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Abstract

Objective—Although Huntington disease (HD) is caused by an autosomal dominant mutation, its 

phenotypic presentation differs widely. Variability in clinical phenotypes of HD may reflect the 

existence of disease subtypes. This hypothesis was tested in prodromal participants from the 

longitudinal Neurobiological Predictors of Huntington's Disease (PREDICT-HD) study.

Method—We performed clustering using longitudinal data assessing motor, cognitive, and 

depression symptoms. Using data from 521 participants with 2716 data points, we fit growth 

mixture models (GMM) that identify groups based on multivariate trajectories.

Results—In various GMM, different phases of disease progression were partitioned by 

progression trajectories of motor and cognitive signs, and by overall level of depression 

symptoms. More progressed motor signs were accompanied by more progressed cognitive signs, 

but not always by higher levels of depressive symptoms. In several models, there were at least two 

groups with similar trajectories for motor and cognitive signs that showed different levels for 

depression symptoms - one with a very low level of depression and the other with a higher level of 

depression.

Conclusions—Findings indicate that at least intermediate HD progression might be associated 

with different levels of depression. Depression is one of the few symptoms that is treatable in HD 

and has implications for clinical care. Identification of potential depression subtypes may also help 

to select appropriate patients for clinical trials.
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Huntington disease (HD) is an autosomal dominant, progressive, and fatal 

neurodegenerative disease without any known cure. HD is accompanied by 

multidimensional signs and symptoms including movement disorder, cognitive decline, and 

behavioral disturbances caused by a cytosine-adenine-guanine (CAG) repeat in the 5’-
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translated region of the HTT gene on the short arm of chromosome 4 (The Huntington's 

Disease Collaborative Research Group, 1993).

Despite the single-gene etiology of HD, there is substantial variation in observed profiles 

among people with HD (Andrew et al., 1993; Claes et al., 1995; Biglan et al., 2013). For 

example, some individuals have motor dysfunction at clinical onset accompanied by no 

changes in mood or cognitive function for extended periods of time. Other individuals show 

milder motor dysfunction, but have relatively severe changes in mood and/or cognitive 

function. Still others have concomitant motor, mood, and cognitive signs and symptoms. 

The variability in clinical presentation is challenging to explain, as it is not accounted for by 

CAG length and age at diagnosis (Andrew et al., 1993; Claes et al., 1995; Rosenblatt et al., 

2012). The identification of phenotypic subtypes within HD may hold promise for improved 

understanding of pathophysiology, shared mechanisms, genetic influence or environmental 

impact that may facilitate patient classification and therapeutic development.

One approach to subtype identification is to classify individuals according to their 

progression level at study entry using demographic (age) and genetic (CAG repeat length) 

information (Long et al., 2014; Zhang et al., 2011). Such efforts have resulted in many 

subgroups, most typically varying by what is considered disease progression during the 

prodromal period (i.e., before motor diagnosis). The Neurobiological Predictors of 

Huntington's Disease (PREDICT-HD) (Paulsen et al., 2006; Paulsen et al., 2008) and 

TRACK-HD (Tabrizi et al., 2009) studies have used this strategy to separate prodromal 

groups into subgroups according to their estimated proximity to motor diagnosis, labeling 

them either pre-A and pre-B, (Tabrizi et al., 2013), near-to or far-from motor diagnosis 

(Langbehn et al., 2004), or having a low, medium or high probability of motor diagnosis 

within the next few years (Zhang et al., 2011).

In contrast, the goal of this analysis is to find subgroups based on multivariate trajectories of 

signs and symptoms without regard to CAG expansion and age at entry. To our knowledge, 

no previous article has used longitudinal data to develop subtype models of HD in this 

manner. The goal of this study is to examine the trajectories of phenotypic variables to 

identify potential subgroups. One advantage of the exploratory clustering approach is that 

multiple phenotypic variables can simultaneously be examined, which might be more 

informative than a typical univariate outcome approach. Another advantage of clustering is 

that it is not based on a predefined criterion, so that disease subtypes might be discovered 

that do not necessarily conform to a priori conventional group definitions.

Materials and Methods

Participants

Participants were from the PREDICT-HD study, which is an observational longitudinal 

study designed to prospectively characterize and refine clinical, neurobiological, and 

neurobehavioral markers of HD prior to the point of traditional motor diagnosis in a 

population known to carry the HD CAG expansion (Paulsen et al., 2006; Paulsen et al., 

2008; Paulsen et al., 2014). Individuals were recruited from 32 sites in North America, 

Australia, and Europe beginning in 2001. Participants had to be at least 18 years old and 

Kim et al. Page 3

Neuropsychology. Author manuscript; available in PMC 2015 November 10.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



independently tested for the CAG gene mutation before study entry. Motor, cognitive, 

behavioral, and functional assessments were collected annually and key demographic 

characteristics were recorded at baseline. Study protocol was approved by each site's 

institutional review board, and informed consent was obtained from all participants. 

Baseline disease burden was indexed with the CAG-Age Product (CAP) score, computed as 

CAP = (Age at baseline) × (CAG–33.66) (Zhang et al., 2011). The CAP score was 

developed based on an accelerated failure time (AFT) model predicting motor diagnosis 

from age at entry, CAG length, and their interaction. CAP is similar to the “disease burden” 

score of Penny, Vonsattel, MacDonald, Gusella, & Myers (1997) and purports to index the 

cumulative toxicity of mutant huntingtin at the time of study entry.

For this analysis, observations from the first phase of PREDICT-HD (PREDICT-HD 1.0) 

were used from 2002–2009. To estimate multivariate trajectories for each participant more 

reliably, we restricted our analysis to participants who had at least four repeated measures 

for each of the chosen outcomes. This resulted in the exclusion of 300 participants with 661 

observations. The final sample consisted of 521 participants and 2716 observations from six 

years of follow-up with an average of five motor, cognitive, and psychiatric measurements 

per participant. More details on the longitudinal structure of the sample are presented in 

Table 1.

Measures

To represent the triad of HD signs and symptoms, we chose variables to represent typical 

clinical outcomes in HD representing motor signs (detectable by an examiner), cognitive 

performance, and depression symptoms (self-report). The variables were selected based on 

our previous studywide analyses of longitudinal predictive outcomes in PREDICT-HD 

(Paulsen et al., 2008; Paulsen, Smith, Long, & The PREDICT-HD Investigators of the 

Huntington Study Group, 2013; Paulsen et al., 2014a, Paulsen et al., 2014b). The motor 

measure used was the total motor score (TMS) from the Unified Huntington's Disease 

Rating Scale (UHDRS) (The Huntington Study Group, 1996). The TMS is the sum of 31 

items from various domains of motor impairment, each rated by a trained examiner during a 

standardized motor examination. The TMS is widely used in HD clinical trials and is 

considered the standard for indexing motor signs (Armstrong & Miyasaki, 2012). The 

cognitive measure used was the UHDRS Symbol Digit Modalities Test (SDMT), a timed 

psychomotor assessment requiring matching of symbols with digits using a simple 

substitution task, with higher scores indicating better cognitive function (Smith, 1982). 

SDMT was selected because it was the best cognitive performance measure in PREDICT-

HD at discriminating between controls and prodromal HD individuals (Stout et al., 2012, 

Paulsen, Smith, Long, & The PREDICT-HD Investigators of the Huntington Study Group, 

2013; Paulsen et al., 2014a). The depression measure used was the Beck Depression 

Inventory-II (BDI-II), a 21-question multiple-choice self-report inventory, with higher 

scores indicating more severe depressive symptoms (Beck, Steer, & Brown, 1996). The 

BDI-II was selected because it is arguably the most widely used self-report measure for 

assessing depression in HD (Ossig & Storch, 2015; De Souza, Jones & Rickards, 2010), and 

it has been reported that depression symptom severity is associated with poorer cognitive 

function in people with prodromal HD (Smith et al. 2012). In addition to the domains 

Kim et al. Page 4

Neuropsychology. Author manuscript; available in PMC 2015 November 10.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



described above, we also examined daily functioning using the total functional capacity 

(TFC) from the UHDRS, which is an examiner-administered five-item checklist that 

assesses the ability of the participant to accomplish common daily tasks. Motor diagnosis 

was defined in the conventional form as a Diagnostic Confidence Level (DCL) rating of 4 

(unequivocal motor signs of HD; ≥99% confidence) on the UHDRS motor exam.

Statistical Methods

To identify subgroups with distinct profiles, clustering was performed using growth mixture 

models (GMM) (Muthén & Muthén, 2000). GMM assumes the observed data constitute a 

mixture distribution that arises as a result of random sampling from several (i.e., more than 

one) population subgroups. Heterogeneity of the mixture distribution is indicative of the 

subgroups and can be characterized by a categorical latent variable for the group 

membership. GMM analysis is concerned with identifying a sufficient number of categories 

for the latent variables to account for the observed heterogeneity in the longitudinal profiles 

of the sample data. However, selection of the “correct” number of categories is a notoriously 

difficult task (Hardy, 1996). For this reason, we consider longitudinal data of the TMS, 

SDMT, and BDI-II, and examine a wide number of solutions (one to six groups) with 

associated maximum-likelihood-based fit indexes. To accelerate convergence, all continuous 

variables except for the time metric (years since study entry) were transformed to standard 

scores. After each GMM was fit, each individual was assigned to the most likely group, and 

a secondary analysis was performed to possibly characterize the groups beyond the 

longitudinal profiles. The following time-invariant baseline covariates were considered in 

the secondary analysis: age at study entry, CAG expansion, gender, years of education at 

study entry, TFC score at study entry, rate of diagnosis during follow-up, antidepressant use 

at study entry, and disease burden at study entry. A complete description of GMM and the 

detailed group comparison results are available in the appendix.

Results

Growth Mixture Modeling

Participant baseline characteristics and the longitudinal structure of the sample are presented 

in Table 1. Table 2 shows the fit statistics for the one- to six-group solutions. Goodness-of-

fit statistics improved as the number of groups increased. A popular method of evaluating 

GMM fit is the Bayesian Information Criterion (BIC) (Magidson & Vermunt 2004). As 

Table 2 shows, the BIC decreased quickly moving from the one-group to two-group model 

(10.5% BIC decrease) and continued to decrease as the number of groups increased. 

However, the rate of decrease slowed as the number of groups increased, and the five- and 

six-group models had very similar BIC values (0.1% BIC decrease moving from the former 

to the latter).

Longitudinal Trajectories

Figure 1 shows the trajectories for TMS, SDMT, and BDI-II by GMM groups (two-group in 

first row and six-group in last row). Each panel shows individual empirical trajectories (grey 

thin lines) with the fitted group mean trajectories (blue thick lines) separately for the three 

outcome variables. In general, as more groups were added, the groups were distinguished by 
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progression trajectories for TMS and SDMT, and by depression levels for the BDI-II. That 

is, the slope of the longitudinal trajectories for TMS and SDMT indicated increasing 

progression going from left to right. In contrast, the slope of the depression trajectories did 

not show systematic worsening. In addition, the overall depression levels varied as the 

number of groups increased. For all models, the last group showed the worst longitudinal 

trajectories for motor and cognitive, and the highest depression symptoms. However, the 

other progression groups had combinations of different levels of depression, and the 

depression level within a group remained relatively constant over time in many cases.

Variability of Individual Trajectories

As displayed in Figure 1, individual trajectories were distributed around the group mean 

trajectories and the variability differed by group. Individuals were assigned to a group based 

on their most likely membership probability (highest posterior probability). For SDMT, the 

individual trajectory variability was relatively similar across all groups, whereas for TMS, 

the variability increased from Group 1 to the last group. For the BDI-II, the individual 

trajectory variation was greatest for the last group and smallest for the group with the lowest 

level of depression. As an example, in the four-group solution (row 3 of Figure 1), some 

individuals in the last group had much worse BDI-II scores than the group mean profile, and 

on the high end were within the range of moderate (20 ≤ BDI-II ≤ 28) or severe depression 

(29 ≤ BDI-II ≤ 63). Few individuals in groups 1 to 3 had BDI-II scores within the ranges of 

moderate or severe depression.

Discussion

To our knowledge, this is the first study examining subtypes of multidimensional 

longitudinal signs and symptoms in people with prodromal HD. Our research is an extension 

of previous cross-sectional studies which found different phenotypic profiles among people 

with prodromal HD at the time of diagnosis (Biglan et al., 2013). Using longitudinal data, 

we employed a clustering approach (GMM) that identifies subgroups based on multivariate 

trajectories. The results suggest clustering was characterized by increasing rates of 

longitudinal progression for motor signs and cognitive performance, but by differing and 

unsystematic levels of depression symptoms. For the cluster solutions with two or more 

groups, the first group always showed minimal deterioration and the last group always 

showed the fastest change in motor and cognitive signs, as well as the highest level of 

depression (see Figure 1). The intermediate groups showed increasing deterioration 

predominantly in motor signs, but depression did not show a corresponding progression 

correlation. In fact, the level of depression varied by progression groups, with some similar 

motor and cognitive progression groups having BDI-II levels reflecting virtually no 

depression, and others showing higher depression.

The pattern of results reflects characteristics of the PREDICT-HD sample. Participants in 

the study had a variety of progression levels at study entry. Though the longitudinal profiles 

spanned several years, progression levels did not change drastically among the participants 

because HD is a relatively slowly evolving neurodegenerative disease (Ross et al., 2014). 

Thus, the progression subgroups with different rates of motor and cognitive change should 
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not be considered as fixed types. Rather, each panel offers a snapshot of change for a 

particular epoch of the disease, with each cohort having a relatively homogeneous level of 

progression. Based on other analysis from our group (e.g., Paulsen et al., 2014a), there is 

evidence that individuals with HD might progress along the lines of the pattern suggested by 

the motor signs panels in Figure 1. The left panels depict no or little change early in the 

disease, and the right panels depict accelerated deterioration later in the disease.

The novelty of this study is the result concerning depression symptoms. Depression slope 

and overall level did not track with the other two clustering variables, especially for the 

groups that might be considered as representing “moderate” or “intermediate” progression in 

the multiple group solutions (e.g., the six-group solution). The inconsistent correlation of 

psychiatric symptoms compared with motor and cognitive signs is similar to a previous 

cross-sectional analysis of depressive symptoms in PREDICT-HD (Epping et al., 2013). Our 

findings support the idea that individuals with the HD mutation can develop depressive 

symptoms at any time during the HD prodrome, regardless of their level of motor or 

cognitive impairment. This is of interest because depression is one of the few symptoms/ 

signs in HD that is amenable to treatment (Ossig & Storch, 2015; Tyagi, Tyagi, Shekhar, 

Singh & Kori, 2010). The depression pattern is also interesting regarding the course of HD, 

as depression symptoms may not index progression in the same sense as motor signs or 

cognitive performance. Analysis of the BDI-II in isolation shows that it does not 

discriminate among healthy controls and CAG expanded individuals, and is not good at 

distinguishing among different levels of HD progression (Paulsen et al., 2014a). The 

importance of depression may be that it can occur in conjunction with other HD signs/

symptoms. In this sense, the findings of this study may help clinicians better understand and 

implement treatment regimens for persons with HD. Considering the trajectories, several 

groups showed depression symptoms that may benefit from intervention or may worsen to a 

severity level requiring treatment. Knowledge of such profiles may assist clinicians to better 

detect and follow HD patients with depression who may show worsening over time.

The advanced progression represented by the highest cluster group warrants additional 

study. In all models, the last group showed the most elevated level of depression symptoms, 

along with the highest levels of motor and cognitive impairments. The last group also had 

the largest depression variability (see Figure 1), with individuals ranging from severe 

depression (29 ≤BDI ≤ 63) to minimal depression (BDI ≤ 13). Variability indicates HD 

progression may or may not be accompanied by clinical depression. One possibility is that 

the intermediate progression groups may or may not have depression. Because all cohorts 

end up in the last panel in terms of motor signs and cognitive performance, it could be that 

constant depression levels could lead to the high observed variability. This finding is 

consistent with earlier reports of cross-sectional data suggesting the highest levels of 

depression are found in the phase of disease just prior to diagnosis and in stages II–III where 

independence in daily living skills decline (Paulsen et al., 2005; Nehl, Ready, Hamilton, & 

Paulsen, 2001). Additional variables – perhaps genotypic variables – might be needed to 

account for the inflated variation observed in the most progressed group.

An important consideration is whether the results were influenced by existing depression 

treatments. For the groups that showed consistently lower levels of depression over time, 
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there is little or no evidence this was due to antidepressant medication. In fact, there was a 

positive correlation between depression and medication. In the low-level groups, 

participants reported 5% to 10% of antidepressant use at baseline, which were lower rates 

than for the groups with higher depression levels. For example, in the 6-group model, for 

Group 3 and 5, only 6% and 10% of participants respectively, reported taking an 

antidepressant at baseline. This was in comparison to the other groups that reported 

antidepressant use of 13% for Group 1, 34% for Group 2, 21% for Group 4, and 41% for 

Group 6.

The subgroups discovered in this study can be related to groups from previous analysis 

(Zhang et al., 2011). When the subgroups were compared to baseline CAP groups (Table S1 

in the Supplemental Materials), all cluster solutions showed that the first group tended to be 

comprised mainly of individuals in the Low and Medium groups, whereas the last group 

tended to include more individuals in the High group. The fact that the cluster analysis 

produced groups that tended to be stratified by CAP score provides evidence for the validity 

of CAP as an index for progression. Clustering was based solely on phenotypes, but the 

groups were roughly characterized by genotype and exposure (age) as computed in CAP. Of 

interest is that depression does not appear to systematically vary by CAP, except perhaps 

very early or very late in the disease. There may be contexts in which psychiatric 

phenotypes, such as depression, may account for variability separately or in addition to 

CAP. Additional psychiatric domains might show similar results as depression and should 

be considered in future research.

Our results have potential implications for the planning of HD intervention studies. The 

success of clinical trials depends on the sensitivity of endpoints for detecting treatment 

effects.

An important issue in the recruitment of HD participants is whether those recruited are 

displaying sufficient levels of symptom severity to demonstrate alleviation (Long et al., 

2014; Paulsen et al., 2013; Paulsen & Long, 2012). Once a clinical endpoint has been 

identified (e.g., motor signs), natural history deterioration in untreated patients is necessary 

for an intervention to show a treatment effect by varying with the natural disease decline. 

Subgroup analysis might be used to help identify appropriate HD candidates for clinical 

trials. For example, patients with a profile consistent with the last group in Figure 1 (for all 

solutions) might be best for studying whether an effective treatment can improve depression, 

cognition, and motor function simultaneously. Motor and cognitive function show 

significant longitudinal deterioration and depression shows an elevated overall level. 

Subgroups of HD without depression may be less useful since it has been reported that 

depressive symptoms are associated with poorer cognitive performance (Smith et al., 2012) 

and treatments may improve both depressive symptoms and motor signs (Barone et al., 

2010).

There are some limitations of the current study. Our sample might not be representative of 

all people with prodromal HD since only a limited number of people go through genetic 

testing and participate voluntarily in the PREDICT-HD study. It has been reported that those 

who agree to genetic testing expect fewer problems handling positive gene test results 
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(Codori, Hanson, & Brandt, 1994). This suggests depression prevalence in people with 

prodromal HD might be underestimated by our sample (Epping et al., 2013). As BDI-II is a 

self-report measure of depression symptoms, it might underestimate depression severity, 

especially for more progressed people who may have decreased insight or awareness of 

symptoms (Epping et al., 2013; Duff et al., 2010; Downing et al., 2013; Kim et al., in press).

Another caveat is that no attempt was made to ascertain the “correct” number of groups, 

though the fit indexes in Table 2 offer an indication of relative importance. There appears to 

be relatively strong evidence against a one-group solution, but identification of a best 

multiple-group model is difficult because the fit indexes decreased as the number of groups 

increased (see Table 2). Solutions beyond six groups were not considered because they did 

not converge. Though seven-group and higher solutions might be of interest, it is argued that 

the current results are still useful. The change in the fit statistics for the last two solutions 

was relatively slight. We might expect even less change for higher-group solutions 

indicating that the added insight might be limited. Moreover, since the clusters appear to be 

generated by progression status at study entry, we expect additional groups to represent even 

greater gradations of initial progression. Given the similarity in conclusions based on our 

four-, five-, and six-group solutions, it is reasonable that the seven-group and higher 

solutions would show similar patterns and lead to the same conclusions about the 

combination of motor signs, cognitive performance, and depression symptoms.

The identification of distinct subgroups was based on the selected outcome measures. The 

variables we used to cluster participants were not exhaustive, as signs and symptoms can 

also be influenced by other factors such as comorbid conditions and lifestyle behaviors. 

Using different outcome measures might yield different subgroups. GMM can also be 

performed using both the outcome measures and other patient characteristics. This unified 

model accounts for classification uncertainty and provides unbiased parameter estimates and 

standard errors for the secondary analyses (McIntosh, 2013). This research can be extended 

to examine the association between different multidimensional trajectories and a health-

related outcome such as a diagnosis of HD.

In summary, we found that people with prodromal HD represent a heterogeneous group with 

regards to depression symptoms. Identifying progression cohorts with different levels of 

depression might lead to better treatment regimens and elucidation of the underlying 

pathophysiology of HD.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1. 
Motor, cognitive, and depressive signs and symptoms in people with prodromal HD 

measured by total motor score (TMS), symbol digit (SDMT), and Beck Depression 

Inventory (BDI). Each row shows two to six group trajectories for each outcome. Each panel 

shows variability of individual trajectories (grey) around the group mean trajectory (blue) by 

group for each outcome. Grp = group.
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Table 1

Participant characteristics at baseline and the longitudinal structure of the sample

Variables N, Mean (SD), Median (Min-Max) or %

Number of participants 521

Age (yrs) 42.26 (9.99)

Sex (% Male) 38

CAG repeat length 42.27 (2.42)

Education (yrs) 14.51 (2.67)

CAP score 351.07 (80.78)

Antidepressant use (%) 22

History of depression (%) 37

Number of follow-ups 5 (4-7)

Time from study entry to last follow-up (yrs) 4.5 (2.76-6.58)

Average time between the repeated measurements (yrs) 1.04 (0.21)

Note. yrs = years; CAG = cytosine-adenine-guanine; CAP = CAG-Age Product.
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Table 2

Model comparison of growth mixture models with different numbers of groups

No. of Class No. of Parameters logL AIC BIC BICadj BIC Difference (k-1 class vs. k class) BIC % Change

1 30 −6950 14554 14681 14586 NA NA

2 61 −6383 12888 13147 12954 1534 10.5 %

3 92 −5998 12181 12572 12280 575 4.4 %

4 123 −5742 11729 12253 11862 319 2.6 %

5 154 −5575 11459 12114 11625 139 1.2 %

6 185 −5471 11312 12099 11512 15 0.1 %

Note. logL = log likelihood; AIC = Akaike's information criteria; BIC = Bayesian information criteria; BICadj = sample-size adjusted BIC; BIC 

Difference = BIC difference between k-1 class model and k class model (k≥2); BIC % change = BIC Difference /BIC of k-1 class model (k≥2)
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