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Abstract: Background: E-health tools have been used to assess the temporal variations of different 

health problems. The aim of our infodemiology study was to investigate the seasonal pattern of 

search volumes for back pain in Italy. Methods: In Italian, back pain is indicated by the medical 

word “lombalgia”. Using Google Trends, we selected the three search terms related to “lombalgia” 

with higher relative search volumes (RSV), (namely, “mal di schiena”, “dolore alla schiena” and 

“dolore lombare”), representing the semantic preferences of users when performing web queries 

for back pain in Italy. Wikipedia page view statistics were used to identify the number of visits to 

the page “lombalgia”. Strength and direction of secular trends were assessed using the Mann–

Kendall test. Cosinor analysis was used to evaluate the potential seasonality of back pain-related 

RSV. Results: We found a significant upward secular trend from 2005 to 2020 for search terms “mal 

di schiena” (τ = 0.734, p < 0.0001), “dolore alla schiena” (τ = 0.713, p < 0.0001) and “dolore lombare” 

(τ = 0.628, p < 0.0001). Cosinor analysis on Google Trends RSV showed a significant seasonality for 

the terms “mal di schiena” (pcos < 0.001), “dolore alla schiena” (pcos < 0.0001), “dolore lombare” (pcos 

< 0.0001) and “lombalgia” (pcos = 0.017). Cosinor analysis performed on views for the page 

“lombalgia” in Wikipedia confirmed a significant seasonality (pcos < 0.0001). Both analyses 

demonstrated a peak of interest in winter months and decrease in spring/summer. Conclusions: Our 

infodemiology approach revealed significant seasonal fluctuations in search queries for back pain 

in Italy, with peaking volumes during the coldest months of the year. 
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1. Introduction 

In the dynamic environment of the web, the term e-health has been broadly used since 

late 1990s to encompass all aspects of the Internet and medicine [1]. Over the years, 

information and communication technology (ICT) for health-related matters has become 

an important source of implementation for traditional health resources [2]. E-health can 

facilitate access to services, reduce healthcare costs and improve the quality of patient care 

[3,4]. Technological advancements offered to policy makers, healthcare professionals and 

researchers represent an opportunity to stimulate positive health behaviours, promote 

prevention and simplify retrieval of information about diseases or treatments [5–7]. As of 

July 2020, 59% of the global population, almost 4.57 billion people, were actively using 

the Internet [8]. As shown in surveys conducted in the United States and Europe, 

searching the Internet for health information is becoming even easier with the rapidly 
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spreading use of health apps on mobile devices [9]. At the same time, the huge amount of 

data generated can be collected, stored and communicated over the web to assist decision 

makers in tailoring precision medicine [10]. The concept of analysing Internet data to 

predict patterns of disease distribution is known as infodemiology, a term coined in the 

early 2000s, when the pioneering work of Professor Gunther Eysenbach showed the 

correlation between Google search volumes for key terms related to influenza and the 

number of influenza cases occurring one week later [11,12]. This was among the earliest 

demonstrations of how patterns of search queries and their changes over time reflected 

public interest towards a specific health-related topic. In the following years, data from 

Google searches obtained through the Google Trends interface have been used to 

investigate seasonal variations of different health problems such as restless leg syndrome 

[13,14], multiple sclerosis [15], depression [16] and bruxism [17]. More specifically, in the 

field of musculoskeletal diseases, Google Trends has been used to evaluate global interest 

and seasonality of searches for rheumatoid arthritis [18,19], systemic lupus erythematosus 

[20,21], ankylosing spondylitis [22], osteoarthritis [23], gout [24] and fibromyalgia [25]. 

Moreover, seasonality of common joint symptoms such as foot and ankle pain [26] or knee 

pain [27] has been assessed. Interestingly, recent studies outlined how, amongst searches 

for painful conditions, back pain was one of the top queries, raising the hypothesis of 

seasonal variations in search trends [28,29]. Back pain is indeed an extremely common 

complaint [30], to the point that in 2015 the estimated prevalence of activity-limiting low 

back pain was 7.3% globally, corresponding to 540 million people suffering from the 

condition [31]. These numbers imply that back pain, and in particular low back pain, now 

represents the first cause of disability in the world [31]. Back pain is experienced by 

individuals of all ages and has a considerable impact on global public health [32]. 

Therefore, as expected, the volume of web searches for back pain have increased 

worldwide in the last years [28] and, since technological advancements have allowed 

people to seek on the Internet healthcare information and advice about medicine and 

treatments, using Internet data to understand the interest in back pain could be of 

relevance for healthcare professionals. As of October 2020, Google led the search engine 

market in Italy with 96.3% of share [33]. Therefore, the analysis of search volumes 

performed with Google has a solid basis supporting its reliability. However, besides 

Google Trends, data also accumulated during Internet search activities on Wikipedia 

pages have been used for research purposes and to build epidemiological models [34,35]. 

An increasing number of investigations have used Google Trends and Wikipedia page 

view data to assess public interest in different health conditions and their seasonal 

variations, providing novel and complementary methods to integrate information from 

traditional sources [36–39]. Therefore, we decided to conduct an ecological infodemiology 

study using Internet data to track search patterns and identify variability in public interest 

for back pain in Italy, specifically aiming at determining periods with highest and lowest 

search popularity. Potential clinical implications of our study are primarily related to the 

application of retrieved data to guide preventative interventions for low back pain and to 

develop specific health programmes to effectively manage and reduce the burden of the 

condition. 

2. Materials and Methods 

2.1. Google Trends Data Availability 

Google Trends (Google Inc., Menlo Park, CA, U.S.) [40] is a free instrument which 

allows researchers to explore data on the frequency of query strings utilized by users 

when performing a search in Google. Data are available from January 2004. To improve 

comparability between search terms, Google Trends data are adjusted to the overall 

volume of searches for a given time frame and geographical location and provided as a 

relative search volume (RSV) ranging from 0 to 100 [41]. To reduce selection bias, Google 

Trends automatically excludes duplicate queries performed by the same user (i.e., 
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identical IP address) within a short period of time [41]. In Google Trends, words or 

phrases can be searched either as search terms (ST, search queries matching for all terms, 

similar to the application of the “AND” Boolean operator) or “topics” (TP), a group of 

related terms that share the same concept in any language [41]. Furthermore, each query 

in Google Trends generates a table of related searches, ranked for either percentage 

increase in RSV or relative frequency (0–100) [41]. The data obtained can be exported as 

comma-separated values (.CSV) files for further manipulation and analysis. 

2.2. Wikipedia Page View Data Availability 

Wikipedia page view statistics [42] is a free instrument available for all Wikipedia 

pages, which allows researchers to ascertain how many people have visited an article 

during a given time frame [43]. Data on visit counts are available from July 2015 and can 

be generated on a daily or monthly basis and according to language-specific Wikipedia 

projects or user platforms (desktop, mobile application, mobile web) [43]. Different from 

Google Trends, each time a user visits or reloads a Wikipedia page, a new count is 

generated [43]. The data retrieved can be exported as comma-separated values (.CSV) files 

for further manipulation and analysis. 

2.3. Search Process and Data Retrieval 

On 26 April 2020, we performed a Google Trends search to identify queries in the 

“health” category related to back pain in Italy on a month-by-month basis, from January 

2004 to April 2020. To select the search terms or topic that best fitted the user preference 

in performing back pain-related searches, we followed a systematic approach. First of all, 

we searched the ST “lombalgia” (medical term used in Italy to describe low back pain) 

and “dolore” (corresponding to generic “pain” in the Italian language) and explored 

related searches after ranking for their RSV. Subsequently, we selected the three search 

terms that resulted in the higher RSVs (“mal di schiena”, “dolore alla schiena”, “dolore 

lombare”) while at the same time reflecting a precise intention of the user to retrieve 

information on back pain. Furthermore, we performed a Wikipedia page view search to 

retrieve the number of visits to the page “Lombalgia” [44] from 1 July 2015 to 30 April 

2020. Data were retrieved for searches from all platforms on the project it.wikipedia.org. 

2.4. Statistical Analysis 

Reporting of results was compliant with a previously published Checklist for the 

Documentation of Google Trends Use [38]. To graphically evaluate the temporal trend for 

individual search terms, we plotted time series data using the Locally Weighted Scatter 

Plot Smoothing (LOESS) function [45]. LOESS is a nonparametric method where least 

squares regression is performed in local neighbourhood subsets of data, smoothing 

numerical vectors. LOESS curves are mainly used to reveal trends and cycles in data that 

might be difficult to model with a parametric curve. To assess the significance of temporal 

trends in back pain-related Google searches, the Mann–Kendall test [46,47] was used. The 

Mann–Kendall is a nonparametric test to statistically assess if there is a monotonic upward 

or downward trend of the variable of interest over time, and it is based on the difference 

in signs between earlier and later data points of a time series. The strength and direction 

of the trend is represented by the τ (tau) value (positive = upward, negative = downward). 

Cosinor analysis was used to evaluate the potential seasonality of back pain-related RSV. 

Cosinor-based techniques have been extensively adopted to analyse time series in 

chronobiology [48]. In short, cosinor analysis fits a sinusoid to the experimental data 

according to the following equation: 

Y(t) = M + Acos(2πt/τ + ϕ) + e(t) (1)

where M is the MESOR (Midline Statistic of Rhythm, a rhythm-adjusted mean), A is the 

amplitude (a measure of the amplitude of the variation of the peak from the baseline), ϕ 
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is the acrophase (a measure of the time of the peak), τ is the period (duration of one cycle) 

and e(t) is the error term. Since the included variables were continuous, a Poisson model 

was fitted. The cosine model consists of sine and cosine terms that together identify the 

sinusoid. Therefore, it contains two p-values, one of which was shown as recommended. 

To control the false discovery rate caused by multiple testing, the criterion of significance 

was set at p < 0.025. Data processing and analyses were conducted using the R software, 

V.3.4.4 (R Core Team, Auckland, New Zealand) using the “season”, “kendall” and 

“ggplot2” packages. 

2.5. Ethical Considerations 

Ethical approval was deemed unnecessary because data were provided in aggregate 

form with no person-identifiable information; further explanations on personal data pro-

tection are available on the Google privacy policy website [49]. 

3. Results 

3.1. Secular Trend of Google Searches for Back Pain 

Visual inspection of the time series plot with LOESS smoothing suggested an increas-

ing secular trend of RSV for the search terms “mal di schiena” (Figure 1 panel A), “dolore 

alla schiena” (Figure 1 panel B) and “dolore lombare” (Figure 1 panel C). No clearly iden-

tifiable trend was evident for the search term “lombalgia” (Figure 1 panel D). Mann–Ken-

dall analysis confirmed a significant upward secular trend for the search terms “mal di 

schiena” (τ = 0.734, p < 0.0001), “dolore alla schiena” (τ = 0.713, p < 0.0001) and “dolore 

lombare” (τ = 0.628, p < 0.0001) and a significant, although less pronounced downward 

trend for the search term “lombalgia” (τ = −0.128, p = 0.009).  

 

Figure 1. Time series plot Locally Weighted Scatter Plot Smoothing (LOESS) of relative search volumes (RSV) for the 

search terms “mal di schiena” (panel A), “dolore alla schiena” (panel B), “dolore lombare” (panel C), “lombalgia” (panel 

D) from January 2004 to April 2020. 

3.2. Analysis of Seasonality 
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The cosinor analysis on RSV obtained from Google Trends searches based on 196 

monthly observations showed a significant seasonality for the search terms “mal di 

schiena” (A = 3.63, ϕ = 11.8, low point month = 5.8, pcos < 0.001) (Figure 2 panel A), “dolore 

alla schiena” (A = 5.12, ϕ = 1.3, low point = 7.3, pcos < 0.0001) (Figure 2 panel B), “dolore 

lombare” (A = 3.73, ϕ = 12.3, low point = 6.3, pcos < 0.0001) (Figure 2 panel C) and “lombal-

gia” (A = 1.69, ϕ = 12.4, low point = 6.4, pcos = 0.017) (Figure 2 panel D), demonstrating a 

peak in RSV for back pain-related search terms in the central winter months and a de-

crease at the beginning of summer. 

Furthermore, we analysed the monthly views for the page “lombalgia” in Wikipedia. 

Cosinor analysis, performed on the available time frame (July 2015–April 2020, 58 obser-

vations) confirmed a significant seasonality (A = 117.33, ϕ = 10.2, low point = 4.2, pcos < 

0.0001) with a peak in early winter and a decrease in spring. 

 

Figure 2. Seasonal fluctuations for the terms “mal di schiena” (panel A), “dolore alla schiena” (panel B), “dolore lombare” 

(panel C) and “lombalgia” (panel D) based on Cosinor analysis on Google Trends relative search volumes (RSV) from 196 

monthly observations from January 2004 to April 2020. 

4. Discussion 

E-health tools are increasingly being used in the healthcare sector by both patients 

and providers, with broad potential applications [50]. Low back pain is a multifactorial 

condition caused by the interaction of genetic, physical, psychological and occupational 

factors, with a complex pathophysiology [51]. The aim of our study was to investigate the 

seasonal variation in back pain-related searches in Italy through an infodemiology ap-

proach. Results obtained from the analysis of Google Trends search volumes and Wikipe-

dia page view statistics demonstrated a significantly peaking interest towards back pain 

during the winter months. 

Several mechanisms may account for the observed seasonality of back pain. First of 

all, it is already known and commonly accepted that meteorological variables such as tem-

perature and humidity can modulate chronic pain [52–57]; in particular, in individuals 
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with chronic low back pain, specific weather conditions (e.g., ambient temperature and 

vapor pressure) are assumed to affect pain perception [58]. Although these effects are 

small in magnitude, considering meteorological parameters as potential modulators of 

pain perception entails possible implications for clinical management of patients with 

chronic low back pain. To this purpose, environmental variables can be manipulated in 

the home or work setting in order to achieve optimal conditions for minimizing the impact 

on musculoskeletal pain. 

On the other side, literature findings regarding the association between weather and 

back pain are still inconsistent, with studies showing no effects of meteorological param-

eters on the onset of back pain or on the intensity of symptoms during an exacerbation 

[59,60]. At polar latitudes, less chronic musculoskeletal pain has been described in winter 

compared to summer [61], but the variation, although statistically significant, was mini-

mal, with questionable clinical relevancy. Moreover, hospital admissions for back pain 

exacerbations were found to be unrelated to average temperature or rainfall [62]. 

Physical activity is a well-recognized barrier to the development of musculoskeletal 

pain. A recent meta-analysis of cross-sectional studies demonstrated that people engaged 

in medium level physical activity have a 10% lower risk of low back pain when compared 

to those engaged in low level physical activity [63]. A clear seasonality has been demon-

strated in average levels of physical activity, with leisure-time energy expenditure ap-

proximately 15–20% higher during spring and summer [64]. On this basis, another poten-

tial explanation of the observed seasonal variation in back pain may be attributable to a 

more sedentary lifestyle during the winter months. Complementarily, cold season is as-

sociated with a change in eating patterns (resulting in a higher caloric intake), contributing 

to an increase in body weight peaking in winter [65]. Obesity, in turn, is a well-recognized 

risk factor for the development of back pain [66]. 

Another possible explanation for our findings is the correlation between back pain 

and vitamin D status. It is well established that vitamin D plasma levels are influenced by 

seasonal variations, with highest values reported in summer [67]. A relationship between 

vitamin D status and low back pain has been extensively demonstrated in literature, with 

stronger associations observed in younger women and those with markedly reduced lev-

els of vitamin D [68]. Severity of vitamin D deficiency has also been postulated to be caus-

ally associated with chronic low back pain, with increasing intensity of symptoms in pa-

tients with lower vitamin D levels [69,70]. 

Furthermore, it is possible to speculate that seasonal fluctuations observed in the RSV 

for back pain in Italy may be influenced also by other factors, for instance the differences 

in footwear used by the population between winter and summer, with potential implica-

tions on the development of postural back pain symptoms [71,72]. 

However, it could be argued that the retrieved seasonal pattern might be explained 

by the highest use of the web during winter months when people spend more time at 

home. Anyway, results obtained through the Google Trends platform represent relative 

volumes normalized on overall search engine traffic and therefore less likely to be influ-

enced by reduced web usage; furthermore, it should be pointed out that several earlier 

studies focusing on different health topics showed seasonal variations with Internet 

searches peaking in summer [13,24,26,73,74]. 

Additionally, a limitation of our research, intrinsically related to the nature of info-

demiology studies, is that the analysis of Google Trends is only able to capture the search 

behaviour in a given period of time and geographic area, representing the interest people 

have in a topic, which in the case of back pain does not necessarily reflect the actual num-

ber of individuals experiencing the symptom. As shown by previous evidence, web que-

ries may be influenced by other variables not included in our study. News regarding ce-

lebrities may have a significant impact on the public opinion, with a consequent increase 

in web search volumes [19,75,76]. Moreover, global initiatives to raise awareness on med-

ical conditions may influence Internet search query activity [77] and, in the specific case 

of low back pain, we can’t exclude that World Spine Day taking place every year on 16 
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October might have contributed to the increase in interest observed in early winter. The 

major strengths of our study are the large amount of data, the long observation period 

and the analysis of two complementary sources, namely, Google Trends and Wikipedia. 

Nevertheless, some limitations need to be acknowledged. We analysed the seasonality of 

searches for back pain only in Italy; therefore, our results cannot be generalized to other 

countries. However, the value of our methodology consisted in the use of common lan-

guage “everyday words”, requiring a deep knowledge of local semantics for back pain 

symptoms in different geographical and linguistic areas. Moreover, web data do not allow 

researchers to gather demographic information about the users, thus precluding the op-

portunity to stratify our findings in specific subpopulations and analyse differences be-

tween men and women or in different age groups. Hence, our results can only be inter-

preted at a general Italian population level. 

5. Conclusions 

In conclusion, our infodemiology approach revealed significant seasonal fluctuations 

in search queries for back pain in Italy, with peaking volumes during the coldest months 

of the year. According to previous literature, weather conditions, physical activity or vit-

amin D status might explain, at least in part, the observed seasonal pattern. Despite intro-

ducing an intriguing hypothesis, our findings should be considered preliminary and re-

quire clinical validation; furthermore, possible mechanisms behind the seasonality of back 

pain need to be further elucidated. If confirmed in future studies, the winter-peaking sea-

sonality of back pain could be exploited for implementing prophylactic strategies, e.g., 

encouraging seasonally tailored physical activity programs and calorie restriction or pro-

moting recognition and management of vitamin D deficiency when appropriate. 
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