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Abstract

Laser interstitial thermal therapy (LITT) is a new therapeutic strategy being explored in prostate 

cancer (CaP), which involves focal ablation of organlocalized tumor via an interstitial laser fiber. 

While little is known about treatment-related changes following LITT, studying post-LITT 

changes via imaging is extremely significant for enabling early image-guided intervention and 

follow-up. In this work, we present the first attempt at examining focal treatment-related changes 

on a per-voxel basis via quantitative comparison of MRI features pre- and post-LITT, and hence 

identifying computerized MRI features that are highly sensitive as well as specific to post-LITT 

changes within the ablation zone in the prostate. A retrospective cohort of 5 patient datasets 

comprising both pre- and post-LITT T2-weighted (T2w) and diffusion-weighted (DWI) 

acquisitions was considered, where DWI MRI yielded an Apparent Diffusion Co-efficient (ADC) 

map. Our scheme involved (1) inter-protocol registration of T2w and ADC MRI, as well as inter-

acquisition registration of pre- and post-LITT MRI, (2) quantitation of MRI parameters by 

correcting for intensity drift in order to examine tissuespecific response, and (3) quantification of 

the information captured by T2w MRI and ADC maps via texture and intensity features. 

Correction of parameter drift resulted in visually discernible improvements in highlighting tissue-

specific response in different MRI features. Quantitative, voxel-wise comparison of the changes in 

different MRI features indicated that steerable and non-steerable gradient texture features, rather 

than the original T2w intensity and ADC values, were highly sensitive as well as specific in 

identifying changes within the ablation zone pre- and post-LITT. The highest ranked texture 

feature yielded a normalized percentage change of 186% within the ablation zone and 43% in a 

spatially distinct normal region, relative to its pre-LITT value. By comparison, both the original 

T2w intensity and ADC value demonstrated a markedly less sensitive and specific response to 
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changes within the ablation zone. Qualitative as well as quantitative evaluation of co-occurrence 

texture features indicated the presence of LITT-related effects such as edema adjacent to the 

ablation zone, which were indiscernible on the original T2w and ADC images. Our preliminary 

results thus indicate great potential for non-invasive computerized MRI imaging features for 

determining focal treatment related changes, informing image-guided interventions, as well as 

predicting long- and short-term patient outcome.
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treatment evaluation; laser interstitial thermal therapy; prostate cancer; focal treatment; treatment 
change; registration; multi-parametric MRI

1. INTRODUCTION

Prostate cancer (CaP) is the most frequent malignancy diagnosed in men 50 years and older 

in industrialized countries1. However, while 1 in 6 men may be diagnosed with prostate 

cancer, only 1 in 36 will die from it1. There is thus an increasing clinical preference to put 

patients with more focal, lower grade CaP on active surveillance, where they are monitored 

for disease metastasis. Focal therapy options provide a useful adjunct to active surveillance, 

with significantly lower morbidity (urinary, sexual dysfunction)2 compared to more radical 

treatment options (prostatectomy, radiation treatment). They additionally reduce the 

overtreatment of CaP in the general population, while allowing patients to have their disease 

treated once diagnosed2.

Focal therapy strategies such as laser interstitial thermal therapy (LITT), high intensity 

focused ultrasound (HIFU), cryotherapy, and photo-dynamic therapy (PDT) are considered 

highly effective for targeting the index lesion, or the largest focus of CaP as measured by 

volume, within the prostate3. Most secondary (non-index) tumors tend to exhibit relatively 

smaller volumes and rarely have a higher Gleason score than the index lesion; making them 

unlikely to affect overall disease progression4. Thus, biologically speaking, most patients 

can be considered to have unifocal disease (i.e. the index lesion), by targeting which one can 

dramatically decrease total tumor volume and eliminate the most likely source of 

metastasis5.

The specific focal therapeutic strategy considered in this work is LITT, which involves 

thermal destruction of tissue via the Nd-YAG laser delivered by an interstitial fiber. Heat 

energy is delivered to raise the temperature within the targeted CaP region, where rapid 

coagulative necrosis and instant cell death occur above 60° C. One of the major advantages 

enjoyed by LITT is its compatibility with magnetic resonance imaging (MRI), allowing for 

high resolution in vivo imaging to be used in LITT procedures6. MRI is also capable of 

monitoring temperature change in the tissue, which enables real-time monitoring of LITT. 

Further, multi-parametric MRI offers the ability to accurately denote the specific location of 

biopsy-proven CaP within the gland1, which is very important for accurately delineating 

ablation zones within the prostate as well as for accurate guidance of the laser fiber during 

treatment.
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In organs such as the liver, the extent of tissue necrosis due to LITT has been shown to be 

visible on MRI7. Rosenkrantz et al6 have described some of the primary imaging 

characteristics at the 6-month follow-up mark after most types of focal therapy (though this 

study was not limited to LITT). The most significant of these was a decrease in the prostate 

volume (leading to loss of differentiation between prostatic zones), as well as poor 

visualization of the capsule. Structural T2w MRI is considered to be of limited utility to 

evaluate focal therapy effects due to presence of multifocal hypointensities that appear due 

to prostatic parenchyma6, post-therapy. Diffusion weighted imaging (DWI) accurately 

visualizes tissue viability post-LITT (based on increased water diffusion), but its ability to 

differentiate between normal tissue, necrosis, and residual tumor has not been studied. 

Additionally, to our knowledge, the relative importance and utility of different MRI 

protocols in determining post-LITT effects has not been explored in detail.

There is thus relatively little information regarding the specific in vivo imaging 

characteristics of LITT-induced changes in the prostate. Further, the qualitative observations 

of LITT-related changes on prostate MP-MRI do not specifically address how to 

differentiate between the appearance of benign LITT-related changes (edema, necrosis) that 

can mask the presence of residual CaP, post-LITT. This implies a need for co-registration 

and image analysis methods to quantitatively compare pre- and post-LITT MRI in order to 

identify voxel-by-voxel changes inMRI parameters that can describe LITT-related changes 

within the prostate. Careful co-registration of pre- and post-LITT MRI can enable accurate 

overlays of the two acquisitions as well as voxel-wise comparison of the ablation zone 

(focally targeted index lesion) between pre- and post-LITT MRI acquisitions. Superposing 

the ablation zone from the pre-LITT MRI onto the post-LITT MRI can help identify 

imaging characteristics that correspond to residual disease (which would primarily occur 

within the ablation zone), as well as for benign LITT-related changes (edema, necrosis) that 

may appear external to the ablation zone.

In this work, we present the first attempt at quantitative image analysis of high-resolution 

(per-voxel) evaluation of treatment-related changes in vivo in CaP patients who have 

undergone LITT, via co-registration of preand post-LITT MRI acquisitions. Our approach is 

intended to form a precursor to building of a novel imaging-based predictor of early focal 

treatment response in CaP, to enable effective image-guided intervention. Our scheme may 

also find application in examining quantitative changes in non-invasive imaging markers as 

a function of time, to be correlated against long-term disease outcome and patient prognosis.

The remainder of this paper is organized as follows. Section 2 describes previous related 

work in quantitative treatment evaluation and Section 3 provides an overview of the 

methods used in the current work. Section 4 details the experimental design, while Section 5 

summarizes the experimental results and discussion. Finally, Section 6 presents our 

concluding remarks.

2. PREVIOUS RELATED WORK

Treatment evaluation of therapeutic options for prostate cancer have primarily been 

examined for radiation treatment in a number of qualitative studies8–12. Our group13,14 has 
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leveraged these qualitative characteristics within novel quantitative schemes for per-voxel 

evaluation and MRI signature construction to differentiate between possible radiation 

treatment outcomes (success, unsuccessful, recurrence). However, to our knowledge there is 

no similar work on evaluating treatment related changes due to LITT, via co-registration and 

quantitative analysis of pre- and post-LITT MRI.

MR thermometry measurements acquired during LITT have been utilized for predicting cell 

death using animal models15–17. These have involved construction of simulated 

mathematical models which can provide an estimate of cell death at a location, given the 

temporal thermometry information during treatment for that location and certain 

assumptions regarding temperature effects in vivo. Validation of these models has been done 

via rigid co-registration between thermometry images and post-LITT MRI15 or 

histology16,17, enabling comparison of actual regions of cell death against a simulated 

heatmap.

In studies involving prostate cancer patients, a Phase I LITT trial found good correlation 

between volumes of thermal damage that were visible on MRI and those determined via 

staining of ex vivo surgical prostatectomy specimens from patients who had previously 

undergone LITT18. Additionally while the ablated volume measured on MRI was marginally 

overestimated compared to pathology, MR images demonstrated excellent capability in 

discriminating non-viable necrotic tissue, post-ablation. More recently, co-registration 

approaches have been proposed for planning19 and guidance20 of LITT for prostate cancer 

using MRI information. These methods involved on the construction of a phantom to 

simulate focal treatment, as well as application of the simulated information for accurate 

targeting of focal treatment via fusion of MRI and ultrasound.

3. MOTIVATION AND BRIEF OVERVIEW

In this work, we present the first results of utilizing careful co-registration and image 

analytic tools to enable high-resolution (per-voxel) evaluation of treatment-related changes 

in vivo in CaP patients who have undergone LITT, using MRI information. A retrospective 

cohort of prostate MRI data that comprises both pre- and post-LITT acquisitions, including 

T2-weighted (T2w) and diffusion-weighted (DWI) protocols will be utilized, where an 

Apparent Diffusion Co-efficient (ADC) map is calculated from DWI MRI.

Step 1. Registration

A spatially constrained affine registration scheme14,21 will be used to bring the T2w and 

ADC images into alignment within each of the pre- and post-LITT acquisitions, as well as to 

align the pre- and post-LITT acquisitions. This co-registration step is performed in order to 

correct for (a) voxel size, resolution differences, and calculation artifacts between the ADC 

map and the T2w MRI, and (b) acquisition differences between the pre- and post-LITT MRI 

acquisitions. Once co-registered, the multiparametric MRI information (T2w, ADC) can be 

integrated on a per-voxel basis, while the comparison of MRI parameters before and after 

LITT can also be performed on a per-voxel basis.
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All coregistration procedures will utilize a spatially constrained normalized mutual 

information (NMI) similarity measure, due to its robustness to non-linear intensity 

relationships21. This particular registration methodology was chosen as it has been well-

validated for different multi-modal registration applications21. This methodology has 

previously resulted in successful registrations in quantitative treatment evaluation 

schemes13,14, and was therefore utilized in the current work instead of developing a more 

complex deformable scheme.

Step 2. Correction of MR parameter drift

After segmentation of the prostate ROI, pre- and post-LITT MR parameters (T2w intensity, 

ADC value) will be quantitated by correcting for intensity drift between acquisitions22. This 

will be done using co-registered image volumes output from Step 1. MR intensity non-

standardness (or intensity drift) causes image intensity values to not have a fixed tissue-

specific meaning within the same imaging protocol, the same body region, or even within 

the same patient22. Correction of this artifact is done in order to quantitatively compare the 

changes in MRI parameters between pre- and post-LITT acquisitions, while ensuring tissue 

specific meaning for the parameters being compared.

Step 3. Texture feature extraction

The T2w and ADC images will be quantified via raw intensity values as well as via 

computerized texture features23,24. These will be extracted from the co-registered, drift-

corrected image volumes output from Step 2. Texture features have previously demonstrated 

high effectiveness in characterizing the prostate appearance in order to differentiate between 

regions as well as types of tumors within the prostate23,25. Here, texture features will be 

extracted in order to to examine their ability in specifically capturing LITT-related changes 

within the prostate.

Step 4. Quantifying imaging changes due to LITT

Normalized percent differences (relative to the pre-LITT values) will be calculated between 

the pre- and post-LITT MRI features. This measure is extracted in order to quantitatively 

evaluate the sensitivity and specificity of different MRI features in (1) detecting increased 

changes within the ablation zone as a result of LITT, while (2) demonstrating little to no 

change within a spatially distinct normal region. Evaluation of difference statistics will be 

limited to voxels within annotated, spatially distinct CaP and normal regions. By limiting the 

difference statistics calculations in this manner, false positive changes such as edema will 

not be taken into account when quantifying changes as a result of LITT.

Our methodology (summarized in Figure 1) is intended to provide a deeper understanding of 

imagingrelated changes due to LITT in vivo. These findings may later enable early image-

guided intervention in cases of unsuccessful or incomplete treatment, as determined by an 

MRI-based signature of LITT-related changes.
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4. EXPERIMENTAL DESIGN AND DETAILEDMETHODOLOGICAL 

DESCRIPTION

4.1. Data Description

A cohort of 5 patient studies was obtained from the Sperling Prostate Center, under an IRB-

approved retrospective study protocol. Prior to initial MR imaging, all patients had been 

confirmed to have organ localized prostate cancer with Gleason scores between 6 and 7 

(based on core-needle biopsies, no single core had > 50% involvement). Final treatment 

outcome for all 5 patients was determined as successful due to no local recurrence or 

residual CaP being discerned on follow-up (during the post-LITT MP-MRI exam), in 

addition to a reduction in PSA levels.

4.2. Annotations

Annotations of the ablation zone (CaP) as well as benign regions (normal) on the pre-LITT 

T2w MRI were obtained via an expert radiologist who delineated the ablation zone (AZ) by 

considering the MR image appearance of the AZ and the location of the needle during 

treatment.

Care was taken to ensure that the CaP and normal regions were spatially distinct and of 

approximately the same volume, based on visual observation of the AZ. Further, normal 

regions were annotated within the same prostatic region (central gland or peripheral zone) 

and on the same 2D axial sections as that of the CaP annotation.

Additionally, the prostate capsule was segmented out on the pre-LITT T2w MRI by an 

expert radiologist.

4.3. Pre- and post-LITT MP-MRI acquisition

For each patient, pre- and post-LITT MP-MRI scans included T2w and DWI protocols. All 

studies were performed using a Siemens Symphony 1.5 Tesla MRI machine together with a 

whole-body coil for excitation, as well as a pelvic phase array coil for signal reception. 

Table 1 summarizes the protocol details for both pre- and post-LITT MRI acquisitions.

Each patient underwent an MRI-guided LITT procedure using the Visualase Thermal 

Therapy System (Visualase Inc, Houston, TX) between 1 and 4 months after the initial MP-

MRI acquisition. This system comprised a surgical diode laser, a fiber-optic laser applicator 

with diffusing tip and a coaxial cooling catheter, a cooling circulation pump, and a computer 

workstation for processing and display of MR thermometry images. During LITT, laser 

applicator placement was performed using the Invivo DynaTRIM transrectal biopsy 

guidance system (Invivo, Pewaukee, WI). The post-LITT MP-MRI (T2w, DWI) scan was 

acquired for each patient between 3 and 4 months after the LITT procedure.

4.4. Notation

We define  as the pre-LITT MR scene, where β = {t2w, adc} corresponds to 

the different MR protocols, and  is the T2w or ADC value associated with every 
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voxel c in a 3D grid C.  are the corresponding post-LITT MR scenes for T2w and ADC 

that have been aligned to  (see Sections 4.5 and 4.6 for details). Note that any image 

scene  prior to undergoing registration is denoted via 𝒞 ̂ in Sections 4.5 and 4.6. For ease of 

notation, applying a transformation T to the image scene  will be denoted as,

(1)

The region annotated as the ablation zone (CaP) is denoted A(C) while the normal, benign 

annotation is denoted N(C).

4.5. Alignment of pre-, post-LITT T2w MRI

Post- to pre-LITT registration was performed using the T2w protocol as it visualizes internal 

prostatic structures with excellent resolution, enabling accurate image registration. The 

original MR volume was cropped to contain the prostate alone, and NMI was calculated 

within this area. A 3D affine transformation of  onto  was calculated, 

encompassing 12 degrees of freedom which encode image rotation, translation, shearing, 

and scale. As a result of registration, the aligned post-LITT T2w MRI scene was obtained 

as,

(2)

where Tpp represents applying the 3D affine transformation transforming post-LITT T2w 

MRI to pre-LITT T2w MRI, to every voxel c ∈ C.

Figures 2(a) and (c) visualize the image registration result of  and  in the form of a 

checkerboard pattern, where alternating squares correspond to images from each of  and 

 (for two different studies). The contiguity of structures corresponding to prostatic 

zones, zonal boundaries, and nodules within the prostate capsule (green outline) suggest a 

successful co-registration between the two different acquisitions, accounting for the major 

changes to the prostate region as a result of LITT6, including acquisition-based differences, 

patient movement, and changes to the prostate appearance.

4.6. Inter-protocol alignment of T2w, DWI MRI

The pre-LITT ADC map was brought into spatial alignment with corresponding  via 

volumetric affine registration driven by a spatially constrained NMI measure (similar to 

Section 4.5), yielding,

(3)

where Tpre represents applying the 3D affine transformation transforming pre-LITT ADC to 

pre-LITT T2w MRI, to every voxel c ∈ C.
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The post-LITT ADC map undergoes a two-step registration process where it is first brought 

into alignment with , followed by a second transformation to bring it into alignment 

with , i.e.

(4)

where Tpost transforms post-LITT ADC to post-LITT T2w MRI, followed by Tpp to align it 

to the pre-LITT T2w MRI. All MRI data is thus transformed into the pre-LITT T2w MRI 

co-ordinate frame C and field of view (FOV, 512 × 512 voxels).

The final set of co-registered MRI protocols were visually inspected by an expert on a slice-

by-slice basis for accuracy. The expert checked for anatomic contiguity, correct mapping of 

regions to one another, and overall accurate correspondence between internal prostatic 

structures between co-registered volumes. Figures 2(b) and (d) visualize the registration 

result of  to  in the form of a checkerboard, where alternating squares correspond to 

images from each of  and  (for two different studies). Similar to Figures 2(a) and 

(c), zonal boundaries and nodules within the prostate capsule (green outline) are seen to be 

contiguous between the two protocols, suggesting a successful registration accounting for 

voxel size and resolution differences between the 2 protocols.

4.7. Quantitation of pre- and post-LITT T2w and ADC values via correction of parameter 
drift between acquisitions

The MR acquisitions pre- and post-LITT were not found to suffer from MR bias field 

intensity inhomogeneity27, most likely due to the use of a surface coil.

However, when the image intensity distributions for  (blue) and  (red) were plotted 

together (Figure 3(a)), it was clear they were not in alignment, implying the presence of 

intensity drift (or non-standardness)22 between the pre- and post-LITT acquisitions. A 

similar trend was observed when plotting the distributions for  (blue) and  (red) 

(Figure 3(c), implying the presence of drift in ADC values between the two acquisitions.

The Nyul and Udupa algorithm26 was implemented to automatically identify corresponding 

landmarks on these image intensity distributions, and non-linearly map them to one other. 

The mapping was calculated as a piece-wise linear transform between corresponding ranges 

on the intensity distributions of the two acquisitions. The intensity distributions were 

calculated within image regions local to the prostate capsule. Using the expert annotations, 

intensity values corresponding to prostate cancer were prevented from influencing the 

standardization procedure. As a result of intensity standardization, the distributions were 

aligned (Figures 3(b) and (d)) and the MR parameters could be directly compared. Intensity 

standardization was performed for corresponding pairs of protocols 

 between pre- and post-LITT MRI acquisitions.

The importance of correcting for intensity drift is further illustrated in Figures 3(e) – (h) 

where difference maps between pre- and post-LITT MRI protocols have been visualized 
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(see Section 4.9 for details). The difference maps calculated from non-standardized data 

(Figures 3(e) and (g)) which correspond to distributions exhibiting intensity drift (Figures 

3(a) and (c)) clearly visualize a number of false positives outside the ablation zone (on the 

lower right). By contrast, difference maps calculated from standardized data (Figures 3(f) 

and (h) with corresponding aligned distributions in Figures 3(b) and (d)) have visibly fewer 

false positive areas outside the ablation zone. Thus, correcting for intensity drift enables a 

more quantitative comparison of MRI parameters between pre- and post-LITT acquisitions, 

with tissuespecific meaning for the imaging response.

The prostate capsule segmentation was applied to each of , and  in 

order to restrict all analysis to within the prostate region-of-interest alone.

4.8. Quantification of MRI information via texture features

A total of 78 texture features were extracted from each of , and  on a 

per-voxel basis (see Table 2). These features are obtained by (1) calculating responses to 

various filter operators, and (2) computing gray level intensity co-occurrence statistics, as 

follows,

1. Non-steerable gradient features: A set of 17 non-steerable gradient features were 

obtained via convolution with Sobel and Kirsch edge filters and first-order spatial 

derivative operators from each of , and . These operators 

allow for detection of the strength of horizontal, vertical, and diagonal edges within 

the image using linear kernels28.

2. Steerable gradient features: Gabor operators comprise the steerable class of 

gradient calculations which attempt to match localized frequency characteristics29. 

A Gabor filter can be defined as the modulation of a complex sinusoid by a 

Gaussian function and is controlled by scale (λ) and orientation (θ) parameters. 48 

Gabor features were extracted from each of , and  via 

convolution with distinct Gabor operators obtained by varying each of the 

associated parameters.

3. Second order statistical features: Second order statistical features have been 

proposed by Haralick30 and have found wide application in computing features 

with perceptual meaning for computerized detection systems23,24. These features 

are based on quantifying the spatial gray-level co-occurrence within local 

neighborhoods around each pixel in an image, stored in the form of co-occurrence 

matrices. 13 Haralick features were calculated from each of , and 

, based on statistics derived from the corresponding co-occurrence matrices.

Feature extraction results in feature scenes , where  is the feature 

value at location c ∈ C when feature operator φ is applied to scene , κ ∈ {pre, post}, ψ ∈ 

{t2w, adc}. For ease of notation, the raw T2w intensity value and ADC value were included 

in this set of feature scenes, i.e. there are a total of 79 feature scenes corresponding to each 

of , and .
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4.9. Quantifying LITT-related changes in MRI features

For each of , φ ∈ {1, …, 79}, κ ∈ {pre, post}, ψ ∈ {t2w, adc}, the range of values was 

normalized to have a mean of 0 and a mean absolute deviation of 1. This ensured that the 

different parameter values were in a comparable range of values when quantifying 

differences between pre- and post-LITT MP-MRI.

The L1 norm difference between a given pre- and post-LITT MP-MRI feature value can be 

calculated as

(5)

for every voxel c ∈ C (after normalization).

Difference scenes can be visualized within the prostate ROI by utilizing a colormap, such 

that blue corresponds to small difference values and red corresponds to areas of high 

differences. Therefore, regions annotated as A(C) should be highlighted by red in the 

difference scene colormap, which would correspond to large changes within the ablation 

zone due to successful ablation of the CaP region. Along similar lines, regions annotated as 

N(C) should be highlighted in blue in the difference scene colormap, corresponding to little 

to no change in a spatially distinct region not targeted by focal laser ablation. Note that this 

observation cannot be generalized to the entire prostate, as effects such as edema (among 

other reactions to treatment) may also cause significant changes to the MRI features1,6.

The normalized percentage change each of  with respect to the corresponding , φ 

∈ {1, …, 79}, ψ ∈ {t2w, adc} was calculated as,

(6)

(7)

 and  quantify the change in MP-MRI parameter φ within the annotated regions 

N(C) and A(C), and are implicitly normalized such that 0 corresponds to no difference 

between the pre- and post-LITT MRI feature, while values greater than 1 correspond to large 

differences. The median was utilized due to being less sensitive to outliers (unlike the 

mean), while not requiring rebinning of the data (unlike the mode).

In an ideal scenario, we would expect that  will be close to or greater than 1, 

corresponding to a large change in the MP-MRI feature φ within the successfully ablated 

CaP region (this would be considered a highly sensitive response). Similarly,  should 

ideally be close to 0, corresponding to no change in the MP-MRI feature φ within the 

normal region that should largely remain unaffected by focal ablation (implying a highly 

specific response).
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Each MP-MRI feature was then ranked based on maximizing  while minimizing , φ 

∈ {1, …, 79}, ψ ∈ {t2w, adc}, via the scoring function

(8)

A high value for S(ρφ,ψ) will correspond to a feature that is highly sensitive (i.e.  close to 

1) as well as highly specific (i.e.  close to 0).

5. EXPERIMENTAL RESULTS AND DISCUSSION

5.1. Evaluating MP-MRI markers in quantifying LITT-related changes in vivo

Table 3 summarizes the top 20 T2w and ADC features, ranked in descending order, based 

on the scoring function S(ρ). It can be observed that Gabor and Sobel features are the highest 

ranked features for accurately quantifying LITT-related changes within the prostate (i.e. 

high change within ablated region and low change within normal region). These texture 

features visualize responses across multiple scales, directions, and gradients, and are 

possibly quantifying changes in micro-architectural glandular orientation specifically 

occurring within the ablation zone, as a result of LITT.

Figure 4 visualizes a bar graph of  and  for each of the T2w features listed in 

Table 3, as well as for the raw T2w intensity value (not included in the top 20 features); 

together with the variance in these values overlaid as error bars. Figure 5 similarly visualizes 

trends for ADC features and the raw ADC value (included in the top 20 features), with 

corresponding error bars. The highest ranked ADC feature (Gabor θ =1.18, λ =45.25) 

appears to be markedly more sensitive and specific in depicting changes due to LITT within 

the ablation zone relative to normal regions, compared to any other T2w or ADC feature 

considered.

A trend in  and  may be discerned in Figure 5 (seen in terms of bars with similar 

lengths) implying that highly ranked ADC features appear to have (1) relatively consistent 

change in each feature within ablated and non-ablated regions, and (2) markedly higher 

values for  compared to  demonstrating high sensitivity as well as specificity. By 

comparison, in Figure 4, the T2w features demonstrate more variability in the change in 

each feature (visualized as inconsistent lengths of bars). This variability can also be seen in 

the larger error bars in Figure 4. By comparison, Figure 5 illustrates that ADC features have 

lower variation (smaller error bars), as well as less variability in the change in each feature 

(consistent lengths of bars). Additionally, T2w features exhibit high values in  as well 

as in , implying a highly sensitive albeit less specific performance in quantifying 

LITT-related changes in the prostate.

The raw T2w intensity value did not rank in the top 20 T2w features in Table 3, and 

demonstrates higher  than  (φ = 1 corresponds to the T2w intensity value), 

implying a relatively poor performance compared to any of the features listed in Table 3. 
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The raw ADC value, however, is ranked among the top 20 ADC features while 

demonstrating a markedly more sensitive as well as specific change between pre- and post-

LITT acquisitions, compared to the T2w intensity value. For both protocols, derived texture 

features appear to provide a distinctly improved trade-off between sensitivity and 

specificity, by exhibiting a markedly increased change within cancerous regions compared 

to a markedly low change within benign regions.

5.2. Visualizing benign LITT-related changes via MRI features

Figure 6 compares the qualitative change in raw MRI parameters compared to derived 

texture features within A(C) (red) and N(C) (green). It is clear that the original T2w MRI 

(Figures 6(a) and (d)) do not show a distinct change within the CaP region, though the 

benign region has a reasonably consistent appearance. This is likely because diffuse T2w 

appearance is commonly observed after most types of treatment6,9, causing confounders 

between the appearance of CaP and successfully treated CaP regions. The original ADC 

maps (Figures 6(b) and (e)) show a distinct brightening within the CaP region, but an 

inconsistent response within the benign region. The visualized ADC change within the CaP 

region may be explained by the fact that loss of cell membrane integrity (early process of 

cell death) and necrosis cause an increase in water mobility31, which would result in an 

increase in the ADC value in that region.

A T2w texture feature (Haralick energy) was empirically selected as illustrative in terms of: 

(1) demonstrating a similar response pre- and post-LITT within N(C) (green outline, low 

change), (2) illustrating different responses pre- and post-LITT within A(C) (red outline, 

high change), as well as (3) visualizing tissue reaction to the LITT procedure as a distinct 

(over-expression) response that is adjacent to the AZ. Haralick energy attempts to quantify 

how heterogeneous the tissue appearance is and hence how smooth the variation in intensity 

values are. We have previously shown that such features demonstrate a response specific to 

peripheral zone tumors23, which would explain why this feature demonstrates a distinct 

change after successful LITT ablation (due to absence of tumor post-LITT). Additionally, 

there appears to be a non-smooth variation in T2w intensities that is visually indiscernible in 

Figures 6(a), (d) but has been expressed by this feature, which may imply the presence of 

edema or a similar LITT-related change which may be expected to occur as a result of 

ablation6.

The corresponding difference maps for these features: δ1,t2w (T2w intensity), δ1,adc (ADC 

value), δ18,t2w (T2w Haralick energy), were quantitatively compared in terms of their spatial 

distribution over all studies considered (illustrated via box-and-whisker plots in Figure 7). 

The original MR parameters (T2w intensity, ADC value) depict only a marginal change in 

the difference values between the AZ and the region adjacent to the AZ. The Haralick 

energy feature (Figure 7(c)) appears to demonstrate the most distinct difference values 

between the two regions with the least overlap. This implies that LITT-related changes that 

are adjacent to the AZ (such as edema) may be associated with a distinct set of textural 

values compared to the changes occurring within AZ itself.
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6. CONCLUDING REMARKS

Laser interstitial thermal therapy (LITT) is a highly promising focal strategy for low-grade, 

organ-confined prostate cancer, further enhanced by its ease of integration with high 

resolution MP-MR imaging. In order for LITT to gain popularity as a treatment strategy, it is 

important to be able to qualify and quantify LITT treatment response which can enable early 

image-guided intervention in patients where initial treatment was inaccurate or ineffective. 

In this work, we have presented preliminary results of evaluating treatment-related changes 

in vivo after LITT for prostate cancer patients. Our initial results based on 5 patient studies 

indicate that,

• Computerized textural descriptors derived from T2w and ADC images yielded 

distinctly more sensitive and specific responses, evaluated on a voxel-by-voxel 

basis, within regions of prostate cancer that were successfully ablated compared to 

normal regions (where the latter should ideally be unaffected by focal treatment).

• Sobel and Gabor responses, which comprise the steerable and nonsteerable class of 

texture features28,29, were primarily ranked highest within each of the T2w and 

ADC feature sets, based on a scoring function that attempted to maximize 

percentage change within the ablation zone while minimizing change within a 

normal region (between pre- and post-LITT MRI features). This implies the 

presence of distinct micro-architectural orientation and gradient changes occurring 

specifically within the ablation zone as a result of LITT, possibly due to the 

presence of necrotic or ablated tissue in this region. However, normal regions show 

a markedly lower change in these features, likely because they are unaffected by 

the focal nature of LITT.

• Several empirically chosen T2w co-occurrence texture features30 were found to be 

both sensitive and specific to visualizing (a) effects of successfully ablating the 

CaP regions, as well as (b) providing an indication of additional treatment related 

changes such as edema. These features also appeared to exhibit distinct quantitative 

difference values within the AZ, compared to a region locally bounding the AZ. 

These features quantify heterogeneity in the tissue appearance which likely enables 

characterization of subtle tissue changes occurring due to edema or inflammation of 

regions surrounding the ablation zone, as a result of LITT.

• The original ADC values demonstrated highly sensitive response to LITT-related 

changes in vivo, as they are able to capture the significant change in water 

permeability as a result of treatment31. However, this effect may be non-specific to 

the ablation zone alone, resulting in a lower specificity for the raw ADC values.

• The T2w MRI intensity value was inconsistent in demonstrating LITT-related 

change, in terms of not demonstrating a distinctly sensitive or specific response 

within the ablation zone. This may be due to the diffuse appearance of T2w MRI 

post-therapy, which has been observed in previous qualitative studies2,6.

• Correction of parameter drift between different acquisitions22 enabled a rigorous 

voxel-by-voxel quantitation and comparison of T2w and ADC values. Our results 

demonstrated that correcting for this artifact results in a visually obvious 
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improvement when comparing tissue specific response on in vivo imaging, due to 

the LITT procedure.

We do acknowledge some limitations of the current work. We utilized a relatively simple 

spatially constrained volumetric affine registration scheme to align pre- and post-LITTMRI, 

as well as align the different MRI protocols (T2w, ADC), rather than a more complex 

deformable scheme. While a comprehensive comparison of different registration methods 

was not performed, our choice of method resulted in relatively robust, well-aligned results. 

Additionally, a quantitative evaluation of the registration results could not be performed due 

to lack of annotations to be used as ground truth. However, the methodology used by us is 

based on well-validated previous work13,14,21.

In future work, deformations caused by the interstitial fiber protruding into the prostate 

tissue could be better accounted for through biomechanical modeling. Once these 

deformations are subtracted out, we may be able to perform a more detailed study of the 

tissue changes due to LITT alone.

Future work will also involve validation of our findings on a larger cohort of data. We will 

also examine evaluation of the MRI imaging markers identified in this work to provide an 

indication of treatment response post-LITT, in order to enable early image-guided 

intervention for patients who were non-responsive to the initial treatment. Other applications 

of the MRI features developed in this work could be in the context of constructing an 

imaging-based predictor for patient prognosis and long-term patient outcome.
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Figure 1. 
Overview of the methodology and overall workflow.
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Figure 2. 
Checkerboard overlays showing volumetric affine registration results (each row corresponds 

to a different patient study), (a),(c)  and (b),(d) . Green outlines 

correspond to the prostate capsule segmentation (obtained via expert annotation of the T2w 

MRI). Note contiguous structures in each of these checkerboards denoting successful co-

registration using affine registration, implying that more complex deformable registration 

procedure was not necessary in these cases.
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Figure 3. 
Visualizing intensity drift between pre- (blue) and post-LITT (red) MR parameters in (a) 

T2w, and (c) ADC values, by plotting the corresponding distributions along the same axis. 

Note that after intensity standardization26, both the (b) T2w and (d) ADC distributions are 

no longer misaligned, implying successful correction of the drift artifact. This enables 

tissue-specific meaning when comparing MR parameter values between the two 

acquisitions. This is visualized via difference maps for (f) T2w intensity and (h) ADC values 

which exhibit markedly few positives outside the ablation zone on the lower right. By 

comparison, difference maps for (e) T2w intensity and (g) ADC values that have not been 

corrected for intensity drift exhibit a large number of false positives, implying a non-tissue 

specific response in imaging features for evaluating LITT-related changes inside and outside 

the ablation zone.
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Figure 4. 

Summary of  and  for the features in Table 3.
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Figure 5. 

Summary of  and  for the features in Table 3.
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Figure 6. 

Images from a single dataset corresponding to representative sections from (a) , (d) 

, (b) , (e) , (c) , (f) . Green outlines correspond to benign 

regions (N(C)) while red outlines correspond to cancerous regions (A(C)), as annotated by a 

radiologist. While little change is observed within the CaP region (red) between (a) and (d) 

on T2w MRI, corresponding ADC value appears to change distinctly between (b) and (e). 

By contrast, an empirically chosen T2w feature (Haralick energy) illustrates distinct change 

within the CaP region (red), low change within benign region (green), as well as a reaction 

to LITT adjacent to A(C), depicted via brighter values around the red outline (compare (c) 

and (f)).
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Figure 7. 
Box-and-whisker plots (over all studies) depicting range of (a) δ1,t2w (T2w signal intensity), 

(b), δ1,adc (ADC value), and (c) δ18,t2w (T2w Haralick energy); within the AZ and within a 

bounding box local to the AZ. Note that the red line in the middle of each box reflects the 

median difference value while the box is bounded by 25th and 75th percentile of difference 

values. The whisker plot extends to the minimum and maximum difference values outside 

the box. The derived T2w texture feature ((c)) expresses a markedly distinct difference 

signature within the AZ compared to the region adjacent to the AZ (with minimal overlap), 

as opposed to the original T2w and ADC parameters which do not.
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Table 1

T2w and DWI acquisition parameters for pre- and post-LITT MRI exams.

Parameters T2w DWI

Directions Axial Axial

Sequence Fast spin-echo DTI-EPI

Field of view 14 cm 24 cm

Matrix size 256 × 192 256 × 128

Resolution 512 × 512 128 × 128 to 152 × 152

Other TR/TE = 4000–6000/90–120, echo train length = 8–16, slice 
thickness = 3 mm, interslice gap = 0 mm

6 gradient directions b-values = {0, 600}, slice thickness 
= 4 mm
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Table 2

Summary of parameters for texture features used (numbers in brackets signify how many features of each 

texture category were computed)

Feature Parameters

Non-steerable gradient (17) Sobel/Kirsch X,Y,Z and diagonal directions, gradient X,Y,Z directions and magnitude, 1st order statistics

Steerable gradient (48)

λ= {2.82,5.66,8.2,11.31,22.63,45.25}  θ = {0,0.39,0.78,1.18,1.57,1.96,2.36,2.75} 

Second order statistical (13) Entropy, energy, inertia, inverse difference moment, correlation, 2 information measures, sum average, sum 
variance, sum entropy, difference average, difference variance, difference entropy
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Table 3

Top 20 T2w and ADC features, ranked in descending order based on S(ρ), i.e. showing a high change within 

CaP (ablated) regions and a low change within normal regions.

Rank T2w feature ADC feature

1 Gabor θ=0, λ=11.31 Gabor θ=1.18, λ=45.25

2 Gabor θ=2.36, λ=45.25 Sobel XZ

3 Gabor θ=2.36, λ=8.20 Z Gradient

4 Gabor θ=0, λ=45.25 Haralick Energy

5 Gabor θ=0, λ=8.20 Sobel Z

6 Gabor θ=1.96, λ=11.31 Sobel ZY

7 Haralick Sum Average Gabor θ=2.75, λ=8.20

8 Gabor θ=0, λ=5.65 Gabor θ=1.18, λ=22.63

9 Gabor θ=2.75, λ=45.25 Sobel Y

10 Sobel Y Gabor θ=2.75, λ=11.31

11 Gabor θ=2.36, λ=22.63 Gabor θ=0, λ=22.63

12 Gabor θ=2.36, λ=5.65 Gabor θ=0.39, λ=22.63

13 Gabor θ=1.57, λ=5.65 Sobel ZX

14 Gabor θ=2.36, λ=11.31 Gabor θ=1.96, λ=45.25

15 Sobel YX ADC value

16 YGradient Sobel X

17 Haralick Difference Entropy Sobel YZ

18 Gabor θ=1.96, λ=8.20 Gabor θ=2.75, λ=45.25

19 Gabor θ=2.75, λ=11.31 Sobel YX

20 Gabor θ=1.57, λ=22.63 Gabor θ=2.75, λ=5.65
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