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A B S T R A C T

Purpose: MRI-based tumor response prediction to neoadjuvant systemic therapy (NST) in breast cancer patients
is increasingly being studied using radiomics with outcomes that appear to be promising.

The aim of this study is to systematically review the current literature and reflect on its quality.
Methods: PubMed and EMBASE databases were systematically searched for studies investigating MRI-based
radiomics for tumor response prediction. Abstracts were screened by two reviewers independently. The quality
of the radiomics workflow of eligible studies was assessed using the Radiomics Quality Score (RQS). An overview
of the methodologies used in steps of the radiomics workflow and current results are presented.
Results: Sixteen studies were included with cohort sizes ranging from 35 to 414 patients. The RQS scores varied
from 0 % to 41.2 %. Methodologies in the radiomics workflow varied greatly, especially region of interest
segmentation, features selection, and model development with heterogeneous outcomes as a result. Seven stu-
dies applied univariate analysis and nine studies applied multivariate analysis. Most studies performed their
analysis on the pretreatment dynamic contrast-enhanced T1-weighted sequence. Entropy was the best per-
forming individual feature with AUC values ranging from 0.83 to 0.85. The best performing multivariate pre-
diction model, based on logistic regression analysis, scored a validation AUC of 0.94.
Conclusion: This systematic review revealed large methodological heterogeneity for each step of the MRI-based
radiomics workflow, consequently, the (overall promising) results are difficult to compare. Consensus for
standardization of MRI-based radiomics workflow for tumor response prediction to NST in breast cancer patients
is needed to further improve research.

1. Introduction

Neoadjuvant systemic therapy (NST) is increasingly used for breast
cancer treatment [1–4]. Compared to adjuvant chemotherapy, NST
bears the advantages of observing in vivo tumor response, decreasing
tumor size (i.e., enabling breast-conserving therapy where initially
mastectomy was indicated), and the possibility of achieving pathologic
complete response (pCR) [5,6]. Tumor pCR is clinically relevant as it
correlates with better prognosis expressed in improved disease-free
survival and overall survival [7–9]. Unfortunately, not all patients re-
spond well to NST, with treatment response ranging from pCR to non-
response, and even to disease progression.

Different imaging modalities can be used to assess and predict
tumor response to NST in breast cancer patients. Breast magnetic re-
sonance imaging (MRI) is considered the most accurate imaging mod-
ality for both tumor assessment and response prediction [10,11].
However, its accuracy in assessing and predicting tumor response to
NST remains insufficient to adapt treatment in clinical practice
[12–14]. In addition, it is not possible to predict tumor response to NST
based solely on the pretreatment MRI. Therefore, there is a continuous
need to further improve breast MRI accuracy for this purpose.

Recent developments in tumor response prediction to NST show
promising results in objectively interpreting MR images (usually from
pre- and mid-treatment exams) using quantitative imaging analysis
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(QIA), such as radiomics. Radiomics is a high-throughput QIA method
which extracts a large number of features from standard-of-care med-
ical images [15] (Fig. 1). It is hypothesized that these features capture
underlying information in which the underlying structural hetero-
geneity of the entire breast tumor can be detected and quantified
[16,17] at a far higher level of detail than by the radiologist’s visual
assessment. Correlations between imaging features and clinical or
biological endpoints are found using machine learning tools which are
able to combine multiple variables from differing sources of informa-
tion into complex, non-linear models designed to classify (e.g., tumor
vs. healthy) or predict (e.g., overall survival) outcomes.

The radiomics workflow consists of several consecutive steps. The
methodology employed in all steps determines the quality of the final
model. Different methodologies can lead to heterogeneous results
which are difficult to compare. To the best of our knowledge, the var-
iation in methodologies used in MRI-based radiomics for tumor re-
sponse prediction to NST in breast cancer had not been evaluated be-
fore. This systematic review aims to assess the quality of the radiomics
workflow using the Radiomics Quality Score (RQS) [18] and to report
on the different methodologies used in all consecutive steps of the
radiomics workflow. The RQS assigns points to all steps in the radio-
mics workflow (e.g., ROI segmentation, feature reduction, the use of
validation cohorts) were the maximum number of points per item de-
pends on the relevance to quality. Furthermore, we summarize and
briefly evaluate the current results reported on the topic of MRI-based
radiomics for tumor response prediction to NST in breast cancer pa-
tients.

2. Methods

2.1. Literature search

For this systematic review, a structured search using the PubMed
and EMBASE (OVID) databases was conducted. The search was per-
formed until May 8, 2019. Two researchers with two and five years of
experience in breast imaging (R.G. and T.v.N.) independently per-
formed the literature search to select potential studies. Full search
strategies are described in Appendix 1.

2.2. Eligibility criteria & study selection

Studies were included if they met the following criteria: 1) The
cohort consists of breast cancer patients who underwent at least a pre-
treatment breast MRI; 2) Patients were treated with NST; 3) Breast MRI
radiomics analysis was used to predict tumor response to NST. 4)
Studies are reported in English with institutional full-text availability.
We excluded reviews, technical reports, letters to editors, comments to
published studies, conference proceedings, as well as duplicate studies.
When identical datasets were selected, the study reporting the most

radiomics workflow details was chosen. The reviewers read all titles
and abstracts independently and rejected studies that did not meet the
aforementioned criteria. The full text of the remaining studies was
determined for further eligibility by the same reviewers. In the case of
discrepancies, a third reviewer (H.W.) was consulted to reach final
consensus. For each included study, reference lists were searched
manually for additional eligible studies.

2.3. Data extraction

The following data were extracted (if available): first author, year of
publication, study design, analysis strategy, sample size, breast cancer
subtype, NST regimen, MRI specifications (manufacturer, field strength,
coil specifications), MR imaging parameters, MRI sequence, image pre-
processing, feature extraction software, number of features, ROI seg-
mentation methods (including profession and years of those who per-
formed segmentations), response definition, and results (including
feature selection method, chosen classifier and diagnostic performance
in terms of Area Under the receiver operating characteristic Curve
(AUC)).

2.4. Data analysis

To quantify the radiomics workflow quality and its reporting, the
included studies were evaluated in consensus by the two initial re-
viewers using the RQS. This checklist is comprised of 16 components in
the radiomics workflow, with 36 points (100 %) representing a max-
imum score [18]. Most items can receive 0, 1 or 2 point(s). To reflect
the importance of prospective studies, seven points are scored when
these are performed and published. Another important step, the ex-
ternal validation on multiple datasets, yields 5 more points, but if no
external validation is performed at all, 5 points are deducted. The item
‘feature reduction or adjustment for multiple testing’ can also score
negatively, making a negative total score possible. Negative total scores
were set at 0 %. Not all items were applicable to studies performing
univariate analysis, for these items n/a was entered. Explanation of all
RQS items including the attainable points is presented as supplemental
information (Appendix 2). Descriptive analysis of the methodologies
used in the included studies was performed according to the con-
secutive steps of the radiomics workflow: 1) image acquisition and
preprocessing, 2) region of interest (ROI) segmentation, 3) feature ex-
traction and selection 4) feature analysis and modeling, and 5) per-
formance evaluation [15,19]. The response prediction results will be
summarized in steps four and five of the radiomics workflow in the
result section.

Fig. 1. The radiomics workflow.
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3. Results

3.1. Study selection

A total of 208 records were identified through the searches in
PubMed (113 records) and EMBASE (95 records). After removing du-
plicates, the titles and abstracts of 173 records were screened, resulting
in twenty-nine records eligible for inclusion. The full text of these
studies was read and the selection criteria were applied, yielding a total
of sixteen studies to be included in this systematic review. Fig. 2 details
the Preferred Reporting Item for Systematic reviews and Meta-Analyses
(PRISMA) flow diagram [20], including the different screening phases.

3.2. General characteristics of included studies

A total of 1636 patients were retrospectively included in the sixteen
studies presented in this review [21–36] (Table 1). Cohort sizes ranged
from 35 to 414 patients, with a largest validation cohort of 137 pa-
tients. All breast cancer subtypes were included in all studies with the
exception of Banerjee et al. [25], which included triple-negative (TN)
breast tumors only. To assess tumor response to NST, radiologic (RE-
CIST) and pathologic methods were used. The studies that based their
tumor response on pathology used varying definitions of response.
While the majority of studies only used patients with no residual cancer

burden as ‘responders’, four studies added patients with invasive re-
sidual cancer burden to that group [23,29,35,36].

3.3. RQS

The RQS heat map summarized the overall RQS scores which were
considered as ‘poor’ with a mean score of 11.8 % (range 0 %–41.2 %).
The two most recently published articles [21,22] showed the highest
scores, which is mainly due to the points achieved on the item ‘vali-
dation’ (Fig. 3). Seven articles scored n/a for the items ‘features re-
duction or adjustment multiple testing’ and ‘multivariate analysis’, due
to the fact that these articles performed univariate analysis only. Eight
articles scored 0 %, which could also mean that the article had a ne-
gative total score.

3.4. Radiomics workflow

3.4.1. Image acquisition and preprocessing
The authors of all studies, except Wu et al. [32], performed their

analysis on the pretreatment MRI. Two studies [28,34] analyzed the
differences between MRI exams at two-time points. Both 1.5 and 3.0 T
MR scanners, with dedicated breast receiver coils, were used. The
majority of the studies used the dynamic contrast-enhanced T1
weighted (DCE T1W) sequence [21,22,24,25,27,29–33,35,36], three

Fig. 2. Flow diagram of preferred reporting items for systematic reviews and meta-analyses (PRISMA).
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studies T2W-sequences [26,28,34], and one study diffusion-weighted
imaging sequence (DWI, using b-values of 0 and 1000s/mm2) [23]. Two
studies applied multiparametric MRI for their analysis, consisting of
DWI, DCE T1W, and T2W [21,22]. To exclude inter-scan differences
one study used healthy contralateral breast parenchyma [28]. Wu et al.
[32] performed intratumor partitioning and Fan et al. [29] added breast
background parenchyma to their analysis region. Half of the studies
reported on image pre-processing performed by image discretization
with histogram normalization [22,25,27,28,32,35,36]. Two studies
performed only feature normalization [21,30].

3.4.2. Region of interest segmentation
Six studies used 2D segmentations, five of which were performed

manually [23,25,26,28,34], and one fully automatically [33]. Three
studies used three adjacent representative slices with the maximum
tumor diameter as their ROI, one performed manually [30], and two
semi-automatically [35,36]. Seven studies performed 3D segmentation,
three performed manually [21,22,31], three semi-automatically
[24,29,32], and one automatically [27]. Different approaches were
used for semi-automatic segmentation: 1) Point-and-click 3D segmen-
tation, where segmentation started from a seed location determined by
a mouse click [29]. 2) Using a threshold to exclude necrotic, healthy,
and/or fatty tissue followed by manual adjustments [32]. 3) 3D box
placing around the tumor after which an algorithm (fuzzy C-means)
generated the tumor mask [24].

Segmentations were mostly performed by (breast) radiologists with
1–23 years of experience. Three studies did not report on this topic
[23,28,36]. It remained unclear whether a radiologist performed the
segmentations in the study of Wu et al. [32] since they only reported on
years of experience without naming a profession.

3.4.3. Feature extraction and selection
The number of features extracted ranged from 1 to 4650, mostly

extracted with in-house built software. All studies, with the exception of
four [26,28,32,34], extracted at least all Haralick textural features [37].
Feature selection only applied to the studies developing multivariate
prediction models, where these studies all opted for a different ap-
proach, with regression methods chosen most often. (Table 2). The
study of Michoux et al. [33] did not report on their feature selection
method, and the study of Wu [32] did not perform feature selection at
all. The number of features included in the models varied between two
and twenty-four with a mean of six features.

3.4.4. Feature analysis and modeling
Over half of all studies presented individual features significant for

tumor response prediction to NST (Table 2). Nine studies developed
multivariate prediction, where most of these studies used a logistic
regression model for the discriminant analysis [21,24,27,29,32,33].
Four studies used a support vector machine model (SVM). In addition to
intratumoral feature extraction, the study of Braman et al. [30] added a
peritumoral region to the feature extraction region. The combination of
peritumoral and intratumoral features yielded higher clustering ac-
curacies for pCR prediction when compared to the feature groups in-
dividually (88 % vs 71 % vs 79 %). Three studies [22,24,30] performed
subgroup analyses for patients with different breast cancer subtypes, all
showing better results in the models developed for the specific subtypes
(Table 2). Henderson et al. [28] showed excellent sensitivity and spe-
cificity for pCR prediction based on individual features within each
subtype: ER+: 100 %/ 100 %; HER2+: 83.3 % /95.7 %, TN: 87.5 %
/80.0 %. Furthermore, two studies explored individual features to
distinguish TN breast cancer from all other subtypes [26,36]. Xiong
et al. [21] combined a clinical model based on HER2 and KI67 status,

Fig. 3. Heat map of radiomics quality score (RQS) per component of all included studies, n/a= not applicable.
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with a radiomics model. This combination showed improved results
when compared to the radiomics model only (AUC of 0.94 vs 0.83). The
best performing model developed by the study of Liu et al. [22] also
consisted of both clinical and radiomics features.

To validate the models, the majority of the studies performed leave-
one-out cross-validation. Two studies divided their data into a training
and a validation cohort [24,30], and two studies used an independent
validation cohort from the same hospital [21,29]. Liu et al. [22] was the
only study to externally validate their model, using three external va-
lidation cohorts.

3.4.5. Performance evaluation
Entropy was the most common significant denominator with a

highest AUC value of 0.85. In total, 26 different features showed sig-
nificance.

The AUC results of the multivariate analysis, for respective training
and validation cohorts, ranged from 0.69 to 0.99 and 0.47 to 0.94. The
multivariate model of the study of Xiong et al. [21] showed overall the
best performing classifier with an AUC value of 0.94 in the validation
cohort. According to the published results of all radiomics models, no
identical features could be identified (Table 2).

4. Discussion

This systematic review provides an overview of studies published on
the topic of MRI-based radiomics for tumor response prediction to NST
in breast cancer. Overall, the studies showed large methodological
heterogeneity in each step of the radiomics workflow. Differences
mostly arise due to the use of different ROI segmentation methods (2D
vs. 3D), varying response definitions, and differences in modeling
strategy. Despite the radiomics workflow heterogeneities, the results
seem promising. Entropy was the most statistically significant in-
dividual feature reported. Validation results for articles reporting
multivariate analysis ranged from AUC of 0.47 to 0.94. No identical
features were identified in the multivariate analysis, where logistic
regression was the most frequently chosen model.

In this review, we applied the RQS checklist to study the quality and
reporting of the radiomics workflows. The studies employing multi-
variate analysis reached a mean score of 20.9 % (0–41.2 %). The studies
using univariate analysis scored 0 %, however, two items of the RQS
(i.e., feature reduction and multivariate analysis) are not applicable to
these studies, and hence no points were given. The RQS is also strongly
influenced by the items prospective research and validation cohort since
they account for respectively 7 and 5 points (i.e., 33 % of the maximum
score). Further, the RQS score only identifies whether steps are being
carried out and reported and not how they are performed. However, it
is of utmost importance to know how the different methodologies used
in each step of the radiomics workflow have been performed and ap-
plied, since differing methodologies and parameter settings can result
in heterogeneous outcomes.

The first step in the radiomics workflow after image acquisition is
ROI segmentation. This is an essential step since all subsequent steps
rely on the (quality of the) segmentation. Segmentations are either
performed manually (which is time-consuming, labor-intensive, and
prone to inter-and intra-observer variation procedure), semi-auto-
matically (which is prone to variation due to manual contribution
([38])) or automatically (which still bears the disadvantage of needing
to be checked by experienced radiologists ([39])). Recently, a study by
Pandey et al. [40] showed promising results with a fast and fully au-
tomatic MRI breast tumor segmentation software that reached ac-
curacies above 95 % comparable to manual segmentation. In this re-
view, in ten studies segmentation was performed manually, five semi-
automatically, and two automatically. In the publications using semi-
automatic segmentation, four different methods were reported, which
again indicates heterogeneity regarding tumor segmentation among the
included studies.

Furthermore, the extent of the segmentation influences the results of
the radiomics analysis. The analysis of the entire tumor, which is one of
radiomics most attractive features, is only performed when 3D seg-
mentation is applied. Previous research showed the advantages of 3D
segmentation with respect to tumor heterogeneity compared to 2D
segmentation [41,42]. Of the studies included in this review, eleven
used 3D segmentation, although four of these studies [30,35,36] only
used a few consecutive slices, not fully exploiting this advantage of
radiomics analysis. Standardization of a 3D segmentation method will
enhance the applicability of future research to larger cohorts.

So far, none of the segmentation approaches, either the extent of the
segmentations, showed an association with higher AUC values.

The next step in the workflow which also showed great variability
was feature selection and model development. Feature selection was
performed differently in all studies, with Michoux et al. [33] not re-
porting on any feature selection details. Model overfitting seems to play
a role in four studies [25,29,30,32] since the suggested need of at least
ten patients for each feature in a model was exceeded [43]. It is im-
portant to exclude features that do not correlate with the outcome or
highly correlate with other extracted features (e.g. volume) to reduce
overfitting [19].

Model development was mostly performed by logistic regression. No
identical features could be identified among the multivariate prediction
models, to which the heterogeneity in previous steps probably con-
tributed. A similar observation could be made for univariate feature
analysis. The entropy feature demonstrated the most predictive ability
for tumor response prediction to NST [23,27,28,33–35], but the lack of
standardization of the preceding steps in the radiomics workflow did
not allow for an overall conclusion.

The chosen outcome parameter for tumor response measurement
varied among the studies. The majority of the studies used the com-
monly accepted gold standard: pathologic response assessment [44].
Only one study used the RECIST criteria based on imaging to quantify
the response [29]. In the studies using pathologic assessment, response
definitions varied, from no residual invasive cancer
[22,24–28,30,31,34], to the consecutive addition of decrease in longest
tumor diameter by>50 % [36], of residual cancer burden below 1 cm
[35], or of any partial response [23]. The differences in outcome
parameters made it impossible to compare results.

Furthermore, additional issues need to be addressed. First, most
studies lumped all breast cancer subtypes into one category. Previous
research has shown that tumor response prediction to NST varied
among subtypes indicating the need for specific radiomics models, or at
least the need to incorporate subtype into the analysis [8,45]. Radio-
mics models incorporating or differentiating for breast cancer subtypes
will ensure more robust and comparable results.

Second, the use of a multiparametric breast MRI approach adds
additional information and yield more robust features [46]. Only the
two most recently published studies [21,22] used this approach
showing improved results. The majority of the studies opted for a single
T1W contrast-enhanced imaging sequence [13]. However, a standard
breast MRI protocol also consists of a T2W sequence and a DCE T1W
sequence, sometimes combined with diffusion-weighted imaging and
the derived apparent diffusion coefficient maps [47]. Future studies
should further explore such multiparametric approaches, as they better
reflect the clinical assessment performed by a radiologist [48,49].

Third, the lack of image pre-processing which is an important step
in the radiomics workflow. Just over half of all studies applied and
reported any method of image pre-processing. Image pre-processing
ensures a more homogenous image quality (by interpolating all images
to the same pixel size and slice spacing) [50,51]. Since feature values
strongly depend on image quality it is of importance to perform this
step, preferably in a standardized way.

Fourth, publication bias, a more general limitation where studies
with less favorable results may not be published while these may
nevertheless contribute to the radiomics analysis.
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Fifth, since the field of radiomics is rapidly evolving, including the
nomenclature, it might be possible that the search excluded eligible
studies.

Lastly, for study inclusion, articles needed to have their full-text
available through our institutional library. In our search there was one
potentially eligible article of which the full-text was not available.

Twenty-six individual features showed significant results, with a
mean AUC of 0.72 [range 0.65–0.85]. The mean AUC results for the
multivariate models were 0.81 [range 0.70–0.99] and 0.72 [range
0.47–0.94] for the training and validation cohort, respectively. Despite
encouraging results, similar to results from studies publishing on the
same topic in different tumor sites [52,53], studies showed their con-
cerns about clinical implementation. These concerns arose mostly from
the methodological differences in the radiomics workflow, which also
prevented us from performing a meta-analysis. Standardizing the
methodologies used in the radiomics workflow will be the first step
towards clinical implementation.

In this review, we aimed to perform a systematic overview of the
methodologies used in the radiomics workflow and reported results in
the field of MRI-based tumor response prediction to NST. Though lim-
itations (including the heterogeneous radiomics workflow) currently
plaguing this research field, results are still promising. Therefore we
propose several recommendations which should be considered in de-
signing future studies on radiomics research: [1] obliging image pre-
processing performance, preferably in a standardized way [2]; con-
sensus should be reached for both ROI segmentation method and the
(pathologic) response definition, or at least they should be described in
detail [3]; automatic 3D segmentation of the tumor lesion to improve
feature stability [4]; future models can be improved by incorporating
breast cancer subtypes information, by using multiparametric MRI, and
by adding peritumoral regions [5]; the application of external model
validations to ensure that models are not simply reflecting localized
spurious correlations between features and outcomes; [6] extensive
reporting of each consecutive step in the radiomics analysis to increase
transparency and reproducibility;

To conclude, studies focusing on MRI-based radiomics for tumor
response prediction to NST in breast cancer patients showed promising
results despite large methodological heterogeneity in each step of the
radiomics workflow. This review demonstrates the requirement for
more standardized methodology in the radiomics workflow since it is
important to achieve robust and reproducible results in future research
in order to translate the results to clinical applications.
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