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ABSTRACT: 

Interstate migration has become a primary driver of state-level population and economic growth in the United 

States, with Texas consistently ranking among the largest net recipients of domestic migrants over the past decade. 

This study uses Internal Revenue Service (IRS) Statistics of Income (SOI) migration data, supplemented by 

Census Bureau population estimates and state-level tax and cost-of-living covariates, to characterize the volume, 

origin, income composition, and destination geography of interstate migration into Texas between filing years 

2013–2014 and 2022–2023. A panel of 510 origin-state-year observations was constructed and used to estimate a 

gravity-style fixed-effects regression model and a random forest regression model predicting (i) the net migration 

rate per 100,000 origin-state population and (ii) the mean adjusted gross income (AGI) per in-migrating 

household. The gravity model achieved R² = 0.78 for migration rate and R² = 0.82 for AGI per migrant, while the 

random forest model achieved R² = 0.89 and R² = 0.91 respectively. California, Florida, New York, Illinois, 

Louisiana, and Colorado together accounted for the majority of identifiable in-migration to Texas, while county-

level analysis confirmed that suburban counties surrounding Dallas–Fort Worth, Houston, and Austin captured 

the majority of net domestic migration even as core urban counties such as Harris and Dallas recorded net domestic 

out-migration. State income-tax differential and origin-state population size emerged as the dominant predictors 

of migration intensity, while cost-of-living differential was the strongest predictor of the income composition of 

in-migrants. These findings provide a quantitative basis for state and local economic-development planning, 

infrastructure forecasting, and tax-policy evaluation. 

Keywords: Interstate Migration; Irs Statistics Of Income; Domestic Migration; Texas; Gravity Model; Random Forest 
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INTRODUCTION 

 

Interstate migration is one of the principal mechanisms by which the United States population redistributes across 

regions in response to economic opportunity, cost of living, climate amenities, and fiscal policy (Greenwood, 

1985; Partridge & Rickman, 2006). Unlike international immigration, which is constrained by visa policy and 

border enforcement, domestic migration responds comparatively quickly to changes in relative state-level 

conditions, making it an important leading indicator of regional economic divergence. Since the early 2010s, a 

small group of states — led by Texas and Florida — have absorbed a disproportionate share of net domestic 

migrants, while large, historically dominant states such as California, New York, and Illinois have recorded 

sustained net out-migration (Tax Foundation, 2024, 2026). 

 

Texas presents a particularly important case for systematic study. It is the second-most populous state in the 

country, home to some of the fastest-growing major metropolitan economies of the past decade, and a state with 

no individual income tax — a structural feature frequently cited, though not conclusively proven, as a driver of 

in-migration (Cebula, 2009; Tiebout, 1956). Between filing years 2020–2021 and 2021–2022 alone, Texas 

recorded a net gain of well over 80,000 tax filers from other states in each year, with the Dallas–Fort Worth and 

Houston metropolitan areas individually adding more residents in a single year than most entire U.S. states (U.S. 

Census Bureau, 2024). Understanding the composition of this inflow — which states it originates from, what 

income levels it represents, and which counties ultimately absorb it — is essential for state infrastructure planning, 

school-district forecasting, housing-supply policy, and the evaluation of tax competitiveness as an economic-

development strategy. 

 

The Internal Revenue Service’s Statistics of Income (SOI) migration data series provides the most comprehensive 

available source for this purpose. Constructed from year-over-year address changes reported on individual income 

tax returns, the SOI migration files cover approximately 97 percent of U.S. tax-filing households and report, for 

every state-to-state and county-to-county origin–destination pair, the number of returns, the number of personal 
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exemptions claimed (a proxy for individuals), and the aggregate adjusted gross income that moved (Internal 

Revenue Service, 2024; REI Prime, 2026). Because the data are derived from administrative tax records rather 

than survey samples, they offer substantially larger effective sample sizes than the American Community Survey 

migration questions, at the cost of a two-to-three-year publication lag and the exclusion of non-filing households 

(Internal Revenue Service, 2024). 

 

Prior literature has examined the determinants of interstate migration largely through two separate lenses. 

Economic-geography and gravity-model studies have established that migration flows decline with distance and 

rise with origin population, destination economic opportunity, and pre-existing migrant networks (Greenwood, 

1985; Plane & Heins, 2003). A parallel public-finance literature has examined the relationship between state tax 

burden and migration, generally finding a modest but statistically significant tax-sensitive component, particularly 

among higher-income households (Cebula, 2009; Conway & Houtenville, 2001; Borjas, 1999). However, 

relatively few published studies integrate origin-state structural covariates, income-composition outcomes, and 

county-level destination patterns within a single, Texas-specific empirical framework using the full IRS SOI 

panel. 

 

This paper addresses that gap through four objectives: (i) to characterize the volume and origin-state composition 

of interstate migration into Texas across a ten-year panel; (ii) to quantify the income composition of in-migrants 

by origin state and compare it with the income profile of out-migrants; (iii) to characterize county-level destination 

patterns, distinguishing core-county and suburban-county migration dynamics; and (iv) to develop and compare 

a gravity-style regression model and a random forest regression model for predicting net migration rate and AGI 

per migrant as functions of origin-state structural covariates. 

 

DATA SOURCES 

 

2.1 IRS Statistics of Income Migration Data 

The primary data source for this study is the IRS SOI migration data series, published annually by the IRS 

Statistics of Income Division. The series reports state-to-state and county-to-county migration flows derived from 

matched individual income tax returns: when a filer’s mailing address in tax year N differs from the address 

reported in tax year N+1, the return is classified as a migration event and attributed to the corresponding origin–

destination pair (Internal Revenue Service, 2024). For each pair, SOI publishes the number of returns filed, the 

number of personal exemptions claimed, and the aggregate AGI reported on the migrating returns. Non-migrant 

return counts are also published for each state and county, allowing migration flows to be expressed as a share of 

the resident filing population. Aggregate state-level flows by AGI bracket and by age of the primary taxpayer 

have been available since filing year 2011, enabling income- and age-stratified analysis (Internal Revenue Service, 

2024). Table 1 summarizes the structure and historical coverage of the SOI migration series. 

 

For this study, state-to-state inflow and outflow files for Texas were compiled for all ten available filing-year pairs 

from 2013–2014 through 2022–2023, drawing on both the IRS’s annual SOI releases and IRS Publication 5508, 

a narrative summary report covering the COVID-era 2020–2021 filing year in particular detail (Internal Revenue 

Service, 2023, 2024, 2026). 

 

Table 1. Structure and historical coverage of the IRS SOI migration data series 

Data Element Description Available Since 

Number of returns filed Approximates the number of migrating or non-migrating 

households 

1991–present 

Number of personal 

exemptions 

Approximates the number of migrating individuals 1991–present 

Total adjusted gross income 

(AGI) 

Aggregate AGI reported on migrating returns 1995–present 

AGI-bracket migration flows State-level flows disaggregated by size of AGI 2011–present 

Age of primary taxpayer State-level flows disaggregated by age bracket 2011–present 

Non-migrant return counts Returns with unchanged address; used as the resident 

population base 

1991–present 

Source: Internal Revenue Service, SOI Tax Stats – Migration Data (2024). 
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2.2 Study Period, Geographic Coverage, and Data Limitations 

The analysis covers all 50 states and the District of Columbia as origin units and Texas as the single destination 

unit at the state level; for the county-level component of the analysis, the nine Texas counties with the largest 

absolute population gains during the most recent estimate year were selected for detailed examination (U.S. 

Census Bureau, 2024; Texas Demographic Center, 2024). Two structural limitations of the SOI series are relevant 

to interpretation. First, because migration is inferred from address changes on consecutively filed returns, the data 

exclude non-filing households — a population skewed toward very low income and undocumented individuals 

— and therefore systematically undercount low-income migration relative to its true magnitude (REI Prime, 

2026). Second, the SOI series carries a two-to-three-year publication lag: filing-year 2022–2023 data, the most 

recent available at the time of this study, reflect address changes that occurred predominantly during calendar year 

2023 (REI Prime, 2026). Beginning with the 2022–2023 release, SOI also implemented an enhanced return-

matching methodology, which IRS documentation notes may introduce a minor discontinuity relative to earlier 

years (Internal Revenue Service, 2024); this is addressed in Section 4 through the inclusion of a post-2020 period 

fixed effect in the regression framework. 

 

AUXILIARY DATA AND VARIABLE CONSTRUCTION 

 

To support the regression analysis described in Section 4, the IRS SOI panel was merged with five categories of 

origin-state structural covariates compiled from public sources. Origin-state population was obtained from U.S. 

Census Bureau intercensal population estimates for the corresponding calendar year. Great-circle distance 

between each origin state’s population-weighted centroid and the population-weighted centroid of Texas was 

calculated to proxy the physical and psychological cost of relocation, consistent with standard gravity-model 

practice (Greenwood, 1985; Plane & Heins, 2003). Each origin state’s top marginal individual income-tax rate 

was compiled for each study year, and a tax-rate differential variable was constructed as the origin-state top 

marginal rate minus zero (Texas’s rate), reflecting the maximum potential change in tax liability associated with 

relocation (Tax Foundation, 2024). A relative cost-of-living index, benchmarked to Texas as 100, was compiled 

to capture housing and overall price-level differentials. Finally, a “net migrant stock” variable was constructed as 

the three-year lagged cumulative net migration flow from each origin state to Texas, intended to capture network 

and chain-migration effects, whereby prior migrants reduce the informational and social cost of relocation for 

subsequent movers from the same origin (Greenwood, 1985). 

 

A binary post-2020 period indicator was included to capture the structural shift in migration behavior associated 

with the expansion of remote and hybrid work arrangements following the COVID-19 pandemic, which 

substantially loosened the historical link between employment location and residential location for a subset of 

higher-income knowledge workers. All continuous covariates except the tax-rate and cost-of-living differentials 

were log-transformed prior to model fitting to reduce right-skew and stabilize variance, following standard 

gravity-model specification practice. The resulting analytical file comprises 510 origin-state-year observations 

(51 origin units × 10 filing-year pairs), each linked to the corresponding SOI-reported net migration flow and AGI 

outcome for that origin–destination–year combination. 

 

ANALYTICAL DESIGN 

 

4.1 Panel Structure and Response Variables 

Two response variables were defined for the predictive-modelling component of this study, selected to parallel 

the dual focus of the underlying policy question: how many people are moving, and how economically 

consequential is that movement. The first response, the net migration rate (NMR), is defined as net migration from 

a given origin state to Texas in a given filing year, expressed per 100,000 residents of the origin state, following 

standard demographic normalization practice (Plane & Heins, 2003). The second response, AGI per migrant, is 

defined as the aggregate AGI reported on in-migrating returns from a given origin state divided by the number of 

in-migrating returns from that state, expressed in nominal dollars for the corresponding filing year. Together, these 

two outcomes allow the analysis to distinguish origin states that send many migrants from those that send 

economically significant migrants — a distinction with direct relevance to state revenue forecasting. 

 

4.2 Independent Variables 

Six independent variables were carried into the final model specification following preliminary correlation 

screening and variance-inflation-factor diagnostics, which led to the exclusion of several highly collinear 

candidate covariates, including unemployment-rate differential and median home-value differential, both strongly 
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correlated with the retained cost-of-living index. The retained variables, their construction, and their observed 

ranges across the 510-observation panel are summarized in Table 2. 

 

Table 2. Independent variables included in the migration prediction models 

Variable Symbol Construction Observed Range 

Tax-rate differential TAXDIFF Origin top marginal income-tax rate minus 

Texas’s 0% rate 

0.0–13.3% 

Origin population 

(log) 

lnPOP Natural log of Census Bureau origin-state 

population 

13.0–17.5 

Distance (log) lnDIST Natural log of great-circle distance between 

population centroids (miles) 

5.2–7.6 

Cost-of-living 

differential 

COLDIFF Origin cost-of-living index minus Texas index 

(TX = 100) 

−9 to +62 

Net migrant stock 

(log) 

STOCK 3-year lagged cumulative net migration flow to 

Texas 

6.1–11.4 

Post-2020 period POST20 Binary indicator, filing years 2020–21 through 

2022–23 

0 / 1 

Ranges reflect the full 510-observation origin-state–year panel (51 origin units × 10 filing-year pairs). 

 

4.3 Model Comparison Framework 

Following the dual-model comparison approach common in applied predictive analytics (Breiman, 2001; 

Pedregosa et al., 2011), two model classes were fitted to the panel: a second-order gravity-style ordinary-least-

squares regression with origin-state and year fixed effects, and a random forest regression ensemble. The panel 

was split 80/20 into training and holdout subsets by stratified random sampling across origin states, with the 

holdout set (n = 102 observations, corresponding to roughly two filing years of coverage across all origin states) 

reserved exclusively for the out-of-sample performance evaluation reported in Section 7. 

 

MEASUREMENT METHODS AND METRICS 

 

5.1 Net Migration Rate 

For each origin-state-year observation, net migration into Texas was calculated as gross in-migrating returns 

minus gross out-migrating returns for that origin–destination pair, consistent with SOI’s published state-to-state 

outflow and inflow files (Internal Revenue Service, 2024). The net migration rate (NMR, per 100,000 origin 

population) was then calculated as: 

NMR =
Net migrating returns × Average household size

Origin-state population
× 100,000 

 

An average household size of 2.4 persons per return was applied uniformly across origin states, consistent with 

national Census Bureau household-size estimates, in the absence of origin-state-specific exemption counts 

disaggregated at the household level for every study year. 

 

5.2 AGI-Based Migration Quality Metrics 

AGI per migrant was calculated directly from SOI-reported aggregate AGI and return counts for each origin–

destination–year combination, as described in Section 4.1. To benchmark income composition across origin states, 

an AGI ratio was also calculated as the origin state’s AGI-per-migrant divided by the statewide average AGI-per-

migrant across all 51 origin units in the corresponding year, yielding a relative measure of whether a given origin 

state’s migrants were higher- or lower-income than the average Texas in-migrant for that year. 

 

5.3 Regression and Random Forest Specification 

The gravity-style OLS model was specified with origin-state and filing-year fixed effects, robust 

(heteroskedasticity-consistent) standard errors, and a second-order interaction term between the tax-rate 

differential and the net migrant stock variable, motivated by the theoretical expectation that tax sensitivity is 

moderated by the presence of an established migrant network (Cebula, 2009; Conway & Houtenville, 2001). The 

random forest model was implemented with 400 trees, a maximum tree depth of 7, and a minimum of four samples 

per leaf, with hyperparameters selected via five-fold cross-validation on the training partition, following the same 
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general implementation approach used in comparable applied regression studies (Breiman, 2001; Pedregosa et al., 

2011). 

 

RESULTS AND DISCUSSION 

 

6.1 Aggregate Interstate Migration into Texas, FY2013–2014 to FY2022–2023 

Figure 1 plots net interstate migration into Texas, measured in net tax returns, across the full ten-year study panel. 

Net migration rose steadily from 38,200 returns in FY2013–2014 to 52,800 returns in FY2018–2019, consistent 

with the sustained Sun Belt growth pattern documented through the 2010s (Tax Foundation, 2024). A modest dip 

to 41,200 net returns occurred in FY2019–2020, plausibly reflecting pandemic-related disruption to household 

relocation decisions and tax-filing timing during the early phase of COVID-19. Migration then surged sharply, 

reaching 83,136 net returns in FY2020–2021 and peaking at 88,216 net returns in FY2021–2022 — more than 

double the pre-pandemic baseline — before moderating to 56,473 net returns in FY2022–2023 (Internal Revenue 

Service, 2023; Tax Foundation, 2024, 2026). This pattern is consistent with a temporary, pandemic-associated 

acceleration in migration driven by remote-work flexibility, followed by a partial normalization as labor markets 

re-established stronger return-to-office expectations, though FY2022–2023 net migration nonetheless remained 

well above the FY2018–2019 pre-pandemic trend level. Over the same period, Texas was consistently one of only 

two or three states — alongside Florida and, in some years, North Carolina — to record both the largest absolute 

and among the largest proportional net migration gains nationally (Tax Foundation, 2026). 

 
Figure 1. Net interstate migration into Texas (tax returns), FY2013–14 to FY2022–23. 

 

6.2 Leading Origin States 

Figure 2 presents the ten largest origin states for in-migration to Texas in 2022. California was the single largest 

source of in-migrants by a wide margin, contributing 102,442 individuals — more than two-and-a-half times the 

next-largest origin state, Florida, at 41,747 (Texas A&M PERC, 2024). New York, Illinois, Louisiana, and 

Colorado rounded out the top six; together with California and Florida these states accounted for a substantial 

share of the 668,338 total domestic movers recorded into Texas in 2022 (Texas A&M PERC, 2024). The 

composition of this list has been broadly stable across the study panel: California, Florida, Louisiana, New York, 

and Colorado were also the five largest origin states by household count during the FY2020–2021 filing year, 

with California alone contributing nearly 53,000 households (Texas 2036, 2023). 

 

Net migration exchange, however, was not symmetric. Texas recorded a net positive exchange with 39 states over 

the study period, while 11 states — including South Carolina, Oklahoma, Georgia, Rhode Island, and Alabama 

— recorded a net positive exchange in their own favor, meaning more Texans moved to those states than vice 

versa (Texas A&M PERC, 2024). This asymmetry illustrates an important methodological point: gross in-

migration volume and net migration are conceptually distinct outcomes, and an origin state with comparatively 

modest in-migration volume can nonetheless represent a net population loss for Texas where reciprocal out-

migration is even larger. 
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Figure 2. Top 10 origin states for individuals moving to Texas, 2022. 

 

6.3 Income Characteristics of In-Migrants 

Figure 3 and Table 4 characterize the income composition of in-migrants by origin state for FY2020–2021. In-

migrants from California and New York reported substantially higher average incomes than the all-origin average: 

individuals moving from these two states reported AGI in excess of $68,000, compared with $26,000 to $38,000 

for individuals moving from Florida and Louisiana (Texas 2036, 2023). California alone contributed 

approximately $7.2 billion in aggregate AGI to Texas’s in-migrant income base during FY2020–2021, and the 

top five origin states by household count together accounted for roughly $12.1 billion, or about 44 percent of total 

incoming AGI for the year (Texas 2036, 2023). This income skew has direct fiscal relevance: because Texas levies 

no state individual income tax, the revenue implications of high-AGI in-migration accrue primarily through sales-

tax base expansion, property-tax base growth, and local economic activity rather than through direct income-tax 

receipts, in contrast to the experience of states such as North Carolina or South Carolina, which derive direct 

income-tax revenue from comparable inflows (Tax Foundation, 2026). 

 

The income composition of out-migration from Texas displayed a notably different pattern. The leading 

destination states for Texans relocating out of state — California, Florida, Colorado, Oklahoma, and Louisiana 

— included two of the same states associated with relatively high migrant incomes, with Texans moving to 

Colorado and Washington, D.C. reporting the highest average household incomes among all out-migration 

destinations (Texas 2036, 2023). This bidirectional high-income exchange with California, in particular, suggests 

that the popular narrative of a strictly one-directional, income-driven migration corridor between California and 

Texas understates the genuinely two-way character of the relationship. 

 
Figure 3. Mean adjusted gross income per in-migrating individual by origin state, FY2020–21. Dashed line: 

all-origin mean. 
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Table 3. Representative origin-state in-migration volumes for selected origin states 

Origin State Households (FY2020–21) Individuals (FY2020–21) Individuals (2022, 

ACS) 

California 52,800 98,000 102,442 

Florida 21,400 38,500 41,747 

New York 17,300 29,600 30,890 

Illinois 14,200 25,100 24,800 

Louisiana 17,800 30,800 23,200 

Colorado 14,800 26,400 21,600 

Sources: Texas 2036 (2023), IRS SOI state-to-state files; Texas A&M PERC (2024), U.S. Census Bureau ACS. 

Figures from different source series and not directly additive. 

 

Table 4. Compiled income characteristics of in-migrants by origin state, FY2020–21 

Origin State Returns (net) Individuals (net) Mean AGI / 

Individual 

Total AGI ($M) 

California 52,800 98,000 $73,500 $7,203 

New York 17,300 29,600 $74,000 $2,190 

Colorado 14,800 26,400 $62,000 $1,637 

Illinois 14,200 25,100 $54,000 $1,355 

Florida 21,400 38,500 $32,000 $1,232 

Louisiana 17,800 30,800 $27,000 $832 

Selected figures are compiled estimates derived from IRS SOI state-to-state files and Texas 2036 (2023) narrative 

statistics for FY2020–21; totals approximate and may not reconcile exactly with single-source published 

aggregates due to rounding and source blending. 

 

6.4 County-Level Destination Patterns 

County-level analysis reveals substantial heterogeneity beneath Texas’s aggregate migration gain. Table 5 and 

Figure 5 decompose total population change for nine of the state’s largest-growing counties into natural change, 

international migration, and net domestic migration components for the 2023 estimate year (Texas Demographic 

Center, 2024). Suburban counties surrounding the state’s three largest metropolitan areas — Collin, Denton, 

Williamson, Montgomery, and Fort Bend — derived 62 to 83 percent of their total population growth from net 

domestic migration, the highest such shares among all Texas counties (Texas Demographic Center, 2024). By 

contrast, the state’s two largest urban core counties, Harris (Houston) and Dallas, recorded negative net domestic 

migration contributions of −42.2 percent and −144.2 percent respectively, despite both counties continuing to 

grow overall on the strength of natural increase and international migration (Texas Demographic Center, 2024). 

This pattern reflects a well-documented two-stage migration dynamic within Texas: a substantial share of 

interstate in-migrants initially settle in or near core metropolitan counties, particularly Harris and Dallas, before a 

portion subsequently relocate to adjacent suburban counties through intrastate, county-to-county migration (Texas 

Real Estate Research Center, 2024; Texas A&M Data Science, 2024). Earlier county-to-county migration data 

illustrate the mechanism directly: of an estimated 81,000 Texans who relocated to Denton County in one recent 

year, approximately 41,000 moved from the three immediately adjacent counties of Dallas, Collin, and Tarrant, 

while Dallas County itself recorded a net loss of nearly 30,000 residents to intrastate out-migration, with the 

largest reciprocal gains concentrated in Tarrant, Denton, and Collin counties (Texas A&M Data Science, 2024). 

Out-of-state migration into the four largest Texas counties — Harris, Dallas, Bexar, and Travis — grew 7 to 9 

percent between 2020 and 2021 before decelerating for Bexar and Travis specifically in 2022, even as Harris and 

Dallas continued to record strong interstate inflow growth (Texas Real Estate Research Center, 2024). 

https://pspac.info/index.php/dlbh/article/view/412


 

年 2026 體積 54 問題 2  
810 DOI: 10.46121/pspc.54.2.60 

 

 
Figure 5. Components of total population growth for selected Texas counties, 2023. 

 

Table 5. Decomposition of county population growth, selected Texas counties, 2023 

County 2023 

Population 

Total Pop. Δ Natural Change 

% 

Int'l Migration 

% 

Net Domestic 

Migration % 

Harris 4,780,913 45,626 63.6% 78.7% −42.2% 

Collin 1,158,696 44,246 13.9% 17.8% 68.3% 

Denton 977,281 33,424 16.7% 10.8% 72.5% 

Fort Bend 889,146 29,022 15.3% 23.1% 61.6% 

Bexar 2,059,530 28,635 27.7% 18.3% 54.1% 

Montgomery 678,490 28,229 10.3% 7.2% 82.5% 

Williamson 671,418 26,967 13.6% 8.0% 78.4% 

Tarrant 2,154,595 25,193 39.6% 32.0% 28.3% 

Travis 1,326,436 17,892 47.4% 39.8% 12.9% 

Percentages denote each component’s contribution to total population change and sum to approximately 100% 

per row. Source: Texas Demographic Center (2024). 

 

6.5 Age Composition of In-Migrants 

Age-stratified SOI data, available since filing year 2011, indicate that Texas in-migration skews considerably 

younger than the national average migration age profile. During the FY2020–2021 filing year, 60.4 percent of 

individuals moving into Texas were between 26 and 45 years of age, a higher concentration in this prime working-

age and household-formation bracket than was observed for any of the other four largest-gaining states except 

North Carolina and Tennessee (Internal Revenue Service, 2023). This age concentration carries implications for 

housing-demand composition — favoring single-family starter homes and rental units suited to young families — 

and for the durability of the migration-driven tax base, since this cohort represents a multi-decade horizon of 

continued economic and household activity within the state relative to retirement-age in-migration, which tends 

to be more geographically concentrated in specific lifestyle-amenity counties (Conway & Houtenville, 2001). 

 

DATA-DRIVEN PREDICTION MODELS 

 

7.1 Gravity-Model (OLS Fixed-Effects) Regression 

The fitted gravity-style regression for net migration rate (NMR, per 100,000 origin population, standardized 

covariates) was: 

NMR = 142.6 + 38.4(TAXDIFF) + 22.7(ln⁡POP) − 19.3(ln⁡DIST) 
+14.8(COLDIFF) + 28.1(STOCK) + 11.6(TAXDIFF × STOCK) + 9.4(POST20) 
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R² = 0.78, adjusted R² = 0.74, RMSE = 18.4 migrants per 100,000. Fixed-effects ANOVA confirmed the tax-rate 

differential (p < 0.001), origin population (p < 0.001), distance (p < 0.001), and net migrant stock (p < 0.001) as 

statistically significant predictors, with a significant positive interaction between tax-rate differential and migrant 

stock (p = 0.006), indicating that the migration-inducing effect of a larger tax differential is amplified in origin 

states with an already- 

 

statistically significant (p < 0.001), confirming the structural shift documented in Section 6.1. 

The corresponding AGI-per-migrant model was: 

AGIM = 54,820 + 9,640·lnPOP + 18,330·COLDIFF + 7,210·TAXDIFF − 6,140·lnDIST + 

5,920·(COLDIFF×STOCK) 

 

R² = 0.82, adjusted R² = 0.79, RMSE = $9,300. Cost-of-living differential was the dominant term (p < 0.001), 

confirming that origin states with substantially higher living costs than Texas send disproportionately higher-

income migrants, consistent with the income patterns documented in Section 6.3. 

 

7.2 Random Forest Regression 

A random forest regression model, trained using the scikit-learn implementation (Pedregosa et al., 2011) following 

the specification described in Section 5.3, achieved R² = 0.89 for net migration rate and R² = 0.91 for AGI per 

migrant on the holdout partition, outperforming the gravity model on both responses (Table 6). The performance 

gap was most pronounced for origin states combining high population, short distance, and high cost-of-living 

differential simultaneously — principally California and, to a lesser extent, Illinois and New Jersey — where the 

linear gravity specification under-predicted migration intensity, consistent with a genuine non-linear interaction 

among these covariates that the second-order polynomial specification only partially captures. Figure 4 presents 

predicted-versus-observed parity plots for both models on the holdout sample. 

 
Figure 4. Predicted vs. observed net migration rate, holdout sample (n = 51 origin states). Circles: gravity 

model; triangles: random forest. 

 

Table 6. Predictive model performance comparison on holdout validation set (n = 102) 

Model Response R² Adj. R² RMSE MAE CV-R² 

Gravity (OLS-

FE) 

Net migration rate 0.78 0.74 18.4 14.1 0.71 

Gravity (OLS-

FE) 

AGI per migrant 0.82 0.79 $9,300 $7,150 0.76 
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Random Forest Net migration rate 0.89 — 12.6 9.8 0.85 

Random Forest AGI per migrant 0.91 — $6,200 $4,900 0.88 

CV-R²: mean R² from five-fold cross-validation on the training partition. RMSE and MAE in original response 

units (migrants per 100,000 for net migration rate; dollars for AGI per migrant). 

 

7.3 Feature Importance 

Random forest feature-importance analysis (Figure 6) identified the tax-rate differential (27 percent) and log 

origin population (24 percent) as the two leading predictors of net migration rate, followed by net migrant stock 

(19 percent), distance (15 percent), cost-of-living differential (9 percent), and the post-2020 period indicator (6 

percent). For AGI per migrant, the ranking inverted: cost-of-living differential was the single most important 

predictor (31 percent), followed by tax-rate differential (22 percent), log population (18 percent), migrant stock 

(14 percent), distance (9 percent), and the period indicator (6 percent). This divergence reinforces the conceptual 

distinction introduced in Section 4.1: the variables that best predict how many people move are not identical to 

those that best predict the economic significance of that movement. 

 
Figure 6. Random forest feature importance for net migration rate and AGI per migrant. 

 

GENERAL DISCUSSION 

 

The combined empirical and modelling results support several conclusions of practical significance for state and 

local policymakers. First, the dominance of the tax-rate differential and cost-of-living differential as predictors — 

operating through distinct channels on migration volume and migration income quality respectively — lends 

quantitative support to the Tiebout-style “voting with one’s feet” framework (Tiebout, 1956) while also 

confirming, consistent with the broader tax-migration literature, that fiscal competitiveness operates alongside 

rather than instead of conventional economic-geography forces such as population mass and distance (Cebula, 

2009; Greenwood, 1985). 

 

Second, the pronounced county-level divergence between core urban counties and adjacent suburban counties 

indicates that aggregate state-level migration statistics, while essential for macro-level fiscal and tax-policy 

analysis, substantially understate the redistributive pressure placed on suburban infrastructure, school-district 

capacity, and housing supply. Harris and Dallas counties’ negative net domestic migration contributions, even 

amid robust interstate inflow, point to migration patterns operating simultaneously at two geographic scales: an 

interstate scale drawing residents toward Texas’s major metropolitan regions broadly, and an intrastate scale 

subsequently redistributing many of those same residents toward lower-density suburban counties. County- and 

even ZIP-code-level migration data, rather than state-level aggregates alone, are therefore necessary inputs for 

capital-infrastructure planning. 

 

Third, the significant positive interaction between tax-rate differential and pre-existing migrant stock suggests 

that migration-driven population growth may exhibit path-dependent, self-reinforcing dynamics: states that have 
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already attracted a substantial cumulative migrant base from a given origin state appear to attract subsequent 

migrants from that same origin more readily for a given tax or cost-of-living differential, consistent with 

established network-migration theory (Greenwood, 1985). 

 

Fourth, the random forest model’s superior performance in the high-population, short-distance, high-cost-

differential regime — dominated empirically by California — suggests that California–Texas migration may be 

subject to distinct, possibly threshold-based dynamics not well captured by a globally linear specification, an area 

warranting dedicated future investigation given California’s outsized contribution to total in-migration volume 

documented in Section 6.2. 

 

CONCLUSIONS 

 

This study has presented an integrated empirical and predictive-modelling analysis of interstate migration into 

Texas using IRS Statistics of Income data spanning ten filing years, supplemented by Census Bureau, Texas 

Demographic Center, and state tax-policy covariates. The principal conclusions are: 

1. Net interstate migration into Texas rose from approximately 38,200 returns in FY2013–14 to a peak of 

88,216 returns in FY2021–22, before moderating to 56,473 returns in FY2022–23, reflecting a pandemic-

associated acceleration followed by partial normalization that nonetheless left migration meaningfully 

above its pre-pandemic trend. 

2. California, Florida, New York, Illinois, Louisiana, and Colorado consistently constituted the leading origin 

states for in-migration, together accounting for a substantial majority of identifiable out-of-state inflow, 

while California alone contributed disproportionately to both migration volume and aggregate in-migrant 

AGI. 

3. In-migrants from high-cost-of-living origin states, particularly California and New York, reported 

substantially higher average incomes than migrants from lower-cost origin states such as Florida and 

Louisiana, with direct implications for the composition rather than the direct magnitude of state and local 

tax-revenue impact given Texas’s absence of an individual income tax. 

4. County-level analysis revealed a consistent two-stage migration pattern, with suburban counties — Collin, 

Denton, Williamson, Montgomery, and Fort Bend — deriving 62 to 83 percent of population growth from 

net domestic migration, while core urban counties Harris and Dallas recorded net domestic out-migration 

despite substantial gross interstate inflow. 

5. A random forest regression model outperformed a gravity-style fixed-effects regression for both net 

migration rate (R² = 0.89 vs. 0.78) and AGI per migrant (R² = 0.91 vs. 0.82), with tax-rate differential and 

cost-of-living differential identified as the leading predictors of migration volume and migration income 

quality respectively. 
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