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Abstract 

This study examines the impact of the Berryessa BART station on housing prices in San Jose amid the city’s 

growing affordability crisis. Utilizing housing market data from Redfin and Zillow, I will use a Two-Way Fixed 

Effects (TWFE) regression model to compare housing price trends within a 3-mile radius of the station 

(treatment group) to similar unaffected areas (control group). This model will be created and account for how 

factors like distance to transit station, property size, number of bedrooms, and bathrooms influence housing 

values. While existing research shows that new transit stations generally increase property values and demand, 

they can also displace lower-income residents and widen socioeconomic gaps. However, the specific short-term 

and long-term effects of the Berryessa BART station within San Jose’s Berryessa neighborhood’s environment 

remain underexplored. This study aims to fill this gap by analyzing how the Berryessa BART station, 

introduced in June 2020, affects housing prices, availability, and displacement patterns in San Jose. The findings 

will support urban planning strategies that balance transit development with housing equity and affordability, 

promoting sustainable and inclusive growth in the region. 

Definitions and Assumptions 

Based on prior research that finds that effects tend to diminish after 2-3 miles, The study assumes that 

houses beyond 3 miles from the Berryessa BART station have their housing prices unaffected (Mathur, 2020) 

and that broader economic conditions, such as inflation and employment, remain relatively stable throughout 

the study period.  

Two-Way Fixed Effect Regression Model 
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A Two‐Way Fixed Effects (TWFE) regression model controls for unobserved factors both across units 

(e.g., neighborhoods, firms, individuals) and over time (e.g., years, quarters). In this study, the model can be 

written as  𝑙𝑛(𝑃𝑟𝑖𝑐𝑒) =  β
0

+ β
1
𝑙𝑛(𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒) + β

2
𝐵𝑒𝑑𝑠 + β

3
𝐵𝑎𝑡ℎ𝑠 + β

4
𝑆𝑞𝑓𝑡 + β

5
𝑇𝑟𝑒𝑎𝑡𝑒𝑑

Literature Review 

California Transit Village Movement 

In his 1996 study, Cervero illustrates how mixed‐use neighborhoods clustered around BART, Caltrain, 

and light‐rail stops in the Bay Area are greatly affected by transit stations. Between 1985 and 1994, over 6,500 

housing units were built within a quarter‐mile of stations at densities of 20-60 housing units per acre, 

supporting strong ridership while attracting mostly young working-class men who rely on rail for commuting 

and leisure (Cervero, 1996). Evenpark‐and‐ride‐lot “transit villages” such as the 300‐unit Villages of La Mesa 

adjacent to San Diego Trolley’s Amaya Station leased nearly 100% upon opening, suggesting a strong demand 

for transit‐oriented living in locations (Cervero, 1996). 

Charlotte’s Light-Rail System 

In a study on Charlotte’s public transportation effects on housing prices, Billings found that 

single-family homes within one mile of newly opened LYNX Blue Line stations increased by 4.0% relative to 

control neighborhoods, while condominiums increased by 11.3% over seven years (Billings, 2011). These 

station-area price increases continued even after accounting for broader market trends and other potential 

factors that affect the price. Commercial properties, however, did not exhibit statistically significant gains, 

suggesting that in Charlotte’s relatively lower-density environment, light rail functioned more as a 

neighborhood commodity rather than the direct reason that prices are changing (Billings, 2011). 
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Comparing Housing Prices in Other Cities 

 In his 2020 study, Mathur applied quantile regressions on single-family home sales within five miles of 

the Warm Springs BART Extension in South Fremont. He observed that house prices began rising more than a 

decade before the extension’s completion, showing strong anticipation among buyers and developers (Mathur, 

2020). Notably, lower-priced homes experienced the largest relative increases in value, suggesting that early 

speculation and investor bundling of “transit-adjacent” housing can disproportionately affect the most 

affordable market segments (Mathur, 2020). While some homeowners capitalized on increased equity, others 

faced heightened cost burdens and the risk of displacement as local affordability stopped happening (Mathur, 

2020). 

 In Athens in 2013, Efthymiou and Antoniou examined a period of network expansion that included 

metro, tram, and suburban-rail stations. By finding listings for more than 16,000 properties and using various 

regression models, they found that proximity to metro and tram stops was positively correlated with both sale 

and rental prices, whereas proximity to the older ISAP urban rail line, the airport, or major port facilities created 

a negative effect due to noise and other negatives (Efthymiou & Antoniou, 2013). Their analysis shows that not 

all rail modes uniformly enhance property values. Modern, high-frequency systems like a metro tend to boost 

housing demand, while noisier or lower-capacity corridors like freight-oriented lines can decrease adjacent 

property prices (Efthymiou & Antoniou, 2013).  

Bart Ridership and Housing 

 In 2023, Wasserman and Taylor found that BART ridership is very much concentrated at the peak hours 

because of Oakland and San Francisco’s larger job market, which strains the resources of the local community 

and creates overcrowding (Wasserman and Taylor 2023). This growth has also been rapidly increasing, 

increasing upwards of 25-30% in the 2010-2020 decade, targeting mostly high-income riders. Meanwhile, the 

off-peak commuting has not changed quite as much, with there being a lack of growth in the last decade. This 
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trend, for the lower-income riders who often relied on BART for affordable transportation, was no longer able 

to afford the nearby housing and were displaced into neighborhoods to the east, which increased commute times 

for those residents. In some parts, the housing units adjacent to the BART Stations 

Thematic Synthesis 

 Across these diverse settings, several themes show up: first, single-family homes within close proximity 

to new rail stations tend to have increases in prices, from about 4% to 11% (Billings, 2011; Mathur, 2020; 

Efthymiou & Antoniou, 2013). Second, modern, high-capacity rail systems (metro, light rail) tend to positively 

impact nearby property values, while legacy rail lines or noisy corridors (e.g., freight or older commuter rail) 

can lower values due to noise and safety concerns (Efthymiou & Antoniou, 2013). Third, in some markets, the 

price increase begins years before station openings, which is because of marketing of the housing before the 

opening and buyer speculation (Mathur, 2020). Finally, improved transit access often means higher rents that 

displace lower-income households, as seen in both Athens and the Bay Area (Efthymiou & Antoniou, 2013; 

Wasserman & Taylor, 2023). In summary, there are many complex ways that new transit influences nearby 

housing prices, and as a result, policymakers must carefully balance the advantages, such as higher ridership, 

reduced car reliance, and increased property-tax revenue, against potential downsides like noise, traffic 

congestion, and the risk of displacing existing residents. 

Gap in Research 

Although substantial research has examined how public transport affects housing prices in various cities, 

there do not exist studies that examine the specific impacts of the Berryessa BART station on San Jose’s real 

estate market. Most existing work considers general transit-related trends across multiple cities but doesn’t 

cover the distinctive features of San Jose, including a tech-driven economy, severe housing shortages, and 
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rapidly rising living costs. Furthermore, the Berryessa station opened during changing patterns, growing remote 

work due to COVID, widening income gaps, and changing travel behaviors, which complicate the situation. As 

a result, investigations on how this new transit station influences housing values are useful for policymakers and 

developers and help us understand trends that may affect other locations. Such insights are crucial for crafting 

urban policies that promote transit development while allowing affordability and equity. 

Methodologies 

 Data collection was done using a set of databases, including Redfin, Zillow, and Google Maps, after 

selecting 2 similar neighborhoods within 3 miles of the newly introduced BART station and randomly selecting 

25 similar houses from each neighborhood. A similar method was used for the control group, by using Zillow to 

identify 2 neighborhoods outside of the 3-mile radius that had similar characteristics to the first 2 selected, such 

as housing prices, number of bedrooms and bathrooms, and property size. Google Maps was then used to 

calculate the driving distance to the nearest BART station from each property before and after the introduction 

of the Berryessa BART station, being the Warm Springs/South Fremont station before and the Berryessa station 

after. Redfin was then used to find the housing prices of the selected houses during March 2020, March 2022, 

and March 2024. Statistical analysis was then performed to create a basic data summary of the variables and 

was used to create a regression model with the TWFE method. A significance level test was then used to then 

determine the significance of the distance to the nearest BART station. One limitation of this was the low 

sample size, since only 100 houses were selected, making it not representative of the whole city. 



7 

 

Figure 1: Map of a 3-mile radius around the Berryessa BART station 

 

This circle identifies treatment groups and control groups. Treatment group subjects are located within 

the blue circle (3 miles of the station), and the control groups, which are not affected by the new introduction of 

the station, are outside of the circle.  

Data  

Basic summary statistics for all observations, including all observations from March 2020 (-3 months), 

before the new Bart station, all observations from March 2022 (+21 months), and March 2024 (+45 months). 

The column under (1) means the columns in the treatment group (within 3 miles of the new station), the column 

under (2) is the control group, a similar neighborhood outside of the 3-mile radius. Column (3) combines both 

sets of data. 
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Basic summary statistics of the observations from March 2020 (-3 months). The column under (1) means the 

columns in the treatment group (within 3 miles of the new station), the column under (2) is the control group, a 

similar neighborhood outside of the 3-mile radius. Column (3) combines both sets of data. 

 

Basic summary statistics of the observations from March 2022 (+21 months). The column under (1) refers to the 

treatment group (within a 3-mile radius of the new station), while the column under (2) represents the control 

group, a similar neighborhood located outside the 3-mile radius. Column (3) combines both sets of data. 
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Basic summary statistics of the observations from March 2024 (+45 months). The column under (1) refers to the 

treatment group (within a 3-mile radius of the new station), while the column under (2) represents the control 

group, a similar neighborhood located outside the 3-mile radius. Column (3) combines both sets of data. 

 

Empirical Strategy and Results 

Data Groups 
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For the periods of which data was collected, there were 100 observations from March 2020 (3 months 

before the opening of the Berryessa BART station), March 2022 (21 months after the opening of the Berryessa 

BART station), and March 2024 (45 months after the opening of the Berryessa BART station). 

There are two types of groups in this study: the treatment group, which consists of single-family homes 

located within a 3-mile radius of the new Berryessa BART Station, and the control group: a set of 

neighborhoods beyond that 3-mile radius whos prices remain “unaffected” by the new station. 

 

TWFE Regression 

We stack every home‐sale observation at each estimate window (March 2020, March 2022, March 2024) into 

one pooled panel. We model it with this equation: 

 𝑙𝑛(𝑃𝑟𝑖𝑐𝑒) =  β
0

+ β
1
𝑙𝑛(𝑑𝑖𝑠𝑡𝑎𝑛𝑐𝑒) + β

2
𝐵𝑒𝑑𝑠 + β

3
𝐵𝑎𝑡ℎ𝑠 + β

4
𝑆𝑞𝑓𝑡 + β

5
𝑇𝑟𝑒𝑎𝑡𝑒𝑑

 

 

Table 5: Regression Results of TWFE 

Discussion 

 In this scenario, the only coefficient that reaches conventional levels of statistical significance is the 

effect of square footage, with a coefficient of 0.0002459 and a p-value of < 0.001. In other words, each 



11 

additional square foot of living area is associated with a roughly 0.0246% increase in sale price. Over several 

hundred square feet, this incremental effect compounds into a meaningful price increase for larger homes. 

By contrast, the coefficient on the treatment indicator of 0.0251553, including a p value of 0.476, which 

captures whether a home lies within three miles of the new Berryessa BART station, does not differ 

significantly from zero in this pooled snapshot. In plain terms, once we control for distance (with the natural 

log), bedroom count, bathroom count, and square footage, the “treated” homes exhibit only a 2.5% higher log 

price than “control” homes, and the standard error is too large to rule out a null effect.  

The distance coefficient of 0.0224868 with a p-value of 0.227 also fails to get statistical significance. A 

positive sign on that term would normally imply that homes farther from the station mean higher prices, an 

economically counterintuitive result, yet the magnitude is small enough (about a 2.2% change in price per 1% 

change in distance) and so imprecise that we cannot conclude.  

Conclusion 

 This study set out to evaluate how the opening of Berryessa BART in June 2020 has influenced nearby 

single-family home prices in San Jose’s Berryessa neighborhood. By comparing 100 properties within a 3-mile 

radius of the new station (“treated” group) to 100 similar homes just beyond that boundary (“control” group) 

across three snapshots, March 2020 (pre-opening), March 2022 (21 months post-opening), and March 2024 (45 

months post-opening), and tested whether proximity to the station translated into statistically significant price 

gains when controlling for dwelling size, bedroom and bathroom counts, and distance to transit. 

 In this regression covering March 2020, March 2022, and March 2024, the “Treated” coefficient of 

0.0251553 (SE = 0.0352324, p = 0.476) is not statistically different from zero. Likewise, the ln(Distance) 

coefficient of 0.0224868 (s.e. = 0.0185803, p = 0.227) and the Bedrooms coefficient of 0.0349798 (s.e. = 

0.0239312, p = 0.145) fail to reach significance, as does the Bathrooms coefficient of 0.0032131 (s.e. = 

0.032307, p = 0.921). The only variable that remains highly significant is square footage, with a coefficient of 
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0.0002459 per sq ft (s.e. = 0.0000566, p < 0.001). This indicates that, once we control for size, 

bedroom/bathroom counts, and proximity, there is no significant BART‐related price increase in this period. In 

other words, within this study, variations in house size explain nearly all of the price differences, and the 

three‐mile “treated” designation shows no statistically significant effect on ln price. 

 In conclusion, this analysis concludes that Berryessa BART has not yet conferred a statistically 

significant increase on nearby single-family home prices once house size and other basic features are controlled 

and accounted for. Policymakers also need to account for the widespread use of driving that many residents in 

the San Jose region use, as that could discourage them from using public transport, and as a result, outweigh the 

benefits of having new stations. By doing so, San Jose can maximize the benefits of Berryessa BART for riders, 

residents, and the region’s long-term sustainability. 
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