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Abstract

Aclinical trial is defined as a study conducted on a group of patients to determine the effect of
a treatment. Assignment of patientsto clinical trialsis a data and labor intensive task. Usually,
medical personnel manually check the eligibility of a patient for a clinical trial based on the
patient’s medical history and current medical condition. According to studies, most clinical
trials are under-enrolled which negatively affects evaluation of their efficacy. We have
developed web-based agents that can test the digibility of patients for many clinical trials at
once. An agent that uses analytical methods to reorder questions for optimizing cost and data
entry has been developed. This paper introduces a probabilistic version of the system. Agents
with analytical and probabilistic heuristics were then tested on retrospective data of relatively
current breast cancer patients at the Moffitt Cancer Center. It is shown that less data entry is
required when probabilistic agents are used to reorder questions.

1. Introduction

A clinical trial is an experimental research study that evaluates a specific new treatment for a
specific population of patients. The trial protocol is like a rulebook which clearly identifies the
criteriafor a patient to be eligible for the trial. The criteria are based on the medical history and
the present medical condition of the patient. Some criteria are general information such as the
age and sex of the patient while others requires specific tests be doneto determine if the patient
matches them. As each dligibility protocol may have many criteria, it is alabor intensive task to
check the digibility of a patient for many clinical trials at once. Studies have found that
clinicians miss up to 60% of eligible patients and many clinical trials fail due to under-
recruiting [1, 2].

Several researchers have used artificial intelligence techniques to address this problem. A
system called AIDS [3] was developed to assign patients to HIV clinical trials using Bayesian
belief networks. A rule based system called EON [4] was also developed for selecting
participants for AIDS clinical trials. ONCODOC [5, 6] was developed for accrual of patientsin
breast cancer clinical trials using decision trees. Papaconstantinou and colleagues [7] developed

Thiswork has been partially supported by the Breast Cancer Research Program of the U.S. Army Medical Research
and Materiel Command under contract DAMD17-00-1-0244.



a similar system for assignment of patients to breast cancer clinical trials using Bayesian
networks.

Most probabilistic patient assignment systems used Bayesian networks. Thus, they had
problems inherent to Bayesian networks like complex structures, difficulty in addition of new
trials and slow execution time. When decision trees were used, the system could check the
eligibility of the patient for only oneclinical trial at atime. This would make it time inefficient
to check the eligibility of a patient for many clinical trials. Thus the authors first developed an
analytical rule based system [8, 9]. The system was user friendly, new clinical trials could
easily be added into the system and when tested on retrospective data of relatively current
patients at the Moffitt Cancer Center in Tampa, FL, it resulted in identification of 160
assignments of patients to clinical trials potentially missed by medical personnel [8, 9]. The
system had some drawbacks inherent to rule based systems. The most prominent one was the
inability of the system to estimate the probability of a patient being eligible for a given clinical
trial in the absence of complete information. Consider a clinical trial protocol which has 20
digibility rules, and 19 of them are met, which seemingly makes it likely for a patient to be
digible. A rule based system will still not be able to predict anything about the probability of
the patient’s eligibility while a probabilistic system can estimate the eligibility of the patient
using its prior probabilities. To attempt to exploit the advantages of the probabilistic systems
and to avoid its drawbacks, we used the probabilistic methods discussed in this paper.

2. System design

Thesystemis divided into 1.) A knowledge entry system and 2.) A patient assignment agent.
Nikiforou [10] implemented the knowledge entry system. It is a web-based system that has a
user-friendly interface for encoding the clinical trials into a form that is understood by the
agents. Fletcher, Kokku [8] and colleagues have built the initial agent for matching of patients
to clinical trials. We added the probabilistic agents to the system and conducted experiments to
compare the data entry needed by each system to decide the dligibility of a patient for a set of
clinical trials. Figure 1 represents the basic structure of the system.
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Figure 1. System architecture

As shown in Figure 1, the user interacts with the system through the web-based interface. A
user can access old patient data, add new patients and enter data for existing patients. The
system interacts with the user by presenting a list of questions. If the user has the information
required to answer the questions, she does so, or else additional test needs to be done on the
patient to obtain the information needed to answer the questions. Each time a question is
answered, new information is obtained about the patient and her eligibility is rechecked for the



protocols selected. At any time the patient is either eigible, ineligible or more information is
required to decide on dligibility for a particular protocol. The system augments its probabilistic
knowledge base by monitoring the information entered for the current patients and its effect on
the digibility of the patient. After checking eligibility, if the patient has protocols for which
digibility is not yet decided upon, the reordering agents reorder the relevant questions using
analytical and probabilistic agents. At all times, the system has an explanation subsystem which
can provide an explanation for the system’'s decisions. More protocols can be added to the
system using the knowledge entry system.

3. Probabilistic reor dering agent

As previously discussed, estimation of eligibility probability becomes important in certain
cases, especially when you have many trials. The Moffitt Cancer Center at USF has about 15
active breast cancer trials at once. It is time-consuming and expensive to test the eligibility of
patients for al trials. Thus rather than testing the patients for all trials, we can just test her
eligibility for trials which show high initial eigibility probability. We can also use probabilistic
knowledge accumulated over time by the system to reorder the questions.

First we discuss using the probabilistic knowledge base to reorder questions to reduce data
entry. The basic ideaisto try to classify a patient as ineligible as soon as possible. If a patient is
ingligible, the information that is most likely to determine her ineligible should be obtained
first. This would optimize the data entry needed to decide upon a patient’s digibility. The
system gathers this probabilistic knowledge over time. For each question in the system, it keeps
alog of how many times a question is asked and how many times a patient is ruled out for a
particular clinical trial after that question was answered. This gives us the probability of that
question, when asked, ruling out a patient for a particular trial. So the approach would be to ask
the question which has the highest probability of ruling out a patient first. To test the
effectiveness of this method, we did 10-fold cross-validation experiments on retrospective
patient data from Moffitt Cancer Center. The details of the experiment are presented in the
experiments section and the results are presented in Table 1 also in the experiments section.

These probabilities are also used to estimate the eligibility probability of a patient for a
clinical trial. In this case we make an important assumption that all questions have independent
probabilities. Although this assumption is not entirely true, it is practical and close enough.
Most questions are either completely dependent on each other or are not at all dependent. For
example if a patient has no positive lymph nodes, which means that the cancer stage is either O
or 1. Thus the two questions “Does the patient have positive lymph nodes?’ and “What is the
cancer stage?’ are dependent on each other. We can take care of such situations by an
implication sub-system. We can add implication rules to the system such as “If cancer stage O
or 1 thenit impliesthat patient has no positive lymph nodes’. When the system has information
that the cancer stage is either 0 or 1, the implication subsystem automatically generates
information that no lymph nodes are positive and the system does not ask for that information.
Thus, al such completely dependent questions are taken care of by the implication subsystem.
There are very few questions which have a partial implication, like “If a patient is ER positive
then there is an 80% chance of pasitive lymph nodes’. We ignore such conditional probabilities
among questions and treat all questions as either completely dependent or independent.

To compute digibility probabilities, Bayes rule appeared to fit well. We can think of the
patient enrolment procedure as a classification problem. The classification classes will be
“Eligible” or “Indigible”’. The attributes will be the questions and the values for the question
are “Favorable for digibility” or “Unfavorable for eigibility” for each clinical trial. We have a



probability for each question to be favorable and unfavorable for each clinical trial. Thus we
have a classification problem where we have probabilities for the occurrence of each attribute
value. To use Bayes rule we also needed probabilities of the occurrence of each classification
type, which is “Eligible” or “Ineligible’ in our case. The system recorded how many patients
were tested for each clinical trial and how many patients were decided to be digible and
indigible. Thus, we could now use Bayes rule to calculate the digibility probability of a patient
with partial information.

Let us assume that we have a clinical trial T with three questions Q; Q. and Qs. Out of 100
patients that were tested for the clinical trial, we found 40 to be eigible and 60 to beineligible.
Question Q; was asked 90 times and it disqualified patients 10 times, Q, was asked 80 times
and disqualified patients 5 times, and Q; was asked 70 times and disqualified patients 15 times.

Thus P(Tg), the probability of patient being eligible for protocol T is % P(Qy.), the

probability that question Q; is answered favorably for clinical trial T is % Similarly P(Q,) =

75 55
— and P\ =—.
80 (Q3) 70

When we don’t have answers for any questions of clinical trial T, the probability of a given

patient being digible for it is%. Now assume that we have answers to questions Q; and Q;

and the answers are favorable for eligibility. Thus the new €ligibility probability will be
P(Te| Q1, Qo). According to Bayesrule:
_P(Te) P(Qy, Q5 | Te)
P(T, , =
(Te |Q1, Q2) PO, O,)

P(Q1, Q2| Tg) will be the probability that questions Q,, Q. are favorable for digibility given
that the patient is eligible for protocol T. Now, if a patient is eligible for a clinical trial, all the
questions must be answered favorably for digibility. Thus, P(Q., Q2| Tg) = 1. Also we have
assumed that all questions are independent and thus

P(Qu, Q) = P(Qy) P(Q)
Substituting all the values, we get the new equation:

__ P(Te)
P(T.]Q,,Q,)=——E&
(Te 1Q1, Q>) P(Q,) P(O,)

Substituting the values of P(Tg), P(Q,) and P(Q,) we get the value 0.48. Thus after answering
two questions Q; and Q,, the digibility probability of a patient for clinical trial T is 48%. As
more questions answered fit the eigibility criteria, the eigibility probability increases. When a
question’s answer does not fit the digibility profile, the patient becomes ineligible and the
eligibility probability becomes zero. When the patient becomes eligible the digibility
probability is 1. The digibility probability varies between O and 1 when the eligibility of a
patient is undecided.

The generic equations for eigibility probability for a clinical trial when we have favorable
answers for eigibility for n questions will be

_ P(Te)
P(TE |Q1, Q2 ......... Qn) - P(Q:L) P(Q2) _____ P(Qn)

4. Probabilistic experiments




To test the effectiveness of the technique that use probabilistic knowledge base in reordering
questions we did a ten-fold cross validation experiments on retrospective data of 90 relatively
current patient at Moffitt Cancer Center at USF. We randomly selected 90% of the patients and
their data was used to generate a probabilistic knowledge base for the system. The remaining
10% of the patients were tested using the system which used this probabilistic knowledge base
to reorder the questions. This process was repeated ten times with each 10% of the testing
patients being unique. Six clinical trials were used in the experiments. These six clinical trials
were selected out of about 15 possible clinical trials, as these trials were in “ open” status for a
long enough duration during the experiments to have an adequate number of patients that were
tested. In the probabilistic experiments it was necessary to train the system on an adequate
number of patients before it can be used to reorder questions for other patients. We selected 90
patients at random from our list of patients and used their data. As mentioned above, a ten-fold
cross validation was carried out, so that the system was trained on 81 patients and the remaining
9 patients were tested using the system. Table 1(a) shows the results of each fold of the cross
validation.

Table 1(a): Results using probabilistic Table 1(b): Results using eligibility
system to reorder questions probability to reorder questions
Ten-fold cross validation Ten-fold cross validation
Average number of questions Average number of questions
Test System | System System | System
Num A B Diff Diff % Test Num A B Diff Diff %
1 16.67 | 20.75 4.08 19.68 1 20.67 28.67 8.00 27.91
2 1517 | 17.00 183 10.78 2 29.00 34.33 5.33 1553
3 15.83 17.58 175 9.95 3 31.67 2433 | -733 | -30.14
4 1575 | 1825 2.50 13.70 4 26.33 33.00 | 6.67 20.20
5 13.83 16.67 2.83 17.00 5 22.33 25.00 2.67 10.67
6 1558 | 17.75 217 1221 6 18.67 3167 | 13.00 | 41.05
7 1583 | 1825 242 13.24 7 25.67 3300 | 7.33 22.22
8 15.50 16.83 1.33 7.92 8 22.67 36.67 | 14.00 38.18
9 1650 | 18.50 2.00 1081 9 19.33 22.67 333 14.71
10 15.83 19.17 3.33 17.39 10 17.33 24.33 7.00 28.77
Average | 1565 | 18.08 2.43 1342 Average | 23.37 29.37 | 6.00 20.43

System A is the probabilistic system and system B is the analytical system. As seenin Table
1 the probabilistic system reduces data entry by 13.42% on average compared to the analytical
system. The average number of questions asked by the system is reduced by 2.43. One
important observation is that the probabilistic system always asks fewer questions than the
analytical system for all the patients tested. Using the t-test, the probabilistic system is
statistically significantly better at the 99.99% confidence interval in the number of questions
asked.

The eligibility probability of the patients was derived as explained before. An important use
of the eligibility probability can beto try to quickly assign a patient to a clinical trial. This can
be achieved by generating an initial eigibility probability for all the available trials for that
patient. We then check the eligibility of the patient for the trial which has the highest eligibility
probability. After every piece of information is obtained, the probabilities are regenerated and
the system asks for more information about the trial with the highest eligibility probability until
the patient is found eigible for atrial or is determined indligible for all the trials. The system
stops seeking further information after the patient is found eligible for a clinical trial as the
purpose of these experiments is to find a single matching protocol with least the number of
questions being answered. To test the effectiveness of this approach we did a ten-fold cross
validation on the available patients. We used the same six clinical trials. We compare the results



with the analytical system in which we stop answering questions when it finds a clinical trial
for which the patient is eligible. Results are shown in Table 1(b).

The results show that the Bayes method of computing eigibility probability and using it in
reordering the questions reduces the data entry needed by 20.43 % on an average. Also, the
probabilities generated can be used to give feedback to the user. Using the t-test, the
probabilistic system is statistically significantly better at minimizing questions at the 95%
confidence interval.

5. Conclusions

Recruiting patients to clinical trials is very time and labor intensive work. Many clinical
trials can't be fully evaluated due to under recruitment. Reducing the data entry needed to
determine eligibility of a patient can result in a patient being tested for more clinical trials in
less time. Thus the system can play a critical part in the success of a clinical trial. Also the web-
based interface of the system makes it possible to have a central system which can be accessed
by clinical personnel from any medical institute around the country. All large research centers
have clinical trials of their own and it is very hard to exchange the trial information between
them as the same trials can be interpreted in a different way by different clinicians. Having an
eectronic version of the clinical trials encoded using our knowledge entry system can make
sharing of clinical trials between different hospitals very convenient and effective. Thisin turn
can increase accrual for clinical trials as the pool of potential participants increases. The system
also effectively reorders the tests and reduces the cost incurred in determining eligibility. Data
entry was successfully optimized by as much as 20% using the probabilistic reordering agent.
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