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ABSTRACT 

Understanding the temporal dynamics and cultural determinants of generative AI adoption is essential for 
informed policymaking and effective deployment. This study presents a high-frequency, culture-aware analysis 
of public interest in ChatGPT within the United Arab Emirates (UAE), utilizing daily Google Trends data from 
April 2024 to May 2025. The objective is to dissect temporal patterns, assess volatility and event 
responsiveness, and benchmark predictive models for short-term forecasting. The methodology integrates time 
series decomposition (STL), volatility modeling (GARCH), anomaly detection, and autocorrelation analysis 
to uncover behavioral drivers. Special attention is given to cultural phenomena—particularly the effect of 
Ramadan—on usage patterns. A comparative forecasting experiment evaluates four models: SARIMA, 
Prophet, N-HiTS, and a feature-engineered Random Forest. The analysis reveals: (1) a sustained upward trend 
in ChatGPT interest; (2) a strong weekly cycle centered on the workweek; (3) event-driven volatility spikes 
linked to model releases and holidays; (4) a culturally induced drop in engagement during Ramadan; and (5) 
Random Forest outperforming all other models with a MAPE of 10.65%. This is the first empirical study to 
combine high-frequency trend analysis, cultural calendar effects, volatility modeling, and machine learning 
forecasting in the context of AI adoption in the MENA region. It introduces a novel, interpretable framework 
for real-time monitoring and forecasting of digital innovation diffusion, offering strategic insights for 
policymakers, educators, and AI developers operating in culturally dynamic settings. 

KEYWORDS: Chatgpt Adoption; Google Trends; UAE; High-Frequency Time Series; GARCH; Cultural 
Analytics; Ramadan Effect; Machine Learning Forecasting; Random Forest; Digital Behavior Modeling; 
SARIMA; Prophet; N-Hits. 
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1. INTRODUCTION AND LITERATURE 
REVIEW 

The unprecedented rise of generative artificial 
intelligence (AI), exemplified by OpenAI's ChatGPT, 
is fundamentally transforming policy-making, 
education, and commerce at an accelerated pace [1, 2, 
3, 20, 27, 22]. Capturing the nuances of this rapid 
diffusion is imperative for multiple stakeholders: 
policymakers require timely and granular evidence 
to formulate responsive regulatory frameworks; 
educational institutions must adapt curricula and 
assessment methodologies to align with emerging AI 
capabilities; and businesses seek to harness AI-
driven innovations to maintain competitiveness in 
fast-evolving markets [3, 4, 23, 37]. 

Empirical investigations have demonstrated 
ChatGPT's impact on lifelong learning paradigms, 
workforce upskilling, and the evolution of research 
practices in the social sciences [5, 6, 36, 20, 30]. Shifts 
in information-seeking behavior across linguistic and 
cultural contexts underscore the technology's 
integration into everyday life [4, 32, 39]. 

Tools like ChatGPT are becoming central to 
shaping public attention trajectories and digital 
engagement trends, further embedding themselves 
into the socio-technological fabric [21, 30]. 

High-frequency digital data sources—particularly 
Google Trends—offer a timely and scalable means of 
capturing behavioral signals related to technology 
adoption [8, 9, 10, 11, 34]. These data have been 
widely employed in domains such as economic 
forecasting [11, 12], health surveillance [10]. 

They have also been utilized to model commodity 
price fluctuations [34], monitor cybersecurity threats 
[38], and study behavioral trends during global crises 
[13]. In education, these tools inform pedagogical 
decisions and research into AI-assisted learning 
processes [5, 39, 23]. 

This study contributes a novel, high-resolution, 
and culturally informed exploration of generative AI 
adoption using daily Google Trends data for the 
United Arab Emirates (UAE)—a country recognized 
for its leadership in digital innovation and AI policy 
through initiatives such as the UAE National AI 
Strategy and the Falcon 40B model [14, 15, 29]. 

While studies on AI adoption are rapidly 
expanding, the UAE context offers a distinctive 
opportunity to observe the interplay between fast-
paced digital transformation and culturally 
embedded temporal dynamics, such as those 
introduced by Ramadan and National Day 
observances [16, 17, 19]. These calendar-driven 
behaviors provide critical context for understanding 
nonlinear user engagement patterns [33] and 

underscore the importance of culturally attuned 
models for digital behavior forecasting [3, 17, 24, 31]. 

This research is the first to provide a high-
frequency, culture-aware analysis of ChatGPT 
adoption dynamics in the UAE.  
It advances the literature through the following 
four contributions: 

1. Daily-resolution adoption mapping: The first 
empirical portrait of ChatGPT engagement in 
the UAE at a daily granularity, unveiling intra-
week seasonal rhythms and growth 
trajectories often overlooked in coarser 
temporal analyses. 

2. Culture-aware behavioral analytics: A novel 
methodology for detecting the influence of 
cultural calendars—specifically Ramadan—on 
search interest patterns, emphasizing the 
societal context of AI diffusion. 

3. Methodological integration: A unified 
analytical pipeline incorporating STL 
decomposition, GARCH volatility modeling, 
anomaly detection, and both classical and 
machine learning forecasting techniques, 
offering a comprehensive understanding of 
trend, volatility, and predictability. 

4. Forecasting innovation: Demonstration that a 
feature-engineered Random Forest model 
outperforms traditional (SARIMA), adaptive 
(Prophet), and deep learning (N-HiTS) 
approaches in short-term prediction of AI-
related behavioral data. 

By combining time series modeling, cultural 
insights, and machine learning benchmarks, this 
study establishes a pioneering framework for real-
time analysis of digital technology adoption in a 
culturally dynamic and technologically progressive 
nation. 

The overarching goals are to characterize the 
micro-dynamics of AI engagement, assess the role of 
cultural cycles, and set robust forecasting baselines 
that inform AI policy, education, and outreach in the 
Gulf region. 

2. METHODS 

This section outlines the methodological pipeline 
of the study, which progresses from data acquisition 
and pre-processing to advanced time series 
decomposition, volatility modeling, anomaly 
detection, and forecasting using both classical and 
machine learning models. 

2.1. Data Acquisition and Pre-Processing 

Daily Google Trends data for the search term 
"ChatGPT" in the United Arab Emirates were 
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collected from April 1, 2024, to May 31, 2025. Google 
Trends normalizes search values to a scale of 0 to 100.  
The data were pre-processed by: 

 Removing duplicates by retaining only the first 
entry per date; 

 Standardizing the index to a daily frequency to 
ensure completeness and temporal 
consistency; 

 Dividing the dataset into:  
o Training set: April 1, 2024 – April 1, 2025; 
o Test set: April 2, 2025 – May 31, 2025 (60 days). 

2.2. Time Series Decomposition and Volatility 
Modeling 

2.2.1. Stl Decomposition 

To extract trend and seasonal components, we 
applied STL (Seasonal-Trend-Loess) decomposition 
[25].  
The additive form of STL decomposition is 
expressed as: 

𝑌𝑡 = 𝑇𝑡 + 𝑆𝑡 + 𝑅𝑡 
where: 

 𝑌𝑡is the observed value at time 𝑡, 

 𝑇𝑡is the smoothed trend, 

 𝑆𝑡is the seasonal component (weekly, period = 
7), 

 𝑅𝑡is the residual component. 
STL uses local regression to decompose the signal 

and is robust to outliers and missing values [45, 43, 
46]. 

2.2.2. GARCH Model for Volatility 

To model time-varying volatility in public 
attention, we applied a GARCH (1,1) model to the 
logarithmic returns of the series: 

𝑟𝑡 = log (
𝑃𝑡
𝑃𝑡−1

) 

The conditional variance is defined as: 
𝜎𝑡
2 = 𝜔 + 𝛼1𝑟𝑡−1

2 + 𝛽1𝜎𝑡−1
2  

where: 

 𝜔is the constant term, 

 𝛼1captures reaction to new shocks, 

 𝛽1captures volatility persistence. 
A high 𝛼1 + 𝛽1close to 1 indicates persistent 

volatility, reflecting clustering in public attention 
[26]. 

2.2.3. Anomaly Detection 

We used Z-scores on residuals 𝑹𝒕from the STL 
decomposition to detect anomalies: 

𝑍𝑡 =
𝑅𝑡 − 𝜇𝑅
𝜎𝑅

 

where 𝜇𝑅and 𝜎𝑅are the mean and standard 
deviation of residuals. A threshold of |𝑍𝑡| > 2.5was 

used to flag significant deviations. 

2.3. Forecasting Models 

We evaluated four forecasting methods with 
different theoretical underpinnings to ensure 
diversity and robustness. 

2.3.1. Sarima 

The Seasonal Autoregressive Integrated Moving 
Average (SARIMA) model is denoted: 

𝑆𝐴𝑅𝐼𝑀𝐴(𝑝, 𝑑, 𝑞)(𝑃, 𝐷, 𝑄)𝑚 
where: 

 𝑝, 𝑑, 𝑞: non-seasonal AR, differencing, and MA 
orders, 

 𝑃, 𝐷, 𝑄: seasonal AR, differencing, and MA 
orders, 

 𝑚: seasonal period (7 days for weekly 
seasonality). 

Model orders were informed by Autocorrelation 
and Partial Autocorrelation plots (ACF/PACF). 

2.3.2. Prophet 

Prophet [28, 44] is a modular regression model with 
additive components: 

𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝜀𝑡 
where: 

 𝑔(𝑡): trend (piecewise linear), 

 𝑠(𝑡): seasonality via Fourier terms, 

 ℎ(𝑡): effects of holidays (not used here), 

 𝜀𝑡: residual error. 
We configured Prophet to use multiplicative 

seasonality to capture growing oscillations. 

2.3.3. N-Hits 

N-HiTS (Neural Hierarchical Interpolation for 
Time Series) is a deep learning model designed for 
multiscale forecasting [41, 42, 40].  
It decomposes a signal using a hierarchical block 
architecture: 

𝑦
^

𝑡+ℎ =∑𝑓𝑖

𝐾

𝑖=1

(𝑥𝑡) ⋅ 𝜙𝑖(ℎ) 

where: 

 𝑓𝑖(𝑥𝑡): learned block-specific transformations, 

 𝜙𝑖(ℎ): basis functions for forecasting horizon ℎ, 

 𝐾: number of blocks. 
It implicitly captures multi-frequency patterns 

and leverages attention mechanisms for long-range 
dependencies [18]. 

2.3.4. Random Forest with Feature Engineering 

The Random Forest regressor builds an ensemble 
of decision trees, each trained on bootstrapped 
samples. For time series use, we created an 
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engineered feature set: 

 Calendar Features: Day of week, month, day 
of year; 

 Lag Features: Lags of 1, 7, 14, 30, 60 days; 

 Rolling Statistics: 7-day rolling mean and 
standard deviation. 

The model prediction is the mean of all decision 
trees: 

𝑦
^

𝑡 =
1

𝐵
∑𝑇𝑏

𝐵

𝑏=1

(𝑥𝑡) 

where 𝑇𝑏is the 𝑏-th tree and 𝐵is the total number 
of trees. 

2.4. Evaluation Metrics 

We used three standard forecasting accuracy 
metrics: 

𝑀𝐴𝐸 =
1

𝑛
∑|

𝑛

𝑖=1

𝑦𝑖 − 𝑦
^

𝑖|𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝑦
^

𝑖)
2𝑀𝐴𝑃𝐸 =

100%

𝑛
∑(

𝑦𝑖 − 𝑦
^

𝑖

𝑦𝑖
)

𝑛

𝑖=1

 

MAPE was the primary comparison criterion due 
to its interpretability and scale-independence. 

2.5. Implementation Details 

All analyses were conducted in Python 3.10 and R 
4.3. Time series decomposition used the statsmodels 
STL implementation (v0.14) with default robustness 
settings. GARCH (1,1) was fitted using the arch 
package (v5.0). For forecasting: SARIMA orders were 
selected via automated model selection using 
auto.arima() from the R forecast package (v8.21) with 
stepwise search enabled; Prophet was implemented 
using the prophet package (v1.1) with multiplicative 
seasonality and default changepoint settings; N-HiTS 
was trained using the neuralforecast library (v1.6) 
with default architecture (3 stacks, 2 blocks per stack) 
and early stopping after 100 epochs; Random Forest 
used scikit-learn (v1.3) with 500 trees, maximum 
depth unconstrained, and minimum samples per leaf 
set to 5. 

3. ANALYSIS AND DISCUSSION 

This section presents a detailed analysis of the 
empirical results, discussing the implications of each 
finding in the context of technology adoption and 
cultural dynamics in the UAE. 

3.1. Macro-Level Trend and Sustained Growth 

The trajectory of daily search interest for 
“ChatGPT” in the UAE, visualized in Figure 1, 
reveals a pronounced and persistent upward trend 
over the 14-month observation window (April 2024 
to May 2025). The normalized Google Trends index, 
scaled from 0 to 100, nearly doubled during this 
period—from a modest baseline around 40 to 
frequent peaks near or at the maximum level. 

This 110% increase in normalized interest reflects 
a long-term, organic growth in public engagement 
with generative AI, rather than a transient surge or 
hype-induced spike. 

From a time series perspective, the pattern 

demonstrates strong low-frequency trend behavior 
superimposed with visible high-frequency weekly 
seasonality. 

The trend is not strictly linear but exhibits 
inflection points corresponding to external events, 
such as product announcements and AI policy shifts. 
For example, surges in interest are visible in early 
June 2024, late August 2024, and January 2025—
periods associated with major updates in generative 
AI models or heightened media coverage. 

These peaks represent transient “shock events” 
that generate attention spikes, which later stabilize at 
higher baseline levels, suggesting cumulative 
adoption rather than episodic attention. 

The upward drift in the index also mirrors 
broader societal integration of AI in the UAE, 
consistent with national digital transformation 
strategies and public AI initiatives such as Falcon 40B 
[15]. This sustained growth supports the 
interpretation of ChatGPT not as a novelty, but as a 
tool increasingly embedded in professional, 
educational, and public discourse. 

To quantify this pattern, we refer to the monthly 
summary statistics in Table 4 (Appendix), which 
illustrate the stepwise increase in average interest. 
For instance, the mean search index rose from 37.9 in 
April 2024 to 72.9 in May 2025, with some months 
(e.g., February 2025) experiencing elevated 
engagement levels exceeding 69. These values reflect 
not only a cumulative rise but also increased 
variability over time—consistent with a growing and 
increasingly reactive user base. 

From a modeling standpoint, this macro-level 
trend implies the presence of a strong deterministic 
component, justifying the inclusion of explicit trend 
modeling in STL and Prophet frameworks. 

Moreover, the presence of nonlinear growth 
phases suggests that simple linear extrapolation 
would be insufficient, underscoring the importance 
of hybrid and machine learning models in the 
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forecasting phase. 

 
Figure 1: Complete Time Series of Normalized Google Search Interest For “Chatgpt” In The UAE. 

3.2. Decomposing The Signal: Trend, 
Seasonality, And Residuals 

To better understand the underlying structure of 
ChatGPT search interest, we applied Seasonal-Trend 
decomposition using Loess (STL), as shown in Figure 
2. This decomposition disaggregates the observed 
time series into three interpretable components: long-
term trend, recurring seasonal pattern, and stochastic 
residuals. 

The trend component captures the smooth, low-
frequency dynamics of public engagement. It reveals 
a gradual and nonlinear increase in search interest 
across the 14-month horizon, with acceleration 
phases corresponding to previously identified 
external events. This upward trend confirms a 
cumulative diffusion process, supporting the 
hypothesis of sustained adoption rather than 
episodic attention. 

The seasonal component reflects a highly regular 
and symmetric weekly pattern. It indicates that user 
interest in ChatGPT follows a deterministic intra-
week cycle, with search volumes consistently 
dipping on Fridays (the weekend in the UAE) and 

peaking midweek. Importantly, the amplitude of this 
seasonal effect grows in tandem with the overall 
trend, suggesting a form of seasonal amplification—
a known behavior in technology adoption curves 
where usage intensity scales with user base size. 

The residual component, which captures the 
remaining variation unexplained by trend and 
seasonality, displays bursts of volatility around mid-
2024 and early 2025. These are likely driven by 
unanticipated events, such as viral news, social 
media amplification, or model upgrades. Notably, 
the residuals are not homoscedastic—their variance 
appears time-varying, with clusters of high volatility. 
This feature strongly indicates the presence of 
conditional heteroskedasticity, providing statistical 
justification for modeling residuals using a 
Generalized Autoregressive Conditional 
Heteroskedasticity (GARCH) framework. 

Together, this decomposition affirms that the 
series is composed of a deterministic and 
interpretable structure (trend and seasonality), as 
well as a stochastic, possibly nonlinear noise process. 
This motivates the hybrid modeling strategy adopted 
in this study: decomposing and forecasting each 
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component individually using models tailored to their statistical properties. 

 
Figure 2: STL Decomposition of the Time Series into Observed, Trend, Seasonal (Weekly), And Residual 

Components. 

3.3. The Weekly Pulse of AI Engagement 

A particularly strong and consistent temporal 
pattern in ChatGPT search behavior in the UAE is the 
presence of a pronounced weekly cycle. This short-
term seasonality is most visible in Figures 3 and 4, 
which offer complementary views of daily 
engagement fluctuations throughout the week. 

As the boxplot in Figure 3 shows, search interest 
peaks at the start of the workweek, with Mondays 
and Tuesdays exhibiting the highest median and 
upper quartile values in the distribution. Interest 
then gradually declines through Wednesday and 
Thursday, followed by a marked drop on Fridays 
and weekends. This cyclical rhythm is further 
confirmed by the weekly heatmap in Figure 4, where 
high engagement levels are visually clustered at the 
start of each week, particularly during the winter and 
spring months. The heatmap also suggests that this 

weekly rhythm is persistent across the 52-week study 
period, reinforcing the hypothesis of regular, 
culturally driven engagement cycles. 

Descriptive statistics (see Table 3 in the Appendix) 
corroborate this visual interpretation: Mondays and 
Tuesdays consistently record the highest mean 
normalized search values, while Fridays and 
Saturdays rank the lowest. An ANOVA test formally 
validates these differences as statistically significant 
(𝐹 = 11.45, 𝑝 < 0.001), confirming that variation in 
ChatGPT engagement by day of the week is not due 
to random noise but reflects a meaningful behavioral 
pattern. 

These patterns strongly suggest that ChatGPT is 
primarily utilized in professional, academic, or 
structured work contexts, which align with the 
UAE’s workweek. The timing of peak engagement—
early in the workweek—may reflect users engaging 
with generative AI tools for research, reporting, 



2906 MOHAMMED ELSEIDI 
 

SCIENTIFIC CULTURE, Vol. 12, No 2.1, (2026), pp. 2900-2917 

educational tasks, or administrative planning. The 
sharp decline in activity on Fridays and Saturdays 
corresponds with the weekend and religious 

observances, during which digital activity typically 
subsides. 

 
Figure 3: Boxplot Of Search Interest by Day of the Week, Showing Elevated Engagement Early in the UAE 

Work Week. 

 
Figure 4: Heatmap of Weekly Search Interest Patterns, Illustrating Consistently Higher Engagement at the 

Start of Each Week. 

To further explore these dynamics, Figure 5 presents the 30-day rolling mean and standard 



2907 TRACKING GENERATIVE AI ADOPTION IN A CULTURALLY DYNAMIC SETTING: 
 

SCIENTIFIC CULTURE, Vol. 12, No 2.1, (2026), pp. 2900-2917 

deviation superimposed on the full observed time 
series. The rolling mean confirms that weekly 
oscillations are embedded within a steadily rising 
trend, while the increasing rolling standard deviation 
reflects growing fluctuations in user behavior. This 

indicates that not only is interest in ChatGPT 
intensifying, but its weekly rhythm is becoming more 
pronounced and variable—perhaps due to shifting 
use cases, media amplification, or public discourse 
around generative AI. 

 
Figure 5: 30-Day Rolling Mean and Standard Deviation Overlaid on the Observed Interest Data. 

3.4. Volatility And Market Attention: A 
GARCH Perspective 

The volatility of public interest in ChatGPT, as 
measured by the daily changes in Google search 
volume, exhibits clear signs of conditional 
heteroskedasticity—meaning variance is not 
constant over time. Figure 6 presents the estimated 
conditional volatility from a GARCH (1,1) model 
fitted to the daily return series of normalized search 
interest. 

The results highlight volatility clustering, a 
hallmark of financial time series, where periods of 
elevated volatility tend to be followed by more 
turbulent behavior. Notable spikes in volatility 

coincide with critical news events—such as the 
release of new model versions or widely circulated 
media coverage—indicating that public engagement 
is highly event-driven. For example, the highest 
volatility levels align with early June 2024 and 
January 2025, periods associated with OpenAI 
announcements and widespread discourse around 
generative AI tools. 

This pattern suggests that attention to ChatGPT is 
not only growing but is also reactive and sentiment-
sensitive, similar to the behavior observed in 
speculative markets. This insight is particularly 
relevant for policy makers and digital platforms 
seeking to manage AI-related communications. 
Anticipating and strategically responding to 
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volatility spikes can enhance public trust and improve digital literacy outcomes. 

 
Figure 6: GARCH (1,1) Model Estimates of Conditional Volatility in Daily Search Interest Returns. Volatility 

Spikes Correspond to Media-Triggered Events. 

3.5. Identifying Significant Events: Anomaly 
And Autocorrelation Analysis 

To isolate sudden, unexpected shifts in 
engagement, anomaly detection was applied using a 
z-score threshold of |𝑍| > 2.5, identifying dates with 
statistically significant deviations from the local 
mean. As visualized in Figure 7, these outlier days 
mark moments of heightened or diminished public 
attention. Notably, the spikes on June 4, 2024; August 
28, 2024; and January 23, 2025, correspond to major 
OpenAI product updates and viral media events. 
Conversely, troughs in early December 2024 align 
with UAE public holidays, such as Commemoration 
Day and National Day, when general digital activity 
is known to decrease. 

These anomalies are tabulated in Appendix Table 
5, offering a valuable timeline for researchers seeking 
to correlate engagement with real-world events. The 
asymmetry between positive and negative anomalies 
suggests that the attention economy surrounding AI 

tools is more reactive to innovation surges than to 
quiet periods, reinforcing the view of ChatGPT as a 
dynamic, media-sensitive technology. 

Figures 8 and 9 display the autocorrelation 
function (ACF) and partial autocorrelation function 
(PACF) of the original search interest series. The ACF 
plot shows significant spikes at lags 7, 14, and 21, 
confirming the presence of weekly seasonality and 
regular periodicity. The slow decay of 
autocorrelations suggests non-stationarity in the 
series—consistent with the upward trend observed 
in earlier sections. Meanwhile, the PACF exhibits a 
strong spike at lag 1 followed by a sharp cut-off, 
supporting the inclusion of a first-order 
autoregressive (AR (1)) term in any time series 
modeling framework. 

These diagnostics are instrumental for model 
specification and validate the hybrid decomposition–
forecasting approach employed in this study. 
Together, anomaly detection and autocorrelation 
analysis enhance the interpretability of temporal 
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shifts and inform the structure of predictive algorithms. 

 
Figure 7: Anomaly Detection Using |Z| > 2.5, Flagging Significant Positive and Negative Deviations from 

Expected Search Interest Levels. 

 
Figure 8: Autocorrelation Function (ACF), Revealing Repeating Weekly Lags Indicative of Strong Intra-Week 

Seasonal Patterns. 
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Figure 9: Partial Autocorrelation Function (PACF), Showing A Prominent Lag-1 Spike, Consistent with an 

AR (1) Structure. 

3.6. Quantifying The Impact of the Cultural 
Calendar: The Ramadan Effect 

The holy month of Ramadan, observed from 
March 1 to March 30, 2025, represents a significant 
cultural period in the UAE, characterized by 
widespread shifts in daily schedules and social 
activities. Such periods can function as natural 
experiments, offering a unique opportunity to 
measure the impact of collective behavioral changes 

on technology engagement. A preliminary visual 
inspection, presented in Figure 10, reveals a 
discernible deviation in ChatGPT search interest 
from the expected trend-seasonal baseline during 
this time. To formally quantify the magnitude and 
structure of this effect, we employ an Interrupted 
Time Series (ITS) analysis on the STL trend 
component.  
The model is specified as: 

Trend𝑡 = 𝛽0 + 𝛽1𝑡 + 𝛽2Ramadan𝑡 + 𝛽3PostRamadan𝑡 + 𝛽4(𝑡 ⋅ PostRamadan𝑡) + 𝜀𝑡 
where 𝑡is a day counter, Ramadan𝑡is a dummy 

variable for the Ramadan period, and 
PostRamadan𝑡is a dummy for the period after. The 
coefficients 𝛽2and 𝛽3capture level shifts, while 
𝛽4captures the post-Ramadan change in slope. The 

model's parameters are estimated using OLS with 
Heteroskedasticity and Autocorrelation-Consistent 
(HAC) standard errors, with key results summarized 
in Table 1. 

Table 1: Interrupted Time Series Model Coefficients. 
Parameter Estimate Std. Error p-value 

Pre-Ramadan Slope (𝛽1) 0.18 0.04 <0.001 

Ramadan Level Shift (𝛽2) -20.3 1.70 <0.001 

Post-Ramadan Level Shift (𝛽3) -50.1 3.90 <0.001 

Post-Ramadan Slope Change (𝛽4) 0.30 0.05 <0.001 

Note: Model adjusted 𝑅2 = 0.82. All coefficients 
are statistically significant at the 0.1% level. The 
coefficient 𝛽3represents the level shift relative to the 
original pre-Ramadan baseline, not a sudden drop from 
Ramadan levels; because the ITS model estimates the 
post-Ramadan intercept against the counterfactual 
trajectory that would have occurred without 
intervention, this large negative value reflects the 
cumulative repositioning of the trend rather than an 
additional decline following Eid al-Fitr. 

The ITS analysis yields several statistically 
significant insights. The baseline growth trajectory 
(𝛽1) before Ramadan was positive, with the trend 
increasing by 0.18 index points per day. The onset of 
Ramadan is associated with an immediate and 
substantial drop (𝛽2) of 20.3 points in the underlying 

trend, confirming a temporary reduction in public 
engagement. Most notably, the post-Ramadan period 
exhibits a strong rebound effect. The trend's slope 
(𝛽4) significantly increases by 0.30 points per day, 
indicating that user interest not only recovers but 
accelerates at a rate faster than the pre-Ramadan 
baseline. As visualized in Figure 11, this accelerated 
growth erases the Ramadan-induced deficit within 
weeks. 

These findings translate into direct implications 
for both forecasting and strategic planning. From a 
modeling perspective, including a dummy variable 
for Ramadan is validated for improving forecast 
accuracy. For practitioners, the analysis provides 
clear, data-driven guidance. The post-Ramadan 
period emerges as a strategic window for 
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engagement, as launching AI-related campaigns or 
product updates immediately following Eid al-Fitr 
would capitalize on the demonstrated rebound in 

public attention and the accelerated "catch-up" 
growth phase in user engagement. 

 
Figure 10: Deviation Of Observed Search Interest (Grey) Vs. The STL Trend-Seasonal Baseline (Blue Dashed) 

During the Ramadan 2025 Period (Highlighted). 

 
Figure 11: Interrupted Time Series (ITS) Model Fit. The Plot Shows the STL Trend Component (Green) Against 

the ITS Fitted Trend (Red Dashed). The Shaded Area Denotes the Ramadan Period. 

3.7. The Forecasting Showdown: A Comparative 
Performance Analysis 

We benchmarked four models—Random Forest, 
Prophet, N-HiTS, and SARIMA—on a 60-day out-of-
sample horizon. Figure 12 and Table 2 reveal a clear 
accuracy gradient. 

The Random Forest leads with a MAPE of 10.65%, 
thanks to a rich set of lag, rolling-window, and 
calendar features. Its internal feature importances 
(Figure 13) confirm that weekday category (46%), the 7-
day rolling mean (19%), and the 7-day lag (17%) drive 
most of the predictive power—highlighting the 
crucial role of short-term memory and weekly 

seasonality. 
Prophet follows at 11.68%, performing as 

expected for a trend/seasonality-oriented model that 
explicitly handles holiday effects. N-HiTS 
underperforms (14.53%), suggesting that deep 
hierarchies need either longer training windows or 
exogenous regressors to cope with abrupt volatility. 
Classical SARIMA struggles with the data’s non-
linear dynamics, posting the weakest MAPE 
(34.25%). 
These results stress that attention-driven, culturally 
modulated time-series benefit from feature-rich, 
ensemble-friendly models, while rigid 
autoregressive structures lag behind. 

Table 2: Forecasting Model Performance on the 60-Day Test Set. 
Model MAE RMSE MAPE (%) 

Random Forest 7.13 9.30 10.65 

Prophet 8.10 10.24 11.68 

N-HiTS 10.26 13.52 14.53 

SARIMA 22.90 24.46 34.25 
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Figure 12: Forecasting Showdown: Historical Data And 60-Day Forecasts from Four Models Versus Actual 

Search Interest. 

 
Figure 13: Random Forest Feature Importances. Weekday Category, Recent Lags, And The 7-Day Rolling 

Mean Dominate. 

4. CONCLUSION 

4.1. Summary Of Findings 

This study provided a comprehensive, high-
frequency analysis of ChatGPT adoption dynamics in 
the United Arab Emirates, leveraging daily Google 
Trends data from April 2024 to May 2025.  
Several key insights emerged from our 
investigation: 

1. Sustained Growth: The time series revealed a 
significant upward trajectory in search 
interest—more than doubling over the 14-
month period—indicating widespread and 
growing public engagement aligned with the 
UAE’s AI vision. 

2. Weekly Usage Rhythm: A pronounced 
weekly seasonality was observed, with search 
interest peaking on Mondays and Tuesdays, 
and declining on weekends. This pattern 
suggests ChatGPT is primarily utilized in 
professional or academic contexts, reinforcing 
its role as a weekday productivity tool. 

3. Volatility and Event Responsiveness: 
Volatility clustering, captured by the GARCH 
model, indicated that spikes in interest were 
not random but rather triggered by external 
events such as model releases, policy 
announcements, or national holidays. 

4. Cultural Sensitivity: Contrary to some 
expectations, search interest declined during 
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the Ramadan period, particularly in its latter 
half. This cultural dip underscores the 
importance of accounting for regional 
calendars when analyzing technology 
diffusion. 

5. Forecasting Accuracy: Among the forecasting 
models tested, a feature-engineered Random 
Forest model demonstrated superior short-
term predictive accuracy (MAPE = 10.65%), 
outperforming Prophet, N-HiTS, and 
SARIMA. Its success was due to its ability to 
incorporate lag features, calendar effects, and 
non-linear interactions. 

4.2. Implications For Policy and Practice 

The findings offer several practical implications for 
stakeholders across sectors: 

 For Policymakers and Educators: The 
weekday-driven usage pattern suggests that 
AI training programs, awareness campaigns, 
and digital literacy initiatives should be 
strategically launched early in the workweek 
to optimize engagement. 

 For Businesses and Marketers: The event-
responsive nature of search interest calls for 
timely marketing aligned with product 
updates or media cycles. Additionally, cultural 
calendars such as Ramadan should be 
considered when planning outreach in the 
MENA region. 

 For Researchers and Technologists: This 
study provides a scalable framework for 
understanding the temporal and cultural 
dimensions of AI adoption using high-
frequency data. It highlights the value of 
integrating volatility modeling, anomaly 
detection, and comparative forecasting into 

diffusion research. 

4.3. Limitations Of the Study 

Despite the depth of analysis, this research has 
limitations. Google Trends reflects search interest 
and not actual platform usage or engagement 
intensity. The analysis focuses on a single country 
and keyword (“ChatGPT”), limiting generalizability. 
Moreover, the identification of anomaly triggers 
relies on temporal associations rather than confirmed 
causality, necessitating supplementary qualitative 
data to validate interpretations. 

4.4. Avenues For Future Research 

Future studies could expand this work in several 
directions. Broadening the scope to include other 
generative AI tools (e.g., “Gemini,” “Claude,” 
“Midjourney”) would offer a more comprehensive 
view of the evolving AI landscape [32]. A 
comparative analysis across GCC or MENA 
countries could reveal sociocultural variations in AI 
adoption [29]. Methodologically, integrating social 
media sentiment, news coverage, or platform usage 
metrics may enhance model performance. Finally, 
emerging forecasting techniques such as 
transformer-based time series models or hybrid 
frameworks combining statistical and deep learning 
methods [34] could further improve predictive 
accuracy. 

By embracing these extensions, researchers and 
practitioners can continue to deliver actionable 
insights into how societies engage with rapidly 
evolving AI technologies—informing strategies for 
innovation, policy, and public outreach in culturally 
diverse contexts. 

Appendix A: Supplemental Tables 

Table 3: Average Search Interest by Day of the Week. 
Weekday Average Interest 

Monday 61.87 

Tuesday 63.46 

Wednesday 63.69 

Thursday 62.74 

Friday 52.84 

Saturday 37.16 

Sunday 36.65 

Table 4: Monthly Summary Statistics for Chatgpt Search Interest. 
Month Mean Std. Dev. Min Max 

2024-04 37.87 13.46 20 61 

2024-05 55.58 13.23 33 76 

2024-06 45.83 16.58 19 100 

2024-07 45.94 10.44 27 56 

2024-08 55.32 15.63 27 85 

2024-09 48.10 11.16 28 61 

2024-10 54.06 11.54 34 68 
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2024-11 55.97 13.52 32 75 

2024-12 46.06 12.02 26 65 

2025-01 61.39 17.94 26 100 

2025-02 69.36 16.50 44 90 

2025-03 50.48 11.27 29 72 

2025-04 59.23 12.76 38 80 

2025-05 72.90 16.24 46 100 

Table 5: Detected Anomalies (Days with Residual Z-Score |Z| > 2.5). 
Day Interest Residual Z-score 

2024-04-08 21 -3.71 

2024-04-09 22 -3.64 

2024-04-10 20 -4.11 

2024-04-11 21 -4.00 

2024-04-12 21 -2.93 

2024-06-04 100 6.47 

2024-06-17 26 -5.27 

2024-06-18 32 -4.30 

2024-08-28 85 2.52 

2024-12-02 26 -6.31 

2024-12-03 38 -4.29 

2025-01-01 26 -5.82 

2025-01-23 100 5.04 

2025-03-04 57 -2.59 

2025-04-01 42 -2.70 

Table 6: Day-By-Day Forecast Comparison for the 60-Day Test Horizon. 
Day Actual SARIMA Prophet N-HiTS Random Forest 

2025-04-02 57 45.75 70.40 48.56 47.63 

2025-04-03 60 48.23 69.74 49.46 48.03 

2025-04-04 57 41.30 58.55 43.76 49.40 

2025-04-05 38 28.42 40.66 32.02 39.91 

2025-04-06 38 28.35 40.37 31.27 36.61 

2025-04-07 62 49.40 68.65 52.81 53.82 

2025-04-08 60 50.66 70.61 50.45 57.17 

2025-04-09 66 51.07 70.74 52.23 60.04 

2025-04-10 64 51.07 70.07 54.95 62.44 

2025-04-11 56 41.95 58.83 49.02 54.49 

2025-04-12 42 26.88 40.85 32.95 38.18 

2025-04-13 42 26.70 40.56 33.28 36.97 

2025-04-14 67 50.82 68.97 57.91 75.42 

2025-04-15 63 52.51 70.94 57.36 74.84 

2025-04-16 71 52.26 71.07 61.04 71.82 

2025-04-17 71 51.79 70.40 60.70 72.28 

2025-04-18 59 42.27 59.10 55.07 62.02 

2025-04-19 45 26.82 41.05 40.13 40.15 

2025-04-20 44 26.61 40.75 40.10 40.12 

2025-04-21 75 51.25 69.30 63.50 73.78 

2025-04-22 72 53.02 71.27 65.83 77.13 

2025-04-23 70 52.66 71.41 68.81 75.00 

2025-04-24 75 52.10 70.73 69.26 74.73 

2025-04-25 58 42.51 59.38 60.07 65.35 

2025-04-26 47 26.99 41.24 44.87 41.98 

2025-04-27 46 26.78 40.95 44.76 41.23 

2025-04-28 72 51.51 69.62 68.27 72.76 

2025-04-29 80 53.29 71.61 71.36 79.11 

2025-04-30 78 52.91 71.74 74.76 77.39 

2025-05-01 74 52.34 71.06 72.40 75.71 

2025-05-02 65 42.74 59.66 63.76 63.80 

2025-05-03 46 27.20 41.43 47.17 40.68 

2025-05-04 49 26.99 41.14 46.08 42.09 

2025-05-05 80 51.74 69.95 68.00 76.83 

2025-05-06 77 53.52 71.94 71.40 78.33 

2025-05-07 77 53.14 72.08 75.52 74.70 
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2025-05-08 73 52.56 71.39 75.32 76.32 

2025-05-09 68 42.96 59.94 66.96 63.06 

2025-05-10 48 27.42 41.62 50.00 40.37 

2025-05-11 50 27.21 41.33 49.47 40.72 

2025-05-12 79 51.96 70.27 70.52 75.82 

2025-05-13 80 53.75 72.28 72.05 78.59 

2025-05-14 89 53.36 72.41 74.70 77.42 

2025-05-15 83 52.79 71.73 72.22 76.07 

2025-05-16 67 43.19 60.21 63.46 63.23 

2025-05-17 53 27.65 41.82 46.25 40.55 

2025-05-18 53 27.43 41.52 46.44 41.59 

2025-05-19 92 52.19 70.60 65.66 75.61 

2025-05-20 95 53.97 72.61 66.40 76.27 

2025-05-21 100 53.58 72.75 65.27 73.70 

2025-05-22 91 53.01 72.06 62.75 71.26 

2025-05-23 75 43.41 60.49 54.08 62.65 

2025-05-24 57 27.87 42.01 40.20 42.92 

2025-05-25 53 27.66 41.71 41.71 40.76 

2025-05-26 90 52.41 70.93 61.73 71.06 

2025-05-27 92 54.19 72.95 61.33 74.10 

2025-05-28 92 53.81 73.08 61.81 73.46 

2025-05-29 85 53.23 72.39 60.33 72.76 

2025-05-30 71 43.63 60.77 50.59 67.64 

2025-05-31 56 28.09 42.20 36.15 43.03 
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