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ABSTRACT

Nosocomial infections (NIs, any infection that a patient con-
tracts in a healthcare institution) cost 100,000 lives and
five billion dollars per year for 300 million Americans alone.
Surveillance in hospitals holds the potential of reducing NI
rates by more than thirty per cent but performing this task
by hand is impossible at scale of every appointment, exam-
ination, intervention, and other event in healthcare. Narra-
tives in patient records can indicate NIs and their automated
processing could scale out surveillance. This paper describes
a text summarisation system for NI surveillance and situ-
ational awareness in hospitals. The system is a cascaded
sentence, report, and patient classifier. It generates three
types of visual summaries for an input of patient narratives
and ward maps: cross-sectional statuses at the same point
of time, longitudinal trends in time, and highlighted text to
see the textual evidence leading to a given status or trend.
This gives evidence for and against a given NI in the levels
of hospitals, wards, patients, reports, and sentences. The
system has excellent recall and precision (e.g., 0.95 and 0.71
for reports) in summarisation for the subset of NIs from fun-
gal species on 1,880 authentic records of 527 patients from
3 hospitals. To demonstrate the system design, we have
developed a mobile iPad compatible web-application and a
simulation with eighteen patients on three medical wards in
one hospital during one month with 61 records in total. The
design is extendable to other summarisation tasks.
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1. INTRODUCTION

Health surveillance can reduce nosocomial (a.k.a hospital-
acquired) infection (NI) rates significantly. NI refers to any
infection that a patient contracts in a healthcare institu-
tion [20]. It is a serious burden on healthcare (Table 1).
Surveillance means ongoing observation and response to the
health status of the population and the factors that may
affect it through the systematic monitoring, that is, collec-
tion, analysis, and interpretation of health data [30]. Simply
monitoring incidence rates and outcomes regularly can re-
duce the NI rates by more than thirty per cent [9, 14, 34].
As such, surveillance could release 280 million AUD in Aus-
tralia every year and 1.5 billion USD in the USA.

In addition to reducing NI rates through better policies
and education [30], surveillance can also contribute directly
to a given patient’s health through healthcare workers’ im-
proved situational awareness. This is defined as the workers’
perception of environmental elements in time and place, the
comprehension of their meaning, and the projection of their
status in the near future [8]. With NI, it could mean

1. healthcare managers’ awareness of hospitals, wards,
and beds that have higher or lower NI rates;

2. clinicians’ awareness of their patients’ current NI-status
and risk level; and

Table 1: NI in Australia and the USA

Australia USA

Population [million (M)] 20 300

Annual NI rate [M] 0.18 1.7
Annual NI cost:

- Lives - 100, 000

- Dollars [M] 950 AUD 4850 AUD

~ 979 USD = 5,000 USD

- Extra hospital days [M] 0.85 1.7-51

References [6, 10] [33, 4, 17, 23]




Table 2: Realistic simulation from 1 to 31 Jan 2013

No. of hospitals (wards) [patients] 1(3) [18]
No. of patients with 2, 3, 4, 5, 6, and 7 reports, respectively 6,4,5,2,0,1
No. of IFI positive (neutral) [negative] reports in the total of 61 reports 21 (16) [24]
Ratio of a patient’s IFI positive (neutral) [negative] reports to all reports

- average — standard deviation 0.29 (0.25) [0.47] — 0.28 (0.22) [0.33]
- minimum — maximum 0.00 (0.00) [0.00] — 0.67 (0.67) [1.00]
No. IFI positive (neutral) [negative| sentences in the total of 485 sentences 38 (48) [62]
No. words (unique words) 8,023 (1,249)

—<PatientReports>
— <Report ReportID="NICTAhospital_1_1_r" ReportType="r" ReportingTime="[2013, 01, 01, 14, 23, 15]" ReportGrade="madiuvm" PatientGrade="madivm"

IFIDiagTime="non=">
<field name="Hospital nam=">NICTA hospital<'field>
<field name="Location">[Madical, 1, 1]< field>
<field name="Patient ID">1< field>
<field name="Result typ2">CT Chest Hi Resolution</field>
<field name="Razult dat=">{2013, 01, 01, 14, 23, 15)}<'field>
<field name="Razult status">NModifisd< field>
<field name="Razult title">CTCHEHI< field>
<field name="Performad by">System 1, on 01 Januvary 2013 12:30</field>
<field name="Verifiad by">System 1, on 01 January 2013 12:30< field>
<field name="Encountsr info">NICTAhospital, Inpatient, 2012/12/23 > </field>
<field name="Final rzport">Yez< field>
<field name="Reporting dat=">[2013,01,01]}< field>
<field name="Reporting tima">[14,23,15]<'field>
<field name="Rzportad bv">Dr Marcus Scott< field>

—<field name="Ctchshi_ct_chest_hi_resolution™
—<sentences>

<sentence sentenceno="1">CT chast and uppser sbdomen. <'sentence™
<sentence sentenceno="2">HI RESOLUTION. </sentence>

</sentences>
</field>
—<field name="Exam">
—<sentences>
<sentence eno="1" sentencecolor="madiuvm">7 fnzal inSction. <'sentence>
</sentences>
</field>
—<field name="Findinzs">
—<sentences™>
—<sentence sentenceno="1">
Non-contrast axial scans & no 2b lity.
</sentence>

—<sentence sentenceno="2">
Markad volums loss is s22n on the right particularly in the uppar thorax with distortion of the chest wall and markad crowding of the ribs.
</sentence>
< . eno="3" sentencecolor="madiuvm">7 fingal inction. <'sentence>
—<sentence sentenceno="4">
A spiculatad density at the 1=f lung apax and peripherally in the l=f lung in the region of the uppaer margin of the oblique fissure are not significantly altersd in appaarance fom
the previous CT of 07/11/2002.
</sentence>
—<sentence sentenceno="3">
Well positionad Hickman line. Technique. No other ©cal lesion is ssen.
</sentence>
</sentences>
</field>
—<field name="Conclusion"™>
—<sentences™>
<sentence eno="1">Baszzline CT prior to chemotherapy. < 'sentence>
< e eno="2" ecolor="1low">No £ of fingal infction. <'sentence™>
</sentences>
</field>
</Report>
— <Report ReportID="NICTAhospital_1_2_r" ReportType="r" ReportingTime="[2013, 01, 02, 13, 59, 02]" ReportGrade="gr=2n" PatientGrade="grz=2n" IFIDiagTime="non=">
<field name="Hozpital name">NICTA hospital< field>
<field name="Location">[Madical, 1, 1}< field>
<field name="Patient ID">1< field>
<field name="Rasult typ">CT Chest Hi Rezolution< field>
<field name="Rezult dat=">[2013, 01, 02, 13, 59, 02]< 'field>
<field name="Razult status">Modifisd< field>
<field name="Razult title">CTCHEHI< field>
<field name="Performad by*">System 1, on 02 January 2013 12:20</field>
<field name="Verifiad by">System 1, on 02 January 2013 12:20</ field>
<field name="Encounter ino">NICTAhospital, Inpatient, 2012/12/23 -> <'field>
<field name="Final rzport">Yes< field>

Figure 1: XML document
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Figure 2: Cross-sectional status for a given hospital

3. infectious disease specialists’ awareness of NI-patients’
pathways in hospitals.

This potential of surveillance for reducing NI rates has
been officially recognised and consequently, healthcare ser-
vice providers are increasingly being required to perform NI
surveillance. For example, the US Congress addressed this in
the Deficit Reduction Act of 2005 by removing, in 2009, the
right to charge NI cases not present on admission from hospi-
tals [32]. Also, a surveillance program for NIs was launched
in the USA [7] and similar programs exist both in other
countries [35] and internationally [27]. However, meeting
this surveillance requirement by hand is difficult, if not im-
possible, at scale of every appointment, examination, inter-
vention, and other event in healthcare. An automated sys-
tem that analyses NI information in patient records enables
systematising and scaling out surveillance. The records refer
to birth certificates, consent forms, death certificates, dental
records, hospital records, medical records, nursing records,
patient-maintained health records, and other documentation
of patients’ clinical care [20]. They serve the purpose of
health communication, typically from a professional to an-
other and often in a narrative, free-text form. For example,
in a radiology report, a paediatrician might write Clinical
history: a 7-month old boy with wheezing before sending the
patient to an X-ray in order to inform the radiologist per-
forming the examination. The radiologist’s response to the
paediatrician, after interpreting the X-ray, could be Impres-
sion: Borderline hyperinflation with left lower lobe atelec-
tasis vs. pneumonia. Clinical correlation would be helpful.
Unless there is clinical information supporting pneumonia
such as fever and cough, I favor atelectasis. The method-
ology of reviewing records by hand to investigate NI cases
has been used [24, 2, 21]. However, this does not scale to
every record in healthcare nor support healthcare workers’
situational awareness in real time; though difficult, early de-
tection of NI is key for the rate reduction [36, 28, 12, 25].

The goal of this paper is to design a text summarisation
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Figure 3: Longitudinal trend of all patients

system for supporting NI surveillance and healthcare work-
ers’ situational awareness automatically in real time. The
system is a cascaded sentence, report, and patient classifier.
It generates three types of visual summaries for an input of
patient narratives and ward maps:

1. cross-sectional statuses at the same point of time on
levels of hospitals, wards, patients, and reports;

2. longitudinal trends in time on levels of hospitals, wards,
patients, reports, and sentences; and

3. highlighted text to see the textual evidence leading to
a given status or trend.

This gives evidence for and against a given NI on the levels
of hospitals, wards, patients, reports, and sentences.
The contributions of this paper include

1. a system design that is novel in terms of its input
and output, when compared to the text summarisation
and visualisation systems that are used to support NI
surveillance and situational awareness in hospitals;

2. a demonstration of this design as a mobile iPad com-
patible web-application; and

3. its use as a simulation with eighteen patients on three
medical wards in one hospital during one month with
61 records in total.

2. MATERIALS AND METHODS

2.1 [Evaluation Materials

Statistical performance evaluation of processing methods
was conducted on expert annotated authentic reports from
three different hospitals in Melbourne, VIC, Australia. This
considered the subset of NIs caused by molds and yeasts,
that is, invasive fungal infections (IFI). These molds and
yeasts are common everywhere in the world (incl. homes
and hospital buildings). Normally, when they enter the body
through, for example, inhaling the spores or via contam-
inated surgical instruments, our immune system destroys
them. However, this is not the case with chemotherapy,
bone marrow transplant, and other immunocompromised
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Figure 4: Cross-sectional status of a ward and longitudinal trends in terms of beds and patients

patients, whose compromised immune system cannot effec-
tively fight off the infection. IFIs can occur anywhere in
the body and cause serious and often life-threatening con-
ditions. Their early and accurate diagnosis is shown to in-
crease the treatment effectiveness while decreasing its inten-
sity and costs. In Australia, IFI costs over a thousand lives
and a hundred million dollars a year [29].

In our previous study [18], we have shown that words in
patient reports can give early indications of IFI, and be re-
liably used to predict the patient’s current IFI status (recall
of 0.95 and precision of 0.71). The evaluation used 1,880
reports from 527 patients, of whom 270 had IFI. The re-
ports represented predominantly the genre of radiology. 25
per cent (20 %) of positive (negative) patients’ sentences
were chosen for expert annotation. The inter-annotator
agreement on these 7,083 sentences was substantial for sen-
tences and almost perfect for reports (Cohen’s x of 0.64 and
0.83, respectively).

2.2 Processing Methods

The processing methods identified the evidence for and
against a given NI in patients’ free-text reports. This ev-
idence was then used to solve the text summarisation and
visualisation problem in the levels of hospitals, wards, pa-
tients, reports, and sentences.

The methods classified each patient, report, and sentence
as positive, neutral, or negative as a cascade of multi-class
classification problems. First, a sentence classifier assigned
each sentence into one of the three categories or into the cat-
egory of other. Second, based on the sentence assignments
for all sentences of the report together with other report-
level features, a report classifier assigned each report into
one of the three categories. Third, based on the sentence
and report assignments for all reports and sentences avail-
able for a given patient at a given time, a patient classifier
assigned each patient into one of the three categories.

The methods were experimented with different compila-
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tions of features, statistical classifiers, and decision rules [18].
The feature experiments included bag-of-words, -phrases,
and -concepts; their optimised subsets; and negation analy-
ses generated by using the MetaMap program developed at
the US National Library of Medicine to map biomedical text
to the meta-thesaurus of Unified Medical Language System
(UMLS). The classifier experiments included support vec-
tor machines (SVMs), Naive Bayes, Random Forests, and
Bayesian Nets. The decision rules, experimented both as
features of the statistical classifiers and as classifiers them-
selves, for the report classifier [patient classifier] were

1. Conservative: If any sentence in the report [any of
the patient’s available reports] is classified as positive,
then assign positive. Else if any sentence in the report
[any of the patient’s available reports] is classified as
neutral, then assign neutral. Else assign negative.

Proportional: compare the amount of positive, neu-
tral, and negative sentences in the report [reports avail-
able for the patient] and determine the assignment as
the majority vote.

The best compilation of processing methods had the sen-
sitivity of 90 per cent (95 % confidence interval (CI) from
86 % to 93 %) and the specificity of 77 per cent (95 % CI
from 70 % to 82 %). Of the 25 (5.6 %) missed positive re-
ports, only 4 (0.9 %) were clinically significant. To simplify
the experiments, two categories were considered — the neu-
tral category was pooled into the positive category. Ten-fold
cross validation on the training set of 366 annotated reports
was used to optimise the classifiers, which were then tested
on the evaluation set of 83 annotated reports. The sets
were mutually exclusive. As expected, recognising negation
was beneficial and the bag-of-(words+phrases+concepts) re-
sulted in a better performance than the bag-of one or two
approaches. SVM was the best statistical classifier and with
it, using all features performed better than their optimised
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subset. The best compilation was a hybrid of statistical
classifiers and decision rules.

2.3 Demonstration Materials

To demonstrate the system design, we constructed a sim-
ulation with eighteen patients on three medical wards in one
hospital during one month (Table 2). We acknowledge that
this duration may not be realistic, but this allowed demon-
strating a ward, which is undergoing an IFI outbreak (i.e.,
Medical 1), a ward, which has experienced but recovered
from an outbreak (i.e., Medical 2), and a ward with strong
evidence against an outbreak (i.e., Medical 3).

3. RESULTS

We have designed a text summarisation system for sup-
porting NI surveillance and healthcare workers’ situational
awareness automatically in real time. The visualisation ad-
dresses evidence for and against a given NI in the levels of
hospitals, wards, patients, reports, and sentences and sup-
ports mobile clinical use. In our demonstration, this NI is
IFI but the design is extendable to other tasks.

To demonstrate the design, we implemented a web-appl-
ication that is iPad compatible.! The application is written
in HTML5 to allow any web-browser to use it. It uses a
consistent colour-coding across all visualisation levels: red
refers to positive, grey to neutral and blue to negative. A
circle refers to a patient-level prediction, a rectangle to a
report-level prediction, and a text highlight to a sentence-
level prediction. As an input, the system receives ward maps

Lavailable http://goo.gl/QuZBln
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(i.e., images) and an XML document, which includes all in-
formation (i.e., text and classifications in the levels of pa-
tients, reports, and sentences) to be visualised in all levels
for all hospitals, wards, patients, and reports (Figure 1).
The output consists of three types of visual summaries:

1. cross-sectional statuses at the same point of time in
levels of hospitals, wards, patients, and reports,

2. longitudinal trends in time in levels of hospitals, wards,
patients, reports, and sentences, and

3. highlighted text to see the textual evidence leading to
a given status or trend.

The user experience of the system begins with a menu
for selecting a hospital and the system visualising its cur-
rent cross-sectional status (Figure 2). The demonstration
includes only one hospital. The visual summary includes

1. an overview of all patients with a capability to select
all patients for seeing the longitudinal trend of the hos-
pital and

2. overviews of all wards with a capability to select a
given ward for its cross-sectional status and longitudi-
nal trends in terms of beds and patients.

In this level, the demonstration hospital has eighteen pa-
tients in total at the wards Medical 1, 2, and 3. The sys-
tem predicts one out of the eighteen patients as IFI-positive
(i.e., high risk of IFI), two as IFI-neutral (i.e., medium risk
of IFI), and fifteen as IFI-negative (i.e., low risk of IFT). We



also learn that all wards are full. The capacity of the ward
is provided after the ward name. Each circle on the right-
hand-side of the capacity corresponds to one patient. The
colour of the circle corresponds to the patient’s current IFI
status, predicted by the system. The ward listing can be
sorted in descending or ascending order with respect to the
ward name and report-level IFI-risk.

A clinician or administrator may select the longitudinal
trend of the hospital (Figure 3). This opens a visual sum-
mary with

1. an overview of all patients in terms of their current IFI
status and

2. a longitudinal trend across all patients in time with
the up-to-date patient-level IFI prediction and retro-
spective report-level IFI predictions.

Each rectangle corresponds to a report. The colour of the
rectange corresponds to the report-level IFI-status, predicted
by the system. The listing can be sorted in descending or
ascending order with respect to the patient ID, report-level
IFI-risk, entering time of the first report, and entering time
of the last report. Each patient, or a given ward, can be
selected for further analysis. In this level, we learn that the
demonstration hospital has had many IFI alarms in the re-
port level, but the situation has improved during the past
month. Also the red alarms tend to calm down to blue ones
via grey in the report level and similarly, before a red report,
we see early indicators as grey reports.

We continue the analysis of the high-risk case by selecting
the ward of Medical 1 to be visualised. This opens a ward-
level visualisation (Figure 4) with

1. the ward map of all patients at this moment with the
up-to-date patient-level IFI predictions,

2. longitudinal visualisation across all beds in time with
the retrospective report-level IFI predictions,

3. cross-sectional summary of the ward map, that is, the
patient-level IFI predictions for all patients at the ward
at this moment, and

4. longitudinal visualisation across all patients in time
with the up-to-date patient-level IFI prediction and
retrospective report-level IFI predictions.

The ward map and cross-sectional summary are intended
to support healthcare workers’ situational awareness and
serve diagnostic purposes. The longitudinal visualisation
across all beds allows taking patient flow into account. This
is to serve epidemiological purposes. The longitudinal vi-
sualisation across patients is there to support research and
the list can be sorted in descending or ascending order with
respect to a patient number, report-level IFI-risk, date of
the first report, and date of the last report. From the ward
map we learn that the high-risk case is located on the bed
four, next to the air ventilation duct of the ward. From
the longitudinal visualisation across all beds we can con-
clude that the ward has had very many IFI alarms during
the past month, but the situation seems to have improved.
The alarms seem to be clustered around the duct on beds
2-5 but the beds 1 and 6 behind the space divider have had
no alarms. The longitudinal visualisation across all patients
allows monitoring report-level trends in time and also shows
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that our high-risk patient has had early indicators of IFI on
previous two reports already.

If we wish to study the evidence causing the alarm for the
high-risk case, we can select the records of this patient to
be visualised (Figure 5). The left-hand-side column shows a
longitudinal summary across all reports of the patient with
report-level IFI predictions. This menu allows selecting a
particular report to be visualised. The right-hand-side col-
umn shows longitudinal details across all reports in time.
The sentence-level IFI predictions are shown as text high-
lights. Text not seen as relevant to the IFI analysis by the
system has no highlighting.

4. DISCUSSION

We have designed and implemented a system to provide
text summarisation and visualisation in hospitals to support
NI surveillance and healthcare workers’ situational aware-
ness. The visualisation provides supporting- and contra-
evidence for a given NI in the levels of hospitals, wards, pa-
tients, reports, and sentences. The inputs of the system are
free-form clinical text (patient records) and images (ward
maps). The outputs are three types of visual summaries:

1. cross-sectional statuses at the same point of time in
levels of hospitals, wards, patients, and reports;

2. longitudinal trends in time in levels of hospitals, wards,
patients, reports, and sentences; and

3. highlighted text to see the textual evidence leading to
a given status or trend.

The design can be extended from the case of IFI to other
tasks on text summarisation and surveillance in hospitals —
one system for every task.

Manual IFI surveillance on patient records has been per-
formed on the Prospective Antifungal Therapy Alliance’s
registry (subset of 7,526 IFI cases in 6, 845 patients from all
inpatients at 25 medical centers in North America between
2004 and 2008) and Hema e-Chart registry (subset of 147
patients with mycoses from all inpatients at 26 haematol-
ogy units in Italy between 2007 and 2009) [2, 21]. How-
ever, early diagnosis of IFI is crucial to facilitate treatment
success, rigorous enforcement of surveillance (by means of
blood cultures, antigens and diagnostic imaging) of all pa-
tients at risk for IFIs, and diagnostic delays explaining IFI
outbreaks [28, 25]. Surveillance by hand and in real time
is difficult, if not impossible, at scale of every appointment,
examination, intervention, and other event in healthcare.

Natural language processing (NLP) and text mining have
been recognised as ways to automate the analysis of pa-
tient narratives; this includes the pioneering studies [3, 1,
13, 5] from 1970’s and over 12,000 more recent references in
PubMed. Successful examples systems that have progressed
from research to use in hospitals include MedLEE, Medical
Language Extraction and Encoding System and Autocoder:
MedLEE is routinely used in the New York Presbyterian
Hospital in New York, NY, USA to parse English patient
records and map them to UMLS [19]. Autocoder assigns
diagnosis codes to patient records at the Mayo Clinic in
Rochester, MN, USA which has changed the coding person-
nel’s duties from code assignment to verification and reduced
workload by eighty per cent [22].

We are not aware of text summarisation or visualisation
systems that are used to support surveillance and situational



awareness related to IFI in hospitals. Based on our scientific
literature search, the most similar language processing sys-
tem to ours that has been used for surveillance in hospitals
is TheraDoc [11], a rule-based system that was used three
times a day during the 2002 winter Olympics in Salt Lake
City, in UT, USA to monitor influenza, pneumonia, and
twenty-two other concerns for public health on radiology re-
ports and tests. NLP is used to convert free text to incident
rates and then the system visualises the rates as longitudinal
graphs of rates in time. However, our geographic modality of
maps is not addressed and textual evidence is not given, vi-
sualised, nor summarised. Based on our scientific literature
search, the most similar language processing system to ours
that has been used for text summarisation and visualisa-
tion in hospitals is MAGIC [15], a rule-based system used in
one cardiothoracic intensive care unit of the Columbia Uni-
versity Medical Center in New York, NY, USA. MAGIC is
designed to support healthcare workers’ workflow, informa-
tion needs, and decision during the peri-operative period of
cardiac surgical patients. It summarises individual patient’s
raw medical data into procedural milestones, illness severity,
and care therapies as well as generates two displays: a brief-
ing about a patient’s operative course and a depiction of a
patient’s clinical status at a given time point with respect
to illness severity. We believe that extending this system to
surveillance would be straightforward by using our design if
the depictions, briefings, and input raw data were combined
with ward maps.

Based on our search of patents, the most similar sys-
tem to ours is for analysing information related to public
health from structured and unstructured sources and vi-
sualising these results on a temporal and geo-spatial dis-
play [16]. These patent applications explicitly mention NLP
of medical records as well as temporal and geo-spatial vi-
sualisations to support surveillance and situational aware-
ness. However, the visualisations are generated in a global
level as opposed to our hospital-specific perspective. Based
on our search of patents, two other related systems are for
graphically displaying a health status of geographically dis-
persed hospitalised patients with no connection to language
processing [26] and for assigning diagnosis codes to patient
records based on language processing but with no connec-
tions to surveillance, visualisation, geographic modality of
maps, textual evidence, or text summarisation [31].

S. CONCLUSIONS

NLP could enable systematic NI (incl. IFI) surveillance at
scale and in real time in hospitals. This automation would
scale the surveillance up from manual and often delayed re-
views of most suspicious cases to systematic analyses of ev-
ery report of any patient for any evidence for or against a
given NI immediately after the report has become available.
This holds the potential for improving healthcare manage-
ment and clinicians’ situational awareness in real time and
is applicable to both epidemiological or diagnostic purposes.
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