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Abstract. This paper presents a machine-learning approach to the in-
teractive classification of suspected liver metastases in fMRI images. The
method uses fMRI-based statistical modeling to characterize colorec-
tal hepatic metastases and follow their early hemodynamical changes.
Changes in hepatic hemodynamics are evaluated from T ∗

2 -W fMRI im-
ages acquired during the breathing of air, air-CO2, and carbogen. A
classification model is build to differentiate between tumors and healthy
liver tissues. To validate our method, a model was built from 29 mice
datasets, and used to classify suspicious regions in 16 new datasets of
healthy subjects or subjects with metastases in earlier growth phases.
Our experimental results on mice yielded an accuracy of 78% with high
precision (88%). This suggests that the method can provide a useful aid
for early detection of liver metastases.

1 Introduction

The liver is the largest internal organ in the body, responsible for numerous
metabolic, regulatory, transport, and immune functions. It is the second most
commonly involved organ in metastatic disease, after the lymph nodes. The liver
provides a fertile soil in which metastases can develop due to its rich, dual blood
supply. In particular, hepatic metastases are a frequent complication in colorec-
tal carcinoma patients. Since liver function tests in patients with liver metastases
tend to be insensitive and non-specific, the disease is usually diagnosed at later
stages of its development. Although numerous possible treatments are currently
available, hepatic metastases are difficult to eradicate because they are discov-
ered late. Early and accurate detection of these lesions has the potential of
improving survival rates and reducing treatment morbidity.

A key physiological observation is that changes in liver blood supply can serve
as an indicator for the presence of hepatic metastases [1]. While the blood supply
of healthy liver predominantly enters from the portal vein, in patients with overt
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colorectal liver metastases, a higher proportion of liver blood flow is derived from
the hepatic artery. Thus, monitoring hemodynamical changes can serve as the
basis for the early detection of hepatic metastases.

Medical imaging has the potential to play an important role in the monitoring
of the liver hemodynamical changes. Barash et al [2] have recently demonstrated
the utility of functional Magnetic Resonance Imaging (fMRI) with hypercapnia
and hyperoxia for monitoring changes in liver perfusion and hemodynamics with-
out contrast agent administration. Based on these findings, Edrei et al [3] showed
how to characterize colorectal hepatic metastases and how to follow their early
hemodynamical changes. Unlike methods that use contrast agents [4,5], their
method can detect steady state levels without making a compromise between
the spatial and temporal resolutions. This opens up the possibility to detect
smaller lesions at an earlier development stage. Since hemodynamical changes
are subtle, relative, and spatially distributed, direct observation of these changes
is difficult, unreliable, and time-consuming.

Computer-aided detection of early hemodynamical changes from fMRI images
is a challenging task. Existing methods for brain fMRI analysis, such as mass-
multivariate analysis [6,7] and region-based methods [8,9] cannot be applied to
the liver. The analysis must cope with high inter-subject variability in the spatial
locations of the metastases, their functional activation response, and the GRE
(Gradient Recalled Echo) signal variations of the different tissues.

In previous work [10], we developed a method to classify manually selected and
normalized rectangular regions on liver fMRI images as metastatic or healthy tis-
sue. Our method uses a non-linear Support Vector Machine (SVM) [11] model
constructed from manually selected samples of fMRI images taken at the ad-
vanced growth phase of the metastases. The drawbacks of this method are that
it is operator-depended in region selection and normalization, and that it is
biased to axis-aligned shapes, which are not conformal to metastases shapes.

This paper presents a machine-learning approach to the interactive classi-
fication of suspected liver metastases using fMRI images. The method uses
fMRI-based statistical modeling to characterize colorectal hepatic metastases
and follow their early hemodynamical changes. These changes are evaluated
from T ∗

2 -W fMRI images acquired during the breathing of air, air-CO2, and car-
bogen. A classification model is build to differentiate between tumor and healthy
liver tissues. The advantages of our classification model are that its construction
does not require user interaction and and manual normalization. Thus, it is user-
independent, and more accurate as it is not biased to axis-aligned shapes. The
proposed model allows radiologists to interactively examine suspicious locations
of early metastases presence in anatomical MRI images.

2 Method

Our method follows the supervised learning paradigm. First, it builds a classifi-
cation model from a training set of image datasets of confirmed healthy subjects
or subjects with confirmed metastases at the advanced growth phase. The model
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is then used to classify suspicious regions in new datasets of healthy subjects
or subjects with metastases at earlier growth phases. Each dataset is processed
with the same dataset analysis method.

The input dataset consists of an anatomical MRI image (T2W) and a set
of fMRI-based maps representing hepatic hemodynamics. The fMRI images are
acquired during the breathing of air, air-carbon dioxide (5% CO2), and carbogen
(95% oxygen; 5% CO2) according to the protocol in [2], and co-registered.

2.1 Dataset Analysis

Dataset analysis consists of four steps as follows.

1. Hemodynamic activity maps computation
Two hemodynamic activity maps are derived from the fMRI images. The maps
describe the mean relative change of the fMRI signal intensity induced by hy-
percapnia (ΔSco2(x)) and hyperoxia (ΔSo2(x)):

ΔSco2(x) =
S̄co2(x) − S̄air(x)

S̄air(x)
× 100 ΔSo2(x) =

S̄o2(x) − S̄co2(x)
S̄co2(x)

× 100 (1)

where x is the pixel coordinates and S̄ is the mean signal value over all ac-
quisitions for each gas inhalation. The colorectal hepatic metastases are present
in regions with reduced ΔSo2 positive values and reduced ΔSco2 negative values.

2. Maps normalization
Normalization of the hemodynamic activity maps is necessary due to the high
variability of the GRE signal from different subjects and in the same subject at
different time points. First, the liver borders are determined from the anatomi-
cal MRI images and all the rest is eliminated from the maps. Next, each map is
centered around a liver mean intensity of zero, with a standard deviation of 1:

Δ̃Sco2(x) =
ΔSco2(x) − μΔSco2hl

σΔSco2hl

Δ̃So2(x) =
ΔSo2(x) − μΔSo2hl

σΔSo2hl

(2)

where x is the pixel coordinates, μΔSco2hl
and μΔSo2hl

are the mean values of
the healthy liver region, and σ is their corresponding standard deviation. Fi-
nally, each dataset is filtered with bilateral smoothing [12] to reduce the amount
of noise while keeping the discontinuities between healthy and metastasis regions.

3. Maps adaptive partitioning
The next step is the partition of the hemodynamic activity maps into regions
based on spatial proximity and hemodynamic activity values. Adaptive auto-
matic partition of the maps is necessary since the number, location, and shape
of the metastases varies from subject to subject. This is in contrast to brain
fMRI, where the regions of cognitive activity are similar and known in advance.
We compute the spatial partition into regions of similar hemodynamic activity
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(a) Anatomical image (b) Liver partitioned image

(c) ΔSco2 map (d) ΔSo2 map

Fig. 1. Illustration of early phase hemodynamic maps partitioning: (a) anatomical
MRI image (the suspected metastatic region is not yet confirmed); (b) partition map
in which each region has a different color; the suspicious region is colored by red; (c)-(d)
hemodynamic activity maps showing the suspicious region. Note that the hemodynamic
maps are presented after normalization

by mean-shift clustering [13] of both ΔS maps. Fig. 1 shows an example of the
clustering results of an early phase dataset.

4. Features extraction
Next, we compute two characteristic feature vectors for each region Rk in the
partition. Since metastases have different locations, shapes, and sizes, the fea-
tures vectors must be invariant to them. Since reactivity to hypercapnia and
hyperoxia distinguishes between two different biological properties, we compute
a separate feature vector for each map. We chose to compactly describe the re-
gions distribution with a feature vector fk consisting of five parameters: 1) mean;
2) standard deviation; 3) kurtosis; 4) skewness, and 5) interquartile range. This
representation yields better results than using the entire histogram [10]. Fig. 2
shows two sample histograms of healthy and metastatic regions.

2.2 Model Construction

To generate the classification model of the metastases, we process the images
in the training set as described above. The output is a set of regions and their
feature vectors description. Each region is individually labeled by an expert
radiologist as healthy/metastatic based on the anatomical MRI images.
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Fig. 2. Representative sample distributions of normalized hemodynamic activity maps
of metastatic (dotted line) and healthy (solid line) regions: (a)-(b) advanced growth
phase; (c)-(d) early growth phase

We train an SVM classification engine with the resulting set of tagged feature
vector. We compute a classification model for each hemodynamic activity map
separately. We use a generalized Radial Basis Function (RBF) kernel with the
Earth Movers Distance (EMD) [14] as the affinity measure.

2.3 Early Classification

Once the classification model has been constructed, we use it to classify suspi-
cious regions in new datasets of healthy subjects or subjects with metastases in
earlier growth phases. The radiologist identifies a location of a suspected metas-
tasis in the anatomical MRI. The corresponding region in the hemodynamic
activity maps is then classified according to the classification model. This can
be repeated for additional locations as required.

The dataset is processed following the dataset analysis method described
above. The two hemodynamic activity maps are first computed and normal-
ized. We use a truncated mean used instead of the standard mean in Eq. 2 to
reduce the sensitivity to noise and to small metastases possibly present inside
the liver. The maps adaptive partition is then performed on the resulting maps.
The features extraction is then performed on the regions containing the loca-
tions selected by the radiologist. Since two different and independent biological
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(a) Early phase (b) Advanced phase

(c) ΔSco2 map (d) ΔSo2 map

Fig. 3. Early classification example: (a) anatomical MRI image with suspected regions
pointed; (b) anatomical MRI image from advanced growth phase of the same subject.
Only the region pointed by the red arrow was classified as metastasis by our method, as
confirmed later; (c)-(d) early phase hemodynamic activity maps. The suspected region
is marked. Although the anatomical images (a-b) are not co-registered since they are
acquired at different times. The correspondence between the lesions in the images was
determined by an expert using their position relative to the kidneys.

processes are modeled by the two maps, we classify the hemodynamic activity
maps feature vectors separately and join the results. When both are classified
as metastasis, the region is considered as metastatic. Coupling the classifica-
tion yielded worse results than separate treatment. Fig. 3 shows an example of
the early phase confirmation. The pointed areas are the suspected regions. Note
that there are no confirmed metastases in the anatomical image (Fig. 3(a)), while
the corresponding hemodynamical changes are easily detectable in the hemody-
namic activity maps (Fig. 3(c), 3(d)). The region pointed by the red arrow was
confirmed as containing a metastasis in the advanced growth phase anatomical
image ( 3(b)).

3 Experimental Results

We performed an animal study on CB6F1 mice that underwent splenic injection
with CT-26 colon cancer cells (104 cells/mouse in 0.3ml) to generate metas-
tases. Metastases progression was monitored twice a week by MRI. MRI scans
were performed on a 4.7T Bruker Biospec spectrometer with a 3cm bird cage
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Table 1. Summary of experimental results tabulated in a confusion matrix. The
columns indicate the true class (Positive/Negative) and the rows indicate the hypoth-
esized class (Yes/No).

Positive Negative

Yes 23 3
No 7 11

Total 30 14

coil. Anatomical MRI images were acquired using T2-weighted fast SE images
(TR/TE = 2000/40ms). Changes in hepatic hemodynamics were evaluated using
T ∗

2 -weighted GRE (TR/TE=147/10ms). The images were acquired following the
protocol in [2] and co-registered since the mice are fixed and immobilized under
anesthesia. When metastases became large (18 days after tumor cells injection,
and above), the mice were sacrificed, and their livers were taken for histology.

A classification model was generated from 25 advanced growth phase (days
14-18) datasets and 4 of healthy subjects datasets. Each dataset consist of 4-5
slices with 1-5 metastases. Since only 4 slices are available for each mouse, real
3D analysis cannot be performed. Therefore each slice was analyzed separately.
The model was generated with the SVM engine implementation from [15].

To test early classification, we obtained 16 early growth phase (days 10-14)
datasets, and preprocessed them as described in Sec. 2.3. An expert radiologist
selected a total of 44 suspected metastases locations on the anatomical images
(the metastases were not confirmed in the anatomical MRI images). The cor-
responding regions in the hemodynamic activity maps were then classified and
confirmed later by histology or by an additional advanced growth phase anatom-
ical MRI. Table 1 summarizes the results. The classification performance of our
method was 78% accuracy, 88% precision, and of 77% recall.

4 Conclusions

We have presented a new method for the interactive classification of suspected
liver metastases using fMRI images. The method uses a machine-learning ap-
proach to construct an fMRI-based statistical model to characterize colorectal
hepatic metastases from a training dataset. The classification model is then used
to classify suspicious regions in new datasets of healthy subjects or subjects with
metastases in earlier growth phases. Our experimental results on mice yielded
an accuracy of 78% with high precision (88%). This suggests that the method
can provide a useful aid for early detection of metastases. We are conducting
ongoing research to determine the applicability of our method to humans.
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