Framework for Biosignal Interpretation in Intensive Care and Anesthesia

Niilo Saranummi, Ilkka Korhonen, Mark van Gils and Aarno Kari*

VTT Information Technology, Tampere, Finland,

*Kuopio University Hospital, Kuopio, Finland

Abstract Improved monitoring improves outcomes of care. As critical care is ’critical’, everything that can be done to detect and prevent complications as early as possible benefits the patient. In spite of major efforts by the research community to develop and apply sophisticated biosignal interpretation methods (BSI), the uptake of the results by industry has been poor.

Consequently the BSI methods used in clinical routine are fairly simple. This paper postulates that the main reason for the poor uptake is the insufficient bridging between the actors (i.e. clinicians, industry and research). This makes it difficult for the BSI developers to understand what can be implemented into commercial systems and what will be accepted by clinicians as routine tools. A framework is suggested that enables improved interaction and cooperation between the actors. This framework is based on the emerging commercial patient monitoring and data management platforms which can be shared and utilized by all concerned from research to development and finally to clinical evaluation.

Keywords: Biosignal Interpretation, Framework for BSI,

Intensive Care, Anesthesia

1 Critical Care and BSI

Intensive care aims at normalizing the vital functions of the patient. Patient status is assessed continuouslyand treatment plans with goals are generated and updated based on that. Anesthesia in addition to providing the necessarysedation for the surgical procedure aims at maintaining bodyfunctions at a normal level and avoiding complications whereas in intensive care patients

’by default’ already have complications.

The uniting features of these two domains are the cycle

’assess - plan - execute - evaluate’ and the need to monitor the progress in patient state. Monitoring provides data which when interpreted in its context gives information on what the patient status is, howthe status is changing and whether these changes are as anticipated

(i.e. in accordance with the goals of the current treatment plan) or whether a reassessment is required and/or adjustment of the treatment plan (and goals).

Control theoryconcepts fit well into critical care. Control is exercised byclinicians, other clinical staff and the patient. Data of the patient (process) status is provided by visual observations and technical devices comprising monitors, diagnostic equipment (located e.g. in laboratories and X-raydepartments), therapeutic instruments such as IV-pumps.

This model approach although simplistic 1 shows that there are three ’actors’; the patient, the diagnostic, therapeutic and monitoring devices and the clinical staff.

The challenge is to divide optimallythe patient management tasks and to provide smooth interfaces between actors. As technologyis progressing the role of technical devices in intensive care and in anesthesia has evolved from simple monitors to monitoring systems and further to patient data management systems (PDMS) networked with other hospital information systems (e.g.

laboratoryand pharmacy). Although the main reason in the increasing utilization of monitoring devices has been to relieve the clinical staff from routine tasks at the same time the amount of data collected has increased exponentiallyand clinical staff is faced with an information overload in interpreting signs and symptoms.

Consequently, a drive towards a layered approach can be distinguished in patient monitoring products

· The `first line of defense´ is based on biosignal interpretation methods (BSI) in acquiring clean and reliable data and generating alarms e.g. on faulty transducers

· More sophisticated interpretation facilities are provided byBSI methods that are based on models of vital organs and the whole patient.

The first practical applications of such models were limit alarms. The next step of sophistication were trend displays enabling clinical staff to observe & detect trends.

2 BSI Framework

The BSI framework comprises the process of developing a newBSI method, the actors involved in the process, and the technical platform on which the process takes place.

1 One must bear in mind that a human being (patient) is not a machine and therefore data derived from the patient is context sensitive in addition to possibly being erroneous and faulty.

2.1 Development and evaluation of a BSI method

Before a newBSI method can diffuse into clinical practice it must pass a development and evaluation process of several stages:

· The development of a BSI solution to an existing problem

· Demonstration that the method works in laboratory conditions with a limited patient sample.

· After feasibilityhas been demonstrated verification against a more comprehensive set of patient cases.

This normallyleads to changes in the method requiring a new verification cycle.

· Once the method has been "tuned" with the available patient cases validation against a newindependent set of patient cases to rule out biases in performance.

Unfortunatelyonlya fewsuch reference signal libraries are available.

· After validation the procedure in which the method is embedded must be evaluated . Typical questions for this stage comprise: will it improve diagnostic accuracy, can treatment plans be generated and executed with greater accuracy, will it reduce false positive alarms in monitoring tasks, what are the implications to manpower and other resource requirements, will it replace an existing procedure or is it new, is it effective, and do users accept it.

The value of the method must be proven not onlyin the technical dimension but also in the dimensions of clinical outcomes and resource utilization. In real life BSI methods are rarely evaluated as completelyas suggested above.

This explains whyso fewof the research prototypes end in being used in clinical routine. A proof of principle is far from convincing evidence that the innovation should diffuse into clinical routine.

After the BSI method has passed the tests of above still one important test remains: Can it be implemented

(embedded) into a commercial product? Examples of conditions that need to be met include `it maynot consume too much computing power’, `it maynot be too slow’, ’it maynot consume too much memory’, and above all ’it must be robust and reliable’.

2 .2 Actors

The development and evaluation stages require a skill mixture that cannot be supplied byone person only. In problem definition the clinical staff has the central role.

The biomedical engineers act as the interface in

interpreting these needs into technical solutions. Once a prototype exists clinical staff is needed to guide the improvement of it and later to carryout its proper evaluation. In addition to clinical expertise evaluation also requires other skills which are related to e.g. costeffectiveness assessment. The final actor of the industry which implements the newmethods into commercial products.

The keyis that for a positive outcome the needs of all these actors must be accommodated to ascertain that their interaction runs smoothly and stays focused on the goals.

2.3 BSI platform

As monitoring technologyhas progressed a technical platform is emerging which is able to support all the tasks from development of a BSI method to its evaluation and implementation. The schematic structure of such a platform is illustrated in Figure 1. The waythat R&D utilizes this is through the `Add-on appl´s´ which allows prototypes to be developed, tested and evaluated with reallife data and signals. In the European Communityfunded

IMPROVE project we have been able to utilize one such existing system in problem definition, collection of a data and signal library, and finallyin evaluating the methods in a real-life environment.

3 State of the Art of Current BSI

3.1 BSI in academic research

Table 1 provide s an indication of what BSI methods in signal acquisition, data processing, and information management have received most attention in the academic world in the last fewyears. I t also assesses the `maturity´ of these techniques.

These include `traditional´ and well-established techniques l ike autoregressive modeling , `straightforward´

Patient monitors

(reliable data, presentation, minimal interpretation)

¯ noise & artefact rejection

¯ feature extraction

¯ data fusion

Front-end Back-end

Signals

Measurements

Standard interfaces

Standard interfaces

PDMS

(present, store, integrate & interpret)

¯ configurable

¯ record keeping

¯ interpretation by context & physiological models

Waveforms

Trends

(compressed data)

Other measured data

Add-on appl´s

(added functionality, research & dev´t, clinical evaluation)

Off-line

Other hospital IS´s

(e.g. lab, X-ray, pharmacy)

User interaction

Input of other data

(e.g. drugs, plans, visual obs´s)

Figure 1. A schematic arrangement of functions in a future patient monitoring environment approaches like the use of FIR filters for artifact and noise removal from EEG signals, and techniques based on statistics such as the use of probabilitydistributions for the removal of artifacts f rom auditoryevoked potentials.

Rule-based techniques have also been widelyemployed in a number of applications.

M ore novel signal analysis techniques that have potential in anesthesia and ICU comprise : multivariate modeling, which can account for interactions between signals of different origin ; non-linear methods e.g. in the analysis of respiration; time-variant approaches, which are able to follownon-stationarysignal changes; non-linear filters for preprocessing biosignals as an alternative to commonly used averaging filters that cannot adequatelyremove transients; and bispectral analysis of the EEG to predict patient movement in response to incision.

Artificial neural networks (ANN) are studied for a wide range of applications, just a fewof the examples are:

detect ing clinicallysignificant changes in h a emodynamic variables, assess ing the qualityof blood pressure signals, detect ing f aults in breathing circuits , analyzing EEG to investigate the effects of anesthetics , and identify ing features in auditoryevoked potentials . Fuzzylogic techniques are investigated in the context of control tasks such as the administration of drugs for h a emodynamic control. Other applications include the identification of peaks in brains tem auditoryevoked potentials and a decision system for an alarm for cardiac anesthesia that produces patient-state variables such as blood volume, myocardial contractility, afterload, and anesthetic depth using haemodynamic data.

A nother application field th at has grown explosivelyin recent years concerns wavelet techniques. Examples include analyzing evoked potentials to detect ischemic neurological injury, recognizing cardiac patterns, analyzing pulmonarycapill arypressure, and identifying charac teristic points in ECG .

Examples of other, less frequentlyused, techniques include the use of genetic algorithms in closed-loop control and the use of chaos analysis to describe EEG .

Evaluation has mainlyconcentrated on the use of real data in an off-line (laboratory) situation and most systems have been buil t as proof-of-principle systems only. The number of systems that is actuallyevaluated clinicallyis extremely limited and no evaluations of the benefits of such systems for patient care exist. The lack of real clinical evaluation is verymuch due to the fact that virtuallyall systems are developed sol ely by academic researchers.

3.2 BSI in commercial products

BSI methods that are used in commercial products are much more conservative as illustrated byTable 2. This reflects the real-life challenges of patient monitoring.

Although in the main average values are used each patient is an individual. For instance a limit alarm for systolic blood pressure depends on the pathophysiological state of the patient, treatment goals, drugs, fluid balance etc.

Methods must be reliable and robust for all patients not only for the average patient.

4 Discussion

It seems that although the framework as suggested above is at least implicitlyunderstood it is not followed. The first problem it that of problem formulation. A lot of academic BSI research is technologydriven `what can I do with this technique´. Consequently, the emphasis is in the proof-of-principle stage and is not followed bythe evaluation stages as suggested above.

The second problem centers around the lack of signals that can be used to develop and evaluate prototypes.

Acquisition of comprehensive data of continuous and intermittent signals requires a large effort in terms of man power and also a serious commitment bythe clinicians and the clinical staff. It is not enough the collect these signals theyneed also to be verified and annotated bythe clinicians. In the IMPROVE project we have been able to collect such a large data librarythanks to the enthusiasm of the project partners and the financial support of the

European Union through the BIOMED-1 program.

The third problem deals with the overall evaluation of the impact of a newBSI method. Howcan it be implemented in a real-life environment without interruption and disturbance to patient care? The technical platform suggested in Figure 1 is the solution. It is possible to install the newset of methods on a separate PC, connect it to the patient monitoring environment and drive the new system in parallel with the existing one.

The final problem is one of exploitation. BSI research must be based on patient needs. In that respect user needs must be carefullyassessed. Users in this case also include the manufacturing industry. Prototypes should been designed from the beginning to be implementable.

Reverse-engineering is too expensive and time consuming.

5 Bridging the Gap

It seems that the propagation delayfrom research to products is at least 5-8 years. There is a lot of BSI research with potential but turning it into implementable results is a large effort. In doing so the need for the close interaction of the actors must be recognized.

The emerging technical platform enables these interactions and also allows a step further to really embark on research geared on data fusion. Since realworld problems usuallyinvolve a mixture of application fields, it maybe expected that in solving such problems successfullyalso a mixture of techniques will have to be used.

References

1. Baselli et al. Cardiovascular variabilitysignals:

towards the identification of a closed-loop model of the neural control mechanisms. IEEE Trans BME

1988; 35: 1033-1046.

2. Becker K. et al. Fuzzylogic approaches to intelligent alarms. IEEE EMB Mag 1994; 13:710-716.

3. De Beer NAM et al . Clinical Evaluation of a method for automatic detection and removal of artifacts in auditoryevoked potential monitoring. J Clin Mon

1995;11:381-391.

4. Bianchi AM et al. Time-variant power spectrum analysis for the detection of transient episodes in HRV signal. IEEE Trans BME 1993; 40: 136-144.

5. Blom JA. The SIMPLEXYS experiment: real time expert systems in patient monitoring . PhD thesis,

Eindhoven: Eindhoven Universityof Technology,

1990.

6. Bosnjak A et al . An approach to intelligent ischaemia monitoring. J MBEC 1995; 33: 749-756.

7. Brai A, Koutlidis R. Knowledge modelization for brainstem auditoryevoked potential interpretation:

EPEXS. In Proc 14th Int´l C IEEE EMBS 19 92; 2479-

2480.

8. Dodd N. Neural network alarm monitor for use in intensive care - Comparative performance studies. In

Proc Neural Networks and Expert Systems in

Medicine and Health Care . Rosen KG, Ifeachor E

(eds.). Plymouth: UniversityMedical Centre:

1994:441-445.

9. Fitzgerald WJ, et al . Analysis of the EEG using chaotic dynamics. BJ Anaesth 1993; 71: 769P

10. Gade J, et al . Modelling techniques and their application in high-dependencyenvironments - learning models. Comp Meth & Progr Biomed

( Accepted for publication ) .

11. van Gils MJ. Peak Identification in Auditory Evoked

Potentials using Artificial Neural Networks. PhD thesis, ISBN 90-386-0036-4. Eindhoven: Eindhoven

University of Technology, 1995.

12. Held CM, RoyRJ. Multiple drug hemodynamic control bymeans of a supervisory-fuzzyrule-based adaptive control system: validation on a model. IEEE

Trans BME 1995; 42: 371-385.

13. Karrakchou M, et al . Analyzing PulmonaryCapillary

Pressure: more accurate measurements using mutual

wavelet packets for adaptive filtering. IEEE EMB Mag

1995; 14: 179-185.

14. Li C, Zheng C, Tai C. Detection of ECG characteristic points using wavelet transforms. IEEE Trans BME

1995; 42: 21-28.

15. Liberati D, Brandazza P. Detection of transient singlesweep somatosensoryevoked potential changes via principal components analysis byinversion of simulated event related potentials. In Proc 14th Int´l C

IEEE EMBS 1992; 2454-2455.

16. Loula P, et al . Nonlinear Interpretation of Respiratory

Sinus Arrhythmia in Anesthesia. Meth Inf Med 1994;

33: 52-57.

17. Moret-Bonillo V et al . The PATRICA project. A semantic-based methodologyfor intelligent monitoring in the ICU. IEEE EMB Mag 1993, 12:59-

68.

18. Mäkivirta A, Koski EMJ. Alarm-inducing variability in cardiac postoperative data and the effects of prealarm delay. J Clin Mon 1994; 10:153-162.

19. Orr JA, WestenskowDR. A breathing circuit alarm system based on neural networks. J Clin Mon 1994;

10: 101-109.

20. Piater J, et al. Fuzzys ets for featur e identification in biomedical signals with self-a ssessment reliability: An adaptable algorithm modeling human procedure in

BAEP analysis. Co mp & Biomed Res 1995; 28: 335-

353

21. Prentza A, Wesseling KH. Catheter-manometer system damped blood pressures detected byneural nets . J MBEC 1995; 33:589-595.

22. Sadasivan PK, et al . Use of finite FIR digital filter structures with improved magnitude and phase characteristics for reduction of muscle noise in EEG signals. J MBEC 1995; 33:306-312.

23. Senhadji L, et al . Comparing Wavelet Transforms for

Recognizing Cardiac Patterns. IEEE EMB Mag 1995;

14: 167-173.

24. Shahsavar N, et al . VentEx: an on-line knowledgebased system to support ventilator management.

Technology and Health Care 1994; 1: 233-243.

25. Sharma A, Wilson SE. EEG classification for estimating anesthetic depth during halothane anesthesia. In Proc 14th Int´l C IEEE EMBS 1992:

2409-2410.

26. Sigl JC, Chamoun NG. An introduction to bispectral analysis for the electroencephalogram. J Clin Mon

1994; 10: 392-404.

27. Signorini MG, et al . Bifurcation analysis of a physiological model of the baroreceptive control. In

Proc 17th Int´l C IEEE EMBS 1995.

28. Summers R, et al . Ventilator Management. The role of knowledge-based technology. IEEE Trans BME 1993;

12:89-98.

29. Thakor NV, Rix H. Wavelet analysis of evoked potentials. In Proc 14th Int´ l C IEEE EMBS 1992;

2446-2447.

30. Thomsen CE, et al . Assessment of anesthetic depth by clustering analysis and autoregressive modelling of electroencephalograms. Comp Meth & Progr Biomed

1991; 34: 125-138.

31. Watt RC, et al . Neural network classification of anesthetic levels using EEG spectral signatures.

Anesthesiology 1993; 79: A456.

32. Watt RC, et al . EEG dimensionalityand anesthetic level. Anesthesiology 1994; 81: A478.

33. Ying H, Shepard LC. Regulating mean arterial pressure in post-surgical cardiac patients. IEEE EMB

Mag 1994; 13:671-677.

Acknowledgment

The paper is based on work within the IMPROVE project which is funded bythe European Commission in the

BIOMED-1 program. The contributions of the following

IMPROVE participants are especiallyrecognized: E

Carson, R Summers and S Rees, CityUniversity, London,

UK, S Cerutti and L Mainardi, Polytechnic University,

Milan, Italy, P Cluitmans, Eindhoven Universityof

Technology, Eindhoven, The Netherlands JL Coatrieux and G Carrault, LTSI, Rennes, France, J Diaz, UPM,

Madrid, Spain, A Heikelä, Datex Inc, Kuopio, Finland, R

Langford and P Prior, St Bartholomew’s Hospital,

London, UK, C Morgan, Royal Brompton Hospital,

London, UK, and A Rosenfalck and J Gade, Aalborg

University, Aalborg, Denmark.

Address of the first author:

Niilo Saranummi, D. Tech., Research Professor

VTT Information Technology

PO Box 1206

FIN-33101 TAMPERE

Finland email: Niilo.Saranummi@VTT.FI www-homepage: www.vtt.fi

Table 1. BSI methods in the research stage

Methods Applications Maturity References

Autoregressive modeling EEG analysis ( a ssessment of anaesth. depth )

I schaemia monitoring

E voked potential analysis

W ell established [ 30 ; 10 ]

[ 6]

[ 15 ]

FIR filters A rtifact/noise removal from EEGs E valuated [ 22 ]

Statistics ( prob distrib ) A rtifact removal from evoked potentials E valuated [ 3 ]

R ule-base systems Ventilator management

Patient monitoring

Evoked potential analysis

Appl´s dealing with temporal aspects

E valuated [ 28 ; 24 ]

[ 17]

[ 7]

[ 5 ]

M ultivariate modeling M odeling of neural control mechanisms E valuated [ 1 ]

N on-linear models I nterpretation of interactions of respiration E valuated [ 16 ; 27 ]

T ime-variant approaches Detection of non- stationa rities in signal s E valuated [ 4 ]

N on-linear filtering P reprocessing of biosignals E valuated [ 18 ]

B ispectral analysis EEG analysis (predict patient response to incision) E valuated [ 26 ]

A rtificial neural networks D etection of changes in haemodynamic variables

A ssessment of quality of blood pressure curves

F ault detection in breathing circuits

EEG analysis ( anesthetic depth)

F eature extraction in evoked potentials

Research ( many applications but mostly `proof of principle´ studies only )

[ 8 ]

[ 21]

[ 19]

[ 25 ; 31]

[ 11 ]

F uzzy logic C ontrol of drug administration

F eature extraction in evoked potentials

D ecision system for alarms in anesthesia

Research [ 33 ; 12 ]

[ 20]

[ 2 ]

W avelet techniques E voked potential analysis (detection of ischaemic injury)

R ecognition of cardiac patterns

A nalysis of pulmonary capillary pressure

I dentification of characteristic points in ECG signals

Research [ 29 ]

[ 23]

[ 13]

[ 14 ]

C haos analysis D escription of EEG signals Experimental [ 31 ; 9 ]

6

Table 2. BSI methods implemented in commercial systems

Methods Task Applications

Digital filters (FIR, IIR, median) Filtering Noise reduction of e.g. ECG and respiratory signals

Digital filters (median) Artifact rejection Peak rejection from SAP trend

Averaging Stimulation Averaging of evoked motor or cerebral responses

Data fusion

Physiological modeling

Amplitude a/o Frequency analysis

Feature extraction and detection

HR computed from ECG; if not possible, from SAP; if not possible from PAP;...

Measurement of energy expenditure from respiratory gas measurements

De tection of burst-suppression EEG p ower in frequency bands

Spectral edge frequency of EEG

Median filtering & down sampling

Manual validation / data cleaning

Information compression

Output of 10s. median values of monitored variables every 10s.

Storage of 120s median values of the monitor output every 120s.

Storage of only those values validated by nurses

Limit alarms

Data fusion

Scoring

Signal interpretation

& alarming

Bradycardia alarm

Detect ion of electrode disconnection

On-line measurement of electrode impedance

Automatic computation of APACHE or TISS score s