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Abstract 

Poor functional outcomes are common in individuals at clinical high-risk for psychosis 

(CHR-P), but the contribution of cognitive deficits remains unclear. We examined the 

potential utility of cognitive variables in predictive models of functioning at baseline and 

follow-up with machine learning methods. Additional models fitted on baseline functioning 

variables were used as a benchmark to evaluate model performance.  

Data were available for 146 CHR-P individuals of whom 118 completed a 6- and/or 12-

month follow-up; as well as 47 participants not fulfilling CHR criteria (CHR-Ns) but 

displaying affective and substance use disorders; and 55 healthy controls (HCs). Predictors of 

baseline global assessment of functioning (GAF) scores were selected by L1-regularised least 

angle regression and then used to train various classifiers, evaluated with 10-fold cross-

validation, to predict functional outcome in CHR-P individuals.  

In CHR-P participants, cognitive deficits together with clinical and functioning variables 

explained 41% of the variance in baseline GAF scores while cognitive variables alone 

explained 12%. These variables allowed classification of functional outcome with an average 

balanced accuracy (BAC) of 63% in both mixed- and cross-site models. However, higher 

accuracies (68%-70%) were achieved using classifiers fitted only on baseline functioning 

variables. 

Our findings suggest that cognitive deficits, alongside clinical and functioning variables, 

displayed robust relationships with impaired functioning in CHR-P participants at baseline 

and follow-up. Moreover, these variables allow for prediction of functional outcome. 

However, models based on baseline functioning variables showed a similar performance, 

highlighting the need to develop more accurate algorithms for predicting functional outcome 

in CHR-P participants.  
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1. Introduction 

 

Psychotic disorders, such as schizophrenia, continue to pose a significant challenge for the 

field given that many patients experience poor outcomes and the absence of significant 

advances in treatments over the last decades (Millan et al., 2016; Owen et al., 2016). 

Schizophrenia may be preceded by a clinical high-risk for psychosis (CHR-P) state lasting 

approximately 5-6 years (Schultze-Lutter et al., 2015) and clinical criteria have been 

developed to detect individuals prior to the onset of full-blown psychosis (Fusar-Poli et al., 

2013). CHR-P criteria include attenuated psychotic symptoms, brief frank psychosis and 

functional decline with genetic risk (Yung et al., 2005) as well as self-experienced perceptual 

and cognitive anomalies known as basic symptoms (Schultze-Lutter, 2009; Schultze-Lutter et 

al., 2012). Approximately 20% of individuals meeting CHR-P criteria will transition to 

psychosis within a 2-year period (Fusar-Poli et al., 2016). Moreover, around 40-50% of 

nonconverters continue to experience impairments in social and role functioning (Carrión et 

al., 2013; Koutsouleris et al., 2018). Therefore, understanding the underlying factors as well 

as predictors of poor functioning in CHR-P individuals is an important objective for early 

detection and intervention. 

Negative symptoms, disorganised symptoms, impairments in social and role functioning and 

poor premorbid psychosocial adjustment have been found to predict poor baseline 

functioning and/or poor functional outcome at follow-up (Carrión et al., 2013; Glenthøj et al., 

2016; Koutsouleris et al., 2018; Salokangas et al., 2014). Although positive symptom severity 

is predictive of transition to psychosis, effects on functioning remain inconsistent (Carrión et 

al., 2016; Meyer et al., 2014). 

While there is emerging evidence for a relationship between cognitive deficits and impaired 

functioning in CHR-P individuals, the contribution of specific cognitive deficits varies across 
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studies. Cognitive deficits, predominantly in verbal memory, are an established mediator of 

functional outcomes in chronic schizophrenia (Green, 1996; Schmidt et al., 2011). 

Interestingly, in studies of early psychosis, reasoning, problem solving and motor skills more 

frequently predict short-term (< 2 years) functional outcome while language/verbal skills and 

global/general cognition more often predict longer-term (> 2 years) functional outcome 

(Allott et al., 2011). In CHR-P individuals specifically, impairments in verbal memory, 

emotion recognition and processing speed have been linked with impairments in social and/or 

role functioning at baseline and follow-up (Carrión et al., 2011, 2013; Glenthøj et al., 2016; 

Lin et al., 2011; Modinos et al., 2019; Niendam et al., 2006). Moreover, deficits in verbal 

learning and fluency, motor speed and executive function have also been associated with poor 

functioning in CHR-P individuals (Carrión et al., 2013; Eslami et al., 2011; Lin et al., 2011; 

Niendam et al., 2006). 

In the current study, we sought to clarify the contribution of cognitive deficits towards 

impaired functioning in CHR-participants. To identify predictors of functioning, we 

employed a machine learning approach in which we first identified variables associated with 

baseline functioning using LASSO-LARS regression and then predicted functional outcome 

at follow-up with classifiers evaluated using 10-fold cross-validation and permutation testing. 

While machine learning studies have previously shown potential for identifying predictors of 

transition to psychosis as well as functional outcomes based on clinical, functional and 

neuroimaging data (Kambeitz-Ilankovic et al., 2016; Koutsouleris et al., 2009, 2012, 2018), a 

considerable proportion have also failed to provide convincing evidence (Fusar-Poli et al., 

2019; Mechelli et al., 2017; Ramyead et al., 2016). Furthermore, previous studies predicting 

functional outcome using cognitive measures have applied more traditional logistic 

regressions without cross-validation or regularisation techniques, potentially carrying a risk 

of overfitting (Carrión et al., 2013; Eslami et al., 2011; Lin et al., 2011; Meyer et al., 2014; 
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Modinos et al., 2019). Even in machine learning studies leveraging these techniques, few 

have attempted to compare their multi-step machine learning pipelines to simpler predictive 

models in order to justify this added complexity (DeMasi et al., 2017). 

To address these gaps, we firstly examined the contribution of clinical, functioning and 

cognitive variables to impaired functioning at baseline in CHR-P participants. We also 

included a sample of participants who did not fulfil CHR-P criteria but were characterised by 

mood, anxiety and substance use (i.e. alcohol and drug) disorders (CHR-Ns), as well as 

healthy controls (HCs). We then applied a machine learning approach to those variables 

associated with impaired functioning at baseline in order to predict short-term functional 

outcome. We additionally created simpler predictive models of functional outcome using 

only baseline functioning variables to determine whether our more complex machine learning 

pipeline provided a significant increase in predictive performance. Given the contribution of 

cognitive impairment to impaired functioning in established schizophrenia (Green, 1996; 

Schmidt et al., 2011), we hypothesised that the inclusion of cognitive variables in machine 

learning models would enhance the prediction of functional outcome in CHR-P participants, 

outperforming simpler models.  

 

2. Methods 

 

2.1. Participants  

The data were collected as part of the Youth Mental Health Risk and Resilience (YouR) 

study (Uhlhaas et al., 2017), an ongoing longitudinal study funded by the Medical Research 

Council (MRC), which aims to identify neurobiological and psychological mechanisms and 

predictors of psychosis risk. CHR-P participants were recruited through an online-screening 

approach (www.your-study.org.uk; McDonald et al., 2019) and via referrals from NHS 
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patient services and student counselling services. CHR-N participants (N = 47) were also 

recruited using the former approach while HCs (N = 55) were obtained from an existing 

volunteer database. CHR-N participants were recruited to allow for a more meaningful 

comparison with the CHR-P group (Millman et al., 2019). By including participants with 

affective and substance use disorders (CHR-N group), we aimed to separately assess the 

impact of psychiatric comorbidity given that such comorbidity is also characteristic of the 

CHR-P state. Recruitment and assessment visits/ratings were carried out by trained research 

assistants and MSc/PhD level researchers. 

Data were available for 146 CHR-P individuals that were recruited across two sites: Glasgow 

(n = 109; 74.7%) and Edinburgh (n = 37; 25.3%). One hundred and eighteen participants 

(80.8%) completed a follow-up session at 6 and/or 12 months. Attrition rates were similar 

across sites (Glasgow: 20.2%; Edinburgh: 16.2%).  

 

2.2. Baseline Assessments 

The positive scale of the Comprehensive Assessment of At-Risk Mental States (CAARMS; 

Yung et al., 2005) and the Cognitive Disturbances (COGDIS) and Cognitive-Perceptive 

Basic Symptoms (COPER) items of the Schizophrenia Proneness Instrument, Adult version 

(SPI-A; Schultze-Lutter et al., 2007) were administered to all participant groups. Participants 

were recruited into the CHR-P group if they met SPI-A COGDIS/COPER criteria or one of 

the following CAARMS criteria: Attenuated Psychosis Symptoms (APS), Genetic Risk and 

Deterioration Syndrome (GRD) or Brief Limited Intermittent Psychotic Symptoms (BLIPS). 

All participants were also assessed with the Mini-International Neuropsychiatric Interview 

(MINI; Sheehan et al., 1998), Global Assessment of Functioning (GAF) scale from the DSM-

IV-TR, Global Functioning: Social (GF: Social) and Role (GF: Role) scales (Cornblatt et al., 

2007), Premorbid Adjustment Scale (PAS; Cannon-Spoor et al., 1982) and Adverse 
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Childhood Experiences Scale (ACES; Felitti et al., 1998). Neuropsychological assessments 

consisted of the Brief Assessment of Cognition in Schizophrenia (BACS; Keefe et al., 2004) 

and three tasks from the Penn Computerized Neurocognitive Battery (CNB; Moore et al., 

2015): the Continuous Performance Test, the N-Back Test and the Emotion Recognition Task 

which provide measures of accuracy and response time (RT) for attention, working memory 

and emotion recognition respectively.  

 

2.3. Follow-Up Assessments 

Follow-up interviews were conducted at 6- and 12-months following the baseline 

assessments for the CHR-P and CHR-N groups and involved the positive scale of the 

CAARMS as well as the GAF, GF: Social and GF: Role scales. The HC group did not 

complete follow-up assessments.   

 

2.4. Statistical Analysis 

 

2.4.1. Preprocessing 

Data were analysed using Python (3.7) packages Numpy, Pandas and Scikit-learn (SKL). In 

accordance with Keefe et al. (2008), BACS raw scores were converted into standardized z-

scores using the means and standard deviations of gender-specific HCs. This gender 

correction was applied because gender has been shown to affect BACS performance in a 

normative sample (Keefe et al., 2008). For consistency, CNB raw scores were calculated in 

the same way, albeit without correction for gender. CAARMS severity was calculated by 

multiplying the global score by the frequency score for each of the four domains and 

summing these products while SPI-A severity was calculated by summing the frequency 

scores for each basic symptom. Where participants did not experience a symptom, the 
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associated frequency and distress were set to zero while those with missing data for the 

outcome variable were removed. Participants and variables with < 70% of the measures of 

interest were removed and missing values were imputed by Bayesian Ridge regression. 

Additional columns were generated for GAF scores to define good (GFO) or poor functional 

outcome (PFO), whereby GAF scores below 65 were coded as PFO. In line with prior studies 

(Allen et al., 2015; Modinos et al., 2019), this cut-off was selected because the 61-70 range 

corresponds to the presence of “some difficulty in social, occupational or school functioning 

but [the person] has some meaningful interpersonal relationships”. We additionally calculated 

how many participants changed GAF category between baseline and follow-up as well as 

GAF changes over time. 

 

2.4.2. Group comparisons  

Group differences were analysed using non-parametric Kruskal-Wallis H tests or Mann–

Whitney U tests and chi-square tests, followed by appropriate post hoc tests if required.  

 

2.4.3. Regression Analysis 

To determine which variables were associated with baseline GAF scores in CHR-P and CHR-

N groups, we fitted combined and cognitive models, whereby the former included clinical, 

cognitive and functioning variables. We used L1-regularised least angle regression (LASSO-

LARS; Efron et al., 2004), with 10-fold cross-validation, as implemented in the SKL function 

LassoLarsCV. This method is particularly appropriate for addressing the high dimensionality 

of our candidate predictor set (Fonti, 2017). We excluded attention accuracy as its 

distribution was highly skewed with a small number of extreme outliers. 
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2.4.4. Classification Analysis 

We trained classifiers to categorise CHR-P individuals into GFO/PFO based on the last 

available follow-up data (6 months [n = 26] or 12 months [n = 92]). Classifiers included  

gaussian naive bayes (GNB), linear discriminant analysis (LDA), support vector machines 

(SVM), random forest classification (RFC) and logistic regression (LR). With the exception 

of class weights, which were set to ‘balanced’ due to the unequal numbers of PFO and GFO 

individuals, default SKL hyperparameters were used. Using only those CHR-P participants 

with follow-up information, variables not set to zero by the LASSO-LARS model were used 

for these models (Supplementary Figure 1). All variables were rescaled between zero and one 

to avoid class separability problems induced by differences in scaling. Due to class imbalance 

with PFO being more common than GFO, we used area under the curve (AUC) scores to 

determine whether classifiers performed significantly above chance.  

Mixed-site classifiers were evaluated using 10-fold cross-validation, whereby the full dataset 

was used, and performance metrics are reported as averaged across k-folds. Specifically, the 

SKL function permutation_test_score (10000 permutations), which implements Test 1 from 

Ojala and Garriga (2010), was used to conduct permutation tests to evaluate AUC 

significance. We report performance metrics for all classifiers to evaluate their consistency, 

as very large discrepancies could suggest that the best performing classifiers were simply 

overfitting (Vieira et al., 2020). 

To determine whether transfer could be established between the two test sites, cross-site 

classifiers were additionally evaluated with AUC scores obtained by training on the Glasgow 

data and testing on the Edinburgh data. This split was used as approximately two thirds of the 

data were collected at the Glasgow site. We report mean AUC, precision, recall, F1 scores 

(the harmonic mean of precision and recall) and mean balanced accuracy (BAC) for all 

classifiers. Recall for the two classes (PFO, GFO) corresponds to sensitivity and specificity, 
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respectively. Precision, recall and F1 scores were generated using the functions 

cross_val_predict and classification_report, whereby the former reports the prediction given 

for each data point when in the test set. All other scores reflect the mean across k-folds.   

We also created two models which utilised only baseline functioning variables to obtain a 

stricter benchmark for classifier accuracy. In the first model, we split baseline GAF scores 

into good and poor functioning at baseline using the same threshold and used these data as 

predictors. In the second model, we trained the classifiers on social and role functioning as 

well as GAF scores to determine whether these additional variables could significantly 

improve classification accuracy compared to those based on baseline GAF scores alone.  

 

3. Results 

 

3.1. Demographic Information 

In the CHR-P group, 106 (72.6%) and 70 (59.3%) individuals had poor functioning at 

baseline and follow-up respectively (Table 1). CHR-P individuals were significantly impaired 

relative to CHR-N and HC participants, displaying greater symptom severity and distress, 

increased ACES scores, more comorbid anxiety and mood disorders, lower functioning and 

poorer attention and processing speed. In addition, CHR-P participants were younger and 

reported fewer years of education. In the CHR-P group, baseline GAF scores were 

significantly affected by drug abuse/dependence (p = .022), anxiety disorders (p = .031) and 

mood disorders (p < .001). Age, gender, education and medication use exerted no such 

effects. Significant differences across study sites for the CHR-P group are displayed in 

Supplementary Table 1. 
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3.2. Baseline Regression Analysis 

We fitted combined models where clinical, cognitive and functioning variables were entered 

as candidate predictors, and a cognitive model which only included cognitive variables.  

In the combined model for the CHR-P group, cognitive (verbal memory, working memory 

RT, emotion recognition accuracy, motor speed), functioning (premorbid adjustment, social 

and role functioning) and clinical (SPI-A and CAARMS severity and distress, ACES total) 

variables were associated with baseline GAF scores (Figure 1). The combined model 

explained 41% of the variance in GAF scores in the CHR-P group, whereas the cognitive 

model explained 12%. The cognitive model contained verbal memory, working memory 

accuracy and RT, executive function, emotion recognition accuracy and attention RT 

(Supplementary Figure 2). Unexpectedly, motor speed and executive function were 

negatively related to GAF scores in the combined and cognitive models, respectively, while 

attention RT was positively related to GAF scores in the cognitive model.  

Concurring with permutation feature importance scores (Supplementary Table 2), social 

functioning (β = 2.97) emerged as the strongest predictor in the combined model (Table 2; 

Supplementary Table 3) whereas verbal memory (β = 1.88) was a particularly strong 

predictor in the cognitive model (Table 2). 

The combined model for the CHR-N group explained 17% of the variance in baseline GAF 

scores. This model included clinical (SPI-A distress) and functioning (social and role 

functioning) variables (Supplementary Figure 3) with role functioning (β = 2.07) emerging as 

the strongest predictor (Table 2, Supplementary Table 2). The cognitive model for the CHR-

N group, however, failed to explain any variance in GAF scores. 

 

3.3. Follow-up Classification Analysis 

At follow-up, 59.3% of CHR-P individuals presented with PFO. Mixed-site classifiers were 
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trained to predict PFO versus GFO in CHR-P individuals based on variables associated with 

baseline GAF (Figure 1). Permutation tests on AUC scores indicated that all mixed-site 

classifiers performed significantly above chance (Table 3). The classifiers performed 

consistently, showing a mean BAC of 63% and a mean AUC of 0.72, while LR performed 

best (mean AUC = 0.74; mean BAC = 0.65). Mean sensitivity and specificity across 

classifiers was 68% and 56%, respectively, suggesting a bias towards predicting PFO.  

Performance among the cross-site models was consistently lower than for the mixed-site 

models (Table 3), with a mean AUC of 0.64 and a mean BAC of 0.63 across classifiers. 

Again, sensitivity was consistently higher than specificity. 

Classifiers using baseline functioning variables only (GAF, social and role functioning) 

performed better than either mixed- or cross-site models on average (mean AUC = 0.76; 

mean BAC = 0.68). The baseline GAF model, which used good and poor baseline 

functioning categories as predictors, yielded an AUC of 0.67 and BAC of 0.70.  

 

3.4. GAF Score Changes  

For the CHR-P group, median absolute change in GAF during follow-up was 10.0, whereas 

median raw change in GAF (including negative change as is) was 0.5 (Supplementary Figure 

4A-B). Eighty-three (70.3%) individuals did not change GAF category between baseline and 

follow-up, whereby 59 (50.0%) and 24 (20.3%) presented with poor and good functioning at 

both time points respectively. By contrast, 35 (29.7%) individuals did change GAF category 

between baseline and follow-up, whereby 24 (20.3%) changed from poor to good functioning 

and 11 (9.3%) changed from good to poor functioning. These results were statistically 

significant (p < .001) with the highest proportion of CHR-P participants presenting with poor 

functioning at both time points. Notably, raw GAF score changes between baseline and 6-

month follow-up were not significantly different from changes between baseline and 12-
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month follow-up in CHR-P individuals (n = 84) with both follow-up assessments (p = .590; 

Supplementary Figure 4C-D).  

 

4. Discussion 

 

We investigated the contribution of cognition towards impaired functioning as well as the 

potential utility of incorporating cognitive variables into predictive models of functional 

outcome. Although cognitive deficits explained 41% of the variance in baseline GAF scores 

when combined with clinical and functioning variables, cognitive variables alone explained 

only 12%. The combination of cognitive variables with functioning and clinical variables 

allowed classification of CHR-P individuals into GFO and PFO groups at follow-up with an 

average BAC of 63% in both mixed- and cross-site models. Furthermore, we were able to 

predict functional outcomes with acceptable accuracy using simple classifiers incorporating 

only baseline functioning variables. 

 

4.1. Predictors of Baseline Functioning  

In addition to clinical and functioning variables, cognitive deficits emerged as predictors of 

baseline functioning, together explaining 41% of the variance in baseline GAF scores in 

CHR-P participants. Impaired functioning prior to disorder onset is one of the strongest 

predictors of functional outcome in CHR-P individuals (Salokangas et al., 2014) and in 

patients with first-episode psychosis or established schizophrenia (Barajas et al., 2013). 

Indeed, functioning variables comprised the strongest predictors in the current study, 

illustrating the importance of interventions targeting functional impairments during early 

psychosis. Cognitive and clinical variables were weaker predictors and evidenced relatively 

similar importance scores. In line with previous studies, verbal memory (Meyer et al., 2014; 
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Niendam et al., 2006), working memory (Goghari et al., 2014), emotion recognition 

(Glenthøj et al., 2016), motor speed (Carrión et al., 2013), ACES total (Kraan et al., 2015), 

social and role functioning and premorbid adjustment (Salokangas et al., 2014) emerged as 

predictors of GAF in the combined CHR-P model. The emergence of CAARMS and SPI-A 

severity and distress scores as predictors, however, contrasts with previous findings (Carrión 

et al., 2016; Kim et al., 2019; Lin et al., 2011; Meyer et al., 2014; Rekhi et al., 2019). 

In the CHR-P group, the relationship observed between impaired cognition and functioning is 

consistent with studies in established schizophrenia where cognitive deficits have been linked 

to decreased ability to live independently, poor social skills and inability to maintain 

employment (Lepage et al., 2014). Cognitive variables alone only explained 12% of the 

variance in baseline functioning in the CHR-P group, concurring with previous studies in 

schizophrenia (Fett et al., 2011) and CHR-P cohorts (Carrión et al., 2011). Notably, one of 

the strongest cognitive predictors was verbal memory, consistent with previous CHR-P 

studies predicting social functioning (Meyer et al., 2014; Niendam et al., 2006) and 

schizophrenia studies predicting a variety of functional outcomes (Green, 1996). Although 

certain cognitive variables (i.e. motor speed, executive function and attention RT) displayed 

unexpected relationships with baseline functioning in both combined and cognitive CHR-P 

models, this may partially reflect a speed-accuracy trade off. Moreover, in our CHR-N 

sample, cognitive variables were unrelated to GAF, suggesting that this relationship may be 

specific to the CHR-P state. However, this finding may be explained by the absence of 

significant cognitive deficits in the CHR-N sample and the smaller sample size. 

 

4.2. Predictors of Functional Outcome 

Mixed-site models combining cognitive variables with clinical and functioning variables 

were able to predict functional outcome in the CHR-P group. All mixed-site models 
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performed significantly above chance, with a mean AUC of 0.72 and a mean BAC of 63%. 

Performance was relatively consistent across all algorithms making it unlikely that our best 

performing classifier (LR; mean AUC = 0.74) was overfitting. These data are in line with 

previous research utilising clinical, functional and neuroimaging data where functional 

outcomes have been predicted with AUC scores between 0.70-0.86 and accuracies between 

62.5%-82.7% (Kambeitz-Ilankovic et al., 2016; Koutsouleris et al., 2018; Mechelli et al., 

2017). Notably, performance in the current study decreased for the cross-site models (mean 

AUC =  0.64; mean BAC =  63%), which is a common problem noted for machine learning 

classifiers in the field (Vieira et al., 2020).  

We additionally fitted classifiers on baseline functioning variables. Using baseline data to 

predict later measures of the same variable often predicts outcomes better than chance and 

baseline models can provide a more stringent method for evaluating classifier accuracy 

(DeMasi et al., 2017). Indeed, previous studies identified global and social functioning scores 

as the most useful variables for predicting social functioning at 1-year follow-up in CHR-P 

participants (Koutsouleris et al., 2018). In the current study, classifiers fitted only on baseline 

functioning variables performed better, on average, than both mixed- and cross-site models 

with a mean AUC and BAC of 0.76 and 68%, respectively. This is possibly explained by the 

fact that GAF scores appear to be relatively stable across time. Overall, nearly two thirds of 

our sample showed PFO in agreement with previous studies (Carrión et al., 2013; 

Koutsouleris et al., 2018) and the majority of individuals (70.3%) remained within the same 

outcome category.  

 

4.3. Limitations 

Both the regression and classification analyses could be optimised by increasing the number 

of participants relative to candidate predictors. Additionally, we only had two test sites, 
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meaning that cross-site classifiers were only trained on a single site, thus limiting their ability 

to learn patterns across multiple sites. Given that machine learning models have the potential 

to outperform human judgement, it is highly probable that models predicting functional 

outcomes in early psychosis can improve in larger datasets (Fusar-Poli et al., 2019). As 

accuracy tends to exhibit a strong relationship with sample size for machine learning methods 

in particular (Floares et al., 2017), standardising data acquisition protocols across research 

centres and thereby facilitating the collection of much larger collaborative datasets is likely to 

produce significant performance gains in terms of both accuracy and cross-site transfer. 

Furthermore, due to the small size of CHR-N participants, strong conclusions regarding the 

contribution of cognitive deficits towards impaired functioning in this group cannot be drawn 

and, given that only 55% completed follow-up assessments, GAF outcome/change could not 

be examined in this group. 

The current study also highlights the limitations of current functioning measurements in 

CHR-P populations. The GAF scale, for example, confounds functioning with symptom 

severity and shows only limited fluctuations over time. However, the GAF scale was chosen 

over social and role functioning scales in this study as scores obtained from the latter 

displayed low variability. Accordingly, more sensitive measures are required that trace 

changes in functioning across several dimensions. Finally, negative symptoms, which have 

been shown to mediate the relationship between neurocognition and functioning (Glenthøj et 

al., 2016; Meyer et al., 2014), as well as treatment use over follow-up were not assessed in 

the current CHR-P sample. 

 

4.4.  Conclusions 

Utilising a machine learning approach, we have shown that cognitive variables alongside 

clinical and functioning variables predict short-term functional outcome with above-chance 
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performance. With the increasing popularity of complex machine learning models in 

psychiatry, it is important to consider appropriate benchmark measures to determine whether 

the potential gains are sufficient to justify their use over simpler alternatives. Our findings 

suggest, for example, that baseline GAF scores allow a more robust prediction of functional 

outcomes in CHR-P individuals than complex machine learning approaches. Given the large 

proportion of CHR-P individuals presenting with PFO, interventions incorporating social 

skills training, vocational rehabilitation and cognitive remediation are clearly warranted at 

this stage. 
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Figure Legends: 

Figure 1: Correlation matrix showing the relationship between nonzero predictors and 

baseline GAF scores for the combined LASSO-LARS regression model for the CHR-P group 

(N = 146). The latest GAF score is added to this figure for visualisation purposes only and 

has not been entered in the regression model. 
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Table 1. Demographic, clinical, functioning and cognitive characteristics of the entire sample (N = 248) 

Variable CHR-P 
(N = 146) 

CHR-N 
(N = 47) 

HC 
(N = 55) 

p-value Post hoc tests 

Age (years), mean (SD) 21.47 (4.22) 22.94 (4.80) 22.31 (3.39) .025 CHR-P v HC, CHR-N 

Gender, female n (%) 104 (71.2) 30 (63.8) 37 (67.3) .606 - 

Education (years), mean (SD) 15.12 (3.09) 16.45 (3.44) 16.38 (2.84) .006 CHR-P v HC, CHR-N 

CAARMS severity, median (range) 28 (0-74) 6 (0-24) 0 (0-12) < .001  CHR-P v HC v CHR-N 

CAARMS mean distress, median (range) 30 (0-86) 3 (0-55) 0 (0-25) < .001  CHR-P v HC v CHR-N 

SPI-A severity, median (range) 7 (0-74) 0 (0-7) 0 (0-2) < .001    CHR-P v HC, CHR-N 

SPI-A mean distress , median (range) 3 (0-28) 0 (0-6) 0 (0-1) < .001  CHR-P v HC v CHR-N 

CHR-P criteria subgroup, n (%)      

CAARMS 45 (30.8) - - - - 

SPI-A 37 (25.3) - - - - 

CAARMS/SPI-A 64 (43.8) - - - - 

ACES total, median (range) 2 (0-8) 1 (0-4) 0 (0-4) < .001 CHR-P v HC v CHR-N 

Comorbidity, n (%)      

Anxiety disorder 104 (71.2) 22 (46.8) 0 (0) < .001 CHR-P v HC v CHR-N 

Mood disorder 97 (66.4) 14 (29.8) 0 (0) < .001 CHR-P v HC v CHR-N 

Alcohol abuse/dependence 46 (31.5) 11 (23.4) 2 (3.6) < .001 HC v CHR-P, CHR-N 

Drug abuse/dependence  24 (16.4) 3 (6.4) 0 (0) .002 CHR-P v HC 

Eating disorder 11 (7.5) 1 (2.1) 0 (0) .054 - 

Medication, n (%)      

Antipsychotic 4 (2.7) 0 (0) 0 (0) .242 - 

Mood stabiliser  4 (2.7) 0 (0) 0 (0) .242 - 

Antidepressant 53 (36.3) 13 (27.7) 0 (0) < .001 HC v CHR-P, CHR-N 

Anti-anxiety 10 (6.8) 1 (2.1) 0 (0) .076 - 

GAF, median (range) 58 (21-95) 70 (43-94) 88 (67-97) < .001 CHR-P v HC v CHR-N 

Poor baseline functioning, n (%) 106 (72.6) - -  - 

PFO, n (%) 70 (59.3) - -  - 

Social functioning, median (range) 8 (3-10) 8 (6-9) 9 (8-10) < .001 CHR-P v HC v CHR-N 

Role functioning, median (range) 8 (3-9) 8 (5-9) 9 (5-9) < .001 CHR-P v HC v CHR-N 

PAS average, median (range) 1.22 (0-3.43) 0.86 (0-3.86) 0.43 (0-1.64)  < .001 CHR-P v HC v CHR-N 

BACS, mean (SD)      

Verbal memory -0.22 (1.20) 0.09 (1.05) 0 (1.01) .295 - 

Motor speed -0.72 (1.21) -0.39 (1.01) 0 (1.01) < .001 CHR-P v HC 

Attention & processing speed -0.48 (1.14) 0.08 (1.19) 0 (1.01) .001 CHR-P v HC, CHR-N 

Verbal fluency -0.09 (1.24) -0.23 (1.05) 0 (1.01) .760 - 

Executive function 0 (1.34) 0.05 (1.25) 0 (1.01) .855 - 

Working memory -0.08 (1.41) 0.24 (1.13) 0 (1.01) .443 - 

Composite score -0.59 (1.71) -0.07 (1.36) 0 (1.01) .022 CHR-P v HC 



CNB, mean (SD)      

Emotion recognition accuracy -0.17 (1.13) -0.10 (0.91) 0 (1.01) .565 - 

Emotion recognition RT 0.59 (1.58) 0.18 (1.33) 0 (1.01) .037 CHR-P v HC 

Attention accuracy -0.71 (2.60) 0.10 (1.13) 0 (1.01) .039 CHR-P v HC 

Attention RT -0.11 (0.86) -0.26 (0.96) 0 (1.01) .326 - 

Working memory accuracy -0.41 (1.68) -0.17 (1.23) 0 (1.01) .286 - 

Working memory RT -0.05 (0.82) -0.10 (0.98) 0 (1.01) .691 - 

Note. CHR-P, clinical high-risk for psychosis; CHR-N, clinical high-risk-negative; HC, healthy control; 

CAARMS, Comprehensive Assessment of At-Risk Mental States; SPI-A, Schizophrenia Proneness Instrument, 

Adult version; ACES, Adverse Childhood Experience Scale; GAF, Global Assessment of Functioning; PFO, 

poor functional outcome; PAS, Premorbid Adjustment Scale; BACS, Brief Assessment of Cognition in 

Schizophrenia; CNB, Penn Computerized Neurocognitive Battery; RT, response time 

 
 
 



Table 2: Nonzero LASSO-LARS regression coefficients for CHR-P (N = 146) and CHR-N (N = 47) 
baseline models 
Variable β coefficient 

 CHR-P combined 
model 

CHR-P cognitive 
model 

CHR-N combined 
model 

Social functioning 2.97  1.12 

PAS average -2.15   

Role functioning 1.24  2.07 

Working memory RT -0.96 -1.88  

SPI-A mean distress -0.85  -0.63 

ACES total -0.51   

Motor speed -0.24   

Verbal memory 0.24 1.88  

Emotion recognition accuracy 0.11 1.75  

Total CAARMS severity -0.10   

SPI-A severity -0.05   

CAARMS mean distress -0.02   

Attention RT  1.27  

Executive function  -0.60  

Working memory RT  0.05  

Note. CHR-P, clinical high-risk for psychosis; CHR-N, clinical high-risk-negative; CAARMS, Comprehensive 

Assessment of At-Risk Mental States; SPI-A, Schizophrenia Proneness Instrument, Adult version; ACES, 

Adverse Childhood Experience Scale; GAF, Global Assessment of Functioning; PAS, Premorbid Adjustment 

Scale; RT, response time	

 
	



Table 3: Mixed-site and cross-site classifiers in the CHR-P sample (N = 146) 

Model Mean 
AUC 

Precision 
(PFO/GFO) 

Recall 
(PFO/GFO) 

F1 
(PFO/GFO) 

Mean 
BAC 

p-
valuea 

Mixed-site classifiers 

GNB 0.70 0.68/0.48 0.54/0.62 0.60/0.55 0.59 .002 

LDA 0.73 0.71/0.59 0.73/0.56 0.72/0.57 0.65 .005 

SVM 0.72 0.73/0.55 0.64/0.65 0.68/0.60 0.65 .014 

LR 0.74 0.72/0.56 0.66/0.62 0.69/0.59 0.65 .003 

RFC 0.72 0.64/0.55 0.81/0.33 0.72/0.42 0.61 .013 

Average 0.72 0.70/0.55 0.68/0.56 0.68/0.55 0.63 - 

Cross-site classifiers 

GNB 0.61 0.71/0.50 0.63/0.58 0.67 /0.54 0.61 - 

LDA 0.64 0.68/0.50 0.68/0.50 0.68/0.50 0.59 - 

SVM 0.62 0.72/0.54 0.68/0.58 0.70/0.56 0.63 - 

LR 0.65 0.72/0.54 0.68/0.58 0.70/0.56 0.63 - 

RFC 0.66 0.73/0.67 0.84/0.50 0.78/0.57 0.67 - 

Average 0.64 0.71/0.55 0.70/0.55 0.71/0.55 0.63 - 

Note. GNB, gaussian naive bayes; LDA, linear discriminant analysis; SVM, support vector machines; 

RFC, random forest classification; LR, logistic regression; AUC, area under the curve; PFO, poor 

functional outcome; GFO, good functional outcome; BAC, balanced accuracy.  

a Permutation tests on AUC, corrected for multiple comparisons (Bonferroni). 

 



  Table 4: Classifiers using baseline functioning variables in the CHR-P sample (N = 146) 

Model Mean 
AUC 

Precision 
(PFO/GFO) 

Recall 
(PFO/GFO) 

F1 
(PFO/GFO) 

Mean 
BAC 

p-valuea 

GNB 0.80 0.76/0.59 0.67/0.69 0.71 /0.63 0.68 .001 

LDA 0.78 0.73/0.64 0.77/0.58 0.75/0.61 0.68 .001 

SVM 0.79 0.78/0.59 0.66/0.73 0.71/0.65 0.70 .001 

LR 0.79 0.77/0.60 0.67/0.71 0.72/0.65 0.69 .001 

RFC  0.70 0.69/0.57 0.71/0.54 0.70/0.55 0.65 .019 

Simple GAFb 0.67 0.71/0.69 0.84/0.50 0.77/0.58 0.70 - 

Average 0.76 0.74/0.61 0.73/0.63 0.73/0.61 0.68 - 

Note. GNB, gaussian naive bayes; LDA, linear discriminant analysis; SVM, support vector machines; RFC, 

random forest classification; LR, logistic regression; AUC, area under the curve; PFO, poor functional outcome; 

GFO, good functional outcome; GAF, Global Assessment of Functioning; BAC, balanced accuracy. 

a Permutation tests on AUC, corrected for multiple comparisons (Bonferroni). 

b Associated values reflect single values rather than means due to the nature of the model. 

 

 

 


