An introduction to
machine learning for
mobile security
A close inspection of one of the most exciting and promising
fields of research, and how it might be applied to the fastmoving world of mobile security.
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Introduction
Within hours of Google Translate switching from a conventional translation engine to one powered by artificial intelligence, users
noticed dramatically improved results and translations within touching distance of natural human language.
Three years ago, Wandera announced the launch of MI:RIAM, our own machine learning technology. MI:RIAM has been integrated
into Wandera’s solution, helping power our mobile threat management offerings and surfacing insights at a speed and scale never
before seen in mobile.
But this is a field full of confusing terminology that can sometimes undermine the powerful mathematical science that goes into
machine learning. This white paper aims to cast a brighter light on this exciting area of research. Read on to learn what machine
learning is and how it can be applied to real-world problems and discover the many reasons it is an ideal technology for the
explosive world of mobile security.

Rise of the machines
In the fast-moving world of technology, buzzwords come and go at an alarming rate. Some of them end up sticking, and today we
use hundreds of these phrases, spanning everything from asymmetrical warfare to zero-day threats.
Artificial Intelligence, or AI, is one that has managed to stick for decades, yet somehow has no fixed, universal meaning. Search
figures from Google suggest that interest in the topic remained largely unchanged until early 2015, but it has since soared.

INTEREST IN ARTIFICIAL INTELLIGENCE

Major global brands like Apple, Tesla and Facebook have been investing heavily in this space. Personal assistants designed to make
life easier for consumers have been positioned as AIs, with Siri, Alexa and Cortana now featuring in a wide range of integrated
products. The same is true in the business world, as illustrated by the popularity of IBM’s Watson or Tesla’s self-driving cars.
There’s no doubt that interest in AI is at an all-time high, but without a clear, general agreement on what that exactly means, how
can we begin to explain why it might be helpful for security use cases?
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What is machine learning?
Fundamentally, artificial intelligence is the wrong term when it comes to building tools for security purposes. Most experts would
define AI as any attempt to simulate the cognitive functions of the human mind. These might include skills such as the ability to
drive a car or compete in a game of chess.
Another function that AI is created to mimic is learning, or problem solving. This complex and varied field includes the many
technologies that are being engineered to learn without being explicitly programmed. The main concept here is that computers
may be able to provide answers to difficult problems that humans would not be able to find on their own.
It’s this area of artificial intelligence specifically that can be employed for tremendous value in the business world, and is more
commonly known as machine learning.
Machine learning can be thought of as one of the many areas of study that make up the
field of artificial intelligence.

“Machine learning is the
science of getting computers
to act without being
explicitly programmed“
ANDREW NG
CHIEF SCIENTIST AT BAIDU

“Machine learning at its
most basic is the practice of
using algorithms to parse
data, learn from it, and then
make a determination or
prediction about something
in the world. So rather
than hand-coding software
routines with a specific set
of instructions to accomplish
a particular task, the
machine is “trained” using
large amounts of data
and algorithms that give it
the ability to learn how to
perform the task.”
MICHAEL COPELAND
PARTNER AT STORY MADE GOOD

Machine learning makes use of mathematics to learn. Algorithms are used to help
computers complete tasks, make predictions and identify patterns. For this learning to
work, of course, there is a need for pre-existing data from which to learn from. The
algorithms are designed so that the learning can happen automatically without the need for human input. In essence, machine
learning is the idea that past experiences can be used to learn how to do better in the future.
This will usually be centered around a specific task, such as predicting the weather. However, rather than creating a program that
solves the problem using a fixed method, machine learning is about finding a way that the computer will build its own program
using the data it is given.
As we approach the third decade of the millennium, the volume of data we generate is growing at an unprecedented rate. This

INTEREST IN MACHINE LEARNING
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explosion of available data sets is, in part, why machine learning has become one of the most exciting and valuable areas of study
for both researchers and businesses.
The field of machine learning is booming. Interest in the topic has grown rapidly, and an increasing number of businesses are
seeing practical advantages of employing machine learning approaches.

Applications for machine learning
If we look beyond the hype and away from the mathematics, there is a large and growing number of practical applications of
machine learning.
To understand what these might be, it’s worth noting that there are many different outcomes from machine learning projects.
Classification, for example, is the challenge of correctly categorizing data into appropriate groups. This might be a computer
attempting to identify the sports team a professional athlete plays for based on a series of photographs taken during a tournament.
There are a fixed number of sports teams, which have been predetermined and feature common criteria by which to distinguish
each team (colors, logos, etc.).
A regression problem, however, is quite unlike a classification one. Regression is concerned with the value of something rather
than its status. In the sports example, a regression approach would instead seek to work out not which team would win a game
—which would be a form of classification—but how much the teams would score.
For a richer learning scenario of the applications of machine learning, consider the goal of earning wealth on the stock market as
outlined by Robert Schapire, Principal Researcher at Microsoft.
This kind of thinking is what inspires leading technology businesses to turn to machine learning techniques when solving some of

“To use machine learning to make money on the stock
market, we might treat investment as a classification
problem (will the stock go up or down) or a regression
problem (how much will the stock go up), or,
dispensing with these intermediate goals, we might
want the computer to learn directly how to decide to
make investments so as to maximize wealth. A final
example is game playing where the goal is for the
computer to learn to play well through experience”
ROBERT SCHAPIRE
PRINCIPAL RESEARCHER AT MICROSOFT

their biggest and most challenging problems. Whether it’s Airbnb applying it to global payment services or Facebook adopting it
for facial recognition of your friends, machine learning is among the most promising new fields of research in the business space.
The following pages look at high-profile examples of machine learning principles applied to issues facing Netflix, Uber and Google.
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MACHINE LEARNING IN ACTION

Google Translate
Originally created using a lengthy series of rules to determine the potential meaning
of written phrases, Google Translate became one of the Internet’s earliest success
stories.
Yet that success was undoubtedly caveated. Superb for one-word translations
between languages, the technology served up terrible and amusing suggestions for
more obscure phrases or idioms and lacked any real capacity to understand the many
nuances in languages across the globe.
In late 2016, Google Translate surprised its users with remarkably improved
translations, including blocks of texts containing complex works of literature. This was
the result of an integration with machine learning technologies from Google Brain, a
long-term internal department working on a variety of artificial intelligence projects.
Dubbed ‘Google Neural Machine Translation’ (GNMT), these new technologies
combined to deliver a huge leap in the quality of translations.
GNMT is based on the work first published in a 2012 research paper led by Quoc Le,
which demonstrated how neural networks could be used to categorize images using
entirely unstructured data, which was then later applied to language.
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MACHINE LEARNING IN ACTION

Uber Dispatching

AVERAGE UBER DRIVER EARNINGS AT
DIFFERENT DISPATCH DISTANCES

This is why Uber turned to machine learning techniques to
optimize its job allocation features. The initial challenge was
to work out how far to extend its new fare radius for drivers.
Intuitively, the dispatch radius might only show new fares to
drivers very close to the consumer, ensuring the minimum
possible waiting time for that customer.

20

Earnings/Hr ($)

Uber, the ride-sharing giant, famously used technology to disrupt
one of the most stable and ubiquitous industries in the world. A
critical part of its success is centered on ensuring not only that
consumers have rapid access to a driver soon after they request
a ride, but also that its drivers are maximizing their earnings.
This means it’s in Uber’s own interest to help reduce drivers’
downtime as much as possible by engineering the best ways to
secure their next fare straight after the previous one concludes.
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After using reams of real usage data mapped onto fictional cities, the
data science team at Uber modeled three different driver behaviors
into its calculations. These included drivers that sat still while waiting for
their next fare, drivers that used their own knowledge to head for local
‘hot’ zones and drivers that drove around randomly.
The project not only revealed that the most effective tactic for drivers
was to simply sit and wait, but also allowed the team to optimize the
dispatch distance for different scenarios—increasing the average
earnings per driver in the process.

100
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MACHINE LEARNING IN ACTION

Netflix Content Discovery
Recommendation engines have been a foundation for many dotcom-era businesses, and have been a critical element in the
success of tech companies like Facebook and Amazon.
The same is true of streaming services. The king of the market is unmistakably Netflix, which is valued at almost $70bn as of early
2017. Automated suggestion features are so important to Netflix that the company has even claimed that its machine learning
recommendation system saves it more than $1 billion per year.
The company was quick to recognize the value in machine learning too, and in 2009 it put forward a $1 million prize for any
research team that could provide enhancements to its content discovery functionality. Ever since, Netflix has been refining and
upgrading the way its recommendation engine works and it now uses a variety of algorithms to power the movies and shows that
it suggests to consumers.
Simple categorization and traditional approaches might offer ‘West Wing’ or ‘Mad Men’ to ‘House of Cards’ fans, as they are
thematically or otherwise similar. However, after careful analysis, Netflix’s data science team discovered that popular but unrelated
shows like ‘Parks and Recreation’ performed much better.
The company has plenty of data available to draw such conclusions. Tens of millions of watching preferences—everything from
what, when, where, how and even ‘what they didn’t do’—are gathered instantly from customers all over the world.
All of this data is fed into several algorithms powered by statistical and machine learning techniques. Netflix’s algorithms include
one for video-to-video similarity, one for personalized video ranking, one for trending content and a “Top N ranker,” which makes
recommendations in the “Top Picks” row.
Each of these are powered by real consumer behavior and hypotheses from the data science team, and the outcomes are then
modified depending on how users respond to them. Netflix’s recommendation engine is an excellent example of how seemingly
counter-intuitive discoveries can be surfaced by machine learning.

TRAIN
MODELS

EVALUATE
MODELS

GENERATE
HYPOTHESES
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Types of machine learning
SUPERVISED LEARNING
Many researchers use what is called supervised machine learning to tackle the
problems they’re attempting to solve. In supervised learning, the algorithm is fed a
set of data points that have a label (ground-truth) and from there it will be able to
predict a label given the same sort of data points that are initially unlabelled. This
means that the computer not only knows all of the information on one end, such as
a list of movie titles, but it is also told which parts of the data set are desired, such as
the specific titles that feature Tom Cruise. Because the films starring Tom Cruise show
certain characteristics over those that star other actors, the algorithm can be tuned
to recognize those criteria. Now, when it is given an entirely new movie, it should be
able to determine whether it does or does not feature Tom Cruise.
It is in some ways like a teacher training a student to do a task. The lessons must occur
with examples of what to do in a series of circumstances, so that the student then
knows how to do the same when they are alone in the future. This is the origin of the
supervision terminology, and is the most common approach taken to the classification
and regression problems outlined earlier.

EXAMPLES OF SUPERVISED MACHINE LEARNING ALGORITHMS
§§ Linear regression for regression problems
§§ Random forest for classification and regression problems
§§ Support vector machines for classification problems

UNSUPERVISED LEARNING
An alternative to supervised learning when you cannot leverage an idea of truth is
unsupervised machine learning. Here, there is no teacher and no correct answers.
Algorithms are left to their own devices to discover and present the interesting
structure in the data.
This approach instead only feeds the algorithm one side of the information, meaning
there are no historical labels, so the computer instead looks for patterns within the
data to potentially later label via another process, such as clustering or deep learning.
In the cinematic example outlined above, this would see only the untagged movies
provided without any actor data included. Unsupervised machine learning would then
attempt to identify themes within the data sets, such as noticing the appearance of
Tom Cruise across a subset of them.
The goal for unsupervised learning is to model the underlying structure or distribution
in the data to learn more about the data.

EXAMPLES OF UNSUPERVISED LEARNING ALGORITHMS
§§ K-means for clustering problems
§§ Apriori algorithm for association rule learning problems
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“The promise that machine
learning makes is that it
provides tools to generate a
solution to complex problems,
faster, more accurately and
more scalable than we could
program a solution manually.”
JASON BROWNLEE
SENIOR SOFTWARE ENGINEER AT
THE BUREAU OF METEOROLOGY
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SEMI-SUPERVISED LEARNING
Some data scientists adopt a hybrid approach, using a blend of supervised and
unsupervised machine learning. Many real-life problems rely on semi-supervision,
due to the difficulty in provided supervised data sets vast enough for effective results.
Returning once more to the movie example, while it might be realistic to sit through a
dozen movies and tag each scene with the actors present in every shot, to do so for
thousands of films is simply impractical and expensive.
The semi-supervised approach uses techniques from both to solve problems, typically
making use of incomplete or sampled data. Unsupervised learning methods can be
used to uncover the underlying structure of the input data, while supervised learning
provides predictions and estimations for the unmarked data based on the information
that is provided. This can then be fed back into the algorithm as training data and offer
predictions on new, unseen data.
The process of feeding new data into existing, already trained algorithms is known as
reinforcement. ç is well documented that learning is improved as the volume of data
provided increases.

ANOMALY DETECTION
Another technique that can be performed using supervised or unsupervised machine
learning is anomaly detection. This science is concerned with looking for any data
points that don’t match the expected characteristics of the rest of a dataset. These
outliers can be grouped into three main categories.

POINT ANOMALIES
This type of outlier is a single instance of data that displays behavior unlike the
rest of the data. An example of this might be an unusual and unseasonal spike
in website traffic that is 10 times higher than at any other time of day.

CONTEXTUAL ANOMALIES
A more nuanced way of understanding outliers are contextual anomalies,
which are data points that might look normal compared to the wider dataset
but begin to appear unusual in certain contexts. An example of this could be a
regular-sized retail transaction that occurs in the middle of the night.

COLLECTIVE ANOMALIES
Rather than analyzing individual data points, this approach looks at collections
of data to observe outlier behavior. This includes the sequencing of information,
such as irregular biological patterns (e.g. heartbeat) for biomedical purposes,
as well as when data is ordered in an unusual way, such as suspiciously large
orders of bulky equipment from a store.

The important aspect of anomaly detection is that in most scenarios, the volume
of outliers will be extremely low. Even when there is an abundance of training data,
typically there will be fewer than a hundred anomalous instances in a data set of
millions.
Evidently, there are numerous powerful techniques to put machine learning into
practice. These approaches can all be used to add value in a multitude of business
environments, surfacing insights that were previously impossible to extract. The
following section examines one industry in particular, unpicking the mobile security

“Adding value to your
organization through big
data is not that easy. This
is because insights are not
automatic. Insights are
possible only if we have right
data, we look at the right
place, such insights exists, and
we do find the insights.”

space and outlining exactly why it is so well suited for the application of machine
learning technology.
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Machine learning for
mobile security
In 2007, Apple’s original iPhone was launched to much fanfare. While some businesses may have already equipped employees
with BlackBerrys and other devices, mobile phones were, for the most part, simple, single-function handsets.
The decade following the iPhone’s release has been nothing short of astonishing, as billions of devices have been designed, built,
shipped, used and disposed of, with every year welcoming more releases of ever-smarter cellphones. This flurry of improvements
to the gadgets we now carry around with us has brought an influx of data. Today’s devices generate vast amounts of data, making
mobile a prime candidate for applying machine learning technologies.

APP DOWNLOADS: YEAR OVER YEAR, BY REGION

2017
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Source: Statista

EMEA

2022
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APP DOWNLOADS: YEAR OVER YEAR, WORLDWIDE

2017
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Source: Statista

More importantly, there is a real and growing need for better security on mobile devices. Users are bombarded with advertisements
or phishing attacks that lead to malicious sites or cause them to download nefarious programs. External agents only need one
access point to a network, for example via a ‘man-in-the-middle’ attack, to inflict heavy damage. A single piece of malware in a
single device is enough to bring an organization to its knees.
This insight can be alarming when examined against the backdrop of the modern IT environment. While most businesses will
invest heavily in desktop and network security, a shrinking amount of work takes place in the traditional office setting. Equipped
with the latest mobile devices, employees can now work during business trips or off site with clients and check their emails outside
working hours. While this has brought new productivity benefits, many employers have been slow to maintain a strong level of
security across their mobile estates.
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CHALLENGES
Applying machine learning to mobile security does come with challenges. The objective,
for the most part, is to identify previously unseen malware and other threats. As well
as spotting isolated attacks on mobile devices, any request made by a device that
displays risky characteristics must also be detected.
One key obstacle here is that requests are, in general, normal behaviors, and incidents
of actual attacks are very rare. The vast majority of mobile activity is benign—such as
users accessing emails or posting on social media. Having as much historical data
as possible is therefore highly desirable, helping train the relevant algorithms and
accurately identify these events.
Another hurdle is being able to offer this kind of prediction instantaneously. To be
valuable, machine learning must provide a sufficient window within which to fix the
problem, so ut needs to operate in real time. If these events are not flagged until a
week or even a day later, the insights may very well become worthless.
Traditional machine learning required that a model be loaded into memory and
then scored against. Retraining exercises are typically conducted offline, in a process
known as batch machine learning. For mobile devices, this simply isn’t possible, so a
different approach must be taken.
An updated model more suitable for the unique nature of mobile data would be able
to process a new data point and not only make predictions about its characteristics
(e.g. does it indicate an attack?), but also learn and update the existing model at the
same time. This more sophisticated approach is known as ‘online machine learning.’
Predictions and blocks can also be analyzed retrospectively, but careful attention
should be paid to false positives. This involves minimizing the instances of ‘innocent’
requests that are flagged as anomalous, avoiding an overwhelming volume of events
for researchers to trawl through and analyze.
While the advantages of machine learning for mobile security may be plentiful, there
are a variety of difficult issues that must be overcome to unlock them. It’s with this in
mind that Wandera has developed its own machine learning technologies, which are
described in the following section.
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Introducing

MI:RIAM
At Wandera, the opportunities offered by machine learning are exciting and enticing prospects. We’ve invested significant
resources into our data science team and after more than a year of development, we announced the initial release of MI:RIAM.
MI:RIAM is our threat intelligence, and it is comprised of a number of the techniques outlined in this paper. As a collection of
technologies spanning the entire machine learning spectrum, MI:RIAM is among the most powerful security engines ever created.

WHAT IT DOES
We built MI:RIAM to solve some of the biggest challenges in security. Wandera provides security solutions to organizations
looking to protect the mobile devices used in the enterprise from threats. To deliver this service effectively, there is a clear
requirement to understand how devices are being used. These insights mean that billions of data points are being generated
every single day, and analyzing them to identify threats is a colossal undertaking.
That’s why we’ve turned to machine learning to augment these security features, enhancing our ability to detect—and block—
the growing number of threats posed to businesses.

ZERO-DAY THREAT DETECTION

INSTANT REACTIONS

MI:RIAM uses Wandera’s global footprint to identify
patterns of risk. This enables Wandera’s mobile
threat management to identify new leaks and

MI:RIAM makes informed, intelligent decisions
about the security events she encounters
enabling Wandera to respond by preventing
threats in a heartbeat.

RISKY APP DISCOVERY

INFRASTRUCTURE RISK ASSESSMENTS

MI:RIAM is continuously analyzing apps that are
installed and the network traffic they generate. This
higher-level analysis allows MI:RIAM to identify risky
apps before they put the organization at risk.

MI:RIAM uncovers malicious infrastructures
as well as conducting analysis of potentially
problematic regions or into the extent of
breached devices.

ANOMALY IDENTIFICATION
Trained on the standard operating procedure
of devices, apps, Wi-Fi access points and user
groups, MI:RIAM builds a baseline understanding
of behavior, then seeks out anomalies.
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HOW IT WORKS
Just like Alexa, Siri or Watson, MI:RIAM isn’t a single entity that operates independently of anything else. It’s made up of a number
of different technologies, which collectively help to power many of the features available in Wandera.
MI:RIAM is uniquely positioned to deliver innovative and market-leading threat intelligence. With millions of devices accessible in its
network, MI:RIAM has access to a vast archive of mobile data, far larger than any other comparable technology. Leading machine
learning research has shown that as the volume of training data increases, the accuracy of findings becomes far more accurate
and consistent.
Wandera’s data set is substantial and it also operates in real time, meaning MI:RIAM can process data in the same instant it is

Furthermore, this dataset is more diverse than any other
mobile security technology on the market, drawing data from
the network, from the applications installed on the device, the
supporting infrastructure and from the device itself. These
perspectives provide an unprecedented variety of data for
MI:RIAM to analyze, helping produce accurate, timely and
original insights.

72 MILLION
UNIQUE DOMAINS
VISITED

890,448

57 MILLION

70 BILLION

UNIQUE APPS
PROCESSED

THREATS

REQUESTS
HANDLED

The actual technologies that underlie the analysis powering MI:RIAM are comprised of a variety of different machine learning
techniques. Naturally, in the secretive world of high-tech innovation, we’ve got no plans to publish the inner workings of MI:RIAM
but below is a selection of some of the techniques that have been integrated into the product.

BILLIONS OF INPUTS

THREAT INTELLIGENCE

User

Neural networks

Zero day detection

OS

Clustering

Anomaly identification

Device

Support vector machine

Risky app discovery

App

Anomaly detection

Instant reactions

Network Infrastructure

Predictive analytics

Infrastructure risk assessments
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CASE STUDY

SLocker
SEMI-SUPERVISED MACHINE LEARNING
SLocker was a piece of malware that infected thousands of corporate devices, threatening to leak sensitive data and generating
millions in ransoms. Thankfully, security companies were soon able to block the SLocker onslaught and the threat disappeared.
MI:RIAM’s advanced machine learning technology then noticed something strange. It detected more than 400 strains of familiarlooking malware on corporate devices. Hackers had secretly rebuilt SLocker, but this time used intelligent disguises to avoid the
new blocks. Instead of using traditional fingerprint-based detection, MI:RIAM recognized the structural components of the Slocker
malware, drawing upon billions of historical data points to identify patterns within its architecture.
Only MI:RIAM’s machine learning technology could discover the hidden return of this dangerous malware and block the new
attacks.

CASE STUDY

Pharmaceutical data breach
ANOMALY DETECTION
In the pharmaceutical industry, protecting data is a paramount concern. One California-based firm chose to keep its 10,000
devices compliant by blocking cloud storage apps with its MDM platform. Little did the company know, a rogue employee was
deliberately leaking data from the inside and going undetected.
MI:RIAM detected a behavioral anomaly coming from an employee’s device. A data transfer of 12GB had been uploaded to an
obscure file-sharing website. With MI:RIAM, every mobile device was being analyzed every second of every day. The device was
compared to how it behaved historically, how it behaved compared to thousands of colleagues and how it behaved compared
to millions of devices at other organizations. The rogue data upload was caught and prevented in real time, with admins alerted
instantaneously.
MI:RIAM’s sophisticated anomaly detection techniques enable companies like this one to isolate potential issues and preemptively
block threats before they occur.

THREAT ADVISORIES
Wandera researchers use MI:RIAM to continually hunt for new vulnerabilities, threats and data leaks. It has helped the team
uncover a number of high-profile and novel security events, including hundreds of previously unknown and undiscovered threats
From international airlines exposing customer data to new strains of iOS malware, MI:RIAM helps Wandera customers unearth
new risks, alerting them of potential exploits and keeping their mobile fleets secure.
Each new threat is classified by severity, threat type, impact, target and response enabling company administrators to swiftly
address each new threat before it impacts their business.
Copyright © 2019 Wandera

An introduction to machine learning for mobile security | 16

Take advantage
Machine learning is a technology showing no signs of slowing down. Working silently in the background, data science is swiftly
transforming how the world’s most innovative businesses are solving an array of different problems.
At Wandera, we’re excited about the many ways MI:RIAM can enhance and augment our understanding of the latest threats and
insights. The birth of MI:RIAM was just the beginning. Based on the many techniques covered in this paper, its capabilities will be
optimized over time, iteratively improving in its ability to spot new attacks, identify vulnerabilities and surface meaningful insights.

To learn more about how Wandera can help your organization,
request a demo to speak to one of our security experts.

wandera.com/demo

OSCAR KNAGG
Oscar completed his Natural Sciences MSci at University College London in 2016, where he gained experience with
scientific modelling and high performance computing, working on simulating radiation damage in tungsten at the
atomic level. He applied his analytic capabilities and python scripting skills in joining Wandera’s data science team.
Since then he has gained valuable experience with industry technologies such as SQL, Scala, and Apache Spark
amongst others. Oscar is currently an integral member of Wandera data science’s malware detection team.

DAVID PRYCE
After finishing his Mathematics Masters from the University of Sheffield in 2010, David went straight into his Applied
Mathematics PhD at Imperial College until 2014. Jumping straight into a Big Four firm (KPMG), he was able to
tackle various customer issues from a data and prospective predictive analytics viewpoint. He also gained valuable
technical expertise in python, SQL, Hadoop, Scala, Apache Spark and various Machine Learning and Big Data
technologies. David has started to change the way Wandera tackles Data Science with reusable code, visualisation
improvements and using Machine Learning in various applications as well as heading up the Behavioral Profiling
research team.

Wandera is a leading mobile security company, providing multi-level protection against cyber threats for users, endpoints, and corporate
applications. Security teams worldwide rely on Wandera to eliminate threats, control unwanted access, prevent data loss and enhance
user privacy. The company pioneered the application of data science to tackle the complex challenges of mobile security with MI:RIAM, the
industry’s most effective threat intelligence. Recognized by analysts and trusted by thousands of enterprise customers, Wandera was founded
in 2012 and is headquartered in San Francisco and London. To learn more visit www.wandera.com, or follow on LinkedIn and Twitter.
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