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Summary 
Objectives: To design, implement and eval -
uate the functionality and usability of a 
 methodology and a tool for interactive ex -
ploration of time and value associations 
among multiple-patient longitudinal data and 
among meaningful concepts derivable from 
these data. 
Methods: We developed a new, user-driven, 
interactive knowledge-based visualization 
technique, called Temporal Association 
Charts (TACs). TACs support the investi-
gation of  temporal and statistical associ-
ations within multiple patient records 
among both con cepts and the temporal ab-
stractions derived from them. The TAC meth-
odology was implemented as part of an in-
teractive system, called VISITORS, which sup-
ports intelligent  visualization and explora-
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tion of longitudinal patient data. The TAC 
module was evaluated for functionality and 
usability by a group of ten users, five clini-
cians and five medical informaticians. Users 
were asked to answer ten questions using 
the VISITORS system, five of which required 
the use of TACs.  
Results: Both types of users were able to 
answer the questions in reasonably short 
periods of time (a mean of 2.5 ± 0.27 min-
utes) and with high accuracy (95.3 ± 4.5 on a 
0–100 scale), without a significant differ-
ence between the two groups. All five ques-
tions requiring the use of TACs were answer-
ed with similar response times and accuracy 
levels. Similar accuracy scores were achieved 
for questions requiring the use of TACs and 
for questions requiring the use only of gen-
eral  exploration operators. However, re-
sponse times when using TACs were slightly 
longer.  
Conclusions: TACs are functional and usable. 
Their use results in a uniform performance 
level, regardless of the type of clinical ques-
tion or user group involved. 

1. Introduction: Interactive 
Exploration and Mining  
of Time-oriented Data  
of Multiple Patients 
1.1 Exploration of Multiple 
 Patient Data  

Analysis of large patient population data, 
such as clinical trial results, quality assess-
ments of clinical management processes, and 
the search for the temporal patterns requires a 
tool that provides aggregate views of clinically 
meaningful interpretations of the longitudi-
nal data of multiple patients. 

The current visual data mining methods 
[1, 2] and visual exploration systems for 
multiple patient data, particularly in medi-
cine typically, focus only on raw patient data, 
either via the design of visualization tech-
niques for data exploration [3, 4] or through 
visual mining [5]. The user, however, requires 
additional cognitive and computational 
mechanisms to derive meaningful conclu -
sions from the results of the analysis. Aigner 
et al. [6] overview several visualizations of 
time-oriented data and emphasize the im-
portance of the integration of visual, analyti-
cal and user-centered methods. 

To derive meaningful patterns and inter-
pretations, called temporal abstractions, from 
the raw time-oriented patient data, we have 
been using the knowledge-based temporal-
abstraction (KBTA) method [7]. We separate 
the concepts in the domain ontology into raw 
concepts (e.g., hemoglobin value, or age), and 
abstract concepts (temporal abstractions) (e.g., 
levels of anemia), which are derivable from 
raw concepts. Through a domain-specific 
temporal-abstraction knowledge base ac-
quired from a domain expert by using appro-
priate tools [8, 9], this method derives inter-
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val-based temporal abstractions, such as the 
pattern “a period of more than two months of 
grade I or higher bone-marrow toxicity, fol-
lowed within three months by a decrease in 
liver functions”, as this pattern is defined in 
the context of a particular oncology therapy 
protocol. The temporal abstractions com-
puted by the KBTA method for an individual 
patient or for a small number of patients 
(typically less than ten patients) can be effi-
ciently visualized through an ontology-
driven interface, called KNAVE-II [10], which 
has been shown to be functional and usable 
[11]. 

To completely support the exploration of 
multiple, time-oriented patients’ data (in-
cluding both raw data and derivable temporal 
abstractions), we designed and developed an 

enhanced extension of the KNAVE-II system, 
a new system called VISualizatIon of Time-
Oriented RecordS (VISITORS), which inte-
grates knowledge-based temporal reasoning 
mechanisms for deriving temporal patterns 
and abstractions with information visualiza-
tion methods for the display, exploration, and 
analysis of associations among multiple 
 patients’ records. Unique to the VISITORS 
system is its temporal focus, supported by the 
VISITORS time-oriented exploration capa-
bilities, which we refer to as general explora-
tion operators: unlike the KNAVE-II system, 
data of one or of multiple patients can be 
both aggregated at, and explored within, vari-
ous temporal granularities, such as hour, day, 
and month (or other specific time periods). 
The VISITORS system supports both a calen-
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daric (absolute) timeline and a timeline 
relative to special events (e.g., the months 
 following a bone-marrow transplantation 
event) (�Fig. 1). 

Moreover and quite differently, the VISI-
TORS system enables users to interactively 
specify temporal and knowledge-based con-
straints, through a graphical query-building 
module, which define the patient subsets 
 selected for exploration (e.g., the lists of pa-
tients displayed in panel A of Fig. 1). Under-
lying the query-building module is the on -
tology-based temporal-aggregation (OBTAIN) 
query language. The query-building interface 
enables three types of queries supported by 
the OBTAIN query language: Select Patients 
(Who?), Select Time Intervals (When?), and 
Get Patient Data (What?). Each query re -

Fig. 1 The VISITORS main interface, in this case, in an oncology domain. 
The two top panels (denoted by A) display lists of patients and lists of time in-
tervals, returned as answers to previous queries. The graphs (denoted by B) 
show the data, for a group of 58 patients, of the white blood cell count (WBC) 
raw concept (graph 1) and of the monthly distribution of the abstract concept 

Platelet-state values during 1995 (graph 2). Graph 3 shows the monthly dis-
tribution of the Hemoglobin-state abstract concept values during the first 
year (relative time line) following bone-marrow transplantation. The left 
panel (denoted by C) of the interface includes a browser to the knowledge-
base in the oncology domain. 
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trieves either a list of patients, a list of relevant 
time intervals, or a list of time-oriented pa-
tient data sets, respectively, combinations of 
which the user can manipulate according to 
which patients, time periods and data values 
are to be analyzed further. For example, a 
typical Select Patients query would be “Find 
patients who had, during the first month 
 following a bone marrow transplantation 
(BMT), at least one episode of bone-marrow 
toxicity (an abstraction defined by the clinical 
protocol) of grade I or higher, which lasted at 
least two days”; a typical Select Time Intervals 
query would be “Find periods (relative to the 
BMT event) during which the WBC-state 
value was less than ‘normal  ’ for at least 50% of 
the patients”. 

A full exposition of the OBTAIN language 
and query building module is outside the 
scope of this study and can be found else-
where [12]. Similarly, we refer to Klimov and 
Shahar [13] for details on the semantics of the 
VISITORS interface and of its general data 
exploration operators. 

1.2 Exploration of Potentially 
Meaningful Temporal Associations 

One of the more interesting tasks in the 
analysis of multiple patient data is an investi-
gation of a new, potentially meaningful inter-
relation, especially a temporal interrelation, 
which we refer to as a temporal-association 
task, within a set of raw patient data and ab-
stract concepts. 

An example of a system in the medical 
 domain for visualizing associations among 
multiple patients is The Cube [14]. The Cube 
enables interactive recognition of patient pat-
terns through a 3D display of a set of 2D par-
allel diagrams (each using a horizontal time 
axis and a vertical value axis), where each 
 diagram represents a patient attribute (e.g., 
allergies). Thus, similar patients might have 
parallel lines connecting the different 2D 
 diagrams. However, The Cube works only 
with raw data and does not automatically 
 aggregate similar patients into groups.  

To fully support the temporal-association 
task, we developed the Temporal Association 
Chart (TAC) module (Sections 2 and 3), 
which we designed and implemented within 
the VISITORS system. We demonstrate our 
ideas using examples from the oncology do-

main (Section 4). To evaluate the VISITORS 
system, and in particular the TAC module, 
five clinicians and five medical informati-
cians answered ten clinical questions, five of 
which required the use of TACs (Section 5). 

2. Aggregation of Patients’ 
Time-oriented Data and of 
their Abstractions 

To aggregate patients’ data at arbitrary tem-
poral granularities or during specific time 
periods, we defined the concept of a delegate 
function which computes a delegate value: 
Given a single patient’s time-oriented data for 
a specific concept (raw or abstract) over a par-
ticular time interval (including a predefined 
granularity level), we calculate the delegate 
value of the patient’s data at each time granule 
(or at some other particular time period) 
using a function specific to the concept, the 
context, and the temporal granularity. Such 
calculation is performed for each patient in 
the group. More formally, the input data has 
the following data structure: 
 
input_data ≡ <Patientn  , Conceptc  , Tsn,m  , Ten,m  , 
valuec,n,m >*, 1 =  n =  N, 1 =  m =  Mn  , 
 
where N is the number of patients. Mn is the 
number of values of Conceptc for Patientn  ; 
Tsn,m and Ten,m are the start and end times of 
the m-th observation (or temporal abstrac-
tion) for Patientn  , with value valuec,n,m  . 

The delegate value for Patientn of Conceptc 
within a specific aggregation time period 
[Tsagg  , Teagg] is computed by the concept-
 specific delegate function DFconcept from the 
input_data as follows: 
 
delegate_valuec,n,Tsagg,Teagg =  
DF [(Tsn,1  , Ten,1  , valuec,n,1),…(Tsn,i  , Ten,i  ,  
valuec,n,i), … (Tsn,K  , Ten,K  , valuec,n,K)],  
Tsagg ≤  Tsn,i  , Ten,i ≤  Teagg  ,  
1 ≤    i ≤  K = Kc,n  ,Tsagg  ,Teagg 

 
where K = Kc,n,Tsagg,Teagg is number of instances 
of Conceptc for Patientn measured within the 
[Tsagg, Teagg] period. That is, K varies per each 
concept, patient, and time period. 

The delegate function of each concept is 
defined in the knowledge base, or is chosen at 
runtime by the user from several predefined 

default functions. For example, assume that 
the results of a patient’s three blood glucose 
(BGL) observations on January 1 revealed the 
following values: 92 g/dl at 5 a.m., 140 g/dl at 
11 a.m. and 182 g/dl at 8 p.m. If maximum is 
the default daily delegate function for BGL, 
then the patient had a daily delegate value of 
182 g/dl for BGL. However, the user can 
choose another suitable delegate function 
(such as the mode or the mean). Indeed, for 
granularity of months, it might be preferable 
to use the mean as a delegate function (ap-
plied to all raw data within each month). 

In the case of interval-based temporal 
 abstractions, such as intervals of different 
grades of bone-marrow toxicity, we provide 
additional delegate functions, such as the 
value of the abstractions that has the maximal 
cumulative duration during the relevant time 
period. 

Indeed, in theory, almost any function 
from multiple values into one value (with 
same units) can serve the role of a delegate 
function. However, it must be applied to each 
time interval in the relevant temporal granu-
larity (e.g., day), and, of course, must make 
clinical sense, and is thus specific to each 
clinical concept and medical context. 

3. Temporal Association 
Charts 
The core of a Temporal Association Chart 
(TAC) is an ordered list of raw and/or ab-
stract domain concepts (e.g., platelet state, 
hemoglobin value, WBC count), in a particu-
lar order determined by the user. Each con-
cept is measured (or computed, in the case of 
a temporal abstraction) for a particular pa-
tient group during a concept-specific par-
ticular time period. The period can be differ-
ent for each concept. Between every pair of 
consecutive concepts in the list, a set of re-
lations amongst the delegate values, for each 
patient, of these neighboring concepts, will be 
computed. If one of the concepts is raw, each 
relation will be between a delegate value of 
the first concept and a delegate value of the 
second concept for each patient. If both con-
cepts are abstract, the relations between the 
delegate values for all patients will be aggre-
gated into a set of extended relations – tem-
poral association rules, one rule per each com-
bination of values from both concepts. Each 
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rule represents the set of patients who have 
had this particular combination of values for 
the two abstract concepts. 

TACs are created by the user in two steps. 
First, the user selects two or more concepts, 
using an appropriate interface (not shown 
here), possibly changing the order as neces -
sary; second, the user selects the group of 
 patients (e.g., from a list of groups retrieved 
earlier by Select Patients queries). 

In the current version, the VISITORS sys-
tem does not recommend which concepts to 
select, nor the time periods in which to exam-
ine their, nor group of patients. However, as 
we explain in the Discussion, we intend to 
combine the VISITORS systems with pure 
computational tools (that we have been de-
veloping) for detection of sufficiently com-
mon temporal associations. 

3.1 Temporal Association 
 Templates 

A Temporal Association Template (TAT) is an 
ordered list of time-oriented concepts (TOCs) 
(|  TOCs  |   ≥  2), where each TOC denotes a 
combination of a raw or derived domain 
 concept (such as a hemoglobin value or a 
bone-marrow toxicity grade) and a time in-
terval <  tstart    , tend  >. Each TAT is thus a list LTOCs 
of TOCs, that is: 
 
LTOCs = <  TOC1  , ...TOCi  , ... TOCI    >,  
∀i, 1 =  i =  I,  TOCi ≡ <  Ci  , ti

start, ti
end  >, 

 
where Ci ∈ C (the set of domain concepts). 
The time stamps ti

start and ti
end define the time 

interval of concept Ci (using either absolute 
or relative time stamps). I is the number of 
concepts in the TAT. A concept can appear 
more than once in the TAT, but only within 
different time intervals. An example of a TAT 
listing the hemoglobin-state and WBC-state 
abstract (derived) concepts, and the platelet-
count raw-data concepts, and their respective 
time intervals, would be <(Hemoglobin-
state, 1/1/95, 31/1/95), (WBC-state, 1/1/95, 
31/1/95), (Platelet count, 1/1/95, 31/1/95), 
(WBC-state, 1/2/95, 28/2/95)>. Note that 
once a TAT is defined, it can be applied to 
 different patient groups. 

At runtime, a relation <vali  , vali + 1> will be 
created between each pair TOCi and TOCi + 1  , 
for each patient, such that the delegate value of 

concept Ci for that patient during [ti
start, ti

end] 
is a value vali and the delegate value of con-
cept Ci + 1 for that patient during [ti + 1

start, 
ti + 1

end] is vali + 1. 

3.2 Application of a Temporal 
 Association Chart Template  
to the Set of Patient Records 

When applying a TAT to a set P of patient rec-
ords including N patients, we get a Temporal 
Association Chart (TAC). A TAC is a list of 
 instantiated TOCs and association relations 
(AR), in which each instantiated TOC is 
composed of the original TOC of the TAT 
upon which it is based, and the patient-
 specific delegate values for that TOC within 
its respective time interval, based on the 
 actual values of the records in P. Each set of 
the associations denotes the associations 
 between pairs of consecutive instantiated 
TOCs <TOCi  , TOCi + 1>, 1 ≤    i <    I. To be 
 included in a TAC, a patient Pn (1 =  n =    N) 
must have at least one value from each TOC 
of the TAT defining the TAC. The group of 
such patients is the relevant group (relevant 
patients). 

In the resulting TAC, each instantiated 
TOC  *i includes the original TAT TOCi and 
the set of delegate values (one delegate value 
for each patient) of the concept Ci  , computed 
using the delegate function appropriate to Ci 
from the set of patient data included within 
the respective time interval [ti

start, ti
end] as de-

fined in the TAT: 
 
TOC  *i ≡ {<Pn  , val  in  >, [Dist]},  
1 ≤  n ≤  N, 1 ≤  i ≤  I, 
 
where val  in is the delegate value of Ci within 
the period [ti

start, ti
end] for patient Pn  , N is the 

number of patients in the relevant group, and 
I is the number of concepts in the TAT. Dist 
is an optional distribution data structure 
{<val  il  , >Propi

l  >}, where val  il is the l-th value 
of concept Ci  , and Prop  il is its proportion 
within the group of patients P. The optional 
Dist structure is useful only for abstract con-
cepts and supports the visualization of the 
relative proportion (i.e, distribution) of all 
the values of Ci for the N relevant patients, 
within the time interval of the instantiated 
TOC  *i (see Section 4). 

Given a pair of instantiated TOCs 
<TOC  *i  , TOC  *i + 1  >, the set of association 
 relations (AR) between them is: 

 
AR ≡{<Pn  , val  in  , >  val  in

 + 1
  >},   1 ≤  n ≤  N,   1 ≤  i <  I 

 
where N is the number of relevant patients, 
and I is the number of concepts in the TAC. 

When at least one of the concepts is raw, 
the number of ARs between each pair of 
TOCs is equal to the number of relevant pa-
tients. Each AR connects the delegate values 
val  in and val  in

 + 1 of the pair of concepts Ci and 
Ci  + 1  , during the relevant period of each 
 concept, for one specific patient Pn  .  

In the case of an abstract-abstract concept 
pair, we aggregate the ARs between two con-
secutive TOCs into groups, where each group 
includes a set of identical pairs of delegate 
values (one pair for each concept). Each such 
group denotes a temporal association rule 
(TAR) and includes:  
● Support: the proportion of patients who 

have the combination of delegate values  
<val  in

, j , val in
+ 1, k

  >, 1 ≤  j ≤  J, 1 ≤  k ≤  K, where 
val  in

, j , val in
+ 1, k

 are the j-th and k-th al -
lowed values of Ci and Ci + 1  , respectively. 
J and K are the numbers of different val -
ues of the concepts Ci and Ci + 1  . (We as-
sume a finite number of (symbolic) values 
for each abstract concept.) 

● Confidence: the fraction of patients that, 
given the delegate value val  in

, j
 of the 

 concept Ci for patient Pn  , the delegate 
value of concept Ci + 1 will be val in

+ 1, k
 , i.e., 

P[val  in
+ 1, k

     |  val   in
, j

  ]. 
● Actual number of patients: the number of 

patients who have this combination of 
values. 

 
The number of possible TARs between two 
consecutive TOCs is thus J * K. The support 
and confidence measures are calculated as 
follows: 
 
support (val    in

, j
    , val  in

+ 1, k) ≡ {Pi, j i + 1, k}|  /N 
 
  confidence (val   in

, j
    , val  in

+ 1, k) ≡ |{P  i, ji + 1, k  }|  /M  
 
1 ≤  n ≤  N     1 ≤ i <  I     1 ≤  j ≤  J     1 ≤  k  ≤  K 
 
where |{P  ii 

,
+

 j
1, k}| is the number of patients 

whose delegate value for concept Ci was val in
, j

     

and the delegate value for concept Ci + 1 was 
val  in

+ 1, k
  , N is the number of relevant patients, 
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M is the number of patients whose delegate 
value for concept Ci was val   in

, j
  , I is the number 

of concepts in the TAC, and J and K are the 
number of symbolic values of concepts Ci and 
Ci + 1  , respectively. 

4. Display of TACs and 
 Interactive Data Mining 
Using TACs  

�Figure 2 presents an example of a TAC 
computed by applying a TAT (user-defined on 
the fly, using another interface (not shown 
here) that enables the user to select TAT con-
cepts). The TAT includes three hematologi -
cal concepts (platelet state, hemoglobin 
(HGB) state abstractions, and the white 
blood cell (WBC) count raw concept) and 
two hepatic concepts (total bilirubin and Alk-
phosphatase state abstraction) applied to a 
group of 58 patients selected earlier by the user. 
The visualization in Figure 2 shows the dis-

tribution of the values, using the optional 
Dist structure (see Section 3.2), for the ab-
stract concepts HGB, Platelet, and Alk-
 phosphatase states; it also shows each pa-
tient’s mean values for WBC count and total 
bilirubin during the year 1995. Delegate valu-
es of all adjacent concept pairs for each pa-
tient are connected by lines, denoting the 
ARs. Only 49 patients in this particular group 
happen to have data for all concepts during 
1995. 

As described above, ARs among values of 
temporal abstractions provide additional 
statistical information. For example, the AR’s 
width indicates to the user the support for 
each combination of values, while the color 
saturation represents the level of confi -
 dence: a deep shade of red signifies high con-
fidence while pink denotes lower confidence. 
The support, confidence, and the number of 
patients in each association are displayed 
 numerically on the edge. For example, the 
 widest edge in Figure 2 represents the relation 
between the “low” value of the platelet state 

and the “moderately low” value of the HGB 
state during the respective time periods: 
55.8% of the patients in the relevant patient 
group had this combination of values during 
these periods (i.e. support = 0.558), with 
“low” platelet state values, 92.6% of the pa-
tients exhibited “moderately low” HGB state 
values (i.e. confidence = 0.926), and this as-
sociation was valid for 25 patients. Note that 
in this case both time periods are similar. 

Using direct manipulations [15], the user 
can dynamically apply a value and time lens in 
the TACs. Generally, the term direct manipu-
lation is defined as a human-computer inter-
action style which involves continuous repre-
sentation of objects of interest, and rapid, 
 reversible, incremental actions and feedback. 
In our case, the direct manipulations enable 
the user to interactively analyze the time and 
value associations among multiple patients’ 
data: 
● Dynamic application of a value lens en-

ables the user to answer the question “how 
does constraining the value of one concept 

Fig. 2 Visualization of associations among three hematological and two hepatic concepts for 49 patients during the year 1995. Association rules are dis-
played between the Platelet-state and HGB-state abstract concepts. The confidence and support scales are represented on the left. 
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during a particular time period affect the 
association between multiple concepts dur-
ing that and/or during additional time peri-
ods”. The user can either select another 
range of values for the data of the raw con-
cepts using trackbars, or select a subset of 
the relevant values in the case of an ab-
stract concept. In the next versions, we are 
planning to allow the user to vary also the 
delegate function to enable additional 
analyses. 

● The system also supports the application 
of a time lens by changing the range of the 
time interval for each instantiated TOC, 
including ranges on the relative time line. 
The time lens can be especially useful for 
clinical research involving longitudinal 
monitoring. 

 
In addition, the user can change the order of 
the displayed concepts, export all of the vis-
ualized data and associations to an electronic 
spreadsheet, and add or remove displayed 
concepts.  

5. Evaluation of the  
Functionality and Usability 
of Temporal Association 
Charts  
5.1 Research Questions 

We envision TACs as potentially useful for 
two user types: clinicians and medical in-
formaticians. We also envision them using the 
system to answer different clinical motivated 
questions, while using also the general explo-
ration operators of the VISITORS system. 
Thus we defined the following three research 
questions. 

5.1.1 Functionality and Usability 

Are clinicians and medical informaticians 
able to answer clinical questions, which 
require the use of TACs, at a high level of ac-
curacy and within a reasonably short time? 
Furthermore, is the integrated VISITORS/
TAC system usable, when assessed using the 
SUS score [16]? 

5.1.2 The Effect of the Clinical 
Question 

Are there significant differences in accuracy 
and time when answering different clinical 
questions that required the use of TACs? 

5.1.3 The Effect of the Interaction 
Mode 

Are there significant accuracy or time to 
answer differences when answering questions 
requiring only the use of general VISITORS 
exploration operators, as opposed to answer-
ing questions requiring the use of TACs? 

5.2 Measurement Methods  
and Data Collection 

When evaluating a new tool such as TACs, it is 
difficult to produce a control group. As far as 
we know, no known method duplicates the 
effect of using either VISITORS or TACs. Fur-
thermore, the potential users simply cannot 
answer the complex questions (for which 
TACs are designed) other than by laborious 
computations. Thus, we have chosen an ob-
jective-based approach [17]. In such an ap-
proach, certain reasonable objectives are de-
fined for a new system, and the evaluation 
strives to demonstrate that these objectives 
have been achieved. In this case, we strove to 
prove certain functionality and usability ob-
jectives of the TACs system when evaluated 
within the context of a larger framework 
(VISITORS) for exploration of the time-
oriented data of multiple patients. Our evalu-
ation measures and specific research ques-
tions, listed below, reflected these objectives. 

The evaluation of the TACs was per -
formed in the oncology domain. Ten partici-
pants, five medical informaticians, i.e., infor-
mation system engineers who work in the 
medical domain, and five clinicians with dif-
ferent medical training levels, were each asked 
to answer five clinical questions that require 
using TACs (five questions are listed in the 
Results section). None of the study partici-
pants was a member of the VISITORS devel-
opment team. The five questions were se-
lected by consultation with oncology domain 
experts. They represented typical questions 
relevant when monitoring a group of oncol-
ogy patients, or when performing an analysis 

of an experimental protocol in an oncology. 
The order of the questions was randomly per-
muted across participants.  

Each evaluation session with a participant 
started with a 20-minute tutorial that in-
cluded a brief description of the VISITORS 
general exploration operators and of the TAC 
operators. A demonstration was given of the 
general and TAC operators showing how 
 several typical clinical questions are ans -
wered. The scope of the instruction was 
predetermined and included (after the demo) 
testing each participant by asking them to 
answer three clinical questions, one of which 
included the use of TAC. When the par -
ticipant could answer the questions correctly, 
he/she was considered ready for the evalu-
ation. 

The TACs evaluation study was performed 
as a part of an overall feasibility and usability 
assessment of the VISITORS system. Another 
part of the evaluation involved testing the 
feasibility and usability of the general explo-
ration operators by asking clinical questions 
such as “What were the maximal and mean 
monthly values of the WBC count during 
 August 1995?”. 

Throughout the evaluation, we used a 
retrospective database of more than 1000 on-
cology patients who had a BMT event. The 
knowledge source used for the evaluation was 
an oncology knowledge base specific to the 
bone-marrow transplantation domain. 

Our goals for the TACs objectives-based 
evaluation were manifested in our evaluation 
measures.  

The functionality was assessed using two 
parameters: the time in minutes needed to 
answer the question, and the accuracy of the 
resultant answer. The accuracy score assigned 
to each possible answer (in each case, 
measured on a scale of [0 ... 100], 0 being 
completely wrong and 100 being completely 
right), was predetermined by a medical ex-
pert. 

To test the usability of TACs, we used the 
system usability scale (SUS)[16], a common 
validated method to evaluate interface usabil-
ity. The SUS is a questionnaire that includes 
ten predefined questions regarding the effec-
tiveness, efficiency, and satisfaction of an in-
terface. SUS scores have a range of 0 to 100. 
Informally, a score higher than 50 is consid -
ered to indicate a usable system. 
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5.3 Analysis Methods 

5.3.1  Functionality and Usability 

User capability in answering clinical questions 
using the TACs was assessed by calculating the 
means and standard deviations of the answers 
accuracy and of the answers response time. 

5.3.2 The Effect of the Clinical 
Question 

The effects of five clinical questions and of 
two groups of participants (i.e., medical in-
formaticians and clinicians) on the depen -
dent variables of response time and accuracy 
of answer were examined using two differ -
ent two-way ANOVA tests with repeated 
measures (one for each dependent variable). 
The clinical question was a within-subject 
 independent variable, and the group of par-
ticipants was a between-subjects indepen-
dent variable. 

5.3.3 The Effect of the Interaction 
Mode 

The effects of the interaction mode (i.e., gen-
eral exploration operators and TACs) and the 
group of participants (i.e., medical infor -
maticians and clinicians) on the dependent 
variables of response time and accuracy of 
answer were examined using two different 
two-way ANOVA tests with repeated meas -

ures (one for each dependent variable). The 
interaction mode was a within-subject inde-
pendent variable and the group of partici-
pants was a between-subject independent 
variable. Since we did not find statistically 
 significant differences among the response 
times (and among the resultant accuracy 
 levels) of the different clinical questions of 
the same interaction mode, the mean value of 
the response time (and of the accuracy) of 
the five clinical questions of the same inter -
action mode was used as the dependent vari-
able. 

5.4 Results 

This section summarizes the evaluation re-
sults of the TAC in terms of the research ques-
tions. 

5.4.1 Functionality and Usability 

�Table 1 summarizes the results according to 
the clinical questions used in the evaluation. 
The mean accuracy was 97.9 ± 3.4 (the medi-
an was 100 for all five questions, with inter-
quartile range of zero for questions one to 
four and 10 for question five). All participants 
successfully answered the clinical questions 
with mean accuracies greater than 90, while 
six of them achieved mean accuracies of 100. 
The range of mean accuracies per participant 
across all questions was [90 ... 100]. 

The mean response time was 2.7 ± 0.4 
minutes. Only two participants needed more 
than 3 minutes (3.2 and 3.6 minutes) to 
answer. The range of mean response times 
per participant across all questions was [2.2 ... 
3.0] minutes. 

The mean SUS score for all operators, across 
all participants, was 69.3 (over 50 is usable). 
The results of a t-test analysis showed that the 
mean SUS score of the medical informaticians 
(80.5) was significantly higher than that of the 
clinicians (58): [t  (8) = 3.88, p <  0.01].  

Conclusion: Based on the results of the 
TAC evaluation, we can determine that after a 
very short training period, the participants 
were able to answer the clinical questions 
with very high accuracies and within short 
periods of time. The SUS scoring shows that 
TACs are usable but still need to be improved. 

5.4.2 The Effect of the Clinical 
Question  

Both analyses yielded no significant effect. 
The interaction effect group × clinical ques-
tion was not significant both in the ANOVA 
of the accuracy scores [F  (4, 32) = 2.02, p = 
0.12], and of the response times [F  (4, 32) = 
0.73, p = 0.58]. There was no significant dif-
ference between the mean accuracy scores/ 
response times of the clinicians (96.3 ± 4.3)/ 
(2.6 ± 0.2 min) and of the medical informati-
cians (99.5 ± 0.9)/ (2.9 ± 0.5 min); accuracy: 
[F  (1, 8) = 2.72, p = 0.14, regression coef-

N Clinical questions Response  
time  
(mean ± s.d.) 

Accuracy score 
[0..100] 
(mean ± s.d.)  

1 What percentage of the patients has had a “low” delegate value of the Platelet-state concept?  
What percentage of the patients has had a “moderately low” delegate value of the HGB-state concept? 
What percentage of the patients has had both a “low” value of the Platelet-state concept and a  
“moderately low” value of the HGB-state concept? 

2.4 ± 0.5 99.9 ± 0.3 

2 What delegate value of the HGB-state derived concept was the most frequent among the patients who 
have had a “low” aggregate value of the Platelet-state? 

2.4 ± 0.5 99.8 ± 0.6 

3 What were the maximal and minimal delegate values of the WBC count for patients who have the  
HGB-state delegate value “moderately low”? What were the maximal and minimal delegate values of 
the RBC for patients who have had a delegate HGB-state value that was “normal”? 

2.9 ± 1.0 96.0 ± 9.0 

4 What is the distribution of the delegate values of the Platelet-state in patients whose minimal delegate 
value of the WBC count raw concept was 5000 cells/ml (instead of the previous minimal value)?  
What were the new maximal and minimal delegate values of the RBC? 

3.0 ± 0.7 98.8 ± 4.0 

5 What percentage of the patients has had a “low” delegate value of the Platelet-state during both the 
first and second month following bone-marrow transplantation? 

3.0 ± 0.8 96.0 ± 5.0

Table 1 Details of the questions that all participants had to answer, mean response times (minutes) and accuracy scores

For personal or educational use only. No other uses without permission. All rights reserved.
Downloaded from www.methods-online.com on 2012-05-24 | IP: 38.107.179.230



ficient ± sd = 3.2 ± 1.95]/time: [F(1, 8) = 1.90, 
p = 0.20, regression coefficient ± sd = 0.3 ± 
0.26]. There was no significant difference also 
between the mean accuracy scores/response 
times of the five clinical questions (for mean 
accuracy ± sd/response times ± sd; see Table 
1); accuracy: [F(4, 32) = 2.29, p = 0.08, maxi-
mal estimated effect ± sd = 4.8 ± 3.1]/time: 
[F(4, 32) = 2.24, p = 0.09, maximal estimated 
effect ± sd = 0.6 ± 0.33]. 

Conclusion: Thus, we can conclude that 
neither the clinical question nor the group 
seem to affect the accuracy or the response 
time of answers provided using the TAC 
module. 

5.4.3 The Effect of the Interaction 
Mode 

The results of the ANOVA of the accuracy 
scores showed that the interaction effect 
group × interaction mode was not significant 
[F(1, 8) = 2.64, p = 0.14]. There was no sig-
nificant difference between the mean accu-
racy scores of the clinicians (97.7 ± 3.0) and 
of the medical informaticians (99.8 ± 0.4); 
[F(1, 8) = 2.37, p = 0.16, regression coefficient 
± sd = 2.1 ± 1.4]. There was no significant 
 difference also between the mean accuracy 
scores of the answers obtained by using the 
general exploration operators (99.5 ± 1.6) 
and by using the TACs (97.9 ± 3.4); [F(1, 8) = 
4.80, p = 0.07, regression coefficient ± sd = 
2.3 ± 1.6].  

With respect to the response time, the 
 results of the analysis showed that the only 
significant effect was the main effect of the 
type of interaction mode [F(1, 8) = 14.96, 
p <  0.01]: a mean of 2.2 ± 0.18 minutes for 
answering the clinical questions when using 
the general exploration operators of VISI-
TORS, and a mean of 2.7 ± 0.43 minutes for 
answering the clinical questions using the 
TACs. There was no significant difference be-
tween the mean response times of the clini-
cians (2.6 ± 0.2 min) and the medical in-
formaticians (2.9 ± 0.5 min); [F(1, 8) = 3.24, 
p = 0.11, regression coefficient ± sd = 0.3 ± 
0.16]. The interaction effect group × interac-
tion mode was also insignificant [F(1, 8) = 
0.42, p = 0.54]. 

Conclusion: Interaction mode does not 
seem to affect the accuracy of the answers to 
clinical questions. The mean time needed to 
answer the clinical scenarios using the TACs is 

significantly higher than when using the gen-
eral exploration operators of VISITORS, but 
it is still less than three minutes. 

5.5 Results of Power Analysis 

Since we have not found significant effects in 
the results of research questions 2 and 3, we 
performed a statistical power analysis. 

For each two-way ANOVA test in the re-
sults of research question 2 (for each depen -
dent variable), we performed a power analy-
sis, both for each main effect, namely, the five 
clinical questions and the two groups of 
 participants, and for the interaction effect 
(questions X groups). 

In the case of research question 3, the main 
effects for which the power analysis was per-
formed were the two interaction modes (gen-
eral exploration operators vs. TACs) and the 
two groups of participants, and for the inter-
action effect (modes Χ groups). 
The results showed that, in the case of accu-
racy, assuming a meaningful difference being 
at least 5 points on a scale of (0 ... 100), the ex-
periment (i.e., N = 10, α = 0.05) would detect 
an effect (i.e., a difference between the means 
of the groups) with a probability of at least 
80%, which is considered a reasonable power. 
Similarly, in the case of response time, assum-
ing a meaningful difference being at least one 
minute. 

Moreover, the power analysis had shown 
that with a larger group, including 20 par -
ticipants (10 clinicians and 10 medical in-
formaticians), a smaller effect of only two 
points in the mean accuracy (the minimal 
 effect size obtained in our analysis) could be 
detected with a probability of 80%. However, 
we consider a difference of two points or less 
to be relatively insignificant for practical pur-
poses. Similarly in the case of response times 
for an effect size of 0.3 min with a sample size 
of 54 participants (26 clinicians and 26 medi-
cal informaticians). 

6. Discussion 

This paper presents the Temporal Association 
Chart, a computational and interaction mod-
ule that enables users to graphically explore 
and analyze the time and value associations 
among domain concepts that explicitly or 

 implicitly exist within multiple time-oriented 
patient records. Moreover, it enables the ex-
ploration of 1) intelligent interpretations 
(temporal abstractions) of the raw data de-
rived using the context-sensitive domain-
specific knowledge, and 2) temporal aggre-
gations of the patient data summarized with-
in several specific time periods (including the 
use of temporal granularities) using delegate 
functions to each concept and each temporal 
granularity. The associations displayed be-
tween pairs of consecutive abstract concepts 
include support and confidence measures that 
can be interactively investigated via manipu-
lation by the user. Note that when the time 
periods of pair of concepts are the same, these 
measures are an interval-based extension of 
the familiar data mining measures, using 
delegate functions. When the time periods are 
different, an extension of temporal associ-
ation rules, commonly called sequence min-
ing, emerges, again using delegate functions, 
which allows multiple time granularities and 
which does not necessitate the simultaneous 
existence of different concepts (known as 
items). 

The evaluation of the TAC module, which 
is integrated within the VISITORS system, 
has demonstrated its functionality and us-
ability. The only significant difference be-
tween the TACs and the general exploration 
operators was a slightly longer response time. 
A possible reason for not detecting significant 
differences in the accuracy scores when using 
different interaction modes was that the 
evaluation included a relatively small group 
of participants and questions. However, it 
should be noted that the variance among ac-
curacy scores was quite low for both inter-
action modes, all of the participants achiev-
ing scores above 90. Thus, the absence of a sig-
nificant effect could not be attributed to ran-
dom differences and high variability in each 
interaction mode. This conclusion was also 
supported by the results of the power analy-
sis. Although applying ANOVA in the context 
of a ceiling effect in the accuracy scores is 
 potentially problematic, this phenomenon, in 
our judgment, did not have the significant 
 effect on the conclusions of the study study. 

One possible conceptual limitation of the 
TAC approach is the use of a goal-directed 
(user-driven) method for temporal data min-
ing. Thus, the user must have a meaningful 
intuition regarding the selection of the 
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necessary concepts to explore. However, this 
limitation can be overcome by combining the 
TAC module with a knowledge-based tem-
poral data mining method, such as the one we 
have been developing [18]. Associations that 
have sufficient support are automatically 
flagged, and in the future, could be visually 
explored. 

To summarize, we conclude that TACs 
might be described as “intelligent equalizers” 
that result in a uniform performance level 
with respect to answering complex time-
oriented clinical statistical-aggregation ques-
tions, regardless of the questions asked, or of 
the user type. 
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