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By Kristen M. Altenburger, A.M., and Daniel E. Ho, Ph.D.

To understand the promise and peril of artificial intelligence for food 

safety, consider the story of Larry Brilliant. Brilliant is a self-described “spir-

itual seeker,” “social change addict,” and “rock doc.” During his medi-

cal internship in 1969, he responded to a San Francisco Chronicle columnist’s 

call for medical help to Native Americans then occupying Alcatraz. Then 

came Warner Bros.’ call to have him join the cast of Medicine Ball Caravan, 

a sort-of sequel to Woodstock Nation. That caravan ultimately led to a detour 

to India, where Brilliant spent 2 years studying at the foot of the Himalayas 

in a monastery under guru Neem Karoli Baba. Toward the end of the stay, 

Karoli Baba informed Brilliant of his calling: join the World Health Organization 

(WHO) and eradicate smallpox. Brilliant did just that. He joined the WHO as a 

medical health officer, as a part of a team making over 1 billion house calls 

collectively. In 1977, he observed the last human with smallpox, leading WHO 

to declare the disease eradicated. 

 After a decade battling smallpox, Brilliant went on to establish and lead 

foundations and start-up companies, and serve as a professor of international 

health at the University of Michigan. As one corporate brand manager wrote, 

“There are stories that are so incredible that not even the creative minds that 

fuel Hollywood could write them with a straight face.”1
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Artificial Intelligence and 
Food Safety 
 Much as GFT promised a new, faster, 
and more accurate surveillance system, 
can artificial intelligence (AI) and ma-
chine learning transform food safety? 
 Many think so. One trade publica-
tion describes AI as “playing a predomi-
nant role in the world of food safety 
and quality assurance.”9 Frank Yiannas, 
the deputy commissioner for food pol-
icy and response at the U.S. Food and 
Drug Administration (FDA), praised AI 
as one of the best tools for the future of 

food safety at the 2019 International As-
sociation for Food Protection meeting. 
And earlier in the year, FDA announced 
a pilot program to use AI to help ensure 
food safety of imported foods.10 Just as 
AI promises to transform sectors across 
the economy, foodborne pathogen sur-
veillance may be fundamentally altered 
by emerging technology. 
 At the same time, how can policy 
makers, industry, and consumers tell the 
difference between hype and reality? 
 To begin, we should be clear about 
what we mean by AI. The history of AI 
is one of boom and busts, with each 
generation of technology promising 
solutions with distinct technology, fol-
lowed by “AI winters” when promises 
fall short. The changing technology also 
means that AI defies straightforward 
definition. What we focus on here is the 
use of AI in food safety, using emerging 
advances in machine learning to detect 
and predict risk based on large data 
sets. These techniques learn (potentially 
complex) patterns in big data to pre-
dict outcomes, often with significant 
improvements compared with human 
judgment. The set of techniques is large, 
but if you have heard of “deep learn-
ing,” “neural networks,” or “random 
forests,” those are core techniques of 
machine learning. 
 While this is where much of the 
excitement resides, this scope of AI ex-

 In 2006, Larry Page and Sergei Brin hired Brilliant as the Executive Director—
later, 'Chief Philanthropy Evangelist”—of Google’s charitable arm, Google.org, pledg-
ing 1 percent of Google’s profits and equity to tackle complex social problems like 
climate change, poverty, and global pandemics. The same year, Brilliant received the 
TED Prize of $100,000 for one “wish to change the world,” announced in the ac-
companying TED Talk. The wish? “Early detection, early response.” As Brilliant put 
it, “I envision a kid (in Africa) getting online and finding that there is an outbreak of 
cholera down the street. I envision someone in Cambodia finding out that there is 
leprosy across the street.”
 Answering his call for early detection, Google collaborated with the U.S. Centers 
for Disease Control and Prevention (CDC) and published a blockbuster paper in 
Nature in 2009, with Brilliant listed as last author. The team used over 1,000 search 
terms such as “thermometer,” “flu,” “symptoms,” “muscle aches,” and “chest conges-
tion” to predict historical flu trends. With some 50 million search queries, Google 
Flu Trends (GFT), the team posited, could 
serve as an early warning signal of flu out-
breaks. They reported being able to pre-
dict influenza 1–2 weeks faster and with 
higher accuracy than the CDC. The paper 
stated, “Harnessing the collective intelligence of millions of users...can provide one 
of the most timely, broad-reaching syndromic surveillance systems available today.”2 
 Viral prediction went viral. Forbes reported that “Google Flu Trends identifies out-
breaks more effectively than doctors can.”3 According to an article in the New York 
Times,4 MIT professor Thomas W. Malone stated: “I think we are just scratching the 
surface of what’s possible with collective intelligence.” The Times also quoted Bril-
liant as stating that GFT “epitomize[s] the power of Google’s vaunted engineering 
prowess to make the world a better place.” GFT quickly became the poster child for 
Google.org’s style of philanthropy and was expanded to cover 30 countries. The pa-
per has been cited over 3,500 times. 
 There was only one problem with GFT: It didn’t work. Signs came early on. A 
few months after its release, GFT missed predicting the 2009 swine flu pandemic. 
Predicting the past is easier than predicting the future. GFT’s aspirations to solve 
global pandemics were mismatched with digital coverage. As the New York Times put 
it, “One major shortcoming of Flu Trends is that in poor regions of the developing 
world, where devastating pandemics are most likely to start, computers are not wide-
ly available, so Google has little data to feed into the tool.”5 The death knell came in 
2014, when a Science paper described the “Google Flu Parable” as the principal ex-
emplar of “big data hubris,” the mistaken belief that big data can substitute for tradi-
tional principles of data analysis.6 The Science team showed that the GFT algorithms 
almost surely engaged in massive overfitting, a no-no in machine learning. (We say 
“almost surely” because the search terms were never published, making it difficult 
to replicate the analysis directly, another no-no.) Such overfitting led the GFT team 
to initially select search terms like those for “high school basketball,” meaning it was 
“part flu detector, part winter detector.” Nor was the reliance on ordinary searches 
obvious. As one public health professional put it, “The problem is that most people 
don’t know what ‘the flu’ is, and relying on Google searches by people who may be 
utterly ignorant about the flu does not produce useful information.”7 
 Denunciation came as swiftly as earlier praise. GFT has been called an “epic fail-
ure,” and the University of Washington Information School features GFT as a case 
study in its course “Calling Bullshit.”8 Google.org shelved its poster child and ulti-
mately reoriented its philanthropic strategy. The problem, as one former executive 
said, was that “we were creating solutions that were looking for problems rather than 
the other way around.” 

Artificial Intelligence and Food Safety

“…can artificial intelligence…and 
machine learning transform food safety?”
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lidity, fairness, and predictive accuracy 
need to be rigorously examined before 
the large-scale adoption of AI in public 
policy occurs. 
 
Validity and Goals in Using AI
 When deploying AI, it is worth be-
ing clear about goals. There are several 
key considerations about the validity of 
social media as a data source to weigh 
before deploying an AI system in public 
health. 
 First, AI applications often gloss over 
the relationship between public health 
surveillance and social media. Online, 

crowd-sourced reporting tools like Yelp 
can provide independent, market-based 
incentives for restaurants and food pro-
viders to correct subpar food standards. 
The reason is that a report of “food poi-
soning” in a restaurant review can act as 
an independent sanction and incentive 
for correction. As one company puts it, 
“The simple accusation from a reviewer 
can severely damage any restaurant’s 
reputation.”27 If so, it is less clear 
whether inspections should be consid-
ered complements to, as opposed to 
substitutes for, online reviews. Instead 
of sending health inspectors where so-
cial media already covers food safety, we 
may want to deploy them where Yelp is 
missing. 
 Second, it is well-known that com-
plexities in the health code have led 
inspectors to carry out inspections in 
dramatically divergent ways.28 Who does 
the inspection can matter as much as 
the conditions on the premises. In King 
County, Washington, for instance, one 
inspector was widely viewed as “the 
toughest health inspector,” citing viola-
tions at orders of magnitude higher than 
others. Sending more inspectors to loca-
tions where citations are predicted to be 
high may be exactly the wrong thing to 
do. In King County, it would mean de-

cludes two important categories that are often commingled in loose rhetoric about 
AI and food safety. First, this notion of AI excludes forms of process automation 
that may, for instance, improve the traceability of food products (e.g., track-and-trace 
systems using RFID tags, QR codes, cloud data storage, blockchain) or automate risk 
factor measurement (e.g., temperature logs). Second, it does not include improve-
ments in testing technology (e.g., loop-mediated isothermal amplification). These 
developments are extremely important for modernizing the food safety system. In-
deed, as we articulate below, these developments—which require basic investments in 
data infrastructure, sensing technology, and testing—may be more consequential for 
the future of food safety than AI technology that generates splashy news coverage. 

Improved Surveillance through Big Data?
 Underreporting, underdiagnosis, and uncertainty are endemic to foodborne dis-
ease surveillance.11,12 Only one of every 30 cases of nontyphoidal Salmonella spp. or 
Campylobacter spp. is captured by laboratory surveillance data.13 As a result, one of 
the biggest hopes is that machine learn-
ing with unconventional data can shore 
up foodborne surveillance systems. What 
has received a tremendous amount of at-
tention is the use of AI to predict food 
safety risk from streams of untapped data 
sources like Twitter, Facebook, Yelp, and 
other social media. Just like GFT promised to use big data to overcome weaknesses 
of conventional disease surveillance, scores of ideas and pilots have emerged for 
conducting such foodborne disease surveillance using big data.14 
 Studies have used Yelp reviews in San Francisco and Seattle to predict health 
code violations15–17 and risky food items.18 The leading study, for instance, uses terms 
such as “sick,” “vomit,” or “food poisoning” to predict high risk. Others used Twitter 
to search for tweets indicating foodborne illness.19 One study used Amazon product 
reviews to predict FDA food recalls.17 Google researchers used Google search and lo-
cation logs—much like GFT did—to predict health code violations.20 And in another 
approach, the site iwaspoisoned.com attempts to crowd-source foodborne illness 
complaints.21 Nor are these limited to academic studies. Health departments in Bos-
ton, Chicago, Las Vegas, New York City, and St. Louis have each experimented with 
surveillance systems using Twitter, Yelp, and 311 call data. Earlier this year, Chick-
fil-A built out a comparable system to mine social media posts to identify potential 
food safety issues. While the initial experience with AI in food safety has been in 
the use of social media for retail food safety, these pilots also have implications for 
AI in other parts of the food safety system, such as PulseNet, farm and food facility 
inspections, and food safety standards. 
 And just as with GFT, breathless media reporting declares how these tools might 
solve the problem of food safety. The Atlantic ran the headline: “Predictive Policing 
Comes to Restaurants.”22 CBS News described Yelp reviews as the “magic bullet for 
fighting foodborne illness.” Popular Science wrote, “Mining tweets for illness-related 
complaints can tell us what restaurants to avoid when.”23 Government Technology mag-
azine noted that “the algorithms have the potential to improve predictions in any 
city, based on any type of review.”24 Yelp’s CEO baldly asserted that “online reviews 
could beat ‘gold standard’ healthcare measures.” Gizmodo ran with the headline 
“This AI Can Spot Unsafe Food on Amazon Faster Than the FDA.”25 Echoing the 
claims of the Nature paper, one author of the Google study proclaimed, “Today, we 
can use online data to make epidemiological observations in near real-time, with 
the potential for significantly improving public health in a timely and cost-efficient 
manner.”26 
 Do these claims exhibit big data hubris? We discuss three key areas where data va-
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“Underreporting, underdiagnosis, and 
uncertainty are endemic to foodborne 

disease surveillance.”
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ploying more resources to zones where 
the health code is already the most 
stringently enforced. To the contrary, we 
might want to deploy resources to areas 
where the health code is underenforced 
due to inspector lenience.
 Third, there is considerable debate 
about whether health code violations 
predict foodborne illness outbreaks. 
One study in King County found an 
association between violations and 
outbreaks,29 but studies in Miami-
Dade County and in Tennessee found 
none.30,31 Part of the explanation for 
such mixed findings is that inspectors 
may not conceive of their role as mind-
less checklisting, but rather as identify-
ing the greatest health risks that can be 
remediated. As one scholar wrote, “If 
all meat-inspection regulations were 
enforced to the letter, no meat proces-
sor in America would be open for busi-
ness...[T]he inspector is not expected to 
enforce strictly every rule, but rather to 
decide which rules are worth enforcing 
at all.”
 Last, crafting enforcement based 
on social media can set up perverse 
incentives. Users and competitors, for 
instance, can submit suspicious terms to 
trigger health inspections, without the 
procedural and scientific protections of 
health department screenings of com-
plaints. Health department reporting 
systems typically build in the systematic 
collection of symptoms and food histo-
ries to facilitate investigation, which is 
lost through unstructured speculation 
on social media. 

Fairness Is Still a Challenge
 One of the emerging areas of con-
cern is that algorithms, rather than 
addressing human bias, can encode 
it. Google searches are systematically 
more likely to turn up advertisements 
of criminal records for black-sounding 
names (e.g., Latanya) than for white-
sounding names (e.g., Allison).32 Gender 
prediction based on facial recognition 
technology is prone to error for darker 
skin tones.33 And there are serious ques-
tions about bias with criminal risk as-
sessment scores used for pretrial deten-

tion and sentencing.34 In the food safety space, the leading paper used words such as 
“Vietnamese” and “Chinese” to infer that an establishment was dirty and words like 
“Belgian” and “European” to infer that an establishment was clean.15 
 Bias can be more subtle too, stemming from lack of representativeness in the 
data. Recall the shortcoming of GFT: The lack of Google search terms in the poor 
regions of the developing world made it useless where its need was most vital. 
Another example comes from Virginia Eubanks, who documents that the risk for 
child welfare determinations in Allegheny County may import bias because much 
of the data come from social welfare programs, such as Temporary Assistance for 
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S P O N S O R E D  C O N T E N T

AI in Security Systems: Innovations to Help Food 
Producers
 The introduction of intelligent video surveillance with artificial 
intelligence (AI) applications has vastly improved the way security is 
managed and used. Breakthrough security technologies present a suite of 
features that can be an integral part of a good food defense plan.
 Before now, food manufacturers deployed access control and video 
surveillance as a security measure only, without any consideration for food 
regulatory requirements or good working practices.
 Food manufacturing companies can think differently about their security 
systems. It is now possible to deploy physical security that will also provide 
an additional tier of confidence for the Food Safety Modernization Act 
intentional adulteration and compliance mandates. Our solution offers:
• Seamless integration between security systems 

and the food production lines. 
• Self-learning video analytics with a directory of 

event and warning notifications.
• Appearance search to indicate unknown 

persons at internal and external areas.
• Flexible configurations for workflow routines, 

access levels, and integrated video feeds.
• License plate recognition and improved 

security automation for transport and logistics
• New security projects to include specific design 

emphasis for the food industry.
• Upgraded systems to provide additional 

intelligent features that work for food 
producers.

 The operation and functionality of a security system’s performance will 
improve with superior video quality and enterprise-level access control. 
 Find out more on how your systems can be working better for you. 
Contact ivelah, your security expert that understands food.

www.ivelah.com/food-safety-and-security-systems/
www.ivelah.com/ • info@ivelah.com • 1.800.216.0805
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 If these algorithms are adopted for 
enforcement, one unique risk is the 
creation of “runaway feedback loops.” A 
sobering finding is that when police are 
sent to ZIP codes based on a predictive 
model, and subsequent arrests are fed 
back into the predictive model, police 

may be sent to the same area over and 
over again, even if the underlying crime 
rates were random. Risk can be a self-
fulfilling prophecy. 

Does a Gain in Accuracy 
Outweigh Bias?
 Even given the above concerns, 
there may be real reasons to consider 
adoption of these AI tools. After all, the 
informational challenges to foodborne 
disease surveillance are so severe that 
some might deem the gain in accu-
racy worth the cost in bias. That said, 
performance can vary significantly: 
The reported accuracy for Chick-fil-A’s 

Needy Families, Supplemental Security Income, Supplemental Nutrition Assistance 
Program, and county medical assistance.35 Child welfare determinations may hence 
reflect past poverty as much as future risk. 
 In food safety, one concern is that social media users are not a representative 
sample of society.36 To illustrate this, Figure 137 displays a map of permitted estab-
lishments in King County on the left panel, with the number of Yelp reviews in 
the middle panel. We can see that Yelp reviews are concentrated disproportionately 
around the city of Seattle. The right panel 
plots the density of the Asian population 
living in the county, showing that there’s 
a high negative correlation between Asian 
consumers and Yelp review penetration. 
Yelp reviewers are more likely to be white, 
affluent, and young. As a result, sending 
out inspectors based on Yelp reviews may risk creating different food safety systems 
across demographic groups. 
 Another source of bias lies in consumers themselves. Diagnosing and attributing 
foodborne illness is notoriously difficult given the incubation periods of foodborne 
pathogens. Relying on consumers who may be unaware of the etiology of foodborne 
illness may propagate bias. As Slate conjectured, stereotypes harbored by consum-
ers against “ethnic foods” may affect the propensity by consumers to blame such 
restaurants for food poisoning.38 In prior research, we tested for the presence of such 
bias by examining whether consumers are more likely to submit a complaint over a 
311 call or suspicious terms in a Yelp review for Asian than for non-Asian establish-
ments, holding constant the food safety inspection score.39 We found significant 
evidence for such implicit bias in reviews: Asian restaurants are more likely to be 
accused of food poisoning than non-Asian restaurants, even though consumers 
observe none of the risk factors in the kitchen. The text of reviews corroborates dif-
ferences in how “ethnic” establishments are described on Yelp.40 The adoption of AI 
for food safety may thus perpetuate societal inequities imprinted in big data. 

Artificial Intelligence and Food Safety

Figure 1. Density of permitted establishments (left panel), Yelp reviews (middle panel), and Asian population (right panel) across King County.37

Establishments

“…there is considerable debate about 
whether health code violations predict 

foodborne illness outbreaks.”
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system is 78 percent, meaning that the 
prediction is wrong 22 percent of the 
time. (This assumes a balanced training 
sample. It is not possible to tell how 
exactly the accuracy rate was compiled, 
as the methodological details of Chick-
fil-A’s system are not documented.) 
The best model in the Amazon review 
system retrieves only 71 percent of 
unsafe food products. And in the Yelp 
example, using reviews yielded accuracy 
of 82 percent compared with 72 percent 
using inspection history alone.
 But the story gets worse. One of us 
has worked for years to improve food 
safety inspections, evaluating interven-
tions using randomized controlled tri-
als.28 We originally sought to test meth-
ods for de-biasing machine learning 
approaches. Our idea was that it may be 
possible to use state-of-the-art methods 
to purge consumer complaints of differ-
ences driven by ethnic bias. Yet in em-
barking on that project, we attempted 
for months to replicate the leading 
paper’s results that generated the claims 
that “Yelp might clean up the restaurant 
industry.”41 That paper merged roughly 
152,000 Yelp reviews with roughly 
13,000 subsequent inspection scores 
for 1,756 restaurants in King County 
from 2006 to 2013.14 Using the words in 
the Yelp review, cuisine, ZIP code, and 
inspection history, it developed a model 
for subsequent inspection scores. It 
claimed that words like “gross,” “mess,” 
“sticky,” “smell,” “restroom,” and 
“dirty” predicted health code violations. 
 Our replication efforts showed that 
(a) the data set of 13,000 inspections 
was trimmed to only 612 inspections 
for analysis; and (b) these 612 observa-
tions included only establishments with 
either extremely high or extremely low 
inspection scores. By selecting the ex-
treme ends of inspection performance, 
the paper made the prediction task 
trivially easier. Consider an analogy to 
predicting student performance. Instead 
of predicting the full grade range for 
students, the original study essentially 
predicted between straight-A students 
and dropout students, removing the 
vast majority of students in between. 

Big data claims were based on little data support. 
 Still, we were so stymied by the replication that we asked the authors to share 
the original code. Generously, and much to their credit, they did. And after study-
ing some 1,700 lines of code, we discovered one simple mistake. When choosing 
zero-violation establishments, the program chose systematically from a sorted list, so 
that the same restaurant was represented many times over multiple inspections. (The 
standard is random undersampling.) This line generated the artificially high predic-
tive power of Yelp review words, because terms specific to the overrepresented res-
taurants (e.g., “Vietnamese food”) occur in the review text. In a sense, this problem 
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status quo. While assessing bias can be 
a complex endeavor, the comparison is 
easier when the baseline for food safety 
inspections is clear: Health departments 
typically require full-service restaurants 
to be inspected at the same frequency. 
 In sum, while there is much promise 
in AI, the future depends on deeper 
engagement among industry, policy 
makers, public interest groups, and 

technologists. An algorithm for food 
safety isn’t something to be procured 
one time off the shelf. It is developed 
based on understanding the challenges 
of the domain of food safety, adapted 
to meet institutional constraints and 
dynamic changes, and evaluated (and 
re-evaluated) based on its ability to serve 
goals on a continuing basis. 
 While most of the hype has sur-
rounded the use of social media data, 
there are many unexplored opportuni-
ties with more comprehensive existing 
data, such as source attribution using 
PulseNet data,45 learning from com-
binations of supply chain inspection 
and audit data, environmental health 
enforcement using satellite imagery,44,46 
and risk targeting based on existing 
inspection histories.47 Using these data 
and techniques responsibly and reflec-
tively might ultimately make good on 
the Brilliant idea for early detection and 
early response.  n

The authors thank Tim Lytton and Coby 
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is just another variant of the overfitting problem that plagued GFT. When this single 
mistake is fixed, Yelp reviews have less predictive power than inspection history. And 
a re-analysis of the full data set of 13,000 observations reveals that Yelp information 
does not add predictive power to a model based solely on information already avail-
able to health departments (e.g., inspection history, ZIP code). Notwithstanding the 
generous coverage of how Yelp can solve food safety challenges, social media actu-
ally adds little. 
 These findings are sobering. The replication failure is part of a broader replica-
tion crisis that is sweeping the biomedical sciences and the social sciences, as well as 
machine learning. The Science team struggled to precisely understand GFT’s failure, 
as search terms were never published. Re-
searcher discretion pervades the 1,700 lines 
of code, each one of which may—adver-
tently or inadvertently—change the find-
ings. And a recent review of top machine 
learning conferences found that source 
code was available for only 6 percent of 
papers, making replication extremely difficult.42 News and journal coverage rarely 
exists to correct these kinds of errors, so that only splashy promises of silver bullets 
reach broader audiences. 

Considerations for Cautious Use of AI 
 Much excitement exists around the potential for AI to reshape and improve food 
safety. Given the informational challenges of foodborne disease surveillance, we 
agree that the accumulation of more extensive data, the development of state-of-the-
art machine learning methods, and technology to deploy and scale such methods at 
each step of the food production process are tremendously promising. Indeed, much 
of our research involves the development of machine learning.43,44  
 Yet, we also sound a note of caution. The hype around AI should not drown out 
deliberate and responsible consideration of what AI can and cannot do for food 
safety. In other domains, hasty and ill-considered adoption has contributed to tech-
nology backlash, such as the calls for banning and regulating facial recognition tech-
nology. 
 We offer several recommendations for parties considering the adoption of AI. 
First, AI cannot substitute for conventional principles of data analysis and causal 
inference in public health and epidemiology. When data sources are not representa-
tive of the population, systems developed with such data may exacerbate population 
differences. Knowing those differences may also allow for adjustments to account 
for lack of representativeness. 
 Second, it is critical that domain experts and technologists work together to pilot, 
assess, and develop new solutions. Such exchange involves extensive communication 
and collaboration for technologists to understand the health inspection process and 
for domain experts to understand what machine learning can and cannot achieve. 
Rather than “creating solutions...looking for problems,” such collaborations can 
identify what problems can meaningfully be addressed by AI. (We speak from ex-
perience: Our lab’s collaboration with Public Health—Seattle & King County has 
changed the research questions we ask and led to exceptionally fruitful exchange 
over the years.) 
 Third, testing performance in application is critical. GFT used only retrospective 
data, and a better test would have been a prospective test. Google’s health inspec-
tion project, on the other hand, got this part right by evaluating violation scores for 
restaurants identified by the risk algorithm against a random sample of restaurants. 
 Last, while the literature on algorithmic bias is rapidly evolving, any machine 
learning system should be examined for its potential to create bias relative to the 
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Regulation, Evaluation, and Governance Lab (RegLab) at Stanford University.
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