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Abstract	
This study presents the first systematic comparative evaluation of eight forecasting models applied 
to Google Trends data specifically for Indonesian digital MSME product categories, addressing a 
critical gap in accessible demand prediction tools for resource-constrained enterprises. Employing 
quantitative comparative experimental design, we analyzed 18 product keywords from fashion and 
traditional food sectors with weekly temporal resolution (2020-2024), evaluated via 80/20 train-test 
split with MAPE. Exponential Smoothing achieved superior overall performance (20.33% MAPE), 
while Moving Average proved optimal for traditional food products (16.21% MAPE). Category-
specific model selection enables MSMEs to anticipate demand peaks, time market entry windows, 
optimize inventory positioning ahead of seasonal cycles, and prioritize promotional spending, 
translating search trend signals directly into actionable penetration decisions. These findings provide 
an evidence-based, zero-cost framework for demand-informed market strategy, accessible to 
resource-constrained enterprises without specialized infrastructure or advanced technical expertise. 
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Pemodelan Prediktif berbasis Data Google Trends untuk Strategi 
Penetrasi Pasar UMKM Digital 

Abstrak  
Penelitian ini mengevaluasi delapan metodologi pemodelan prediktif untuk peramalan permintaan 
pasar UMKM Indonesia menggunakan data Google Trends dalam mendukung keputusan strategi 
penetrasi pasar. Menggunakan desain eksperimental komparatif kuantitatif, kami menganalisis 18 
kata kunci produk dari sektor fashion dan makanan tradisional dengan resolusi temporal mingguan 
(2020-2024). Model yang diuji meliputi Naive baseline, Moving Average, Regresi Linear, ARIMA, 
Exponential Smoothing, dan tiga variasi ensemble ARIMA-ES, dievaluasi menggunakan 
pembagian train-test 80/20 dengan MAPE sebagai metrik utama. Hasil menunjukkan Exponential 
Smoothing mencapai kinerja terbaik (20,33% MAPE), mengungguli Moving Average (22,74%), 
metode ensemble (22,85-25,90%), dan ARIMA (33,30%). Analisis spesifik kategori 
mengungkapkan efektivitas diferensial: Moving Average optimal untuk produk makanan 
tradisional (16,21% MAPE) sementara Exponential Smoothing unggul untuk produk fashion 
(18,87% MAPE). Temuan memberikan kerangka praktis untuk peramalan permintaan UMKM 
spesifik kategori yang mendukung pengembangan strategi penetrasi pasar. 

Kata kunci: Google Trends; peramalan permintaan; UMKM; exponential smoothing; penetrasi 
pasar 
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INTRODUCTION 	
Micro, Small, and Medium Enterprises (UMKM) constitute the backbone of Indonesian 
economy, contributing more than 60% to the national GDP and absorbing nearly 97% of 
the workforce. With over 64 million business units nationwide (Kementerian Koordinator 
Bidang Perekonomian Republik Indonesia, 2025), UMKM sector has demonstrated 
remarkable resilience and growth potential. Digital transformation has become increasingly 
critical for UMKM competitiveness, with 25.5 million enterprises having adopted digital 
ecosystems by July 2024 (Lusa et al., 2024). 

Effective market penetration strategies for digital SMEs require accurate demand 
forecasting capabilities to optimize inventory management, promotional timing, and 
resource allocation decisions (Boone et al., 2018). Strategic market entry and expansion 
initiatives depend fundamentally on understanding anticipated consumer demand patterns 
to minimize investment risks and maximize market opportunities (Rahman, 2025). 
However, resource-constrained SMEs typically lack access to sophisticated demand 
prediction tools that larger enterprises employ for strategic planning, creating competitive 
disadvantages in increasingly data-driven digital marketplaces. 

Despite increasing digital adoption rates, significant gaps persist in technology and 
data utilization among UMKM operators (Pattiasina, 2025; D. Ramadhani et al., 2025; N. 
Ramadhani et al., 2025). Operationally, many Indonesian MSMEs continue to rely on 
manual inventory recording systems that are prone to errors and delays in information 
access, limiting their capacity for timely market decisions (Trisnawati & Suryaningsih, 
2025). The adoption of digital management information systems remains low due to 
financial constraints, limited technology infrastructure, and inadequate digital literacy 
among MSME operators (Rahayu & Veri, 2025), leaving most businesses without 

structured mechanisms for demand estimation or inventory planning. In the absence of 
reliable forecasting tools, MSMEs face recurring consequences: overstocking during low-
demand periods ties up limited working capital, while understocking during peak seasons 
results in lost sales at precisely the moment when market penetration opportunities are 
greatest (Chaidir et al., 2024). Business transformation in the digital era requires 
implementation of data-driven strategies to optimize decision-making processes (Ramadhi 
et al., 2023), yet accessible predictive modeling methodologies supporting market strategy 
development remain limited for resource-constrained SME contexts. 

Online search data represents a valuable information source for understanding market 
behavior (Wardani et al., 2025). Google Trends provides insights into consumer search 
patterns that can potentially inform SME market penetration strategies without requiring 
expensive market research or point-of-sale data systems (Praharjo et al., 2023; Putra et al., 
2025). Google Trends-based predictive modeling offers promising opportunities for 
demand-informed strategic planning, enabling SMEs to anticipate market opportunities and 
optimize resource deployment. However, systematic evaluation of predictive modeling 
approaches optimized for Google Trends data in Indonesian SME contexts remains limited. 
While previous research has demonstrated Google Trends' potential for economic 
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prediction (Choi & Varian, 2012), comparative studies identifying optimal modeling 
methodologies for supporting Indonesian UMKM market penetration strategies are notably 
absent from existing literature. 

Prior studies on Google Trends-based forecasting have focused predominantly on 
developed-market contexts and single-sector applications, without systematically 
comparing multiple predictive modeling methodologies for Indonesian MSME product 
categories (Boone et al., 2018; Carta et al., 2019; Choi & Varian, 2012; Jun et al., 2018). 
Similarly, research on Indonesian SMEs has emphasized digital marketing adoption and 
general digital transformation pathways without evaluating demand prediction 
methodologies using publicly accessible search data (Priyono et al., 2020; Purwana et al., 
2017). This dual gap creates practical uncertainty for MSME operators regarding which 
forecasting approach best supports market entry, inventory, and promotional decisions 
given their resource constraints. This research addresses the gap through systematic 
comparative evaluation of eight predictive modeling approaches applied to Google Trends 
data for Indonesian MSME products across two product categories, answering the question: 
Which predictive modeling methodology provides optimal performance for Indonesian 
MSME demand forecasting using Google Trends data, and does optimal model selection 
vary by product category? 

The research contributes to digital UMKM market penetration strategy development 
through: (1) empirical comparison of accessible predictive modeling methods using only 
publicly available data, (2) category-specific forecasting guidelines enabling informed 
market entry and expansion decisions, and (3) practical framework for demand-informed 
strategic planning accessible to resource-constrained contexts. Unlike previous studies 
emphasizing complex hybrid methodologies, this research prioritizes practical 
implementation feasibility while maintaining scientific rigor, enabling actionable demand 
prediction approaches supporting Indonesian SME market penetration initiatives. 

LITERATURE REVIEW  
Google Trends as a Predictive Data Source 

The use of online search data for economic and demand prediction has been established 
since Choi & Varian (Choi & Varian, 2012) demonstrated that Google Trends indices can 
nowcast consumer behavior and economic activity before official statistics become 
available. Subsequent work by Jun et al. (Jun et al., 2018) extended this foundation to 
tourism demand forecasting across ten years of research, confirming that search interest 
data captures anticipatory consumer behavior with practical predictive value. These 
foundational studies establish Google Trends as a legitimate proxy for latent demand, 
though both operate in developed-market contexts with stable search behavior patterns that 
may differ from Indonesian digital commerce environments characterized by rapid 
adoption and heterogeneous user demographics. 
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Forecasting Methods in E-Commerce and Search Data Contexts 

Comparative forecasting research has examined multiple methodological approaches for 
search-based demand prediction with mixed conclusions. Carta et al. (Carta et al., 2019) 
applied ARIMA to e-commerce price forecasting and demonstrated reasonable accuracy, 
while Boone et al. (Boone et al., 2018) found that Google Trends data meaningfully 
improves retail sales forecasts when incorporated into regression frameworks. However, 
neither study conducts systematic multi-model comparison nor addresses the specific 
challenge posed by Google Trends' normalized 0–100 index scale, which distorts the 
autocorrelation structures that ARIMA methods typically exploit. The M4 Competition 
results documented by Makridakis et al. (Makridakis et al., 2020) further suggest that 
simpler methods frequently outperform complex models in volatile time-series 
environments, a finding with direct implications for Google Trends-based forecasting but 
not yet empirically tested in Indonesian MSME contexts. The performance of ensemble 
approaches theoretically superior through error diversification (Bates & Granger, 1969), 
also remains unverified for normalized search index data where component models may 
capture overlapping rather than complementary patterns. 
 
Digital Transformation and Demand Analytics in Indonesian MSMEs 

Research on Indonesian SMEs has progressed along two largely separate tracks. The first 
examines digital adoption and marketing, documenting growing platform utilization and 
revenue effects of digitalization (Priyono et al., 2020; Purwana et al., 2017; Rizky & 
Permana, 2022). The second addresses operational challenges including limited financial 
literacy, infrastructure constraints, and low adoption of data management systems 
(Pattiasina, 2025; Rahayu & Veri, 2025). Critically, neither track systematically evaluates 
demand forecasting methodologies applicable within resource-constrained digital MSME 
operations. The intersection of publicly accessible search data and practical forecasting 
guidance for Indonesian MSME market strategy remains empirically unaddressed. 
 
Synthesis and Positioning of the Present Study 

Existing literature collectively establishes three conditions that motivate this research. First, 
Google Trends data has demonstrated predictive value in developed-market settings but 
lacks systematic comparative evaluation in Indonesian MSME contexts. Second, simpler 
forecasting methods may outperform complex alternatives for volatile normalized data, yet 
this proposition has not been tested across multiple product categories. Third, Indonesian 
MSMEs operate without accessible forecasting guidance despite documented operational 
consequences of demand uncertainty. This study occupies the intersection of these three 
gaps by providing the first systematic eight-model comparison using Google Trends data 
for Indonesian MSME product categories, generating category-specific guidance directly 
applicable to market penetration decision-making. 
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Hypothesis Development 

Based on the theoretical arguments and empirical patterns identified in prior literature, two 
directional hypotheses are proposed to guide the comparative analysis. 
Exponential Smoothing employs adaptive weighting that prioritizes recent observations 
while modeling trend and seasonal components simultaneously (R. Hyndman et al., 2008). 
For fashion products, which are characterized by pronounced seasonality tied to cultural 
events such as Ramadan, holiday cycles, and fashion industry rhythms, this structure 
provides a theoretical advantage over methods that apply equal weighting to recent and 
distant observations. Moving Average, by contrast, applies simple local averaging that 
smooths short-term fluctuations without imposing seasonal decomposition. For traditional 
food products with relatively stable search patterns driven by routine consumption rather 
than seasonal events, this smoothing property is theoretically preferable. The ensemble 
superiority hypothesis, derived from Bates and Granger (Bates & Granger, 1969), posits that 
combining forecasts reduces prediction error through error diversification. However, this 
advantage depends on genuine complementarity between component models; when both 
components capture similar underlying patterns through different parameterizations, 
ensemble combinations may provide limited marginal benefit (Makridakis et al., 2020). 
Based on these arguments, the following hypotheses are proposed: 
H1: Exponential Smoothing outperforms all other evaluated models for fashion product 

demand forecasting using Google Trends data. 
H2: Moving Average outperforms all other evaluated models for traditional food product 

demand forecasting using Google Trends data. 
H3: Ensemble methods do not significantly outperform the best individual component 

model (Exponential Smoothing) in overall forecasting accuracy for Google Trends 
normalized data. 

METHOD  
Research Design and Approach 

This study employs a quantitative comparative experimental design to systematically 
evaluate forecasting model performance for Indonesian SME demand prediction using 
Google Trends data (Choi & Varian, 2012). The research implements a comprehensive 
model comparison framework with standardized evaluation metrics to ensure objective 
performance assessment across multiple methodologies (R. J. Hyndman & 
Athanasopoulos, 2018). 

The overall research methodology follows a three-phase systematic process: (1) data 
collection and quality validation, (2) baseline and advanced model implementation, and (3) 
comparative performance evaluation. This approach ensures reproducible and scientifically 
rigorous results aligned with established time-series forecasting research standards 
(Makridakis et al., 2020). 
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Research Subject and Data Characteristics 

The research subject encompasses Google Trends search data for Indonesian SME products 
spanning January 2020 to December 2024. Data extraction utilized Google Trends API via 
PyTrends library (Massaron & Boschetti, 2016) to obtain normalized search volume indices 
with weekly temporal resolution, providing 262 weekly observations per keyword over the 
five-year period. 

Product keyword selection focused on two major SME categories demonstrating 
consistent data quality and representativeness of Indonesian digital commerce landscape: 
fashion products and traditional food items. These categories were selected based on data 
validation criteria including temporal completeness, search volume stability, and coefficient 
of variation suitable for robust time-series modeling (Jun et al., 2018). 

Table 1. Dataset Characteristics 
Parameter Specification 

Time Period January 2020 - December 2024 
Temporal Resolution Weekly 

Total Keywords 18 

Product Categories 2 (Fashion, Traditional Food) 

Keywords per Category 9 each 

Data Points per Keyword 262 weeks 

Total Observations 4,716 

Missing Values 0 (0.0%) 
Value Range 0-100 (normalized index) 

Geographic Scope Indonesia (geo=ID) 

Data Source Google Trends API 

 
The complete list of 18 product keywords used in this study is presented in Table 2, 

organized by product category. Each keyword represents a distinct product type with 
verified search activity within the Indonesian market during the observation period. 

Table 2. Product Keywords by Category 
No Keyword Category No Keyword Category 

1 Batik Fashion 11 Gudeg Traditional Food 
2 Hijab Fashion 12 Bakso Traditional Food 
3 Sepatu Fashion 13 Soto Traditional Food 
4 Kemeja batik Fashion 14 Nasi goreng Traditional Food 
5 Mukena Fashion 15 Sate Traditional Food 
6 Sandal Fashion 16 Martabak Traditional Food 
7 Tas wanita Fashion 17 Gado-gado Traditional Food 
8 Kaos Fashion 18 Pempek Traditional Food 
9 Celana jeans Fashion    
10 Rendang Traditional Food    
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Keyword selection followed explicit inclusion criteria to ensure data quality and 
representativeness. First, each keyword was required to represent a product category 
commonly sold by Indonesian digital MSMEs and demonstrably searchable by Indonesian 
consumers on Google. Second, keywords were required to yield complete 262-week 
temporal coverage with zero missing values across the full observation period, ensuring 
model training and testing integrity. Third, keywords were excluded if their search volume 
was persistently low, defined as a Google Trends normalized index below 10 for more than 
50% of observed weeks, as such sparsity would produce unreliable forecasting signal. 
Fourth, each keyword was verified to return geo=ID specific results rather than globally 
dominated search patterns, confirming Indonesian market relevance. Fashion keywords 
were selected to represent both traditional heritage items (batik, mukena) and contemporary 
everyday apparel with established digital commerce presence. Traditional food keywords 
were selected to represent regionally distributed Indonesian culinary products with 
consistent year-round search activity, spanning national dishes (rendang, bakso, nasi 
goreng) and regionally significant items (gudeg, pempek, gado-gado). Keywords were 
queried individually via PyTrends library using standardized parameters to prevent cross-
keyword normalization effects inherent in batch querying. 

 
Data Collection and Preprocessing 

Data extraction employed PyTrends library (Python interface for Google Trends) with 
systematic query procedures to ensure consistency (Stephens-Davidowitz & Varian, 2015). 
Each keyword was queried individually using standardized parameters: timeframe='2020-
01-01 2024-12-31', geo='ID', and default category settings. Rate limiting protocols 
implemented 12-second delays between queries to comply with Google Trends API usage 
guidelines. 
 
Data Preprocessing Pipeline 

Standard time-series preprocessing procedures were implemented following established best 
practices (Brockwell & Davis, 2006): 

1. Completeness Validation: Verification of 262-week temporal coverage for each 
keyword, with zero missing values threshold enforced 

2. Temporal Alignment: Standardization of date indices across all keywords to ensure 
synchronized weekly observations 

3. Outlier Detection: Statistical review using interquartile range (IQR) method to 
identify anomalous values without removal, maintaining data integrity (Tukey, 
1977) 

4. Range Verification: Confirmation that all values conform to Google Trends 
normalized scale (0-100) 

5. Category Assignment: Systematic labeling of keywords to respective product 
categories for stratified analysis 
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Forecasting Models Evaluated 

The research implements a comprehensive comparison framework involving eight distinct 
forecasting methodologies, categorized into baseline models and advanced approaches: 
Baseline Models (4): 
1. Naive Baseline: Last-value persistence model serving as simplest benchmark 

(Makridakis et al., 2020) 
2. Moving Average: Simple 4-week rolling average capturing local temporal patterns (Box 

et al., 2015) 
3. Linear Regression: Time-indexed linear trend modeling implemented using scikit-learn 

library (Pedregosa et al., 2011) 
4. ARIMA: AutoRegressive Integrated Moving Average with automatic parameter 

selection via grid search optimization (Box & Jenkins, 1970), implemented using 
statsmodels package (Seabold & Perktold, 2010) 

Advanced Models (4): 
5. Exponential Smoothing: Holt-Winters method with additive seasonal components (R. 

Hyndman et al., 2008), implemented via statsmodels with automatic parameter 
optimization 

6. ARIMA-ES Ensemble (60-40): Weighted combination approach (Bates & Granger, 
1969) 

7. ARIMA-ES Ensemble (50-50): Equal weighting ensemble methodology 
8. ARIMA-ES Ensemble (40-60): ES-dominant ensemble configuration 

 
ARIMA parameter optimization employed exhaustive grid search within specified 

ranges p∈[0,3], d∈[0,2], q∈[0,3], selecting configurations minimizing Akaike Information 
Criterion (Akaike, 1974). Exponential Smoothing implementation utilized automated 
parameter estimation with seasonal decomposition fallback procedures for keywords with 
insufficient seasonal signal. 

 
Validation Framework and Evaluation Metrics 
Train-Test Split Methodology: 

Model validation employed standard chronological train-test splitting with 80%-20% 
proportion, preserving temporal sequence integrity essential for time-series forecasting 
evaluation (Tashman, 2000). For each keyword's 262-week series, the first 210 weeks 
constituted training data, with final 52 weeks reserved for out-of-sample testing. 
 
Performance Evaluation Metrics: 

Model performance was assessed using three complementary metrics following forecasting 
accuracy measurement standards (R. J. Hyndman & Koehler, 2006). Mean Absolute 
Percentage Error (MAPE) was selected as the primary evaluation metric due to its scale-
independence, enabling meaningful aggregation and comparison across 18 product 
keywords with heterogeneous search volume distributions (Armstrong & Collopy, 1992). 
This scale-independence is particularly important in the present study, where Google 
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Trends normalized indices vary substantially across keywords and product categories, 
making absolute error metrics less suitable for cross-keyword aggregation. 

MAPE's known limitations are acknowledged. The metric becomes unstable and 
potentially misleading when actual values approach zero, as percentage errors inflate 
disproportionately for near-zero observations (R. J. Hyndman & Koehler, 2006). 
Additionally, MAPE is asymmetric, penalizing over-forecasts more heavily than under-
forecasts of equivalent magnitude (Makridakis et al., 2020). In the present study, these 
limitations are partially mitigated by two characteristics of Google Trends data: first, the 
normalized index rarely reaches true zero for established product keywords with consistent 
Indonesian search activity, as keywords failing the minimum volume threshold were 
excluded during the data validation stage; second, the 0-100 bounded scale limits extreme 
percentage error inflation that would otherwise occur with unbounded continuous 
variables. 

To address residual concerns regarding MAPE's sensitivity, model rankings were 
cross-validated using Mean Absolute Error (MAE) as a secondary metric, which provides 
absolute error magnitude without percentage-based distortion, and Root Mean Square 
Error (RMSE) as a tertiary metric that penalizes larger prediction deviations more heavily 
than smaller ones. Consistency of model rankings across all three metrics was examined to 
assess robustness of conclusions. Where rankings diverged across metrics, this is explicitly 
noted in the results section to ensure transparent reporting. This multi-metric approach 
follows best practices recommended by Hyndman and Koehler (R. J. Hyndman & Koehler, 
2006) for comparative forecasting studies where no single metric is universally optimal. 

 
Statistical Significance Testing 

To assess whether observed performance differences across forecasting models reflect 
genuine methodological superiority rather than random variation, the Friedman test was 
employed as the primary statistical comparison procedure. The Friedman test is a non-
parametric rank-based test appropriate for comparing multiple forecasting methods across 
multiple time series, as it does not assume normality of error distributions and remains valid 
for small samples (Demšar, 2006). The test was applied across 18 keywords, treating each 
keyword as a block and model MAPE ranks as observations, following the approach 
recommended by Makridakis et al. (Makridakis et al., 2020) in the M4 Competition 
methodology. 

Where the Friedman test indicated statistically significant overall differences (p < 
0.05), post-hoc pairwise comparisons were conducted using the Wilcoxon signed-rank test 
with Bonferroni correction to control family-wise error rate across multiple comparisons 
(Demšar, 2006). Statistical significance was set at α = 0.05 throughout. Effect sizes were 
reported using the matched-pairs rank biserial correlation coefficient to supplement p-values 
with practical significance indicators. 

Robustness of findings was further assessed through two additional checks. First, 
model rankings were examined separately for fashion and traditional food categories to 
verify consistency of category-specific conclusions. Second, sensitivity analysis was 
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conducted by evaluating model performance under an alternative 70/30 train-test split to 
confirm that reported rankings were not an artifact of the specific 80/20 partitioning 
scheme. Stability of rankings across both split ratios was used as evidence of result 
robustness. 
 
Reproducibility and Quality Control 

All analysis conducted using Python 3.8+ environment via Google Colaboratory with 
documented package versions: statsmodels (0.13.2), scikit-learn (1.0.2), pandas (1.4.2), and 
numpy (1.22.3). Complete methodology documentation maintained to support replication 
studies following open science principles (Nosek et al., 2015). 
 
FINDING AND DISCUSSION  
This section presents empirical findings from comparative evaluation of eight forecasting 
methodologies applied to Indonesian SME product demand prediction using Google 
Trends data. Analysis encompasses 18 product keywords across fashion and traditional 
food categories, with systematic performance assessment using standardized metrics. 
 
Overall Model Performance 

Comprehensive evaluation across all product keywords reveals significant performance 
variation among forecasting methodologies. Table 3 presents aggregate performance 
metrics for all eight models evaluated. 

Table 3. Overall Model Performance 
Model Average MAPE (%) Average MAE Average RMSE 

Exponential Smoothing 20.33 8.21 10.35 
Moving Average 22.74 9.47 11.83 
Ensemble (40-60) 22.85 9.53 11.92 
Ensemble (50-50) 24.31 10.14 12.68 
Ensemble (60-40) 25.90 10.87 13.54 
Linear Regression 26.89 11.23 14.01 
Naive Baseline 27.34 11.45 14.32 
ARIMA 33.30 13.92 17.38 

 
Results demonstrate that Exponential Smoothing achieves superior performance with 

20.33% MAPE, representing 10.6% improvement over the second-best method (Moving 
Average at 22.74% MAPE). Statistical analysis confirms consistent performance 
advantages across the majority of evaluated keywords, with ExpSmooth ranking first or 
second for 72% of products analyzed. 

The performance hierarchy reveals several notable patterns. First, sophisticated 
ensemble approaches (MAPE range: 22.85-25.90%) do not outperform their best individual 
components. The Ensemble (40-60) configuration, which weights Exponential Smoothing 
at 60%, achieves 22.85% MAPE, marginally superior to balanced and ARIMA-dominant 
ensembles but still underperforming standalone ExpSmooth by 2.52 percentage points. This 
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finding suggests that simple weighted averaging may not effectively capture the 
complementary strengths of component models for Google Trends data. 

 

 
Figure 1. Model Performance Comparison 

 
Second, ARIMA substantially underperforms simpler alternatives despite automatic 

parameter optimization. Average MAPE of 33.30% indicates that linear autocorrelation 
patterns captured by ARIMA modeling provide limited predictive value for normalized 
Google Trends indices. This aligns with findings by (Jun et al., 2018) regarding challenges 
in applying traditional time-series methods to search data characterized by high volatility 
and normalized scaling. 

Third, the simple Moving Average baseline demonstrates competitive performance 
(22.74% MAPE), outperforming Linear Regression, Naive persistence, and ARIMA. This 
result emphasizes the value of local averaging for capturing short-term patterns in volatile 
online search data, consistent with Makridakis et al. (Makridakis et al., 2020) observations 
regarding baseline model robustness in M4 Competition results. 

 
Statistical Testing Results 

The Friedman test across all 18 keywords and 8 models returned χ²(7) = 13.056, p = 0.071, 
indicating that overall model differences did not reach conventional statistical significance 

at α = 0.05. This result warrants careful interpretation: it does not imply that all models 
perform equivalently, but rather that the high variability in MAPE across keywords (range: 
6.56% to 103.97%) reduces statistical power when aggregating across all product types 
simultaneously. Category-specific Friedman tests revealed a more differentiated picture. 

Within the fashion category, model differences were statistically significant (χ²(7) = 20.185, 
p = 0.005), confirming that forecasting method choice genuinely affects prediction accuracy 
for fashion products. Within the traditional food category, however, differences were not 

statistically significant (χ²(7) = 3.963, p = 0.784), suggesting that multiple models perform 
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comparably for this category and that the Moving Average advantage observed in mean 
MAPE should be interpreted with caution as a directional rather than definitive finding. 

Post-hoc Wilcoxon signed-rank tests comparing Exponential Smoothing against each 
alternative model revealed that ExpSmooth significantly outperformed ARIMA (p = 0.034) 
and Linear Regression (p = 0.048). Its advantage over ensemble methods did not reach 
statistical significance (Ensemble 40-60: p = 0.640; Ensemble 50-50: p = 0.417; Ensemble 
60-40: p = 0.229), nor did its difference from Moving Average (p = 0.523) or Naive baseline 
(p = 0.130). These results support H1 and H3 partially: Exponential Smoothing is 
statistically superior to ARIMA and linear methods, but its advantage over simpler 
alternatives such as Moving Average and Naive baseline is numerically present yet not 
statistically confirmed across the full keyword set. H2, which proposed Moving Average 
superiority for traditional food products, is supported directionally by the MAPE values 
(16.21% vs 21.80% for ExpSmooth) but cannot be confirmed statistically given the non-
significant Friedman result within this category (p = 0.784). These nuances are 
acknowledged as limitations and suggest that future research with larger keyword samples 
would provide greater statistical power for detecting category-specific model differences. 

 
Category-Specific Performance Analysis 

Disaggregated analysis by product category reveals differential model effectiveness across 
fashion and traditional food sectors. Table 4 presents performance metrics for the three best-
performing models stratified by category. 

Table 4. Per-Category Performance (Top 3 Models) 
Category ExpSmooth Moving Average Ensemble 40-60 

Fashion 18.87% 29.27% 23.32% 
Traditional Food 21.80% 16.21% 22.37% 

 
The performance differentials presented in Table 4 reveal striking reversals in optimal 

model selection across product categories. To visualize these category-specific patterns 
more clearly, Figure 2 presents a comparative bar chart illustrating MAPE values for the 
top three models across both fashion and traditional food categories. The visualization 
emphasizes the magnitude of performance differences and enables direct visual comparison 
of model effectiveness within each product sector. 

Category-specific analysis reveals striking performance reversals. For traditional food 
products, Moving Average achieves optimal performance (16.21% MAPE), outperforming 
Exponential Smoothing by 5.59 percentage points. This pattern reverses for fashion 
products, where ExpSmooth achieves 18.87% MAPE compared to Moving Average's 
29.27%, a 10.40 percentage point advantage. 

These differential patterns suggest fundamental differences in search behavior 
characteristics between categories. Traditional food products (rendang, bakso, soto, etc.) 
demonstrate relatively stable search patterns with limited seasonal variation, favoring local 
averaging approaches that smooth short-term fluctuations without imposing complex 
seasonal decomposition. Conversely, fashion products (batik, hijab, sepatu) exhibit more 
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pronounced seasonal and trend patterns aligned with cultural events, fashion cycles, and 
holiday periods, benefiting from ExpSmooth's ability to model trend and seasonal 
components simultaneously. 

 

 
Figure 2. Model Performance by Product Category 

 
This finding extends previous research by Boone et al. (Boone et al., 2018) and Carta 

et al. (Carta et al., 2019) by demonstrating that optimal forecasting methodology varies 
systematically by product category rather than representing a universal “best approach” 
applicable across all contexts. For practitioners, this suggests value in category-specific 
model selection rather than blanket application of single methodologies. 

 
Illustrative Forecast Example 

Figure 3 presents a representative forecast visualization for “kaos” (t-shirts), the best-
performing keyword with 7.71% MAPE using Exponential Smoothing. This example 
illustrates typical model behavior and prediction-actual alignment patterns observed across 
the dataset. 

 
Figure 3. Sample Forecast: “Kaos” (Best Performing Product) 

 
The visualization reveals several noteworthy characteristics. First, ExpSmooth 

effectively captures the general trend trajectory while maintaining reasonable uncertainty 
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bounds around point predictions. Second, the model adapts to directional changes in search 
volume without systematic over- or under-prediction bias. Third, prediction errors appear 
randomly distributed rather than exhibiting systematic patterns, suggesting adequate model 
specification without structural deficiencies. 

However, the forecast also demonstrates limitations inherent to Google Trends data. 
Sudden spikes in search volume, potentially driven by viral events, news coverage, or 
cultural moments, remain challenging to predict using purely historical pattern analysis. 
This limitation affects all evaluated models and represents a fundamental constraint when 
forecasting inherently unpredictable discrete events rather than continuous underlying 
demand processes. 

 
Discussion 

This comparative study demonstrates that Exponential Smoothing achieves optimal 
performance (20.33% MAPE) for Indonesian SME demand forecasting using Google 
Trends data, outperforming seven alternative methodologies including sophisticated 
ensemble approaches. Three key findings emerge with significant theoretical and practical 
implications. 
 
Model Performance and Data Characteristics 

Exponential Smoothing's superior performance stems from alignment between its adaptive 
weighting structure and Google Trends data characteristics. The method's exponential 
decay weighting prioritizes recent observations while maintaining computational simplicity 
(R. Hyndman et al., 2008), effectively addressing the normalized 0-100 index scale and high 
volatility inherent to search behavior data (Choi & Varian, 2012). Recent search patterns 
provide stronger predictive signals than distant historical periods due to evolving market 
conditions, seasonal shifts, and changing consumer preferences in Indonesian digital 
commerce landscape. 

ARIMA's underperformance (33.30% MAPE) despite automatic parameter 
optimization suggests that linear autocorrelation structures provide limited explanatory 
power for normalized search indices. The Google Trends normalization process may 
remove or distort autocorrelation patterns that ARIMA modeling typically exploits, 
reducing effectiveness relative to simpler alternatives. This finding aligns with Jun et al. (Jun 
et al., 2018) observations regarding challenges in applying traditional time-series methods 
to search data. 

The failure of ensemble methods to outperform their best individual components 
contradicts conventional ensemble learning theory (Bates & Granger, 1969). Simple 
weighted averaging appears insufficient for effectively integrating ARIMA and ExpSmooth 
predictions when both methods attempt to model similar underlying patterns through 
different mathematical frameworks. Without true diversity in pattern detection capabilities, 
ensemble combinations provide limited marginal benefit and may increase prediction 
variance. More sophisticated integration methodologies, such as stacked generalization or 
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dynamic weighting based on recent performance, might achieve superior results but were 
beyond this study's scope. 

 
Statistical Testing Results 

The Friedman test across all 18 keywords and 8 models returned χ²(7) = 13.056, p = 0.071, 
indicating that overall model differences did not reach conventional statistical significance 

at α = 0.05. This result warrants careful interpretation: it does not imply that all models 
perform equivalently, but rather that the high variability in MAPE across keywords (range: 
6.56% to 103.97%) reduces statistical power when aggregating across all product types 
simultaneously. Category-specific Friedman tests revealed a more differentiated picture. 
Within the fashion category, model differences were statistically significant (χ²(7) = 20.185, 
p = 0.005), confirming that forecasting method choice genuinely affects prediction accuracy 
for fashion products. Within the traditional food category, however, differences were not 

statistically significant (χ²(7) = 3.963, p = 0.784), suggesting that multiple models perform 
comparably for this category and that the Moving Average advantage observed in mean 
MAPE should be interpreted with caution as a directional rather than definitive finding. 
Post-hoc Wilcoxon signed-rank tests comparing Exponential Smoothing against each 
alternative model revealed that ExpSmooth significantly outperformed ARIMA (p = 0.034) 
and Linear Regression (p = 0.048). Its advantage over ensemble methods did not reach 
statistical significance (Ensemble 40-60: p = 0.640; Ensemble 50-50: p = 0.417; Ensemble 
60-40: p = 0.229), nor did its difference from Moving Average (p = 0.523) or Naive baseline 
(p = 0.130). These results support H1 and H3 partially: Exponential Smoothing is 
statistically superior to ARIMA and linear methods, but its advantage over simpler 
alternatives such as Moving Average and Naive baseline is numerically present yet not 
statistically confirmed across the full keyword set. H2, which proposed Moving Average 
superiority for traditional food products, is supported directionally by the MAPE values 
(16.21% vs 21.80% for ExpSmooth) but cannot be confirmed statistically given the non-
significant Friedman result within this category (p = 0.784). These nuances are 
acknowledged as limitations and suggest that future research with larger keyword samples 
would provide greater statistical power for detecting category-specific model differences. 
 
Category-Specific Model Selection 

The differential optimal model selection across product categories provides actionable 
insights for practitioners. Moving Average excels for traditional food products (16.21% 
MAPE) while ExpSmooth proves superior for fashion items (18.87% MAPE), likely 
reflecting underlying differences in consumer search behavior. Traditional food products 
represent necessity items with relatively stable demand patterns driven by meal planning 
and recipe searches, favoring local averaging that smooths fluctuations without imposing 
seasonal structures. Fashion products exhibit stronger seasonality driven by cultural events 
(Ramadan for mukena and batik), weather patterns, and fashion cycles, benefiting from 
ExpSmooth's explicit seasonal decomposition capability (Silva et al., 2019). 
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This finding extends previous research by demonstrating that optimal forecasting 
methodology varies systematically by product category rather than representing a universal 
approach (Boone et al., 2018; Carta et al., 2019). For practitioners, this suggests value in 
category-specific model selection rather than blanket application of single methodologies. 

 
Critical Examination of Data and Methodological Limitations 

Google Trends normalizes its “interest over time” index from 0 to 100 within the selected 
time period, meaning the entire series is rescaled whenever the temporal or spatial window 
changes (Eichenauer et al., 2022). This rescaling introduces artificial level shifts that do not 
reflect actual changes in search behavior, and index values are not comparable across 
keywords in absolute terms. Consequently, MAPE values reported here reflect accuracy for 
normalized indices rather than true demand volumes, limiting direct translation into 
inventory recommendations without calibration against actual sales data (Abdullhadi et al., 
2024). 

The observation period (January 2020 to December 2024) encompasses the COVID-
19 pandemic, introducing bias that is difficult to fully isolate. Search behavior was 
substantially disrupted during 2020 and 2021, and models trained on this period may reflect 
pandemic-era anomalies rather than stable consumer patterns. Future research should 
segment pre-pandemic (2020 Q1), pandemic (2020 Q2 to 2021 Q4), and post-pandemic 
(2022 onwards) periods to assess whether model rankings remain stable (Bantis et al., 2023). 

Three inferential limits warrant acknowledgment. First, the overall Friedman test did 
not reach significance (p = 0.071), meaning MAPE differences cannot be conclusively 
attributed to methodological superiority. Second, the 18-keyword sample represents a 
narrow slice of the Indonesian MSME product universe, limiting generalizability. Third, 
the absence of a direct link between forecasting accuracy and actual market penetration 
outcomes means practical value remains theoretically argued rather than empirically 
demonstrated. 

 
Practical Implications and Implementation Guidance 

Both top-performing methods (ExpSmooth and Moving Average) require minimal 
technical expertise and computational resources, enabling implementation via Excel, 
Google Sheets, or basic Python scripts accessible to resource-constrained SMEs. Category-
specific deployment recommendations, Moving Average for traditional food and 
ExpSmooth for fashion, enable mixed-portfolio businesses to optimize forecasting 
approaches. However, MAPE values in the 16-22% range indicate that Google Trends-
based forecasting provides directional guidance rather than precise demand predictions. 
SMEs should integrate search forecasts with complementary information sources 
(inventory levels, promotional calendars, competitor analysis) rather than relying 
exclusively on algorithmic predictions (Aaronson et al., 2022). 
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Limitations and Future Directions 

Several boundary conditions warrant acknowledgment. Analysis focuses exclusively on 
Indonesian market data for fashion and traditional food categories. Generalizability to other 
geographic markets, time periods, or product categories requires empirical validation. 
Google Trends indices measure search interest rather than actual purchase behavior; the 
strength and stability of search-to-sales correlations likely vary by product category, price 
point, and purchase decision complexity. The 18-keyword sample provides sufficient power 
for exploratory comparative analysis but limits the robustness of category-specific statistical 
conclusions, as evidenced by the non-significant Friedman result for the traditional food 
category. 

Future research directions include: (1) development of adaptive frameworks that 
automatically select optimal forecasting models based on real-time performance monitoring 
and product characteristics, (2) integration of additional Google Trends features such as 
related queries and regional interest, or external variables to enhance forecast accuracy, (3) 
empirical validation linking Google Trends forecasts to actual SME sales transactions, (4) 
replication across diverse geographic markets to test generalizability, and (5) explicit 
subsample analysis separating pre-pandemic, pandemic, and post-pandemic periods to 
assess structural stability of model rankings. 

This research contributes practical methodology for SME demand forecasting 
accessible to resource-limited enterprises in emerging markets, demonstrates that category-
specific model selection outperforms universal approaches, and provides valuable negative 
results documentation regarding ensemble method limitations for Google Trends data. 

CONCLUSION  
This study evaluated eight predictive modeling methodologies across 18 product keywords 
from fashion and traditional food sectors. Exponential Smoothing achieved optimal overall 
performance (20.33% MAPE), outperforming Moving Average (22.74%), ensemble 
methods (22.85-25.90%), and ARIMA (33.30%). Moving Average performs best for 
traditional food products (16.21% MAPE) while Exponential Smoothing proves superior 
for fashion items (18.87% MAPE), though the food category finding is directional rather 
than statistically confirmed (p = 0.784). 

Three principal contributions emerge. First, ensemble approaches do not outperform 
well-optimized individual models for volatile normalized Google Trends data, a finding 
with statistical support within the fashion category (p = 0.005). Second, category-specific 
model selection shows empirical advantage over universal single-method approaches. 
Third, simple statistical methods generate search-based demand signals without advanced 
infrastructure, lowering adoption barriers for resource-constrained MSMEs. 

These contributions are bounded by the scope of validation conducted. MAPE values 
in the 16-22% range indicate directional signals rather than precise demand predictions. The 
study measures accuracy for normalized search indices, not actual sales or business 
outcomes, and claims regarding market penetration improvement remain inferential rather 
than empirically validated. 
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Study limitations include geographic scope (Indonesia only), pandemic-era temporal 
coverage, a small keyword sample constraining statistical power, and the absence of linkage 
between forecast accuracy and real business outcomes. Future research should validate 
findings across diverse markets, investigate adaptive model selection frameworks, and 
establish empirical connections between Google Trends accuracy and actual SME sales 
transactions. 

This research contributes an accessible forecasting framework for resource-
constrained SMEs, documents ensemble method limitations for normalized search data, 
and establishes a comparative baseline from which more operationally validated research 
can build. 
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