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Abstract 

Digital life does not flow evenly across the calendar—instead, it fluctuates and surges in line with the 

rhythms of work, rest, vacation, and digital disengagement. By examining longitudinal data from the 

.CZ top-level domain, we demonstrate that domain registrations display pronounced seasonal patterns: 

they fall during the summer and December holidays, and rebound in early spring and late autumn. 

Using passenger air-travel and hotel-stay statistics as proxies for vacation intensity, our modeling results 

suggest significant associations between leisure periods and reduced registration activity. We conclude 

that digital infrastructures, far from being insulated from offline rhythms, are actively shaped by 

seasonal patterns of digital disengagement, challenging the view of digital activity as smooth and 

continuous. This calls for models that recognize human seasonality at the core of digital ecosystems.. 
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Introduction 

Digital infrastructures are techno-social systems that reflect not only technical design but also 

economic activity, institutional behavior, and cultural rhythms [1, 2]. As the foundational identifiers of 

the Domain Name System [3], domain names provide a unique window into how online ecosystems 

respond to societal and temporal patterns. The Czech national domain (.cz) offers a striking example: 

its registration series exhibits a stable, recurring seasonal pattern - peaks in March and November, a 

pronounced summer trough, and a sharp December drop [4] (see Figure 1). 
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Although these seasonal swings have long been visible, their causes have remained intuitive and 

untested. What drives this highly regular pattern? 

Seasonality is a well-established phenomenon across diverse sectors. Retail and fashion demand 

typically surges during holiday periods and end-of-season clearances [5–9]; agricultural production and 

food security remain tightly bound to climatic cycles such as temperature and rainfall [10, 11]; tourism 

exhibits strong annual, monthly, and weekly fluctuations driven by weather, cultural events, school 

holidays, and institutional calendars [12–14]; and electricity consumption shows marked seasonal 

variation linked to heating, cooling, and daylight patterns [15].  

There are clear benefits to understanding the strong seasonal pattern in .cz registrations: accurate 

demand forecasting enables efficient resource allocation and system reliability during peak periods; 

off-season troughs create natural windows for maintenance, targeted promotions and discounted 

pricing; marketing campaigns timed for periods of high activity achieve greater effectiveness; and 

seasonally adjusted metrics prevent declines driven by structure from being misinterpreted as market 

weakness. 

Despite its practical relevance for registries, businesses, and Cybersecurity, seasonality in domain 

registrations remains largely unexplored. One study of the .pl TLD noted summer and winter declines 

and speculatively linked them to holidays [16], but provided no empirical test. Industry reports focus 

almost exclusively on year-on-year growth [17–21] and rarely discuss intra-annual patterns or their 

causes. 

Drawing on seasonality research in other sectors, we propose that the recurring .cz pattern stems 

from culturally driven shifts toward vacation and digital disengagement. During summer and December 

holidays, individuals and organizations place less importance on administrative digital tasks in favor of 

offline leisure, family time, and recovery [22]. People increasingly practice various forms of “digital un-

use” and boundary-setting to escape constant connectivity [23], ranging from temporary disconnection 

and “digital detox” [24, 25] to broader rejection or replacement of information systems [26]. Motives 

include fatigue, privacy concerns, and well-being protection [27, 28, 29], while attention during travel 

shifts from administrative to leisure-oriented internet use [31, 32]. At the organizational level, 

employee vacation absences disrupt workflows and delay non-urgent projects [33, 34], making domain 

registration particularly prone to postponement. Conversely, restricted offline leisure during COVID-19 

lock-downs triggered surges in online activity [35], confirming that digital engagement rises when real-

world alternatives are unavailable. 

Figure 1: Seasonal pattern of domain registrations in the .cz Top level domain (TLD) (source: 
authors) 
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We therefore hypothesize an inverse relationship: .cz domain registrations decrease when vacation 

intensity rises (especially summer and winter holidays) and increase during low-vacation periods (first 

quarter and late autumn). 

Methodology 

For our analysis, we utilized data on monthly registrations of second-level domains under .CZ from 

the database of the ADAM project (one of the Research and Development projects of CZ.NIC), spanning 

a period from January 2021 to December 2024.  

To investigate the vacation patterns, we opted for two parallel approaches assessing the seasonal 

vacation and leisure activities. Firstly, we utilized Eurostat’s data on the count of commercial flights [36] 

which captures scheduled and non-scheduled commercial air flights performed under Instrument 

Flight Rules (IFR) and reported by the Czech Republic. While the data reflect the overall volume of air 

traffic to and from the country rather than the nationality of travelers, we use it as a proxy for 

international travel demand, including Czech residents’ trips to foreign vacation destinations. Secondly, 

we utilized data on hotel overnight stays available from the Czech statistical office’s public database 

[37] which captures the occupancy of collective accommodation establishments by residents of the 

Czech Republic, providing an intra-state proxy variable for vacationing. For the count of flights and hotel 

overnight stays, we computed monthly differences (i.e., the values denote the difference from the 

previous month) which we used as predictors in our models because they provide more stable variance 

than monthly counts (see figure 2). 

 

 

 

 

To test our hypothesis, we employed generalized additive mixed models (GAMMs, see [38, 39, 40]) 

using the mgcv package (ver. 1.9-1) for the R language [41]. This approach allowed flexible, non-

Figure 2: Seasonal counts and monthly differences of flights registered in the Czech Republic and hotel 
overnight stays in the Czech Republic (2021 – 2024, x-axes denote months) (source: authors) 
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parametric estimation of non-linear relationships between monthly .cz domain registrations and the 

predictors, without assuming a specific functional form. The final model included:  

• an intercept,  

• a smooth long-term trend over years (thin-plate regression spline),  

• a tensor-product smooth interaction between month (cyclic) and monthly deviation in 

international flight volume (a proxy for vacation intensity). 

No additional linear predictors were retained. The model was estimated by restricted maximum 

likelihood (REML). Residual autocorrelation was accounted for by including a first-order autoregressive 

(AR1) structure. Model performance and selection were assessed using the adjusted coefficient 

of determination (adjusted R²), Akaike Information Criterion (AIC), and Bayesian Information 

Criterion (BIC). All three criteria indicated excellent fit and strongly supported retention of both 

the long-term trend and the vacation-proxy interaction smooth terms. 

Results 

We present results of two adjacent models. In both, GAMMs were employed to analyze the count 

of registrations. The response variable was assumed to follow a negative binomial distribution to 

accommodate overdispersion and it was modeled using the log link function. The linear predictors 

comprised of one univariate smooth and one tensor product smooth. The univariate thin plate smooth 

adjusted for a yearly trend.  

In the first model (GAMM 1), the tensor product term specified an interaction between the monthly 

time-flow and the monthly difference between the count of flights, using cyclic cubic regression spline 

and thin plate regression spline respectively. In the second, parallel model (GAMM 2), we substituted 

the flight difference predictor in the tensor product term with the hotel overnight stays monthly 

difference as an alternative adjustment for vacation patterns.   

In figure 3, the results are plotted. Note that in the interaction plots (second row), the x-axes 

represent the monthly time flow and the y-axes represent the monthly difference in the number of 

flights and hotel overnight stays, respectively. The color scale (with the same limits in these two plots) 

shows the estimated change in the number of domains (red indicates an increase and blue indicates a 

decrease). Furthermore, the grey lines superimposed on the graph indicate areas of practical interest 

where actual differences in flights and hotel overnight stays were historically observed. Bear in mind 

that the y-axes for the differences show how the total number of flights and stays has changed 

compared to the previous month. Negative values denote a decrease in total flights or stays in a given 

month, even when the values increase—as long as they remain negative. Conversely, decreasing 

positive values do not indicate fewer total flights or stays in a given month, but rather a decrease in the 

difference compared to the previous month. For example, a flight difference of 1,100 denotes a smaller 

increase in flights compared to a previous month when the difference was 2,626 flights; both, however, 

denote a positive increase in total flights. The dotted grey line denotes zero difference. 
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While both models estimated a non-significant relationship with the yearly trend (see the first row 

in figure 3), the tensor product interactions wiggled differently from zero. In the first model (see the 

left-hand side column in figure 3, second row), the tensor product interaction between the monthly 

time-flow and monthly flight differences was different from zero (p < .0001) and suggests both positive 

and negative relationships with the domain registration count. Following the practically interesting 

areas near the historically observed values of flight differences, the first positive relationship was 

estimated from January to April as the monthly flight difference gradually turns from a decrease to an 

increase. Here, the size of the relationship gradually decreases as the months go by and air travel 

simultaneously rises. Then, since May, the relationship turns negative, reaching largest negative 

estimates during June (when the flight difference culminates) and July, and then gradually decreases in 

size up to September (and partially October) as the positive flight difference gradually decreases too 

and becomes negative. In October and November, the relationship becomes positive again, just as the 

flight differences dip to their lowest seasonal values. Finally, in December, the relationship rapidly turns 

negative as the flight difference sharply increases above zero. 

In the second model (see right-hand side column in figure 3), the tensor product interaction between 

the monthly time-flow and hotel overnight stays was different from zero (p < .0001) and suggests 

similar, although slightly differently located relationships. Following the practically interesting areas 

close to historically observed hotel overnight stays monthly differences, the first positive relationship 

spans from January to April where the hotel overnight stays differences oscillate around zero (between 

-195 thousand and 597 thousand stays). Then, between May and September, the relationship turns 

negative with the stays difference gradually increasing and culminating in July, together with the size 

of the negative relationship. With August, a rapid downfall in hotel overnight stays occurs, reaching the 

lowest values in September, and the size of the negative relationship gradually decreases close to zero. 

In October, the stays difference rises to negative values closer to zero (compared to the August-

September dip) and the relationship turns positive, remaining so in November too. Lastly, in December, 

 

Figure 3: Modeling results. Left-hand side column shows results of GAMM 1, right-hand side 
shows results of GAMM 2 (source: authors) 
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the relationship seems to become neutral, with stays difference values just slightly less negative than 

in the previous two months.  

In figure 4, the partial effect of the interaction between the monthly time-flow and the monthly 

flight difference from GAMM 1 was used to predict the count of domain registrations to illustrate the 

relationship on the original scale.  

The graph reveals that domain registrations in the first quarter are higher (with central tendencies 

between 18.3 and 20.8 thousand) than in the period between June and September (central tendencies 

between 12 and 15.4 thousand). In October and November, predictions range between 18.4 and 22 

thousand domain registrations. Then, during the December decrease, the prediction lay somewhere 

between 15.2 and 16.4 registered domains. 

In regard to performance, the first model provided a better fit to the data (adjusted R2 = 0.614, BIC 

= -60.1, AIC = -75.07) than the second model (adjusted R2 = 0.592, BIC = -41.76, AIC = -56.73). Moreover, 

in figure 5, predictions from GAMM 1 are plotted together with historical values, showing that the 

model mostly captures the seasonal variation well.  

Figure 4: GAMM 1 interaction term partial effect predictions (source: authors) 
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Conclusion and Discussion 

We hypothesized that monthly .cz domain registrations follow an inverse seasonal pattern to 

vacation intensity: higher when people are at work and lower during peak leisure periods. Two 

independent negative binomial generalized additive models (GAMs) — one using monthly deviations 

in international flight volumes and the other using deviations in hotel overnight stays as vacation 

proxies — provide strong and consistent support for this hypothesis. Both models reveal a remarkably 

similar seasonal structure:  

• Registrations rise during the first quarter (January–March) and again in the fourth quarter 

(October–November) when vacation activity is low.  

• They fall sharply throughout the main summer vacation season (June–September) and drop 

again in December, coinciding with Christmas and New Year holidays. 

The flight-based model produces particularly clean results: negative deviations in flight volume (off-

season) are associated with clear increases in registrations, while strong positive deviations (summer 

and December peaks) correspond to pronounced troughs. The secondary October–November rebound 

is also accurately captured once flight volumes decline after the summer rush. The hotel-overnight-

stay model exhibits the same overall pattern, although with somewhat noisier estimates, probably 

because domestic and short-stay tourism introduces greater variability. Taken together, the 

convergence of two independent proxies on the same conclusion — domain registrations 

systematically decrease when vacation activity increases — rules out proxy-specific artifacts and 

considerably strengthens the evidence. These results resonate with several strands of existing research. 

They mirror well-documented patterns of intentional digital disengagement and “unplugging” during 

vacation periods, when individuals and organizations deliberately reduce online commitments in favor 

of offline leisure, family time, and recovery [42, 43]. The opposite dynamic observed during COVID-19 

lock-downs, when restricted travel triggered surges in online activity [44], further confirms that offline 

leisure opportunities are a key driver of digital engagement rhythms. The findings also align with 

established seasonal phenomena in other domains: tourism demand exhibits strong recurring cycles 

 

Figure 5: GAMM 1 seasonal predictions (source: authors) 
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that affect entire regional economies [45]; retail and fashion sectors display systematic peaks and 

troughs driven by holiday and vacation calendars [46]; internet traffic and network usage follow 

pronounced seasonal patterns that improve forecasting when explicitly modeled [47]; and previous 

studies of domain registration processes themselves have repeatedly identified weekly and yearly 

seasonality as a critical component [48].  

In conclusion, although the .cz zone shows a modest long-term upward trend when viewed annually, 

within-year fluctuations are large, highly structured, and tightly linked to culturally defined vacation 

periods rather than random noise. Analyzing only yearly aggregates would conceal these meaningful 

dynamics and lead to underestimation of their magnitude and timing. Recognizing domain registration 

behavior as a genuine techno-social phenomenon, not only shaping, but also shaped by human 

rhythms of work, rest, and cultural calendars [49], has immediate practical implications: vacation-

aware indicators can improve forecasting models, registry statistics must be interpreted with seasonal 

context in mind, and policy or marketing interventions should account for these predictable cycles of 

digital withdrawal and re-engagement. 
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