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Abstract. Accurate localization of functionally meaningful Regions of Interests 
(ROIs) from fMRI data is critically important to functional brain imaging. A 
variety of established approaches such as General Linear Model (GLM) have 
been widely used in the community. How to determine the optimal location and 
size of an fMRI-derived ROI, however, remains an open, challenging problem. 
This paper presents a novel individualized optimization algorithm that 
simultaneously optimizes the locations and sizes of fMRI-derived ROIs by 
maximizing the coherences of their functional interaction patterns with respect 
to the block-based paradigm. As an alternative ROI optimization approach 
using functional interaction patterns, the algorithm was applied on a working 
memory task-based fMRI dataset and the experimental results are promising. 

1 Introduction 

Identifying functionally-specialized brain Regions of Interest (ROIs) constitutes the first 
step in a number of functional brain image analyses. For the purpose of functional ROI 
localization, task-based functional Magnetic Resonance Imaging (fMRI) has been widely 
considered as a benchmark approach in the community [1], e.g., via the General Linear 
Model (GLM) for activation detection [2]. Despite the wide use of this approach, there 
has been a significant, open question: how to pick the best possible fMRI signals to 
represent the activated region? In other words, given a roughly localized activation map, 
what are the optimal location and size of an fMRI-derived ROI? 

Recently, a variety of studies demonstrated that the temporal functional 
connectivity curves on meaningful structural ROIs or landmarks roughly follow the 
external stimulus curve in task-based functional neuroimaging [3]-[5]. For instance, 
Lim et al. [3] has made an attempt in representing the functional brain states by 
concatenating functional connectivities on DTI-derived axonal fibers into feature 
vectors.  Interestingly, via a sliding-window approach, they discovered that brain 
state changes in task-based fMRI are in temporal correspondence with the task 
paradigm [3]. In [4], Lindenberger et al. used electroencephalography (EEG) to 
measure the within-brain functional interaction. They found the interaction at the 
onset or starting point of certain events is strongest [4]. The authors in [5] reported 
that many functional connectivity curves on DTI-derived fibers closely follow the 
external stimulus task curves, and they can detect more activated brain regions than 
the raw fMRI BOLD signals. 
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Fig. 1. (a) Working memory block-based paradigm. (b) Average interaction map between two 
ROIs. Red and blue represent strong and weak interaction, respectively. The block design is 
temporally aligned with the interaction map. (c)-(e): functional interaction maps from two pairs 
of time series selected from two ROIs in a working memory task-based session. (c) Location of 
the ROIs and the two pairs of voxels (pair 1 is in red and pair 2 is in green). (d) and (e): 
Functional interaction map of the pair 1 and 2 in (c), respectively. 

Along the similar direction as the above studies, in our own experiments, we observed 
similar patterns in the time-frequency domain, as shown in Figs. 1a and 1b. Specifically, 
the working memory block-based paradigm and the average functional interaction map 
among ROIs (details in section 2.1) exhibited quite close temporal correlation, as shown 
in Figs. 1a and 1b, respectively. We can see that regions with intense interactions in the 
high frequency domain occur between adjacent blocks. This interesting and meaningful 
pattern has been replicated in other working memory block-based fMRI sessions we 
studied. As an example, Figs. 1c-1e show two ROIs identified by activation detection in a 
working memory paradigm. We randomly selected two pairs of time series from two 
ROIs (each pair contains one time series from each ROI), and depicted their functional 
interaction maps in Figs. 1d and 1e, respectively. Their functional interaction patterns are 
quite consistent. Therefore, we postulate that voxels in meaningful ROIs should possess 
fMRI BOLD signals revealing similar coherent functional interaction patterns with other 
voxels within this network. 

 

Fig. 2. Overview of the proposed algorithmic pipeline. (1) Task-based fMRI data. (2) GLM 
activation map. (3) Initial ROIs selected from activation peaks. (4) Functional coherence 
optimizer. (5) Spatial constraints. Red: current ROI; green: candidate voxels; dark: far away 
voxels are penalized. (6) Optimized ROIs (green). Red: initial positions; yellow arrows: 
movement. 
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Based on the abovementioned observation, we propose in this paper a novel ROI 
optimization algorithm that optimizes the locations and sizes of ROIs simultaneously, 
given the fMRI activation peaks to initialize. Our basic premise is the optimization 
should improve the coherence of meaningful functional interaction patterns among 
fMRI-derived ROIs. With the mathematical and computational modeling of the above 
principle, our proposed algorithm simultaneously optimizes the locations and sizes of 
ROIs by maximizing the coherences of functional interaction patterns with respect to 
the block-based paradigm. 

2 Methods 

An overview of the proposed algorithmic pipeline is shown in Fig. 2. Briefly, initial 
ROIs (3) are obtained from task-based fMRI data (1) through GLM (2); the optimizer 
builds a functional interaction coherence model (4) and estimates coherence values 
with spatial constraints (5) to simultaneously optimize the locations and sizes of ROIs 
(6). Within a single subject, all the ROIs are optimized at the same time. 

2.1 Functional Interaction Model 

We derived a functional interaction model from cross wavelet transform (XWT) [6], 
[7] to describe the time-frequency domain interactions. A coherence measure was 
then obtained for each pair of time series to evaluate the interaction patterns with 
respect to the block-based paradigm.  

The core of the model, XWT, is a powerful tool in assessing the multi-scale time-
frequency characteristics between time series. The basis functions, or wavelets, in 
wavelet transform, are localized both in the temporal and frequency domain, 
comparing with the sine wave basis functions in Fourier transform localized only in 
the frequency domain. The time-frequency result from a wavelet transform reveals the 
spectral characteristics at multiple frequencies or scales at different time of the time 
series. By combining the wavelet transforms, XWT uncovers the regions in the time-
frequency domain where both time series share high co-power, which is considered 
and defined as the functional interaction in [6] and this paper. Furthermore, under a 
statistical significance test, XWT suggests the time and frequency/scale where the 
time series have intense interactions. Consider two time series of the same length, X 
and Y, their cross wavelet transform is defined as: 

 ∗= YXXY WWXWT  (1) 

where W denotes continuous wavelet transform (CWT); and WY
* denotes the 

complex conjugation of WY. We used the Morlet kernel [7] and statistical significance 
test of 95% significance level [6], [7]. With this configuration, we obtain a binary 
matrix representation for each pair of time series, denoted as an interaction map: 
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where n is the time index and s is the scale index. Elements in IMXY inside the Cone 
of Influence [6] are always set to zero due to the boundary effect of CWT. The binary 
representation enables us to focus on regions in the time-frequency domain where the 
co-power of the time series are significant. In fact, Fig. 1b is an averaged result of 
hundreds of interaction maps of each time series pair from two ROIs. 

The high-frequency part of the interaction map is of special interest since it 
contains fine interaction patterns at various scales. We derive a binary histogram 
indicator array of interactions HXY for the high-frequency part of the interaction map: 
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A one in the array indicates that the co-power of time series X and Y is significant at 
corresponding time and scale. A zero indicates no interaction in the interaction map.  

The coherence measure was obtained by relating the binary indicator array with the 
block-based paradigm. For a paradigm with M blocks denoted as {B1, B2, …, BM}, 
there are M-1 transition states {S1, S2, …, SM-1} with Sk being the transition state 
between the kth block and the (k+1)th block. A transition indicator array TXY of size 
M-1 is derived from the histogram indicator array HXY to represent the availability of 
any transition state in the interaction map. Specifically, TXY(k)=1 if and only if 
HXY(n1)=1 and HXY(n1)=1, in which n1 is the last time point of the kth block and n1+1 
is the first time point of the (k+1)th block. Simply put, there exist at least two adjacent 
ones in the binary histogram indicator array that covers the transition state k. We 
derive the coherence measure of time series X and Y as: 
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QXY measures how coherent the observed interactions and the paradigm design are 
with regard to the state transitions. This pair-wise coherence measurement was 
extended to ROI-level and network-level through a linear combination. 
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where Ri and Rj are two ROIs; NRi and NRj are the number of voxels in Ri and Rj, 
respectively; Ri(k1) and Rj(k2) are the k1

th and k2
th voxel or time series in Ri and Rj, 

respectively. QROI gives the ROI-level coherence measure. Meanwhile, the network-
level coherence measure is given by: 
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where NROI is the number of ROIs in the network. This network-level measure is 
essentially an average of the ROI-level measures of NROI(NROI-1)/2 possible ROI 
pairs.  
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Our primary focus in this optimization problem is to maximize the network-level 
coherence measure by simultaneously optimizing the location and size of each ROI. 

2.2 Coherence Voting and Spatial Constraints 

To assess the individual significance or coherence of every ROI voxel, we propagate 
the pair-wise coherence values to voxels using a voting strategy. The average vote is 
denoted as its individual coherence value. For the jth voxel in the ith ROI, its individual 
coherence is defined as: 
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This individual coherence value represents how coherent a voxel in an ROI interacts 
with all other ROIs in the network with regard to the block-design paradigm. 
Therefore it is a network-level measure of individual ROI voxels. By optimizing ROIs 
so that they include voxels with higher Qij values, the network-level coherence 
improves as well, since both Qij and Q are linear combinations of the same set of pair-
wise coherence values with positive coefficients. 

While the coherence measurement is meaningful to better localize the ROIs, it is 
possible that the variability and noise in fMRI data could still drag an ROI from its 
true location or change the size to include irrelevant voxels. A second concern regards 
our basic assumption: GLM already provides rough locations of the ROIs. A recent 
study showed that the fMRI-derived activation peak could be shifted a few voxels 
from its true location due to spatial smoothing [8]. Therefore, the optimization 
procedure should not move ROIs too far away from their initial locations. Hence we 
enforce three spatial constraints to regularize the optimization. (1) The search space of 
our optimization routine is limited to grey matter voxels to ensure we extract the right 
time series (grey matter constraint). (2) Voxels far away from the mass center of the 
current ROI are penalized to ensure the ROI does not grow too large (size constraint). 
(3) Voxels far away from the initial location are penalized (movement constraint). 

2.3 ROI Optimization 

Our goal in this optimization problem is to move and/or reshape ROIs to include 
voxels with higher individual coherence values with spatial constraints. A unified 
procedure was employed to add qualified voxels into a ROI or removes certain voxels 
from a ROI. For a candidate voxel v for ROI Ri, its individual coherence value is 
converted to an intrinsic weight: 

 )12exp()(
2

iRivvote Qvp σ−−=  (8) 

where σRi is the standard deviation of all individual coherence values in ROI Ri; Q̄iv  
is the normalized individual coherence value of the candidate voxel v with regard to 
ROI Ri, 0 ≤ Q̄iv  ≤ 1. 
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Finally, the individual coherence value and the spatial constraints are combined for 
each candidate voxel. We obtain the following probability of removal: 

 )()()()( vpvpvpvp votesizemovementremoval =  (9) 

where psize and pmovement are ROI size penalty and movement penalty, respectively. 
Our iterative optimization process is as follows. 

Initialization. Grey matter voxels within 3-voxel distance to the initial locations from 
GLM are included. Note the results are insensitive to the initial size. 

Optimization. In each iteration, only voxels at the surface of each ROI are changed 
since we do not want to create topological issues, e.g. a hole inside a ROI. The actual 
optimization is a two-step procedure. In the first step, all grey matter voxels within 
the neighborhood of surface voxels with probabilities of removal smaller than a 
preselected threshold are included in the optimized ROI. In our experiments, we set 
the threshold to 0.3. The probabilities and weighted mass centers are recalculated. In 
the second step, all surface voxels with probabilities of removal larger than a 
preselected threshold are removed. In our experiments, we set the threshold to 0.7. 
The optimization procedure ends when the ROIs have been stabilized. Our algorithm 
processes all ROIs simultaneously and searches within the whole space (activated 
regions). It is a global search that ensures optimal, instead of suboptimal, solution. 

 

Fig. 3. (a) and (b): Initial ROIs (red) and optimized ROIs (green) of two subjects. Yellow 
arrows indicate rough directions of movement. The average movement is 3.50 mm. (c)-(f): 
individual coherence measures of two ROIs before and after optimization. (c) and (e): ROI 14 
and 15 before optimization. (d) and (f): ROI 14 and 15 after optimization. The voxels are 
colorcoded in their individual coherence measure values. The voxels in transparency are from 
corresponding optimized ROIs in (c) and (e); and are from corresponding initial ROIs in (d) 
and (f) for easier visual comparison. 

3 Results 

We applied the proposed algorithm on a working memory fMRI dataset with twelve 
healthy subjects. The multimodal fMRI and DTI data (only for validation) are 
analyzed by FSL [8]-[10]. Sixteen initial ROIs were derived from GLM results. 
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3.1 Optimized ROIs 

Examples of optimized ROIs are shown in Figs. 3a and 3b. We can see that the 
optimized ROIs are quite close to their initial locations. The overall average 
movement in twelve subjects is 3.50mm (standard deviation: 2.54mm). The average 
size of the optimized ROIs is 40.16 voxels (standard deviation: 6.53 voxels), a 
29.52% drop comparing with initial ROIs. The network-level coherence was 
increased by 14.87% on average, proving that our algorithm is effective in moving 
and reshaping the ROIs. Shown in Figs. 3c-3f are examples of individual coherence 
measures. We can see that the optimized ROIs contain voxels with higher coherence 
values in comparison with the initial ROIs. This visualization further proves the 
effectiveness of our algorithm. 

3.2 Signal Consistency 

Average Z values from the GLM activation detection were calculated for each 
subject. Overall, we did not found any significant difference after optimization. The 
comparable Z values before and after optimization confirms that the optimized ROIs 
are still in the activated regions. We also computed the ratio of the variance of the 
first (principal) component using Principal Component Analysis (PCA). The average 
ratio before and after optimization are 98.3% and 98.2%, respectively. The overall 
functional connectivity measured by Pearson correlation increased by 0.02. These 
results are in line with our expectation to the optimization, which is, increasing the 
functional coherence while maintaining the signal consistency. 

 

Fig. 4. Visualization of fibers connecting to the same ROI before and after optimization for 
three subjects. Each column is one subject. (a), (c), and (e): before optimization; (b), (d), and 
(f): after optimization. Red: initial ROI; green: optimized results. 

3.3 Structural Connectivity 

As an independent validation study, we used structural connectivity pattern derived 
from DTI data to measure the improvements. Specifically, we implemented a similar 
algorithm as the trace map model [11] to quantitatively measure the fiber connections. 
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For fair comparisons, we used FSL FLIRT [12] to register the extracted fibers to a 
template subject. For every pair of subjects we calculated for each ROI the distance 
between their trace map features. The average distance for each ROI was recorded. It 
is interesting that our optimization based on coherent functional interaction patterns 
indeed improves the overall structural consistency measured by the trace-map model, 
by 4.26%. As an example, we visualized the fibers connecting to one ROI for three 
subjects in Fig. 4. It is evident that after optimization, the fibers emanating from the 
same ROI become more consistent (cyan arrows). This further confirms the validity 
of our optimization: both functional and structural connectivity improve. 

4 Conclusion 

In this paper we proposed to simultaneously optimize the locations and sizes of GLM-
derived ROIs based on functional interactions between fMRI time series. Apart from 
the traditional GLM-based approach, a novel wavelet-based interaction model was 
designed to capture the intrinsic interactions and make full use of the block-based 
paradigm by relating the block-based paradigm with high-frequency functional 
interactions. The optimization algorithm is evaluated and validated using GLM 
activation detection results, functional coherence metric, functional connectivity 
consistency, and structural connectivity consistency, and promising results were 
achieved.  

With the availability of these optimized functional ROIs, we will be able to extract 
more accurate and reliable fMRI signals from these ROIs to enable and facilitate other 
important tasks such as assessment of functional dynamics and interactions among 
brain networks and construction of predictive models of functional brain ROIs based 
on consistent structural fiber connection patterns. Our current algorithm is 
individualized. group-wise treatment of those ROIs requires huge amount of 
combinational processing and optimization across multiple brains and is a big 
challenge at the current stage. In addition, it is very difficult to compare fMRI signals 
across individuals due to the vast complexity and variability. In the future, we plan to 
further investigate into the group-wise extension of the proposed approach. Our future 
work also includes applying this approach on more fMRI paradigms and jointly 
optimizing ROIs with structural constraints. 
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