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Abstract

Purpose—To assess the performance of computer extracted feature analysis of dynamic contrast 

enhanced (DCE) magnetic resonance images (MRI) of axillary lymph nodes. To determine which 

quantitative features best predict nodal metastasis.

Methods—This institutional board-approved HIPAA compliant study, in which informed patient 

consent was waived, collected enhanced T1 images of the axilla from patients with breast cancer. 

Lesion segmentation and feature analysis were performed on 192 nodes using a laboratory-

developed quantitative image analysis (QIA) workstation. The importances of 28 features were 

assessed. Classification used the features as input to a neural net classifier in a leave-one-case-out 

cross-validation and evaluated with receiver operating characteristic (ROC) analysis.

Results—The area under the ROC curve (AUC) values for features in the task of distinguishing 

between positive and negative nodes ranged from just over 0.50 to 0.70. Five features yielded 

AUCs greater than 0.65: two morphological and three textural features. In cross-validation, the 

neural net classifier obtained an AUC of 0.88 (SE 0.03) for the task of distinguishing between 

positive and negative nodes.

Conclusion—QIA of DCE MRI demonstrated promising performance in discriminating between 

positive and negative axillary nodes.
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Introduction

Breast MRI is often used in the clinical staging of patients with newly diagnosed breast 

cancer for defining extent of disease in the breast, detecting contralateral cancers [1], and 

detecting adenopathy. Axillary and internal mammary lymph nodes are readily detectable on 

MRI, and T2 weighted sequences and post-contrast dynamic sequences can both 

demonstrate the size and morphology of axillary lymph nodes. With these high-resolution 

sequences, the axillae can be viewed three dimensionally and a high level of anatomic detail 

is discernable. Such images are especially useful for determining architectural details of 

lymph nodes such as cortical size, morphology and the presence or absence of a fatty hilum 

(Figure 1).

Quantitative image analysis (QIA) is an area of active research and includes rather well-

established applications, such as computer-aided detection (CADe), and applications not yet 

available for everyday clinical use, such as computer-aided prognosis. Within radiology, and 

especially within the subspecialty of breast imaging, CADe has become mainstream for 

some imaging modalities and is often integrated within clinical workstations. On 

mammograms, CADe serves as a “second reader” and is used to detect masses and 

calcifications that could indicate the presence of invasive or in-situ carcinoma [2].

In this paper, we investigate the potential of computer-aided prognosis through axillary 

lymph node assessment in breast MRI. Currently, most commercially available software is 

more limited in its abilities and performs volumetric assessment of defined lesions, which 

can aid in surgical planning. Similarly, in cases where the patient will receive neoadjuvant 

chemotherapy, comparison measurements performed before and after therapy can be used as 

an imaging biomarker for response [3]. The use of more sophisticated QIA for breast MRI, 

however, remains an area of active research both for tumor classification [4], and for staging 

and prognosis [5]. In previous research studies, promising performance was obtained using 

image-based biomarkers for computer analysis of breast lesions in MRI, whereby the 

computer performed segmentation, extraction of morphologic and kinetic characteristics 

(features), and subsequent classification [6-9]. In this study, we investigated whether a QIA 

scheme utilizing a digital analysis of lymph nodes imaged on breast MRI is able to 

distinguish between lymph nodes that were positive for metastasis (‘positive’ nodes) and 

those that were negative for metastasis (‘negative’ nodes). In the future, such a scheme, if 

successful, could potentially help guide clinical management in the axilla.

Methods

This study was an institutional review board-approved, HIPPA compliant study, with waiver 

of informed consent. A retrospective review was performed on 66 cancer patients who 

underwent staging MRI at our institution between 2006 and 2010.

MR images were obtained by using 1.5 and 3.0 T systems depending on clinical availability. 

MRI was performed with a dedicated breast coil and the patient in the prone position (Table 

1). Contrast material was injected IV (0.1 mmol/kg of gadodiamide [Omniscan, GE 
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Healthcare]) and followed by a 20-mL saline flush at a rate of 2 mL/s. The same contrast 

material/protocol was used for all systems.

A database from 66 cancer patients was retrospectively collected for the assessment of QIA 

of axillary lymph nodes on MRI (Table 1). Analysis was performed on 154 negative lymph 

nodes and 38 positive lymph nodes, identified a posteriori by a board certified expert 

radiologist with 9 years of experience. Review of surgical pathology reports, radiology 

reports, and ultrasound images were used to establish the ‘gold standard’ of positivity or 

negativity for these lymph nodes. All axillary lymph nodes of the patients with negative 

sentinel lymph node biopsy were considered negative. All metastatic lymph nodes proven by 

ultrasound guided core needle biopsy were regarded as positive for metastasis. To correlate 

between the biopsy proven metastatic axillary LNs on ultrasound (US) and LNs shown on 

MRI, the same radiologist identified each metastatic axillary LN on MRI by comparing MR 

images with images from the US guided biopsy. When multiple lymph nodes (> 8) were 

proven positive for metastasis at axillary lymph node dissection, highly suspicious lymph 

nodes on MRI (up to three lymph nodes per patient) were presumed positive for metastasis.

The methodology involved several steps which were all automated except for MR image 

acquisition (as detailed above) and the identification of the image locations of lymph nodes. 

The steps in the methodology not specific to the current application have been described 

extensively elsewhere [10, 11] and are briefly summarized here for clarity. An expert board-

certified radiologist identified the locations of axillary lymph nodes visible in the MR 

images. The lymph nodes were then automatically segmented) using a method previously 

developed for breast tumors [10]. Subsequently, computer-extracted MR-based features 

were calculated to characterize the lymph nodes. The feature set describing each node 

consisted of 28 features, including 5 kinetic curve assessment, 4 variance of kinetics, 14 

enhancement texture, and 5 morphological features (Figure 2a and Table 2). For the task of 

distinguishing between nodes positive for metastasis and those negative for metastasis, each 

feature was assessed individually to gain insight into which type of feature was relevant for 

this task. Subsequently, all features were used in combination through the use of a classifier 

to predict which nodes were positive and which were negative for metastasis. We used a 

Markov-Chain Monte-Carlo Bayesian Neural Net classifier [12] (MCMC-BNN) within 

leave-one-case-out cross-validation. Leave-one-case-out cross-validation is an accepted 

training and testing method with the aim to minimize database bias (overtraining) of a 

classifier. Here, for N cases, in each cross-validation a single case was assigned as the 

testing case and the remaining N-1 cases were used for classifier training. This process was 

repeated N times until all cases had served a test case.

Hence, the novel aspects of the current study included (a) the application of a 3D 

segmentation method, which was previously developed on breast tumors [10], for the 

segmentation of axillary lymph nodes (Figure 2b), (b) the use of computer-extracted features 

(mathematical descriptors) to quantitatively characterize the nodes from MR image data 

[6-8,13], and (c) a neural network classifier to distinguish between nodes that were positive 

for metastasis and nodes that were negative for metastasis.
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Performance was assessed both qualitatively – using box plots - and quantitatively using 

receiver operator characteristic (ROC) analysis with the area under the ROC curve (AUC) as 

the figure of merit [14, 15]. The performance of individual features was assessed to gain 

insight into their relative importance for the task at hand, and thus, statistical comparisons 

amongst performance of individual features were not performed. The aim was to determine 

whether we can learn anything at all from imaging features regarding lymph node status, not 

whether image-based features were as good as the ‘gold-standard’ of more invasive and not 

necessarily risk-free biopsy (assumption AUC=1.0). Hence, the null-hypothesis here was 

that a computer-extracted nodal feature gives no insight into the presence of metastasis, and 

the AUC value for each individual feature was compared to the baseline of random chance 

(AUC=0.5) through the estimation of the symmetrical 95% confidence interval of the AUC 

value as AUC ±1.96 standard error. The performance of all features used in conjunction 

with the neural net classifier was similarly assessed.

Results

When each of the 28 features was analyzed individually, 13 features achieved performance 

substantially better than guessing (Figure 3). These 13 traits were 2 kinetic curve 

assessment, 9 enhancement texture, and 2 morphological features. The five best performing 

individual features, in order of decreasing AUC were: variance of radial gradient histogram 

(vRGH) (morphology), correlation (enhancement texture), difference in variance 

(enhancement texture), energy (enhancement texture), and circularity (morphology). Note 

that no kinetic curve assessment features were in this group of 5 best performing individual 

characteristics. Also note that the highest AUC for an individual characteristic of 0.70 (0.05) 

was obtained for a morphological feature that describes how well enhancing structures 

within a lesion extend from the center of a lesion outwards.

Feature values for the 5 features with the highest individual merit (as noted above) and for 

the best performing kinetic feature (washout) are shown with box plots and whiskers for 

positive and negative nodes (Figure 4). Based on this analysis, positive nodes were more 

likely to have: increased variance of radial gradient histogram (increase in radially outward 

enhancement patterns), increased circularity, decreased energy (less homogeneous 

appearance), decreased difference in variance (less variation in the difference in gray levels 

between voxel pairs), increased correlation (larger image linearity), and decreased washout 

(kinetic curve assessment).

The use of all lymph node characteristics combined in leave-one-case-out cross-validation 

considerably improved performance compared to the performance of any individual feature 

on its own, yielding AUC=0.88 (standard error 0.03 and estimated 95% confidence interval 

[0.82; 0.94]) (Figure 5). Note that the best performing individual feature, as discussed 

above, obtained AUC = 0.70.

Discussion

The results of this study, though preliminary in scope, show how quantitative methods that 

had previously been applied to breast lesions could also be applied to axillary lymph nodes 
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in newly diagnosed cancer patients. The results showed that several individual features, and 

also the combination of all studied lymph node characteristics could be used to assess lymph 

nodes. The majority of features that achieved performance better than guessing were textural 

features. This could be due to the inherent differences at the cellular level that occur in 

metastatic versus benign lymph nodes and the resultant MRI signal changes. Not 

surprisingly, several morphological features also performed well. For example, the 

morphology descriptor of circularity is generally higher in positive nodes. This result is 

concordant with the typical imaging appearance of metastatic nodes, which tend to be 

rounder and less reniform. Kinetic features, in general, showed less performance in 

distinguishing between the positive and negative lymph nodes. It is well known that even 

normal axillary lymph nodes can display typically malignant patterns of rapid uptake and 

washout kinetics. And therefore it is not unexpected that there were many outlier negative 

lymph nodes that demonstrated significant washout (Figure 4 a). The finding of a 

significantly higher AUC value with the utilization of all characteristics, by merging with a 

classifier, is important because it highlights the potential clinical utility of this work. By 

using the combination of all selected computer-extracted lymph node characteristics, a high 

AUC was obtained.

This study has several limitations. First, the MRI images analyzed in this study represent 

only those from dynamic contrast enhancement (DCE) MRI protocols. QIA on primary 

breast tumors has demonstrated improved performance in distinguishing between malignant 

and benign lesions with the incorporation of QIA on the T2 weighted images [16]. Future 

studies of axillary node QIA could incorporate images from an additional sequence, such as 

the T2 images. Similarly, if QIA could also incorporate multi-modality information, the 

utility might be further improved.

Another limitation is that the results presented here might be affected by the relatively small 

and unbalanced data set. Because of the modest size of the data set, we did not extensively 

investigate different feature selection protocols to improve performance, since such an 

approach would likely result in database bias, i.e., in a too optimistic performance 

assessment and a lack of generalize-ability. The single leave-one-case-out cross-validation 

presented here provided a more realistic evaluation. A similar study with a larger and more 

balanced set of lymph nodes, however, may have some effect on the characteristics that 

were seen to be most influential in determining lymph node status, and thus further studies 

are planned. In addition, inclusion of more lymph-node specific features, such as cortical 

thickness, may lead to further improvements as well. A third limitation is a level of 

ambiguity in the ‘gold standard’ due to the difficult task of identifying which lymph nodes 

were biopsied or dissected and of matching the pathology to the imaged nodes.

Staging the axilla has recently been a topic of much research, discussion and debate. The 

publication and implementation of the ACOSOG Z 0011 study [17] has led to changes in the 

imaging work up of many breast cancer patients at this institution. Specifically, axillary 

ultrasound is being used much less frequently. Prior to Z 0011, every newly diagnosed 

cancer patient would undergo an axillary ultrasound in the search for a suspicious lymph 

node. If a suspicious node was found and biopsy proven malignant, then surgeons would 

proceed directly to complete axillary dissection at the time of breast surgery. However, this 
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paradigm is no longer used in light of Z 0011, which showed no survival benefit to more 

extensive axillary surgery, even with positive sentinel nodes (up to two). Now patients with 

small breast cancers (T1 or T2) usually only have a sentinel lymph node biopsy (rather than 

a complete axillary dissection) even when the sentinel node is positive. As a result, the rate 

of staging axillary ultrasound and ultrasound guided axillary biopsy has significantly 

decreased.

In institutions where axillary ultrasound is being used less frequently, MRI may become 

more important for providing imaging staging of the axilla. While the results presented here 

are preliminary in nature, it is possible that a new paradigm could depend on MRI with 

quantitative analysis to provide the initial staging view of the axilla, and if there are multiple 

suspicious lymph nodes (suggesting at least 3 positive nodes, and therefore suggesting 

exclusion from Z 0011 criteria) then further work-up with axillary ultrasound and axillary 

ultrasound guided biopsy could be performed (Figure 6). Given this potential new 

framework, gaining the most information from the MRI images of the axilla is critical, and 

further development of QIA methods of evaluating the axilla could increase the diagnostic 

utility and prognostic value of staging MRI.
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1. Quantitative image analysis showed promise in evaluating axillary lymph nodes.

2. 13 of 28 features performed better than guessing at metastatic status.

3. When all features were used in together, a considerably higher AUC was 

obtained.
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Figure 1. 
(a) Normal morphology right axillary lymph node (arrow) on an axial post-contrast T1 fat 

saturated subtracted sequence. Note the normal appearing enhancement of the lymph node 

and normal appearance of the fatty hilum with density similar to the background fat.

(b) Abnormal right axillary lymph node (arrow) on a post- contrast T1 fat saturated 

subtracted axial image: Enlarged nodal size and near complete loss of the fatty hilum are 

seen.
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Figure 2. 
a: Pictorial representation of the characteristics analyzed

b: Example of a positive axillary lymph node with automated segmentation overlay (red 

outline)
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Figure 3. 
AUC values for individual features in the task of distinguishing between nodes that were 

positive for metastasis and those that were negative (with error bars denoting ± standard 

error). The numbers indicate the order of the best performing 5 features, and features that 

individually achieved significantly better performance than a coin-toss are marked with an 

asterisk. The dashed line is a visual guide to separate those features from the ones that failed 

to outperform a coin-toss.
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Figure 4. 
Box plots of feature values for positive and negative nodes (after standardization to zero 

mean and unit standard deviation for the entire dataset): a) the most discriminatory kinetic 

feature (washout), and the 5 best performing features, i.e., 3 textural (b-d) and 2 

morphological (e-f). On each box, the central mark is the median, the edges of the box are 

the 25th and 75th percentiles, the whiskers extend to the most extreme data points not 

considered outliers, and outliers are plotted individually.
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Figure 5. 
ROC curve for the MCMC-BNN classifier in the task of distinguishing between nodes that 

were positive for metastasis and those that were negative for metastasis (leave-one-case-out 

cross-validation).
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Figure 6. Imaging work-up of the axilla of newly diagnosed T1 or T2 breast cancer in the Z0011 
era
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Table 1
Acquisition Protocols and Lymph Node Status of the MRI database of 66 cancer patients

1.5 T Achieva Philips 3 T Achieva Tx. Philips

Lymph Nodes Number of Positive Lymph Nodes 32 6

Number of Negative Lymph Nodes 123 31

Dynamic Studies Study type 3D gradient echo sequences One pre- 
and six post-contrast enhancement 

(axial)

3D gradient echo sequences One pre- 
and five post-contrast enhancement 

(axial)

TR/TE 5.5/2.7 5.5/2.7

Flip angle 10° 10°

Slice thickness 2 mm 2 mm

Matrix size 480×480 448×448

FOV 360 mm 340 mm

Acquisition time 75 second 65 second
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Table 2

Feature category Image feature Description

Kinetic Curve Assessment Maximum enhancement Maximum contrast enhancement

Time to peak (s) Time at which the maximum enhancement occurs

Uptake rate (1/s) Uptake speed of the contrast enhancement

Washout rate (1/s) Washout speed of the contrast enhancement

Curve shape index Difference between late and early enhancement

Enhancement-Variance Kinetics Maximum variance of enhancement Maximum spatial variance of contrast enhancement over 
time

Time to peak at maximum variance (s) Time at which the maximum variance occurs

Enhancement variance increasing rate (1/s) Rate of increase of the enhancement-variance during 
uptake

Enhancement variance decreasing rate (1/s) Rate of decrease of the enhancement-variance during 
washout

Enhancement Texture Angular second moment (Energy) Image homogeneity

Contrast Local image variations

Correlation Image linearity

Entropy Randomness of the gray-levels

Sum of squares (Variance) Spread in the gray-level distribution

Difference entropy Randomness of the difference of neighboring voxels' gray-
levels

Difference variance Variations of difference of gray-levels between voxel-pairs

Inverse difference moment Image homogeneity

Sum average Overall brightness

Sum entropy Randomness of the sum of gray-levels of neighboring 
voxels

Sum variance Spread in the sum of the gray-levels of voxel-pairs 
distribution

Information measure of correlation (IMC) 1 Nonlinear gray-level dependence

Information measure of correlation (IMC) 2 Nonlinear gray-level dependence

Maximum correlation coefficient Nonlinear gray-level dependence

Morphology Sphericity/circularity Similarity of the lesion shape to a sphere

Irregularity Deviation of the lesion surface from the surface of a sphere

Margin sharpness Mean of the image gradient at the lesion margin

Variance of margin sharpness Variance of the image gradient at the lesion margin

Variance of radial gradient histogram Degree to which the enhancement structure extends in a 
radial pattern originating from the center of the lesion
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