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TO THE EDITOR
Public health initiatives depend on
timely data collection and dissemina-
tion of information. Recently, digital
surveillance systems using “big data”
such as internet search metrics, or
online news stories, have predicted
disease outbreaks such as severe acute
respiratory syndrome 2 months before
publication by World Health Organiza-
tion and reported on a strange fever
in Guinea 9 days before the official
information release on the current
Ebola epidemic in West Africa (Anema
et al., 2014; Milinovich et al., 2015).
Surveillance systems using search
metric analyses such as Google Trends
(GT) have shown promise in tracking
influenza in real time, faster compared
with traditional data collection on
influenza, which typically lags 12–
14 days behind (Ginsberg et al., 2009).
Epidemiological studies using search

metrics assume that those falling ill with
a particular disease will search for it
online and the volume and geographi-
cal location of such searches can be
interpreted as a proxy for disease
incidence and location. Initial flaws in
methodology resulted in an overestima-
tion of influenza incidence due to
search queries being overly influenced
by media publicity rather than
disease activity (Lazer et al., 2014).
Newer algorithms are now being
tested that take better account of such
confounding factors (Santillana et al.,
2014), and GT can now show major
news stories on the same time line.
Indeed, some emergency departments
have demonstrated that such data may

successfully be used to predict staffing
and vaccine stocking needs (Araz et al.,
2014; Thompson et al., 2014).
Although increasingly used in other

fields of medicine, “big data” has so far
seen little use in dermatology. In this
study, we use GT to identify the
geographical and seasonal trends in
three tickborne diseases, (Lyme disease,
ehrlichiosis, and Rocky Mountain
spotted fever (RMSF)) and one fungal
disease, (coccidioidomycosis). Such
diseases are highly relevant to derma-
tologists who may be the first ones to
diagnose them via their cutaneous
manifestations (Supplementary Table
S1 online). We then compare this with
traditional Center for Disease Control
(CDC) data on actual disease events,
which we hypothesized will correlate
with search data and thereby demon-

strate the utility of this resource for
tracking and predicting these
dermatologically relevant infectious
diseases.
Tickborne diseases are most preva-

lent in the summer months (Figure 1)
because of the life cycle of the tick
vector and the increase in human out-
door activities (Dana, 2009; Shapiro,
2014). We demonstrated a correlation
between monthly Google search
frequency and the actual seasonal
incidence of the tickborne diseases
(Lyme r=0.69, Po0.0001; ehrlichiosis
r=0.59, Po0.0001; RMSF r=0.46,
Po0.0001; Table 1 and Supplementary
Materials and Methods online). Unlike
the tickborne diseases, coccidioidomy-
cosis does not have a seasonal inci-
dence peak according to the CDC data.
Fittingly, our analysis showed only a
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Figure 1. Temporal correlation between Lyme disease search queries and Center for Disease Control
(CDC) Morbidity And Mortality Weekly Report (MMWR) data. Open box plot shows averages and
standard deviations of Lyme disease CDC reported cases each from 2007 to 2012. Solid circle plot shows
Google search query average frequencies and standard deviations from 2007 to 2012 for the search topic
Lyme disease. GT Search Frequency % denotes the format of GT data, which normalizes search
frequency for each search term from 0 to 100%. GT, Google Trends.
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weak seasonal correlation (r= 0.4169)
between GT and CDC data (Table 1).
This result is likely due to the much
larger data set we have analyzed,
allowing even subtle correlations
to be elicited. If we reduce our data to
look at only 1 year, all of the tickborne
seasonal data remain significant
(Po0.05, for 2012 only), but coccidioi-
domycosis data then does not reach
statistical significance (e.g., P= 0.14;
2012 analyzed alone).
Tickborne diseases are restricted to

the habitat of the tick vector—Lyme
disease cases are most prevalent in the
northeast and upper Midwest states
corresponding to the habitat of the
Lyme vector Ixodes scapularis. The
soil-dwelling fungus coccidioidomyco-
sis is prevalent in the southwestern
United States (Welsh et al., 2012).
Accordingly, we demonstrated a
geographical correlation between the
states with the most searches for the
specific infectious disease and states
having the most reported new infections
(for year 2012 in order of decreasing
correlation: Lyme r= 0.74, Po0.0001;
RMSF r= 0.64, Po0.0001; coccidioido-
mycosis r=0.48, P= 0.0173; ehrlichi-
osis r=0.32, P=0.03; Table 1 and

Supplementary Materials and Methods
online).
CDC infectious disease data have a

typical 1–2 week reporting lag
(Ginsberg et al., 2009; Lazer et al.,
2014). GT has the potential to predict
disease outbreaks closer to real time. In
fact, when GT was dynamically
recalibrated by combining it with
CDC forward projected data (based on
a 2-week lag), it was more predictive of
influenza incidence than CDC or GT
alone (Lazer et al., 2014).
As climate change alters the distribu-

tion of the Lyme disease vector, the
black-legged tick (Feria-Arroyo et al.,
2014; Ogden et al., 2014) or the host of
the tick, the white-footed mouse, Per-
omyscus leucopus, (Roy-Dufresne et al.,
2013) cases of Lyme disease are
spreading to new locales (Robinson
et al., 2014; Wang et al., 2014). In
areas not normally affected by Lyme,
“big data” may serve as a warning
system that alerts physicians that
disease may be extending into their
area. Such clinical tips may allow
earlier diagnosis and treatment and
therefore lower morbidity in such
diseases.
The methodology presented here has

been subject to significant criticism

(Lazer et al., 2014). For one,
correlations do not indicate causality
and the clinical relevance of weak
correlations (such as some presented
here) is subject to question.
Confounding factors include search
term selection and search algorithm
updating by Google in accordance
with their business model. Media
publicity may explain the stronger
correlations found with Lyme disease.
Correlations using search terms for

uncommon conditions, such as the
other diseases in this analysis, have
not previously been reported in search
metric analyses and may be a better
representation of the true correlation
rate. In fact, our findings may suggest a
role for public health campaigns on less
common conditions to facilitate follow-
ing and tracking epidemics.
The correlation of this historical data

suggests that big data mining using GT
may be a useful resource in under-
standing the links between climate and
infectious disease. In addition, it may
prove useful in predicting disease out-
breaks to help with emergency prepa-
redness and resource distribution. In the
future, we hope for more options in
daily data extraction and more precise
location information. We propose that a

Table 1. Correlation between GT and CDC geographic and temporal data
a.

Lyme Disease Ehrlichiosis RMSF Coccidioidomycosis

Pearson’s r 0.6912 0.5926 0.4572 0.4169

95% confidence interval 0.5471–0.7955 0.4184–0.7248 0.2521–0.6229 0.1822–0.6066

P-value (two-tailed) o0.0001 o0.0001 o0.0001 0.0009

b.
2012 2011 2010 2009 2008 2007

Lyme disease 0.7444 0.7505 0.6104 0.6855 0.6095 0.7194

P-value (two-tailed) o0.0001 o0.0001 o0.0001 o0.0001 o0.0001 o0.0001

Ehrlichiosis 0.3231

P-value (two-tailed) 0.0346

RMSF 0.6386 0.5938 0.3865 0.3184 0.2904 0.06475

P-value (two-tailed) o0.0001 o0.0001 0.0061 0.0258 0.043 0.6654

Coccidioidomycosis 0.4813 0.4907

P-value (two-tailed) 0.0173 0.0174

Abbreviations: CDC, Center for Disease Control; GT, Google Trends; MMWR, Morbidity And Mortality Weekly Report; RMSF, Rocky Mountain spotted fever.
Table 1a. Pearson’s correlation coefficients and P-values derived from the comparison of cumulative GT search data and CDC MMWR monthly reports for the
listed diseases between 2007 and 2012. b. Spearman’s rank correlation coefficients and P-values derived from the comparison of state-based GT search data
in the mainland United States to the CDC MMWR monthly reports by state for each individual year listed. Inadequate frequency of searches for state-based
subanalysis for Ehrlichiosis from 2007 to 2011 and for Coccidioidomycosis from 2007 to 2010.
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more ideal big data platform would be a
research tool not tied to a company
core business model and may allow for
integration of traditional data sources
such as CDC data.
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Pilaris: Activation of NF-κB
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TO THE EDITOR
Pityriasis rubra pilaris (PRP) is a rare
inflammatory papulosquamous disorder
manifesting with palmoplantar kerato-
derma and follicular hyperkeratotic
papules that tend to coalesce into large,
scaly, erythematous plaques often pro-
gressing to exfoliative erythroderma
(Klein et al., 2010; Petrof et al., 2013).
PRP is often misdiagnosed as psoriasis,
a more common papulosquamous
inflammatory disorder. Nevertheless,
the two conditions, in their classic
presentations, are clearly distinct, and
can be distinguished by clinical findings
and histopathologic features (Magro
and Crowson, 1997). Clinically, PRP
manifests with characteristic “sparing
islands” of apparently normal skin,

palmoplantar keratoderma, and folli-
cular papules. The disease is frequen-
tly self-limiting within a few years’
timeframe. Histopathology of PRP is
characterized by alternating ortho- and
parakeratosis rete ridges oriented in
vertical and horizontal arrays (“checker-
board pattern”), acanthosis with broa-
dened bases, follicular plugging,
perivascular lymphocytic infiltrate in
the dermis, and lack of neutrophils in
the epidermis. Currently, there is no
specific or uniformly effective treatment
for PRP. Most cases of PRP are sporadic
without family history, but a familial
form with an autosomal dominant
inheritance with partial penetrance
representso6% of all cases. We recent-
ly demonstrated that patients with the

familial form of PRP harbor gain-of-
function mutations in the CARD14 gene
encoding the caspase recruitment
domain family, member 14 (CARD14)
(Fuchs-Telem et al., 2012). This protein
is an activator of NF-κB (Blonska and
Lin, 2011), and it has also been
implicated in cases of familial psoriasis
(Jordan et al., 2012a, b). This study
investigates whether CARD14 mutations
might also underlie cases of sporadic PRP.
Patients with PRP were solicited

through a website (www.prp-support.
org) that serves as a focus of PRP
information exchange, frequently vis-
ited by patients. A total of 156 patients
requesting enrollment were sent an
institutional review board (IRB)–
approved informed consent, a question-
naire, and a saliva collection kit for
DNA isolation. This study was approved
by the IRB of Thomas Jefferson Uni-
versity. Of these, 48 patients returned a
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