Representing User Experience #chidgood, CHI 2016, San Jose, CA, USA

Data-driven Personas: Constructing Archetypal Users with
Clickstreams and User Telemetry

Xiang Zhang Hans-Frederick Brown Anil Shankar

Dept. of Statistics User Experience User Experience
North Carolina State Platfora Inc. Platfora Inc.
University San Mateo, USA _ San Mateo, USA
Raleigh, NC, USA hans@platfora.com anilkshankar@gmail.com

xzhang23@ncsu.edu

ABSTRACT In Platfora’s case, at the product’s inception in 2011 we con-
sulted with Cooper, a design strategy consulting agency based in
San Francisco, to explore the needs of our product’s end-users.
Platfora is an enterprise focused big data analytics platform that
transforms raw data in Hadoop (or in other data silos) into interac-
tive, in memory business intelligence. Four main Platfora personas
emerged from Cooper’s research efforts; we discuss the two main
user personas here and cover the other while describing the data-
driven personas later in the paper. The first, Jeffrey, a business
analyst, whose primary goal is to understand internal client needs
and build out reports for them. Jeffrey would explore both the data
import and visualization parts of Platfora to be successful in his
work role. The second persona, Marybeth, a business analyst, un-
like Jeffrey focuses only on explaining the story behind the data
to her clients. She would primarily spend time in the visualization
component of Platfora. With Platfora’s increased adoption in data
analytics world, we witnessed new users different from the existing
Platfora personas begin to leverage our product. Hence, we started
to investigate a data driven approach to refine our existing personas.

Many have suggested creating personas based on data-driven
methods. Prutti argued that personas are not believable if they are
designed by committee (not based on data) or if the relationship
to user data is not clear [15]. To ameliorate Prutti’s concern Mul-
der recommends personas generated by quantitative techniques to
avoid human bias [13]. Quantitative or qualitative techniques de-

User Experience (UX) research teams following a user centered de-
sign approach harness personas to better understand a user’s work-
flow by examining that user’s behavior, goals, needs, wants, and
frustrations. To create target personas these researchers rely on
workflow data from surveys, self-reports, interviews, and user ob-
servation. However, this data not directly related to user behavior,
weakly reflects a user’s actual workflow in the product, is costly
to collect, is limited to a few hundred responses, and is outdated
as soon as a persona’s workflows evolve. To address these limi-
tations we present a quantitative bottom-up data-driven approach
to create personas. First, we directly incorporate user behavior via
clicks gathered automatically from telemetry data related to the ac-
tual product use in the field; since the data collection is automatic
it is also cost effective. Next, we aggregate 3.5 million clicks from
2400 users into 39, 000 clickstreams and then structure them into
10 workflows via hierarchical clustering; we thus base our personas
on a large data sample. Finally, we use mixed models, a statistical
approach that incorporates these clustered workflows to create five
representative personas; updating our mixed model ensures that
these personas remain current. We also validated these personas
with our product’s user behavior experts to ensure that workflows
and the persona goals represent actual product use.

KCYWOI‘dS pend on user data and McGinn opined that persona creation suffers

Personas, User Experience Research, Data-driven design, Machine from a common problem of not being based on first-hand customer

Learning, Data Science, User Analytics behavior data, and if so, then the size of data is not statistically
significant [10]. So, a quantitative, data-driven approach to cre-

1. INTRODUCTION ate behavior defined personas still remains an open avenue for user
research.

Cooper originated the Persona concept for Design and User Ex-
perience (UX) practice [3]. He considers a persona as an archety-
pal user. A persona comprises this user’s behaviors, goals, wants,
needs, and frustrations when using a product. While designers and
user-experience (UX) researchers use personas as a powerful de-
sign tool in practice, a cost-effective automatic way to create a per-
sona that can remain current is still an open question [6].

In this paper, we propose a fully data-driven approach to con-
struct behavioral personas from raw clicks gathered in telemetry
data from our product use. Our approach is different from the ex-
isting persona creation approaches in that we approach the prob-
lem bottom-up from raw clickstreams without top level features.
Instead of relying on survey data, user interviews (transcribed or
otherwise), we follow a two stage statistical machine learning ap-
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fied the clustering of workflows and helped to map a few workflows
clusters to existing personas, thereby helping us to refine and up-
date Platfora’s archetypal users. Since we focus on the quantitative
aspect of creating personas we do not provide additional details
about these experts reviewing our personas in this paper.

In the second stage, we use a mixed model to group these repre-
sentative workflows into five personas. To the best of our knowl-
edge, this is the very first attempt to create data-driven personas
from raw clickstreams. Our raw clickstream data gathered via prod-
uct telemetry spans a duration of two years worth of clicks in Plat-
fora’s user interface.

The personas that we generated from clickstreams validated two
of the existing Platfora personas while showing that the other two
personas had evolved into Full-stack users. A Full-stack user gen-
erates workflows related to Platfora’s four main product pages re-
lated to Datasets (data import and curation), Lenses, (creating in-
memory data-marts), Vizboards (a board populated by multiple vi-
sualizations), and SystemPage (monitoring the health and status of
various Platfora objects).

We next review related work on data-driven personas. The fol-
lowing section describes our approach to leverage clicks from raw
telemetry data gathered in the field (from customers) to create com-
mon workflows which are then grouped into personas using a mixed
model. The subsequent section details our approach to identify
ten common workflows with a hierarchical clustering technique on
clickstream information to derive five personas. We conclude this
paper by identifying the next steps for data-driven persona work
that can not only incorporate the clicks in the raw data but also
factor the order of the clicks to create richer, more distinguishable
personas.

2. RELATED WORK: DATA-DRIVEN PER-
SONAS

Researchers have relied primarily on survey data to create data-
driven personas. Sinha identified three personas for online restau-
rant finder by using principal component analysis on survey data
gathered from 63 respondents. In this survey respondents rated 32
dimensions related to restaurant experience [16]. Instead of prin-
cipal components, Javahery used clustering to construct three per-
sonas for guiding the new product design for a bioinformatics vi-
sualization application [7]. The data gathered from questionnaire
and user observations included attributes from 22 users related to
domain experience and background.

McGinn used factor analysis on the survey data gathered from
1300 respondents to develop eleven personas for customers of a
training organization [10]. Each survey included 18 multiple-choice
questions on demographic and behavior data. Miaskiewicz used la-
tent semantic analysis to create four personas for users of an Institu-
tional Repository (IR) at a large university based on the transcribed
text from interviews [12] . The 20 interviews were audio recorded,
next transcribed, and then stored in word-by-interview matrices.

Brickey compared several existing qualitative and quantitative
persona creation methods for users of an online knowledge man-
agement system [1]. He compared the results from manual experts
and found that principal component analysis produced the most
promising personas for his target user group.

Tobias mined Tomb Raider: Underworld game telemetry to pre-
dict when a player would stop playing and also the time this player
would take to finish the game [9]. Canossas leveraged game teleme-
try to generate play-personas and focused on improving the player
experience for single player action games [2]. Drachen worked in
player modeling for the Tomb Raider: Underworld game [5]. They
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first identified six gameplay features and then clustered these fea-
tures using a hierarchical clustering technique in the game teleme-
try data.

Similar to the existing body of data-driven persona construction,
we use a clustering algorithm to create Platfora personas. However,
unlike the existing approaches that leverage mostly survey data, we
harness raw user behavior data from clickstreams captured during
Platfora use by thousands of users. Our approach to use this click-
stream information about user behavior to create personas is differ-
ent in two ways from approaches that rely on survey or interview
data. First, our approach is more robust due to the large volume of
user-behavior data that we harness to generate personas. Second,
we use a bottom-up approach that pops out the personas automati-
cally via hierarchical clustering and mixed models. Our approach
overlaps with work on player modeling in games in that we lever-
age product telemetry to generate Platfora personas. We extend
this work in player modeling in two ways. First, our approach starts
bottom up from raw clickstream instead of identifying any top level
features. Second, instead of clustering top level features we use a
mixed model to process workflows to generate personas. We de-
scribe how we gather clickstreams and product telemetry data in
the next section.

3. TELEMETRY AND CLICKSTREAMS

The spacecraft industry was one of the originators of using releme-
try to gather data remotely from sensors [14]. This telemetry data
collection process was designed for efficiency, transparency, and
reliability. We designed Platfora’s telemetry architecture based on
similar goals — to gather user behavior data with efficiency, trans-
parency, and reliability. At the lowest level our telemetry data con-
sists of a click (user interface event) captured whenever a user ac-
cesses a user interface element in Platfora. Platfora’s customers can
opt-in to send their product telemetry back to us.

A clickstream is a sequence of clicks generated by a user in one
login session. We gathered such clickstream information for two
years from July of 2013 to July of 2015. Figure 1 shows the struc-
ture of this clickstream data. This data contains four different lev-
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Figure 1: Product Telemetry data with four levels used to cre-
ate personas.

els. Going up from the bottom, at level 4 is a click; this forms the
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smallest granularity of telemetry data. These clicks aggregate to
form clickstreams at level 3. Higher up, at level 2,we map click-
streams to specific users (whose identification (ID) is anonymized
at the customer site). The top most level corresponds to a group of
users who represent a Platfora customer site. Since a single user can
generate multiple clickstreams at different times, we chunk each
clickstream based on the start date and time to create unique click-
stream information.

Our initial analysis of clickstream lengths showed that any click-
stream with less than 20 clicks was too short to reflect meaningful
user behavior during a session. Hence we removed these click-
streams. This resulted in a total of 3.5 million clicks from 39,000
clickstreams generated by 2400 users from 30 customers. The av-
erage clickstream length is 92 clicks (3.5 million/39,000). Our per-
sona construction process leverages these clickstreams by first clus-
tering them into common workflows and then characterizing each
user by the frequency of common workflows via mixed model.

4. CONSTRUCTING PERSONAS

We construct personas from clickstreams derived from telemetry
data using the following algorithm.

Algorithm 1 Data-driven Persona Construction from User Click-
streams
Assume there are P users and N clickstreams in total.
Step 1: Calculate pairwise clickstreams distance
Calculate the N X N distance matrix, where the (i, j) entry of the
distance matrix is the distance between the i-th clickstream and
the j-th clickstream.
Step 2: Cluster clickstreams
Implement hierarchical clustering algorithm on the distance ma-
trix to obtain K clusters of clickstreams. The number K is chosen
by the user.
Step 3: Map clickstreams to common workflows
Map each clickstream to one of the K common workflow.
Record the number of k-th common workflow generated by i-th
user as yy,i=1,...,P,k=1,...,K.
Step 4: Fit mixed model
Fit mixed models with M components on the multinomial data
{Vichi<i<p1<k<x- The number of personas, M, is chosen by the
user. The mathematical details of this step can be found below.

Example data and the corresponding R code are available upon
request from authors. We next discuss Step 2 and Step 4 in more
detail.

4.1 Step 2: Cluster clickstreams

Platfora users follow a few common workflows to accomplish
their goal and our telemetry data captures these workflows as click-
streams. Note that each clickstream (as shown in Figure 1) in our
telemetry data has timestamp associated with a series of clicks (user
interface events). Therefore all the clickstreams generated by users
are unique in our dataset. We use Ward’s hierarchical clustering
algorithm to cluster clickstreams and to identify common work-
flows [17]. We chose this hierarchical clustering algorithm as it
only requires pairwise similarity between clickstreams and it pro-
duces a hierarchical treeplot. This treeplot helps to visualize the
clustering process and to determine an appropriate number of clus-
ters.

To summarize the common workflows, we first examine the most
frequent clicks within a cluster, the average length and duration of
clickstreams in each cluster, and the frequency of clicks that com-
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prise key steps in Platfora in all clusters. Next, user behavior ex-
perts (UX researchers, UX Designers, Product Managers) review
these clusters to verify the representative behaviors of each com-
mon workflow.

In the first stage of data-driven persona creation we cluster com-
mon clickstreams to identify common workflows. Here is an exam-
ple. Jane can import a dataset into Platfora in two different ways.
The telemetry data captures these two workflows as two different
clickstreams, say datal and data2, respectively. The same user,
Jane can follow different workflows to visualize the imported data
and the resulting clickstreams could be viz/ and viz2, respectively.
When we cluster Jane’s clickstreams, we assume that datal is more
similar to data2 when compared to viz/. We use the Jaccard index
to measure the similarity between two clickstreams [8]. With this
index, we define the similarity between two clickstreams as the ra-
tio of the number of common unique clicks over the number of all
unique clicks.

For example, say, Jane generates two clickstreams S; and S,;
these two clickstreams are simply two sequences of clicks; an al-
phabet represents clicks in these two clickstreams. Assume §; =
{A,B,B,C,D,B,A,C} and S, = {E,F,F,B,A,C, B, B}. For these
these two sequences, there are 3 common unique clicks ({A, B, C})
and the count of union of all unique clicks is 6 ({A, B,C, D, E, F}).
We therefore calculate the similarity between S| and S, as 0.5
(3/6).

Figures 2 - 4 demonstrate the process of identifying common
workflows. We first cluster clickstreams into separate groups based
on click similarity and then summarize the common workflow within
each cluster. In Figure 2 each dot represents a clickstream. The
colors of the dots denote the similarity between clickstreams. A
clustering algorithm groups all the clickstreams into separate clus-
ters using the pairwise clickstreams similarity. Figure 3 shows that
dots with similar color gradients are grouped together resulting in
six clusters.

After the clustering we summarize each cluster by a common
workflow which best represents all the clickstreams in that cluster.
This process of identifying a workflow is radically different from
survey or interview based approaches that only capture a user’s
self-report of her workflow. Instead of starting top-down, our data-
driven approach is bottom-up; we cluster similar clickstreams into
a common workflow.

We treat all similar yet distinct clickstreams as a common work-
flow. Figure 4 shows this clustering process where the bigger dots
denote the derived common workflows, with the best representa-
tive color in that cluster. For example, in this figure, the clustering
process summarized both dark red and light red by the same red
color. This process indicates that a cluster of similar clickstreams
represent a common workflow even though each clickstream is not
exactly the same. Once we identify the common workflows from
the raw data clickstreams we can next examine each user based on
the different usage of workflows.

4.2 Step 4: Fit mixed model

Users from the same persona have similar goals and behaviors
when using the product [3]. We view this frequency of common
workflows as a quantitative signature of each user’s behavior. That
is, we believe users with similar frequency of common workflows
are likely to be instances of the same persona. This assumption is
the foundation for our mixed model to generate personas.

A mixed model is a widely used statistical approach to detect
sub-populations [11]. In our telemetry data each persona represents
a sub-population of users. A mixed model assigns each user to one
of the personas and characterizes the common workflow frequency
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Figure 2: Each dot represents clickstream. Similar colors rep-
resent similar clickstreams.

Figure 3: Hierarchical clustering groups clickstreams into six
clusters based on their similarity.

Figure 4: A central big dot depicts common workflow. This
workflow summarizes clickstreams in each group.
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that uniquely defines each persona. Assume there are P users and
K common workflows. Denote y;; as the number of k-th common
workflow that are generated by the i-th user, fori = 1,..., P and
k=1,...,K. Writey; = (yi1,...,Yik). Assume there are M Per-
sonas. Denote Z; the label of Persona for the i-th user. If Z; = m, the
i-th user behaves as the m-th Persona, m = 1,..., M. We assume
the numbers of common workflows are independently generated
from multinomial distribution given the labels of Personas. That is,

yil(Z; = m) ~ Multinomial(p,,),

where p,, = (Pmts---»>Pmk)> P 18 the chance of m-th Persona to
generate k-th common workflow,m = 1,..., M, k=1,...,K. De-
note m,, = Pr(Z; = m) and & = (my,...,my). The full likelihood of
the observed data, given the labels of Personas, can be written as

K
k=1

where I(S) = 1 if S is true and O otherwise. The maximum likeli-
hood estimators (MLE) of (a, pi1, ..., Ppux) is simply the maximizer
of L(m,py,...,Pu), and we solve this MLE with the Expectation-
Maximization (EM) algorithm [4].

Figure 5 shows our mixed model persona creation approach based
on the derived common workflows. There are nine users in this ex-

P M
Laxprs.opw) = [ | D 02 = mmn [ [ ),

i=1 m=1

Persona A
User: @@ ®
User2 000000 [
User3: @@ @ [ ]
Persona B
Userd: OO 00000
User'5: D000 ([ B
Users: 0000000 ® L1
Persona C
User7: D00 00 O
Users: 000 00000000
Usero: 00000

Figure 5: This figure shows the construction of personas based
on clickstream types corresponding to each user. The dots fol-
lowing a user id represent clickstreams and colors represent the
corresponding workflows. For example, Users 1, 2 and 3 have
half of their clickstreams doing red workflow and the other half
doing yellow workflow. Our mixed model summarized this user
group as an archetypal user: Persona A.

ample; each user generated multiple clickstreams and these click-
streams are represented by dots. The colors of the dots indicate the
common workflows as shown in Figure 4.

For example, Userl generates six clickstreams: three red com-
mon workflows, two yellow common workflows and one blue com-
mon workflow. This generalization from clickstreams to common
workflows makes it possible to easily compare the behavior of two
users. Consider User2; even though User2 generates more click-
streams than User1, their behavior patterns are similar: about half
of their clickstreams are red common workflows and the other half
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are yellow common workflows. Figure 5 shows that this pattern is
also shared by User3. Thus we group users with common work-
flow frequency together to create an archetypal user (persona) to
represent this user group. In this example, Users 1, 2, and 3, are
represented by the same archetypal user, Persona A.

You can now interpret that Persona A is a type of user who gener-
ally spends half of her time in red workflow and the other half of the
time in yellow workflow. Similarly, you can now see that Persona B
is predominantly spends time in the green workflow whereas Per-
sona C splits time between pink and blue workflows. As in the
first stage, we again consulted with user behavior experts to review
both the common workflows discovered by the mixed model and
the ensuing personas created by the combination of these work-
flows. These subject matter experts agreed that these data-driven
mixed-model constructed personas derived from raw clickstream
data represented archetypal users of our product.

5. FIVE PERSONAS VIA HIERARCHICAL
CLUSTERING AND MIXED MODELS

This section first describes our approach to cluster clickstreams
to identify common workflows. We next show how to use a mixed
model to build data-driven personas. This data-driven approach
helps identify ten common workflows and five personas for our
product users.

5.1 Ten Common Workflows via Hierarchical
Clustering of Clickstreams

Figure 6 shows the result of clustering 39, 000 clickstreams. In
this figure the vertical axis shows the dissimilarity between the
clusters when they merge together. At the lowest level is each click-
stream. This clustering process hierarchically merges similar click-
streams as you traverse up to the root node of the tree. Based on ex-
pert views and examining the frequency of the top 25 clicks in each
cluster, we chose 10 as an appropriate number of clusters. Increas-
ing the number of clusters did not result in meaningful workflows
and reducing the clusters below 10 washed out the differences in
workflows. The existing Cooper personas guided the development
of these clusters. The red boxes in Figure 6 highlight these ten
clusters. We excluded a small group of 1, 147 clickstreams (about
3 percent of the total) from the analysis (between Cluster 6 and 7 in
Figure 6). This cluster represented isolated feature testing and not
the common workflows.

We examine the clickstream clusters to summarize the behavior
of the ten common workflows from Figure 6. This summary pro-
vides insight into the key steps triggered by each workflow and we
believe that these key steps are specific to different personas. With
the help of user behavior experts we identified 14 key steps related
to four main Platfora product pages (Datasets, Lenses, Vizboards,
and System Page). Figure 7 shows the frequency of clicks on these
key steps within the ten common workflows. We order the steps
such that steps from the same product page are grouped together.
This ordering helps to characterize workflows by the frequency of
the key steps.

Figure 8 shows clickstream frequency of steps in Cluster 3 (from
Figure 6) for a workflow related to datasets and lenses in Platfora.
There is a high frequency of actions for dataset and lens related
activities for Cluster 3. Specifically, the frequency is high for Mod-
ify Dataset and for Modify Lens; this is common behavior of users
who modify a dataset before building a lens in Platfora. We thus
summarize this workflow as Build lens with optional modification
to a dataset.
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Figure 9 shows most frequent dataset related activities in Clus-
ter 1 and Cluster 5. To tease out the difference between these two
clusters we examined the top 30 clicks in each cluster with a word
cloud. The dataset parsing activity was in Cluster 5’s top clicks,
whereas this activity was absent in Cluster 1. In Figure 9 you can
see that Cluster 5 has higher frequency of clicks for Create Dataset
step. When compared to Cluster 1, Cluster 5’s higher frequency of
Create Dataset along with the parsing activity reflected a common
Platfora workflow in which users parse a dataset (curate it) only
when creating a new dataset thus confirming the difference between
Clusters 1 and 5. In the same figure, when compared to Cluster 5,
Cluster 1 has higher activity for Modify Dataset, View Dataset and
View Lens. This is again representative of Platfora user behavior
where users are likely to examine a lens or a dataset before modify-
ing an existing dataset. Our key contribution to data-driven persona
creation is that we detect the difference between these two work-
flows only from the raw clickstream stream data. Table 1 lists the
ten common workflows that we detected by clustering clickstream
information. We labeled this workflows after consulting with Plat-

Table 1: The ten common Platfora workflows identified by
clickstream clustering.

Cluster Workflow

Modify dataset

Check System Page

Build a lens with optional modification to a dataset
Create a lens and visualization

Create a dataset

Create a dataset, a lens, and a visualization all in the
same workflow

Include data segments in visualization

Modify visualization data iteratively

Export data from a visualization

Explore and view a visualization

[ NLO/ I SR VS I \S R

— O 00

fora’s user behavior experts who verified the clustered clickstreams
as representative user activities noted in various internal user stud-
ies and evaluations.

5.2 Five Data-driven Personas

We described the identification of common workflows from click-
streams in the previous section. Based on these workflows we next
construct data-driven personas. Users with similar workflow fre-
quency share similar behavior even though their individual click-
streams may not exactly be the same. These users are also likely to
be instances of the same persona. To generate personas, we focus
our analysis on the 1,011 users who generated at least five click-
streams; these clickstreams comprise 90 percent of the total number
of clickstreams in our product telemetry. We dropped users with
less than five clickstreams as this number was insufficient to depict
meaningful high-level user behavior.

Based on discussion with user behavior experts at Platfora we
input five personas to the mixed model. Figure 10 shows the fre-
quency of the ten common workflows for the 1,011 users where
the users are ordered by their personas. Here, we assign each user
to a persona that this user is most likely to belong to based on the
fitted mixed model. In Figure 10 we were now able to detect group-
ings of users in the heatmap; we show these groupings by the blue
blocks. That is, we detected five groups of users who mapped to
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Figure 6: The ten clickstream clusters. At the bottom of the tree is each clickstream. This clustering process hierarchically merges
similar clickstreams as you traverse up to the root node of the tree. The red boxes highlight the ten clickstream clusters that we
leverage to create personas.
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Figure 10: Heatmap of common workflows frequency for each user, ordered by personas. The block of users within the same persona

share similar frequency of common workflows.

five personas. We thus harnessed raw clickstream data to identify
common workflows that subsequently mapped to personas.

Each persona in our model has a unique probability to generate
one of the ten common workflows; this probability is a quantitative
signature of each persona. More specifically, these chances are the
probability vectors that define the multinomial distribution of each
persona. Figure 11 shows these chances of common workflows
within each persona; we describe each persona below:

1. Full-stack user specialized in data preparation (Luis): This
red line that represents this persona in Figure 11 show that
this persona has higher chances for two workflows related to
Datasets and Lenses, and for viewing and exploring Vizboards.
This persona has the high probability for workflows Create
dataset and Modify dataset; these probabilities add up to 40
percent of this persona’s total workflows. Note that these two
workflows directly related to datasets appear with the high-
est chance within the same persona, even though the mixed
model does not use the information that these two workflows
are related. We believe this co-occurrence does not happen
by chance but rather reflects one of the main characteristics
of this persona, that is, this archetypal user is similar to a
Data Administrator. This user is Full-stack with a focus on
dataset preparation. By Full-stack, we mean a user who is
likely to perform all the workflows related to datasets, lenses,
and visualization in Platfora.

2. Full-stack user specialized in Lens building (Jeffrey): This
persona has the highest probability related to the following
workflows: Build Lens with optional modification to a dataset,
Create Lens and visualization and Create dataset, Lens and
visualization in one workflow, all of which directly relate to
a user’s behavior of building a Lens in Platfora. These work-
flows pertain to actions on multiple objects from Datasets,
Lenses and Visualizations within one workflow; these prob-

abilities add up to 50 percent of the workflows within this
persona. This persona is interesting as her workflows focus
on several main product pages within the same workflow un-
like other personas who tend to focus on a single object such
a Dataset or a Vizboard.

3. Full-stack user specialized in Segments (Dave): This per-
sona has a 15 percent probability to generate the workflow
Use Segments in visualization; the other personas have zero
chance for the same. We therefore characterize this persona
as a full-stack user who focuses on Segments; a Segment is
an advanced Platfora feature that collects members of a pop-
ulation based on user defined attributes.

4. Full-stack user specialized in Visualizations (Marybeth): This
persona has a 70 percent chance that her clickstream is one
of the three common workflows related to Vizboards with
higher probabilities on leveraging Datasets and Lenses, as
well.

5. Pure Vizboards user (Debra): Unlike the previous personas,
this persona’s clickstreams has a 95 percent probability of
representing just one of the three common workflows related
to Vizboards. This is the only non Full-stack user among the
five personas.

We have thus identified Platfora’s personas, bottom-up, based on
clustering clickstreams extracted from the product telemetry data.

6. DISCUSSION AND FUTURE WORK

In this paper we proposed a data-driven approach to create per-
sonas. Unlike approaches that relied on survey or user interview
data to identify workflows, our approach identified workflows by
directly incorporating user behavior via clicks and clickstreams.
We aggregated these common workflows with a mixed model to
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create data-driven personas. The five personas that we created were
also validated by user behavior experts (via interviews) who veri-
fied that these personas indeed represented archetypal users of our
product. Our approach is not only direct but also low cost as prod-
uct telemetry is automatically gathered from the field; there is little
interference from human interviewers or noisy self-reports.

Clickstream based persona creation based on product telemetry
is scalable. Scalability is possible as additional telemetry data can
help better understand existing persona characteristics (workflows)
either by refining individual personas or by tracking the evolution
of personas over time as users increasingly learn and utilize various
product features. With 39,000 clickstreams from 2400 users, we
also believe that our data is robust enough to generate five personas
when compared to existing data-driven approaches that have only
relied on a few hundred survey samples or self-reports.

We initiated this data-driven persona work to primarily refine
original Platfora personas. The personas that we generated from
clickstreams validated two of the existing Platfora personas while
showing that the other two personas had evolved into full-stack
users; we would not have garnered this crucial insight into our
product’s users without conducting a time-consuming costly per-
sona reconstruction effort via traditional means. For example, we
initially assumed that Jeffrey, a citizen data-scientist persona, to
be familiar with datasets, expert at data curation and visualization
workflows, with not much of an emphasis on sharing of insights
via collaborative options (comments or emails). When we mapped
existing Jeffrey’s to the personas discovered via clickstream clus-
tering, we discovered that this persona was maturing over time in
terms of using all four Platfora components eventually morphing
into a full-stack user. We believe that it would be tedious and hard
to capture such insights into the evolution of a persona over time
with surveys or self-reports and that our approach based on click-
streams is a better representation of persona evolution (or matura-
tion) over time.
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You can extend our clickstream based approach to incorporate
sequence and frequency information of clicks by considering dif-
ferent distance metrics. To use the sequence information, you can
consider n-gram clicks as the smallest granular element in your cur-
rent distance metric, where an n-gram click is n consecutive clicks
in sequence. By considering consecutive clicks, the sequence in-
formation is retained as two clickstreams are considered to be sim-
ilar if they share common clicks and if common clicks appear in
the same order. To use the frequency information, you can define
the distance between two clickstreams as the Euclidian distance
between the two frequency vectors of clicks. With new distance
metric, two clickstreams are similar if they share common clicks
and the frequency of common clicks are close, so the frequency
information is not dropped. The rest of our bottom-up procedure
will be exactly the same. The work in this paper was motivated
by the need to validate existing Cooper personas with clickstream
information. Since calculating the similarity between clickstreams
is only one step of our proposed technique, we find it reasonable
to use our current simple, yet coarse, distance metric to verify the
feasibility of our approach. Incorporating sequence and frequency
information is definitely a promising avenue for future research.

We believe that our approach generalizes across applications that
capture clickstreams that reflect user behavior. In this work we
mined the clickstreams of Platfora users. However, neither the data
is limited to clickstream information, nor the underlying system is
limited to an analytics platform. Our approach would generalize
if applications record a user’s behavior in multiple sessions and if
each session logs this user behavior as a sequence of actions. For
example, our proposed approach would work for an e-commerce
website. Here is how: as a user visits the website multiple times,
this user is likely to explore a sequence of webpages. Our technique
can capture the most common webpage paths that this user explores
in the website and build a mixed model for related users based on
the frequencies of their most common webpage paths. Thus our
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approach is domain neutral in all these three critical phases: calcu-
lating distance between two sequences of actions, performing hier-
archical clustering, and constructing a mixed (user) model.

Our approach to create personas starting with clicks (the atoms
of user behavior) can indeed be more rounded by existing approaches
that rely on user interviews and surveys. Similar to other research
techniques, a triangulation of methods that include data-driven click-
stream approaches, surveys, interviews, user observation, and self-
reports can ultimately create personas that best represent an archety-
pal product user.
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