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Abstract
Background: Improper patient navigation and follow-up measures hamper breast cancer screening
programs. To augment existing programs, we aimed to develop a decision support system for early
breast cancer detection, by training and validating machine learning classi�cation algorithms on routinely
available patient data.

Methods: Data were collected prospectively from eligible consenting women who visited a single
university a�liated center in Tehran, Iran, during a two-year period. We selected 17 features from patient
demographics, history, clinical examination and screening imaging. Breast cancer diagnosis was
assessed one year after initial data collection. Positive outcomes where con�rmed with tissue biopsy. Six
supervised machine learning classi�cation algorithms (including two arti�cial neural networks) were
trained on 743 cases. Odds ratios were calculated using logistic regression.

Results: 34% of participants were diagnosed with breast cancer. Highest adjusted odds ratios (95%CI)
belonged to ultrasound: 24.8 (12.4,52.0) and mammography: 21.7 (8.8,58.5). When evaluated on all
patients, random forest model possessed the highest AUC (95%CI) of 0.98 (0.97,0.99). The results of 10-
fold strati�ed cross-validation supported model stability. Based on the mean of ten validation iterations,
random forest provided the highest accuracy (93.3%) sensitivity (91.9%) and NPV (96.2%). K-nearest-
neighbors model provided the highest speci�city (95.9%) and PPV (91.9%).

Conclusions: Machine learning models trained on basic demographics, history, clinical examination and
breast screening imaging can predict breast cancer accurately. Such decision support tools when added
to existing programs can boost the effectiveness of screening measures. Implementation ultimately
depends on future works which will focus on external validation, interface development and cost-
effectiveness analysis.

Introduction
Breast cancer is the most commonly diagnosed cancer and one of the leading causes of cancer-related
death in women worldwide 1, 2. Screening programs improve early stage diagnosis and save lives 2–4.
Comprehensive interventions have helped extend such programs and overcome the barriers in different
communities 5, 6. However, the failure of health delivery systems in providing proper post-screening
patient navigation is a cause for concern, particularly in the underserved areas 7, 8.

Due to the variability in the interpretation of screening reports 9 and lack of resources for specialized care
and further con�rmatory tests, community physicians form their referral recommendations considering
logistics, socioeconomic factors 10–12, and the effects of possible false results on patient psychology
and future participation 13, 14. Providing health care professionals with helpful clinical decision support
tools, can reduce the adverse effects of such unsystematic subjective decisions and boost the bene�ts of
public health services including screening programs 15–17.
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Machine learning techniques can provide dynamic models that detect subtle relationships between large
numbers of variables. Following the progress in the computational power and data storage systems, such
techniques are applied extensively in the healthcare �eld 18, 19. Researchers have implemented machine
learning to address several aspects of breast cancer management 20–23 and some works have previously
used statistical or machine learning algorithms on various categories of predictors to provide breast
cancer risk scoring systems 24–26. However, each speci�c clinical problem requires a scale that receives
its inputs from the data that is available to its intended end-users, and performs well in the relevant
patient population and healthcare setting 27, 28.

While community centers and o�ces commonly do not collect massive structured data, the routinely
registered patient data might be enough for developing clinical tools that help physicians classify
patients accurately, and improve objective decision making 29–31. Such tools go through several
development phases. To create a decision aid for improved breast cancer detection, �rst we need to train
algorithms on data from patients that resemble our target population. Then we should validate their
accuracy before testing them on external datasets to estimate their generalizability. At this stage, their
cost-effectiveness can be compared with the standard of care 32–34.

In this work, we aimed to develop classi�cation machine learning algorithms on selected variables from
patient demographics, history, clinical examination and screening imaging reports. It will be the �rst step
of developing a diagnostic tool for physicians who are faced with decision making dilemmas regarding
breast cancer patients.

Methods
Overview

The institutional review board at Tehran University of Medical Sciences passed the research protocol on
2016. Data were collected prospectively from the breast clinic at Sina Hospital, Tehran, Iran. Total study
course spanned 2016-19. Written informed consent pertinent to the study type was obtained from all
participants. All analysis were performed using R version 3.5.3 (R foundation for statistical computing,
Vienna, Austria). Figure 1 summarizes the research sequence.

Participants

Breast clinic at Sina Hospital cares for patients with any breast related complaint mostly from lower
socioeconomic levels and receives both new patients and referrals. All patients are primarily visited by
junior general surgery residents who also record relevant patient information. They are then presented to
senior residents or attending surgeons who shared with patients, decide the proper course of intervention.
Study population included all consenting women visiting the clinic for the �rst time. The following were
excluded: 1. Patients who had a history of breast cancer in the past; 2. Patients who had a pathological
evaluation or a de�nite diagnosis for a breast disease from another center; 3. Patients who had a known
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genetic predisposition to breast cancer (such as BRCA1/2 mutation); 4. Patients who had visited the
breast clinic before the commencement of this study; 5. Patients who had missing values for more than
one of the selected features. 894 visiting patients were eligible for inclusion. Disease status for all eligible
patients was reexamined one year after collecting the last patient data. 94 patients were lost to follow up.

Labeling outcomes

Routinely, all patients who are suspected to have a malignant breast disease undergo breast tissue
biopsy and receive a pathologic evaluation by board certi�ed pathologists at Sina Hospital. This
evaluation was used as the con�rmation test for positive outcomes (breast cancer) of this study;
however, subjecting all patients to biopsy without indication would be unethical. Therefore the research
protocol de�ned the reference standard for labeling outcomes as follows: Any patient with a positive
biopsy for any kind of breast malignancy at any time during the study period was considered as positive.
All the patients who had not undergone biopsy (i.e. had recovered from a benign disease or at the time of
follow up, were still being managed under a non-malignant diagnosis) as well as patients with non-
malignant biopsy specimens were considered as negative.

See the complete patient �ow diagram and outcome assignment at �gure 2.

Feature selection

We prioritized our speci�c clinical problem, availability of data to potential end-users, parsimony and
over�tting avoidance 35. From the pool of routinely collected data at the clinic, we selected 17 features
(independent variables) which were among the identi�ed predictors of breast cancer in the existing
literature 2, 36. They covered patient demographics, symptoms and history, �ndings in the clinical
examination as well as mammography and ultrasound imaging (due to its common role in breast cancer
screening as well as diagnosing benign breast disease 37, 38). See table 2 in the results section for a
comprehensive list of all selected features.

Inputs

‘Reason for visit’ was entered in four categories: 1. Pain, discomfort, or discharge; 2. Abnormal �ndings in
self-examination; 3.Presenting the results of mammography/ultrasound performed elsewhere; 4. asking
for a second opinion on a breast related complaint (without con�rmed diagnosis); 5. Other reasons. The
following were entered in a binary format (1 indicating the presence and 0 indicating the absence of the
condition): Breast pain (mastalgia); cyclic type of mastalgia; history of OCP (oral contraceptive pills) use;
history of smoking; family history of breast disease in �rst degree relatives; auxiliary lymphadenopathy;
breast mass; breast tenderness; breast discharge; and clinical opinion. For clinical opinion, we asked the
examining physicians to mark the patients who based on history, examination and available imaging,
had a high probability for malignant breast disease. Mammography/ultrasound results were also entered
in a binary scale based on their reported BI-RADS scoring 39 (one indicating BI-RADS 4 and 5, and zero
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indicating BI-RADS 1,2 and 3). Age, age at menarche, age at �rst full-term pregnancy and number of full
term pregnancies were entered in a numerical format.

Data preprocessing

All gathered data underwent preprocessing to optimize model training. ‘R package “missForest’ was used
to impute missing values. The package uses a multivariate iterative method based on random forest
algorithms. This method is non-parametric and allows for mixed data types, non-linear data structures
and complex interactions 40. Using R package “mvoutlier”, a multivariate procedure that relies on robust
mahalanobis distances was implemented to identify outliers 41. To remove variation in feature scales and
help models converge faster, all features where normalized using the min-max scaler function:  

Algorithms

The purpose of this work is to train supervised algorithms for a data classi�cation task (i.e. by training
machine learning algorithms on data with known class labels, we are developing a breast cancer
prediction model that classi�es patients with unknown outcomes). Considering the properties of our
dataset and the attributes of different machine learning and neural networks based methods 21, 42, 43, we
decided to train and test six algorithms (‘associated R package’) that were most pertinent to our task:
Decision tree (tree); K nearest neighbors (CORElearn); Multi-layer perceptron (RSNNS); Random Forest
(randomForest); Single hidden layer (nnet); and Support vector machines (kernlab). All hyper-parameters
were set as default. We implemented logistic regression to calculate the adjusted odds ratio for each
independent variable.

Performance evaluation

Trained algorithms were run on all collected data. To compare performances, we calculated accuracy,
sensitivity, speci�city, positive predictive value (PPV), negative predictive value (NPV) and estimated
prevalence with con�dence intervals for each model. We provided receiver operating characteristic (ROC)
curves with associated area under the curve (AUC) measurements as well.  44, 45. See the supplementary
material for information on performance metrics.

Validation

Models trained on relatively small datasets are prone to bias and over�tting. Therefore in addition to the
primary evaluation, we performed a 10-fold strati�ed cross validation for all six algorithms 46. The
dataset was randomly divided into ten equal subsets. Each subset was used as a testing set, while the
algorithms were trained on the remaining nine subsets. The mean and range of performance statistics for
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these ten iterations were reported and compared to the primary evaluation in order to assess model
stability.

Results
57 outliers were removed during preprocessing. We trained machine learning algorithms on the collected
data from 743 patients. 253 (34%) patients were positive for breast cancer. Descriptive statistics on all
independent variables as wells as respective odds ratios can be viewed at table 1. Mammography and
ultrasound imaging possessed the highest adjusted odds ratios.

Table 1 Selected features: descriptive statistics and odds ratios
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Category Feature Median (IQR)a or frequencyb,c Odds ratio

(95% CI)Total
(n=743)

Cancer +
(n=253)

Cancer
-
(n=490)

Disease
History

Reason for visit        

·    Presenting previously
performed imagingd

17.2% 15.0% 18.4% 1

·    Asking for a second
opinion

20.3% 37.2% 11.6% 3.69
(1.41,9.95)*

·    Abnormal �ndings in self
examination

21.9% 37.5% 13.9% 1.88
(0.70,5.13)

·    Pain, discomfort, or
discharge

17.4% 5.1% 23.7% 0.26
(0.06,0.99)*

·    Other reasons 23.1% 5.1% 32.4% 0.78
(0.26,2.3)

Age 44 (38-
51)

45 (38-54) 43 (37-
50)

1.03
(0.99,1.07)

Age at Menarche 13 (12-
14)

13 (13-14) 13 (12-
14)

1.12
(0.88,1.43)

Age at �rst full-term
pregnancy

22 (19-
25)

22 (19-25) 23 (20-
25)

1.02
(0.94,1.11)

Number of full-term
pregnanciese

2 (1-3) 2 (1-3) 2 (1-3) 0.80
(0.62,1.04)

Family Historyf 18.8% 21.7% 17.3% 2.59
(1.12,6.12)*

Mastalgia 45.6% 28.5% 54.5% 0.44
(0.21,0.91)*

Mastalgia typeg 60.2% 34.7% 67.0% 0.30
(0.14,0.63)*

OCP 23.7% 28.5% 21.2% 1.08
(0.50,2.30)

Smoking 15.3% 17.8% 14.1% 1.44
(0.59,3.49)

Examination Axillary lymphadenopathy 4.7% 11.9% 1.0% 5.50
(1.23,27.33)*

Breast mass 45.2% 71.9% 31.4% 2.43
(1.09,5.41)*

Breast tenderness 10.5% 8.3% 11.6% 0.47
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(0.14,1.50)

Discharge 5.8% 2.8% 7.3% 1.56
(0.28,7.42)

Clinical opinionh 27.5% 59.7% 10.8% 0.91
(0.39,2.08)

Imagingi Mammography 23.3% 63.2% 2.7% 21.7
(8.9,58.5)*

Ultrasound 33.4% 85.0% 6.7% 24.8
(12.4,52.0)*

* Signi�cant at p<0.05. a. Interquartile range b. Percentages indicate the presence of conditions. c. Higher
frequencies are in bold. d. The odds for this category were closest to one. Odds ratios for all other
categories were compared to this one. e. Reported for patients with at least one full-term pregnancy f.
Percentage of people with a history of breast cancer in mother/sisters/daughters g. Prevalence of cyclic
type in patients with breast pain. h. See text for de�nition. i. BI-RADS 4 and 5 were regarded as positive.

Performance statistics and ROC curves are respectively presented in table 2 and �gure 3.  All AUCs are
above 0.90 and show excellent model performance. Random forest algorithm, provided the highest AUC
(0.98), accuracy (92.8%) sensitively (90.9%) and NPV (95.2%). K nearest neighbors provided the highest
speci�city (96.1%) and PPV (91.1%).  Two of six models are based on arti�cial neural networks (ANN) 42,

43; on all evaluation metrics, multi-layer perceptron outperformed single hidden layer which provided the
lowest metrics of all.

Table 2 Evaluation statistics: models’ performance on the dataset
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Model Accuracy
(95% CI)

Sensitivity
(95% CI)

Speci�city
(95% CI)

PPV
(95%
CI)

NPV
(95%
CI)

Estimated
Prevalence

Decision tree 90.8
(88.5-
92.8)

87.7
(83.0-
91.5)

0.92.4
(89.7-
94.6)

85.7
(80.8-
89.7)

93.5
(91.0-
95.6)

34.8

K nearest neighbors 89.7
(87.3-
91.8)

77.4
(71.8-
82.4)

96.1
(94.0-
97.6)

91.1
(86.5-
94.5)

89.2
(86.2-
91.7)

28.9

Multi-layer
perceptron

92.8
(90.7-
94.6)

90.5
(86.2-
93.8)

94.0
(91.6-
96.0)

88.7
(84.2-
92.3)

95.0
(92.7-
96.8

34.7

Random forest 92.8
(90.7-
94.6)

90.9
(86.6-
94.1)

93.8
(91.3-
95.8)

88.4
(83.9-
92.0)

95.2
(92.9-
96.9)

34.9

Single hidden layer 89.6
(87.2-
91.7)

85.7
(80.8-
89.8)

91.6
(88.8-
93.9)

84.1
(79.0-
88.3)

92.5
(89.8-
94.7)

34.7

Support vector
machines

90.9
(88.6-
92.9)

86.5
(81.7-
90.5)

93.2
(90.6-
95.3)

86.9
(82.1-
90.8)

93.0
(90.4-
95.1)

33.9

The results for 10-fold strati�ed cross validation can be viewed at table 3. The mean and range of each
statistic from ten validation iterations correspond properly to the performance statistics and con�dence
intervals of the primary evaluation, and therefore provide evidence for the validity and stability of all
trained algorithms on this dataset.

Table 3 Cross-validation results*
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Model Mean (Range)

Accuracy Sensitivity Speci�city PPV NPV

Decision tree 88.0 
(81.3-94.6)

88.0 
(80.6-92.5)

93.7 
(89.7-95.8)

86.6 
(80.0-90.2)

92.5  
88.1-97.5)

K nearest neighbors 90.6 
(86.6-94.6)

76.0 
(72.7-84.9)

95.9 
(88.8-98.0)

91.9 
(85.8-96.5)

87.3 
(79.4-93.4)

Multi-layer perceptron 93.3 
(88.0-96.0)

87.5

(83.3-92.5)

95.8 
(90.1-1.00)

90.0 
(84.1-1.00)

93.9 
(88.7-97.6)

Random forest 93.3 
(86.6-98.6)

91.9 
(84.6-1.00)

94.4 
(89.5-98.8)

88.1 
(84.0-93.9)

96.2 
(89.9-1.00)

Single hidden layer 88.0 
(85.3-92.0)

85.2 
(76.7-90.2)

89.8 
(85.1-94.8)

82.7 
(77.0-88.4)

90.6 
(85.9-96.7)

Support vector machines 92.0 
(86.6-94.6)

88.5 
(82.2-92.6)

94.0 
(89.2-97.3)

88.0 
(83.3-91.2)

93.0 
(88.2-96.2)

* Mean and range of statistics for 10-fold repeated cross validation. This process included dividing the
dataset to 10 equal random subsets. Each subset of 10% was used as the testing set for algorithms that
were trained on the remaining 90%

Discussion
Rigorous screening and appropriate post-detection follow up programs help reduce breast cancer
mortality 4. Plenty of effort has made screening more accessible for women; yet inadequate follow up
could diminish the effectiveness of preventive measures 6, 12. To address these failures, we developed
machine learning algorithms through supervised training 19, 42 on the routinely collected demographic,
history, examination and imaging data from patients. All models showed relatively high performance and
accuracy in classifying patients into two groups with high and low probability for breast cancer.

Interestingly, the variable ‘clinical opinion’ (physicians’ answers to: “considering all recorded variables, do
you think this patient has a high probability for breast cancer?” a question that possibly prompts
responders to minimize the false positive rate of their replies), provided relatively high speci�city (90%)
and low sensitivity (60%) when used singularly. The �nal models that incorporated values from this
intuition-based variable in their training, had improvements in speci�city and substantial changes in
sensitivity. Similar patterns emerge when comparing the performance of imaging modalities with the �nal
comprehensive models.

When comparing the results of modeling studies, the difference in research questions and clinical
problems should be taken into account 27. We set about to develop an aid for breast cancer detection and
unlike prognostic tools 20, breast cancer mortality/survival was not our outcome of choice. As our target
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population includes women before they are referred for further specialized interventions, unlike other
works 23, we did not consider independent variables that were based on the interpretation of biopsy
results. We trained selected algorithms on demographics, patient history, clinical examination as well as
mammographic and ultrasound imaging results. Consequently, our models greatly outperform algorithms
trained solely on general patient health data 26, 29. Some works use databases of mammographic or other
imaging modalities directly 21, 22 and others include several features related to mammographic screening
reports 17. While these methods could possibly improve model accuracy, considering the setting and
potential end users of our work, we believe including a single binary feature for each imaging modality
was the pragmatic choice.

We purposefully collected the training dataset from a sample that approximates the target population:
Sina Hospital receives most of its patients form lower socioeconomic levels; junior surgical residents
(with lower specialized skills compared to board-certi�ed surgeons) recorded history and clinical
examination; and all selected variables are among the readily available information to primary care
physicians. However, this work bears limitations. Some clinically relevant variables (e.g. BMI, age of
menopause 2) were excluded because of the high frequency of missing values. It is uncertain, but their
inclusion could potentially affect model metrics 35. In addition, due to methodological characteristics of
this research, causal interpretations about the independent variables are only valuable alongside more
comprehensive works 2, 36. Also, the adjusted odd ratios are estimated by a logistic regression model -that
included all 20 exploratory variables with no interaction terms- and merely show the unique contribution
of each independent variable to the classi�cation task; Thus they should not be interpreted as the relative
importance of different breast cancer risk factors and an insigni�cant OR does not mean the clinical
value of a variable is minimal 47, 48. Furthermore, ethical considerations will not allow subjecting patients
to biopsy without a clinical indication. To overcome this �aw, we had de�ned a unique reference standard
that included a second status assessment for all patients (at least on year after the �rst visit). Yet, as
there are no valid comparisons between our reference standard and biopsy results, the effects of possible
residual misclassi�cation of patients on model performance is unclear 49. Finally, our study population
included people who had visited the clinic and undergone breast imaging with different complaints or
indications. Therefore the population of women with no signs and symptoms are clearly under-
represented. Consequently our sample population has a much higher rate for breast cancer (34%)
compared to a random set of women who undergo screening regardless of their history or examination.
As performance statistics are affected by this difference 44, caution should be applied in generalizing the
results of this study to different settings and populations 50, 51.

We should emphasize that such clinical decision support tools are not intended to substitute physicians,
but to help them decide proper interventions when facing various uncertainties regarding multiple
medical and social determinants 15, 30. The current work is the earliest step in a multi-step process of
modifying a preventive health service through applied informatics 32, 33. After training and validation on
the development set, the next step is to test these classi�cation algorithms on external data sets to
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evaluate their generalizability (the evidence shows not all models pass their external validation tests and
most underperform) 50. Choosing which algorithms will undergo external tests depends on the clinical
problem and the type of error we wish to minimize 52. K-nearest neighbors model provides the highest
speci�city; However, as we set about to augment breast screening and early detection programs, the
random forest model with the highest AUC, as well as the highest sensitivity and NPV will be our choice
44, 45. If this model repeats its high accuracy in the testing sets, the next step is developing a working
application with a user-friendly interface that runs the classi�cation algorithm on the user-entered data
from individual patients 53. Prospective and preferably randomized studies in the target populations, can
compare the effectiveness of application-aided follow up programs with the standard of care in
improving important clinical (mortality) or patient centered (quality of life) outcomes 16, 54. In case of
signi�cant improvements, relevant health delivery services can deliberate on adopting these algorithm-
aided programs more extensively, only after implementation and organizational issues regarding costs,
privacy, bias, and su�cient regulation are fully considered. 28, 55, 56. Even then, maintaining a well-
calibrated and unbiased model will remain a perpetual concern for any organization that utilizes such
algorithmic tools 57.

Conclusions
This work shows classi�cation machine learning models developed on basic demographics, history,
clinical examination and breast screening imaging data, can accurately predict breast cancer and
therefore be proper diagnostic tools to be added to the existing public health programs. Future
investigations will test best performing models on external datasets and assess the effectiveness of
related applications as a practical support tool in clinical decision making and screening programs.
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Figure 2

Patient �ow and outcome assignments
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Figure 3

Receiver operating characteristic curves and area under the curve measurements
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