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Key Points

Question: What is the relationship between cognitive impairment in psychotic disorders and
exposure to a variety of risk factors?

Findings: A significant proportion of the cognitive impairment observed in psychotic 
disorders may reflect greater exposure to cognitively deleterious risk factors in this group.

Meaning: Cognitive impairments in psychotic disorders do not only reflect disease specific
effects. When considering interventions, a diagnosis agnostic, symptom targeted approach
may therefore be appropriate. 



Abstract

Importance
Cognitive functioning is associated with various factors such as age, sex, education, and childhood
adversity and is impaired in people with psychosis. In addition to specific effects of the disorder,
cognitive impairments may reflect a greater exposure to general risk factors for poor cognition. 

Objective
To determine the extent that impairments in cognition in psychosis reflect risk factor exposures. 

Design
We examined the relationship between exposures and cognitive function. Predictive modelling was
performed  using  Extreme  Gradient  Boosting  Regression  to  train  a  composite  cognitive  score
prediction model with nested cross-validation. SHapley Additive exPlanations values were used to
examine the relationship between exposures and cognitive function.

Setting
Data were obtained from the BSNIP-1 and BSNIP-2 studies comprising six sites.

Participants
3,370  participants  were  included.  840  healthy  controls,  709  with  schizophrenia,  541  with
schizoaffective disorder, 457 with bipolar 1 with psychosis, and 823 relatives of patients

Exposure
Exposures  were  chosen  based  on  associations  with  cognition  previously  identified:  age,  sex,
race/ethnicity,  childhood adversity,  education, parental  education, parental  socioeconomic status,
parental age at birth, substance use, antipsychotic dose, and diagnosis.

Outcomes
Cognition was assessed using the Brief Assessment of Cognition in Schizophrenia.

Results
Data from 3370 participants was analysed (44% male, mean age 37.9 years). The model predicted
cognitive scores  with  high accuracy:  out  of  sample  correlation between predicted and observed
cognitive  composite  score  was  rp=0.72  (SD=0.03).  Individuals  with  schizophrenia(z=-1.4),
schizoaffective  disorder(z=-1.2),  and  bipolar  1  with  psychosis(z=-0.5)  all  had  significantly  worse
cognitive composite scores than controls. Factors other than diagnosis and medication accounted for
much of this impairment (schizophrenia z=-0.73, schizoaffective z=-0.64, bipolar 1 with psychosis z=-
0.13).  Diagnosis  accounted  for  a  lesser  proportion  of  this  deficit  (schizophrenia  z=-0.29,
schizoaffective  z=-0.15,  bipolar  1  with  psychosis  z=-0.13),  and antipsychotic  use accounted  for  a
similar deficit across diagnostic groups(schizophrenia z=-0.37, schizoaffective z=-0.33, bipolar 1 with
psychosis z=-0.26).

Conclusion
Transdiagnostic factors account for a meaningful share of the variance in cognitive functioning in
psychosis.  A  significant  proportion  of  the  cognitive  impairment  in  psychosis  may  reflect  factors
relevant  to  cognitive  functioning  in  the  general  population.  When  considering  interventions,  a
diagnosis agnostic, symptom targeted approach may therefore be appropriate. 
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Introduction

Psychotic  disorders  are  associated  with  cognitive  impairment.1,2 Cross-sectional

studies  show  that  on  average,  individuals  with  schizophrenia  have  an  overall

impairment of about 1.5 standard deviations compared to control populations, with

lesser impairments in people with schizoaffective disorder or bipolar disorder.3–5

Several factors associated with psychotic disorders are also associated with poor

performance on cognitive tests in the general population. Some, such as reduced

educational attainment,6 may be sequelae of the disorder. Others, such as childhood

socioeconomic deprivation and trauma, may be risk factors for both development of

a psychotic disorder,7 and poor performance on cognitive tests.8,9  Thus, it is difficult

to determine the extent to which patient-control differences in cognitive performance

reflect  disease-specific  effects  versus  a  greater  burden  of  cognition  detrimental

exposures, which will often be more prevalent in patient groups.

Completely  matching  patient  and  control  groups  on  factors  influencing  cognitive

performance  is  not  practically  feasible.  Furthermore,  it  may  be  the  relationship

between these variables is not simply additive, in which case differences in pattern of

co-occurrence could also be important, as opposed to solely the group-level burden.

An  alternative  approach  is  using  nonlinear  machine  learning  algorithms  in

combination with large datasets to identify mappings between predictors (including

both  disease  status  and  other  variables  of  interest)  and  cognitive  functioning.

Interrogation  of  this  mapping  may  then  reveal  the  contribution  of  illness  effects

compared to other variables. 

In this study, we applied a machine learning algorithm to data from 840 controls,

1,707  individuals  with  a  psychotic  disorder,  and  823  first  degree  relatives  of

individuals a psychotic disorder, to quantify the extent to which cognitive impairments

in  psychosis  reflect  the  influence  of  diagnosis,  antipsychotic  medication,  and

sociodemographic  factors.  Identifying  these  relationships  is  valuable  not  only  for

aetiological  understanding,  but  also  when  considering  the  extent  to  which

interventions for cognitive impairment may be effective transdiagnostically.



Methods

Participants

Clinical  data  were  obtained  from  3,370  participants  in  the  BNSIP-1  (Bipolar-

Schizophrenia Network on Intermediate Phenotypes) and BSNIP-2 studies (six sites;

Baltimore,  Boston,  Detroit,  Chicago,  Dallas,  Hartford).10 Participants  comprised

healthy controls, individuals with schizophrenia, schizoaffective disorder (bipolar and

depressive  types),  and  bipolar  1  disorder  with  psychosis.  In  addition,  BSNIP-1

included  first  degree  relatives  of  the  patient  cohorts.   The  study  protocol  was

approved  by  the  institutional  review  board  at  each  local  site.  Written  informed

consent was obtained after complete description of the study to the volunteers. 

Demographic and clinical variables

We included as predictor variables those available with a priori potential association

with  cognitive  functioning.1 This  consisted  of  age,  sex,  race/ethnicity,  diagnostic

group, antipsychotic dose (olanzapine equivalents), parental factors (age of parents

at  birth,  parental  highest  educational  attainment,  parental  occupation),  substance

use,  childhood  trauma  scores  (physical,  emotional,  and  sexual  abuse/neglect),

subject  educational  attainment,  and  Wide  Range  Achievement  Test  4  reading

score.15 Given that substance use, educational attainment, and reading score may

be a consequence of, as well as an antecedent of a psychotic disorder, all analyses

were also performed excluding these variables.

Cognitive testing

Cognition was assessed using the Brief Assessment of Cognition in Schizophrenia

(BACS).16 This comprises 6 tests: verbal memory (Verbal Memory), working memory

(Digit  Sequencing),  motor  speed (Token Motor),  verbal  fluency (Verbal  Fluency),

attention and processing speed (Symbol Coding), and executive function (Tower of

London). For each of the 6 tests, the mean and standard deviation calculated within

the control population was used to subsequently obtain z-scores for all participants.

A composite cognitive score was then obtained for each participant by calculating

the mean z-score across tests and dividing by the standard deviation of the control

mean z-scores. Any subjects with composite cognitive scores more than 5 standard



deviations from the mean were excluded. Composite cognitive scores of the extreme

0.5% were then winsorized.

Predictive modelling

To investigate the extent to which various variables were associated with cognitive

outcomes a predictive modelling approach was employed. This was performed using

nested cross-validation (20 outer folds, 5 inner folds), with all imputation, processing

and  hyperparameter  optimisation  performed  on  the  training  set  without  allowing

leakage to test set. Mean imputation was used for imputation of missing continuous

data, and mode imputation for categorical variables, both performed on a group level

basis (i.e. within a diagnostic group) and based only on training set data. Standard

scaling was then performed for continuous variables via mean centering and division

by the standard deviation (based only on training set data). 

We used a supervised learning approach,  Extreme Gradient  Boosting (XGBoost)

Regression, to train a composite cognitive score prediction model.17 Hyperparameter

optimisation was performed via grid search only on the inner fold. Performance was

evaluated based on R2 calculated between predicted and observed cognitive scores

in the outer fold. Statistical significance was calculated by comparing this coefficient

with  a  null  distribution  based  on permutation  of  the  cognitive  score  1000 times.

Linear regression was also performed in order to allow comparison with previous

approaches that have used linear models.18,19

Characterisation of predictor variable associations

We used Shapley Additive exPlanations (SHAP) to interpret variable importance in

the model.4,5 SHAP values provide a measure of the contribution of each feature to

the prediction for each subject, e.g. if an individual has a SHAP value of ‘-1’ for the

variable  ‘age’,  it  means  that  their  age  contributes  ‘-1’  to  the  prediction  of  their

cognitive function z-score. The SHAP values were computed for each instance in our

dataset, combined within a subject where appropriate (e.g. SHAP values for each

childhood  adversity  subscale  were  summed).  This  was  performed  100  times

(resampling with replacement) to allow for bootstrapped estimates.



We investigated the contribution of predictor variables to both within and between

group differences. For example, a variable like age might have major importance in

predicting  cognitive  performance  within  a  diagnostic  group,  but  if  all  diagnostic

groups  are  of  similar  age,  this  may  not  significantly  impact  between  group

differences.

Within group analysis

Within each cohort, we examined the extent to which predictor variables contributed

to  predicted  cognitive  score.  We looked  at  the  standard  deviation  of  the  SHAP

values for each variable within each diagnostic group, plotting the standard deviation

as a proportion of the sum of all standard deviations for that group.

Between group analysis

We investigated the role of predictor variables in predicting cognitive impairment, i.e.

cognitive  differences  between  patient  groups  and  healthy  controls.  For  each

diagnostic group we found the mean SHAP value for a given variable, and calculated

the difference between that  and the  variable’s  mean SHAP value in  the  healthy

control group (and unlike the within-group analysis above did not adjust for the total

score). This takes into account both the relationship between variable and outcome,

and also imbalances in the distribution of predictor variables between groups. For

example, if older age has a negative effect on cognitive performance, and individuals

with schizophrenia are younger than the control group, then the mean SHAP value

for  age  for  individuals  with  schizophrenia  would  be  positive,  whereas  if  the

schizophrenia group was on average older the group’s  mean SHAP value would be

negative. This analysis illustrates, to what extent group differences in the occurrence

of predictor variables contribute to observed differences in cognitive scores from the

healthy control cohort.

Investigating Domain Specific Relationships

To  investigate  whether  associations  between  predictor  variables  and  cognitive

measures varied between cognitive domains we refit the model multiple times using

individual tests of the BACS as the outcome variable and calculated SHAP values for

the predictor variable. For each diagnostic group, we compared each BACS test to

every other BACS test, using paired t-tests to examine whether the proportion of the



total  SHAP value allocated to each predictor variable set differed between BACS

test. The Benjamini-Hochberg procedure was used to correct for the high number of

comparisons.

Further characterisation of medication associations

Given that antipsychotic use is diagnosis-dependent, effects on cognition could be

erroneously  assigned  to  medication  rather  than  illness.   To  investigate  this,  we

performed three additional analyses.

First,  we  addressed  the  possibility  that  increased  medication  dosage  might  be

related to increased symptom severity. We added PANSS positive, negative, and

general  scores  to  the  predictive  model,  and examined whether  this  reduced the

magnitude of the SHAP values associated with medication dose. We then examined

overall model performance when including and excluding medication dose.

Second, we permuted medication dose  within diagnostic groups 1000 times, each

time assessing relative contribution of medication dosage to cognitive impairment. If

the association between medication and cognition primarily relates to confounding by

diagnosis  then  within-group  permutation  should  not  diminish  the  association

assigned  to  medication,  as  the  group  level  differences  will  be  maintained.  If

medication effects on cognition are distinct from diagnosis, then permutation should

markedly reduce the effect associated with medication. 

Third,  we  fit  the  predictive  model  solely  on  individuals  with  diagnoses  of

schizophrenia  and  schizoaffective  disorder  to  examine  the  associations  between

medication and cognition when there was no possibility of confounding by diagnosis.

Where  appropriate  STROBE reporting  guidelines  were  followed  when  describing

findings.20



Results

Participants

The study included 3,370 participants, with 1,926 from BSNIP-1 and 1,444 from 

BSNIP-2. Clinical and demographic details are in Table 1 (further details in eTable 

1).

Cognitive Scores

Compared to controls (mean Z=0.0, SD=1.0),  individuals with schizophrenia (mean

Z=-1.4,  SD=1.2,  p<0.001),  schizoaffective  disorder  (mean  Z=-1.2,  SD=1.1,

p=<0.001),  bipolar  1  with  psychosis  (mean  Z=-0.5,  SD=1.1,  p=<0.001),

schizophrenia relatives (mean Z=-0.5, SD=1.0, p=<0.001), schizoaffective relatives

(mean Z=-0.4, SD=1.1, p=<0.001), and bipolar 1 with psychosis relatives (mean Z=-

0.1, SD=0.9, p=0.03) showed lower cognitive scores.

Predictive Modelling

Mean out of sample correlation between predicted (on basis of all predictor variables

including  diagnostic  group)  and observed cognitive  composite  score  was rp=0.72

(SD=0.04), with R2=0.52 (SD=0.06) (eFigure1). This reduced  to rp=0.63 (SD=0.03)

R2=0.39 (SD=0.04) when subject education level, word reading, and substance use

were excluded. Similar accuracy was found using linear models (eFigures 2-6).

Characterisation of Predictor Variable Associations Within Diagnostic Groups

Figure 1 illustrates that diagnosis accounted for minimal variance within groups, as

expected given individuals within a group share the same diagnosis. Demographic

factors and education (including reading score) accounted for most of the variance

within a diagnostic group. When substance use and educational attainment were

excluded,  parental  level  factors accounted for  most  of  this  variance (Figure 1B).

Additional details are shown in eFigures 7-8.

Characterisation of Predictor Variable Associations Between Diagnostic Groups

Figure 1 illustrates relationships between predictor variables and cognitive function

within  diagnostic  groups.  The  between  group  results  reflect  both  associations



between  predictor  variables  and  cognitive  function  illustrated  above,  but  also

differences between groups in patterns of occurrence of the predictor variables.

Using healthy  controls  as  a  reference,  reductions in  subject  education  (including

reading  level)  was  associated  with  cognitive  score  reductions  in  other  cohorts

(schizophrenia z=-0.48,  schizoaffective z=-0.40, bipolar 1 with  psychosis z=-0.09,

schizophrenia  relative  z=-0.22,  schizoaffective  relative  z=-0.20,  bipolar  1  with

psychosis  relative  z=-0.06)  (Figure  2A).  Antipsychotic  medication  showed similar

associations across patient cohorts (schizophrenia z=-0.37, schizoaffective z=-0.33,

bipolar 1 with psychosis z=-0.26) and less for relatives (schizophrenia relative z=-

0.04,  schizoaffective  relative  z=-0.04,  bipolar  1  with  psychosis  relative  z=-0.01).

Diagnosis-related impairment was highest for schizophrenia (z=-0.29) and similar for

other groups (schizoaffective: -0.15, bipolar 1 with psychosis: -0.13, schizophrenia

relative: -0.10, schizoaffective relative: -0.09, bipolar 1 with psychosis relative: -0.06).

Excluding education and substance use from the model increased the proportion of

impairment  associated  with  other  variables  (Figure  2B).  Further  associations  are

shown in eFigures 9-10.

Investigating Domain Specific Relationships

Relationships between predictor variables and other cognitive tests were similar to

that observed with the composite score (see eFigures 11-16), with no statistically

significant differences observed (pfdr>0.05 all comparisons).

Medication Associations

Including PANSS scores as predictor variables, PANSS negative scores showed a

strong association, reducing SHAP values for diagnosis, but only slightly affecting

medication  values  (eFigure  17).  The model  showed R2= 0.52 (SD 0.05)  without

medication dose, and R2=0.53 (SD 0.05) including dose.

Permuting medication doses within diagnostic categories reduced the association

between  medication  and  cognitive  function  as  quantified  by  reduction  in  SHAP

values (schizophrenia 82% reduction, schizoaffective 80%, bipolar1 with psychosis

79% reduction, schizophrenia relative 88% reduction, schizoaffective relative 83%



reduction, bipolar1 with psychosis relative 100% reduction) indicating medication’s

contribution was not primarily due to group-level confounding. 

When models were fit within a sample containing solely diagnoses of schizophrenia

or schizoaffective disorder, medication maintained a similar association (Figure 3).

Linear models assigned less importance to medication (eFigure 5), possibly due to

their inability to model a plateau effect, overestimating associations at higher doses

and underestimating at lower doses (compare Figure 3 and eFigure 6).

Discussion

Using  non-linear  machine  learning  algorithms  with  a  large,  deeply  phenotyped

dataset,  we found that  cognitive impairments across the psychosis  spectrum are

associated with sociodemographic and environmental factors, such as educational

level,  childhood  trauma,  age,  ethnicity/race,  parental  socioeconomic  status,  and

antipsychotic exposure, rather than solely disorder.  The differential  prevalence of

these factors in patient groups could thereby potentially account for a proportion of

the cognitive impairments observed in individuals with psychosis.

We recently  highlighted that  variability  of  cognitive  performance is  greater  within

psychosis cohorts compared to controls.21 One interpretation of this is that the impact

of illness on cognition varies between individuals. The present analysis, however,

suggests   the  increased  heterogeneity  in  patients  may  reflect  increased

heterogeneity in cognition relevant exposures seen in this group.

Previous work has used deviation from predictive models to investigate cognitive

function  in  psychosis,17,21 and  our  results  align  with  recent  findings  showing

attenuated  cognitive  deficits  in  schizophrenia  when  adjusting  for  cannabis  use,

symptoms, and medication.25 Prior work, has used linear models, fewer predictive

features,  smaller sample sizes, and trained models using only control samples. The

present study  included more predictive features, and included patient, control, and

family members in model training, maximizing sample size and allowing estimation of

antipsychotic associations and the impact of illness status. 



These results suggest that cognitive impairments in psychosis may not be solely due

to the illness but also to cognitively detrimental factors more common in individuals

with psychotic disorders. This is consistent with the cognitive reserve hypothesis,

where certain genetic and environmental exposures reduce cognitive function, which

increases vulnerability to psychosis.22  Another interpretation is that some cognitive

impairments reflect confounding factors like male sex, socioeconomic deprivation,

and  ethnic  minority  status,  which  increase  the  likelihood  of  both  cognitive

impairments and psychosis through different pathways. Cross-disorder comparisons

suggest  that  lesser  cognitive  impairment  in  bipolar  disorders  may  reflect  both

differences  in  illness  impact  and  associated  sociodemographic  factors  (e.g.

socioeconomic deprivation and antipsychotic exposure). These interpretations are in

contrast  with,  but  not  mutually  exclusive  to  findings that  deviation from familially

expected cognitive performance predicts schizophrenia risk.24

The possibility  that  a  diagnosis  of  a  psychotic  disorder  may not  account  for  the

majority of impairment seen in the disorder aligns with findings that polygenic risk for

schizophrenia is not consistently associated with cognitive impairments in patients

with  schizophrenia.25–27 Disentangling  the  impact  of  antipsychotic  medication  is

complex  given  that  psychotic  symptoms  also  contribute  to  poor  cognitive

performance.28,29  Our  analyses  suggest  that  associations  observed  between

medication dose and cognition do not  solely  reflect  confounding by  diagnosis  or

symptom severity, but we cannot definitively determine if this reflects a direct causal

effect  or  untested confounding sources.  Medication may have deleterious effects

while at the same time preventing a relapse of positive symptoms, which itself can

have an even greater impact on cognitive function. Careful  dosing strategies are

needed to balance these competing needs.

Strengths and Limitations

Our  results  derived  from  a  large,  thoroughly  phenotyped  dataset,  examining

associations  between cognitive  function  and a  wide range of  predictors  within  a

nonlinear framework. Our findings are thoroughly cross validated thereby avoiding

overfitting. Further work would benefit from even larger and more comprehensively

characterised  samples.   While  BSNIP  is  a  research  sample,  its  large  size  and

geographically broad recruitment do mean that results are potentially generalisable. 



Most  predictor  variables,  such  as  ethnicity/race  and  socioeconomic  status,  are

potentially  proxy  markers  for  factors  with  more  direct  causal  impact.  Definitively

determining causal contributions, however, is not possible given we cannot randomly

assign these exposures, and a more formal causal model is mostly precluded given

the  complexity  of  the  system.  This  means  that  inferences  may  be  potentially

confounded. 

One  strength  of  using a  model  such  as  XGBoost  regression  is  that  there  is  no

assumption of a linear relationship, nor that residuals follow a specific distribution.

This increases flexibility, meaning it may be more suitable for modelling complex,

non-linear  relationships.16,30 For  example,  the  non-linear  relationship  between

antipsychotic dose and cognitive function identified by XGBoost may more plausible

than an ever increasing dose deficit relationship identified by linear regression.

In conclusion, while observed cognitive deficits in psychosis are large, these may not

solely represent illness effects but also reflect sociodemographic and clinical factors.

Many of  these factors  are  not  psychosis  specific  and may be modifiable.  These

results  highlight  the  potential  for  future  interventions  (both  psychosocial  and

pharmacological)  to  possibly  have  transdiagnostic  impact,  and  supports  a

multifaceted approach to treating cognitive impairment.
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Healthy
Control

Schizophrenia
Schizophrenia

Relative
Bipolar 1 w/

Psychosis

Bipolar1 w/
psychosis

Relative

Schizoaffective
Disorder

Schizoaffective
Relative

N 840 709 323 457 291 541 209

Male N(%) 351 (41.8) 457 (64.5) 101 (31.3) 172(37.6) 100 (34.4) 234 (43.3) 64 (30.6)

Female N(%) 489 (58.2) 252 (35.5) 222 (68.7) 285(62.4) 191 (65.6) 307 (56.7) 145 (69.4)

Asian N(%) 63 (7.5) 29 (4.1) 4 (1.2) 12(2.6) 6 (2.1) 10 (1.8) 2 (1.0)

Black or African
American N(%)

244 (29.0) 336(47.4) 123 (38.1) 81 17.7) 48 (16.5) 208 (38.4) 70 (33.5)

Hispanic/Latinx N(%) 97(11.5) 64 (9.0) 26 (8.0) 50 (10.9) 19 (6.5) 66 (12.2) 20 (9.6)

White N (%) 403(48.0) 249 (35.1) 164 (50.8) 299 (65.4) 214 (73.5) 223 (41.2) 112 (53.6)

Othere N(%) 34(4) 31 (4.4) 6 (1.9) 16 (3.4) 4 (1.4) 35 (6.4) 5 (2.3)

Olanzapine Equivalents
(mg)

0.0 (0.6) 15.9 (17.5) 2.3 (10.6) 9.5 (14.1) 0.8 (4.0) 13.3 (16.9) 1.5 (5.7)

Age (years)
35.6

(12.0)
37.7 (12.0) 42.9 (15.0) 35.5 (12.0) 40.4 (16.0) 38.8 (12.0) 39.6 (16.0)

Age of mother at the
time of birth (years)

27.4 (6.6) 25.8 (6.7) N/A 28.0 (6.4) N/A 25.8 (6.3) N/A

Age of father at the
time of birth (years)

30.6 (7.3) 30.3 (8.5) N/A 30.4 (7.2) N/A 29.6 (8.0) N/A

Father’s Occupationb 3.5 (1.8) 4.2 (1.9) 3.9 (1.9) 3.4 (1.9) 3.5 (1.8) 4.1 (1.9) 3.8 (1.9)

Mother’s Occupationb 3.8 (1.7) 4.3 (1.9) 4.6 (1.9) 3.8 (1.8) 4.0 (1.8) 4.2 (1.8) 4.2 (1.9)

Father Educational
Scaleb 3.0 (1.5) 3.4 (1.6) 3.5 (1.6) 3.0 (1.6) 3.2 (1.6) 3.5 (1.7) 3.5 (1.6)

Mother Educational
Scaleb 3.2 (1.5) 3.4 (1.5) 3.7 (1.5) 3.0 (1.4) 3.3 (1.4) 3.5 (1.5) 3.5 (1.5)

Subject Educational
Scaleb 2.5 (1.0) 3.6 (1.2) 3.1 (1.2) 2.8 (1.0) 2.8 (1.3) 3.4 (1.1) 3.1 (1.4)

Emotional Abusea 7.5 (3.6) 11.4 (5.5) N/A 12.6 (5.8) N/A 13.6 (6.1) N/A

Emotional Neglecta 8.5 (4.1) 12.3 (5.3) N/A 12.1 (5.2) N/A 13.4 (5.3) N/A

Physical Abusea 6.8 (2.8) 9.2 (4.7) N/A 8.6 (4.8) N/A 10.6 (5.6) N/A

Physical Neglecta 6.4 (2.1) 9.2 (4.0) N/A 8.5 (4.1) N/A 9.2 (4.0) N/A

Sexual Abusea 6.2 (3.4) 8.4 (5.5) N/A 8.9 (6.6) N/A 11.1 (7.4) N/A

Age at first use of
cannabis (years)

18.5 (4.3) 16.8 (4.3) N/A 17.6 (4.8) N/A 16.6 (5.1) N/A

Use of cannabis after
age 18c 3.4 (1.6) 4.0 (1.8) N/A 4.2 (1.6) N/A 4.0 (1.9) N/A

Use of cannabis
between age 15 and 18 c 2.1 (1.6) 3.1 (2.1) N/A 2.8 (2.0) N/A 3.0 (2.0) N/A

Use of cannabis before
age 15 c 1.2 (0.8) 1.8 (1.5) N/A 1.7 (1.4) N/A 1.9 (1.6) N/A

Use of other substances
before age 18 c 0.2 (0.3) 0.4 (0.6) N/A 0.7 (0.8) N/A 0.5 (0.7) N/A

Use of other substances
after age 18 c 0.4 (0.7) 0.8 (1.0) N/A 1.3 (1.2) N/A 1.1 (1.1) N/A

Word Reading Scored 103.1
(34.1)

93.0 (15.7) 99.8 (53.4)
101.7
(14.3)

102.9
(14.0)

94.3 (14.4) 98.5 (16.0)

Table 1. Participant details
a Abuse and neglect scores are from the childhood trauma questionnaire31

b The Hollingshead Socioeconomic Rating Scale is used to classify educational achievement ranging  from 1 (completed graduate degree) to

7 (less than seven years of schooling); and parental occupation ranging from 1(major professional) to 8 (unskilled labouring)32

c The cannabis/substance use scores were derived from a standardised clinical interview and range from 1(no use) to 6 (over 100 times). 

The ‘other substances’ values represent the mean across stimulants, cocaine, opiates, hallucinogens and other substances.



d Word reading score is the WRAT-4 standardised score

eOther category includes 'Unknown or not reported', 'Hawaiian or Pacific Islander', 'American Indian/Alaska Native'

Figure 1 The association of predictor variables and within diagnosis cognitive performance 
The width of the bars represents the relative contribution of the variable to the total SHAP value within the diagnostic group (the 

education bar includes word reading). E.g. The relatively wide bar representing education indicates that education makes a major 

contribution to the prediction for cognitive performance, within diagnosis. Variables that are relatively constant within a group (e.g. 

diagnosis) will contribute minimally here although may contribute markedly to between group predictions. The chart represents the 

contribution of each variable to model predictions i.e. it does not imply that these variables explain 100% of variance in cognitive scores.

(A) The chart based on a model including all predictor variables (B) The chart based on a model without including participant substance 

use, education level, or word reading.



Figure 2 The association of predictor variables and cognitive impairment
The bar width for each variable, for each diagnostic group, represents the extent in terms of z-score to which that variable contributes to 

cognitive impairment relative to the control cohort. Bars to the right of ‘0’ indicate that in this cohort the variable has a net protective 

effect.   (A) The chart based on a model including all predictor variables (B) The chart based on a model without including participant 

substance use, education level, or word reading.



Figure 3 Association between antipsychotic exposure and prediction of cognitive 

performance
SHAP values associated with medication exposure from models fit to a subsample of individuals with schizophrenia or schizoaffective 

disorder. Increasing antipsychotic dose is associated with an increasingly negative influence on prediction of cognitive performance.  


