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Abstract. Data stored in operational databases are not reusable directly.
Aggregation modules are necessary to facilitate secondary use. They decrease
volume of data while increasing the number of available information. In this paper,
we present four automated engines of aggregation, integrated into an anaesthesia
data warehouse. Four instances of clinical questions illustrate the use of those
engines for various improvements of quality of care: duration of procedure, drug
administration, assessment of hypotension and its related treatment.

Keywords. Data Collection, Vital Signs, Anesthesia.

Introduction

Operational databases daily collect high volumes of data in medical care centres and
offer opportunities for reusing these data, e.g. for research purposes or in order to assess
the quality of care [1]. For instance, analyses of anaesthesia time-series can be useful to
identify the events that impact the patient outcome [2]. However, the structure of these
databases is designed for clinical or administrative purposes, not for their secondary use
[3]. Operational databases, in particular, collect high volumes of raw and heterogeneous
data that cannot be reused directly in their initial format: for example, Anaesthesia
Information Management Systems (AIMS) register data about the anaesthesia procedure
mainly for medical follow up, and sometimes for legal purposes. Each anaesthetic
procedure produces around two thousand measurements of vital signs (e.g. heart rate,
arterial pressure) and one hundred events (e.g. surgical stages, administration of drugs).
For clinical research purposes, it is important to assess specific events during predefined
periods: for instance, the evolution of vital signs in relation to drug administration, the
occurrence of some specific adverse events (e.g. hypotension, tachycardia) during
anaesthesia or the cumulative dose of various drugs administered to the patient during
the procedure. Despite the high volume of data collected by the AIMS, several quality
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checks and various analyses must be carried out on these data before any clinical research
can take place [4].

First, it is necessary to integrate data from heterogeneous sources into a common
repository, such as a data warehouse: these well-known systems are used in order to
manage high volume of data [4-5]. Then, after a cleaning and transformation process,
data can be aggregated and synthesized in order to obtain relevant and meaningful
information that can be used for clinical or statistical analyses. The aggregation process
is based on business rules provided by expert clinicians.

The goal of this paper is to highlight opportunities related to data aggregation:
turning raw data into substantial information for reuse. With this aim in mind, we
describe four engines that have been developed to perform the automatic aggregation of
anaesthesia time-series data and to carry out clinical or statistical analyses.

1. Methods
1.1. Available data

A data warehouse has been developed in the University Hospital of Lille to reuse data
registered by the AIMS [6]. It stores data related to around 55 000 interventions
performed each year (e.g. patient history, vital signs, various stages of the procedure,
drug administration’s) which then may be queried to fed aggregation engines.

1.2. Aggregation methods

The aggregation step consists in transforming data into meaningful information. Data
are characterized by a high number of records (in rows) for a few numbers of attributes
(in columns). On the contrary, information is characterized by a higher number of
attributes (in columns) and a lower number of records. Therefore, the volume of data is
decreased, while the volume of meaningful information is enhanced (Figure 1).

Thousands of rows of data One row of information per intervention
perintervention

\

Aggregation

Figure 1. The aggregation process transforms raw data into aggregated data. Raw data are registered by
source systems and present a high volume but a low information rate while aggregated data have a lower
volume and more information.
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We developed four aggregation engines to reuse anaesthesia time-series data (Figure
3). Each aggregation method was evaluated by experts by comparing results with source
data. Engines can be used jointly according to the questions.

The “study periods” engine is based on the detection and selection of
predefined elements among the measurements, events, drugs (e.g. first non-null
value, first administration of hypnotic drug) which correspond to the start or the
end of specific periods (Figure 2, A1-A2) [7]. Example: anaesthesia or surgery
stages, periods surrounding the administration of a given drug.

The “aggregated measures” module employs aggregate functions (e.g. mean,
median, minimum, maximum) to compute statistical indicators based on the
measurements made during a certain study period previously defined (Figure 2,
B1-B2). Example: mean of Heart Rate (HR) during anaesthesia, maximal value
of mean arterial pressure within ten minutes after a vasopressor has been
administered.

The “abnormal values of vital parameters” module detects adverse events
based on time-series of vital signs (Figure 2, C1-C2) [8]. These events are
characterized by the total time elapsed outside a pre-defined range, the number
of these episodes and the extreme (lowest or highest) value. Example: episodes
of hypotension with Mean Arterial Pressure (MAP) lower than 60 mmHg.

The “drug administration” module computes for each drug the total dose of
the successive administrations within a study period (Figure 2, D1-D2).
Example: total dose of propofol used during the induction period.

Raw data Aggregated data
Events A2 Study period
Amival in Endof Endof  Transferin = 7
operative Induction ICiSion  surgery anesthesia TCOVEY
room room
—
| Operative room
Intervention Intervention
Bl Vital sign B2 Aggregated measures
® E ®
t 3 ® »® ® Anesthesia:
»® ® Mean=287
L™ Min=54
Max=121
Intervention Intervention
1 Vitalsign (2 Abnormal values
» = ® = ® ”® » Episode 1 Episode2
» ® ®  Threshold ™ 1 I Threshold
® | |
Intervention Intervention
D] Drugs D2 Total administered dose
Anesthesia:
Hypnovel Sufentanil Propofol  Sufentanl  Paracétamol Topalgic Propofol 200mg
Img  15pg 200mg 104g 18 100 mg Remifentanil @
Sufentanil : 25ug
Operativeroom
Hypnovel 1 mg
Intervention Study period

Figure 2. Aggregation engines. A) Study period ; B) Aggregated measures ; C) Adverse events ; D) Drug

administration.
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2. Results

In order to illustrate how the aggregated engines works, we have developed four study
cases to know (i) what is the duration of the anaesthesia procedure, (ii) what are the
variations of HR around administration of atropine, (iii) how can be characterized the
drop of MAP after induction of anaesthesia with propofol and (iv) what is the total
amount of ephedrine administered to manage blood pressure following the start of
anaesthesia. From a clinical perspective, results for a given question can be regularly
assessed over time to improve the quality of care A total of 276 775 anaesthetic
procedures have been carried out at the University Hospital of Lille, France, between
January 2010 and December 2014.

(i) Length of anaesthesia procedure - Engine “Study period”: the length of
anaesthesia has been measured for 261 996 anaesthetic procedures leading to a mean
(standard deviation) of 161 (200) min (cf [7] for more details).

(ii) Evolution of heart rate - Engines “Aggregated measures” and “Study period”:
it has been calculated on 17118 interventions. HR evolves from a mean minimal value
of 53 beats per minute (bpm) before administration of atropine, to a mean maximal value
of 87 bpm after administration, and remains constant around 76 bpm after 15 minutes
after the administration (figure 3).

Events Atropine

Min HR Max HR 1 measure HR. 1" measure HR 1* measure HR
53 bpm §7bpm 77bpm 76 bpm 75 bpm

TO-10 ToO TO+ 15 TO+ 30 TO+45 Time

Figure 3. Aggregated measures of heart rate variations around the administration of atropine.

(iii) Abnormal values of Mean Arterial Pressure (MAP) - Engines “Study period”
and “Abnormal values”: it has been calculated on 81 014 interventions between
induction and start of surgery. Table 1 presents, for various minimal thresholds of MAP,
the number of interventions which dropped below the threshold, the mean duration of
the first episode and the delay between the induction and the minimal value reached.

Table 1. Drop of Mean Arterial Pressure between induction of anaesthesia and start of surgery

Minimal Threshold Nb of interventions Median duration of Mean (SD) time between
(mmHg) (%) first episode (min) induction and minimal value (min)
<50 11846 (14.62%) 3.05 16.91 (13.20)
<55 10822 (13.36%) 2.98 17.93 (13.84)
<60 14016 (17.3%) 3.67 18.17 (14.09)
<65 14304 (17.66%) 4.87 17.94 (14.09)
<70 11807 (14.57%) 4.95 17.79 (14.28)

<75 8266 (10.2%) 4.97 17.67 (14.33)
- 9953 (12.29%) - -

(iv) Total dose of ephedrine - Engines “Study period”, “Abnormal values” and
“Drug administration”: total dose of ephedrine, used as a treatment of hypotension
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which may follow induction, has been calculated on 81 014 interventions. Table 2
presents, for each lowest thresholds of MAP, the number of interventions in which
ephedrine has been administered between induction and start of surgery and the median
(interquartile) of the dose administered.

Table 2. Administration of ephedrine between induction and incision

Interventions with administration of Ephedrine (mg) (median
Threshold (mmHg) ephedrine following induction (%) [interquartile])

<50 6566 (55.43%) 91[9;15]
<55 4443 (41.06%) 91[9;12]
<60 3747 (26.73%) 9[6;9]
<65 1850 (12.93%) 9[6;9]
<70 688 (5.83%) 916;9]
<75 261 (3.16%) 91[6;9]

- 177 (1.78%) 91[6;12]
Total 17732 (21.89%) 91[9;12]

3. Discussion

In this paper, we highlighted how aggregation engines can be used to permit reuse of
data produced by the AIMS. The aggregation of raw data increases information while
decreasing the volume of data. Even if developing these engines is time consuming and
requires informatics and clinical expertise and validation, once engines are developed,
they can be quickly and easily customized to carry out new studies. Moreover, the four
engines presented in this paper can be adapted to various time-series (e.g. data recorded
on patients in intensive care) and can be joined when it is necessary to combine various
types of information to answer a specific clinical question. Routinely performed in a data
warehouse, automated data aggregation makes aggregates available, even for records
recently integrated, and directly operable for analysis and retrospective clinical studies.
These studies can be repeated over time for quality of care assessment and improvement.
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