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To achieve the project’s goals of providing high-quality, realistic examples, BigPetStore requires semantically-rich, complex data. At its core, BigPetStore relies on a generative data
model for producing synthetic transaction data. Despite the
growing number of real data sets now publically available,
synthetic data generators have a number of advantages for
BigPetStore over real data sets. The synthetic data generator
can be packaged with BigPetStore, avoiding the cost, time,
and infrastructure needed to host, transfer, and store large
data sets. Synthetic data generators are scalable, allowing the
user to choose how much data to generate – a requirement
for supporting BigPetStore’s goal of running on both single
machines and large clusters. Licensing and privacy issues are
avoided with the use of synthetic data sets. And lastly, the
generated data can be customized by the user, allowing the
user to generate data with speciﬁc criteria amenable to testing.
For example, a user may generate transactions from a small
number of purchasable items so that clustering results can be
easily visualized.

Abstract—Generating large amounts of semantically-rich data
for testing big data workﬂows is paramount for scalable performance benchmarking and quality assurance in modern machinelearning and analytics workloads. The most obvious use case for
such a generative algorithm is in conjunction with a big data
application blueprint, which can be used by developers (to test
their emerging big data solutions) as well as end users (as a
starting point for validating infrastructure installations, building
novel applications, and learning analytics methods).
We present a new domain-driven, generative data model for
BigPetStore, a big data application blueprint for the Hadoop
ecosystem included in the Apache BigTop distribution. We
describe the model and demonstrate its ability to generate
semantically-rich data at variable scale ranging from a single
machine to a large cluster. We validate the model by using the
generated data to answer questions about customer locations and
purchasing habits for a ﬁctional targeted advertising campaign,
a common business use case.
Keywords—big data, synthetic data sets, data generation, benchmarking, testing, probabilistic models

I.

A variety of approaches for generating synthetic data sets
exist. TeraGen and the Intel Hadoop Benchmark Suite [7] are
popular tools that can generate data sets quickly and at any
scale, but the resulting data is semantically-void and not useful
for much more than simple benchmarks. Multiple frameworks
exist for generating synthetic data sets that satisfy relational
database schemas [8]–[14], and several approaches even provide domain-speciﬁc languages [13]–[15] for specifying additional constraints (such as which distributions to sample from
and allow for modeling basic relationships between ﬁelds using
simple arithmetic equations [16]).

I NTRODUCTION

Big data applications process large, dynamic, multidimensional data sets with the general goal of information and
knowledge extraction. With the wide variety of big data tools
available and lagging documentation, both developers and
users of big data systems beneﬁt from the availability of realistic example applications. For developers, such applications
are useful for testing, benchmarking, and evaluating design
choices; for users, example applications provide starting points
for learning methods, developing their own applications, and
implementing new analytics workﬂows.

Recent work has addressed some aspects of the need
for more dynamic data set generation: Arasu, et al. [17]
demonstrated that constraint-solving techniques could be used
as an alternative to procedural approaches. Such frameworks
allow for reproducing the structural properties of real data,
but the frameworks are not expressive enough to describe the
dynamic generation processes and latent variables that would
be needed to embed the desired informational complexity and
rich semantics needed for BigPetStore’s analytics examples.

BigPetStore is one such big data application blueprint built
around processing transaction data for a ﬁctional chain of pet
stores. BigPetStore targets the Hadoop [1] ecosystem with
examples implemented for loading, cleaning, aggregating, and
performing analytics on data using Hive [2], Pig [3], [4], and
Mahout [5]. BigPetStore has been incorporated into the opensource Apache BigTop distribution [6], where it is used for
testing and as a reference application. One of BigPetStore’s key
features is the ability to scale from a single machine to a large
cluster, making it easy to develop projects on a local machine
and transfer the application to a large cluster for production
testing.
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Realizing the difﬁculty in creating a generic framework
capable of modeling the semantics of real data, recent work
[18] has focused on generating synthetic data sets that sat49

isfy characteristics learned from real reference data. Such
approaches appear promising but will need to overcome the
difﬁculties of accurately training models, especially on raw
data instead of features.



   
   
   
 

Until such purely generic methods reach maturity, BigPetStore’s needs are best met by a customized, domaindriven model. Another example of such a model is The
Information Discovery and Analysis System (IDAS) Data Set
Generator (IDSG) [19], [20]. IDSG was developed to test
the effectiveness of IDASs in identifying potential terrorism
threat scenarios using synthetic data. Like BigPetStore, the
developers of IDSG needed to avoid licensing restrictions and
privacy issues associated with real data.
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Relational Data Model for Generated Data

B. Generation of Stores

BigPetStore’s current model has been used successfully
to generate terabytes of synthetic data and is used regularly
for testing in Apache BigTop, showcasing the value of the
approach. The current model is limited, however, in its ability
to generate data that is semantically rich, limiting progress on
BigPetStore’s goals of providing realistic analytics examples.

The locations of the stores are modeled by a probability
density function (PDF) that gives the probability that a store’s
location is the given zip code. We designed the PDF to give
to zip codes in high-population, high-income areas the highest
probabilities. The PDF is composed of two individual PDFs.
One PDF determines the probability of each zip code as the
population of that zip code over the total population:

In this work, we present a new domain-driven model and
simulation method for BigPetStore. Compared with BigPetStore’s previous data generator, our model and implementation
can generate data which contains geospatial, temporal, and
quantitative features, similar to the type of data which businesses and organizations might typically encounter. Combining
the features of the TeraGen (scalability) and MovieLens [21]
(semantically rich) input data sets commonly used for big data
benchmarking, we present a synthetic data set generator which
can be used to benchmark lower level tasks (such as sorting) as
well as higher level tasks (such as clustering, recommending,
and search indexing) at arbitrary scale. To demonstrate that the
model generates data with desirable properties, we performed
an example analysis designed to guide a ﬁctional advertising
campaign (a typical business use case). The model’s implementation was made available as open source software.
II.

  
   
 
 

population(z)
p(location = z|population(z)) = 
i population(i)
The second PDF scales the probabilities of the zip codes
by their incomes. The zip code with the highest-income has
a probability s-times larger than that of the lowest-income
zip code. The values in-between are interpolated using an
exponential function:

p(location = z|income(z)) = s

income−mini income(i)
−1
maxi income(i)−mini income(i)



The combined PDF is given as:

OVERVIEW OF M ODEL & S IMULATION P ROCEDURES

Our generative model combines various well-known mathematical modeling techniques to simulate the factors affecting
customers’ purchasing habits. Each part of the model is derived
from ab initio assumptions. In several cases, real data is used
to parameterize parts of the model.

p(location = z) =Zp(location = z|population(z))
p(location = z|income(z))
where Z is the normalization factor. Given the small size
(≈30,000 zip codes) of the data set, Z can be found directly
by iterating over all of the zip codes and summing the scores.
The population and household income data for the zip codes
were taken from from the U.S. Census American Community
Survey [22]. The stores’ locations are generated by sampling
zip codes from the PDF.

A. Description of Generated Data
The model generates data for four types of records: stores,
customers, transactions, and transaction items (Figure 1). Store
records contain both a unique identiﬁer and a location in the
form of a 5-digit zip code. Customer records consist of a
unique identiﬁer, a name, and a location given as a 5-digit zip
code. Transaction records consist of a transaction identiﬁer,
a customer identiﬁer, a store identiﬁer, and a time given in
days since the beginning of the simulation. Transaction item
records contain a transaction identiﬁer and an item description.
The item description is a list of key-value pairs stored as a
string. Key-value pairs are used since item characteristics differ
depending on the type of item. For example, dog food has a
brand, a ﬂavor, a size (in lbs), and a per-unit cost, while poop
bags have a brand, a color, a count, and a per-unit cost.

C. Generation of Customers
For each proposed customer location zip code z, we
compute the distance dm (z) between z and each store’s zip
code sz to ﬁnd the closest store. The zip codes’ latitudes and
longitudes (taken from the Zip Code Database Project [23]) are
used to compute the distances. Each zip code z is assigned a
weight wz according to its distance dm (z) to the nearest store
using an exponential distribution with the average distance β:
50

wz = β −1 exp(−β −1 dm (z))
dm (z) = min d(z, sz )

 

   

sz

The customer’s zip code is chosen by sampling from the
zip codes with the probabiltiy of choosing each zip code z
proportional to its weight wz .





Names are generated using data from the Name Database
[24]. Each record in the database gives a name, a weight,
and ﬂag indicatings if the name can be used as a ﬁrst name,
a last name, or both. PDFs generated for the ﬁrst and last
names using the weights. The customer’s name is generated
by sampling a ﬁrst name and a last name from each PDF
respectively.
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We determine the number of pets Np each customer has by
sampling from a discrete uniform distribution of integers. We
then sample the number of dogs Nd as a discrete uniform
distribution of integers between 0 and Np . The remaining
number of pets are assigned to be cats.
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Nc = Np − Nd
Nd ∼ U (0, Np )
Np ∼ U (1, b)
D. Simulation of Transactions

%$

A transaction simulation is run for each customer. The
transaction’s store is set to the store located closest to the
customer. Transaction times are generated from a Monte Carlo
process that proposes transaction times based on the usage
of the customer’s items and Poisson processes modeling the
amount of time between the customer visiting the store and
running out of the items (Section II-D1). The purchased items
are generated by a Hidden Markov Model (HMM) parameterized by the transaction time and amount of time remaining for
the items in the customer’s inventory (Section II-D2).
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1) Simulation of Transaction Times: Transaction times are
simulated using a Monte Carlo method (Figure 2). The usage
over time of each item category is simulated. Items categories
are groups of items which are interchangeable such as “dry dog
food,” “dry cat food,” and “kitty litter.” The time between the
customer’s visit to the store to buy more items in each category
and the exhaustion time of that item category is modeled using
a Poisson process. Proposed transaction times for each item
category are computed based on the exhaustion time and time
sampled from the Poisson process. The earliest transaction
time is taken as the overall proposed transaction time. The
probability of the transaction time is calculated using a PDF.
If rejected, new transaction times are proposed. Otherwise,
the purchased items are modeled using a separate process
(discussed below). After the items are chosen, the process
begins again with the simulation of the item category usages.

$

Fig. 2.

Flowchart of Transaction Monte Carlo Simulation

where ai is the amount of item category i “stuff” remaining
at time t. The variable μi gives the average usage rate and
σi2 gives the variance of the usage rate for item category i.
The SDE is numerically integrated using the Euler-Maruyama
method [25] with time step Δtn sampled from an exponential
distribution:

In the ﬁrst stage of the process, the usage of items over
time is modeled using a stochastic differential equation (SDE):

an+1,i = an,i − min{μi,c Δtn + σi,c
tn+1 = tn + Δtn
−1
Δtn ∼ Exp(βi,c
)
Rn ∼ N(0, 1)

dai
= min{−μi + σi dWi (t), 0}
dt
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Δtn Rn , 0.0}

wi = −βc−1 exp(−βc−1 (TE,i − TT ))
βc−1 ∼ U (a, b)

where an,i is the amount remaining of item category i at
time step tn , μi,c is the average amount used per time used,
2
σi,c
is the variance of the amount used per time used, and βi,c
is the item category’s average amount of time between uses
2
are computed
for customer c. The parameters μi,c , and σi,c
from a base rate for each item category multiplied by the
number of pets of the appropriate species the customer c has.
The exhaustion time TE,i for each item category is found by
simulating the usage until an,i ≤ 0.

where βc the average number of days between when a
customer purchases an item and the exhaustion time. The
value βc is set separately for each customer by sampling from
a uniform distribution. The value wi is used to model the
propensity for a customer to purchase an item they will run
out at time TE,i in the future when at the store at time TT .

The proposed transaction time is found from the exhaustion
times (Eq. 1). For each item category, the offset time TO,i
between when a customer would visit the store and the
exhaustion time is sampled from an exponential distribution.
The distribution is parameterized by βc , the average number of
days before triggering a transaction. The parameter βc is set
separately for each customer c by sampling from a uniform
distribution. A proposed transaction time TP,i for each item
category is found by subtracting the offset time TO,i from the
exhaustion time TE,i . The earliest proposed transaction time
is taken as the overall proposed transaction time TT .

TT = min {TP,i }

(3)

The item category is chosen by sampling from the item
categories with the probability of choosing each item category
i proportional to its weight wi .
Markov Models are used to model the customer’s purchasing behavior for each item category. Each state Xn corresponds
to an item in that category. The customer’s buying habits are
determined by the transition probabilities:
P r(Xn+1 = x|Xn = y) =

(1.0 − pl ) P r(x, y)
pl

if x = y
if x = y

(4)

(1)

i

where wl is the loopback probability, giving the probability
of choosing the same item y again. The function P r(x, y) gives
the probability of choosing the item x given that the previous
item was y:

TP,i = TE,i − TO,i
TO,i ∼ Exp(βc−1 )
βc ∼ U(a, b)



P r(x, y) = 

The acceptance probability p(tn+1 = TT |tn ) of the proposed transaction time TT is modeled using a PDF (Eq. 2).
For now, the PDF only ensures that the proposed transaction
time is more recent than the last transaction time.

p(tn+1 = TT |tn ) =

1
0

tn+1 ≥ tn
tn+1 < tn

wf wf,s (x, y)

j=x
f wf wf,s (x, j)
f

where wf is the weight of a particular ﬁeld f . The pair of
items x and y are weighted according to the equality of the
values for each ﬁeld:


(2)
wf,s (x, y) =

The proposed transaction time is accepted if p(tn+1 =
TT ) < r, where r ∼ U(0, 1). Until the proposed transaction
time is accepted, a new proposed transaction time is generated
by sampling new offset times. If the proposed transaction time
is accepted, the purchased items are chosen through a separate
simulation discussed in Section II-D2 below. Transactions are
generated until the accepted transaction time is later than the
end time given as a simulation parameter.

wf,s
1 − wf,s

if x.f = y.f
if x.f =
 y.f

The weights wl , wf , and wf,s are chosen randomly for
each customer:
wl ∼ N (μ, σ 2 )
wf ∼ N (μ, σ 2 )
wf,s ∼ N (μ, σ 2 )

2) Simulation of Transaction Items: A customer’s purchases in each transaction are modeled using a layered Hidden
Markov Model (HMM) (Figure 3). The HMM has three types
of states: the start state, the purchase states, and the stop state.
There are an inﬁnite number of purchase states, parameterized
by the exhaustion times of the customer’s item categories and
the transaction time.

If the weights are greater than 1, they are rounded down
to 1. Likewise, if the weights are less than 0, they are rounded
up to 0.
To simulate an item purchase, the chosen Markov model
is transitioned forward by one state. The current states of the
Markov models are kept between purchases. After an item
is chosen, the item category’s exhaustion time is updated
by propagating the item category usage SDE described in
Section II-D1, resulting in an implicit creation of the next
possible purchase state in the HMM.

The observables of the states correspond to the item categories. Each item category i is assigned a weight wi according
to the amount of time between the transaction time Tt and TE,i
when each item category will be exhausted (based on the usage
simulations):
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Fig. 3.

Example Shopping Cart Hidden Markov Model

After each purchase, the HMM’s current state is transitioned to either the new purchase state or the stop state. The
probability of choosing the next state is

III.

The models and simulations were implemented using
Python. The source code is available at https://github.com/
rnowling/bigpetstore-data-generator under the Apache Public
License v2.

P r(Xn+1 = stop|Xn ) = p(stop)
P r(Xn+1 = purchase|Xn ) = 1 − p(stop)

IV.

E VALUATION OF THE M ODEL

In accordance with our original design goals, we evaluated
the model and implementation in terms of their abilities to
generate semantically-interesting data and scale from a single
local machine to a cluster.

where p(stop) is the probability of choosing the stop state
and is given by
p(stop) =

I MPLEMENTATION

wstop

wstop + i wi

A. Example Analysis of Generated Data

where wstop is the weight of the stop state and is a
simulation parameter and the weight wi of each item category
i was given earlier in Eq. 3.

To evaluate the semantic content of the generated data,
we performed two example analyses in support of a ﬁctional
advertising campaign using data for 10 stores, 10,000 customers, and ﬁve years of transactions generated from the
model. The analyses were designed to be realistic and driven
by real-world business concerns. Due to limited advertising

If the stop state is chosen, the transaction is ﬁnished and the
next transaction is started according to the procedure presented
in Section II-D1.
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Stores

Customers

Simulated
Time
(years)

Transactions

Data Size
(MB)

Run Time
(min)
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1

279,870

18

3.5

800

100

10,000

1

279,586

18

3.5

10

1,000

5

123,309

8

1.1
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predominant purchasing proﬁles (Figure 5). High frequencies of purchasing the same ﬂavors repeatedly were tightlycorrelated with high frequencies of purchasing the same brands
– these customers were likely to be happy with a particular
item and kept purchasing the same item repeatedly. For our advertising campaign, it would be unlikely to get these customers
to purchase different items, so we should create incentives to
purchase larger quantities, especially when inventory levels
are high and needed to be depleted. Other customers had a
tendency to purchase either the same ﬂavor or brand repeatedly,
but varied in their choice of the other. For customers who
prefer a particular brand, we should target our advertising
campaign to suggest other ﬂavors sold by that brand. Likewise,
for customers who prefer a particular ﬂavor, we should target
our advertising campaign to suggest other brands with that
ﬂavor. Lastly, some customers had very low frequencies of
purchasing neither the same brand nor ﬂavor. Other factors,
such as cost, not represented in this analysis may be driving
these customers’ purchasing habits and will need further study.

30

Distributions of Distances of Customers to Closest Stores

Dry Dog Food Purchasing Habits
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B. Scaling of Data Size and Run Time
BigPetStore aims to scale from a local desktop to a large
cluster. To evaluate the scaling of the model and implementation, we benchmarked the data generator on a laptop with
a 2 GHz Intel Core i7 CPU, 8 GB of RAM, and a 256 GB
SSD using the Python implementation with a single thread.
Using the test setup, between 1,500 and 2,000 transactions
can be generated per second (Table I). As the customers’
transaction simulations are independent of one another, the
transaction generation can easily be parallelized so that 1,5002,000 transactions can be generated per thread per second.

Fig. 5. Clustering of Brand and Flavor Purchasing Preferences. Grey plus
signs (+) represent customer data points, and cyan circles represent cluster
centers.

budgets, businesses need to decide who to target and what
sort of advertisements are likely to be effective for each type
of customer. We analyzed data generated from the model to
determine where the advertising campaigns should be targeted
geographically and identify customer purchasing proﬁles.

The number of transactions (and hence, data size) grows
as O(Nc T ) where Nc is the number of customers and T is the
amount of time to be simulated. The amount of data generated
can be scaled as large as necessary simply by increasing Nc
and T . Five years of transactions for 100,000 customers will
generate approximately 1 GB of data. A terabyte of data can
be generated by simulating 100 million customers over ﬁve
years.

First, we wanted to identify how close most customers live
to a store since advertising to people who live or work too far
away from a store is unlikely to be effective and will increase
our costs. We analyzed the distribution of distances between
customers’ homes and their nearest stores. We found that most
customers tend to live within 15 miles of their closest store,
suggesting that we should limit our advertising to a 15-mile
radius around each our store.
Secondly, we proﬁled our customers’ purchasing habits
to optimize the advertising campaign’s effectiveness by customizing the advertised products for each customer. For each
customer, we generated a feature vector by computing the
frequency with which they would purchase the same brand
or ﬂavor from one transaction to the next. We clustered the
customers’ feature vectors using the KMeans algorithm with
a range of cluster counts. Twenty clusters converged the error.

V.

D ISCUSSION AND C ONCLUSION

We have described a domain-driven mathematical model
and accompanying simulation for generating semantically-rich
data. We validated the method by analyzing generated data
to inform decisions in a ﬁctional advertising campaign. Scalability testing combined with analysis of the implementation
suggests that the data generation method can scale from small
data sets appropriate for desktop development to large data
sets for testing and benchmarking of clusters. We have released

Analysis of the feature vectors and clusters revealed four
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the implementation source code under the open-source Apache
Public License v2.

[6]
[7]

We see many opportunities for building on the work
presented. We intend to expand the model to incorporate
additional factors. Deeper integration of existing ﬁelds such as
location and purchasing proﬁles (e.g., to model regional purchasing preferences) will increase the variety of the semantic
information encoded in the generated data. The incorporation
of weather and climate data can be used to inﬂuence when
customers shop, the types of products they buy, and the amount
of products purchased. For example, customers would be less
likely to shop during snow storms, more likely to buy items
such as winter apparel for their pets, and more likely to
purchase bulk quantities to reduce the number of transactions.
Modeling of time-dependent events such as sales, evolution of
customer purchasing proﬁles over time, and “life events,” such
as the birth or passing of pets, will enable more interesting
time-series analysis of the data. We would also like to expand
the scope of the model to incorporate business processes (such
as inventory management, customer complaints, employees,
etc.), thus enabling queries about the relationship between
internal business process and customer behavior.

[8]

[9]

[10]

[11]

[12]

[13]

The current implementation was prototyped in Python.
We are ﬁnishing a Java implementation that can be used
from the command-line, Hadoop, and Spark, enabling massive
parallelization and improved scaling. As part of the effort to
re-write the framework in Java, we are abstracting classes for
statistical modeling and simulation for reuse in developing data
generators for other domains. We will commit the resulting
implementation to BigPetStore hosted in the Apache BigTop
distribution to enable ease of access and immediate beneﬁt to
current users.

[14]

[15]
[16]

[17]

[18]
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