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MODELING CHANGE TRAJECTORIES 4

in then negative direction are classified as deteriorating.

The Jacobson-Truax method has been used frequently to track client progress from
sessioll to session. While this is useful in that it is relatively simple to implement, there
are also has several pitfalls to this measure. This framework of classifying clients uses two
data points to communicate how the client is progressing. However, contemporary ROM
is often administered more frequently than at intake and termination, and in many cases
weekly. The Jacobson-Truax method also ignores the possibility of a non-linear rate of
change in symptom levels throughout treatment and does not incorporate the fact that
client trajectories may vary in treatment. For example, one client’s symptoms may de-
crease rapidly in the beginning of treatment and then slow down as treatment progresses
(i.e., deceleration of progress), while the opposite may be true of another client (i.e., accel-
eration of progress). This variation in the rate of change over time is often referred to as
the shape of change (Laurenceau, Hayes, and Feldman, 2007).

Understanding the shape of change can help us understand the typical nature of |
change throughout therapy as well as enable us to assess how a client is progressing with
respect to these norms. For example, Tang and Roberts (1999) found that clients had
much better treatment outcomes when they experienced sudden gains. Sudden gains are
defined as large symptom improvements relative to typical change in the overall popula-
tion as well as with respect to the client’s typical symptom fluctuations. Clients who have
experienced this type of change at some point, usually showed long-lasting improvement
as their therapy continued. Thus, clinicians can use this fluctuation in their clients’ rate
of symptom change to predict treatment success. This is just one example that illustrates
why understanding the shape of change is critical.

One way to capture information concerning the shape of change throughout treat-
ment is by modeling trajectories using all available data from treatment. As described
above, it is becoming much more common to routinely track outcomes, and therefore in-

dividuals have more than just two data points. Trajectories incorporating all of these time
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strong concurrent validity when correlated with another common outcome measure, the
0Q-45 (r = 0.66 to r = 0.81). Additionally, the BASE-6 also exhibited excellent internal
consistency with Cronbach’s alpha scores ranging from a = 0.87 to « = 0.92.

The PHQ-9. This is a measure typically used to track the severity of depression
symptoms. Each of the nine items in this measure is evaluated on a scale of 0 (not at all)
to 3 (nearly everyday). Items from the PHQ-9 can be seen in Table 1 The PHQ-9 exhib-
ited excellent internal validity with Cronbach’s alpha scores ranging from o = 0.36 to
a = 0.89 (Kroenke, Spitzer, and Williams, 2001). It also showed strong construct validity
shown by the association between PHQ-9 scores and scores on the SF-20, a general health

questionnaire.

Table 1: Items from the PHQ-9

Over the last 2 weeks, how often have you been bothered by the following problems?

Little interest or pleasure in doing things

Feeling down, depressed, or hopeless

Trouble falling or staying asleep, or sleeping too much

Feeling tired or having little energy

Poor appetite or overeating

Feelin gad about yourself, or that you are a failure or have let yourself or your family down
Trouble concentrating on things, such as reading the newspaper or watching television

. Moving or speaking so slowly that other people could have noticed. Or the opposite- being
so fidgety or restless that you have been moving around a lot more than usual

9. Thoughts that you would be better off dead or of hurting yourself in some way

QO U Lo b=

The GAD. Similar to the PHQ-9, the seven items on the GAD-7 are measured on
a scale from 0 (not at all) to 3 (nearly everyday). This measure, however, is used to iden-
tify symptoms of Generalized Anxiety Disorder. The items of the measure can be viewed
in Table 2. Like the other measures, the GAD-7 showed excellent internal validity, exhib-
ited by a Cronbach’s alpha of o = 0.92 (Spitzer et al., 2006). There was also a strong
association between increasing GAD-7 scores and worsening function scores on the SF-20,
indicating strong coustruct validity.

I chose to use these measures because of their widespread use within the OwlOut-
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1946). P-values from the likelihood ratio test were used for random eftects. This process
returned the final fitted model.

Early Detection of Treatment Outcome. After fitting trajectories for the en-
tirety of treatment, we used a similar method to create models for the first three time
points. This was done in order investigate early patterns of change during psychotherapy
in relation to final categorization of progress.. Participants were included in the model if
they had at least three scores for the given measure and the first measure was completed
no later than one month after the beginning of therapy.

After the data was subsetted according to the above specifications, model fitting
was completed according to the method previously outlined. However, unlike before the
time variable session number was used instead of month and no quadratic term was tested
in the model because this is not possible with only three timepoints.

Because of the small sample sizes for the GAD-7 and the PHA-9, this step was only
performed on the BASE-6. Furthermore, this was a preliminary, investigative step in the
analysis and so concrete conclusions cannot be drawn concerning predictions.

Results
BASE-6 Analysis

Jacobson-Truax Classifications. The first step in the analysis was to classify each
participant according to the Jacobson-Truax framework (i.e., using just two data points).
Descriptive statistics resulting from this process can be seen in Table 5. According to this
framework, the majority of clients either recovered or did not significantly change. Those
in the improved class began on average with the highest score (representing the most se-
vere symptoms) but also improved the most on average, even slightly more than those in
the recovered class. Those in the no change class started with the lowest score. The aver-
age score of 18 for the no change class is less than the clinical cutoff for the BASE-G of 19.
It is important to note that clients varied regarding when they began taking the measure

and on the frequency with which the measure was taken, so these statistics are only repre-
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sentative of the available data. This is particularly true with the statistics concerning the
“Initial” scores because some clients did not begin taking the measure until after months

in therapy. Figure 1 shows that clients did not always began taking the BASE-6 at the be-
ginning of treatment and that the length of the trajectory and the number of timepoints
varies from client to client (Sarkar, 2008). This figure also demonstrates how complex this

data is.

Table 5: Descriptive statistics for Jacobson-Truax classifications

Cloceitication  #f of cnants  Average Starfing Qenre 150)  Average Ending Score (SD) Average Difference (ST

Kecovered 15 24.20 (6.34] 10.587 (3.68 13.40 (4.93
Improved 4 34.75 25.12 21.25 (1.26 13.50 5.80§
No Change 15 18.00 (9.26) 17.10 (9.04 0.60 (2.59)
Deterinrated R 19.17 (7 41) 29.00 (10.0%) -9.83 (3.31)
0 5 10 15 20
40
30
20
10
2
Q
o
(%2}
40
30
20
10
' ' ' ' 1 ! 1 | I |
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Months

Figure 1: Individual trajectories for each client for the BASE-6. Different colors represent each
client.
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Multilevel Modeling Across Full Treatment. The next step in the analysis was
to create average change trajectories across the complete treatment time. After eliminat-
ing insignificant terms, the remaining model included fixed effects for linear and quadratic
time, dummy codes for Jacobson-Truax classifications, and a time*group interaction. Ta-
ble 11 shows a summary of the fixed effects of this model. The estimate represents the
coefficient for each fixed term and gives us information concerning how each term affects
the response variable (total score). For example, the estimate for months tells us that, on
average, for every month in treatment, clients’ score change by -0.08 points. The model is
fit in relation to the deteriorated class and so other Jacobson-Truax class terms and inter-
actions represent deviations in the intercept and slope for each class with respect to the
deteriorated class. For example, clients in the recovered class started 1.6 points lower than
clients in the deteriorated class and their scores decreased at a rate 1.18 per month more
than clients in that class as well. The table also indicates that the only significant terms
are the intercept, quadratic and linear time variables, and interaction between time and
the recovered class. Thus, there may not be a significant difference between client scores
in the beginning of treatment across classes. Furthermore, the slope of change over time
may not be significantly different for any groups other than the recovered and deteriorated

class.

Table 6: Model fit statistics for multilevel model estimating total score. All classification
variables are figured in relation to the Deteriorated class variable.

Estimate Std. Error df t value Pr(>]t])
Intercept 23.93 2.69 39.11 8.91 0.00
Months™2 0.03 0.01 206.30 2.78 0.01
Months -0.08 0.32 41.96 -0.26 0.79
Improved 1.82 4.01 31.90 0.45 0.65
No Change -5.21 3.15  37.42 -1.65 0.11
Recovered -1.60 3.15  37.57 -0.51 0.61
Months:Improved -0.69 0.36 18.05 -1.90 0.07
Months:No Change -0.51 0.33 26.50 -1.56 0.13

Months:Recovere -1.18 0.34 26.05 -3.49 0.00
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Figure 2 shows the average trajectories for each of the classifications across time

(Liidecke, 2016). This curvature of the trajectories shows the effect of the quadratic time

term and gives information not available when using the Jacobson-Truax method alone.

For instance, the trajectories for both the improved and no change classes show that on

average, clients in these classes experience early positive change but then demonstrate a

resurgence in their symptoms.

adicted values of TotalScore

Average Trajectories for Each Classification of

the
BASE-6
30-
Classification
Jeteriorated
mproved
20- No Change
Recovered
10-
0 5 10 15 20

Months

Figure 2: Average trajectories for each Jacobson-Truax classification.

Early Detection of Treatment Outcome. After computing the complete trajec-

tories across all of therapy, we computed trajectories for the first three sessions. In per-

forming backward elimination of the model terms all of the fixed effects were retained in

the model (linear time variable, the Jacobson-Truax classification term and the interaction
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between these two terms). Additionally, a random intercept term for participant was in-
cluded in the model, but not a term for the slope. This suggests that there was variability
around the intercept for each individual client, but there was less variability in the slope
(or rate of change).

Table 7 summarizes the fixed effect terms in the prediction model. As in the
previous model, the classification terms were done with respect to the deteriorated class.
We can see from the table that the p-value for each of terms in the model besides the no
change term. This indicates that at the first timepoint, all of the classes except the no
change have significantly different scores in comparison to the deteriorated, and that the

slope of the trajectories for each are all significantly different from the deteriorated class.

Table 7: Model fit statistics for multilevel model estimating total score. All classification
variables are figured in relation to the Deteriorated class variable.

Estimate Std. Error df tvalue Pr(>lt|)

Intercept 16.73 3.89 76.07 4.30 0.00
Session 3.80 1.27 64.00 2.99 0.00
Improved 22.35 5.84 76.07 3.83 0.00
No Change 2.87 4.77 76.07 0.60 0.55
Recovered 9.65 4.58 76.07 2.11 0.04
Session:Improved -9.80 1.90 64.00 -9.15 0.00
Session:No Change -4.40 1.56 64.00 -2.83 0.01
Session:Recovered -5H.84 1.49 64.00 -3.91 0.00

Figure 3 provides a visual representation of the model. The model shows that on
average, clients in the improved class start at a higher score than the other classes, but
they also are predicted to improve in the first three session much more rapidly than any
other class. If this level of change were to persist, clients would most likely pass the clini-
cal cutoff representing recovery. Thus, in the beginning, those in the improved class may
see substantial change, but that this level of change may not continue to full recovery.

The figure also shows us that unlike the three other classifications, the trajectory for the
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Table 9: Model fit statistics for multilevel model estimating total score. All classification
variables are figured in relation to the Deteriorated class variable.

B Estimate Std. Error df tvalue Pr(>Ilth
Intercept 9.16 2.17 13.66 4.22 0.00
Months 0.04 0.42 93.27 0.09 0.93
Recovered 1.54 4.29 1297 0.36 0.73
Months™2 -0.02 0.03 92.62 -0.68 0.50
Months:Recovered -2.43 0.97 93.85 -2.50 0.01
Months™2: Recovered 0.16 0.06 92.90 2.70 0.01

course, it is important to remember that because these trajectories were formed from such

a small sample, we should not draw any conclusions about the typical nature of change

as demonstrated by this measure. For instance, when a closer look at the data shows that

out of the two clients classified as recovered, one was only in therapy for 12 months. Thus,

though the whole trajectory is based on very little information, there is even more error

after 12 months because it is only based on one case. However, this model does give us

an example of the information that can be portrayed by the combination of the Jacobson-

Truax method and multilevel modeling.
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Table 10: Descriptive statistics for Jacobson-Truax classifications

Ulassineation 4 of Patients  Average Starting Score (SD)  Average Hnding Score (SD)  Average Difference (SD)

Recovered 2 13.00 5.662 1.00 (0.00 12.00 (5.66
No (“hange 8 12.38 (5.90 10.75 (5.99 162 (3.46

Multilevel Modeling Across Full Treatment Unlike the models for the other
two weasures, the best fit multilevel model for the PHQ-9 did not contain a quadratic
time variable. The fixed effects for the model included the linear time variable, dummy
codes for Jacobson-Truax classifications, and a linear time:group interaction. A random
effect for participant intercept was also included in the model, but not a random slope
term. Again, this suggests that there was not a lot of less variability in the slope (or rate
of change) between clients. Table 11 shows a summary of the fixed effects of this model.
Thus, this model was relatively simple in comparison to the models for the other variables.
Like the GAD-7 model, this model was fitted with the no change group as the reference
group. We can see then that the intercept for the no change group is 24.61 and that the
scores of members of this class decrease by 0.29 points per month on average. The inter-
cept, for the recovered class is not significantly different than that of the no change group,
but the scores of the recovered class did decrease by an average of 2.2 more points a month

than that of the no change class. |

Table 11: Model fit statistics for multilevel model estimating total score. All classification
variables are figured in relation to the Deteriorated class variable.

Estimate Std. Error df t value Pr(>|t|)
Intercept 24.61 226 16.37 10.88 0.00
Months -0.29 0.14 166.87 -2.11 0.04
Recovered 0.54 4.95 15.50 0.11 0.92
Months:Recovered -2.20 0.53 186.00 -4.13 0.00

A visual description of this model can be seen in 5. We can see that because this

model is linear, we obtain similar information from this model and the Jacobson-Truax de-
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took multiple years from start to finish. The analysis process was rigorous as well. Because
[ was new to many of the statistical methods which I was using as well as relatively new to
programming in R, I would sometimes work for hours or even days on analysis just to find
out that there was a way to accomplish what I needed using one line of code. Similarly, as
I tried to find out the best methods for analyzing the data we had, I would often hours re-
searching a potential analysis method only to find out that it would not work for our set
of data. Though this was frustrating, I had to remind myself that I was learning a great
deal through this process, even if I did not feel as productive as I wanted to.

The challenges and setbacks, as well as the triumphs of my capstone experience,
have prepared me for my future pursuits in academia and a career. I will be attending
graduate school in the Fall to study biostatistics. Working with Dr. Cruz on this and other
research projects was what ultimately helped me decide to pursue further education in
the field of biostatistics. I will be working as a research assistant in graduate school and
I know that the research skills that I gained through my capstone experience will be vi-
tal in my success in this position. I also hope to have a career in medical research in the
future. My experiences in honors have laid a foundation that I can build on as I pursue
further education and a career.

[ feel that the honors capstone project was the perfect way to finish my undergrad-
uate education. For this project, I integrated both my psychology and statistics fields of
study into one project. I also drew on the knowledge and skills that I had learned through-
out the course of my years at Utah State University. I am grateful for this experience and

the many lessons that it taught me.
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