recurrence despite Kim’s study that has obtained the
SVM as a higher-performing model for the five-year BC
relapse.

Despite the current study that revealed that the RF
model obtained higher predictive results than other Al
algorithms, other studies have shown that the base algo-
rithms, such as SVM or simple NN, are more efficient in
predicting BC recurrence. The superiority of algorithms’
performance entirely depends on the experimental con-
ditions with different datasets, even among structural
types. Although ensemble algorithms such as RF usually
get more performance than simple ones, this subject can-
not be extended to all experimental results. As indicated
in the previous studies, the simple algorithms are more
efficient for predicting BC relapse.

Regarding the model selection and prognostic fac-
tors, we found one study conducted by Tsenga et al,
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which focused on serum biomarkers and clinicopatho-
logical data and resulted in the superiority of RF with an
AU-ROC of 0.75 for predicting BC recurrence. More-
over, this study obtained HER2 as a critical predictor
of prognostication [52]. The LN involvement rate and
HER?2 value were two significant indicators of BC recur-
rence in Mosayebi’s study, revealing their potential influ-
ence in enhancing the prognosis of BC relapse [53]. DL
models were known as efficient algorithms for predict-
ing BC recurrence. One study by Kim et al. revealed that
the Weibull Time To Event Recurrent Neural Network
(WTTE-RNN) trained by clinical data and follow-up
clinical information entailing laboratory and image data,
with the AU-ROC between 0.91 and 0.92, is satisfactory
to predict 2-7 years of BC recurrence [54]. Howard’s
study utilized the DL approach and clinical features on
pathological images to predict this aim [55]. Druker et al.
leveraged DL with MRI data to predict at least 2 (or 5)
years of BC recurrence-free follow-up and gained an AU-
ROC of 0.8 [56]. Su et al. focused on BC recurrence using
DL trained by histopathological data and obtained the
overall AU-ROC of 0.775 and 0.811 from two separate
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Fig. 5 Calibration plots for DL models
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Fig. 6 The DCA of Al-based models. The NB curves for the chosen prog-
nostic factors are indicated. The X and Y axes indicate the risk thresholds
for predicting the one-year BC recurrence and NB, respectively

datasets [57]. Phan et al. utilized deep convolutional neu-
ral networks and 233 complete slide images belonging to
138 BC cases to predict BC recurrence, resulting in an
accuracy of 0.91.

As previously mentioned, more studies focusing on
BC recurrence were on investigating the patients’ fol-
low-up more than two years after BC surgery. However,
the patient’s follow-up and identification after perform-
ing one year after surgery is crucial in enhancing the
patients’ prognosis and choosing more efficient ther-
apy measures to increase patients’ survival. Hence, we
endeavored to utilize Al-based algorithms to predict
the one-year BC recurrence. In addition, other studies
revealed that the DL algorithms obtain favorable perfor-
mance efficiency when trained by tabular and structural
data. By achieving this approach, we demonstrated the
efficacy of DL algorithms for predicting the one-year
BC recurrence. Furthermore, the XAI demonstrated the
predictive competency of prognostic descriptors for one-
year BC recurrence, highlighting their potential utility in
decision-making in clinical environments. It is similar to
other studies that prognosticated the BC recurrence in
two to ten years after performing surgery.
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Limitations and future trends

Despite the benefits of the current study, we faced some
limitations that should be considered. Firstly, we used
the 1156 data of BC cases belonging to three clinical cen-
ters, which may influence the performance of the cur-
rent established models. We recommend conducting a
prospective study and gathering more clinical data from
more clinical centers to increase the performance and
comprehensiveness of the models. Secondly, we used
preprocessing steps, such as the imputation process,
to fill in some missing data, which may impact the data
quality. For this subject, we suggest finding real value
from patients’ records or contacting patients if possible
to increase the chance of preserving the characteristics
of the original data. Thirdly, this study failed to gauge the
external validity of models, and we suggest performing
this step to assess the generalizability of the models for
predicting the one-year BC recurrence. Another limita-
tion of this study was the lack of evaluating the current
prognostic models with new cases and comparing the
performance with other existing tools such as Oncotype
DX, Nottingham Prognostic Index, or AJCC staging to
assess the performance ability of the model regarding
other prognostic tools. For future studies, we recommend
one cohort study to compare the prognostic models con-
structed by the Al-based algorithms with other existing
tools to achieve better clinical utility of the established
prediction models.

Conclusion

The current study specifically conducted a predictive
analysis of the ML and DL algorithms to predict the
one-year BC recurrence. Our empirical results demon-
strated the superiority of the RF model over the other
ML and DL models in terms of prediction performance.

XAI showed that tumor grade, number of lymph nodes
involved, and HER-2 were more eligible to enhance the
clinical utility of the model established. The current
empirical results indicate that RF is a potential technol-
ogy in the early prediction of BC among post-operative
patients. Doctors can use the knowledge extracted from
the model and effective prognostic factors to make more
efficient clinical decisions in healthcare settings. Consid-
ering the performance obtained in the current research,
this model can improve the prognosis and therapy, con-
trol costs and other limited resources in healthcare, and
increase survival by enhancing the efficiency of clinical
decision-making by healthcare providers.
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