Appendix B

Detailed Example of Gottman and Ringland Bivariate Time Series Analysis

In this Appendix, we provide a detailed example of the Gottman and Ringland bivariate time series analysis. The example uses data from the main article. The data were screened for stationarity using SPSS version 14.0. The bivariate time series analysis was conducted using the program BIVAR (Williams & Gottman, 1982), which is a Microsoft DOS-based executable program. To our knowledge, the program is not available for Windows or Mac. SPSS syntax for carrying out the bivariate time series is available in the original Gottman and Ringland (1981) paper. Researchers interested in BIVAR are advised to contact Dr. Pole (nnamdi@umich.edu) who can assist with preparing data and conducting the necessary analyses. 


The analysis proceeds as follows:

Step 1. Measure Two Contemporaneous Time Series. 

In order to accomplish the bivariate time series analysis outlined in this paper, the researcher must have two contemporaneously observed time series. Typically, the researcher will assess one process variable and one outcome variable. However, it is possible to study two process variables or two outcome variables. In the present example, we have selected the cognitive behavioral therapy (CBT) adherence score (process variable) and the Symptom Checklist-90-R Global Severity Index (SCL-90-R GSI) symptom score (outcome variable). Each time series should be assessed at even intervals. In the present example, we obtained scores for every fourth session. We imputed many symptom scores that were missing from our pre-existing dataset (see main article for a description of this procedure). Because such imputation may change properties of the time series in unknown ways, we strongly advise investigators to avoid the problems of imputing missing data by assessing both time series at the same time. The required length of the series will depend in part upon the properties of the data. For dichotomous data, more than 150 pairs of observations are recommended. For normally distributed continuous data, fewer observations are required. Formal Monte Carlo methods have not been completed to provide specific guidance on power considerations. However, previous experience suggests that a minimum of 50 pairs of observations are necessary to conduct a stable analysis. Here are the data used in this example presented in sequence from left to right, top to bottom:

Estimated SCL-90-R Global Severity Index Scores

1.51     1.24      .96      .69      .41      .44

 .47      .50      .53      .47      .41      .34      .28

 .24      .21      .17      .13      .13      .12      .12

 .11      .12      .13      .14      .14      .12      .10

 .08      .06      .07      .07      .07      .07      .06

 .04      .03      .01      .02      .02      .02      .02

 .23      .45      .66      .87      .66      .45      .24

 .02      .03      .03      .03      .03

Adherence to CBT Prototype Scores

.55      .63      .41      .49      .49      .58

.47      .67      .44      .34      .56      .58      .63

.59      .42      .07      .40      .34      .33      .40

.45      .29      .46      .44      .27      .42      .34

.34      .36      .16      .29      .28      .13      .45

.53      .39      .63      .40      .43      .56      .27

.30      .33      .42      .41      .32      .24      .39

.10      .42      .46      .64      .40

Step 2. Check for Nonstationarity. 

Unlike many statistical procedures, the bivariate time series analysis does not require normally distributed data. However, it is important that both time series are stationary or can be made stationary. A time series is stationary if its mean and variance remain relatively constant. In psychotherapy process/outcome data this assumption is not likely to be met. For example, in a successful treatment, symptom measures are expected to reduce over time so the mean at the end of treatment should be different than the mean at the beginning of treatment. The detection of stationarity can be complex. Gottman & Ringland (1981) endorse a rule of thumb procedure recommended by Box and Jenkins (1970). The investigator first calculates the absolute value of N/6, with N = the number of observations in each time series. For the original data, this figure is 53/6 = 9. The investigator then examines the autocorrelation function (ACF) for each series, which can be obtained in SPSS Base System under the Graphs ( Time Series ( graph of the autocorrelation function. If the ACF starts out with large values that reduce slowly for more than N/6 lags then the series is nonstationary. Based on the figure below, the estimated SCL-90-R GSI data are not stationary.[image: image1.emf] 
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Step 3. Correct for Nonstationarity. 

There are several ways to transform nonstationary data. The most common approach is to apply a difference transformation by subtracting each observation in the series from the one immediately after it (Box and Jenkins, 1970)
. The difference transformation can be accomplished in SPSS using the Transform ( Create Time Series pull-down menu. The new time series will have one less observation than the original time series (e.g., the 53 pairs of observations are reduced to 52 pairs). The transformed data should be rechecked for nonstationarity.  The figure below shows the autocorrelation function for the transformed estimated SCL-90-R GSI data. Stationarity is suggested by the fact that the autocorrelation is smaller in magnitude and proceeds in an inconsistent pattern. If the data were still nonstationary then a second round of differences could be applied to the data. The transformed data were as follows:

Transformed SCL-90-R Global Severity Index Scores

 .       -.27     -.28     -.27     -.28      .03

 .03      .03      .03     -.06     -.06     -.07     -.06

-.04     -.03     -.04     -.04      .00     -.01      .00

-.01      .01      .01      .01      .00     -.02     -.02

-.02     -.02      .01      .00      .00      .00     -.01

-.02     -.01     -.02      .01      .00      .00      .00 

 .21      .22      .21      .21     -.21     -.21     -.21

-.22      .01      .00      .00      .00

Transformed CBT Adherence Scores

 .        .08     -.22      .08      .00      .09

-.11      .20     -.23     -.10      .22      .02      .04

-.04     -.17     -.35      .33     -.06     -.01      .07

 .06     -.17      .18     -.03     -.16      .15     -.09

 .01      .01     -.20      .13     -.01     -.15      .32

 .08     -.14      .24     -.23      .04      .12     -.28

 .02      .04      .09     -.01     -.08     -.08      .15

-.29      .32      .04      .17     -.24
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Step 4. Bivariate Time Series Analysis: Testing Whether Adherence Scores Predict Estimated Symptom Change. 

Using the conventional notation of the BIVAR software, the bivariate time series analysis proceeds through the construction of mathematical models to optimize the cross-regression of one series (Y1) by a potential explanatory series (Y2) after controlling for autoregression within the predicted series (Y1). In the example below, Y1 refers to the difference transformed estimated SCL-90-R GSI scores and Y2 refers to the difference transformed CBT adherence scores. The goal of the analysis is to explain the most variance in Y1 (i.e., minimize the residual error term SSE) with the smallest possible model (i.e., the model containing the fewest number of terms). Each term in the model represents a lag in the past of either Y1 (autoregression) or Y2 (cross regression). The number of autoregressive terms in the model is denoted by A and the number of cross-regressive terms is denoted by B. 

The procedure begins with the fitting of an arbitrarily large “combined model” containing both autoregressive and cross-regressive terms. This model is oversized in the sense that it contains more terms than should be needed to explain the data. Conventionally, 10 autoregressive terms and 10 cross-regressive terms are used for the oversized model. Thus, A and B are initially set to 10. In order to examine lags up to 10 observations in the past, the first 10 observations in the series are designated as “start-up” and are only used as predictor values. Thus, in this case, the predicted series (Y1) is shortened from 52 to 42 and the 11th observation is the first time point predicted. In the output below, the first autoregressive term (“Y1 Lagged 1 Units”) represents the extent to which Y1 scores (estimated symptom scores) may be predicted by the estimated symptom score immediately preceding it in the time series (i.e., the score associated with four sessions prior). The second autoregressive term (“Y1 Lagged 2 Units”) represents the extent to which Y1 may be predicted by the Y1 score that occurred two observations before and so on. The first cross regressive term (“Y2 Lagged 1 Units”) represents the extent to which a given Y1 (estimated symptom score) may be predicted by the Y2 value (adherence score) at the previous assessment point (i.e., four sessions earlier) and so on.  The parameter coefficients in the model are estimated for a given autocorrelation lag and a given cross-correlation lag using a least-squares procedure (Mann & Wald, 1943). As in conventional least squares regression, each parameter is associated with a t-statistic indicating the significance of the prediction at that lag. The variance left unexplained by the overall model is summarized by sum of squares for error (SSE). This value contributes to a likelihood ratio (LR) statistic which is computed using the formula LR = T x ln(SSE / T) in which T = the number of pairs of observations in the analysis without the start-up observations. In this example, T = 42. 

A =  10   B =  10   SSE =    .068      LR =-269.869

        Term          Parameter Value   t Statistic
 Y1 Lagged  1 Units        .896            4.338

 Y1 Lagged  2 Units       -.096            -.367

 Y1 Lagged  3 Units       -.068            -.289

 Y1 Lagged  4 Units       -.844           -3.690

 Y1 Lagged  5 Units        .780            2.601

 Y1 Lagged  6 Units       -.126            -.417

 Y1 Lagged  7 Units        .006             .027

 Y1 Lagged  8 Units       -.389           -1.474

 Y1 Lagged  9 Units        .205             .712

 Y1 Lagged 10 Units        .031             .141

 Y2 Lagged  1 Units       -.022            -.305

 Y2 Lagged  2 Units       -.082            -.895

 Y2 Lagged  3 Units        .072             .756

 Y2 Lagged  4 Units        .045             .473

 Y2 Lagged  5 Units        .163            1.687

 Y2 Lagged  6 Units        .021             .205

 Y2 Lagged  7 Units        .140            1.496

 Y2 Lagged  8 Units       -.192           -2.039

 Y2 Lagged  9 Units        .090             .924

 Y2 Lagged 10 Units        .090            1.034

This oversized model is reduced to an optimal smaller model by a backward stepwise procedure. Final autoregressive and cross-regressive terms are progressively removed until each final term meets at least a 10% significance threshold (t > 1.60). The 10% significance level is used to prevent type II errors in specifying the model. Rigorous control of type I error occurs (at the conventional 5% level) when the key hypotheses are evaluated later in the procedure. Once this step-down procedure is complete, the optimal “combined” model is achieved. This model explains Y1 using prior values of Y2 after controlling for prior values of Y1. In the example below, this optimal model is achieved with 6 autoregressive terms and 8 cross-regressive terms. 

 A =   9   B =   9   SSE =    .071     LR =-267.873

        Term          Parameter Value   t Statistic
 Y1 Lagged  1 Units        .933            4.861

 Y1 Lagged  2 Units       -.060            -.240

 Y1 Lagged  3 Units       -.125            -.562

 Y1 Lagged  4 Units       -.853           -3.859

 Y1 Lagged  5 Units        .892            3.688

 Y1 Lagged  6 Units       -.194            -.770

 Y1 Lagged  7 Units       -.031            -.155

 Y1 Lagged  8 Units       -.333           -1.349

 Y1 Lagged  9 Units        .218            1.045

 Y2 Lagged  1 Units       -.019            -.270

 Y2 Lagged  2 Units       -.101           -1.143

 Y2 Lagged  3 Units        .057             .649

 Y2 Lagged  4 Units        .045             .501

 Y2 Lagged  5 Units        .143            1.540

 Y2 Lagged  6 Units       -.020            -.211

 Y2 Lagged  7 Units        .118            1.325

 Y2 Lagged  8 Units       -.164           -1.855

 Y2 Lagged  9 Units        .041             .492

 A =   8   B =   8   SSE =    .075      LR =-265.696

        Term          Parameter Value   t Statistic
 Y1 Lagged  1 Units        .974            5.514

 Y1 Lagged  2 Units       -.131            -.563

 Y1 Lagged  3 Units       -.098            -.451

 Y1 Lagged  4 Units       -.743           -3.844

 Y1 Lagged  5 Units        .808            3.568

 Y1 Lagged  6 Units       -.284           -1.208

 Y1 Lagged  7 Units        .013             .065

 Y1 Lagged  8 Units       -.129            -.840

 Y2 Lagged  1 Units       -.027            -.399

 Y2 Lagged  2 Units       -.141           -1.773

 Y2 Lagged  3 Units        .039             .459

 Y2 Lagged  4 Units        .028             .336

 Y2 Lagged  5 Units        .149            1.795

 Y2 Lagged  6 Units       -.040            -.451

 Y2 Lagged  7 Units        .115            1.358

 Y2 Lagged  8 Units       -.143           -1.891

 A =   7   B =   8   SSE =    .077      LR =-264.571

        Term          Parameter Value   t Statistic
 Y1 Lagged  1 Units        .993            5.704

 Y1 Lagged  2 Units       -.120            -.521

 Y1 Lagged  3 Units       -.176            -.903

 Y1 Lagged  4 Units       -.653           -4.072

 Y1 Lagged  5 Units        .827            3.688

 Y1 Lagged  6 Units       -.269           -1.152

 Y1 Lagged  7 Units       -.090            -.610

 Y2 Lagged  1 Units       -.021            -.306

 Y2 Lagged  2 Units       -.138           -1.748

 Y2 Lagged  3 Units        .027             .324

 Y2 Lagged  4 Units        .021             .256

 Y2 Lagged  5 Units        .145            1.764

 Y2 Lagged  6 Units       -.039            -.442

 Y2 Lagged  7 Units        .115            1.364

 Y2 Lagged  8 Units       -.157           -2.134

 A =   6   B =   8   SSE =    .078      LR =-263.997

        Term          Parameter Value   t Statistic
 Y1 Lagged  1 Units       1.012            5.966

 Y1 Lagged  2 Units       -.181            -.877

 Y1 Lagged  3 Units       -.103            -.677

 Y1 Lagged  4 Units       -.663           -4.195

 Y1 Lagged  5 Units        .848            3.874

 Y1 Lagged  6 Units       -.347           -1.799

 Y2 Lagged  1 Units       -.018            -.272

 Y2 Lagged  2 Units       -.147           -1.912

 Y2 Lagged  3 Units        .023             .280

 Y2 Lagged  4 Units        .015             .186

 Y2 Lagged  5 Units        .148            1.816

 Y2 Lagged  6 Units       -.041            -.469

 Y2 Lagged  7 Units        .123            1.502

 Y2 Lagged  8 Units       -.154           -2.120

The cross-regressive terms are dropped from the model to determine how much variance would be explained without them. Prior to removing the cross-regressive terms, SSE = .078 (see above). After the cross-regressive terms are removed, SSE = .127. This model is used to test the “null hypothesis” that series Y2 (adherence score) has no influence series Y1 (symptom score). 

 A =   6   B =   0   SSE =    .127      LR =-243.597

     TERM          PARAMETER VALUE   t STATISTIC

 Y1 Lagged  1 Units        .863            5.183

 Y1 Lagged  2 Units       -.067            -.334

 Y1 Lagged  3 Units       -.040            -.258

 Y1 Lagged  4 Units       -.703           -4.222

 Y1 Lagged  5 Units        .669            3.116

 Y1 Lagged  6 Units       -.171            -.869

An oversized autoregressive model is constructed containing 10 autoregressive terms and zero cross regressive terms. This model is used to determine whether a larger purely autoregressive model would explain more variance than the optimal reduced autoregressive model. In the example below, the oversized autoregressive model reduces SSE from .127 to .103. The question remains whether this difference is statistically significant.  

A =  10   B =   0   SSE =    .103      LR =-252.391

        Term          Parameter Value   t Statistic
 Y1 Lagged  1 Units        .834            4.728

 Y1 Lagged  2 Units        .030             .138

 Y1 Lagged  3 Units       -.077            -.382

 Y1 Lagged  4 Units       -.977           -4.864

 Y1 Lagged  5 Units        .835            3.163

 Y1 Lagged  6 Units       -.031            -.121

 Y1 Lagged  7 Units       -.056            -.297

 Y1 Lagged  8 Units       -.531           -2.389

 Y1 Lagged  9 Units        .423            1.648

 Y1 Lagged 10 Units       -.015            -.079
In summary, four models are created each differing in the number of autoregressive terms (A), crossregressive terms (B), amount of variance left unexplained (SSE), and accompanying likelihood ratio statistic (LR). Larger models are compared with smaller models using likelihood ratio tests. Exact F-ratio statistics cannot be used in this circumstance because of the autocorrelation in the data. Therefore, a likelihood ratio test procedure is used instead. 

     MODEL   A     B       SSE         LR

       1    10    10      .068     -269.869

       2     6     8      .078     -263.997

       3     6     0      .127     -243.597

       4    10     0      .103     -252.391

To determine whether the cross-regressive terms of the optimal reduced model significantly add to the prediction of the primary series, the likelihood ratios produced by Models 2 and 3 are subtracted from each other yielding a Q-test statistic, which has a chi-square distribution. For example, the comparison of Model 1 (LR = -269.869) and Model 2 (LR = -263.997) yields Q = -269.869 – (-263.997) = 5.872. The degrees of freedom is calculated by subtracting the total number of terms in the two models being compared. For example in the comparison of Model 1 (A + B = 20) and Model 2 (A + B = 14) the degrees of freedom = 20 - 14 = 6. As internal checks of the validity of the procedure, the oversized combined model (Model 1) is compared with the optimally reduced combined model (Model 2) and the oversized autoregressive model (Model 4) is compared with the optimally reduced autoregressive model (Model 3). The expectation is that these comparisons will yield non-significant differences showing that the optimal models explained similar variance with fewer terms. These hypothesis tests are conducted at the conventional 5% significance level. A measure of effect size can be obtained by converting Q into a z-score using the following formula: z = ((Q/df) – 1)/√(2/df)). For the example data, these tests show that the CBT adherence score series predicts the SCL-90-R GSI symptom score series.  

   1 VS 2    Q =   5.87       6 = df   p = n.s.
 z = -.037

   2 VS 3    Q =  20.40       8 = df   p < .01     z = 3.100

   3 VS 4    Q =   8.79       4 = df   p = n.s.
 z = 1.695

Step 5. Repeat Analysis: Testing Whether Estimated Symptom Change Predicts Adherence Scores. 

To test for possible reciprocal effects, this entire process is then repeated after switching the predicted and predictor time series. In these models, Y1 still refers to the difference transformed estimated SCL-90-R GSI scores and Y2 refers to the difference transformed CBT adherence scores. However, Y2 is now the predicted series and Y1 is the potential explanatory series. The only differences in notation are that C denotes the number of autoregressive CBT adherence score terms and D denotes the number of cross-regressive SCL-90-R GSI terms. The analysis begins with the oversized combined model set by default at 10 lags. 

C =  10   D =  10   SSE =    .519      LR =-184.531

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.627           -3.117

 Y2 Lagged  2 Units       -.277           -1.094

 Y2 Lagged  3 Units       -.214            -.814

 Y2 Lagged  4 Units       -.263           -1.009

 Y2 Lagged  5 Units       -.516           -1.931

 Y2 Lagged  6 Units       -.134            -.463

 Y2 Lagged  7 Units       -.366           -1.418

 Y2 Lagged  8 Units       -.229            -.879

 Y2 Lagged  9 Units       -.146            -.546

 Y2 Lagged 10 Units       -.301           -1.254

 Y1 Lagged  1 Units       -.403            -.707

 Y1 Lagged  2 Units        .869            1.208

 Y1 Lagged  3 Units       -.049            -.075

 Y1 Lagged  4 Units      -1.125           -1.781

 Y1 Lagged  5 Units       -.075            -.091

 Y1 Lagged  6 Units        .961            1.156

 Y1 Lagged  7 Units        .093             .162

 Y1 Lagged  8 Units       -.942           -1.294

 Y1 Lagged  9 Units        .078             .099

 Y1 Lagged 10 Units        .524             .854


The stepdown procedure is repeated as a smaller optimal combined model is sought. In this instance, the optimal model is one with five autoregressive terms and zero cross regressive terms.  In other words, Y1 never added significantly to the prediction of Y2. 

 C =   9   D =   9   SSE =    .580     LR =-179.883

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.600           -2.999

 Y2 Lagged  2 Units       -.216            -.857

 Y2 Lagged  3 Units       -.245            -.970

 Y2 Lagged  4 Units       -.339           -1.340

 Y2 Lagged  5 Units       -.438           -1.657

 Y2 Lagged  6 Units        .050             .188

 Y2 Lagged  7 Units       -.305           -1.199

 Y2 Lagged  8 Units       -.121            -.482

 Y2 Lagged  9 Units        .013             .053

 Y1 Lagged  1 Units       -.362            -.662

 Y1 Lagged  2 Units        .603             .852

 Y1 Lagged  3 Units        .091             .143

 Y1 Lagged  4 Units       -.988           -1.568

 Y1 Lagged  5 Units       -.063            -.092

 Y1 Lagged  6 Units        .785            1.090

 Y1 Lagged  7 Units        .126             .221

 Y1 Lagged  8 Units       -.963           -1.368

 Y1 Lagged  9 Units        .586             .987

 C =   8   D =   8   SSE =    .603     LR =-178.211

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.609           -3.151

 Y2 Lagged  2 Units       -.314           -1.393

 Y2 Lagged  3 Units       -.305           -1.276

 Y2 Lagged  4 Units       -.356           -1.488

 Y2 Lagged  5 Units       -.382           -1.625

 Y2 Lagged  6 Units        .021             .084

 Y2 Lagged  7 Units       -.286           -1.197

 Y2 Lagged  8 Units       -.126            -.586

 Y1 Lagged  1 Units       -.330            -.659

 Y1 Lagged  2 Units        .485             .735

 Y1 Lagged  3 Units        .186             .303

 Y1 Lagged  4 Units       -.767           -1.402

 Y1 Lagged  5 Units       -.273            -.426

 Y1 Lagged  6 Units        .597             .894

 Y1 Lagged  7 Units        .225             .411

 Y1 Lagged  8 Units       -.424            -.976

 C =   7   D =   7   SSE =    .629     LR =-176.470

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.578           -3.085

 Y2 Lagged  2 Units       -.302           -1.365

 Y2 Lagged  3 Units       -.318           -1.434

 Y2 Lagged  4 Units       -.347           -1.579

 Y2 Lagged  5 Units       -.381           -1.666

 Y2 Lagged  6 Units        .056             .238

 Y2 Lagged  7 Units       -.248           -1.161

 Y1 Lagged  1 Units       -.276            -.567

 Y1 Lagged  2 Units        .549             .854

 Y1 Lagged  3 Units       -.124            -.235

 Y1 Lagged  4 Units       -.426            -.984

 Y1 Lagged  5 Units       -.223            -.356

 Y1 Lagged  6 Units        .651             .995

 Y1 Lagged  7 Units       -.126            -.304

 C =   6   D =   6   SSE =    .659      LR =-174.492

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.592           -3.215

 Y2 Lagged  2 Units       -.264           -1.254

 Y2 Lagged  3 Units       -.238           -1.157

 Y2 Lagged  4 Units       -.332           -1.541

 Y2 Lagged  5 Units       -.302           -1.400

 Y2 Lagged  6 Units        .157             .735

 Y1 Lagged  1 Units       -.161            -.345

 Y1 Lagged  2 Units        .270             .491

 Y1 Lagged  3 Units        .098             .247

 Y1 Lagged  4 Units       -.443           -1.037

 Y1 Lagged  5 Units       -.129            -.211

 Y1 Lagged  6 Units        .423             .797
 C =   5   D =   5   SSE =    .679     LR =-173.253

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.608           -3.504

 Y2 Lagged  2 Units       -.327           -1.700

 Y2 Lagged  3 Units       -.236           -1.173

 Y2 Lagged  4 Units       -.383           -1.924

 Y2 Lagged  5 Units       -.367           -1.978

 Y1 Lagged  1 Units        .076             .196

 Y1 Lagged  2 Units       -.069            -.174

 Y1 Lagged  3 Units        .088             .225

 Y1 Lagged  4 Units       -.431           -1.029

 Y1 Lagged  5 Units        .223             .500

 C =   5   D =   4   SSE =    .684     LR =-172.926

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.634           -3.879

 Y2 Lagged  2 Units       -.336           -1.779

 Y2 Lagged  3 Units       -.255           -1.303

 Y2 Lagged  4 Units       -.395           -2.022

 Y2 Lagged  5 Units       -.387           -2.163

 Y1 Lagged  1 Units       -.015            -.043

 Y1 Lagged  2 Units       -.074            -.188

 Y1 Lagged  3 Units        .095             .245

 Y1 Lagged  4 Units       -.303            -.925

 C =   5   D =   3   SSE =    .702     LR =-171.851

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.625           -3.839

 Y2 Lagged  2 Units       -.308           -1.655

 Y2 Lagged  3 Units       -.225           -1.171

 Y2 Lagged  4 Units       -.397           -2.037

 Y2 Lagged  5 Units       -.386           -2.161

 Y1 Lagged  1 Units        .082             .256

 Y1 Lagged  2 Units       -.089            -.226

 Y1 Lagged  3 Units       -.116            -.375

 C =   5   D =   2   SSE =    .705     LR =-171.678

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.619           -3.868

 Y2 Lagged  2 Units       -.300           -1.643

 Y2 Lagged  3 Units       -.232           -1.224

 Y2 Lagged  4 Units       -.402           -2.091

 Y2 Lagged  5 Units       -.388           -2.202

 Y1 Lagged  1 Units        .106             .343

 Y1 Lagged  2 Units       -.179            -.588

 C =   5   D =   1   SSE =    .712     LR =-171.266

     TERM          PARAMETER VALUE   t STATISTIC

 Y2 Lagged  1 Units       -.618           -3.893

 Y2 Lagged  2 Units       -.319           -1.797

 Y2 Lagged  3 Units       -.246           -1.322

 Y2 Lagged  4 Units       -.417           -2.209

 Y2 Lagged  5 Units       -.395           -2.270

 Y1 Lagged  1 Units       -.012            -.051

 C =   5   D =   0   SSE =    .712     LR =-171.263

     TERM          PARAMETER VALUE   t STATISTIC

 Y2 Lagged  1 Units       -.618           -3.964

 Y2 Lagged  2 Units       -.320           -1.823

 Y2 Lagged  3 Units       -.245           -1.340

 Y2 Lagged  4 Units       -.415           -2.257

 Y2 Lagged  5 Units       -.394           -2.330

Consequently, the optimal reduced “combined” model is identical to the optimal reduced autoregressive model, which is repeated below. 

 C =   5   D =   0   SSE =    .712     LR =-171.263

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.618           -3.964

 Y2 Lagged  2 Units       -.320           -1.823

 Y2 Lagged  3 Units       -.245           -1.340

 Y2 Lagged  4 Units       -.415           -2.257

 Y2 Lagged  5 Units       -.394           -2.330

The analysis then constructs an oversized purely autoregressive model. 
 C =  10   D =   0   SSE =    .642     LR =-175.607

        Term          Parameter Value   t Statistic
 Y2 Lagged  1 Units       -.601           -3.515

 Y2 Lagged  2 Units       -.344           -1.702

 Y2 Lagged  3 Units       -.326           -1.551

 Y2 Lagged  4 Units       -.428           -1.915

 Y2 Lagged  5 Units       -.517           -2.194

 Y2 Lagged  6 Units       -.123            -.511

 Y2 Lagged  7 Units       -.268           -1.193

 Y2 Lagged  8 Units       -.181            -.809

 Y2 Lagged  9 Units       -.236           -1.126

 Y2 Lagged 10 Units       -.259           -1.425
          
The summary table and comparison of likelihood ratios for this part of the analysis is given below. The results support the validity of the reduced combined and purely autoregressive models because they explain similar variance with fewer terms. However, not surprisingly, the absence of a model with significant cross-regressive terms leads to the conclusion that SCL-90-R GSI scores did not contribute to the prediction of CBT adherence scores.  
     MODEL   C     D       SSE        LR

       1    10    10      .519     -184.531

       2     5     0      .712     -171.263

       3     5     0      .712     -171.263

       4    10     0      .642     -175.607

   1 VS 2    Q =    13.27     15 = df   p = n.s.
  z = -.316

   2 VS 3    Q =      .00      0 = df   p = n.s.
  z =  .000

   3 VS 4    Q =     4.35      5 = df   p = n.s.    z = -.207


This concludes the example bivariate time series analysis. More detailed mathematical formulae are available in Gottman (1981), Gottman and Ringland (1981), and Williams & Gottman (1982).
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� Autocorrelation analyses conducted on the adherence scores suggested that some were stationary and some were not. For ease of interpretation, difference transformations were applied to all adherence scores as well.





