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Objective:  Information  in  critical  care  environments  is  distributed  across  multiple  sources,  such  as  paper
charts, electronic  records,  and  support  personnel.  For  decision-making  tasks,  physicians  have  to  seek,
gather, filter  and  organize  information  from  various  sources  in a timely  manner.  The  objective  of  this
research  is  to characterize  the  nature  of physicians’  information  seeking  process,  and  the  content  and
structure of clinical  information  retrieved  during  this  process.
Method:  Eight  medical  intensive  care  unit  physicians  provided  a verbal  think-aloud  as  they  performed
a  clinical  diagnosis  task.  Verbal  descriptions  of physicians’  activities,  sources  of information  they  used,
time spent  on  each  information  source,  and  interactions  with  other  clinicians  were  captured  for  analysis.
The  data  were  analyzed  using  qualitative  and  quantitative  approaches.
Results:  We  found  that  the  information  seeking  process  was  exploratory  and  iterative  and  driven  by the
contextual  organization  of  information.  While  there  was  no  significant  differences  between  the  overall
time  spent  paper  or  electronic  records,  there  was  marginally  greater  relative  information  gain  (i.e.,  more
unique  information  retrieved  per  unit  time)  from  electronic  records  (t(6)  = 1.89,  p  = 0.1).  Additionally,
information  retrieved  from  electronic  records  was  at  a higher  level  (i.e., observations  and  findings)  in
the knowledge  structure  than  paper  records,  reflecting  differences  in the  nature  of  knowledge  utilization

across  resources.
Conclusion:  A process  of local  optimization  drove  the  information  seeking  process:  physicians  utilized
information  that  maximized  their information  gain  even  though  it required  significantly  more  cognitive
effort.  Implications  for  the  design  of  health  information  technology  solutions  that  seamlessly  integrate
information  seeking  activities  within  the workflow,  such  as enriching  the  clinical  information  space  and

al  re
supporting  efficient  clinic

. Introduction

Human are often characterized as informavores [1].  We  actively
eek, gather, consume and share information for satisfying diverse
eeds [2].  The purpose of information seeking depends on, among
ther things, specific user needs and tasks at hand. In complex orga-
izational contexts, the ability of humans to access and utilize the
ecessary task-related information leads to better productivity and
erformance. But, the unaided mind, no matter how competent,
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

imply cannot focus on all available information for making optimal
ecisions. Cognitive barriers such as memory capacity limitations,

∗ Corresponding author. Tel.: +1 212 822 7356.
E-mail address: tkannampallil@nyam.org (T.G. Kannampallil).

933-3657/$ – see front matter ©  2012 Elsevier B.V. All rights reserved.
ttp://dx.doi.org/10.1016/j.artmed.2012.10.002
asoning  and  decision-making,  are  discussed.
© 2012 Elsevier B.V. All rights reserved.

lack of knowledge, information overload affect the optimality of
decision-making strategies.

Critical care environments represent a prototypical
information-intensive, distributed and collaborative setting
[3,4], where significant information is generated by health care
professionals (physicians, residents, nurses, and other support
staff), and from patient care related events (e.g., bed-side monitors
laboratory tests, medication orders). Most often, this information
is redundantly distributed across multiple sources, such as paper
and electronic records, and physicians face the onerous task of
finding, retrieving, and filtering the necessary information for
decision-making tasks. The distributed nature of information
e nature of information seeking behavior in critical care: Implications
tp://dx.doi.org/10.1016/j.artmed.2012.10.002

organization in critical care settings poses significant challenges
for physicians in their information seeking activities including: (a)
increased patient care time resulting from longer time for finding,
filtering and organizing information due to the redundancy in

dx.doi.org/10.1016/j.artmed.2012.10.002
dx.doi.org/10.1016/j.artmed.2012.10.002
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vailable information and (b) increased possibility of missing
nformation due to the distributed nature of information. All of
hese significantly affect the quality of care, increase the possibil-
ty of adverse events and can potentially impact patient safety.

ith the increasing role of health IT and digital repositories in
linical settings, it is relevant to evaluate the role of technology in
upporting (or impeding) clinical reasoning and decision-making
5].

We utilize a cognitively driven approach to characterize the
fficacy of physicians’ information seeking process, and the struc-
ure and nature of clinical information that is retrieved and used
or decision-making tasks. While the importance of cognitive sci-
nce research on understanding the nuances of reasoning and
ecision-making has been well established, primarily through labo-
atory evaluations (e.g., [6–8]), we investigate information seeking
nd decision-making “in the wild,” [9] by preserving the con-
traints of information sources and their availability that physicians
ncounter in their regular clinical practice.

Insights on the information seeking behavior of physicians can
elp in identifying the inefficiencies (e.g., process loses) in the
hysician information seeking process, for developing cognitive
odels of physicians’ information choice behavior and for design-

ng and developing integrated intelligent health IT solutions that
an assist in clinical decision making. Additionally, understanding
he structure and nature of information used by clinicians during
his process can trigger the development of clinical systems that
treamline information retrieval and visualization mechanisms.

. Background and significance

The complexity of patient care is exacerbated in distributed,
nformation-rich critical care environments where physicians have
o find the “right information at the right time” for making timely
ecisions. There is significant empirical evidence that a large per-
entage of physicians’ information needs during the patient care
rocess is often unmet. In a highly cited study, Covell et al. [10]
ound that only about 30% of a physician’s information needs dur-
ng patient encounters were met. Gorman and Helfand [11] and
odgill et al. [12] report on similar findings based on their empir-

cal studies. Over 70% of physicians’ information needs are related
o diagnosis, treatment/therapy or drug-related information [13],
nd time constraints [14] result in significant amount (up to 40%)
f the information needs being unmet [12].

Prior research on information seeking draws on the primary
ssumption that a significant amount of a physician’s information
eeds are unmet. These studies can primarily be classified into two
ategories: studies that describe the nature of information needs in
linical environments and those that report on the sources of clini-
al information. Examples of prior work for each of these categories
re described below. Currie et al. [15] describe an observational
tudy on the information needs of clinicians while using a clinical
nformation system. They found frequent unmet clinician informa-
ion needs that were either domain-specific or patient-related. In a
elated study, Allen et al. [16] investigated the information needs of
linicians as they were using an information system. Based on the
nalysis, clinician information needs were grouped into seven cat-
gories including navigational issues, cross-referencing with other
bjects, laboratory results, pharmacy-related questions, differen-
ial diagnosis (or alternative diagnoses), definitions of terms and

iscellaneous information needs.
In the second category, a significant amount of prior research
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

ocuses on the various sources of information that were used
y clinicians to cater to their information needs. These sources
ange from paper and electronic records, databases, research lit-
rature, professional colleagues, or text books [13]. D’Alessandro
 PRESS
nce in Medicine xxx (2012) xxx– xxx

et al. [17] categorized the information seeking behaviors of general
pediatricians into time spent on using computers, digital libraries
and other information sources. They found that physicians usually
depend on more than one source during their information seek-
ing process. They argued that computer resources were the most
“effective and time-efficient” mechanism for information seeking.
Other researchers found that clinicians relied on their peers, exter-
nal text-based resources or Internet resources [18,19] for their
information needs [20]. While there were differences in the nature
of information needs between physicians and other clinicians (e.g.,
[21]), most clinicians expressed significant difficulty in obtaining
“patient, domain and institution-specific information in a timely
manner,” due to the difficulty in finding the right sources of infor-
mation [22,23]. Prior research has also described the challenges
of finding clinical information in a timely manner, especially in
dynamic critical care settings. For example, Ely et al. [24] found
that physicians spent on average less than 2 min  pursuing clini-
cally relevant information. In a related study, Sackett and Strauss
[25] found that information resources had to be accessible within
25.4 s for bedside consultations.

While all of these studies highlight the significant challenges of
information seeking in clinical environments as potential reasons
for high percentage of unmet information needs, they did not inves-
tigate their causal determinants or efficiency of processes involved
in clinical information seeking. One notable exception is the study
by Patel et al. [5] who found differences in the nature of use of
computerized and paper based records during diagnosis tasks. In a
study comparing the nature of information in paper and comput-
erized records, they found that computerized records impacted the
data collection, knowledge organization and the reasoning process
of the physician. Their focus was  on elucidating the differences in
reasoning process caused by paper and electronic records.

In summary, most prior work on information seeking investi-
gated clinical information needs during the information seeking
process and the sources of information used during this process.
Our focus is on extending prior work for evaluating the process of
clinical information seeking, the structure and content of informa-
tion that is sought and retrieved, and the utility of the retrieved
information for diagnosis and clinical decision-making tasks.

Using an empirical study of real-world information seeking
tasks, we  develop an information-theoretic perspective on the pro-
cess of information seeking. We  utilize a rational analysis approach
[26] that is predicated on understanding the problem being solved,
behavioral strategies that are being used to solve the problem and
the most importantly, the cognitive mechanism that drives the
choice and use of such strategies [26–29].  Other researchers [30,31]
have utilized similar approaches utilizing the information foraging
theory to evaluate the resource utilization and sharing practices of
healthcare teams.

In this paper, we  specifically focus on the following: (a) develop
an overall perspective on the nature of information seeking in
critical care contexts, (b) time utilization across various resources
during the information seeking process, (c) the relative usefulness
(or utility) of the information gathered from various sources during
clinical decision-making, and (d) nature and structure of medical
knowledge that is gleaned from the various sources.

3. Method

3.1. Setting
e nature of information seeking behavior in critical care: Implications
tp://dx.doi.org/10.1016/j.artmed.2012.10.002

The study was  conducted at a large academic hospital in the
Gulf Coast area that had over 33,000 admissions in 2010. Our
study focuses on a 16-bed “closed” [32] MICU (medical intensive
care unit) managed by intensivists. In the unit, both paper and

dx.doi.org/10.1016/j.artmed.2012.10.002
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Table  1
Information sources and their related sub-sources of information along with the
specific types of information that is present in these sources.

Information source Information
sub-source

Information category (content)

Paper chart Resident notes History, physican exam, lab and
xray results, list of diagnoses and
problems, analysis and plan of care

Attending notes Same as residents notes, attending
notes, problem list and expanded
plan

Consult notes Data (history, physical exam,
relevant labs and x-rays and other
tests related to the consultant’s
specialty), problem list, assessment
and plan

Orders/labs Some labs, usually of same day or
day prior

Imaging Summary of the report or analysis
by  the tech

Medications List of relevant medication (usually
an incomplete list)

Nursing notes &
physiology data

Flow sheets

Electronic record Resident notes Same as above, in greater detail
Attending notes Same as above, in greater detail

(with analysis and plan)
Consult notes Initial notes, has full details as

above, as relevant to the
consultant’s specialty

Orders/labs All labs and results – official
record, from admission and prior
admissions as well.

Imaging Pictures of images as well as
reports – official records

Medications List of current and past
medications, including dosages,
routes, types

Nursing notes &
physiology data

Nursing notes, or data directly
downloaded from bedside, such as
vital signs (BP, pulse, oxygenation,
respiratory rate), with trends over
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time (24 h). Also, some other test
results such as glucose that are
done at the bedside by the nurse.

lectronic charts were simultaneously maintained and used for
atient care documentation. The distribution of information across
hese artifacts is detailed in Table 1. At the time of this study, the

ICU did not have a CPOE (Computerized Physician Order Entry)
ystem.

.2. Participants

Eight (n = 8) MICU physicians participated in the study. Of the
ight participants, six were senior attending physicians; one was  a
hird-year resident and one, a clinical fellow. All participants had
ignificant experience working in the MICU and were very famil-
ar with the working environment. Given their training status, the
ata from the third-year resident was not used for our analysis. The

nstitutional Review Board (IRB) approved the study.

.3. Procedure

In order to assess the kinds of information used in the diagnosis
nd treatment of a patient, physicians were asked to walk through
he steps needed to create a clinical summary reviewing the details
rom a single patient case. Using a current patient in the MICU, par-
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

icipants developed detailed descriptions using available sources
ncluding paper charts, electronic records, and interactions with
ther clinicians. As the physicians worked through the case, they
erbalized (“thought-aloud”) the relevant information related to
 PRESS
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their actions [33]. For example, the participants described the past
medical history of the patient and discussed its relevance (e.g., “this
is a 67 year old female patient with a past history of severe diabetic
problems, and is currently admitted for cardiac issues”). The par-
ticipants also described the source from which they were gleaning
the information (e.g., “on resident notes, looking at past medical
history”) and the rationale as to why the considered information
was important. Verbal think aloud techniques are commonly used
in biomedical informatics research (e.g., [34,35]) and are power-
ful mechanisms for developing insights on human cognition and
decision-making. Once all the necessary information regarding the
patient was collected, physicians were asked to provide a clini-
cal summary of the case. In the clinical summary, the clinicians
provided a brief description of the patient case followed by their
assessment and plan. Each verbal report was  audio recorded and
later transcribed for further analysis.

3.4. Data collection

Two  researchers collected data between October and December
of 2010. All data collection sessions were conducted after morn-
ing rounds (late morning or early afternoon). Study participants
were not present during morning rounds and were unfamiliar with
the cases that were assigned to them. The data collection sessions
were run on three separate days using two  medical cases: day 1
(three participants, sepsis), day 2 (two participants, renal failure),
and day 3 (three participants, sepsis). While there were marginal
differences between the sepsis and renal failure cases, our clini-
cal research team (headed by an attending physician) made every
effort to ensure that the patient conditions were similar and the
cases were comparable across the days of data collection. For each
of the cases, the participant walked through a patient who was a
recent admission to the MICU (less than 48 h).

For each data collection session, one researcher wrote down
detailed field notes concerning the actions of the physicians, order
of sources used, other clinicians they interacted with, and any other
task-related activities. Simultaneously, the second researcher cap-
tured the duration of each task using an iPad application [36]. The
touch-based application supported a single-click mechanism to
record the start and end-time on each source of information (e.g.,
resident note, see Fig. 1) using a pre-created template of sources and
sub-sources. The time captured from the iPad-recording was veri-
fied by comparing it with the time on the audio recording and other
field notes that were made. Verbalized transitions (e.g., “now I am
going to look at the resident notes from today’s rounds”) assisted
with the reconciliation across sources.

3.5. Data analysis

Audio recordings and field notes were transcribed and then
verified by a physician collaborator for accuracy and complete-
ness. Data from these recordings were organized into a structured
format shown in Fig. 2. The columns represent the type of infor-
mation source (paper or electronic), information sub-source (e.g.,
resident note), time at which the source was  first accessed, the
information category of the sub-source (e.g., history and physicals
from resident note, based on categories provided in Table 1), the
information sub-category the physicians were using (i.e., based on
their verbalization) (e.g., problem list from their history and phys-
ical), and finally, the patient-specific medical information that was
referred to as an “information unit.” The category and sub-category
e nature of information seeking behavior in critical care: Implications
tp://dx.doi.org/10.1016/j.artmed.2012.10.002

of information were based on suggestions by our clinical collabora-
tor. These were not used in our current analysis. The “information
unit” column was  used to capture clinically relevant information
and was used extensively in our current analysis.

dx.doi.org/10.1016/j.artmed.2012.10.002
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Fig. 1. iPad applicatio

In analyzing the data, we first separated the sources into paper
nd electronic categories. Following the division into this format,
or each source (e.g., resident note or attending note), we  identified
he content including number of unique mentions of information
hat was verbalized from that source. For example, in Fig. 2, from the
esident’s note the physician noted the following patient-condition
elated information: heart disease, renal failure and ESRD (provided
n the “information unit” column). Further description of the iden-
ification and use of “unique mentions” of information is provided
n the data analysis section.

.5.1. Rate of information gain: time utilization for information
eeking

In addition to evaluating the time spent on documentation and
tilization of medical knowledge categories,  we computed the infor-
ation gain and utility of the retrieved information. Overall rate of

nformation gain is a measure of the total information gathered from
he various sources over a period of time. Based on the number of
nformation units gained from each sub-source and the time spent,
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

e computed the overall rate of information gain, Go

o = total no. information units in sub-source
time spent on sub-source

Information Source Information Sub-Source Start Time Informa
Resident NotePaper 3.3 Resident 

ig. 2. Transcribed format: the columns show the source, time at which the source was firs
nformation (in the “detail” column).
d for data collection.

Here, the sub-source would include categories mentioned in
Table 1 and an information unit was the clinically relevant informa-
tion provided in the “information unit” column in Fig. 2. Go provides
a measure of the overall rate of information gained from a source.

An important aspect of information rich environments is that
repeated occurrence of information reduces the potential value of
that information. That is, when the same information is encoun-
tered multiple times within the same document, its relative value
for the reader decreases. This is the basis of Charnov’s marginal
value theorem [37–39].  Detailed analysis of the use of marginal
value theorem and its use in information use in a variety of deci-
sion making settings can be found in Pirolli and Card [2] or in Pirolli
[40,41]. Information gain has implications for the choice of sources
that are used for information gathering. While a source may  con-
tain a large quantity of information, if the overall information gain
is low, then the utility of that source is likely to be lower.

We utilized the marginal value theorem to compute the rela-
tive rate of information gain (Rg) across the various sub-sources. For
this, we  identified the repeated information within and across sub-
sources and assigned different weights to the repeated and unique
e nature of information seeking behavior in critical care: Implications
tp://dx.doi.org/10.1016/j.artmed.2012.10.002

information. The assignment of weights was  done in the follow-
ing manner: patient-condition related information that was never
repeated across the whole transcript was given a score of 1 (high
utility information: Unique); patient-condition related information

tion Category Information Sub-Category Information Unit

Renal fail ure
ESRD

Heart dis easeH &  P Age

Problem list

t used, the specific source category (e.g., resident note), the patient-specific medical

dx.doi.org/10.1016/j.artmed.2012.10.002
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Table  2
Calculation of the rate of information gain and relative rate of information gain.

Sub-source Info. units (IU) No. of new IU Repeat (within- Repeat
ross-s

Total info. gain Time spent (s) Rel. info gain (R )
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First, we provide a brief overview of the information seeking
process in the MICU. Similar to what was  reported in prior studies
(e.g., [3,47,48]), we found that information was  distributed among

Table 3
Summary of medical knowledge categories and examples.

Category Explanation Example

Empirium Lowest level of information Age
Observations Units of information that are

recognized as potentially
relevant in the
problem-solving context

Chest pain

Findings Groups of observations that
have potential clinical
significance

V/Q (Ventillation-
Perfusion) mismatch,
DVT in calf muscles
(Deep Vein Thrombosis
on Doppler scan)

Facets Clusters of findings that
indicate an underlying
problem or class of problems,

Embolic phenomenon
source) (ac

Resident note 27 24 3 0 

hat was not repeated within the same sub-source but in a different
ub-source was given a score of 0.75 (medium utility information).
or example, if the heart disease was first mentioned in a resi-
ent note, and then repeated in the attending note (i.e., a different
ource), the second time it was used, it was given the lower score.
atient-condition related information that was repeated within the
ame source (e.g., heart disease repeated within same resident note
gain) was given a score of 0.5 (low utility information). The scoring
echanism was based on a modified version of Charnoff’s marginal

alue theorem. Relative rate of information gain (Rg) was  computed
y dividing the information gain per sub-source, by the time spent
n utilizing that source. An example of how the information gain
as computed is shown in Table 2.

In our scoring mechanism, while we did weight the unique-
ess of information we did not consider the relative importance
f a piece of information. For example, information regarding a
atient’s age is perhaps less important than their past history of
I for a patient presenting with chest pain (age may  also be a

actor is the patient is older). While, considering the relative impor-
ance of each patient-condition related information would greatly
mprove our information-theoretic analysis, information impor-
ance or relevance is highly variable (by both condition and across
articipants). As such, we did not consider it in our current analysis.

.5.2. Structure of medical knowledge
The patient-related detail (see “Information Unit” column in

ig. 2) was categorized using the medical knowledge framework
6,42]. It provides an epistemological framework for characteriz-
ng the knowledge used for clinical comprehension and problem
olving, and represents a formalization of medical knowledge. The
ramework differentiates the levels at which a physician orga-
izes the available knowledge and provides insights into the
linical practitioners’ medical knowledge. We  have utilized sim-
lar approaches to describe physician–patient interactions [43],
iagnostic reasoning [44,45], nature of clinical expertise [45] and
linical comprehension [5]. In this paper, we  utilize the frame-
ork to categorize and understand the nature of information that

s retrieved by physicians during their information seeking pro-
ess. This also aids in developing an understanding of the clinical
easoning processes that underlie the information seeking process.

The hierarchical framework consists of five levels of medical
nowledge, with empirium at the lowest level, followed by obser-
ations, findings, facets and diagnoses at higher levels. Empirium
orresponds to basic description of sensory information and often
ontains no medical interpretation (e.g., skin color). Observations
re perceptual categories and require medical knowledge for inter-
retation. For example, a patient reporting dry skin or chest pain
uring a physician encounter. Findings are groups of observations
hat are interpreted in terms of their clinical significance. For exam-
le, shortness of breath is interpreted within the context of a
yocardial infarction. Facets refer to cluster of findings indicat-

ng a medical condition or a cluster of conditions (e.g., embolic
henomena are interpreted from a cluster of chest pain, DVT in
alf muscles and V/Q). The clustering of findings together helps in
xploring a particular condition (i.e., embolic phenomena) while
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

gnoring others. These represent general pathological conditions
nd help the clinician to partition the diagnosis problem space.
he diagnosis level is the highest level with known therapeutic
r explanatory models. The diagnosis category subsumes all the
ource)
g

[24 × 1 + 3 × 0.5] = 25.5 158 [25.5/27]/158 = 0.005

previous categories. As reported elsewhere (e.g., [46]), this hier-
archy of medical knowledge is useful for narrowing down the
diagnosis search space. In other words, as the physician collects
data regarding a patient, the diagnosis search space is narrowed
till the final diagnosis and management decisions are made.

Consider the following example: a physician notes that a patient
presented to the emergency department with chest pain, shortness
of breath, leg swelling, excessive sweating and a weak pulse. As
described earlier, chest pain, leg swelling and excessive sweating
would be considered as observations in the framework. The pres-
ence of a deep vein thrombosis (DVT) through a Doppler scan is
a finding that is developed from a preliminary observation of leg
swelling. These deductions (along with other evidence) can lead
the physician to reach an intermediary conclusion regarding the
presence of embolic phenomena in the patient. The final stage is
the diagnosis of pulmonary embolism (where one or more arteries
are blocked) in the patient. A summary of the categories and a brief
explanation is provided in Table 3.

All transcripts were coded using the knowledge categories pro-
vided in Table 3. By having these knowledge categories, we were
able to organize the structure of medical knowledge gathered from
paper and electronic records.

Two  researchers coded the data into the categories described
above (one a practicing Internal Medicine physician and the other
a graduate student with a medical degree). There was  a high degree
of agreement between the coders, and any discrepancies in the cod-
ing were resolved through collaborative discussion and agreement
between the coders. Given the small sample size and exploratory
nature of the experimental design, comparisons between electronic
and paper records between the various variables (time spent, rela-
tive rate of information gain, medical knowledge categories) were
analyzed using paired t-tests.

4. Results

4.1. Qualitative evaluation: information seeking process
e nature of information seeking behavior in critical care: Implications
tp://dx.doi.org/10.1016/j.artmed.2012.10.002

often reflecting pathological
descriptions (“interim
hypothesis or constructs”)

Diagnosis Subsumes all previous levels Pulmonary embolism

dx.doi.org/10.1016/j.artmed.2012.10.002
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arious sources: paper and electronic records, monitors, and people
nurses, pharmacists, respiratory therapists, and residents). During
heir information seeking process, physicians gathered information
rom paper charts, electronic records, through patient evaluation,
nd indirectly, from other clinicians involved in the care pro-
ess. Based on our field notes and observations, we  found that
aper charts were used as the information source that contained
otes by residents at patient admission, attending notes and sum-
ary, orders, tests, and other administrative material. While paper

ecords were information-rich and mostly current, they provided
he physician only a snapshot view of a patient. Most of our par-
icipants also described that the updates to the paper records
ere manual and, hence slow. As one of our participants noted,

I usually cannot depend on the paper charts for the most updated
nformation. . .these are usually slow in getting up-to-date”.

In contrast, electronic charts contained updated information
bout test results, information from bed-side monitors and vitals.
lectronic records were often used in conjunction with the paper
harts to “fill-in” information that is often unavailable or missing
n the paper charts. Several participants mentioned that they had
o go back and forth between both sources to find the most up-to-
ate information, “you just learn to figure out where to find the most
pdated information. It may  be idiosyncratic but you develop habits
nd preferences.” For example, we observed that the physicians
ometimes switched back and forth between paper and electronic
harts to find some pertinent information regarding a patient con-
ition (or status). Most often, this was to determine whether there
ere updates regarding a lab test or X-ray. In addition to serv-

ng as an electronic data storage, electronic records also afforded
exible mechanisms for visual representation (e.g., zooming of x-
ay images), alternate mechanisms for information representation
e.g., using graphs to visualize trends or comparisons) and struc-
ured organization of information content (e.g., orders, lab results
re organized in separate tabs). As one of our participants observed,
I have to use the electronic charts for certain things such as graphs and
harts as it gives the flexibility to manipulate and view from different
erspectives.” Physicians also interacted with clinical support staff
ncluding fellows, residents, nurses, and respiratory therapists to
pdate their knowledge about the patient’s current condition.

.2. Quantitative evaluation: structure of information seeking

In this section, we describe the time spent on information
ources, information gain from various sources, and the nature of
nowledge utilization from these sources.

.2.1. Time spent on information sources
There was no significant difference in the overall time spent

n paper when compared to electronic charts (Melectronic = 661.3 s,
paper = 528.3 s, p = 0.296). As expected, more time was spent

n evaluating the physician notes (both attending and resi-
ent notes) on the paper record than on the electronic record
t(6) = 2.38, p = 0.05). Meanwhile, significantly more time was  spent
n electronic records for retrieving information regarding orders,
edications and laboratory results.

.2.2. Rate of information gain from various sources
The overall rate of information gain, Go, was greater for

aper records when compared to electronic records (t(6) = 3.262,
 < 0.005). The relative rate of information gain, Rg, was marginally
reater when using electronic records (t(6) = 1.89, p = 0.1). More
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

pecifically, the relative rate of information gain for attending
otes, medications and orders/labs was significantly higher in an
lectronic format. The differences in the other sub-sources were
arginal (or non-existent). Fig. 3 shows the differences between
 PRESS
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paper and electronic records based on the relative rate of informa-
tion gain (rate was  measured per second).

This effect was  more prominent in the case of medications and
orders/labs from the electronic records and was due to the highly
structured representation that was  afforded by the electronic inter-
faces. This was  not particularly surprising as prior research has
shown the positive effect of structured representation on human
cognition [49]. For example, tables and graphs aid in easier inter-
pretation and comprehension of information.

4.2.3. Knowledge utilization from various sources
There were no differences in the overall utilization of the med-

ical knowledge categories across paper and electronic records
(t(6) = −0.22, p = 0.83). The distribution of medical knowledge cat-
egories across paper and electronic records is shown in Fig. 4.
Nevertheless, there were nuanced differences in the individual
knowledge categories. We  found that there was significantly more
retrieval of medical knowledge categories related to observations
(t(6) = 4.2285, p < 0.001) and findings (t(6) = 2.2163, p = 0.05) from
electronic charts. In contrast, more empirium type of informa-
tion was retrieved from paper charts (t(6) = 2.5342, p < 0.05). No
significant differences were observed for facets or diagnosis. The
difference in the nature of medical knowledge retrieved is also
likely related to the functional organization of information.

Additionally, we wanted to explore if the medical knowledge
categories of a certain type were retrieved from specific informa-
tion sub-sources. We  found a high degree of correlation between
the information category (e.g., specific information within an
information sub-source) in the electronic records and the medi-
cal knowledge categories: observations and medications (r = 0.56,
p < 0.05); observations and orders/labs (r = 0.57, p < 0.05), findings
and medications (r = 0.66, p < 0.05) and findings and orders/labs
(r = 0.61, p < 0.05). Other comparisons in the electronic charts were
not significant. In particular, the correlations show that structured
organization of information in electronic charts prompts quicker
retrieval of higher order medical information. For example, med-
ication lists and laboratory results are organized in a structured
template in electronic charts that aids in quicker reasoning and
abstraction of information within the context of the clinical prob-
lem. While we cannot show causal association, this points to the
fact that the organization of information potentially drives the rea-
soning process. We discuss this further in the next section.

5. Discussion

We  investigated information seeking behavior of physicians
during clinical decision-making, focusing on the time spent on vari-
ous sources from which the information was retrieved, the relative
information gained and the structure of medical knowledge retrieved
from the various sources. We  found that physicians spent relatively
equal amount of time on electronic and paper records for retriev-
ing information during their decision making process. Overall, more
information was retrieved from paper records, but the information
retrieved from electronic records was  significantly more unique
and consequently, led to a higher information gain. Additionally, we
also found that there were inherent differences in the epistemology
of the medical knowledge that was  retrieved: physicians retrieved
significantly more higher level medical knowledge (observations
and findings) from electronic charts, while more basic information
(empirium) was retrieved from paper charts.

An interesting deduction that can be made from our find-
e nature of information seeking behavior in critical care: Implications
tp://dx.doi.org/10.1016/j.artmed.2012.10.002

ings is the principle of local optimization during the information
seeking process. Physicians optimized their information seeking
process by accessing resources that they believed maximized
their information gain and aided in their medical reasoning and

dx.doi.org/10.1016/j.artmed.2012.10.002
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nformation and y-axis represents the information gained.

ecision-making process. In other words, the information seeking
rocess was driven by the socio-technical organization within the
nvironment. This led physicians to depend on certain resources
or certain types of information (e.g., orders and labs on electronic
harts as they were highly structured). Information sub-sources
hat had higher information gain were utilized for retrieving certain
nformation. For example, we found that patient medications and
rders for laboratory tests and labs were retrieved from electronic
ecords. These information sub-sources (medications and orders)
ere highly structured and allowed for easy access and retrieval. In

he same vein, paper charts were used for retrieving basic informa-
ion regarding patients (of type empirium, e.g., age). Additionally,
igher level medical knowledge (e.g., findings) was  more easily
etrieved from structured sources leading them closer to clinical
iagnosis.

Such a process of contextually centered information seeking
as several disadvantages: first, it requires significant switching
etween resources leading to loss in time and effort; Second, con-
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

iderable amount of expertise and experience is necessary before a
hysician settles on a successful search process and strategy; and
hird, there is no uniformity within this process across physicians
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Fig. 4. Average number of medical knowledge c
 information sources in the MICU. The x-axis represents the various sub-sources of

and hence requires a physician to constantly develop new strategies
with systemic and organizational changes. It is often acknowledged
that a considerable part of the information seeking process (in any
environment) involves an organic adaptation to the environment
that leads to learning appropriate and potentially efficient mecha-
nisms for information seeking. While physicians showed marginal
difference in the relative rate of information gain across paper and
electronic charts, the significant nuances within individual infor-
mation sub-sources (e.g., paper for lower level information and
electronic charts for structured information) showed the propen-
sity of physicians to adapt their information seeking strategies to
synchronize with the choices available in the environment. In other
words, an adaptable and local information seeking strategy is uti-
lized.

While global optimization strategies are potentially unachiev-
able in complex critical care settings, integrated systems
that simultaneously support the cognitive and reasoning pro-
cesses of physicians are likely to be highly beneficial. We
e nature of information seeking behavior in critical care: Implications
tp://dx.doi.org/10.1016/j.artmed.2012.10.002

discuss design implications that can potentially mitigate the
inefficiencies of the local optimization during information
seeking.

ings Facets Diagnosis

Paper Electronic

ategories in paper and electronic records.
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.1. Enriching the external representation

One of the important drivers for physicians depending on cer-
ain sources for certain types of information is the ease of retrieving
nformation from these sources. For example, we found that signif-
cantly more unique information was gained from electronic records
han paper records. As previously described, this effect was likely
ue to the structured representations in electronic records (for
xample, tables and charts). In contrast, during our observation
essions we found that physicians relied on the paper charts for
eading through the notes (and briefly looked over the typed elec-
ronic notes). As one of our participants observed, “I like to get an
verall view of this patient from the paper chart and then I can look at
he tests.” This was likely due to the fact that electronic charts did
ot offer any specific advantages for reading the physician notes
for example, highlighting key events or information in the notes)
hile the paper notes afforded easy perusal through annotation and
arkups. Augmenting some of the electronic notes by increasing

ts affordability for quick reading and evaluation is likely to increase
he efficacy of using electronic notes.

The concept of enrichment of a source is derived from informa-
ion foraging theory [41,50] where the rate of gain of information
rom a resource can be improved by providing better mechanisms
or information identification and retrieval. For example, orga-
izing laboratory test results in a tabular form (with graphical
lotting) helps in quicker retrieval of information than a listing of
alues. Providing mechanisms for strucutured enrichment, such as
ighlighting key results or important aspects of the past medical
istory, can potentially improve the rate of information retrieval
nd correspondingly lead to quicker and more accurate decisions.
imilar results have also been reported by Sharda et al. [51] who
ound that enrichment of psychiatric narratives through struc-
ured presentations (e.g., through highlighting key concepts) led
o expert-like clinical comprehension among novice clinicians. As
e move toward complete electronic adoption by 2014, the impor-

ance of enriching aspects of Electronic Health Record (EHR) use is
ery important.

.2. Supporting clinical decision making and reasoning

Based on our observations, we found that the information seek-
ng process was exploratory, cumulative, and iterative. During
nformation seeking process physicians had to constantly find and
e-find information from multiple sources to confirm or invalidate
heir various hypotheses. In particular, physicians depended on
ertain sources for certain types of information resulting in them
eturning to previously encountered information for confirmation.
or example, most physicians viewed imaging on the electronic
harts and often returned to the paper charts to verify and confirm
heir deductions from the imaging results. Such a process led to
he iterative back-and-forth switching between multiple sources (a
rocess driven by the contextual organization of information). Such
witching increases the cognitive load on physicians to effectively
lter the information for diagnostic reasoning and decision-making
34,42].

In addition to the switching, the nature of the information across
ources that was utilized by physicians was inherently different:
e found that physicians retrieved a significant amount of lower

evel medical information from paper records. This points to a data-
riven approach to reasoning about the clinical case (e.g., [43]).
n contrast, the presence of significantly more high-level medical
nformation of type “findings” suggests a hypothesis-driven rea-
Please cite this article in press as: Kannampallil TG, et al. Understanding th
for  the design of health information technology. Artif Intell Med (2012), ht

oning strategy while using the electronic records. While expert
linicians can effectively manage such switching for routine cases,
t can pose significant challenges for a novice (e.g., medical student)
r intermediate (junior medical resident) level physicians [8].
 PRESS
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In  short, the local optimization within the information seeking
process by physicians can affect the logical flow of their reasoning
process (e.g., switching between data-driven and hypothesis-
driven strategies). While we  did not explicitly measure the
effectiveness of the reasoning strategies, it is evident that the
reasoning strategies were a combination of both data- and
hypothesis-driven strategies. For effective development of sys-
tems and tools that support clinical reasoning and decision-making
within the complex critical care domain, designers need to con-
sider the clinical workflow and the socio-technical aspects within
the design process [52].

5.2.1. Limitations
There are some limitations that we hope to address in the future

iterations of this study. We  did not assign different weights for
information or their sources. In other words, all information was
considered as equal. While, we realize this may  not be the ideal,
such an approach provided a baseline for establishing the viabil-
ity of the information-theoretic approach for studying information
seeking behavior. We  have started a secondary analysis of data
by re-classifying it based on its relative clinical importance. We
also did not control the order in which the clinicians sought and
retrieved information. It is possible that the information gain and
medical knowledge structure are affected by the order in which the
different sources (paper, electronic) are accessed.

Additionally, we did not have access to the complete patient
record to investigate whether the information retrieved was  indeed
complete. It must also be noted that this study was conducted in a
single MICU and further evaluation studies must be conducted to
explore the generalizability of the results across settings. Neverthe-
less, we believe that our study is a first of its kind that investigates
the information seeking process from an information-centric per-
spective providing insights into the rationale behind the strategies
adopted during the information seeking process.

6. Conclusion

Critical care environments present significant challenges for
information seeking as information is distributed across multiple
sources, such as paper charts, electronic records, bedside moni-
tors and support personnel. Physicians have to expend cognitive
resources to seek, filter and organize information from various
sources for making diagnostic and therapeutic decisions. Based
on a study of the information seeking behavior of physicians in
a MICU, we found the information seeking process exploratory
and iterative. Additionally, the distributed nature of information
resulted in the information seeking process driven by the local
organization of information: physicians optimized their informa-
tion seeking process by depending on specific sources for specific
types of information and their choices were often driven by the
information gain from these sources. We  discussed mechanisms of
enriching the clinical information space and supporting the clinical
decision-making and reasoning tasks to improve the information
seeking process.
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