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Abstract
Early detection of patients at risk seems to be effective for reducing the prevalence of lifestyle-related 
chronic diseases. We aim to test the feasibility of a novel intervention for early detection of lifestyle-
related chronic diseases based on a population-based stratification using a combination of questionnaire 
and electronic patient record data. The intervention comprises four elements: (1) collection of information 
on lifestyle risk factors using a short 15-item questionnaire, (2) electronic transfer of questionnaire data 
to the general practitioners’ electronic patient records, (3) identification of patients already diagnosed 
with a lifestyle-related chronic disease, and (4) risk estimation and stratification of apparently healthy 
patients using questionnaire and electronic patient record data on validated risk estimation models. We 
show that it is feasible to implement a novel intervention that identifies and stratifies patients for further 
examinations in general practice or behaviour change interventions at the municipal level without any 
additional workload for the general practitioner.
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Background

Interventions that contribute to a reduction in the increasing prevalence of lifestyle-related chronic 
diseases such as type 2 diabetes (T2DM), chronic obstructive pulmonary disease (COPD), and 
cardiovascular disease (CVD) are highly warranted.1 Reducing the prevalence of chronic diseases 
calls for primary disease preventive efforts such as health-promotion activities and early detection 
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of people at risk for lifestyle-related chronic diseases.2,3 Recent systematic reviews of general 
practice–based health checks suggest that people at high risk for a chronic disease may benefit 
from a targeted approach to health checks.4,5

To identify patients at high risk, the general practitioner (GP) needs systematically registered 
information on lifestyle risk factors in the electronic patient record (EPR).3,6–11 However, GPs in 
Denmark and elsewhere lack systematically collected information on lifestyle.12,13 This study aims 
to test the feasibility of a novel population-based risk stratification, comprising individual lifestyle 
intervention in primary care in Denmark for early detection of lifestyle-related chronic diseases 
using a combination of questionnaire and EPR data.

Methods

The intervention comprises four elements: (1) collection of information on lifestyle risk factors 
using a questionnaire with 15 validated items sent to patients listed with a GP, (2) electronic trans-
fer of questionnaire data to the GPs’ EPR, (3) identification of patients already diagnosed with a 
lifestyle-related chronic disease, and (4) risk estimation and stratification of apparently healthy 
persons using questionnaire and EPR data on validated risk estimation models (see Figure 1).

A total of 1200 individuals aged 39–59 years were randomly selected from the patient lists of 
four clinics in three regions in Denmark. No disease-related criteria for excluding a patient were 
defined prior to the study. Danish general practices are organized as publicly financed private clin-
ics with a list system and an average of 1600 patients registered per GP and two GPs per clinic. 
Approximately half of the practices have one GP.14 A total of 11 EPR systems for primary care are 
certified to comply with national standards for cross-sectional communication. All Danish GP clin-
ics have fully implemented EPR systems in daily practice. The four participating GP practices 
consist of two or three GPs. One of the practices is situated in a provincial capital city with 250,000 
inhabitants. The other three practices are in cities with populations of 3000 to 44,000 inhabitants. 
One practice is in an area mainly populated by persons with low socioeconomic status, another is 
in an area mainly populated by persons with high socioeconomic status, and the other two practices 
are located in areas with diverse populations. To increase the probability of reaching the aim of the 
feasibility study, the four clinics were chosen based on their former experience and engagement in 
research and quality development.

Collection of information on lifestyle risk factors using a questionnaire

The questionnaire was developed based on a literature search for validated questions used in the 
selected risk estimation models. Items on smoking habits, alcohol consumption, physical activity, 
weight, height, and family disposition for lifestyle-related disease (first-degree relatives >70 years 
of age) were drawn from the Danish National Health Survey.15 Items on diet were drawn from the 
Swedish National Guidelines for Disease Prevention and translated directly from Swedish into 
Danish as the two languages are very similar.16 Items on symptoms of COPD were drawn from a 
validated COPD population screener (PS),7,16 translated from English to Danish using forward and 
back translation, and pilot tested among fellow research colleagues (see Appendix 1 for an English 
version of the questionnaire).

Questionnaire logistics

A letter of invitation and questionnaire were sent by the Danish Quality Unit of General Practice to 
participating patients by regular mail on behalf of each patient’s GP. In the invitation letter, the 
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patient was invited to fill in the questionnaire on paper and return it by mail or to fill it in electroni-
cally using the survey software solution SurveyXact (www.datafabrikken.dk). The invitation letter 
stated the purpose of the study, that it was voluntary to fill in and return the questionnaire, and that 

Figure 1.  Flow diagram of the intervention.

www.datafabrikken.dk
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the respondent was consenting to participate when returning the questionnaire. Non-response trig-
gered a reminder after 3 weeks. The reminder was sent by regular mail. No further action was taken 
to increase the response rate. The participating GPs were consulted on the content and set-up of the 
invitation letter and questionnaire through mail correspondence and subsequent approval.

Transfer and synthesis of questionnaire and EPR data

The raw questionnaire data were processed to render them usable in a clinical context. Body mass 
index (BMI) was calculated based on self-reported weight and height (weight (kg)/height2 (m)), and 
a dietary score and a score on physical activity were calculated following the recommendations in 
the Swedish National Guidelines for Disease Prevention.16 The results from the questionnaire were 
subsequently transferred to the GPs’ EPR systems as electronic data interchange (EDI) messages. 
For each patient, an EDI text message similar to a hospital discharge letter was transferred to the 
EPR, and an EDI coded message similar to biochemical laboratory results was transferred to the 
laboratory scheme. The coded message consisted of codes from the International Union of Pure and 
Applied Chemistry (IUPAC)/Nomenclature for Properties and Units (NPU) nomenclature and 
specific national codes for cross-sectional electronic communication within the Danish health-care 
system. The NPU terminology is a coding system and terminology for identification and communi-
cation of examination results from clinical laboratories in the health area and is supported by the 
International Federation of Clinical Chemistry (IFCC)-IUPAC (Sub)committee on NPU.

The coded EDI message contained information on smoking behaviour, BMI, units of alcohol 
consumption per week, minutes of physical activity per week, dietary score, and risk scores 
together with the result of the stratification stipulating whether the patient had been recommended 
to consult the GP or not.

Identification of patients already known to the GP

In 2005, the computer program Sentinel Data Capture was developed for Danish GPs with the 
purpose of collecting data for quality development and research.17,18 Sentinel Data Capture is 
installed on a GP’s PC or server and is designed to collect patient-specific data from the EPR. The 
collected data consist solely of structured data such as Anatomical Therapeutic Chemical (ATC) 
therapeutic codes on prescribed drugs, National Health Service disbursement codes, IUPAC/NPU 
laboratory codes, and International Classification of Primary Care (ICPC-2) encounters. Sentinel 
Data Capture was first used to collect key patient-specific data on diabetes care and seems to have 
contributed to improved care of patients with diabetes in general practice in Denmark.18 The GPs 
have the possibility of using the whole range of ICPC-2 codes and are encouraged to assign ICPC-2 
codes to all encounters.

In this study, patients already diagnosed with a lifestyle-related chronic disease or conditions 
such as hyperlipidaemia and hypertension were identified using a combination of ICPC-2 codes 
and therapeutic ATC codes for prescribed medicine, together with the indication for prescribing the 
medicine. Adding both the ATC therapeutic code and the indication for prescribing the medicine 
increased the likelihood that the medication was prescribed for, for example, COPD and not 
asthma. Patients with COPD were identified using the ICPC-2 code R95 or the ATC code category 
R03BB04 (tiotropium bromide) or R03AC18 (indacaterol) together with the indication text 
‘obstructive’ or ‘COPD’ (see Table 2).

Patients identified by the validation algorithms were stratified to a group already known to be 
at risk for or have a lifestyle-related chronic disease and were as such assumed to be in some kind 
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of treatment, with either medication or behaviour change. These patients were not included in the 
subsequent estimation and stratification of people at risk for a lifestyle-related chronic disease.

Risk estimation and stratification of persons at risk

The subsequent stratification of persons at risk consisted of two steps. In the first step, patients at 
risk for a lifestyle-related chronic disease were identified using three validated risk scores: the 
COPD-PS screener, the Danish Diabetes Risk model, and the Heartscore BMI score.7,9,19 All three 
models identify people at risk based on lifestyle risk factors and current EPR information only. 
It is important to keep in mind that risk estimation models such as the above are not intended to 
diagnose diseases. Diagnosis of disease calls for further examinations.

A COPD risk score was calculated based on the COPD-PS screener algorithm.7 The COPD-PS 
screener uses an algorithm consisting of age, lifetime use of cigarettes, and symptoms from smok-
ing to identify patients who may be offered spirometry to examine for COPD. The diabetes risk 
score was calculated based on the Danish Diabetes Risk score,6 which uses an algorithm involving 
age, sex, BMI, known hypertension, physical activity, and parents having diabetes. The cut-off for 
being at risk for T2DM and COPD follows the recommendations in the Danish Diabetes Risk 
model and the COPD-PS screener, respectively. Patients with a COPD-PS score of 5 or above were 
considered eligible for spirometry. Patients with a diabetes risk score of 31 or above were consid-
ered eligible for HbA1c measurement.

Cardiovascular risk was calculated from the Heartscore BMI score,9 which uses age, sex, smok-
ing status, and BMI. The European Society of Cardiology recommends that this score be used to 
give a preliminary estimate of cardiovascular risk based on lifestyle risk factors alone, and as such, 
it is not a substitute for the full Heartscore. The Heartscore BMI score provides a figure for a 
10-year CVD risk in the same way as the full Heartscore. In this study, the cut-off for being at risk 

Table 2.  Validation algorithms.

Diagnosis Diagnostic code(s) ATC therapeutic code(s) for prescribed medicine and 
indicative text for the prescriptionsa

Hypertension K86, K87 or C0
*BT*, *bt*, *Bt*, *ypert*, *ldot*, *LODTR*, *lotr*, *lodptr*,
*bl. trykket*, *lodrtr*b

Hyperlipidaemia T93 or C10
*kolesterol*

COPD R95 or R03BB04 (tiotropium bromide), R03AC18 (indacaterol)
*obstruktiv*, *KOL*

Type 2 diabetes T90 or A10 (drugs used for diabetes)
*sukkersyge*, *diabetes*

CVD K74, K76c  

ATC: Anatomical Therapeutic Chemical; COPD: chronic obstructive pulmonary disease; CVD: cardiovascular disease.
a�The indicative text is in Danish and has not been translated as some indicative texts are only parts of the entire word 
and as such not translatable.

b�The reason for the large number of indicative texts is misspelling by general practitioners (GPs) when indicating the 
purpose of the prescription.

c�Diagnostic codes for ischaemic heart diseases are transferred to the GP’s electronic patient record (EPR) system when 
the patients are discharged from the hospital following an angina episode or stroke. ATC codes for prescribed medi-
cine will not provide further information.
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was established as a 5 per cent risk of dying from CVD within the next 10 years, which is the cut-
off for determining whether the patient may benefit from further examinations and possibly also 
pharmacological treatment.

When one or more of the risk estimation models indicated a risk for a lifestyle-related chronic 
disease, the patient was stratified to further examinations by the GP to confirm or invalidate a pos-
sible diagnosis or provide further information for planning a treatment, whether behaviour change 
or pharmacological treatment. Patients stratified for further examinations by the GP were not 
included in the second step.

The second step identified patients with an unhealthy lifestyle with one or more risk factors. An 
unhealthy lifestyle was defined as daily smoking, alcohol intake of more than 14/21 (male/female) 
units of alcohol per week, an unhealthy diet (diet score <4 on a 12-point score drawn from the 
Swedish National Guidelines on Disease Prevention),16 BMI >30, and/or physical activity 
<150 min/week. A patient with an unhealthy lifestyle with one or more risk factors was stratified to 
behaviour change interventions at the municipal level.

Finally, patients with no lifestyle-related chronic disease, no risk for a lifestyle-related chronic 
disease, and no unhealthy lifestyle risk factors were stratified to a group with a healthy lifestyle 
with no indication for further examination or intervention.

Ethics approval

The study was approved by the Danish Data Protection Agency. According to Danish regulations, 
approval from a health research ethics committee is not required for questionnaire surveys.

Results

Questionnaire response rates

A total of 1200 persons were selected for the study – 300 from each of the four clinics. Because the 
GPs receive a fee from the subsequent consultations, the Danish Consumer Ombudsman’s view is 
that this kind of proactive contact with patients listed with the GP falls under the Danish Regulations 
on Marketing. We were therefore obliged to respect people who have actively chosen not to receive 
marketing by mail. Some 62 persons had actively chosen not to receive marketing by mail, and 17 
persons had an unknown address. Hence, a total of 1121 persons received a questionnaire. Of 
these, 706 (63%) responded, 46 per cent at first contact and 17 per cent after one reminder. Of the 
706 persons who returned the questionnaire, 62 per cent returned it in an enclosed envelope. The 
remaining 38 per cent filled in the questionnaire electronically.

The response rates of women and men were 67 and 59 per cent, respectively, and the response 
rate increased with age. The response rate in the four clinics ranged from 58 to 66 per cent. Some 
685 persons filled in the entire questionnaire (see Table 3). The 21 persons who did not fill in the 
entire questionnaire were not included in the analysis.

Registration of lifestyle risk factors in GPs’ EPRs

Among the respondents, the systematic registration of smoking and BMI in the GPs’ EPR system 
was 17 and 23 per cent, respectively, prior to the intervention. Almost all respondents filled in the 
questionnaire, making it possible to increase the systematic registration of lifestyle risk factors in 
the EPRs up to 63 per cent (see Table 4).
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Stratification of respondents according to diagnosis and risk

It was possible to stratify 659 of the 706 respondents based on both the questionnaire and EPR 
data. The 24 persons whom we could not stratify because of missing EPR data are not included in 
the following analysis. Some 35 per cent of the respondents were already known by the GP as a 
patient with a diagnosis or receiving treatment for T2DM, CVD, or COPD and/or receiving treat-
ment for hyperlipidaemia and/or hypertension. A total of 66 per cent received treatment for one 
condition, 21 per cent for two conditions, and 13 per cent for three or more conditions. Of the 35 per 
cent who were already known by the GP, 83 and 37 per cent received treatment for hypertension 
and hyperlipidaemia, respectively. A total of 14 per cent were identified as being treated for T2DM 
and 11 per cent for COPD, while 4 per cent were identified with ischaemic heart disease.

Some 14 per cent of the respondents (92 patients) had a risk profile indicating that they might 
benefit from further examinations by a GP, 16 per cent of whom (15 patients) were estimated to be 

Table 3.  Results from the questionnaire.

% N = 685 Response 
rate

Self-rated 
healtha

Daily 
smoker

Alcohol 
intakeb

Unhealthy 
dietc

Physical 
inactivityd

BMI >30

Total 63 85 21 5 21 28 18
Male 59 82 22 3 31 25 18
Female 67 87 21 8 13 31 17
Age 39–44 years 57 87 17 3 24 26 14
Age 45–49 years 58 84 22 6 23 16 22
Age 50–54 years 69 87 23 7 20 20 16
Age 55–60 years 69 82 24 4 16 11 18
Clinic 1 58 82 26 5 25 26 29
Clinic 2 63 94 16 3 13 21   7
Clinic 3 64 79 25 7 25 27 20
Clinic 4 66 83 20 5 19 36 17
National Health 
Surveye

83 21 7 – – 17

BMI: body mass index.
aGood, very good, or excellent self-rated health.
b>14/21 (men/women) units/week.
cDietary score ⩽4 on a score from 0 to 12, where 12 represents a healthy diet.
d<150 min per week.
eAge interval from 45 to 54 years.20

Table 4.  Number of responses on the individual risk factors.

Risk factor Absolute number of responses (N = 706)

Smoking status 698
Alcohol consumption 700
Diet 705
Physical activity 705
BMI 700

BMI: Body mass index.
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at risk for COPD. A total of 89 per cent (81 patients) were estimated to be at risk for T2DM and 
24 per cent (22 patients) at risk for CVD. Some 74 per cent were estimated to be at risk by only one 
risk estimation model, 23 per cent by two models, and 3 per cent by all three models. A total of 
21 per cent had a risk profile indicating that they might benefit from municipality primary preven-
tion services but had no need for further examinations by the GP. Among these, 43 per cent were 
daily smokers, 8 per cent had a high-risk alcohol intake, 17 per cent had an unhealthy diet, 54 per 
cent were physically inactive, and 20 per cent had a BMI above 30. A total of 30 per cent (198 
patients) had a healthy lifestyle and no indication for further examinations or preventive services.

Discussion

This study showed that it is feasible to stratify patients according to their risk of a lifestyle-related 
chronic disease without an additional workload for the GP and furthermore to target the services 
provided by the GP to one out of five ‘healthy’ patients.

Strengths and limitations

We managed to collect information on lifestyle from almost all respondents. We also managed to 
transfer information from the questionnaires to the GPs’ EPR systems using the established system 
for electronic communication as both a text message and a coded message.

The four participating clinics were selected based on their former engagement in quality devel-
opment projects. The clinics thus are most likely not representative of Danish general practice in 
terms of the use of ICPC-2 coding, prompting the question of whether the intervention is feasible 
in Danish general practices with less comprehensive ICPC-2 coding practices and less experience 
with information technology (IT)-based quality development tools. In this study, we used EDI 
messages and national communications standards such as the IUPAC/NPU nomenclature, which 
all Danish GPs can receive and send. The only active involvement from the GP was to approve the 
incoming EDI messages in the EPR. A meta-analysis has shown that the effectiveness of feedback 
to the GP depends on the baseline performance.21 The lower the baseline recording, the greater the 
effect, suggesting that the impact of the intervention could be even larger in other less optimally 
performing Danish GP clinics than those participating in this study.

Patients already diagnosed with a chronic disease were identified based on ICPC-2 codes, ATC 
therapeutic codes, and the indication given for prescribing the drug. The strength of this way of 
validating diagnoses is high sensitivity because it captures patients receiving therapeutic treatment 
for a condition or a disease. The weakness is low specificity; patients are not identified by this 
model if they are either not registered with an ICPC-2 code but should have been, or do not receive 
therapeutic treatment for the condition or diagnosis. On the one hand, the registration of ICPC-2 
codes among Danish GPs is currently not comprehensive, and ICPC-2 codes cannot in themselves 
identify all patients with a diagnosed disease. Close to 100 per cent of Danish GPs are enrolled in 
Sentinel Data Capture, but only 50 per cent of them register more than 70 per cent of their face-to-
face consultations with an ICPC-2 code (May 2014). On the other hand, ATC therapeutic codes, 
together with an indication for prescribing the drug, will identify only patients receiving therapeu-
tic treatment. Laboratory test results could add important information because they are currently 
used as diagnostic criteria for the diseases and conditions included in the study.2,3,22 Algorithms 
using laboratory test results, ICPC codes, ATC therapeutic codes, and the indication for the pre-
scription are thus warranted.

Even though we achieved a response rate of 63 per cent with a mail-distributed questionnaire, 
we lack information about lifestyle from 37 per cent of the patient population. Participation in 
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lifestyle surveys has declined during the last decade, and a response rate of 63 per cent with a low 
effort to increase the response rate shows that the intervention is perceived as valuable to the target 
population.23 Two similar interventions in the Netherlands reached a response rate of 33 and 75 per 
cent, respectively.24,25 According to the authors, the low response rate was primarily due to low 
confidence about online assessments among the respondents.24

Almost all Danes consult their GP within a time span of 3 years and around 80 per cent within 
one calendar year. Similar studies from New Zealand and Sweden have shown response rates of 91 
and 70 per cent, respectively, using questionnaires distributed in the waiting room.26,27 Questionnaires 
distributed in this way could, in combination with mail-distributed questionnaires, increase 
response rates and should be examined further.

Generalizability

The model is generalizable to other health-care systems, but it requires a primary care system with 
a highly developed IT infrastructure. This infrastructure should include ways to receive structured 
electronic information such as EDI messages from sources other than hospital-based laboratories 
and the possibility of combining this information with current EPR information to develop patient-
specific risk profiles, either directly in the EPR or by a database. In the stratification of patients at 
risk for lifestyle-related chronic diseases, we focused our attention on lifestyle and lifestyle-based 
risk estimation models. Other questionnaires, risk estimation models, target groups, and focus 
areas such as cancer or mental illnesses can be used according to the specific purpose of the inter-
vention.8,26,27 However, laws and regulations on the privacy of health-related data may limit the 
possibilities of implementing a model like the one presented here.

Conclusion

It is feasible to implement an innovative intervention that identifies and stratifies patients for 
further examinations in general practice or behaviour change interventions at the municipal level 
without additional workload for the GPs. Using this model at the national level holds the potential 
to support GPs in preventing and treating lifestyle-related diseases and targeting diagnostic and 
lifestyle interventions towards high-risk patients. A large randomized intervention study is being 
planned that will combine the described model with targeted interventions in GP practice and the 
municipality.
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Appendix 1

Questionnaire

1.	 In general, would you say that your health is? (Excellent, Very good, Good, Fair, Poor)
2.	 What is your height in cm? (Height in cm)
3.	 What is your weight in kg? (Weight in kg)
4.	 Do you smoke? (Daily smoker, Occasional smoker, I quit smoking less than 6 months ago, 

I quit smoking more than 6 months ago, Never smoked)
5.	 During the past 4 weeks, how much of the time did you feel short of breath? (None of the 

time, A little of the time, Some of the time, Most of the time, All of the time)
6.	 Do you ever cough up any ‘stuff’, such as mucus or phlegm? (No, never; Only with occasional 

colds or chest infections; Yes, a few days a month; Yes, most days a week; Yes, every day)
7.	 Please select the answer that best describes you in the past 12 months. I do less than I used 

to because of my breathing problems. (Strongly disagree, Disagree, Unsure, Agree, 
Strongly agree)

8.	 How many units of alcohol do you consume in a regular week? (Number of units)
9.	 How often do you consume 4 or more units of alcohol (if female) or 5 units of alcohol (if 

male) on the same occasion? (Daily, Weekly, Monthly, Rarely, Never)
10.	 How often do you consume fruits (fresh, frozen, canned, or juice/smoothie)? (Twice a day 

or more often, Once daily, Some days during the week, Once a week or less often)
11.	 How often do you consume vegetables (fresh or frozen)? (Twice a day or more often, Once 

daily, Some days during the week, Once a week or less often)
12.	 How often do you consume fish and shellfish as the main dish? (Three times a week or more 

often, Two times a week, Once a week, A couple of times during 1 month or less often)
13.	 How often do you consume sweets, cakes, chocolate, or soda? (Daily, Almost every day, A 

couple of times during the week, Once a week or less often)
14.	 For how many hours during a week do you exercise (doing sports, running, bicycling, etc.)? 

(0 min (I do not exercise), Less than 30 min, 30–60 min (½ to 1 h), 60–120 min (1 to 2 h), 
More than 120 min (2 h or more))

15.	 For how many hours do you perform light exercise (walking, lawnmowing, etc.)? (0 min (I 
do not exercise), Less than 30 min, 30 to 60 min (½ to 1 h), 60 to 90 min (1 to 1½ h), 90 to 
150 min (1½ to 2½ h), 150–300 min (2½ to 5 h), More than 300 min (5 h or more))
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Abstract
This study examined the coding validity of hypertension, diabetes, obesity and depression related to 
the presence of their co-existing conditions, death status and the number of diagnosis codes in hospital 
discharge abstract database. We randomly selected 4007 discharge abstract database records from 
four teaching hospitals in Alberta, Canada and reviewed their charts to extract 31 conditions listed in 
Charlson and Elixhauser comorbidity indices. Conditions associated with the four study conditions were 
identified through multivariable logistic regression. Coding validity (i.e. sensitivity, positive predictive 
value) of the four conditions was related to the presence of their associated conditions. Sensitivity 
increased with increasing number of diagnosis code. Impact of death on coding validity is minimal. Coding 
validity of conditions is closely related to its clinical importance and complexity of patients’ case mix. 
We recommend mandatory coding of certain secondary diagnosis to meet the need of health research 
based on administrative health data.

Keywords
coding validity, hospital discharge data, secondary conditions (hypertension, diabetes, obesity and 
depression)

Introduction

Administrative health data including hospital discharge abstract database (DAD) have been widely 
collected and analyzed for various purposes, including disease surveillance, case-mix costing, 
tracking healthcare system performance, policy-making and research.1,2 The Public Health Agency 
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of Canada (PHAC) has created the Canadian Chronic Disease Surveillance System (CCDSS) to 
conduct disease surveillance for 11 chronic conditions using administrative health data, such as 
physician claims data, hospital DAD.3 CCDSS provides valuable information on national preva-
lence of chronic conditions and shows comparable trend with results from national survey. 
However, it should be cautious to interpret the results as underreporting of condition or misclassi-
fication of condition might underestimate or overestimate the disease prevalence. Under-coding of 
conditions, especially for asymptomatic conditions, has been identified as a major issue for admin-
istrative health data.4 Hypertension, diabetes, obesity and depression were found to have no or 
protective effects on hospital death when administrative health data were used to conduct the risk 
adjustment for hospital mortality.5 Use of administrative health data could result in underestimat-
ing prevalence for certain conditions, such as obesity.6

In Canada and many other countries, administrative hospital data are produced by health infor-
mation professionals through review, abstraction and coding of data from inpatient charts follow-
ing hospital discharge. According to Canadian coding standards, codes for the main diagnosis, any 
pre-admission or post-admission comorbidities and service transfer are mandatory while codes for 
secondary diagnoses not requiring clinical evaluation, therapeutic treatment, or increased nursing 
care and monitoring are optional.7 It has been suggested that this could lead to incompleteness for 
asymptomatic conditions or conditions mainly treated in primary care settings.8 Furthermore, cod-
ers are also subject to time constraints (usually 15–20 min for one medical chart) due to a high 
volume of work.9 This could also impact the number of codes in each record.

In this study, we focused on four commonly under-coded secondary conditions (hypertension, 
diabetes, obesity and depression) in DAD. We hypothesized that when diagnosis information was 
transferred from chart to coded data, coding validity for asymptomatic conditions with modest 
clinical acuity in DAD could be impaired if its associated conditions are coded. Based on chart 
review data, we used logistic regression to identify any conditions listed in Charlson and Elixhauser 
comorbidities indices that are documented together with the four study conditions.10,11 We exam-
ined the coding validity of the four study conditions related to whether their co-existing conditions 
were coded, whether the patient died in hospital and the total number of diagnosis codes recorded 
in a DAD record.

Methods

Data source

We randomly selected around 4000 records for patients aged ⩾ 18 years and discharged between 1 
January 2003 and 30 June 2003 from the four adult teaching hospitals in Alberta, Canada. There were 
at least 1000 records selected from each hospital, 4007 records in total. Each record was coded by the 
professionally trained health record coders using the Canadian coding standard for International 
Statistical Classification of Diseases and Related Health Problems (ICD), 10th Revision, Canada 
(ICD-10-CA). Canadian coding standard is maintained and developed by Canadian Institute of 
Health Information (CIHI) based on the ICD-10 developed by World Health Organization (WHO). 
Since 2001, Canada has used the ICD-10-CA coding standard for coding the DAD data. Minor 
amendments of coding standard were developed including wording or example changes and modifi-
cation to reflect or clarify new directions. In DAD, there are 25 diagnosis code fields and 12 coding 
types. All diagnoses or conditions coded in the DAD must be assigned a diagnosis type.7

Based on the validated algorithms, we identified the conditions listed in Charlson and Elixhauser 
comorbidity indices.12 The Charlson and Elixhauser comorbidities include 31 conditions and are 
two commonly used instruments for risk adjustment analyses.
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Chart review

Two professionally trained reviewers reviewed all 4007 medical charts including a thorough review 
of the chart cover page, discharge summaries, narrative summaries, pathology reports (including 
autopsy reports), trauma and resuscitation records, admission notes, consultation reports, surgery/
operative reports, anesthesia reports, physician daily progress notes, physician orders, diagnostic 
reports and transfer notes to check whether conditions listed in Charlson and Elixhauser comor-
bidities indices were documented. The process took approximately 1 hour for each chart. Detailed 
description about the process of chart review can be found in our previous publication.4

Statistical analysis

Identification of the co-existing conditions for the four conditions in the chart

Based on the chart review data, we developed logistic regression models via least absolute shrink-
age and selection operator (LASSO) to identify any other conditions that were documented together 
with the four study conditions. The LASSO is a shrinkage and selection method for regression 
models that can be described as a constraint on the sum of the absolute values of the modeling 
parameters.13 The LASSO allows for accurate estimation of model parameters and shrinks esti-
mates of non-important parameter to zeros for automated variable selection. The independent vari-
ables used in the model are age, sex, and the remaining 30 conditions. Any conditions with nonzero 
estimates in the model were deemed as associated conditions.

Assessing validity

Sensitivity and positive predictive value (PPV) were used to assess the validity using the condition 
defined by chart review as the gold standard. Sensitivity indicates the probability of a condition 
being coded when a patient has the condition documented in chart; PPV indicates the probability 
of a condition being documented in the chart when a patient has the condition coded in the DAD.

Results

The four conditions of primary interest were under-coded in the DAD compared to chart review 
data (Table 1). All the co-existing conditions identified from chart data were clinically related to 
their corresponding conditions. Prevalence of the four conditions is three- or four-fold high if their 
co-existed conditions were coded. For all the four conditions, sensitivity was improved if their co-
existed conditions were coded in the DAD. Coding of co-existing conditions in the DAD had 
negligible impact on PPV for the four conditions. Overall, diabetes and hypertension had high 
sensitivity while obesity and depression had low sensitivity in hospital DAD (Table 1).

Death was a severe outcome of hospitalization with average number of diagnosis code of 9.79  
(vs 5.06 for the alive cases) in the dataset. There were 105 cases of death with 11 cases of missing 
status. Prevalence of the four study condition is high if the status of death was recorded. Status of 
death in the DAD has non-significant impact on the sensitivity and PPV for the four conditions 
(Table 2).

The total number of diagnosis code coded in the DAD ranged from 1 to 25 with a median num-
ber of 4 (interquartile range (IQR): 2–7). The sensitivity increased with an increase of the total 
number of diagnosis codes (Figure 1). Difference of sensitivity between records with 2 diagnoses 
and ⩾8 diagnoses was 53 percent for hypertension, 35 percent for diabetes, 29 percent for obesity 
and 27 percent for depression. PPV was not related to the number of diagnosis codes in the DAD.
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Discussion

Coding validity of conditions in the DAD was related to its clinical significance and complexity  
of patients’ case mix. Hypertension, diabetes, obesity and depression are generally secondary 

Table 1.  Validity for the four study conditions with and without its co-existing conditions.

Presence of  
co-existing 
conditions

Number 
of cases

Prevalence, % (95% CI) Sensitivity PPV

Chart review DAD (95% CI) (95% CI)

Hypertension
All observations 4007 22.1 (20.9, 23.5) 30.2 (28.8, 31.6) 68.3 (65.6, 70.9) 93.1 (91.3, 94.7)
CeVD 182 61.0 (53.5, 68.1) 68.1 (60.8, 74.8) 83.9 (76.2, 89.9) 93.7 (87.4, 97.4)
Diabetes 506 55.3 (50.9, 59.7) 66.8 (62.5, 70.9) 78.4 (73.6, 82.7) 94.6 (91.3, 97.0)
MI 336 55.7 (50.2, 61.0) 64.0 (58.6, 69.1) 81.9 (76.0, 86.8) 94.1 (89.7, 97.0)
Obesity 74 63.5 (51.5, 74.4) 64.9 (52.9, 75.6) 89.6 (77.3, 96.5) 91.5 (79.6, 97.6)
Renal failure 196 63.8 (56.6, 70.5) 72.4 (65.6, 78.6) 83.1 (75.9, 88.9) 94.4 (88.8, 97.7)
⩾1 co-existing 
conditions

1000 53.5 (50.4, 56.6) 63.7 (60.6, 66.7) 79.0 (75.6, 82.1) 94.0 (91.7, 95.9)

Diabetes
All observations 4007 12.6 (11.6, 13.7) 14.6 (13.5, 15.7) 84.6 (81.4, 87.4) 97.6 (95.9, 98.8)
CHF 254 32.7 (26.9, 38.8) 35.4 (29.6, 41.7) 91.1 (83.2, 96.1) 98.8 (93.5, 100)
Hypertension 887 31.6 (28.5, 34.7) 32.9 (29.8, 36.1) 94.5 (91.3, 96.8) 98.6 (96.4, 99.6)
MI 336 26.2 (21.6, 31.2) 29.2 (24.4, 34.3) 89.8 (82.0, 95.0) 100 (95.9, 100)
Obesity 74 40.5 (29.3, 52.6) 41.9 (30.5, 53.9) 96.8 (83.3, 99.9) 100 (88.4, 100)
Renal failure 196 40.3 (33.4, 47.5) 43.4 (36.3, 50.6) 91.8 (83.8, 96.6) 98.7 (93.1, 100)
⩾1 co-existing 1184 29.6 (27.1, 32.3) 31.6 (28.9, 34.3) 92.2 (89.1, 94.7) 98.3 (96.3, 99.4)
Obesity
All observations 4007 1.8 (1.5, 2.3) 8.3 (7.5, 9.2) 18.6 (14.6, 23.2) 83.8 (73.4, 91.3)
COPD 349 5.7 (3.5, 8.7) 11.7 (8.6, 15.6) 34.1 (20.1, 50.6) 70.0 (45.7, 88.1)
Diabetes 506 5.9 (4.0, 8.4) 20.8 (17.3, 24.5) 23.8 (16.0, 33.1) 83.3 (65.3, 94.4)
Hypertension 887 5.3 (3.9, 7.0) 14.8 (12.5, 17.3) 29.0 (21.4, 37.6) 80.9 (66.7, 90.9)
⩾1 co-existing 1293 4.5 (3.4, 5.8) 14.1 (12.2, 16.1) 25.8 (19.6, 32.8) 81.0 (68.6, 90.1)
Depression
All observations 4007 5.8 (5.1, 6.6) 11.9 (10.9, 12.9) 44.9 (40.3, 49.5) 91.5 (87.1, 94.7)
Alcohol abuse 184 22.8 (17.0, 29.6) 42.4 (35.2, 49.9) 51.3 (39.7, 62.8) 95.2 (83.8, 99.4)
COPD 349 10.3 (7.3, 14.0) 17.2 (13.4, 21.6) 51.7 (38.4, 64.8) 86.1 (70.5, 95.3)
Drug abuse 113 27.4 (19.5, 36.6) 42.5 (33.2, 52.1) 60.4 (45.3, 74.2) 93.5 (78.6, 99.2)
Dementia 96 15.6 (9.0, 24.5) 30.2 (21.3, 40.4) 48.3 (29.4, 67.5) 93.3 (68.1, 99.8)
Fluid and 
electrolyte disorder

225 7.6 (4.5, 11.8) 19.6 (14.6, 25.3) 34.1 (20.5, 49.9) 88.2 (63.6, 98.5)

Hypothyroidism 149 13.4 (8.4, 20.0) 22.1 (15.8, 29.7) 60.6 (42.1, 77.1) 100 (83.2, 100)
Psychoses 73 13.7 (6.8, 23.8) 27.4 (17.6, 39.1) 40.0 (19.1, 63.9) 80.0 (44.4, 97.5)
⩾1 co-existing 956 13.8 (11.7, 16.2) 24.6 (21.9, 27.4) 51.5 (44.9, 58.0) 91.7 (85.6, 95.8)

PPV: positive predictive value; CI: confidence interval; DAD: hospital discharge abstract database; CeVD: cerebrovascular 
disease; MI: myocardial infarction; CHF: congestive heart failure; COPD: chronic pulmonary disease; ⩾1 related: at least 
one of the co-existed conditions coded in the DAD record.
The co-existed conditions for hypertension are CeVD, diabetes, MI, obesity and renal failure; for diabetes, they are 
CHF, hypertension, MI, obesity, renal failure; for obesity, they are COPD, diabetes and hypertension; for depression, 
they are alcohol abuse, COPD, drug abuse, dementia, fluid and electrolyte disorder, hypothyroidism and psychoses.
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diagnosis and their validity is affected by the coding of their co-existing conditions. The sensitivity 
for the four conditions increased as the total number of diagnosis codes in the record increased. 
Impact of death status on coding validity for the four conditions was minimal.

Table 2.  Validity for the four study conditions related to the status of death.

Study 
conditions

Death Prevalence, % (95% CI) Sensitivity  
(95% CI)

PPV (95% CI)

Chart review DAD

Hypertension Yes 31.4 (22.7, 41.2) 46.7 (36.9, 56.7) 65.3 (50.4, 78.3) 97.0 (84.2, 99.9)
No 21.8 (20.6, 23.2) 29.7 (28.3, 31.1) 68.4 (65.6, 71.1) 92.9 (91.0, 94.6)

Diabetes Yes 25.7 (17.7, 35.2) 30.5 (21.9, 40.2) 81.2 (63.6, 92.8) 96.3 (81.0, 99.9)
No 12.2 (11.2, 13.3) 14.1 (13.0, 15.2) 84.9 (81.6, 87.8) 97.9 (96.2, 99.0)

Obesity Yes 3.8 (1.0, 9.5) 9.5 (4.7, 16.8) 30.0 (6.7, 65.2) 75.0 (19.4, 99.4)
No 1.8 (1.4, 2.3) 8.3 (7.5, 9.2) 18.3 (14.2, 22.9) 84.3 (73.6, 91.9)

Depression Yes 7.6 (3.3, 14.5) 17.1 (10.5, 25.7) 38.9 (17.3, 64.3) 87.5 (47.3, 99.7)
No 5.8 (5.1, 6.6) 11.7 (10.7, 12.8) 45.1 (40.5, 49.8) 91.6 (87.1, 94.8)

CI; confidence interval; DAD: hospital discharge abstract database; PPV: positive predictive value.
There were 105 records with status of death and 3891 records without status of death.

Figure 1.  Sensitivity and positive predictive value of hypertension, diabetes, obesity and depression 
related to the number of diagnosis codes in hospital discharge abstract database.
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Coding validity is closely related to the clinical significance of a condition and its influence on 
length of stay, care received or therapeutic treatment during hospitalization. The four study condi-
tions are generally secondary diagnosis during hospitalization, which are optional for coding 
according to the current coding standard in Canada.7 Coding of co-existing conditions in the DAD 
was found to improve coding validity of the four study conditions. This provided a way to re-
identify under-coded patients based on their comorbidities and improve the diseases surveillance. 
Lix et al.14 found that inclusion of osteoporosis fracture and other fracture diagnosis in the admin-
istrative health data generally resulted in improved sensitivity of osteoporosis case-detection algo-
rithm without loss of specificity.

Overall, hypertension and diabetes codes demonstrated better validity metrics than obesity 
and depression in the DAD. Hypertension and diabetes are the major risk factors for circulatory 
system diseases, which is the leading cause of hospitalization in Canada.15 As a consequence, it 
seems more likely that hypertension and diabetes would be documented and coded in the DAD 
as shown in this study. Obesity was dramatically under-coded and underreported in the chart. 
The prevalence of obesity in chart review and inpatient DAD was 8.3 percent and 1.8 percent, 
respectively, much lower than 23.1 percent reported for the general population.16 Furthermore, 
obesity had the lowest sensitivity among the four conditions. This is likely reflective of the fact 
that obesity generally fails to draw the physicians’ attention or care on evaluation, treatment 
and management of main diseases during hospitalization.17 Our previous study found that the 
higher the body mass index of patient, the more likely a diagnosis of obesity coded in the 
hospital DAD.6 Depression was also under-coded in the DAD. It was noted that more than 
90 percent of patients identified as having depression were receiving their care exclusively 
from a family physician. Under-coding of depression in DAD and poor documentation in medi-
cal chart could be related to the fact that treatment of depression during acute hospitalizations 
is suboptimal.18

The number of diagnosis codes in a record reflects the complexity of patient’s case mix and 
quality of documentation of discharge summary. Data validity improved as the total number of 
diagnosis codes in DAD records increased. Increasing the number of diagnosis fields allowed 
in hospital data coding could enhance the completeness of coded clinical information in admin-
istrative health data. The WHO ICD, 11th version (ICD-11) topic advisory group on quality and 
safety recommended at least 15 secondary diagnosis fields to fully characterize clinical out-
comes during hospitalization.19 To fully describe a patient’s health conditions, especially for 
chronic conditions, it might require more than one DAD record or the records collected over a 
specified time period (e.g. a few years). For example, it has been found that using a 1-year look-
back period to identify comorbidity enabled better estimation of post-hospitalization mortality 
while using a look-back period longer than 1 year could help to accurately predict the readmis-
sion outcomes.20

Whether the patient died in hospital had minimal impact on coding validity for the study condi-
tions. This is encouraging as administrative health data have been used to develop a series of indi-
cators to calibrate the performance of hospitals and hospital mortality rate is one of the most 
important indicators.21 To properly estimate this rate, it is required to conduct risk adjustment to 
account for the difference of patients’ characteristics. This study provided evidence to support the 
use of administrative health data in development of health indicators related to mortality. However, 
it should be noticed that our study has a small number of records with patients died during their 
hospital stay.

The number of research studies based on administrative health data has been dramatically 
increasing in the recent years. Administrative health data have unique advantage, such as 
population coverage, low cost and timeliness. Administrative health data play a critical role in 
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community health assessment, disease surveillance, strategic planning, policy-making, service 
quality control and research. However, data validity remains questionable as the data collection 
priorities remain exclusively on billing or administrative purpose and not research. The current 
coding guidelines/practices hinder the completeness of inpatient data due to the focus on clini-
cally significant reasons for the patient’s admission or stay in hospital. Coding validity could be 
dramatically improved if all the conditions were coded regardless of whether those conditions 
are clinically implicated in the hospitalization. However, coding is a time-consuming and cost-
intensive process. It is impossible to code all conditions, particular for complicated cases within 
the limited amount of time given to coders for each chart. It is suggested that some important 
chronic or modifiable conditions, such as hypertension and diabetes, should be coded as long as 
it was documented in the chart.

Limitations

This study has some limitations. First, we only examined the validity of four conditions with high 
prevalence. Other conditions having different clinical implication and resource use during hospi-
talization and prevalence might have different relationships between validity and existence of its 
associated comorbidities and patients’ status of death. Second, we conducted our study based on 
the data from teaching hospitals. Teaching and nonteaching hospitalities vary in terms of severity 
and complexity of disease and case volume. Iezzoni et al.22 reported that the validity of administra-
tive health data varies between teaching and nonteaching hospitals. Third, we conducted our study 
based on a dataset from 2003. However, the fact that the dataset contained over 4000 records with 
their medical charts reviewed could be viewed as a strength. The coding guideline remains 
unchanged in the last 10 years. The process of chart review is costly and time-consuming as it pro-
vides more complete information on health records. So, despite these limitations, we believe that 
this study provides important insight into the data quality of the DAD and offers suggestions to 
potentially improve that data quality.

Conclusion

Coding validity of conditions is closely related to their clinical importance and the complexity of 
the patients’ case mix. Hypertension, diabetes, obesity and depression are generally secondary 
diagnosis and optional for coding in hospital DAD according to the current coding standard. 
However, hypertension and diabetes, being common complications related to the leading cause of 
hospitalization in Canada, had better validity than obesity and depression. Furthermore, coding 
validity improved as the number of diagnosis codes in the record increased. We recommend the 
mandatory coding of certain secondary diagnosis to meet the increasing need of health service 
research conducted based on administrative health data. Use of hospital DAD only for surveillance 
faces the problem of underestimating the prevalence and incidence due to under-coding.
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Abstract
To determine whether emergency department patients want to share their medical records across health 
systems through Health Information Exchange and if so, whether they prefer to sign consent or share 
their records automatically, 982 adult patients presenting to an emergency department participated in a 
questionnaire-based interview. The majority (N = 906; 92.3%) were willing to share their data in a Health 
Information Exchange. Half (N = 490; 49.9%) reported routinely getting healthcare outside the system and 
78.6 percent reported having records in other systems. Of those who were willing to share their data in 
a Health Information Exchange, 54.3 percent wanted to sign consent but 90 percent of those would waive 
consent in the case of an emergency. Privacy and security were primary concerns of patients not willing to 
participate in Health Information Exchange and preferring to sign consent. Improved privacy and security 
protections could increase participation, and findings support consideration of “break-the-glass” provider 
access to Health Information Exchange records in an emergent situation.

Keywords
electronic health records, emergency treatment, Health Information Exchange, health information 
technology, medical informatics

Introduction

A Health Information Exchange (HIE) is a secure repository of electronic health records (EHRs) 
organized by collaborative agreements between health systems, providers, and payers with the goal 
of providing access to critical elements of patients’ medical records across multiple providers. The 
goals include expediting patient care, improving safety and quality, and care coordination. HIEs 
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can also serve as a resource to track population health and public health. While HIEs vary in the 
information available, they typically allow providers to access a patient’s treatment notes from 
other providers in other systems and integrate their own treatment plan with a patient’s previous 
care plans in real time.

In emergency medicine, it is of particular importance to have easy access to a patient’s prior 
health records as decisions about both testing and treatment need to be made in real time, usually 
without input from the patient’s regular providers. While information that patients and family 
members may provide, if able, is vitally important, it is often incomplete.1 It is notable that one-
third of patients making a repeat visit to an emergency department (ED) also return to a different 
ED2 where the records from their initial visit are not available. Access to information about current 
medications, recent electrocardiograms (EKGs), imaging results, and laboratory tests is hypothe-
sized to improve the efficiency of an emergency evaluation, save time, and reduce costs, radiation 
exposure, and the potential for medical errors.3 Without this access, EDs perform more tests to 
diagnose a patient’s condition, which is not only expensive to the healthcare system but also 
increases a patient’s exposure to harmful radiation.4 Indeed, HIE has been shown to reduce repeat 
imaging and laboratory tests by 25 percent.5,6

Although much has been published about provider perspectives6–8 and workflow integration 
issues,9,10 less is known about patient preferences and concerns regarding the sharing of their personal 
health information across different health systems via an HIE. Prior surveys and focus groups have 
evaluated patients’ opinions regarding sharing their records for research purposes,11,12 but only a few 
studies have evaluated patient understanding of the risks and benefits of sharing their personal health 
records with their own healthcare providers for care coordination purposes through an HIE.13,14 
Knowledge of how patients perceive HIE can inform partnerships and data sharing agreements 
between HIEs and providers and payers which are required for successful HIE implementation.

The goal of this investigation was to survey ED patients who would be eligible to participate in an 
HIE being established in the area to determine (1) whether they currently have healthcare visits in 
multiple hospital systems in which their providers could benefit from information sharing, (2) whether 
they want their providers to share their health records across systems in the setting of an emergency 
visit, and (3) whether they prefer to sign consent or have their health records shared automatically.

Methods

Study design and population

Adult patients presenting to a large, urban, academic, tertiary hospital-based ED in the United States 
between the hours of 7 a.m. and midnight between 28 April and 11 August 2015 were approached by 
research assistants and verbally consented to participate in a brief questionnaire-based interview. 
This ED sees about 65,000 patients annually and is part of a three-hospital system with an extensive 
network of outpatient primary and specialty clinics. The patient population is primarily English 
speaking and predominantly insured through either commercial or public plans. ED physicians 
belong to a single salaried group. The system is in the process of converting to one electronic record 
system across all settings, but to date records can be shared for ED visits and discharge summaries 
between the three hospitals, but not for outpatient visits or the majority of inpatient notes.

Survey content and administration

The survey instrument (Supplementary Appendix 1) was designed to gather data on patients’ 
needs and interest in care coordination, including preferred methods of contact, medication risks, 
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and opinions about HIE. The opinions about HIE form the basis for the data presented in this 
study. Questions were largely multiple choice, but two open-ended responses were included to 
preliminarily explore thought-processes when certain responses were chosen. The study and sur-
vey instrument were approved by the local institutional review board with a waiver of written 
consent.

Specific to the goals of this study, patients were asked questions to gauge whether an HIE would 
be relevant to them, including whether their usual provider used EHR, and whether all of their 
healthcare was in the same health system where the survey was conducted or whether they had also 
visited providers in other health systems. Patients were asked whether they expected their ED pro-
viders to be able to see their records from their other providers. Regarding HIE, patients were 
asked whether they would be willing to share their own health data in an HIE, and if so, which 
types of records they would want to share through an HIE. They were also asked, “Would you want 
your records to be shared automatically or would you prefer to sign permission before sharing your 
records?” A 10-percent sample of patients who said they preferred to sign permission were asked 
“In the case of a medical emergency where you were not able to give consent, would you want the 
doctors caring for you to be able to access your records automatically from other doctors and hos-
pitals where you receive medical care?” to see whether they changed their answer from preferring 
to give consent to wanting their records shared automatically in the case of an emergency.

Demographic information was collected along with questions about general comfort with tech-
nology. Patients were asked whether they owned a text-capable cell phone, whether they were 
comfortable sending text messages, whether they had Internet in their home, and whether they sent 
emails. To minimize question fatigue and the burden on patient time, the patient’s race and insur-
ance were collected from the EHR. Based on the hypothesis that patients using controlled sub-
stances may wish to withhold that information from their providers, the survey also included the 
three-item Alcohol Use Disorders Identification Test (AUDIT-C).15 If patients gave consent, their 
current medication record was also reviewed in the EHR to collect their actual use of controlled 
prescription medications (opiates and benzodiazepines).

After the authors piloted the survey with a small cohort of patients, questions were changed 
slightly to address common areas of confusion and create the final survey instrument used in this 
study. The choice “I don’t know” or “unsure” was added as a possible response to whether the 
patient’s primary physician used EHR. An initial third choice about whether patients would want 
to give consent once for HIE or would prefer to be re-consented each time their records were 
accessed through HIE was simplified to preference for either consent or no consent.

Patients who were under the age of 18 years, pregnant, or in police custody were not approached. 
Patients who were in mental or physical distress, with critical illness or injury, unable to provide 
informed consent due to intoxication, delirium, or other cognitive impairment, or non-English 
speaking were also excluded. Age was determined from the EHR. Police custody was visibly appar-
ent from the presence of a police escort and/or handcuffs on the patient. Pregnancy and cognitive 
impairments were ascertained by asking the the patient’s care provider. Eligibility was determined 
using an eligibility checklist. Consistent with Institutional Review Board (IRB) approval, verbal 
consent was obtained from all patients prior to the interview and patients were free to decline to 
participate, skip questions, or to stop their participation at any time. In order to comprehensively 
document participation rates, all patients presenting to the ED during the study period were entered 
in the study database, including those who declined to participate or met exclusion criteria.

The 12 research assistants are post-baccalaureate or undergraduate premedical students who are 
based in the ED and received training from two program coordinators on research ethics, obtaining 
informed consent, and survey delivery, as well as specific piloting of the survey instrument used in 
this study.
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Data analysis

Chi-squared univariate tests compared willingness to share data in an HIE by patient demographic 
characteristics and other responses. A multivariable logistic regression analysis was then conducted 
to identify patient characteristics associated with willingness to share data in an HIE. We included 
variables with univariate p value <0.1 adjusted for all hypothetically relevant patient characteris-
tics including age, race, educational level, use of technology, controlled substance use, and having 
healthcare providers outside of the health system in which the study was conducted (relevance of 
HIE). All analysis was performed using Stata (13.1, College Station, TX).

Results

Of 1152 potentially eligible ED patients approached, 1017 (88.3%) agreed to participate in the 
verbal questionnaire. Of these 1017, 982 (96.6%) responded to our primary outcome question of 
whether or not they were willing to share their data in an HIE and are therefore included in the 
analysis. Reasons recorded for not approaching patients (N = 321) included the patient was 
sleeping (N = 203; 63.2%), too ill or in too much pain (N = 105; 32.7%), under the influence of 
drugs/alcohol (N = 3; 0.9%), cognitively impaired (N = 5; 1.6%), or non-English speaking (N = 5; 
1.6%). Of those who completed the survey (N = 982), 850 (86.6%) gave permission for medica-
tion review in their charts and 827 (84.2%) answered all questions included in the multivariable 
analysis.

Table 115,16 presents the demographics of the 982 participants, along with a univariate analysis of 
the association between these characteristics and their willingness to share data in an HIE. The 
median age of participants was 53 (interquartile range (IQR): 35.5–64). Of the patients who reported 
having outpatient providers in the same hospital system as the ED (N = 903), 883 (97.8%) expected 
their emergency physicians to be able to see their records from those outpatient physicians. While 
492 of all 982 participants (50.1%) stated that all of their care was in the same hospital system as the 
ED, 770 (78.4%) reported having seen healthcare providers in other systems at least once.

The vast majority (N = 903; 92.0%) were willing to share their data in an HIE. Patients who 
were not willing were also less likely to have Internet at home, to use email, to have ever visited a 
provider outside of the hospital system, to not skip any questions, or to allow researchers to view 
their medication list in their EHR. Short qualitative reasons given by patients for not being willing 
to share their data in an HIE included concerns about privacy and confidentiality, security of their 
information, a belief that HIE would not benefit them because all of their care was already in one 
system, and a concern for not wanting to be locked out of insurance due to pre-existing conditions 
(Table 2).

Of those who wanted to share their health records through an HIE who also answered the ques-
tion about consent (N = 897), 410 (45.7%) wanted their records shared automatically, whereas 487 
(54.3%) wanted to sign consent before sharing their records. In all, 44 patients who were not will-
ing to share their data in an HIE also answered the method of consent question, and three (6.8%) 
wished to share their records automatically if participating. Reasons patients gave for preferring 
to sign consent included privacy, awareness and control over who accesses their information, 
desire to keep some information secret from some doctors or hospitals, and desire to seek treat-
ment only at one hospital system (Table 3). Patients willing to share their information automati-
cally cited convenience, better quality of care when their providers had their information, and the 
possibility that they would be unable to sign in an emergency. Among the subset of patients who 
preferred to sign consent and were asked the follow-up question about emergency situations 
(N = 100), 90.0 percent said records should be shared automatically in the situation that they were 
unable to give consent.
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Almost all participants (N = 922; 94.0%), including 19 who were not willing to share their data 
in an HIE, wanted all possible records shared with their emergency physicians in an HIE, including 
physician notes, laboratory results, imaging results, hospitalization records, a medication list, a list 
of their medical problems, and a surgical history.

Table 1.  Univariate analysis of willingness to share health data in an HIE by patient demographics 
(N = 982).

Total, N (%)a Willing to share 
in an HIE, N (%)

Not willing to share 
in an HIE, N (%)

p value

Age (years) 0.738
  18–49 396 (40.27) 366 (92.68) 29 (7.32)
  50–64 364 (37.10) 333 (91.53) 31 (8.47)
  65 and older 222 (22.63) 203 (91.03) 19 (8.97)
Female 558 (57.06) 516 (92.47) 42 (7.53) 0.710
Male 420 (42.94) 385 (91.67) 35 (8.33)
Race 0.276
  Caucasian 362 (38.47) 338 (93.37) 24 (6.63)
  African American 538 (57.17) 488 (90.71) 50 (9.29)
  Hispanic 21 (2.23) 19 (90.48) 2 (9.52)
  Asian 20 (2.13) 20 (100.00) 0 (0.00)
Education 0.217
  Less than high school 111 (11.33) 100 (90.09) 11 (9.91)
  High school/GED 320 (32.65) 291 (90.94) 29 (9.06)
  Tech school 66 (6.73) 62 (93.94) 4 (6.06)
  Some college 202 (20.61) 181 (89.60) 21 (10.40)
  College degree+ 281 (28.67) 266 (94.66) 15 (5.34)
Owns a text message-capable 
cell phone

878 (89.05) 805 (91.52) 73 (8.31) 0.510

Uses text messaging 768 (78.13) 709 (92.32) 59 (7.68) 0.440
Has Internet at home 751 (76.17) 702 (93.48) 49 (6.52) 0.001
Uses email 716 (73.36) 667 (93.16) 49 (6.84) 0.017
Has a PCP 832 (84.47) 764 (91.83) 68 (8.17) 0.681
Usual source of care uses EHR 732 (77.96) 682 (93.17) 50 (6.83) 0.063
Unsure whether usual source 
of care uses EHR

167 (17.78) 147 (88.02) 20 (11.98)

Has ever received healthcare 
in a different hospital system

770 (78.57) 719 (93.38) 51 (6.62) 0.003

Uses controlled prescription 
medications (opioids or 
benzodiazepines)

219 (26.58) 199 (90.87) 20 (9.13) 0.089

Did not give permission to 
view medication list

137 (14.02) 117 (85.40) 20 (14.60) 0.002

Risky alcohol useb 244 (24.90) 227 (93.03) 17 (6.97) 0.551
Skipped any questions 79 (8.04) 72 (7.59) 7 (21.21) 0.005

HIE: Health Information Exchange; PCP: primary care physician; EHR: electronic health record; GED: General Educational 
Development.
a�Percent calculated from the total number who completed the combination of the two questions rather than all survey 
participants.

b�Exceeds National Institute on Alcohol Abuse and Alcoholism (NIAAA)-sex/gender/age guidelines for safe use of alcohol.15,16

Note: bold values indicate statistical significance.
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Results of an adjusted multivariable analysis are presented in Table 4. Patients who had never 
received care in another health system, who refused access to their electronic medication list, and 
who were uncertain whether their primary source of care used EHR remained significantly less 
likely to be willing to share their data in an HIE. Patient race, education level, adoption of technol-
ogy for personal use, and abuse of alcohol or use of controlled prescription medications were not 
significant predictors of willingness to share health data in an HIE.

Discussion

This study found that the majority of patients are in favor of HIE, but about half want to control 
who accesses their information through explicit consent. The majority desiring consent are willing 
to waive it in the case of a true emergency however. Patients wary of HIE or wanting to maintain 
consent were primarily concerned about the privacy and security of their personal health informa-
tion although a few other themes were elicited.

This study of patient perspectives on HIE is unique in its recruitment of a large number of 
patients actively seeking emergency care, whereas most prior surveys have queried potential 
healthcare consumers in non-healthcare settings17–22 or in outpatient settings.14 The ED in particu-
lar is a setting where patients see physicians they have never seen before who have no knowledge 

Table 2.  Reasons for not wanting to share health data in an HIE (N = 76; 7.7%).

Theme Examples

Privacy and confidentiality “When information is shared it is no longer private.”
“Some things should be confidential.”
“Others besides physicians might snoop.”
“The only people that need to have my information are the people 
dealing with me.”
“If you decided to change your insurance company and they saw some 
disease you had in there they might not accept you because of that.”

Security “Information on the internet is not safe.”
“What if there was a breach of information?”

Number of doctors involved “There would be too many disputes over the best method of care 
between physicians.”
“Each doctor should use their own judgment.”

Applicability “All of my doctors are at [this hospital].”

HIE: Health Information Exchange.

Table 3.  Reasons for wanting to give consent to share health data in an HIE (N = 533; 56.2%).

Theme Examples

Privacy, confidentiality, security Personal privacy
Seems safer, do not want to give it to all people

Knowledge and awareness Know what is going on
Would like to know when doctors are looking into something

Control over which physicians 
have records

Possibility of not liking physician or changing physician
“In case I don’t want that specific hospital to get the info.”
“Outside provider might just be a one-time thing.”
“It could be some information I don’t want the doctor to know.”

HIE: Health Information Exchange.
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of their prior health history, giving HIE an especially high utility in the ED environment. The vast 
majority of ED patients surveyed were in favor of an HIE, higher than seen in prior studies.13,14,21–23 
The approximately 8 percent who were not willing to share their data in an HIE were less familiar 
with technology and might be less comfortable with the concept in general. In addition, patients 
who did not give permission for research assistants to view their medication list were also less 
likely to want their medical records shared through HIE. This remained significant in multivariable 
analysis, but it is unclear whether this question tested general distrust of allowing others to view 
health records, or evasiveness specific to hiding use of controlled substances. Those who skipped 
questions on this survey were also less likely to want to share their records through an HIE. 
Unfortunately, only four participants who skipped questions had responses to all variables in the 
multivariable analysis, all of whom were not willing to participate in HIE, so we were unable to 
test this association more definitively, but it suggests that general distrust or desire to keep personal 
matters private was a primary factor.

Patient comments from Tables 2 and 3 highlight distrust about sharing personal health informa-
tion and electronic data security. Many patients feared that staff members besides their providers 
or insurers would abuse HIE to access their records inappropriately. Several prior studies have 

Table 4.  Multivariable model of factors associated with willingness to share health data in an HIE 
(N = 827).

Characteristic (comparison) Odds ratio (95% confidence interval)

Age (10 years younger) 0.955 (0.782–1.166)
Female (male) 0.899 (0.498–1.621)
Race (Caucasian)a

  African American 0.942 (0.466–1.908)
  Hispanic 0.623 (0.118–3.3.04)
Education (college degree or higher)
  Less than high school 0.937 (0.336–2.618)
  High school/GED 1.122 (0.476–2.643)
  Tech school 1.826 (0.372–8.967)
  Some college 0.633 (0.273–1.467)
Does not own a text message-capable cell phone 1.548 (0.586–4.091)
Does not use text messaging 0.933 (0.410–2.120)
Does not have Internet at home 0.538 (0.260–1.116)
Does not use email 0.688 (0.318–1.490)
Does not have a PCP 1.267 (0.457–3.511)
Usual source of care does not use EHR (uses EHR) 0.761 (0.200–2.899)
Unsure whether usual source of care uses EHR 0.464 (0.247–0.874)
Has never received healthcare in a different hospital system 0.450 (0.247–0.821)
Uses controlled prescription medications  
(no controlled medications listed in EHR)

0.631 (0.326–1.224)

Did not give permission to view medication list 0.366 (0.180–0.748)
Risky alcohol useb 1.247 (0.615–2.530)

HIE: Health Information Exchange; PCP: primary care physician; EHR: electronic health record; GED: General Educational 
Development.
a�Survey responses from 17 Asian participants were not included in logistic regression model due to perfect prediction of 
outcome (all 17 Asian participants were willing to share their data in an HIE).

bExceeds NIAAA-sex/gender/age guidelines for safe use of alcohol.15,16

Note: bold values indicate statistical significance.
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shown that security and privacy are major barriers for patients,3 and a study that gathered multiple 
stakeholder input in Taiwan found that patients have greater concerns about privacy than do  
physicians.24 This study shows that this disconnect also needs to be addressed in the United States. 
One patient was also fearful of an insurer denying them coverage based on the HIE information, 
indicating that either patients are not aware that the Affordable Care Act outlawed denial of cover-
age for preexisting conditions, or that they do not trust its ability to enforce that rule. Patients also 
do not seem to recognize how much information their insurers already receive about their diagno-
ses and medications in order to process their claims.

In our study, patients were somewhat more likely (56% vs 46%) to say they preferred to provide 
consent before their records were shared via HIE as opposed to having them shared automatically. 
This is similar to prior surveys in other settings that have found 35–69 percent of participants want-
ing to sign consent for HIE participation.14,21 However, among the subset of patients who preferred 
to give consent that were asked a follow-up question, 90 percent indicated that they would want 
their ED doctors to automatically access their health records in a medical emergency if they were 
unable to give consent and no one else could be reached. While respondents might have felt pres-
sured to change their response to please researchers when asked a second time, our results are 
consistent with a prior study where support for access to records without consent increased from 
35 to 93 percent when participants were presented with a scenario in which they were in an emer-
gency situation and unable to provide their own medical information,21 and another study where 
90 percent supported access when the question was phrased as a medical emergency.17 This finding 
highlights the tension between the Healthcare Insurance Portability and Accountability Act 
(HIPAA), HIE, and emergency situations.

It is the current standard of practice that patients in emergency situations who are unable to 
provide informed consent are presumed to consent to life-saving treatment. Therefore, it could be 
argued that “break-the-glass” HIE access should be a part of any emergency care where patients 
are unable to sign consent for access to their medical records. Further public education is needed 
about the current situation in some HIEs where opting out makes any medical records invisible, 
even in the case of true emergency scenarios such as unconsciousness after car accidents or medi-
cal catastrophes such as heart attack or stroke where access to medical records could be 
life-saving.

Of the patients surveyed in this urban ED, four out of five said they had providers and hence 
medical records in another health system, including 61.6 percent of patients who also reported that 
all of their care was in the current hospital system. These results suggest that a highly functional 
and accessible HIE would be of benefit to a majority of ED patients. Consistent with patient com-
ments that loyalty to the current hospital system obviated their need to participate in HIE, patients 
who reported that they had never seen providers outside of the hospital system were less likely to 
be willing to share their data in an HIE, a characteristic that remained significant on multivariable 
analysis. Public education on the likelihood of being taken by ambulance to an ED in a different 
health system in the case of a true emergency could also improve support for HIE access in EDs.

Most patients (97.8%) expected their emergency physicians could already see records from 
their outpatient physicians in the same system, but in the health system where this study was con-
ducted, emergency physicians can only see occasional notes about phone conversations but not full 
physician visit notes due to a difference in EHRs between settings and EHR uptake by outpatient 
providers, highlighting a disconnect between public expectations and the actual state of integrated 
EHR in the United States where only 54 percent of office-based physicians have achieved mean-
ingful use of EHR,22 and many different EHRs may be utilized within the same health system 
without seamless information sharing.25
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Limitations

Although this study has a large sample size, it was performed at a single center and the results 
may not be generalizable to other areas of the country or to other ED populations. Nineteen per-
cent (N = 190) of surveys had missing responses related to key variables and were therefore 
excluded from the final multivariable analysis, so there may be systematic differences between 
patients who answered all questions and those who did not. This was a qualitative study with 
both multiple-choice and open-ended responses, and not all open-ended responses were captured 
verbatim nor were they systematically coded. Future studies might consider a more in-depth 
discussion with the patients who are not willing to share their data in an HIE about their con-
cerns, with coding of the exact responses to elicit themes. The study investigated patients’ 
reported willingness to share their data in an HIE, but did not actually ask them to enroll. People’s 
behavior in a real situation does not always match what they say they would do hypothetically. 
Although concerns regarding privacy were elicited from those not willing to share their data in 
an HIE and questions were asked regarding alcohol and controlled substance use, substance 
abuse, psychiatric history, and human immunodeficiency virus (HIV) or sexually transmitted 
infection history were not explicitly included in the choices of types of information to be shared 
through an HIE. Future research may wish to determine whether concerns about this type of 
more sensitive information increase overall privacy and security concerns. Nonetheless, results 
are strongly supportive of the acceptability of HIE to the ED population, particularly in a truly 
emergent situation.

Conclusion

Study results show that the majority of ED patients are in favor of HIE, and that consent to access 
HIE records should be explored for inclusion in the routine “permission to treat” forms that all 
emergency patients sign when seeking care in an ED. If patients opt-out, there should be an option 
that also gives patients the ability to make an exception (e.g. opt-in to HIE) in the case of life-
threatening emergencies. The qualitative data support a need for patient education regarding the 
utility of HIEs and the role of insurers in HIEs, and a need for improvements in the security of HIEs 
and regulation on who can access HIEs.
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at two centers to sign into a website on a schedule. For each session, the website informed them about 
normal postoperative symptoms and prompted them to complete an interactive symptom questionnaire 
that provided detailed information on flagged responses. We interviewed eight women who experienced 
an adverse event. Six of these women had used the web application regularly, each indicating they used 
the information to guide them in seeking care for their complications. These data support that self-care 
applications may empower patients to manage their own care and present to appropriate health care 
providers and venues when they experience abnormal symptoms.

Keywords
education of patients, hysterectomy, patient safety, postoperative complications, web-based applications

Introduction

Hysterectomy is one of the most common surgical procedures performed on women in developed 
countries.1 There are 650,000–700,000 hysterectomies performed in Canada and the United States 
each year.2,3 Hysterectomy can lead to major peri-operative morbidity, including urinary tract and 
bowel injury, infection, hemorrhage, thromboembolism, and death.4 A prospective clinical audit of 
1330 hysterectomies with a form specifically designed to record complications from hysterectomy 
demonstrated that 26.4, 23.9, and 17.0 percent of patients with abdominal, laparoscopic, and vagi-
nal hysterectomies, respectively, experienced adverse events.5 A larger prospective cohort study 
with detailed questionnaires on 5279 hysterectomies demonstrated complication rates of 19.2, 
15.4, and 11.7 percent in patients with abdominal, laparoscopic, and vaginal hysterectomies, 
respectively.6 Because adverse events following hysterectomy can be common and some of the 
adverse events can be serious, we need excellent pre-surgical/in hospital patient education by 
health professionals and reliable methods of providing accurate information to women and their 
families once they return home.

Adverse events and their consequences after elective hysterectomy can be significant and costly 
for patients, surgeons, the health care system, and society. Diagnosing and managing serious 
adverse events often requires multiple outpatient and inpatient laboratory, imaging, medical, and 
surgical resources.3 These investigations and procedures are uncomfortable, associated with their 
own risks and side effects, and costly.3 Major adverse events after hysterectomy can negatively and 
permanently impact an individual’s length and quality of life. Even non-serious adverse events, 
such as urinary tract, wound, or pelvic infections, can cause discomfort, stress, and anxiety for 
patients. These less severe adverse events may also be inefficiently and ineffectively managed if 
patients present to inappropriate health care venues for evaluation and treatment. A recent retro-
spective chart review of laparoscopic hysterectomy and same-day discharge found that the most 
common reasons for visiting the emergency department within 48 h were pain and nausea.7 The 
study concluded that detailed postoperative instructions may have prevented many of these early 
postoperative visits.7

Gap in recovery information provided to patients

At present, informing and educating patients about their surgery and postoperative recovery con-
sists of preoperative visits with their surgeons and nurses along with verbal and written instructions 
provided at discharge. At most Canadian hospitals, preoperative teaching is done by a registered 
nurse usually during a pre-admission visit a week or more before scheduled surgery. The majority 
of postoperative teaching in hospital is provided by nurses and is usually done as the patient is 
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being discharged from hospital. Although this is the standard of care for Canadian postoperative 
patients, it is sometimes ineffective as women are often experiencing pain, and may be under the 
influence of anesthetic and narcotics, as well as feeling anxious or rushed about their discharge. 
Increased emphasis on cost-savings has reduced the amount of time spent in preoperative sessions 
with nurses.8 About one-third of 102 hysterectomy patients surveyed felt that they had been pro-
vided insufficient information.9

Patients are increasingly supplementing verbal and written information with online resources. 
The use of Internet-based self-management tools has improved the health status of patients with 
chronic disease when compared to standard non-Internet self-management programs.10 Online 
tools have been developed to educate women about family planning11 and to help quit smoking 
during pregnancy.12 Online patient portals developed by hospitals to manage chronic diseases such 
as diabetes in children have been studied and found to have potential.13 Electronic support tools 
available for aiding in recovery from surgery include the website Hystersisters.com, which has 
information that is not created by health care professionals but is instead centered on peer-support. 
In a study of 137 women who used the Hystersisters.com website, women found the information 
about recovery helpful; however, 39 percent found some aspect (often negative postings from some 
members) of the website not helpful in their recovery.14 One study demonstrated that patients who 
used Hystersisters.com valued some information more if it was provided by a member perceived 
as knowledgeable.15 A meta-analysis of 191 studies found that increased patient education shortens 
length of stay in hospital by an average of 11.5 percent and has beneficial effects for recovery, pain, 
and psychological distress.16 A recent randomized controlled trial has shown that orthopedic 
patients who were given supplemental online information from authoritative sources to research on 
their own prior to their surgery modified their decision on spinal versus general anesthesia.17 All of 
these studies suggest there may be a gap in the knowledge that patients have about their surgery 
and that it may be possible to help fill that gap with authoritative and reliable online or mobile app 
resources. With adverse events after hysterectomy occurring at home being relatively common and 
potentially serious, we also need to ensure these resources provide accurate, timely, and reassuring 
information tailored to their concerning symptoms and type of surgery.

Efficient navigation of a complex health care system

The Canadian health care system—with its many types of care providers and multiple access points 
for care—may leave patients uncertain as to where they should go when they experience symptoms 
of adverse events at home after surgery.18 Early presentation, diagnosis, and treatment of evolving 
adverse events are critical steps in limiting their short-term and long-term sequelae. Early diagno-
sis and treatment of an adverse event also has a positive effect on the health care system, as early 
intervention can often prevent a hospital admission. Currently, no formal screening mechanisms 
are in place to survey patients quickly, routinely, and comprehensively for specific symptoms of 
adverse events after hysterectomy and to advise them when and where to go for appropriate care.

Proposal to fill information gaps

In response to all of these information needs and health systems gaps, we created the SAFER 
(Studying Adverse Events From Elective Surgery Research) web application.19 The application 
consisted of surgery-specific, interactive applications designed to inform and empower patients to 
better care for themselves after surgery. We conducted a small study on 31 abdominal hysterec-
tomy patients to see if they would access the self-care application from home after surgery and 
use the information to assist them in caring for themselves. Here, we report on 11 of the 31 
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women who suffered adverse events during the study and how using the application impacted 
their care and outcomes.

Materials and methods

Gynecologic surgeons met and determined the initial approach and content for the abdominal hys-
terectomy applications. The content was broken down to include a 2-min checkup to screen for 
symptoms, recovery advice on what is normal and not normal (specific to the patient’s day of 
recovery), as well as background educational content on hysterectomies. A medical writer and 
computer programmer transformed this information into the SAFER Abdominal Hysterectomy 
Self-care Web Application. Designed to be accessed regularly by patients recovering at home after 
surgery, the modules were concise and specific to abdominal hysterectomy and to the day of recov-
ery after surgery. The self-care application was intended to be accessed daily during the first week 
at home and then twice a week for three more weeks. During each session, patients received brief, 
timely advice about how to care for themselves and were asked to answer 18 screening questions 
about specific symptoms after surgery (Appendix 1). Patients who gave a positive reply to a symp-
tom question were provided additional information about the possible significance of the symptom 
and where they should go for further evaluation. They also had the option of accessing the symp-
tom information without providing a positive reply to the screening question. Detailed information 
on the development, design, and implementation of the tool, including screenshots and patient 
feedback on the overall design, has been previously reported.19 Here, we focus on the experience 
and outcomes of those who used the application and experienced an adverse event. These results 
will be used to support efforts to launch a larger study into the effect of these types of tools on 
adverse event rates and patient satisfaction.

After approval from the IWK Health Centre institutional review board, five women having 
abdominal hysterectomy enrolled in a small feasibility cohort. Women who had Internet access 
from home, who were comfortable using the Internet for basic services (e.g. banking, bill payment, 
and/or shopping), and who could speak and read English were included. These women were 
approached to join the study by a preoperative clinic nurse who was already scheduled to conduct 
the patient’s regularly scheduled preoperative appointment. The total number of patients approached 
by the preoperative clinic nurses was not recorded.

A research nurse gave a brief introduction and demonstration on how to use the website to the 
five women prior to their surgery. While recovering at home after surgery, they were asked to sign-
in to the SAFER modules and complete the specified activities. These activities consisted of read-
ing the daily recovery advice, answering the 18 symptom questions (Appendix 1), and completing 
a short free-text entry if they had to seek health care advice or treatment for a problem. Other 
activities included a preoperative questionnaire to record their demographics, information sources, 
expectations, and a postoperative questionnaire to record their satisfaction and health care access.

At the conclusion of their participation, all five women provided detailed feedback by taking 
part in a semi-structured telephone interview. We took into account patient feedback from this 
small cohort of five patients by modifying the content and utility of the application based on their 
comments and suggestions. This detailed patient feedback from these five women has been previ-
ously reported by the authors.19

After obtaining institutional review board approval from the IWK Health Centre in Halifax and 
the Ottawa Hospital Research Institute in Ottawa, we tested the revised version of the online self-
care application in a second small pilot cohort involving 26 women having abdominal hysterecto-
mies at either of these two sites. These 26 women were asked to complete the same activities as the 
women in the feasibility cohort. For all women in the first (feasibility) cohort (n = 5) and the second 
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(pilot) cohort (n = 26), we collected baseline demographic and usage rates for the web application. 
Adverse event occurrence was determined by medical research staff completing a medical chart 
review and contacting each participant to capture adverse events not documented in their medical 
chart. All 31 women were contacted 6 weeks post-surgery to inquire if they had experienced any 
other problems that required them to access the health care system. Qualitative details about these 
health problems were recorded. With the sample sizes being too small to draw definitive compari-
sons between groups and the fact that the pilot cohort largely followed the same methodology with 
minor revisions following the feasibility stage, all 31 women’s experiences are reviewed as one 
cohort in this article.

Results

Demographics

Figure 1 contains a flow chart of participant enrollment, compliance, and adverse event occur-
rence. Table 1 provides the demographic characteristics, broken down by adverse event occur-
rence, of the women who used the web applications and completed the demographic 
questionnaire.

Participants experiencing adverse events

Eleven (35%) of the 31 women who used the website suffered an adverse event after surgery. 
These adverse events consisted of one ureteral fistula, four wound complications, two vaginal 

Figure 1.  Flow chart of enrollment of study participants.
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vault complications (vault hematoma and vault cellulitis), and four urinary tract infections. No 
patient suffered more than one adverse event.

We were able to contact and interview 8 of the 11 women who experienced an adverse event. 
Three of the 11 women could not be reached for an in-depth interview. These three women had a 
urinary tract infection as their adverse event. For the eight women interviewed, Table 2 presents 
their diagnosed adverse event, the frequency of their web application usage, and whether the online 
material had influenced their decision to seek additional care.

Two participants who experienced an adverse event, rows 1 and 2 in Table 2, felt that the web-
site did not affect their treatment decision, due to the symptoms being obvious or occurring at a 
regularly scheduled follow-up appointment with their own physician. The other six women who 
experienced an adverse event used the applications regularly and to guide their decision making 
about whether to seek additional care and where to go for this care. Two participants with an 
adverse event, rows 3 and 4 in Table 2, felt the website confirmed and reassured their own decision 
to seek help, with the second woman stating it hastened her decision. One participant experienced 
a ureteral fistula, row 5. After following the website information and presenting to an Emergency 

Table 1.  Demographic information of women who used the postoperative self-care web applications and 
completed the demographic questionnaire.

Characteristic Adverse event No adverse event

  No. (%) No. (%)

  (n = 9)a (n = 18)a

Age (years)
  Under 40 1 (11.1) 6 (33.3)
  40–49 5 (55.6) 8 (44.4)
  50–59 3 (33.3) 4 (22.2)
Any previous surgical operation
  Yes 5 (55.6) 15 (83.3)
  No 4 (44.4) 3 (16.7)
Education level
  Less than grade 12 0 1 (5.6)
  Completed high school 0 1 (5.6)
  Some college/university 0 3 (16.7)
  Completed college/university 9 (100) 13 (72.2)
Annual household income
  Less than US$20,000 0 1 (5.6)
  US$20,000–US$39,999 2 (22.2)   0
  US$40,000–US$59,999 0 5 (27.8)
  US$60,000–US$79,999 3 (33.3) 3 (16.7)
  Over US$80,000 4 (44.4) 9 (50.0)
Distance >20 km from
  Hospital of surgery 4 (44.4) 10 (55.6)
  Nearest hospital 3 (33.3) 5 (27.8)
  Family doctor’s office 4 (44.4) 6 (33.3)

aTwo subjects from each group did not complete the demographic questionnaire.
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Department, she had an initial misdiagnosis of acute cholecystitis. She felt her uterovaginal fistula 
might have been diagnosed and treated sooner if the website had provided even more information 
on what her symptoms meant so that she could have communicated this to her health care provid-
ers. Other comments from these eight women include that the web application was helpful, easy to 
use, clear, and reassuring. They also noted the website was credible due to it coming from their 
health care centers and providers.

Barriers to use

Six of the 31 women (19%) did not use the web applications regularly (completed <50% of the 
sessions). To understand why women did not use the applications, we approached all six women 
for interviews and four agreed. Two of the women interviewed had also suffered an adverse event 
(Table 2, first two entries). For three of the women, their reasons for not using the online applica-
tions were related to issues of access. Two women reported that, because their computers were set 
up on a different floor than where they spent the bulk of their recovery time, it was difficult and/or 
painful to get to their computer. One woman experienced such debilitating pain (from her wound 
hematoma) that she could not get to her computer to complete the applications. The fourth woman 
reported being too overwhelmed by the demands of single parenting and postoperative recovery to 
be able to use the applications consistently.

Patient overall experience

The website’s post-surgery questionnaire recorded patients’ opinions about their experience dur-
ing recovery, their satisfaction with their surgery outcome, and usefulness of the web applica-
tions. Women who experienced an adverse event tended to give higher scores for the questionnaire 
items assessing the helpfulness and usefulness of the web applications (Table 3). Fisher’s exact 
test was performed on a comparison of Agreement (⩾4) versus No Agreement (<4) in the two 
groups. No significant differences were found as all p values were above 0.19 on this small sam-
ple size.

Table 2.  Number of online sessions completed by eight participantsa who experienced an adverse event 
and whether the information influenced their decision to seek additional care.

Adverse event Completed online 
sessions (of 13)

Did the information influence your 
decision to seek additional care?

1 Wound hematoma 2 No
2 Superficial wound 

dehiscence
5 No

3 Wound infection 8 Yes
4 Wound hematoma 13 Yes
5 Ureteral fistula 11 Yes
6 Urinary tract infection 12 Yes
7 Vault hematoma 12 Yes
8 Vault cellulitis 13 Yes

a�Of the 11 women who suffered an adverse event, 3 women with a urinary tract infection could not be reached for 
interview.



286	 Health Informatics Journal 23(4)

Discussion

The SAFER applications were designed to provide timely and accurate information to patients 
recovering from hysterectomy. This information helped educate patients about normal and abnor-
mal symptoms as well as guide their decision making around accessing health care when experi-
encing these symptoms. In this report, we focus on the experiences of women who experienced 
adverse events in our small population, with common ones including infections and wound com-
plications. Although these complications may not have progressed into something more serious, 
early intervention is critical for successful management. Early, outpatient management of wound 
complications and infections is less costly to the health care system and patients than unmanaged 
complications that may progress and require acute care. To this end, the web applications prompted 
and informed patients on every sign in to remind them about concerning symptoms and, impor-
tantly, informing them when and where to go if they had these symptoms.

Mobile app to address barriers to use

A primary goal of this study was to test the feasibility of web-based self-care applications for 
patients recovering from surgery, complementing standard pre- and post-operative teaching. More 
than 80 percent of women used the applications regularly, that is, more than half (7) of recom-
mended sign-ins (13). This high usage rate suggests that self-care applications are feasible as a 
method for helping patients care for themselves at home after surgery. Women who did not use 
the applications regularly were usually constrained by access to a computer. A recently reported 
comparison of effectiveness of mobile versus traditional monitoring for weight-loss programs 
confirms that mobile device versions could be an effective means to increase compliance in some 
groups.20 In 2010, 78 percent of Canadian households had a mobile phone, an increasing trend.21 
Data from this small study suggest that a mobile option may help both with physical access and 
time restrictions by allowing the applications and questionnaires to be completed anywhere. A 

Table 3.  Satisfaction with the applications for women who suffered and did not suffer an adverse event 
(AE), on a 5-point scale ranging from 1 (strongly disagree) to 5 (strongly agree).

Item AE mean score 
(% 4 or 5)

No AE mean score 
(% 4 or 5)

  (n = 8) (n = 16)

The SAFER website was useful in helping me decide whether 
or not to contact a health professional for symptoms I had

4.5 (75%) 3.9 (67%)

I used the SAFER website more than any other information 
source (not including health professionals) during my recovery

4.4 (88%) 3.9 (79%)

Overall, the SAFER website helped me in my recovery 4.4 (75%) 4.4 (83%)

The 2-min checkupa helped reduce my worry 4.3 (75%) 3.8 (67%)

The 2-min checkupa was useful in helping me to decide 
whether or not I should call a health professional for 
symptoms I had

4.5 (88%) 4.1 (75%)

SAFER: Studying Adverse Events From Elective Surgery Research.
No result was statistically significant on this small set.
aThe 2-min checkup refers to the daily symptom questionnaire.
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mobile phone option may also give greater access to those who live in rural areas without Internet 
access over land lines but who do have mobile phone coverage. For maximizing compliance with 
self-management system protocols, easy access from many locations, including bedside, is key. 
To this end, we have created a mobile-optimized version of the self-care applications which is 
ready for trial with a larger sample size.

High socioeconomics of small sample size

Most of the participants were relatively young, well educated, and Internet savvy. Selection bias 
may have occurred in that only women with these characteristics were enrolled or only women 
with these characteristics had the ability to complete the study because they were required to have 
home Internet access and familiarity with using the Internet. Due to the social determinants of 
health, older and low-socioeconomic groups may be at slightly greater risk of adverse outcomes 
post-surgery. However, a majority of Canadians aged 35–54 (87.8%) and 55–64 (71.1%), as well 
as low-income (76.2%) Canadians, use the Internet regularly.22 There is also a demand for relevant, 
accurate, online health care information among the Canadian female population—74 percent of 
Canadian female Internet users search for medical or health-related information.23 Web-based self-
care applications can fill this demand by providing patients with reliable, surgery-specific informa-
tion, reiterating and emphasizing the information provided by their nurses and physicians when 
patients need it most, namely when they are at home, recovering from surgery, and having prob-
lems. The applications also fill the gap after hours and at night when women may feel most vulner-
able, have additional questions, and fewer health care professionals are available.

Adverse event rates

Even with the small sample size and the relatively high socioeconomic status of the subjects 
enrolled in this study, adverse events after abdominal hysterectomy in these subjects were com-
mon. Over one-third of participants in this small study experienced an adverse event. Approximately 
half of these adverse events were infection-related, most commonly urinary tract infections. Large 
prospective audits and studies with specific measures and questionnaires to capture adverse events 
unique to hysterectomy also demonstrate adverse event rates of 26.4 and 19.2 percent after abdomi-
nal hysterectomy, with most of these adverse events being wound and infection-related.5,6 With 
approximately one-fifth to one-third of patients experiencing adverse events after abdominal hys-
terectomy, the delivery of timely, accurate information about symptoms of possible adverse events 
and where to go for treatment are needed. Since the application is tailored to the specific day fol-
lowing surgery, the information may be better received and understood because it appears at a 
relevant time for women seeking the information.

Empowerment of patients

Several aspects of the SAFER website align with previously identified components of patient 
empowerment.24 Although the original conception and design of SAFER predates this article (i.e. 
it was not followed as part of our methods), the daily tip and background information improves 
communication skills by increasing knowledge of specific questions to pose to health care provid-
ers. The 2-min checkup increases knowledge and insight regarding abnormal and normal symp-
toms, increasing education and health literacy. The daily tip featuring normal and abnormal 
recovery information specific to the patient’s day of recovery gives information about the patient’s 
personal health situation. This advice plus providing daily goals for the patient to strive for, helps 
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with supporting self-care. The 2-min checkup gives participants specific guidelines of when and 
where to seek care for flagged symptoms. A final component of patient empowerment identified by 
the article could be part of future work, namely the encouragement and enabling of having patients 
communicate with one another. These features strive to help empower patients to care for them-
selves more effectively.

Additional information and coordination may be required

Although the web applications were helpful for most of the women who experienced an adverse 
event, one subject who followed the website advice and sought care for her symptoms at local 
emergency departments still experienced a delay in diagnosis and management of her ureteric 
injury. This delay was partly from the challenge of diagnosing a small hole in her ureter that pre-
sented with non-specific symptoms. There is a need, beyond the currently studied web tool, to 
co-ordinate surgery-specific self-care information with emergency room physicians and family 
physicians so that any patients who continue to present to emergency departments or family physi-
cians’ offices with ongoing symptoms are referred to appropriate surgical care teams. These teams 
are experienced in the types of adverse events specific to hysterectomy, which may result in quicker 
diagnosis, management, and resolution of those adverse events.

Conclusion

Adverse events after abdominal hysterectomy are common. At present, they are not optimally 
screened and cared for in the Canadian Healthcare system. Self-care applications that are com-
pleted regularly while recovering at home after surgery are a feasible method to further educate 
patients about when and where to go for appropriate evaluation and care beyond the information 
provided by physicians and nurses at the hospital.

More work still needs to be done with implementation and evaluation—the development of a 
mobile-optimized app should help with increasing accessibility for recovering patients, which 
was identified as a barrier to use. Moving from the pilot study stage into a larger trial will allow 
us to quantify the effect of these applications on adverse event outcomes with statistical support. 
As we integrate these and other similar applications into health care, we hope to empower patients, 
decrease adverse event severity, optimize surgical outcomes, and improve the overall health of 
our population.
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Appendix 1

Participants were asked to answer “yes” or “no” for the questions below on days 4–10, 13, 16, 20, 
23, 27, and 30 after surgery. If they gave a positive reply, they were provided information about the 
possible significance of the symptom and where to go for assessment. Participants were also given 
the option of requesting more information about the symptom, without giving a positive reply.

1.	 Do you have more pain in your abdomen (lower belly) today than you did yesterday?
2.	 Are the drugs you are taking for pain keeping the pain under control?
3.	 Do you have pain in your kidney area (i.e. around your lower back ribs)?
4.	 Are you having any chest pain, upper back pain, or pain in your shoulder tips?
5.	 Are you short of breath or having any difficulties breathing?
6.	 Do you have a cough?
7.	 Do you have any swelling in either one—or both—of your legs?
8.	 Do you have a fever, chills, or night sweats?
9.	 Are you lightheaded or dizzy, or have you fainted?
10.	 Are you having any problems with your incision? For example, is it red, painful, or swol-

len? Oozing any pus? Opening up?
11.	 Are you having heavy vaginal bleeding? For example, are you soaking a pad every hour?
12.	 Is there excessive or foul discharge from your vagina?
13.	 Have you thrown up in the last 24 h?
14.	 Are you passing gas rectally?
15.	 Have you had a bowel movement in the last 24 h?
16.	 Are you having any diarrhea, or frequent, loose bowel movements?
17.	 Is there urine or feces (stool) leaking from your vagina?
18.	 Are you having any problems when you empty your bladder?
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Abstract
A health record database contains structured data fields that identify the patient, such as patient ID, patient 
name, e-mail and phone number. These data are fairly easy to de-identify, that is, replace with other 
identifiers. However, these data also occur in fields with doctors’ free-text notes written in an abbreviated 
style that cannot be analyzed grammatically. If we replace a word that looks like a name, but isn’t, we degrade 
readability and medical correctness. If we fail to replace it when we should, we degrade confidentiality. We 
de-identified an existing Danish electronic health record database, ending up with 323,122 patient health 
records. We had to invent many methods for de-identifying potential identifiers in the free-text notes. The 
de-identified health records should be used with caution for statistical purposes because we removed health 
records that were so special that they couldn’t be de-identified. Furthermore, we distorted geography by 
replacing zip codes with random zip codes.
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Introduction

Electronic health record (EHR) systems store large amounts of data and are essential for all clinical 
work. According to ANSI,1 important qualities of an EHR are confidentiality and accessibility only 
by authorized persons. An EHR system must ensure confidentiality since exposing health records 
are against law and ethical principles. In order to create data for testing EHR systems, for present-
ing them to others and for teaching, access is needed to large amounts of EHR data, but it is hard 
to get the necessary permissions. Access to de-identified (anonymized) health records would in 
many cases be sufficient. However, the de-identified data should meet certain quality criteria:
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1.	 Medical correctness: Each health record must show a true medical picture of a real patient.
2.	 Anonymity: It must not be possible to see who the real patient is.
3.	 Readability: The health record must look real. As an example, patient names and addresses 

that have become F274, XXXX or **** don’t meet this criterion.
4.	 Consistency: The patient’s identifiers must be consistent with the medical picture, for 

instance, an age that is like the real person’s age. If the real patient’s name is Peter, but his 
de-identified name is Jens, then Peter must be replaced by Jens also in the clinician’s free-
text notes. Furthermore, his wife’s health record may refer to him as Peter, and this Peter 
must also be changed to Jens.

A health record database contains fields with structured data that can identify the patient, 
such as patient ID, patient name and phone number. These data are fairly easy to replace with 
other identifiers, in that way ensuring anonymity. The database also contains fields with medi-
cal data such as diagnosis codes, blood pressure and other measured values. They have to be 
preserved to ensure medical correctness. The problem is the unstructured data fields with doc-
tors’ free-text notes. They contain important medical information that has to be preserved, but 
may also contain phone numbers, patient names, name of the spouse and other identifying 
items. Furthermore, clinicians write notes in an abbreviated—often personal—style that cannot 
be analyzed grammatically.

Considerable work2–12 has been done in developing de-identification algorithms using various 
techniques such as natural language processing (NLP), named entity recognition and machine 
learning. These approaches de-identify database records (e.g. pathology documents) that do not 
relate to other records. We will refer to this as a record-oriented de-identification approach. Recent 
work13–15 has focused on utilizing a full database rather than records. The approach presented in 
this article was briefly presented by Pantazos et al.16

Previous research has not looked at quality attributes for database-oriented de-identifications. In 
this article, we focus on the four quality attributes above: medical correctness, anonymity, readabil-
ity and consistency.

Background

In 2010, we started work on an EHR system with a high degree of data visualization. We cooper-
ated with a Danish software house that had delivered EHR systems to many clinics and small 
hospitals in Denmark. In order to get test data, we made a copy of the full database and de-identi-
fied it. The database consisted of 437,164 patient health records. The work took place on their 
premises since no real health records could go outside the company.

The idea was to make a mapping table that translated all patient identifiers into patient identi-
fiers for other patients. In this way, patient B got patient C’s first name, patient D’s last name, 
patient E’s street name and so on. Patient B would get a randomized civil registration number 
(CPR) that preserved his year of birth and gender. In this way, we would ensure consistency across 
patients. Somebody looking at a full de-identified patient record would know that this was a real 
patient, but he or she was not called C, nor D and didn’t have address E. We had outlined the con-
version program and expected the whole thing to take a couple of days, but—alas—unexpected 
problems turned up. We spent 3 months.

We had to invent many methods for locating and anonymizing potential identifiers in the free-
text notes. To our surprise, 3–4 percent of the words in free-text fields were potential patient identi-
fiers. Consistency across patients turned up to be more important than we had expected: around 
90 percent of the patients had one or more relatives in the database.
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We detected that many health records had been created for testing or were left uncompleted due 
to system errors (“corrupt” data). In 69,914 cases, we had to delete such patient records. In 43,119 
cases, data couldn’t be safely de-identified without manual intervention, so we made the program 
delete these patient records. As an example, we deleted patients that had a rare Danish name that 
was also the name of a disease, for instance, Aaron, which is also a medical term. The program 
couldn’t tell whether Aaron in a free text was a medical term that shouldn’t be changed or the name 
of a related patient that should. We ended up with 323,122 patient health records.

We manually compared 369 random, anonymized patient records against the original records, 
checking for medical correctness, readability and anonymity. These quality factors were preserved 
on an acceptable level for our purpose. Consistency was ensured by the algorithm, so we checked 
it in a few places only.

Related work

A good de-identification system must replace all data that are personal identifiers in structured 
data, as well as in free text.5 One of the first de-identification systems for patient records was 
Scrub.2 It was evaluated against 275 English patient records and 3198 letters to physicians from the 
pediatric department. External sources, predefined templates and rules (e.g. the format of a phone 
number and address) were included in the algorithm. This algorithm had a 99–100 percent success 
rate for de-identifying personal identifiers. Another system was developed by Ruch et al.3 It resem-
bles Scrub, but added NLP. NLP tools use a medical semantic dictionary with word-sense and 
morph-syntactic labeling. This system located 98–99 percent of all personal identifiers. To 
anonymize the data, the authors replaced all identifiers with XXX’s, which had a negative impact 
on readability.

Several systems4–6,17 were developed in the last decade to de-identify pathology reports. Thomas 
et al.4 developed an algorithm that scored 98.7 percent successful name replacements using English 
syntactic rules, prefixes, suffixes and names composed of first and last names. Gupta et al.6 con-
ducted an iterative evaluation of their system. At the end of the third iteration, the authors claimed 
that their method generated anonymized and readable reports. An algorithm designed by Berman5 
replaced words with codes from the Unified Medical Language System (UMLS) and asterisks. It 
produced hardly-readable documents. Beckwith et al.17 evaluated an open source system which 
replaced identifiers with X’s in pathology reports.

Seven de-identification systems were evaluated in the “Challenge in NLP for clinical data” 
workshop, using medical discharge letters as input.18 In this workshop, the systems were evaluated 
using three performance measures: precision, recall and f-measure. The highest f-measure was 
99.7534 achieved by a novel approach based on Named Entity Recognition combined with itera-
tive machine learning.8 This application finds personal identifiers in the structured data and uses 
them to locate identifiers in free-text data.

Hanauer et al.12 introduced the iterative tag-a-little, learn-a-little approach for a particular docu-
ment type. The authors used the MITRE Identification Scrubber Toolkit19 to integrate their 
approach. They obtained an f-measure of 95.

Susilo and Win20 present a new approach for patient confidentiality that utilizes searching through 
encrypted data. Huang et al.21 focused on portable EHRs for privacy preservation. The authors stress 
the feasibility of the approach, which can meet patient confidentiality requirements.

Even though most of the research has been in an English context, there are some studies on de-
identifying in other contexts. Tveit et al.22 present their approach to de-identify Norwegian general 
practitioner medical records. Their approach consists of six steps: create dictionaries, find exact 
match and tag, identify approximate match and tag, replace tags, tackle untagged words and 
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generate the de-identified output. However, this approach was not evaluated empirically. A Swedish 
de-identification system was developed by Kokkinakis and Thurin,7 using named entity recogni-
tion. This approach de-identified 200 Swedish discharge letters with a precision of 96.97 percent, 
recall of 89.35 percent and f-measure of 93. Velupillai et al.10 adjusted an English de-identification 
system for Swedish medical records. This transformation did not produce the expected results 
(f-measure in total = 65, f-measure for names = 80). Consequently, the authors reported that build-
ing a Swedish system from scratch was more efficient. This phenomenon was also observed and 
confirmed by Grouin et al.9 who adjusted a de-identification system from English to French and 
obtained poor results.

Meystre et al.23 reviewed recent de-identification algorithms and found that the majority of the 
algorithms focus on de-identifying structured data and not free text. However, in accordance with 
Dalianis and Velupillai24 and Hanauer et al.,12 there is immense valuable information in the free 
text. We found the same in our data.

Quality factors

An EHR contains database fields with structured data that can identify the patient, for instance, 
CPR, patient name and phone number. Other structured data fields contain medical data such as 
diagnosis codes and blood pressure. The EHR also contains free-text fields, for instance, doctor’s 
notes and discharge letters. It may also contain pictures of body parts, X-ray and so on, usually 
with a patient ID embedded in the picture. We have not dealt with pictures in this project.

Some data are quasi-identifiers because they can narrow down the set of patients that might 
have this health record. Examples are street name, zip code, birth date, hospital or clinician who 
treated the patient. Two or more quasi-identifiers in combination may identify the patient.25

Anonymity

In order to ensure anonymity, all patient identifiers and quasi-identifiers must be de-identified, that 
is, replaced with something else. It is fairly easy to do this for structured data, but very hard for 
free-text data. Often the computer has no way to tell whether a free-text word is an everyday word, 
a medical term or part of a patient name. As an example, Aaron’s sign is a medical term, but it 
might also be the name of a person.

Readability

In order to ensure readability, we have to replace the patient name with a new name that looks real. 
Inside this patient’s record, we have to be consistent so that we replace with the same name for all 
occurrences.

Consistency

In the database we worked with, 90 percent of the patients had one or more relatives in the data-
base. Most likely, the patient’s name and/or CPR will occur in one of these related health records 
in free-text fields. To ensure consistency, we have to replace also these identifiers with the same 
new identifier.

There are other aspects of consistency, for instance, that the distribution of names should remain 
much the same. If rare names suddenly turn up for a large number of patients, the health record 
database will not look real.
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Medical correctness

If we replace a medical term that looks like a person name, with the new person name, the health 
record will look odd. We have lost medical correctness and readability. In many cases, a clinician 
can guess what the medical term was and in that way get to know the original name of all patients 
that have this new name.

Another aspect of medical correctness is age. If birth dates are transformed in a way that makes 
the patient have a very different age, it will not match the patient’s diagnosis pattern.

Solution

We will first give an overview of the solution and then explain the details and where the data came 
from.

Permutation tables

For some identifiers, we made a permutation table that mapped existing identifiers to new ones. 
We picked the new identifier at random from the same table, avoiding reuse of identifiers. Any 
occurrence of an identifier from this table would be translated into the new one.

As an example, we created a permutation table of all last names. The last name Jensen would be 
translated into Petersen wherever it occurred. Petersen was another last name in the table, with a 
similar frequency. This ensured readability and consistency across all patient records.

We made permutation tables for these identifiers and quasi-identifiers: first male names, first 
female names, last names, street names, zip codes, hospital and clinic names.

Distorted identifier table

For the CPR, we made a mapping table from existing CPR to a distorted CPR in this way: The 
Danish CPR format is: DDMMYY-CSSG where DDMMYY is the birth date. The day (DD) and 
month (MM) were changed to a random valid day and month. The year (YY) was kept. C indicates 
birth century (1900 or 2000). This was not changed. SS (serial number) was changed, while G 
indicates the gender and wasn’t changed.

This ensured readability (clinical users see lots of CPR numbers and can easily spot wrong 
ones) and medical correctness (because age and gender were kept).

Randomized identifier

For other identifiers, we randomized the identifier without caring about readability or consistency. 
This applied to phone numbers, e-mail addresses and URLs.

Ambiguous words

Ambiguous words could be part of a person’s name or something else, for instance, a medical term 
or a common word. Through many sources, we created a list of ambiguous words. When the de-
identification program meets an ambiguous word B in a free-text field, it has three choices:

1.	 Replace the word B with its corresponding new name, C. If the word B actually is part of a 
person’s name, everything is fine. But if B actually is a medical term or a common word, 
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the clinician can see from the context that C probably means B. If he knows the replace-
ment rules, he now knows that everybody in the database with the name C is actually B. We 
lose not only medical correctness and readability but also some anonymity. For this reason, 
we never replace ambiguous words.

2.	 Keep the old word B. This ensures medical correctness, readability and consistency. If the 
word actually is a person’s name, the clinician can see it from the context. As an example, 
assume that the program finds Aaron in a free-text note. Since it is a medical term, it keeps 
it. However, a clinician can see that Aaron in this context is the name of a person. If he 
knows the rule of replacement, he now knows that the person referred to is really called 
Aaron, although this is not his name in the de-identified database. The clinician gets no clue 
to where Aaron’s health record is. If there are only a few Aarons in real life, he might guess 
whom it is. If there are many Aarons, he cannot know. We decided that 200 occurrences 
was a safe limit. If the ambiguous name occurs more than 200 times, we keep it in the 
database.

3.	 Delete all patient records with name B. We do this when the ambiguous name occurs less 
than 200 times. This ensures all four quality factors, but we lose data. If a free text for 
another patient refers to patient B, the reference will now be to a deleted patient. We have 
lost a bit of consistency, but such data could exist anyway in the database.

The database and the mapping tables

The EHR we de-identified is built on Microsoft Axapta, which is an ERP system that can be 
extended in many ways. It contained data from 79 clinics and hospitals (including a few in 
Greenland and the Faroe Islands) and contained 437,164 patient records in total. The entire data-
base was 12 GB. There were 65 health-related tables:

1.	 43 tables had no fields that could expose the patient identity. They included reference tables 
of drug codes, treatment codes and diagnosis codes.

2.	 9 tables had fields that only contained personal identifiers in structured form, for instance, 
the patient table that contained patient ID, first name, last name, address, zip code, five 
phone numbers, birth date and date of death. Another example is a table of family relations, 
that is, relations between two patients. Clinicians, hospitals and clinics had their own tables 
with name, address and so on.

3.	 13 tables had fields with free text. The largest one was Medical Record Lines, which occu-
pied 7 of the 12 GB in the database.

Mapping tables

To be able to replace existing identifiers with new identifiers, we created the following mapping 
tables.

CPR.  We collected the CPR numbers from the patient table and gave each number a partially ran-
dom new number according to the rules above. If the new number was already used as a new 
number, we randomized it once more.

Last names.  We used three sources to collect last names: the database’s patient table, Danmarks 
Statistik’s website26 and a study of Danish names at University of Copenhagen, 2005.27 We merged 
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these sources and obtained 56,339 last names. We counted how often each last name occurred in 
the patient table. Many names didn’t occur at all in the patient table, but might occur in free-text 
notes. It was important to catch them too and de-identify them.

For each name, we assigned a new name from the table with a frequency similar to the old 
name. We used this approach: we divided the names into groups according to frequency. The group 
of most frequent last names consisted of 20 names with frequencies from 14,712 to 5319. We 
rotated these names a random number of steps to obtain the new names (a cyclical permutation). 
We used the same approach for groups of 30 names with decreasing frequencies. Rare names (fre-
quency < 200) were randomly replaced with another name in the frequent part of the list. This also 
took care of the names that didn’t occur at all in the patient table.

Male first names.  We used the same approach to collect and de-identify male first names. For 
names occurring in the patient table, we got the gender from the CPR number. Our external sources 
had separate lists for male and female first names. In total, we got 11,415 male first names.

Female first names.  We treated them in the same way as male names. In total, we got 13,044 female 
first names.

Street names.  We collected street names from the patient table’s address field. The address field 
included also floor numbers and entrance letters. In Denmark, the street name is first, so we simply 
extracted the first real name from the address field. We also included street names from the CPR 
website. In total, we got 25,429 street names. We assigned a random street name as the new name 
without caring about frequencies or consistency with zip codes.

Zip codes.  We collected zip codes and related city names from Post Danmark28 and assigned a 
random zip code and city name as the new name. In total, we got 1396 zip codes.

Hospital names and clinic names.  We collected hospital names from Region Hovedstaden, Region 
Sjælland, Region Syddanmark, Region Midtjylland, Region Nordjylland, Queen Ingrid’s Hospital 
in Greenland, Faroe Islands website and our own EHR Database. We used Sygehusvalg,29 Branche-
foreningen for Privathospitaler og Klinikker (the trade association) and our own EHR database to 
extract names of clinics. In total, we got a list of 219 clinic names and 93 hospital names. We did 
not randomly assign new names to the clinics and hospitals. This would reduce medical correctness 
because clinicians know which clinics do what. On the other hand, being treated in a specific clinic 
is a quasi-identifier. We manually selected 41 hospital names and 92 clinic names and used them 
as new names. In many cases, the new name was simply “Hospital” or “Clinic.” This was a reduc-
tion in readability and to some extent in medical correctness.

Ambiguous names

Ambiguous names in our context are first or last names of persons that happen to mean something 
else too. We need a table of them to decide how to treat such a name when it occurs in free text. As 
explained above, we have to delete patients with rare names if they appear in free text. If they are 
frequent names, we leave them as they are.

In healthcare, it is common that diseases, signs, symptoms and so forth are named after a person, 
most likely the one who discovered it. These names are called medical eponyms and may cause 
ambiguity. For example, according to Statistics Denmark in 2010,26 there were 88 males using the 
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name Aaron. At the same time, Aaron is part of a medical eponym (Aaron sign). The algorithm 
knows too little about the context to decide whether to de-identify this name or not.

A similar ambiguity exists also with common words in a language. Each language contains 
several words whose meaning depends on the context. For example, in Danish, the word “hans” 
can be a pronoun or a male name. Another ambiguous case is abbreviations used by clinicians. For 
instance, instead of writing “kirurgisk” (in English: “surgical”) they use the abbreviation “kir,” 
which can be a last name as well. As another example, it is common that a city, hospital, clinic or 
street name is used as a first or last name. For instance, Aalborg is a city in Denmark, but it is a last 
name as well.

We derived the table of ambiguous names from several sources. We checked our lists of first and 
last names against the Danish Dictionary from Microsoft Office Word 2010. This created a list of 
3557 potentially ambiguous names. That a name exists in the dictionary doesn’t mean that it also 
has another meaning that can occur in health records. So, the medical specialist in our team 
(Lippert) scrutinized the list and came up with 1952 ambiguous names.

To the best of our knowledge, there is no official source that contains medical eponyms. So, we 
used the website “Who named it”30 and extracted 3246 medical eponymous names from it. They 
too entered the list of ambiguous names.

Applying the mappings

The mappings must be applied to the structured fields as well as to the free-text fields. We applied 
the mappings to the structured fields according to Table 1. Notice the last rule: remove all patients 
above 90 years. It came from the US Health Insurance Portability and Accountability Act guide-
lines, HIPAA.31 There are so few patients above 90 that their age exposes them.

It was harder to apply the mappings in free-text fields because we don’t know whether an identi-
fier is a first name, a street name and so on. The program analyzed the free-text token by token and 
applied these rules.

Name tokens

1.	 If the name is in one of the person name tables and also in the table of ambiguous words, 
do nothing or delete the related patient records depending on the name frequency.

2.	 If the name is in the last name table, replace it with the new name in the table.
3.	 If the name is in the first male name table, replace it with the new name.
4.	 If the name is in the first female name table, replace it with the new name.
5.	 If the name is in the table of ambiguous words, leave it as it is.
6.	 If the name is in the table of street names, replace it with the new name.
7.	 If the name is in the table of zip codes and city names, replace it with the new city name.
8.	 If the name is in the table of hospitals and clinics, replace it with the new name.
9.	 Otherwise, leave it as it is.

Number tokens

10.	 If the number is in the table of CPR numbers, replace it with the new CPR number.
11.	 If the number looks like a CPR number (10 digits starting with a date), randomize it as other 

CPR numbers.
12.	 If the number has eight digits and is next to a word like tlf, tel and fax, randomize the 

number.
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13.	 If the number is in the table of zip codes and next to a city name, replace it with the new zip 
code.

14.	 Otherwise, leave it as it is. (It may be a measured value, a lab-test number (eight digits), a 
house number and so on.)

These rules give priority to anonymity rather than medical correctness. As an example, a lab-test 
number or a date-time that looks like a CPR number will be de-identified and thus reduce the medi-
cal correctness.

Evaluation of the quality factors

Anonymity, readability and medical correctness

In order to evaluate the actual anonymity, readability and medical correctness, we need to know 
how many words were replaced incorrectly.

We selected a random sample of 369 full patient records. A clinician manually compared all the 
free-text fields in the old and the new version, in total 73,150 words. The result is shown in Table 2.

Table 1.  Replacement rules for structured data fields.

Identifying fields

Civil registration number (CPR) Replace it with the new CPR in the CPR mapping table
First name Select the first male or first female mapping table according to the 

gender code in CPR. Replace first name with the new name in the 
mapping table

Last name Replace it with a new name according to the mapping table
Address An address contains a street name, a house number and sometimes 

a floor number and entrance position (e.g. Byvej 21, 2tv). Replace 
the street name according to the street mapping table. Replace 
numbers randomly with a number that has the same number of 
digits

Phone numbers  
(up to five per patient)

Alter each phone number to a random number with the same 
number of digits

E-mail Alter the address with random characters before the letter @ and 
change the domain name to email.dk

Quasi-identifiers

Zip code Replace it according to the zip mapping table
City Replace it with the city name in the zip mapping table
Country Change it to Denmark
Date of birth Set it from the new CPR
Date of death Randomly change the day and month
Hospital name Replace it with a new name according to the mapping table
Clinic name Replace it with a new name according to the mapping table
Clinician first name Replace it with a new name according to the mapping table for first 

names
Clinician last name Replace it with a new name according to the mapping table for last 

names
Clinician alias Replace it with the new first name of the clinician
Age Remove all patients older than 90 years due to high anonymity risks
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Seven words should have been de-identified but wasn’t. Only one of them was a person name. It 
was ambiguous and frequent (frequency >200) and consequently preserved according to our rules. 
Since it was frequent, we consider it a quasi-identifier. The other words were quasi-identifiers such 
as department names and misspelled street names that were not in our translation tables. In total, out 
of 73,150 words, we had seven anonymity leaks on quasi-identifiers and none on full identifiers.

A total of 109 words were replaced, but shouldn’t. They were ambiguous, but not in our table of 
ambiguous words. One example was the word “Uno,” which was the name of a drug, but also a 
male first name. These cases decreased medical correctness and readability. It also revealed a gen-
eral weakness: also drug names should be considered a source of ambiguity.

Measured in the traditional way with recall and precision, the algorithm scored 99.5 percent for 
recall (the seven anonymity leaks) and 92.3 percent for precision (the 109 leaks in medical correct-
ness). The f-measure was 95.7 percent. Our database-oriented approach compares favorably with 
previous work on record-based de-identification approaches.4–6,17

It would be interesting to compare how other de-identification approaches would handle our 
data. However, this is impossible because the approaches are very dependent on the language. 
Furthermore, we are not allowed to move our original data out of the company where it is hosted. 
We have not found publications about de-identification that discuss ambiguity. Most likely, they 
don’t pay attention to it. It will probably cause some leaks of confidentiality that isn’t detected.

Consistency

The database can record family relations and other relations between patients. Around 90 percent of 
the patients have one or more recorded relatives. When a person name is de-identified in the struc-
tured patient table, it is important that the same name is de-identified in the same way in the rest of 
the patient’s records and in records of related patients, also for free-text fields. This is solely a matter 
of correct programming. We checked it for a couple of patients in Table 3. Since the translation tables 
are used for all patients, consistency is also preserved for relatives who are not recorded as relatives.

Results

Table 3 shows a (non-random) sample of patients with two or more relatives. It gives an impression 
of the variety and complexity of patient records. Several patients have eight relatives in the data-
base, many have more than 100 measurements with notes (Clinical Data), many have more than 10 
diagnoses and several hundred prescriptions.

Table 4 shows the results for the Medical Record Line and Clinical Data tables, which contain 
most of the free text in the database. In total, 3–4 percent of the words are personal identifiers.

This study is the first de-identification algorithm that focuses on anonymity, medical correct-
ness, readability and consistency. Other approaches are limited to a few types of documents, while 
our approach deals with full EHR records from 79 hospitals and clinics. An important part of our 
approach was to collect ambiguous names from many sources.

Table 2.  Correct and incorrect replacements.

Number of words Should be de-identified Should not Total

Was de-identified 1313 109 1422
Was not 7 71,721 71,728
Total 1320 71,830 73,150
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We started out with 437,164 patient health records. We deleted 69,914 patient records because 
data were corrupted (old test data and records left after system failures). We deleted 43,119 patient 
records because of rare ambiguous names or because the patient was older than 90. We ended up 
with 323,122 patient health records.

The distinction between frequent and rare names (fewer than 200 occurrences) is somewhat arbi-
trary. The limit of 200 caused us to delete “only” 43,119 patient records because they had rare ambig-
uous names. If all names were considered rare, we would have lost another 55,000 patient records.

Table 3.  Sample of 20 patients showing the variety of patient records.

CPR Relatives Clinical data Medical records Diagnoses Prescriptions Total

2905931069 6 54 4 4 6 68
2904220702 2 335 9 3 678 1025
2812620120 4 37 2 42 177 258
2812351528 2 36 1 54 517 608
2811831753 2 30 1 1 18 50
2810291211 2 22 2 13 68 105
2809711115 4 15 4 9 15 43
2809550048 6 151 6 2 32 191
2808972414 8 50 6 9 7 72
2806492477 4 603 10 22 412 1047
2805832168 4 42 1 11 62 116
2805620030 4 176 5 1 29 211
2803961559 2 6 3 2 5 16
2801981465 8 76 4 1 1 82
2801460257 6 29 3 1 22 55
2712742278 6 186 8 7 64 265
2711743812 4 77 9 14 51 151
2711440133 2 98 4 11 100 213
2710592476 8 238 3 10 38 289
2709530059 4 22 1 1 9 33

CPR: civil registration number.

Table 4.  Number of identifiers in free text.

Medical record line Clinical data

E-mails 18,858 727
Phone numbers 43,051 62,461
Clinics 114,318 17,213
CPRs 455,946 121,036
Zip codes 599,566 668
Hospitals 787,055 117,369
Cities 994,125 7557
Last names 2,675,386 254,915
Street names 3,156,356 125,470
First names 4,331,593 330,679
Total identifiers (4%) 13,176,254 (3%) 1,038,095
Non-identifiers 322,734,954 32,052,044

CPR: civil registration number.
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We made a manual review of 369 patient records with 71,721 free-text words. It revealed seven 
words where a quasi-identifier hadn’t been de-identified. It revealed 109 words where it was de-
identified, but shouldn’t because the word wasn’t in our list of ambiguous names. This reduced 
medical correctness and readability.

Limitations and errors

An EHR database contains also binary files (e.g. X-rays), scanned documents and Word docu-
ments. They are not part of the database, but fields in the database contain the file names. Our 
approach is limited to structured data and free-text fields, and it doesn’t try to de-identify pictures 
and other files. The picture will usually contain patient identifiers such as CPR and name. 
De-identifying these would be a project of its own.

We have not tried to deal with spelling errors. It might have reduced the seven un-identified 
words above to around three. We could deal with spelling errors by looking at close matches of 
words instead of precise matches, but we don’t know how much it would have increased the num-
ber of false de-identifications (the 109 words above).

We forgot to put also pharmaceutical names in the list of ambiguous words. This could have 
removed some of the 109 false de-identifications above.

We missed several clinical abbreviations as potential ambiguous names. A language analysis of 
the free-text notes might have revealed them.

The de-identified data should be used with caution for statistical purposes because of the way 
we had to remove health records that couldn’t be de-identified and also because we deleted patients 
older than 90 and distorted geography by replacing zip codes with random zip codes.

For statistical purposes, the de-identification should have been different. We shouldn’t care 
about readability or consistency, but simply replace all potential identifiers in free text with aster-
isks or the like. We should only delete corrupted patient records. The mapping tables would still be 
needed, but only to detect what might be an identifier. We wouldn’t need to care about ambiguous 
words. The result would probably be similar to many other de-identification approaches.
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Abstract
The psychosocial effects of web-based information have yet to be tested for patients joining a fast-track 
total hip arthroplasty programme. This study compared and evaluated the psychosocial impact of standard 
total hip arthroplasty programme, with and without supplementation with a web-based information platform 
(E-total hip arthroplasty programme). Totally, 299 patients were enrolled in an un-controlled, before-and-
after study, 117 in the S-total hip arthroplasty programme group and 182 in the E-total hip arthroplasty 
programme group. Psychosocial outcomes before and during admission and then 3 months post-surgery 
were evaluated, with analyses conducted between and within groups. All outcomes improved significantly 
from pre-admission to 3 months post-surgery, with no between-group differences. In all, 112 of the 182 
E-total hip arthroplasty programme patients accessed the learning platform. A subgroup analysis showed no 
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significant differences between users and non-users, either at baseline or in terms of outcome. This study 
found no positive psychosocial effect between groups, but a significant effect within groups.

Keywords
fast-track, intervention, orthopaedic patients, psychosocial state, web-based animated information

Introduction

Web-based health informatics using animated information has the potential to reduce the complexity 
of preoperative information, thereby improving the mental health of patients undergoing surgery. 
However, this expectation has yet to be tested for patients accessing a fast-track total hip arthroplasty 
(THA) programme, which presupposes comprehensive educational and mental resources.1,2 The most 
common indication for THA surgery is arthrosis, with complaints of hip pain and reduced functional 
ability.3 Demand for THA procedures is expected to increase in the future as a function of greater 
physical activity, together with an expectation among elderly patients of an improved quality of life.4

In 2001, Wilmore and Kehlet5 were the first surgeons to describe the concept of fast-track treat-
ment. Later, they described fast-track regimes as a treatment which ‘focuses on enhancing recovery 
and reducing morbidity by implementing evidence in the fields of anaesthesia, analgesia, reduction 
of surgical stress, fluid management, minimal invasive surgery, nutrition, and ambulation’.6,7 Thus, 
fast-track treatment focuses on optimising the preoperative education of patients, attenuating their 
surgical stress response, optimising pain relief, enforcing mobilisation, nutritional support and the 
provision of up-to-date postoperative nursing care and rehabilitation.8,9 In this way, a fast-track pro-
gramme aims to optimise recovery, reduce hospital stays and diminish postoperative morbidity.7,10 
Patients are encouraged to take an active part in their treatment and rehabilitation and to use the fast-
track total hip arthroplasty programme (THAP) as an accelerated intervention that commences during 
the preoperative period (with an information meeting scheduled prior to admission) and continues 
through hospitalisation until the day of discharge.11

Emotional health among patients going through orthopaedic surgery has an influence on physi-
cal recovery post-surgery.11 Preoperative anxiety is a well-known and recognised mental state 
which influences cognitive ability.12,13 Reducing anxiety may therefore help to improve learning 
ability,14 and improving informational level and mode may reduce anxiety.14,15 Thus, learning 
capacity and mental health are mutually reinforcing, a consideration which should be ‘factored-in’ 
to current practice in health education.

In line with this, a review on computerised cognitive behavioural therapy (CCBT) has docu-
mented success by providing patients with non-catastrophic images of anxiety-triggering  
processes.16 Using this technique, animated health information seems to confer some benefit in 
terms of preoperative anxiety.17 The visual approach optimises the acquisition of knowledge by 
reducing data complexity,18–21 as well as minimising cultural and personal differences. Animation 
using advertising techniques such as light, colour, size and music also confers beneficial effects in 
terms of attentiveness to the displayed material and knowledge retention.18,20,21

Thus, web-based and animated information may help to bridge unmet needs in health literacy,22,23 
given that both media types improve learning irrespective of health literacy.20,24 Furthermore, 
strengthening health literacy correlates positively with improved learning ability and a high level of 
self-efficacy in accomplishing postoperative tasks.25,26

The beneficial impact of pre-surgery animated health information and Internet-based education on 
patients’ health, especially mental health as well as learning ability, has yet to be evaluated for patients 
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undergoing a resource-intensive fast-track THAP. Furthermore, the identification of clinically rele-
vant predictors of patient anxiety in relation to THAP can facilitate the provision of individualised 
support to the most susceptible patients. Very few studies have identified such characteristics with a 
view to their possible influence on fast-track pre- and postoperative processes.22

Objectives

Our objectives were twofold.  First, to compare and evaluate the impact of a standard THAP (S-THAP) 
with an S-THAP extended with a web-based information platform (WIP) (E-THAP) with regard to 
chance in anxiety (primary outcome), depression, health condition and self-efficacy from pre-sur-
gery to 3 months post-surgery.

Second, to determine whether anxiety pre-surgery is a predictor to both anxiety during hospital 
stay and anxiety, depression, health condition and self-efficacy 3 months post-surgery.

Methods

Design and setting

Our study incorporated an un-controlled before-and-after design and was hosted from September 
2012 to October 2014 at an elective surgical centre in a Danish hospital, which performs approxi-
mately 700 THA procedures annually. A fast-track THAP, in accordance with the fast-track criteria 
described by Kehlet and colleagues,5,7 is practised at this centre.

THAPs

For S-THAP, the expectation is that patients are discharged the day after surgery, which leaves rela-
tively little time in which to prepare them for surgery, discharge and post-surgical rehabilitation. In 
general, the time frame from setting the date of surgery in the outpatient clinic, to the day of surgery, 
was approximately 2–3 weeks. Patients were informed about their surgery at the outpatient clinic by 
a surgeon, and then by a specialist nurse. The nurse also provided a 36-page pamphlet to patients 
who were advised to read it thoroughly before attending the information group meeting, 1–2 weeks 
prior to surgery. Patients as well as relatives were invited to this 2-h meeting, which included oral 
and written information, together with a power-point presentation of the THA procedure and post-
operative recovery. A clear division of pre- and post-surgery tasks between patients, their relatives 
and healthcare professionals was emphasised as a prerequisite for achieving a successful surgical 
outcome.27 Throughout the programme, starting from the day of their outpatient clinic appointment, 
and ending 3 weeks after hospital discharge, patients were encouraged to contact their coordinator 
(a specially trained nurse or physiotherapist) for continuity of care should they have any health-
related concerns. The day after discharge, the coordinator phoned patients in order to evaluate their 
health status. During the third post-surgery week, patients met with a physiotherapist in an outpa-
tient clinic for a final follow-up on functional performance and general health status.

The E-THAP protocol encouraged patients to access a WIP that incorporates an animated video. 
The platform was available to patients as soon as they had consented to surgery and participation 
in the study, which was prior to the information group meeting. Each patient received a login and 
password, and the research nurse subsequently provided hands-on instructions in how to use the 
WIP. The login was used to verify patient accessed to the WIP.

The visual approach was designed to reduce the complexity of the information and bridge chal-
lenges in health literacy.28 In line with Internet provision of CCBT,16 our approach was also 
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designed to reduce the risk of developing catastrophic thoughts and misconceptions in relation to 
surgery. Our animation comprised a 12-min, two-dimensional (2D) video, comprising 10 sequences 
to explain the THA procedure, from initial symptoms to post-surgical rehabilitation at home. The 
animation video showed a patient avatar as a middle-aged woman undergoing the THA procedure, 
with a male voice-over explaining the procedures (Figures 1 and 2).

The animation displayed on the platform was divided into chapters mirroring the chronology of 
the THA. The intention was to offer the patient the advantage of knowledge acquisition in familiar 
surroundings (at home),29 at a speed dictated by the patient.30 Research has shown that paced and 
repeated information appears to improve learning ability both pre- and post-surgically.20 
Furthermore, the platform held written and audio information, in parallel with animation. Animated 
instructions for physical exercises, bio-feed-back in relation to pain and pain management and 

Figure 1.  The avatar model (Silkeborg Regional Hospital, Denmark, 2013. 356 × 200 mm (72 × 72 DPI)).

Figure 2.  Pre-surgical interaction. Interaction between avatar patient and health providers during 
anaesthesia (the animation anaesthesia study, Silkeborg Regional Hospital, Denmark, 2013. 356 × 200 mm 
(72 × 72 DPI)).
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contact information for healthcare professionals in the hospital were provided. Patients could 
access the platform for up to 3 months after their hospital discharge.

Patient enrolment

The patients receiving standard care, S-THAP (control group), were enrolled consecutively from 
September 2012 to March 2013. Subsequently, S-THAP was substituted by E-THAP (the interven-
tion group), with patients consecutively recruited to this group from August 2013 to October 2014. 
The sample size calculation was based on a between-group difference in Hospital Anxiety and 
Depression Scale (HADS)–Anxiety change (primary outcome) from pre-surgical to 3 months post-
surgical of 1.5, defined as the minimal clinical relevant difference according to Puhan et al.31 With 
an expected standard deviation (SD) of 3.44,32 a significance level of 0.05 and a power of 0.80, the 
required sample size was estimated to be 83 patients for each group.

Due to a possible low response rate in some outcome variables, and to accomplish our second-
ary aim of performing a predictor analysis, we included a total of 299 subjects in the study. The 
inclusion criterion was a patient undergoing a primary THA surgical procedure; exclusion criteria 
included cognitive deficiencies and the inability to speak or understand Danish.

Instruments

The HADS33 is a validated 14-item psychological screening scale that measures symptoms of anxi-
ety and depression (7 items each) with a score range of 0–21. The recommended cut-off in defining 
symptoms of anxiety or depression is >7.33

The Visual Analogue Scale-Anxiety (VAS-A)34 measures self-perceived anxiety from 0 mm 
(not anxious), to 100 mm (most anxious).34 VAS-A is validated35 with a recommended cut-off at 
>30 mm.

EuroQoL-5 Dimension Questionnaire (EQ-5D)-3L, including EQ-VAS,36,37 is a 9-item validated 
instrument that measures health conditions according to the following subscales: mobility, three 
items; self-care, three items; usual activities, three items; pain/discomfort, three items; and anxiety/
depression, three items.36,37 These subscales are divided into three levels of perceived problem: 
level 1, no problem; level 2, some problems and level 3, extreme problems. A time trade off (TTO) 
was used to estimate the EQ-5D index.36,37 EQ-VAS measures self-perceived health condition from 
0 mm (worst) to 100 mm (best).

The General Self-efficacy Scale (GSES)38 is a 10-item validated scale to assess optimistic self-
belief in coping with a variety of difficult demands in life38 and is scored between 1 and 4 points, 
without a cut-off.

Data collection

Data collection pre-surgery and 3 months post-surgery was with a composite questionnaire com-
prising all instruments (see Figure 3). In addition, VAS-A was measured before admission (prior to 
the information meeting), just before surgery (at the ward) and again before discharge.

Ethical considerations

The Danish Data Protection Agency39 provided permission to conduct this study (J. No. 2007-
58-0010). Given the absence of any biologic tests, no contribution was required from the 
Scientific Committee for the County of Central Jutland, or the Biomedical Research Ethics 
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Committee. In line with the Helsinki Declaration,40 patients were informed about the study both 
verbally and in writing, and all participants gave their written consent to participate.

Statistical analyses and outcomes

Data were double-entered in EpiData 3.1 (Epidata Association, Odense, Denmark), with statistical 
analyses performed using the STATA 13 software package (StataCorp, College Station, TX, USA). 
Normally distributed data were described by means and SD, non-normally distributed data, by medi-
ans and interquartile range (IQR), with categorical variables described by numbers and proportions. 
Between-group and within-group differences were tested with an unpaired t test, and a paired t test, 
or the equivalent non-parametric Wilcoxon rank-sum test. Categorical variables were compared 
between groups using the chi2 test or Fisher’s exact test for less than five subjects in a category. The 
primary analysis was a between-group comparison regarding change in HADS score from pre-
surgery to 3 months post-surgery. Secondary analyses were (1) a between-group comparison of scores 
for the remaining outcome variables and (2) a predictive analysis performed for pre-surgical values 
of VAS-A >30 mm, as the predictive variable (defined as a score >30 mm at a pre-surgery ambulatory 
visit or information meeting), with scores for outcome variables for VAS-A just before surgery, at 
hospital discharge and 3 months post-surgery. Due to a substantial proportion of patients not using the 
platform in the E-THAP group, a subgroup analysis was performed to compare users (those who 
accessed) versus non-users (those who did not access) of the platform. A log related to each patient’s 
study number on the platform allowed us to the identify users versus non-users.

Results

A total of 299 patients were included: 117 in the S-THAP group and 182 in the E-THAP group (see 
Figure 4).

No significant differences on baseline characteristics were found between the groups (see Table 1).

The effect of supplementing standard information with web-based assistance

On the primary outcome of HADS, there was no significant improvement for the E-THAP versus 
the S-THAP group (p = 0.06). However, all outcomes improved significantly from pre-admission 
to 3 months post-surgery within groups, but with no between-group differences as illustrated in 
Table 2.

Figure 3.  Flowchart of the chronology and location of the data collection process.
HADS: Hospital and Anxiety Scale; EQ-5D: EuroQoL-5 Dimension Questionnaire; VAS: Visual Analogue Scale; WIP: 
web-based information platform.
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Predictor of psychosocial outcomes within groups

As demonstrated in Tables 3 and 4, pre-surgery anxiety >30 mm VAS was associated with a signifi-
cantly higher level of anxiety just before surgery for both groups (p < 0.0001) and at discharge for 
the S-THAP group (p = 0.04). Patients with pre-surgery anxiety (>30 mm VAS) demonstrated sig-
nificantly lower self-efficacy after 3 months compared to those with lower pre-surgery anxiety 

Figure 4.  Inclusion and exclusion criteria for participants, with the distribution of responders.
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(⩽30 mm); this finding applied to both groups (p = 0.05), with only small differences in median 
values for S-THAP (Table 3) versus E-THAP (Table 4).

As illustrated in Figure 5, a chronologic plot of the anxiety level ‘profile’ between groups was 
comparable.

When comparing the means for all four measurements of VAS anxiety between groups, there 
were no significant differences between the overall VAS anxiety level for S-THAP versus E-THAP 
(p = 0.10) (Figure 5).

Subgroup analysis in the E-THAP group for users and non-users of the WIP

In all, 112 of 182 participants in the E-THAP group accessed the platform. As illustrated in Table 
5, a subgroup analysis showed that there were neither significant differences between users and 
non-users at baseline nor changes in outcome.

Table 1.  Baseline characteristics for patients with and without access to the web-based information platform.

Patient demographics 
(n = 117)

WIP  
(n = 182)

p Value*

Age (years), mean (SD) 65.7 (10.3) 67.1 (9.1) 0.24 (t test)
  Range 36–90 30–85  
BMI (kg/m2), mean (SD) 27.2 (4.8) 27.7 (5.1) 0.40 (t test)
Female gender, n (%) 61 (52.1) 91 (49.7) 0.68 (chi2)
Physical status (n = 116) (n = 182)  
  ASA I, n (%) 48 (41) 58 (32)  
  ASA II, n (%) 62 (53) 111 (61)  
  ASA III, n (%) 6 (5) 13 (7) 0.23 (chi2)
Education, n (%) (n = 105) (n = 165)  
  Low 54 (51) 75 (45)  
  Middle 42 (40) 77 (47)  
  High 9 (9) 14 (8) 0.56 (chi2)
Postoperative days in hospital, n (%)
  1 88 (75) 145 (80)  
  2 23 (20) 31 (17)  
  ⩾3 6 (5) 6 (3) 0.59 (chi2)
EQ-5D (TTO n = 116, VAS 

n = 112)
(TTO n = 175, VAS 
n = 168)

 

 � Health status (TTO), 
median (IQR)

0.71 (0.63–0.72) (n = 116) 0.66 (0.44–0.72) (n = 175) 0.10a

  VAS, mean (SD) 65.75 (19.2) (n = 112) 61.2 (20.3) (n = 168) 0.06 (t test)
Self-efficacy, mean (SD) (n = 116) (n = 181)  
  30.92 (5.7) 31.78 (5.1) 0.18 (t test)
HADS, n (%) (n = 110) (n = 178)  
  Anxiety symptoms (>7) 21 (19.1) 32 (18.0) 0.81 (chi2)
  Depression symptoms (>7) 3 (2.7) 10 (5.6) 0.38b

WIP: web-based information platform; SD: standard deviation; BMI: body mass index; ASA: American Society of 
Anaesthesiologists physical status classification – I: healthy patient, II: patient with mild systemic disease, III: patient 
with severe systemic disease; EQ-5D: EuroQoL-5 Dimension Questionnaire; TTO: time trade off; IQR: interquartile 
range; VAS: Visual Analogue Scale; HADS: Hospital and Anxiety Scale.
*Between-group comparison: aWilcoxon rank-sum test, bFisher’s exact test.
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Discussion

This un-controlled, before-and-after study showed no significant psychosocial effects for 
patients joining E-THAP compared to S-THAP. Any difference between groups in favour of 
S-THAP was beneath the 1.5 point threshold suggested to indicate minimal clinical relevance. 
Extensive written preoperative information as used in both S-THAP and E-THAP is a well-
known intervention with which to address preoperative anxiety14 and may explain the lack of 
any additional benefit when using WIP.

Table 2.  Changes from baseline to 3 months postoperative, values are mean (95% CI).

Variable Standard 
information

p value 
(within 
group)a

WIP p value 
(within 
group)

Difference 
(between 
groups)b

p value 
(between 
groups)c

ΔHADS-Anxiety 2.39 (1.7, 3.1)
(n = 101)

<0.0001 1.63 (1.2, 2.1)
(n = 168)

<0.0001 −0.76 (−0.5, 0.0) 0.06

ΔHADS-Depression 0.90 (0.4, 1.4)
(n = 101)

0.0004 1.04 (0.68, 1.39)
(n = 168)

<0.0001 0.13 (−0.5, 0.7) 0.65

ΔEQ-5D – VAS 17.7 (14.1, 21.3)
(n = 106)

<0.0001 22.4 (19.0, 25.8)
(n = 160)

<0.0001 4.74 (−0.2, 9.7) 0.06

ΔEQ-5D – health status 0.23 (0.2, 0.3)
(n = 109)

<0.0001 0.27 (0.2, 0.3)
(n = 161)

<0.0001 0.05 (−0.0, 0.1) 0.07

ΔSelf-efficacy 1.78 (1.0, 2.6) 
(n = 109)

<0.0001 1.35 (0.7, 2.0) 
(n = 173)

0.0001 −0.43 (−1.5, 0.6) 0.43

WIP: web-based information platform; HADS: Hospital and Anxiety Scale; EQ-5D: EuroQoL-5 Dimension Questionnaire; CI: confidence 
interval.
aPaired t test.
b�Difference in change scores between groups; positive numbers represent larger improvements with WIP than without WIP.
cUnpaired t test.

Table 3.  VAS anxiety as a predictor for psychosocial outcomes in the group with standard information 
(phase 1) (n = 111, due to six missings on the predictor variable).

Outcome n Preoperative anxiety 
⩽30 mm (n = 66)
Median (IQR)

n Preoperative anxiety 
>30 mm (n = 45)
Median (IQR)

p valuea 
(between 
group)

In-hospital
  VAS anxiety pre-surgery 60 10.5 (5, 20) 41 38 (26, 68) <0.0001
  VAS anxiety at discharge 58 6 (3, 14) 40 13.5 (3, 23.5) 0.04
3-Month follow-up
  EQ-5D – VAS 64 86.5 (77.5, 92) 40 90 (80, 93.5) 0.59
  EQ-5D – health status 64 1 (0.8, 1) 40 0.82 (0.76, 1) 0.08
  Self-efficacy 64 33.5 (30, 37) 40 33 (28, 36.5) 0.049
  HADS,b n (%)
  HADS-Anxiety >7 63 3 (4.8) 39 4 (10.3) 0.42c

  HADS-Depression >7 63 1 (1.6) 39 2 (5.1) 0.56c

IQR: interquartile range; VAS: Visual Analogue Scale; EQ-5D: EuroQoL-5 Dimension Questionnaire; HADS: Hospital 
and Anxiety Scale.
aWilcoxon rank-sum test unless otherwise stated.
bHADS, presented as proportion with anxiety/depression symptoms.
cFisher’s exact test.
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Regarding the didactic elements of the ‘animated information video’, contradictory effects on 
surgery-related anxiety have previously been reported. Kakinuma et al.24 reported no beneficial 
effect on pre-surgery anxiety following the provision of animated information. In contrast, a posi-
tive effect was identified by Tou et al.17 Neither study dealt with orthopaedic fast-track surgical 
programmes, with measurement times also varying between studies. Interestingly, a beneficial 
effect conferred by the animated video on learning ability was found.24 When considering the cor-
relate of mental health and learning capacity, improved learning abilities may, at length, help to 
diminish anxiety. Patient preferences in terms of self-identification with the avatar used in the 
animation video may also explain the missing psychosocial effect. Based on the learning theory by 
Bandura,41 identification with an avatar may have a beneficial effect on learning ability through the 
theory of vicarious reinforcement.41 We conducted an ethnographic study on a subset of the total 
S-THAP group.42 Fifteen of the most anxious patients (VAS anxiety >30 mm) were included after 
3 months of follow-up. Individual preferences were found for two different narrative models, one 
speaking from the patient’s perspective and the other with a more formal instructor perspective (i.e. 
a healthcare professional), as used in E-THAP. The most anxious patients preferred the narration 
to reflect the patient’s perspective, which contradicts the approach taken in the WIP. Different 
types of avatar may have also impacted patient cognition, due to their anxiety level. This suggests 
that individual-specific targeting is appropriate for the didactic components of the WIP, such that 
these can be aligned with preoperative levels of anxiety.

As all outcomes improved significantly from pre-admission to 3 months after surgery, with no 
between-group differences, both programmes had positive psychosocial effects. The finding of 
post-surgical improvement of health status among THA patients is in line with previous findings,38 
and may be related to the surgery in itself,43 and the extensive preoperative information given.26 
Irrespective of the mode of information delivery, the fast-track concept, with clear expectations of 
operative course, rehabilitation and patient agency, contributes to the success of THA.

Table 4.  VAS anxiety as a predictor for psychosocial outcomes in the group with WIP (phase 3) (n = 173 
due to 10 missings in the predictor variable).

Outcome n Preoperative anxiety 
⩽30 mm (n = 117)
Median (IQR)

n Preoperative anxiety 
>30 mm (n = 56)
Median (IQR)

p valuea (between 
group)

In-hospital
  VAS anxiety pre-surgery 110 11 (3, 20) 52 38 (20.5, 70.5) <0.0001
  VAS anxiety at discharge 98 5 (2, 11) 49 7 (3, 19) 0.23
3-Month follow-up
  EQ-5D – VAS 112 88 (78.5, 95) 52 88.5 (77.5, 91.5) 0.68
  EQ-5D – health status 105 1 (0.78, 1) 52 0.82 (0.72, 1) 0.11
  Self-efficacy 109 34 (30, 38) 56 33 (29, 36) 0.049
  HADS,b n (%)
  HADS-Anxiety >7 109 8 (7.3) 55 8 (14.6) 0.14c

  HADS-Depression >7 109 1 (0.9) 55 3 (5.5) 0.11d

IQR: interquartile range; VAS: Visual Analogue Scale; EQ-5D: EuroQoL-5 Dimension Questionnaire; HADS: Hospital 
and Anxiety Scale.
aWilcoxon rank-sum test unless otherwise stated.
bHADS, presented as proportion with anxiety/depression symptoms.
cFisher’s exact test.
dChi2 test.
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Figure 5.  VAS anxiety median scores before and during hospital admission for groups with and without 
access to the WIP.
HADS: Hospital and Anxiety Scale; EQ-5D: EuroQoL-5 Dimension Questionnaire; VAS: Visual Analogue Scale; WIP: 
Web-based information platform.

Table 5.  Patients in the group with access to WIP, grouped according to its usage.

Users (n = 112) Non-users (n = 70) p Valuea

HADS-Anxiety symptoms (>7), n/total n (%)
  Baseline 21/111 (19%) 11/67 (16%) 0.67 (chi2)
  3 Months postoperative 9/107 (8%) 8/67 (12%) 0.45 (chi2)
HADS-Depression symptoms (>7), n/total n (%)
  Baseline 5/111 (5%) 5/67 (7%) 0.41 (chi2)
  3 Months postoperative 3/108 (3%) 2/67 (3%) 0.64 (Fisher’s 

exact)
EQ-5D – health status (TTO) (n = 109) (n = 65)  
  Baseline, median (IQR) 0.66 (0.5-0.7) 0.66 (0.4–0.8)  
 � Change baseline–3 months 

postoperative, mean (SD)
(n = 100) (n = 61)  

  0.27 (0.2) 0.29 (0.2) 0.53 (t test)
EQ-5D – VAS, mean (SD) (n = 107) (n = 58)  
  Baseline 62.9 (19.4) 58.0 (22.0)  
  Change baseline–3 months postoperative (n = 99) (n = 57)  
  20.0 (21.6) 26.0 (21.8) 0.10 (t test)
Self-efficacy, mean (SD) (n = 112) (n = 69)  
  Baseline 32.3 (4.4) 31.0 (6.0)  
  Change baseline–3 months postoperative (n = 107) (n = 66)  
  1.0 (4.6) 1.9 (4.5) 0.24 (t test)

WIP: web-based information platform; HADS: Hospital and Anxiety Scale; EQ-5D: EuroQoL-5 Dimension Question-
naire; TTO: time trade off; IQR: Interquartile range; SD: standard deviation, VAS: Visual Analogue Scale.
aTest of difference between users and non-users.
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Having preoperative anxiety >30 mm VAS was associated with significantly higher anxiety lev-
els during admission in both groups, significantly lower self-efficacy in postoperative tasks after 
3 months for both groups and a significantly higher anxiety level at discharge in the S-THAP 
group. Previous studies have shown that anxiety measured in the anxiety/depression dimension of 
EQ-5D is a strong predictor of pain and satisfaction after total hip replacement surgery.44 
Additionally, anxiety is a predictor for pain, opioid consumption and level of function pre- and 
post-surgery.14,44 Identifying those patients who are most preoperatively anxious is therefore of 
clinical relevance in a resource-demanding fast-track setting, for which success is contingent on a 
sufficient level of mental and educational patient resources. The validity and reliability of using the 
VAS anxiety score to determine pre-surgery anxiety, and as a predictor for a patient’s mental state 
while participating in a fast-track programme, must be further studied.

A subgroup analysis showed no significant differences between users and non-users at baseline 
and in terms of outcome. However, a trend was evident with respect to a larger positive change in 
HADS-anxiety for users compared to non-users. Conversely, non-users seemed to have slightly 
larger improvements for the remaining outcomes, suggesting no overall positive effect from use of 
the WIP. Providing a pamphlet with extensive information for both groups may have had the effect 
of influencing some participants not to access the WIP. However, different perceptions of useful-
ness (i.e. utilitarian motivation) may have influenced the choice of whether to access the WIP, as 
reported for users and non-users of a mobile application.45 More information on individual prefer-
ences are needed45 before any firm conclusions can be drawn; these may contribute to our ability 
to predict how and why groups chose to engage with different modes of health informatics.

Despite no psychosocial effect of the intervention, animated information is still used in the 
department as former THA patients with a VAS-A >30 mm find the information trustworthy and the 
displayed THAP recognisable.42 The department is continuing to study the effects of WIP for 
patients undergoing THAP and other surgical treatments.

Study limitations

Compared to a randomised controlled design, this un-controlled design may have compromised 
data quality given its suboptimal ability to measure the effect of a given intervention. However, the 
choice of this study design was predicated by economic and logistic considerations, as a ran-
domised study would have required a greater staff allocation, with duplicated in-parallel informa-
tion meetings, and separate wards.

The un-controlled design also introduces a risk of bias due to the unequal distribution of confound-
ing factors between groups. However, these quality flaws may be compensated for by the consecutive 
recruitment as well as baseline characteristics, which indicated equal distributions, at least among the 
measured variables, and support the validity of our finding of no significant effects of the E-THAP 
programme on psychosocial outcomes. The size of the study, which complied with a sample size cal-
culation, also strengthens its validity. However, missing data, as indicated in Figure 4, is a weakness.

In this study, multiple comparisons were made which increases the risk of type I errors. 
Consequently, the significant differences that we found should be interpreted with caution and in 
relation to the clinical relevance of the findings. All questionnaires used in the study are validated 
and commonly used in studies for patients undergoing THA.32,44,46

Conclusion

This study documented improved psychosocial effects for fast-track THAP, with no additional 
effect of web-based and animated information. Anxiety was a possible predictor of a higher 
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anxiety level during hospitalisation and lower self-efficacy post-surgery. Using VAS-A to iden-
tify the most nervous patients must now be tested in a further validation study. Likewise, an 
evaluation of the psychosocial effect of E-THAP should be conducted in a randomised con-
trolled trial, taking individual coping preferences as well as avatar preferences into account. 
Identifying utilitarian motivational factors may be necessary to improve our understanding of 
the psychosocial benefits of E-THAP and allow us to target fast-track THAPs that incorporate 
psychosocial challenges.
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Introduction

Electronic medical record (EMR) systems, mandated by the federal government, are being increas-
ingly used to improve care quality and patient safety.1 EMR systems often capture rich clinical 
information such as signs, symptoms, severity, and disease onset, many of which are only available 
in unstructured data. A number of natural language processing (NLP) systems have been success-
fully developed in various clinical domains with varying focuses.2–9 For example, the Clinical Text 
Analysis and Knowledge Extraction System handles general clinical documents.2 It processes 
clinical notes to identify and annotate various clinical named entities including drugs, diseases/
disorders, signs/symptoms, anatomical sites, and procedures. The Cancer Text Information 
Extraction System identifies potential cancer cases based on pathology reports.3 The Unified 
Medical Language System4 provides a mapping structure among the vocabularies in biomedical 
sciences and also provides a comprehensive thesaurus and ontology of biomedical concepts to 
facilitate NLP. The Medical Language Extraction and Encoding System was initially designed to 
process the radiology reports, and then subsequently extended to other biomedical domains such 
as mammography reports and discharge summaries.5 Other examples include the application 
peFinder for document-level classification of computed tomography (CT) pulmonary angiography 
reports,6 the NegEx for identifying negated findings,7 and the applications for radiology reports 
and other clinical notes.8,9 These systems provide good frameworks for the biomedical research 
community to process various unstructured text data.

Left ventricular ejection fraction (LVEF) is an important diagnostic measure of overall cardiac 
health and is one of the most powerful prognostic indicators in patients with cardiovascular dis-
eases.10–18 An ejection fraction (EF) measure represents the percentage of blood ejected from the 
left ventricle with each systole. Healthy individuals typically have EF measures between 50 and 
70 percent. An abnormal EF may be an early or late manifestation of cardiac diseases, but its pres-
ence invariably portends an unfavorable prognosis, regardless of whether the underlying cause is 
coronary, valvular, infectious, inflammatory, systemic (e.g. hypertension), idiopathic, or any other 
etiology. A reduced EF indicates impaired systolic function, which is likely to occur after myocar-
dial infarction, obstructive or regurgitant valvular heart disease, myocarditis, chronic hypertension, 
and many other conditions.10–14 EF values <45 percent are associated with higher cardiovascular 
risk and mortality.13,14 In many cases, an improvement of EF through therapy is associated with 
improvements in symptoms and prognosis. Practice guidelines include EF in the treatment deci-
sion tree for many conditions.15,16 For example, in patients with asymptomatic aortic or mitral 
regurgitation, the patient’s EF is a major determinant of the timing of surgical valve repair or pros-
thetic valve replacement. Beyond its immediate clinical utility, the EF is central to many regulatory 
agencies’ decision for reimbursement or quality of care assessment. For instance, the use of 
implantable cardioverter-defibrillators for the primary prevention of sudden cardiac death is reim-
bursable by the Center for Medicare and Medicaid Services only for patients with EFs below a 
certain value (usually 30%–35%, depending on the substrate).17 Because of the importance of EF 
in many cardiac conditions, a wide range of prospective clinical trials and retrospective cohort 
studies involving cardiac maladies list EF values among the basic and essential characteristics of 
the cohort.18,19 Although several other imaging modalities may be used to assess LVEF, including 
radiocontrast LV angiogram, radionuclide gated-averaged or first-pass angiogram, and magnetic 
resonance imaging, transthoracic echocardiography (TTE) accounts for the vast majority of clini-
cally measured EF values.20

The digital records of individual patient studies have been available to practitioners for over a 
decade within Kaiser Permanente Southern California (KPSC) medical system, long before the 
full-blown EMR system was implemented in mid-2000s. However, there have been only a few 
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registry-type structured databases that were collected for patient care purposes that may have 
included EF as part of the “case-report form.” Majority of EF values can only be found in unstruc-
tured echocardiography (ECHO) reports. If one needs to identify patients who had a myocardial 
infarction in the last 5 years whose EF was 30 percent or less, manual review of all the patients’ 
transthoracic echocardiographic reports is necessary. A systematic and reliable method of extract-
ing EF values of large cohorts or population has major beneficial implications and utilities. 
Recently, an NLP application called CUIMANDREef was developed to classify patients with EF 
<40 versus >40 percent based on a sample of 765 ECHO reports of seven Veteran Affairs (VA) 
medical centers.21 The authors developed a set of regular expression rules to extract EF concept 
and value from the ECHO reports and assigned a score to determine the classification of EF.  
(A patient whose ECHO report that was assigned a score > 0 was classified as EF >40% while as 
a patient whose report with a score <0 indicated EF <40%.) The actual values of EF were not 
reported by the CUIMANDREef. The purpose of this study is to develop a computerized NLP 
algorithm to extract the numeric EF values or text descriptions from the unstructured ECHO 
reports in a more general and diversity population within a large healthcare maintenance organi-
zation. We will also validate the performance of the algorithm and report the distribution of EF 
values by patient characteristics.

Methods

KPSC is an integrated large health maintenance organization (HMO) that provides services to over 
4.0 million members in 14 hospitals and 214 medical offices located in 10 counties of Southern 
California. Members are insured under employer-sponsored plans, individually purchased plans, 
and Medicare or state-subsidized programs for the indigent.22 Members’ medical and demographic 
information is captured in a complete EMR system containing the free-text clinical notes (e.g. 
ECHO reports, hospital discharge summaries, and outpatient progress notes). This study included 
the ECHO reports stored in the EMR system that dated back to 1995. The study was approved by 
our Institutional Review Board.

Types of ECHO reports

The electronic ECHO reports were extracted from the data repository of our EMR system for the 
period between 1 January 1995 and 31 December 2011. The predominant types of ECHO per-
formed and documented within the EMR system were standard two-dimensional TTE, TTE with 
treadmill or dobutamine stress, transesophageal echocardiography (TEE), and fetal ECHO. The 
standard measure of EF is with the modified Simpson’s rule, also known as the stacked-disc 
method. During the acquisition of the images, the sonographer traces the LV endocardial borders 
in two planes (biplane) in diastole and again in systole. The difference between the two phases 
yields the EF. Although visually estimated EF values may be reported for all these studies, the 
protocol to ascertain EF is consistently used only for TTE studies. Therefore, we excluded the fol-
lowing types of ECHO. First, we excluded TEE reports, because the EF values obtained from 
transesophageal views are not directly comparable to those of standard transthoracic method and 
protocol. Furthermore, TEEs do not typically show the entire LV so global EF cannot be accurately 
estimated. Second, stress ECHOs, including dobutamine stress and treadmill stress testing, were 
excluded because they focus on the detection of subtle wall motion abnormalities and use a differ-
ent protocol. LV function is estimated visually rather than using the modified Simpson’s method. 
The numerical EF values are not routinely reported with stress ECHOs. Finally, fetal ECHOs were 
removed because they are used to evaluate the baby’s heart for problems during the second 
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trimester of pregnancy. Other uncommon cardiac studies using ultrasound such as intracardiac 
ECHO23 and intravascular ultrasound24 do not assess EF, and therefore were purposely excluded.

EF extraction algorithm

The EF values in ECHO reports are not uniformly written. Extracting and formatting the data pre-
sents big challenges due to the following reasons. First, the EF function may be reported as a numeric 
value (for example, 35% or 55%) or described by a text string such as “normal,” “reduced,” or 
“severe.” Second, variations exist in the documentation of EF numeric values or text descriptions 
associated with the keywords or phrases of our interest (e.g. EF, LVEF, cardiac function). For exam-
ple, EF values may be reported as “EF was only 30%,” “EF = 24%,” “LVEF: 55%,” or “estimated 
EF of 40%.” Third, some of the EF numeric values or text descriptions that are mentioned in the 
study ECHO reports refer to historical ECHO reports either inside or outside of our health system. 
These values need to be removed because they do not represent the actual EF values at the time the 
ECHO was performed. Finally, there are occasions in which a report contained conflict information 
on the EF values or text descriptions indicating systolic LV functions. The process to extract the EF 
values/text descriptions from the ECHO reports is listed below and also shown in Figure 1.

Step 1: segment the reports.  This step segmented the ECHO reports into sections, paragraphs, and 
then to sentences.

Step 2: retrieve EF values or text descriptions.  A list of predefined EF keywords or phrases (see 
Appendix 1 for details) was identified based on ECHO practice guidance25 and knowledge of con-
ventional usage of an experienced clinical cardiologist. For a specific report, an EF value or text 
description could appear either prior to or following the predefined keywords or phrases, and thus 
the searching algorithm could be tedious. First, the keywords or phrases were searched within each 
segmented sentence in the report. If one of the predefined keywords was identified in a sentence, 
the numeric values associated with the keyword would be first searched backward and forward 
within the same sentence starting from the position where the predefined keyword was found. If a 
numeric value was not found, the algorithm started to search for predefined text description such 
as “normal,” “poor,” or “severe” (see Appendix 2(1) and (2)) associated with the keyword. The EF 
value or text description closest to the predefined keyword was selected if multiple values or text 
descriptions were found.

Step 3: exclude historic and negated EF values or text descriptions.  As mentioned earlier, some ECHO 
reports include patients’ previous EF values or text descriptions indicating systolic LV functions. 
Therefore, efforts were made to exclude historical results. This was performed by searching each 
sentence to examine whether or not historical phrases such as “previous” and “history” (see Appen-
dix 2(3)) were associated with the defined keywords listed in Appendix 1. A simple negation algo-
rithm was also applied to each sentence to rule out the negation associated with these EF keywords 
(see Appendix 2(4)).

Step 4: finalize the EF value for each report.  If multiple EF values or text descriptions were found in a 
report, the final value is determined using the following rules. The values or text descriptions that 
explicitly describe EF or LV function had the highest priority, followed by those of generic ventricu-
lar or cardiac function or contractility. The values or text descriptions pertaining to dysfunction had 
the lowest priority (see Appendix 1 for details). If multiple EF values or text descriptions had the 
same priority, the one indicting the worse EF function was selected. For example, if both “moderate” 
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and “severe” descriptions were found to be associated with a keyword listed in Appendix 1, the 
“severe” one was selected. Finally, the text descriptions of EF were transformed into numerical EF 
values (see Appendix 3 for details) according to the cardiologist’ guidance to facilitate data analysis 
or reporting. If the original reported EF value was a range, the mid-point of the range was used.

Validation sample

A sample of 200 ECHO reports were randomly selected from the entire ECHO reports included in 
the study. An experienced clinical cardiologist reviewed each report to abstract the EF value or the 

Figure 1.  Ejection fraction value retrieval process.
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text description indicating systolic LV functions and documented the specific comments if the EF 
description was not available. The results served as the “gold standard” to be compared with the 
results from the computerized algorithm. The measures of accuracy, including sensitivity and posi-
tive predictive value (PPV), were calculated. Sensitivity was defined as the number of reports in 
which EF values or text descriptions were correctly extracted by the computerized algorithm 
divided by the total number of reports in which EF values or text descriptions were retrieved by the 
cardiologist. PPV was the defined as the number of reports in which EF values or text descriptions 
were correctly extracted by the computerized algorithm divided by the total of number of EF val-
ues or text descriptions extracted by the computerized algorithm.

Results

The EF numeric values or text descriptions were successfully retrieved from a total of 621,856 
ECHO reports between 1995 and 2011 via the developed computerized algorithm. Of these EF 
results, nearly 70 percent were numeric values while the rest were text descriptions. After these 
text descriptions were converted into the numerical values using the rules specified in Appendix 3, 
the distribution of EF values by age and gender is shown in Table 1. The overall number of subjects 
with EF values was similar between male (49.5%) and female (50.5%). The distribution of EF 
values among gender was significantly different (p < 0.01). Compared to females, males were more 
likely to have EF values <45 percent (16.0% for male and 8.4% for female). The distribution of EF 
values by age group was also significantly different (p < 0.01). Patients aged 45 years or older had 
higher percentage with EF values <45 percent compared to patients aged younger than 45 years 
(13.0% versus 7.5%).

Table 2 shows the comparison of the computerized results versus the manual results retrieved 
from the 200 randomly selected ECHO reports. The computerized algorithm achieved very high 
accuracy (sensitivity = 95.0% and PPV = 96.9%).

Discussions

TTEs are among the most commonly obtained imaging studies for hospitalized patients. The pri-
mary indication for TTE is to assess LV function, specifically LVEF. Most patients suspected of 
having a significant cardiac pathology will have undergone a transthoracic echocardiographic 
study.20 In many large cohorts of cardiac patients, a significant proportion would have had a TTE 
in the past. But these values usually were reported in the free-text ECHO reports and unable to be 
used directly. We developed and implemented a computerized text processing algorithm to extract 
EF (numerical value or text description if the numerical value was not available) from the unstruc-
tured ECHO reports in a large HMO. Compared to the manual chart review results, these comput-
erized extracted EF values or text descriptions achieved a high level of performance (sensitivity 
(recall) 95.0% and PPV (precision) 96.9%), which were comparable to the sensitivity of 88.9 per-
cent and PPV of 95.0 percent at the concept-level classification of EF of <40 percent in the study 
conducted at VA.21 The small percentage (~5%) error rate (either false-positive or false-negative) 
in our study was caused by either failure to select the correct EF value when multiple EF values 
appeared in the same report or the unsuccessful efforts to pick up the EF value when the text 
descriptions of EF mingled with text for multiple things. For example, in the sentence “The LV 
and RV are normal in size and function,” “LV” and “function” are separated by other words, and 
therefore was not identified as a predefined phrase, although the word “normal” is part of the 
sentence.
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To our knowledge, the vast majority of ECHO reports anywhere in the United States are employed 
by either case report forms, whereby the values are filled in predefined boxes such as LV size, EF, 
mitral gradient, aortic gradient and pulmonary artery pressure, or dictated reports (the ones being 
used in this study). For case report forms, it can easily locate the EF value as long as they are 
reported while there has not been any systematic and automatic way to retrieve the EF value from 
the dictated report other than reading the report. Therefore, the computerized algorithm developed 
in our study should be able to apply for any ECHO reports that are narrated and transcribed although 
the development was based on ECHO reports within our healthcare organization.

The computational time to process ECHO reports depends on the software and hardware con-
figurations such as number and processing power of central processing unit (CPU) and memory. In 
our study, the algorithm was implemented through Perl scripts and processed on a high-perfor-
mance Unix server. With CPU of 2.9 GHz and 128G RAM, 70k ECHO reports were processed 
within 1 h by a single processing job. Our algorithm can also be easily implemented by other pro-
gramming languages such as Python. With minor modification, the algorithm can also be inte-
grated into other note processing tools.

We acknowledge several potential limitations of this study. First, integration of our study 
computerized algorithm into the other tools or implementation of this computerized algorithm in 
other settings may yield some variable results due to the variation in format and presentation of 
clinical reports, but the accuracy should not be essentially different because the keywords or 
concepts used for EF extraction are not specified or limited to any fixed/strict formatted ECHO 
reports. Second, compared to the NegEx algorithm,7 our study applied a simple rule of the 
description of negation and the description of history terms to exclude both negation and history 
conditions in ECHO reports. Despite these limitations, our study developed a computerized 
algorithm to retrieve EF values from the ECHO reports in a systematic and automated way. This 
computerized algorithm produced high accuracy and can provide great potential values for 
improving patient care managements, such as congestive heart failure and other implications. 
Our algorithm can serve as a starting point for the creation of a more general or global approach. 
Integration of the algorithm to general NLP tools could yield a more robust and reliable algo-
rithm. Additionally, the incorporation of the knowledge of health professionals allows for a more 
sophisticated methodology.

Table 2.  Performance of the natural language processing algorithm for ejection fraction extraction.

Confirmed by cardiologist

  Same Different All

Computerized results
  With EF value/text description 190 6 196
  Without EF value/text description 0 4 4
Performance
  Sensitivity 95.0%  
  Positive predictive value (PPV) 96.9%  

EF: ejection fraction.
The category was defined as “Same” if the computerized result and manual result were identical; otherwise, it was 
defined as “Different.” Sensitivity = number of EF correctly extracted by the computerized algorithm/number of EF 
retrieved by cardiologist. PPV = number of EF correctly extracted by the computerized algorithm/total of number of EF 
extracted by computerized algorithm.
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Appendix 1

Keywords or phrases used to search the description of ejection fraction and the 
selected priority in the searching algorithm

1.	 First priority: LVEF, EF, left ventricular (lv) ejection fraction, ejection fraction, left ven-
tricular (lv) systolic function, left ventricular (lv) function.

2.	 Second priority: left ventricular (lv) contractility, systolic ventricular function, systolic 
function, cardiac function, ventricular function, biventricular function, overall function, 
ventricular contractility, systolic contractility, overall contractility, ventricular contraction, 
systolic performance, wall motion, global hypokinesis.

3.	 Third priority: systolic dysfunction, ventricular dysfunction.

Appendix 2

Keywords used to search for ejection fraction conditions

1.	 Good condition description: normal, satisfactory, excellent, good, adequate, intact, pre-
served, hyperdynamic, hyperkinetic, vigorous.

2.	 Worse condition description: mild(ly), moderate(ly), severe(ly), poor(ly), sluggish, 
reduce(d), decrease(d), depress(ed), impair(ed), impairment, abnormal, below normal, 
mild(ly) to moderate(ly), moderate(ly) to severe(ly).

3.	 History condition description: previous, prior, last, recent(ly), history, histories, hx.
4.	 Negation condition description: without, not, no, n’t.

Appendix 3. Conversion of text description of ejection fraction into numeric value.

Text description of ejection fraction Assigned EF value

severe(ly) 16
moderate(ly) to severe(ly) 30
mild(ly) to moderate(ly), mild(ly), poor(ly), sluggish, reduce(d), decrease(d), 
depress(ed), impair(ed), impairment, abnormal, below normal

45

normal, no abnormal, intact, preserved, adequate, good, satisfactory, excellent 55
hyperdynamic, hyperkinetic, vigorous 70

EF: ejection fraction.
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