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for Early Signs of Lung Carcinoma in Web Search Logs
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Supplemental content
IMPORTANCE A statistical model that predicts the appearance of strong evidence of a lung
carcinoma diagnosis via analysis of large-scale anonymized logs of web search queries from
millions of people across the United States.

OBJECTIVE To evaluate the feasibility of screening patients at risk of lung carcinoma via
analysis of signals from online search activity.

DESIGN, SETTING, AND PARTICIPANTS We identified people who issue special queries that
provide strong evidence of a recent diagnosis of lung carcinoma. We then considered
patterns of symptoms expressed as searches about concerning symptoms over several
months prior to the appearance of the landmark web queries. We built statistical classifiers
that predict the future appearance of landmark queries based on the search log signals. This
was a retrospective log analysis of the online activity of millions of web searchers seeking
health-related information online. Of web searchers who queried for symptoms related to
lung carcinoma, some (n = 5443 of 4 813 985) later issued queries that provide strong
evidence of recent clinical diagnosis of lung carcinoma and are regarded as positive cases in
our analysis. Additional evidence on the reliability of these queries as representing clinical
diagnoses is based on the significant increase in follow-on searches for treatments and
medications for these searchers and on the correlation between lung carcinoma incidence
rates and our log-based statistics. The remaining symptom searchers (n = 4 808 542) are
regarded as negative cases.

MAIN OUTCOMES AND MEASURES Performance of the statistical model for early detection
from online search behavior, for different lead times, different sets of signals, and different
cohorts of searchers stratified by potential risk.

RESULTS The statistical classifier predicting the future appearance of landmark web queries
based on search log signals identified searchers who later input queries consistent with a lung
carcinoma diagnosis, with a true-positive rate ranging from 3% to 57% for false-positive rates
ranging from 0.00001 to 0.001, respectively. The methods can be used to identify people at
highest risk up to a year in advance of the inferred diagnosis time. The 5 factors associated
with the highest relative risk (RR) were evidence of family history (RR = 7.548; 95% Cl,
3.937-14.470), age (RR = 3.558; 95% Cl, 3.357-3.772), radon (RR = 2.529; 95% Cl, 1.137-5.624),
primary location (RR = 2.463; 95% Cl, 1.364-4.446), and occupation (RR = 1.969; 95% Cl,
1.143-3.391). Evidence of smoking (RR = 1.646; 95% Cl, 1.032-2.260) was important but not
top-ranked, which was due to the difficulty of identifying smoking history from search terms.

CONCLUSIONS AND RELEVANCE Pattern recognition based on data drawn from large-scale
web search queries holds opportunity for identifying risk factors and frames new directions
with early detection of lung carcinoma.
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ung carcinoma is the leading cause of cancer death in

the United States.! Patient prognosis is strongly corre-

lated with stage at diagnosis.? Most (>75%) present with
stage III or IV disease and are rarely curable with current
therapies.? In the absence of resection, 5-year survival rates
are low.** Cost-effective methods for earlier detection of lung
carcinoma could increase these rates significantly. Early signs
often present as nonspecific symptoms that appear and evolve
longitudinally. Symptoms are not typically salient until the
disease has metastasized.

Screening for lung carcinoma involves identifying high-
risk individuals and subsequent studies to detect tumors. Pos-
sibilities for screening for lung carcinoma have emerged from
recent developments in biology and radiology, and from bet-
ter understanding of high-risk populations.® Methods such as
low-dose computed tomography (LDCT) can reduce mortality”
but can also lead to many false-positive results.® Other tests,
such as sputum cytology and chest radiography, have limited
effectiveness.® Standing challenges of false-positives and false-
negatives, and the costs associated with screening and follow-
up, motivate the pursuit of new and complementary meth-
ods for early identification of lung carcinoma.

We examined the feasibility of a nontraditional yet prom-
ising direction for detecting early signs of lung carcinoma. We
studied online signals connected to known risk factors for lung
carcinoma and identified new patterns of evidence. The ap-
proach analyzes signals from web data, an area of research
growing in prominence.'®! Population-scale statistical analy-
ses of web search engine log data have already yielded clues
for early detection of pancreatic adenocarcinoma.'?

Methods

We harnessed web search log data to build a statistical classi-
fier to stratify searchers per lung carcinoma risk. Logs from the
Bing.com service from searchers in the English-speaking United
States (May 2014 until October 2015) were used. Logs con-
tained anonymized user identifiers, queries, and time-
stamps.

Positive and Negative Cases

We defined a set of searchers who issued lung carcinoma que-
ries (A) and a set who issued queries on related symptoms (eg,
bronchitis, cough, chest pain; see eTable 1 in the Supple-
ment) (B). We take as positives those who provide strong evi-
dence of a recent diagnosis via special queries referred to as
experiential (vs exploratory) queries. Such queries include first-
person statements (eg, “I was just diagnosed with lung can-
cer”). Follow-on queries (eg, on specific treatments and ad-
verse effects) can also provide additional evidence of a
diagnosis.'® The intersection of A and B comprised the expe-
riential searchers (5443 positives), and the remaining subset
of B comprised exploratory searchers (4 808 542 negatives).
Each searcher was associated with a timeline between their first
query and a terminal query (E), either the experiential query
(positives) or their last query in the logs (negatives). The ob-
jective was to predict the later appearance of strong indica-
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Key Points
Question Are statistical models learned from large-scale web

search logs effective in detecting lung carcinoma in advance of a
clinical diagnosis?

Findings In this modeling study, study, a statistical classifier
accurately identified web searchers who later input queries that
provide evidence of a recent clinical diagnosis of lung carcinoma.
The methods can help identify people at highest risk up to a year in
advance of the inferred diagnosis time, and identify new risk
factors (eg, house age, air travel patterns) expressed as evidence
in people’s search activity and geographic location.

Meaning Pattern analysis and recognition based on search log
data holds opportunity for identifying risk factors and for framing
new directions with the early detection of lung carcinoma.

tions of a lung carcinoma diagnosis based on data up to E
minus L weeks lead time, where L varied from 1 to 52 weeks.

Risk Factors

Long-term tobacco smoking is associated with 85% to 90% of
lung carcinoma cases.'* Other risk factors include exposure to
radon gas, asbestos, second-hand smoke, air pollution, and nu-
tritional supplement use.' eTable 2 in the Supplement enu-
merates the risk factors analyzed. Evidence for the presence of
many factors was obtained via query terms. Searcher age and
sex were inferred via automated classifiers from Bing.com.
Location data from reverse internet protocol lookup were used
in location-specific factors, such as radon and air travel.

Early Detection

The classifier was trained on search terms and related infor-
mation from searcher timelines. The set of observations or fea-
tures extracted prior to E were grouped into risk factors and
symptoms. Symptoms were identified via query terms match-
inga symptom set defined via literature review, including pres-
ence or absence and timing. Predictive power is measured via
recall (true-positive rate [TPR]) at different target maximally
tolerated false-positive rates (FPRs) and area under the
receiver operating characteristic curve (AUROC).

. |
Results

Overall

We report performance for different FPR thresholds, ranging
from FPR = 0.00001 (1 error in 100 000 cases) to FPR = 0.1
(1 error in 10 cases). We performed the predictions using data
up to the first experiential query (ie, E- 1 week). Model per-
formance (overall) was strong, with AUROC = 0.9535, and TPRs
ranged from 3% to 57% for FPRs from 0.00001 to 0.001.
Searched symptoms were informative, especially those about
bronchitis and coughing. Risk factors were also valuable: most
informative are the likelihood that the searcher was male and
was below the poverty line (proxies for smoking). Other infor-
mative risk factors include the number of older homes in the
searcher’s geographic region (which may lack radon mitiga-
tion) and higher frequencies of air travel.
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Table. Performance at Early Prediction at 4-Week Intervals for the Set of Searchers for Whom Features Can Be Computed

From 1to 52 Weeks Before the First Experiential Query?

Weeks Before First

TPR (%) at FPRs Ranging From 0.00001 to 0.1

Experiential Query 0.00001 0.0001 0.001 0.01 0.1 AUROC
1wk 3.315 18.907 57.397 73.542 86.433 0.9415
13 wk (about 3 mo) 2.947 16.943 52.977 67.526 85.267 0.9311
26 wk (about 6 mo) 2.333° 14.549 49.110° 63.781° 83.917° 0.9120
39 wk (about 9 mo) 1.842¢ 12.277° 44.260°¢ 57.950° 75.752¢ 0.8891°
52 wk (12) 1.473¢ 10.068°¢ 39.288° 52.363¢ 69.613° 0.8662°

Abbreviations: AUROC, area under the receiver operating characteristic curve;
FPR, false-positive rate; TPR, true-positive rate.

@ Values are averaged across the 10-folds of the cross-validation. Weeks denotes
the lead time prior to first experiential query, when the prediction is made.

bSignificance of differences in AUROC and TPR using paired t-tests for each
week vs 1week before first experiential query was P < .01.

< Significance of differences in AUROC and TPR using paired t-tests for each
week vs 1 week before first experiential query was P < .001.

Figure. Plots of the Area Under the Receiver Operating Characteristic Curve (AUROC) and True-Positive Rate (TPR) When the False-Positive Rate (FPR)
Is Limited to 0.00001 (TPR@FPR) for Different Numbers of Risk Factors per Web Searcher

Early Detection Performance (in Terms of AUROC and TPR)
With Changes in the Number of Risk Factors (+ SEM)
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FPR = 0.00001 means that the model makes a prediction error 1time in every
100 000 cases. Searchers with no risk factors (O in the plot) search only for
symptoms and have no risk factors that are significantly different from the
background population. Performance of the overall model trained on all cases
has an AUROC of 0.9535. (The TPR [percentage of positives in the set that are
recalled by the model] is 3.289% when the FPR is limited to 0.00001). Error
bars denote standard error of the mean. Also shown are number of searchers in

each group and number and percentage of each group that is a positive case.

2 Significance of differences in AUROC and TPR vs overall model computed
using independent measures t-tests are denoted using P < .01.

bSignificance of differences in AUROC and TPR vs overall model computed
using independent measures t-tests was P < .001.

Lead Time Variation

To understand classifier performance with increasing lead
times, we backtrack to L = 52 and consider recall moving for-
ward at 3-month intervals to the first experiential query for the
1629 positives and 57 583 negatives observed over 52 weeks.
The Table shows that the classifier performs effectively up to
1year before the first experiential query.

Risk Factors

The 5 factors associated with the highest relative risk (RR) were
evidence of family history (RR = 7.548; 95% CI, 3.937-
14.470), age (RR = 3.558; 95% CI, 3.357-3.772), radon
(RR = 2.529;95% CI, 1.137-5.624), primary location (RR = 2.463;
95% CI, 1.364-4.446), and occupation (RR = 1.969; 95% CI,
1.143-3.391). Evidence of smoking (RR = 1.646; 95% CI, 1.032-
2.260) was important but not top-ranked, highlighting the dif-
ficulty of identifying smoking history from search terms.

jamaoncology.com

The “Overall” subsection in this section reported classi-
fier performance on all features, including all risk factors. We
also explored levels of recall for distinct cohorts of searchers
at highest risk, based on considering risk factors. Whether the
risk factor applied to a searcher was based on the presence of
a significant difference (P < .01) between that searcher’s fea-
ture value and the overall average. The desired directionality
varied based on the connection with heightened risk for that
feature (eg, for incidence rates, higher values indicate in-
creased risk; for smoking bans, lower values indicate in-
creased risk). We re-ran the detection task 1 week before the
first experiential query for searchers with different numbers
of risk factors, ranging from zero (only evidence of symp-
toms) to 6 or more risk factors (Figure). The classifier per-
forms best for those at high risk. The presence of at least 1risk
factor significantly improves detection performance, and there
are consistent marginal gains for each additional risk factor.

JAMA Oncology Published online November 10, 2016

Copyright 2016 American Medical Association. All rights reserved.

Downloaded From: http://jamanetwork.com/ by Ryen White on 11/10/2016

E3


http://www.jamaoncology.com/?utm_campaign=articlePDF%26utm_medium=articlePDFlink%26utm_source=articlePDF%26utm_content=jamaoncol.2016.4911

E4

Research Brief Report

|
Discussion

The feasibility study highlights opportunity to leverage
online behavioral data in prescreening or screening for lung
carcinoma, perhaps to complement more traditional screen-
ing methods. Our classifier performs best for cohorts exhib-
iting evidence of key risk factors and makes accurate predic-
tions up to 1 year prior to experiential diagnostic queries (eg,
detecting 10% of positives while being incorrect 1 in 10 000
times). The decision threshold can be adjusted per desired
model operating characteristics.

A limitation of our methods is the lack of ground truth
about diagnosis. The alignment between the dates for expe-
riential queries and actual diagnosis needs to be determined
via additional studies. Risk factors inferred from online data
were valuable. However, several factors (eg, age, smoking

Screening Patients for Early Signs of Lung Carcinoma in Web Search Logs

habits, family history) may be best obtained directly from
searchers.

. |
Conclusions

In a real-world deployment, web search engines could serve
as a filter to identify patients who would benefit from clinical
screening. Health-conscious patients may volunteer to re-
ceive alerts if concerning activity is detected. Communicat-
ing early detection outcomes with searchers without causing
unnecessary alarm and associated costs needs more atten-
tion. Also related is whether such communication is neces-
sary when outcomes could be passed directly to physicians for
consideration and patient follow-up in a clinical setting. The
costs and benefits associated with such broader prescreening
and screening require detailed study.
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