Data Analysis and Regression Interpretation:
Evaluating Multicollinearity and VIF Results –
The Variance Inflation Factor (VIF) measures the inflating variance of a regression coefficient resulting from correlations among the predictor variables. Every VIF is near to 1, hence each predictor has nearly no linear correlation with the others. This indicates the predictors in minimal multicollinearity do not inflate one another's standard errors. Stable coefficient estimates allow us to be sure that any lack of statistical significance results from collinearity masking real effects rather than from some other cause.
When independent variables are strongly linked, a condition known as multicollinearity results in exaggerated standard errors and maybe inaccurate estimations. We found that all values were considerably below the generally accepted threshold of 5 based on the VIF results (output given in the appendix), thereby suggesting that multicollinearity is not a significant issue in our model. Regression is essentially free from multicollinearity issues. This increases the validity of our independent variable, individual contributions as well as our regression output.
Should the VIF values show issues, we would have considered either eliminating or aggregating related variables. In this example, therefore, we kept the whole set of variables in our regression equation, including the interaction term between Smartphone Sales and 5G Penetration, as all predictors had acceptable VIF values.
Interpreting the Regression Output –
Controlling for other gadget adoption factors, the regression model was set to investigate if 5G penetration influences average consumer expenditure on tech gadgets. Log-transformed to solve skewness in the expenditure data, the dependent variable produced a better-behaved residual distribution.
Each model's variable is broken out here:
· intercept (7.151): With all other variables zero, is the projected log of average gadget spending. It grounds the regression line even if it has little immediate interpretative value.
· 5G Penetration Rate (-0.0025): This coefficient is negative and statistically irrelevant (p = 0.739) unlike what we hypothesised. This implies, when considering other elements, access to 5G has no appreciable impact on consumer gadget expenditure.
· Sales of Smartphones (-0.0035): Also show statistically little (p = 0.759). This runs counter to studies implying cellphones are a stand-in for digital participation and consumer ready to spend on devices.
· Gaming Console Adoption (0.0058): Designed to represent entertainment-based tech use, was also not statistically significant (p = 0.414). Though there is a good indication, it lacks strong proof of predictive ability.
· Smartwatch Penetration (-0.0031): Though studies indicate wearables add to tech consumption, this variable did not produce a notable consequence either (p = 0.772).
· Smartphone Sales x 5G Penetration = 1.24e-05: Interaction Term This term was used to show whether consumer spending is mutually influenced by 5G access and smartphone adoption. Although the coefficient was positive, the outcome was once more statistically non-significant (p = 0.606), suggesting no synergistic impact in our data.
Model Fit –
With a Multiple R-squared of 0.0149, our predictors explain just roughly 1.5% of the variation in log gadget expenditure. Negative (-0.032) the Adjusted R-squared indicates the model performs worse than a basic mean-based model. Confirming that the model as a whole is not statistically significant, the F-statistic was 0.3148 with a p-value of 0.9031, much above the usual significance level (e.g., 0.05).
Given the strong theoretical and empirical evidence for a relationship between 5G and gadget spending, these findings were surprising. Still, there are various ways one may understand them:
· Timing Mismatch: 5G is still under rollout all around. Spending patterns might not yet clearly show its consumer influence.
· Factors like economic downturns, inflation, or tech saturation may affect spending but are not reflected in our dataset, unmeasured confounding variables.
· Our model makes linearity assumptions. The actual relationship may be more intricate and nonlinear in character.
Though clean, our data could not be large enough or granular to reflect actual variation.
Despite the limitations, the model offers an honest view of present facts. From an instructional standpoint, it underlines that in regression output even well-supported assumptions could not always exhibit relevance. It also emphasizes the need of not to exaggerate what the data might reveal us and of carefully reading statistical output.

Contextual Summarizing:
Our regression analysis revealed that, after log-transforming the dependent variable to adjust for skewness, none of the key predictors including 5G penetration rate, smartphone sales, gaming console adoption, smartwatch penetration, or the interaction between smartphone sales and 5G penetration had a statistically significant impact on average consumer gadget spending according our regression analysis. The Multiple R-squared of the model was just 0.0149, meaning that the predictors explained roughly 1.5% of the variance in log spending; the general F-statistic was not significant (p = 0.9031).
These findings directly guide our study question, "Does 5G penetration have a notable impact on average consumer tech gadget purchasing globally?" by demonstrating that, variations in 5G infrastructure do not translate into appreciable changes in gadget spending at this time. Although our empirical model did not support that premise, our literature assessment indicated a favorable link citing forecasts of a $12.3 trillion impact by 2035 and empirical research relating service utility to willingness to pay.
The lack of significance in these results when compared with our predictions and economic theory could be a reflection of the early stage of 5G introduction. Faster speeds and more connectivity were supposed to increase gadget sales, in line with the theory that technology innovations inspire consumer expenditure in compatible equipment. However, the unequal speed of the rollout and possible lag between infrastructure development and customer acceptance could help to explain why the expected impact has not yet shown.
Aligning our results with the literature review reveals both convergence and divergence. Maeng et al. (2020) and Wilson et al. (2024), for example, highlighted how 5G helps to enable IoT integration and immersive marketing, thereby driving gadget demand. Our null results deviate from prior research, maybe due to differing expenditure measurements or concentration on particular markets. Variations in respondents' ages, regional economic conditions, or national marketing techniques could also help to explain this disparity: younger, tech-savvy populations could adopt 5G-enabled devices faster than more varied, worldwide groups.We might present substitutes anchored in our work. Hidayat's (2022) behavioral study indicates that gadget expenditure results from impulse buying motivated by device interactivity. 
Our study has one advantage in including new control variables gaming console adoption and an interaction term between smartphone sales and 5G penetration that were not very common in previous work. Although the interaction term was positive, it was not statistically significant, implying in our sample no synergistic effect. This result could suggest that until 5G becomes more prevalent, high smartphone adoption by itself cannot increase its impact on expenditure.
Our study suffers various constraints. First, the sample size might not be enough to find minor impacts. Second, lacking data caused us to discard observations instead of impute, thus maybe adding bias. Third, our linear model might oversimplify a nonlinear relationship that of income per capita, regional marketing intensity, or consumer sentiment that interacts with unobserved factors. At last, information on pricing policies and advertising campaigns was lacking, which would have enhanced our knowledge of expenditure patterns.
Desite these efforts, still some outstanding issues. For example, we cannot fully explain why, in our model, gadget expenditure showed no correlation with smartphone sales often a surrogate for digital involvement. Saturation in smartphone markets or substitution effects that is, from phones to wearables may confound this link.
Looking ahead, our analysis points up various avenues for next investigation. Over time, gathering panel data would enable us to track changing expenditure trends as 5G networks develop. Including per-capita income, marketing intensity, or consumer awareness measurements will help to clarify confusing factors. By segmenting the sample by income level or age cohorts or investigating nonlinear parameters, one may find latent effects concealed in a worldwide aggregate model.


Conclusion:
Our results show a clear picture of the data and underline the difficulty of connecting infrastructure rollouts to consumer gadget purchasing, even while they do not indicate a direct influence of 5G penetration on consumer gadget expenditure at this stage. These findings highlight the necessity of careful interpretation, the need of better datasets, and the need of extending studies as 5G adoption speeds forward. We provide a basis for continuous research rather than final closure by placing our null results in the larger economic and empirical setting.
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R code – 
library(ggplot2)
library(dplyr)
library(stargazer)
# Load the dataset
df <- read.csv("Global_Tech_Gadget_Consumption.csv")
# Subset the variables:
# Average.Consumer.Spending.on.Gadgets.... (DV),
# Smartphone.Sales..Millions., Gaming.Console.Adoption....,
# Smartwatch.Penetration...., X5G.Penetration.Rate.... (Predictors)
vars_subset <- df %>% select(
  Average.Consumer.Spending.on.Gadgets....,
  Smartphone.Sales..Millions.,
  Gaming.Console.Adoption....,
  Smartwatch.Penetration....,
  X5G.Penetration.Rate....
)
# Rename columns for easier plotting and display
colnames(vars_subset) <- c("Spending", "Smartphone", "Console", "Smartwatch", "X5G")
# Descriptive statistics
stargazer(vars_subset, type = "text",
          summary.stat = c("n", "min", "p25", "median", "mean", "p75", "max", "sd"),
          title = "Descriptive Statistics for Gadget Data Variables")# View regression results
model <- lm(Average.Consumer.Spending.on.Gadgets.... ~ Smartphone.Sales..Millions. + Gaming.Console.Adoption.... + Smartwatch.Penetration.... + X5G.Penetration.Rate...., data = data)
summary(model)
library(car)
vif(model)
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Regression Output-
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call:

Im(formula = Average.Consumer.Spending.on.Gadgets. ... ~ Smartphone.Sales..Mi1l{ons.
Gaming.Console.Adoption. ... + Smartwatch.Penetration.... +
X5G.Penetration.Rate. ..., data = data)

Residuals:

Min 1Q  Median 3Q Max
-1499.24 -662.89  48.33 729.26 1368.97
Coefficients:

Estimate std. Error t value Pr(>|t|)

(Intercept) 1451.8084  356.8915 4.068 9.2e-05
smartphone.sales. .Millions.  0.1822 0.6296 0.289  0.773
Gaming.Console.Adoption....  8.6246 8.3255  1.036  0.303

Smartwatch.Penetration.
X5G.Penetration.Rate. .

signif. codes: 0

-11.4106  12.5630 -0.908  0.366
1.0349 3.6089 0.287  0.775

0.001 “#% 0.01 “*' 0.05 “." 0.1 * ' 1
Residual standard error: 821.6 on 105 degrees of freedom
Multiple R-squared: 0.02472, Adjusted R-squared: -0.01244
F-statistic: 0.6653 on 4 and 105 DF, p-value: 0.6175
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sSmartphone.Sales. .Millions. Gaming.Console.Adoption.... Smartwatch.Penetration....  X5G.Penetration.Rate....
1.053750 1.063641 1.028639 1.007572




