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Abstract  

Introduction:  The  e  -cigarette  market  evolves  faster  than  regulation  and  enforcement.  In  recent  years,  e  -cigarette  manufac-

 turers  have  introduced  vapes  featuring  not  just  addictive,  flavored  nicotine,  but  also  technological  features  that  appeal  to

 youth.  These  products  with  digital  screens  have  the  potential  to  gamify  the  use  of  an  addictive  drug.  To  keep  pace  with  these

 developments,  automated  tools  capable  of  rapidly  analyzing  the  online  marketplace  could  inform  regulator  y  enforcement.
 

Methods:  The  goal  of  this  work  is  to  automatically  detect  and  classify  e  -cigarette  devices  with  screens.  To  do  this,  we  first  use

 an  object  detection  model  to  filter  web-scraped  images  that  contain  e  -cigarettes.  Product  images  and  descriptions  are  then

 provided  to  a  vision  language  model  (VLM)  to  determine  if  the  e  -cigarette  contains  a  screen.  We  evaluated  the  pipeline  with

 images  and  text  descriptions  from  five  e  -cigarette  online  retailers  and  manually  validated  predictions.
 

Results:  The  object  detection  model  was  trained  on  approximately  7000  images  and  tested  on  3920  images  achieving  an

 accuracy,  precision,  recall,  and  F1  score  of  0.95,  0.98,  0.94,  0.96  respectively  in  identifying  e  -cigarette  devices.  The  VLM  was

 tested  on  2401  images  and  was  able  to  detect  screens  on  e  -cigarette  devices  with  an  accuracy  of  0.92, precision  of  0.96,  recall

 of  0.87,  and  F1  score  of  0.92.
 

Conclusions:  Object  detection  models  and  VLMs  can  be  combined  to  automatically  detect  and  classify  e  -cigarettes  with

 integrated  screens.  This  method  can  enable  rapid-response  pipelines  to  identify  youth-appealing  features  in  emerging  e  -

 cigarette  products  and  provide  policymakers  insights  into  their  proliferation  in  the  online  marketplace.
 

Implications:  New  e  -cigarettes  with  potentially  youth-appealing  technological  features,  such  as  integrated  screens,  continue

 to  be  introduced  to  the  US  market,  challenging  timely  and  effective  tobacco  product  sur  veillance  and  regulator  y  efforts.

 Digital  screens  on  e  -cigarettes  offer  greater  user  control  and  make  products  that  deliver  addictive,  flavored  nicotine  resemble

 entertainment  devices,  rather  than  tobacco  products.  Our  automated  screen  detection  pipeline  provides  a  scalable,  rapid-

 response  tool  for  monitoring  online  e  -cigarette  retailers  in  near  real-time,  quantifying  the  proliferation  of  products  with

 specific  features.  This  pipeline  could  be  adapted  to  accommodate  a  variety  of  new  features  for  detection,  here  we  use  the

 presence  of  screens  as  a  test  example.  Rapid  identification  and  classification  of  new  tobacco  products  available  online  could

 help  inform  inter  ventions  before  the  sale  and  use  of  such  products  becomes  widespread.
 

Keywords electronic  cigarettes,  medical  sur  veillance,  computer  vision,  machine  learning,  regulator  y,  vaping  

Introduction 
E-cigarettes  are  the  most  commonly  used  tobacco  product  among

 youth  and  young  adults  in  the  United  States. 1 E-cigarettes  con-

 tinue  to  change  rapidly,  incorporating  new  features  and  charac-

 teristics  that  could  increase  their  appeal  and  addictiveness  among

 young  people. 2  ,  3 An  emerging  trend  in  recent  years  are  so  -called
 

“smart”  vapes—devices  that  deliver  flavored,  addictive  nicotine

 that  incorporate  digital  displays  that  can  allow  for  built-in  gaming

 systems,  touchscreens,  smartphone  app  connectivity,  and  a  vari-

 ety  of  other  features.  Devices  incorporating  these  features  rapidly

 emerged  as  top  -selling  brands  in  the  US  e  -cigarette  market  ,  with

 national  retail  sales  estimates  placing  Geek  Bar  Pulse  and  Raz  as

 the  third  and  fifth  top  -selling  e  -cigarettes,  as  of  May  2025. 4
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Use  of  “smart”  vapes  appears  prominent  among  US  youth  and

 young  adults  who  use  e  -cigarettes.  According  to  the  Tobacco

 Epidemic  Evaluation  Network  (TEEN+)  Study  Wave  6,  fielded  in

 early  2025,  an  estimated  15.2%  of  youth  and  young  adults  use  e  -

 cigarettes,  of  whom  37.3%  report  using  a  “smart”  vape  in  the  past

 30  days.  Among  this  group,  four-in-five  (81.7%)  youth  ages  13–17

 and  three  -in-five  (61.4%)  young  adults  ages  18–27  reported  use

 of  Geek  Bar  in  the  past  month. 5 Youth  and  young  adults  reported

 that  the  devices  they  used  in  the  past  month  included  indicators

 for  device  settings,  e  -liquid  levels,  and  puffs  consumed;  games;

 and  Bluetooth  connectivity. 5

“Smart”  vapes  pose  a  unique  concern  for  public  health,

 potentially  tapping  shared  addiction  mechanisms  present  in

 both  nicotine  and  video  games. 6  ,  7 These  sophisticated  devices

 often  include  interactive,  on-device  LED  screens  with  interfaces

 which  allow  users  to  view  and  customize  settings  and  engage

 with  features  explicitly  designed  to  encourage  repeated  use. 7

Such  features  draw  from  addiction  mechanisms  present  in

 video  games,  incorporating  gamification  elements  such  as  usage

 rewards  and  progress  tracking  to  reinforce  addictive  behaviors. 7  ,  8

The  youth  appeal  of  these  devices  is  amplified  by  marketing

 strategies  that  blur  the  lines  between  tobacco  products  and

 consumer  entertainment  .  Manufacturers  have  long  produced

 e  -cigarettes  designed  to  resemble  toys,  popular  video  game

 consoles,  food  items,  and  popular  cartoon  characters  that  specifi-

 cally  attract  young  users,  resulting  in  warnings  and  civil  money

 complaints  from  the  U.S.  Food  and  Drug  Administration. 7  –  9

Despite  enforcement  actions,  e  -cigarette  manufacturers  have

 continued  to  develop  and  release  new  e  -cigarettes  replicating  and

 building  upon  these  device  features.  The  regulator  y  challenges

 posed  by  rapid  e  -cigarette  diversification  underscore  the  need

 for  innovative  approaches  to  monitoring  product  marketing  and

 design.
 

Traditional  sur  veillance  methods  struggle  to  keep  pace  with

 the  volume  and  speed  of  tobacco  product  diversification—a  phe  -

 nomenon  exemplified  by,  but  not  limited  to,  the  introduction  of

 vapes  with  digital  screens.  Sur  veys  offer  insights  on  behaviors

 and  attitudes  but  may  struggle  to  capture  issues  emerging  shortly

 before  or  during  fielding,  a  particular  challenge  in  the  rapidly

 changing  e  -cigarette  market  .  Additionally,  there  is  a  time  lag  in

 collecting  analyzing  and  disseminating  results  from  sur  veys  even

 when  information  on  emerging  issues  is  captured.  Point-of-sale

 (POS)  retail  sales  scanner  data  can  provide  near  real-time  sales

 estimates  but  may  contain  incomplete  data  and  are  subject  to

 var  ying  time  lags  in  data  deliver  y  depending  on  vendor  produc-

 tion  and  licensing  schedules.  Point-of-sale  scanner  data  product

 attributes  are  provided  directly  by  the  vendor  and  usually  do  not

 track  novel  features  of  interest  to  public  health,  such  as  on-device

 video  games  or  flavor  intensity  toggles.  Researchers  manually

 conduct  additional,  time  -intensive  internet  investigations  to  track

 these  novel  device  features  or  backfill  incomplete  variable  data

 from  the  vendor,  followed  by  extensive  analysis  to  produce  inter-

 pretable  results.  Furthermore,  POS  retail  sales  scanner  data  do  not

 sample  from  online  retailers,  with  estimates  placing  the  size  of

 the  online  marketplace  at  approximately  19%  of  total  e  -cigarette

 sales  in  2021. 10 Vape  and  tobacco  specialty  shop  data  are  also

 not  included  in  POS  data,  further  challenging  sur  veillance  and

 regulator  y  efforts.  Because  many  online  vendors  offer  products

 wholesale  to  vape  shops,  understanding  the  online  marketplace

 could  provide  greater  insight  into  vape  shop  offerings. 11

Rapidly  monitoring  the  development  and  proliferation  of

 devices  containing  youth-appealing  features  in  an  automated,

 systematic,  and  replicable  manner  is  thus  vital  for  informing

 efforts  to  protect  public  health.  Automated  artificial  intelligence

 (AI)  methods,  particularly  object  detection  and  vision-language

 models  (VLMs),  offer  a  promising  solution.  By  leveraging  rapidly

 and  regularly  collected  data  scraped  from  the  web,  combined  with

 image  and  text  analysis  via  VLMs,  we  endeavored  to  demonstrate

 that  AI  pipelines  can  systematically  and  efficiently  identify

 emerging  product  features  such  as  the  presence  of  on-device

 screens,  a  novel  feature  present  in  most  “smart”  vapes  and  which

 ser  ves  as  the  interface  for  many  of  these  devices’  potentially

 youth-appealing  interactivity,  over  thousands  of  e  -cigarettes,

 providing  timely  data  to  inform  polic  ymakers  and  regulator  y

 agencies.  Prior  work  has  applied  object  detection  to  tobacco

 sur  veillance  research  questions. 12  –
 

15 However,  this  paper  is

 unique  in  its  goal  to  add  VLM  technolog  y  to  the  tobacco  retail

 data  sur  veillance  pipeline.  We  present  an  application  of  VLMs  to

 identify  the  presence  of  on-device  screens  from  thousands  of  e  -

 cigarettes  sold  by  online  tobacco  retailers  as  a  case  study  for  the

 application  of  these  methods  to  tobacco  product  sur  veillance.
 

Methods 
The  dataset  for  this  study  was  collected  by  scraping  five  online

 e  -cigarette  retailers:  myvaporstore.com,  csvape.com,  vape.com,

 mipod.com,  and  vapesourcing.com,  between  September  and

 October  2024.  These  websites  were  selected  based  on  their

 consistent  traffic  and  ease  of  product  scraping.  To  scrape  these

 websites,  we  created  custom  Python  scripts  using  the  Selenium

 librar  y 16 and  saved  product  images  and  descriptions  for  use  in

 our  machine  learning  pipeline.  A  sample  of  images  is  shown  in

 Figure  1.
 

We  created  a  two  -phase  pipeline  for  detecting  e  -cigarette

 images  and  then  identifying  e  -cigarette  devices  with  screens.

 A  visual  representation  of  the  pipeline  can  be  seen  in  Figure  2.

 The  first  phase  of  our  pipeline  automatically  separates  images

 of  e  -cigarettes  from  other  products,  such  as  e  -cigarette  liquids,

 atomizers,  and  other  accessories.  Our  custom  scrapers  did  not

 discriminate  between  product  types,  resulting  in  a  dataset  that

 contained  many  non-e  -cigarette  products.  To  enable  the  isolation

 of  e  -cigarette  images  for  downstream  processing,  we  used  an

 object  detection  network  that  generates  bounding  boxes  with

 pixel  coordinates  and  associated  class  labels. 17 Specifically,

 we  deployed  a  well-known  object  detection  network  known

 as  YOLO,  (You  Only  Look  Once).  This  object  detection  network

 has  shown  superior  accurac  y  and  speed  of  processing  when

 evaluated  on  benchmark  datasets 18 Here,  we  used  YOLO  version  8

 (YOLOv8)  due  to  its  stability  and  open-source  codebase  provided

 by  Ultralytics. 19 To  be  able  to  detect  and  classify  e  -cigarette

 devices,  the  network  had  to  be  trained  on  labeled  images.  Most

 of  these  images  came  from  an  open  source  dataset 20 consisting

 of  5700  images  of  e  -cigarettes  and  cigarettes  already  labeled  with

 bounding  boxes.  To  augment  the  data,  our  team  manually  labeled

 images  scraped  from  myvaporstore.com  and  csvape.com  using

 the  Computer  Vision  Annotation  Tool. 21 The  addition  of  this  data

 brought  the  total  number  of  labeled  images  to  7375  with  a  total

 number  of  labeled  e  -cigarettes  to  10  145  as  some  images  contain

 more  than  one  e  -cigarette.
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Figure  1  Sample  products  scraped  from  online  stores.  From  left  to  right  :  e  -cigarette  liquid  (  vape.com),  atomizer  ( vapesourcing.com),  and  e  -cigarette  with

 screen  ( csvape.com).  Images  are  included  for  informational  purposes  and  do  not  constitute  an  endorsement  by  the  CDC  Foundation.  

Figure  2  A  visual  representation  of  our  automated  pipeline.  Scraped  images  are  first  passed  through  a  trained  object  detection  network  to  detect

 e  -cigarette  products.  The  image  is  then  cropped  around  the  most  confidently  predicted  e  -cigarette  in  each  image  and  passed  to  a  VLM.  This  model  takes

 the  image  along  with  the  product  description  and  determines  if  the  e  -cigarette  contains  a  screen.  Images  are  included  for  informational  purposes and  do

 not  constitute  an  endorsement  by  the  CDC  Foundation.  VLM,  vision  language  model.  

Table  1  Summar  y  of  data  splits  for  each  model. 

Model  Train  images  Validation  images  Test  images  

Object  detection  hyperparameter  tuning  6153  1222  0  

Final  object  detection  model  7375  0  3920  

VLM 0  0  2401  

VLM,  visual  language  model. 

To  train  a  YOLOv8  model  for  e  -cigarette  detection,  first  ,  the

 dataset  was  partitioned  into  a  training  set  of  6153  images  and

 validation  set  of  1222  to  conduct  hyperparameter  optimization.

 Following  the  identification  of  optimal  hyperparameters,  a  final

 YOLOv8  model  was  initialized  with  COCO  pre  -trained  weights  and

 trained  for  100  epochs.  This  final  iteration  utilized  the  compre  -

 hensive  dataset  (N  =  7375),  merging  the  training  and  validation

 subsets  to  maximize  the  feature  space  for  the  resulting  e  -cigarette

 detection  model.  The  final  model  was  tested  using  3920  unseen

 images  from  mipod.com,  myvaporstore.com,  and  vapesourcing.

com.  Of  the  3920  test  images,  2401  images  were  predicted  to  con-

 tain  an  e  -cigarette  device.  These  images  were  then  cropped  using

 the  bounding  box  of  the  most  confidently  predicted  e  -cigarette  by

 the  network  for  further  processing.  A  summar  y  of  the  data  splits

 can  be  seen  in  Table  1. 

The  second  phase  of  our  pipeline  relied  on  VLMs,  a  type  of

 AI  that  combines  large  language  models  with  computer  vision

 models  to  process  both  images  and  text  simultaneously. 22 Vision
 

language  models  can  be  used  for  many  different  tasks  such  as

 describing  what  is  contained  in  an  image  (image  captioning  ),

 understanding  and  answering  questions  about  an  image  (visual

 question  answering  ),  and  translating  visual  information  into

 text  or  text  into  visuals. 23 These  models  are  pre  -trained  on  vast

 amounts  of  unstructured  data  from  the  internet  and  can  be

 used  without  tuning  to  a  specific  problem  domain. 24 In  our

 pipeline,  we  used  a  VLM  to  process  the  cropped  images  from

 the  object  detection  model  along  with  the  description  scraped

 from  the  website  (if  available)  to  determine  if  the  e  -cigarette

 device  contains  a  screen.  The  VLM  we  chose  for  this  part  of  the

 pipeline  was  the  InternVL3-38B  model 25  ,
 

26 selected  because  it  is

 open-source,  cost-free,  and  performs  competitively  on  various

 benchmark  datasets.  We  tested  the  model  with  a  zero  -shot

 learning  approach  in  which  no  examples  were  provided  to  the

 model  prior  to  testing.  To  keep  results  consistent  ,  we  used  a  ver  y

 low  temperature  (0.05),  a  model  parameter  which  controls  how

 creative  or  predictable  its  responses  are.  We  asked  the  model  the
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Table  2  Evaluation  metrics  for  two  phase  pipeline.  

Metric Phase  1—Object
 detection
 (N  =  3920)  

Phase  2—VLM
 (N  =  2401)  

Accuracy  0.95  0.92  

Precision  0.98  0.96  

Recall  0.94  0.87  

F1  0.96  0.92  

Note:  Accuracy  is  calculated  as  (True  Positives  +  True  Negatives)/(Total  samples),
 Precision  is  calculated  as  True  Positives/(True  Positives  +  False  Positives),  Recall
 is  calculated  as  True  Positives/(True  Positives  +  False  Negatives),  and  F1  score
 is  calculated  as  (2  ∗  precision  ∗  recall)/(precision  +  recall).  VLM,  visual  language

 model. 

Table  3  Cross  -tabulation  results  for  pipeline  phase  1,  objective  detection

 network  ,  for  predicting  the  presence  of  e  -cigarettes  in  web-scraped  images.
 

N  =  3920 True
 e  -cigarette  

True  no
 e  -cigarette  

Predicted  e  -cigarette  2354  (60.1%) 47  (1.2%) 

Predicted  no  e  -cigarette  155  (4.0%) 1364  (34.8%) 

same  question  for  all  images  and  descriptions  as  follows:  “The

 following  text  consists  of  the  name  and  a  description  for  the  e  -

 cigarette  in  the  image.  Based  on  the  text  or  the  image,  is  there  a

 screen  on  the  device?  Answer  either  yes  or  no”.  Each  of  the  2401

 responses  were  validated  manually  by  our  team  using  the  same

 information  as  the  VLM.  This  involved  personally  investigating

 the  images  and  descriptions  provided  to  the  VLM  and  manually

 validating  the  presence  of  a  screen  against  the  output  of  the

 VLM. 

Results 
We  evaluated  the  two  phases  of  our  pipeline  separately.  The

 object  detection  component  of  our  pipeline  was  able  to  detect  e  -

 cigarettes  with  an  accurac  y  of  0.95,  precision  of  0.98,  recall  of  0.94,

 and  F1  score  (harmonic  mean  of  precision  and  recall,  balancing

 both,  ranges  0–1;  1  is  perfect)  of  0.96  on  the  test  set  of  3920  images

 ( Table  2).  The  object  detection  model  had  a  false  positive  (FP)  rate

 of  1.2%  and  a  false  negative  (FN)  rate  of  4.0%  ( Table  3).
 

Of  the  3920  images  processed  by  the  object  detection  network  ,

 2401  (61.3%)  were  predicted  to  contain  an  e  -cigarette  and  pro  -

 vided  to  the  VLM  for  screen  detection.  The  VLM  was  able  to  predict

 the  presence  of  a  screen  with  an  accurac  y  of  0.92,  precision  of  0.96,

 recall  of  0.87,  and  F1  score  of  0.92.  The  2401  cropped  images  were

 individually  validated;  however,  some  of  these  did  not  contain  an

 e  -cigarette  device  due  to  the  performance  of  the  object  detection

 model  resulting  in  40  false  positives  ( Table  3).  Images  that  were

 not  e  -cigarette  devices  (atomizers,  juices,  etc.)  were  said  to  have

 a  ground  truth  of  “no  screen”.  The  VLM  had  a  false  positive  rate

 of  1.7%  and  a  false  negative  rate  of  6.2%  ( Table  4).  The  table  also

 shows  that  of  the  products  processed,  1194  (49.7%)  contained  a

 screen,  of  which  our  model  successfully  classified  1044  (87.4%)  of

 them as  containing  a  screen.
 

Table  4  Cross  -tabulation  results  for  pipeline  phase  2,  VLM,  for  predicting  the

 presence  of  screens  in  e  -cigarette  images.
 

N  =  2401 True  screen  True  no-screen  

Predicted  screen  1044  (43.5%) 40  (1.7%) 

Predicted  no-screen  150  (6.2%) 1167  (48.6%) 

VLM,  visual  language  model. 

Discussion 
E-cigarette  manufacturers  continue  to  diversify  their  products

 rapidly,  introducing  e  -cigarettes  and  features  that  heighten  youth

 appeal  and  undermine  public  health  sur  veillance  and  prevention

 efforts.  Traditional  monitoring  methods  struggle  to  match  the

 pace  or  scale  of  this  market  ,  leaving  regulators  at  a  disadvantage.

 Agencies  can  leverage  automated  data  collection  methods  and  AI

 to  capture  and  process  the  vast  number  of  e  -cigarette  products

 that  enter  the  market  each  day  to  better  inform  timely,  evidence  -

 based  regulations.
 

In  this  paper,  we  developed  and  evaluated  a  novel  method

 for  automatic  detection  of  screens  on  e  -cigarette  devices  using

 a  two  -phase  automated  pipeline  that  integrates  object  detection

 networks  with  VLMs  to  detect  and  classify  e  -cigarette  devices  con-

 taining  screens.  Our  approach  achieved  a  high  level  of  perfor-

 mance  with  95%  accurac  y  in  identifying  e  -cigarette  devices  and

 92%  accurac  y  in  detecting  the  presence  of  screens.  Of  all  objects

 which  were  designated  as  e  -cigarettes  and  provided  to  the  VLM

 for  screen  detection,  1194  (49.7%)  included  screens,  of  which  1044

 (87.4%)  were  correctly  identified  by  the  VLM.  Our  method  of  com-

 bining  visual  and  textual  product  information  provides  a  scalable

 and  efficient  framework  for  monitoring  emerging  features  in  the

 online  e  -cigarette  market  .  This  automated  process  can  be  inte  -

 grated  into  existing  sur  veillance  workflows.  Right  now,  when  POS

 retail  scanner  data  is  purchased,  it  is  often  missing  data  for  prod-

 uct  features  and  categories,  requiring  manual  review  of  products

 and  coding  of  missing  data.  Fully  automated  VLM  models  could

 be  leveraged  to  help  fill  in  missing  tobacco  product  feature  and

 categor  y  data  prior  to  data  analysis.  This  would  streamline  the

 data  analysis  and  interpretation  process  and  ensure  that  data  can

 be  shared  more  rapidly.
 

We  obser  ved  slightly  higher  false  negative  than  false  positive

 rates  in  both  phases  of  our  pipeline,  for  the  object  detection  model

 the  FN  rate  was  4.0%  vs.  FP  1.2%,  and  for  the  VLM  the  FN  rate

 was  6.2%  vs.  FP  1.7%.  For  our  object  detection  model,  these  false

 negatives  appear  to  come  from  the  large  variety  of  shapes  and

 sizes  of  e  -cigarette  devices,  causing  some  to  be  classified  as  other

 products  such  as  vape  juices  or  accessories.  In  the  VLM  part  of  the

 pipeline,  the  apparent  cause  of  the  higher  false  negative  rates  was

 the  many  devices  with  ver  y  small  screens  such  as  digital  batter  y

 indicators  that  were  not  mentioned  in  the  product  description.

 Increasing  the  number  and  variety  of  e  -cigarettes  in  the  training

 set  could  result  in  better  performance  of  our  object  detection

 model  and  reduce  these  false  negatives.  Future  research  could

 also  involve  a  “few-shot”  learning  technique  to  increase  perfor-

 mance  of  the  VLMs’  ability  to  detect  screens.  This  involves  provid-

 ing  some  difficult  examples  to  the  VLM  in  the  prompt  along  with

 the  reasoning  behind  the  human  decision  before  prompting  it  for

 answers  for  the  remaining  examples.
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Our  work  has  several  limitations  to  note.  First  ,  the  dataset

 was  derived  from  a  select  group  of  online  e  -cigarette  retailers

 and  may  not  fully  capture  the  diversity  of  products  available

 in  other  retail  channels,  such  as  brick-and-mortar  retail  stores,

 physical  tobacco  specialty  stores,  or  social  media  marketplaces.

 Second,  our  pipeline  relied  on  product  images  and  descriptions

 provided  by  the  retailers,  which  may  not  always  be  accurate  or

 complete;  mislabeled  or  misleading  product  listings  may  bias

 results.  Third,  this  work  focused  specifically  on  the  detection  of

 integrated  screens;  additional  studies  are  needed  to  extend  this

 approach  to  other  emerging  features  that  contribute  to  youth

 appeal,  such  as  novel  flavors  or  other  form  factors.  Additionally,

 sales  volumes  and  purchaser  demographics  are  unavailable  for  all

 products  included  in  the  sample,  an  inherent  limitation  of  online

 web  scraping.  Finally,  data  are  scraped  from  what  is  available

 online  and  rely  on  the  accurac  y  of  posted  text  and  images.  To

 mitigate  the  potential  that  pipelines  rely  on  false  or  misleading

 information  about  products  posted  online,  it  may  be  necessar  y  to

 periodically  review  a  subset  of  products.
 

This  work  highlights  the  broader  potential  of  AI  to  supplement

 and  enhance  tobacco  product  sur  veillance.  While  web  scraped

 data  does  not  provide  purchaser  demographic  information  (and

 thus  cannot  be  attributed  directly  to  youth)  or  associated  sales

 volumes,  they  ser  ve  as  an  important  and  rapidly  obtainable  source

 of  marketplace  availability  and  provide  rich  feature  data  which

 can  be  used  in  combination  with  traditional  sur  veillance  meth-

 ods  to  enhance  monitoring  efforts.  Automated  pipelines  can  shift

 regulator  y  efforts  from  a  reactive  response  to  proactive  market

 intelligence,  easing  the  burden  on  public  health  officials  and  regu-

 lators  while  providing  real-time  evidence  to  inform  restriction  and

 enforcement  policies.
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