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Summary
Background: Important barriers to health information exchange (HIE) adoption are clinical workflow disruptions and troubles with the system interface. Prior research suggests that HIE interfaces
providing faster access to useful information may stimulate use and reduce barriers for adoption;
however, little is known about informational needs of hospitalists.
Objective: To study the association between patient health problems and the type of information
requested from outside healthcare providers by hospitalists of a tertiary care hospital.
Methods: We searched operational data associated with fax-based exchange of patient information (previous HIE implementation) between hospitalists of an internal medicine department in a
large urban tertiary care hospital in Florida, and any other affiliated and unaffiliated healthcare
provider. All hospitalizations from October 2011 to March 2014 were included in the search. Strong
association rules between health problems and types of information requested during each
hospitalization were discovered using Apriori algorithm, which were then validated by a team of
hospitalists of the same department.
Results: Only 13.7% (2 089 out of 15 230) of the hospitalizations generated at least one request of
patient information to other providers. The transactional data showed 20 strong association rules
between specific health problems and types of information exist. Among the 20 rules, for example,
abdominal pain, chest pain, and anaemia patients are highly likely to have medical records and
outside imaging results requested. Other health conditions, prone to have records requested, were
lower urinary tract infection and back pain patients.
Conclusions: The presented list of strong co-occurrence of health problems and types of information requested by hospitalists from outside healthcare providers not only informs the implementation and design of HIE, but also helps to target future research on the impact of having access to
outside information for specific patient cohorts. Our data-driven approach helps to reduce the
typical biases of qualitative research.
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In the United States, people suffering from chronic health conditions constitute 49.8% of the adult
population [1], and they consume 84% of the health care expenditures [2]. For people to achieve a
safe, effective, and efficient health care, a coordinated effort is often required among unaffiliated
providers. Lack of care coordination may lead to medication errors, avoidable hospital readmissions,
duplicated testing, and delays in understanding the patient condition [3–10]. Since 2009, to support
improvements in care coordination, the federal government has been stimulating the adoption and
use of health information exchange (HIE). However, recent studies report HIE adoption across hospitals is still low [11, 12]. As noted in the systematic review by Rudin and colleagues, one of the important barriers to HIE adoption are clinical workflow disruptions and troubles with the system interface [13]. Several authors claim better-designed interfaces for HIE systems would stimulate its
usage since clinicians will have quicker access to useful patient information [14–16].
To improve HIE systems, it is imperative to understand physician information needs from outside health care facilities. Healthcare providers are increasingly constrained by the time they have to
diagnose and treat patients, while trying to both follow evidence-based recommendations and consider the unique needs, characteristics, and preferences of the patients [17–22]. Given that the
voluntary usage of additional information sources, such as HIE, can be discouraged by time constraints [23], there is a need to make the information displayed on HIE systems more valuable than
the opportunity costs. For instance, screen redesign, single sign-on, enhanced record searches, or
eliciting user needs could all be means to address the need. Additionally, the expected benefits of
HIE might be fruitless if clinicians do not have access to a system that takes into account users’
unique needs, cognitive tasks, and workflow processes [24]. However, there is no clear understanding and agreement of what data elements are needed from outside health care facilities to assist
physicians in their decision-making [25]. Therefore, the information needs of the physicians are
needed to inform the design and deployment of the HIE and health IT policy. Most of the published
studies on physicians’ information needs have focused on the communication between hospitalbased (i.e. hospitalists) and primary care physicians [26]. However, in the context of HIE, the information sharing will include a bigger spectrum of healthcare providers. The communication between
hospitalists and primary care providers has particular perspectives that may influence information
needs and resource preferences.
Additionally, the collection of meaningful data on information needs may be problematic.
Beyond the usual drawbacks of surveys and interviews, physician self-assessments of informationseeking behavior can be unreliable. For example, physicians may be unaware of their needs at the
time of applying the self-assessment instrument. The information channels they use and their methods of using them, which are influenced by study habits adopted as early as medical school or college, may not provide the most efficient, accurate, and comprehensive information necessary for
medical decision-making [27]. Many physicians are unaware of, or uncomfortable with, ever-evolving sources of information. In previous years, investigations have used questionnaires [28–32] and
interviews [33–36] to shed light on physician’s sources of information and how these influence
workflow. Unfortunately, limited conclusions can be drawn from these data due to limitations in the
internal validity and generalizability. In many of the investigations, for example, less than 50% of the
sample population participated in the study.
This article reports the results of a study to document hospitalists’ information needs in a large
urban tertiary care hospital in Florida with no HIE functionality, and in planning stages for implementation. Our objective was to uncover associations between the health problems of the patient
and the type of clinical information requested from outside health care facilities. An attempt was
made to reduce selection and recall biases by mining a large number of data transactions from October 2011 to March 2014 of all hospitalists and residents working in the internal medicine department. Since other researchers have successfully used association rule learning (ARL) algorithms to
analyze healthcare data [37–39], we implemented the Apriori algorithm to discover strong associations between the patients’ health problems and the clinical information requested. The outcome of
our investigation will help HIE developers and implementers recognize commonly requested clinical information from outside health care facilities by specific health problems, and thereby prioritize
information display.
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2. Methods
The transactional data used in this study were collected from the Internal Medicine Department of
Tampa General Hospital (TGH) in Tampa, Florida. TGH is a 1 018-bed tertiary care hospital serving
over four million people from 23 counties in West Central Florida with no HIE functionality, and in
planning stages for implementation. During the study timeframe, there was no functional HIE in
the region where TGH is located, and thereby most of the health information transactions between
healthcare providers were performed via fax and telephone. A list of disease-information association
rules was mined from transactional data using the Apriori algorithm, and validated by senior internists working at the same department. Transactional data includes all types of clinical information
requested from outside healthcare providers during a patient hospitalization (denoted as outside
information, OI) via fax and telephone, which was then scanned into the patient’s electronic medical
record. Our approach comprised four major phases: data collection and pre-processing, association
rule building, post-processing and association rule selection, and clinical expert validation.

Our dataset included all hospitalizations from October 2011 to March 2014 with at least one request
for OI. The dataset was constructed with the list of health problems, and the list of OI requested in
each hospitalization. The list of health problems corresponds to the discharge problem list, which
are directly recorded by physicians during the patient hospitalization. We also collected demographic and clinical factors associated with each hospitalization. Independently, to assure consistency, three co-authors detected and corrected inaccurate health problem terms in the dataset. Any
discrepancies between the co-authors were discussed and resolved by consensus, and uncertainty
was referred to the fourth co-author.

2.2 Association Rules Building
We used ARL to discover strong associations between the health problems (antecedent) and OI
requested (consequent). Since previous investigations found HIE useful only in particular cases [40],
we hypothesize that a strong association between a health problem and an OI type indicates
important information need. Association rules are antecedents implying consequences of the form
X→Y, in our study, health problems implying OI requests. The association X→Y measures how likely
the event Y is, given X. We measured the quality of an association rule in terms of support and confidence, and the quality of an association rule in terms of lift. Support corresponds to the statistical significance of a rule given by the proportion of transactions in the dataset containing a given set of
health problems and OI types. A high support denotes a high popularity for the given set of health
problems and OI types. Confidence is a measure of a rule’s strength and is calculated as the conditional probability of the consequent given the antecedent, which is understood as the probability
that a health problem occurs if it is known that a particular OI type was requested. Lift denotes the
strength of the rule over the random co-occurrence of the antecedents and the consequent. Particularly, a lift greater than one implies the association between the set of health problems and the set of
OI types is more significant than if the two sets were independent. In our context, an association
rule with a lift value of two means that a physician who serves a patient with disease X is twice more
likely to request outside information type Y than the general physician, and similarly, the physician
who request Y is twice as likely to being serving a patient type X, since lift is a symmetric measure.
The stronger the association is – the larger the lift. In epidemiological terms, support and confidence
are related to the terms of prevalence and positive predictive value, respectively.
The association rules were mined using Apriori algorithm [41], which was executed in R using
the Arules package [42]. Apriori calculates a set of strong rules given an arbitrarily selected minimum value for support and confidence. The strategy behind Apriori is to decompose the task of
finding strong rules into two major subtasks; the frequent itemset generation and the rule generation. Frequent itemset generation finds those itemsets satisfying an arbitrarily selected minimum
support value. On the other hand, rule generation extracts all the high-confidence rules from the
previously generated frequent itemsets. These extracted rules are denoted as strong rules. Apriori
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algorithm assumes items within an itemset to be independent, and thereby it may disregard hidden
interrelationships among items. This is important when dealing with many real-world applications
since the data under study are usually far from being perfect. For example, a distributed information
environment with data being collected from different sources with imprecise and vague documentation methods. In our study, we assume that the dataset under study is precise and contain no
ambiguity. We support this assumption in the fact that all data collected for this study were documented by highly trained individuals in a single EMR system. More precisely, hospitalists document
the health problems during a hospitalization and coders from the hospital electronic medical records
department document the OI types received from outside healthcare providers.

Once the set of strong rules was generated, we selected those in which both of the following conditions were satisfied: at least one health problem was present in the antecedent, and at least one OI
type was present in the consequent. We denote these extracted rules as strong and potentially meaningful rules. Additionally, a chi-square test was utilized to determine the statistical significance of
each association rule, where the rule-corresponding two-by-two table is given by the cells X∩Y, Xc∩Y,
X∩Yc and Xc∩Yc where c refers to the complement of a given itemset. To facilitate calculations, we
used the results of [43] to derive the chi-square value of each rule in terms of its support, confidence,
and lift, and of the total number of data instances n. A p-value providing an upper bound on the
type I error (i.e. the risk of discovering a rule that is actually false) of each rule is then computed
from the chi-square value by consulting the chi-square distribution with one degree of freedom. Due
to the high risk of type I error inherent to ARL algorithms, we adjusted the p-values to control for
false discovery using an improved Bonferroni-type procedure: the Benjamini-Hochberg correction
method [44]. This method allows us to control type I error during the identification of statistically
significant rules in our exploratory study. Another approach to evaluating the statistical significance
of association rules is to test tentative rules on a validation dataset. However, this approach is problematic to use in exploratory studies, as in our context, due to the limited data availability. In our
study, we consider those rules for which the chi-square values lead to a corrected statistical significance level or type I error of 0.10 or lower to be statistically significant.

2.4 Clinical Expert Validation
We validated the set of strong and potentially meaningful rules with three internists from the TGH
Internal Medicine Department. To assure consistency, the three internists independently assessed
the set of rules generated by our research team. By consensus, any discrepancies between the internists were discussed and resolved. These validated rules are denoted as our final set of association
rules.

3. Results
3.1 Population and Dataset
Only 13.7% (2 089 out of 15 230) of the hospitalizations in the internal medicine department generated at least one request for OI. As shown in ▶Table 1, 50.7% of the patients were female, with 93.2%
English speakers followed by 4.5% Spanish speakers. Although 91.9% of the patients were admitted
through the emergency department, most of them (59.1%) had a primary care provider at the time
of their admission. The mean age was 53.5 years old, and the mean length of stay was 6.7 days.
Hospitalists from the internal medicine department under study do no routinely collect OI, and if
they do, the patient or their relatives have to authorize the released of patient information from outside healthcare facilities. As noted in ▶Table 2, 75% of the requests for OI are made within 22 hours
from patient admission and only 10% of the requests are made within one hour. Based on this data,
the OI requests were not part of a routine during patient admission, and they seem to play an important role, perhaps, when the clinical picture of the patient becomes less clear than initially appeared.
© Schattauer 2015
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The most common health problems and OI requested in the 2 089 hospitalizations under study are
presented in ▶Table 3. The majority of the requests for OI were from rather non-specific health
problems such as chest pain, 18.5%, abdominal pain, 15.1%, and dyspnoea, 9.9%. This pattern is
aligned with the patient population and clinical setting under study. On the other hand, the most
frequent OI requested were outside medical records with 77.9%, followed by laboratory test results
with 18.5% and imaging results with 18.2%. Important to note is that the frequency analysis presented in ▶Table 3 may result in overlap between the different classes of health problems and outside
information types.

The final set of association rules is presented in ▶Table 4. We fixed the minimum support at 2%,
minimum confidence at 75%, lift values greater than one, and the association rules had to have at
least one health problem in the antecedent and one OI type in the consequent. Clinically relevant
rules are presented in ▶Table 4. A total of 20 association rules were found to be clinically relevant, of
which the two with the lowest p-values (rules 3 and 16 in ▶Table 4) do not satisfy . By the Benjamini-Hochberg correction method, we concluded that since 0.01 = (2/20)0.1, these two results are not
statistically significant at the corrected level P<0.1. All of the rules were determined by chi-square
analysis and Benjamini-Hochberg correction not to be significant. Although our conservative
approach resulted in no statistically sound association rules, there seems to be a trend between
health problems and OI types for specific patient cohorts. For example, in terms of support, the
stronger association rules found are {abdominal pain → outside medical records} and {anaemia →
outside medical records}. That is, outside medical records are frequently requested for abdominal
pain and anaemia patients with a support of 12% and 10%, respectively. When requesting OI for abdominal pain patients, there is an 83% confidence of requesting outside medical records. Similarly
for anaemia patients, there is an 80% confidence of requesting outside medical records. The Internal
Medicine Department usually serves people carrying several chronic conditions as comorbidities of
an acute condition. Hence, most of the requests for outside medical records were for chronically ill
patients. Despite this fact, the collected data show acute cases such as lower urinary tract infections
typically trigger requests for outside medical records as well. For this particular patient cohort, there
is an 86% chance of requesting outside medical records. Other acute conditions found among the 20
strong association rules were patients with abdominal pain, chest pain, nausea, and vomiting.

4. Discussion
We sought to uncover the relationship between the patients’ health problems and the information
needed from outside health care facilities in a large academic medical center. ARL was used to mine
two and a half years of transactional data from the hospital EMR previous HIE implementation.
Although previous investigations have made valuable contributions to the knowledge base on informational needs of physicians and patterns of use of HIE systems [45, 46], most of them focus solely
on hospital and primary care provider communication. We construct on these investigations considering the entire spectrum from which a hospital physician (i.e. hospitalist) may request patient
records. With an increased number of handoffs between providers [47], due to the shift towards
hospital medicine, studying informational needs of hospitalists becomes essential for improving HIE
functionality, and thereby reducing barriers to adoption. We have also identified an important gap
in the literature – most of the HIEs are built and implemented without first performing a user needs
assessment. We believe HIE will be more successful if it is evaluated before, during and after implementation. To the best of our knowledge, there is no previous study serving as both needs assessment and baseline of informational needs prior to HIE implementation. Important to note is that
hospitalists working in the department under study identified specific situations where they know
outside information exists, but they do not request for records. For example, physician assumes the
OI request process takes too long or the patient does not know where to request outside information
from. These situations are amenable to HIE; therefore, physician OI request behavior may change
after HIE implementation. We plan on capturing these variations in a future study.
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Previous investigations suggest users have determined HIE is useful in some, but not all cases
[40]. Our results indicate those patients hospitalized with chest pain were the target of outside information requests to obtain EKG results and other imaging test results. Other patient cohorts that
were a common target of outside information requests were urinary tract infection patients and
back pain patients. Indeed, Bailey and colleagues found HIE usage was associated with 64% lower
odds of repeated imaging testing for back pain patients [6]. These findings can be translated into
HIE design recommendations; for example, HIE systems should provide one-click access to
imaging, echocardiograms, bacterial cultures, cardiac catheterizations and CT scans allocated in
other healthcare facilities for those patients with acute cardiac issues, urinary tract infection and
back pain. Not only did our results indicate which patient populations are more prone to have outside records requested, but they indicated where future HIE research should focus to elucidate the
value of information exchange among providers. Still, work lies ahead in elucidating whether or not
streamlined access to outside information improves medical decision-making for other patient
populations, and hence lower health care costs and improve patient outcomes. Future research
should focus on determining the effects of having quick access to outside information in those
patient cohorts previously unexplored; for example, urinary tract infection patients. Additionally, we
would like to point out that few hospital transfers and physician referrals were included in our study.
Since previous research found that incomplete patient records during transfers may lead to costly
duplicated testing [48], future investigations should focus on the role of HIE during the admission of
transferred patients.
A crucial step in improving information exchange between inpatient and other settings of care is
the discharge summary [49–51]. Although The Joint Commission on Accreditation of Healthcare
Organizations requires a discharge summary for every patient, usually, they do not provide timely
and sufficient information for appropriate care transitions [52–54]. Kripalani and colleagues, in
their 2007 systematic review of deficits in communication and information transfer between hospitalists and primary care physicians, infer that new health information technology and standardized
methods of information exchange bears particular promise to improve care coordination [26, 45].
Computer-generated summaries offer a quick way to present and highlight key elements of the hospitalization, and they are ready for delivery sooner than traditional summaries [55]. However, information needs and collection habits are not generic but instead vary among different types of physicians. Previous investigations found information needs and expectations of computers are influenced by specialty and practice setting [28, 33, 56, 57]. Future research must determine differences between informational needs due to a variety of factors that include the young physician’s lack
of experience with fundamental clinical principles and the senior physician’s lack of experience with
information technology.
We found few other studies analyzing informational needs in the context of information
exchange among healthcare organizations. Two studies, focused on the emergency department (ED)
and outpatient care settings, found most OI users accessed patient summary data displayed by
default in the HIE system followed by detailed laboratory and radiology information, which is consistent to what we found [58, 59]. We contribute to this body of research by focusing on the inpatient
care setting and hospitalists, who are key actors in coordinating the care of the patient within and
outside the hospital. Ozkaynak and Brennan, during direct observation of ED workflows, found
clinicians were more likely to request OI for admissions of chronic pain patients [60], which is consistent with our findings as well. However, during follow-up interviews, they found ED clinicians
requested OI to identify drug seekers, which may not be the same motivation of hospitalists. Further
research should explore hospitalists’ perceptions on the value of OI to support medical decisionmaking.
There are important limitations to our work. First, we do not know if information-seeking efforts
of hospitalists were successful. The collected transactional data have no information on whether or
not the user located the desired information. Important to note is that when OI arrives, hospitalists
must wait for the OI to be scanned into the hospital EMR to have access to the information. Therefore, the chances of having users receiving but not scanning the OI into the EMR are low. Second,
our study was restricted to a single hospital and thus a single EMR. However, most of the features of
the in-use EMR were the same as the majority of hospitals across the nation. Third, the results of this
work have limited generalizability in terms of the setting of care. Information users from other
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settings of care, even within the same hospital, may have different information needs. Yet, in the
presence of data, our methodological approach can be reproduced to elucidate information needs in
other clinical settings. Fourth, the usage of direct communication to verbally request OI (i.e. telephone call to the outside healthcare provider), which is then directly documented by the clinician in
the patient’s medical record were not included in this study. Finally, we did not address potential
confounding due to region characteristics (e.g. the number of unaffiliated outside healthcare providers and their electronic medical record adoption rates).

We proposed a new approach to studying informational needs of clinicians in the context of HIE. In
particular, we uncovered the relationship between health problems and the most critical information requested, from outside health care facilities, in an internal medicine department of a tertiary
care hospital. After data preparation, a set of disease-information association rules was built and
then validated by clinical experts. This knowledge should inform the design and implementation of
HIE in similar clinical settings, and in the presence of data, our approach can be used in other clinical settings as well. Our study contributes to filling the existing gap in knowing and understanding
the clinical information needs in the context of new health information technology. With better
knowledge of clinical information needs, it will become possible to conduct prospective studies of
the clinical benefit of providing doctors with decision support tools that meet their outside information needs. Evidence can then be collected on whether improved access to outside information will
result in more efficient or effective clinical decision-making or improved patient health outcomes.
The effectiveness of health information exchange can thereby obtain its most eloquent validation.
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N=2 089

No. (%)

Table 1 Demographic and clinical factors of hospi-

Female

1 059 (50.7)

talizations, with at least one request for clinical information from outside healthcare providers, in the
Internal Medicine Department of the Tampa General
Hospital.

Language preference
English

1 948 (93.2)

Spanish

94 (4.5)

Unknown/Other

47 (2.3)

Marital status
Single

1 361 (65.1)

Married

650 (31.2)

Unknown/Other

78 (3.7)

Have a primary care provider

1 235 (59.1)

Commercial

627 (30)

Medicare

817 (39.1)

Medicaid

465 (22.2)

HCHCP

137 (6.6)

Other

45 (2.1)

Downloaded by: Johns Hopkins University. Copyrighted material.

Payer class

Admission source
Emergency room

1 919 (91.9)

Physician-referral

84 (4)

Outside hospital

84 (4)

Other

2 (0.1)

Mean (SD)
Age

53.5 (17.3)

Length of stay

6.7 (10.0)

HCHCP: Hillsborough Country Health Care Plan

Quantile

Duration in minutes Duration in hours

100% Max

51 894

865

99%

18 456

308

95%

6 072

101

90%

3 534

59

75% Q3

1 309

22

50% Median

575

10

25% Q1

224

4

10%

49

1

5%

23

0

1%

0

0

0% Min

0

0
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Number of hospitalizations (%)

Table 3 Common health

Chest pain

387 (18.5)

Abdominal pain

315 (15.1)

Anemia

261 (12.5)

Dyspnoea

206 (9.9)

Hypertension

199 (9.5)

problems seen and outside
information types requested
during hospitalizations in
the
Internal
Medicine
Department of the Tampa
General Hospital.

Diabetes mellitus

195 (9.3)

Leukocytosis

182 (8.7)

Renal Failure

177 (8.5)

Vomiting

152 (7.3)

Nausea

150 (7.2)

Altered mental status

133 (6.4)

Fever

122 (5.8)

Cancer

109 (5.2)

Tachycardia

107 (5.1)

Hypotension

100 (4.8)

Lower urinary tract infection

97 (4.6)

Hypokalaemia

96 (4.6)

Hyponatraemia

92 (4.4)

Back pain

88 (4.2)

Syncope

88 (4.2)

Coronary artery disease

84 (4.0)

Pneumonia

81 (3.9)

COPD

78 (3.7)

CHF

76 (3.6)

GI bleed

75 (3.6)

Cellulitis

73 (3.5)

Headache

69 (3.3)

Alcohol abuse

69 (3.3)

Weakness

66 (3.2)

Others Diagnosis

325 (15.6)

Downloaded by: Johns Hopkins University. Copyrighted material.

Health Problems

Outside Information Types
Outside medical records

1 635 (77.9)

Outside laboratory results

389 (18.5)

Outside imaging results

382 (18.2)

Outside history and physical test results

255 (12.2)

Outside notes

206 (9.8)

Outside consultation

173 (8.2)

Outside discharge summary

164 (7.8)

Outside EKG results

153 (7.3)

Outside surgery or procedure notes

151 (7.2)

COPD: congestive obstructive pulmonary disease, CHF: congestive heart failure,
EKG: electrocardiogram, GI: gastrointestinal
© Schattauer 2015
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12%
10%
8%
8%
8%
7%
5%
4%
4%
4%
3%
3%
3%
3%
3%
3%
3%
3%
3%
2%

Abdominal pain →OMR

Anaemia →OMR

Dyspnoea →OMR

Hypertension →OMR

Diabetes mellitus →OMR

Renal failure →OMR

Cancer →OMR

Lower urinary tract infection →OMR

Hypotension →OMR

Back pain →OMR

Pneumonia →OMR

Chest pain, Outside imaging →OMR

Anaemia, Outside laboratory results →OMR

Abdominal pain, Nausea →OMR

Abdominal pain, Vomiting →OMR

CHF →OMR

Anaemia, Outside imaging →OMR

Hypertension, Diabetes mellitus →OMR

Abdominal pain, Vomiting, Nausea →OMR

Chest pain, Outside EKG →OMR

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

16

17

18

19

20

98%

85%

85%

94%

82%

85%

83%

93%

93%

89%

85%

83%

86%

88%

83%

82%

81%

79%

80%

83%

Confidence

1.25

1.08

1.09

1.20

1.04

1.09

1.06

1.19

1.19

1.14

1.09

1.06

1.09

1.13

1.06

1.04

1.04

1.01

1.03

1.06

Lift

48

55

57

58

62

63

63

68

71

72

75

83

83

96

147

159

162

163

210

261

N

0.23

0.05

0.06

0.28

0.01

0.07

0.03

0.29

0.31

0.18

0.11

0.05

0.12

0.34

0.18

0.10

0.10

0.01

0.09

0.57

Χ2

0.37

0.17

0.19

0.40

0.09

0.20

0.14

0.41

0.42

0.32

0.26

0.18

0.27

0.44

0.33

0.25

0.25

0.06

0.24

0.55

Uncorrected P-values
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OMR: outside medical record, CHF: congestive heart failure, EKG: electrocardiogram, BH-FDR: Benjamini-Hochberg false discovery rate

Support

Association Rules

ID

0.08

0.09

0.09

0.08

0.07

0.04

0.03

0.02

0.02

0.01

0.06

0.06

0.03

0.10

0.07

0.05

0.05

0.01

0.04

0.10

BH-FDR corrected p-values

Table 4 The strong association rules between health problems and types of information requested during hospitalizations in the Internal Medicine Department of the Tampa General Hospital.
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