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 Introduction

Human information seeking is driven by their need to satisfy their various needs [1] 
related to specific tasks and activities. The effectiveness of information seeking is 
critical in achieving high throughput and efficiency. Nevertheless, given the pleth-
ora of available data it is impossible to effectively focus on specific data – cognitive 
barriers such as information load, memory capacity and strategies significantly 
affect the effectiveness of information seeking and gathering. While much is known 
about the information needs and sources of information that are typically used by 
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clinicians (both physicians, nurses and other healthcare professionals) [2–6] very 
little is known about the processes and mechanisms that underlie the clinicians’ use 
of the information sources. Additionally, most of the prior work on information 
needs and use has been conducted in primary care settings.

The process of information seeking is likely to be significantly different in the 
highly information-intensive and collaborative environment of critical care, where 
clinicians are face the arduous task of finding the right information to complete their 
tasks in a timely manner. Additional challenges arise due to the significantly col-
laborative nature of critical care work that requires significant interaction between 
the clinicians to manage a smooth and efficient patient care process. For example, 
patient information is often added to a central patient record repository by different 
clinicians – attending physicians, residents, nurses and other support personnel. As 
a result, when a physician has to develop a concrete understanding of the patient’s 
Fig. 18.1 shows how different clinicians incorporate information into a patient’s 
chart and how they have to locate the relevant information for making diagnostic 
and management decisions (dotted lines show the trace of the relevant information 
that is abstracted for diagnosis decisions). As highlighted in Fig. 18.1, the distrib-
uted nature of information organization in critical care settings has significant effect 
on the process of information seeking including: (a) increased patient diagnosis 
time resulting from longer time for filtering and organizing information. This leads 
to inefficiencies in diagnosis and decision-making. (b) Additionally, it also increases 
the potential for the loss of information when the necessary information cannot be 
found in a timely manner, consequently, increasing the potential for errors, and (c) 
the presence of multiple sources of similar information results in redundancy of 

∗

∗ ∗

∗

(

∗

∗

∗
&

&

!
@

@

+

+

+

+ +

+

-

-

-

-

$

$ #

#
#

#

# %

Clinical information
organization

Sources of information

Physicians (attending,
fellows, residents)

Nurses, RTs,
pharmacists

Consultants

Monitors

Diagnosis
management

teaching

Clinical information
needs

Diagnostic or management
decision
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available information and also increases the need for the physician to constantly 
switch among these resources to find appropriate information for their needs. In this 
chapter, we investigate how such challenges manifest during clinical information 
seeking tasks for making patient diagnosis decisions in critical care.

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) 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.

 Method

This section describes the setting, participants, data collection, and data analysis 
that were used for this study. A detailed description can be found in [7].

 Setting and Participants

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” [8] 
MICU (medical intensive care unit) managed by intensivists. In the unit, both paper 
and electronic charts were simultaneously maintained and used for patient care 
documentation (See Table 18.1 for a description).

Eight (n = 8) MICU physicians participated in the study (6 attending physicians, 
1 third-year resident, 1 clinical fellow). Given their training status, the data from the 
third-year resident was not used for our analysis. The Institutional Review Board 
(IRB) approved the study.

 Procedure

Participants were asked to walk through the steps needed to create a clinical sum-
mary reviewing the details from a single patient case using information from charts 
(electronic and paper), and interactions with other clinicians. Clinicians verbalized 
(“thought-aloud”) the relevant information related to their actions [9]. For example, 
the participants demographics and history were described (e.g., “this is a 34-year 
old African American male with a history smoking related issues”). The participants 
also nominally mentioned the sources from which they gleaned the information 
(e.g., “on resident notes”) and their rationale as to why the considered information 
was important. Verbal think aloud techniques are commonly used in biomedical 
informatics research (e.g., [10, 11]) and are powerful mechanisms for developing 
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insights on human cognition and decision-making. At the end of their information 
seeking process, participants provided a clinical summary of the patient where they 
described the patient case followed by their assessment and plan for that patient. 
Each verbal report was audio recorded and then transcribed for further analysis.

 Data Collection

All data collection sessions were conducted after morning rounds (late morning or 
early afternoon) between October and December of 2010. 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 3 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 differ-
ences between the sepsis and renal failure cases, our clinical research collaborators 
ensured that the patient mix was similar across the 3 days.

Table 18.1 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, physical 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 time (24 h). Also, some other test results 
such as glucose that are done at the bedside by the nurse.

T.G. Kannampallil et al.
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For each session, one researcher wrote down detailed notes regarding the 
 physician actions, sources used, and clinical personnel they interacted with and all 
other task related activities. Simultaneously, the second researcher captured the 
duration of each action (or task) using an iPad application [12]. The application 
provided a simple touch-based mechanism to capture the duration of access of each 
source (e.g., resident note, see Fig. 18.2) using a pre-created template of sources and 
sub- sources. The time captured from the iPad-recording was verified by comparing 
it with the time on the audio recording. Verbalized transitions (e.g., “now I am going 
to look at the resident notes from today’s rounds”) assisted partially with the 
 reconciliation across sources.

 Data Analysis

Audio recordings and field notes were transcribed and then verified by a physician 
collaborator for accuracy and completeness. Data from these recordings were orga-
nized into a structured format shown in Fig. 18.3. The columns represent the type 
of information source (paper or electronic), information sub-source (e.g., resident 
note), time at which the source was accessed, the information category (e.g., his-
tory and physicals from resident note, based on categories provided in Table 18.1), 

Fig. 18.2 iPad application used for data collection
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the information sub-category the physicians were using (i.e., based on their 
 verbalization) (e.g., problem list from their history and physical), and finally, the 
patient- specific medical information that was referred to as an “information unit.” 
The category and sub-category of information were based on suggestions by our 
clinical collaborator to organize information. 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.

In analyzing the data, we first separated the sources into paper and electronic 
categories. Following the division into this format, for each source (e.g., resident 
note or attending note), we identified the content including number of unique men-
tions of information that was verbalized from that source. For example, in Fig. 18.3, 
from the resident’s note the physician noted the following patient-condition related 
information: heart disease, renal failure and ESRD (provided in the “information 
unit” column). Further description of the identification and use of “unique men-
tions” of information is provided in the data analysis section.

 Rate of Information Gain: Time Utilization for Information Seeking

In addition to evaluating the time spent on documentation and utilization of medical 
knowledge categories, we computed the information gain and utility of the retrieved 
information. Overall rate of information gain is a measure of the total information 
gathered from the various sources over a period of time. Based on the number of 
information units gained from each sub-source and the time spent, we computed the 
overall rate of information gain, Go

 
G

Total no.informationunits in sub - source

Time spent on sub - souro =
cce  

Here, the sub-source would include categories mentioned in Table 18.1 and an 
information unit was the clinically relevant information provided in the “informa-
tion unit” column in Fig. 18.3. Go provides a measure of the overall rate of informa-
tion gained from a source.

An important aspect of information rich environments is that repeated occur-
rence of information reduces the potential value of that information. That is, when 
the same information is encountered multiple times within the same document, its 
relative value for the reader decreases. This is the basis of Charnov’s marginal value 

Information source

Paper Resident note 3.3 Resident H & P Age Heart disease

Renal failure
ESRD

Problem list

Information sub-source Information sub-category Information unitInformation categoryStart time

Fig. 18.3 Transcribed format: the columns show the source, time at which the source was first 
used, the specific source category (e.g., resident note), the patient-specific medical information 
(in the “detail” column)

T.G. Kannampallil et al.



395

theorem [13–15]. Detailed analysis of the use of marginal value theorem and its use 
in information use in a variety of decision making settings can be found in Pirolli 
and Card [1] or in Pirolli [16, 17]. Information gain has implications for the choice 
of sources that are used for information gathering. While a source may contain 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 relative rate of informa-
tion gain [18] 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 information. The assignment of weights was done in the fol-
lowing 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 that was not repeated within the same sub- 
source but in a different sub-source was given a score of 0.75 (medium utility infor-
mation). For example, if the heart disease was first mentioned in a resident note, and 
then repeated in the attending note (i.e., a different source), the second time it was 
used, it was given the lower score. Patient-condition related information that was 
repeated within the same source (e.g., heart disease repeated within same resident 
note again) was given a score of 0.5 (low utility information). The scoring mecha-
nism was based on a modified version of Charnoff’s marginal value theorem. 
Relative rate of information gain [18] was computed by dividing the information 
gain per sub-source, by the time spent on utilizing that source. An example of how 
the information gain was computed is shown in Table 18.2.

In our scoring mechanism, while we did weight the uniqueness of information 
we did not consider the relative importance of a piece of information. For example, 
information regarding a patient’s age is perhaps less important than their past his-
tory of MI for a patient presenting with chest pain (age may also be a factor is the 
patient is older). While, considering the relative importance of each patient- 
condition related information would greatly improve our information-theoretic 
analysis, information importance or relevance is highly variable (by both condition 
and across participants). As such, we did not consider it in our current analysis.

 Structure of Medical Knowledge

The patient-related detail (see “Information Unit” column in Fig. 18.3) was cate-
gorized using the medical knowledge framework [19, 20]. It provides an episte-
mological framework for characterizing the knowledge used for clinical 

Table 18.2 Calculation of the rate of information gain and relative rate of information gain

Sub-source

Info. 
units 
(IU)

No. of 
new IU

Repeat 
(within- 
source)

Repeat 
(across- 
source) Total info. gain

Time 
spent 
(s)

Rel. info  
gain [17]

Resident 
note

27 24 3 0 [24 * 1 + 3 * 0.5] = 25.5 158 [25.5/27]/158 = 0.005

18 Sub-optimal Patterns of Information Use



396

comprehension and problem solving, and represents a formalization of medical 
knowledge. The framework differentiates the levels at which a physician orga-
nizes the available knowledge and provides insights into the clinical practitioners’ 
medical knowledge. We have utilized similar approaches to describe physician-
patient interactions [21], diagnostic reasoning [22, 23], nature of clinical expertise 
[23] and clinical comprehension [24]. We utilize the framework to categorize and 
understand the nature of information that is retrieved by physicians during their 
information seeking process. This also aids in developing an understanding of the 
clinical reasoning processes that underlie the information seeking process.

The hierarchical framework consists of five levels of medical knowledge, with 
empirium at the lowest level, followed by observations, findings, facets and diag-
noses at higher levels. Empirium corresponds to basic description of sensory 
information and often contains no medical interpretation (e.g., skin color). 
Observations are perceptual categories and require medical knowledge for inter-
pretation. For example, a patient reporting dry skin or chest pain during a physi-
cian encounter. Findings are groups of observations that are interpreted in terms of 
their clinical significance. For example, shortness of breath is interpreted within 
the context of a myocardial infarction. Facets refer to cluster of findings indicating 
a medical condition or a cluster of conditions (e.g., embolic phenomena are inter-
preted from a cluster of chest pain, DVT in calf muscles and V/Q). The clustering 
of findings together helps in exploring a particular condition (i.e., embolic phe-
nomena) while ignoring others. These represent general pathological conditions 
and help the clinician to partition the diagnosis problem space. The diagnosis level 
is the highest level with known therapeutic or explanatory models. The diagnosis 
category subsumes all the previous categories. As reported elsewhere (e.g., [25]), 
this hierarchy 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 deci-
sions 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 exces-
sive sweating would be considered as observations in the framework. The presence 
of a deep vein thrombosis (DVT) through a Doppler scan is a finding that is devel-
oped from a preliminary observation of leg swelling. These deductions (along with 
other evidence) can lead the physician to reach an intermediary conclusion regard-
ing the presence of embolic phenomena in the patient. The final stage is the diagno-
sis 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 18.3.

All transcripts were coded using the knowledge categories provided in Table 18.3. 
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 
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 medical degree). There was a high degree of agreement between the coders, and any 
discrepancies in the coding 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, relative rate of information gain, medical 
knowledge categories) were analyzed using paired t-tests.

 Results

 Qualitative Evaluation: Information Seeking Process

First, we provide a brief overview of the information seeking process in the MICU. 
Similar to what was reported in prior studies (e.g., [26–28]), we found that informa-
tion was distributed among various sources: paper and electronic records, monitors, 
and people (nurses, pharmacists, respiratory therapists, and residents). During their 
information seeking process, physicians gathered information from paper charts, 
electronic records, through patient evaluation, and indirectly, from other clinicians 
involved in the care process. Based on our field notes and observations, we found 
that paper charts were used as the information source that contained notes by 
 residents at patient admission, attending notes and summary, orders, tests, and other 
administrative material. While paper records were information-rich and mostly 
 current, they provided the physician only a snapshot view of a patient. Most of our 
participants also described that the updates to the paper records were manual and, 
hence slow. As one of our participants noted, “I usually cannot depend on the paper 
charts for the most updated information…these are usually slow in getting 
up-to-date”.

Table 18.3 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 underly-
ing problem or class of problems, often 
reflecting pathological descriptions 
(“interim hypothesis or constructs”)

Embolic phenomenon

Diagnosis Subsumes all previous levels Pulmonary embolism

18 Sub-optimal Patterns of Information Use
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In contrast, electronic charts contained updated information about test results, 
information from bed-side monitors and vitals. Electronic records were often used 
in conjunction with the paper charts to “fill-in” information that is often unavailable 
or missing in the paper charts. Several participants mentioned that they had to go 
back and forth between both sources to find the most up-to-date information, 
“you just learn to figure out where to find the most updated information. It may be 
idiosyncratic but you develop habits and preferences.” For example, we observed 
that the physicians sometimes switched back and forth between paper and elec-
tronic charts to find some pertinent information regarding a patient condition (or 
status). Most often, this was to determine whether there were updates regarding a 
lab test or X-ray. In addition to serving as an electronic data storage, electronic 
records also afforded flexible mechanisms for visual representation (e.g., zooming 
of x-ray images), alternate mechanisms for information representation (e.g., using 
graphs to visualize trends or comparisons) and structured organization of informa-
tion content (e.g., orders, lab results are organized in separate tabs). As one of our 
participants observed, “I have to use the electronic charts for certain things..such as 
graphs and charts as it is gives the flexibility to manipulate and view from different 
perspectives.” Physicians also interacted with clinical support staff including 
 fellows, residents, nurses, and respiratory therapists to update their knowledge 
about the patient’s current condition.

The distributed nature of information led to a fragmented process of information 
seeking, aggregation and organization. Physicians differed in the order in which 
they utilized the various information sources. While, most physicians started their 
diagnosis process with the paper chart others depended heavily on the electronic 
charts for patient related information. While the use of electronic records and 
patient interaction were an integral part of all physicians information seeking pro-
cess, the use of paper charts and interactions with other clinicians depended on 
several factors including complexity of the patient case, familiarity with the patient 
case, physician’s personal preferences, and the patient LOS in the MICU. Based on 
our analysis, we found that the information seeking process to be exploratory, 
cumulative, and iterative (this is further discussed in the section “Discussion”). The 
information sources and a preliminary framework of physician information seek-
ing during clinical decision-making tasks is shown in Fig. 18.4. The figure shows 
three separate sources (and modalities) of information that differ in the nature, type 
and structure of available information. The arrows between the sources shows the 
iterative nature of the utilization of information for clinical decision making 
process.

 Quantitative Evaluation: Structure of Information Seeking

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

T.G. Kannampallil et al.
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 Time Spent on Information Sources

There was no significant difference in the overall time spent on paper when 
 compared to electronic charts (Melectronic = 661.3 s, Mpaper = 528.3 s, p = 0.296). 
As expected, more time was spent on evaluating the physician notes (both attending 
and resident notes) on the paper record than on the electronic record (t(6) = 2.38, 
p = 0.05). Meanwhile, significantly more time was spent on electronic records for 
retrieving information regarding orders, medications and laboratory results.

 Rate of Information Gain from Various Sources

The overall rate of information gain, Go, was greater for paper records when com-
pared to electronic records (t(6) = 3.262, p < 0.005). The relative rate of information 
gain, Rg, was marginally greater when using electronic records (t(6) = 1.89, p = 0.1). 
More specifically, the relative rate of information gain for attending notes, 
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 medications and orders/labs was significantly higher in an electronic format. 
The differences in the other sub-sources were marginal (or non-existent). Figure 18.5 
shows the differences between paper and electronic records based on the relative 
rate of information 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 interfaces. This was not particularly surprising as prior 
research has shown the positive effect of structured representation on human 
 cognition [29]. For example, tables and graphs aid in easier interpretation and 
 comprehension of information.

 Optimal Rate of Information Gain

From our data, we computed the optimal time spent on a resource that resulted in 
the highest rate of information gain. This was computed by aggregating the rate 
of gain of information for each source per document plotting against time 
(see Fig. 18.6) on a log-log scale.

In the figure, the light-shaded line (marked “data line”) shows the rate of gain of 
information. The dark-shaded line (marked “trend line”) shows the best-fit trend 
line based on the available data. The slope of the trend line gives the optimal time 
spent within a data source with maximum information gain. The x-axis and y-axis 
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represent the time spent on a resource and rate of information gain respectively 
on a log-scale. From our data, this optimal time spent (t*) to be around 80 s.

We found that physicians spent around 80 s predominantly on orders/labs 
 (electronic), pre-ICU notes (paper), and bedside information/flow sheets (paper). 
In other words, the optimal time spent for highest information gain, was achieved 
for those sources that had high rate of information gain (see Fig. 18.5 for sources 
that had the highest rate of information gain). The optimal time spent (t*) was based 
on a small data set for specific disease conditions and using the format at our 
study site. We also found that physicians spend significantly more time on resident 
notes (mean =240 s) and attending notes with lesser rate of information gain 
(see Fig. 18.6).

 Knowledge Utilization from Various Sources

There were no differences in the overall utilization of the medical knowledge cate-
gories across paper and electronic records (t(6) = −0.22, p =0.83). The distribution 
of medical knowledge categories across paper and electronic records is shown in 
Fig. 18.7. Nevertheless, there were nuanced differences in the individual knowledge 
categories. We found that there was significantly more retrieval of medical knowl-
edge 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 
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information 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 information 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 medical knowl-
edge 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 find-
ings 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, medication lists and laboratory results are organized in a 
structured template in electronic charts that aids in quicker reasoning and abstrac-
tion of information within the context of the clinical problem. While we cannot 
show causal association, this points to the fact that the organization of information 
potentially drives the reasoning process. We discuss this further in the next section.

 Discussion

We investigated information seeking behavior of physicians during clinical decision- 
making, focusing on the time spent on various sources from which the information 
was retrieved, the relative information gained and the structure of medical 
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knowledge retrieved from the various sources. We found that physicians spent 
 relatively equal amount of time on electronic and paper records for retrieving infor-
mation 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 findings is the principle of 
local optimization during the information seeking process. Physicians optimized 
their information seeking process by accessing resources that they believed maxi-
mized their information gain and aided in their medical reasoning and decision- 
making process. In other words, the information seeking process was driven by the 
socio-technical organization within the environment. This led physicians to depend 
on certain resources for certain types of information (e.g., orders and labs on elec-
tronic charts as they were highly structured). Information sub-sources that had 
higher information gain were utilized for retrieving certain information. For exam-
ple, we found that patient medications and orders for laboratory tests and labs were 
retrieved from electronic records. These information sub-sources (medications and 
orders) were highly structured and allowed for easy access and retrieval. In the same 
vein, paper charts were used for retrieving basic information regarding patients (of 
type empirium, e.g., age). Additionally, higher-level medical knowledge (e.g., find-
ings) was more easily retrieved from structured sources leading them closer to clini-
cal diagnosis.

Such a process of contextually-centered information seeking has several 
 disadvantages: first, it requires significant switching between resources leading to 
loss in time and effort; Second, considerable amount of expertise and experience is 
necessary before a physician settles on a successful search process and strategy; and 
third, there is no uniformity within this process across physicians 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 seek-
ing process (in any environment) involves an organic adaptation to the environment 
that leads to learning appropriate and potentially efficient mechanisms for informa-
tion seeking. While physicians showed marginal difference in the relative rate of 
information gain across paper and electronic charts, the significant nuances within 
individual information sub-sources (e.g., paper for lower level information and 
electronic charts for structured information) showed the propensity 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 utilized.

While global optimization strategies are potentially unachievable in complex 
critical care settings, integrated systems that simultaneously support the cognitive 
and reasoning processes of physicians are likely to be highly beneficial. We discuss 
design implications that can potentially mitigate the inefficiencies of the local 
 optimization during information seeking.
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 Enriching the External Representation

One of the important drivers for physicians depending on certain sources for certain 
types of information is the ease of retrieving information from these sources. For 
example, we found that significantly more unique information was gained from 
electronic records than paper records. As previously described, this effect was 
likely due to the structured representations in electronic records (for example, 
tables and charts). In contrast, during our observation sessions we found that physi-
cians relied on the paper charts for reading through the notes (and briefly looked 
over the typed electronic notes). As one of our participants observed, “I like to get 
an overall view of this patient from the paper chart and then I can look at the tests.” 
This was likely due to the fact that electronic charts did not offer any specific advan-
tages for reading the physician notes (for example, highlighting key events or infor-
mation in the notes) while the paper notes afforded easy perusal through annotation 
and markups. Augmenting some of the electronic notes by increasing its afford-
ability for quick reading and evaluation is likely to increase the efficacy of using 
electronic notes.

The concept of enrichment of a source is derived from information foraging 
 theory [17, 30] where the rate of gain of information from a resource can be 
improved by providing better mechanisms for information identification and 
retrieval. For example, organizing laboratory test results in a tabular form (with 
graphical plotting) helps in quicker retrieval of information than a listing of values. 
Providing mechanisms for structured enrichment, such as highlighting key results 
or important aspects of the past medical history, can potentially improve the rate of 
information retrieval and correspondingly lead to quicker and more accurate deci-
sions. Similar results have also been reported by Sharda et al. [31] who found that 
enrichment of psychiatric narratives through structured presentations (e.g., through 
highlighting key concepts) led to expert-like clinical comprehension among novice 
clinicians. As we move towards complete electronic adoption by 2014, the impor-
tance of enriching aspects of Electronic Health Record (EHR) use is very 
important.

 Supporting Clinical Decision Making and Reasoning

Based on our observations, we found that the information seeking process was 
exploratory, cumulative, and iterative. During information seeking process physi-
cians had to constantly find and re-find information from multiple sources to con-
firm or invalidate their various hypotheses. In particular, physicians depended on 
certain sources for certain types of information resulting in them returning to previ-
ously encountered information for confirmation. For example, most physicians 
viewed imaging on the electronic charts and often returned to the paper charts to 
verify and confirm their deductions from the imaging results. Such a process led to 
the iterative back-and-forth switching between multiple sources (a process driven 
by the contextual organization of information). Such switching increases the 
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cognitive load on physicians to effectively filter the information for diagnostic 
 reasoning and decision-making [10, 20].

In addition to the switching, the nature of the information across sources that was 
utilized by physicians was inherently different: we found that physicians retrieved a 
significant amount of lower level medical information from paper records. This 
points to a data-driven approach to reasoning about the clinical case (e.g., [21]). In 
contrast, the presence of significantly more high-level medical information of type 
“findings” suggests a hypothesis-driven reasoning strategy while using the elec-
tronic records. While expert clinicians can effectively manage such switching for 
routine cases, it can pose significant challenges for a novice (e.g., medical student) 
or intermediate (junior medical resident) level physicians [32].

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 reason-
ing strategies were a combination of both data- and hypothesis-driven strategies. 
For effective development of systems and tools that support clinical reasoning and 
decision-making within the complex critical care domain, designers need to 
 consider the clinical workflow and the socio-technical aspects within the design 
process [33].

Based on our evaluation and analysis, we found that the information seeking 
process is exploratory, cumulative, and iterative. During information seeking pro-
cess physicians had to constantly find and re-find information from multiple sources 
to confirm or invalidate a hypothesis. In particular, they depended on certain sources 
for certain types of information and this resulted in physicians requiring to return to 
previously encountered information to confirm the information that was previously 
gathered. For example, most physicians viewed imaging on the electronic charts 
and often returned to the paper charts to verify and confirm their deductions from 
the imaging results. Such a process led to the constant iterative back-and-forth 
switching between multiple sources.

As described elsewhere [10, 34, 35], information filtering occurs during diag-
nostic reasoning and requires significant cognitive effort from the physician. The 
distributed nature of information in critical care created extra information load: 
both in terms of finding the appropriate information and in using the appropriate 
resource to find the right information. Hence, even with the availability of struc-
tured electronic records, most physicians preferred to switch between the resources 
to find information necessary for making their decisions. Such switching added 
extra time and steps to their tasks, consequently, decreasing the efficiency of their 
work.

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 
viability 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 clini-
cians sought and retrieved information. It is possible that the information gain and 
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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. Nevertheless, 
we believe that our study is a first of its kind that investigates the information seek-
ing process from an information-centric perspective providing insights into the 
rationale behind the strategies adopted during the information seeking process.

 Directions for Future Work

In this chapter, we discussed an information-theoretic approach to evaluating 
 information seeking practices among clinicians. As previously discussed, the 
 process of information seeking in clinical environments is not well understood – an 
understanding that can potentially have significant effect on clinical and manage-
ment outcomes. For example, differences that exist in the information seeking 
 practices of experts (e.g., attending physicians) and novices (e.g., interns or medical 
students) can have significant consequences for a number of things including the 
design of health information technology that supports clinicians’ activities, cogni-
tive load during work activities, and the management of clinical workflow.

In an ongoing exploratory study, we investigated the differences in processes and 
strategies of information seeking between residents and affiliate providers (nurse 
practitioners [NPs] and physician assistants [PAs]). Initial results from the study 
showed fundamental differences in the information seeking strategies of residents 
and affiliates: residents predominantly utilized a patient-based approach of aggre-
gating all relevant information for one patient at a time. In contrast, the affiliates 
used a source-based approach in which similar (or equivalent) information was 
aggregated for multiple patients at a time (e.g., x-rays for all patients).

Similar studies that explore the information seeking strategies of clinicians 
 during various critical clinical activities (e.g., handoffs) can provide significant 
insights are multiple levels: understand the information needs, characterize the chal-
lenges faced during information seeking, the tools (or technology) that can poten-
tially support these activities, potential for errors or missed information and other 
socio- technical issues.

 Discussion Questions

 1. What are some of challenges that clinicians face for information gathering in 
critical care environments? How can we mitigate the effects of such 
challenges?
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 2. What role does health information technology play in mitigating the  information 
overload challenges? What technological support can aid the  streamlining of the 
information seeking in clinical workflows?

 3. The use of electronic health records (EHR) has been shown to affect clinical 
reasoning relative to paper charts. How does the use of EHR as a primary data 
gathering (information seeking) tool affect the reasoning process? Are there any 
detrimental effects?
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