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* Nowadays, surgical operations are impossible to imagine
without general anesthesia, which involves l|loss of
consciousness, immobility, amnesia and analgesiaq.
Understanding mechanisms underlying each of these effects
guarantees well-controlled medical treatment. Current work
focuses on analgesia effect of general anesthesia, more following law [1]

specifically, on patients reaction on nociception stimuli. We

study EEG data from patients undergoing surgery, focusing

on two states: pre-incision and post-incision.

Such behavior might be attributed to background activity. We
here propose deviation from this model by using Lorentzian

* Data:
« Single-electrode EEG recordings from surgical operations.

curve.

- 115 patients.

-« 30-second long signals from pre- and post-incision.

- Anesthetics: propofol & desflurane.

- Some of the patients reported on having dreams. |
Loretzian curvep.

* Analysis:

Power spectral density (PSD) estimates were obtained with
Welch’'s method. We are particularly interested in power in a-
and d-bands. Changes in band power between pre- and post-
incisional states should be estimated relatively to the power of

brain background activity. It is well known that EEG power
spectrum decays with higher frequencies according to the
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Features extracted from power spectral analysis: total power,
power in a- and oJ-bands, coefficients a, b, and c¢ of fitted
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Fig. 1: EEG signals (top) and their corresponding PSD estimates (bottom) for two
states: 30 s before the incision (left) and 30 s after the incision (right) for
one patient.

- Power spectral analysis: Welch PSD estimate, regression

fitting. o

- Time-frequency analysis: methods of conventional and i
reassigned spectrogram, continuous wavelet transform. ol ®

- Use average power in EEG bands obtained from TFRs as i o

multidimensional signal.
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« Recurrence analysis: visualization of structural patterns in
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multidimensional signals, data-driven estimation of optimal
e parameter by symbolic dynamics N
- Supervised classification: linear discriminant analysis, .
support vector machine T B L
Fig. 2: Changes in average power between Fig. 3: Joint distribution of background activity model's parameters, results for pre-incision

pre- and post-incision in §-band

(left) and post-incision (right).

versus changes in a- band

Time-frequency analysis

Time-frequency analysis expands power spectral analysis to non stationary signals. Here, three
time-frequency representations were used: continuous wavelet transform [2], conventional and
reassigned spectrograms [3]. Another purpose of this analysis is to perform reconstruction of
multi-dimensional signal from single time series for further use in recurrence analysis.
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Fig. 4: Time-frequency representations for EEG data shown in Fig.l. Top row is pre-incision, bottom row is post-incision. Time-frequency
representations are: continuous wavelet transform (left), spectrogram (middle) and reassigned spectrogram (right).
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Recurrence analysis

Recurrence analysis allows to visualize dynamics of multidimensional variables with 2D
recurrence plots [4]. At this step original time series is re-written as symbolic sequence using
recurrence matrix as rewriting grammar. It also used to estimate optimal value of ¢ parameter
by maximizing utility function computed from a resulting symbolic sequence [5]. As a utility
function Shannon entropy is used here, the development of new, more structure-oriented criteria
Is work in progress. This step of the analysis provided us with three features for future
classification: entropy, symbolic repertoire and Lempel-Ziv complexity [6].
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Fig. 6: Recurrence plots with optimal e as shown in Fig.5 for EED data from

Fig.l. Here, pre-incision (top) and post-incision (bottom). Recurrence
plots were calculated for power bands computed from time-
frequency representations as in Fig.4: wavelet transform (left),
spectrogram (right) and reassigned spectrogram (right).
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Fig. 5: Distribution of entropy obtained from recurrence
plots over ¢ parameter for EED data from Fig.l.
Here, pre-incision (left) and post-incision (right).
Recurrence plots were calculated for power bands
computed from time-frequency representations as
in Fig.4: wavelet transform (top), spectrogram
(middle) and reassigned spectrogram (bottom).
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Fig.7: Same as Fig.6 but recurrence plots obtained from symbolic
sequence obtained with optimal ¢ parameter.



