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Abstract 
Study  Objectives:  Sleep  state  electrocortical  activity  measured  using  electroencephalograms  (EEG) is  linked  with  cognitive  function  and
 dementia  risk.  The  rich  information  in  overnight  EEG  can  be  condensed  into  integrated  scores  using  machine  learning.  The  Brain  Health
 Score  (BHS)  was  derived  in  prior  work  using  an  end-to-end  deep  learning  model  trained  to  jointly  optimize  higher  cognitive  function
 and  lower  disease  risk  from  raw  EEG.  However,  it  is  unknown  whether  the  BHS  predicts  future  neuropsycholog  ical  (NP)  performance.
 

Methods:  This  study  included  426  Framingham  Heart Study  (FHS)  Generation  2  or  Omni  1  participants  with  BHS  values  from  in-home
 polysomnography  in  mid-to-late  life,  and  subsequent  dig  ital  clock  drawing  (dCDT)  and  NP  testing  an  averag  e  of  12.6  years  later.  Linear
 regression  models  estimated  associations  between  BHS  and  dCDT,  memory,  languag  e,  or  executive  function  scores,  adjusting  for  ag  e,
 sex,  race,  education,  smoking,  body  mass  index,  and  FHS  cohort.  To  enable  comparisons  across  outcomes,  the  independent  variables
 were  centered  and  rescaled,  and  then  the  model  was  ref  itted  to  g  enerate  standardized  estimates.
 

Results:  Participants  were  on  averag  e  56  years  at  sleep  assessment,  55%  female,  and  86%  non-Hispanic  White.  Each  1-SD  higher  BHS  was
 associated  with  higher  dCDT,  memory,  languag  e,  and  executive  function  scores  (dCDT:  β  =  0.16,  95%  CI  =  0.06-0.26;  memory:  β  =  0.13,
 95%  CI  =  0.03-0.23;  languag  e:  β  =  0.13,  95%  CI  =  0.03-0.23;  executive:  β  =  0.10,  95%  CI  =  0.01-0.19).
 

Conclusions:  Higher  BHS  in  mid-to-late  life  was  associated  with  better  dig  ital  and  traditional  NP  performance  more  than  a  decade  later.
 These  f  indings  support the  potential  of  EEG-derived,  data-driven  scores  as  a  biomarker  of  future  cognitive  health.
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Graphical  Abstract 

Statement  of  Signif  icance  

This  study  is  among the  f  irst  to  demonstrate  associations  between  a  sleep-derived  brain  health  score  in  mid-to-late  life  and  subsequent
 performance  on  both  digital  and  traditional  cognitive  tests  in  late-life.  These  results  suggest  the  potential  utility  of  using  this  data-driven
 sleep  score  as  a  biomarker  of  future  cognitive  function.  Moreover,  the  use  of  sleep  electroencephalogram  data,  which  can  be  assessed
 in  the  free-living  environment,  adds  to  the  feasibility  of  using  this  sleep  score  for  remote  monitoring.  Future  studies  with  longer  follow-
 up  periods  in  more  diverse  samples  are  needed  to  determine  whether  this  sleep  score  predicts  the  rate  of  cognitive  decline  or  risk  of
 dementia,  as  well  as  to  evaluate  whether  sleep  interventions  can  mitigate  cognitive  risk.
 

Introduction 
Sleep  is  important  for  maintaining  cognitive  function  into  later-
 life.  Indeed,  poor  sleep  quality  is  associated  with  higher  burden  of
 amyloid-β  [  1,  2]  and  tau  [  2],  smaller  brain  volumes  [  3,  4],  and  faster
 rates  of  cognitive  decline  [  5,  6].  Sleep  is  also  prospectively  linked
 with  risk  of  cognitive  impairment  and  dementia  [  2,  6,  7].  Studies
 to  date  often  rely  on  either  self-reported  or  actigraphy-assessed
 sleep.  However,  electroencephalograms  (EEGs),  which  measure
 the  electrical  activity  of  the  brain  during  sleep,  provide  additional
 information  on  sleep  physiology  and  pathology.  These  EEG-based
 sleep  measures  have  been  linked  with  neuropathology  [  8]  and
 early  changes  in  cognitive  function  [  9],  raising  the  possibility  of
 using  these  measures  as  biomarkers  for  early  dementia  detection.
 

With  technological  advancements,  accurate  assessment  of
 sleep  in  the  free-living  environment  is  now  possible.  For  example,
 in-home  polysomnography  (PSG)  allows  for  remote  measurement
 of  sleep  EEGs  [  10].  Beyond  individual  EEG  features,  data-driven
 approaches  can  distill  the  rich  information  in  overnight  EEG  into
 integrated  scores  of  brain  health.  Earlier  work  using  classical
 machine  learning  showed  such  scores  relate  to  cognitive  function,
 though  with  limited  accuracy  [  11].  More  recently,  a  multi-cohort
 study  applied  an  end-to-end  deep  learning  framework  directly  to
 raw  EEG  to  derive  the  Brain  Health  Score  (BHS),  jointly  optimized
 for  higher  cognitive  function  and  lower  disease  risk  [  12].  However,
 it  remains  unknown  whether  the  BHS  is  associated  with  future
 cognitive  performance.
 

Digital  cognitive  assessments  have  also  become  increasingly
 common.  The  digital  clock  drawing  test  (dCDT)  is  a  digital
 version  of  the  traditional  assessment  that  has  been  linked  with
 Alzheimer’s  disease  (AD)  genetic  risk  [  13]  and  neuropathology
 

[ 14,  15],  neuropsychological  (NP)  test  performance  [  14],  and  mild
 cognitive  impairment  (MCI)  status  [  16].  dCDT  performance also
 accurately  differentiates  individuals  living  with  MCI  or  mild
 dementia  from  cognitively  intact  controls  [  14],  as  well  as  amyloid-
 β  status  among  cognitively  normal  populations  [  14,  15].  However,
 it  has  yet  to  be  determined  whether  the  BHS  is  associated  with
 dCDT  performance.  To  understand  its  potential  utility  as  a
 biomarker  of  early  cognitive  changes,  there  is  a  need  to  evaluate
 associations  between  the  BHS  and  sensitive  indicators  of  cognitive
 function,  such  as the  dCDT.
 

This  study  aimed  to  evaluate  whether  the  BHS  in  mid-to-late
 life  was  associated  with  cognitive  function  on  average  12.6  years
 later.  A  secondary  aim  was  to  compare  the  strength  of  associa-
 tions  between  this  score  and  either  digital  (dCDT)  or  traditional
 (NP)  cognitive  performance.  We  hypothesized  that  higher  mid-
 to-late  life  BHS,  a  score  trained  to  ref  lect  better  cognition  and
 lower  disease  risk,  would  relate  to  superior  late-life  performance
 across  both  digital  (dCDT)  and  traditional  (NP)  cognitive  domains,
 thereby  testing  the  generalizability  of  a  sleep-EEG  brain-health
 phenotype  to  future  cognition.
 

Mater  ials  and  methods 
Study  population  
The  Framingham  Heart  Study  (FHS)  aims  to  understand  risk
 factors  for  cardiovascular  and  cerebrovascular  disease.  Beginning
 in  1948,  5209  adults  living  in  Framingham,  Massachusetts,  were
 enrolled  in  the  Original  Cohort  [  17].  In  1971,  the  offspring  and
 offspring  spouses  of  the  Original  Cohort  were  recruited  to  join
 the  Generation  2  cohort  (Gen  2,  n  =  5124)  [  18].  Then,  in  1994,  FHS
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Figure  1.  Sample  f  low  chart.  

expanded  enrollment  to  include  participants  from  more  racially
 and  ethnically  diverse  populations  to  form  the  Omni  1  cohort
 (n  =  506).  Participants  in  the  Gen  2  and  Omni  1  cohorts  complete
 examinations  on  average  every  4  years.
 

Beginning  in  1994,  a  subset  of  FHS  participants  enrolled  in
 the  multi-site  Sleep  Heart  Health  Study  (SHHS),  which  aimed
 to  evaluate  whether  obstructive  sleep  apnea  or  sleep-disordered
 breathing  were  risk  factors  for  cardiovascular  disease  [  10].  Par-
 ticipants  from  six  ongoing  cohort  studies,  including  FHS,  com-
 pleted  in-home  PSG  and  were  assessed  for  cardiovascular  events.
 Participants  were  excluded  if  they  had  sleep  apnea  treated  with
 continuous  positive  airway  pressure  or  oral  devices,  used  home
 oxygen  therapy,  or  had  a  tracheostomy  [  10].  Visit  1  occurred  from
 1995–2003  and  Visit  2  from  2001–2003.  The  current  study  includes
 FHS  participants  who  attended  at  least  one  visit  (n  =  1001),  had
 analyzable  EEG  and  suff  icient  data quality  to  derive  BHS  (n  =  781),
 and  data  on  both  NP  factor  scores  (n  =  779)  and  the  dCDT  (n  =  426)
 ( Figure  1).  All  procedures  were  approved  by  the  Boston  University
 Medical  Center  Institutional  Review  Board.  Written  informed  con-
 sent  was  obtained  from  all  participants.
 

Sleep  EEG-derived  Brain  Health  Score 
Sleep  EEGs  were  collected  during  in-home  PSG  as  part  of  SHHS
 visits  [  10].  In  a  prior  study,  a  multi-task  deep  learning  model
 (“Philosopher’s  Stone”) was  trained  on  full-night  sleep  EEG  from
 a  single  central  derivation  (C4-M1)  to  jointly  predict  cognitive
 performance,  disease  status,  and  auxiliary  sleep-related  targets
 across  multiple  cohorts.  Each  overnight  EEG  was  processed
 through  a  shared  encoder  yielding  a 1024-dimensional  latent  rep-
 resentation  supporting  multiple  supervised  prediction  heads  [  12].
 

Cognitive  outcomes  and  disease  labels  were  predicted  directly
 from  this  representation  using  task-specif  ic  regression  and  clas-
 sif  ication  heads.  A  composite  BHS  was  additionally  learned  via  a
 linear  projection  from  the  latent  space,  trained  with  a  composite
 objective  favoring  higher  cognitive  performance  and  lower  dis-
 ease  burden.  Domain-specif  ic  cognitive  scores  for  Total  Cognition
 (TC),  Fluid  Cognition  (FC),  and  Crystallized  Cognition  (CC)  were
 obtained  from  corresponding  prediction  heads.  Higher  values
 indicate  better  brain  health  (BHS:  higher  cognition,  lower  dis-
 ease  risk;  TC:  higher  total  cognition;  FC:  higher  f  luid  cognition;
 CC:  higher  crystallized  cognition)  [  12].  For  the  present  analysis,
 the  primary  exposure  was  the  composite  BHS,  and  the  domain-
 specif  ic  sub-scores  were  examined  as  secondary  exposures.  When
 multiple  SHHS  visits  were  available,  BHS  values  were  averaged
 

across  visits.  Full  details  for  the  derivation  of  the  BHS  and  domain-
 specif  ic  sub-scores  are  described  elsewhere  [  12].
 

Digital  clock  drawing  test  
Starting  in  2011,  FHS  began  administering  the  dCDT.  In  brief,
 participants  use  a  digital  pen  to  complete  command  and  copy  test
 conditions  on  a  paper  test  form,  consistent  with  the  traditional
 clock  drawing  test  [  19].  For  the  command  condition,  participants
 are  asked  to  “draw  the  face  of  a  clock,  put  in  all  numbers,  and  set
 the  hands  to  10  after  11.”  For  the  copy  condition,  participants  are
 asked  to  replicate  a  clock  showing  the  time  as  10  after  11.  During
 both  conditions,  the  digital  pen  records  multiple  features  of  draw-
 ing  performance  [  13,  14].  The  primary  outcome  for  this  analysis
 was  the  dCDT  summary  score,  which  ranges  from  0  to  100  with
 higher  scores  ref  lecting  better  performance.  dCDT  performance  is
 scored  using  the  DCTclock ™ algorithm  (Linus  Health).  This  algo-
 rithm  uses  machine  learning  methods  to  integrate  all  test  perfor-
 mance  information  from  the  digital  pen  into  one  summary  score.
 The  full  details  on  this  algorithm  are  described  elsewhere  [  14].
 

Neuropsycholo  gical  factor  scores 
We  also  examined  performance  on  traditional  cognitive  assess-
 ments,  including  memory,  executive  function,  and  language  factor
 scores.  Participants  completed  an  NP  test  battery  administered  by
 trained  examiners every  2-3  years  between  FHS  core  study  exams.
 For  the  current  analysis,  we  selected  NP  factor  scores  measured
 at  the  same  visit  as  the  dCDT.  In  a  previous  analysis  focused
 on  cross-study  harmonization,  cognitive  domain  factor  scores
 were  derived  across  multiple  FHS  exams  [  20].  Each  NP  test  was
 assigned  to  a  single  cognitive  domain,  then  factor  scores  for  each
 domain  were  estimated  using  separate  bi-factor  conf  irmatory
 factor  analysis  models.  NP  tests  calibrated  from  other  studies  as
 part  of  the  cross-study  harmonization  were  included  as  f  ixed  item
 parameters,  and  NP  tests  only  administered  in  FHS  were  freely
 estimated.  Full  methods  for  generating  the  FHS  cognitive  domain
 factor  scores  are  described  elsewhere  [  21].
 

Covariates 
Potential  confounders  were  measured  at  the  time  of  sleep  assess-
 ment  and  included  age  (years),  sex  (female  vs.  male),  race  (White
 vs.  Black  vs.  other),  education  (some  high  school  or  high  school
 graduate  vs.  some  college  vs.  college  graduate),  body  mass  index
 (BMI;  kg/m 2  ),  current  smoking  status  (yes  vs.  no),  cohort  (Gen
 2  vs.  Omni  1),  sleep  duration  (<  6  vs,  6-9  vs.  ≥  9  hours),  wake
 after  sleep  onset  (minutes),  sleep  eff  iciency  (%),  sleep  apnea  (<
 10  apnea/hypopnea  evens/hour  vs.  10-19  events/hour  vs.  20-29
 events/hour  vs.  ≥  30  events/hour),  self-reported  use  of  “sleep  pills”
 or  benzodiazepines  (yes  vs.  no),  self-reported  insomnia  symptoms
 (never,  rarely,  or  sometimes  vs.  often  or  almost  always),  self-
 reported  daytime  sleepiness  (never,  rarely,  or  sometimes  vs.  often
 or  almost  always),  and  self-reported  number  of  naps  ≥5  minutes
 per  month  (0  vs.  ≥  1).  Due  to  small  sample  sizes,  participants  who
 self-reported  as  Asian,  American  Indian,  Native  Hawaiian,  Pacif  ic
 Islander,  or  preferred  not  to  answer  were  combined  into  the  other
 race  category.  Participants  who  endorsed  often  or  almost  always,
 for  either  waking  up  too  early  in  the  morning  and  unable  to
 resume  sleep  or  waking  up  during  the  night  and  having  diff  iculty
 resuming  sleep,  were  classif  ied  as  having  insomnia  symptoms.
 Sleep  duration,  wake  after  sleep  onset,  sleep  eff  iciency,  and  sleep
 apnea  were  measured  from  PSG  data.  Potential  mediators  were
 accounted  for  in  a  sensitivity  analysis  and  included:  self-reported
 cardiovascular  diseases,  including  hypertension,  diabetes,  dyslipi-
 demia,  coronary  heart  disease,  stroke,  and  atrial  f  ibrillation,  and
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depressive  symptoms,  def  ined  as scores  >16  on  the  Center  for
 Epidemiologic  Studies  Depression  Scale  [  22].  Dementia  status  was
 ascertained  by  expert  consensus  according  to  the  fourth  edition
 of  the  Diagnostic  and  Statistical  Manual  of  Mental  Disorders
 [ 23].  Participants  with  dementia  were  excluded  in  a  sensitivity
 analysis.
 

Statistical  analysis 
Sample  characteristics  at  the  time  of  sleep  assessment  were
 summarized  as  means  and  SDs  or  as  counts  and  proportions  for
 continuous  or  categorical  variables,  respectively.  Differences  in
 sample  characteristics  were  evaluated  overall  and  within  each
 FHS  cohort. 

Separate  linear  regression  models  estimated  associations
 between  the  BHS  and  each  cognitive  outcome:  (1)  dCDT  score;
 (2)  memory  factor  score;  (3)  executive  function  factor  score;  or
 (4)  language  factor  score.  Cognitive  outcomes  were  assessed  on
 average  12.6  years  after  sleep  assessment.  Models  were  adjusted
 for  age,  sex,  race,  education,  cohort,  BMI,  and  smoking  status.  To
 enable  comparison  across  outcomes,  the  independent  variables
 were  centered  and  rescaled,  and  then  the  model  was  ref  itted  to
 generate  standardized  estimates.  These  standardized  estimates
 were  interpreted  as  the  SD  change  in  each  cognitive  outcome
 associated  with  each  1-SD  higher  BHS.  Conf  idence  intervals  were
 bootstrapped  over  1000  iterations.
 

In  sensitivity  analyses,  we  compared  associations  after  exclud-
 ing  n  =  8  participants  with  dementia  between  sleep  and  cognitive
 assessments  to  determine  whether  individuals  with greater  cog-
 nitive  impairment  were  driving  the results.  We  also  additionally
 adjusted  for  several  covariates.  First,  we  accounted  for  the  differ-
 ence  in  time  between  sleep  and  cognitive  assessments.  Second,
 we  adjusted  for  NP  factor  scores  at  the  time  of  sleep  assessment.
 We  could  not  account  for  dCDT  performance at  the  time  of  sleep
 assessment  because  these  data  were  not  collected  until  2011.
 Third,  we  evaluated  associations  after  accounting  for  potential
 mediating  variables,  including  depressive  symptoms and  cardio-
 vascular  diseases.  Finally,  we  additionally  adjusted  for  potential
 confounders  of  sleep  health  at  the  time  of  sleep  assessment,
 including  sleep  duration,  wake  after  sleep  onset,  sleep  eff  iciency,
 sleep  apnea,  and  use  of  sleep  medications.  We  also  adjusted
 for  self-reported  insomnia  symptoms,  daytime  sleepiness,  and
 napping  among  the  n  =  414  participants  with  available  data.
 

We  also  conducted  several  secondary  analyses.  First,  we
 changed  the  primary  exposure  from  the  average  BHS  to  the
 score  at  visit  1  or  visit  2.  We  included  the scores  at  visit  1  and
 visit  2  in  separate  models,  and  then  together  in  the  same  model.
 Then,  we  tested  whether  including  both timepoints  signif  icantly
 contributed  to  the  model  using  likelihood  ratio  tests  for  nested
 models.  Second,  we  explored  associations  using  TC,  FC,  or  CC  as
 the  primary  exposure.
 

Statistical  signif  icance  was  def  ined  as  α  <  0.05.  All  analyses
 were  performed  using  Stata  version  18.0  (StataCorp  LLC,  Col-
 lege  Station,  Texas).  Figures  were  generated  using  R  version  4.4.1
 ( https://CRAN.R-  project.org).
 

Results 
Sample  characteristics 
Of  the  426  participants  in  this  study,  the  mean  age  at  the  time
 of  sleep  assessment  was  55.9  (SD:  8.2)  years,  55%  were  female,
 and  86%  were  non-Hispanic  White.  Participants  in  the  Gen  2
 cohort  were  older,  more  likely  to  be  non-Hispanic  White,  had  lower
 

educational  attainment,  and  higher  cognitive  function  than  those
 in  the  Omni  1  cohort  (  Table  1).
 

Sleep  EEG-derived  BHS  and  co  gnitive  function  
A  higher  average  BHS  was  associated  with  better cognitive  func-
 tion  12.6  (SD:  2.6)  years  later.  After  full  covariate  adjustment,  1-
 SD  higher  BHS  was  associated  with  0.16-SD  higher  dCDT,  0.14-
 SD  higher  memory,  0.13-SD  higher  language,  and  0.11-SD  higher
 executive  function  scores  (dCDT:  β  :  0.16,  95%  CI:  0.06-0.26;  mem-
 ory:  β  :  0.14,  95%  CI:  0.04-0.24;  language:  β  :  0.13,  95%  CI:  0.03-
 0.23;  executive  function:  β  :  0.11,  95%  CI:  0.02-0.20).  The  magnitude
 of  the  associations  was  similar  for  all  cognitive  outcomes,  but
 highest  for  the  dCDT  (  Figure  2).
 

BHS  and  co  gnitive  function,  excluding  dementia  cases  
Results  were  robust  when  excluding  n  =  8  participants  with
 dementia  during  the  study  period.  The  magnitude  of  the
 association  was  slightly  attenuated  for  each  cognitive  outcome,
 but  f  indings  remained  statistically  signif  icant  (  Table  2).
 

BHS  and  co  gnitive  function,  using  BHS  from  different
 visits 
We  then  examined  associations  using  the  BHS  at  the  f  irst  SHHS
 visit,  last  SHHS  visit,  or  both  SHHS  visits  as  the  primary  expo-
 sures.  The  average  time  between  the  f  irst  or  last  SHHS  visits
 and  cognitive  testing  was  16.6  (SD;  1.9)  or  11.7  (SD:  1.5)  years,
 respectively.  The  f  irst  visit  BHS  was  associated  with  higher  dCDT,
 memory,  executive  function,  and  language  scores.  The  magnitude
 of  the  associations  was  slightly  lower  compared  to  the  average
 BHS  across  available  visits.  Of  the  332  participants  with  sleep
 assessments  at  both  visits,  higher  BHS  at  the  last  visit  was  associ-
 ated  with  higher  memory  and  language  factor  scores.  There  were
 no  statistically  signif  icant  associations between  the  BHS  and  any
 cognitive  outcome  when  the  BHS  from  both  the  f  irst  and  last  visits
 were  included  in  the  same  model.  Including  the  BHS  from  both
 visits  only  contributed  to  model  f  it  for  the  dCDT,  compared  to
 using  the  last  visit  BHS  alone  (  Table  3).
 

BHS  and  co  gnitive  function,  adjusting  for time  lag,
 co  gnitive  function  at  sleep  assessment,  or  depressive
 symptoms  and  cardiovascular  diseases  
First,  results  were  robust  when  adjusting  for  the  time  lag  between
 sleep  and  cognitive  assessments  (  Supplemental  Table  1).  Second,
 f  indings  with  memory were  robust  when  adjusting  for  memory
 factor  scores  at  the  time  of  sleep  assessment.  However,  f  indings
 with  executive  function  and  language  were  attenuated  when
 accounting  for  baseline  performance  (  Supplemental  Table  2).
 Finally,  results  were  robust  when  adjusting  for potential  medi-
 ators,  including  depressive  symptoms,  hypertension,  diabetes,
 dyslipidemia,  coronary  heart  disease,  stroke,  and  atrial  f  ibrillation
 ( Supplemental  Table  3).
 

BHS  and  co  gnitive  function,  adjusting  for sleep  health  
117  participants  in  our  sample  had  obstructive  sleep  apnea
 as  def  ined  by  >10  apnea/hypopnea  events/hour,  of  which  12%
 (n  =  50)  had  mild  sleep  apnea  (10-19  events/hour),  5%  (n  =  20)  had
 moderate  sleep  apnea  (20-29  events/hour),  and  11%  (n  =  47)  had
 severe  sleep  apnea  (≥  30  events/hour).  Results  were  robust  after
 additionally  adjusting  for  sleep  duration,  wake  after  sleep  onset,
 sleep  eff  iciency,  sleep  apnea,  and  sleep  mediations,  although  the
 magnitude  of  the  coeff  icients  were  attenuated.  Among  the  n  =  414
 participants  with  available  data,  results  with  dCDT  were  robust
 after  additionally  accounting  for  insomnia  symptoms,  daytime
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Table  1.  Sample  characteristics  overall  and  by  FHS  cohort  

Overall
 (n  =  426) 

Generation  2
 (n  =  351) 

Omni  1
 (n  =  75) 

Age  (years)  at  sleep  assessment,  mean  (SD) 55.9  (8.2)  56.8  (7.9)  51.5  (8.1)  
Age  (years)  at  cognitive  assessment,  mean  (SD) 70.4  (8.1)  71.3  (7.8)  66.1  (8.1)  
Female,  N  (%) 233  (55%)  190  (54%)  43  (57%)  
Non-Hispanic  White,  N  (%) 367  (86%)  347  (99%)  20  (27%)  
College  education,  N  (%) 174  (41%)  130  (37%)  44  (59%)  
Body  mass  index  (kg/m 2  ),  mean  (SD)  27.7  (5.0)  27.8  (4.9)  27.5  (5.5)  
Current  smoker,  N  (%) 50  (12%)  44  (13%)  6  (8%) 
Framingham  risk  score  category,  N  (%) 

 Low  (<  10%) 256  (60%)  203  (58%)  53  (71%)  
 Moderate  (10-19%) 107  (25%)  91  (26%)  16  (21%)  
 High  (≥  20%) 63  (15%)  57  (16%)  6  (8%) 

BHS,  mean  (SD)  ∗ 0.39  (0.57)  0.38  (0.57)  0.42  (0.56) 
Digital  clock  drawing  score,  mean  (SD) 70.2  (23.4)  71.0  (23.6)  66.7  (22.3) 
Memory  factor  score,  mean  (SD) 0.43  (0.53)  0.44  (0.53)  0.39  (0.52) 
Executive  function  factor  score,  mean  (SD) 0.08  (0.61)  0.11  (0.61)  -0.04  (0.59)  
Language  factor  score,  mean  (SD) 0.40  (0.60)  0.42  (0.61)  0.28  (0.56) 
Time  lag  (years),  mean  (SD)  †  12.6  (2.6)  12.4  (2.6)  13.3  (2.2)  

∗
 Average  sleep-derived  BHS  across  two  sleep  assessments  †  Difference  in  time  (years)  between  sleep  assessment  and  cognitive  assessment  

Figure  2.  Associations  between  average  sleep-derived  BHS  and  cognitive  function.  Higher  sleep-derived  BHS  was  associated  with  better  cognitive
 performance  more  than  a  decade  later.  In  426  FHS  participants,  each  1-SD  higher  mid-to-late  life  BHS  predicted  higher  digital  clock  drawing  (dCDT),
 memory,  executive  function,  and  language  scores  at  follow-up  (∼12.6  years  later).  Associations  remained  after  adjustment  for  age,  sex,  race,  education,
 body  mass  index,  smoking,  and  cohort  (model  2).  Estimates  are  standardized  β  ’s  with  95%  conf  idence  intervals  from  1000  bootstrap  iterations.  

Table  2.  Associations  between  average  sleep-derived  BHS  and  cognitive  function,  excluding  n  =  8  prevalent  dementia  cases  

Digital  clock
 β  (95%  CI) ∗

Memory
 β  (95%  CI) ∗

Executive  function
 β  (95%  CI) ∗

Language
 β  (95%  CI) ∗

Model  1 0.25  (0.16,  0.34) 0.27  (0.18,  0.36) 0.25  (0.16,  0.34) 0.23  (0.13,  0.33) 
Model  2 0.15  (0.05,  0.25) 0.11  (0.02,  0.20) 0.09  (0.004,  0.18) 0.11  (0.02,  0.20) 

BHS  averaged  across  all  available  visits  ∗  Estimates  are  standardized  β  ’s  and  corresponding  conf  idence  intervals,  which  were  bootstrapped  over  1000  iterations
 Model  1:  unadjusted Model  2:  adjusted  for  age,  sex,  race,  education,  body  mass  index,  smoking  status,  and  cohort. 
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Table  3.  Associations  between  sleep-derived  BHS  by  visit  and  cognitive  function  

Digital  clock
 β  (95%  CI) ∗

Memory
 β  (95%  CI) ∗

Executive  function
 β  (95%  CI) ∗

Language
 β  (95%  CI) ∗

Average  of  visits  1  and  2 0.16  (0.06,  0.26) 0.14  (0.04,  0.24) 0.11  (0.02,  0.20) 0.13  (0.03,  0.23) 
Visits  1  and  2  together †

Visit  1 0.12  ( −  0.02,  0.26) 0.10  ( −  0.02,  0.22) 0.09  ( −  0.03,  0.20) 0.10  ( −  0.04,  0.24) 
Visit  2 0.02  ( −  0.11,  0.15) 0.09  ( −  0.04,  0.21) 0.02  ( −  0.09,  0.14) 0.07  ( −  0.04,  0.18) 

Visit  1  alone
 p-value ‡

0.15  (0.05,  0.25)
 0.77 

0.11  (0.01,  0.21)
 0.16 

0.10  (0.01,  0.19)
 0.68 

0.11  (0.01,  0.21)
 0.25 

Visit  2  alone  †

p-value ‡
0.07  ( −  0.05,  0.19)
 0.05 

0.12  (0.01,  0.23)
 0.10 

0.06  ( −  0.05,  0.16)
 0.14 

0.11  (0.01,  0.21)
 0.11 

BHS  averaged  across  all  available  visits.  Cognitive  function  was  measured  on  average  16.6  or  11.7  years  after  visits  1  or  2,  respectively  ∗  Estimates  are  standardized
 β  ’s  and  corresponding  conf  idence  intervals,  which  were  bootstrapped  over  1000  iterations  †  n  =  332  participants  with  both  visits  ‡  p-value  for  likelihood  ratio  test
 for  whether  including  both  visits  1  and  2  together  signif  icantly  contributes  to  the  model,  compared  to  the  models  with  either  visit  1  or  visit  2  alone.  p-values  <0.05
 indicate  that  the  BHS  from  both  visits  contributes  to  the  model.  Model  adjusted  for  age,  sex,  race,  education,  body  mass  index,  smoking,  and  cohort.  

sleepiness,  and  napping,  but  f  indings  with  memory,  executive
 function,  and  language  were  attenuated  (  Supplemental  Table  4).
 

BHS  sub-scores  for  total,  f  luid,  or  crystalliz  ed  co  gnition
 and  co  gnitive  function  
Finally,  we  examined  associations  using  TC,  FC,  or  CC  sub-scores
 as  the  primary  exposure.  As  expected,  the  TC  and  FC  scores  were
 associated  with  higher  memory  performance  (TC:  β  :  0.12,  95%
 CI:  0.003-0.24;  FC:  β  :  0.15,  95%  CI:  0.01-0.29).  1-SD  higher  FC  was
 also  associated  with  0.14-SD  higher  language  factor  score  (95%  CI:
 0.01-0.27).  There  were  no  associations  with  CC  and  any  cognitive
 outcome  (  Supplemental  Table  5).
 

Discussion  
In  this  study,  we  found  that  higher  sleep-derived  BHS  in  mid-to-
 late  life  were  associated  with  higher  performance  on  both  digi-
 tal  and  traditional  cognitive  assessments  on  average  12.6  years
 later.  Indeed,  a  higher  BHS  was  related  to  better  dCDT,  memory,
 executive  function,  and  language  scores  independent  of potential
 confounding  or mediating  variables.  These  associations  were  also
 robust  when  excluding  participants  with  dementia,  suggesting
 this  sleep  score  could  potentially  serve  as  a  biomarker  of  future
 cognitive  function.
 

These  f  indings  add  to  the  growing  body  of  evidence  linking
 sleep  EEG  microarchitecture  features  and  cognitive  function.  Indi-
 vidual  sleep  EEG  features,  such  as  theta  power  and  spindle  density,
 are  associated  with  cognitive  function  [  24]  and  differ  by  amyloid-β
 status  [  25].  Among  middle  aged  and  older  men,  sleep  microarchi-
 tecture  parameters  (e.g.  lower  non-rapid  eye  movement  (NREM)
 and  REM  delta  power,  higher  NREM  and  REM  theta  or  alpha
 power)  are  associated  with  the  cross-sectional  level  [  26],  but  not
 subsequent  performance  [  27],  on  executive  function,  attention,
 processing  speed  tests.  Further,  compared  to  older  women  who
 remain  cognitively  intact,  those  who  transition  to  MCI  have  higher
 baseline  alpha  power,  theta  power,  and  slow  wave  activity  during
 NREM  sleep,  but  do  not  differ  in  traditional  sleep  measures  (e.g.
 total  sleep  time,  wake  after  sleep  onset,  sleep  eff  iciency,  etc.)  [  28].
 Similarly,  individuals  living  with  AD  have  higher  theta  power  but
 lower  sigma  power,  delta  power,  and  spindle  density  during  NREM
 sleep  than  cognitively  normal controls  [  29].  NREM  sigma  power
 and  REM  delta  or  beta  power  also  correlate  with  cortical  thickness
 in  several  regions  impacted  by  AD-related  neurodegeneration  [  30].
 Prior  work  has  shown  that  combinations  of  sleep  EEG  features  can
 predict  cognition  [  11]  or  differentiate  MCI  and  dementia  [  31,  32],

 

and,  in  some  cases,  produce  continuous  indices  ref  lecting  cogni-
 tive  domains  [  11].  Yet,  these  approaches  generally  rely  on  hand-
 crafted  features  and  limited  cohorts,  whereas  the  current  frame-
 work  generates  an  integrated  brain-health  score  from  raw  EEG,
 optimized  across  cognition  and  disease  in  multiple  large  cohorts
 [ 12].  The  composite  score  used  in  this  study  may  also  explain
 differences  between  previous  studies  that  have  not  found  associ-
 ations  between  individual  EEG  features  and  subsequent  cognitive
 function  [  27].  Taken  together,  the  current  f  indings  suggest  that
 such  an  integrated  sleep  EEG  score  may  relate  to  future  perfor-
 mance  on  both  digital  and  traditional  cognitive  assessments.
 

There  are  several  biological  mechanisms  through  which  sleep
 may  impact  cognitive  function.  At  the  simplest  level,  good  sleep  is
 generally  necessary  for  adequate  attention,  vigilance,  and  work-
 ing  function.  For  example,  blood  pressure  dipping  during  sleep
 requires  stable  sleep  [  33].  However,  sleep  becomes  more  frag-
 mented  and  decreases  in  quality  with  older  age  [  2],  and  this  is
 further  exacerbated among  individuals  living  with  dementia  [  34].
 Indeed,  sleep  fragmentation  is  a  whole-body  stressor  including
 increasing  sympathetic  activation  [  35]  and  dysglycemia  [  36].  Sleep
 is  critical  for  removing  waste  via  the  glymphatic  system  [  2,  37],
 regulating  the  production  and  clearance  of  amyloid-β  [  2,  37]
 and  tau  [  2],  and  modulating  glia  cells,  which  are  involved  in
 synaptic  homeostasis and  neuroinf  lammation  [  2].  Within  specif  ic
 cognitive  domains,  there  is  extensive  evidence  linking  sleep  and
 memory.  Indeed,  memory  consolidation  depends  on  REM  and
 non-REM  sleep  [  2,  31],  sharp  wave  ripples  in  the  hippocampus
 [ 2],  and  sleep  spindle-slow  oscillation  coupling  [  24,  31].  Similar
 mechanisms  are  also  associated  with  language  functions,  such
 as  learning  word  order  rules  [  38],  generalizing  grammatical  rules
 [ 39],  and  word  consolidation  [  40,  41].  In  addition  to  the  mecha-
 nisms  listed  above  [  2],  sleep  and  executive  function  may  be  linked
 through  better  reorganization  of  large-scale  cortical  networks
 during  slow  wave  sleep  [  42],  larger  brain  volumes  in  the  frontal,
 temporal,  or  parietal  cortices  [  4],  or  better  brain  connectivity  [  43].
 Importantly,  the  sleep  EEG  score  used  in  this  study  remained
 associated  with  cognitive  function  after  additionally  controlling
 for  measures  of  sleep  health,  including  sleep  duration,  wake  after
 sleep  onset,  sleep  eff  iciency,  sleep  apnea,  use  of  sleep  medica-
 tions,  daytime  sleepiness,  and  napping.  These  f  indings  support
 further  evaluation  of  the  importance  of  sleep  microarchitecture,
 above  and  beyond  summary  measures  of  sleep  duration,  quality,
 and  disorders,  for  cognitive  function.  Additional  studies  are  also
 needed  to  evaluate  the  specif  ic  mechanisms  through  which  sleep
 physiology  impacts  specif  ic  cognitive  domains.
 

D
ow

nloaded from
 academ

ic.oup.com
/sleep/article/49/8/zsag100/8644007 by Stanford U

niversity user on 11 O
ctober 2026

https://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsag100#supplementary-data
https://academic.oup.com/sleep/article-lookup/doi/10.1093/sleep/zsag100#supplementary-data


Marino  et  al.  |  7

Unlike  earlier  work  limited  to  associations  between  hand-
 crafted  EEG  features  and  cognition,  this  study  shows  that  a
 data-driven,  end-to-end  sleep  EEG  score  predicts  future  cognitive
 performance,  including  on  a  digital  assessment  (dCDT).  The
 dCDT  has  become  increasingly  popular  as  a  screening  tool  for
 early  cognitive  impairment.  Indeed,  cognitively  intact  individuals
 with  amyloid-β  positivity  have  lower  dCDT  scores  compared
 to  those  without  amyloid-β  [  14,  15].  The  dCDT  also accurately
 differentiates  MCI  sub-types  from  AD  or  each  other  [  44,  45],
 as  well  as  between  older  adults  living  with  MCI  or  dementia
 and  cognitively  intact  controls  [  14,  16].  These  f  indings  support
 the  dCDT  for  detecting  subtle  differences  in  cognitive  function
 relating  to  early  stages  of  dementia.  Further,  this  test  is  short
 and  simple  to  administer,  leading  to  improved  feasibility  over
 traditional  NP  batteries  [  16].  Given  the  utility  of  this  test,  it  is
 critical  to  understand  how  potential  biomarkers  relate  to  both
 traditional  NP  and  dCDT  scores.  Indeed,  this  study  found  the  BHS
 was  associated  with  future  dCDT  scores,  with  slightly  stronger
 associations  with  the  dCDT  than  NP  factor  scores.  The  BHS
 also  remained  associated  with  dCDT  after  accounting  for  sleep
 health  (e.g.  insomnia  symptoms,  sleep  apnea),  while  f  indings  with
 traditional  NP  factor  scores  were  attenuated.  Findings  were  also
 robust  when  excluding  individuals  who transitioned  to  dementia
 over  the  study  period,  highlighting  potential utility  for  the  BHS  as
 a  biomarker  of  cognitive  function.
 

When  evaluating  the  BHS  sub-scores  trained  on  different  cog-
 nitive  domains,  the  total  cognition  (TC)  sub-score  was  associated
 with  memory,  while  the  f  luid  cognition  (FC)  sub-score  was  related
 to  both  memory  and  language.  The  magnitudes  of  these  estimates
 were  also  comparable  to  the  overall  BHS  score,  which  was  trained
 to  jointly  optimize  cognition  and  disease.  Additionally,  a  higher
 BHS  during  each  visit  was  associated  with  better  cognitive  func-
 tion,  although  the  magnitudes  of  the  associations  were  strongest
 when  using  the  average  across  available  visits  compared  to  indi-
 vidual  visits.  Taken  together  with  these  sub-score  f  indings,  this
 study  demonstrates  that  a  data-driven,  end-to-end  EEG  score  of
 brain  health,  originally  trained  on  cross-sectional  cognition  and
 disease,  also  predicts  future  cognitive  performance more  than  a
 decade  later.  The  associations  extended  across  both  digital  and
 traditional  tests,  suggesting  that  the  BHS  captures  a  durable,
 generalizable  signal  of  neurophysiological  integrity.  Importantly,
 these  f  indings  underscore  that  a  single  overnight  EEG  can  contain
 information  relevant  to  long-term  brain  health,  raising  the  possi-
 bility  of  scalable  risk  stratif  ication  and  remote  monitoring.  Future
 work  should  determine  whether  tailoring  model  objectives  (e.g.
 cognition-specif  ic  vs.  multi-task)  or  leveraging  repeated  assess-
 ments  can  further  enhance  predictive  value  and  ref  ine  the  clinical
 use  of  EEG-derived  BHSs. 

Limitations  and  strengths 
It  is  important  to  evaluate  these  results  in  the  context  of
 the  study’s  limitations.  First,  FHS  Gen  2  participants  are
 predominantly  of  White  European  descent,  which  may  limit
 generalizability.  We  attempted  to  address  this  limitation  by
 including  participants  from  the  Omni  1  cohort,  which  has
 greater  racial  and  ethnic  diversity.  Still,  replication  of  f  indings
 in  larger,  more  diverse  cohorts  is  needed.  Second,  there  was
 a  gap  between  sleep  EEG  and  cognitive  assessments  (mean:
 12.6  years).  We  were  also  unable  to  account  for  baseline  cognitive
 performance  since  the  dCDT  was  not  measured  until  2011.
 However,  f  indings  were  robust  when  additionally  adjusting  for  the
 time  between  measures  and  when  adjusting  for  memory,  but  not
 executive  function  or  language,  factor  scores  at  the  time  of  sleep
 

assessment.  Future  longitudinal  studies  are  needed  to  evaluate
 predictive  value  and  mechanisms  between  the  BHS  and  cognitive
 function.  Third,  despite  accounting  for  confounders  and  adjusting
 for  potential  mediating  variables  in  sensitivity  analyses,  residual
 confounding  is  possible.  Fourth,  this  analysis  was  dependent
 on  single  night  of  polysomnography,  a  brief  snapshot  of  an
 evolving  process.  As  multi-night  sleep  EEG  recordings  become
 more  convenient  and  practical,  the  stability,  evolution,  and  inter-
 vs.  intra-individual  variability  domains  of  analysis  will  add  new
 layers  of  complexity  and  hopefully  improve  prediction.
 

This  study  also  has  several  strengths,  including  use of  the  BHS
 and  its  sub-scores,  which  were  derived  from  sleep  EEG  using  data-
 driven  methods  [  12].  We  also  examined  cognitive  function  using
 both  traditional  and  digital  assessments,  as  the  dCDT  has  been
 found  to  detect  subtle  differences  in  cognitive  function  possibly
 relating  to  early  stages  of  dementia  [  14,  16,  44,  45].
 

Conclusions 
This  study  found  that  participants  with  a  higher  sleep-derived
 BHS  in  mid-to-late  life  had  better  dCDT  performance,  memory,
 executive  function,  and  language  scores  on  average  12.6  years
 later.  These  f  indings  add  to  the  growing  body  of  evidence  linking
 sleep  EEG  features  with  cognitive  function  and  extend  this  work  to
 suggest  that  integrated  sleep  EEG  scores  are  also  associated  with
 future  performance  on  both  digital  and  traditional  NP  tests.
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