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Abstract 

Background and Aims: Cognitive impairments are one of the primary hallmarks symptoms of 

bipolar disorder (BD). Whether these deficits are markers of vulnerability or symptoms of the 

disease is still an open debate. This study used a component-wise gradient (CGB) machine 

learning algorithm to identify cognitive measures that could accurately differentiate pediatric BD, 

unaffected offspring of BD parents, and healthy volunteers.  

Methods: 59 healthy controls (HC; 11.19±3.15 yo; 30 girls), 119 children and adolescents with 

BD (13.31±3.02 yo, 52 girls) and 49 unaffected offspring of BD parents (UO; 9.36±3.18 yo; 22 

girls) completed the CANTAB cognitive battery.  

Results: After algorithm training, CGB achieved accuracy of 71.4% and an AUROC of 0.797 in 

classifying individuals as either BD or non-BD on a dataset held out for validation for testing. The 

strongest cognitive predictors of BD were measures of affective processing and sustained 

attention. Measures of cognition did not differentiate between unaffected offspring and HC. 

Conclusions: Our findings suggest that alterations in affective processing and sustained 

attention are markers of BD in pediatric populations. Longitudinal studies should determine 

whether UO with a cognitive profile similar to that of HC in late childhood or early adolescence 

are at less or equal risk for mood disorders. Future studies should include relevant cognitive 

measures for BD such as verbal memory and individuals’ genetic risk scores.   
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Introduction 

Cognitive deficits are recognized core deficits of bipolar disorder (BD) alongside mood 

alterations (Burdick, Goldberg, Harrow, Faull, & Malhotra, 2006). Specifically, impairment in the 

domain of verbal memory and executive functions have been shown to persist across all phases 

of BD (Martínez-Arán et al., 2004) and are strong predictors of clinical outcomes such as risk for 

relapse and global functioning (Bauer, Hautzinger, & Meyer, 2017; Bora, Harrison, Yücel, & 

Pantelis, 2013; Mora, Portella, Forcada, Vieta, & Mur, 2013; Roux et al., 2017). BD is a highly 

heritable disease and the risk to develop BD is approximately 8 times higher in first-degree 

relatives (e.g. offspring, siblings, twins) than in those of patients with non-BD major depression 

(Tsuang, Tohen, & Jones, 2011; Wilde et al., 2014). First-degree relatives of BD patients are also 

approximately four times more likely to develop any kind of mood, anxiety and attention deficit 

hyperactivity disorders (Chang, Steiner, Dienes, Adleman, & Ketter, 2003; Glahn, Bearden, 

Niendam, & Escamilla, 2004) (Akdemir and Gökler, 2008; Lapalme, Hodgins, & LaRoche, 1997; 

Mesman, Nolen, Reichart, Wals, & Hillegers, 2013; Robinson et al., 2006).  

Whether or not cognitive impairment is a hallmark of the disease or rather the result of the disease 

is still controversial because of the limited number of family studies including relatives of BD 

patients and the challenges in recruiting these vulnerable individuals.  

Early identification of symptoms for treatment and prevention purposes are primary 

research targets in BD. Adolescent offspring of BD parents display deficits in processing speed 

(de la Serna et al., 2017) verbal learning and memory, and cognitive planning (Lin et al., 2017). 

They also show reduced sensitivity to targets during a sustained attention task (Diwadkar et al., 

2011) and a pronounced attentional bias favoring affective over neutral stimuli (Bauer et al., 2015; 

Gotlib, Traill, Montoya, Joormann, & Chang, 2005). Adult relatives of BD patients displayed 

deficits in verbal memory, spatial working memory and processing speed (Calafiore, Rossell, & 

Van Rheenen, 2018). Unaffected adult siblings of BD patients with global premorbid and 

intellectual quotient (IQ) deficits perform poorly on a verbal memory task when compared to 
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healthy volunteers (Russo et al., 2017). Our previous work using non-verbal tasks found that 

unaffected adult siblings of BD patients encountered difficulties on a task of visual sustained 

attention when compared to healthy volunteers but had intermediate levels of performance 

between healthy volunteers and BD (Bauer et al., 2016). A primary limitation of these studies was 

the focus on specific cognitive domains and the small sample size the heterogeneity of measures 

used in these studies. Thus, the reproducibility and generalizability of these findings is debatable.  

Machine learning offers a set of tools that may be able to address some of these 

limitations. Learning algorithms are typically trained in a dataset to identify parameters able to 

distinguish individual subjects across groups (BD vs HC). The algorithm with optimal parameters 

is then tested in an independent dataset to assess its accuracy and generalization ability (Dwyer, 

Falkai, & Koutsouleris, 2018). Our previous studies successfully applied machine learning 

algorithms to identify CANTAB cognitive measures identifying BD vs HC with a 71% accuracy 

(M.-J. Wu et al., 2016). More recently, we showed the high interpretability and suitability of the 

component-wise gradient boost (CGB) learning algorithm to build a predictive model for the onset 

of adolescent depression from a longitudinal data set of inflammatory proteins (Walss-Bass et al., 

2018) and a model predicting aggression from a set of psychosocial and genetic variables 

(Suchting, Gowin, Green, Walss-Bass, & Lane, 2018; Walss-Bass, Suchting, Olvera, & 

Williamson, 2018). To date, however, no study has applied machine learning algorithms to identify 

cognitive profiles of children and adolescents with BD.  

Inspired by our previous CANTAB and CGB work in adults with BD and depression using 

machine learning methods (M.-J. Wu, et al., 2016), this study aimed to identify the cognitive profile 

of pediatric BD using a CGB approach. We also decided to extend this work to offspring of BD 

parents and determine whether CGT could identify CANTAB measures that distinguished 

unaffected offspring of BD parents from pediatric BD and healthy controls.  

 



Cognitive profiles and vulnerability to bipolar disorder 5 

Methods and materials 

Subjects 

Our sample included 59 healthy controls (HC; 11.19±3.15 years; 30 girls), 119 children 

and adolescents with BD (13.31±3.02 years; 52 girls) and 49 unaffected offspring of BD parents 

(UO; 9.36±3.18 years; 22 girls). Participants were recruited at the University of North Carolina at 

Chapel Hill (UNC) and at the University of Texas Health Science Center at Houston. The study 

protocol was approved by the local institutional review boards and informed consent was obtained 

from all the participants. Participants included in this study had no current medical disorder 

including neurological disorders and traumatic brain injury. Children and adolescents with BD and 

offspring of parents with BD had at least one parent who met criteria for BD as determined via a 

detailed family history assessment. Unaffected offspring of BD had not taken prescribed 

psychotropic medication at any point in their lives and were not biologically related to the children 

and adolescents with BD included in this study. Individuals with BD reported comorbidities such 

as attentional deficit hyperactivity disorder (ADHD; n=15), Anxiety Disorders including social 

phobia and generalized anxiety disorder (n=5), and conduct disorders (n=2). 95 out 119 patients 

with BD reported taking medications including antidepressants (n=26), antipsychotics (n=24), 

stimulants (n=6), and anti-convulsants (n=4) (Table 1). Healthy controls with an immediate family 

history of any Axis I disorder and/or who had taken any prescribed psychotropic medication at 

any point in their lives were excluded. Children and adolescents with history of substance abuse 

in the six months prior to enrollment, schizophrenia, developmental disorders, eating disorders 

and intellectual disability were also excluded. Female participants of reproductive age underwent 

a urine pregnancy test. The primary reasons for excluding pregnant participants were: 1. 

Cognitive performance was found to be poorer in pregnant women compared to control women, 

particularly during the third trimester (Davies, Lum, Skouteris, Byrne, & Hayden, 2018). 2. The 

effects of performing computerized cognitive tasks and associated tasks included in our studies 
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to pregnant women and their unborn children are underexplored. All participants underwent a 

urine drug screen to exclude illegal drug use. 

 

Clinical assessment 

Psychiatric diagnosis was established using the Kiddie Schedule of Affective Disorders 

and Schizophrenia-Present and Lifetime Version (K-SADS-PL) interview (Kaufman, Birmaher, 

Brent, Rao, & Ryan, 1996) based on the Diagnostic and Statistical Manual of Mental Disorders 

(DSM-IV) criteria, and confirmed subsequently in a clinical evaluation with a research psychiatrist. 

All parents (of individuals with BD and BD offspring) who reported previous BD diagnosis had 

their diagnosis ascertained by the Structured Clinical Interview for the Diagnostic and Statistical 

Manual of Mental Disorders Axis I (SCID I) (First, Spitzer, Gibbon, & Williams, 2012). All interviews 

were administered to participants by trained evaluators, and were later reviewed by a board-

certified psychiatrist. The affective state was assessed with the Young Mania Rating Scale 

(YMRS; (Young, Biggs, Ziegler, & Meyer, 1978)) and the Children Depression Rating Scale 

(CDRS; Poznanski et al., 1984). Both instruments have satisfactory psychometric properties 

(YMRS: Cronbach α=.80, convergent validity: r=.83 (Fristad, Weller, & Weller, 1995); CDRS: 

Cronbach α=.85, item-total correlations ranged from .28 to .78, convergent validity: r= .92 

(Poznanski and Mokros, 1996).  

 

Cognitive assessment 

CANTAB 

Participants performed the computerized Cambridge Neurocognitive Test Automated 

Battery (CANTAB - http://www.cantab.com). This cognitive battery was chosen based on the 
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established sensitivity to cognitive impairment in psychiatric disorders (28). In the current study 

we focused on tasks that have been previously shown to be impaired in BD when compared to 

HC (Bauer, et al., 2015; M.-J. Wu, Mwangi, Bauer, et al., 2017; M.-J. Wu, et al., 2016). 

Specifically, we administered the Affective Go/No-Go task (AGN), the Cambridge Gambling Task 

(CGT), Rapid Visual Processing (RVP), the Motor Screening (MOT), Big/Little Circle (BLC), Intra-

Extradimensional Set shift (IED), working memory (Spatial Span task - SSP), and spatial memory 

(Spatial Recognition Memory – SRM). Variables of interest across tasks included reaction times 

and accuracy (number of correct responses, commission and omission errors). The tasks of the 

CANTAB included in the present study are described in Tables 2 and 2S. 

----- 

Table 2 here 

------ 

Data Analytic Strategy 

 

Exploratory analyses 

 

Statistical analyses were performed using IBM SPSS statistics (Version 21.0) and the 

caret package (v. 6.0-79) in the R statistical computing environment. Normality assumptions were 

examined. One-way ANOVAs and χ2 analyses were used to compare demographic and clinical 

differences between groups. All predictors were z-scored and all variables were on the same 

metric in terms of standard deviations (SD).  

 

 

Component-Wise Gradient Boosting (CGB) 
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 The present study utilized the component-wise gradient boosting (CGB; (Bühlmann and 

Hothorn, 2007)) machine learning algorithm as implemented in the mboost package (Hothorn et 

al., 2017) in the R statistical computing environment (R Core Team, 2018) to build models that 

may classify our individuals as HC, BD, or UO based on a set of 30 cognitive test predictors and 

accounted for the covariates age, sex, education, and site. Specifically, for each comparison, the 

CGB algorithm was “free” to select from the entire set of cognitive predictors as well as the 

demographic covariates (i.e., age, sex, education, site). In other words, the algorithm could, for 

instance, determine whether age was relevant to the classification and choose to include it as a 

covariate or choose not to include it.  

Table 1S includes a list of the candidate predictors. Following an initialization step, the 

CGB algorithm develops a series of models, each of which explains variability that was not 

explained by previous models (Friedman, 2001, 2002). Each constructed model in the series 

selects one predictor at a time, and after a certain number of iterations (an algorithm parameter 

called “mstop,” tuned via K-fold cross validation using 75% of the original data for algorithm 

training), a final model is established and subsequently evaluated using the remaining 25% of the 

original data held out for algorithm testing. A shrinkage parameter, nu, was held at 0.1 by 

convention (Hofner, Mayr, Robinzonov, & Schmid, 2014). As the number of training iterations is 

finite, and any given predictor may be chosen as many times as the necessary, the tuned 

algorithm contains only those predictors that best explain variability in the outcome. Further, this 

iterative process is inherently penalized and addresses potential collinearity effects (Hofner, et 

al., 2014).  

 

 

 

 

CGB models 
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CGB was used to develop four models, each with a different split of the diagnosis outcome: 

model 1 examined three-class diagnosis (HC vs BD vs UO) using a multinomial logistic function, 

model 2 classified HC vs UO, model 3 classified BD vs UO, and model 4 classified combined 

HC/UO vs BD. This modeling strategy was developed a posteriori based on the success of each 

model to classify based on diagnosis. Algorithm performance was evaluated by making 

predictions on the held-out test set. Classification success was measured using performance 

metrics including accuracy, sensitivity, specificity, and area under the receiver operating 

characteristic curve (AUROC). Accuracy was assessed for each model by comparing frequencies 

of observed classification to predicted classification in a table called a confusion matrix. This 

matrix compared each model’s accuracy (% correctly classified vs % incorrectly classified) to a 

baseline no information rate (NIR) that would be achieved from simply selecting the most frequent 

category in the observed data. Predicted classification accuracy was assessed for each model 

using a confusion matrix of predicted classification vs observed classification. This matrix 

compared each model’s predicted accuracy to a given NIR that would be achieved from selecting 

the most frequent category in the observed data. The NIR is defined as the percentage of a 

classification variable that represents the most frequent category. A significance test established 

the degree to which the predicted accuracy was or was not superior to the NIR. For instance, 

when comparing 119 BD to 59 HC and 49 UO the NIR would be equal to 119 divided by the sum 

of 59, 119 and 49.  

 

Results 

Group characteristics 

Demographics and clinical features of the participants included in this study are reported 

in Table 1. The three groups were comparable in terms of gender and ethnicity. As expected, 
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BD’s YMRS and CDRS scores were elevated compared to those of HC. BD reported higher 

education levels than HC and UO (p<.05). UO were younger than HC and BD (p<.01). Based on 

this result, age differences were accounted for in all CGB analyses. As illustrated in Table 2S 

correlation coefficients between the cognitive variables were overall below Pearson’s r=.5 thus 

showing a weak linear relationship between variables. Means and standard deviations of the 

cognitive variables included in our analyses are presented in Table 3S. 

----- 

Table 1 here 

------ 

 

Component-Wise Gradient Boosting  

 

Model 1 – Multinomial model classifying HC vs BD vs UO 

 

The CGB algorithm retained 17 predictors of the three-level diagnosis outcome. 

Optimization of the mstop parameter occurred at 946 iterations. HC was the reference category 

for this comparison and regression coefficients and odds ratios for UO and BD are provided in 

Table 3. The strongest retained cognitive predictors were Affective Go/No-Go (AGN) Mean 

Correct Latency (UO O.R. = 0.78; BD O.R. = 0.54) and Big Little Circle (BLC) Mean Correct 

Latency (UO O.R. = 0.91, BD O.R. = 1.27). In other words, one standard deviation increase in 

Affective Go/No Go Mean Correct Latency (i.e. slower cognitive reaction times) was related to a 

22% decrease in the odds of being UO relative to HC, and a 46% decrease in the odds of being 

BD relative to HC.  
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One standard deviation increase in BLC mean correct latency (e.g. slower motor reaction times) 

reflected a 9% decrease in the odds of being UO and a 27% increase in the odds of being BD 

relative to HC.  

 

53% of observations were correctly classified, with correct classification rates for HC = 33%, BD 

= 76%, and UO = 21%. This overall classification accuracy was, however, not significantly greater 

than the NIR of 52.7% (p = 0.554). Based on this result, selected pairwise splits of the three-level 

outcome variable were tested to further understand diagnosis. 

 

------ 

Table 3 here 

------ 

Model 2 – Model classifying HC vs UO 

 

The CGB algorithm retained 3 predictors of the binary outcome. Optimization of the mstop 

parameter occurred at 14 iterations. Table 4 provides the regression coefficients and odd ratios 

for predicting UO relative to the reference category HC.  

The strongest retained predictor was AGN Total commission errors (O.R. = 0.77). This means 

that one standard deviation increase in AGN Total Commission errors was associated with a 23% 

decrease in the odds of being UO relative to HC.  

 

Classification performance found that 61.5% of observations were correctly classified with an area 

under the receiver operating characteristic curve (AUROC) = 0.643. The predicted accuracy was 
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not greater than the NIR of 53.9% (p = 0.279). The algorithm was more successful in identifying 

HC (71.4%) than UO (50%).  

 

Model 3 – Model classifying BD vs UO  

 

The CGB algorithm retained 7 predictors of the binary outcome. Optimization of the mstop 

parameter occurred at 86 iterations. The strongest retained cognitive predictors were Affective 

Go/No-Go total commission errors (O.R. = 0.79) and Spatial Recognition Memory (SPM) Mean 

Correct Latency (O.R. = 1.05).  

This means that one standard deviation increase in AGN total commission errors and SPM mean 

correct latency was linked to a 21% decrease and a 5% increase, respectively, in the odds of 

being UO relative to BD. Classification performance on the held-out test set found that 78% of 

observations were correctly classified, with AUROC = 0.902. This classification accuracy was not 

significantly greater than the NIR of 70.7% (p = 0.197). The algorithm was more successful in 

identifying BD (86.2%) than UO (58.3%) (Table 4).  

 

Model 4 – Model classifying HC+UO vs BD 

 

Given the lack of success differentiating between HC and UO by previous algorithms, the 

categories were combined and classified against BD. The CGB algorithm retained 12 predictors 

of the binary outcome. Optimization of the mstop parameter occurred at 64 iterations. HC+UO 

was the reference category for this comparison.  

 

The strongest retained cognitive predictors were Affective Go/No-Go mean correct latency (O.R. 

= 0.78) and Rapid Visual Processing total correct responses (O.R. = 0.93). This means that one 

standard deviation increase in AGN mean correct latency reflected a 22% decrease in the odds 
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of being BD. An increase in RVP total correct responses was associated with a 7% decrease in 

the odds of being BD.  

 

Classification performance on the held-out test set found that 71% of observations were correctly 

classified, with AUROC = 0.797 (Figure 1). This classification accuracy was significantly greater 

than the NIR of 51.8% (p ≤ 0.002). The algorithm was slightly worse at classifying HC+UO (59.3%) 

than BD (82.8%) (Table 4).  

 

----- 

Figure 1 and Table 4 here 

------ 

 

Discussion 

In this study we used component-wise gradient boosting (CGB) to determine whether 

cognitive variables from the CANTAB battery could differentiate pediatric BD from unaffected 

offspring (UO) of BD parents and HC. This study aimed to expand on our work on how to better 

identify cognitive profiles of BD youth using machine learning algorithms (M.-J. Wu, Mwangi, 

Bauer, et al., 2017; M.-J. Wu, et al., 2016). 

To our knowledge, the CGB approach has never been applied to cognitive measures in 

the field of psychiatry (Bühlmann and Hothorn, 2007). One of the advantages of CGB over other 

machine learning algorithms is the high interpretability of the model. This is due to the high degree 

of variable screening performed by the algorithm. Further, the “significance tests” in the 

abovementioned models rely on the accuracy rates of tuned algorithms as compared to the 

baseline no information rate (NIR) and odds ratios provide the best index of the unique effect of 
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each variable (Hofner, et al., 2014). CGB has been previously used to predict biological and 

psychosocial markers of psychiatric disorders (Suchting, et al., 2018; Walss-Bass, et al., 2018) 

an appears, therefore, to be a valuable tool to identify vulnerability markers in psychiatry. 

Due to the low accuracy of Models 1, 2, and 3 we decided to explore the data further and 

combined HC and UO to classify them against BD. We made this decision for the following 

reasons. The lack of significant cognitive predictors able to distinguish UO and HC were in line 

with previous evidence showing that a subcluster of UO perform comparably to HC on a range of 

cognitive tasks (Peredo, Jomphe, Maziade, Paccalet, & Merette, 2018). Further, another study 

showed that UO may differ from HC on verbal rather than visuo-spatial tasks (Calafiore, et al., 

2018) such as those included in the CANTAB. We therefore concluded that, from a cognitive 

viewpoint, our HC and UO were relatively similar and could be included in the same comparison 

group.   

As shown in Model 4, the primary variables of interest were AGN Mean Correct Latency 

and Rapid Visual Processing total correct responses. The algorithm provided moderate ability to 

discriminate between HC+UO and BD across all possible probability thresholds (AUC = 0.797). 

The latter finding compares well to machine learning efforts in other studies in psychiatry. Some 

examples include AUC = 0.77 for discriminating between suicide attempters and non-attempters 

(Passos et al., 2016); AUC = 0.74 for predicting methamphetamine use relapse (Gowin, Ball, 

Wittmann, Tapert, & Paulus, 2015), and AUC = 0.76 for predicting heart failure six months before 

a clinical diagnosis (J. Wu, Roy, & Stewart, 2010). Further, our previous work using a least 

absolute shrinkage operator (LASSO) machine learning algorithm on CANTAB measures 

correctly distinguished adults with BD from HC with an accuracy of up to 92% (M.-J. Wu, et al., 

2016)(M.-J. Wu, Mwangi, Bauer, et al., 2017). Partially consistent with the present findings, in our 

previous studies, the most relevant neurocognitive included the AGN correct latency times and 

AGN commission errors. Overall, these findings suggest that latencies in response to affective 

stimuli are promising markers of BD in both adult and pediatric populations.  
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Although CGB could not accurately classify UO vs HC, UO vs BD, and BD vs HC+UO above the 

required NIR level (see Models 1 to 3), it is noteworthy mentioning that Model 1 found that slower 

response times to affective stimuli reduced the odds of being BD relative to HC. However, slow 

motor processing speed (on the BCL) increased the odds of being BD rather than HC. These 

findings were partially in line with our previous work in BD offspring (Bauer, et al., 2015) which 

found that pediatric BD displayed impulsive and inaccurate responses the AGN task but not on a 

non-affective task (RVP). Thus, Taken together, findings from Models 1 and 4 support the 

hypothesis that impaired processing of emotionally salient information is a marker of vulnerability 

to BD (Murphy and Sahakian, 2001; M.-J. Wu, Mwangi, Passos, et al., 2017).  

Further, Model 2 showed that a greater number of AGN commission errors reflected a 

decrease in the odds of being UO relative to HC. Along the same line, in our 2015 study, the 

performance of healthy BD offspring was comparable to that of HC. It has been previously shown 

that healthy high-risk individual (aged 14.0±2.4 years) succeeded in labelling face emotions but 

displayed a stronger amygdala response compared with BD and healthy controls in response to 

fearful stimuli (Olsavsky et al., 2012). Thus, one could argue that healthy offspring have a unique 

pattern of response to affective stimuli due to potentially stronger fronto-limbic connectivity. There 

is, however, little longitudinal data available to provide evidence that this type of functional profile 

is associated with less or no cognitive deficits and offers protection against the development of 

mood disorders.  

The current study has a number of limitations. UO were younger (9.36±3.18 years) than 

BD and HC. This means that these children’s neurodevelopment and education (see Table 1) 

were not in line with that of the other groups. We addressed this issue by including the covariate 

“education” in our analyses. Further, their cognitive performance did not distinguish them from 

HC and BD. Imbalances across groups (e.g. 119 BD, 49 offspring) may have hindered the CGB 

performance to identify differences between BD and UO. However, boosting techniques (including 
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CGB) are known to handle imbalanced classes better than traditional classifiers (García-Pedrajas 

and García-Osorio, 2013). 

Another potential limitation is that 35 of our BD participants did not specify whether they were on 

psychotropic medication and we had no specific IQ information for all our participants. Hence, this 

type of information could not be suitably integrated in our analyses. It is important to note that IQ 

scores vary dramatically in the teenage years. In a 4-year follow-up study, up to 39% of 

adolescents aged 12 to 16 years showed shifts of +/- 23 points in verbal and performance IQ. 

These fluctuations were found to be closely related to maturational changes in the sensorimotor 

and cerebellar brain regions (Ramsden et al., 2011). These findings are important because they 

show that, in adolescents, cognitive performance may fluctuate due to age-related neural changes 

(Price, Ramsden, Hope, Friston, & Seghier, 2013).  Although we had no specific information on 

the IQ of our participants, the educational achievement of our BD participants was greater than 

that of HC. Given the strong positive correlation between education and IQ (Brinch, Bratsberg, & 

Raaum, 2012)(Jonsson et al., 2017), it could be hypothesized that our BD participants had high 

IQ scores and the ability to perform comparably to, if not better than, HC. The cognitive differences 

observed between BD and HC and UO are therefore likely to originate from biological differences 

between groups rather than differences in intelligence per se.  

From a methodological viewpoint, the CANTAB battery does not include tasks of verbal learning 

and memory, which are cognitive domains that have been found to be impaired in adult BD 

populations (Burdick et al., 2011; Van Rheenen and Rossell, 2014). Thus, the tasks used in the 

current study may have not been sufficiently specific and sensitive to detect subtle differences in 

performance between UO, HC and BD. One could also speculate that, as observed in adults with 

BD, pediatric BD and high-risk individuals, such as offspring and siblings of BD patients, may 

display a number of cognitive subprofiles (Russo, et al., 2017; Van Rheenen et al., 2017). 

Similarly, there is cognitive variability even among HC (Rabinowitz and Arnett, 2013) so outlining 

differences between high-risk and HC may pose a challenge.   
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A major strength of our study is that, unlike previous studies using samples of individuals 

vulnerable to go on to develop BD, our work included only unaffected offspring of BD parents and 

unrelated BD patients, thus circumventing the confounding effect of shared environmental factors. 

Further, it used a novel machine learning algorithm, CGB, which provides highly interpretable and 

replicable findings. Our sample size was relatively large compared to previous offspring studies 

(n=49) and, given the young age of our participants, long-term medication effects were likely to 

be minimal.  

In sum, although cognitive measures may not have “diagnostic power” as such, clinicians 

may benefit from these preliminary findings to focus on the strongest predictors in borderline 

cases where diagnostic criteria may be unclear. Future studies should consider adopting a 

longitudinal design to determine whether cognitive deficits appear just prior to the onset of the 

disease, and whether there is a critical age to predict the onset of the disease.  
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Table 1: Demographic and Clinical Characteristic of the Sample (mean ± standard 
deviation). 
 HC 

mean (SD) 
BD  

Mean (SD) 
Offspring 
Mean (SD) 

F/chi-
square 

p-value 

Age (years) 11.19±3.15 13.31±3.02 9.36±3.18 30.58 .00**#, ## 
Female/total 30/59 52/119 22/49 .83 .66 
Bipolar type - 53 BDI 

12 BDII 
54 BD-NOS 

-   

Education 
(years) 

5.17±3.024 6.92±2.93 3.47±3.163 24.27 .00*#,## 

Ethnicity 25 C 
7 H 
18 AA 
3 A 
6 Multiracial 

44 C 
25 H 
37 AA 
13 Multiracial 

18 C 
8 H 
17 AA 
6 Multiracial 

11.1 .2 

YMRS .34±.76 8.4±7 .48±1.03 58.04 .00*# 
CDRS 17.44±1.12 27.33.72±7.4 17.56±1.42 14.1 .00*# 
Age of onset 
(years) 

- 10.75±3.14 -   

Most recent 
mood episode 

- 41 depressed 
5 mixed 
4 manic 
8 hypomanic 

-   

Currently or 
previously taken 
any psychotropic 
medicine 
(N/total) 
 
 

- 95/119*** 
 
4 anti-convulsant 
26 
antidepressant 
24 
antipsychotics 
6 stimulants.  

-   

Primary 
Comorbidities 
 
 

- 15 ADHD 
2 Conduct 
Disorder 
5 Anxiety 
Disorders 

-   

Abbreviations: A:Asian; AA: African American; BD: Bipolar Disorder; C: Caucasian; GAF: 
Global Assessment of Functioning; GAD: Generalized Anxiety Disorder; H: Hispanic; HC: 
Healthy Controls;  
Comparisons: #:BD vs HC, ##:BD vs offspring; *p<.05, **p<.01 
***35 participants were taking medication at the time of testing but did not specify whether 
it was a psychotropic treatment.  
  



Table 2. Cognitive tasks and measurements.  

No. CANTAB Task Evaluation Measurements 
1 Affective Go/No-Go 

(AGN) 
Affective and 
Cognitive control 

Reaction time, accuracy 

2 Big/Little Circle (BLC) Motor speed Reaction time, accuracy 
3 Cambridge Gambling 

Task (CGT) 
Decision-making Reaction time, accuracy, proportion 

bets across trials with 
more/equally/less likely outcome 

5 Motor Screening (MOT) Motor processing 
speed 

Reaction time 

6 Match to Sample Visual 
Search (MTS) 

Visuo-motor speed Reaction time, accuracy 

7 Rapid Visual Processing 
(RVP) 

Sustained attention Reaction time, accuracy 

8 Spatial Recognition 
Memory (SRM) 

Spatial memory Reaction time, accuracy 

9 Spatial Span task (SST) Spatial working 
memory 

Span length, number of attempts, 
reaction times 

 

 

  



Table 3. List of the most relevant cognitive variables in predicting membership status 
(Healthy Controls (HC), Bipolar Disorder (BD), Unaffected Offspring (UO)) sorted by 
magnitude from highest to lowest.The predicted category is indicated by column heading 
compared to the reference category (HC). Positive regression coefficients indicate higher 
scores in HC patients as compared to BD and UO. Negative coefficients suggest lower 
scores in HC compared to UO and BD patients.  

 
Regression Coefficient Odds Ratio 

Variable UO BD UO BD 

Site -0.167 0.834 0.846 2.303 
Age -0.425 0.802 0.654 2.230 
Motor Screening Mean 
Latency -0.037 0.170 0.964 1.185 

Affective Go/No-Go  
Total commission errors -0.298 0.165 0.743 1.180 

Intra/Extradimensional 
Completed stage trials -0.077 0.138 0.926 1.148 

Big Little Circle  
Mean correct latency -0.095 0.128 0.909 1.136 

Affective Go/No-Go 
Mean Correct Latency -0.126 -0.616 0.882 0.540 

Match to Sample Visual 
Search Percent Correct -0.050 0.095 0.951 1.100 

Big Little Circle  
Percent Correct 0.085 -0.103 1.088 0.902 

Spatial Recognition 
Memory Percent Correct -0.068 -0.128 0.934 0.880 

Cambridge Gambling 
Task Overall Proportion 
bet 

-0.161 -0.026 0.851 0.974 

Cambridge Gambling 
Task Risk Adjustment -0.016 -0.045 0.984 0.956 

Rapid Visual Processing 
Total Hits -0.463 -0.008 0.630 0.992 

Cambridge Gambling 
Task Quality of Decision 
Making 

-0.006 -0.140 0.994 0.870 

Intra/Extradimensional 
Completed stage trials -0.003 0.005 0.997 1.005 

Rapid Visual Processing 
Total Correct Responses -0.002 -0.005 0.998 0.995 

 

 

 

 



Table 4. List of the most relevant cognitive variables in predicting membership status 
(Healthy Controls (HC), Bipolar Disorder (BD), Unaffected Offspring (UO)) sorted by 
magnitude from highest to lowest. The predicted category is indicated by column 
heading compared to the reference category (HC). Positive boosted regression 
coefficients indicate higher scores in HC patients as compared to BD and UO.  Negative 
boosted coefficients suggest lower scores in HC compared to UO and BD patients.  

Comparison Variable Coefficient Odds Ratio 

HC vs UO 

Affective Go/No-Go Total 
commission errors -0.184 0.832 
Cambridge Gambling Task 
Deliberation Time 0.147 1.158 
Rapid Visual Processing Total 
Correct Responses -0.029 0.972 

BD vs UO 

Age -0.632 0.531 
Affective Go/No-Go Total 
commission errors -0.181 0.835 
Motor Screening Mean Latency -0.103 0.902 
Spatial Recognition Memory Mean 
Correct Latency 0.094 1.098 
Big Little Circle Percent Correct 0.081 1.084 
Site -0.075 0.928 
Affective Go/No-Go Mean Correct 
Latency 0.071 1.074 
Intra/Extradimensional Pre-ED 
errors -0.057 0.945 
Big Little Circle Mean Correct 
Latency -0.047 0.954 
Cambridge Gambling Task 
Deliberation time -0.008 0.992 

HC/UO vs BD 

Age 0.665 1.944 
Affective Go/No-Go Mean Correct 
Latency -0.238 0.788 
Motor Screening Mean Latency 0.102 1.107 
Cambridge Gambling Task 
Deliberation time 0.102 1.107 
Affective Go/No-Go total omissions 0.097 1.102 
Big Little Circle  
Mean correct latency mean correct 
latency 

0.092 
1.097 

Spatial Span task- Span Length -0.045 0.956 
Big Little Circle Percent Correct -0.044 0.957 
Intra/Extradimensional Pre-ED 
errors 0.043 1.044 
Cambridge Gambling Quality of 
Decision Making -0.029 0.972 
Rapid Visual Processing A” -0.018 0.982 
Intra/Extradimensional Completed 
stage trials 0.009 1.009 

 



Figure 1. Area Under the Receiver Operating Characteristic Curve (AUROC) for the CGB 
model classifying HC+UO vs BD  

 



Table 1S – Candidate Predictors for Component-Wise Gradient Boosting 

 

 

 

 

 

Abbreviations: Affective Go/No-Go-AGN, Big Little Circle-BLC, Cambridge Gambling Task – 
CGT, Match to Sample Visual Search – Intra-Extra Dimensional Set Shift – IED, Motor 
Screening (MOT), Match to Sample Visual Search (MTS), Rapid Visual Processing – RVP, 
Spatial Span task – SSP, Spatial Recognition Memory – SRM  
 

# Name Details 
1 Age Age 
2 Sex Sex 
3 Site Site 
4 AGN-MCL AGN mean correct latency 
5 AGN-TC AGN total commission errors 
6 AGN-TO AGN total omissions 
7 BLC-MCL BCL mean correct latency 
8 BLC-PC BCL Percent Correct 
9 CGT-DA CGT Delay Aversion 
10 CGT-DT CGT Deliberation Time 
11 CGT-OPB CGT Overall Proportion bet 
12 CGT-QDM CGT Quality of Decision Making 
13 CGT-RA CGT Risk Adjustment 
14 CGT-RT CGT Risk Taking 
15 IED-CSE IED  Completed stage errors 
16 IED-CST IED Completed stage trials 
17 IED-PEDS IED Pre-ED errors 
18 IED-SC IED Stages Completed 
19 MOT-ME MOT Mean Error 
20 MOT-ML MOT Mean Latency 
21 MTS-MCMT MTS Mean Correct Movement Time 
22 MTS-MCRT MTS Mean Correct Reaction Time 
23 MTS-PC MTS Percent Correct 
24 RVPA RVP A’(prime) 
25 RVPB RVP B’’(double prime) 
26 RVP-ML RVP Mean Latency 
27 RVP-TCR RVP Total Correct Responses 
28 RVP-TH RVP Total Hits 
29 SRM-MCL SRM Mean Correct Latency 
30 SRM-SDCL SRM Standard Deviation Correct Latency 
31 SRM-PC SRM Percent Correct 
32 SSP-SL SSP Span Length 
33 SSP-TE SSP Total Errors 



Table 2S. Description of CANTAB tasks  

No. CANTAB Task Task Description 
Measurements 

1 Affective Go/No-Go 
(AGN) 

Participants are instructed to respond to either happy (e.g. 
joyful, warmth, courage) or negative words (e.g. mistake, 
hopeless, burden), and inhibit their response to stimuli of 
opposite valence. Stimuli were presented in both a random 
(shift: negative, positive, positive, negative) and sequential 
way (non-shift: positive, positive, negative, negative). 

2 Big/Little Circle (BLC) Visual discrimination tests that evaluates the ability to follow 
an explicit instructional rule and reverse a rule. Participants 
are presented with a series of circles, one large and one 
small. The subject is instructed to point to the smaller of the 
two circles, and then, after 20 trials, to point to the larger 
circle. 

3 Cambridge Gambling 
Task (CGT) 

Task evaluating impulse control and risk-taking behavior. 
Primary outcome measures include 1. deliberation time 
prior to making a bet, 2. risk taking, 3. risk adjustment 
(tendency to bet a high proportion of points on trials with a 
more likely outcome), 4. quality of decision making 
(proportion of bets on gamble trials with a more likely 
outcome), and 5. delay aversion (ratio score representing 
the ability to bet large amounts depending on the odds of 
winning/losing). 

5 Motor Screening (MOT) Participants are presented with a series of crosses in 
different locations on the screen. They are then instructed to 
point to the crosses using the forefinger of the dominant 
hand. 

6 Spatial Recognition 
Memory (SRM): 

This is a test of spatial recognition memory in a 2-choice 
forced discrimination paradigm. A white square is displayed 
in a sequence in five different places on the screen. In the 
recognition phase participants see a series of five pairs of 
squares, one of which is in a place previously seen in the 
presentation phase, and one of which is a distracted. The 
five squares are shown in reverse order. 

7 Rapid Visual Processing 
(RVP) 

Test of continuous performance and visual sustained 
attention. In this task, digits from 2 to 9 appear in a pseudo-
random order on the screen. Participants are instructed to 
click on a press pad every time they see target sequences 
of digits (e.g. 2-4-6, 3-7-9). 

8 Intra-Extradimensional 
Set shift (IED): 

This test evaluates the participant’s ability to focus their 
attention on a stimulus and shift that attention when 
required. 

9 Spatial Span task (SST) Participants are presented with white squares on the 
screen. Some of the squares change in colour, one by one, 
in a variable sequence. At the end of each sequence a tone 
indicates that the subject should touch each of the boxes 
colored by the computer in the same order as they were 
originally presented. 



Table 3S: Correlation matrix between relevant cognitive variables 

 

Achronyms: agn_mcl: AGN Mean Correct Latencies, agn_tc: AGN total commission errors, agn_to: AGN total omission errors; blc_mcl: BLC mean 
correct latency; blc_pc: BLC percent correct; cgt_da: CGT delay aversion; cgt_dt: CGT deliberation time; cgt_qodm: CGT quality of decision-
making, cgt_ra: CGT risk adjustment; cgt_rt: CGT risk taking; ied_cse: IED completed stage errors; ied_cst: IED completed stage trials; ied_sc : IED 
stages completed; mot_me : MOT mean errors ; mot_ml : MOT mean latency ; rvpa : RVP A’ ; rvpb : RVP B’’ ; rvp_ml : RVP mean latency ; 
srm_mcl: SRM mean correct latency, srm_pc: SRM percent correct number of correct responses;  ssp_sla: SSP latency; ssp_te : SSP total errors. 

  

agn_mcl agn_tc agn_to blc_mcl blc_pc cgt_da cgt_dt cgt_qodm cgt_ra cgt_rt ied_cse ied_cst ied_eds ied_peds ied_sc mot_me mot_ml mts_pc rvpa rvpb rvp_ml srm_mcl srm_pc ssp_sla ssp_te
agn_mcl 1

agn_tc -.253** 1

agn_to -0.044 .284** 1

blc_mcl .163* 0.046 0.125 1

blc_pc 0.005 -0.072 -0.053 -.208** 1

cgt_da 0.026 -0.025 -0.001 .152* -.151* 1

cgt_dt -0.019 -0.078 0.002 .459** -0.062 -.138* 1

cgt_qodm 0.119 -0.040 0.037 -.292** .209** -.208** -.355** 1

cgt_ra 0.054 0.024 -0.061 -.210** .164* -.359** -.293** .447** 1

cgt_rt -0.044 0.027 0.083 -.145* -0.013 -.432** 0.074 .251** 0.021 1

ied_cse 0.033 0.048 -0.005 .194** -.338** .153* 0.045 -.131* -0.085 -0.071 1

ied_cst 0.044 0.027 -0.019 .163* -.316** .168* 0.007 -0.116 -0.053 -0.089 .940** 1

ied_eds -0.049 0.042 .155* 0.111 -0.090 0.104 0.130 -.169* -.261** 0.030 -.162* -.276** 1

ied_peds 0.004 .135* -0.003 .242** -.407** .173** 0.065 -.213** -.168* -0.080 .509** .506** -0.031 1

ied_sc 0.056 -0.048 -0.072 -.134* 0.002 0.009 -.174** .132* .194** -0.060 .440** .627** -.542** 0.014 1

mot_me 0.080 0.087 0.108 0.082 -.152* 0.058 0.107 -0.028 -0.087 -0.028 0.017 0.010 -0.034 .147* -0.027 1

mot_ml .132* -0.058 0.107 .390** -0.057 .161* .156* -.133* -0.116 -0.042 0.009 -0.011 0.083 0.040 -.161* -.214** 1

rvpa 0.006 .262** 0.019 -.195** .321** -.142* -.277** .306** .338** 0.012 -.212** -.146* -.160* -.207** 0.116 -0.002 -0.101 0.094 1

rvpb -.152* -0.008 -0.119 -.290** .226** -0.051 -.200** .188** .207** -0.055 -.170* -0.123 -0.085 -.183** 0.112 -.166* -0.086 .206** .264** 1

rvp_ml 0.080 -.156* 0.080 .273** -.170* 0.086 .345** -.332** -.347** 0.036 0.098 0.062 .222** 0.096 -.164* 0.098 .154* -.133* -.660** -.382** 1

srm_mcl 0.107 -.147* 0.003 .232** 0.056 0.013 .475** -0.120 -.198** -0.049 -0.112 -.142* 0.059 -0.081 -.178** .132* 0.059 -0.021 -.250** -.259** .229** 1

srm_pc 0.010 0.107 -0.040 -.290** .181** -.284** -.233** .270** .282** 0.043 -0.128 -0.087 -.295** -.168* .229** -0.078 -.190** .211** .350** .224** -.303** -.183** 1

ssp_sla -0.001 0.008 -0.078 -.466** .311** -.237** -.367** .376** .375** 0.079 -0.102 -0.087 -.262** -.199** .213** -0.112 -.228** .226** .294** .304** -.335** -.244** .397** 1

ssp_te 0.022 -0.031 -0.068 -.136* 0.058 -0.069 -0.061 0.116 0.108 .146* 0.062 0.035 -0.025 -0.016 0.069 -0.005 -0.023 -0.053 -0.004 0.022 -0.022 -0.077 0.040 .485** 1

**. Correlation is signif icant at the 0.01 level (2-tailed).

*. Correlation is signif icant at the 0.05 level (2-tailed).

Correlations



Table 4S: Standardized means and standard deviations of relevant cognitive variables for HC, pediatric BD and UO 

  HC BD UO 

N Mean Std. 

Deviation 

N Mean Std. 

Deviation 

N Mean Std. 

Deviation 

agn_mcl 59 0.495 0.871 119 -0.195 0.907 49 0.280 0.832 
agn_tc 59 0.083 1.005 119 0.189 1.097 49 -0.491 0.539 
agn_to 59 -0.015 1.002 119 0.031 0.979 49 -0.031 1.055 
blc_mcl 59 -0.039 0.812 119 -0.067 1.097 49 0.210 0.945 
blc_pc 59 0.046 0.669 119 -0.045 1.234 49 0.054 0.643 
cgt_da 59 -0.148 1.005 119 0.035 0.952 49 0.084 1.078 
cgt_dt 59 -0.192 0.973 119 -0.049 0.974 49 0.328 1.009 
cgt_qodm 59 0.268 0.924 119 -0.099 1.028 49 -0.076 0.951 
cgt_ra 59 0.277 1.097 119 -0.012 0.926 49 -0.269 0.971 
cgt_rt 59 0.118 0.973 119 -0.055 0.987 49 -0.022 1.043 
ied_cse 59 -0.043 1.034 119 0.064 1.034 49 -0.103 0.875 
ied_cst 59 -0.054 0.945 119 0.066 1.040 49 -0.095 0.973 
ied_eds 59 0.010 1.040 119 -0.071 0.970 49 0.161 1.025 
ied_sc 59 0.111 0.759 119 0.035 1.005 49 -0.218 1.209 
mot_me 59 0.060 0.942 119 -0.092 1.028 49 0.152 0.994 
mot_ml 59 -0.121 0.843 119 0.001 0.973 49 0.143 1.217 
rvpa 59 0.193 1.202 119 0.046 0.845 49 -0.207 1.033 
rvpb 59 -0.078 1.271 119 0.104 0.756 49 -0.073 1.050 
rvp_ml 59 -0.105 1.027 119 -0.152 0.809 49 0.403 1.219 
rvp_tcr 59 0.246 0.593 119 0.026 0.883 49 -0.360 1.469 
rvp_th 59 0.244 1.133 119 0.075 0.829 49 -0.475 1.073 
srm_mcl 59 0.010 1.068 119 -0.166 0.740 49 0.391 1.326 
srm_pc 59 0.191 1.079 119 0.013 0.825 49 -0.261 1.231 
ssp_sla 59 0.161 0.963 119 0.075 0.997 49 -0.376 0.978 
ssp_te 59 0.052 1.065 119 0.015 0.981 49 -0.098 0.978 

 



Achronyms: agn_mcl: AGN Mean Correct Latencies, agn_tc: AGN total commission errors, agn_to: AGN total omission errors; blc_mcl: BLC mean 
correct latency; blc_pc: BLC percent correct; cgt_da: CGT delay aversion; cgt_dt: CGT deliberation time; cgt_qodm: CGT quality of decision-
making, cgt_ra: CGT risk adjustment; cgt_rt: CGT risk taking; ied_cse: IED completed stage errors; ied_cst: IED completed stage trials; ied_sc : IED 
stages completed; mot_me : MOT mean errors ; mot_ml : MOT mean latency ; rvpa : RVP A’ ; rvpb : RVP B’’ ; rvp_ml : RVP mean latency ; 
srm_mcl: SRM mean correct latency, srm_pc: SRM percent correct number of correct responses;  ssp_sla: SSP latency; ssp_te : SSP total errors. 

 


