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Abstract

Border crossings at U.S. entry points represent a critical component of the national transportation system,
shaping trade, mobility, and infrastructure demand. This study develops a data-driven framework to model and
forecast border mobility using the Bureau of Transportation Statistics Border Crossing Entry Data (1996-2025).
Monthly inbound crossings by mode of travel were analyzed and modeled through linear regression, with
temporal, seasonal, and political features incorporated as explanatory variables. Results indicate that traffic is
highly concentrated at a limited number of ports and dominated by passenger vehicles, though volumes are
strongly influenced by external shocks such as the COVID-19 pandemic. Political context also emerged as a
significant factor: cumulative crossings were higher under Democratic administrations (=3.7 billion) compared to
Republican administrations (2.9 billion), with policy shifts visibly reflected in annual fluctuations. Forecasting
results demonstrated strong short-term accuracy (MAE = 2.5; MAPE = 5.4%) but declining performance at
medium-term horizons (RMSE = 8.1; MAPE = 14.8%), reflecting the challenge of long-range prediction under
uncertain policy environments. The findings underscore the value of integrating political and economic variables
into mobility forecasting. This framework offers transportation engineers and policymakers a practical tool for
capacity planning, infrastructure management, and policy evaluation at U.S. border entry points.
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1 Introduction

Mobility across U.S. land border entry points plays a central role in trade, security, and regional connectivity. Every year,
millions of travelers and commercial vehicles move through ports of entry along the U.S.—Mexico and U.S.—Canada borders,
creating complex and dynamic mobility patterns. Accurate forecasting of these flows is essential for balancing infrastructure
capacity, economic activity, and security enforcement. However, border mobility remains challenging to model due to its
sensitivity to political decisions, economic fluctuations, and social behaviors.

Existing research has increasingly turned to data-driven approaches to address such complexities. Studies in transportation
engineering demonstrate that machine learning, big data analytics, and statistical forecasting provide valuable tools for
capturing nonlinear patterns in traffic demand. For example, predictive models have been applied to highway congestion,
airport mobility, and urban transit systems with notable success(Tseng et al., 2018). These models leverage historical data to
forecast future traffic flow, aiding in proactive management and resource allocation(Mystakidis et al., 2025).

Some frameworks have incorporated wait-time prediction and infrastructure optimization at border entry points, but most
efforts remain limited in scope (Rusca et al., 2022). While these models offer operational improvements, they often fail to
account for the broader systemic factors (Coman et al., 2022). Prior studies often focus narrowly on operational efficiency or
traffic volume without fully integrating external drivers such as policy changes or presidential influence (Thomas & Aldred,
2024). This leaves a critical gap in understanding how governance and political contexts interact with mobility dynamics at
international borders.

Furthermore, recent studies have highlighted the need for more comprehensive models incorporating sociopolitical variables
alongside traditional traffic data. For instance, geospatial analytics and network science have shown promise in mapping the
complex interplay between border policies and human mobility patterns (Chen et al., 2024). Integrating diverse data sources,
from immigration policy databases to social media sentiment, is crucial for developing a holistic understanding of border
dynamics(Urbanek et al., 2020). This multidisciplinary approach can provide insights into how political rhetoric, for example,
might influence cross-border movement, a factor often overlooked in purely quantitative models (Drapalyuk et al., 2020).
Consequently, there's a growing consensus that future research must bridge the divide between technical traffic modeling and
the broader field of political science to create more robust and adaptable predictive frameworks.
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This paper addresses that gap by applying a data-driven forecasting framework tailored to U.S. border crossings. By
combining traditional statistical models with modern machine learning techniques, the study incorporates multiple
variables—including economic indicators, transportation data, and political factors—to evaluate their impact on border
mobility. In particular, the research explores how presidential actions and policy directives shape cross-border flows,
providing a novel contribution to transportation engineering and policy analysis.

2 Methodology

Using the Bureau of Transportation Statistics (BTS) Border Crossing Entry Data, this study develops a data-
driven framework for forecasting border mobility. The dataset contains monthly inbound crossings at U.S.—
Canada and U.S.—Mexico ports of entry, disaggregated by mode of transportation, including trucks, trains, buses,
personal vehicles, passengers, and pedestrians. These records are collected by U.S. Customs and Border
Protection (CBP) at the port level and represent inbound traffic only. Monthly port-level observations were
aggregated for analysis to construct time series suitable for forecasting.
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Figure 1. Structured Methodology for Border Crossing Analysis

Our framework integrates data preprocessing, exploratory analysis, forecasting model development, and
contextual interpretation to analyze and predict border crossing trends (Figure 1)

2.1 Data Preprocessing

The raw dataset was retrieved via the BTS API in CSV format. There were 403,084 instances of data.
Preprocessing steps included removing missing or duplicate records, converting date fields to a standard monthly
index, and aggregating by port and vehicle category. To capture temporal dynamics, lag features (e.g., previous-
month and previous-quarter counts) were generated. Seasonal dummy variables (e.g., holiday periods, summer
months) were incorporated to reflect recurring travel patterns, and binary indicators were added to capture
significant policy events or presidential directives affecting border operations. The resulting dataset was
structured as a panel with explanatory features aligned to monthly crossing counts.

2.2 Modeling Approach

The forecasting task was formulated as a supervised regression problem. Linear Regression (LR) was chosen as
the primary model due to its interpretability and efficiency for high-dimensional features. The general LR
formulation is formulated in equation 1.

V= Bot B+ ®

where y; denotes the number of crossings at time t, x;; are predictor variables (lagged counts, seasonal indicators,
policy factors, and economic proxies), Pi are estimated coefficients, and e is the error term. Ordinary Least
Squares (OLS) estimation was applied to minimize residual variance.

In addition to the baseline LR model, variations incorporating interaction terms between seasonal indicators and
policy variables were tested to capture context-dependent effects. Regularization (Ridge and Lasso) was also
evaluated to improve generalization and address potential multicollinearity among features.

2.3 Evaluation

Model accuracy was assessed using standard error metrics, including Mean Absolute Error (MAE), Root Mean
Squared Error (RMSE), and Mean Absolute Percentage Error (MAPE). A rolling-origin evaluation was
employed to ensure robustness, where models were trained on historical data up to time t and tested on the
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subsequent period t+h. Forecasts were generated at short-term (1-3 months) and medium-term (6-12 months)
horizons. Finally, ablation analysis was conducted by systematically removing policy and seasonal variables,
thereby quantifying their contribution to predictive performance and isolating the influence of presidential
directives on border flows.

3 Results & Discussion

Figure 2 illustrates long-term trends in U.S. border crossings at both the Mexico and Canada entry points. Based
on the Bureau of Transportation Statistics (BTS) dataset, crossings are shown in millions of inbound travelers per
month. Overall traffic demonstrates cyclical patterns, with sustained growth in the late 1990s and early 2000s,
followed by notable declines during periods of economic downturn and the COVID-19 pandemic (2020-2022).
More recently, recovery is visible, though fluctuations remain sensitive to policy changes and international
events. The figure confirms that border flows are not purely seasonal but are shaped by broader economic and
political contexts.
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Figure 2. Border Crossings Over Time (U.S.—Mexico and U.S.—Canada), 1996-2025. The chart displays total
inbound crossings aggregated monthly, highlighting cyclical trends and the COVID-19 decline period.
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Figure 3. Top 10 Ports of Entry by Activity: (a) U.S.—Mexico Border, (b) U.S.—Canada Border

Figure 3a and 3b highlight the top ten ports of entry for the U.S.—Mexico and U.S.—Canada borders, respectively.
For Mexico, crossings are dominated by high-traffic ports such as San Ysidro, El Paso, and Laredo, reflecting
concentrated trade and commuter flows. By contrast, Canadian crossings are concentrated at Detroit, Buffalo—
Niagara Falls, and Blaine, underscoring the critical role of automotive and manufacturing supply chains. These
results suggest that forecasting accuracy can be enhanced by incorporating port-level heterogeneity, as activity is
far from evenly distributed.
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Figure 4 compares vehicle and passenger crossings across years. Passenger volumes consistently outpace vehicle
counts, especially through personal vehicles, reflecting the dual role of border mobility in commerce and daily
life. However, sharp declines in 2020-2021 are evident across all categories, corresponding to COVID-19
restrictions. This confirms that exogenous shocks, such as public health measures, substantially alter cross-border

demand patterns.
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Figure 4. Comparison of Vehicles and Passengers Over the Years
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Figure 5a and 5b examine crossings by political party in office. The results reveal that border activity is
consistently higher during Democratic administrations than Republican ones. At the U.S.—Mexico border, stricter
enforcement and policy shifts under Republican leadership coincide with reduced flows, whereas Democratic
periods show relative increases. A similar, less pronounced pattern emerges at the U.S.—Canada border, reflecting
differing policy sensitivities across borders. These findings underscore the importance of political variables in

predictive models.
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Figure 5. Border Crossings by Political Party: (a) Proportion, (b) Total at U.S.—Mexico and U.S.—Canada
Borders

Figure 6 presents both actual and forecasted border crossings from 2014 to 2029. Historical patterns, including
the steep pandemic decline, are accurately reflected. Forecasts indicate moderate recovery and stabilization
through 2029, with future Republican administrations associated with more constrained growth. The shaded
bands representing presidential terms reinforce the visible relationship between political context and border
mobility, while the highlighted COVID-19 period illustrates the sharp external shock embedded in the data.
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Figure 6. Border Crossings (2014-2029: Actual and Forecast). Solid lines show actual data up to July 2025;
dashed lines represent model forecasts through 2029; shaded areas denote presidential terms and the COVID-19
period.

These results carry strong policy implications for infrastructure management. Understanding how political and
economic factors shape mobility allows agencies to better plan for variable border demand. For example,
anticipating lower crossings during restrictive policy periods can guide resource allocation, staffing, and
maintenance scheduling, while higher expected volumes during liberal trade periods may justify capacity
upgrades or technology-driven inspection systems.

Table 1. Model performance across short- and medium-term horizons in millions per month

Horizon MAE RMSE MAPE (%)
Short-term (1-3m) 25 3.1 54
Medium-term (6-12m) 6.2 8.1 14.8

Finally, Table 1 reports model performance metrics across forecasting horizons. In the short term (1-3 months),
the linear regression model achieves strong accuracy, with an MAE of 2.5 million of crossings and an MAPE of
5.4%. Performance declines over the medium term (6-12 months), where RMSE increases to 8.1 million
crossings and MAPE to 14.8%. This result reflects the challenge of incorporating long-term uncertainty,
especially concerning political shifts and global disruptions. Nonetheless, the framework demonstrates practical
forecasting capacity for operational planning within transportation agencies.

4 Conclusion

Using the Bureau of Transportation Statistics dataset, this paper developed a data-driven framework to forecast
border mobility at U.S. entry points. By applying linear regression with temporal, seasonal, and political features,
the study demonstrated that border crossings are influenced by traffic demand, presidential policies, and external
shocks such as COVID-19. Results showed strong short-term forecast accuracy, with reduced performance at
longer horizons. Findings highlight the traffic concentration at a few major ports and the importance of
integrating policy and contextual variables into mobility models. Future work will extend the framework with
more advanced methods and outbound data sources to improve predictive power and support transportation
planning. Future work should explore hybrid machine learning models (e.g., Random Forest, XGBoost) and
incorporate real-time indicators such as trade tariffs and social mobility data to enhance long-range forecasting
accuracy.
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