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Abstract

Background: Suicide mortality data are a critical source of information for understanding
suicide-related trends in the United States. However, official suicide mortality data experience
significant delays. The Google Symptom Search Dataset (SSD), a novel population-level data
source derived from online search behavior, has not been evaluated for its utility in predicting
suicide mortality trends.

Methods: We identified five mental health related variables (suicidal ideation, self-harm,
depression, major depressive disorder, and pain) from the SSD. Daily search trends for these
symptoms were utilized to estimate national and state suicide counts in 2020, the most recent year
for which data was available, via a linear regression model. We compared the performance of

this model to a baseline autoregressive integrated moving average (ARIMA) model and a model
including all 422 symptoms (All Symptoms) in the SSD.

Results: Our Mental Health Model estimated the national number of suicide deaths with an
error of —3.86 %, compared to an error of 7.17 % and 28.49 % for the ARIMA baseline and All
Symptoms models. At the state level, 70 % (N = 35) of states had a prediction error of <10 % with
the Mental Health Model, with accuracy generally favoring larger population states with higher
number of suicide deaths.

Conclusion: The Google SSD is a new real-time data source that can be used to make accurate
predictions of suicide mortality monthly trends at the national level. Additional research is needed
to optimize state level predictions for states with low suicide counts.
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1. Introduction

1.1. Suicide mortality data

Suicide continues to be a leading public health problem in the United States, with age-
adjusted rates near their highest levels in more than two decades (Centers for Disease
Control and Prevention, 2022b). Despite the urgency of suicide prevention and concerns
about population-level deterioration of mental health following the COVID-19 pandemic
(Ettman et al., 2022; Vahratian et al., 2021), national data on suicide rates from official
mortality statistics are delayed, hampering a timely understanding and response to the
problem (Centers for Disease Control and Prevention, 2023). Mortality statistics on suicide
can take considerable time to process and finalize as a result of multiple factors such

as the complexity of intent determination, the considerable time needed for post-mortem
toxicology testing, and limitations in electronic records infrastructure at the local level
(Spencer and Ahmad, 2017). The Centers for Disease Control and Prevention’s (CDC)
National Vital Statistics System (NVSS) has worked to improve data delays by releasing
provisional data, which reduces the lag on national suicide data down from over one year for
final data to approximately 7 months for provisional data (Centers for Disease Control and
Prevention, 2023).

1.2. Modeling suicide deaths

To address these challenges, in part, researchers and public health experts have sought ways
to model or estimate mortality statistics in the absence of timely data. Recent efforts in

both suicide and opioid overdose have demonstrated that proxy data sources can accurately
“nowcast” or estimate death rates in near real-time (Choi et al., 2020; Sumner et al., 2022).
These approaches use statistical or machine learning based models to impute mortality
trends from morbidity-related data.

While there is a need for ongoing prospective validation of these approaches, these
methodologies have gained widespread usage in both infectious and non-infectious disease
modeling (Lu et al., 2018; Reich et al., 2019; Rosenfeld and Tibshirani, 2021). As a
consequence, researchers continue to seek and evaluate a wide variety of novel data sources
and their applicability to such modeling efforts. One leading category of novel data sources
includes information derived from online sources, such as online search or social media data.

1.3. Novel symptom search data

One leading online data source for suicide related research has historically been Google
search trends data. The popularity of Google search data for health-related concerns
emerged and grew after publication of initial studies pertaining to seasonal influenza (Dugas
et al., 2012; Ginsberg et al., 2009). More than a decade of research has subsequently

sought to refine and optimize the utility of this data source for other health concerns
including suicide (Barros et al., 2019; Kristoufek et al., 2016; McCarthy, 2010; Sinyor et al.,
2020). Google search data has traditionally been available via the Google Trends product
(https://trends.google.com/). Google Trends uses information from search terms entered into
Google’s internet search page to produce publicly available metrics revealing the popularity
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of a given keyword over time. However, results from cross-sectional studies examining the
association of various suicide related keywords and suicide rates have yielded mixed results
(Tran et al., 2017).

During the COVID-19 pandemic, as part of efforts to enhance realtime public health
surveillance efforts, Google released a new dataset for health research using an improved
methodology for health symptom identification. The dataset, known as the COVID-19
Search Trends Symptoms Dataset (commonly referred to as the Symptom Search Dataset

or SSD), included information on 422 signs, symptoms, and health conditions (Gabrilovich,
2020; Google LLC, n.d.). Whereas the original Google Trends service provided data based
on the relative popularity of search terms, the SSD employed an updated methodology based
on Google’s Knowledge Graph that enhanced the accuracy of identification of health-related
searches by utilizing both the words used in queries and the health-related entities present in
web pages subsequently viewed (Vaidyanathan et al., 2022).

While many of the symptoms in the SSD are relevant for infectious disease monitoring,
other health conditions are represented as well, including measures of poor mental health.
Given the need for timely data at both the national and state level to assess suicide mortality
trends, we sought to evaluate the new Google Symptom Search Dataset for its utility in
modeling population level trends in suicide deaths.

2. Methods

2.1. Data sources

Our primary predictor data was symptom trends as measured in the new Google SSD. From
the SSD, we downloaded daily symptom trends information for the U.S. at the county-level.
Data from the SSD are reported as normalized values ranging from 0 to 100, with higher
values indicating increased popularity of searches related to this symptom relative to other
periods of time. As noted above, the SSD contains information on >400 symptoms and we
use information from all of these symptoms as well as a mental-health focused subset, as
discussed below. As the temporal focus of analysis for this study was monthly, we summed
daily level values to obtain total monthly values.

Our primary outcome of interest was monthly counts of suicide fatalities in the United
States. Suicide deaths were identified from death certificate data from the National Vital
Statistics System using the International Statistical Classification of Diseases and Related
Health Problems, Tenth Revision, underlying cause of death codes U03, X60-X84, and
Y87.0.

Monthly suicide deaths by county of residence were linked to county-level Google symptom
data from January 1st, 2018, to December 31st, 2020. We focused on this time period as
2018 was the earliest full year that Google symptom data was available and 2020 was the
most recent year of mortality data available. As detailed below, suicide count predictions
were made at the county level then aggregated into the final state level predictions.
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2.2. Machine learning approach

Three model variations were built for this study: a model using mental health related
symptoms from the Google SSD as identified by CDC suicide subject matter experts
(Mental Health model), a model incorporating all 422 symptoms in the SSD (All
Symptoms), and a baseline autoregressive integrated moving average (ARIMA baseline)
model. Consistent with best practices in machine learning, when building and testing the
Google symptom-based models we used 2018 data in model training, 2019 data in model
validation (e.g., selection of models and optimal hyperparameters), and 2020 data for model
evaluation (out-of-sample testing). As Google SSD is available in near realtime, we used the
current month’s SSD values to predict that month’s suicide count.

The Mental Health Model was our main model of interest and consisted of five mental
health related variables (suicidal ideation, self-harm, depression, major depressive disorder,
and pain) in the Google SSD, as identified by the authors of this study. These variables were
selected given their strong association with suicide risk as demonstrated through extensive
prior literature (Angst et al., 1999; Hooley et al., 2014). Three statistical machine learning
algorithms were tested for making predictions from these five variables: Linear Multivariate
Regression, Support Vector Regression, and Random Forest Regression. These three
algorithms were selected for testing as they are among the model widely-used statistical
approaches for prediction and each employ a distinct approach to model optimization.

The optimal algorithm among these three for making monthly state-level suicide count
predictions was chosen from results on the validation sample of the data (2019) and then
predictions were made for 2020 and evaluated against actual suicide counts observed for
2020.

Our second model, the All Symptoms model, provided an important comparison as it
attempted to leverage information from all 422 variables present in the Google SSD. This
test was important as conceivably there is latent information present in other symptom trends
that could improve prediction accuracy. Given the large number of predictor variables in this
model relative to the number of observations in the dataset, we employed a LASSO (least
absolute shrinkage and selection operator) model (Tibshirani, 1996). LASSO models are a
form of linear regression which implement a penalization in the model fitting process that
shrinks the beta-coefficients associated with unimportant features. Thus, the model aims to
prevent overfitting in the setting of a large number of predictor variables.

Lastly, we compared our models to a baseline ARIMA model, one of the most widely
used approaches to predicting injury mortality (Faust et al., 2021). The ARIMA model was
trained on historical suicide count data from 2010 to 2018.

3. Results

Table 1 presents a national-level summary of model performance on the 2020 testing year.
The Mental Health model had the best prediction performance, predicting a total of 43,722
suicides when aggregating information from all states. This corresponds to an error of only
3.86 %, compared to errors of 7.17 % and 28.49 % error for the ARIMA baseline and All
Symptoms models, respectively. However, there was notable variability at the state-level,
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even for the best performing model, and errors ranged from a low of 0.36 % to a high of
57.48 % for the Mental Health Model.

Fig. 1 further explores this state-level variability in prediction accuracy by plotting a
histogram of the distribution of the percentage errors for the Mental Health Model. Although
there were notable outliers, the majority of percentage errors clustered around zero with (35
or 70 %) of states having a prediction error <10 %.

As an effort to better explore reasons for the observed state-level variability, Fig. 2 displays
the percentage error for each state by the actual number of suicides in a given state, with
larger circles representing states with a larger number of suicide fatalities. In general, the
model predicted suicide fatalities with a smaller percentage error for states with more
suicide fatalities (which are also generally states with a higher total population), such as
Texas and California. States with a smaller number of suicides, such as Hawaii and Rhode
Island, were more vulnerable to having high prediction error.

Fig. 3 plots month-to-month trends for 2020 monthly suicide fatalities overlayed with the
corresponding predictions during the same time period by state for the Mental Health model.
Accuracy on a monthly level was variable. Many states experienced a predicted decrease

in suicide fatalities in mid-2020, which was not ultimately seen in mortality data that later
became available.

4. Discussion

This study is the first, to our knowledge, to evaluate the performance of a new real-time data
source, the Google Symptom Search Dataset (SSD), on estimating suicide death counts. This
work represents an important effort to assess the utility of this novel dataset for informing
suicide-related trends in the United States. While the use of near realtime, symptom-based
data sources has potential promise in adding to our knowledge of suicide-related trends, they
are not intended to supplant use of gold standard data, such as official mortality records.

We found excellent performance in aggregate—national level suicide counts were predicted
with a <4 % error. This is a robust result considering that only a single proxy data source

is used in the modeling. Interestingly, this compares favorably to a prior study by our group
which used the original Google Trends product in a similar modeling effort; in that study,
Google Trends data alone had a 8.29 % error in estimating the national suicide rate (Choi

et al., 2020). While these studies were performed across different years and are thus not a
head-to-head comparison, this finding lends support to the notion that the Google Symptom
Search Dataset may represent a superior signal for health-related research. This is consistent
with the design of the SSD in that it more explicitly takes into account user intention when
producing search trend based estimates as opposed to simply reporting on keyword trends
(Vaidyanathan et al., 2022).

The original Google Trends data has been used extensively for mental health related
research owing to its accessibility and that it is free of cost (Jimenez et al., 2020; McCarthy,
2010). However, there has been considerable debate in the literature about the reliability

of this tool as a singular data source when used to estimate epidemiologic trends, with
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systematic reviews and meta-analyses reporting variable performance based on keywords
used and topic being modeled (Tran et al., 2017). It is possible that the SSD may improve
this heterogeneity in mental health research using search trends data, however, it is important
to note that at present the SSD has a limited and predefined number of mental health
constructs based on previous health concepts built as part of Google’s Knowledge Graph
work (Vaidyanathan et al., 2022). We used these variables in our model (suicidal ideation,
self-harm, depression, major depressive disorder, and pain); however, it is not possible for
external researchers to inspect or modify the definitions for these symptoms/variables.

When assessing performance at the state-level, we also noted favorable results with

most states exhibiting a <10 % error rate in annual suicide death estimation. However,
performance was notably poorer for states with small populations and small suicide counts.
The difficulty in fitting models for rare outcomes presents a significant challenge for efforts
to develop accurate forecasts for small geographic areas, such as counties or cities, where
focused prevention efforts may be most cost-effective.

It is important to note that our test year for model evaluation was 2020, the year in which
COVID-19 emerged in the U.S. and vastly disrupted expected patterns of health-related
trends and thus may have been a particularly challenging year to predict. Available evidence
from household surveys suggests that symptoms of depressive disorder worsened nationally
throughout 2020 (Vahratian et al., 2021) and the rate of emergency department visits for
mental health conditions and suicide attempts similarly increased nationwide following the
emergence of the pandemic (Holland et al., 2021). However, mortality data from 2020
reveals a decrease in the crude rate of suicide deaths (13.95 per 100,000 persons) compared
to 2019 (14.47 per 100,000 persons) (Centers for Disease Control and Prevention, 2022b).
The precise reasons for the divergence of morbidity and mortality trends for 2020 are not
fully understand but may be the result of many factors including changes in behavioral
health treatment seeking (Busch et al., 2021). Many researchers have also pointed out that
suicide deaths are a particularly hard to certify for coroners and medical examiners and

may be increasingly misclassified, particularly with rapidly rising overdose deaths nationally
which may be unintentional or intentional (Stone et al., 2017).

Nonetheless, this speaks to the complicated environment in which internet search trends
must be evaluated. For example, the SSD shows that depression related searches were at
their lowest point in March of 2020, which is the time point at which the COVID-19
pandemic first emerged as a major public health crisis in the U.S. It is likely that patients
with depression did not experience sudden relief of their depression but rather internet
search patterns for these individuals changed as other health related searches became

of greater importance. These and other complicated behavioral patterns in 2020 likely
challenged efforts to make accurate predictions from this sole data source.

Because we only had a single year (2020) for a fully held-out test set given the historical
limited availability of the Google SSD as a new product, we did also examine 2019
prediction results as a sensitivity analysis. These findings should be cautiously interpreted
as prediction results on a validation sample can be overly optimistic; however, findings
revealed a predicted 45,728 suicides nationally in 2019 for a —2.69 % error. This is similar
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to the error on national level prediction results for 2020 (-3.86 %). Furthermore, a similar
number of states (N = 36) had a prediction error under 10 % for state level estimates in 2019
as compared to 2020 (N = 35).

Lastly, the poor performance of the model incorporating all 422 symptoms is an important
finding. Although it is conceivable that a sophisticated model could harness information
from a broader selection of symptoms, we found that this was not easily achieved with

a widely used statistical machine learning model that incorporates variable selection and
regularization and generally performs well for forecasting tasks (Sumner et al., 2022).
Although there exists more sophisticated neural network based models for forecasting
(Kapoor et al., 2020) that can and should be tested in future research, it is unclear how
these models would perform given that a fundamental challenge in this dataset is the small
number of observations on which to perform training. Because the SSD is a new data source,
we only had a single year of data for model training; model performance and the ability

to apply more sophisticated models to higher dimensional data will likely improve as more
longitudinal data becomes available.

Important limitations of this work should be noted. This research primarily served as an
evaluation of the potential performance of a novel dataset for suicide mortality estimation
and revealed both promising findings as well as some sub-optimal results, such as in the
accuracy of predictions for small states. This suggests that further evaluation work is needed
to ensure that use of new data sources and prediction models are reliable for all localities.
This should include prospective validation using additional years of data. Nonetheless, this
study represents the first comparison of this data source to suicide mortality data and

helps contribute to a better understanding of its potential strengths and limitations. Second,
it is important to interpret all results cautiously as the study time period incorporated

2020, during which the COVID-19 pandemic had profound impacts on population level
mental health and behavioral patterns which are still being elucidated. Nonetheless, model
performance on this atypical year was respectable and is encouraging for continued use

and evaluation of this data source. Additionally, there are fundamental limitations to the
underlying data; for example, while the data provides population level trends in disease
burden, it does not provide information on individual risk or protective factors. Third, there
are practical implications for use of such a modeling approach. Our model evaluation uses
training data from 2018 (2 years prior to the test year) and validation data from 2019 (one
year prior to the test data). Data lags that affect access to recent mortality data could prevent
retraining of deployed models in a timely fashion. Lastly, there remain many important
directions for future work which we were unable to assess in this manuscript. These include
testing additional types of machine learning models, such as those which may incorporate
additional spatial information such as graph neural networks (Kapoor et al., 2020) and
testing the utility of the SSD when combined with signals from other data sources (Choi et
al., 2020).

Nevertheless, this research presents new and useful information in the ongoing search

for novel data sources that can inform a more realtime understanding of suicide-related
trends in the U.S. At minimum, more timely data can help inform funding for suicide
prevention activities, ensuring that the level of resources matches the public health burden.
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Population-level interventions exist for suicide prevention (Centers for Disease Control and
Prevention, 2022a) but there is often lack of timely data to study the implementation of these
interventions and measure their effectiveness in a rapid feedback loop. Some interventions—
such as safe media messaging about suicide—can be implemented on a national scale and
benefit from more timely national-level data (Niederkrotenthaler et al., 2021). With suicide
rates near the highest levels in over two decades, improving the timeliness of suicide-related
data will continue to be an important goal in assisting prevention efforts for this critical
public health problem.
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Fig. 1.
Distribution of state-level percentage errors for suicide fatality predictions.

Note: Figure shows percentage error in suicide predictions for all states for 2020 test year;
most prediction errors are within +/= 10 % of zero. Predictions generated using Google
Symptom Search Dataset and evaluated using death certificate data from the National Vital
Statistics System using the International Statistical Classification of Diseases and Related
Health Problems, Tenth Revision, underlying cause of death codes U03, X60-X84, and
Y87.0.
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Fig. 2.

Percentage error of state suicide predictions by state suicide count.

Note: Figure displays percentage error in suicide predictions for all states for 2020 by
magnitude of suicide deaths in a given state, revealing that states with a larger number

of suicide generally have lower and more stable prediction errors. Predictions generated
using Google Symptom Search Dataset and evaluated using death certificate data from the
National Vital Statistics System using the International Statistical Classification of Diseases
and Related Health Problems, Tenth Revision, underlying cause of death codes U03, X60-
X84, and Y87.0.
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Month

o

Actual and predicted monthly suicide count trends by state, 2020.
Note: Results displayed are for Mental Health Model. X-axis for each state panel represents
time in months for the test year of 2020; Y-axis displays suicide counts in each state and

are scaled to the magnitude of suicide deaths in each state to ensure visibility of trend.
Magnitude of differences may appear larger than actual in certain states as counts <10

not displayed due to mortality data privacy provisions. Predictions generated using Google
Symptom Search Dataset and evaluated using death certificate data from the National Vital
Statistics System using the International Statistical Classification of Diseases and Related
Health Problems, Tenth Revision, underlying cause of death codes U03, X60-X84, and

Y87.0.
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Table 1

Performance of baseline and symptom search models for predicting national suicide fatalities, 2020.

Predicted suicides Error (%) Standard deviation of error (%) Range (absolute %)

ARIMA Baseline 48,739 717 % 7.78 % 0.17 % - 37.66 %
Mental Health Model 43,722 -3.86 % 10.27 % 0.36 % - 57.48 %
All Symptoms Model 58,433 28.49 % 31.61 % 0.17 % - 179.97 %

Note: Actual number of suicides in 2020 with geographic information at the U.S. county-level was 45,477.
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