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Introduction 
Ibuprofen is one of the most widely used non-steroidal anti-

inflammatory drugs (NSAIDs) worldwide.1 Available over the 
counter in many countries for the relief of pain, inflammation and 
fever, it is frequently obtained without a prescription and used 
through self-medication.2,3 Prescription databases therefore pro-
vide an incomplete view of total exposure. Internet-search data 

cannot directly quantify this unrecorded use, but they can charac-
terize how population-level information-seeking about ibuprofen 
changes over time. 

NSAID use is clinically relevant because ibuprofen and relat-
ed agents are associated with dose- and patient-dependent gas-
trointestinal and cardiovascular adverse effects and with clinically 
important drug interactions.4,5 These safety considerations provide 
a rationale for studying public attention to commonly self-med-
icated analgesics. Search activity, however, should be interpreted 
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Abstract 
 

Ibuprofen is widely used as a non-prescription analgesic and antipyretic, yet online information-seeking remains incompletely char-
acterized. We assessed trends, seasonality, adjusted cross-country co-movement and out-of-sample predictability of Google search 
attention across 14 European countries. Monthly Google Trends relative search volume (RSV; 0-100) for the harmonized generic 
search term “ibuprofen” was extracted on 20 July using the Web Search property and all categories, each country being queried sep-
arately so that every series is normalized within country (July 2021 to June 2026; 60 months per country). Trend inference used cal-
endar-month-adjusted linear regression with Newey-West standard errors and Benjamini-Hochberg false-discovery-rate correction. 
Seasonality was evaluated using robust STL decomposition and winter-versus-summer contrasts. Cross-country co-movement was 
assessed on STL remainders. Seasonal ARIMA forecasts were validated by rolling origins against seasonal naive. Random Forest and 
Gradient Boosting were tested on a final 12-month chronological holdout and compared with harmonic regression and seasonal naive. 
Across 840 country-month observations, eight countries showed significant increases: Hungary, Poland, Turkey, Sweden, Belgium, 
the United Kingdom, the Czech Republic and the Netherlands; none showed a significant decline. Seasonal peaks fell between 
December and February in all 14 countries (December in 10) and troughs between April and July (June in 7); seasonal strength ranged 
from 0.20 (Norway) to 0.72 (Poland). After removing trend and seasonality, the strongest residual correlations were Germany-Austria 
(r=0.79) and Poland-Czech Republic (r=0.76). ARIMA outperformed seasonal naive only at 1 month (RMSE 10.56 vs 11.18), but not 
at 3, 6, or 12 months. On the chronological holdout, harmonic regression performed best (R²=0.242; RMSE=1.221); Random Forest 
(R²=-0.026; RMSE=1.420) and Gradient Boosting (R²=-0.030; RMSE=1.423) did not outperform seasonal naive (R²=-0.005; 
RMSE=1.406). Ibuprofen search attention increased in a subset of countries and showed recurrent winter seasonality. Predictive per-
formance was horizon-dependent and modest. Google Trends normalization means findings reflect within-country search attention 
rather than absolute cross-country interest or medication use.
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as an information-seeking signal rather than as a surrogate for 
medication consumption, purchase, adherence, inappropriate use, 
or adverse events unless those relationships are validated against 
independent data. 

Aggregated internet search activity has emerged as a comple-
mentary source for infodemiology and infoveillance, where health-
related queries are used to study population attention and informa-
tion-seeking.6,7 Search-based indicators have been evaluated across 
health domains, including influenza activity, cancer screening and 
medication-related interest,8-11 but their interpretation is limited by 
algorithm changes, sampling variability, normalization and instabil-
ity.12 Google Trends is widely used because it is publicly available, 
temporally granular and frequently updated, while its methodologi-
cal limitations are increasingly well characterized.13,14 

Despite ibuprofen’s ubiquity, the multi-country temporal struc-
ture of online search attention to this specific drug has not been well 
characterized. Important questions include whether within-country 
attention is changing over time, whether seasonal patterns recur, 
whether countries share residual short-term fluctuations after trend 
and seasonality are removed, and whether future normalized search 
attention can be predicted out of sample. These questions are partic-
ularly relevant given the continued growth of online health-informa-
tion seeking across Europe.15,16 

We therefore analyzed five years of monthly Google Trends data 
for the search term “ibuprofen” across fourteen selected European 
countries. Our objectives were to quantify within-country secular 
trends with correction for seasonality, serial dependence and multi-
plicity; characterize the strength and recurrence of seasonality; 
assess cross-country co-movement after detrending and deseasonal-
izing; validate seasonal autoregressive integrated moving average 
(ARIMA) forecasts against a simple benchmark; and evaluate 
whether nonlinear machine-learning models added predictive value 
beyond structured temporal benchmarks. 

Because reproducibility has been identified as a recurrent weak-
ness of search-based health research, we additionally report the com-
plete Google Trends extraction protocol, an explicit rationale for the 
choice of search term and for the composition of the country panel, 
and an explicit account of the sampling variability inherent in the 
platform.17,18 

 
 

Methods 
Study design and reporting 

This was a retrospective, observational infodemiological study 
of aggregated, de-identified and publicly available internet search 
data; no individual-level data were accessed and no human partici-
pants were involved. Reporting follows the methodology framework 
proposed for the use of Google Trends in infodemiology and 
infoveillance,13,18 and the full set of query parameters required for 
exact replication is given in Supplementary Table S1. 

 
Data source and extraction protocol 

Google Trends (https://trends.google.com) reports relative 
search volume (RSV) on a 0-100 scale, where 100 denotes the peak 
within the specified query, geography and time window.13 We ana-
lyzed monthly RSV for the search term “ibuprofen” in France, 
Germany, Italy, Spain, Turkey, the United Kingdom, the 
Netherlands, Poland, the Czech Republic, Belgium, Norway, 
Sweden, Hungary and Austria from July 2021 through June 2026 
(60 months per country; 840 country-month observations). 

All series were downloaded from the public Google Trends 
interface (https://trends.google.com/trends/explore) on 20 July, 
within a single session and by one investigator, using query settings 
that were held constant for every country: search property, Web 
Search (Image, News, Shopping and YouTube search were not 
used); category, All categories (category identifier 0), so that no 
algorithmic topic filter was imposed; query type, the free-text search 
term “ibuprofen” rather than a Google Trends Topic; geography, one 
country per query, specified by ISO 3166-1 alpha-2 code; time 
range, 1 July 2021 to 30 June 2026; and interface language English 
(hl=en-GB), which governs the interface only and does not restrict 
the queries retrieved. No sub-national, city, age or device filters were 
applied, because these are not available for the Web Search property 
at country level. Each country was retrieved as a separate single-
geography query rather than as a multi-region comparison, so that 
every series is normalized to its own within-country maximum and 
no cross-country rescaling is imposed by the platform. Data were 
exported using the platform’s native CSV download function and 
were not otherwise transformed. Every query is therefore repro-
ducible from the template https://trends.google.com/trends/explore? 
date=2021-07-01%202026-06-30&geo=XX&q=ibuprofen&cat= 
0&hl=en-GB, in which XX denotes the two-letter country code; 
the fourteen country-specific query strings are listed in 
Supplementary Table S1. The series were assembled as a balanced 
panel, excluding a partial trailing month so all countries shared 
identical start and end dates. Because Google Trends normalizes 
each country series independently, raw RSV levels, country means 
and forecast levels were interpreted only within country and were 
not ranked across countries. 

 
Search term selection and linguistic considerations 

A single harmonized generic query, the International 
Nonproprietary Name “ibuprofen”, was used in every country rather 
than country-specific term sets, for three reasons. First, construct 
comparability: because Google Trends normalizes each query inde-
pendently, a different term set in each country would confound gen-
uine temporal differences with differences in query construction, 
whereas one harmonized term keeps the measured construct identi-
cal across all fourteen series. Orthographic stability: “ibuprofen” is 
the exact form used in ten of the fourteen countries (Germany, 
Austria, the United Kingdom, the Netherlands, Belgium, Poland, the 
Czech Republic, Norway, Sweden and Turkey), and the four remain-
ing national forms (French ibuprofène, Italian ibuprofene, Spanish 
ibuprofeno and Hungarian ibuprofen) share the same stem, Google 
Trends term matching being case-insensitive and normalizing dia-
critics. Transparency: a search term corresponds to a defined and 
reproducible query set, whereas a Google Trends Topic is an algo-
rithmically curated entity whose composition is undocumented and 
may change over time, which would preclude exact replication. 

Two consequences of this choice are acknowledged explicitly. 
Term-based matching may capture inflected national forms incom-
pletely, which could attenuate measured volume in the Romance-
language countries and in Hungary. More importantly, lay searching 
for over-the-counter analgesics is frequently brand-led, and widely 
used national ibuprofen brands, among them Nurofen and Brufen in 
several markets, Moment (Italy), Advil (France, Belgium, the 
Netherlands), Dolormin and Ibuflam (Germany, Austria), Espidifen 
and Neobrufen (Spain), Ibuprom (Poland), Ibalgin (the Czech 
Republic), Ipren and Ibumetin (Sweden), Ibux (Norway) and 
Algoflex (Hungary), are not captured by the generic term. Brand 
penetration differs between markets, so the generic term captures a 
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different share of total ibuprofen-related searching in each country. 
Two features of the design limit the consequences of this for the 

present inferences. Every analysis is conducted strictly within coun-
try, trends are estimated on each country’s own normalized series, 
STL components are derived within country, remainders are corre-
lated only after each country’s own trend and seasonality have been 
removed, and holdout outcomes are standardized using each coun-
try’s own training-period mean and standard deviation, so a constant 
proportional difference in generic-versus-brand search share alters 
the scale of a national series but not its estimated trend direction, 
seasonal timing or residual structure. In addition, generic and brand 
terms were deliberately not summed, because Google Trends renor-
malizes any multi-term comparison to the joint maximum; adding 
brand terms would change the meaning of the 0-100 index rather 
than produce an additive measure of volume. Estimates would be 
biased only if the generic-to-brand ratio itself drifted systematically 
within a country over the study period; this cannot be excluded and 
is stated as a limitation. 

 
Country selection 

The fourteen countries constitute a purposive rather than 
exhaustive. Countries were included when they were among the 
more populous markets of their European sub-region, so that query 
volume was sufficient for a single generic drug term to yield a con-
tinuous, non-zero monthly series across all 60 study months; had 
high national internet penetration, defined as internet use by at 
least 85% of individuals aged 16-74 in recent European statistics;16 
had Google as the dominant search engine, with a national market 
share above 90%, so that RSV reflects the majority of national 
search behavior rather than a minority platform; and together pro-
vided coverage of the main European sub-regions: Northern 
(Norway, Sweden), Western (France, Germany, the United 
Kingdom, the Netherlands, Belgium, Austria), Southern and 
South-Eastern (Italy, Spain, Turkey) and Central-Eastern (Poland, 
the Czech Republic, Hungary), with variation in health-system 
organization and in the regulatory and retail availability of over-
the-counter ibuprofen. 

Countries were not analyzed when any of the following applied: 
a small population or otherwise insufficient query volume, which for 
a single generic drug term yields months with RSV = 0 or truncated 
series unsuitable for STL decomposition and seasonal ARIMA mod-
elling (for example Luxembourg, Malta, Cyprus, Iceland and the 
European microstates); a national search market in which Google is 
not dominant, or interruption of normal internet use during the study 
window (the Russian Federation, Ukraine and Belarus); or the 
absence of a complete balanced 60-month series. Several further eli-
gible mid-sized countries, among them Portugal, Greece, Romania, 
Switzerland, Denmark, Finland, Ireland and Slovakia, were not 
included, in order to keep the panel at a size at which each country 
could be modelled individually, diagnostically checked and legibly 
displayed, and at which the multiplicity burden of simultaneous 
country-level tests remained tractable. This was a design decision 
rather than a data-driven exclusion; it limits generalizability to non-
included European countries and extension to a full Europe-wide 
panel is identified as the natural next step. The criteria and their 
application are summarized in Supplementary Table S2. 

 
Sampling variability 

Google Trends reports a sample of the underlying query stream 
rather than a full census of queries, so values regenerated on a dif-

ferent day may differ slightly even when the query parameters are 
unchanged; published assessments indicate that this variability is 
smallest for high-volume queries over long observation windows 
and increases for low-volume queries and short windows.17,19 Two 
features of the present design limit its influence. The analyzed series 
are monthly aggregates spanning five years for a high-volume con-
sumer-medicine term, which is the regime in which sampling noise 
is smallest and every inference rests on structural features of the 
series, a secular slope estimated across 60 months, a seasonal profile 
averaged over five annual cycles, and correlations between remain-
der components, rather than on individual monthly values. Replicate 
extractions were not performed, so the magnitude of this variability 
was not quantified in the present dataset and exact numerical repro-
duction of the series at a later date cannot be guaranteed; this is stat-
ed as a limitation. To allow readers to judge the issue directly, the 
extraction date and the complete query specification are reported in 
Supplementary Table S1. 

 
 

Statistical analysis 
Temporal trends 

For secular trend inference, each country was modeled using lin-
ear regression of RSV on continuous time with calendar month as a 
fixed effect. Newey-West heteroskedasticity- and autocorrelation-
consistent standard errors with a 12-month lag were used for the pri-
mary slope, confidence interval and p value and Benjamini-
Hochberg FDR correction was applied across the fourteen country 
tests.20 Seasonal Mann-Kendall testing21 and generalized least 
squares with an AR(1) residual structure served as sensitivity analy-
ses; residual autocorrelation was also summarized. Both sensitivity 
analyses are reported country by country, alongside the primary esti-
mate, in Supplementary Table S4. To visualize trajectory shape with-
out implying comparability of absolute levels, descriptive trend dis-
plays were interpreted within country. 

 
Seasonality 

Seasonality was evaluated using robust periodic seasonal-trend 
decomposition by LOESS (STL),22,23 from which seasonal 
strength, peak month, trough month and seasonal amplitude were 
derived. Seasonal strength was quantified as FS=max(0, 
1−Var(Rt)/Var(St+Rt)), where St and Rt are the STL seasonal and 
remainder components, so that 0 indicates no detectable seasonal-
ity and values approaching 1 indicate a dominant seasonal signal;24 
seasonal amplitude was defined as the difference between the 
largest and smallest mean monthly seasonal component, and the 
peak and trough months as the calendar months at which those 
extremes occurred. Calendar-month effects were also tested jointly 
using HAC-adjusted inference with FDR correction, and recur-
rence was examined across complete seasonal cycles by compar-
ing winter (December-February) with summer (May-July). Per-
country values for all of these quantities are given in 
Supplementary Table S3. 

 
Cross-country co-movement 

Cross-country co-movement was assessed primarily using 
Pearson correlations between STL remainder components, thereby 
removing the common trend and seasonal structure; correlations 
between first differences of RSV were used as a sensitivity analysis 
and are reported in Supplementary Table S5. 
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Forecasting and out-of-sample validation 
For forecasting, each series was transformed with a bounded 

logit transformation, preserving the monthly frequency, and sea-
sonal ARIMA models were selected by AICc with KPSS regular-
differencing and OCSB seasonal-differencing tests.25 Twelve-
month forecasts and 95% intervals were back-transformed to the 0-
100 scale. Residual adequacy was assessed with Ljung-Box test-
ing. Out-of-sample performance was evaluated by rolling-origin 
refitting from a minimum 36-month training history at horizons of 
1, 3, 6 and 12 months and was compared with a seasonal-naive 
forecast. 

 
Chronological predictive modelling 

For predictive modelling, the final 12 months (July 2025-June 
2026) formed a strict chronological holdout; the preceding 48 
months formed the training period. The outcome was standardized 
within country using training-period means and standard deviations 
only. Random Forest26 and Gradient Boosting27 hyperparameters 
were selected using rolling temporal validation within the training 
data. Performance on the untouched holdout was compared with a 
country-specific harmonic regression and a seasonal-naive bench-
mark using R², RMSE, MAE and MBE.28 Random Forest vs 
Gradient Boosting differences were evaluated with a paired country-
block bootstrap (10,000 resamples) and holdout permutation impor-
tance was interpreted strictly as predictive importance, not causation 

or variance explained. The complete hyperparameter grids, the 
rolling temporal validation scheme and the bootstrap procedure are 
specified in the Supplementary Methods. 

 
Software 

Analyses were performed in R (version 4.5.2; R Foundation for 
Statistical Computing, Vienna, Austria). The packages used, with 
versions, are listed in the Supplementary Methods. 

 
 

Results 
A total of 840 monthly observations, 60 for each of the 14 coun-

tries, spanning July 2021 to June 2026, were analyzed. The raw 
series (Figure 1) showed substantial month-to-month variation and 
recurrent peaks. Because each country series is independently nor-
malized, the figure is descriptive within country and does not permit 
comparison of absolute search intensity between countries. 

 
Temporal trends 

Using the prespecified primary model (calendar-month-adjust-
ed regression with Newey-West HAC standard errors and FDR 
correction), eight countries showed significant increasing trends: 
Hungary (+6.20 RSV/year; 95% CI 3.18 to 9.22), Poland (+5.85; 
4.11 to 7.59), Turkey (+5.58; 3.84 to 7.32), Sweden (+5.53; 3.68 to 
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Figure 1. Monthly RSV for “ibuprofen” across fourteen European countries, July 2021 to June 2026. Each panel is normalized to that 
country’s own peak (100); vertical levels must not be compared between countries.



7.38), Belgium (+4.66; 2.50 to 6.82), the United Kingdom (+4.57; 
3.48 to 5.66), the Czech Republic (+4.56; 1.77 to 7.34), and the 
Netherlands (+4.13; 2.37 to 5.89) (Figure 2; Table 1). Austria had 
a positive point estimate (+3.07; 0.23 to 5.92; raw p=0.035) but did 
not remain significant after FDR correction. Norway (+2.97), 

France (+1.57), Spain (+1.02), Germany (+1.00), and Italy (-2.00) 
also had no FDR-significant trend. No country had an FDR-signif-
icant decrease. These slopes describe change within each inde-
pendently normalized country series rather than differences in 
absolute national search intensity. 
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Figure 2. Within-country secular trend estimates. Points show the month-adjusted annual slope and horizontal bars the 95% confidence 
interval from the primary Newey-West HAC regression. FDR significance was determined across the 14 country tests using the Benjamini-
Hochberg procedure. The zero line denotes no secular change.

Table 1. Primary temporal-trend analysis. Slopes are from regression adjusted for calendar month with Newey-West HAC standard errors. 
Raw p-values are shown; the FDR column reflects Benjamini-Hochberg correction across 14 countries. Slope magnitudes are interpretable 
within country only. 

Country              HAC slope/year (95% CI)                   Raw p-value                                  BH-FDR                                Primary trend 
Hungary                            +6.20 (3.18 to 9.22)                                     <0.001                                            Significant                                          Increasing 
Poland                               +5.85 (4.11 to 7.59)                                     <0.001                                            Significant                                          Increasing 
Turkey                              +5.58 (3.84 to 7.32)                                     <0.001                                            Significant                                          Increasing 
Sweden                             +5.53 (3.68 to 7.38)                                     <0.001                                            Significant                                          Increasing 
Belgium                            +4.66 (2.50 to 6.82)                                     <0.001                                            Significant                                          Increasing 
United Kingdom              +4.57 (3.48 to 5.66)                                     <0.001                                            Significant                                          Increasing 
Czech Republic                +4.56 (1.77 to 7.34)                                      0.002                                              Significant                                          Increasing 
Netherlands                      +4.13 (2.37 to 5.89)                                     <0.001                                            Significant                                          Increasing 
Austria                              +3.07 (0.23 to 5.92)                                      0.035                                          Not significant                          No FDR-significant trend 
Norway                            +2.97 (-1.80 to 7.73)                                     0.217                                          Not significant                          No FDR-significant trend 
France                              +1.57 (-2.76 to 5.89)                                     0.470                                          Not significant                          No FDR-significant trend 
Spain                                +1.02 (-1.49 to 3.54)                                     0.417                                          Not significant                          No FDR-significant trend 
Germany                          +1.00 (-1.94 to 3.94)                                     0.498                                          Not significant                          No FDR-significant trend 
Italy                                  -2.00 (-7.20 to 3.20)                                      0.443                                          Not significant                          No FDR-significant trend 
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Prespecified sensitivity analyses supported the primary trend 
inference (Supplementary Table S4). The seasonal Mann-Kendall 
test and generalized least squares with an AR(1) error structure 
agreed with the primary HAC model on the direction of change in 
all fourteen countries, and on FDR significance status in twelve of 
fourteen. The two exceptions were Austria, whose primary estimate 
lay immediately above the significance threshold (HAC q=0.054) 
and which reached FDR significance under both sensitivity models 
(seasonal Mann-Kendall q=0.002; GLS q=0.010), and Italy, for 
which the seasonal Mann-Kendall test indicated a monotonic decline 
(τ=-0.40; q=0.002) that was supported neither by the primary model 
(-2.00 RSV/year; q=0.498) nor by GLS (-1.10 RSV/year; q=0.629). 
Italy had the widest primary confidence interval in the panel, consis-
tent with the high month-to-month volatility of its series. We there-
fore retain the primary finding that no country showed an FDR-sig-
nificant decrease, while reporting this discordance explicitly. First-
order residual autocorrelation of the primary models ranged from 
0.24 (Turkey) to 0.63 (Norway), supporting the use of HAC-adjust-
ed inference. 

 
Seasonality 

Robust periodic STL decomposition retained a recurrent winter-
centered seasonal pattern in many country series, with seasonal com-
ponents commonly higher in winter and lower in late spring or sum-
mer (Figure 3; Supplementary Figure S1). Peak timing, amplitude 

and seasonal strength varied by country, and Norway showed a com-
paratively weaker and less regular profile. The analysis also evaluat-
ed the joint effect of calendar month with HAC-adjusted inference 
and examined recurrence through winter-versus-summer contrasts 
across complete seasonal cycles. Given that only five annual cycles 
were available, seasonality is interpreted as recurrent rather than uni-
versal, and the figures should not be taken as evidence that winter 
respiratory illness is the causal driver. 

Per-country seasonality metrics are reported in Supplementary 
Table S3. Seasonal peaks fell between December and February in all 
fourteen countries, in December in ten countries, in January in 
Poland and the Czech Republic, and in February in the Netherlands 
and Norway and troughs fell between April and July, most common-
ly in June (seven countries) or May (five). Seasonal strength ranged 
from 0.20 in Norway to 0.72 in Poland (median 0.47) and seasonal 
amplitude from 10.5 RSV points in Norway to 37.3 in Austria (medi-
an 18.3), confirming that Norway had both the weakest and the flat-
test seasonal profile. The joint calendar-month effect remained sig-
nificant after FDR correction in all fourteen countries (all q<0.001). 
Across the four complete winter–summer cycles, the mean winter 
(December-February) minus summer (May-July) difference was 
positive in every country, ranging from 6.2 RSV points in the United 
Kingdom to 20.3 in Poland; winter exceeded summer in at least 
three of the four cycles in every country, and in all four cycles in 
Poland, Norway, Sweden and Hungary. 
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Figure 3. Seasonal component of ibuprofen RSV by calendar month for each country, derived from robust periodic STL decomposition 
of 60 monthly observations per country. Profiles illustrate within-country seasonal timing and amplitude; absolute RSV levels are not com-
parable across countries. RSV, relative search volume; STL, seasonal-trend decomposition by LOESS.



Adjusted cross-country co-movement 
Cross-country co-movement was evaluated after removal of 

trend and seasonality rather than on the raw monthly series. 
Pearson correlations between robust STL remainder components 
were generally weaker and more heterogeneous than the raw-
series correlations from the initial analysis (Figure 4). The largest 
positive residual correlations were observed for Germany-
Austria (r=0.79), Poland-Czech Republic (r=0.76), Germany-
Poland (r=0.66), Germany-United Kingdom (r=0.65), and 
Germany-Italy (r=0.61). In contrast, several pairs showed little 
residual synchrony, including France-Sweden (r=0.01), France-
Norway (r=-0.05), and Germany-Norway (r=-0.04), while the 
Netherlands-Norway pair showed the most negative correlation 
(r=-0.36). These coefficients describe synchronous departures 

from each country’s own trend and seasonal pattern; they do not 
indicate comparable absolute search levels, medication use, or 
common causation. Correlations between first differences were 
used as a sensitivity analysis and are reported in Supplementary 
Table S5. 

 
Forecasting and out-of-sample validation 

Seasonal ARIMA models produced 12-month within-country 
projections on the bounded 0-100 RSV scale (Figure 5).  

Their predictive performance was mixed when tested by 
rolling-origin validation against a seasonal-naive benchmark 
(Table 2). At a 1-month horizon, ARIMA had a slightly lower 
RMSE than seasonal naive (10.56 vs 11.18), although its MAE was 
slightly higher (7.71 vs 7.60). At 3, 6 and 12 months, seasonal 
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Figure 4. Adjusted cross-country co-movement in ibuprofen search attention. Cells show Pearson correlations between robust STL 
remainder components after removal of country-specific trend and seasonality (n=60 monthly observations per country). Positive values 
indicate synchronous residual deviations and negative values indicate opposing residual deviations. Because Google Trends normalizes 
each country series independently, the matrix must not be interpreted as a comparison of absolute search interest between countries.
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naive had lower RMSE (11.53, 12.25 and 13.11) than ARIMA 
(12.86, 13.79 and 13.98), and lower MAE at each horizon. ARIMA 
bias became increasingly negative with horizon (MBE -0.13, -
1.39, -2.81 and -3.84 at 1, 3, 6 and 12 months).  

Residual Ljung-Box diagnostics were satisfactory for 13 of 14 

final country models; Belgium retained residual autocorrelation 
(p=0.003) and its forecast should therefore be interpreted with addi-
tional caution (Table 3). These findings support presentation of the 
forecasts as exploratory model-based projections rather than evi-
dence of uniformly strong predictability. 
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Figure 5. Validated 12-month seasonal ARIMA forecasts of ibuprofen RSV by country. Historical observations, forecast means and 95% 
prediction intervals are shown. Forecast levels are interpretable only within each country because Google Trends normalizes each country 
series independently; panels must not be ranked by forecast level. ARIMA, autoregressive integrated moving average. Selected model 
orders and residual diagnostics are given in Table 3.

Table 2. Overall rolling-origin forecast validation for seasonal ARIMA and the seasonal-naive benchmark.  

Model                                          Horizon (mo)                          n                                RMSE                             MAE                              MBE 
ARIMA                                                          1                                        336                                     10.56                                    7.71                                     -0.13 
ARIMA                                                          3                                        308                                     12.86                                    9.50                                     -1.39 
ARIMA                                                          6                                        266                                     13.79                                   10.48                                   -2.81 
ARIMA                                                         12                                       182                                     13.98                                   10.66                                   -3.84 
Seasonal naive                                                1                                        336                                     11.18                                    7.60                                     -3.53 
Seasonal naive                                                3                                        308                                     11.53                                    7.84                                     -3.49 
Seasonal naive                                                6                                        266                                     12.25                                    8.45                                     -3.95 
Seasonal naive                                               12                                       182                                     13.11                                    9.10                                     -5.78 
RMSE, root mean square error; MAE, mean absolute error; MBE, mean bias error (predicted minus observed). Errors are expressed in within-country RSV units.



Chronological predictive modelling 
The predictive analysis used the final 12 months (July 2025-

June 2026; n=168 country-month observations) as an untouched 
chronological holdout, with RSV standardized within country 
using training-period means and standard deviations only. Rolling 
temporal validation within the training period selected Random 
Forest with mtry=2 and nodesize=5 (mean CV RMSE 0.750, SD 
0.223) and Gradient Boosting with interaction depth=3, shrink-
age=0.05, 500 trees and minimum node size=10 (mean CV RMSE 
0.796, SD 0.202). On the final holdout, harmonic regression pro-
vided the best overall performance (R²=0.242, RMSE=1.221, 
MAE=0.865, MBE=-0.237), followed by the seasonal-naive 

benchmark (R²=-0.005, RMSE=1.406, MAE=0.972, MBE=-
0.700), Random Forest (R²=-0.026, RMSE=1.420, MAE=1.002, 
MBE=-0.787), and Gradient Boosting (R²=-0.030, RMSE=1.423, 
MAE=1.003, MBE=-0.839) (Table 4; Figure 6). Thus, the nonlin-
ear machine-learning models did not demonstrate incremental 
future-prediction value over the simpler structured temporal 
benchmarks. 

Random Forest and Gradient Boosting were statistically indis-
tinguishable on the chronological holdout in the paired country-
block bootstrap (10,000 resamples): R² difference 0.0046 (95% 
bootstrap interval -0.0686 to 0.0965; p=0.964), RMSE difference -
0.0032 (-0.0577 to 0.0487; p=0.964), MAE difference -0.0019 (-
0.0519 to 0.0469; p=0.946), and absolute-bias difference -0.0526 
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Table 3. Selected final seasonal ARIMA models and residual diagnostics. AICc was used for within-country model selection. The Ljung-
Box test evaluated residual autocorrelation; Belgium was the only final model with p<0.05 (p=0.003). AICc values are not used to rank 
countries. 

Country                                     Selected model                            AICc                             Ljung-Box lag                Ljung-Box p-value 
France                                         ARIMA(1,0,1)(0,0,0)[12]                         138.84                                             15                                            0.908 
Germany                                     ARIMA(0,0,0)(0,0,0)[12]                         132.62                                             15                                            0.899 
Italy                                             ARIMA(1,0,0)(1,0,0)[12]                         159.04                                             15                                            0.667 
Spain                                           ARIMA(1,0,0)(1,1,0)[12]                         102.58                                             15                                            0.956 
Turkey                                        ARIMA(0,1,1)(0,0,0)[12]                         150.39                                             15                                            0.990 
UK                                              ARIMA(0,1,1)(0,1,0)[12]                         101.14                                             15                                            0.899 
Netherlands                                ARIMA(0,1,1)(0,0,0)[12]                         115.13                                             15                                            0.379 
Poland                                         ARIMA(1,1,1)(0,0,0)[12]                         146.68                                             15                                            0.607 
Czech Republic                          ARIMA(1,0,0)(0,0,0)[12]                         150.43                                             15                                            0.999 
Belgium                                      ARIMA(0,1,1)(1,0,0)[12]                         142.57                                             15                                            0.003 
Norway                                       ARIMA(1,0,0)(0,0,0)[12]                         150.82                                             15                                            1.000 
Sweden                                       ARIMA(1,0,0)(0,1,0)[12]                         101.13                                             15                                            0.944 
Hungary                                      ARIMA(3,1,2)(0,0,0)[12]                         131.55                                             15                                            0.500 
Austria                                        ARIMA(1,0,0)(1,0,0)[12]                         147.50                                             15                                            0.805

Table 4. Predictive performance of machine-learning models and temporal benchmarks. The final 12 months were held out chronologi-
cally. Training and holdout outcomes were standardized within country using training data only.  

Model                                                   Set                             n                       R²                  RMSE               MAE                 MBE 
Random Forest                                         Training                           672                      0.882                    0.340                    0.228                    0.000 
Gradient Boosting                                    Training                           672                      0.821                    0.418                    0.284                    -0.002 
Harmonic regression                                Training                           672                      0.410                    0.760                    0.530                    -0.000 
Random Forest                              Chronological holdout               168                     -0.026                    1.420                    1.002                    -0.787 
Gradient Boosting                         Chronological holdout               168                     -0.030                    1.423                    1.003                    -0.839 
Harmonic regression                     Chronological holdout               168                      0.242                    1.221                    0.865                    -0.237 
Seasonal naive                              Chronological holdout               168                     -0.005                    1.406                    0.972                    -0.700 
RMSE, root mean square error; MAE, mean absolute error; MBE, mean bias error (predicted minus observed). 

Table 5. Paired country-block bootstrap comparison of Random Forest and Gradient Boosting on the chronological holdout (10,000 
resamples). Differences are Random Forest minus Gradient Boosting. 

Metric                                                 Observed difference               95% bootstrap interval                Two-sided p-value 
R2                                                                             0.0046                                       -0.0686 to 0.0965                                       0.9636 
RMSE                                                                      -0.0032                                      -0.0577 to 0.0487                                       0.9636 
MAE                                                                        -0.0019                                      -0.0519 to 0.0469                                       0.9464 
AbsMBE                                                                  -0.0526                                      -0.1113 to 0.0072                                       0.0810 
AbsMBE, absolute mean bias error.
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(-0.1113 to 0.0072; p=0.081) (Table 5). Random Forest holdout 
permutation importance identified calendar month as the most 
influential predictive feature (mean RMSE increase 0.254; 95% 
interval 0.172 to 0.328), followed by country (0.084; 0.04 to 
0.124); permutation of the scaled secular-time variable produced 
no RMSE increase (0.000) (Tables 5 and 6; Figure 7). These values 
quantify predictive sensitivity within the fitted model and are not 
causal effects or proportions of variance explained. 

Discussion 
In this five-year analysis, after adjustment for calendar month, 

serial dependence, and multiple testing, online search attention for 
ibuprofen increased significantly in eight of fourteen countries and 
declined significantly in none. However, cross-country co-move-
ment was evaluated only after removing trend and seasonality, 
ARIMA forecasts showed mixed out-of-sample performance rela-

Article

Figure 6. Chronological holdout: observed vs predicted within-country standardized RSV. The final 12 months were held out and outcome 
standardization used training data only. Panels show Gradient Boosting, harmonic regression, Random Forest and the seasonal-naive 
benchmark; the dashed diagonal is the line of identity. Closer concentration around the identity line indicates better prediction. n=168 
country-month observations (14 countries × 12 months).

Table 6. Random Forest permutation importance on the chronological holdout. Importance is the increase in holdout RMSE after feature 
permutation over 200 repetitions. Values are predictive and should not be interpreted causally. 

Feature                         Baseline RMSE      Mean RMSE increase      Median increase              95% interval                  Repetitions 
Calendar month                           1.420                                   0.254                                    0.254                            0.172 to 0.328                             200 
Country                                        1.420                                   0.084                                    0.085                            0.042 to 0.124                             200 
Scaled time                                   1.420                                   0.000                                    0.000                            0.000 to 0.000                             200



tive to a seasonal-naive benchmark, and harmonic regression outper-
formed the more complex machine-learning models on the strict 
chronological holdout. Together, these findings describe structured 
online information-seeking, not direct evidence of drug consump-
tion, national demand, or validated pharmacovigilance performance. 

The upward trends identified in Hungary, Poland, Turkey, 
Sweden, Belgium, the United Kingdom, the Czech Republic and the 
Netherlands are compatible with increasing online health-informa-
tion seeking over the study period,15,16 but the mechanism cannot be 
established from Google Trends alone. Importantly, Austria illus-
trates why the inferential framework matters: its positive slope was 
nominally significant before multiplicity adjustment but did not 
remain significant after FDR correction. Because every national 
series is normalized to its own peak, the slopes quantify change 
within each country’s normalized series; they should not be used to 
infer that one country had a larger absolute increase in search activ-
ity than another. 

The sensitivity analyses reported in Supplementary Table S4 
refine this picture in two ways. Austria, which fell just above the 
FDR threshold in the primary model, was significant under both the 
seasonal Mann-Kendall and the GLS AR(1) specifications, so its 
classification is better regarded as borderline than as negative. 
Conversely, Italy showed a significant monotonic decline under the 
seasonal Mann-Kendall test alone; because that test responds to 
monotonic ordering rather than to the magnitude of annual change, 
and because Italy had the most volatile series in the panel, we treat 
this as a signal warranting replication rather than as evidence of a 
national decline in search attention. 

The winter-centered pattern is clinically plausible because 
ibuprofen is used for both pain and fever and respiratory and febrile 
illnesses are more common during winter. Nevertheless, temporal 
coincidence is not causal validation. The analysis therefore treats 
respiratory-virus circulation, temperature, media attention and sea-
sonal purchasing behavior as possible explanations rather than 

demonstrated drivers. Confirmation would require linkage with 
independent influenza-like-illness or respiratory-virus surveillance, 
temperature, dispensing or retail-sales data. The limited number of 
complete annual cycles also argues for describing the observed pat-
tern as recurrent rather than near-universal. 

The adjusted co-movement analysis also changes the interpreta-
tion of geographic structure. High correlations between raw country 
series can be generated by a common upward trend or a shared sea-
sonal cycle even when short-term deviations are unrelated. After 
these components were removed, residual correlations were substan-
tially more heterogeneous: Germany-Austria (r=0.79) and Poland-
Czech Republic (r=0.76) remained relatively strong, but many pairs 
were weak or near zero and the Netherlands-Norway correlation was 
negative (r=-0.36). This narrower analysis asks whether countries 
experience synchronous departures from their own expected tempo-
ral pattern; it does not establish common causal drivers, similar con-
sumption, or comparable national search intensity. 

The forecasting and predictive-modelling results further argue 
for restraint. Seasonal ARIMA was competitive with the seasonal-
naive benchmark only at the shortest horizon and did not consistent-
ly improve longer-horizon errors; one final model (Belgium) also 
retained significant residual autocorrelation. On the strict chronolog-
ical holdout, harmonic regression achieved the best overall RMSE 
(1.221) and positive R² (0.242), whereas Random Forest and 
Gradient Boosting both had negative holdout R² values and RMSE 
values around 1.42. The paired country-block bootstrap found no 
meaningful difference between the two machine-learning algo-
rithms. Moreover, Random Forest permutation importance was 
greatest for calendar month rather than country, while scaled secular 
time added no measurable holdout RMSE penalty when permuted. 
These results indicate that the most transferable predictive structure 
in this dataset was primarily regular temporal/seasonal structure, and 
that greater algorithmic complexity did not confer clear out-of-sam-
ple advantage. Google Trends remains attractive as a low-cost, fre-
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Figure 7. Random Forest predictive importance on the chronological holdout. Bars show the increase in holdout RMSE after permutation 
of each feature; error bars show the empirical 95% interval across 200 permutations. Importance is predictive, not causal, and does not 
represent variance explained. RMSE, root mean square error.
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quently updated source of population-level search attention, and the 
broader infodemiological literature supports its use for descriptive 
and hypothesis-generating surveillance.7,8,13 However, the history of 
search-based surveillance12 and the present validation results sup-
port a complementary role only: any application to medication safe-
ty or public-health monitoring should be externally validated against 
independent behavioral, epidemiological, dispensing, sales or 
adverse-event data before operational use. 

Three reporting decisions in this analysis bear directly on how 
the findings should be read. First, the complete extraction protocol 
is specified, so the analysis can be repeated exactly; this matters 
because Google Trends output is sample-based and query-parameter 
dependent, and small differences in category, search property or 
geography specification can materially change the retrieved 
series.17-19 The country panel is a purposive sample of large, high-
penetration, Google-dominant markets, so the results describe those 
settings rather than Europe as a whole, and the eight countries with 
rising attention should not be read as the only European countries in 
which attention is rising. The harmonized generic term measures 
generic-name searching only; because brand penetration differs 
markedly between European markets, the proportion of ibuprofen-
related searching that is captured is not constant across countries, 
which reinforces the decision to confine every comparison to with-
in-country structure. 

 
 

Limitations 
Several limitations define the boundaries of interpretation. First, 

Google Trends provides a sampled, relative index rather than 
absolute query counts, and each country series is independently nor-
malized to its own peak. Absolute RSV levels, means, forecast levels 
and model coefficients identifying countries therefore cannot be 
ranked across countries. A future peak may also rescale the historical 
series when the query is rerun, so forecasts predict the current nor-
malized index rather than a permanently fixed future scale. Google 
Trends sampling can produce run-to-run variability. The extraction 
protocol is now fully specified (Supplementary Table S1) so that the 
query can be repeated exactly, but replicate downloads were not per-
formed, the magnitude of this variability was therefore not quanti-
fied, and a later re-extraction may not reproduce the values exactly. 
The analysis used only the generic search term “ibuprofen”; national 
brand names and Google Trends Topics are not captured, and 
because brand share differs between markets and could drift over 
time within a market, a systematic change in the generic-to-brand 
ratio would bias the estimated trends. Multi-term or Topic-based 
extractions address a different question and would require separate 
downloads. The fourteen countries were selected purposively using 
the criteria set out in the Methods and Supplementary Table S2 
rather than through an exhaustive Europe-wide eligibility frame-
work, so the findings generalize to large, high-penetration, Google-
dominant European markets rather than to Europe as a whole. Only 
five annual cycles were available, limiting inference about long-term 
stability of seasonality and making structural changes during and 
after the COVID-19 period difficult to separate. Residual correla-
tions can still reflect shared unmeasured shocks, platform changes, 
media events, shortages or safety communications23 and should not 
be interpreted causally. Forecast accuracy was horizon-dependent 
and not consistently better than a seasonal-naive benchmark; 
Belgium also showed residual autocorrelation in the final ARIMA 
fit. The predictive models used only country, time and calendar-
month information and therefore test interpolation/extrapolation of 
deterministic temporal structure rather than clinical, behavioral or 

market-level prediction. Google Trends also gives no information on 
who is searching: queries may originate from patients, carers, stu-
dents, health professionals or automated traffic, and the demograph-
ic composition of the searching population is unknown and may dif-
fer between countries and over time.19 Finally, the study has no 
external validation against dispensing, retail sales, respiratory-dis-
ease activity, prescribing, adverse-event reporting or clinical out-
comes. Consequently, the observed signal represents online informa-
tion-seeking and cannot be equated with ibuprofen use, demand, 
morbidity, inappropriate self-medication or pharmacovigilance per-
formance. 

 
 

Conclusions 
Between July 2021 and June 2026, Google search attention for 

ibuprofen showed FDR-significant increases in eight of fourteen 
selected European countries and recurrent winter-centered seasonal-
ity in many series. The analyses that account for seasonality, auto-
correlation and multiplicity provide stronger inference for within-
country trends, while correlations of STL remainders show that 
residual cross-country synchrony is more heterogeneous than sug-
gested by raw-series correlations. Forecasting performance was 
mixed: seasonal ARIMA did not consistently outperform a seasonal-
naive benchmark beyond the shortest horizon, and in the strict 
chronological predictive analysis harmonic regression outperformed 
Random Forest and Gradient Boosting. Random Forest permutation 
importance further indicated that calendar month carried more hold-
out predictive information than country or secular time. These find-
ings support Google Trends as a descriptive source of population-
level online information-seeking, but not as a direct measure of med-
ication consumption or a validated pharmacovigilance instrument. 
External validation against independent clinical, epidemiological, 
dispensing, sales and safety data is required before surveillance 
applications are inferred. 
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