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Abstract
Introduction Breast cancer patients treated with neoadjuvant chemotherapy (NACT) are at risk of recurrence 
depending on clinicopathological characteristics. This preliminary study aimed to investigate the predictive 
performances of quantitative dynamic contrast-enhanced (DCE) MRI parameters, alone and in combination with 
clinicopathological variables, for prediction of recurrence in patients treated with NACT.

Methods Forty-seven patients underwent pre- and post-NACT MRI exams including high spatiotemporal resolution 
DCE-MRI. The Shutter-Speed model was employed to perform pharmacokinetic analysis of the DCE-MRI data and 
estimate the Ktrans, ve, kep, and τi parameters. Univariable logistic regression was used to assess predictive accuracy 
for recurrence for each MRI metric, while Firth logistic regression was used to evaluate predictive performances for 
models with multi-clinicopathological variables and in combination with a single MRI metric or the first principal 
components of all MRI metrics.

Results Pre- and post-NACT DCE-MRI parameters performed better than tumor size measurement in prediction of 
recurrence, whether alone or in combination with clinicopathological variables. Combining post-NACT Ktrans with 
residual cancer burden and age showed the best improvement in predictive performance with ROC AUC = 0.965.

Conclusion Accurate prediction of recurrence pre- and/or post-NACT through integration of imaging markers and 
clinicopathological variables may help improve clinical decision making in adjusting NACT and/or adjuvant treatment 
regimens to reduce the risk of recurrence and improve survival outcome.

Keywords Breast cancer, Dynamic contrast-enhanced (DCE) MRI, Recurrence, Neoadjuvant chemotherapy, Transfer 
rate constant (Ktrans)
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Introduction
Breast cancer is the most commonly diagnosed cancer in 
women, and the second most common cause of death [1]. 
Locally advanced breast cancer is a subset where patients 
have either stage IIB disease (T3N0) or stage IIIA to IIIC 
disease. Neoadjuvant chemotherapy (NACT) is being 
utilized as the standard of care for treatment of this sub-
set of patients [2]. The main objectives of NACT is to 
downstage the malignancy to make the cancer amenable 
to breast conservation surgery, as well as real-time evalu-
ation of response to NACT to guide adjuvant treatment 
decisions. Many variables assessing response to NACT 
have been linked to prognosis, including residual cancer 
burden (RCB) [3], breast cancer subtype [4], clinical and 
pathological staging[5], and estrogen receptor status and 
tumor grade [6].

Patients who achieve pathological complete response 
(pCR) exhibit excellent prognosis. This is, however, not 
the case for most patients who have residual disease fol-
lowing NACT [7]. Measurement of residual breast cancer 
burden using RCB index has shown to be able to predict 
distant recurrence free survival after NACT, patients 
with RCB II or higher being at higher risk of these recur-
rences [3]. But by itself, RCB is an unreliable marker of 
recurrence and there is a need for a better biomarker. For 
example, data from the CREATE-X clinical trial show 
that 74% of patients with Human Epidermal growth fac-
tor Receptor 2 (Her2)-negative residual disease (many 
with RCB II or III) were alive and free from recurrence at 
three years without any adjuvant treatment [8]. In a study 
of Her2-positive patients, the KATHERINE trial showed 
that 77% of patients with residual disease were disease 
free after 3 years with continued adjuvant trastuzumab 
therapy [9]. Accurate identification of patients at high 
risk of recurrence post NACT may help select for appro-
priate treatment escalation and de-escalation strategies 
to improve outcomes. Current risk assessment models 
such as RCB rely on knowledge of surgical pathology fol-
lowing NACT, and do not offer an opportunity to adjust 
or escalate therapy in the neoadjuvant setting. This is 
where early prediction of treatment resistance and sub-
sequently risk of recurrence using imaging combined 
with clinicopathologic variables can help guide treatment 
decisions, including evaluation of novel therapies aimed 
to augment response and improve patient outcomes.

Multiple studies have been conducted to predict 
pathological complete response in patients undergoing 
NACT using tumor tissue, blood or imaging biomark-
ers [10–12]. Quantitative imaging biomarkers derived 
from pharmacokinetic (PK) analysis of dynamic con-
trast-enhanced magnetic resonance imaging (DCE-MRI) 
data have been shown capable of predicting pathologic 
response of breast cancer to NACT after only one or two 
NACT cycles [13–16]. Quantitative DCE-MRI not only 

measures tumor morphology such as tumor size and 
shape, but also estimates quantitative parameters related 
to the physiologies of microvasculature and perivascu-
lar tissue, which include perfusion and permeability, and 
extravascular and extracellular volume fraction [17, 18]. 
In response to cancer therapies, changes in these quan-
titative functional imaging biomarkers are often found 
to precede any observable changes in tumor size [13, 
19–21].

A few breast DCE-MRI studies demonstrated predic-
tion of survival following NACT using quantitative [22] 
or semi-quantitative imaging biomarkers [23]. However, 
few DCE-MRI studies have reported prediction of breast 
cancer recurrence following NACT and none of them 
used quantitative DCE-MRI parameters [24–26]. In this 
preliminary study, by retrospectively correlating post-
NACT breast cancer recurrence outcomes with pre- and 
post-NACT quantitative DCE-MRI parameters and MRI 
tumor size measurements, we sought to investigate the 
predictive performances of these MRI metrics, alone and 
in combination with clinicopathological variables, for 
prediction of recurrence in patients treated with NACT.

Methods
Patient cohorts
Data collection for this study was conducted under the 
institutional review board approved protocol 5492 at 
Oregon Health & Science University (Portland, Oregon, 
U.S.A.). All patients who were diagnosed with grade 
2–3 invasive breast tumors and scheduled to undergo 
NACT as standard of care were eligible for the study. 
An informed consent was obtained for participation in a 
longitudinal study using a research MRI protocol, which 
was conducted from 2012 to 2016 and included four 
MRI sessions: before NACT (visit 1 (V1)), after the first 
but before the second NACT cycle (V2), at midpoint of 
NACT (V3; before the change of NACT drugs), and after 
completing the entire NACT course but prior to surgery 
(V4), respectively. Clinicopathological variables collected 
for study participants included patient demographics, 
chemotherapy regimens, tumor histology, grade, stage, 
receptor status (estrogen receptor (ER), progesterone 
receptor (PR) and HER2), and nodal status. Pathologic 
response to NACT and RCB index (0, I, II, and III with 
RCB = 0 equivalent to pCR) were determined from the 
post-NACT resection specimens. The recurrence and 
survival outcome data were collected in September 2021 
from the electronic medical records.

The forty-seven patients who consented to this study 
received standard of care NACT with taxanes and 
anthracyclines, in addition to trastuzumab for those 
with HER2-positive malignancy. Three of the 47 patients 
were enrolled in the NACT ISPY-2 trial [27], where 
they received standard of care regimen in addition to an 
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experimental drug. As a requirement for participation 
in the ISPY-2 trial, this subset of patients also under-
went a separate ISPY-2 MRI protocol, which included a 
DCE-MRI scan with much lower temporal resolution 
(80–100 s) compared to the DCE-MRI scan used in this 
research study (see data acquisition details below), at the 
same four time points. For these three patients, there was 
an interval of at least 24 h between this study’s research 
MRI and the ISPY-2 MRI studies to allow gadolinium-
based contrast agent clearance from the body. The DCE-
MRI results from the first 28 patients of this study cohort 
were previously reported [13] to demonstrate the capa-
bilities of quantitative DCE-MRI PK parameters for early 
prediction and evaluation of breast cancer pathologic 
response to NACT.

DCE-MRI data acquisition
All the breast MRI scan sessions were performed using 
a 3 T Siemens Tim Trio system. The built-in body coil 
was used as the RF transmitter and a four-channel bilat-
eral phased-array breast coil was used as the receiver. In 
each MRI session, pilot scans and axial T2-weighted MRI 
with fat-saturation and axial T1-weighted MRI with-
out fat-saturation were performed before axial DCE-
MRI with bilateral full breast coverage. The DCE-MRI 
images with fat-saturation (using the method of water 
excitation only) were acquired using a 3D gradient echo 
TWIST (Time-resolved angiography WIth Stochastic 
Trajectories) sequence, which adopts a scheme of k-space 
undersampling during acquisition and view sharing dur-
ing reconstruction to achieve high temporal and spatial 
resolution simultaneously. [28] The acquisition param-
eters included: 10o flip angle, TE/TR = 2.9/6.2 ms, paral-
lel imaging factor (iPAT) of 2, 30–34 cm FOV, 320 × 320 
resolution in both read and phase directions, and 1.4 mm 
slice thickness. The DCE-MRI scan time was limited to 
about 10  min. Due to differences in patient breast size, 
the number of image slices in each DCE frame varied 
from 96 to 128, resulting in 14–20 s temporal resolution 
and 28–38 frames. The contrast agent, Gd(HP-DO3A) 
[ProHance (Bracco Diagnostic Inc.)], was injected intra-
venously at a dose of 0.1 mmol/kg and a rate of 2 mL/s by 
a programmable power injector at the beginning of the 
third DCE frame acquisition, followed by a 20-mL saline 
flush at the same injection rate. For the purpose of quan-
tifying native tissue T1, T10, proton density-weighted 
images spatially co-registered with the DCE-MRI images 
were acquired immediately before the DCE scan [28, 
29], with the same acquisition sequence and parameters 
except for 5° flip angle and TR = 50 ms.

DCE-MRI data analysis
Using post-contrast DCE images at approximately 
120–150 s after the contrast injection, the breast tumor 

boundaries were manually delineated by experienced 
radiologists on all image slices containing the contrast-
enhanced tumor, generating tumor regions of interest 
(ROIs) for quantitative analysis. The longest diameter 
(LD) of the tumor was measured by the same radiologists 
based on the RECIST (Response Evaluation Criteria in 
Solid Tumors) guidelines [30, 31].

The DCE-MRI time-course data in each voxel within 
the tumor ROIs were subjected to PK analysis using a 
home-built Matlab software package based on the Shut-
ter-Speed PK model [13, 32, 33] which takes into account 
the intercompartmental water exchange kinetics. The 
fast-exchange-regime version [13, 33] of the Shutter-
Speed model was used to fit the DCE data in this study 
to extract the following three parameters: Ktrans (transfer 
rate constant), ve (extravascular and extracellular vol-
ume fraction), and τi (mean intracellular water lifetime). 
τi is unique to the Shutter-Speed model and is used to 
account for cross-cell membrane water exchange kinetics 
in the model. The efflux rate constant, kep, was calculated 
as Ktrans/ve. The tumor mean PK parameter value was cal-
culated by averaging all the voxel parameter values. The 
detailed formulations used for PK analysis of the DCE-
MRI data collected in this study are shown in Tudorica 
et al. [13].

Arterial input function (AIF) and T10 are usually 
required in PK analysis of DCE-MRI data. For this study, 
an average AIF from individually measured AIFs (from 
an axillary artery) in a separate breast DCE-MRI study 
[34] [with sagittal single-breast coverage and higher 
temporal resolution (< 10 s)] was used for PK analysis. It 
has been shown that it is a reasonable approach to use a 
population-based mean AIF for PK analyses of DCE-MRI 
data from the same tissue of interest if the contrast agent, 
dose, injection rate, and injection site are kept the same 
[35], which is the case for this study in relation to the 
separate study [33]. Using the equation for steady-state 
signal from a spoiled gradient-echo sequence [13, 28], the 
voxel T10 values within the tumor ROIs were calculated 
by comparing the voxel signal intensities between the 
images in the second baseline DCE frame and the spa-
tially co-registered proton density images.

Six of the 12 patients who achieved pCR show no vis-
ible tumor contrast enhancement at V4. For the purpose 
of PK analysis of V4 DCE-MRI data in these 6 cases, the 
radiologists copied three tumor ROIs on three consecu-
tive image slices through the central portion of the tumor 
from V3 DCE-MRI, where tumor contrast enhancement 
was clearly visible in all the cases, and pasted onto three 
consecutive slices in V4 DCE-MRI based on assessment 
of anatomic similarities between V3 and V4 MRI. Since 
the low temporal resolution and small number of time 
frames of the ISPY-2 DCE-MRI data are not suitable 
for accurate PK data analysis, the Shutter-Speed model 
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analysis was not applied to the additional ISPY-2 DCE-
MRI data from the three patients enrolled in the ISPY-2 
trial.

Statistical analysis
Appropriate descriptive statistics were used to summa-
rize the patient clinicopathological and MRI character-
istics for the study cohort by recurrence status. Means 
and standard deviations were reported for continuous 
variables and proportions were reported for categorical 
variables. To align with the current standard clinical man-
agement of breast cancer patients treated with NACT, 
where usually only pre- and post-NACT MRI exams are 
prescribed, only the V1 and V4 MRI metrics from this 
study, as well as the corresponding percent changes (V4 
relative to V1, V4_1%), were included in statistical analy-
sis. To compare means of continuous variables between 
the recurrence and non-recurrence groups, independent 
t-test assuming equal variance was used, as there is no 
prior evidence from studies of similar patient cohorts 
with sufficient sample size in the literature to assume 
that the two groups have different variance in MRI char-
acteristics. Fisher’s exact test was used to compare the 
distribution of categorical variables between the groups. 
Univariable logistic regression (ULR) C statistics, also 
known as the area under the receiver operating charac-
teristic (ROC) curve (ROC AUC), for discrimination of 
the recurrence and non-recurrence groups was reported 
for each MRI metric. 95% confidence interval (CI) for 
AUC was calculated using the DeLong method [36].

In building multivariable models for recurrence pre-
diction, Firth logistic regression was used to mitigate 
potential bias caused by rare events and accommodate 
quasi-complete separation in the data [37, 38]. Clinico-
pathological variables with a p-value < 0.2 in the univari-
ate analysis, which were RCB, stage, and age, were used 
to build the initial multivariable Firth logistic regression 
model. Next, an automated stepwise (backwards) model 
selection procedure by AIC (Akaike information crite-
rion) was used to select a parsimonious main effect only 
model that accomplishes a desired level of prediction 
without over-fitting the current data. This final clinico-
pathological variable-only model included RCB and age. 
Based on this model, at the optimal cutoff point deter-
mined by Youden’s Index, which equivalently maximizes 
the sum of sensitivity and specificity, prediction perfor-
mance measures with 95% exact confidence interval were 
calculated [39]. Next, in this model, MRI metrics were 
added one at a time to assess added value of a single MRI 
metric in prediction of recurrence. In such models, Wald 
p-values were calculated to evaluate the significance 
of contribution by the MRI metric to the prediction of 
recurrence. ROC AUC was used to examine predictive 
performance for these models, whether including RCB 

and age only or including RCB, age, and one MRI metric. 
Repeated 5-fold cross validation was performed to obtain 
mean cross-validated (cv) ROC AUC.

In addition, the added value of multiple MRI metrics 
in predictive performance was investigated. Since many 
MRI metrics were highly correlated such as Ktrans and 
kep, principal components (PCs) of all MRI metrics at 
V1 and V4, as well as V4_1%, were calculated to capture 
variances in fewer dimensions. With the aid of PC scree 
plots, adding only the first PC (PC1) to RCB and age in 
the predictive model was determined to be the optimal 
approach to avoid severe over-fitting by adding multiple 
PCs. ROC AUCs from the MRI metric-enhanced models 
(with a single metric or PC1) were compared to that from 
the clinicopathological variable-only model (RCB and 
age) using the DeLong test based on U-statistics theory 
and asymptotic normality for paired ROC curves [36]. 
The calculated p-values are nominal p-values without 
multiple testing adjustments.

All statistical analysis was performed using R version 
4.1.1 [40].

Results
Table  1 shows the clinicopathological data of all the 
patients who were enrolled in this study. Of these 47 
patients, seven experienced a recurrence with a median 
time to recurrence of 5 months, whether locoregional 
or distant. The distributions of these two subgroups 

Table 1 Clinicopathological data of enrolled participants (N = 47)
Clinicopathological Variables Entire 

cohort
(N = 47)

Non-re-
currence 
(N = 40)

Recur-
rence
(N = 7)

Age (Mean ± SD) 47.6 ± 12.9 
years

48.6 ± 13.3 
years

39.7 ± 8.2 
years

Follow up (Median, IQR) 80, 33.5 
months

85.5, 44.4 
months

27.1, 
41.4 
months

Tumor type (N [%]) 
 IDC 
 ILC
 IMC

42 (89.3%)
2 (4.3%)
3 (6.4%)

36 (90%)
2 (5%)
2 (5%)

6 (85.7%)
0
1 (14.3%)

Breast Cancer subtype (N [%])
Hormone Receptor Positive (ER 
or PR)

27 (57.4%) 23 (57.5%) 4 (57.1%)

HER2-Receptor Positive 24 (51.1%) 21 (52.5%) 3 (42.9%)

Triple Negative Receptor 8 (17.0%) 7 (17.5%) 1 (14.3%)

RCB Index (N [%])
 pCR
 Class I
 Class II
 Class III

12 (25.5%)
10 (21.3%)
18 (38.3%)
7 (14.9%)

12 (30%)
9 (22.5%)
16 (40%)
3 (7.5%)

0
1 (14.3%)
2 (28.6%)
4 (57.1%)

Recurrence (N [%]) 7 (14.9%)
IQR – Interquartile range, IDC-Invasive Ductal Carcinoma, ILC- Invasive Lobular 
Carcinoma, IMC- Invasive Mammary Carcinoma, ER – Estrogen Receptor, PR – 
Progesterone Receptor, HER2 – Human Epidermal growth factor Receptor 2, 
RCB – Residual Cancer Burden, pCR – Pathological Complete Response



Page 5 of 11Thawani et al. BMC Medical Imaging          (2022) 22:182 

were similar in terms of tumor type and receptor status. 
As described below, age and RCB Index were different 
between the groups and predicted recurrence. The follow 
up time was longer for patients without recurrence, as 
they were more likely to be alive and in follow up.

Prediction of recurrence with a single MRI metric
Table 2 shows the mean ± SD values of the breast tumor 
MRI metrics, including LD and DCE-MRI parameters, 
for the recurrence and non-recurrent groups, the t-test 
p-values in comparing the two groups, as well as the 
ULR C statistics values for prediction of recurrence vs. 
non-recurrence. At V1 (pre-NACT), only Ktrans and kep 

showed significant (p < 0.05) differences between the two 
groups of patients; at V4 (post-NACT), Ktrans, kep, and LD 
exhibited significant (p < 0.05) differences with the differ-
ence in τi approaching statistical significance (p = 0.083). 
For V4_1% of the MRI metrics, again, only Ktrans and kep 
demonstrated significant (p < 0.05) differences. For pre-
diction of recurrence, only V1 Ktrans and V4 LD, Ktrans, 
kep, and τi showed a ROC AUC > 0.7 with V4 Ktrans having 
the largest AUC of 0.812. As an example, Fig. 1 shows the 
voxel-based color tumor Ktrans (left panels) and τi (right 
panels) parametric maps on a single image slice for a 
patient with breast cancer recurrence (48 years old, grade 
3 invasive ductal carcinoma, ER-, PR+, HER2-, RCB = III) 

Table 2 MRI Metrics for Prediction of Recurrence
MRI metrics No recurrence 

(N = 40)
Mean (SD)

Recurrence (N = 7)
Mean (SD)

p-value ULR C statistics 
value

95% CI

RECIST tumor size measurement
LD_V1 (mm) 38.73 (20.37) 48.83 (35.64) 0.29 0.541 [0.26, 0.822]

LD_V4 (mm) 16.23 (14.28) 34.09 (27.18) 0.013 0.714 [0.459, 0.97]

LD_V4_1% -0.58 (0.33) -0.36 (0.36) 0.12 0.684 [0.43, 0.938]

DCE-MRI parameters
Ktrans_V1 (min− 1) 0.14 (0.10) 0.30 (0.25) 0.007 0.725 [0.501, 0.95]

ve_V1 0.54 (0.11) 0.57 (0.07) 0.5 0.553 [0.349, 0.757]

kep_V1 (min− 1) 0.31 (0.23) 0.53 (0.40) 0.047 0.681 [0.45, 0.913]

τi_V1 (s) 0.78 (0.30) 0.69 (0.20) 0.45 0.593 [0.375, 0.812]

Ktrans_V4 (min− 1) 0.03 (0.03) 0.14 (0.17) < 0.001 0.812 [0.636, 0.988]

ve_V4 0.63 (0.19) 0.56 (0.13) 0.347 0.647 [0.445, 0.848]

kep_V4 (min− 1) 0.08 (0.08) 0.35 (0.41) < 0.001 0.752 [0.530, 0.974]

τi_V4 (s) 0.99 (0.44) 0.67 (0.39) 0.083 0.726 [0.489, 0.962]

Ktrans_V4_1% -0.74 (0.24) -0.37 (0.60) 0.006 0.62 [0.288, 0.953]

ve_V4_1% 0.18 (0.38) -0.02 (0.16) 0.175 0.699 [0.537, 0.861]

kep_V4_1% -0.66 (0.48) 0.00 (1.13) 0.012 0.628 [0.295, 0.961]

τi_V4_1% 0.53 (1.07) 0.02 (0.50) 0.223 0.617 [0.389, 0.844]
ULR - Univariable logistic regression, 95% CI – 95% confidence interval for the C value, LD – Longest diameter, V1 – Visit 1 (pre-NACT MRI), V4 – Visit 4 (post NACT, 
pre-surgery MRI), V4_1% - corresponding percent changes (V4 relative to V1)

Fig. 1 Breast tumor color Ktrans (left panels) and τi (right panels) parametric maps from a patient with recurrence (48 years old, grade 3 invasive ductal 
carcinoma, ER-, PR+, HER2-, RCB = III) following NACT and a patient without recurrence (39 years old, grade 2 invasive ductal carcinoma, ER+, PR+, HER2+, 
RCB = 0 (pathologic complete response)). The color maps are overlaid onto the post-contrast DCE-MRI image slices that were through the centers of the 
two tumors, respectively. The maps in the top row were obtained from the DCE-MRI data collected pre-NACT (at V1), while those in the bottom row were 
obtained post-NACT (at V4). The color scales of Ktrans and τi are kept the same, respectively, for both patients and both MRI visits for comparison purposes. 
This figure is intended to show voxel-based quantitative DCE-MRI parameter values pre- and post-NACT. The images displayed for the two patients are 
cropped and zoomed at different scales, and therefore, should not be used to compare tumor size between the patients
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and a patient without recurrence (39 years old, grade 2 
invasive ductal carcinoma, ER+, PR+, HER2+, RCB = 0 
(pathologic complete response)) at V1 (top row) and V4 
(bottom row). The color scales for Ktrans and τi are kept 
the same, respectively, for both patients and both MRI 
visits for the purpose of comparison. The patient with 
recurrence showed substantially high Ktrans values in the 
tumor compared to the patient without recurrence at 
V1, and the difference in Ktrans between the two tumors 
became even more prominent at V4. On the other hand, 

the difference in tumor τi between the two patients was 
not clearly observable at V1, with the patient without 
recurrence showing slightly higher τi. However, at V4, the 
patient without recurrence showed substantially higher 
tumor τi compared to the patient with recurrence. For 
both DCE-MRI parameters, the patient without recur-
rence showed substantially larger changes from V1 to 
V4 (decreases in Ktrans and increases in τi) compared to 
the patient with recurrence. Figure 2 shows plots of LD 
and mean tumor Ktrans, ve, kep, and τi values for all the 

Fig. 2 Scatter plots of tumor LD and mean tumor Ktrans, ve, kep, and τi values for all the individual patients with (red triangle) and without (blue circle) 
recurrence. The data points at V1 and V4 are connected with solid lines of corresponding colors
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individual patients at V1 and V4. It is important to note 
that mean tumor values of the DCE-MRI parameters are 
reported in Fig. 2, while the parametric maps in Fig. 1 are 
shown for only one image slice through the center of the 
tumor.

We also examined the association between time to 
recurrence from time of surgery and each MRI metric 
using univariable Cox PH model. Statistical significance 
of the results from this alternative approach, reflected 
in the p values (data not shown), is consistent with that 
from t-test, as shown in Table 2.

Prediction of recurrence with multi-clinicopathological 
variables
As described above, the parsimonious multivariable Firth 
logistic regression model for prediction of recurrence 
using the clinicopathological variables contained RCB 
and age only. The ROC AUC of this combination was 
0.900 (95% CI [0.762, 1]) (Table  3). At the optimal cut-
off point determined by Youden’s index, the sensitivity 
was 0.86 (95% CI [0.42-1.00]), specificity was 0.89 (95% 
CI [0.75–0.97]) and the positive predictive value was 0.60 
(95% CI [0.35–0.99]).

Added value of MRI metrics in prediction of recurrence
Table  3 shows ROC AUC (with 95% CI) and cv ROC 
AUC values for prediction of recurrence vs. non-recur-
rence when using clinicopathological variables of RCB 
and age only, combining RCB and age with a single MRI 
metric, and combining RCB and age with PC1 of all 
MRI metrics (including V1, V4, and V4_1%). The listed 
Wald test p-values indicate the significance of adding 
a single MRI metric or PC1 of all MRI metrics (to RCB 
and age) in prediction of recurrence. The addition of V1, 
V4, or V4_1% LD to RCB and age in the model did not 
improve the predictive performance with AUCs ≤ 0.900. 
However, with the exception of V4_1% of τi, the addi-
tion of each single quantitative DCE-MRI parameter 
or PC1 of all parameters, improved predictive accuracy 
with AUCs > 0.900. The addition of V4 Ktrans to RCB and 
age showed the largest improvement in predictive accu-
racy from AUC = 0.900 to AUC = 0.965. It is interesting to 
note that, at V1 (pre-NACT), the addition of Ktrans alone 
improved AUC from 0.900 to 0.946. As an example, Fig. 3 
shows the ROC curves for models including RCB and age 
only (black), RCB and age and V4 LD (red), RCB and age 
and V4 Ktrans (green), and RCB and age and PC1 (blue), 
respectively. The Wald test shows that the additional con-
tributions of V4 Ktrans, V4 kep, and PC1 (on top of RCB 
and age) in prediction of recurrence were approaching 
statistical significance, with p = 0.081, 0.071, and 0.071, 
respectively. However, the increases in ROC AUC val-
ues were not statistically significant: e.g., p = 0.371 when 
comparing AUC of RCB and age and PC1 with that of 
RCB and age only.

Discussion
The preliminary results from this study of 47 patients 
show the potential of added value of MRI metrics when 
combined with clinicopathological data in prediction 
of breast cancer recurrence in patients who underwent 
NACT. None of any single MRI metric, LD or quantita-
tive DCE-MRI parameters pre- or post-NACT, was as 
accurate as the combined clinicopathological variables 
of RCB and age in prediction of recurrence. However, 
when a single quantitative DCE-MRI parameter or PC1 
of all MRI metrics was added to RCB and age in the pre-
dictive model, this integration of imaging and clinico-
pathological characteristics seemed to perform better 
than the approach of clinicopathological variables only in 
prediction of recurrence. The increases in predictive per-
formances following the addition of MRI metrics were 
not statistically significant. This may be partially due 
to potentially less reliable AUC estimates in our small 
sample size and inflated AUC values due to class imbal-
ance between the recurrence (N = 7) and non-recur-
rence (N = 40) groups [41]. It is worth noting that, while 
the addition of functional and quantitative DCE-MRI 

Table 3 Predictive Performances for Recurrence Using 
Clinicopathological Variables Only and Combinations of 
Clinicopathological Variables and MRI Metrics
Model Wald 

test 
p-

value ROC 
AUC

95% CI cv 
ROC 
AUC

Clinicopathological variables
RCB + Age N/A 0.900 [0.762, 1] 0.797

Clinicopathological variables and individual MRI metrics
LD_V1 0.807 0.892 [0.747, 1] 0.744

LD_V4 0.537 0.900 [0.760, 1] 0.769

LD_V4_1% 0.647 0.900 [0.778, 1] 0.730

Ktrans_V1 0.116 0.946 [0.878, 1] 0.798

ve_V1 0.659 0.907 [0.795, 1] 0.777

kep_V1 0.137 0.942 [0.872, 1] 0.755

τi_V1 0.486 0.911 [0.797, 1] 0.754

Ktrans_V4 0.081 0.965 [0.916, 1] 0.814

ve_V4 0.441 0.919 [0.808, 1] 0.814

kep_V4 0.071 0.961 [0.908, 1] 0.845

τi_V4 0.367 0.911 [0.812, 1] 0.725

Ktrans_V4_1% 0.296 0.938 [0.862, 1] 0.781

ve_V4_1% 0.289 0.927 [0.824, 1] 0.843

kep_V4_1% 0.582 0.911 [0.799, 1] 0.782

τi_V4_1% 0.668 0.892 [0.770, 1] 0.720

Clinicopathological variables and Principal Components of all MRI 
metrics
PC1 0.071 0.961 [0.910, 1] 0.837
ROC AUC - area under the receiver operating characteristic curve, 95% CI – 95% 
confidence interval for ROC AUC, cv – cross validated, N/A – not applicable, LD 
– Longest diameter, V1 – Visit 1 (pre-NACT MRI), V4 – Visit 4 (post NACT, pre-
surgery MRI), V4_1% - corresponding percent changes (V4 relative to V1), PC1 
– first principal components of all MRI metrics
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parameters to clinicopathological variables improved 
predictive performance for recurrence, the addition of 
RECIST-based tumor LD at V1, V4 or V4_1% showed no 
positive effects.

The results from this preliminary study suggest that the 
addition of quantitative DCE-MRI parameters to clini-
copathological variables can potentially help risk-stratify 
patients who are at a higher risk of recurrence, as it con-
fers a poor prognosis in these patients with 5-year overall 
survival in only 58–71% of them [42]. The level of predic-
tive accuracy for recurrence demonstrated in this study 

can help identify the exact patients who will benefit from 
addition of adjuvant treatment to prevent recurrence 
after NACT and surgery. Importantly, the RCB informa-
tion is only available after NACT and surgery, precluding 
the ability to augment neoadjuvant therapy approaches, 
which is currently an active area of investigation. Ongo-
ing trials such as the ISPY-2 study are evaluating novel 
designs to predict RCB based on clinical including imag-
ing criteria prior to surgical resection. This would allow 
patients predicted to have residual disease the oppor-
tunity to enroll and receive novel therapies, including 

Fig. 3 Empirical ROC curves for prediction of recurrence vs. non-recurrence: RCB and age only (black, AUC = 0.900), RCB and age and LD at V4 (red, 
AUC = 0.900), RCB and age and Ktrans at V4 (green, AUC = 0.965), and RCB and age and PC1 of all MRI metrics (blue, AUC = 0.961), respectively
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investigational targeted and immune therapies, in an 
attempt to improve pathologic responses. It is in this set-
ting that a robust imaging biomarker can be extremely 
useful to help accurately identify these patients, and 
spare ones predicted to have a complete response added 
toxicity. In our study, the predictive accuracy for recur-
rence by the Ktrans parameter alone before NACT (ULR 
C = 0.725 in this study) may potentially help guide the cli-
nicians towards intensifying NACT regimens to improve 
pCR in certain cases, while de-escalating in others to 
avoid overtreatment.

There are only a few other studies that used DCE-MRI 
to predict recurrence in similar groups of patients, which 
performed radiomics analysis of DCE images rather than 
extracting quantitative functional parameters [26, 43]. 
This preliminary study shows that, similar to the case 
of predicting pathologic complete response to NACT 
[13–16], quantitative DCE-MRI parameters that measure 
breast tumor biological properties are superior to tumor 
size measurement in prediction of breast cancer recur-
rence following NACT, whether alone or in combination 
with clinicopathological variables. As measures of perfu-
sion and permeability, both pre- and post-NACT tumor 
Ktrans and kep tended to be higher in patients with recur-
rence compared to those without recurrence, suggesting 
high perfusion and permeability is associated with high 
risk for recurrence. Several studies [44–47] have dem-
onstrated that the τi parameter, which is exclusive to 
the Shutter-Speed PK model, is an imaging biomarker 
of tissue metabolic activity with an inverse relationship. 
There was no clear difference in pre-NACT τi between 
patients with and without recurrence. For post-NACT 
τi, although not statistically significant, the patients with 
recurrence tended to have lower post-NACT τi, or higher 
metabolic activity, compared to those without recur-
rence, suggesting that risk of recurrence could be high if 
the tumor metabolic activity remains high after NACT 
treatment. The approach of PC analysis of all the MRI 
metrics is equivalent to a multi-parametric approach of 
combining the tumor size and DCE-MRI parameters of 
perfusion and permeability (Ktrans and kep), metabolic 
activity (τi), and interstitial space (ve). It is not surprising 
that the predictive accuracy for recurrence was among 
the best when PC1 of all the MRI metrics was added to 
the clinicopathological variables of RCB and age.

There are a few limitations in this study. One major 
limitation is the small sample size. As mentioned earlier, 
AUC estimates can be unstable in small samples [41]. 
This preliminary study was not designed to power reli-
able predictive modeling; rather, it is mainly an explor-
atory study of the potential for enhancing prediction of 
recurrence by adding MRI metrics to clinicopathologi-
cal variables. Small sample size also poses more risk for 
over-fitting of the data. In fact, the calculated cv ROC 

AUC values were decidedly lower than the apparent 
ROC AUC values. In addition, receptor status-based 
breast cancer molecular subtypes were not predictive of 
recurrence vs. non-recurrence. The number of patients 
was not adequate to draw meaningful conclusions in 
comparing the subtypes for discriminating patients 
with and without recurrence. As such, the preliminary 
findings reported here reflect the average results from 
a general breast cancer population undergoing NACT. 
Secondly, the data sets used in this study had moderate 
class imbalance with N = 7 for the recurrence group and 
N = 40 for the non-recurrence group. ROC AUC is com-
monly used in this field as the metric for predictive per-
formance. However, when there is a large class imbalance 
in the outcome variable, ROC curves can be deceptively 
optimistic. This can also cause challenges in comparing 
predictive models. ROC AUC of the clinicopathological 
variable-only model already provided an inflated view 
of performance with AUC = 0.900, which left little room 
for improvement when adding the MRI metrics. In such 
cases, Precision-Recall (PR) curves are often assessed as 
they can show differences between models that are not 
discernible in ROC analysis, and give a more informative 
presentation of the predictive performance. We explored 
the PR curves of the predictive models used in this study. 
However, they did not reveal more differences between 
the models than the ROC curves (data not shown). 
Thirdly, the mean tumor DCE-MRI PK parameter values 
were used in this study for correlations with the recur-
rence endpoint. It is well known that malignant tumors 
are heterogeneous in nature and responses to treatment 
are likely heterogeneous as well. However, the heteroge-
neity in breast tumor functional changes in response to 
NACT was not captured in computing mean DCE-MRI 
parameter values. Recent studies show that radiomics 
analysis of either raw image data [26, 43] or parametric 
maps of quantitative functional parameters [48, 49] can 
be a valuable tool for characterizing tumor heterogene-
ity. Measurement and integration of both mean values 
and texture features of DCE-MRI parameters through 
radiomics analysis may further improve the robustness 
of quantitative DCE-MRI for prediction of breast cancer 
recurrence following NACT.

In conclusion, the results from this preliminary study 
show that quantitative DCE-MRI parameters may out-
perform tumor size measurement in prediction of breast 
cancer recurrence following NACT, whether alone or in 
combination with clinicopathological variables. Com-
bining a single DCE-MRI parameter of perfusion and 
permeability or PC1 of all MRI metrics with clinico-
pathological variables in a predictive model showed 
potential of added value of MRI for improving accuracy 
in prediction of recurrence. Accurate prediction of recur-
rence pre- and/or post-NACT may help improve clinical 
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decision making in adjusting NACT and/or adjuvant 
treatment regimens to reduce the risk of recurrence and 
improve survival outcome. It is important to validate our 
preliminary findings from this small patient cohort with 
a larger patient population in the future and update the 
predictive models to account for differences in NACT 
and adjuvant therapy regimens among the patients.

Acknowledgements
We would like to thank medical oncologists Drs. Stephen Chui and Kathleen 
Kemmer for referring breast cancer patients to this study, radiologists Drs. 
Karen Oh and Nicole Roy for drawing tumor ROIs and measuring tumor 
LD, technologist Mr. William Woodward for performing MRI exams, and the 
participating patients for volunteering their time and effort for this research 
study.

Author contributions
Conceptualization: ZM, WH; Methodology: RT, LG, ZM, WH; Formal Analysis: 
LG; Investigation: RT, AT, XL, WH; Resources: AT, XL, ZM, WH; Data Curation: RT, 
AM; Writing – Original draft preparation: RT, AM, ZM, WH; Writing – Review and 
editing: AT, XL; Visualization: RT, LG, WH; Supervision: ZM, WH.

Funding
Funding support by grants from National Institutes of Health: U01 CA154602, 
R01 CA248192.
Funding Acquisition AT, XL, WH

Data availability
The data that support the findings of this study are available on request 
from the corresponding author. The data are not publicly available due to 
information that could compromise the privacy of research participants.

Declarations

Competing interests
Oregon Health & Science University (OHSU), Wei Huang, and Xin Li have 
a significant financial interest in Imbio, LLC, a company that may have a 
commercial interest in the results of this research and technology. This 
potential individual and institutional conflict of interest has been reviewed 
and managed by OHSU.

Ethics approval and consent to participate
Institutional review board approved protocol 5492 at Oregon Health & Science 
University (Portland, Oregon, U.S.A.). All patients signed a written informed 
consent was for participation in this study. All methods were carried out in 
accordance within guidelines and regulations laid down by the institutional 
review board.

Received: 29 March 2022 / Accepted: 30 September 2022

References
1. Siegel RL, Miller KD, Fuchs HE, Jemal A. Cancer Statistics. 2021. CA Cancer J 

Clin. 2021 Jan;71(1):7–33.
2. Caudle AS, Yu T-K, Tucker SL, Bedrosian I, Litton JK, Gonzalez-Angulo AM, Hoff-

man K, Meric-Bernstam F, Hunt KK, Buchholz TA, Mittendorf EA. Local-regional 
control according to surrogate markers of breast cancer subtypes and 
response to neoadjuvant chemotherapy in breast cancer patients undergo-
ing breast conserving therapy. Breast Cancer Res. 2012 May 23;14(3):R83.

3. Symmans WF, Peintinger F, Hatzis C, Rajan R, Kuerer H, Valero V, Assad L, 
Poniecka A, Hennessy B, Green M, Buzdar AU, Singletary SE, Hortobagyi GN, 
Pusztai L. Measurement of residual breast cancer burden to predict survival 
after neoadjuvant chemotherapy. J Clin Oncol Off J Am Soc Clin Oncol. 2007 
Oct 1;25(28):4414–22.

4. Symmans WF, Wei C, Gould R, Yu X, Zhang Y, Liu M, Walls A, Bousamra 
A, Ramineni M, Sinn B, Hunt K, Buchholz TA, Valero V, Buzdar AU, Yang 

W, Brewster AM, Moulder S, Pusztai L, Hatzis C, Hortobagyi GN. Long-
Term Prognostic Risk After Neoadjuvant Chemotherapy Associated With 
Residual Cancer Burden and Breast Cancer Subtype. J Clin Oncol. 2017 Apr 
1;35(10):1049–60.

5. Jeruss JS, Mittendorf EA, Tucker SL, Gonzalez-Angulo AM, Buchholz TA, Sahin 
AA, Cormier JN, Buzdar AU, Hortobagyi GN, Hunt KK. Combined use of clini-
cal and pathologic staging variables to define outcomes for breast cancer 
patients treated with neoadjuvant therapy. J Clin Oncol Off J Am Soc Clin 
Oncol. 2008 Jan;10(2):246–52. 26(.

6. Mittendorf EA, Jeruss JS, Tucker SL, Kolli A, Newman LA, Gonzalez-Angulo 
AM, Buchholz TA, Sahin AA, Cormier JN, Buzdar AU, Hortobagyi GN, Hunt KK. 
Validation of a novel staging system for disease-specific survival in patients 
with breast cancer treated with neoadjuvant chemotherapy. J Clin Oncol Off 
J Am Soc Clin Oncol. 2011 May 20;29(15):1956–62.

7. Hatzis C, Gould RE, Zhang Y, Abu-Khalaf M, Chung G, Sanft T, Hofstatter E, 
DiGiovanna M, Shi W, Chagpar A, Symmans WF, Pusztai L. Abstract P6-06-37: 
Predicting improvements in survival based on improvements in pathologic 
response rate to neoadjuvant chemotherapy in different breast cancer 
subtypes. Cancer Res. 2013 Dec 15;73(24 Supplement):P6-06.

8. Masuda N, Lee S-J, Ohtani S, Im Y-H, Lee E-S, Yokota I, Kuroi K, Im S-A, Park 
B-W, Kim S-B, Yanagita Y, Ohno S, Takao S, Aogi K, Iwata H, Jeong J, Kim A, Park 
K-H, Sasano H, Ohashi Y, Toi M. Adjuvant Capecitabine for Breast Cancer after 
Preoperative Chemotherapy. N Engl J Med. 2017 Jun 1;376(22):2147–59.

9. Trastuzumab Emtansine for Residual Invasive HER2-Positive Breast Cancer. | 
NEJM [Internet]. [cited 2021 Dec 28]. Available from: https://www.nejm.org/
doi/full/https://doi.org/10.1056/nejmoa1814017.

10. Rousseau C, Devillers A, Sagan C, Ferrer L, Bridji B, Campion L, Ricaud M, 
Bourbouloux E, Doutriaux I, Clouet M, Berton-Rigaud D, Bouriel C, Delecroix V, 
Garin E, Rouquette S, Resche I, Kerbrat P, Chatal JF, Campone M. Monitoring of 
early response to neoadjuvant chemotherapy in stage II and III breast cancer 
by [18F]fluorodeoxyglucose positron emission tomography. J Clin Oncol Off J 
Am Soc Clin Oncol. 2006 Dec 1;24(34):5366–72.

11. Tan W, Yang M, Yang H, Zhou F, Shen W. Predicting the response to neoad-
juvant therapy for early-stage breast cancer: tumor-, blood-, and imaging-
related biomarkers. Cancer Manag Res. 2018 Oct 9;10:4333–47.

12. Sharma U, Danishad KKA, Seenu V, Jagannathan NR. Longitudinal study of 
the assessment by MRI and diffusion-weighted imaging of tumor response 
in patients with locally advanced breast cancer undergoing neoadjuvant 
chemotherapy. NMR Biomed. 2009 Jan;22(1):104–13.

13. Tudorica A, Oh KY, Chui SY-C, Roy N, Troxell ML, Naik A, Kemmer KA, Chen 
Y, Holtorf ML, Afzal A, Springer CS, Li X, Huang W. Early Prediction and 
Evaluation of Breast Cancer Response to Neoadjuvant Chemotherapy Using 
Quantitative DCE-MRI. Transl Oncol. 2016 Feb;9(1):8–17.

14. Ah-See M-LW, Makris A, Taylor NJ, Harrison M, Richman PI, Burcombe RJ, 
Stirling JJ, d’Arcy JA, Collins DJ, Pittam MR, Ravichandran D, Padhani AR. Early 
changes in functional dynamic magnetic resonance imaging predict for 
pathologic response to neoadjuvant chemotherapy in primary breast cancer. 
Clin Cancer Res Off J Am Assoc Cancer Res. 2008 Oct 15;14(20):6580–9.

15. Li X, Kang H, Arlinghaus LR, Abramson RG, Chakravarthy AB, Abramson 
VG, Farley J, Sanders M, Yankeelov TE. Analyzing Spatial Heterogeneity in 
DCE- and DW-MRI Parametric Maps to Optimize Prediction of Pathologic 
Response to Neoadjuvant Chemotherapy in Breast Cancer. Transl Oncol. 2014 
Feb;7(1):14–22.

16. Padhani AR, Hayes C, Assersohn L, Powles T, Makris A, Suckling J, Leach MO, 
Husband JE. Prediction of clinicopathologic response of breast cancer to pri-
mary chemotherapy at contrast-enhanced MR imaging: initial clinical results. 
Radiology. 2006 May;239(2):361–74.

17. Leach MO, Morgan B, Tofts PS, Buckley DL, Huang W, Horsfield MA, Chenevert 
TL, Collins DJ, Jackson A, Lomas D, Whitcher B, Clarke L, Plummer R, Judson I, 
Jones R, Alonzi R, Brunner T, Koh DM, Murphy P, Waterton JC, Parker G, Graves 
MJ, Scheenen TWJ, Redpath TW, Orton M, Karczmar G, Huisman H, Barentsz J, 
Padhani A, Experimental Cancer Medicine Centres Imaging Network Steering 
Committee. Imaging vascular function for early stage clinical trials using 
dynamic contrast-enhanced magnetic resonance imaging. Eur Radiol. 2012 
Jul;22(7):1451–64.

18. Khalifa F, Soliman A, El-Baz A, Abou El-Ghar M, El-Diasty T, Gimel’farb G, 
Ouseph R, Dwyer AC. Models and methods for analyzing DCE-MRI: a review. 
Med Phys. 2014 Dec;41(12):124301.

19. O’Connor JPB, Jackson A, Parker GJM, Roberts C, Jayson GC. Dynamic 
contrast-enhanced MRI in clinical trials of antivascular therapies. Nat Rev Clin 
Oncol. 2012 Feb 14;9(3):167–77.

https://www.nejm.org/doi/full/
https://www.nejm.org/doi/full/
http://dx.doi.org/10.1056/nejmoa1814017


Page 11 of 11Thawani et al. BMC Medical Imaging          (2022) 22:182 

20. Yankeelov TE, Mankoff DA, Schwartz LH, Lieberman FS, Buatti JM, Mountz JM, 
Erickson BJ, Fennessy FMM, Huang W, Kalpathy-Cramer J, Wahl RL, Linden 
HM, Kinahan P, Zhao B, Hylton NM, Gillies RJ, Clarke L, Nordstrom R, Rubin DL. 
Quantitative Imaging in Cancer Clinical Trials. Clin Cancer Res Off J Am Assoc 
Cancer Res. 2016 Jan 15;22(2):284–90.

21. Padhani AR, Miles KA. Multiparametric Imaging of Tumor Response to 
Therapy. Radiology. 2010 Aug 1;256(2):348–64.

22. Li SP, Makris A, Beresford MJ, Taylor NJ, Ah-See M-LW, Stirling JJ, d’Arcy JA, 
Collins DJ, Kozarski R, Padhani AR. Use of dynamic contrast-enhanced MR 
imaging to predict survival in patients with primary breast cancer undergo-
ing neoadjuvant chemotherapy. Radiology. 2011 Jul;260(1):68–78.

23. Hylton NM, Gatsonis CA, Rosen MA, Lehman CD, Newitt DC, Partridge SC, 
Bernreuter WK, Pisano ED, Morris EA, Weatherall PT, Polin SM, Newstead 
GM, Marques HS, Esserman LJ, Schnall MD, ACRIN 6657 Trial Team and 
I-SPY 1 TRIAL Investigators. Neoadjuvant Chemotherapy for Breast Cancer: 
Functional Tumor Volume by MR Imaging Predicts Recurrence-free Survival-
Results from the ACRIN 6657/CALGB 150007 I-SPY 1 TRIAL. Radiology. 2016 
Apr;279(1):44–55.

24. Xia B, Wang H, Wang Z, Qian Z, Xiao Q, Liu Y, Shao Z, Zhou S, Chai W, You 
C, Gu Y. A Combined Nomogram Model to Predict Disease-free Survival in 
Triple-Negative Breast Cancer Patients With Neoadjuvant Chemotherapy. 
Front Genet. 2021;12:783513.

25. Comes MC, La Forgia D, Didonna V, Fanizzi A, Giotta F, Latorre A, Martinelli E, 
Mencattini A, Paradiso AV, Tamborra P, Terenzio A, Zito A, Lorusso V, Massafra 
R. Early Prediction of Breast Cancer Recurrence for Patients Treated with 
Neoadjuvant Chemotherapy: A Transfer Learning Approach on DCE-MRIs. 
Cancers. 2021 May 11;13(10):2298.

26. Yu Y, Tan Y, Xie C, Hu Q, Ouyang J, Chen Y, Gu Y, Li A, Lu N, He Z, Yang Y, Chen 
K, Ma J, Li C, Ma M, Li X, Zhang R, Zhong H, Ou Q, Zhang Y, He Y, Li G, Wu Z, 
Su F, Song E, Yao H. Development and Validation of a Preoperative Magnetic 
Resonance Imaging Radiomics-Based Signature to Predict Axillary Lymph 
Node Metastasis and Disease-Free Survival in Patients With Early-Stage Breast 
Cancer. JAMA Netw Open. 2020 Dec 1;3(12):e2028086.

27. Wang H, Yee D. I-SPY 2: a Neoadjuvant Adaptive Clinical Trial Designed to 
Improve Outcomes in High-Risk Breast Cancer. Curr Breast Cancer Rep. 2019 
Dec;11(4):303–10.

28. Tudorica LA, Oh KY, Roy N, Kettler MD, Chen Y, Hemmingson SL, Afzal A, 
Grinstead JW, Laub G, Li X, Huang W. A feasible high spatiotemporal resolu-
tion breast DCE-MRI protocol for clinical settings. Magn Reson Imaging. 2012 
Nov;30(9):1257–67.

29. Huang W, Wang Y, Panicek DM, Schwartz LH, Koutcher JA. Feasibility of using 
limited-population-based average R10 for pharmacokinetic modeling of 
osteosarcoma dynamic contrast-enhanced magnetic resonance imaging 
data. Magn Reson Imaging. 2009 Jul;27(6)(1):852–8.

30. Eisenhauer EA, Therasse P, Bogaerts J, Schwartz LH, Sargent D, Ford R, Dancey 
J, Arbuck S, Gwyther S, Mooney M, Rubinstein L, Shankar L, Dodd L, Kaplan 
R, Lacombe D, Verweij J. New response evaluation criteria in solid tumours: 
revised RECIST guideline (version 1.1). Eur J Cancer Oxf Engl 1990. 2009 
Jan;45(2):228–47.

31. Therasse P, Arbuck SG, Eisenhauer EA, Wanders J, Kaplan RS, Rubinstein L, 
Verweij J, Van Glabbeke M, van Oosterom AT, Christian MC, Gwyther SG. New 
guidelines to evaluate the response to treatment in solid tumors. European 
Organization for Research and Treatment of Cancer, National Cancer Institute 
of the United States, National Cancer Institute of Canada. J Natl Cancer Inst. 
2000 Feb 2;92(3):205–16.

32. Li X, Rooney WD, Springer CS. A unified magnetic resonance imaging phar-
macokinetic theory: intravascular and extracellular contrast reagents. Magn 
Reson Med. 2005 Dec;54(6):1351–9.

33. Huang W, Li X, Morris EA, Tudorica LA, Seshan VE, Rooney WD, Tagge I, Wang 
Y, Xu J, Springer CS. The magnetic resonance shutter speed discriminates 
vascular properties of malignant and benign breast tumors in vivo. Proc Natl 
Acad Sci U S A. 2008 Nov 18;105(46):17943–8.

34. Huang W, Tudorica LA, Li X, Thakur SB, Chen Y, Morris EA, Tagge IJ, Korenblit 
ME, Rooney WD, Koutcher JA, Springer CS. Discrimination of benign and 
malignant breast lesions by using shutter-speed dynamic contrast-enhanced 
MR imaging. Radiology. 2011 Nov;261(2):394–403.

35. Wang Y, Huang W, Panicek DM, Schwartz LH, Koutcher JA. Feasibility of using 
limited-population-based arterial input function for pharmacokinetic model-
ing of osteosarcoma dynamic contrast-enhanced MRI data. Magn Reson 
Med. 2008 May;59(5):1183–9.

36. DeLong ER, DeLong DM, Clarke-Pearson DL. Comparing the areas under two 
or more correlated receiver operating characteristic curves: a nonparametric 
approach. Biometrics. 1988 Sep;44(3):837–45.

37. FIRTH D. Bias reduction of maximum likelihood estimates. Biometrika. 1993 
Mar 1;80(1):27–38.

38. Kosmidis I, Firth D. Jeffreys-prior penalty, finiteness and shrinkage in 
binomial-response generalized linear models. Biometrika. 2021 Mar;108(1)
(1):71–82.

39. Clopper CJ, Pearson ES. The Use of Confidence or Fiducial Limits Illustrated in 
the Case of the Binomial. Biometrika. 1934;26(4):404–13.

40. R: The R Project for Statistical Computing [Internet]. [cited 2022 Jan 12]. Avail-
able from: https://www.r-project.org/.

41. Hanczar B, Hua J, Sima C, Weinstein J, Bittner M, Dougherty ER. Small-
sample precision of ROC-related estimates. Bioinforma Oxf Engl. 2010 Mar 
15;26(6):822–30.

42. Montagna E, Bagnardi V, Rotmensz N, Viale G, Renne G, Cancello G, Balduzzi 
A, Scarano E, Veronesi P, Luini A, Zurrida S, Monti S, Mastropasqua MG, Bot-
tiglieri L, Goldhirsch A, Colleoni M. Breast cancer subtypes and outcome after 
local and regional relapse. Ann Oncol. 2012 Feb 1;23(2):324–31.

43. Chitalia RD, Rowland J, McDonald ES, Pantalone L, Cohen EA, Gastounioti A, 
Feldman M, Schnall M, Conant E, Kontos D. Imaging Phenotypes of Breast 
Cancer Heterogeneity in Preoperative Breast Dynamic Contrast Enhanced 
Magnetic Resonance Imaging (DCE-MRI) Scans Predict 10-Year Recurrence. 
Clin Cancer Res. 2020 Feb 15;26(4):862–9.

44. Springer CS Jr, Li X, Tudorica LA, Oh KY, Roy N, Chui SY-C, Naik AM, Holtorf 
ML, Afzal A, Rooney WD, Huang W. Intratumor mapping of intracellular water 
lifetime: metabolic images of breast cancer? NMR Biomed. 2014;27(7):760–73.

45. Bai R, Springer CS, Plenz D, Basser PJ. Fast. Na+ /K + pump driven, steady-state 
transcytolemmal water exchange in neuronal tissue: A study of rat brain 
cortical cultures. Magn Reson Med. 2018 Jun;79(6):3207–17.

46. Ruggiero MR, Baroni S, Pezzana S, Ferrante G, Geninatti Crich S, Aime S. 
Evidence for the Role of Intracellular Water Lifetime as a Tumour Biomarker 
Obtained by In Vivo Field-Cycling Relaxometry. Angew Chem Int Ed. 
2018;57(25):7468–72.

47. Inglese M, Cavaliere C, Monti S, Forte E, Incoronato M, Nicolai E, Salvatore 
M, Aiello M. A multi-parametric PET/MRI study of breast cancer: Evaluation 
of DCE-MRI pharmacokinetic models and correlation with diffusion and 
functional parameters. NMR Biomed. 2018 Oct;31(1):e4026. 32(.

48. Machireddy A, Thibault G, Tudorica A, Afzal A, Mishal M, Kemmer K, Naik A, 
Troxell M, Goranson E, Oh K, Roy N, Jafarian N, Holtorf M, Huang W, Song 
X. Early Prediction of Breast Cancer Therapy Response using Multiresolu-
tion Fractal Analysis of DCE-MRI Parametric Maps. Tomography. 2019 
Mar;5(1):90–8.

49. Thibault G, Tudorica A, Afzal A, Chui SY-C, Naik A, Troxell ML, Kemmer KA, Oh 
KY, Roy N, Jafarian N, Holtorf ML, Huang W, Song X. DCE-MRI Texture Features 
for Early Prediction of Breast Cancer Therapy Response. Tomography. 2017 
Mar;3(1):23–32.

Publisher’s note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations. 

https://www.r-project.org/

	Quantitative DCE-MRI prediction of breast cancer recurrence following neoadjuvant chemotherapy: a preliminary study
	Abstract
	Introduction
	Methods
	Patient cohorts
	DCE-MRI data acquisition
	DCE-MRI data analysis
	Statistical analysis

	Results
	Prediction of recurrence with a single MRI metric
	Prediction of recurrence with multi-clinicopathological variables
	Added value of MRI metrics in prediction of recurrence

	Discussion
	References


