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ABSTRACT  
                      

collective  decisions,  researchers  have  focused  on  a  broader  range  of  
audiences,  including  “novices.”  But  successfully  applying,  interro-
gating,  or  advancing  visualization  research  for  novices  demands  a  
clear  understanding  of  what  “novice”  means  in  theory  and  practice.  
Misinterpreting  who  a  “novice”  is  could  lead  to  misapplying  guide-
lines  and  overgeneralizing  results.  In  this  paper,  we  investigated  
how  visualization  researchers  defne  novices  and  how  they  evaluate  
visualizations  intended  for  novices.  We  analyzed  79  visualization  
papers  that  used  “novice,”  “non-expert,”  “laypeople,”  or  “general  
public”  in  their  titles  or  abstracts.  We  found  ambiguity  within  pa-
pers  and  disagreement  between  papers  regarding  what  defnes  a  
novice.  Furthermore,  we  found  a  mismatch  between  the  broad  lan-
guage  describing  novices  and  the  narrow  population  representing  
them  in  evaluations  (i.e.,  young  people,  students,  and  US  residents).  
We  suggest  directions  for  inclusively  supporting  novices  in  both  
theory  and  practice.  

As more people rely on visualization to inform their personal and
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1  INTRODUCTION  
As  more  people  rely  on  visualization  to  inform  personal  and  col-
lective  decisions  in  their  everyday  lives,  visualizations  researchers  
have  focused  on  supporting  a  broader  range  of  audiences.  While  
visualizations  were  once  largely  used  by  analysts,  they  are  now  
used  by  much  broader  audiences  [57,  75,  104].  In  particular,  past  
work  has  emphasized  the  need  to  build  bespoke  visualizations  for  
the  “broadening  audiences”  of  visualization  which  may  fnd  ex-
isting  visualization  techniques  difcult  to  use  or  insufcient  to  
meet  their  goals  (e.g.,  in  [47,  103,  113]).  For  brevity,  we  refer  to  this  
set  of  audiences  (“novices,”  “non-experts,”  the  “general  public,”  or  
“laypeople”)  in  this  work  as  novices.  However,  successfully  apply-
ing,  interrogating,  or  advancing  research  in  this  area  demands  a  
clear  understanding  of  exactly  whom  researchers  mean  by  novice  
when  they  use  the  term  in  their  work  –  What  are  the  essential  
characteristics  of  a  novice  and  how  are  they  represented  in  studies?  

Misinterpreting  who  is  meant  by  the  term  “novice”  could  lead  to  
designers  misapplying  guidelines  and  researchers  overgeneralizing  
studies,  which  impacts  the  success  of  visualizations  designed  for  
novices.  For  instance,  designing  a  visualization  for  novices  who  are  
“users  who  have  experience  operating  a  computer,  but  no  experience  
with  programming  in  general”  [57]  could  result  in  visualizations  
which  are  entirely  unusable  if  the  novices  who  will  actually  interact  
with  the  visualization  are  “users  who  create  visualizations  to  support  
their  primary  tasks,  but  who  are  typically  not  trained  in  data  analysis,  
information  visualization,  and  statistics”  [47].  Despite  both  being  
referred  to  as  “novices,”  the  former  group  may  be  equipped  to  read  
or  create  visualizations  that  the  latter  has  never  seen,  while  the  
latter  group  may  need  to  use  visualizations  in  ways  that  are  not  
relevant  to  the  former.  

In  this  paper,  we  qualitatively  analyzed  every  visualization  paper  
(n=79)  that  used  “novice,”  “non-expert,”  “laypeople,”  or  “general  
public”  in  their  title  or  abstract  and  was  published  in  one  of  seven  
infuential  venues  which  publish  visualization  research  (TVCG,  CHI,  
EuroVis,  VAST,  InfoVis,  VIS,  and  BELIV).  Driven  by  the  desire  to  
know  what  novice  means  to  visualization  researchers  in  theory  
and  in  practice,  three  coders  qualitatively  analyzed  each  of  our  
selected  papers.  To  investigate  the  theoretical  uses  of  the  terms,  
three  coders  collected  descriptions  of  people  and  groups  —  described  
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as either included or excluded — and applied thematic analysis 
to identify salient patterns among the descriptions. To see how 
novices are represented in practice, we collected information about 
the participants in studies (groups that they belonged to, ages, and 
geographic locations) as well as the type of evaluations conducted 
in the studies. 

We found ambiguity within papers and disagreement between 
papers as to what defnes a novice. Further, our results indicated a 
mismatch between the broad language describing novices and the 
narrow population representing them in evaluations; while novices 
were often defned broadly by what they lack and were defned 
in opposition to “experts,” the participants recruited to represent 
them tended to be young people in their 20s, who were currently 
students, and/or were US residents. We conclude by providing 
suggestions and future directions for how to better design and 
evaluate visualizations intended for broader audiences like novices. 

There are three main contributions of this paper. First, we con-
tribute an analysis of what visualization researchers mean in theory 
when they refer to people as novices in research papers and who 
they describe as inside or outside of the novices group. We show 
that papers often use characteristics such as job titles, proximity to 
scientifc felds, and/or a lack of expertise, knowledge, or skills to 
defne who is inside or outside the group. Second, we contribute an 
analysis of how the theory is translated into practice, including the 
characteristics of participants in studies and characteristics of the 
studies themselves. In particular, we show that participants tend 
to come from a narrow set of backgrounds and take part in studies 
that are narrowly focused on user experience and performance. 
Finally, we refect on opportunities and under-explored areas im-
plied by our results: the need for inclusive defnitions of novices 
in visualization research, opportunities to value audiences with 
alternative ways of knowing and doing, and the need for studies 
investigating a more diverse set of objectives and representative 
participants. Our work is a call to action emphasizing the need for 
the design and evaluation of visualizations to support populations 
beyond prototypical visualization users (often “analysts” [5]). By 
taking this action, visualization research can better inform inclusive 
and universal design principles [25] beyond those which primarily 
center and serve WEIRD (Western, Educated, Industrialized, Rich 
and Democratic) societies [45, 58, 65, 79]. 

2  BACKGROUND  
In  this  section,  we  briefy  describe  varied  interpretations  of  “novice”  
in  current  visualization  literature  and  work  done  to  meet  the  needs  
of  novices  in  visualization  research.  Then  we  present  conversations  
in  Human-Computer  Interaction  research  about  representative  sam-
pling  of  participants  and  the  gap  in  work  in  this  area  on  visualization  
and  novices  which  motivated  our  survey.  

2.1  Considerations  of  Novices  in  Visualization  
Research  

The notion of a “novice” as a person who is inexperienced or “new to 
[ones’] circumstances” predates the feld of visualization and dates 
back to the 15th century, possibly stemming from a French word for 
“beginner” and a Latin word used to describe newly imported slaves 
[54]. Within visualization, there is no consensus around what a 
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person  needs  to  be  new  to  in  order  to  be  considered  a  novice.  For  
instance,  Heer  et  al.  defned  novices  in  relation  to  their  ability  to  
program:  “users  who  have  experience  operating  a  computer,  but  no  
experience  with  programming  in  general”[57],  while  Grammel’s  def-
inition  referred  to  “users  who  create  visualizations  to  support  their  
primary  tasks,  but  who  are  typically  not  trained  in  data  analysis,  
information  visualization,  and  statistics”[47].  Understanding  how  
these  disparate  defnitions  relate  to  each  other  is  a  critical  compo-
nent  of  understanding  how  the  results  of  these  works  relate.  This  is  
possible  on  an  individual  level,  but  it  remains  difcult  to  get  a  holis-
tic  view  of  how  the  idea  of  a  novice  is  being  used  across  the  feld.  
We  fll  this  gap  through  an  analysis  of  how  “novice”  and  related  
terms  are  used  in  visualization  work  in  seven  venues  (defned  in  
previous  work  as  forming  the  “core”  of  visualization  research  [34]).  

Visualization  work  about  novices  is  often  motivated  by  exist-
ing  research  on  the  barriers  that  they  face  in  creating  and  using  
visualizations.  For  example,  past  work  has  found  that  novices  may  
face  difculty  deciding  how  to  map  values  to  visual  channels  when  
creating  visualizations  [47,  57],  may  have  difculty  naming  and  
interpreting  visualizations  such  as  network  diagrams  [11],  and  may  
founder  when  their  mental  model  of  a  visualization  does  not  prove  
to  be  helpful  [77].  Moreover,  some  estimate  that  difculty  interpret-
ing  and  performing  “basic  analyses  of  data  and  statistics  in  texts,  
tables  and  graphs”  may  efect  a  great  portion  of  the  general  public  
[129].  

Past  work  meant  to  overcome  these  barriers  has  both  taken  the  
form  of  studies  about  novices  and  the  creation  of  alternative  visu-
alizations  and  tools  to  meet  their  needs.  For  instance,  past  work  
identifed  how  novices  approach  visualization  creation  [47],  and  
tools  have  been  built  to  help  novices  create  visualizations,  pulling  
design  elements  from  art  (e.g.,  DataQuilt  [151])  and  incorporating  
hand-sketched  elements  (e.g.,  DataInk  [141]).  Other  work  focused  
on  the  impact  of  design  choices  on  how  novices  perceive  and  under-
stand  the  content  of  visualizations  (e.g.,  [14,  113,  143]).  However,  
not  all  results  are  able  to  equally  inform  future  design  practices  
because  the  value  of  any  result  is  inextricably  linked  to  the  experi-
mental  methodologies  that  were  used  to  acquire  it  [90].  Therefore,  
it  is  also  critical  to  examine  how  visualizations  for  novices  have  
been  evaluated  and  what  kinds  of  participants  represent  novices  in  
evaluations.  

2.2  Sampling  Participants  for  the  Evaluation  of  
Visualizations  Designed  for  Novices  

When a human-subject study is conducted, the characteristics of the 
audience that researchers want to study (here, novices) are trans-
lated into the criteria they use to select participants [74]. It is critical 
to select participants from a representative sample of the intended 
audience because a person’s interpretation of and preference for 
particular design choices is informed by their experiences, back-
ground and knowledge [52, 53]. Prior work in Human-Computer 
Interaction explored the problem of participant representation – 
particularly as it pertains to the WEIRDness of participants (i.e., 
how Western, Educated, Industrialized, Rich, and Democratic par-
ticipants are [45, 58]). For instance, past work by Linxen et al. and 
Sturm et al. found that a majority of participants in CHI papers 



                 

        
            

           
        

         
          

            
         

             
         

       

        
           

        

              
    

were sampled from WEIRD countries (despite those countries repre-
senting a minority of the worlds’ population) [79, 123]. This may, in 
turn, impact the quality and generalizability of the results of these 
works because visual preferences and needs of visualization read-
ers vary worldwide [65, 107]. However, without a comprehensive 
survey of the participant demographics of novices in the evaluation 
of visualization work, it is yet unclear who participants are in this 
area and how recruitment and/or evaluation techniques may need 
to change to be more representative in the future. We fll this gap 
by examining the evaluation methods and how participants are 
described, their geographic locations, and their ages. 

3  METHODOLOGY  
To better understand current practices for defning novice, non-
expert, general public, and layperson, we conducted a survey of all 
visualization papers published in seven “core” visualization venues. 

3.1  Paper  Selection  
                    

search  venues  during  any  year  of  their  publication.  Namely,  we  
sampled  papers  published  in  the  IEEE  Transactions  on  Visualization  
and  Computer  Graphics  (TVCG)  journal  or  published  as  a  part  of  
IEEE  VIS,  InfoVis,  VAST,  EuroVis,  BELIV,  and  the  ACM  Conference  
on  Human  Factors  in  Computing  Systems  (CHI).  We  selected  these  
venues  based  on  past  work  which  similarly  surveyed  visualization  
research  practices  [34].  Our  paper  selection  and  data  collection  
process  is  summarized  in  Figure  1.  

We  conducted  a  title  and  abstract  keyword  search  within  the  
publishers’  respective  digital  libraries  to  retrieve  relevant  papers.  
The  keywords  we  used  were  “novice,”  “non-expert,”  “general  public,”  
and 1  “lay(man,  men,  person,  people) .”  We  selected  this  set  of  terms  
because  they  are  words  that  the  authors  have  seen  used  to  describe  
people  who  fnd  existing  visualization  techniques  difcult  to  use  
or  insufcient  to  meet  their  goals.  We  used  the  IEEE,  ACM,  and  
Eurographics  Digital  libraries  to  obtain  papers  which  possessed  our  
keywords  within  the  title  or  abstract.  Because  the  Eurographics  
Digital  Library  does  not  allow  users  to  search  within  the  titles  
and  abstracts  directly,  we  conducted  a  full-text  keyword  search  of  
EuroVis  papers  and  then  manually  fltered  the  results  to  fnd  those  
which  satisfed  the  title  and  abstract  requirement.  Additionally,  
papers  from  CHI  had  to  also  include  the  word  “visualization”  in  
their  title  or  abstract  because  CHI  is  not  solely  a  visualization  
venue.  To  ensure  we  did  not  miss  any  related  results  from  CHI,  
we  manually  skimmed  through  all  CHI  results  which  did  not  use  
the  word  “visualization”  but  included  one  of  the  other  terms.  Our  
inclusion  criteria  resulted  in  a  total  of  92  papers  (89  +  3  from  skim).  
Documentation  of  the  specifc  queries  used  to  retrieve  the  papers  
in  our  survey  is  available  on  our  online  repository:  https://osf.io/  
rdcsf/?view_only=d638db5ca96945ed9765134fa450d8a  

From  our  list  of  92  results,  we  excluded  13  results  that  were  not  
visualization  research  papers.  Namely,  we  excluded  two  speeches  
[30,  92]  and  eleven  papers  which  focused  solely  on  animation,  vir-
tual  reality,  or  augmented  reality  (all  published  in  TVCG).  After  
applying  our  exclusion  criteria,  we  ended  up  with  a  fnal  set  of  79  

papers  (see  Figure  2  for  a  histogram  of  publication  years).  Note  
that  our  set  of  papers  included  papers  of  all  lengths  (e.g.,  full-length  
papers,  short  papers,  extended  abstracts).  We  did  not  apply  any  ex-
clusion  criteria  based  on  the  length  of  the  paper  because  we  wanted  
to  get  a  holistic  view  of  how  these  terms  were  being  used.  Further,  
restricting  to  only  papers  of  a  particular  length  would  have  been  
difcult  given  that  the  page  layout  and  page  limits  vary  between  
venues  and  may  have  changed.  

3.2  Data  Collection  
                        

each  paper  with  overlap  to  increase  reliability.  To  begin,  the  coders  
created  a  codebook  that  described  the  information  they  wanted  to  
collect,  its  purpose,  and  the  process  by  which  they  would  obtain  it.  
For  instance,  coders  used  the  keyboard  function  Control/Command-
F  to  search  for  the  terms  novice,  non-expert,  general  public,  and  
lay(man,  men,  person,  people).  The  entire  codebook  is  available  in  
our  online  repository.  We  investigated  two  central  questions  about  
novices  in  this  work:  How  do  visualization  researchers  talk  about  
who  novices  are?  and  How  are  visualizations  for  novices  evaluated?  

How  do  visualization  researchers  talk  about  who  novices  
are?  To  answer  this  question,  we  collected  the  following  informa-
tion  from  every  paper:  

•  whether  an  explicit  defnition  was  provided  for  each  keyword  
used  

•  descriptions  of  any  group  included  in  a  keyword  group  
•  descriptions  of  any  group  excluded  from  a  keyword  group  

We  began  by  collecting  the  explicit  defnitions  provided  for  each  
of  our  keywords.  After  a  small,  initial  pilot  suggested  that  explicit  
defnitions  were  infrequent.  Therefore,  we  expanded  our  data  col-
lection  to  include  people  described  as  included  or  excluded  based  
on  work  in  social  psychology  on  in- and  out-groups  (e.g.,  [16]).  
To  collect  these  included  and  excluded  groups,  we  collected  the  
groups  named  and  described  within  the  same  paragraph  of  any  of  
the  keywords.  We  restricted  to  within  one  paragraph  to  be  more  
confdent  that  the  words  were  being  used  in  relation  to  each  other.  
A  group  were  marked  as  included  if  they  were  given  as  an  ex-
ample  (e.g.,  “Such  comparison  tasks  are  challenging  for  novice  ML  
practitioners  who  have  primary  but  not  comprehensive  ML  knowledge  
background  ...  For  example,  a  medical  school  graduate  student  may  
want  to  adopt  a  CNN  for  disease  detection”  [145])  or  if  the  keyword  
group  was  described  in  terms  of  what  they  thought  or  did  (e.g.,  
“Non-expert  users  have  difculties  to  comprehend  the  coherency  of  
input,  parameters,  and  output  of  these  algorithms”  [13]).  We  did  not  
count  this  kind  of  description  as  an  explicit  defnition  because  it  
is  unclear  whether  it  is  necessary  for  all  novices  to  have  this  kind  
of  thought  or  difculty  or  whether  it  was  supplied  as  an  example.  
Alternately,  a  group  was  considered  to  be  excluded  if  they  were  
named  in  sequence  with  one  of  our  keywords  (e.g.,  “Visualization  
of  general  relativity  illustrates  aspects  of  Einstein’s  insights  into  the  
curved  nature  of  space  and  time  to  the  expert  as  well  as  the  layperson.”  
[48])  or  were  directly  contrasted  against  them  (e.g.,  “While  most  of  
these  systems  are  geared  towards  domain  experts  [...]  CrowdLayout  
focuses  on  novice  crowds”  [116]).  

Who Do We Mean When We Talk About Visualization Novices? 

The focus of our search was papers from “core” visualization re-

1We use the word “layperson” or “laypeople” throughout to refer to any matches in 
this set of keywords. 

CHI ’23, April 23–28, 2023, Hamburg, Germany 

A team of three coders (three of the co-authors) collected data from

https://osf.io/rdcsf/?view_only=d638db5ca96945ed9765134ffa450d8a
https://osf.io/rdcsf/?view_only=d638db5ca96945ed9765134ffa450d8a
https://osf.io


          

       
           

          
            

         
             

            
             

            
             

           
         

            
         

           
       

 

All years of:

BELIV
InfoVis
TVCG
VAST
VIS
EuroVis
CHI

92 79

Explicit Definition present?

People Included

People Excluded

Word used to describe 
participants

Participant ages

Participant geographic location

Type of experiment conducted

Select papers 
with keywords

Remove non-
research and 
non-vis papers

Divided 
between 
3 coders

Collected 
data on 7 
areas

Cohen’s Kappa: 0.73

Figure  1:  We  selected  all  papers  published  in  IEEE,  ACM,  and  Eurographics  visualization  venues  that  contained  “novice,”  
“non-expert,”  “general  public,”  or  “layperson”  in  their  title  or  abstract  (n  =  92).  We  then  excluded  13  papers  which  were  not  
visualization  research  papers,  resulting  in  a  fnal  set  of  79  papers.  Three  coders  qualitatively  coded  the  papers  in  seven  areas  
shown  here.  

How  are  visualizations  for  novices  evaluated?  To  answer  
this  question,  we  collected  information  from  papers  that  described  
at  least  one  human-subject  study  where  some  or  all  participants  
were  intended  to  be  novices:  

•  which  words  the  authors  used  to  describe  the  participants  
(e.g.,  students,  staf,  crowdworkers,  volunteers)  

•  the  minimum,  maximum,  and  mean  age  of  participants  
•  the  geographic  location  where  participants  were  sampled  
from  

•  the  type  of  study  conducted  (using  the  categorization  scheme  
from  [63])  

We  did  not  restrict  which  papers  were  included  based  on  the  type  
of  human-subject  study  conducted;  both  papers  with  formal  exper-
iments  and  those  with  non-experiment  studies  (e.g.,  observation,  
interview)  were  included.  

We  collected  information  on  participants  and  how  they  were  
selected  because  participants  are  supposed  to  accurately  repre-
sent  the  intended  audience.  Furthermore,  we  collected  information  
about  the  kinds  of  studies  that  were  conducted  to  understand  how  
researchers  evaluate  visualizations  that  are  designed  for  novices.  

   3.2.1 Data collection process. To ensure consistency between coders, 
we used an overlapping coding technique similar to one used by 
Mack et al. [86]. Using the codebook, coders independently coded 
the same set of 10 randomly selected papers. They then met to 
discuss their codes and diferences, making any necessary changes 
to the code book in 3 iterations. Once the coders revised the data 
and reached a general consensus on the shared set of papers, the 
rest of the papers were divided among the coders (19 or 20 per 
coder). After all coders had coded half of their assigned papers, they 
all coded a second common set of 10 papers to double check that 
codes were consistent and provide an opportunity for the coders to 
discuss any difculties which arose. The mean pairwise inter-coder 
reliability for the second set of papers was an average 0.73 (SD=0.06) 
as calculated using unweighted Cohen’s Kappa. Once all diferences 
had been settled, the coders coded the remainder of their papers 
and adjusted previously coded papers as needed. 

4  HOW  DOES  THE  VISUALIZATION  
COMMUNITY  TALK  ABOUT  NOVICES?  

4.1  How  Do  We  Defne  Novices  in  Visualization
Research?  

4.1.1  Explicit  Definitions.        explicit  defnition      
as  one  that  is  clear  and  precise  enough  that  it  leaves  little  doubt  
about  which  groups  of  people  may  included  (or  excluded).  This  
kind  of  specifcity  is  desirable  because  it  means  that  the  text  directly  
and  completely  describes  what  is  meant  by  a  term,  without  room  
for  misinterpretation  [7].  

Among  the  79  papers  we  examined,  our  coding  revealed  that  only  
15  papers  contained  an  explicit  defnition  which  clearly  identifed  
which  people  they  referred  to  as  novices,  non-experts,  members  of  
the  general  public,  or  laypeople  (see  Table  2  for  counts  and  example  
defnitions).  Two  explicit  defnitions  included  “novice  Vega  users”,  
which  referred  to  people  who  were  “unfamiliar  with  Vega”  [59],  and  
“novice  ML  practitioners”,  which  were  people  with  “primary  but  not  
comprehensive  ML  knowledge  background[s]”  [145].  The  ambiguity  
in  defning  participants  was  prevalent  both  in  research  that  used  
terms  (such  as  “novice”)  sparingly  and  in  research  which  relied  
heavily  on  the  terminology  throughout  the  paper.  

  4.1.2 Implicit Definitions.        
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We defne an of novice

In place of explicit defnitions, authors 
provided implicit defnitions in 56 papers by sharing examples of 
audience sub-groups or describing characteristics of audience pro-
cesses or background (see Table 2 for counts). For example, “novices” 
were referred to as people with difculty “efectively utilizing GPU 
clusters” [23] or those who “lack the knowledge and expertise in 
data visualization” [43]. “Non-expert” users were said to have dif-
culty “managing the complexity of visual parameters” of volumetric 
functions [110] and think that “large network visualizations [were] 
overwhelming, confusing and contain[ed] too much detail” [131]. Al-
though these implicit defnitions partially clarify the characteristics 
of terms used to describe novices, without the clarity and precision 
of explicit defnitions, they leave room for ambiguity [138]. Further, 
not all examples are equally helpful — in order for an example to 
be efective, a reader must be able to identify that the example 
can generalize to a broader set of problems or rules [87]. Without 
sufcient context around the example, it may not be clear to the 
reader what should be generalized. 



                 

Table  1:  An  overview  of  the  79  articles  we  reviewed,  sorted  frst  by  venue,  then  by  year  of  publication.  Where  space  allows,  we  
have  added  publication  year  ranges.  The  flled  boxes  indicate  that  a  keyword  appeared  in  the  paper  (  ),  an  explicit  defnition  was  
provided  for  at  least  one  keyword  (  ),  and  an  implicit  defnition  was  provided  via  an  example  or  counter-example  (  ).  Explicit  
defnitions  were  rare,  though  almost  every  paper  defned  their  terms  implicitly  by  providing  examples  or  counter-examples,  
regardless  of  their  publication  year.  The  use  of  keywords  seems  to  vary  somewhat  between  publication  venues  (e.g.,  CHI  papers  
seem  to  include  multiple  keywords  more  frequently  than  other  venues).  

TVCG  (40)  
[110][48][70][108][36][19][69][112][68][23][95][106][131][139][147][22][67][78][150][44][61][10][83][21][102][117][133][135][143][81][101][105][149][60][71][114][153][156][145][155]  

Novice  
Non-Expert  
Gen.  Public  
Layperson  
Explicit  Def.  
Example  
Counter-Ex.  

2006  –  2009  2010  –  2014  2015  –  2019  2020  –  Present  (2022)  

         
      

 
 

  
 

  
 

 
                

CHI (22) EuroVis (9) VAST (4) InfoVis VIS BELIV 
[91][9][6][118][82][56][72][88][96][128][59][116][136][27][125][28][130][148][152][66][142] [51][127][40][89][144][13][29][134][140] [109][98][15][154] [43][46] [119][1] [17] 

Novice 
Non-Expert 
Gen. Public 
Layperson 
Explicit Def. 
Example 
Counter-Ex. 

1997 – 2014 2015 – 2019 2020 – Present (2022) 1999 – 2009 2010 – 2016 

Table  2:  Few  of  the  papers  we  surveyed  provided  an  explicit  defnition  for  at  least  one  of  the  keywords  used  (15/79).  Instead,  
terms  were  defned  implicitly  using  examples  (i.e.,  a  sub-group  or  description)  or  counter-examples  (i.e.,  by  contrasting).  

 

 
 

Defnition  Type  #  Papers  Example  Source 

Explicit  Defnition  15/79  “None  of  the  participants  reported  expertise  in  political  debates  or  text  visualization.  We  chose
to  use  this  population  for  our  study  because  they  represented  the  non-expert,  general  audience
we  want  to  use  DebateVis.”  

 
 

[119]  

At  least  1  Example  52/79  “Since  novice  users  of  visualization  systems  lack  the  knowledge  and  expertise  in  data  visual-
ization,  ...”  

[43]  

At  least  1  
Counter-example  

53/79  “While  pop  music  is  intended  to  be  friendly  to  the  general  public  ...  [classical  music  is]  usually  
only  understood  by  music  lovers,  who  have  received  extensive  training  in  music  theory  and  
history.  

[19]  

In  53  of  79  papers,  authors  used  counter-examples  to  create  im-
plicit  defnitions  by  describing  people  who  were  not  in  the  audience  
(see  Table  2  for  counts).  In  many  papers,  “experts”  was  used  as  a  
contrast  to  “novices”  and  “non-experts.”  For  instance,  “non-expert  
algorithm  users”  were  contrasted  against  “experts  in  data  mining  
techniques  (e.g.,  engineers  or  biologists)”  [13].  There  were  also  more  
specifc  counter-examples  provided  such  as  in  Chan  et  al.,  which  
contrasted  people  in  the  general  public  against  “music  lovers,  who  
have  received  extensive  training  in  music  theory  and  history”  [19].  We  
distinguish  between  “counter-examples”  and  “negative  defnitions”  
as  such:  “counter-examples”  are  cases  where  a  group  is  named  or  
described  in  a  way  that  makes  it  ambiguous  who  else  is  included  or  
excluded,  while  “negative  defnitions”  refer  to  explicitly  defning  a  
group  by  what  they  are  not.  For  example,  “Non-experts  and  engi-
neers  use  visualizations”  is  a  counter-example,  while  “Non-experts  
include  anyone  who  is  not  an  engineer”  is  a  negative  defnition.  

4.2  Who  is  Included  and  Excluded  from  
Novices?  

4.2.1  Analysis  of  In/Out-Groups.  To  qualitatively  analyze  the  de-
scriptions  of  groups  who  were  considered  novices  or  were  described  
in  opposition  to  novices,  we  employed  inductive  thematic  analysis  
[12].  We  used  an  open  coding  scheme  which  generated  26  codes  
relevant  to  the  combined  set  of  inclusion  and  exclusion  descrip-
tions,  then  organized  those  codes  into  six  themes  (see  Table  3  for  
all  themes,  codes,  and  code  frequencies).  Five  themes  pertained  to  
the  topics/nouns  used  in  descriptions  (Who  They  Are,  Specifc  Do-
main,  Prior  Exposure,  What  They  Do,  Technical  Skill)  and  one  theme  
captured  adjectives  used  in  descriptions  (Modifers).  We  captured  
nouns  and  adjectives  to  analyze  both  what  was  relevant  to  novice  
defnitions  and  how  they  were  discussed.  In  the  following  section,  
we  will  discuss  the  six  themes.  
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Table 3: We generated 26 codes using open, inductive coding to understand the descriptions of people who were included 
and excluded from novices category. We then inductively generated 6 themes from the codes. The fnal column of this table 
indicates the total number of descriptions that theme was applied to (131 total; 60 of people included, 71 of people excluded). 

Themes Codes (# of descriptions code was applied to) Total 

Who They Are Expert (42), Profession (32), Resident (7), Novices (2) 84 

Specifc Domain Visualization (21), Computing (20), Art/Design (16), Science/Research (16), Medicine (6) 79 

What They Do Use of A Technology (14), Task (10), Difculty (5), Opinion (3) 31 

Prior Exposure Experience (11), Knowledge (9), Background (4), Familiarity (3), Training (2) 30 

Technical Skill Data (12), Analysis (4), Literacy (2) 18 

Modifers Little Exposure (15), Expert (13), Professional (2), Novice (4), Other Modifer (9) 43 

        4.2.2 Distinctions are connected to specific domains of knowledge 
(Theme:  Specific  Domain,  79/131  descriptions).  Many  novice  def-
nitions  mentioned  at  least  one  specifc  domain  of  knowledge  (79/131  
descriptions),  suggesting  the  importance  of  domain-specifc  knowl-
edge  in  visualization  research  for  novices.  Of  the  79  descriptions  
that  included  domain  information,  many  referred  to  scientifc  or  
technical  felds,  such  as  Visualization  (21/131),  Computing  (20/131),  
Science/Research  (16/131),  and  Medicine  (6/131)  (an  important  point  
of  context  is  that  a  single  paper  and  description  may  refer  to  more  
than  one  domain).  For  instance,  Salama  et  al.  [110]  include  “sci-
entists  with  only  marginal  knowledge  of  computer  graphics”  and  
Tietjen  et  al.  [127]  exclude  “medical  professionals.”  A  smaller  set  
of  papers  referred  to  Art/Design  knowledge  (16/131),  such  as  in-
cluding  people  with  “limited  intuitions  to  craft  color  ramps”  [117]  
or  excluding  graphic  designers  [21].  Finally,  while  domains  were  
often  used  to  contextualize  novices,  we  fnd  that  they  were  rarely  

important  in  making  distinctions  between  novices  and  non-novices  
—  our  analysis  found  very  little  diference  between  domains  used  
to  describe  novices  versus  those  used  to  describe  non-novices.  The  
frequency  of  assigned  codes  among  descriptions  of  groups  included  
and  excluded  from  novices  were  similar,  which  could  suggest  that  
domains  are  salient  to  distinctions  between  who  is  and  is  not  a  
novice,  but  are  not,  on  their  own,  sufcient  to  distinguish  between  
the  in- and  out-group.  

       4.2.3 Distinctions are based on activities conducted   

Distinctions  are  based  on  who  people  are  (Theme:  Who  They  Are,  
84/131  descriptions).  The  most  frequently  applied  theme  captured  
broad  categorizations  of  people  —  “Who  they  are.”  In  this  section,  
we  discuss  the  codes  we  assigned  within  the  theme  to  describe  
diferences  between  people  included  in  and  excluded  from  novices.  
This  theme  was  applied  to  84  of  the  131  descriptions  we  collected  
(23/60  about  people  included,  61/71  about  people  excluded).  

Who  are  novices?  At  a  high  level,  our  coding  revealed  that  
authors  use  a  range  of  categorical  descriptors  to  specify  which  
people  are  novices.  Professions  were  most  often  used  to  identify  
novices  (10/60  descriptions  of  people  included),  followed  closely  by  
geographical  descriptions  that  used  broad-sweeping  terms  like  “res-
idents”  and  “citizens”  (7/60)  (see  Table  4  for  examples  of  professions).  
A  few  papers  included  “experts”  as  part  of  defning  novices.  For  
example,  Choi  et  al.  [23]  described  “domain  experts”  as  a  subgroup  
of  their  target  audience  of  “non-experts.”  

Who  are  not  novices?  Most  descriptions  of  people  not  consid-
ered  novices  either  directly  described  people  as  “experts”  (38/71  
descriptions  of  people  excluded)  or  referred  to  a  specifc  job  title  
(23/71).  Some  papers  provided  more  description  about  the  nature  
of  “experts”  (e.g.,  “experts  in  data  mining  techniques  (e.g.,  engineers  
or  biologists)”  [13]),  while  others  referred  to  groups  as  “experts”  
without  further  explanation  (e.g.,  “wide  audiences,  including  experts,  
policymakers,  and  lay  people  with  diferent  levels  of  data  literacy.”  
[17]).  

  ,  31/131  descriptions).            
and  excluded  mentioned  activities  that  a  person  did  or  actions  that  
a  person  took,  though  it  was  far  more  frequent  in  descriptions  of  
those  included  (25/60)  than  excluded  (6/71).  

Who  are  novices?  Descriptions  of  people  who  were  included  in  
novices  more  frequently  mentioned  tasks  or  goals,  such  as  author-
ing  visualizations  [140],  people  who  have  difculty  “efectively  uti-
lizing  GPU  clusters”  [23],  or  people  who  struggle  to  compare  Convo-
lutional  Neural  Networks  [145].  These  descriptions  also  mentioned  
use  of  specifc  tools  or  technologies  (7/60).  When  descriptions  were  
paired  with  modifers,  they  often  described  a  lack  of  exposure  (e.g.,  
users  with  no  specifc  expertise  in  machine  learning  [60])  or  a  term  
like  “amateur.”  

Who  are  not  novices?  On  the  other  hand,  when  these  codes  
were  mentioned  in  descriptions  of  non-novices,  they  exclusively  
referred  to  a  person’s  use  of  some  tool  or  technology  (6/71  descrip-
tions  of  people  excluded)  and  were  almost  always  (5/6)  paired  with  
the  modifer  “expert”  as  in  “expert  users”  or  “expert  operators”  (e.g.,  
[59,  131,  140]).  

       4.2.4 Distinctions are based on prior exposure   
,  30/131  descriptions).            

cluded  in  novices  sometimes  focused  on  an  individual’s  prior  ex-
posure.  Researchers  used  diferent  words  to  describe  and  quantify  
this  exposure,  most  frequently  referring  to  “knowledge”  (9/131)  or  
“experience”  (11/131).  

       4.2.5 Distinctions sometimes mention specific technical skills  
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(Theme: What 
They Do Both descriptions of people included

(Theme: Prior Ex-
posure Descriptions of people who were in-

(Theme: 
Technical  Skill,  18/131  descriptions).  Codes  involving  particular  
technical  skills  were  mentioned  infrequently  overall  and  with  a  



                 

                   
            

Table 4: One of the codes that emerged during inductive coding was Professions when describing novices. This table provides 
examples of the specifc professions mentioned in the papers (in alphabetic order). 

Code  Examples  Included  Examples  Excluded  

Professions  Crowdworkers  [1,  116]  
Designers  [61,  95]  
Forecasters  [51]  
Medical  graduate  students  [145]  
Policymakers  [139]  
Visualization  students  [125]  
3D  Modelers  [61]  

Authors  [156]  
Biologists  [13]  
Data  scientists  [15]  
Designers  [28,  117,  142]  
Engineers  [13]  
Information  workers  [6]  
Medical  professionals  [127]  
ML  practitioners  [60]  
Musicians  [61]  
Radiologists  [67]  
Students  [27,  125]  
Teachers  [44,  70]  
Visualization  experts/researchers  [67,  108]  

similar  frequency  among  descriptions  of  novices  (9/71)  and  non-
novices  (9/60).  When  technical  skills  were  mentioned,  they  most  
frequently  regarded  a  person’s  ability  to  work  with  or  manipulate  
data  (12/131),  though  explicit  mentions  of  data  analysis  were  infre-
quent  (4/131).  For  instance,  individuals  with  little  to  no  background  
in  data  science  were  labelled  novices,  while  data  science  experts  
were  not  [60].  

4.2.6  Modifiers  (Theme:  Modifiers,  43/131  descriptions).  Modi-
fers  were  used  in  both  descriptions  of  people  inside  and  outside  of  
novices,  though  the  specifc  modifers  used  varied.  Among  descrip-
tions  of  people  excluded,  the  most  common  modifer  was  “expert”  
(11/71).  The  “expert”  modifer  was  most  often  applied  to  “users”  or  
“operators”  (6/11),  though  it  also  appeared  as  a  modifer  to  practi-
tioner  [69,  145],  analyst  [88],  and  designer  [96].  This  can  be  seen  
in  direct  contrast  to  descriptions  of  people  who  were  included,  
where  the  most  frequently  applied  modifer  described  how  little  
of  something  novices  had  –  appearing  in  a  quarter  of  all  inclusion  
descriptions  (15/60).  What  exactly  was  lacking  difered  across  pa-
pers.  In  6  of  the  15  papers,  novices  lacked  knowledge  in  topics  such  
as  “ontological  models  like  [Knowledge  Graphs]”  [152]  and  “food  
management”  [29].  In  4  other  papers,  novices  lacked  experience  
with  areas  like  “text  analysis  or  text  visualization”  [119]  and  process  
model  analysis  [149].  Other  modifers  were  present  in  descriptions  
of  people  who  were  included  in  novices,  though  novices  were  never  
described  as  “professional”  as  those  excluded  were.  

4.3  How  have  Terms  for  Novices  Been  Used  
Over  Time?  

                            
time.  We  collected  papers  from  the  entire  history  of  the  venues  we  
sampled  from.  However,  the  papers  that  met  our  selection  criteria  
were  all  published  between  1997  and  2022.  As  summarized  in  Figure  
2,  although  papers  do  span  back  to  1997,  a  majority  of  the  papers  
were  published  between  2014  and  2022.  The  number  of  papers  
in  which  our  keywords  (novice,  non-expert,  general  public,  and  
layperson)  appeared  follow  similar  patterns,  but  difer  in  frequency.  
Namely,  the  terms  “novice”  and  “non-expert”  have  consistently  

          
          

         
    

      
 

appeared in more papers than either general public or layperson, 
and began consistently appearing in abstracts and titles around 2014. 
These results may suggest that visualization community interest in 
novices emerged fairly recently. 

5 HOW ARE VISUALIZATIONS FOR NOVICES 
EVALUATED? 

                  
tions  for  novices  are  evaluated.  To  do  this,  w  e  collected  information  
on  how  participants  are  described,  their  geographic  location,  and  
age  because  those  are  details  frequently  reported  in  methodology  
sections  and  may  be  indicative  of  how  visualizations  are  received  
(e.g.,  [107,  111]).  

5.1  Where  Do  Participants  Live?  
                    

understand  who  participants  are  geographically.  About  half  of  the  
studies  (24/49)  did  not  explicitly  state  (or  provide  sufcient  infor-
mation  to  infer)  which  countries  participants  were  sampled  from.  
Among  the  papers  which  stated  the  location  of  the  participants,  
a  majority  of  studies  sampled  participants  solely  from  the  United  
States  (15/25).  Of  the  remaining  10  studies,  5  sampled  participants  
from  countries  in  Europe  [9,  27,  40,  44,  81],  2  from  Canada  [10,  83],  
1  from  the  United  States  and  Canada  [1],  and  2  from  China  [19,  152].  

5.2  How  Old  are  Participants?  
                    

mean  of  participant  ages  reported  because  it  can  help  us  understand  
what  kinds  of  people  the  results  for  novices  are  based  on.  Of  the  
44  papers  which  included  at  least  one  study  where  participants  
were  intended  to  represent  novices,  19  provided  no  age  information  
for  one  or  more  studies.  When  reporting  ages,  if  papers  reported  a  
minimum  participant  age,  they  also  always  reported  a  maximum  age  
(�  =  24).  While  a  majority  of  the  papers  reported  the  minimum  and  
maximum  ages  numerically,  2  papers  provided  an  age  range  instead  
(in  both  cases,  18-24  and  55-64  were  the  minimum  and  maximum  
respectively)  [10,  27].  A  smaller  number  of  papers  reported  the  
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We can also ask how the usage of terms for novices has evolved over

In this section, we describe our fndings regarding how visualiza-

We collected the countries where participants were sampled try to

In our data collection, we collected the minimum, maximum, and
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Figure  2:  Although  papers  that  met  our  selection  criteria  were  published  as  early  as  1997,  most  of  the  papers  were  published  
between  2014  and  2022.  The  terms  “novice”  and  “non-expert”  were  consistently  used  more  frequently  than  “general  public”  
and  “layperson.”  
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mean  age  than  the  min/max  (�  =  16),  though  almost  all  of  the  
papers  reporting  the  mean  also  provided  the  min/max  (�  =  15).  

Our  results  suggest  that  participants  (in  general)  are  fairly  young,  
though  most  studies  contain  participants  spanning  several  decades.  
The  minimum  age  reported  ranged  from  6  [67]  to  29  [127],  though  
most  of  the  papers  reported  the  youngest  participants  as  18  (�  =  4),  
19  (�  =  5),  or  20  (�  =  5)  years  old.  Maximum  ages  were  more  
evenly  spread  across  the  range  from  23  to  72,  with  an  approximately  
equivalent  number  of  studies  where  the  oldest  participants  were  in  
their  20s,  30s,  40s,  50s,  and  60s.  Mean  participant  ages  ranged  from  
20  to  43,  with  an  average  mean  age  of  30  and  a  median  of  28.  

5.3  How  are  Participants  Described?  
To                    
about  novices,  we  collected  descriptions  of  those  participants  from  
each  paper.  We  inductively  generated  a  set  of  exclusive  descrip-
tion  categories,  and  iterated  upon  that  list  until  all  descriptions  
ft  into  one  of  the  categories.  Ultimately,  we  ended  up  with  eight  
categories  of  participants  (see  Table  5  for  the  categories,  counts,  
and  descriptions).  

Our  results  indicated  that  over  a  quarter  of  studies  used  students  
as  their  only  participants  (15/49).  This  represents  one  and  a  half  
times  the  number  of  studies  with  participants  from  any  of  the  
other  categories.  Of  the  studies  which  solely  recruited  student  
participants,  only  [125]  explicitly  involved  visualization  students.  
An  additional  5  studies  utilized  student  participants,  but  combined  
them  with  another  group  of  participants  such  as  professors  [88].  
The  second  largest  category  of  participants  was  crowdworkers,  
which  were  recruited  in  about  20%  of  studies  (10/49).  

analyze what kinds of participants were recruited in studies

5.4  What  Types  of  Evaluations  are  Conducted?  
To  understand  whether  our  current  understanding  of  visualization  
novices  might  be  infuenced  by  our  methods,  we  used  Isenberg  et  
al.’s  taxonomy  [63]  (which  itself  is  an  extension  of  the  taxonomy  
from  Lam  et  al.  [73])  to  categorize  papers  which  reported  participant  
evaluations  and  also  recorded  their  context  (online  or  in-person).  

Among  the  papers  we  surveyed,  we  observed  5  types  of  evalua-
tions  previously  described  by  Isenberg  et  al.[63]:  Communication  
Through  Visualization,  User  Experience,  User  Performance,  Under-
standing  Environments  and  Work  Practices,  and  Visual  Data  Analy-
sis  and  Reasoning.  Descriptions  of  all  5  types  are  provided  in  Table  6  
along  with  the  number  of  studies  of  each  type  we  surveyed.  Among  
the  evaluations,  User  Experience  and  User  Performance  were  by  far  
the  most  common  (�� �  =  20,  �� �  =  22),  but  the  types  of  studies  
difered  among  those  conducted  online  and  in-person.  Our  results  
indicated  that  more  studies  were  conducted  in-person  (33  studies  in  
32  papers)  than  online  (15  studies  in  11  papers).  Among  the  studies  
which  took  place  online,  almost  all  evaluated  User  Performance  (11  
of  15  studies).  The  tilt  toward  User  Performance  was  not  the  same  
for  in-person  studies,  where  User  Experience  was  evaluated  twice  
as  often  as  User  Performance  (�� �  =  19  of  33,  �� �  =  9  of  33).  

6 DISCUSSION 
In this work, we explored how visualization researchers refer to 
novices in their work. Our qualitative analysis of 79 papers was 
guided by two central questions: How do researchers talk about 
novices? and How are visualizations for novices evaluated?. Our 
results revealed that in most of the papers we surveyed, it was 
ambiguous as to who should (not) be categorized as a novice. We 



                 

Table  5:  We  categorized  the  descriptions  of  participants  for  all  49  papers  that  reported  a  study  into  eight  (exclusive)  categories.  
The  largest  number  of  study  participants  were  students  followed  by  crowdworkers.  

  Type  of  Participants #  Studies  Description  of  Type  

Students  Only  15/49  

10/49  

5/49  

5/49  

4/49  

3/49  

3/49  

4/49  

All  participants  were  students  (undergraduate,  graduate,  or  K-12).  

Crowdworkers  Participants  were  crowdworkers  recruited  from  platforms  such  as  Amazon’s  MechanicalTurk  
or  Prolifc.  

Students  Plus  One  Participants  were  a  combination  of  students  and  one  other  group  such  as  university  staf  or  
community  members.  

Volunteers  Participants  were  either  directly  described  as  volunteers  or  were  sampled  from  attendees  at  a  
workshop  or  other  event.  

Mixed  Skill  Participants  are  sampled  to  represent  people  of  difering  skills,  experiences,  or  abilities.  

Skill-based  Participants  were  recruited  because  they  all  possess  a  specifc  skill,  experience,  or  ability.  

Keyword  Participants  are  only  described  using  one  of  our  keywords  (e.g.,  general  public,  novice,  non-
expert,  layperson).  

Unspecifed  Participants  were  recruited,  but  they  are  not  described.  

Table  6:  Among  the  papers  which  recruited  participants  to  represent  novices,  we  observed  5  types  of  evaluations  described  
in  Isenberg  et  al.  [63].  Among  all  diferent  types,  User  Experience  and  User  Performance  were  the  most  frequent  types  of  
evaluations  conducted.  

Type  of  Evaluation  #  Studies  Defnition  of  Evaluation  Type  from  [63]  

User  Experience  22/49 “Evaluations that elicit subjective feedback and opinions on a visualization (tool).” 

User Performance 20/49 “Evaluations in this category objectively measure how specifc features afect the performance of 
people with a system.” 

Understanding Environ- 5/49 “Evaluations that derive an understanding of the work, analysis, or information processing practices 
ments and Work Practices by a given group of people with or without software use.” 

Communication Through 1/49 “Evaluations that assess the communicative value of a visualization or visual representation in 
Visualization regards to goals such as teaching/learning, idea presentation, or casual use.” 

Visual Data Analysis and 1/49 “Evaluations that assess how a visualization tool supports analysis and reasoning about data and 
Reasoning helps to derive relevant knowledge in a given domain.” 
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found  that  novices  are  typically  described  in  a  non-inclusive  man-
ner:  they  are  defned  in  opposition  to  “experts”  and  are  described  
as  lacking.  Additionally,  we  found  that  researchers  leverage  fea-
tures  like  professions  and  proximity  to  (largely  scientifc)  felds  
to  distinguish  who  is  and  is  not  a  novice.  Further,  we  found  that  
despite  the  broad  group  of  people  who  might  be  considered  novices,  
the  people  who  represent  them  in  evaluations  are  rather  narrow:  
participants  tend  to  be  people  in  their  20s,  from  the  United  States,  
and/or  are  students.  In  the  following,  we  discuss  the  implications  of  
our  results,  especially  in  light  of  inclusive  design  [25]  arguing  for  
the  inclusion  of  a  broader  set  of  audiences  in  visualization  practice.  

6.1  Ambiguity  in  Defning  Novices  Imperils  
  Generalizations

6.1.1  Implications:                  
biguity  as  to  who  is  (not)  a  novice.  In  particular,  our  analysis  sug-
gested  that  authors  rely  on  implicit  defnitions  for  novices  in  place  

Our results indicated that there is often an am-

of  explicit  defnitions  (e.g.,  by  using  examples  or  counter-examples).  
Although  implicit  defnitions  clarify  some  of  the  characteristics  of  
the  words  being  defned,  they  rarely  provide  the  clarity  and  preci-
sion  of  explicit  defnitions  [138].  Further,  defnition  by  example  is  
difcult  because  not  all  examples  are  equally  helpful  —  in  order  for  
an  example  to  efective,  a  reader  must  be  able  to  identify  that  the  
example  can  generalize  to  a  broader  set  of  problems  or  rules  [87].  
Without  sufcient  context  around  the  example,  it  may  not  be  clear  
to  the  reader  what  should  be  generalized.  

Similarly,  counter-examples  can  be  a  helpful  for  learning  about  
the  nature  of  some  phenomena  (e.g.,  as  observed  in  [3,  18,  50]),  but  
they  must  defy  the  reader’s  existing  expectations  in  order  to  be  
benefcial  [146].  In  other  words,  in  order  to  be  helpful,  a  counter-
example  must  (at  least)  teach  the  reader  that  their  existing  belief  
is  wrong.  In  this  way,  specifying  that  “music  lovers”  are  not  in  the  
general  public  may  be  helpful  if  the  paper  reader  assumed  that  
“music  lovers”  would  be  included,  while  stating  that  “experts”  are  
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not  novices  may  not  be  helpful  if  the  reader  already  assumed  this  
was  true.  Nonetheless,  counter-examples  that  violate  a  reader’s  
expectations  may  still  be  unable  to  resolve  the  cognitive  dissonance  
between  what  a  reader  previously  believed  and  their  new  knowl-
edge  [146].  In  other  words,  providing  an  efective  counter-example  
may  teach  the  reader  that  they  are  wrong  about  who  belongs  in  an  
audience,  but  does  not  always  help  them  understand  what  is  right.  

Given  the  broad  implication  of  novices  (ranging  from  novices  
in  the  feld  of  visualization  to  novices  in  many  other  disciplines),  
the  lack  of  consensus  around  the  defnition  seems  natural.  How-
ever,  the  ambiguity  in  defning  the  targeted  audience  group  and  the  
lack  of  specifcity  can  impede  our  understanding  of  the  needs  and  
challenges  of  broader  audiences,  and  result  in  over-generalizing  
research  outcomes  for  audiences  that  were  never  intended  (or  eval-
uated)  in  the  original  research.  This,  in  turn,  can  misinform  the  
future  of  visualization  design  for  broader  audience  groups.  We  can  
see  how  this  could  occur  for  novices  by  examining  how  the  pool  of  
visualization  “users”  has  shifted  over  time  and  how  implied  audi-
ences  may  have  shifted  with  it.  As  many  authors  have  pointed  out,  
analysts  were  once  considered  the  dominant  or  sole  audience  for  
visualizations  (e.g.,  [5,  57]).  In  that  context,  it  is  consistent  within  a  
paper  for  authors  to  use  “novices”  as  a  term  for  less  experienced  
analysts.  Today,  this  same  group  of  people  may  be  excluded  from  
the  novice  category  by  authors  using  identical  language  —  as  the  
audience  for  visualizations  has  expanded,  even  inexperienced  ana-
lysts  may  not  be  considered  novices  at  all  –  and  so  results  about  
and  guidelines  for  novices  30  years  ago  might  not  be  applicable  to  
the  novices  of  today.  

6.1.2  Opportunities  for  Future  Work:  We  propose  that  papers  should  
clearly  defne  what  they  mean  by  novice  in  their  research  context.  In  
other  situations,  authors  are  expected  to  provide  defnitions  when  
they  introduce  new  terms  or  utilize  a  term  that  has  multiple  mean-
ings.  The  terms  used  to  refer  to  novices  should  be  no  diferent.  For  
instance,  in  a  paper  exploring  the  impact  of  pictograph  arrays  on  
“causal  sensemaking”  processes  for  the  general  public,  the  authors  
defned  the  term  “causal  sensemaking”  but  did  not  defne  “general  
public”  [14].  We  suggest  introducing  a  defnition  of  general  public  
such  as  “people  who  regularly  use  static,  casual  visualizations  on-
line  or  in-print  to  make  decisions.”  We  suggest  that  “clear”  explicit  
defnitions  make  it  transparent  what  must  be  true  about  a  person  
in  order  for  them  to  be  considered  in  the  group  (see  Table  7  for  
examples  of  existing  work  with  clear  and  explicit  defnitions).  

If  authors  intend  to  defne  novices  as  a  broad  audience,  it  may  
be  helpful  to  name  people  who  are  excluded.  For  instance,  defn-
ing  the  “general  public”  as  “everyone  who  is  not  currently  employed  
as  a  scientist”  clearly  delineates  who  is  in  the  general  public  and  
why.  We  suggest  that  authors  who  employ  this  approach  note  the  
diference  between  an  explicit  “negative”  defnition  (e.g.,  “The  gen-
eral  public  is  everyone  who  is  not  currently  employed  as  a  scientist” )  
and  providing  a  counter-example  (e.g.,  “People  who  are  currently  
employed  as  scientists  are  not  in  the  general  public” ).  Notice  that  the  
former  indicates  that  the  only  people  excluded  are  people  currently  
employed  as  scientists,  while  the  latter  suggests  that  scientists  are  
among  the  group  of  people  who  are  excluded.  

6.2  Defcit  Models  and  STEM-Centricity  Exclude  
Broader  Group  of  Novices  

Our  results  show  that  researchers  tend  to  describe  novices  by  what  
they  lack  and  in  comparison  to  experts.  Further,  they  rely  on  qual-
ities  like  proximity  to  (largely  scientifc)  domains  of  knowledge  
to  defne  who  is  or  is  not  a  novice.  Here,  we  discuss  the  potential  
implications  of  these  results  as  they  relate  to  defcit  models  and  
power.  

6.2.1  Implications  of  Talking  about  Novices  as  Lacking.    
based  on  a  perceived  lack  may  indicate  that  a  “defcit  model”  is  
being  applied.  In  defcit  models,  people  are  “primarily  (or  even  
solely)  [conceptualized]  in  terms  of  their  perceived  defciencies,  dys-
functions,  problems,  needs,  and  limitations”  (emphasis  added)  [35].  
Although  not  all  of  the  papers  we  surveyed  specifcally  used  the  
language  of  defcits,  we  argue  that  comparing  the  lack  of  particu-
lar  knowledge/experience/etc  against  experts  who  do  possess  that  
knowledge  (and  do  not  warrant  further  study  or  technological  in-
tervention)  satisfes  the  defnition  of  a  defcit  model  posed  in  past  
work  (i.e.,  the  belief  that  a  person  lacks  X  and  ought  to  have  X)  [35].  
Defcit  models  have  been  critiqued  for  decades  in  felds  such  as  edu-
cation,  disability  studies,  and  philosophy  on  the  bases  that  they  can  
be  de-humanizing,  disproportionately  punish  minoritized  people,  
and  position  one  group  as  the  “lesser”  form  of  another  [35,  55,  64].  
Recognizing  when  and  where  defcit  models  are  being  applied  is  
critical  within  the  context  of  visualization  research  because  they  
suggest  diferent  intervention  goals  than  when  groups  are  consid-
ered  independent  from  one  another.  For  example,  if  novices  are  
viewed  as  lesser  experts  (in  a  defcit  model),  then  the  goal  may  be  
to  change  novices  to  make  them  more  like  experts;  if  novices  are  
diferent  from  experts,  then  the  goal  may  be  to  change  the  tool  to  
meet  the  needs  of  novices.  

Defnitions

6.2.2  Implications  of  Defining  Groups  Based  on  Proximity  to  Science.  
Many  of  the  papers  we  surveyed  used  proximity  to  science  and  
technology  as  a  means  to  decide  who  is  (not)  a  novice.  For  instance,  
Science/Research,  Visualization,  and  Computing  were  among  the  
most  frequent  codes  applied  to  descriptions.  In  addition,  although  
we  did  not  code  for  it  directly,  we  anecdotally  noticed  that  many  of  
the  professions  mentioned  in  descriptions  seem  to  refect  a  similar  
focus  on  science.  The  Science,  Technology,  Engineering,  and  Math  
(STEM)-centric  framing  may  suggest  that  visualization  applications  
for  novices  are  largely  focused  on  STEM  applications.  While  there  
is  certainly  a  broad  group  of  people  who  use  visualizations  for  
STEM  applications,  there  are  many  ways  that  people  interact  with  
visualizations  which  are  not  STEM  related  (e.g.,  in  casual  situations  
such  as  when  procrastinating  or  listening  to  music  socially  [104,  
120,  121]).  This,  in  turn,  may  suggest  that  non-STEM  applications  
may  be  under-represented  in  visualization  research.  

The  preference  for  science-centric  ways  of  describing  novices  
may  also  refect  a  preference  for  (or  interest  in)  ways  of  knowing  and  
doing  which  are  similar  to  the  researchers.  People  who  have  power  
defne  the  knowledge  or  skills  that  are  deemed  valuable  and  valid  
[33,  53].  For  example,  colonial  powers  have  systematically  devalued  
Indigenous  ways  of  knowing  and  doing  in  communities  across  the  
world  in  favor  of  Euro-centric  knowledge  and  practices  [115,  137].  
Unchecked,  this  functions  as  a  means  to  reassert  hierarchical  power  
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Table 7: Our results showed that novices were often defned ambiguously. To reduce ambiguity, authors should employ clear 
and explicit defnitions that describe the dimensions they consider salient. This table contains examples from existing work 
which provide clear and explicit defnitions. 

Term Explicit Defnition Source 

Target Users “Our  target  users  are  people  who  want  to  understand  their  personal  data  with  an  aesthetically  pleasing  display
rather  than  to  perform  focused  tasks  in  data  analysis”  

, [97] 

General Public “The  target  audience  of  the  science  center  is  the  general  public,  ages  from  six  years  and  up,  with  no  specifc  prior  
experience  in  computer  usage.”  

[67] 

Non-expert “None  of  the  participants  reported  expertise  in  political  debates  or  text  visualization.  We  chose  to  use  this  population
for  our  study  because  they  represented  the  non-expert,  general  audience  we  want  to  use  DebateVis.”  

 [119] 

Novice “All of our participants were novice Vega users (i.e., were unfamiliar with Vega)” [59]  

Novice “...  we  are  interested  in  ‘novice  users’  that  can  be  defned  as  users  who  have  seen  a  particular  type  of  visualization  
for  the  frst  time.”  

[77] 

structures where those who have power perpetuate the idea that the 
things they have are the most important and inherently superior, 
and can block individuals who do not conform to behavioral norms 
from “rising up” [122]. 

6.2.3  Opportunities  for  Future  Work.  The  qualities  we  saw  men-
tioned  in  descriptions  of  novices  focus  on  STEM-centric  ways  of  
knowing  and  doing.  While  a  STEM-centric  point  of  view  may  be  ap-
propriate  for  STEM-centric  applications  of  visualization,  it  suggests  
that  there  are  large  groups  of  people  who  are  not  being  imagined  
to  interact  with  or  use  visualizations.  We  will  now  discuss  a  few  
opportunities  for  future  work  that  we  found  under-represented  in  
our  data.  

One  opportunity  for  authors  to  value  alternative  ways  of  know-
ing  and  doing  is  to  be  curious  about  the  perspectives  of  audiences  
who  think  about  or  use  visualizations  diferently  from  researchers.  
For  example,  it  could  be  fruitful  to  consider  the  perspectives  of  indi-
viduals  who  do  not  use  or  do  not  want  to  use  visualizations,  despite  
the  pressures  from  an  increasingly  data-focused  world  [84,  100]  to  
do  so.  Like  the  potential  for  examining  who  does  not  engage  with  
particular  media  [49],  considering  the  non-users  of  visualizations  
may  be  illuminating.  One  instance  of  engaging  with  people  who  
use  visualizations  diferently  is  present  in  recent  work  by  Sultana  
et  al.  on  visual  communication  practices  in  rural  Bangladesh  [124].  
This  project  ofered  a  look  at  ways  of  encoding  and  communicating  
information  which  do  not  conform  to  Euro-centric  “modern”  visual-
ization  techniques  and  values  [124].  We  argue  that  the  visualization  
research  community  should  proceed  with  caution  when  looking  
outside  of  “traditional”  visualization  audiences  and  values  in  that  
they  do  not  exoticize  and  other  those  who  are  “out  there”  [126].  
Instead,  visualization  researchers  must  actively  recognize  that  they  
are  “in  here”  –  that  is,  that  their  knowledge  and  perspectives  are  
actively  shaped  by  their  own  experiences  and  perspectives  [53,  126].  

There  may  also  be  opportunities  to  anchor  analyses  to  dimen-
sions  with  weaker  ties  to  unequal  power  structures  (e.g.,  instead  
of  attainment  of  formal  education  which  is  strongly  correlated  
with  wealth  [42]).  For  example,  literature  in  education  and  psy-
chology  has  explored  how  “grit”  (i.e.,  “perseverance  and  passion  
for  long-term  goals”  [38])  impacts  success  and  achievement  (e.g.,  

in  [31,  38,  39]).  Although  the  evidence  is  mixed  on  the  efects  of  
grit  as  a  composite  metric,  a  recent  meta-analysis  suggested  that  
perseverance  component  may  be  positively  correlated  with  aca-
demic  performance  [31].  Further,  grit  is  theorized  to  difer  little  
between  demographic  groups  [38],  though  more  empirical  work  
needs  to  be  done  to  clarify  the  mixed  evidence  on  the  relationship  
between  grit  scores  and  specifc  demographic  variables  (e.g.,  age  
[41],  gender  [2],  ethnicity  [20])  [31].  Within  a  visualization  context,  
one  might  therefore  ask:  What  strategies  do  audiences  with  high  
grit/perseverance,  but  little  formal  visualization  training,  utilize  to  
accomplish  tasks?  

Valuing  the  perspectives  of  people  who  use  visualizations  dif-
ferently  and  including  skills  or  attributes  which  are  less  tied  to  
institutional  power  could  enable  researchers  to  build  visualizations  
that  leverage  the  knowledge  and  skills  that  audience  members  al-
ready  have  (and  therefore  get  away  from  a  defcit-based  point  of  
view).  Connecting  visualization  practices  to  the  experiences  and  
interests  of  audiences  has  been  discussed  in  visualization  work  
for  years  (e.g.,  [32,  47,  57,  93,  113])  and  could  take  the  shape  of  
alternative  visual  metaphors  (e.g.,  [93])  or  entirely  diferent  ways  
to  encode  or  represent  data  (e.g.,  [113]).  In  Science  and  Technical  
Communication,  reframing  communication  messages  in  ways  that  
connect  with  the  audience’s  specifc  values  and  knowledge  has  been  
observed  as  an  efective  method  to  connect  with  people  who  were  
entirely  excluded  from  the  conversation  before  (e.g.,  [8,  85,  94]).  
For  example,  Nisbet  and  Scheufele  observed  that  framing  science  
as  “anti-religion”  meant  that  some  religious  communities  felt  that  
climate  change  conversations  were  irrelevant  to  their  lives,  but  
re-emphasizing  the  moral  and  ethical  dimensions  of  climate  change  
helped  scientists  such  as  E.  O.  Wilson  to  convince  “religious  leaders  
that  environmental  sustainability  is  directly  applicable  to  questions  
of  faith”  [94].  There  is  evidence  to  support  connecting  visualiza-
tions  to  existing  knowledge  and  interests  for  groups  historically  
excluded  from  visualization  research  as  well.  For  instance,  Peck  et  
al.  observed  that  personal  connections  to  the  subject  of  a  visual-
ization  infuenced  perceptions  of  its  usefulness  among  individuals  
living  in  rural  Pennsylvania  [99].  Work  in  visualization  rhetoric  
may  be  particularly  helpful  for  future  work  in  this  area  because  
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it  deals  with  the  intricacies  of  tailoring  messages  to  audiences  in  
visualization  (e.g.,  [26,  62]).  

6.3  WEIRD  Participant  Pools  Impede  
Understanding  of  Novices’  Needs  and  Issues  

Our                  
novices  were  largely  people  located  in  the  United  States,  around  20  
years  old,  and/or  currently  students.  The  result  that  mean  and  me-
dian  participant  ages  clustered  around  20  years  of  age  is  consistent  
with  our  other  fndings  that  revealed  participants  tend  to  be  stu-
dents  or  a  mix  of  students  and  non-students  (e.g.,  local  community  
members,  university  staf).  However,  we  ought  to  keep  in  mind  
that  these  narrow  sets  of  participants  may  not  be  representative  of  
broader  audiences.  The  practice  of  using  students  as  subjects  has  
been  a  controversial  debate  for  decades  and,  while  not  inherently  
wrong,  can  be  problematic  when  students  difer  from  the  target  
population  along  dimensions  which  infuence  the  magnitude  or  
implications  of  the  result  [37].  Without  a  clear  description  of  who  
novices  are  (within  the  context  of  a  particular  paper),  it  is  difcult  
to  accurately  assess  how  students  may  represent  novices  as  whole.  

Further,  over-sampling  students  could  be  a  problem  for  the  gener-
alizability  of  visualization  results  because  of  the  similarity  between  
students  and  researchers.  Media  and  communication  theory  tells  us  
that  when  two  parties  are  communicating,  the  similarity  between  
the  message  sender  (i.e.,  researcher)  and  receiver  (i.e.,  participant)  
is  an  important  factor  in  whether  the  intended  message  will  be  
received  [52].  If  both  visualization  researchers  and  the  students  
that  they  recruit  tend  to  be  similarly  WEIRD  (Western,  Educated,  
Industrialized,  Rich  and  Democratic  [45,  58]),  then  it  is  possible  
students  will  be  more  likely  to  perceive  the  “intended”  meaning  
of  a  visualization  than  novices  as  a  whole.  In  this  work,  we  did  
not  specifcally  investigate  how  participants  were  recruited  or  com-
pensated,  but  these  factors  may  also  impact  who  is  considered  an  
acceptable  participant  in  visualization  research  and  how  they  ap-
proach  the  visualizations.  Future  work  may  explore  these  design  
choices  and  their  potential  impacts  on  research  outcomes.  

results showed that the participants sampled to represent

6.4  Narrow  Focus  on  User  Experience  and  
Performance  Hinders  In-Depth  Evaluation  

    with Novices
Our                  
tend  to  rely  on  evaluations  of  user  experience  or  user  performance  
on  a  visualization.  These  two  experimental  methods  are  helpful  for  
establishing  what  works  for  people  and  how  they  feel  about  them,  
but  there  is  some  knowledge  that  cannot  be  established  by  these  
two  types  of  evaluations  alone.  For  instance,  very  few  papers  that  
we  surveyed  examined  the  existing  practices  of  novices.  Observing  
the  ways  that  participants  already  use  visualization  in  their  daily  
lives  may  be  helpful  for  better  understanding  what  role  visualiza-
tion  plays  in  novices’  lives  [4]  and  reveal  topics  that  participants  
may  not  bring  up  in  interviews  or  other  types  of  evaluations  in  
which  they  are  asked  for  their  perspectives  on  novel  stimuli  [24].  
Although  observations  were  largely  absent  from  the  papers  we  
surveyed,  there  are  several  examples  of  visualization  papers  which  
have  applied  this  approach  and  demonstrated  how  informative  it  

results indicate that human-subject studiesmotivated by novices

can  be  (e.g.,  Grammel  et  al.  and  Liu  et  al.  on  visualization  construc-
tion  [47,  80],  Lee  et  al.  on  coronavirus  skeptics  [76]).  Future  work  
may  further  utilize  observation  and  explore  alternative  methods  of  
exploring  how  novices  interact  with  visualizations  and  utilize  them  
in  their  decision-making  processes.  Together,  this  approach  may  
inform  how  the  feld  can  address  the  needs  of  broader  audiences  
beyond  the  typical  user  groups  that  are  recruited  today.  

6.5  Limitations  
There  are  several  limitations  to  our  work.  First,  our  results  may  
be  infuenced  by  the  particular  papers  that  we  included  in  our  
survey.  We  selected  papers  which  used  one  of  our  keywords  in  the  
title  or  abstract  as  a  proxy  for  selecting  papers  which  were  “about”  
visualization  for  novices  (following  a  similar  selection  method  to  
the  method  used  in  [34]).  However,  this  selection  technique  may  
have  resulted  in  the  inclusion  of  papers  that  did  not  center  novices  
or  the  exclusion  of  papers  which  were  about  novices  but  either  
did  not  use  one  of  our  keywords  in  either  their  abstract  or  title  or  
used  another  possibly  related  term  such  as  “mass  audiences”  that  
we  did  not  use  (as  in  [132])  ).  Future  work  could  utilize  alternative  
methods  of  collecting  or  fltering  papers,  such  as  using  author-
supplied  keywords  or  full-text  search.  Similarly,  our  results  may  
have  been  infuenced  by  the  number  of  papers  which  were  included  
in  our  survey.  Our  set  of  papers  represents  all  papers  published  
within  “core”  visualization  venues,  but  they  are,  by  no  means,  all  
of  the  papers  about  novices  and  visualization.  Finally,  we  utilized  
qualitative  methods  throughout  our  survey  process.  While  this  
allowed  us  to  collect  nuanced  information  about  the  papers  we  read  
and  we  utilized  techniques  to  ensure  consistency  between  coders  
similar  to  those  used  in  previous  work  (e.g.,  [86]),  what  data  we  
collected  and  how  we  interpreted  them  was  necessarily  infuenced  
by  the  authors’  own  perspectives  and  experiences.  

7  CONCLUSION  
In this paper, we investigated how visualization research conceptu-                
alizes  novices  in  terms  of  both  the  language  used  to  describe  them  
and  the  participants  who  are  recruited  to  represent  them.  Through  
a  survey  of  79  “core”  visualization  research  papers  that  used  the  
terms  “novice,”  “non-expert,”  “general  public,”  or  “layperson”  in  
their  title  or  abstract,  we  revealed  that  researchers  often  used  char-
acteristics  such  as  professions,  proximity  to  scientifc  felds,  and/or  
a  lack  of  expertise,  knowledge,  or  skills  to  defne  who  is  (not)  a  
novice.  Further,  we  found  that  the  participants  selected  to  represent  
novices  in  evaluations  come  from  a  narrow  set  of  backgrounds  and  
take  part  in  studies  that  are  narrowly  focused  on  user  experience  
and  performance.  Based  on  our  results,  we  identifed  a  series  of  
potential  consequences  of  generalizing  results  from  a  small  subset  
of  participants  to  a  wide  range  of  novices  in  visualization.  We  also  
discussed  opportunities  for  future  work,  including  the  importance  
of  engaging  with  individuals  who  have  alternative  ways  of  know-
ing  and  doing.  Our  suggestions  are  not  intended  to  be  exhaustive  
but  instead  meant  to  probe  some  of  the  assumptions  made  about  
people  labeled  novices  and  to  call  for  action  in  which  more  diverse  
audiences  are  included  and  accounted  for  in  the  future.  
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