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Türkiye Üzerine Kısa Bir Ampirik İnceleme 

ABSTRACT 

This study examines the relationship among political-economic uncertainty, digital consumer attention, and the actual growth in 

online card payment value in Türkiye, integrating finance, political science, and marketing. Monthly observations from January 

2017 to December 2024 are employed. The Digital Consumer Attention Index is constructed as the equally weighted mean of five 

Google Trends series; the financial outcome is the annual log growth of BKM online card-payment value deflated by consumer 

prices; and a Türkiye-specific news-based uncertainty index represents the political-economic environment. A parsimonious ARX 

model with two lags is estimated using Newey-West standard errors (N = 82). The uncertainty coefficient is negative and 

significant (beta = -2.129; p = 0.007). The direct coefficient on digital attention is insignificant (beta = 0.447; p = 0.624), whereas 

the attention-uncertainty interaction is positive and significant at the 10% level (beta = 1.530; p = 0.083). Conditional effects 

indicate that the negative association between uncertainty and real payment growth weakens when digital attention is high. Digital 

attention may therefore function less as an autonomous sales driver than as a buffering mechanism that supports marketing 

resilience amid uncertainty. The findings are associational and do not establish causality. 
Keywords: e-commerce; digital consumer attention; political-economic uncertainty; online card payments; Google Trends. 

ÖZET 

Bu çalışma, finans, siyaset bilimi ve pazarlama disiplinlerini bütünleştirerek Türkiye’de politik-ekonomik belirsizlik, dijital 

tüketici dikkati ve çevrim içi kartlı ödeme değerindeki reel büyüme arasındaki ilişkiyi incelemektedir. Ocak 2017-Aralık 2024 

dönemine ait aylık gözlemler kullanılmıştır. Dijital Tüketici Dikkati Endeksi, beş Google Trends serisinin eşit ağırlıklı ortalaması 

olarak oluşturulmuştur. Finansal sonuç değişkeni, tüketici fiyatlarıyla deflate edilmiş BKM çevrim içi kartlı ödeme değerinin yıllık 

logaritmik büyümesidir; Türkiye’ye özgü haber tabanlı belirsizlik endeksi ise politik-ekonomik ortamı temsil etmektedir. Newey-

West standart hataları kullanılarak iki gecikmeli yalın bir ARX modeli tahmin edilmiştir (N = 82). Belirsizlik katsayısı negatif ve 

anlamlıdır (beta = -2.129; p = 0.007). Dijital dikkatin doğrudan katsayısı anlamsızdır (beta = 0.447; p = 0.624); buna karşılık 

dikkat-belirsizlik etkileşimi %10 düzeyinde pozitif ve anlamlıdır (beta = 1.530; p = 0.083). Koşullu etkiler, dijital dikkat yüksek 

olduğunda belirsizlik ile reel ödeme büyümesi arasındaki negatif ilişkinin zayıfladığını göstermektedir. Bu nedenle dijital dikkat, 

bağımsız bir satış itici gücünden ziyade belirsizlik dönemlerinde pazarlama dayanıklılığını destekleyen tamponlayıcı bir 

mekanizma olarak işlev görebilir. Bulgular ilişkisel niteliktedir ve nedensellik ortaya koymamaktadır. 
Anahtar Kelimeler: e-ticaret; dijital tüketici dikkati; politik-ekonomik belirsizlik; çevrim içi kartlı ödemeler; Google Trends. 
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1. INTRODUCTION 

E-commerce should not be treated merely as a discrete retail technology. It is an institutionalised 

transaction environment in which information search, trust formation, channel choice and payment 

settlement are completed across a connected customer journey. In the absence of face-to-face assurance, 

perceived usefulness, ease of use, institutional safeguards, vendor trust, and perceived risk jointly shape 

whether online attention translates into purchase intention and completed transactions (Gefen et al., 2003; 

Kim et al., 2008; McKnight et al., 2002; Pavlou, 2003). Customer-journey research accordingly 

distinguishes pre-purchase search, purchase and post-purchase evaluation. At the same time, behavioural 

evidence from e-commerce sites shows that browsing depth and repeat visits contain information about 

conversion probability (Johnson et al., 2004; Lemon & Verhoef, 2016; Moe & Fader, 2004). The present 

study locates online card payment at the financial completion of this process: search records attention, 

whereas payment records realise expenditure. 

Digital traces provide a timely means of observing the information-search stage. Web search data have 

been used to predict consumer decisions and near-term movements in automobile sales, unemployment, 

travel, private consumption, and financial market attention (Choi & Varian, 2012; Da et al., 2011; Goel et 

al., 2010; Jun et al., 2018; Vosen & Schmidt, 2011). Google Trends is particularly attractive because it is 

available at a higher frequency than many survey indicators. Its values are nevertheless normalised, 

sampled and sensitive to query specification; they measure relative search intensity rather than the number, 

sentiment or commercial purpose of searches. Recent methodological reviews, therefore, caution against 

mechanically equating search interest with demand and recommend transparent query construction, 

common extraction windows, and explicit reliability qualifications (Hölzl et al., 2025; Jun et al., 2018). 

Political-economic uncertainty constitutes the contextual element of the transaction process. News-based 

uncertainty indices capture the frequency with which policy, political and economic uncertainty enter the 

public information environment (Baker et al., 2016). Theoretical and empirical studies show that 

uncertainty increases the value of waiting, weakens aggregate demand and may postpone expenditure when 

households and firms cannot form sufficiently precise expectations about income, prices, regulation or 

policy (Bloom, 2009; Leduc & Liu, 2016). The Türkiye-specific Economic Country-Specific Uncertainty 

index extends this approach to domestic news and institutional conditions (Kilic & Balli, 2024). At the 

same time, electronic payment records provide a comparatively direct, high-frequency indicator of realised 

economic transactions and their relationship with the real economy (Zhang et al., 2019). 

Although this literature is individually well developed, they have largely progressed along separate lines. 

Marketing and information-systems studies generally explain adoption, trust or purchase intention; digital-

trace studies concentrate on prediction; political-economy research examines uncertainty and postponed 

decisions; and payment studies use transaction flows as indicators of economic activity. The purpose of 

this study is to connect these strands by examining both the direct association between digital consumer 

attention and real online card-payment growth and whether digital attention weakens the negative 

association attributable to political-economic uncertainty. The study contributes by constructing a 

transparent composite attention index, matching search and news-based uncertainty data with realised 

online payments at a monthly frequency, and estimating an interaction-based ARX specification whose 

coefficients remain readily interpretable. 

2. LITERATURE REVIEW AND HYPOTHESIS DEVELOPMENT 

2.1. E-Commerce Acceptance, Trust and the Customer Journey 

The e-commerce acceptance literature identifies trust and perceived risk as central determinants of online 

transactions. Technology-acceptance variables explain whether consumers regard the digital interface as 

useful and manageable. At the same time, institution-based trust concerns the safeguards, vendor 

competence and behavioural integrity that make an electronic exchange acceptable (Gefen et al., 2003; 

Kim et al., 2008; McKnight et al., 2002; Pavlou, 2003). These mechanisms are particularly important 

because consumers cannot inspect the seller, product or payment process in the same manner as in a 

physical store. Search activity can therefore represent either progress towards purchase or an attempt to 

resolve uncertainty about price, quality, delivery, data security and returns. An attention indicator should 

consequently be interpreted as a pre-transaction state rather than as a completed demand measure. 
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The customer-journey perspective situates this pre-transaction state within a sequence of touchpoints that 

extend from need recognition and information search to purchase and post-purchase evaluation (Lemon & 

Verhoef, 2016). Empirical analyses of clickstream behaviour show that browsing depth, visit frequency 

and the timing of repeat visits are associated with conversion probability (Johnson et al., 2004; Moe & 

Fader, 2004). The transition from multi-channel to omni-channel retailing further means that consumers 

may search in one channel, compare alternatives in another and complete the transaction elsewhere 

(Verhoef et al., 2015). Digital marketing research, therefore, treats search, communication, platform design 

and payment as connected rather than independent touchpoints (Kannan & Li, 2017). This literature 

explains why attention is commercially relevant, but also why an aggregate search measure need not have 

an unconditional one-to-one relationship with completed online payments. 

2.2. Digital Trace Data as Indicators of Consumer Attention 

Search data has two principal advantages for empirical e-commerce research. First, they are generated by 

observed information-seeking behaviour rather than retrospective survey responses. Secondly, they are 

available sufficiently quickly to complement conventional economic indicators. Web search frequencies 

have been used to predict consumer choices, near-term macroeconomic variables, and private consumption 

(Choi & Varian, 2012; Goel et al., 2010; Vosen & Schmidt, 2011). In finance, Google search volume has 

also been shown to capture a timely dimension of investor attention that differs from turnover and media 

coverage (Da et al., 2011). Across disciplines, the use of Google Trends has accordingly shifted from 

descriptive monitoring towards forecasting and behavioural measurement (Jun et al., 2018). 

These advantages do not remove the distinction between attention and intention. Search terms may reflect 

curiosity, price comparisons, after-sales problem-solving, news exposure, or interest without sufficient 

purchasing power. Moreover, Google Trends reports a relative 0-100 index, employs sampled searches and 

may produce different values when the extraction window or query design changes (Hölzl et al., 2025). 

The present study reduces single-query dependence by averaging five separately retrieved category, 

platform and promotional search series. It introduces a one-month lag to preserve the temporal ordering 

from search to payment. Subject to these qualifications, a rise in broad-based digital attention is expected 

to be associated with stronger subsequent growth in online payments. 

H1. Digital consumer attention is positively associated with the actual annual growth in the value of online 

card payments. 

2.3. Political-Economic Uncertainty and Household Demand 

Uncertainty is not identical to observable volatility: it concerns the difficulty of forecasting future 

outcomes. News-based policy indices, macroeconomic forecast-error measures and business-survey 

disagreement each capture different aspects of that difficulty (Bachmann et al., 2013; Baker et al., 2016; 

Bloom, 2009; Jurado et al., 2015; Leduc & Liu, 2016). Despite differences in measurement, the principal 

theoretical mechanism is similar. When decisions are costly to reverse, and new information is expected, 

greater uncertainty raises the option value of waiting. The resulting delay may reduce investment, 

production and aggregate demand even when the contemporaneous physical capacity to transact remains 

unchanged. 

For households, transmission occurs through expectations regarding income, employment, inflation, 

taxation, and the future policy environment. Evidence from a quasi-natural political experiment shows that 

greater policy uncertainty can raise household saving (Giavazzi & McMahon, 2012). Election-related and 

regulatory uncertainty also delays corporate decisions (Gulen & Ion, 2016; Julio & Yook, 2012), while 

trade policy uncertainty affects activity through anticipated changes in costs and market access (Caldara et 

al., 2020). These findings are relevant to online consumption because a digital channel reduces search and 

access costs but does not eliminate income risk or precautionary motives. The Türkiye-specific ECSU 

measure is particularly suitable in this respect because it combines economic developments, political 

tensions and policy decisions reported in domestic news (Kilic & Balli, 2024). 

H2. Political-economic uncertainty is negatively associated with the real annual growth in the value of 

online card payments. 
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2.4. Payment Data, Digital Resilience and the Buffering Mechanism 

Electronic payments are the financial counterpart of the marketing conversion process. Cross-country 

evidence links retail payment activity to the real economy (Zhang et al., 2019), while ATM, point-of-sale, 

and settlement-system data improve nowcasts of private consumption and economic activity (Aprigliano et 

al., 2019; Duarte et al., 2017). Recent evidence from Türkiye likewise shows that card transaction counts 

and values respond differently to activity, inflation, unemployment, and policy rates, underscoring the 

importance of distinguishing nominal payment expansion from real transaction growth (Yilmazkuday, 

2026). Deflating online card-payment value and modelling its annual real growth therefore provides a 

closer approximation to realised digital expenditure than either search intensity or nominal turnover alone. 

The resilience literature indicates that digital channels may acquire particular importance when the external 

environment becomes restrictive. COVID-19 altered established shopping habits, accelerated retailer 

adaptation and increased the value of remote search, delivery and electronic payment capabilities (Pantano 

et al., 2020; Roggeveen & Sethuraman, 2020; Sheth, 2020). Transaction and search evidence describes a 

react-cope-adapt process through which consumers use e-commerce to respond to environmentally 

imposed constraints (Guthrie et al., 2021). Studies conducted in Türkiye similarly associate the pandemic-

era shift in online shopping with perceived risk, education, income, digital service use, regional conditions, 

and infrastructure (Güngördü Belbağ, 2022; Kabakuş et al., 2025; Tutar et al., 2024). These findings do not 

imply that every increase in digital attention generates a purchase; they show that familiarity with the 

online channel can preserve transaction capacity when physical or institutional conditions deteriorate. 

The proposed buffering mechanism follows from this distinction. Under low uncertainty, digital attention 

may include a comparatively large share of casual browsing and need not produce additional real spending. 

Under high uncertainty, consumers who actively compare prices, identify promotions, understand platform 

procedures and trust electronic payment systems may face lower information and transaction costs than 

otherwise similar consumers. Digital attention can then moderate, rather than independently reverse, the 

contractionary association between uncertainty and realised payments. Because the mechanism is 

conditional, it is evaluated through the interaction between lagged standardised attention and 

contemporaneous standardised uncertainty. 

H3. Digital consumer attention weakens the negative association between political-economic uncertainty 

and real online card-payment growth. 

3. DATA AND METHOD 

3.1. Sample and Data Sources 

The research sample covers the Turkish economy, consists of monthly observations and spans January 

2017 to December 2024. Google Trends provides the five search-intensity series (Google, n.d.); BKM 

provides online card-payment counts and values (Interbank Card Center, n.d.); the Türkiye ECSU portal 

(Economic Policy Uncertainty, n.d.) provides the news-based uncertainty series developed by Kilic and 

Balli (2024); and FRED provides consumer-price inflation (Organization for Economic Co-operation and 

Development [OECD], n.d.). The starting date is determined by the availability of the BKM series under a 

consistent monthly table structure, while the end date is the final common month across all sources. The 

raw dataset contains 96 monthly observations. Because annual growth requires a twelve-month comparison 

and the model includes two lags of the dependent variable, the econometric estimation is conducted on 82 

observations. 

Table 1. Variables, measurements and data sources. 

Variable Measurement Period/Frequency Source 
Real online payment 

growth (g) 
Annual log growth in BKM online card-payment value, 

less log CPI inflation (%) 
2018:01-2024:12; 

monthly 
BKM (Interbank Card Center, 

n.d.); FRED (OECD, n.d.) 
Digital Consumer 

Attention Index (DCAI) 
Equally weighted mean of five Google Trends series; z-

score and one-month lag in the model 
2017:01-2024:12; 

monthly Google Trends (Google, n.d.) 

Uncertainty (ECSU) Türkiye-specific news-based economic country 

uncertainty; z-score in the model 
2017:01-2024:12; 

monthly 
Kilic and Balli (2024); ECSU 

portal (Economic Policy 
Uncertainty, n.d.) 

COVID-19 1 from March 2020 to June 2021; 0 otherwise Monthly indicator The author's definition 
Trend Linear time trend beginning at 1 Monthly The author's calculation 

Source: Compiled by the authors from the sources shown in the table. 
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3.2. Construction of the Digital Consumer Attention Index 

The Digital Consumer Attention Index (DCAI) is constructed from Turkish web searches for the terms 

'online alışveriş' [online shopping], 'e-ticaret' [e-commerce], 'Trendyol', 'Hepsiburada' and 'indirim' 

[discount], retrieved from Google Trends (Google, n.d.). Each term was downloaded separately on a 0-100 

scale for the common 2017-2024 interval. This procedure reduces the possibility that high-volume brand 

searches compress lower-volume category terms towards zero. The five series are then averaged with equal 

weights and standardised over the full sample. Equal weighting is adopted as a simple, reproducible choice 

that reduces the risk of overfitting when using data-driven weights with small sample sizes. The limitations 

associated with the relative scale, query design and sampling variability of Google Trends nevertheless 

remain (Hölzl et al., 2025). 

3.3. Econometric Model 

The empirical purpose of the study is not to construct a complex causal system but to test the dynamic 

relationships among the principal variables drawn from finance, political science, and marketing within a 

concise and interpretable framework. Ordinary least squares, therefore, estimate the ARX(2) model shown 

below: 

gₜ = α + φ₁gₜ₋₁ + φ₂gₜ₋₂ + β₁Aₜ₋₁ + β₂Uₜ + β₃(Aₜ₋₁×Uₜ) + γCₜ + δTₜ + εₜ 

In the model, g denotes the real annual growth of online payments; A, a standardised measure of digital 

consumer attention; U, a standardised measure of political-economic uncertainty; C, the COVID-19 

indicator; and T, a linear time trend. Digital attention is lagged by one month to reflect the temporal 

ordering of search and payment and to reduce contemporaneous association. Nevertheless, because the 

design contains neither an instrumental variable nor a natural experiment, the coefficients are not 

interpreted as causal effects. Newey-West HAC standard errors with six lags are employed to address 

possible heteroskedasticity and serial dependence in the monthly residuals (Newey & West, 1987). In 

accordance with the theoretical framework, β₁ > 0 is expected for H1, β₂ < 0 for H2 and β₃ > 0 for H3. 

4. RESULTS 

4.1. Descriptive Findings 

Table 2. Descriptive statistics. 

Variable N Mean Std. deviation Minimum Maximum 
Online transaction count (million) 96 120.45 77.49 26.84 268.91 

Online payment value (TRY billion, nominal) 96 95.86 132.30 6.12 532.79 
Real payment growth (%) 84 26.35 12.62 5.34 63.13 

DCAI (0-100 composite scale) 96 44.59 8.59 31.60 73.60 
ECSU 96 151.93 89.07 65.35 521.29 

Source: Authors’ calculations. 

The descriptive statistics indicate that real online payment growth averaged 26.35% and exhibited a broad 

distribution. The maximum ECSU value, exceeding 521, indicates brief yet pronounced increases in 

political-economic uncertainty during the sample period. Figure 1 shows that digital consumer attention 

and real payment growth rose during the COVID-19 period, whereas the largest uncertainty spikes were 

concentrated around 2022. These contemporaneous movements should not, however, be taken as evidence 

of a causal relationship. 
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Figure 1. Digital consumer attention, political-economic uncertainty and real online card-payment growth, 2017-

2024. Note: DCAI and ECSU are standardised over the full sample. The first 12 months in the lower panel are blank 

because annual growth cannot yet be calculated. The shaded area denotes March 2020-June 2021. 

Source: Authors’ calculations based on Google Trends, ECSU and BKM data. 

4.2. ARX(2)-HAC Estimates 

Table 3. ARX(2)-HAC estimates for real online payment growth. 

Variable Coefficient HAC SE p 95% confidence interval 
Intercept 2.750 1.830 0.133 [-0.837; 6.336] 

Real growth (t-1) 0.462*** 0.091 <0.001 [0.282; 0.641] 
Real growth (t-2) 0.192* 0.106 0.071 [-0.017; 0.400] 

Digital attention (t-1) 0.447 0.911 0.624 [-1.339; 2.232] 
Political/economic uncertainty -2.129*** 0.783 0.007 [-3.664; -0.594] 
Digital attention x uncertainty 1.530* 0.883 0.083 [-0.200; 3.260] 

COVID-19 indicator 4.231 2.594 0.103 [-0.853; 9.316] 
Linear trend 0.103* 0.054 0.054 [-0.002; 0.209] 

Source: Authors’ calculations. 

Note: The dependent variable is annual real log growth. N = 82; R-squared = 0.620; adjusted R-squared = 0.584. Newey-West 

standard errors with six lags. *** p < 0.01; ** p < 0.05; * p < 0.10. 

The ARX(2)-HAC estimates show that the coefficient on political-economic uncertainty is -2.129 and 

statistically significant at the 1% level (p = 0.007). Holding the other variables constant, a one-standard-

deviation increase in ECSU is associated with approximately a 2.13 percentage-point reduction in the 

growth of real online payments. By contrast, the direct coefficient on digital consumer attention at the 

mean level of uncertainty is 0.447 and is not statistically significant (p = 0.624). H1 is therefore not 

supported, whereas H2 is supported. 

The interaction between digital attention and uncertainty has a coefficient of 1.530, which is positive and 

significant at the 10% level (p = 0.083). Conditional-effect estimates show that the uncertainty coefficient 

is -3.659 (p = 0.018) when digital attention is one standard deviation below its mean, -2.129 (p = 0.007) at 

mean attention, and -0.599 (p = 0.343) when attention is one standard deviation above its mean. In other 

words, the negative association between uncertainty and real payment growth diminishes as digital 

attention rises and is no longer statistically distinguishable from zero at high levels of attention. Because 

the interaction is significant only at the 10% threshold, H3 is regarded as partially supported. 
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The model yields R-squared = 0.620 and adjusted R-squared = 0.584. The diagnostic tests provide no 

statistical evidence of residual serial correlation, conditional heteroskedasticity, or functional-form 

misspecification: the Breusch-Godfrey LM(6) (Breusch, 1978; Godfrey, 1978), ARCH LM(6) (Engle, 

1982), and Ramsey RESET (Ramsey, 1969) p-values are 0.771, 0.448, and 0.847, respectively. The 

Jarque-Bera test (Jarque & Bera, 1987), however, rejects the null of normality in the residuals (p = 0.032). 

Although Newey-West HAC standard errors are used, p-values obtained from this small sample should 

therefore be interpreted with due caution. 

Table 4. Summary of hypothesis tests. 

Hypothesis Expected relationship Outcome 
H1 Digital attention -> real payment growth (+) Not supported (p = 0.624) 
H2 Uncertainty -> real payment growth (-) Supported (p = 0.007) 
H3 Digital attention x uncertainty (+) Partially supported (p = 0.083) 

Source: Authors’ calculations. 

5. DISCUSSION 

The finding that the direct digital-attention coefficient is insignificant clarifies the conceptual distinction 

between search and purchase. Search data reveal that consumers have allocated attention to a product 

category, platform or promotional theme. Still, they do not disclose purchasing power, search sentiment or 

whether the information problem was resolved in favour of a transaction. This result is compatible with 

clickstream and digital-trace research, which finds that search contains useful behavioural information 

without treating every visit as equivalent to conversion (Choi & Varian, 2012; Da et al., 2011; Goel et al., 

2010; Hölzl et al., 2025; Johnson et al., 2004; Jun et al., 2018; Moe & Fader, 2004; Vosen & Schmidt, 

2011). It is also consistent with the trust literature: attention becomes economically consequential only 

when perceived risk, vendor credibility and institutional safeguards permit the consumer to proceed (Gefen 

et al., 2003; Kim et al., 2008; McKnight et al., 2002; Pavlou, 2003). H1 is therefore not supported, but the 

insignificance of the direct coefficient does not render attention devoid of information. 

The negative uncertainty coefficient is consistent with the wait-and-see and precautionary-saving 

mechanisms identified in finance and political economy (Bachmann et al., 2013; Baker et al., 2016; Bloom, 

2009; Caldara et al., 2020; Giavazzi & McMahon, 2012; Gulen & Ion, 2016; Julio & Yook, 2012; Jurado 

et al., 2015; Kilic & Balli, 2024; Leduc & Liu, 2016). Holding the other variables constant, a one-standard-

deviation increase in ECSU is associated with approximately a 2.13 percentage-point reduction in the 

growth of real online payments. The result is noteworthy because it indicates that the digital availability of 

the transaction channel does not insulate expenditure from uncertainty concerning income, prices, policy or 

institutions. It also complements recent evidence from Türkiye showing that the value and number of card 

transactions respond differently to macroeconomic conditions (Yilmazkuday, 2026). H2 is consequently 

supported. 

The positive attention-uncertainty interaction provides qualified evidence of digital resilience. Conditional 

estimates show that uncertainty retains a sizeable negative association when attention is low, whereas this 

association becomes smaller and statistically indistinguishable from zero when attention is close. This 

pattern accords with research showing that e-commerce can help consumers react, cope and adapt when 

ordinary retail conditions are disrupted (Guthrie et al., 2021; Güngördü Belbağ, 2022; Kabakuş et al., 2025; 

Pantano et al., 2020; Roggeveen & Sethuraman, 2020; Sheth, 2020; Tutar et al., 2024). The interpretation 

should nevertheless remain exploratory: the interaction is significant only at the 10% level, the design is 

observational and close attention may proxy for other unobserved forms of digital readiness. H3 is 

therefore only partially supported. 

Taken together, the findings establish an interdisciplinary transmission sequence. The political-economic 

news environment first shapes expectations and the perceived distribution of future outcomes. Digital 

search behaviour then records the attention formed in response to those expectations. Online card payments 

finally measure the financial realisation of the resulting decision. The contribution of the analysis lies not 

in asserting that search causes expenditure, but in demonstrating that the relationship between political 

conditions and financial transactions varies with the intensity of observable digital attention. 
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6. CONCLUSIONS 

This study examines the relationship among political-economic uncertainty, digital consumer attention, and 

real online card payment growth in the Turkish economy, using monthly data from January 2017 to 

December 2024. The parsimonious ARX(2)-HAC model indicates that uncertainty is negatively associated 

with payment growth, whereas digital attention is not an autonomous growth driver. The positive 

interaction nevertheless suggests that the adverse association attributable to uncertainty weakens when 

digital attention is high. The evidence is associational, and the buffering result remains tentative because its 

significance is confined to the 10% threshold. 

6.1. Theoretical and Managerial Implications 

From a theoretical perspective, the findings suggest that digital consumer attention should be modelled as 

both a contextual capability and a potential leading indicator of demand. Its economic meaning depends on 

whether consumers possess sufficient confidence, purchasing capacity and channel familiarity to convert 

attention into payment. The study, therefore, links the customer journey to political economy by showing 

that the surrounding environment of uncertainty conditions the search-to-payment relationship. 

From a managerial perspective, firms should not evaluate search volume as a stand-alone sales forecast. 

During periods of heightened uncertainty, attention data should be combined with conversion rates, 

completed transactions, basket values, cancellation rates and category-level indicators. Marketing content 

should reduce the transaction costs most likely to become salient under uncertainty: total price ambiguity, 

delivery risk, difficult return procedures, and doubts about payment security. Search-intent-aligned 

promotions may be useful, but their effectiveness should be evaluated against realised incremental 

transactions rather than impressions or clicks. 

6.2. Policy Implications and Recommendations 

First, regulatory predictability should be treated as a component of digital-commerce policy. Because a 

one-standard-deviation increase in uncertainty is associated with approximately 2.13 percentage points 

lower real online payment growth, relevant authorities should consolidate forthcoming changes in e-

commerce taxation, payment rules and consumer protection within publicly accessible regulatory 

calendars. Draft impact notes, stable implementation dates, proportionate transition periods and a single 

authenticated communication channel would reduce avoidable ambiguity without constraining legitimate 

political debate. 

Secondly, policy should seek to convert existing digital attention into trustworthy transactional outcomes 

rather than merely generating more online traffic. Standardised disclosure of the total payable price, 

delivery timetable and return conditions; effective action against misleading discounts and manipulative 

interface practices; verified seller information; accessible comparison facilities; and rapid dispute 

resolution would reduce the risk separating search from payment. Digital and financial capability 

programmes should likewise emphasise secure payment, price comparison and the identification of 

unreliable vendors. 

Thirdly, the resilience of the payments and fulfilment infrastructure should be strengthened. Redundant 

payment channels, interoperability, cyber-resilience testing, transparent outage reporting and affordable 

acceptance solutions for small firms would help preserve transaction capacity during periods of stress. 

Temporary support for small and medium-sized enterprises should prioritise order tracking, inventory 

visibility, returns management, secure payment integration and delivery continuity. The insignificant direct 

attention coefficient provides little justification for indiscriminate traffic subsidies; support should instead 

remove the operational barriers that prevent existing attention from becoming a completed transaction. 

Fourthly, a high-frequency digital-commerce monitoring framework should combine anonymised and 

aggregated online payment indicators with search attention, uncertainty and conventional macroeconomic 

statistics. Where confidentiality permits, category- and region-level breakdowns would help distinguish a 

general contraction in demand from a shift across products or locations. Because the interaction result is 

significant only at the 10% level, policies derived from the buffering mechanism should initially be piloted, 

pre-specified and evaluated through event-study, experimental or quasi-experimental designs before 

nationwide generalisation. 
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6.3. Limitations and Future Research 

The limitations of this study may be grouped under four headings. First, its focus on Türkiye and a sample 

of 82 observations restrict external generalisation. Secondly, Google Trends is a relative, sampled index, so 

query choice, extraction timing, and rescaling may affect reproducibility. Thirdly, BKM online card-

payment data do not encompass the entirety of e-commerce and provide no expenditure-category 

decomposition in the series used here. Fourthly, the observational time-series design cannot rule out 

reverse causality or omitted variable bias. Future research may employ category- or firm-level payment 

data, repeated Google Trends downloads, alternative search dictionaries, regulatory and electoral event 

studies, regional panels and designs capable of stronger causal identification. The buffering relationship 

should be regarded as a proposition requiring replication rather than as an established structural effect. 

6.4. Brief Summary of the Findings 

The principal findings of the article may be summarised as follows. 

As political-economic uncertainty increases, real online card-payment growth declines. A one-standard-

deviation increase in uncertainty is associated with an approximately 2.13 percentage-point reduction in 

payment growth. 

Digital consumer attention has no statistically significant direct association with payment growth. In other 

words, an increase in Google searches does not automatically imply greater shopping activity or a higher 

payment value. 

Nevertheless, digital attention appears to weaken the adverse association attributable to uncertainty. When 

digital attention is low, the negative association between uncertainty and payment growth is strong; when 

digital attention is high, the association is weaker and statistically insignificant. 

Accordingly, H1 is not supported, H2 is supported, and H3 is only partially supported at the 10% 

significance level. 

Overall, digital consumer attention may be interpreted less as a direct driver of sales than as a buffering 

factor that supports the resilience of online commerce during periods of uncertainty. However, the findings 

are associational and do not establish causality. 
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