Time Series Analysis

in Intensive Care Medicine

Michael Imhoff*, Marcus Bauer^†, Ursula Gather^†, Dietrich

Löhlein*

* Chirurgische Klinik, Städtische Kliniken, Beurhausstraße 40, D-44137 Dortmund, Germany

† Fachbereich Statistik, Lehrstuhl Mathematische Statistik und industrielle Anwendungen, Universität Dortmund, D-44221 Dortmund, Germany

Abstract

Objectives: Time series analysis techniques facilitate statistical analysis of variables in the course of time. Continuous monitoring of the critically ill in intensive care offers an especially wide range of applications. In an open clinical study time series analysis was applied to the monitoring of lab variables after liver surgery, and to support clinical decision making in the treatment of acute respiratory distress syndrome.

Patients and Results: For the analysis of lab variables (blood lactate) in 19 patients after liver resections ARIMA (Auto Regressive Integrated Moving Average) models were developed for an estimation period of at least 14 measurements. Prediction values from these models for the following data points were then compared to the actual lab values. With these models in all cases of hepatic complications pathological changes in the lab values could be differentiated from random variance.

This work has in part been supported by the Deutsche Forschungsgemeinschaft, Sonderforschungsbereich 475

This work has already been published in: Imhoff M., Bauer M., Gather U., Löhlein D.(1997): Time series analysis in intensive care medicine. Applied Cardiopulmonary Pathophysiology 6: 263-281

In 25 patients with ARDS the effect of therapeutic interventions on pulmonary target variables (PVR, Q_S/Q_T, AaDO_2) was estimated with interrupted ARIMA models. The time series before the therapeutic intervention was compared to changes under intervention using the same model including an intervention regressor. With all therapeutic interventions clinically relevant therapeutic effects could be statistically identified in all patients. Similarly, non-effective therapeutic maneuvers could be detected early, eventually changing therapeutic strategy.

Conclusions: Even on the basis of short time series of intensive care monitoring variables ARIMA models could be successfully employed for the analysis of lab variables and of therapeutic interventions. Nevertheless, due to high demands for manpower and to statistical methodological limitations the general use of this methodology in clinical practice apart from controlled clinical studies cannot be recommended today.

Key words

time series analysis- intervention analysis - decision support - intensive care - patient monitoring - laboratory tests

1 Introduction

1.1 Decision making in intensive care

Today most of our bedside decisions are based on subjective judgement and experience rather than on hard data and statistical analysis. Most of the time changes of a variable in time are more important than one pathological value at the time of observation.

Traditional statistical methods, such as the t-test or the analysis of variance, are aimed at the analysis of groups of measurements, i.e. groups of patients, at one or a limited number of points in time. None of these methods helps with repeated measurements in a single, individual subject. This is exactly the problem health care professionals face every day during their decision making process at the bedside.

The multitude of variables presented at the bedside precludes medical judgement. We can currently be confronted with more than 200 variables in the critically ill during a typical morning round [1], while an experienced physician may not be able to develop a systematic response to any problem involving more than seven variables [2]. Moreover, humans are limited in their ability to estimate the degree of relatedness between only two variables [3].

This problem is most pronounced in the evaluation of the measurable effect of a therapeutic intervention, where personal bias, experience, and a certain expectation of the respective intervention may distort an objective judgement [4].

Over the last two decades statistical methods have been developed that could help with these problems. Time series analysis techniques allow the assessments of single or multiple variables in the course of time. Moreover, interrupted time series can be used to evaluate the effect of interventions on a given variable of interest. Thus time series analysis techniques are statistical methods that may offer a potential for statistically analyzing physiologic measurements in the individual patient.

1.2 Time series analysis in intensive care

Methods of time series analysis in general, intervention analysis and ARIMA models in particular, first published in 1970 [5], are widely applied in psychology, psychometrics, sociology and epidemiology [6, 7, 8, 9, 10]. Conversely there have been few investigations into this methodology in the field of intensive care [11] or longitudinal physiological experiments [12]. This is surprising, as in intensive care large amounts of data are acquired, registered and stored at regular or irregular time intervals in one or multiple patients. Changes of single variables in the course of time due to pathophysiological disturbances or therapeutic interventions offer in principal a broad range of potential applications for time series analysis. Only with these statistical methods can so-called single case studies be done [13, 14].

ARIMA models appear to be very promising for intensive care time series analysis for a number of reasons:

• ARIMA modeling facilitates very flexible and differentiated model development, which should in theory well match and describe the complex underlying pathophysiology.

• ARIMA models assist forecasts with the use of confidence intervals.

• ARIMA models offer the statistical infrastructure for intervention analysis for the assessment of the clinical effect of therapeutic interventions.

Still, four major problems with the application of ARIMA models to intensive care time series can be anticipated:

• Missing observations are as frequent as variable time intervals between measurements. While regular time intervals can be accomplished by adaption of methods, missing values have to be bridged through interpolation or by the application of a Kalman-filter.

• Artifacts constitute a further, notorious problem especially with on-line measurements of vital signs, e.g. invasive blood pressure measurement or Holter ECG. Detected and identified artifacts can be handled like missing values.

• A limited number of data points can mean a serious restriction to the applicability of time series analysis in intensive care. The number of available measurements can be compromised both by the critical state of the respective patient and the thus limited time for measurement, and by methodological and organizational problems (e.g. laboratory). From a conservative point of view, more than 50 observations are needed for a reliable estimation of an ARIMA-model [15]. But more recent simulation experiments show that a number of 20 data points can be sufficient [16]. In recent years different study groups could successfully develop ARIMA-models from time series of approx. 20 observations [6, 17].

• Although the calculation of ARIMA-models with intervention (interrupted time series) is regarded more critical concerning the series length [8], intervention analysis have been successfully described for time series with less than 20 observations on each side of the intervention [18].

The current study investigates two possible applications of time series analysis techniques in intensive care medicine.

1.3 ARIMA-models

1.3.1 General

ARIMA-models are flexible and applied to a wide spectrum of time series analysis. The abbreviation ARIMA stands for Auto Regressive Integrated Moving Average [19]. The general ARIMA-model combines three processes: Autoregression (AR), differentiation in order to eliminate integration (trend) of a time series (I), and moving average (MA). All three processes are based, generally speaking, on the principle of random disturbances or shocks.

The notation of a general ARIMA-model expresses the order of each process with whole numbers. An ARIMA-(p,d,q)-model, therefore, describes a time series with a p-th order autoregressive process, a d-th order differentiation, and a q-th order moving average process.

The present discussion can only provide a general outline of this complex methodology. For a complete description of these concepts, the comprehensive monographs by Boxand Jenkins [19], and by Schlittgen and Streitberg [20] are recommended for further reading, as well as the program libraries from SPSS Inc. [23, 24, 25] for a complete description of the algorithms used in this paper.

1.3.1.1 Autoregressive (AR) Process

Definition [20]:

A stochastic process (X_t) is an autoregressive process of the order p, indicated by the notation AR(p), where

ε_t is a white noise process.

Xt α 1Xt 1– … α pXt p– εt t ℵ∈,

+ + + =

This equation formally represents a multiple regression, although, in this instance the determining variable is not an independent variable, but the historic value of X_t itself.

Conceptually, an autoregressive process is one with a “memory”, in the sense that each value is correlated with all preceding values. Following this interpretation, each value in an AR(p)-process is determined by p preceding values, where older values will have a fading effect. Low order processes, therefore, only have a “short memory”. In an AR(1) process, also written as ARIMA (1,0,0), the current value is a function of the preceding value, which is a function of the one preceding it, and so on. Thus each shock or disturbance to the system has a diminishing effect on all subsequent time periods. Low order AR-processes can be typically found to describe physiological variables.

1.3.1.2 Moving Average (MA) Process

Definition [20]:

A stochastic process (X_t) is a moving average process of the order q, indicated by the notation MA(q) or ARIMA (0,0,q), where

ε_t is a white noise process.

The difference between an autoregressive process and a moving average process is subtle but important. Each value in a moving-average series is a weighted average of the most recent random disturbances, while each value in an autoregression is a weighted average of the recent values of the series. Since these values in turn are weighted averages of the previous ones, the effect of a given disturbance in an autoregressive process dwindles as time passes. In a moving average process, a disturbance affects the system for a finite number of periods (the order of the moving average) and then abruptly ceases to affect it.

1.3.1.3 Differencing - Integration

A time series that reflects the cumulative effect of some process is called integrated. Such a time series has a trend and is instationary.

The stationarity of a series is necessary for the estimation of AR and MA processes. Therefore, time series that show a trend should be differenced, until stationarity is accomplished. In general first or second order differencing will be sufficient for series with a trend to assure stationarity.

1.3.2 Steps in Using ARIMA

The model-building procedure, described by Boxand Jenkins [19], consists of three steps: identification, estimation, and diagnosis. These steps will be repeated until the model is satisfactory. This meth-

Xt εt β1εt 1– – …– βqεt q– q ℵ∈, – =

od requires the active interaction of the investigator. Since the three steps will have to be repeated and a number of repetitive steps are involved, this approach is also known as “iterative”.

A different approach is the application of a major number of models, where the order of the models is varied over a wide range (e.g. AR processes with p = 1 - 20).

The models are then compared by a pre-defined goodness-of-fit criterion, and the best model will be selected. This so-called (semi)automatic approach requires extensive computation times especially for higher order models. For economic reasons it is, therefore, most often restricted to scientific applications.

1.3.2.1 Identification

The identification of the model is the determination of the order of the respective processes of the ARIMA model.

It is necessary to difference the time series, until stationarity is accomplished. In addition, seasonal or cyclical variation has to be eliminated through an appropriate seasonal differencing.

Then p and q will be determined. It should be noted that values for p and q between 0 and 2 are sufficient to describe natural, observed time series.

The model identification will be derived from the analysis of the autocorrelation function and the partial autocorrelation function of the respective time series (N = number of observed time points). The plot of the autocorrelation coefficient as a function of the lag τ is called the autocorrelation function (ACF) of the process.

The estimated ACF is given by

The ACF simply describes the autocorrelation between X_t and X_{t+τ} for τ ≥ 1, whereas the partial autocorrelation function is the partial correlation of X_t and X_{t+τ}, for a constant process variable X_n, with t < n < t + τ, between X_t and X_{t+τ} [20].

x_t{ } t 1 …, N

{ , } ∈, ρ_τ Corr X_t X_{t τ+}

( , ) =

ρ̂ τ 1 N ---- xt x–( ) xt τ+ x– ( ) t 1=

N ∑ 1 N ---- xt x–( )2

t 1=

N ∑ ------------------------------------------------------------

= x 1 N ---- xt

t 1=

N ∑^{=,}

For practical purpose the calculation of the PACF is performed by use of the recursive formulas introduced by Durbin [21]:

AR(p) processes have exponentially declining values of the ACF, and have precisely p spikes in the first p values of the PACF.

MA(q) processes have precisely q spikes in the first q values of the ACF, and exponentially declining values of the PACF.

For integrated processes (d > 0) the ACF declines very slowly. The processes first have to be differenced before identifying the model.

Mixed AR and MA processes have more complex ACF and PACF patterns. Identifying them often takes several cycles of identification - estimation - diagnosis. Beside the investigator’sexperience and knowledge handbooks with typical ACF and PACF plots can be helpful [25]. A selection of typical ACF and PACF plots is depicted in diagram 1.

1.3.2.2 Estimation

The next step is the estimation of the individual parameters of the identified model. The number of coefficients describing the model corresponds exactly to the order of the model. These coefficients are then calculated using adequate algorithms. The values for the modeled series, the residuals, i.e. the difference between the model and the actual series, the residual variance and the respective confidence intervals are computed by applying the final coefficients. Even for simple models the computational demands are remarkable and require adequate hardware and software resources.

A detailed description of the necessary algorithms and computational procedures can be found in the relevant literature.

1.3.2.3 Diagnosis

A number of different procedures can be employed to test whether the selected model is really a statistically sufficient description of the time series.

α̂ p 1+ j, α̂ pj α̂ p 1+ p 1+, α̂ p p j 1+–, – = j 1 … p, ,=,

α̂ p 1+ p 1+, ρ̂ p 1+ α̂ pjρ̂ p 1 j–+

j 1= p ∑^–

1 α̂ pjρ̂ j

j 1= p ∑^–

-------------------------------------------------------------- =

The diagnosis is based on the analysis of the residuals of the model. The ACF and PACF of the residual series should, especially with low order models, not be significantly different from zero.

After proper model identification and estimation residuals should constitute a white noise series. This can be tested with the Box-LjungQ-statistics, a modified Box-Pierce statistics [26], although it is considered unreliable with short time series below 50 observations. The use of Ansleyresiduals can offer a better diagnostic estimation for short time series [27]. Unfortunately, this option is currently not available in any commercial statistical software package.

The Durbin-Watson statistics can be used as an additional test for stationarity. Test values around 2 imply a lack of correlation, values close to 0 indicate a positive and values close to 4 a negative correlation [28].

ACF PACF

ARIMA (0,0,1)

ACF PACF

ARIMA (0,0,2)

ACF PACF

ARIMA (1,0,0)

ACF PACF

ARIMA (2,0,0)

ARIMA (0,1,0) [Integrated Series]

Diagram 1 Model identification: typical ACF and PACF plots for different ARIMA-Models. Details in text.

1.4 Clinical background

1.4.1 Blood lactate after liver resections

Elimination of peripheral lactate is a sensitive and reliable marker for hepatic function, as long as states of abnormally high lactate production (e.g. septic shock, intestinal ischemia) can be ruled out [29]. Recent clinical [30] and animal studies [31, 32] have demonstrated that blood lactate is a very sensitive variable for hepatic function. Moreover, serial patterns of blood lactate levels after liver resections appear to have prognostic value [33].

With very sensitive variables like blood lactate a marked variance can be observed even in healthy subjects. Major changes, however, point to the presence of a pathological process. Therefore, the problem is to differentiate between physiological variability and clinically important changes. Time series analysis may help to determine the limit, where random changes become too large to be attributed to physiological variability.

1.4.2 Acute respiratory distress syndrome

Acute respiratory distress syndrome is a serious complication after trauma or surgery. The broad range of etiological factors is contrasted by the rather uniform reaction of the lung [34, 35]:

• Pulmonary hypertension.

• Elevated intrapulmonary shunt, causing a decrease of p_aO_2, and

• Release of mediators leading to secondary organ dysfunction (kidney, liver, coagulation, cardiovascular).

A release of arachidonic acid metabolites is characteristic of the early stages of ARDS [36, 37, 38]. In the course of the disease the intrapulmonary shunt (Q_S/Q_T) increases [39], which may be accompanied by mediator and mechanical destruction induced permeability edema of the lung induced by mediators and mechanical stress [40]. This pathophysiological sequence results in a rapid increase in the alveolar-arterial oxygen difference (AaDO_2), which can be regarded as one of the most important general parameters of pulmonary function [41, 42].

All ventilatory and medical support in ARDS is only a symptomatic treatment, which may also explain the great variety of therapeutic approaches, among which two basic therapeutic principles can be distinguished:

The increase of the functional residual capacity of the lung (FRC) is to recruit alveolar space and reduce intrapulmonary shunt (“open up the lung”, [43]). This can typically be done by positive end-ex-piratory pressure (PEEP) [44] as well as by inversed-ratio ventilation (IRV) [45, 46], or a combination of both. Both techniques can induce volo- and barotrauma of the lung [47, 48]. Further side effects are a cardio-vascular depression and renal impairment, as well as compensatory volume overload [34, 35, 38, 49]. Therefore, IRV and PEEP should be limited to the shortest possible time.

Reducing elevated pulmonary vascular pressures is also an important approach to ARDS. Animal experiments have shown an advantageous effect of nifedipine on thromboxane synthesis and thrombocyte aggregation with a consecutive reduction of pulmonary vascular resistance [50, 51, 52]. Early clinical studies in patients with ARDS and COLD had corresponding results [53, 54]. Studies in polytraumatized patients with ARDS showed a decrease of PVR and an improvement of pulmonary compliance during the infusion of nifedipine [34, 35].

With either concept effectiveness in the individual patient cannot be predicted. Pronounced negative effects on pulmonary function can be induced both by high airway pressures as well as by the vasodilating potency of nifedipine. Therefore, it is of major importance to make therapeutic decisions on the basis of statistical analysis of pulmonary variables in the individual patient.

1.5 Goal of the study

The use of ARIMA models for the analysis of intensive care data and for therapy control should be evaluated under actual clinical conditions. ARIMA models were tested in two different applications.

• How time series analysis can contribute to a better and more precise description of lab variables, and eventually support the clinical evaluation of the patient, compared to the physician’sprofessional judgement alone.

• Intervention analysis was also applied as a tool for testing effectiveness of intensive care therapeutic interventions in the individual patient.

The primary goal of the present study is to evaluate the clinical applicability of time series analysis techniques to medical problems. The actual medical applications used in this study have been chosen at will from a large number of potential applications, and should serve as a vehicle to allow the use of ARIMA-models. This study is not intended to evaluate the efficacy or effectiveness of any of the therapeutic or pathophysiological principles presented in this paper.

2 Methods and materials

2.1 Patients

2.1.1 Blood lactate after liver resection

Nineteen patients (13 male, 6 female, mean age 52 years) were included in this study after liver resections of variable extent (5 right trisegmentectomies, 8 right hemihepatectomies, 1 left hemihepatectomy, 5 segmental resections).

Starting two hours after end of surgery blood lactate levels were measured in the arterial blood in addition to other standard lab variables (blood count, coagulation, blood chemistry) every 12 hours. All values were measured with automatic or semi-automatic standard methods [55].

In all patients elevated lactate levels (3.3 - 20.1 mmol/l) were rapidly eliminated during the first 24 to 36 postoperative hours. This period was excluded from model estimation.

2.1.2 Acute respiratory distress syndrome

In 25 cases (20 male, 5 female, mean age 58 years) of severe secondary ARDS after major gastrointestinal surgery an extended hemodynamic monitoring with Swan-Ganz catheter was performed.

All patients met the NHLBI criteria [56] for severe ARDS for more than 24 hours. All patients were ventilated in controlled ventilation (CMV) mode and with PEEP (PEEP = 8 -14 mbar), and received catecholamines (dopamine/dobutamine) and analgosedation with opiates and benzodiazepines.

After the onset of ARDS the following measurements were recorded every hour:

• arterial and mixed-venous blood gas analysis,

• heart rate, arterial and pulmonary arterial pressures, central venous pressure, cardiac output (thermodilution),

• ventilatory variables.

The observation time ranged from 28 to 225 hours with a mean of 61 hours. Pulmonary vascular resistance (PVR), intrapulmonary right-left shunt (Q_s/Q_t) and alveolar-arterial oxygen difference (AaDO_2) were calculated from the measured values with standard formulae.

Patients with an elevated intrapulmonary right-left shunt (Q_S/Q_T > 15%) were ventilated with inverseratio ventilation (I:E > 1,5:1, max. 4:1) and increased PEEP (PEEP > 10 mbar, max 20 mbar).

13 patients with elevated PVR (PVR > 200 dyn•sec•cm^{-5}) received a continuous infusion of nifedipine at a dosage of 5 -10 μg/kg/h (20-30 mg/die). At the end of treatment the dose of nifedipine was reduced slowly over 48 hours. 9 patients with an elevated intrapulmonary right-left shunt (Q_S/Q_T > 15%) were ventilated with inverse-ratio ventilation (I:E > 1,5:1, max. 4:1) and/or with PEEP (PEEP > 10 mbar, max 20 mbar). 3 patients with both pathologies first received the continuous nifedipine infusion and than the described change of ventilation mode after the nifedipine infusion had been stopped.

2.2 Methods

For each patient after liver resection a time series analysis was done to differentiate significant changes in blood lactate levels from random fluctuations.

For each patient in ARDS an intervention analysis was performed to access therapeutic effects.

Starting with twelfth hour of measurement in ARDS or with the seventh day after liver resection ARI- MA models were developed for the previous measurements. Where possible, 20 or more observations were used for estimation.

For model diagnosis a classical, iterative approach was preferred and only simple, low order models with AR[p] ≤ 2, MA[q] ≤ 2, I[d] ≤ 1 used.

The initial values for p, q, and d were derived from the autocorrelation function and partial autocorrelation function (ACF, PACF) of the original series, and after first order differentiation if necessary. The final parameters of the model were calculated using Marquardt’salgorithm. If more than one model appeared suitable for the series, all models were computed and the definite model selected by the goodness of fit [20].

The goodness of fit was estimated by the ACF and PACF of the residual series. In addition, the Box- Ljungstatisticswasapplied[26],althoughithasonlylimitedvaluewithshorttimeseries[57].Models were only accepted when the residual series did not surpass the 95% confidence interval of the ACF and the PACF.

The AkaikeInformation Criterion (AIC) and the Schwartz Bayesian Criterion (SBC) were also computed [58, 59]. These criteria were especially useful to choose between different models for one series.

For each coefficient the t-statistics were determined, derived from the quotient of the coefficients and the respective standard error, to test, whether the addition of the respective coefficient to the model was appropriate. Only models were selected, in which the coefficients were significant on an 0.05- level.

Finally, the root mean square error (RMS) and the Durbin-Watson statistics were computed, where test values between 1.5 and 2.5 for the Durbin-Watson statistics were accepted. The later statistics being used to detect violations of stationarity.

After liver resection patients typically show elevated blood lactate levels, which is due to the intraoperative vascular exclusion of the liver. These levels return to normal after the first 24 to 36 hours[33]. This period was excluded from model estimation. After the first week of observation the actual values for the last 24 hours were compared to the values predicted from the model for the previous measurements. In the case of a normal clinical course the new values for these 24 hours were then integrated into the model for the following 24 hours. Thus the estimation period was constantly enlarged and, therefore, the reliability of the model improved.

For the prediction period of 24 hours maximum the values predicted by the model (including the 95% confidence interval) were compared to the actual lab values. The clinical statement was reduced to the dichotomous question of whether or not the actual measurements surpassed the 95% confidence interval of the prediction period.

For patients suffering from ARDS in case of continuous compromised pulmonary function over the estimation period of the model, one of two therapeutic interventions was done depending on the actual physiological measurements.

For the period of infusion or the change of the ventilation mode, respectively, a dummy variable (“STEP”) was set from 0 to 1.

For a therapeutic period of at least 12 hours the same ARIMA model was applied as for the estimation phase. The dummy variable was integrated as an additional regressor to describe the therapeutic intervention.

The model equation for an AR(I)MA model with an integrated step function

is given by

The parameter ω represents the size of the intervention effect and has to be estimated. The addition of more step functions follows the same notation.

The analysis of the therapeutic effect was only done, when the model met the goodness-of-fit criteria mentioned above.

A significant therapeutic effect was assumed, if PVR or Q_S/Q_T were reduced by at least 20% and the t-statistics for the dummy variable showed a significance level of p < 0.05.

StT( ) 0 t T< 1 t T≥ =

Xt α 1Xt 1– … α pXt p– εt

β1εt 1– …– βqεt q– ωStT( )– p q, ℵ∈ , – – + + + =

Over the whole observation period the cross-correlation function between PVR or Q_S/Q_T respectively with AaDO_2 was calculated. The values for PVR or Q_S/Q_T at the respective lags were introduced into a linear regression analysis with AaDO_2. Only if more than 50% of the variance of AaDO_2 could be statistically explained by the changes of PVR or Q_S/Q_T respectively, a positive treatment effect on pulmonary function was accepted.

All analyses were computed with SPSS-X™ Release5andSPSS-XTRENDS™ forSunSolaris™ 2.x.

All investigations were done at a 16-bed surgical intensive care unit in a tertiary care center during routine operation.

3 Results

3.1 General Results

Simple models (p, q ≤ 2) were sufficient for a good model description in all time series. Actually, all series could be described with first or second order autoregressive models. This appears plausible, because physiological measurements will typically exhibit a strong correlation to the most recent values of the same variable.

Also for short estimation periods a model could always be developed, that met the goodness-of-fit criteria. Twelve to sixteen observations appeared to be sufficient for a reliable model estimation under the condition of a relatively small overall variance.

In most cases the models could be directly identified from the analysis of the autocorrelation and partial autocorrelation functions. In only a limited number of cases was it necessary to develop more than one model and select the final model by the goodness-of-fit criteria.

3.1.1 Liver resections

For the analysis of blood lactate values the final model could be directly diagnosed in 11 cases, whereas in 8 cases two models each had to be develop, from which the final model was then selected.

For those cases where two models had to be calculated the estimation period was significantly shorter than for those where the model could be directly derived from the ACF and PACF (19.75 vs. 27.5 observations; p < 0.02, U-test).

In 12 cases a first order AR-model was used, in 5 cases a second order AR-model, in one case each an ARIMA-(1,1,0)-model and an ARIMA-(0,0,0)-model.

The demographic data, models, parameters and variables for each patient are listed in table 1.

Three out of 19 patients died from hepatic failure in the postoperative phase.

In case of an uncomplicated course lactate levels stayed stable around 2 mmol/l (in some cases up to 4 mmol/l, a value that is considered pathologic in healthy subjects), and did never surpass the 95% confidence interval of the individual ARIMA model.

With the onset of complications, e.g. portal venous thrombosis, fulminant hepatic failure, lactate levels rose sharply and rapidly left the 95% confidence interval of the respective ARIMA model. In all fatalities lactate levels left the 95% confidence interval at least 36 hours before death. Time series analysis of lactate levels allowed a differentiation between random fluctuations and clinically relevant changes.

Table 1 Liver resections. Demographic data, models, parameters, and diagnostic effect. Details in text. (Sheet 1 of 3)

IDAgeSexDiagnosis

SurgeryComplication

Outcome

Estimation period aPrediction period aCalc models bFinal Model AR1 p <AR2 p <const.

p <Deviation from Model cTimebefore death a154mMetastasis, colo-rectal right hemihep.

nosurvi ve3-2829-33

1(2,0,0)

1.4333

.001-.6661

.0011.3513

.001non/a2d66mHCC trisegmentect.

portal thromb died3-2627-34

1(1,0,0)

.7442

.0011.3757

.001yes730fFNH resect.

segment IV ve3-1112-13

2(0,0,0)

.8000

.001non/a450mMetastasis, ve4-1617-18

1(1,1,0)

-.6844

.01-.2819

.1non/a529fMetastasis, ve3-2829-32

.6160

.0011.2280

.001non/a658mCholangiolar

Carcinoma liverfailure died3-1516-17

2(1,0,0)

.5654

.0014.6233

.001yes2

7d64mHCC right hemihep.

nosurvi ve3-2526-33

2(1,0,0)

.6314

.0011.1922

.001non/a859mCholangiolar

Carcinoma resect.

segment IV liverfailure died3-2425-29

1(1,0,0)

.6059

.012.1453

.001yes4958mMetastasis, colo-rectal ve3-2324-26

.3365

.051.0179

.001non/a1032wCholangiolar trisegmentect.

.7877

.001.8718

.001non/a1148mMetastasis, ve3-1819-20

.5474

.051.8332

.001non/a1243mMetastasis, ve3-2424-28

2(2,0,0)

1.0213

.001-.5664

.011.8732

.001non/a1364mMetastasis, ve3-2728-30

1(2,0,0)

1.0459

.001-.6091

.011.4738

.001non/a1450mHCC,

Cirrhosis lefthemihep.

ve2-2526-28

1.2712

.001-.6909

.0011.7355

.001non/a1546mMetastasis, ve2-3637-40

.6389

.0011.6887

.001yes31665fMetastasis, ve3-3334-37

.6824

.0012.0795

.001non/a

Table 1 Liver resections. Demographic data, models, parameters, and diagnostic effect. Details in text. (Sheet 2 of 3)

IDAgeSexDiagnosis

SurgeryComplication

Outcome

Estimation period aPrediction period aCalc models bFinal Model AR1 p <AR2 p <const.

p <Deviation from Model cTimebefore death a

3.1.2 Acute respiratory distress syndrome

In 16 patients with nifedipine therapy for 10 patients the model for PVR could be directly identified. In the other 6 cases the final model had to be selected from up to three initial models. In 5 out of 12 interventions with IRV (including 3 patients after nifedipine therapy) more than one model had to be developed to find the final estimate.

Thus in a total 28 therapeutic intervention analyses 11 cases required the comparative calculation of more than one model. Also these 11 cases had a shorter estimation period (19.6 vs 24.8 observations), although this difference is not significant (p < 0.1, U-test).

The majority of time series (22 cases) could be described with first order AR-models. One case required a second order AR-model, and in five cases a linear model was used.

The therapeutic effect could always be assessed after 12 to 24 hours. In most of those cases that showed a significant effect of the dummy variable on the time series of PVR or Q_S/Q_T a significant decrease of AaDO_2 could also be observed after a time lag of 1 to 48 hours. Moreover, between 50% and 96% percent of the overall variance of AaDO_2 could be explained by the lagged values of PVR or Q_S/Q_T, derived from the cross-correlation function. These observations were also well reflected in the clinical course.

1763mMetastasis, colo-rectal right hemihep.

nosurvi ve3-2021-24

2(1,0,0)

.3099

.055.6824

.001non/a1855fMetastasis, breast cancer multiple segments ve3-1920-22

2(2,0,0)

1.1563

0.001

-.7380

.0012.9789 non/a1964fMetastasis, multiple se gments ve3-3738-41

1(1,0,0)

.6814

1.9634 non/a a) Number of measurements postop (= number of 12 hour intervals) b) Number of different calculated models selected for diagnosis c) Deviation of actual measurement from predicted 95% confidence interval d) Detailed description of this case in “Casuistics”

Table 1 Liver resections. Demographic data, models, parameters, and diagnostic effect. Details in text. (Sheet 3 of 3)

IDAgeSexDiagnosis

SurgeryComplication

Outcome

Estimation period aPrediction period aCalc models bFinal Model AR1 p <AR2 p <const.

p <Deviation from Model cTimebefore death a

In those cases where no significant therapeutic effect could be detected the therapeutic intervention was reduced to initial values. A number of patients received an alternate therapy (e.g. IRV/PEEP after futile nifedipine treatment). This new intervention was than controlled by time series analysis again.

Intervention analysis supported a more differentiated approach to therapeutic selection. It helped to limit aggressive therapy to short time periods and to decide, whether a therapeutic intervention resulted in a detectable effect.

Ten of sixteen patients showed a significant drop in PVR in the time series model. In the other 6 cases the therapeutic intervention (i.e. nifedipine) was, according to the statistical analysis, phased out. From these, 3 patients were subjected to IRV in the later course.

These 3 (patients 2, 9, and 11) and another 9 patients were treated with IRV and PEEP. Again in 8 subjects a instantaneous effect on Q_S/Q_T could be observed. Two patients (patients 18 and 25) showed no significant changes and were consequently returned to the initial ventilation pattern. In two other patients (patients 19 and 24) the initial significant improvement displayed in the intervention analysis could not be maintained in the later course. All four patients were then placed in prone position.

Fourteen of twenty-five patients deceased. In 13 cases the cause of death was an irreversible multi organ failure. One patient suffered from an acute myocardial infarction during weaning, which could not be seen as a direct consequence of ARDS.

With the exception of the latter case all patients displayed a good correlation between the clinical results and the findings of time series analysis.

The demographic data, models, parameters and variables for each patient are listed in tables 2 and 3.

Table 2 ARDS. Treatment with nifedipine. Demographic data, models, parameters, interventions. Details in text. (Sheet 1 of 3)

IDAgeSexDiagnosis

Outcome

Estim period aIntv period 1 aSeries length

Calc model bFinal model AR1 p <STEP1 p <init PVR cPVR step d,einit AaDO

2AaDO

2 stepd,eLagar2Scd Ther f169mEsophageal

Carcinoma survi ve32321291(1,0,0)

.97.001-159.47

.001249.49

159.84

231.25

219.93

44.27no265mEsophageal ve16161271(1,0,0)

.72.001-32.57

.1185.32

195.25

149.42

156.97

28.40yes363mEsophageal died1616473(1,0,0)

.91.001-15.19 n.s.167.23

164.57

227.24

259.36

9.03no

4g73fHepatic

Tumor survi ve1616423(1,0,0)

.62.001-77.15

.001252.50

128.58

287.00

161.50

8.81no59mGI-Bleeding died1818652(1,0,0)

.52.001-73.59

.001643.44

533.32

262.55

160.90

1.42no64mPeritonitis ve24241191(0,0,0)

-116.23

.001267.05

143.94

266.96

154.04

44.55no759mPeritonitis died1817351(1,0,0)

.97.001-9.07 n.s.147.97

177.79

210.03

200.96

4.21no858mEsophageal

Carcinoma died1414362(1,0,0)

.99.001-69.10

.05348.70

256.33

109.08

149.47

2.43no9g58fAbdom.

gunshot died1212871(0,0,0)

.59.72

.002250.00

333.39

377.00

360.00

.01yes1067mGI-Bleeding ve32321171(1,0,0)

.99.001-163.48

.001236.92

159.15

232.27

208.07

57.59no1165mPeritonitis died16161431(1,0,0)

.53.002-15.15 n.s.188.08

194.09

206.20

215.84

26.18yes1263mEsophageal died1616543(1,0,0)

.47.006-21.09 n.s.163.37

147.78

298.55

326.21

4.06no1369mGastric died1616452(1,0,0)

.40.02-78.47

.001205.36

126.93

374.89

219.46

8.69no1457mHepatic ve1818701(0,0,0)

-88.01

.001637.38

526.97

352.03

212.29

3.29no

Table 2 ARDS. Treatment with nifedipine. Demographic data, models, parameters, interventions. Details in text. (Sheet 2 of 3)

IDAgeSexDiagnosis

Outcome

Estim period aIntv period 1 aSeries length

Calc model bFinal model AR1 p <STEP1 p <init PVR cPVR step d,einit AaDO

2AaDO

2 stepd,eLagar2Scd Ther f

1564mPeritonitis survi ve24241071(0,0,0)

-109.26

.001267.40

144.62

345.98

207.12

47.62no1659mEsophageal

Carcinoma died1818401(1,0,0)

.26n.s.h18.47

.05150.81

177.32

293.59

262.10

10.28no a) Estimation period, intervention period and lag period in hours b) Number of different calculated models selected for diagnosis c) Mean value during estimation period d) Mean value during intervention period e) Underlined values denote significant changes of the parameter f) Secondary therapy after nifedipine treatment. For secondary therapy see same patients in table 3.

g) Detailed description of this case in “Casuistics” h) Model selected, because parameters were significant (p < 0.05) for estimation period

Table 3 ARDS. Treatment with PEEP and IRV. Demographic data, models, parameters, interventions. Details in text. (Sheet 1 of 2)

IDAgeSexDiagnosis

Outcome

Intv 1 aIntv 2 aEstim per bIntv per1 bIntv per2 bSeries length bCalc model cFinal model AR1 p <AR2 p <STEP1 p <STEP2 p <initQs/Qt stepe,finit AaDO

2dAaDO

2 stepe,fLagbr21754mGI-Bleeding vePEEP

IRV17917641(2,0,0)

-.1255 n.s.g.0776 n.s.g-7.9.001-10.3

.00138.216.26021770.881853mPeritonitis diedPEEP+IR

V2929811(1,0,0)

.3052

.05-2.8n.s29.528.74894750.451959mEsophageal vePEEP+IR

V2020832(1,0,0)

.3038

.05-8.6.00120.910.92211311.562060fPeritonitis diedPEEP

IRV25325561(0,0,0)

-10.1

.001-15.5

.00135.39.8383960.94

Table 2 ARDS. Treatment with nifedipine. Demographic data, models, parameters, interventions. Details in text. (Sheet 3 of 3)

Estim period aIntv period 1 aSeries length

Calc model bFinal model p <init PVR cPVR step d,einit AaDO

2AaDO

2 stepd,eLagar2Scd Ther f

2159fPeritonitis diedPEEP

2020574(1,0,0)

.0450 n.s.g-17.8

.00132.913.83511200.812259mEsophageal

Carcinoma survi vePEEP

2828571(1,0,0)

.1242 n.s.g-12.1

.00128.115.83471600.692352fPeritonitis diedPEEP+IR

V3333731(1,0,0)

-.1161 n.s.g-17.1

.00126.08.65801080.772430mAbdom.

gunshot

IRV422330951(1,0,0)

.6713

.001-3.80

.001-5.9.00122.611.83101590.862531mPeritonitis vePEEP+IR

V3730671(1,0,0)

.6209

.001+9.7.00121.931.53004620.90265mEsophageal Carcinoma

2020422(1,0,0)

.0350 n.s.g-18.7

.00130.812.03721320.889h58fAbdom.

diedIRVPEEP

3618301292(1,0,0)

.7582

.001-9.2.001-5.1.00125.47.903901260.681165mPeritonitis

V2422462(1,0,0)

.2080 n.s.h-14.6

.00126.711.86012760.94

a) First and second ventilatory intervention b) Estimation period, intervention periods (first and second intervention), total series length and lag period in hours c) Number of different calculated models selected for diagnosis d) Mean value during estimation period e) Mean value during intervention period (one or two interventions) f) Underlined values denote significant changes of the parameter g) Model selected, because parameters were significant (p < 0.05) for estimation period h) Detailed description of this case in “Casuistics”

Table 3 ARDS. Treatment with PEEP and IRV. Demographic data, models, parameters, interventions. Details in text. (Sheet 2 of 2)

IDAgeSexDiagnosis

Outcome

Intv 1 aIntv 2 aEstim per bIntv per1 bIntv per2 bSeries length bCalc model cFinal model AR1 p <AR2 p <STEP1 p <STEP2 p <initQs/Qt stepe,finit AaDO

2dAaDO

2 stepe,fLagbr2

3.2 Casuistics

The following casuistics exemplify the practical application of ARIMA-models to clinical problems. Two cases after liver resections and two cases of ARDS are chosen to show in detail the process of development of the time series model, its diagnosis, and finally the clinical relevance of these findings.

3.2.1 Liver resection

3.2.1.1 Patient 7: K.A., 64 years, male This patient underwent a right hemihepatectomy for a hepatocellulary cancer. The postoperative course was without complication and the patient was discharged from hospital on the 17th day after surgery.

For the estimation period from 36 to 300 hours postop a first order AR model could be developed from the analysis of the ACF and PACF. The final parameters with the corresponding t-statistics were: AR1 = 0.63 S.E. = 0.14 t = 4.42 p < 0.001 const. = 1.19 S.E. = 0.14 t = 8.63 p < 0.001 The residual series never left the 95% confidence interval of the ACF and PACF. The Box-Ljungsta-tistics showed no significant deviations. Goodness-of-fit criteria:

AIC = 14.8 SBC = 17.2 root mean square error = 0.31 Durbin-Watson = 1.92 The actual lactate values did not surpass the predicted 95% confidence interval of the ARIMA model for the time from the 312th hours postop until discharge (diag. 2).

3.2.1.2 Patient 2: J.K., 66 years, male In this patient a right trisegmentectomy was done for a hepatocellulary carcinoma. A portal venous thrombosis occurred 312 hour postop. The patient died on the 17th day after surgery. The estimation period from 24 to 312 hours postop a first-order AR-model could be developed from the ACF and PACF:

AR1 = 0.74 S.E. = 0.14 t = 5.33 p < 0.001 const. = 1.38 S.E. = 0.18 t = 7.77 p < 0.001

Again, the residual series never left the 95% confidence interval of the ACF and PACF. The Box- Ljung statistics showed no significant deviations. Goodness-of-fit criteria:

AIC =5.4 SBC = 7.8 root mean square error = 0.25 Durbin-Watson = 1.70

Starting at 324 hours postop lactate values deviated from the predicted model, immediately left the 95% confidence interval, and showed a steady increase until death of the patient (diag. 3).

3.2.2 Acute respiratory distress syndrome

3.2.2.1 Patient 4: A.P., 73 years, female

This patient was treated for a hepatocellulary carcinoma with a right hemihepatectomy. An ARDS of unclear etiology developed immediately after surgery. During the first 16 hours the patient had a pulmonary hypertension with a mean PVR of 250 dyn·sec·cm^{-5}. The initial AaDO_2 with a mean of 287

Diagram 2 Patient K.A., 64 years, male. Hepatocellulary carcinoma. Right hemihepatectomy. Postoperative time series of lactate levels and ARIMA (1,0,0) model. Details in text.

Estimation period

24 mmHg reflected seriously damaged pulmonary function. For this initial period three different ARI- MA models were diagnosed from the ACF and PACF. The goodness-of-fit criteria identified a first order AR-model as the final model:

AR1 = 0.40 S.E. = 0.24 t = 1.65 p < 0.15 const. = 201.79 S.E. = 7.33 t = 27.55 p < 0.001

The residual series met the goodness-of-fit criteria: AIC = 140.7 SBC = 142.3 root mean square error = 17.3 Durbin-Watson = 1.71

At the 17th hour a continuous nifedipine infusion was started at a rate of 0.8 mg/h. For the period of infusion the intervention regressor “STEP” was set from 0 to 1.

For the following 16 hours the same ARIMA model was applied to the series with “STEP” as an additional regressor (diag 4). The analysis showed a significant decrease of PVR by approx. one third during nifedipine treatment:

AR1 = 0.62 S.E. = 0.14 t = 4.54 p < 0.001 const. = 197.81 S.E. = 8.45 t = 23.42 p < 0.001

Diagram 3 Patient J.K., 66 years, male. Hepatocellulary carcinoma. Right trisegmentectomy. Postoperative time series of lactate levels and ARIMA (1,0,0) model. Details in text.

Estimation period

25

STEP = -77.15 S.E. = 10.69 t = -7.21 p < 0.001

The residual series did not violate the goodness-of-fit criteria. Neither the ACF and PACF nor the Box-Ljung statistics showed significant deviations.

Goodness-of-fit criteria:

AIC = 266.1 SBC = 270.5 root mean square error = 14.0 Durbin-Watson = 1.73

The cross-correlation function showed a maximum at lag 8. The linear regression between PVR at lag8 and AaDO_2 revealed a significant correlation (r^2 = 0.81; diag 5).

3.2.2.2 Patient 9: G.H., 58 years, female

This patient was shot in the thoracic and abdominal cavities at the site of a robbery. A central hepatic laceration led to a severe hemorrhagic shock. During emergency surgery the patient developed a severe ARDS. During the first estimation period of 12 hours both PVR and AaDO_2 were significantly

Diagram 4 Patient A.P., 73 years, female. ARDS of cryptogenic origin after right hemihepatectomy. Pulmonary hypertension. Therapeutic intervention (nifedipine-infu-sion). PVR and ARIMA (1,0,0) model with 95% confidence interval. Details in text.

Nifedipine-Infusion

26 elevated to a mean of 250 dyn·sec·cm^{-5} and 377 mmHg respectively. For this period a linear model could be identified:

const. = 249.73 S.E. = 6.97 t = 35.82 p < 0.001

Goodness-of-fit criteria:

AIC = 111.5 SBC = 112.0 root mean square error = 23.1 Durbin-Watson = 2.01

From the 13th hour on nifedipine was continuously infused at a rate of 1.2 mg/h. For the period of infusion the intervention regressor “STEP” was set from 0 to 1. For the following 16 hours the same ARIMA model was applied to the series with “STEP” as an additional regressor (diag. 6). The time series analysis revealed no significant reduction of PVR but did reveal a slight but significant increase:

const. = 249.73 S.E. = 9.42 t = 26.49 p < 0.001 STEP = 59.72 S.E. = 13.34 t = 4.45 p < 0.002

Goodness-of-fit criteria:

Diagram 5 Patient A.P., 73 years, female. PVR, AaDO_2 and predicted values for AaDO_2 based on a linear correlation between PVR at lag 8 and AaDO_2. Details in text.

Nifedipine-Infusion

27

AIC = 237.5 SBC = 239.8 root mean square error = 31.3 Durbin-Watson = 1.17

Thus the intervention analysis suggested a phase out of the nifedipine infusion was in order. Later it was determined, that the patient had a long history of fixed pulmonary hypertension. Still, no satisfactory explanation for the paradoxical increase of PVR under nifedipine infusion could be found.

During the following hours no improvement occurred and Q_S/Q_T remained high (between 25% and 30%) Thus IRV was applied.

For the 36 hours prior to the change of ventilation mode a first order autoregressive model was developed from the ACF and PACF for the series of Q_S/Q_T: AR1 = 0.65 S.E. = 0.12 t = 5.32 p < 0.001 const. = 25.08 S.E. = 1.03 t = 24.30 p < 0.001

Goodness-of-fit criteria:

AIC = 168.4 SBC = 171.6 root mean square error = 2.3

Diagram 6 Patient G.H., 58 years, female. Thoracic and abdominal gunshot. ARDS. Therapeutic intervention 1 (nifedipine-infusion). PVR and ARIMA (0,0,0) model with 95% confidence interval. Details in text.

Nifedipine-Infusion

28

Durbin-Watson = 1.99

Neither the ACF and PACF nor the Box-Ljungstatistics showed significant deviations of the residual series.

The effect of this therapeutic intervention was analyzed for the period from hour 37 to 54. The inversion of I:E-ratio was assigned the intervention regressor “STEP1”.

A significant decrease of Q_S/Q_T was detected, where the model met the goodness-of-fit criteria (diag. 7):

AR1 = 0.73 S.E. = 0.08 t = 8.81 p < 0.001 const. = 24.19 S.E. = 1.14 t = 21.25 p < 0.001 STEP1 = -8.20 S.E. = 1.63 t = -5.03 p < 0.001

Goodness-of-fit criteria:

AIC = 236.7 SBC = 242.7 root mean square error = 2.1 Durbin-Watson = 1.99

Diagram 7 Patient G.H. 58 years, female. Thoracic and abdominal gunshot. ARDS. Therapeutic intervention 2 (IRV). Q_s/Q_t and ARIMA (1,0,0) model with 95% confidence interval. Details in text.

IRV

29

As the intrapulmonary right-left shunt was still elevated, PEEP was increased from 14 to 20 mbar as a second therapeutic intervention. This intervention was assigned the intervention regressor “STEP2”. For a total of 87 hours the same first order autoregressive model was applied with the two intervention regressors (STEP1 = 1 from hour 37, STEP2 = 1 from hour 55). Both regressors had a significant effect, and reduction of Q_s/Q_t by more than half could be observed (diag. 8):

AR1 = 0.76 S.E. = 0.06 t = 12.43 p < 0.001 const. = 23.59 S.E. = 1.12 t = 20.99 p < 0.001 STEP1 = -9.20 S.E. = 1.46 t = -6.31 p < 0.001 STEP2 = -5.05 S.E. = 1.49 t = -3.40 p < 0.001

Goodness-of-fit criteria: AIC = 363.7 SBC = 373.6 root mean square error = 1.9 Durbin-Watson = 2.04

The residual series did not violate the goodness-of-fit criteria. Neither the ACF and PACF nor did the Box-Ljung statistics show significant deviations.

Diagram 8 Patient G.H. 58 years, female. Thoracic and abdominal gunshot. ARDS. Therapeutic intervention 3 (IRV + PEEP increase). Q_s/Q_t and ARIMA (1,0,0) model with 95% confidence interval. Details in text.

IRV IRV + PEEP

30

The cross-correlation function showed a maximum at lag 0. The linear regression between Q_s/Q_t at lag 0 and AaDO_2 revealed a significant correlation (r^2 = 0.68; diag. 9).

In both situations with ARDS intervention analysis helped choose the appropriate of two different therapeutic modalities. The decision could be based on significant statistics for each individual patient. The results of time series analysis related well to the clinical course.

4 Discussion

In this study intervention analysis could be successfully applied to all cases. Also from short time series with 20 or less observations significant and interpretable models could be developed, if the analysis was restricted to simple, low order models. This assertion is supported by other recent studies on short time series [6, 17]. Thus time series analysis for short series with approximately 20 data points, as described byZinkgrafandWilson[16],appearstobeavaluablemethodforstudiesinintensivecare medicine.

A combination of an iterative, or classical [19] and a so-called semi-automatic approach comparing different models for one series [20] yields advantageous results especially for short time series.

Diagram 9 Patient G.H. 58 years, female. Thoracic and abdominal gunshot. ARDS. Q_S/Q_T, AaDO_2 and predicted values for AaDO_2 based on a linear correlation between Q_S/Q_T at lag 8 and AaDO_2. Details in text.

IRV IRV + PEEP

31

Short series and missing values present an important problem to the application of time series analysis in intensive care medicine. Series with 12 to 16 observations appear sufficient for a successful model estimation if the series has a moderate variance [11]. Such short series should not have missing values.

Missing values in series of more than 20 data points should be no obstacle for a reliable model estimation. In these series missing values can be eliminated through linear interpolation or a Kalman filter.

In the majority of cases in this study where estimation periods of less than 20 observations were obtained more than one model had to be developed, and that the final model could then be found by the comparison of these different models. Although this approach proved to be clinically useful, it shows a general limitation of ARIMA-models with very short time series.

The limitation to dichotomous questions, e.g. whether or not an observation lies within the confidence interval of a time series model, can produce clinically significant statements even with short series.

Reliable intervention analysis with about 20 data point prior to and after the intervention were done in several earlier studies [18]. Moreover, it has become obvious that symmetrical distribution of observations on both sides of the intervention is not required [60, 61]. Both results are of major importance for the application of interrupted time series analysis to intensive care problems.

The individual model identification and individual statistical evaluation of a single patient constitutes an important and successful methodology in intensive care monitoring. Gordon [13] showed positive results from the application of a multi-state Kalman filter to follow-up after kidney transplantation. Moreover, several other authors propose so-called single-case studies with the help of time series analysis [14, 62]. With these methods therapeutic effects can be reliably detected in a intra-individual cross-over, so that the course of the individual patient can be statistically analyzed [63, 64].

In socio-economics intervention analysis techniques have seen a broad recognition. With these methods the effect of a single event on a target variable can be easily and reliably estimated [8, 18, 60, 61].

In the assessment of changes in time of lab variables time series analyses can help to differentiate between random fluctuations and clinically relevant, pathological changes with high precision. As shown in this study, changes can be quickly and reliably detected with further diagnostic and therapeutic measures initiated at an early stage. Other work groups have succeeded in the application of this statistical approach to the lab monitoring of the chronically ill [65].

In the field of intensive care monitoring intervention analysis helps to detect and evaluate the effects of therapeutic interventions in the individual patient. Our study shows, that the effects of therapeutic measures in ARDS can be precisely analyzed. For the individual patient statistically relevant conclusions can be derived. This offers the opportunity to decide whether a specific therapy should be continued.

Therefore, time series analysis supports a differentiated statistical approach to intensive care monitoring and to the clinical assessment of the effectiveness of therapeutic interventions.

32

Despite the great potential value time series analysis methods in general and ARIMA models in particular may exhibit in intensive care medicine, a number of serious practical problems became obvious in our investigation:

• Due to the interactive model development a profound personal understanding of the statistical methodology is indispensable.

• The determination of the correct span of the confidence intervals still needs clinical validation.

• ARIMA models are relatively vulnerable to violations of model assumptions (stationarity, normal distribution of the disturbances), which cannot be ruled out in intensive care databases. ARIMA models are especially sensitive to the presence of outliers. The application of robust methods seems to be necessary for further research.

• The models used in this study represent univariate analyses. More complex relationships in the course of time can only to a limited extent, if at all, be described.

Therefore, the development of medical time series analysis should aim at the analysis of complex relationships and at an improvement of robustness of the statistical models. Moreover, it is desirable that methods that offer an automatic model diagnosis and estimation for use in clinical routine at the bedside will be developed.

5 Speculations

Time series analysis techniques hold a great potential for clinical applications.

In the research field they allow to quantify and test changes in time in the individual subject, which can help e.g. in phase 1 and 2 pharmacological studies. Currently univariate single case studies with and without intervention are feasible. Future developments are directed at algorithms for multiversity time series analysis.

In clinical practice time series analysis support a more analytical and reproducible approach toward the evaluation of pathological changes and therapeutic effects in the individual patient. Present research aims at the development of automatic methods for time series analysis, that would allow an instantaneous statistical analysis at the bedside. This would offer an option to the health care professional for a more reliable evaluation of the individual treatment.

Some time series analysis methods, e.g. the Kalman-filter, could also be used for on-line analysis of physiologic monitoring data. The generation of time series models including confidence intervals could dramatically enhance trend analysis, not only could the slope of a trend be calculated but also outliers, which could represent clinically significant changes. Moreover, in the long run these techniques could be employed to generate smart alarms, that may be more reliable and less error prone than currently used simple limit alarms.

33

Therefore, it appears that it may be rewarding to invest further efforts into the development of medical time series analysis techniques.

6 References

1. Morris A, Gardner R. Computer applications. In: Hall J, Schmidt G, Wood L, editors. Principles of Critical Care. New York: McGraw-Hill Book Company, 1992: 500-14 2. Miller G. The magical number seven, plus of minus two: Some limits to our capacity for processing information. Psychol Rev 1956; 63: 81-97.

3. Jennings D, Amabile T, Ross L. Informal covariation assessments: Data-based versus theory-ba-sed judgements. In: Kahnemann D, Slovic P, Tversky A, editors. Judgement under uncertainty: Heuristics and biases. Cambridge: Cambridge University Press, 1982: 211-230.

4. Guyatt G, Drummund M, Feeny D, Tugwell P, Stoddart G, Haynes R, Bennett K, LaBelle R.

Guidelines for the clinical and economic evaluation of health care technologies. Soc Sci Med 1986; 22: 393-408.

5. Box GEP, Jenkins GM. Time series analysis, forecasting and control. Third edition. Englewood Cliffs: Prentice Hall, 1994.

6. Berman JJ, Meyer J, Coats G: Effects of program characteristics on treatment outcome: an interrupted time-series analysis. J Stud Alcohol 1984; 45: 405-10.

7. Box GEP, Tiao GC. Intervention analysis with applications to economic and environmental problems. J Am Stat Assoc 1979; 70: 70-9 8. Helfenstein U. Zeitreihenanalyse eines Praeventionseffektes am Beispiel des Unfallgeschehens in Zürich vor und nach Tempo 50. Soz Präventivmed 1987; 32: 305-9.

9. Touloumi G, Pocock SJ, Katsouyanni K, Trichopoulos D. Short-term effects of air pollution on daily mortality in Athens: a time-series analysis. Int J Epidemiol 1994; 23: 957-67.

10. Wagenaar AC, Langley JD. Alcohol licensing system changes and alcohol consumption: introduction of wine into New Zealand grocery stores. Addiction 1995; 90: 773-783.

11. Imhoff M, Lehner J, Löhlein D. Time series analysis in the postoperative follow-up after liver resections. 10th International Meeting on Clinical Biostatistics. The International Society for Clinical Biostatistics. 1989 Sep 11-14; Maastricht.

12. Lambert CR, Raymenants E, Pepine CJ. Time-series analysis of long-term ambulatory myocardial ischemia: effects of beta-adrenergic and calcium channel blockade. Am Heart J 1995; 129: 677-84.

13. Gordon K. The multi-state Kalman Filter in medical monitoring. Comput Methods Programs Biomed 1986; 23: 147-154.

14. Smith AFM, West M. Monitoring renal transplants: an application of the multi-process Kalman filter. Biometrics 1983; 39: 867-78.

15. McCleary R, Hay RA. Applied time series analysis for the social sciences. Beverly Hills: Sage, 1980

34

16. Zinkgraf SA, Wilson VL. The cost of misidentification of stationary time-series models. International Time-Series Conference, Houston. Houston, Texas: Proceedings from the International Time-Series Conference, 1980.

17. Thurmond MC, Lapuz GR, Farver TB, Mandac GC. Retrospective study of four years of carcass condemnation rates for malignant lymphoma in California cows. Am J Vet Res 1985; 46: 1387- 91. 18. Cooney JB, Clarke J, Morris GL. Analysis of the physiological stress profile: the interrupted time-series design. Biofeedback Self Regul 1986; 11: 231-45.

19. Box GEP, Jenkins GM, Reinsel GC. Time series analysis, forecasting and control. Third edition.

Englewood Cliffs: Prentice Hall, 1994 20. Schlittgen R, Streitberg BHJ. Zeitreihenanalyse. München: R. Oldenbourg, 1994 21. Durbin J. The fitting of time-series models, Rev Internat Statist Inst 1960; 28: 233-244. 22. Box GEP, Jenkins GM, Reinsel GC. T 23. SPSS Inc. SPSS Inc. Report: SPSS Statistical Algorithms, 2nd revised edition. Chicago: SPSS Inc., 1986.

24. SPSS Inc. SPSS Inc. Report: SPSS TRENDS Statistical Algorithms. Chicago: SPSS Inc., in print.

25. SPSS Inc. SPSS-X Trends. Chicago: SPSS Inc., 1988.

26. Ljung GM, Box GEP. The likelihood function of stationary autoregressive-moving average models. Biometrika 1979; 66: 265-270.

27. Ansley CF. An algorithm for the exact likelihood of a mixed autoregressive-moving average process. Biometrika 1979; 66: 59-65.

28. Kendall MG. Time Series. London: Griffin, 1973 29. Bihari D, Gimson AE, Waterson M, Williams R. Tissue hypoxia during fulminant hepatic failure. Crit Care Med 1985; 13: 1034-9 (1985).

30. Persson H, Karlberg I, Svensson K, Stenqvist O, Lundholm K, Andersson C, Frisk B, Hedman L, Brynger H, Schersten T. Rapid indication of allograft function in liver transplantation. Transplant Proc 1987; 19: 3545-48.

31. Boettcher W, Hottenrott C, Foerster H. Biochemische Parameter der Leberischämie im Tierexperiment. Res Exp Med (Berl) 1984; 184: 145-50.

32. Rohnert C, Weber K, Schuster R, Lauschke G, Hacker R. Die Reaktion des Gesamtorganismus auf eine auxiliäre Lebertransplantation. Z Exp Chir Transplant Künstliche Organe 1983; 16: 74- 85. 33. Imhoff M, Lehner J, Löhlein D. Die Wertigkeit des Serumlactatspiegels in Korrelation zu anderen Laborparametern bei der Verlaufsbeobachtung nach Leberresektionen. 1989; Chir. Forum 1989 f. experim. u. klinische Forschung: 127-131.

34. Hoffmann P, Imhoff M, Gahr R. Behandlungsmoeglichkeiten des akuten Lungenversagens mit Nifedipin. Perfusion 1988; 1: 47-8.

35. Hoffmann P, Imhoff M, Gahr R. Therapy of acute respiratory distress syndrome with nifedipine.

Prog clin biolog Res 1989; 308: 1087-90.

35

36. Cox JW, Andreadis NA, Bone RC, Maunder RJ, Pullen RH, Ursprung JJ, Vassar MJ. Pulmonary extraction and pharmacokinetics of prostaglandin E1 during continuous intravenous infusion in patients with adult respiratory distress syndrome. Am Rev Respir Dis 1988; 137: 5-12.

37. Demling RH. Role of prostaglandins in acute pulmonary microvascular injury. Ann N Y Acad Sci 1982; 384: 517-34.

38. Voelkel NF. Pathophysiologie des respiratorischen Versagens. Regulation des Gefaesstonus und der Permeabilitaet des pulmonalen Endothels. Atemw Lungenkrkh 1988; 14: 511-4.

39. Brigham KL. Mechanisms of lung injury. Clin chest Med 1982; 3: 9-24 40. Permutt S. The role of pulmonary arterial pressure in experimentally induced acute lung injury.

In: Zapol WM, Falke KJ. Acute respiratory failure. Lung biology in health and disease. Vol. 24. New York: Marcel Dekker, 1985.

41. Ashbaugh DG, Petty TL, Bigelow DB, Harris TM. Continuous positive-pressure breathing (CPPB) in adult respiratory distress syndrome. J Thorac Cardiovasc Surg 1969; 57: 31-8.

42. Morr H, Lawin P. Störungen der äußeren Atmung. In: Lawin P, editor. Praxis der Intensivbehandlung. Stuttgart: Georg Thieme Verlag, 1994: 576-86.

43. Lachmann B: Open up the lung and keep the lung open [edorial]. Intensive Care Med 1992; 18:

319-21.

44. Grenvik A. Optimal PEEP. Acta anaesth scand 1978; 70 Suppl: 165-71. 45. Baum M, Benzer H, Mutz N, Pauser G, Tonczar U. Inversed ratio ventilation. Die Rolle des Atemzeitverhaeltnisses in der Beatmung beim ARDS. Anaesthesist 1980; 29: 592-6 46. Osswald PM, Hartung HJ, Klose R, Spier R. Die Wirkung von verlaengerter Inspirationszeit und PEEP auf Compliance und den Gasaustausch bei der mechanischen Ventilation. Anaesthesist 1981; 30: 71-6.

47. Kumar A, Pontoppidan H, Falke KJ, Wilson RS, Laver B. Pulmonary barotrauma during mechanical ventilation. Crit Care Med 1973; 1: 181-6.

48. McLoud TC, Barash PG, Ravin CE, Mandel SO. Elevation of pulmonary artery pressure as a sign of pulmonary barotrauma (Pneumothorax). Crit Care Med 1978; 6: 81-4.

49. Qvist J, Pontoppidan H, Wilson RS, Lowenstein E, Laver MB. Hemodynamic responses to mechanical ventilation with PEEP: the effect of hypervolemia. Anesthesiology 1975; 42: 45-55.

50. Davi G, Novo S, Fiore M, Fodera A, Mattina A, Mazzola A, Strano A: Effects by nifedipine on thromboxane synthesis in vitro and in vivo. Thrombosis Research 1982; 28: 837-42.

51. Han P, Boatwright C, Ardlie N G. Effect of the calcium-entry blokking agent nifedipine on activation of human platelets and comparison with verapamil. Thromb Haemostas (Stuttgart) 1983; 50: 513-517 52. Schranz D, Huth RG, Stopfkuchen H, Juengst BK. The effect of nifedipine alone of combined with low dose acetylsalicylic acid on endotoxin-induced pulmonary hypertension in the piglet. Intensiv Care Med 1988; 14: 595-601.

53. Polese A, Fiorentini C, Olivari MT, Guazzi MD. Clinical use of a calcium antagonistic agent (nifedipine) in acute pulmonary edema. Amer J Med 1979; 66: 825-30.

54. Simonneau G, Escourrou P, Duroux P, Lockhart A. Inhibition of hypoxic pulmonary vasoconstriction by nifedipine. N Engl J Med 1981; 304: 1582-5.

55. Thomas L. Labor und Diagnose. Marburg/Lahn: Medizinische Verlagsgesellschaft, 1984.

36

56. National Heart, Lung and Blood Institute. Extracorporal suppport for respiratory insufficiency:

A collaborative study in response to RFP-NHLI-73-20. U.S. Department of Health, Education, and Welfare Public Health Service, National Institutes of Health, National Heart, Lung, and Blood Institute Division of Lung Diseases, 1979 57. Ansley CF, Newbold P. On the finite sample distribution of residual autocorrelations in autoregressive-moving average models. Biometrika 1979; 66, 547-53.

58. Akaike H. On the likelihood of a time series model. Statistician 1978; 27: 217-35. 59. Schwarz G. Estimating the dimension of a model. Ann Statist 1978; 6: 461-4. 60. Epperlein T. Initial deterrent effects of the crackdown on drinking drivers in the state of Arizona.

Accid Anal Prev 1987; 19: 285-303.

61. Friman PC, Finney JW, Rapoff MA, Christophersen ER. Improving pediatric appointment keeping with reminders and reduced response requirement. J Appl Behav Anal 1985; 18: 315-321.

62. Smith AFM, West M, Gordon K, Knapp MS, Trimble IM. Monitoring kidney transplant patients. Statistician 1983; 32: 46-54.

63. Maier W, Benkert O. Treatment of chronic depression with sulpiride: evidence of efficacy in placebo-controlled single case studies. Psychopharmacology Berl 1994; 115: 495-501.

64. Marrazzi MA, Markham KM, Kinzie J, Luby ED. Binge eating disorder: response to naltrexone.

Int J Obes Relat Metab Disord 1995; 19: 143-5.

65. Lim KL, Muir K, Powell RJ. Urine neopterin: a new parameter for serial monitoring of disease activity in patients with systemic lupus erythematosus. Ann Rheum Dis 1994; 53: 743-8.

37

7 List of abbreviations

7.1 Abbreviations in text

7.2 Abbreviations and symbols in formulas

AaDO_2 alveolar-arterial oxygen tension gradient ACF autocorrelation function AR autoregression ARIMA autoregression integration moving average HR heart rate IRV inverse ratio ventilation lag number of time intervals between observations (measurements) MA moving average PACF partial autocorrelation function PEEP positive end-expiratory pressure PVR pulmonary vascular resistance Q_s/Q_t intrapulmonary shunt S_pO_2 pulse oximetry

process variable at time t observed value (measurement) at time t number of observed values (= number of measurements in time series autocorrelation between and estimate of process mean (estimated) order of an AR-process order of an MA-process

X_t x_t N ρ_τ X_t X_{t τ+} ρ̂_τ ρ_τ x p q

38 running index coefficient in AR-model estimate of estimate of the j-th coefficient in an AR(p)-model coefficient in AR-model estimate of estimate of the j-th coefficient in an MA(q)-model time lag white noise process at time t size of the intervention effect j α_j α̂_j α_j α̂_{p j,} β_j β̂_j β_j β̂_{q j,} τ ε_t ω