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Abstract the future need an extendable architecture to which
they can be interfaced to make them accessible to all
Physiological monitoring equipment can be found in clinical studies. The reuse of existing analytical tools
many hospital settings. This allows a wide range of physi- is very much encouraged, as it reduces costs and in-
ological parameters to be stored, which in turn allows clin- creases 'throughput'.

icians and analysts to investigate a range of medical hy-
potheses. This paper introduces ACHE (Architecture for
Clinical Hypotheses Examination), a framework specifi-
cally designed to support the preparation of such analyses.
To evaluate the initial version of ACHE, a study to de-  Architecture for Clinical Hypothesis Evaluation (ACHE)
tect Acute Myocardial Infarctions, was conducted with data provides an extendable architecture for the preparation of
from Glasgow Royal Infirmary’s Intensive Care Unit(ICU). time series data for analysis, incorporating some solutions
Initial results from the study are very encouraging and to issues discussed in the last section. Data from numerous
ACHE substantially reduced the time required to perform clinical sources are stored in one main repository and tools
the study. A study of the same phenomena across a muchrovided for both clinicians and analysts. Figure 1 presents
larger patient dataset will be undertaken shortly. an outline of the main components of ACHE.
ACHE Transfer maps data from Microsoft Excel, Mi-
crosoft Access or MySQLto the MySQL database that
1. Introduction acts as the central repository. Mappings are defined by
the analyst between the incoming data schema and the cen-
We, at Aberdeen, have been involved in numerous med-tral repository schema. These mappings can be saved and
ical projects[1][2] involving time series data. Future plans reused for future transfers of analogous datasets.
for the group, however, involve datasets that are substan-  The central repository stores the clinical data along with
tially larger, such as data that is routinely collected in the details of registered users and annotations on the data that
ICU domain. These previous projects led to the identifica- are made subsequently to data collection. Access rights and
tion of the following issues that required resolution before authorization, by researchers and clinicians, can be set using
proceeding with larger datasets: ACHE Admin. This is important as confidentiality of the
e Multiple Data Sources - Every dataset, from clini-  data must be maintained.
cal departments that we encountered, had unique data g allow clinicians to annotate data stored in the repos-
models and formats dependent on the clinical monitor- itory, ACHE Annotate, a web-based tool, has been devel-
ing equipment used. oped to allow clinicians to view and annotate data stored in
e Manual Data Pre-Processing- A significant number  the repository. Annotations can be applied to the follow-
of manual data quality checks and pre-processing tasksing subsets of time: the whole session, daily, and hourly.
were often performed before commencing the subse-gqr example, apply the annotati@ardiovascular Unsta-

quent study. It became apparent that with much larger pyje tg a particular patient's dataset for the day perfad
datasets, semi-automation of these tasks was requiredgih, 2006

e Amalgamation of Analytical Tools - Analytical tools
from previous studies as well as tools developed in  thttp://imww.mysgl.com/

2. Description of ACHE




Medical data from different locations

TSNet[3]; TSNet, an infrastructure for implementing, eval-
uating and comparing signal processing tools, allows time
series data from different sources to be shared. This aspect

Time Series Time Series Time Series
Medical Data Medical Data Medical Data

may help solve the issue of heterogeneous data sources but
N $ r'd does not provide the pre-processing tools that we required.
ACHE Bsifer The ICDEV project[5], provided offline access to patient
coel PO physiological data from CareVue Classic machines installed

in various ICUs. Data of differing formats was taken from
the machines and stored for future analysis. A disadvan-

ACHE pwie Rg;';?;ry tage of their approach was every time a different data model

was encountered they had to write a new 'module’. ACHE

l builds on this early work ; ACHE transfer can handle data

of differing formats due to the mapping facility presented

to the user. ACHE also goes beyond retrieval of data and

‘ provides multiple intelligent tools for further analysis.
Analysis tools 7
/
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sl To evaluate the initial implementation of ACHE, a pi-
lot study was carried out with Glasgow Royal Infirmary
Figure 1. Overview of the ACHE architecture to investigate the occurrence of Acute Myocardial Infarc-
tions(Acute MIs) in patients in the ICU. Acute MI is an
event where an atherosclerotic plaque ruptures in a coro-
ACHE Pre-Process allows common pre-processing nary artery leading to a decrease in the blood supply to the
methods to be applied automatically to time series data. Soarea of the heart supplied by that artery. Acute Mls may ap-
far, ACHE Pre-Process allows the user to: create extrap-pear as subtle physiological events and can go undetected. It
olated dat calculate and append changes in parameters,would be advantageous if ICU monitoring equipment could
identify periods of haemodialysis and calculate averages be-alert clinicians when it is suspected that an acute Ml is oc-
fore, during and after the haemodialysis session and converturring. The aim of this study is to develop rules to detect an
a subset or the full data from the main repository into a va- gcute M| and at the same time note how effectively ACHE
riety of data formats: ARFF[4], Microsoft Excel, CLIBS supports such studies.
and XML. Data for 30 randomly selected patients was obtained
from Phillips CareVue Chatt PiCC® and LiDCG moni-
toring equipment installed in the ICU. 9 core physiological
parameters, for example, heart rate and temperature, were
recorded hourly and drug, fluid and dialysis infusions were
The analysis of medical time series data is an estab-recorded as applicable. Patient stays ranged from 2 to 44
lished research area: VIE-VENT[6] ancEBUME[7] are  gays. The patient data for the study was mapped success-
two such examples of implemented systems. Itis acknowl-fu”y via ACHE Transfer to the main repository of ACHE.
edged that working with such data can be time intensive

especially with regard to data preparation. Analysis tools 4 1  Rule Acquisition & Rule Evaluation
such as Wekal[4] provide a small amount of pre-processing

functionality but do not offer a solution for all the issues we Rules to identify the likely physiological changes which
have identified. _ S might indicate an acute MI were obtained from domain
A review of related literature led to the identification of experts. It was suggested that two stages of parameter
two architectures that may have provided adequate soluchanges would be observed in the patient data. Firstly,
tions, however, upon closer examination they did not fully stage 1, labelled as a *Suspected Cardiovascular Derange-
meet our needs. The first such architecture investigated wasnent’ (SusCD), would show a slight increase(10%) in heart

2A version of the dataset created when domain specific rules have been  *http://iwww.medical.philips.com/main/products/patigmonitoring
applied to create extrapolated values to replace missing parameter valuegproducts/icip/index.html
in the data. Shttp://www.pulsion.com/index.php?id=2056
Shttp://clipsrules.sourceforge.net/ Shttp://www.lidco.com/

3. Related Research




rate and MAP. Within the next few hours Stage 2 (MAP During this study, ACHE provided invaluable assistance;
70, Heart Rate> 129 or< 40, FiG, > 80, SpQ < 95, it allowed a study to be completed in a matter of weeks
CVP > 10 and Urine Outpuk 35) labelled as a 'Highly  rather than months. Building on this success, enhancements
Suspected Cardiovascular Derangement’ (HSusCD), in thisto ACHE Pre-Process, such as the generalization of the fa-
case the acute MI, would be seen. cilities provided for dialysis analyses will be undertaken,
A pilot study was done with these 2 sets of rules. The enabling a previous renal study [1] to be conducted with a
clinician identified 9 patients as suffering from an acute Ml significantly larger amount of patients.
and the computer-based rules, 6. As a result of this study The implementation of ACHE allows numerous projects
the clinician modified considerably the rules. The previ- to proceed including a Case-Based Reasoning project and
ously identified patients suspected of having an acute Ml a system for anomalous clinical event detection and resolu-
were reviewed again, with both a clinician and a computer tion.
program using new rules (MAR: 70 and an Fi@> 80).
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