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SUMMARY 

The Image Processing and Informatics Laboratory (IPILab), located at the Annenberg 
Research Park at 734 W. Adams Blvd. in the Kerckhoff Hall near the University Park 
Campus, continues another year of research and collaboration during these difficult 
economic times with a challenging transition towards new frontier areas of research in 
imaging informatics. During this time, IPILab has continued its vision and course to provide 
a bridge of collaboration between the two schools - Viterbi School of Engineering and the 
Keck School of Medicine - establishing new collaborations and research funding and 
hosting visitors interested in Imaging Informatics training and research. Some of the 
accomplishments and highlights for this year are detailed: 

1. Education and Training

One of IPILab’s main pillars is providing education and training in imaging informatics 
research at every level from undergraduate students to working professionals.  This last 
year, the T32 Training Grant from the National Institute of Biomedical Imaging and 
Bioengineering (NIBIB), National Institutes of Health (NIH), DHHS entitled: “Biomedical 
Imaging Informatics Training Program” effective September, 1, 2005 – August 31, 2010, 
totaling about US$1.6 million has come to an end.  However, even though the lab has been 
going through major transitions previous trainees and current lab members continue to 
receive recognition in national conferences and proceedings papers. Some of the past 
IPILab trainees milestones include 1) Jorge Documet, PhD who completed his 
Postdoctoral Fellow and has taken a Software Development position in the Health 
Informatics industry, 2) Jerry Loo, MD, who is a first year Radiology resident at USC, 
3) Jasper Lee, PhD, who also has taken a senior engineering position in the CAD/
Imaging Informatics industry, 4) Anh Le, PhD, who is in her third-year Oncology 
residency program at the University of Pittsburgh Medical Center (UPMC), and 5) 
Syed Ashrafulla who graduated from University of Texas and is currently a PhD EE 
student in the Viterbi School of Engineering and will advance to PhD candidacy this 
coming Spring.   

As usual, summer activities are the height of our academic year for recruiting new young 
blood into the IPILab for research collaborations.  IPILab welcomed two undergraduate 
research trainees.  The USC Summer Undergraduate Research Program continues to fund 
our efforts to recruit and foster bright young undergraduate students searching for future 
academic research directions.  From the clinical side, IPILab had three additional 4th 
year USC Medical School students participate in an imaging informatics clinical 
rotation providing a balanced research environment of future engineers and 
clinicians. Finally, we had three MS graduate students from the BME program 
who participated in research training activities and has since found professional 
positions.   
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Two former Provost Fellow PhD students Ruchi Deshpande and Ximing Wang as well as 
former T32 trainee Kevin Ma - all from the BME graduate program - have continued their 
PhD research with IPILab. A new PhD student Sneha Verma, who received her 
Master’s Degree from Johns Hopkins University, has joined the IPILab in her first year.   

2. Research Projects

As previously mentioned, we have continued in our areas of Medical Imaging Informatics 
research with a transition to new frontier areas of research in addition to previous 
Radiology-based research: 1) A Multimedia Electronic Patient Record (ePR) framework to 
manage various types of Image-Assisted (IA) Surgeries; 2) The development of an eFolder 
System for Multiple Sclerosis Patients; along with new areas including 3) A multimedia ePR 
system to support the large-scale OPTT-RERC “Rehabilitation Engineering Research 
Center for Technologies for Successful Aging with Disability” multi-media data; 5) The 
development of imaging informatics tools for large-scale stroke rehab clinical trials (eg, 
Interdisciplinary Comprehensive Arm Rehabilitation Evaluations – ICARE); 6) Continued 
development of data mining of DICOM-RT objects in conventional radiation therapy of 
prostate cancer patients; 7) An ePR to provide decision support in evaluating does 
optimization in Stroke Rehabilitation (DOSE); 8) A multi-media system to support VA 
caregivers of Spinal Cord Injury Patients; and 9) An ePR-based system for Spinal Cord 
Injury patients for treating pain with Proton Therapy Radiosurgery. We enjoyed 
a successful RSNA conference in November 2012 with a total of 4 presentations. Some 
of the research work continues to be supported by extramural finds including 
NIH, DOE/NIDRR, VA, U.S. Army Medical Research and Materiel Command, and the 
private industry. We are continuing to transition to areas in Rehabilitative Science and 
Physical Therapy since multi-media data is utilized in the research field in addition to 
patient-related imaging informatics data. 

3. Industrial Collaborations

In addition to extramural funding, IPILab has continued R & D collaborations with the 
private industry including but not limited to: Fujifilm, USA in the development of performer 
observer studies of 3D display for Mammogram Screening.   

As described in the Table of Contents, this 2013 Annual Report includes materials related 
to the IPILab, IPILab R & D plans and current results, selected published and in-press 
peer-reviewed papers during the year, as well as preprints to appear in the Proceedings of 
the International Society for Optical Engineering (SPIE) in Medical Imaging, Orlando, FL, 
February 12-14, 2013. 
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Role of an imaging informatics-based DICOM-RT cancer registry in 
evaluating treatment parameters of IMRT for prostate cancer  

Ruchi Deshpandea, Alyssa Zhoua, Jeffrey Zhanga, John DeMarcob, Brent J. Liua

aImage Processing and Informatics Laboratory, Department of Biomedical Engineering, University 
of Southern California, 734 W Adams Blvd, Los Angeles, CA, USA 90089;  

bDepartment of Radiation Oncology, University of California Los Angeles, 200 Medical Plaza 
Drive, Los Angeles, CA 

ABSTRACT 

Cancer registries are information systems that enable easy and efficient collection, organization and utilization of data 
related to cancer patients for the purpose of epidemiological research, evidence based medicine and planning of public 
health policies. Our research focuses on developing a web-based system which incorporates aspects of both cancer 
registry information systems and medical imaging informatics, in order to provide decision support and quality control in 
external beam radiation therapy. Integrated within this system is a knowledge base composed of retrospective treatment 
plan data sets of 42 patients, organized in a systematic fashion to aid query, retrieval and data mining. A major 
cornerstone of our system is the use of DICOM RT data sets as the building blocks of the database. This offers enormous 
practical advantages since it establishes a framework that can assimilate data from different treatment planning systems 
and across institutions by making use of a widely used standard – DICOM. Our system will help clinicians to assess their 
dose volume constraints for prospective patients. This is done by comparing the anatomical configuration of an incoming 
patient’s tumor and surrounding organs, to that of retrospective patients in the knowledge base. Treatment plans of 
previous patients with similar anatomical features are retrieved automatically for review by the clinician. The system 
helps the clinician decide whether his dose/volume constraints for the prospective patient are optimal based on the 
constraints of the matched retrospective plans. Preliminary results indicate that this small-scale cancer registry could be a 
powerful decision support tool in radiation therapy treatment planning in IMRT.  

Keywords: Cancer Registry, Radiation Therapy, Radiation Oncology, IMRT, Imaging Informatics, Prostate Cancer, 
DICOM RT 

1. INTRODUCTION
Cancer registries are information systems that record diagnostic, treatment and outcomes data associated with cancer 
patients, mainly for the purpose of epidemiological research and public health policy planning, and may operate either at 
an institutional, state or national level. Our goal is to draw upon this concept, and add value to it by developing a 
DICOM-RT-specific system infrastructure for collecting, organizing and mining aggregate RT-related dose-volume data 
to enable knowledge discovery of existing patterns in dose delivery. The rationale behind this is that Radiation Therapy 
data objects contain a vast wealth of information that can be mined and analyzed with the ultimate objective of 
improving the quality of radiation therapy treatment plans and ultimately improving patient outcomes. More specifically, 
quantifying the relationship between patient anatomy and achievable organ sparing can help predict the most optimal 
IMRT treatment parameters for future patients.  

Currently, most of this data resides in vendor-specific treatment planning systems and the oncology information systems 
associated with them. The primary utility of these systems is to develop and manage radiotherapy treatment plans. It is 
difficult to access and work with this data for research purposes since these systems use proprietary formats to store data. 
Although there are APIs to mobilize the data stored, research tools developed using these APIs become dependent on the 
TPS and cannot be ported to other treatment planning systems. As a result, a research system that utilizes data from any 
commercial system should ideally make use of a standard that is easy to work with, recognized and used by major 
vendors and accepted by the medical community. Most TPS vendors now support export of dose-volume data to 
DICOM RT [1] [2] objects, which makes DICOM the obvious choice.  
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To this end, we have developed a web-based, DICOM compliant system that helps in quantifying and ultimately 
utilizing relationships between patient anatomies and dose distributions for decision support in radiation therapy 
treatment planning.  

1.1 Workflow 

In order to design a clinical decision support system, it is essential to analyze the existing workflow of the clinical 
department and determine where the new system fits in, and how it alters the workflow. Figure 1 shows the operational 
workflow in Radiation Oncology. Steps of the workflow for the planning stage are outlined below: 

• CT Simulation and Portal Image: Generation of the CT images that are used for treatment planning.

• ROI Contouring: All relevant ROIs are contoured slice-by-slice on the TPS.

• Initial Parameters: Selection and placement of fields, adjustment of Multi-Leaf Collimators, etc.

• Dose Grid Computation: The TPS calculates the dose grid.

• Plan Evaluation: Review of Dose Volume Histograms, isodose contours, dose homogeneity, etc.

• Plan Approval: The radiation oncologist either approves or rejects the plan based on the evaluation results

• Re-adjustments and fine-tuning: Further adjustments to resolve inadequacies (if any) found in the evaluation.

Figure 1. Radiation Therapy Workflow 

Usually, the plan evaluation cycle is repeated a few times before finalizing a treatment plan (iterative trial and error 
methodology). However, there are practical limitations on the number of iterations possible, which may result in a less-
than-optimal plan. That in turn, may affect the degree to which vital organs are spared, leading to patient complications, 
which could have been avoided or at least alleviated in some cases. Therefore, an intelligent system can use retrospective 
data to eliminate some of the guesswork involved, and optimize the plan evaluation stage by offering intelligent 
recommendations to the user.  

1.2  The Decision Support System 

The premise of the decision support system is that the internal anatomical configuration of organs and tumors place 
constraints of achievable dose distributions. For instance, the closer the bladder is to the tumor, the harder it is to spare 
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the bladder. On the other hand, even if two patients have tumors that are equidistant from their respective bladders, one 
of the patients may have a greater degree of overlap between the bladder and tumor, thus making it harder to limit dose 
to the bladder. Our decision support system enables: 

1) Computation of these anatomical features (described in the Methods section).

2) Extraction of relevant dose distribution information to analyze the relationship between these features and
achievable lower limits for dose delivery to critical structures.

3) Examine the effect of these anatomical features on dose delivery to the tumor.

4) Quantification of these relationships using mathematical pattern recognition, in order to predict optimal dose
constraints for critical organs and the Planning Target Volume (PTV).

5) Develop a ranking system to rate patients according to the level of organ sparing possible on the basis of their
anatomy.

6) Use the prediction and ranking tools to customize treatment plans for patients based on their anatomy.

2. METHODS
Careful planning and execution of the design of the decision support system is vital in order to accomplish the 
functionalities listed in the previous section. The following sections describe the system components and architecture, 
the data model and the knowledge discovery tools and methods.  

2.1 System Architecture 

Figure 2 shows the major components of our web-based decision support system. Some important considerations for 
system design are: 

1) DICOM Compliant: The database and system controller should be capable of receiving, storing and processing
DICOM data.

2) Web Access: The system should be accessible to users remotely in order to make it portable and easy to use on any
client of the user’s choice.

3) User Interaction: The end-user should be provided with an easy-to-use interface to avoid the need for direct
interaction with the database and computational scripts. This facilitates easy integration of the system into the
clinical environment.

     Figure 2. System Component and Architecture diagram 
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The main components of the system are described below: 

1) The DICOM Gateway parses and validates DICOM objects, extracts relevant metadata, records it in the database,
creates a file-folder hierarchy for storing the DICOM files, and links objects on the database to their location on the
file system. Our DICOM gateway consists of a python script that makes use of the ‘Pydicom’ library, and can be
accessed either through a web page or using DICOM C-Store.

2) The Database stores all relevant metadata associated with various DICOM objects, post processed data derived from
DICOM files, user account information, etc. Our system uses MySQL as the database server.

3) The User interacts with the system via the Graphical User Interface (GUI), which includes tools for uploading data,
as well as viewing data and results of analysis. This GUI is written using HTML and JavaScript.

4) The Decision Support module currently includes: computational MATLAB scripts that carry out all image
processing tasks and can communicate directly with the MySQL database server; data presentation and visualization
tools such as a DICOM viewer, contour overlay tool, scripts to generate DVH plots, etc.; and a search application
which allows the user to query for specific information.

5) The Knowledge Base consists of information that is intelligently derived from the raw DICOM data. This is a
specialized subset of the database, which is physically contained within the database, but is conceptually more
specific. For instance, it contains the overlap volume histogram [3][4], which is computed from the DICOM RT
Dose, RT Structure Set and CT images.

6) The System Controller acts as the binding link between the database, decision support modules and the Graphical
User Interface

2.2 Data Model 

The database is the backbone of any informatics system. It stores all the system inputs as well as results of computations. 
More importantly though, the data model leading up to the actual database lays the foundation for all future applications 
by ensuring efficient data accessibility. Proper organization and accessibility of data is essential in making the 
knowledge discovery and data mining tools usable. A good understanding of the structure and the relationship between 
the principal data elements facilitates proper implementation. The four main types of data objects involved in this system 
are CT Images, Structure Sets, Dose grids and treatment plans.  Figure 3 shows how these objects fit into the DICOM 
model of the real world. Each object belongs to a DICOM series, which in turn belongs to a study. Each patient may 
have multiple such studies, and each study may have multiple series.    

Figure 3. DICOM RT objects in the DICOM data model 

The Structure Set object contains information related to certain user-defined regions of interest. For instance, in prostate 
cancer, the most important ROIs are the rectum, bladder, the prostate and the tumor. All of the information in a Structure 
Set object is contained within the DICOM header, and as a result, there is no pixel information in these files. Each ROI 
is assigned a number, and this mapping between the ROI Name and Number is also stored. Each ROI is delineated by 
ROI Contours, which are stored in the form of coordinates. Each contour is linked to a CT Slice by reference via SOP 
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Instance UIDs, Study UIDs, etc. However, since the contour points are in the patient-based coordinate system, they need 
to be converted to a pixel-based system to facilitate registration with the CT slices. Figure 4 shows the internal 
organization of the DICOM Structure Set object. Each Structure Set may have multiple ROIs defined, and each ROI may 
have multiple contours, each at a different slice location, with references to associated CT slices.   

Figure 4. Data Model of the RT Structure Set Object 

Figure 5. Data Model of the RT Dose Object 
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The Dose object contains the actual dose points generated by the treatment planning system. The dose grid is stored in 
the form of a 3D image, wherein each pixel value corresponds to dose magnitude scaled by the ‘DoseScaling’ attribute. 
The dose slice locations do not necessarily correspond directly with CT slice locations, and may need to be registered. 
All our data sets had to be registered separately via interpolation. Some treatment planning systems offer the option of 
exporting the Dose Volume Histograms as part of the DICOM RT Dose object as well. Figure 5 shows the relationship 
between the different elements of the Dose object.  

2.3 Knowledge Discovery 

Once the basic DICOM objects have been uploaded to the system, data mining can be employed to extract useful 
features regarding the patient’s anatomy as well as dose delivery. Since a patient’s anatomy is believed to play a role in 
limiting the sparing of critical organs, the following features related to patient anatomy were extracted: 

1) ROI Volume: Treatment planning systems may or may not include information related to volumes of organs in the
exported DICOM files. Additionally, the algorithms used by different vendors lead to variability in these
computations. We have chosen to re-calculate ROI volumes in order to deal with this uncertainty, and maintain
consistency among data sets obtained from different treatment planning systems. In order to achieve this, the ROI
contours obtained from the Structure Sets were overlaid on the associated CT slices in order to create solid ROI
masks in the form of binary 3D images. A count of all the ‘on’ pixels multiplied by pixel spacing and slice thickness
provides the ROI volume.

2) Volumetric Overlap between critical structures and the PTV: An intersection of the solid masks created for the
critical structures and the PTV was carried out. The volumes of these intersecting regions were then calculated. That
fraction of the total volume of an organ, which intersects with the PTV, was used as the final feature by dividing the
intersecting volume by the total volume of the organ.

3) Distances between ROIs: The centroid of each ROI was calculated and then the Euclidean distance between the
centroid of each critical organ and the PTV was determined.

4) Maximum distance of 50%, 75% and 90% of the volume of an ROI from the PTV: An overlap volume histogram
was computed for each ROI-PTV pair. From this OVH, we extracted the maximum distance of 50% of the volume
of an ROI from the nearest surface of the PTV. We then repeated the procedure for 75% and 90% of the volume of
each ROI.

Further, in order to relate these geometrical features to the dose distribution, we calculated the following dose 
parameters: 

1) D50: Dose delivered to 50% of the volume of an ROI

2) D75: Dose delivered to 75% of the volume of an ROI

3) D90: Dose delivered to 90% of the volume of an ROI

These values are interpolated from the Dose Volume Histogram. 

3. RESULTS
Out of the collected data set of 42 patients, 14 were used to examine the relationship of dose delivered to an organ and 
the volumetric overlap of that organ with the PTV. Theoretically, as overlap increases, it becomes increasingly more 
difficult to spare the organ while still maintaining sufficient dose to the PTV. However, certain cases do exist wherein a 
patient with a lower overlap receives the same dose to the bladder as another patient with a much higher degree of 
overlap.  A lot of these cases may be explained by other factors such as the distance between the bladder and the PTV. 
Our next step is to examine these additional relationships in combination with the overlap-dose relationship to create a 
model to relate patient anatomy to dose delivery. So far, our results verify the general trend of increase in dose to the 
ROI with an increase in overlap between that ROI and the PTV. 

We plotted the dose delivered to 50% of ROI volumes versus the percentage volumetric overlap of the ROIs with the 
PTV. Figure 6 shows this scatter plot for the bladder, with 14 patients. Figure 7 shows the same plot for the rectum. We 
can see that that as the percentage overlap increases, the dose delivered to 50% of the bladder and the rectum also 
increases.  
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Table 1 shows the actual measurements for patients with IDs of 8 and 13. We can see that the bladder percentage-
overlap for Patient #13 is 4.7% higher than for Patient #8. So we would expect that Patient #8 be more easily spared and 
receive a lower dose than Patient #13. However, that is not the case, as both bladders receive similar amounts of dose. 
The same pattern repeats for the rectum, where similar doses are given to patients who differ in their rectal percentage-
overlap by 5%. This may be due to the fact that the PTV volume for Patient #8 is a lot larger than for the other patients. 
This may or may not indicate a larger tumor (the PTV includes regions immediately surrounding the tumor, as dictated 
by the nature of the tumor and the patient’s anatomy). Adding more features and running this analysis on a larger data 
set will yield more conclusive results.  

     Figure 6. Bladder Dose versus Percentage Overlap for 14 patients 

Figure 7. Rectum Dose versus Percentage Overlap for 14 patients 

Table 1. Percentage volumetric overlap and dose to 50% of the bladder and rectum for patients #8 and #13. 

PATIENT #8 PATIENT #13 

Percentage Overlap D50 Percentage Overlap D50 

Bladder 1.5182 15.5141 6.252 14.4173 

Rectum 1.1017 17.6167 6.1116 17.7066 
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4. DISCUSSION
The benefits of such a decision support system for research purposes are numerous. Most imaging informatics research 
tools cannot be properly evaluated and validated for lack of efficient integration into the clinical environment for 
validation and testing. This system can easily be incorporated into the clinical workflow in the following manner: 

1) The system is web based. As a result, the dosimetrists or oncologists involved in testing can easily access the system
either on their workstations, work computers, laptops or tablets. This allows for easy integration.

2) Since the system is DICOM compliant, users can export data from multiple treatment planning systems, allowing
for a certain degree of vendor-independence (i.e., as long as the vendor supports DICOM export).

3) End-users do not have to deal with technical scripts, tedious input parameter specifications, etc. This makes the tool
easy to use for clinical personnel.

The biggest impact of this system is on personalizing treatments to individuals. Our ultimate objective is to take this 
even further by incorporating outcomes data, and linking the patient’s anatomy and actual dose delivered to the overall 
effectiveness of the treatment and the impact of the treatment on the patient’s quality of life, measured by treatment 
toxicity. A system that incorporates all three major facets of the patient’s treatment process could prove to be very 
powerful in providing decision support in radiation therapy treatment planning. 

This system can be expanded to include other applications in the future, such as comparison studies of the effectiveness 
of different treatment modalities; recommendations of plan parameters other than dose constraints for critical organs; 
etc. 

Figure 8. Incorporating the system with outcomes information into the clinical workflow. The patient’s outcomes information and the 
new treatment plan DICOM objects are entered into the Knowledge Base to update the classifier.  

5. CONCLUSION
We have presented the concept of an imaging informatics based decision support system for radiation therapy treatment 
planning, with a focus on dose constraint predictions and recommendations for prostate cancer radiotherapy. This system 
was tested with 42 patients, and found to show considerable promise in improving the efficiency of treatment plan 
evaluation. 
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ABSTRACT 
 
At last year’s SPIE, we presented a multiple sclerosis (MS) eFolder as an integrated imaging-informatics 
based system to provide several functionalities to both clinical and research environments. The eFolder 
system combines patients’ clinical data, radiological images and computer-aided lesion detection and 
quantification results to aid in longitudinal tracking, data mining, decision support, and other clinical and 
research needs.  
 
To demonstrate how this system can be integrated in an existing imaging environment such as a large-scale 
multi-site MS clinical trial, we present a system infrastructure to streamline imaging and clinical data flow 
with postprocessing (CAD) steps. The system stores clinical and imaging data, provides CAD 
postprocessing algorithm and data storage, and a web-based graphical user interface (GUI) to view clinical 
trial data and monitor workflow. To evaluate the system infrastructure, the MS eFolder is set up in a 
simulated environment with workflow scenarios, including DICOM store, query, and retrieve, automatic 
CAD steps, and data mining based on CAD results. This project aims to discuss the methodology of setting 
up eFolder system simulation with a connection to a CAD server component, simulation performance and 
test results, and discussion of eFolder system deployment results. 
 
Keywords: multiple sclerosis, system integration, MRI, DICOM, IHE 
 

1. INTRODUCTION 
 
This paper aims to present the methodology of integrating a disease-centric imaging informatics system 
(our multiple sclerosis eFolder) in an existing informatics environment, such as a PACS or an enterprise-
scale imaging clinical trial. The methodology includes how to integrate a post-processing component of the 
eFolder in the existing imaging workflow. The results of the integration will show how to apply a system 
like eFolder as an informatics solution for real-world clinical environments and large-scale clinical trials.  

1.1. Multiple Sclerosis 
Multiple Sclerosis (MS) is an autoimmune neurological disease that affects approximately 2.5 million 
people worldwide, and proximately 200 new patients are diagnosed with MS each week in the United 
States. The body’s own immune system attacked the central nervous system, causing damages and scar 
tissues (called lesions) in brain parenchyma, spinal cord, and optic nerves1. Its symptoms vary greatly and 
in the most severe cases can be disabling and life-threatening. Currently there is no cure for MS, and 
treatments for MS include disease management, reducing number and severity of attacks, and improve 
patients’ ability to function in daily lives2, 3. Therefore, longitudinal disease tracking of patients become key 
in MS treatment. 
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Magnetic Resonance Imaging (MRI) is a commonly-used tool in diagnosing and monitoring MS by 
visually displaying lesions4. Lesions in white matter appears hyperintense in MR sequences T2 and FLAIR, 
while lesions may appear hypointense in T1 sequences. Figure 1 shows a MS patient’s MRI in the three 
sequences.  

Figure 1. Three axial brain images of an MS patient. The left-most image is T1-weighted, the 
middle image is T2-weighted, and the right-most image is FLAIR. White regions in FLAIR image 
(as pointed by arrows) indicates MS lesions in white matter 

In longitudinal tracking, existing individual MS lesions need to be identified and quantified for monitoring 
patients’ responses to treatments as well as disease progress. To solve these challenges, an imaging-
informatics based eFolder has been designed to store and display MS patient data with MR images and MS 
lesion quantification results. The benefits of the eFolder include integrated patient data repository, an 
automatic lesion detection and quantification system to allow disease tracking on MR, and a data mining 
tool for both clinical and research purposes. 

1.2. Design of MS eFolder  
Figure 2 shows design components of the MS eFolder system. 
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Figure 2. MS eFolder system diagram. The system itself contains three components: eFolder web-
based services (red), graphical user interface (green), and CAD component (white). DICOM 
services (in orange) provide DICOM-based operations needed for eFolder system integration in 
clinical environments 
 

The MS eFolder system has three main design components: database, graphical user interface, and a 
computer-aided detection (CAD) system that can quantify lesion volume and number of lesions.  
 

1.2.1. Database design 
The eFolder database stores text data such as patient history, MR image locations, and lesion quantification 
results. Database schema has been developed in MySQL The database structure is built such that one single 
patient has a unique data entry regarding demographics and social data, has a list of all MR studies 
regarding to MS, and a list of all CAD results (in Structured Reporting, or SR, format) available for that 
patient. The data therefore is patient-centric and allows quick access to a patient’s historical data. Patient 
demographic data is collected and designed via physicians’ survey forms. The imaging database follows the 
DICOM structure to store metadata from headers. The CAD results database stores quantified lesion 
statistics on both study and image level.  

1.2.2. Graphical User Interface design 
A graphical user interface (GUI) is needed to display all the information available in the eFolder, as it ties 
everything together in a presentable and user-friendly way for navigation of data. The web-based GUIs 
have the following characteristics: 

• The GUI need to be web-based to allow remote access using thin-client architecture. 
Computations and visualizations are completed on the server side for a light-weight and fast GUI.  

• The GUI needs to be comprehensive. It needs to display patient clinical data, imaging data, and 
CAD results on the same interface. It allows physicians and radiologists to access all of the 
information related to the data query.  

• The system needs to be dynamic and allow display of 3D images and manipulations of images 
presented. An attractive viewing interface allows for a more clarified presentation 

• The GUI needs to allow flexible and intelligent data mining. With a large number of patients’ 
information stored in the eFolder system, any clinician and researcher should be able to look up 
MS patients on a variety of different search criteria, ranging from patient demographic data to 
lesion analytical results. 

Figure 3 displays the eFolder’s GUI. 
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Figure 2. MS eFolder graphical user interface. Left panel displays patient information, right top 
panel displays MR images, and right bottom panel displays lesion information 

 

1.2.3. Computer-aided Lesion Detection (CAD) and quantification system 
The MS CAD algorithm is designed to output lesion volumes, lesion locations, and total lesion load. The 
detailed algorithm design splits up into three parts: preprocessing, lesion voxel identification by probability 
thresholding, and lesion quantification. The algorithm has been prototyped in MATLAB and has been 
refined to increase post-processing efficiency by reducing processing time.  
 
The algorithm is designed on 3-D MRI brain images. It uses T1 and FLAIR (Fluid attenuated inversion 
recovery) axial sequences. The algorithm converts the series of MR images into a three-dimensional matrix 
for 3-D lesion analysis. Lesion voxel classification is based on Statistical Parametric Mapping (SPM) brain 
image analysis toolkit for MATLAB4. Grey matter and white matter are first segmented, and an expectation 
minimization algorithm for k multidimensional Gaussian mixture5 is applied to the brain images. The 
estimation results are used to determine the likelihood of a lesion voxel based on whether the voxel 
intensity is outside the predetermined normal range. The normal range is current set at within 3 standard 
deviations of normal FLAIR intensities.  
 
The results from the voxel classification algorithm is then clustered and quantified based on DICOM 
values, and the final output includes individual lesion volumes in 3D, lesion locations in coordinate space, 
and total lesion load for the study. 

1.3. IHE Postprocessing workflow integration profile 
The goal of current progress in MS eFolder research is to integrate all of the components of eFolder 
together and fit into a real-life clinical workflow. IHE (Integrating the Healthcare Enterprise) provides a 
design of how to include a post-processing step inside a typical clinical workflow6. Figure 4 shows the 
integrated workflow with a post-processing workstation. 
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Figure 4. IHE Post-processing workflow diagram. The workflow begins with image acquisition, 
includes image storage solution (PACS) and an addition post-processing step. The entire process is 
monitored by RIS (radiology information system)6 

 
 
First, images are acquired from modality and then sent to PACS for storage. RIS is informed of the 
existence of the study and provides a status tracking service to mark the study as in claimed, in progress, or 
completed. The post-processing workstation queries PACS for a worklist to retrieve the studies. The studies 
are processed, and the resulting images and documents are sent back to PACS for storage.  
 
 

2. METHODS 
 
The MS eFolder design is modeled after the IHE workflow profile to show its use in a clinical environment. 
To accomplish the tasks, a simulated clinical environment with MS eFolder is set up in the Image 
Processing and Informatics laboratory. Figure 5 shows the conceptual diagram of MS eFolder’s setup, 
modified from Figure 4. 
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Figure 5. MS eFolder workflow diagram with IHE postprocessing profile. The blue circle indicates 
all of the components included in the eFolder. The steps 1 through 4 indicates the order of 
workflow of the demonstration. 

 
The workflow for MS eFolder integration is defined in four steps:  

1. MR images are sent from modality simulator to the eFolder server for archiving 
2. The eFolder server sends a copy of the images to the CAD Workstation for postprocessing 

analysis 
3. The CAD Workstation sends the completed CAD report back to eFolder server for archiving 
4. At the completion of each of the previous steps, a status tracking tool inside eFolder displays alerts 

of the study progress to the user 
 
The methodology of each step is described in detail later on in this section.  
 

2.1. Laboratory Environment System Setup 
Figure 6 displays the physical components diagram of the MS eFolder system setup in order to simulate the 
workflow steps outlined in Figure 5.  
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Figure 6. MS eFolder components diagram. The entire system includes 3 hardware components 
(Windows-based personal computers) and a closed network for demonstration purposes.  

 
The hardware environment is set up in a laboratory environment. There are two Windows-based desktop 
towers, one performs as the eFolder archiving and web server and the other as the CAD workstation. 
Another laptop is connected to the network to simulate the user accessing the eFolder system. The eFolder 
network is LAN-based, connected via Ethernet cables and managed by a router. The router, a D-Link EBR 
2310 series wired router, assigns unique IP addresses to the hardware components in the network. The 
eFolder web/archiving server is a Dell® Dimension 9150 series desktop tower, running Windows XP 
Professional. A wamp (Windows Apache/MySQL/PHP) server program is installed on the desktop to run 
the eFolder’s web-based interface, PHP scripts such as database connection and DICOM parsing (will be 
discussed in more detail in Section 2.2), and the MySQL-based eFolder database. The CAD workstation is 
a Dell® Dimension 9200 series desktop tower, running Windows 7 Professional. MATLAB version 2011b 
is installed on the CAD workstation to run the MS CAD post-processing program. The laptop is used to 
access the system, and there are no system requirements as long as the laptop has a web browser to view 
the eFolder GUI. This allows the eFolder system to be accessed on the network by portable devices such as 
tablet computers or smart mobile phones.  

2.2. Data Collection 
Image and patient data used in the MS eFolder setup is the same as existing eFolder data that has been 
collected over 3 years. A total of 72 patients are collected: 36 Hispanic and 36 Caucasian patients. The 
patients of two groups are matched by gender, age (within 5 years), disease duration (within 5 years), and 
disease type (all are relapse-remitting). All brain MR studies are collected at University of Southern 
California Academic Medical Center and Los Angeles County Hospital. MR images are in DICOM format 
and anonymized. All studies contain noncontrast T1 and FLAIR axial slices as required by the MS CAD 
algorithm. Patient information has been collected by the Department of Neurology at University of 
Southern California via patient surveys. The survey forms have been converted to Microsoft Excel format, 
and then entered into the MySQL-based MS eFolder database. 
 

2.3. Image Acquisition Workflow Simulation (Step 1 in Figure 5) 
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The first step is to simulate DICOM images transferring from image modality to the PACS server for 
storage. In this system simulation, the eFolder web server serves as an image storage server. Images are 
sent to the eFolder server from the laptop via the open-source DICOM toolkit dcmtk7, installed on both the 
laptop (image sender) and the eFolder server (image receiver). The laptop acts as Storage SCU and the 
eFolder web server acts as the Storage SCP. The Storage SCP constantly listens to the dedicated DICOM 
port for incoming DICOM images. When DICOM images are sent to the server, the storage SCP stores all 
DICOM images in a temporary folder. A PHP script then is used to parse DICOM data to store metadata 
inside eFolder database, alert the status tracker the existence of the study, and moves the DICOM data into 
an archiving folder.  
 

2.4. Worklist and Image data transfer to CAD Workstation (Step 2 in Figure 5) 
The second step is for the DICOM studies to be sent to the CAD workstation for post-processing analysis. 
In this simulation, users can access the status tracking page from the eFolder GUI (as shown in Figure 7) to 
select a study to send images to CAD workstation.  
 

 
Figure 7. Status tracking page for MS eFolder post-processing workflow. Users can select a study 
to be sent to the CAD workstation.  

 
The selected DICOM study are then sent to the CAD workstation via FTP (file transfer protocol). On the 
CAD workstation, the CAD program is running continuously and listens to the destination folder of the 
FTP transfer to process the new DICOM study. During this time, the status tracker would show that the 
selected study has been sent for post-processing, as shown in Figure 8. 
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Figure 8. Status tracking page for MS eFolder post-processing workflow after a study (Study ID 
10) has been sent to the CAD workstation, and after another study (Study ID 15) has been 
processed and sent back to the server. 

 
 

2.5. Sending CAD results to eFolder server for storage (Step 3 in Figure 5) 
After the post-processing step is completed, the CAD program sends the results back to the storage server. 
Because the storage server is DICOM-compliant, the CAD program needs to send a DICOM-SR (DICOM 
structured report) object for archiving. The MATLAB program first outputs the CAD results, including 
DICOM header information, reference images, and MS lesion quantification analysis results, into an XML 
document. The document is then sent to the eFolder server, where it is converted to DICOM-SR object via 
dcmtk toolkit, and stored in the archive folders. The eFolder GUI provides a web-based DICOM-SR viewer 
for users to view post-processing results. Figure 9 shows an example of SR shown on the eFolder GUI. 
 

 
Figure 9. DICOM-SR viewer in MS eFolder GUI 
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The CAD program also connects to the MySQL-based eFolder database directly via a MATLAB-MySQL 
connector8. The program updates the status tracker database and the CAD results database automatically. 
Figure 8, as shown previously, shows an example of a study that has been completed on the status tracker. 

3. RESULTS AND DISCUSSIONS 

3.1. Results and Current Status 
Preliminary tests of the MS eFolder system with integrated workflow were successful in the laboratory 
environment. Five different studies out of the MS eFolder dataset have been used in testing. Each workflow 
steps described in the methodology section have been successfully tested except the DICOM-SR portion, 
which is currently under development. The entire system has been demonstrated at the Radiological Society 
of North American (RSNA) in November, 2012.  
 

3.2. Discussion and Future Work 
The system simulation, along with the eFolder system features, are currently still ongoing. The eFolder’s 
CAD algorithm has been redesigned based on a less computationally demanding algorithm, and the 
preliminary tests in the system simulation shows a marked improvement in processing speed, allowing the 
live workflow demonstration to be possible. Future work of this workflow integration includes finishing 
DICOM-SR component and integration with a test PACS server. Other future works involving the eFolder 
project involving upgrading image viewer to fully WADO-compliant DICOM viewer and a DICOM-SR 
viewer. 

4. CONCLUSION 
We have presented a multiple sclerosis eFolder system as an imaging informatics solution for multiple 
sclerosis patients records system. The eFolder system includes an automatic lesion quantification algorithm 
for calculating MS lesion volume and lesion location for brain MR studies. The system is being integrated 
into a simulated clinical environment, following post-processing workflow profile guidelines from IHE.  
The simulated workflow is designed by sending DICOM images to eFolder server, which acts as PACS 
storage server. The CAD workstation is set up in the same eFolder network. DICOM data is sent from 
eFolder server to CAD workstation, then CAD workstation uploads the results back to the eFolder server 
for display. We have demonstrated the methodology of the eFolder system with the simulated workflow, 
and that data transmission and workflow steps all work successfully as designed. Future work of this 
project include creating and sending DICOM-SR objects for storage, and upgrade the image display feature 
to display DICOM-SR objects as well as a clinical evaluation phase. 
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ABSTRACT  

Pain is a common complication after spinal cord injury which highly affects the patient lifestyle and well-being. For better 
treatment, accurate classification of pain becomes very important, which directly depends on the information provided by 
patients to the physicians. Currently, with the limited knowledge about the pain related information, patients end up taking 
medications which are not suitable or required. At Loma Linda Proton Treatment and Research Center, technical advances 
are being made, to treat functional disorders of spinal portion of the central nervous system using radio surgery. This paper 
presents overall workflow design for the project. Also in this paper, we are introducing a web based pain classifier tool that 
allows a patient to select multiple pain locations and group them according to the pain properties, such as severity of pain, 
location of pain, occurrences of the pain etc. This computer-aided pain classifier tool can be integrated with medical imaging 
so that if physicians want to compare pain information provided by patients with imaging data, they can do it all at the same 
time. Pain classifier application described here, is going to be a major component for patient recruitment in phase 0 of the 
study.  

Keywords: pain; spinal cord injury; nociceptive; neuropathic; decision support system. 

1. INTRODUCTION
Pain is a common complication after spinal cord injury (SCI), which can significantly impact upon a person’s functional 
ability and independence, psychological well-being, ability to return to work and quality of life. At Loma Linda Proton 
Treatment and Research Center, technical advances are being made to make it possible to use stereotactic proton radiation 
therapy to treat function disorders of the spinal portion of the central nervous system. The projects aims toward designing 
and implementing clinical protocol for treating neuropathic pain related to SCI. However for better treatment design, 
recruitment of patients with neuropathic pain is required, for which accurate classification of pain becomes very important. 
Currently, classification directly depends on the quality of the information provided by patients to the physicians. This lack 
of reliable classification brings up the need to design an efficient computer-aided pain classifier for Phase 0 of this study.   In 
this paper we are presenting the design of the overall work flow for the proton therapy for spinal cord injury system which 
uses web based pain classifier for the patient recruitment and in order to do so, we will focus on two parts, first an 
introduction of the proton therapy for spinal cord injury system, and secondly on giving some details for pain classifier 
which was built for patient recruitment. Key components for the system include: 

• Input data sources

• Data gateway

• Graphical user interface – Pain classifier module

• Server that contains database and file storage system which allows storage of DICOM, Non-DICOM data

• Decision support tools

These components will be further discussed in the following sections. 
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2. METHODS
This section gives a short background on Pain classification history. It than gives a detail overview for the proton therapy for 
spinal cord injury system workflow and its various components.  

2.1 Pain classification background 
Pain continues to be a significant management problem in people with SCI. Despite this there is little consensus regarding 
the nature, terminology and definitions of the various types of pain that occurs following SCI. This has led to large variation 
in the reported incidence and prevalence of pain following spinal cord injury. Treatment studies have been hampered by 
inconsistent and inaccurate identification of pain types. But recently group of researchers presented their effort to classify 
pain in a systematic way which is shown in figure 1. The classification organizes SCI pain hierarchically into three tiers [1] 
[2]: 

• The first tier (Tier 1) includes the types of nociceptive pain, neuropathic pain, other and unknown pain.
• The second tier (Tier 2) includes for the neuropathic and nociceptive categories various subtypes of pain identifies

in previous SCI classification.
• The third tier (Tier 3) is used to specify the primary pain source at the organ level as well as the pathology, if

either is known. For the other pain category, this tier is used to specify distinct recognized pain entities or
syndromes which do not fulfill the criteria for nociceptive or neuropathic pain.

Nociceptive is a pain arising from activation of nociceptors, where a nociceptor is defined as a peripheral nerve ending or a 
sensory receptor that is capable of transducing and encoding noxious stimuli. Musculoskeletal pain refers to pain occurring 
in a region where there is at least some preserved sensation and that is believed to be arising from nociceptors within 
musculoskeletal structure (muscles, tendons, ligaments, joints, bones). Visceral pain refers to pain located (usually) in the 
thorax, abdomen or pelvis, which is believed to be primarily generated in visceral structures. Other nociceptive pain refers to 
nociceptive pain that do not fall into musculoskeletal or visceral categories. Neuropathic pain is caused by a lesion or disease 
of the somatosensory nervous system. 

 Figure 1 Pain classification 
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At level SCI pain refers to neuropathic pain that is electric and shooting pain and is hypersensitive in the dermatomes close 
to the level of injury. Below level SCI pain refers to pain with the same burning, shooting, electric qualities as the previous 
type of pain but it is located diffusely below the level of injury usually bilaterally in the buttocks and legs. Other neuropathic 
pain refers to neuropathic pain that is present above, at or below the neurological level of injury but pathologically is not 
related to the SCI. Other pain types defined as pain that occurs when there is no identifiable noxious stimulus nor any 
detectable inflammation or damage to the nervous system responsible for the pain. It is also described as dysfunctional pain. 
Unknown pain refers only to pain of unknown etiology and not to pain of seemingly mixed etiology that is a pain with both 
nociceptive and neuropathic qualities. [1][2][3] 

2.2 Work flow Analysis 

The workflow for the current study is based on the general proton therapy workflow. Below we are summarizing various 
stages of the study, as shown in figure 2 that includes: 

• Patient Recruitment – In order to test the validity of the hypothesis that proton therapy can be used to treat
functional disorder of the spinal region, it is very necessary to recruit patients with specific type of pain. 
Recruitment data which is text is generated at this stage.   

• Consultation – At this point the physician will meet with the patients in order to consult about the treatment plan.
Form based data is collected at this point.

  Figure 2 SCI Patients Study Workflow 

• Treatment planning – According to the patient needs a treatment plan is designed for proton beam therapy. At this
stage different DICOM objects will be captured which are described in the next section.
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• Treatment delivery – Treatment will be delivered at this stage and treatment records will be generated.

• Follow up / Treatment assessment - At this stage the improvement in patient condition will be accessed using
biomarkers.

2.3 Data Elements and Data Model

For efficient data mining algorithms and a computer based decision support system to work, proper organization and 
accessibility of data is essential. Data from proton therapy is contained in various DICOM objects as well as other data 
objects as described below: 

• RT Structure Set: To carry out radiotherapy treatment planning, the target tissue and organs at risk (OAR) are
defined. This process of segmentation of the tomographic images or drawing contours of target tumor and OARs
leads to a set of structures, which are defined by DICOM RT structure set object.

• RT Dose: Treatment planning systems calculate the radiation dose distribution as a matrix of points with associated
doses. These dose grid files are supported in the DICOM RT dose object. Definitions also exist in the DICOM RT
dose specifications to store relationship between dose and structures through dose volume histograms and dose
region of interest (ROI) statics.

• RT image: The RT image object addresses the requirement for image transfer found in general radiotherapy
applications performed on conventional simulators, virtual simulations, and portal imaging devises. Such images
may either be acquired directly from the device or digitized using a film digitizer.

• RT ION Plan: The RT Ion plan addresses the requirement for transfer of treatment plans generated by manual
entry, a virtual simulation system, or a treatment planning system before or during a course of proton therapy
treatment. Such plans may contain fractionation information, and define proton beams.

• RT ION Beams treatment record: The RT ion beams treatment record addresses the requirement for transfer of
treatment session reports generated by a treatment verification system during a course of proton beam treatment,
with optional cumulative summary information. It may also be used for transfer of treatment information during
delivery

• SCI Pain Related Data: SCI pain data is a holding place for all information regarding pain type. It contains
location of pain, groups details, intensity of pain and all different kind of information that get generated during pain
classification for patient recruitment and treatment evaluation phase.

2.4 System Architecture

Based on the workflow of the study, as described in the workflow analysis section, the system architecture has been 
designed. The overview of the system is show in the figure 3, and each of the key components is described below: 

• Input Data - It consists of different forms of data which are either generated or collected at various stages in the
workflow. It consists of following:
o Recruitment Data – This data comprises of pain classification object. It contains information for pain sites

such as dermatome level, anatomical region, joint related information, ASIA level etc. It also consists text data
that indicates of anyone pain location is associated with any other pain location. If there is a relation between
multiple pain locations than it also gives details about how they are related.

o Initial Form Data – This consists of the text based form data that is collected during patient recruitment,
treatment and follow up.

o CT, RT & RT-ION Objects – This consists of CT images and DICOM objects such as RT structure set, RT
Dose, RT Image , RT ION Plan , RT ION Beams treatment record. All are described in Data model section
above.

o Treatment Records – These are the records collected from the patient charts.
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• Data Gateway- The data gateway is responsible to get DICOM and non-DICOM data which is collected or
generated at various stages of the work flow, and store it properly inside the system database. Data gateway has two
small modules as described below:

o DICOM Module – The DICOM module allows the system to receive DICOM RT and DICOM RT ION
objects from PACS or any TPS that can export DICOM Objects. This allows the data to be uploaded to the
system through an upload web interface. Upon receiving the DICOM object the DICOM receiver transfers it to
the server and triggers the DICOM extractor to update the database and obtain the knowledge information.
Query/ Retrieve Tool which will be available in future will be able to provide user the ability to query and
retrieve DICOM studies from PACS, TPS, or any DICOM storage node to the Server.

o Non-DICOM Module – The non-DICOM module has two components: Text processing module and DICOM
RT converter. The former is designed to handle clinical data in a non-DICOM format (text, Excel spreadsheet
etc) and the later to convert data which are defined in DICOM standard to DICOM objects.

• Server - Server provides computational power to other components of the system such as decision support tool, web
interface and data gateway. All data, DICOM and non-DICOM, is stored and accessed using the central database.
This database design is according to the DICOM data model which is explained in previous section. The design of
the database plays a major role as it affects the response time of the entire system as a whole. Also various data
objects that are collected has to be stored in the file system using this data base, therefore it is necessary that all
form of data is taken into consideration before designing and implementing it. File storage is a major physical
memory holder which contains entire data at one place.

     Figure 3 System Architecture 

• Graphical User Interface - This is the front end of the system, which allows users (patients, physicians and
researchers) to interact with the system. Right now the system has pain classifier developed and is under testing
process. In future various modules for treatment assessment will also be available.

• Decision Support Tools - There are various decision support tools that can be built upon the knowledge that is
contained in the server regarding patient history, pain information, treatment planning and outcomes. Our focus here
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is to collect all the information, and determine some efficient data mining algorithm to train the system so that it can 
pull out information which can later help in evaluation of the treatment. Also once its working it can be used to 
improve the effectiveness of the treatment. Also for this project the decision support tools are very use full in the 
patient recruitment process. We have developed one such tool, for pain classification which is explained in the next 
section.    

3. RESULTS
The system infrastructure for supporting SCI Patients undergoing the study has been designed including storing all data from 
screening to treatment to outcomes  

Pain classifier for patient recruitment tool has been designed and has been implemented using simple tools such as jQuery 
and PHP. We have been able to implement a tree based pain classification model, which was described earlier in background 
section. The pain classifier uses three layers of information templates in order to classify any pain.  Three layers of 
information are: 

• Dermatome (Parameter 1) – This represents which dermatome each pain location belongs to.

• Anatomical Region (Parameter 2) – This indicates which anatomical region each pain location belongs to.

• Joint or non-Joint Location (Parameter 3) – This indicates if the pain location is a joint or not.

In order to determine values to the three parameters (1, 2, 3), the three templates are merged into a single image as shown in 
the figure 4 below. Once the user (patient or physician), selects a location, all three parameters gets corresponding values. 
After this the pain on multiple locations is grouped according the relative occurrence of the pain, or intensity of the pain. 
Based on this the pain is classified for each location for every patient. After this follow up questions are asked. 

     Figure 4 Dermatome information merged with Anatomical and joint information 
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 The key features of this pain classifier are: 

• It is a web based system therefore it has as high accessibility.
• It allows filtering the noise in the data. It asks follow up questions based on the classification of pain; therefore extra

data is not recorded.
• Pain classification makes sure that the patients with the right kind of pain are getting recruited for the study.

Figure 5 gives the overview of the current pain classification system; it shows how the three layers of information are hidden 
behind a blank image.  

4. CONCLUSION AND FUTURE WORK
In this paper we have presented an efficient workflow design for utilizing proton therapy for treating neuropathic pain after 
SCI. We also described different key components of the system architecture and gave a background on the importance of 
pain classification for a better treatment. Pain classification tool which was presented is a major component of patient 
recruitment which also affects the success of this project.  

     Figure 5 Graphical user interfaces 

A system has been designed and developed in order to support study objects and infrastructure for future data mining and 
knowledge discovery. The system is designed and the system architecture similar to an electronic patient record (ePR). The 
concept of the ePR is a patient/subject/animal –based digital folder of clinical information obtained from various information 
sources. The components of an ePR include an information model, a clinical data repository, a web-based application for 
users, a security model, and built-in decision support.  
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The current version of the design has following features that support further research in the following phases of the project 
including:  

• Patient/Subject recruitment for clinical studies: The system supports the pain classifier for recruitment of
patients into the clinical study. This includes various forms and web based pain selection tools together with rules-
based decision tree providing decision support for determining subject recruitment for the clinical study.

• Management of data acquired from patient/subjects enrolled in the clinical study: The system supports
integration and standardization of imaging informatics data acquired from the clinical study including imaging
studies, quantitative biomarkers, clinical evaluation forms, outcomes data, and treatment planning data from the
treatment planning system utilized to administer the radiation dose.

The finished product is expected to be a CDSS based on a multi-media ePR system with all data acquired during the research 
and clinical studies integrated into a web-based system which will provide data anywhere, anytime and on any device.  
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ABSTRACT 

With the rapid development of science and technology, large-scale rehabilitation centers and clinical rehabilitation 

trials usually involve significant volumes of multimedia data. Due to the global aging crisis, millions of new patients 

with age-related chronic diseases will produce huge amounts of data and contribute to soaring costs of medical care. 

Hence, a solution for effective data management and decision support will significantly reduce the expenditure and 

finally improve the patient life quality. Inspired from the concept of the electronic patient record (ePR), we developed a 

prototype system for the field of rehabilitation engineering. The system is subject or patient-oriented and customized for 

specific projects. The system components include data entry modules, multimedia data presentation and data retrieval. To 

process the multimedia data, the system includes a DICOM viewer with annotation tools and video/audio player. The 

system also serves as a platform for integrating decision-support tools and data mining tools. Based on the prototype 

system design, we developed two specific applications: 1) DOSE (a phase 1 randomized clinical trial to determine the 

optimal dose of therapy for rehabilitation of the arm and hand after stroke.); and 2) NEXUS project from the 

Rehabilitation Engineering Research Center(RERC, a NIDRR funded Rehabilitation Engineering Research Center). 

Currently, the system is being evaluated in the context of the DOSE trial with a projected enrollment of 60 participants 

over 5 years, and will be evaluated by the NEXUS project with 30 subjects. By applying the ePR concept, we developed 

a system in order to improve the current research workflow, reduce the cost of managing data, and provide a platform for 

the rapid development of future decision-support tools. 

Keywords: Rehabilitation engineering, electronic Medical Record, ePR, System integration 

1. INTRODUCTION
With the rapid development of science and technology, the present-day rehabilitation research and training 

approaches are equipped with modern technology, such as computer-aided data-processing, statistical methods, database 

systems, nanotechnology and medical imaging. 

Enhanced with the new technology, large-scale rehabilitation centers and clinical rehabilitation trials usually involve a 

large volume of treatment recording data, questionnaires and multimedia data. The multimedia data are in a variety of 

forms, including biometric waveform data (EMG kinetic, etc.), video clips, force vectors data and medical imaging data, 

such as MRI and TMS(Transcranial magnetic stimulation).Moreover, due to the global aging crisis faced by today’s 

world health care system (for example, U.S.’s 76 million baby boomers begin to retire), millions of new patients with 

age-related chronic diseases (such as Chronic Spinal Cord Injury, hip fracture etc.) will produce huge amounts of data 

and contribute to soaring costs of medical care. In addition, data processing and analysis is hampered due to the lack of a 

platform infrastructure for analyzing data. Collaboration between different sites is also difficult to conduct because of the 

lack of tools for data sharing. 

In rehabilitation engineering research centers, as well as clinical rehabilitation trials, effective data management 

must address several challenges: tracking each participant through the workflow, collecting related data, efficiently 

sharing data to facilitate collaboration in different sites and providing a platform to develop a tailored computational and 

predictive statistical model for decision support for an individual subject. 

Therefore, we aim to extend the concept of electronic patient record (ePR) system to the field of rehabilitation. The 

system also provides a platform for the development of data processing tools, such as statistical modeling and computer 
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aided detection/diagnosis. As an initial first start, we developed two specific systems based on imaging informatics 

concepts for the NEXUS project and the DOSE trial as examples. 

2. METHODOLOGY

To realize the system, we analyzed the workflow of specific studies using database and data model standards 

(DICOM, HL7 and IHE) and developed a subject or patient-oriented system with basic features and components. 

Furthermore, the system is customized based on the specific requirements of the project. 

2.1. Infrastructure development 

To implement the system , we developed a prototype system and customized them based on the requirements of 

specific projects. As shown in the figure 1, the basic system has a centralized database and a file storage system, a web-

based graphical user interface and platforms for integrating decision-support tools and data mining tools. The exchanging 

multimedia data include subject text demographics data, treatment records, screening and evaluation data, imaging data, 

video, audio, EMG, waveforms and other formats of the multimedia data.  

Figure 1 logic model of the prototype multimedia ePR system for rehabilitation 

To realize the system, there are several features need to be considered based on the general rehabilitation trial 

workflow.  

2.1.1 Data entry 

 E-forms for collecting demographics/questionnaire data.

 Uploading and displaying multimedia data(videos, audio, kinetic, force vector etc).

 Imaging study anonymization and uploading. The images uploaded will be automatically anonymized and

linked by subject ID.

2.1.2 Data presentation 

 Traditionally database-based retrieval.
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 A web-based zero-footprint DICOM(Digital Imaging and Communications in Medicine) viewer with

annotation, ROI(Region of interest) and measuring tools.

 Provide a platform for integrating image-processing modules and data mining/computational models. We

aim to develop an online tool for applying processing methods and displaying the processing result in the

system, which will support the decision-making.

2.1.3 Data sharing. 

The system also includes a secured sub-system for sharing data between users in different physical sites. 

 Security. Compared to public data sharing systems (e.g. Dropbox, MS Sharepoint or Google Drive) which

do not meet standards for protecting participant confidentiality, this data sharing sub-system allow user to

store the data in trusted private data center (which has more privacy),

 Simplicity. Although public data sharing systems have lots of advanced features, sometimes they are too

complex to learn and the customization is difficult. This light-weight sub-system is straightforward and

easy to customize based on specific needs.

2.1.4 User control. 

 User groups. The system has the feature for granting different user rights to different user groups.

 User activity tracking and logging. All users’ activities will be logged, which is essential for conducting

research.

2.1.5 Client side access. 

 The system supports access from desktops, laptops, and mobility solutions (eg, iPAD, iPhone).

2.2 Customized system based on DOSE workflow 

Based on the model described in the section 2.1, the system was designed for a clinical trial called DOSE and the 

system was implemented a as an example. DOSE trial aims to determine the optimal dose of stroke rehabilitation for the 

arm and hand, with a target subject recruitment of 60 stroke subjects with imaging and data collection. As shown in the 

figure 2,each subject will go through three stages: enrollment, participation, follow-up. In the enrollment stage, each 

subject will be screened using a series of behavioral assessments. The referred subject will be screened in person and 

randomized in to different groups. If the subject is enrolled, in the participation stage, the subject will go through three 

week-bout therapies and the multimedia treatment data, evaluation data, and medical imaging data will be collected. In 

each therapy cycle, a subject needs to take a pre-test bout, therapy session and a post-test bout. At the follow-up stage, 

each subject needs 6 monthly follow up. In each follow up session, evaluation data is collected. Upon study completion, 

the data will be analyzed. 
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Figure 2 Workflow for each subject in the dose optimization rehabilitation trial 

Based on the flow, the system is customized to three sections, screening/enrollment, treatment and evaluation, and 

report data analysis. The screening component not only collects testing data, but also automatically generates suggestions 

for making decisions on enrolment based on specified rules. In the treatment and evaluation part, the system provides a 

data entry solution for different types of data, and also displays the status of the trial’s progress for each study 

participant. The report data analysis part aims to provide not only data retrieval, but also general statistical tools. These 

tools will show the analysis results online once the data is collected. Therefore, users can avoid a tedious work of 

downloading data and analyzing them.  

There are five user groups in the system. 

 Administrator user group. The administrators are responsible for the managing the system and regular

users and backing up database regularly. The administrator is assigned to a third party who will not

participate in the study.

 Evaluator user group. The study requires the evaluators to be blinded to the treatment data and any data

analysis to avoid any bias over the evaluation.

 Physical therapist user group. Physical therapists are required to be blinded to any evaluation data. They

only have access to the treatment recording module.

 PI/inspector user group. PI or inspector have the ability to see the whole trial data and status, but not

allowed to modify any data.

 Researcher user group. Researchers are able to download the data and do the data analysis, but not allowed

to modify or enter any data.

The user control mechanism provides a full logging of all users’ action for security reasons and gives each user 

specific rights based on their responsibility.  

The system is set up at a web server, with a database and a file storage system. A web based graphical user interface 

is developed for users to manage the system. Based on the database and file storage system, we aim to develop 

computational models and decision-support tools. Currently the computational models and decision-support tools are 

still in progress. The multimedia data used in the system includes the patient/subject text demographics, treatment 

records, screening and evaluation, MRI studies and TMS studies data. Client access methods include PC, MAC and 

46



mobile devices such as iPAD, smart phones. 

2.3 Customized system based on NEXUS workflow 

In addition to the DOSE trial, the system was also designed based on a second project called NEXUS. NEXUS is a 

project at Rehabilitation Engineering Research Center (RERC), USC, which aims to assess the usability of standing 

balance virtual reality games specifically designed for rehabilitation. These games are designed to engage the user in 

therapy exercises in a controlled and customized manner. Figure 3 shows the flow of the NEXUS study. Once each 

subject is enrolled, the subject will take a pre-interview session, setup session and participate in games and the data is 

acquired after the game. A post-interview session will be done to conclude the cycle. For the data collection, a participant 

in a single-session counterbalanced two different dynamic balance tasks in which the participant reached for a virtual 

target ( virtually projected jewel) or a real target( tennis ball), matched for the number and position of target and 

movements under an ordered set of initial conditions(static standing; dynamic stepping). The overall session includes a 

set of questionnaires about health of the participant, prior experience with technology and video games, and history of 

falls. Table 1 shows all the data related with each stages.  

Figure 3 Workflow of the NEXUS trial 

Workflow 

Stage 

Clinical Forms Acquired Data 

Pre-

Interview 

• Informed consent

• Demographic Information

• Activities Specific Balance

Confidence Scale

• Immersive Tendencies 

Questionnaire

• Tellegen Absorption Scale

• Digit Symbol Coding

• Ruff 2 & 7 Test

• Four Square Step Test

• Berg Balance Scale

• Immersive Tendency to Virtual Reality

• Dynamic Balance

• Demographic Information

• Cognitive Processing and Memory

• Attention

Setup • EMG Electrode Placement

• Force Plate Placement

• EMG Max Muscle Force Test

None 
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• Depth Set-up

• Accelerometer & Heart Rate

Meter

Data 

Collection 

• GAME: Reaching

• GAME: Stepping

• Probe Reaction Notes

• Kinect Data

• Video Data

• Accelerometer Data

• Probe Data

• NON-GAME: Reaching

• NON-GAME: Stepping

• Probe Reaction Notes

• Kinect Data

• Video Data

• Accelerometer Data

• Probe Data

• Accelerometer & Heart Rate

Meter 

• Heart Rate

• Notes

Post 

Interview Data 

• Game Engagement  Form

• Slater-Usoh-Steed Form

• Participant Likert Form

• Interview Protocol

• Final Question

• Post Exposure Questionnaire

• Post Exposure Interview

Table 1 Data to be collected in each stage of the Nexus workflow 

The NEXUS project includes data collection stage and data processing stage. For the assessment of multimedia of 

data which is collected during the data collection process, efficient integration of various data objects would be 

beneficial to assist in data mining and knowledge discovery, which can give access to various clinicians towards the data 

in efficient and robust way. We developed one such system, which stores video files of participants doing all tasks, audio 

of participants giving post interview, text based forms as well as raw data from sources such as Kinect, accelerometer 

together with the basic data such as heart rate.  

To facilitate the data sharing and post-processing, the system focus on providing a solution for distribution of raw 

data, capture post-processed information, and query retrieval. The raw multi-media data include DICOM medical 

images, video files and audio files. The DICOM viewer of the system will enable user to look through the images and 

mark ROI on the images. Moreover, post processing results, such as CAD in medical imaging will be also stored in the 

database. A data retrieval based on CAD will also be used to facilitate the research. Currently, the data that is being post-

processed by different assigned teams working on each of the component of the data, who find the relevance based on 

many factors. This system will be used as a platform for their collaboration and knowledge discovery. 

3. RESULT
3.1. DOSE system 

We have implemented the platform for the DOSE system. The computational models and decision support tools are 

still in the design. 

Figure 4 is the personal page for each subject. Once a subject is enrolled, this system will show a summary page to 

manage all the subject-related data. A timeline overview of participant’s trial shows the status of the subject’s treatment 

progress. This overview shows the subjects progress in each stage to facilitate researchers study. Below the timeline 

overview, users can access the data entry part in each stage of the study for this subject.  
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Figure 4 Screen shot of the subject personal page for DOSE system 

Figure 5 is an integrated DICOM viewer with measurement tools, ROI tools and annotation tools. The screen shot 

shows a measurement. The zero-footprint DICOM viewer is an integrated component for data presentation.  
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Figure 5 Screenshot of the DICOM viewer with a measurement 

The system is currently used by the DOSE trial team including three user groups. 10 subjects have been enrolled in 

the trial, and 60 subjects enrollment are expected in the future 3 years. The screening and part of evaluation data of the 

enrolled subjects have been entered into the system. Therapy data is still in the progress of collecting.  

To evaluate the system, we are collecting user’s feedback through questionnaires and surveys. Table 2 shows areas 

of issues we will be focusing. Time improvements will be compared w/ current paper-based workflow. First we will 

evaluate the time improvement between using the system and using traditional paper-based research. The time evaluation 

session include screening of a subject, enrollment decision, evaluation of a trial subject, weekly bout therapy, follow-up 

evaluation, report generation, and retrieving data. 

Additionally, we are going to evaluate the cost of data storage, reliability of the system, user’s suggestion and 

feedback by questionnaire, system performance, data recovery, user’s satisfaction and data security.  
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The time improvement of Other issues 

Screening of a subject The cost of data storage 

Enrollment decision Reliability of the system 

Evaluation of a trial subject User’s suggestion and feedback 

Weekly Bout Therapy System performance 

Follow-Up Evaluation Data recovery 

Report Generation Questionnaire for User satisfaction 

Retrieving and query the data Data security 

Table 2 Issues for evaluating the DOSE system 

3.2 NEXUS system 

The nexus system has been implemented and the data of 60 subjects are collected in the system. The data 

include demographics data, EMG probe data, kinect data, video data, acceleration data and audio interview data. Figure 6 

shows a screen shot of the data search. The search criteria include age, gender, ID, marital status, Hispanic/Latino etc. 

Before the system is developed, the NEXUS trial encountered difficulties in searching for data based on different 

specifications. The search function provides a method to query data based multiple specifications of patient. For 

example, the system allows user to query all the subjects between a specific age range. Users are also able to search new 

conditions among the results from the previous search.  

Figure 6 Screenshot of data query in the NEXUS system 

The figure 7 shows a web-based video viewer for viewing video files. If a video or audio file is found, then the 
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viewer allows users to view it online to decide if he wants to download it. 

Figure 7 A web-based video viewer in the system 

4. FUTURE WORK and CONCLUSION

To facilitate research and clinical trials in Rehabilitation Engineering, we developed a multimedia ePR system 

model for the rehabilitation. The system model aims to support the integration and data collection of both clinical 

information and imaging studies. In this paper, we have customized and implemented two systems based on DOSE and 

NEXUS clinical trial.  

The functionality of the system improves the current workflow and provides a platform for the rapid development of 

future decision-support tools. The final goal is to use this platform to support the development of a predictive 

computational model to evaluate and predict the effects of therapy dose on recovery outcomes.  As Brent Liu et al 

presented
 [5]

, figure 8 shows the final concept of the future rehabilitation ePR system. Once a new patient is enrolled, the 

decision support tools and predictive computational models are able to provide an individualized treatment plan for 

optimized outcome.  

 Future work for DOSE includes developing computational models and decision support tools to provide new 

patients with a powerful system that can provide the best predicted treatment outcome and plan individually tailored to 

the specific stroke patient characteristics. Future work for RERC NEXUS includes working with researchers to develop 

quantitative and visualization tools derived from the stored multimedia data in an integrated GUI. 
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Figure 8 A future model of rehabilitation ePR system to provide new stroke patients with a best predicted treatment plan and 

outcome.  Cited from Brent Liu et al [5] 
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ABSTRACT  

In 2012, we lost three pioneers: Robert S. Ledley in Biomedical Imaging, Moses Greenfield in Medical 
Physics, and Hooshang Kangarloo in PACS and Informatics. They had their own respective background, 
interest, and contribution to science and technology that cemented certain cornerstones of today’s 
Biomedical Imaging Informatics. Among other accomplishments, this memory focuses on their 
contributions related to medical imaging, medical physics, PACS and informatics. The evolution of 
medical imaging informatics can be traced from the footprints of these three pioneers through the time line 
shown in the last figure in the paper. Their dedication in contributing to this field would be remembered by 
their students, fellows and colleagues who are now continuously leading the growth in this field of science 
and technology. 

Keywords: Ledley, Greenfield, Kangarloo, Medical Physics, Biomedical Imagine, PACS, Imaging 
Informatics 
 

1. INTRODUCTION  
In 2012, we lost three pioneers: Robert S. Ledley in Biomedical Imaging, Moses Greenfield in Medical 
Physics, and Hooshang Kangarloo in PACS and Informatics. They had their own respective background, 
interest, and contribution to science and technology that cemented certain cornerstones of today’s 
Biomedical Imaging Informatics. Among other accomplishments, this memory focuses on their 
contributions related to medical imaging, medical physics, PACS and informatics. This author was 
fortunate to have had the opportunity to be mentored and to worked with them during their progressive 
career paths. 

2. MATERIALS 
2.1 Professor Robert Steven Ledley 
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Figure 1.  Robert Steven Ledley (June 28, 1926 – July 24, 2012, aged 86) 
 

Prof. R.S. Ledley, Professor Emeritus of Physiology and Biophysics and Professor of Radiology at 
Georgetown University Medical School pioneered the use of electronic digital computers in biology and 
medicine. He contributed two influential articles in Science: "Reasoning Foundations of Medical 
Diagnosis" in 1959 [1] and "Digital Electronic Computers in Biomedical Science" in 1964 [2].  In 1965, he 
published the fundamental “Use of Computers in Biology and Medicine” book that became the classic of 
this field [3]. In 1960 he founded the National Biomedical Research Foundation (NBRF) to promote the use 
of computers and electronic equipment in biomedical research. At NBRF, Ledley pursued several major 
innovative projects to convert analog to digital images. In films, it was the FIDAC (Film Input to Digital 
Automatic Computer) in 60s for 35 mm (Fig. 3, upper middle) and DRIDAC (Drum Input to Digital 
Automatic Computer) in 70s for 8’’x10’’ (Fig. 3, upper right). In microscopic slides it was the SPIDAC 
(Specimen Input to Digital Automatics Computer), which automated the analysis of chromosomes in late 
70s (Fig. 3, middle and bottom).  He also invented the ACTA (Automatic Computerized Transverse Axial), 
the first whole-body CT scanner in the middle of 70s (Fig. 4). NBRF was affiliated with the Georgetown 
University Medical School in late 60s as a research laboratory until Ledley’s emeritus in 2010. Through the 
years, he has provided opportunities to many young multidisciplinary open minds to explore the use of 
computers and electronics in medicine by luring them to participate in his Pattern Recognition Laboratory 
as interns and research scientists (Fig. 2). 
 
Ledley initiated and remained as the Editor-in-chief of four scientific journals starting from the 1970s: 
"Pattern Recognition", "Computers in Biology and Medicine", "Computer Languages, Systems and 
Structures", and "Computerized Medical Imaging and Graphics". These journals are still in publication as 
of today. 
 
Among many other accomplishments and awards, the ACTA prototype was displayed at the Smithsonian’s 
National Museum of American History, Washington, DC. The museum also established an archive for 
materials to the development of ACTA. Ledley was inducted into the National Inventors Hall of Fame 
sponsored by the U.S. Patent and Trademark Office in 1990. And “for pioneering his contributions to 
biomedical computing and engineering, including inventing the whole-body CT scanner which 
revolutionized the practice of radiology, and for his role in developing automated chromosome analysis for 
prenatal diagnosis of birth defects”, he was awarded the National Medal of Technology and Innovation by 
President Bill Clinton in 1997. The National Institutes of Health honored him in a public lecture in 2008: 
"A Lifetime of Biomedical Computing: A Conversation with Robert Ledley". 
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Figure 2. Pattern Recognition Lab, National Biomedical Research Foundation
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Figure 3. Innovative medical imaging components in the Pattern Recognition Lab in mid 70s: SPIDAC (Specimen 
Input to Digital Automatic Computer), FIDAC (Film Input to Digital Automatic Computer), DRIDAC  (Drum Input 
to Digital Automatic Computer), MACDAC (Man Machine Interface to Digital Automatic Computer (MACDAC). 
SPIDAC + VIDAC (video memory) + MACDAC (interface) + IBM360/44 was the equivalent of today’s Pathology 
PACS, showing an example of automatic chromosome analysis – microscopic scanning, detecting two metaphase 
cells (Low resolution) and chromosomes (High), analyzing each chromosome, and Karyotyping. 
 

 

Figure 4. LT: ACTA, the first whole body CT scanner, with 2 slices per scan in 4 ½ minutes. The background is the 
inventor, Professor R. Ledley. RT: The first cross-sectional anatomy book, images in the book were obtained from 
the ACTA scanner. Williams & Wilkins, 1977. 

 

SPIDAC FIDAC DRIDAC 

Size in  
Y2000 

MACDAC 
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2.2 Professor Moses Greenfield 

 

 

 

 

 

 

 

 

 

Figure 5. Moses Greenfield, March 8, 1916 – July 26, 2012 (97Y) 
 
Professor M. Greenfield, Professor Emeritus of Radiological Sciences, Founder of the Medical Physics 
PhD Program in UCLA. In 1948, when UCLA established the Department of Radiological Science, 
Greenfield was recruited to establish the Clinical Physics Lab inside a clinical department. He later formed 
and was appointed as the Director of the well-known Medical Physics PhD Program at UCLA from 1960 – 
1982. After he retired, Greenfield was instrumental in expanding the Graduate Program and adopted the 
new name of ‘Biomedical Physics’ Graduate Program to signify a broadened scope by the offering of four 
subspecialties in: Biophysics/Nuclear Medicine, Medical Imaging, Radiobiology and Experimental 
Radiation Oncology and Therapeutic Medical Physics. Greenfield was asked to assume the position of 
Acting Director of the Graduate Program from 1992 - 1996. During his tenure at UCLA, Greenfield co-
founded the American Association of Physicists in Medicine (AAPM) and the American College of 
Medical Physics. He received the William D. Coolidge Award, AAPM, 1991. The 2005 Issue of the 
Journal of Applied Clinical Medical Physics (JACMP) was dedicated to his accomplishments in this field.  
 
Greenfield received an NIH Training Grant in “Medical Physics” in the late 1970s. With the Graduate 
Program broadened to “Biomedical Physics” in the 80s, the Training Grant was renewed. The Training 
Grant has been running continuously until today by the succeeding Directors of the Graduate Program as 
the Principal Investigator, one of the longest NIH Training Grants in this field. The UCLA Biomedical 
Physics Program graduated more than 266 MS and PhD degrees (as of 2010), a major contribution to the 
Medical Physics Profession. Many of the graduates have dedicated to the fields of medical imaging, PACS 
and Imaging Informatics continuing the research and development efforts.   

 

 
Figure 6. LT: Professor Greenfield and Mrs. Greenfield. RT: One of the Annual Greenfield Award ceremonies at the 
Biomedical Physics Graduate Program, UCLA. Dr Greenfield with his long-term colleagues Professors Norman and 
Hoffman and the awardee Mr. Holdsworth. 
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2.3 Professor Hooshang Kangarloo 

 

 

 

 

 

 

 

 

 

 

Figure 7. Hooshang Kangarloo Dec 24, 1944 - May 15, 2012 (aged 67) 
 

Professor H. Kangarloo, Professor of Pediatrics, Radiology, and Bioengineering at UCLA was Section 
Head of Pediatric Imaging from 1978-1987, director of residency training from 1984-1986, and became the 
first Leo G. Rigler Chairman of the Department of Radiological Sciences from 1986 to 1995. Under his 
chairmanship, UCLA became renowned as a major innovator in PACS. Using the integrated computed 
radiography, CT, MR and US images displayed on multiple 1K monitors, the pediatric PACS was on-line 
for daily clinical use in late 80s. From 1984 to 2005, Kangarloo was the principal investigator of five NIH-
funded R01 grants, a training grant from the National Library of Medicine (NLM) in medical imaging 
informatics and a continuously funded Program Project Grant in digital imaging, PACS and informatics 
that spanned 20 years. He became Emeritus Professor and Chairman of the Department of Radiological 
Sciences in 2005 and continued leading the research program in PACS and medical imaging informatics 
until 2012. 
 
Kangarloo has been recognized as one of the best teachers in his field of research and clinical practice. He 
was personally responsible for mentoring over a dozen fellows in pediatric radiology and graduated some 
PhD students in Biomedical Physics and Biomedical Engineering, with the majority now in academic 
positions. He had been awarded three times each by the Departments of Pediatrics and by the Radiology for 
outstanding teaching, and was a recipient of UCLA’s Gold Medal for teaching excellence and a number of 
national and international awards in teaching as well. 
 

Figure 8. LT: Professor Kangarloo in the Pediatric Radiology reading room used his in-house developed UCLA 
PACS in late 80s to review cases with his colleague (Professor Hall, upper right) and to teach the residents. 
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Professor Cho (checker shirt), now Professor at U of Washington, was the PACS manager. RT. Kangarloo 
interviewed by the Journal of Diagnosis Imaging. 

3. RESULTS AND CONCLUSION
The evolution of medical imaging informatics can be traced from the footprints of these three pioneers 
through the time line shown in Figure 9. Their dedication in contributing to this field would be remembered 
by their students, fellows and colleagues who are now continuously leading the growth in this field of 
science and technology. 

Figure 9. Evolution of Medical Imaging Informatics and the three Pioneers’ Contributions 
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Purpose: Intensity modulated radiation therapy (IMRT) has gained popularity in the treatment of
cancers. Manual evaluation of IMRT plans for head-and-neck cancers has been especially challenging
necessitating efficient and objective assessment tools. In this work, the authors address this issue by
developing a personalized conformity index (CI) for comparison of IMRT plans for head-and-neck
cancers and evaluating its plan quality discerning power in comparison with other widely used CIs.
Methods: A two-dimensional CI with dose and distance incorporated (CIDD) was developed using
the MATLAB program language, to quantify the planning target volume (PTV) coverage. Valuable
information contained in the digital imaging and communication in medicine (DICOM) RT objects
were harvested for computation of each of the CIDD components. Apart from the dose penalty factor,
a distance-based exponential function was employed by varying the penalty weight associated with
the location of cold spots within the PTV. With the goal of deriving a customized penalty factor, the
distances between individual pixel and its nearest PTV boundary was found. Using the exponential
function, the impact of distance penalty was substantially larger for cold spots closer to the PTV
centroid but petered out quickly wherever they were situated in the vicinity of PTV border. In order
to evaluate the CIDD scoring system, three CT image data sets of nasopharyngeal carcinoma (NPC)
patients were collected. Ten IMRT plans with degrading qualities were generated from each dataset
and were ranked based on CIDD and other existing indices. The coefficient of variance was calculated
for each dataset to compare the degree of variation.
Results: The CIDD scoring system that considered spatial importance of each voxel within the PTV
was successfully developed. The results demonstrated that the CIDD including four discrete factors
could provide accurate rankings of plan quality by examining the relative importance of each cold
spot within the PTVs. Apart from the dose penalty factor, a distance-based exponential function was
employed taking the specific tumor geometry into account. Compared with other commonly used CIs,
the CIDD resulted in the largest coefficient of variance among the ten IMRT plans for each dataset,
indicating that its discerning power was the best among the CIs being compared.
Conclusions: The CIDD scoring system was successfully developed to incorporate patient-specific
spatial dose information and provide a geometry-based physical index for comparison of IMRT
plans for head-and-neck cancers. By taking individual tumor geometry into account, the superi-
ority of CIDD in plan discerning power was demonstrated. The use of CIDD could provide an ef-
fective means of benchmarking performance, reducing treatment plan variability, and advancing
the quality of current IMRT planning. © 2012 American Association of Physicists in Medicine.
[http://dx.doi.org/10.1118/1.4742848]

Key words: intensity modulated radiation therapy, conformity index, plan evaluation, head-and-neck
cancer, digital imaging and communication in medicine

I. INTRODUCTION

Renowned for its dose-sculpting ability, intensity modulated
radiation therapy (IMRT) has gained popularity in the treat-
ment of cancers. Evaluation and comparison of IMRT plans
for head-and-neck cancers have long been the thorny issues
because resultant dose distribution is closely constrained by
the subjective experiences of the planners, the patient anatom-

ical geometry, and the complexity of clinical goals.1, 2 To as-
sure the IMRT plan quality, some quantitative quality con-
trol measures are absolutely necessary. The International Or-
ganization for Standardization (ISO) has suggested standards
for use in radiation oncology to achieve consistency of prac-
tice and optimal quality.3 As an extension of slice-by-slice
isodose evaluation and dose volume histogram (DVH) anal-
ysis, the International Commission on Radiation Units and
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Measurements (ICRU) Report 83 recommended the use of
conformity indices (CIs) in the routine IMRT reporting.4 Con-
formity indice was first proposed in the Radiation Therapy
Oncology Group (RTOG) radiosurgery guidelines in 1993
and also described in Report 62 of the ICRU.5, 6 Their def-
inition was the ratio of reference isodose volume to target
volume. Depending on the choice of reference isodose vol-
ume, the results vary considerably leading to erroneous con-
clusions. Despite being easy to interpret, it could yield false
perfect score in the extreme cases of nonconcordance of
target and isodoses. To get around the problem, the Saint-
Anne, Lariboisière, Tenon suggested a coverage volume fac-
tor which was defined as the fraction of target volume that
received a minimum specified therapeutic dose.7 The index,
nevertheless, does not quantify the irradiated critical structure
volumes surrounding the target.

Leung et al. introduced a credit-based merit function M
taking into account all planning target volume (PTV) check
point doses which were used as a guideline to approve a treat-
ment plan.8 M, also known as target coverage factor, was de-
fined as

M = 1

r

r∑
j=1

⎧⎪⎨
⎪⎩

∑p

i=1

(
VTj ,Di

VTj ,RDi

)
+ ∑q

i=1

(
1 − VTj ,Di

VTj ,ADi

)
∑p

i=1

(
100

VTj ,RDi

)
+ q

⎫⎪⎬
⎪⎭,

where p was the number of cold spot checks, q was the num-
ber of hot spot checks, r was the number of targets of differ-
ent prescription doses, VTj ,Di

represented the volume of the
jth target (in %) receiving dose of at least the ith dose level,
VTj ,RDi

represented the minimum volume of the jth target
(in %) receiving at least the ith dose level, and VTj ,ADi

repre-
sented the allowable volume of the jth target (in %) receiving
at least the ith dose level. Penalty is incurred based on target
dose-volume violations. Meanwhile, credit is awarded when
the volume exceeds the minimum PTV dose requirement for
plan acceptance. The primary strength of this function is its
ability to monitor the presence and magnitude of hot and cold
spots. Yet, no differential penalty is enforced based on the
type of violation.

On the other hand, Miften et al. intended to develop the
target conformity index (TCI) employing a flexible penalty
function.9 The TCI was defined as

TCI = PPTV ×
(

PTVTD

PTV

)
,

where PTVTD was the part of PTV enclosed by the therapeu-
tic dose. An exponential function was adopted to model the
target penalty function (PPTV), resulting in different penalty
values based on the magnitude of dose-volume violation and
the type of violation. The penalty values range between 0
and 1. A more drastic Gaussian function is adopted to pe-
nalize cold spot since this is somewhat more of a clinical
problem than hot spot. However, insufficient spatial informa-
tion is available to exactly locate the overdose and underdose
regions.

Lomax and Scheib presented healthy tissues conformity
index (HTCI) taking into account exclusively the irradiation
of healthy tissues.10 It was determined as the ratio of the

target volume covered by the reference isodose to the ref-
erence isodose volume. There are several practical limita-
tions that should be kept in mind when using this index. As
Leung et al. pointed out, HTCI could lead to a potential false
perfect score when just a tiny reference dose volume is lo-
cated inside the target resulting in obviously suboptimal tar-
get coverage.8 More importantly, this evaluation model could
break down whenever simultaneous integrated boost approach
is applied with several targets receiving different prescribed
doses. Though the conformity of high-dose targets is truly
reflected, HTCI could give erroneous results for coverage
of intermediate- and low-risk targets. A modified HTCI was
hence introduced by Leung et al. to compensate for these
defects.8 The irradiated target volume as defined represents
the target volume whose prescription dose is higher than or
equal to the reference dose level. The effect of different doses
to targets could hence be demonstrated. To generalize the for-
mula to cater for numerous prescribed doses to various tar-
gets, HTCI was redefined as

HTCI = 1

r

r∑
i=1

(
T VRI,i

VRI,i

)
,

where r was the number of targets of different prescription
doses. T VRI,i represented the target volume covered by the ith
reference dose, and VRI,i represented the total isodose volume
of the ith reference dose.

Van’t Riet et al. and Paddick postulated an alternative con-
formity index (called conformation number) comprising two
terms: The first was a measure of dosimetric target coverage,
and the second was a measure of normal tissue overdose.11, 12

The conformation number (CN) was defined as

CN = T VRI

T V
× T VRI

VRI

,

where T VRI represented the target volume covered by the ref-
erence isodose, T V represented the target volume and VRI

represented the volume of the reference isodose.
Using this definition it is clear that CN = 1 when there is a

complete target coverage, as well as complete organ sparing.
Any deviation in either one of these parameters results in a
lower value of CN. CN raises two particular comments. First,
it suffers from an inherent loss of information that accounts
for more than one factor. Different plans with vastly differing
potential outcomes could have the same value of CN. Sec-
ond, it only addresses a global healthy tissue dose, lumping all
nontumor tissue together as normal tissue. A summary table
(Table I) compares RTOG, HTCI, and CN in various clinical
settings.

Initially proposed for brachtherapy, the conformity index
of Baltas et al. abbreviated as COIN was the production of
CN and a term accounting of critical organ doses.13 COIN
was defined as

COIN = CN ×
Nco∏
i=1

(
1 − Vcoref,i

Vco,i

)
,

where Nco represented the number of critical organs, Vcoref,i

represented the critical organ volume receiving at least the
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TABLE I. Comparison of various indices in relation to various treatment plans.

Treatment plan Parameters RTOG HTCI CN

TV = 6 cm3

VRI = 8 cm3 1.33 0.75 0.75
TVRI = 6 cm3

TV = 6 cm3

VRI = 4.8 cm3 0.80 1.00 0.80
TVRI = 4.8 cm3

TV = 6 cm3

VRI = 6 cm3 1.00 0.00 0.00
TVRI = 0 cm3

TV = 6 cm3

VRI = 6 cm3 1.00 1.00 1.00
TVRI = 6 cm3

Note. TV = target volume (gray); VRI = volume of the reference isodose (dotted line); TVRI = target volume covered by
the reference isodose = intersection of TV and VRI.

reference dose, Vco,i represented the critical organ volume,
and CN represented the Van’t Riet’s conformation number.
Penalty is given whenever organ at risk (OAR) volumes re-
ceive at least the prescription doses. Nevertheless, in many
cases, OAR tolerances are much lower than tumor prescrip-
tion doses. COIN presents two significant drawbacks. First,
it provides indissociable information, making it impossible to
discern the contribution of each term to the resultant COIN
value. The second issue is that COIN is not calculated for
each organ at its specific tolerance level. As opposed to the
COIN index, critical organ scoring index (COSI) was devel-
oped specifically to compare individual critical organ’s in-
volvement at different dose levels.14 The COSI was defined
as

COSI = 1 − V (OAR)>tol

TCV

,

where V (OAR)>tol was the fraction of volume of OAR receiv-
ing more than a predefined tolerance dose, and TCV was the
volumetric target coverage, defined as the fractional volume
of PTV covered by the prescription isodose.

Any deviation from the perfect score of unity could be ei-
ther due to insufficient target coverage or critical organ over-
dose. Its main gain is the ability to distinguish different tol-
erance doses for different organs, whereas CN only addresses
a global healthy tissue dose. Knowing which OAR is being
assessed, the physicians could make a more informed choice
of the optimal plan. In extreme cases, COSI could be equal to
unity when a plan provides a complete organ sparing, regard-
less of tumor coverage. Though COSI could score target un-
derdose and OAR overdose, it contains no information about
the overall plan conformity. Owing to a certain loss of infor-
mation, different quality plans could have identical COSI val-
ues requiring further investigation of DVHs and isodose lines
to determine their relative merits.

In the era of personalized cancer medicine, much empha-
sis has been put on the inherent variability in tumors and the
need for a tailor-made treatment regimen.15 Though a vari-
ety of CIs have been proposed to describe the overall plan
conformity, few existing indices take individual tumor geom-
etry into account.16 To bridge the gap, the aim of this study
was to develop a patient-specific CI for comparison of IMRT
plans for head-and-neck cancers and to evaluate its plan qual-
ity discerning power in comparison with other widely used
indices.

II. METHODS

In order to quantify the PTV coverage, a two-dimensional
conformity index with dose and distance incorporated (CIDD)
was developed using the MATLAB version 7.12 (R2011a)
(The MathWorks, Inc., Natick, MA). The proposed algorithm
for calculation of CIDD was based on two central assump-
tions. First, adequate gross tumor volume (GTV) coverage is
mandatory to reduce the likelihood of local recurrence and
improve survival rate. Second, cold spots are generally more
acceptable if they are more distant from GTV. The CIDD

scoring system contains four major components, namely,
GTV coverage factor, GTV underdose factor, (PTV minus
GTV) coverage factor, and (PTV minus GTV) underdose and
distance factor. Using IMRT with simultaneous modulated ac-
celerated radiation therapy (SMART) boost, the GTV is given
a higher total radiation dose within the same treatment period
than the surrounding subclinical regions enabling differential
dose delivery to different parts of the targets. In our standard
treatment guidelines for nasopharyngeal carcinoma (NPC),
subscripts with the GTV nomenclature are applied to distin-
guish between the primary nasopharyngeal tumor (np as in
GTVnp) and nodal gross tumor volume (n as in GTVn). Note
that for a typical head-and-neck case, the prescribed dose to
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Attributes Name

-27.93   46.57   -54.00  
-27.23   47.10   -54.00

...
-28.62   47.10   -54.00

m = number of 
structures drawn.

DICOM HeaderDICOM-RT 
Structure set

Value
StructureSetROISequence

Item_1

Item_m
...

ROINumber
ROIName

35
‘Rt Lens’

ROIContourSequence

m = number of 
structures drawn.

Item_1

Item_m
...

ContourSequence
Item_1

Item_r
... r = number of cuts 

containing ROI.

ContourData

(x, y, z) coordinates of 
the contour points.

Region of Interest.

FIG. 1. Attributes of RT Structure Set module required for computation of
CIDD.

the GTV at the primary and nodal sites plus 3 mm margin is
70 Gy, while the PTVs for microscopic disease representing
high and low risk disease regions receive 66 Gy and 60 Gy,
respectively.

II.A. Data extraction

All digital imaging and communication in medicine (DI-
COM) RT objects were exported from the ECLIPSE ver-
sion 8.6 treatment planning system (Varian Medical Systems,
Palo Alto, CA). Valuable information contained in the DI-
COM RT objects was harvested for computation of each
CIDD component. Edge-based approach was adopted for ex-
traction of underdose regions within tumor. PTV coverage
at each prescribed dose level was evaluated individually. In
the DICOM RT Structure Set module, the Structure-
SetROISequence attribute assigns a unique region of in-
terest (ROI) number to each ROI (Fig. 1). The contours of
GTV and PTVs defined within the ROIContourSequence
attribute in the RT Structure Set object were reconstructed.

Following contour reconstruction, the grid doses could be
constructed by multiplying each pixel value stored in the im-
age pixel module with the DoseGridScaling attribute in
the RT dose module (Fig. 2). Next, the three-dimensional (3D)
RT Dose matrix and the ROI contours could be mapped onto
the CT dataset according to the coordinates of the Image-
PositionPatient attribute of the RT Dose module and
the CT image.

II.B. Calculation of GTV coverage factor

GTV was the most predictive independent survival vari-
able in the multivariate analysis.17 The concept of selective
dose escalation to GTV has recently been advocated as a
means of improving local tumor control.18, 19 For each under-
dose region inside GTV, i.e., GTV receiving less than 70 Gy,

DICOM-DOSE

DICOM Header

A�ributes Name Value

Rows 115
Columns 120
Bitstored 32

ImagePositionPatient -134.3437  -38.7936 -156.0000

DoseUnits
DoseGridScaling 6.600e-005

Number of rows (p) and columns 
(q) of grid doses.
Number of bits stored for each pixel.

DOSE

Dimension = 
p q n.

The Image Posi�on specifies the x, y, and z coordinates
of the upper le� hand corner of the image; it is the 
center of the first voxel transmi�ed.

NumberOfFrames 88
n = number of frames  number of CT images = N 

‘Gy’ Units of dose.
Dose Grid Scaling a scaling factor 
for conver�ng dose data in Pixel 
Data element into Gy.

FIG. 2. Attributes of RT Dose module required for computation of CIDD.

the GTV coverage factor G is defined as

G =
∑

allIz
70 Gy ∩ (GTVn ∪ GTVnp)∑
allIz

(GTVn ∪ GTVnp)
,

where Iz is the image of zth cut, �allIz
is the volumetric sum

of all cuts, ∩ is the intersection of two regions, ∪ is the union
of two regions, GTVn is the nodal gross tumor volume and
GTVnp is the nasopharyngeal gross tumor volume.

G equals to 1 if whole GTV is covered by a prescribed
dose of 70 Gy and G approaches zero with continuously de-
creasing volumes of GTV receiving dose of at least 70 Gy.
Using similar concepts described by Leong et al. and Zheng
et al., the geographic miss of tumor was classified as grade
1 or grade 2 according to the locations of cold spots within
PTV.20, 21 A grade 1 geographic miss was defined as inade-
quate GTV coverage while a grade 2 geographic miss was
defined as inadequate coverage of PTV excluding GTV. It is
widely accepted that GTV coverage should take precedence
over PTV coverage and every effort should be made to avoid
grade 1 geographic miss.

II.C. Calculation of GTV underdose factor

Tomé and Fowler and Zhao et al. demonstrated that there
was a precipitous tumor control probability drop with the
presence of deep cold spots in the GTV which always had
higher malignant cell density than peripheral PTV region.22, 23

Compared to the volume of tumor underdosed, the magnitude
of the underdosage may be a more important determinant of
tumor control probability.24 Thus the GTV underdose factor
was designed giving penalty based on the extent of under-
dosage for each GTV pixel.
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FIG. 3. The penalty function p.

For each underdose pixel inside GTV, the GTV underdose
factor P is defined as

P (dose) = 1 −
∑
allIz

p(dose)

= 1 −
∑
allIz

exp

(
−2 × dose2

352

)
, 0 ≤ dose ≤ 70.

Similar to the previous study by Miften et al., Gaussian
function was applied to penalize the cold spots.9 This bell-
shaped function was chosen because of its exponentially de-
creasing character. With a central peak, its tails drop towards
zero rapidly as x approaches infinity. The use of GTV un-
derdose factor, P(dose), to quantify the dose-volume viola-
tions should satisfy the following criterions (as demonstrated

in Fig. 3). First, the admissible values of penalty function are
non-negative values. Second, no penalty is given when the
GTV pixel receiving not less than 70 Gy. Third, maximum
penalty is enforced whenever the GTV pixel receives 0 Gy.

II.D. Calculation of (PTV minus GTV) coverage factor

For grade 2 geographic miss, the (PTV minus GTV) cov-
erage factor was introduced as the total probability mea-
sures of the underdose region. To meet the needs for com-
prehensive evaluation of IMRT plan with SMART boost,
PTV coverage at each prescribed dose level was considered
individually.

For each underdose region inside PTV excluding GTV, the
(PTV minus GTV) coverage for PG is defined as

PG = 1

6

{∑
allIz

70 Gy ∩ (PTVn70 − GTVn)∑
allIz

(PTVn70 − GTVn)
+

∑
allIz

70 Gy ∩ (PTVnp70 − GTVnp)∑
allIz

(PTVnp(70) − GTVnp)

+
∑

allIz
66 Gy ∩ (PTVn66 − PTVn70)∑
allIz

(PTVn66 − PTVn70)
+

∑
allIz

66 Gy ∩ (PTVnp66 − PTVnp70)∑
allIz

(PTVnp66 − PTVnp70)

+
∑

allIz
60 Gy ∩ (PTVn60 − PTVn66)∑
allIz

(PTVn60 − PTVn66)
+

∑
allIz

60 Gy ∩ (PTVnp60 − PTVnp66)∑
allIz

(PTVnp60 − PTVnp66)

}
,
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FIG. 4. Diagram showing various target contours required for calculation of
the (PTV minus GTV) coverage factor.

where GTVn ⊃ PTVn70 ⊇ PTVn66 ⊇ PTVn60 and GTVnp

⊃ PTVnp70 ⊇ PTVnp66 ⊇ PTVnp60.
Figure 4 demonstrates the target contours required to cal-

culate the (PTV minus GTV) coverage factor. Three pre-
scription doses are delivered to various PTVs, designated as
PTVn60, PTVn66, PTVn70, PTVnp60, PTVnp66, and PTVnp70

with the subscripts representing different dose levels pre-
scribed to either primary nasopharyngeal tumor or nodal re-
gion. Using the inside-out approach, the nonoverlapping re-
gions (NORs) between (1) GTVnp and PTVnp70; (2) GTVn

and PTVn70; (3) PTVnp70 and PTVnp66; (4) PTVn70 and
PTVn66; (5) PTVnp66 and PTVnp60; (6) PTVn66 and PTVn60

were drawn. The next step in calculating PG was to find out

the overlapping regions between NORs and their correspond-
ing prescribed dose levels on every single CT slice. For sim-
plicity, Fig. 5 demonstrates how to compute the first term of
PG. The dark green- and light blue-shaded areas represent the
numerator and denominator, respectively.

II.E. Calculation of (PTV minus GTV) underdose
and distance factor

The (PTV minus GTV) underdose and distance factor was
based on two major hypotheses. First, underdose had the po-
tential to decrease tumor control. Second, there was differ-
ing importance of cold spots to the tumor control for grade
2 geographic miss depending on their locations. Therefore,
the (PTV minus GTV) underdose and distance factor em-
ployed both dose penalty factor and distance based exponen-
tial penalty function. By varying the penalty weight associ-
ated with the location of cold spots within PTV, the (PTV
minus GTV) underdose and distance factor took the specific
tumor geometry into account. In the following theorem, two
versions of (PTV minus GTV) underdose and distance factor
are presented, in the presence and absence of GTV. For each
underdose pixel inside (PTV minus GTV) in the presence of
GTV, the (PTV minus GTV) underdose and distance factor is
defined as

P (dose, distance)

= 1 −
∑
allIz

p(dose, distance)

= 1 −
∑
allIz

exp

(
−

(
8 × dose2

d2
+ 8 × distance2

m2

))
,

where 0 ≤ dose ≤ d, d = 60, 66, 70, 0 ≤ distance ≤ m and
m = max {∂PTV − ∂GTV} = furthest distance between the
boundary of PTV and GTV for each Iz.

For each underdose pixel inside (PTV minus GTV) in
the absence of GTV, the (PTV minus GTV) underdose and

70Gy
PTVn70

GTVn

÷

PTV70

GTVn

GTVn

n70 n70Gy (PTV GTV )

n70 n(PTV GTV )
= n7

70 n

0 n

n

70Gy (PTV GTV
(PTV GTV

)
)

FIG. 5. Diagrammatic calculation of first term of (PTV minus GTV) coverage factor.
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distance factor is defined as

P (dose, distance)

= 1 −
∑
allIz

p(dose, distance)

= 1 −
∑
allIz

exp

(
−

(
8 × dose2

d2
+ 8 × distance2

m2

))
,

where 0 ≤ dose ≤ d, d = 60, 66, 70, 0 ≤ distance ≤ m and
m = max {∂PTV − PTVc} = furthest distance between the
boundary of PTV and the centroid of PTV, i.e., PTVc for
each Iz.

The (PTV minus GTV) underdose and distance factor
should satisfy the following conditions. In an extreme sce-
nario where zero dose is delivered to a pixel situated at the
boundary of GTV or centroid of PTV, the P(dose, distance)
is set to zero imposing the maximum penalty. On the other
hand, the P(dose, distance) equals to 1 whichever pixel far-
thest away from the GTV border receiving not less than its
prescribed dose. When pixel within PTV excluding GTV gets
zero dose, only the distance factor is considered. In contrast,
P(dose, distance) depends only on dose for all pixels located
at the boundary of GTV or centroid of PTV.

We start with a more general two-dimensional elliptical
Gaussian function, which takes the form

f (x, y) = Aexp

(
−

(
(x − x0)2

2σ 2
x

+ (y − y0)2

2σ 2
y

))
,

−∞ < x, y < ∞,

where A = amplitude, x0, y0, σ x and σ y are real constants.
(x0, y0) = center of the Gaussian function and σ x, σ y controls
the x, y spread from the center. The amplitude of f(x, y) occurs
when x = x0, y = y0, i.e., f(x = x0, y = y0) = A.

Noting that

lim
x→x0±4σx,
y→y0±4σy

f (x, y)

= lim
x→x0±4σx,
y→y0±4σy

Aexp

(
−

(
(x − x0)2

2σ 2
x

+ (y − y0)2

2σ 2
y

))

= lim
x→x0±4σx,
y→y0±4σy

Aexp

(
−

(
16σ 2

x

2σ 2
x

+ 16σ 2
y

2σ 2
y

))

= Aexp(−16)

≈ 0.

By integrating both spatial and dosimetric importance for
each pixel (PTV minus GTV) underdose and distance factor
was fitted with a two-dimensional elliptical Gaussian func-
tion. As illustrated in Fig. 6, the value becomes maximal
at the origin of a Cartesian coordinate system and falls off

precipitously to zero as x- and y-values approaches infinity.
In two dimensions, P(dose, distance) depends on two indi-
vidual factors, namely, distance and dose penalties (Fig. 6).
Both σ x and σ y can control the x and y spread from the center.
The σ x and σ y parameters should be set accordingly to sat-
isfy the following clinical conditions. In an extreme scenario
where zero dose is delivered to GTV boundary or centroid
of PTV, value becomes zero imposing the maximum penalty.
On the other hand, value is maximum whichever pixel far-
thest away from GTV border (i.e., distance between pixel and
GTV border equals to m) receiving not less than prescribed
dose (d). Using the two-dimensional elliptical Gaussian func-
tion, P(dose, distance) should be substantially smaller for cold
spots closer to PTV centroid (i.e., pixel with distance < m
receiving dose < d). For the Gaussian distribution, a range
within 4σ could include 99.9% of data values. Therefore, σ x

and σ y are set to become d/4 and m/4, respectively in order to
control the spread of such distribution. Like the P(dose), the
admissible values of penalty function are non-negative values.
No penalty is enforced whenever pixel receives not less than
its prescribed dose regardless of its location. Therefore, the
penalty function p is given by first normalizing the function
f(x, y) (by dividing its amplitude A), choosing x0 = y0 = 0,
x0 + 4σ x = d, i.e., σ x = d/4 and letting x = dose, y0 + 4σ y

= m, i.e., σ y = m/4 and letting y = distance. We then have

p(dose, distance) = f (dose, distance)

A

= exp

(
−

(
dose2

2(d/4)2
+ distance2

2(m/4)2

))
,

= exp

(
−

(
8×dose2

d2
+8×distance2

m2

))
,

where 0 ≤ dose ≤ d, 0 ≤ distance ≤ m.
As a result, (PTV minus GTV) underdose and distance fac-

tor P is defined as

P (dose, distance) = 1 −
∑
allIz

p(dose, distance).

II.F. Calculation of CIDD

To consolidate all four distinct factors into one CIDD score,
Euclidean two-norm was applied to represent the quality of a
treatment plan. This is similar to the method described by Le-
ung et al.8 Equal weights were assigned to four factors as a
good starting point for illustrating the feasibility of the CIDD

design concept. For a hypothetical case when 100% of the
prescribed dose was homogenously delivered to the multiple
PTVs, all four factors should be unity. The CIDD score was
defined as the Euclidean two-norm between these four fac-
tors and (1, 1, 1, 1) to describe the overall plan quality. The
Euclidean two-norm is defined as

CIDD =
√

(1 − G)2 + (1 − P (dose))2 + (1 − PG)2 + (1 − P (dose, distance))2.
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FIG. 6. (a) Two-dimensional (PTV minus GTV) underdose and distance factor; (b) domain of the (PTV minus GTV) underdose and distance factor; (c) penalty
with dose; and (d) penalty with distance.

The worst scenario is
√

4 = 2 when G = P(dose) = PG
= P(dose, distance) = 0. In clinical situation, it occurs when
all GTV and (PTV minus GTV) pixels received 0 Gy. In con-
trast, CIDD score is zero for a perfect case, i.e., G = P(dose)
= PG = P(dose, distance) = 1. This scenario occurs when-
ever all GTV and (PTV minus GTV) pixels received not less
than the prescribed dose. Unlike other indices, a lower CIDD

score indicates better target coverage in this study.

II.G. Evaluation of CIDD scoring system

In order to evaluate the CIDD scoring system, three CT
image datasets of NPC cases involving multiple PTVs with
different prescription levels were collected. Ten IMRT plans
were generated from each dataset using the ECLIPSE treat-
ment planning system (version 8.6) (Varian Medical Systems,
Palo Alto, CA). Table II shows the typical optimization pa-

rameters for an IMRT NPC plan in clinical practice. For each
plan, inverse IMRT plans were optimized using the same sets
of constraints as shown in Table II except for the changing
priority factors of PTVs. For plan 1 of each dataset, target
coverage was assigned the highest priority value of 350 for
upper and lower limits. With stepwise relaxation, the prior-
ity factors for PTVs were decreased by 20 for each successive
IMRT plan. As a result, the plan qualities deteriorated sequen-
tially in terms of target dose conformity from plan 1 to plan
10 for each dataset.

Apart from the CIDD score, the RTOG conformity index,
HTCI, CN, target coverage factor were computed. The plan
quality discerning power of CIDD was assessed by ranking
the ten IMRT plans of each CT dataset based on the CIDD

scores and by comparing the results with other indices. The
coefficient of variation, also known as “relative variability,”
represents the ratio of the standard deviation to the mean. As
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TABLE II. Optimization parameters for a typical IMRT NPC plan.

Regions of interest (ROIs) Limits Dose (Gy) Volume (%) Priority

Brainstem Upper 54 0 300
Brainstem + 3 mm shell Upper 60 1 300
Spinal cord Upper 45 0 300
Spinal cord + 3 mm shell Upper 50 0 300
Temporal lobes Upper 70 0 250
Optic chiasm Upper 54 0 250
Optical nerves Upper 54 0 250
Parotid gland Upper 26 50 200
PTVnp70 and PTVn70 Upper 75 0 350
PTVnp70 and PTVn70 Lower 74 100 350
PTVnp66 and PTVn66 Upper 72 0 350
PTVnp66 and PTVn66 Lower 70 100 350
PTVnp60 and PTVn60 Upper 64 0 350
PTVnp60 and PTVn60 Lower 63 100 350

Note. PTVnp = nasopharyngeal planning target volume; PTVn = nodal planning
target volume; PTVnp70 = 70 Gy to PTVnp; PTVn70 = 70 Gy to PTVn; PTVnp66

= 66 Gy to PTVnp; PTVn66 = 66 Gy to PTVn; PTVnp60 = 60 Gy to PTVnp;
PTVn60 = 60 Gy to PTVn.

a dispersion measurement, coefficient of variation is a use-
ful statistic for comparing diversity across datasets. A greater
dispersion corresponds to a higher coefficient of variation. To
quantify the variation of diversity, the coefficient of variation
was calculated for each dataset and compared among differ-
ent indices. Biological indices like equivalent uniform dose
(EUD) based tumor control probability (TCP) and normal tis-
sue complication probability (NTCP) formula derived by Gay

and Niemierko were also computed as a vehicle to explain the
outcome from different indices.25

III. RESULTS

III.A. Evaluation of CIDD

The use of CIDD consisting of four discrete factors allowed
planners to assess the dose distribution in greater depth. Cov-
erage of multiple PTVs by various levels of prescribed dose
was analyzed separately. Each factor was bounded by 0 and
1, greater value indicated superior plan. Figure 7 summarizes
the results of different factors among the ten plans of the
first NPC patient. All factors suggested that plan 1 was the
most superior in terms of target coverage. The first eight plans
provided nearly perfect GTV coverage without GTV under-
dosage. For plans 9 and 10, there was a drop in both GTV
coverage and GTV underdosage factors, but the decrease was
more pronounced in GTV coverage factor. Among the ten
IMRT plans, the (PTV minus GTV) coverage factor never
reached unity suggesting that part of the target outside GTV
always received less than the prescribed dose. The values of
(PTV minus GTV) coverage factor declined gradually from
0.9 to 0.85 for the first five plans and then fell rapidly down to
0.4 for plan 10. On the other hand, the change in (PTV minus
GTV) underdose and distance factor was gradual and subtle
initially, but became obvious for the last five plans.

Figures 8 and 9 show the variation of different factors
among the ten plans for the second and third NPC patients. In
line with expectations, the results for all three patients showed
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FIG. 7. Graph showing the variation of different factors among ten IMRT plans for the first NPC patient.
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FIG. 8. Graph showing the variation of different factors among ten IMRT plans for the second NPC patient.
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FIG. 10. Graph showing the trend of CIDD scores among ten IMRT plans for three NPC patients.

a general decreasing trend from plan 1 to plan 10. By taking
the spatial dose information into account, the target coverage
for each subregion of PTV could be assessed separately. The
results demonstrated that these four discrete factors could pro-
vide accurate rankings of plan quality by examining the rela-
tive importance of each cold spot within the PTVs.

III.B. Comparison among CIDD scores

To consolidate all four distinct factors into one CIDD score,
Euclidean two-norm was applied to describe the overall plan
quality. In contrast to other conventional indices, a lower CIDD

score indicated better target coverage. The CIDD score trends
for three NPC patients were illustrated in Fig. 10. On the
whole, the CIDD scores increased accordingly with increas-
ing plan number for all three NPC patients. Coherent with
expectations, plan 1 was the most superior in terms of target
coverage as evidenced by the lowest CIDD score among ten
IMRT plans for each NPC patient.

III.C. Comparison with various conformity indices

Several conformity indices, namely, RTOG conformity in-
dex, HTCI, CN, target coverage factor and CIDD were calcu-
lated for each plan. The coefficient of variance was computed
for each index to compare their plan quality discerning power.
Table III summarizes the scores of all indices and their coef-
ficients of variance for the first NPC patient. For CIDD, lower
values indicate better plans, while for the rest, higher values

indicate better plans. The best plan suggested by RTOG con-
formity index, target coverage factor and CIDD was plan 1.
Still, plans 3 and 4 had the highest scores of CN. Plan 10 was
the most superior when ranking based on HTCI alone but the
worst according to CIDD index as well as others. For the first
NPC patient, the coefficients of variance of RTOG confor-
mity index, HTCI, CN, target coverage factor and CIDD were
31.73%, 7.65%, 15.23%, 10.88%, and 87.57%, respectively,

TABLE III. Summary of various indices and coefficients of variance for the
first NPC patient.

Plan no. CTRTOG HTCI CN Target coverage factor CIDD

1 1.37 0.77 0.71 1.00 0.10
2 1.32 0.78 0.71 0.99 0.13
3 1.27 0.80 0.72 0.99 0.13
4 1.25 0.80 0.72 0.99 0.14
5 1.23 0.80 0.71 0.98 0.15
6 1.07 0.86 0.69 0.94 0.26
7 0.99 0.88 0.65 0.89 0.35
8 0.91 0.90 0.60 0.84 0.44
9 0.64 0.93 0.54 0.79 0.48
10 0.35 0.94 0.42 0.72 1.02

μ 1.04 0.85 0.65 0.91 0.33
σ 0.33 0.07 0.10 0.10 0.29
CV 31.73% 7.65% 15.23% 10.88% 87.57%

Note. μ = mean, σ = standard deviation, CV = coefficient of variance.
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TABLE IV. Summary of various indices and coefficients of variance for the
second NPC patient.

Plan no. CTRTOG HTCI CN Target coverage factor CIDD

1 1.33 0.74 0.65 1.00 0.15
2 1.30 0.81 0.66 0.96 0.30
3 1.26 0.86 0.69 0.94 0.38
4 1.23 0.90 0.71 0.90 0.49
5 1.12 0.94 0.72 0.83 0.63
6 0.96 0.93 0.69 0.83 0.65
7 0.82 0.86 0.58 0.74 0.81
8 0.73 0.97 0.54 0.70 0.94
9 0.39 0.97 0.52 0.70 0.94
10 0.36 0.97 0.46 0.70 0.94

μ 0.95 0.91 0.62 0.83 0.62
σ 0.36 0.08 0.09 0.12 0.29
CV 38 .40% 8.70% 14.57% 14.00% 46.09%

Note. μ = mean, σ = standard deviation, CV = coefficient of variance.

which indicated that the CIDD index had the greater plan qual-
ity discerning power.

Scores of various indices and relevant coefficients of vari-
ance for the second and third patients were listed in Tables
IV and V. The coefficients of variance of RTOG conformity
index, HTCI, CN, target coverage factor and CIDD for the
second NPC patient were 38.4%, 8.7%, 14.57%, 14%, and
46.09%, respectively (Table IV). While for the third NPC pa-
tient, the coefficients of variance of RTOG conformity index,
HTCI, CN, target coverage factor and CIDD were 34.48%,
5.15%, 17.28%, 8.87%, and 44.39%, respectively (Table V).
Three sets of data showed that analysis of different indices
could lead to different conclusions, indicating that special
caution was required when evaluating treatment plans based
on one specific index. Compared with other commonly used
indices, the CIDD always resulted in the largest coefficient of
variance for all three NPC patients. It implied that CIDD scor-
ing system had the greatest power to rank rival IMRT plans.

TABLE V. Summary of various indices and coefficients of variance for the
third NPC patient.

Plan no. CTRTOG HTCI CN Target coverage factor CIDD

1 1.31 0.71 0.65 0.99 0.23
2 1. 30 0.79 0.68 0.98 0.26
3 1.24 0.85 0.71 0.94 0.42
4 1.19 0.82 0.72 0.90 0.56
5 1.15 0.81 0.72 0.84 0.70
6 0.93 0.81 0.68 0.83 0.77
7 0.82 0.80 0.54 0.82 0.86
8 0.54 0.83 0.52 0.80 0.94
9 0.42 0.85 0.49 0.80 1.01
10 0.36 0.85 0.44 0.79 1.06

μ 0.95 0.81 0.62 0.87 0.62
σ 0.33 0.04 0.11 0.08 0.30
CV 34 .48% 5.15% 17.28% 8.87% 44.39%

Note. μ = mean, σ = standard deviation, CV = coefficient of variance.

III.D. Comparison with TCP and NTCP

The evaluation results were further validated by the calcu-
lation using EUD-based TCP and NTCP. All three NPC pa-
tients followed similar patterns from plan 1 to plan 10, as il-
lustrated in Tables VI–XI. Some conclusions could be drawn
from the data. First of all, the EUDs of all PTVs suggested
that plan 1 was the most superior in terms of target coverage.
The TCP values among ten IMRT plans had a slight down-
ward trend from plan 1 to plan 10. In contrast, the minimum
EUDs of OARs were mostly found in plan 10, with the lowest
NTCP. Nevertheless, the EUDs of all PTVs in plan 10 were
much smaller as a result of large cold spots. As a whole, the
results were in line with that of the CIDD scores. For CIDD,
lower values indicate better plans.

IV. DISCUSSION

It has been widely accepted that GTV is likely to have
higher malignant cell density than the remainder of the PTV.22

Since the locoregional failure rate is significantly related to
the minimum dose in the GTV, the assumption of equal merit
for different subregions inside PTV is inadequate.26 When-
ever underdosage is present, it is important to know the mag-
nitude, location, and volume of the low dose regions. Cold
spots should be at the periphery of PTV, as far from the
GTV as possible. Different distribution of underdosed vol-
umes could lead to different tumor control probability out-
comes. To incorporate patient-specific spatial dose informa-
tion, the CIDD scoring system was designed enabling cus-
tomized plan evaluation. The relative importance of each cold
spot within the subregions of the PTVs could be examined
using the CIDD scoring system including the four discrete fac-
tors. Typically, each factor equals to unity for an ideal plan,
whereas the deviation from unity refers to underdose treat-
ments in the corresponding region. In contrast, there is an in-
verse relationship between CIDD score and plan quality. The
smaller the value of CIDD, the better is the overall target cov-
erage. As a result, a plan with cold spots centrally located
within the PTV should result in higher CIDD score than the
other with more acceptable cold spots on the periphery of the
PTV further away from the GTV.

Figure 11 shows the trend of different conformity indices
among ten IMRT plans for the first NPC patient. The plan
number is represented on the horizontal axis, while the ver-
tical axis shows the index value for each plan. This typical
example could clearly demonstrate the weaknesses of each
existing index. The RTOG defines three categories of con-
formity index protocol compliance. RTOG conformity index
between 1 and 2 is considered a treatment plan of acceptable
dose conformity. Plans with a conformity index value between
2.0 and 2.5 or between 0.9 and 1.0 are classified as having
minor deviations. An index less than 0.9 or more than 2.5 is
considered a major violation. As shown in Fig. 11, the first
seven plans meet the RTOG guidelines with index between
1 and 2, while plans 8–10 are classified as having major vi-
olations with RTOG conformity index values less than 0.9.
By ignoring the degree of overlap between the prescription
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TABLE VI. Summary of EUDs for the PTVs and TCPs of the ten IMRT plans for the first NPC patient using
units of gray (Gy).

EUD (in Gy)

Plan no. PTVnp70 PTVn70 PTVnp66 PTVn66 PTVnp60 PTVn60 TCP (PTV70) CIDD

1 71.58 71.97 68.94 68.98 65.95 64.48 88.77% 0.10
2 71.16 71.83 68.64 68.95 65.83 64.27 88.23% 0.13
3 71.25 71.75 68.64 68.88 65.78 64.03 88.25% 0.13
4 71.02 71.57 68.63 68.84 65.76 63.94 87.83% 0.14
5 70.79 71.40 68.63 68.80 65.73 63.85 87.42% 0.15
6 69.44 71.43 68.07 67.96 64.47 60.91 85.82% 0.26
7 69.87 71.33 67.50 66.75 63.50 58.86 86.25% 0.35
8 70.30 71.22 66.94 65.54 62.54 56.80 86.68% 0.44
9 69.41 70.33 66.77 65.28 62.43 56.79 84.58% 0.48
10 68.93 69.82 66.36 64.90 62.24 56.71 83.29% 1.02

μ 70.38 71.26 67.87 67.47 64.39 61.06 86.71% 0.33
σ 0.92 0.68 0.90 1.68 1.56 3.45 0.02% 0.29

Note. μ = mean, σ = standard deviation.

TABLE VII. Summary of EUDs for OARs and NTCPs of the ten IMRT plans for the first NPC patient using units of gray (Gy).

NTCP Optic NTCP Left optic NTCP Right optic NTCP Left temporal NTCP Right temporal NTCP
Plan no. Brainstem (%) Chiasm (%) nerve (%) nerve (%) lobe (%) lobe (%)

1 39. 90 0.29 37.78 0.15 48.89 3.17 36.92 1.81 32.67 0.07 38.16 0.44
2 40. 37 0.33 38.34 0.18 49.37 3.56 37.34 2.03 32.65 0.07 38.55 0.49
3 40. 19 0.31 38.16 0.17 49.10 3.33 37.17 1.97 32.56 0.07 38.47 0.48
4 40. 13 0.30 38.12 0.16 48.95 3.11 37.11 1.91 32.44 0.06 38.44 0.47
5 40. 08 0.24 38.07 0.13 48.80 2.66 37.04 1.83 32.33 0.05 38.42 0.36
6 39. 35 0.24 37.32 0.12 48.15 2.25 36.24 1.78 31.61 0.03 37.53 0.26
7 39. 33 0.23 37.23 0.12 47.81 2.21 36.15 1.73 31.13 0.03 37.01 0.25
8 39. 31 0.23 37.15 0.11 47.47 2.15 36.06 1.69 30.64 0.03 36.49 0.25
9 39. 24 0.21 37.06 0.10 47.41 2.12 36.00 1.68 30.61 0.03 36.48 0.25
10 39. 14 0.20 36.95 0.08 47.29 2.05 35.92 1.62 30.55 0.03 36.45 0.25
μ 39. 70 0.26 37.62 0.13 48.32 2.66 36.60 1.81 31.72 0.05 37.60 0.35
σ 0.47 0.00 0.53 0.03 0.79 0.01 0.56 0.13 0.91 0.00 0.91 0.00

Note. μ = mean, σ = standard deviation.

TABLE VIII. Summary of EUDs for the PTVs and TCPs of the ten IMRT plans for the second NPC patient using
units of gray (Gy).

EUD (in Gy)

Plan no. PTVnp70 PTVn70 PTVnp66 PTVn66 PTVnp60 PTVn60 TCP (PTV70) CIDD

1 73.98 73.98 69.75 69.39 68.00 67.03 92.25% 0.15
2 72.75 73.24 68.54 67.65 66.08 64.86 90.85% 0.30
3 71.77 72.24 67.70 66.87 65.26 64.05 89.21% 0.38
4 71.07 71.46 66.91 66.12 64.46 63.23 87.78% 0.49
5 70.06 70.53 66.04 65.35 63.77 62.65 85.65% 0.63
6 70.08 70.24 65.95 65.27 63.62 62.42 85.33% 0.65
7 69.48 69.95 64.95 64.04 62.85 61.63 84.22% 0.81
8 69.13 69.57 64.55 63.85 62.43 61.21 83.26% 0.94
9 69.21 69.56 64.41 63.54 62.32 61.05 83.34% 0.94
10 69.28 69.55 64.26 63.14 62.21 60.90 83.43% 0.94

μ 70.68 71.03 66.31 65.60 64.10 62.90 86.53% 0.62
σ 1.67 1.62 1.89 1.92 1.89 1.96 3.30% 0.29

Note. μ = mean, σ = standard deviation.
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TABLE IX. Summary of EUDs for OARs and NTCPs of the ten IMRT plans for the second NPC patient using units of gray (Gy).

NTCP Optic NTCP Left optic NTCP Right optic NTCP Left temporal NTCP Right temporal NTCP
Plan no. Brainstem (%) Chiasm (%) nerve (%) nerve (%) lobe (%) lobe (%)

1 42.42 0.59 42.96 0.69 48.03 2.58 51.19 5.39 37.88 0.40 38.30 0.46
2 40.83 0.38 41.07 0.40 46.66 1.84 50.36 4.47 35.60 0.19 36.01 0.22
3 40.78 0.37 40.97 0.39 46.55 1.79 49.94 4.06 35.26 0.17 35.80 0.20
4 40.88 0.38 40.74 0.37 46.57 1.80 49.86 3.98 34.94 0.15 35.57 0.19
5 40.93 0.39 40.39 0.33 46.54 1.78 50.02 4.13 34.78 0.14 35.46 0.18
6 40.21 0.31 40.06 0.30 45.59 1.40 49.35 3.54 34.76 0.14 35.28 0.17
7 40.19 0.31 40.01 0.30 46.06 1.58 49.11 3.34 34.09 0.11 35.01 0.16
8 40.11 0.30 39.89 0.28 45.95 1.53 48.94 3.21 33.89 0.11 34.89 0.15
9 40.09 0.30 39.75 0.27 45.93 1.53 48.84 3.14 33.90 0.11 34.79 0.14
10 40.07 0.30 39.61 0.26 45.92 1.52 48.74 3.06 33.91 0.11 34.68 0.14
μ 40.65 0.36 40.54 0.36 46.38 1.73 49.63 3.83 34.90 0.16 35.58 0.20
σ 0.72 0.09 0.99 0.13 0.68 0.33 0.78 0.73 1.21 0.09 1.05 0.09

Note. μ = mean, σ = standard deviation.

TABLE X. Summary of EUDs for the PTVs and TCPs of the ten IMRT plans for the third NPC patient using
units of gray (Gy).

EUD (in Gy)

Plan no. PTVnp70 PTVn70 PTVnp66 PTVn66 PTVnp60 PTVn60 TCP (PTV70) CIDD

1 72.14 72.23 68.14 69.02 66.05 66.29 89.53% 0.23
2 71.31 71.62 67.47 68.42 65.14 65.48 88.19% 0.26
3 70.31 71.30 66.72 67.78 64.33 64.71 86.78% 0.42
4 70.06 70.27 66.68 67.72 64.17 64.38 85.35% 0.56
5 69.86 69.03 66.22 67.14 63.86 64.10 83.48% 0.70
6 70.10 68.49 66.00 66.83 63.51 63.63 82.99% 0.77
7 69.97 68.49 65.93 66.69 63.53 63.47 82.83% 0.86
8 69.09 68.83 65.77 66.68 63.23 63.43 82.17% 0.94
9 69.69 68.51 65.61 66.45 63.26 63.15 82.50% 1.01
10 69.80 67.94 65.49 66.39 63.09 62.95 81.74% 1.06

μ 70.27 69.67 66.40 67.31 64.02 64.16 84.56% 0.62
σ 0.87 1.55 0.86 0.89 0.95 1.08 2.75% 0.30

Note. μ = mean, σ = standard deviation.

TABLE XI. Summary of EUDs for OARs and NTCPs of the ten IMRT plans for the third NPC patient using units of gray (Gy).

NTCP Optic NTCP Left optic NTCP Right optic NTCP Left temporal NTCP Right temporal NTCP
Plan no. Brainstem (%) Chiasm (%) nerve (%) nerve (%) lobe (%) lobe (%)

1 44.91 1.17 49.67 3.81 50.70 4.83 52.18 6.69 42.98 1.79 39.08 0.58
2 44.41 1.02 49.86 3.99 50.12 4.23 51.31 5.53 42.12 1.41 38.42 0.47
3 44.46 1.04 49.71 3.85 49.95 4.07 51.28 5.49 41.61 1.22 38.63 0.50
4 44 .67 1.10 49.92 4.04 50.33 4.44 51.12 5.30 41.71 1.26 37.95 0.41
5 44.68 1.10 49.84 3.96 50.12 4.23 50.67 4.79 41.55 1.20 37.80 0.39
6 45.01 1.20 49.32 3.51 50.04 4.16 50.26 4.36 41.40 1.15 37.73 0.38
7 45.15 1.25 49.33 3.52 50.12 4.23 50.38 4.49 41.51 1.19 37.76 0.38
8 45.22 1.27 49.19 3.41 49.84 3.97 50.18 4.29 41.27 1.11 37.73 0.38
9 43.81 0.87 49.56 3.72 49.57 3.73 50.25 4.36 40.97 1.02 37.31 0.33
10 44.20 0.97 49.08 3.32 49.59 3.74 50.07 4.18 40.91 1.00 37.31 0.33
μ 44.65 1.10 49.55 3.71 50.04 4.16 50.77 4.95 41.60 1.23 37.97 0.42
σ 0.44 0.13 0.30 0.26 0.34 0.32 0.68 0.80 0.60 0.23 0.57 0.08

Note. μ = mean, σ = standard deviation.
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FIG. 11. Graph showing the trend of different physical indices among ten IMRT plans for the first NPC patient.

volume and target volume, planners may unwittingly accept
plans with false perfect score of RTOG conformity index.

By definition, HTCI of less than 0.6 is objectively consid-
ered as nonconformal.10 Higher HTCI corresponds to better
normal tissue sparing. As illustrated in Fig. 11, the HTCI val-
ues of larger than 0.7 are typically attainable for all IMRT
plans. Apply the HTCI alone could lead to the conclusion that
plan 10 was the most superior. However, both plans 9 and 10
with grade 1 geographic miss are generally undesirable. The
major drawbacks of HTCI are that it takes into account exclu-
sively the irradiation of healthy tissues and does not address
the issue of target dose conformity. Each IMRT plan should
have two primary concerns, namely, target coverage and nor-
mal tissue sparing. If treatment toxicity is a serious concern,
substantial reduction of dose to OARs may take precedence
over target coverage. The final treatment plan decision should
always be individualized based not only on comorbidities but
also on the use of chemotherapy and other clinical considera-
tions. Obviously, an oversimplification would be made when
ranking is solely based on the HTCI.

CN postulated by Van’t Riet allowed quantitative evalua-
tion of the tradeoffs between target coverage and critical or-
gan sparing.11 As either the target underdosage or normal tis-
sue overdosage occurs, the CN value decreases to avoid false
positive results. However, no acceptable limit for CN is de-
fined. For the first NPC patient, the CN values are relatively
constant for the first five plans (Fig. 11). The shortcoming of

this index is that multiple plans with vastly differing clinical
outcomes could result in the same CN value. Deviation from
unity could be attributed to either insufficient target coverage
or inadequate organ sparing.

The target coverage factor by Leung et al. evaluated the
compliance with treatment protocol by taking all PTV check
point doses into account.8 With a similar pattern to the CN,
comparatively subtle variation in target coverage factor is ob-
served among the ten IMRT plans (Fig. 11). It is obvious that
the target coverage factor fails to account properly for the rel-
ative position of cold spots with respect to the GTV. In other
words, large target coverage factor is no guarantee for a good
plan. Clearly, vigilance is required when evaluating treatment
plans based on one specific index.

Feuvret et al. emphasized that a single index may not be
a good indicator as it might lead to omission of essential
information.16 Both target coverage factor and EUD of PTVs
are criticized for their insensitivity to the spatial location of
the cold spots. Their averaging effect could lead to an un-
derestimation of the risk of locoregional tumor relapse due
to GTV underdosage. In this study, the CIDD scoring system
containing four discrete factors was specially designed to ad-
dress these issues. By taking the spatial dose distribution into
account, the relative importance of each cold spot within the
PTVs could be distinguished using four discrete factors. CIDD

could provide more comprehensive information on overall
target coverage. With the greatest coefficient of variance in
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comparison with other existing indices, the CIDD scoring sys-
tem could improve the plan quality discerning power and help
planners select a plan with a preferable spatial dose distribu-
tion.

Still, a shortcoming of the CIDD index is that it does not
quantify the undesirable dose delivered to the normal tissue.
As the target coverage increase, a small amount of surround-
ing tissue may be inevitably irradiated leading to potential
complications. However, a plan could receive the perfect CIDD

score of 0 regardless of OARs overdose. Since the CIDD index
only focus on target coverage, HTCI takes into account exclu-
sively the irradiation of normal tissue and CN comprises both
measures, they cannot be validly compared. To sum up, the
CIDD index should not stand alone without being evaluated in
conjunction with HTCI which provides a measure of normal
tissue overdose. It is expected that the plan quality and consis-
tency could be guaranteed by the use of both CIDD and HTCI
for plan evaluation. Nevertheless, clinical judgment and expe-
rience remain fundamental in making a final decision for the
best interest of the patient.

Some limitations are noted in this study. First, the CIDD

index only provided a measure of dosimetric target coverage
without assessing normal tissue sparing. In the future, the in-
dex could be improved by accounting for the dose-volume
effects of OARs. Similar voxel-based spatial analysis could
be performed for individual OAR. However, it is not clear
how best to penalize the plan if specific OAR dose-volume
constraints were violated. Second, the CIDD scoring system
was only evaluated based on the dosimetric data but not on
the clinical outcomes such as follow-up data. It is worth do-
ing further research by exploring the correlation between the
CIDD scoring system and the treatment outcome. Third, Gaus-
sian function was applied to penalize the underdose regions
similar to that described in Miften’s study.9 Nevertheless, em-
pirical evidence in this regard was rather scanty. Further radio-
biological research is expected to provide a closer look at the
effect of cold spots on tumor control. Fourth, it was assumed
that equal factor has relatively equal clinical importance and
thus equal weights were assigned to the four discrete factors,
namely, GTV coverage factor, GTV underdose factor, PTV
minus GTV coverage factor, and PTV minus GTV underdose
and distance factor. Further refinement of the CIDD model
would be necessary. Differential weights could be assigned
to each factor according to their clinical importance. For ex-
ample, higher weighting factor for GTV coverage factor and
GTV underdose factor could be applied in the CIDD calcula-
tion. Fifth, the distance penalty function was calculated two-
dimensionally based on the data from each CT slice. How-
ever, the use of 3D distance from GTV surface could provide
a better means to characterize the spatial relationship between
GTV and PTV. Further study on the 3D calculation should be
carried out. Sixth, the CIDD scoring system might not be the
best representation of the plan quality since it did not account
for the biological impact of the dose deficit. After accumulat-
ing sufficient reliable radiobiological data, it might be worth
designing a hybrid index that could combine the CIDD scoring
system with these biological factors for comprehensive plan
evaluation. Lastly, the sample size was relatively small in this

study. As a result, the samples might not be a good represen-
tation of the larger population making it harder to draw an
unbiased conclusion. Future work should increase the sample
size and, consequently, increase the statistical power.

V. CONCLUSION

The CIDD for evaluation of IMRT plans for head-and-neck
cancers was successfully developed. By taking individual tar-
get volume and shape variability into account, the spatial
information related to the locations of cold spot within the
PTV was incorporated into the CIDD model. The CIDD scor-
ing system is capable of ranking treatment plans with sim-
ilar DVHs but different distribution of underdosed regions.
Compared with other existing quantitative indices, the tailor-
made CIDD scoring system results in the largest coefficient
of variance, suggesting that its power to differentiate rival
plans is the greatest. The use of CIDD could provide an ef-
fective means of benchmarking performance, reducing treat-
ment plan variability and advancing the quality of current
IMRT planning. As an effective quality control measure, the
CIDD could be adopted in the evaluation of plans other than
IMRT.
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Background
As there are urgent demands to bring medical imaging
research and clinical service together more closely to
solve the problems related to disease discover, medical
research, diagnosis and education, a new imaging and
informatics infrastructure and paradigm need to be
developed to promote multiple disciplines of medical
researchers, clinical physicians and biomedical engineers
working together in a secured, efficient, and transparent
cooperative environment [1]. In this presentation, we
outline our preliminary work of building Biomedical
Imaging and Informatics (BMII)“e-Science” platform to
support collaborative research among multi-disciplines
to enable translational research in multiple affiliated
hospitals and academic institutions of Shanghai Jiaotong
University (SJTU), and Chinese Academy of Sciences
(CAS).

Materials and methods
SJTU has 12 large affiliated hospitals located in multiple
districts of Shanghai city with a lot of medical and biome-
dical imaging modalities (e.g., Clinical CT/MR, Micro-
PET/CT) being decentralized used in these hospitals and
research centers. Also, there is a powerful Shanghai Syn-
chronic Radiation Facility (SSRF) developed by CAS to
support large scale of biomedical imaging researches from
molecular level to organ parts [2]. So, we designed and
developed the e-Science platform to promote the multi-
disciplines working together cross these hospitals and aca-
demic institutions, and adopted the Service-Oriented
Architecture and grid-based concept to build it. In order

to enable efficient collaborating, we designed the work and
data flows with Principal Investigator (PI)-oriented infor-
mation model, and developed a documents/data sharing
mechanism based on IHE XDS/XDS-I profiles and the
access control standard of XACML in this platform.

Results
We implemented the BMII e-Science platform crossing
Shanghai Ruijin Hospital, two campuses of SJTU, SSRS
and Shanghai Institute of Technical Physics, CAS. The
data communications of the e-Science platform from site
to site are fast enough as they are going through the China
Education Network in Shanghai with backbone of a few of
GB/sec. There were two kinds of collaborations in the e-
Science platform, one is to perform real-time interactively
or synchronously biomedical imaging experiment among
onsite users and remote users, and the other is to share
the image data or documents among collaborators.

Conclusions
The developed BMII e-Science platform can promote
multiple disciplines of medical researchers, clinical physi-
cians and biomedical engineers working together in a
secured, efficient, and transparent cooperative network-
ing environment. Now, the researches, clinical physicians
and students can use this e-Science platform to perform
biomedical imaging experiments and to do collaborative
researching cross multiple hospitals and academic
institutions.
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Nearly in all clinical medicine specialties, medical images
and other multi-media related data are generated and
need to be distributed to points of decision. Recently, the
electronic patient record (ePR) with image distribution
system is gradually taking over as the method for distribu-
tion of multi-media content to the clinical environment.
New challenges are accompanying its spread into other
clinical fields. Particularly important are the modeling and
analysis of workflow of the affected clinical disciplines as
well as interface and integration issues with the image-
connected electronic patient record. Although the aware-
ness of these issues is increasing rapidly, equally important
is the recognition in the professional community that
more rigorous scientific methods are needed to handle the
clinical system development and deployment. Further-
more, medical imaging informatics is not only based on
many existing concepts, theories, terminology, and metho-
dology derived from health informatics, but also deals with
different types of data including multi-dimensional medi-
cal images, graphics, waveforms, graphics and text which
are focused on the cellular, tissue, and organ systems.
Accordingly, medical imaging informatics requires new
concepts and new tool sets to handle these types of data.
This presentation aims to first introduce the basic con-
cepts of Medical Imaging Informatics infrastructure in
both research and clinical environments including PACS,
RIS, HIS, ePR, standards, databases, and system integra-
tion. This will be followed with discussions of new frontier
areas of research in medical imaging informatics with
some examples of clinical applications in Surgery, Neurol-
ogy, Oncology, and Neuro-Rehabilitation.
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