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1 Data Sources and Sample Construction

Figure 1 illustrates the data integration process for constructing our analysis sample. The figure

reads left to right, from treatment assignment in childhood to outcome measurement in adulthood.

On the left, hand-digitized historical sources on municipal water infrastructure (Baker, 1889 and

1897) and water chemistry (USGS) are linked by town name to the Census Place Project [Berkes

et al., 2023], which provides geographic identifiers for individuals in the full-count census files.

These town-level exposure measures are then matched via IPUMS HistIDs to individuals observed

as children (ages 0–10) in the 1900, 1910, or 1920 Censuses (green boxes), assigning each child a

town of residence and corresponding waterborne lead exposure classification. On the right, these

childhood records are linked forward via HistIDs to the same individuals observed as adults (ages

20–50) in the 1940 Census (grey box), which provides the labor market outcomes we examine:

earnings, employment, and occupation. The following subsections describe each data component

in detail.

1.1 Individual-Level Census Data and Linking Methodology

To study the adult labor market consequences of childhood waterborne lead exposure, we use

the full-count 1940 Census as the source of adult outcome data and then link these individuals

backward to their childhood census records in 1900, 1910, or 1920. The 1940 Census is the first
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Figure 1: Data integration process showing town-level sources for waterborne lead exposure mea-
sures and linkage of 1940 Census cohort to childhood Census records.

decennial census to report both wage and salary income and completed years of schooling, along

with employment status, weeks worked, occupation, and other individual characteristics.

Adult cohort. From the 1940 Census, we identify men ages 20–50, corresponding to cohorts

still in or near prime working ages in 1940. We focus on men because wage and salary income

captures a limited share of women’s economic activity during this period. As shown in Figure

1, this 1940 cohort forms the core individual-level sample to which earlier childhood records are

linked.

Linking to childhood census records. We then link individuals in the 1940 cohort backward

to their earlier records in the 1900, 1910, or 1920 full-count Censuses, using crosswalks of HistIDs

over time constructed from modern record-linkage methods [Price et al., 2021, Buckles et al., 2023a].

These earlier census records allow us to recover childhood town of residence and family background

characteristics, including father’s occupation. Because historical censuses do not contain stable

person identifiers across decades, linked records are constructed using identifying characteristics

that appear in multiple census waves, including names, ages, birthplaces, and other demographic

information [Price et al., 2021, Buckles et al., 2023a].

All census files are drawn from the Integrated Public Use Microdata Series (IPUMS) full-count

data [Ruggles et al., 2021]. The full-count files are especially important in our setting because

many towns in our sample are small and would be sparsely represented, or absent altogether, in

standard public-use census samples. Within each census cross-section, individuals are identified

by IPUMS HistIDs, which provide the record-level identifiers used to reference linked observations

across files.1

Assigning childhood exposure. Our measure of childhood exposure requires identifying the

town in which each individual lived during early childhood. We therefore assign childhood location

using the earliest linked census observation in which the individual is observed between ages 0 and

1HistIDs uniquely identify individuals within a given census file. Longitudinal connections across census years are
established through the linked historical census files rather than by HistIDs alone.
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10. If an individual is linked in more than one childhood census within this age window, we use

the earliest such observation. This procedure is designed to capture exposure during the period of

greatest biological vulnerability to lead while also reducing measurement error from moves later in

childhood or adolescence.2

We focus on exposure during age 0–10 because young children absorb lead more efficiently

than adults and their developing nervous systems are particularly vulnerable to lead neurotoxicity

[Hammond, 1982, Bellinger, 2004, Needleman, 2004]. Restricting childhood assignment to early-life

observations also reduces the scope for endogenous mobility to affect measured exposure.

Resulting retrospective panel. This procedure yields a retrospective panel linking adult

labor market outcomes in 1940 to childhood location observed in one of three earlier censuses:

• Men born 1890–1900: ages 0–10 in the 1900 Census and ages 40–50 in 1940

• Men born 1900–1910: ages 0–10 in the 1910 Census and ages 30–40 in 1940

• Men born 1910–1920: ages 0–10 in the 1920 Census and ages 20–30 in 1940

Figure 2 reports linkage rates by age in the 1940 Census. Linkage rates range from 70–80% on

average, which is in line with linkage rates reported in other literature [Buckles et al., 2025].
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Figure 2: Linkage rates by age in the 1940 Census. Each point shows the share of men of a given
age in the 1940 Census who are successfully linked to a childhood record in 1900, 1910, or 1920.

2We exclude individuals whose earliest linked census observation occurs after age 10. We also exclude cases with
large inconsistencies in reported age across linked census records, defined as discrepancies greater than two years
between age reported in the childhood census and age implied by the 1940 record.
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Geographic Identifiers and Town Matching. To link individuals’ childhood locations to

the town-level infrastructure and water chemistry data shown in Figure 1, we must identify each

individual’s town of residence in the historical census records. Census manuscripts report place

of residence at multiple geographic levels, including state, county, and, for incorporated places,

city or town name. However, the standard place identifiers provided in IPUMS do not capture all

municipalities that appear in the original census records. In particular, many smaller towns are

not represented as distinct places in the IPUMS geographic variables.

To improve coverage of small municipalities, we supplement the IPUMS geographic identifiers

using data from the Census Place Project (CPP) [Berkes et al., 2023]. The CPP systematically

extracts place names recorded in historical census manuscripts and assigns approximate geographic

coordinates to these locations. Because CPP observations retain the underlying census record

identifiers, they can be linked back to individuals in the full-count census data using IPUMS

HistIDs. This linkage allows us to recover town-level identifiers for many additional municipalities

that are not represented in the standard IPUMS place variables.

1.2 Town-Level Pipe Material Data

As illustrated in Figure 1, assigning childhood exposure requires combining individual census

records with town-level information on water infrastructure. This section describes the histori-

cal sources used to measure the materials used in municipal service pipes, which form the first

component of our treatment assignment.

The Manual of American Water-Works. Our town-level pipe material data come from The

Manual of American Water-Works, compiled by M. N. Baker, a sanitary engineer who documented

municipal water systems in the late nineteenth century. For our purposes, the relevant editions are

1888, 1889/1890, 1891, and 1897.

The Manual reports information on municipal water systems across the United States, including

water sources, treatment practices, distribution infrastructure, and pipe materials. The informa-

tion was collected from local water superintendents and engineers and provides one of the most

comprehensive historical sources on municipal water infrastructure available for this period. We

systematically digitize these records to construct town-level measures of service pipe materials for

nearly 4,000 municipalities.

Digitization Process. We digitize pipe material information primarily from the 1897 edition

of the Baker Manual and supplement it with information from the 1889/1890 edition. For each

town with a documented water system, we extract two pieces of information:

• Materials used for service pipes, that is, the connections from water mains to individual

properties

• Year of system construction

Service pipe material is the most relevant determinant of residential lead exposure because

service pipes connect the distribution mains directly to households, carrying water into homes
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where it is consumed. Our classification therefore focuses on service pipe materials rather than

other components of the distribution system. Previous literature has also relied on service pipe

material when discussing residential waterborne lead exposure [Troesken, 2008, Clay et al., 2014,

Ferrie et al., 2012].

Pipe Material Classification. Using the information reported in the Manual, we classify

towns into three mutually exclusive categories based on service pipe materials:

• Pure Lead: Towns reporting lead as the pipe material in use.

• Mixed Lead: Towns reporting both lead and non-lead materials in service pipes.

• Non-Lead: Towns reporting no lead pipes.

Use of Multiple Editions. The 1897 edition is our primary source because it is the most

comprehensive. We use the 1889/1890 edition as a supplement for two reasons. First, a small

number of towns appear in the 1889/1890 edition but not in 1897. Second, and more importantly,

some towns that appear in both editions are reported with different service pipe materials.

When a town appears in both editions, we compare the reported service pipe materials across

the two sources. If the editions disagree in a way that indicates the presence of both lead and

non-lead service pipes, we classify the town as Mixed Lead. We assign the Pure Lead and Non-

Lead categories only when all of the available information indicates those materials were the only

pipe materials reported. This approach treats disagreement across editions conservatively and

avoids assigning a town to a pure category when the historical record suggests a mixed system or

uncertainty in the underlying reports.

Supplementary Lead Service Line Inventories. To expand coverage of service pipe ma-

terials, we supplement the historical classifications from The Manual of American Water-Works

with recently released municipal lead service line (LSL) inventories. These inventories were com-

piled by water utilities as part of the U.S. Environmental Protection Agency’s Lead and Copper

Rule Revisions, which require utilities to document the materials used in service line connections

[Marcus, 2026].

Because modern inventories may not perfectly reflect historical pipe materials, we apply con-

servative classification rules and use the inventories only when they provide strong evidence about

the presence or absence of lead service lines. Because lead service line replacement has historically

occurred gradually in most municipalities, the presence or absence of lead lines in modern inven-

tories can still provide informative evidence about historical system composition. We use these

inventories to classify pipe materials for towns where water chemistry data are available but pipe

material information is not recorded in the Baker Manual.

First, we classify a town as Non-Lead if its modern inventory reports zero lead service lines and

at least 90% of service lines have been surveyed. Under these conditions, the absence of observed

lead service lines strongly suggests that the system historically relied on non-lead materials.

Second, we classify a town as Mixed Lead when modern inventories indicate that at least 25%

of surveyed service lines are lead. Because lead service line replacement has historically been
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incomplete in most U.S. municipalities, the presence of a substantial share of lead lines in modern

inventories provides strong evidence that lead service connections were historically used.

Using these criteria, we assign pipe classifications to 74 additional towns in the final analytic

sample. The remaining towns obtain pipe classifications directly from the Baker Manual data. In

total, 897 towns in the analysis sample are classified using the historical Baker data and 74 towns

are classified using modern LSL inventories.

Timing of Water System Construction. Figure 3 shows the number of water systems

constructed each year from 1800 to 1900, distinguished by whether the system used pure lead pipes,

mix lead pipes or non-lead pipes, along with the cumulative population served by these systems.

The figure is based on the subset of towns in our final analytic sample for which we observe both

pipe material data and water chemistry measurements. The number of systems constructed is a

stacked bar chart such that the height of the gray bar is the total number of systems completed

that year.

Municipal water infrastructure expanded rapidly during the late nineteenth century, with all

three types of systems (pure lead, mix lead, non-lead) being constructed throughout this period.

By 1900, the towns in our analytic sample represent water systems serving nearly 27 million people

or roughly 35% of the total US population, illustrating the widespread adoption of municipal water

infrastructure during this period.

Geographic Coverage and Representativeness. Figure 4 shows the geographic distri-

bution of towns in the analytic sample by pipe material type. Coverage is concentrated in the

Northeast and Midwest, reflecting earlier urbanization and earlier adoption of municipal water

systems in these regions.

1.3 Water Chemistry Data

As shown in Figure 1, the second component of treatment assignment combines pipe material data

with historical measurements of municipal water chemistry. While pipe material information is

available for nearly 4,000 towns, water chemistry measurements are only available for a subset

of towns where the U.S. Geological Survey (USGS) conducted water quality sampling. Our final

analytic sample therefore consists of towns that appear in both the Baker Manuals and the USGS

chemistry records.

USGS Data Sources. Historical water chemistry data come from U.S. Geological Survey

(USGS) publications documenting water quality measurements conducted between 1950 and 1952

[Lohr and Love, 1954]. These surveys were conducted by USGS in cooperation with state geo-

logical surveys and local water utilities to characterize water quality for industrial and municipal

uses. Reported measurements include pH, hardness, and other chemical properties of municipal

water supplies. For our analysis, we focus on pH and hardness because these variables interact

to determine the corrosivity of water and therefore the extent to which lead leaches from pipe

infrastructure into drinking water.

Temporal Stability of Water Chemistry. Water chemistry was relatively stable during the
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Figure 3: Number of municipal water systems constructed by year (1800–1900) and cumulative
population served, distinguished by service pipe material type (Pure Lead, Mix Lead and Non-
Lead). The figure uses towns in the final analytic sample for which both pipe material and water
chemistry data are available. Data source: The Manual of American Water-Works.
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Figure 4: Geographic distribution of towns in the analytic sample by pipe material classification.
Figure reproduced from the main manuscript.
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late nineteenth and early twentieth centuries because most municipal water systems had not yet

adopted chemical treatment processes that alter the natural properties of water. As a result, pH

and hardness largely reflected underlying geological characteristics of local watersheds, including

the mineral composition of surrounding soils and rock formations. Measurements taken during

the 1950–1952 period therefore provide a reasonable approximation of water chemistry conditions

during our cohorts’ childhood years [Durfor and Becker, 1964, Ferrie et al., 2012].

Predicted Lead Solubility Model. As discussed in the main paper, pH and hardness interact

in non-linear ways to determine the extent of lead leaching from pipe infrastructure. Rather than

relying on simple threshold rules based on either variable alone, we construct a predicted lead

solubility model based on established water chemistry relationships. This model combines pH and

hardness to classify water supplies according to their potential to promote lead leaching. The

technical details of the model are described in Section 2 of this SI Appendix.

1.4 Final Sample

Our data construction combines linked individual census data with town-level information on pipe

materials and water chemistry. We begin with men ages 20–50 observed in the 1940 Census who

can be linked to a childhood census record when they were ages 0–10 in the 1900, 1910, or 1920

Census. We then merge these individuals to town-level pipe material data from The Manual of

American Water-Works and water chemistry measurements from U.S. Geological Survey sources.

The primary constraint on the final sample is the availability of both pipe material and water

chemistry data. While pipe material information is available for nearly 4,000 towns, water chemistry

measurements can be matched to a smaller subset of municipalities. Restricting to towns with both

data sources yields a final analysis sample of ∼6.2 million men whose childhood residence can be

assigned to one of 971 towns with complete infrastructure and water chemistry data.

1.5 Inverse Probability Weights

The Census Tree links used in this study combine genealogy records from FamilySearch with al-

gorithmic matching [Price et al., 2021, Buckles et al., 2023a]. Because the genealogy seed records

reflect the research interests of FamilySearch users, the resulting linked sample over-represents

white, native-born, married, and geographically stable men relative to the full census population

[Price et al., 2021]. If these selection patterns correlate with adult labor market outcomes or with

childhood pipe-type exposure, estimates from the unweighted linked sample may be biased.

To address this, we follow Bailey et al. [2020] and construct inverse probability weights (IPW)

that reweight the linked sample to better represent the full population of men observed in the

relevant childhood census. For each census wave (1900, 1910, and 1920) separately, we estimate

a probit model for the probability of appearing in the linked sample as a function of age, race,

state of residence, urban status, metro status, relationship to the household head, and birthplace

[Wooldridge, 2007]. The probit is estimated on all male children and household dependents (ages

≤ 15) in each full-count census, restricted to counties where at least one linked observation is
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observed. This restriction, effectively reweights the sample to look more representative of the

initial set of locations. Weights are constructed as ŵi = 1/p̂i, where p̂i is the estimated probability

of being linked, upweighting individuals from groups with low baseline linking rates. Results are

robust to alternative covariate sets in the linking probability model, including specifications that

include an interaction between state of residence and urban status and exclude birthplace. The

resulting weights have a median of 1.61, a mean of 1.87, and a 95th percentile of 3.20, indicating that

most observations receive modest reweighting. The distribution has a right tail (99th percentile of

6.03, maximum of 118.3), reflecting individuals with demographic characteristics that make linking

unlikely. We do not trim the weights in the primary specification. The unweighted results reported

in Section 7 are qualitatively similar, indicating that the findings are not driven by extreme weights.

Importantly, childhood household economic characteristics, father’s occupation score, family

income rank, and homeownership, do not enter the linking probability model. The weights are

identified from demographic and geographic predictors of linking success rather than from the

parental traits that appear in our balance tests and outcome regressions. This ensures that the IPW-

weighted balance assessment in Table 4 reflects genuine childhood-baseline comparability rather

than mechanically improved balance on the variables being tested.

IPW and Mortality Selection. The IPW weights reweight the linked sample to resemble the

population of male children observed in the relevant childhood census (1900, 1910, or 1920). This

corrects for differential attrition between the childhood observation and the 1940 adult observation,

including mortality that occurred between these two dates. Recent evidence suggests this concern

is empirically relevant: Fletcher and Noghanibehambari [2023] find that childhood exposure to

lead through water pipes reduces old-age longevity by approximately 2.7 months, with effects that

are 3.5 times larger among nonwhite populations and twice as large among low-SES families. If

lead-exposed children were more likely to die before 1940, the unweighted linked sample would

over-represent healthier survivors from lead towns relative to non-lead towns. By reweighting to

match the childhood population, the IPW partially addresses this form of selection: the weighted

estimates can be interpreted as the average effect of lead exposure on earnings among the population

of children alive and enumerated at ages 0–10.

The IPW cannot, however, address mortality that occurred before the initial childhood census.

If lead exposure increased infant or early-childhood mortality before a child’s first census enumer-

ation, those children never enter the data and no reweighting scheme can recover their outcomes.

To the extent that the most vulnerable children (for example, those from lower-SES households or

with weaker baseline health) were disproportionately lost to pre-census mortality in lead-exposed

towns, the surviving sample is positively selected on resilience. This would bias our estimated

earnings penalties toward zero, reinforcing the interpretation of our estimates as lower bounds on

the true effect of childhood lead exposure. Whether this pre-census mortality selection differs by

father’s income quartile is unobservable in our data, but it bears on the interpretation of the SES

heterogeneity results: if lead-induced infant mortality fell more heavily on Q1 families, the sur-

viving Q1 population in lead towns may be unusually resilient, compressing the observed earnings
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gap between Q1 and higher quartiles for reasons unrelated to the buffering capacity of household

resources.

2 Predicted Lead Solubility Model

2.1 Overview and Motivation

The amount of lead released from pipes into drinking water depends on water chemistry, particularly

the interaction between pH and mineral content. This process, known as ”plumbosolvency”, is well

established in the literature [Schock, 1990, Moore, 1973, Schock and Gardels, 1983, Cardew, 2003].

Simple classifications such as “acidic” versus “neutral” water fail to capture the dynamic nature of

this interaction and therefore can miss important variation in potential water-borne lead exposure.

Our data exhibit substantial variation in water chemistry across towns. Figure 5 plots water

hardness against pH for the 971 towns in our analysis sample, distinguishing between towns with

Non-Lead, Mixed Lead, and Pure Lead service pipes. Two features of the data stand out. First,

water chemistry varies widely across towns, with pH ranging from approximately 5 to 9 and hardness

ranging from near zero to more than 700 mg/L. Second, there is substantial overlap in water

chemistry across pipe material types. Towns with lead pipes do not systematically differ from

towns with non-lead pipes in either pH or hardness. This pattern is consistent with our identifying

assumption that pipe material adoption was not systematically related to water chemistry.

Because lead solubility depends on the interaction between these water chemistry parameters,

we construct a continuous measure of predicted lead leaching potential. The theoretical literature

models lead solubility as a function of pH and total alkalinity, which measures the buffering capac-

ity of water. Our historical water chemistry data report hardness rather than alkalinity. Hardness

and alkalinity are closely related measures of dissolved mineral content, particularly calcium and

magnesium carbonates [Moore, 1973, Boyd, 2015]. We therefore use hardness as a proxy for al-

kalinity while following the theoretical framework developed in the water chemistry literature.3

This predicted solubility measure provides a ranking of towns by theoretical lead leaching potential

based on observed water chemistry.

2.2 Theoretical Background and Data Sources

Lead solubility in drinking water depends primarily on pH and alkalinity, which together determine

the chemical equilibrium between dissolved lead and solid lead carbonate compounds that can

form protective scales on pipe surfaces [Schock, 1990, Schock and Gardels, 1983, Moore, 1973]. At

low pH, lead dissolves readily as free ions. At intermediate pH values with sufficient alkalinity,

lead carbonate minerals precipitate and form protective scales that reduce lead release. At very

high pH levels, lead can again become soluble through hydroxide complex formation. As a result,

3Because hardness typically exceeds alkalinity in natural waters, using hardness as a proxy tends to overstate
buffering capacity and therefore produces conservative predictions of lead solubility, biasing predicted lead concen-
trations downward.
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Figure 5: Water chemistry (pH and hardness) for all 971 towns in the analysis sample, distinguished
by pipe material type. Gray squares indicate Non-Lead towns, blue circles indicate Mixed Lead
towns, and red circles indicate Pure Lead towns. Water chemistry varies widely across towns and
exhibits substantial overlap across pipe types.

theoretical models predict a U-shaped relationship between pH and lead solubility, with the lowest

lead concentrations occurring at intermediate pH levels when protective carbonate scales can form.

To quantify this relationship, we rely on the theoretical lead solubility model developed by

Schock [Schock, 1990]. Schock calculates equilibrium lead concentrations as a function of pH and

total alkalinity using thermodynamic constants for the relevant chemical species. The resulting

model provides predicted lead concentrations under equilibrium conditions, representing the upper

bound on lead release for a given water chemistry environment.

Figure 6a reproduces Schock’s theoretical solubility curves, which plot predicted lead concentra-

tion as a function of pH for several alkalinity levels. The figure illustrates the U-shaped relationship

and shows that higher alkalinity substantially reduces lead solubility when pH is less than ≈ 7 where

protective carbonate scales can form.

Because Schock presents the model as graphical solubility nomographs rather than closed-form

equations, we digitize the published curves and extract predicted lead concentrations at multiple

combinations of pH and alkalinity (Figure 6b). Specifically, we record predicted concentrations for

six alkalinity levels (5, 10, 30, 50, 100, and 200 mg/L as CaCO3) across a grid of pH values. These

digitized points form the training data used to estimate the statistical model described in the next

section, which allows us to predict lead solubility for any combination of pH and hardness observed

in our town-level water chemistry data. This procedure yields approximately 74 observations of

(pH, alkalinity, predicted lead concentration) used to estimate the model.
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(a) (b)

Figure 6: Theoretical lead solubility as a function of pH and alkalinity from Schock [1990] are shown
in sub-figure (a). Digitized curves shown in sub-figure (b). Lead solubility exhibits a U-shaped
relationship with pH, with the lowest predicted concentrations occurring at intermediate pH values
when protective carbonate scales form.

2.3 Generalized Additive Model (GAM)

To approximate the theoretical amount of lead leached into drinking water under different chemical

environments implied by the Schock model, we estimate a flexible statistical model relating pre-

dicted lead concentration to pH and alkalinity. Because the Schock model is presented graphically

as solubility nomographs rather than closed-form equations, we approximate the underlying surface

using a smooth nonparametric regression.

Specifically, we estimate a Generalized Additive Model (GAM) that predicts the base-10 loga-

rithm of lead concentration (in mg/L) as a smooth function of pH and log-transformed alkalinity:

log10(Pb) = f(pH, log10(Alkalinity)) + ϵ (1)

where f(·) is a smooth bivariate function estimated using tensor-product splines. This approach

allows the relationship between pH and lead solubility to vary flexibly with alkalinity, which is

consistent with the chemical mechanisms described by Schock [1990]. In particular, the theoretical

model predicts a U-shaped relationship between pH and lead solubility, with the location and

curvature of this relationship shifting depending on the buffering capacity of the water supply.

Tensor-product splines provide a flexible way to capture these interactions while avoiding the need

to impose a specific parametric functional form.

The basis dimension for pH is set to k = 10 to capture the nonlinear U-shaped relationship

predicted by theory, while the basis dimension for alkalinity is limited to k = 6 to avoid overfitting

given the relatively small number of alkalinity levels in the digitized training data.

Model Fit. The fitted GAM closely reproduces the theoretical solubility curves derived by

Schock [1990]. The model explains 99.9% of the variation in the digitized solubility data (R2 =

0.999). The root mean squared error of the fitted model is 0.015 in log10 concentration units,
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corresponding to a typical multiplicative prediction error of approximately 3.6%. In the original

concentration units, the root mean squared error is 0.023 mg/L. Figure 6b compares the fitted

values to the original Schock nomograph and demonstrates that the model closely reproduces the

theoretical solubility curves across the full range of the training data.

The estimated surface provides a smooth approximation to the theoretical relationship between

water chemistry and lead solubility, allowing us to generate predicted lead concentrations for any

combination of pH and alkalinity values observed in the town-level data.

2.4 Extrapolation Strategy

A subset of towns have water chemistry values outside the range of the original Schock nomograph

(pH 6.0–10.2 and alkalinity up to 200 mg/L). Among the 971 towns in our analysis sample, 236

towns (24%) fall outside this range. Of these, 28 towns have pH values below 6.0, while the

remaining 208 towns lie outside the nomograph range because their hardness exceeds 200 mg/L.

Because spline-based models can exhibit unstable behavior when extrapolating beyond the

training domain, we apply simple extrapolation rules designed to preserve the qualitative relation-

ships implied by the chemistry of lead dissolution. Importantly, most extrapolation occurs along

the high-hardness dimension, where predicted lead concentrations change relatively slowly with

additional buffering. By contrast, only a small number of towns require extrapolation into the

low-pH region where lead dissolution increases rapidly with acidity. In practice, these extrapolated

regions correspond to extreme predicted lead values: very acidic water implies very high predicted

lead concentrations, while very high hardness implies strong buffering and therefore very low pre-

dicted lead concentrations. As a result, towns requiring extrapolation lie far from the portion of

the distribution used to classify high- and low-leaching environments.

2.4.1 Low pH (pH < 6.0): Monotonic Slope Extension

For towns with pH values below the range of the Schock nomograph, we extrapolate predicted lead

concentrations by extending the local slope of the fitted GAM at the lower pH boundary. This

approach preserves the monotonic increase in predicted lead concentrations as water becomes more

acidic, consistent with the theoretical chemistry of lead dissolution.

Specifically we:

1. Calculate the slope of the log predicted lead concentration between pH 6.0 and pH 6.1 for

the given alkalinity level.

2. Extend this slope linearly to the target pH value.

Formally:

log10(Pbtarget) = log10(Pb6.0) + Slope6.0 × (6.0− pHtarget) (2)

where
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Slope6.0 =
log10(Pb6.1)− log10(Pb6.0)

6.1− 6.0
. (3)

This rule ensures that towns with highly acidic water receive appropriately high predicted lead

concentrations while preserving the monotonic relationship implied by the underlying chemistry.

2.4.2 High Alkalinity (Alkalinity > 200 mg/L): Log-Linear Trend

For towns with alkalinity values above the range of the Schock nomograph, we extrapolate predicted

lead concentrations using the log-linear trend implied by the interior of the model. At high alka-

linity levels, carbonate buffering increasingly suppresses lead release but with diminishing returns,

implying a gradual decline in predicted lead concentrations.

Specifically we:

1. Calculate predicted lead concentrations at alkalinity levels of 100 and 200 mg/L for the

observed pH.

2. Estimate the slope of the decline in predicted lead concentrations in log-log space:

βslope =
log10(Pb200)− log10(Pb100)

log10(200)− log10(100)
. (4)

3. Apply a conservative lower bound to prevent unrealistically rapid declines in predicted con-

centrations:

βslope = max(βslope,−1.5).

4. Project predicted lead concentration to the target alkalinity level H:

log10(PbH) = log10(Pb200) + βslope
(
log10(H)− log10(200)

)
. (5)

The choice of the 100–200 mg/L baseline range anchors the extrapolation in the stable interior

of the model and avoids boundary artifacts from the spline fit. Sensitivity analyses using alternative

baseline ranges (150–200 and 120–200 mg/L) yield qualitatively similar results.

2.5 Classification of Towns into High and Low Leaching Environments

Using the GAM model and extrapolation rules described above, we compute predicted lead con-

centrations (in parts per billion) for each of the 971 towns in the analysis sample based on their

observed pH and hardness values.

Figure 7 displays the distribution of predicted lead concentrations across towns, plotting pre-

dicted lead (on a logarithmic scale) against water pH with points colored by hardness range. Pre-

dicted lead concentrations vary widely across municipalities, ranging from less than 10 ppb to more

than 1,000 ppb. Importantly, towns with similar pH values can have very different predicted lead
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concentrations depending on water hardness, underscoring the importance of accounting for both

chemistry parameters.

Primary Classification. The predicted concentrations reflect theoretical equilibrium solu-

bility under laboratory conditions [Schock, 1990], not direct measurements of lead in household

tap water. They are best interpreted as a ranking of towns by leaching potential rather than as

precise exposure levels. Actual lead dissolution in early twentieth-century water systems depended

on factors the model cannot capture, including pipe age, flow rates, temperature, and the condi-

tion of interior mineral scale. We therefore use the predicted values to classify towns into binary

leaching-risk categories rather than treating them as a continuous measure of dose. Our primary

specification defines high-leaching towns as those in the top quartile:

• High Leaching: predicted lead ≥ 75th percentile

• Low Leaching: predicted lead < 75th percentile

The 75th percentile threshold aligns closely with the pH ranges used in prior work. As illustrated

in Figure 7, all towns with strongly acidic water (pH < 6.5), which prior work would classify as

high-leaching environments based on pH alone, fall above the 75th percentile of predicted lead

concentrations. Conversely, towns with pH ≥ 7.2, which are typically treated as low-leaching

environments, all fall below this threshold. The predicted solubility model primarily differentiates

leaching potential within the intermediate pH range (6.5–7.2), where water hardness and buffering

capacity substantially influence lead release. The quartile-based cutoff preserves the conventional

pH-based classification while incorporating additional variation from water hardness to separate

towns in this ambiguous middle range. Towns requiring extrapolation in the previous section lie

well above or below this threshold and do not influence the classification boundary.
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Figure 7: Distribution of predicted lead concentrations across 971 towns as a function of water pH,
with points colored by hardness range. Predicted lead concentration is shown on a logarithmic scale.
Horizontal lines indicate the 75th percentile (primary threshold) and 50th percentile (robustness
threshold) of predicted lead concentrations. Substantial variation in predicted lead exists even
among towns with similar pH, reflecting the importance of water hardness in determining lead
leaching potential.

3 Variable Construction and Measurement

3.1 Lead Exposure Variables

Our primary independent variables measure childhood exposure to waterborne lead arising from

the interaction between municipal water infrastructure and local water chemistry. Lead exposure

occurs when water flows through lead service pipes and chemically leaches lead into drinking water.

We therefore construct exposure measures based on both pipe material and the chemical conditions

governing lead leaching.

Pipe Material Types. Using historical engineering reports and municipal records described

in Section 1.2, towns are classified as: (i) Pure Lead, where lead was reported as the pipe material

in use; (ii) Mixed Lead, where both lead and non-lead materials were reported; and (iii) Non-Lead,

where no lead pipes were reported.

Leaching Risk Levels. We classify towns according to their predicted lead leaching potential

based on water chemistry variables described in Section 2.5. Towns are classified as High Leaching

Risk if predicted lead concentration lies at or above the 75th percentile of the distribution, and

Low Leaching Risk otherwise.

Exposure Categories. Our empirical specifications interact pipe material type with predicted

leaching risk to construct six exposure categories, shown in Table 1. These categories capture varia-
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tion in both the presence of lead infrastructure and the chemical conditions governing lead leaching.

Historical evidence suggests that pipe material choices were made largely without reference to the

underlying water chemistry, making the interaction of these two dimensions a natural way to char-

acterize predicted lead exposure across towns.

Table 1: Exposure Categories by Pipe Material and Predicted Leaching Risk (Number of Towns)

Predicted Leaching Risk

Low High

P
ip
e

M
a
te
ri
a
l Non-Lead Non-Lead × Low Risk (336) Non-Lead × High Risk (125)

Mixed Lead Mixed Lead × Low Risk (218) Mixed Lead × High Risk (63)

Pure Lead Pure Lead × Low Risk (174) Pure Lead × High Risk (55)

3.2 Outcome Variables

Outcome variables are measured in the 1940 Census. Panel A of Table 2 reports summary statistics

for the 1940 outcome measures used in the analysis. These outcomes capture different dimensions

of adult labor market attainment, including earnings, annual work intensity, labor force status at

the time of enumeration, and occupation.

Wage and Salary Income. The 1940 Census asked respondents to report the total amount

of money wages or salary received during 1939. This measure includes earnings from wage and

salary employment, including commissions, but excludes self-employment income, business profits,

investment income, and other non-wage sources. Approximately 78.6% of men aged 20–50 in our

sample report positive wage and salary income.4

Weeks Worked, Unemployment, and Labor Force Participation. The 1940 Census

records labor market attachment using both annual information for 1939 and labor force status

during a specific reference week. Weeks worked refers to the number of equivalent full-time weeks

worked during 1939. This measure is not a simple count of calendar weeks with any work; re-

spondents who worked part-time during the year were instructed to convert their labor supply into

full-time-week equivalents and report the resulting total in whole weeks. We therefore interpret

weeks worked as a measure of annual labor supply during 1939, expressed in a common full-time

metric.

By contrast, unemployment and labor force participation are measured for the reference week

of March 24–30, 1940. We define an individual as unemployed if he was in the labor force during

that week but classified as seeking work rather than at work. We define an individual as in the

labor force if he was either working or seeking work during the reference week, and as out of the

4Income responses were top-coded at $5,000 in the original census schedule. For values above this threshold,
enumerators recorded “$5,000+” rather than the exact amount. Approximately 0.16% of observations are top-coded.
We exclude these observations from the wage and salary income analysis.
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labor force otherwise. These measures therefore capture short-run labor market status at the time

of enumeration rather than annual work activity during 1939.

Occupation. The 1940 Census reports an individual’s current occupation if he was working

at the time of enumeration and his most recent occupation if he was unemployed. We use the

harmonized 1950 occupation codes provided by IPUMS, which classify respondents into 223 detailed

occupation categories in our analytical sample. For our occupational sorting analysis, we collapse

these detailed occupations into two broad tiers: lower-tier occupations (those with below median

occupation-level earnings) and upper-tier occupations (those with above median occupation-level

earnings).

Table 2: Individual Summary Statistics

(1) (2) (3) (4) (5)

Mean SD Min Max Count

Panel A: 1940 Census

Wage and Salary Income 1139.479 1016.441 0 5,000 5,896,429

Weeks Worked in Prior Year 40.102 18.021 0 52 6,006,388

Not in Labor Force 0.050 0.218 0 1 6,006,388

Unemployed 0.095 0.293 0 1 5,706,425

Below Median Wage Occup. 0.391 0.488 0 1 5,675,407

Completed Years of Education 11.397 3.192 0 21 6,113,616

Panel B: Census Characteristics at Initial Observation

Age at Exposure 4.470 2.957 0 10 6,229,412

In School (Age>5) 0.851 0.356 0 1 2,408,203

Non-White 0.037 0.188 0 1 6,229,412

Number of Siblings 2.427 1.965 0 9 6,229,412

Male Head of HH 0.954 0.209 0 1 6,229,412

Father Immigrant 0.409 0.492 0 1 6,229,412

Mother Immigrant 0.378 0.485 0 1 6,229,412

Family Rents 0.675 0.469 0 1 6,229,412

Family Owns with Mortgage 0.191 0.393 0 1 6,229,412

In Group Quarters 0.004 0.063 0 1 6,229,412

Parents Married 0.949 0.219 0 1 6,229,412

Not in Metro 0.221 0.415 0 1 6,229,412

In Central City 0.654 0.476 0 1 6,229,412

HH Head Occup. Income Score 25.064 12.470 0 80 6,229,412

Fathers Income Rank 61.517 20.504 1 100 5,507,555

Notes: Panel A reports variables measured in the 1940 complete-count census. Panel B reports characteristics measured at the
individual’s initial childhood observation in the 1900, 1910, or 1920 complete-count census.

3.3 Control Variables

Our empirical specifications include controls for town characteristics, industry composition, and

individual and household attributes so that comparisons are made across towns with similar struc-

tural and socioeconomic environments during childhood.
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Town-Level Controls

Region Fixed Effects. We include fixed effects for seven Census regions based on IPUMS regional

classifications. The standard IPUMS classification includes nine regions; we collapse two regions

to ensure sufficient variation across treatment groups within each region.

Town Population Fixed Effects. We control for town size using seven fixed effects based on

1900 population:

• Bin 1: Population < 2,500

• Bin 2: 2,500 to 10,000

• Bin 3: 10,000 to 25,000

• Bin 4: 25,000 to 50,000

• Bin 5: 50,000 to 100,000

• Bin 6: 100,000 to 250,000

• Bin 7: 250,000+ (includes all New York City boroughs)

Proximity to Metropolitan Areas. We include two controls for proximity to large cities,

since proximity affects both treatment probability and long-run economic outcomes. First, we

include an indicator for whether the town was a secondary location within a larger water system.

Second, we calculate the distance from each town to the nearest metropolitan city and assign towns

to five distance-bin fixed effects: distance = 0 (the town is itself metropolitan), 0–25th percentile,

25th–50th percentile, 50th–75th percentile, and above the 75th percentile. Percentiles are calculated

using the distribution of non-zero distances.

Water System Controls. Pipe classifications for 74 of the 971 towns in the analysis sample

are based on modern lead service line inventories rather than the Baker Manual (see Section 1). We

include an indicator variable for towns with this modern-inventory assignment. Additionally, we

control for water source characteristics from USGS reports using a three-category fixed effect based

on water treatment status: raw (untreated) water chemistry reported (734 towns, 76%), finished

water not treated for acidity (205 towns, 21%), and water treated for acidity, primarily through

lime addition (32 towns, 3%). When raw water chemistry is available, we use those values directly;

the fixed effects absorb systematic differences in water treatment practices across towns.

Town Industry and Occupation Composition Controls

To account for differences in local economic structure, we construct town-level measures from

complete-count Census microdata during the childhood period.

Industry Employment Shares. For manufacturing, services, and farming, we create fixed

effects based on the share of the town’s workforce employed in each industry, using quartile bins:
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0–25%, 25–50%, 50–75%, and 75–100%. These controls ensure we compare towns with similar

industrial structures. Mining employment has a more skewed distribution, so we instead create

indicators for towns in the top 10% and top 5% of mining employment share.

Occupational Composition. We control for the share of workers in white collar occupations

using quartile bin fixed effects: 0–25%, 25–50%, 50–75%, and 75–100%. This accounts for differences

in skill composition across towns.

Home Ownership Rates. We control for home ownership rates using quartile bin fixed effects

based on the share of households owning their homes: 0–25%, 25–50%, 50–75%, and 75–100%.

Individual and Household Controls

We include detailed controls for individual, household, and parental characteristics measured when

individuals are children (ages 0–10).

Individual Characteristics. We control for race (white, black, other) and single-year-of-age

fixed effects.

Household Location. We include indicators for whether the household resides in the metropoli-

tan or urban portion of the town, as well as an indicator for group quarters residence (institutions

such as boarding schools, orphanages, or reformatories).

Household Head and Parent Characteristics. We control for sex of the household head,

marital status, parental immigration status (whether one or both parents were born outside the

United States), home ownership, and fixed effects for household head’s occupation using single-digit

occupation codes. These variables capture household socioeconomic status during childhood.

4 Validation of Research Design

4.1 Balance Tests

Our empirical strategy compares individuals exposed to lead through municipal water systems with

individuals whose local water systems did not generate meaningful lead leaching. A central concern

for this comparison is selection into the types of cities that adopted lead service pipes. If towns

that installed lead plumbing differed systematically in economic conditions, demographics, or other

determinants of children’s long-run outcomes, estimated effects could reflect these confounding

differences rather than the causal impact of lead exposure.

Historical evidence suggests that health considerations played little role in pipe material selec-

tion during the period we study. Instead, the adoption of lead service pipes was primarily driven

by engineering convenience and the broader development of municipal water infrastructure. En-

gineers widely favored lead pipes for service connections because they were flexible, durable, and

relatively easy to install and maintain in dense urban environments [Troesken, 2006, 2008]. At the

same time, the prevailing engineering view, the ”Doctrine of Protective Power”, held that mineral

coatings would rapidly form inside lead pipes, preventing sustained leaching into drinking water.

Although the doctrine acknowledged that corrosive water could increase lead dissolution, engineers
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generally assumed these protective coatings would form quickly and eliminate any risk [Troesken,

2006]. As a result, municipal planners typically selected pipe materials based on engineering and

infrastructure considerations rather than detailed assessments of local water chemistry.

Prior research confirms that the primary predictors of lead pipe adoption were city size and

wealth rather than health concerns or environmental conditions. Both Clay et al. [2014] and

Feigenbaum and Muller [2016] show that larger and more economically developed municipalities

were substantially more likely to adopt lead plumbing as they built out municipal water systems.

This pattern is also evident in our data. Table 3 presents baseline town characteristics measured

in the 1900 Census for towns with Pure Lead, Mixed Lead, and Non-Lead pipes. Columns (1)–(3)

report raw means and standard deviations for each pipe type, columns (4)–(5) present unconditional

differences relative to Non-Lead towns, and columns (6)–(7) report conditional differences after

controlling for the set of city level traits we discuss in Section 3.

The unconditional comparisons reveal large differences across pipe types. Pure Lead towns

are substantially larger (mean population 45,600 compared to 13,100 for Non-Lead towns), more

urbanized (76% versus 65%), located closer to major metropolitan areas, and exhibit greater in-

dustrial employment. These towns also have higher median occupational income scores and lower

home ownership rates. These patterns closely mirror historical accounts of municipal water system

development: larger and more industrialized cities tended to build water infrastructure earlier and

were more likely to install lead service pipes [Troesken, 2008, Clay et al., 2014].

Columns (6)–(7) present comparisons across towns after conditioning on the factors that prior

research identifies as central to lead pipe adoption. In particular, we compare towns within similar

structural environments by controlling for region, town population bins, proximity to metropolitan

areas, and the industrial composition of the local economy (see Section 3). Once towns are compared

within these environments, all observable differences across pipe types become small and statistically

insignificant.

Importantly, these historical adoption patterns also imply that any remaining endogeneity in

pipe material choice is likely to bias estimated lead effects toward zero. Because larger and more

economically developed cities were more likely to adopt lead pipes, children growing up in these

cities would plausibly have experienced better labor market outcomes even in the absence of lead

exposure. Simple comparisons across pipe types would therefore tend to attenuate the estimated

negative effects of lead exposure.

Individual-Level Balance. Table 4 examines balance in household characteristics measured

during childhood (ages 0–10), comparing individuals who grew up in Pure Lead, Mixed Lead, and

Non-Lead towns. Columns (1)–(3) report mean characteristics by pipe type, while columns (4)–(5)

report IPW-weighted differences conditional on the same set of structural town characteristics used

in the town-level balance tests. The IPW weights are identical to those used in the primary analysis

and correct for differential selection in to the linked sample, ensuring that this balance assessment

reflects the same effective sample as the outcome regressions.

The economically important measures of childhood socioeconomic status are balanced across
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pipe types. Father’s income rank, family homeownership, immigration background, and literacy

show no significant differences between Pure Lead and Non-Lead towns. Occupational income score

is not significantly different in the IPW-weighted specification.

A few smaller differences emerge. Pure Lead towns have slightly more children per household

(coefficient of 0.092, significant at 1%) and a slightly lower share of white-collar fathers (coefficient

of −0.011, significant at 5%), though both differences are small in magnitude relative to their un-

derlying distributions. Importantly, these variables, along with all other household characteristics

in the table, are included as covariates in the main regression specifications. Any residual imbal-

ance correlated with pipe type but unrelated to leaching risk would affect outcomes in lead-pipe

towns regardless of local water chemistry. That the estimated effects are concentrated where water

chemistry promotes lead dissolution, and that water chemistry variation has no effect on outcomes

in Non-Lead towns, indicates that confounds correlated with pipe adoption are not driving the

results.

Taken together, the balance tests show that the critical SES indicators are not systematically

related to pipe type once structural town characteristics are controlled, and any remaining small

differences are absorbed by covariate adjustment.
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Table 4: Differences in Household Head Characteristics by Pipe Type

Town Conditional Differences

(1) (2) (3) (4) (5)

Pure Lead Mixed Lead Non–Lead PL-NL ML-NL

Male HH Head 0.958 0.954 0.949 -0.004** -0.005**

(0.202) (0.209) (0.219) [0.002] [0.002]

White 0.976 0.962 0.943 -0.005 -0.019*

(0.152) (0.192) (0.232) [0.009] [0.011]

Father Immig. 0.444 0.439 0.296 0.011 -0.005

(0.497) (0.496) (0.457) [0.020] [0.017]

Mother Immig. 0.408 0.408 0.273 0.008 -0.001

(0.491) (0.491) (0.446) [0.019] [0.016]

Number of Children 2.465 2.392 2.425 0.093*** -0.013

(1.975) (1.940) (1.990) [0.033] [0.030]

White Collar Job 0.240 0.255 0.246 -0.011** -0.005

(0.427) (0.436) (0.431) [0.005] [0.005]

Literate 0.953 0.946 0.948 -0.003 -0.001

(0.212) (0.227) (0.222) [0.004] [0.004]

Occ. Income Score 27.871 27.971 27.369 -0.098 0.128

(9.510) (9.763) (10.419) [0.117] [0.132]

Fathers Income Rank 62.059 62.368 59.147 -0.275 -0.274

(19.929) (20.016) (22.041) [0.474] [0.525]

Family Owns Home 0.321 0.285 0.386 -0.007 -0.004

(0.467) (0.452) (0.487) [0.009] [0.007]

In Group Quarters 0.004 0.004 0.005 -0.000 0.000

(0.062) (0.062) (0.068) [0.001] [0.001]

Observations 2,387,381 2,453,813 1,388,218 6,229,412 6,229,412

Notes: Columns (1)–(3) report unconditional means and standard deviations for individuals who grew up in Pure Lead, Mixed
Lead, and Non-Lead towns, respectively. All variables are measured at the time of the childhood census record (1900, 1910,
or 1920). Columns (4)–(5) report IPW-weighted conditional differences (Pure Lead minus Non-Lead; Mixed Lead minus Non-
Lead), estimated by regressing each characteristic on pipe-type indicators while absorbing the town-level categorical fixed effects
described in Section 3. IPW weights are identical to those used in the primary analysis and correct for differential selection
into the linked sample. Significance levels are denoted by * p < 0.10, ** p < 0.05, *** p < 0.01.
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Water Chemistry Balance and Independence from Pipe Type. A central feature of

our research design is that the chemical conditions governing lead leaching are independent of the

infrastructure choices that determine pipe materials. While larger and more industrialized cities

were more likely to install lead service pipes, historical evidence indicates that municipal engineers

did not systematically consider water chemistry when selecting pipe materials. As a result, the

chemical conditions that determine lead leaching vary largely independently of pipe adoption.

Figure 8 provides confirmation of this independence. The figure presents kernel density plots

for pH and predicted lead concentration, with separate distributions shown for Pure Lead (red),

Mixed Lead (blue), and Non-Lead (gray) towns. The left column displays raw distributions, while

the right column shows residualized distributions after conditioning on town-level characteristics

described in Section 3.

The pH distributions overlap closely across pipe types. Kolmogorov–Smirnov tests fail to reject

equality of the pH distributions for Pure Lead versus Non-Lead towns (p = 0.299), while Mixed

Lead versus Non-Lead towns show a marginal difference (p = 0.015). After conditioning on the town

characteristics used in our empirical specifications, the distributions become even more similar: the

p-values rise to 0.264 for Pure Lead versus Non-Lead and 0.375 for Mixed Lead versus Non-Lead.

Visually, the kernel density plots display substantial overlap across all pipe types both before and

after conditioning.

A similar pattern emerges for predicted lead concentration, the measure summarizing predicted

lead leaching potential. The raw distributions show no difference for Pure Lead versus Non-Lead

towns (p = 0.593) and a marginal difference for Mixed Lead versus Non-Lead towns (p = 0.0496).

After conditioning on town characteristics, however, the distributions become statistically indis-

tinguishable: the Kolmogorov–Smirnov p-values rise to 0.946 and 0.263 respectively. These results

indicate that any small differences in water chemistry across pipe types are explained by observable

town characteristics and disappear once towns are compared within similar structural environments.

This independence plays a critical role in our identification strategy. Lead exposure in drinking

water arises only when lead service pipes interact with corrosive water chemistry. Because pipe

adoption and water chemistry vary independently across towns, the interaction between pipe in-

frastructure and local chemical conditions generates variation in lead exposure that is plausibly

exogenous to other determinants of long-run outcomes.
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Figure 8: Water Chemistry Density Plot
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Notes. Distribution of water chemistry characteristics by pipe type. Left panels show raw distributions; right panels
show distributions of residuals after conditioning on town-level characteristics discussed in Section 3. Kernel density
plots are shown for Pure Lead (red), Mixed Lead (blue), and Non-Lead (gray) towns. Kolmogorov-Smirnov test
p-values for equality of distributions are reported in each panel. Water chemistry distributions overlap substantially
across pipe types, particularly after conditioning on town size, confirming independence of pipe material choice and
water chemistry.
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5 Empirical Specifications

5.1 Main Specification: Labor Market Outcomes

Our main empirical specification estimates the effect of childhood exposure to waterborne lead,

determined by the interaction between pipe material type and water chemistry, on adult labor

market outcomes. In the main paper, Figure 2 reports coefficient plots for four outcomes: log wage

and salary income, weeks worked, unemployment, and labor force participation. In the appendix,

we present the underlying regression results and supplementary estimates that compare within pipe

type across leaching risk environments, which more directly reflects the identifying variation in the

design.

We estimate the following specification:

Yic =β1LowLRc + β2PureLeadc × LowLRc + β3PureLeadc ×HighLRc

+ β4MixLeadc × LowLRc + β5MixLeadc ×HighLRc

+X ′
iγ + Z ′

cθ + αr + εic, (6)

where Yic is the adult labor market outcome for individual i who grew up in town c. LowLRc is a

binary variable indicating if the water chemistry environment is low leaching risk, while HighLRc is

a binary variable indicating if the water chemistry is a high leaching risk environment. PureLeadc

indicates if pure lead pipes are used and MixLeadc indicates if lead was one of the types of mate-

rials used in the pipes. Xi denotes individual and household controls measured during childhood,

including single-year age fixed effects in 1940, race, household location (urban or metropolitan),

group quarters residence, household head characteristics (sex, marital status, parental immigration

status, and home ownership), and household head occupation. The vector Zc includes town-level

controls measured during childhood, including population bins, proximity to metropolitan areas,

water system controls, local industrial composition, occupational composition, and home ownership

rates. Region fixed effects, αr, absorb broad differences across childhood Census regions. These

controls are discussed at length in Section 3. Standard errors are clustered at the pipe district level

(824 clusters), which groups towns sharing a common water system, to account for correlation in

outcomes among individuals exposed to the same local water infrastructure and chemistry.

The omitted category in equation 6 is Non-Lead towns in High Leaching Risk environments.

The coefficient β1 captures the difference between Non-Lead towns in low- versus high-leaching

environments. Because Non-Lead towns contain no lead infrastructure, β1 near zero indicates that

water chemistry does not independently affect labor market outcomes in the absence of lead pipes,

providing a placebo test for the chemistry channel. Because β1 enters as a main effect for all Low

Leaching Risk towns, the coefficients β2 and β4 measure the effect of lead pipes within Low LR

environments relative to Non-Lead × Low LR, while β3 and β5 measure the effect of lead pipes

within High LR environments relative to the omitted Non-Lead × High LR group. Each lead-pipe
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coefficient therefore reflects a within-leaching-environment comparison between lead and non-lead

towns.

The coefficients from equation 6 can be interpreted in two complementary ways. First, they

describe differences across pipe types within a given chemical environment, which is the specifica-

tion used in the main paper coefficient plots. These comparisons are straightforward to visualize

because all coefficients are reported relative to a common omitted category. Second, the same spec-

ification yields differences across leaching environments within a given pipe type through linear

combinations of the estimated coefficients. These within-pipe chemistry contrasts more directly

reflect the identification strategy, since water chemistry provides plausibly exogenous variation in

lead exposure conditional on pipe type.

Table 5 presents the regression results in these two forms. Panel A reports the coefficients

directly from equation 6, corresponding to the specification used in the main-paper coefficient

plots. Panel B reports the within-pipe-type chemistry contrasts, computed as β2 − β3 for Pure

Lead towns and β4 − β5 for Mixed Lead towns. These contrasts indicate that the differences

observed across towns are driven by elevated leaching risk within pure lead towns, providing direct

empirical support for the role of water chemistry in generating the labor market penalties.

5.2 Occupational Sorting: Two-Tier Analysis

Figure 3, Panel A in the main paper examines whether childhood lead exposure affects occupational

sorting by changing the probability that individuals work in lower-tier occupations in adulthood.

Lower-tier occupations are defined as those with median earnings below the overall occupation-level

median in 1940.

We estimate the same specification as in equation 6, but replace the dependent variable with

an indicator for employment in a lower-tier occupation. Formally, we estimate

1[LowerTier]ic = β1LowLRc + β2 (PureLeadc × LowLRc) + β3 (PureLeadc ×HighLRc)

+ β4 (MixLeadc × LowLRc) + β5 (MixLeadc ×HighLRc) +X ′
iγ + Z ′

cθ + αr + εic,

(7)

The coefficients are interpreted in the same way as in the main labor market specification.

For example, β3 captures the difference in the probability of working in a lower-tier occupation

for individuals from Pure Lead × High Leaching Risk towns relative to the omitted category of

Non-Lead × High Leaching Risk towns. All control variables and fixed effects are identical to those

used in equation 6. All estimates are IPW weighted.

5.3 Within-Occupation Wage Effects

Figure 3 Panel B in the main paper examines whether the earnings penalty associated with child-

hood lead exposure persists after conditioning on occupational assignment, that is whether lead-
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Table 5: Lead and Labor Market Outcomes

(1) (2) (3) (4)

Ln(Income) Weeks Worked Not in Labor Force Unemployed | LFP=1

Panel A: Weighted by Baseline IPW

Low Leaching Risk 0.003 0.177 -0.004 0.002

(0.015) (0.265) (0.005) (0.003)

Pure Lead × Low LR -0.012 0.206 -0.001 -0.001

(0.012) (0.163) (0.001) (0.003)

Pure Lead × High LR -0.047*** -0.671** -0.002 0.011***

(0.016) (0.265) (0.004) (0.004)

Mix Lead × Low LR 0.004 0.145 0.001 -0.001

(0.013) (0.153) (0.001) (0.003)

Mix Lead × High LR -0.000 0.293 -0.004 0.002

(0.016) (0.278) (0.004) (0.003)

Observations 4,896,348 6,006,388 6,006,388 5,706,425

Adj. R-squared 0.222 0.047 0.006 0.026

Non-Lead Mean 974.503 40.460 0.052 0.082

Panel B: Difference Within Pipe Type and Across Chemistry Categories

Ln(Income) Weeks Worked Not in Labor Force Unemployed | LFP=1

Pure Lead × High LR -0.036** -0.877*** -0.000 0.011***

(0.018) (0.306) (0.005) (0.004)

Mix Lead × High LR -0.005 0.148 -0.005 0.003

(0.020) (0.322) (0.005) (0.004)

N 4896348 6006388 6006388 5706425

Notes: Panel A reports IPW-weighted estimates from equation 6. Panel B reports within-pipe-type chemistry contrasts (High
LR minus Low LR) computed as linear combinations of Panel A coefficients. All estimates IPW weighted. Standard errors
clustered at the pipe district level. Significance levels are denoted by * p < 0.10, ** p < 0.05, *** p < 0.01.

exposed workers earn less than unexposed workers employed in the same occupation.

To isolate the wage component not explained by occupational sorting, we augment the main

wage specification with detailed occupation fixed effects. Formally, we estimate

Yic =β1LowLRc + β2PureLeadc × LowLRc + β3PureLeadc ×HighLRc

+ β4MixLeadc × LowLRc + β5MixLeadc ×HighLRc

+X ′
iγ + Z ′

cθ + αr + δk(i) + εic, (8)

where Yic is log wage and salary income for individual i who grew up in town c. The addition

over equation 6 is δk(i) which denotes fixed effects for the detailed 1950-basis occupation code of

individual i. The occupation fixed effects absorb mean wage differences across job categories, so the

lead exposure coefficients are identified from within-occupation variation in wages across individuals

from towns with different pipe materials and water chemistry. The coefficient β3 therefore captures
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the average wage penalty for men from Pure Lead × High Leaching Risk towns relative to those

from Non-Lead × High Leaching Risk towns, holding occupation fixed. The vectors Xi, Zc, and

region fixed effects αr are identical to those in equation 6. Standard errors are clustered at the

pipe district level. All estimates are IPW weighted.

Because occupational placement is itself affected by lead exposure, conditioning on occupation

introduces sample selection: among workers in a given occupation, the lead-exposed group excludes

men displaced into lower-tier occupations by lead and retains those who achieved that occupation

despite exposure. The within-occupation coefficient should therefore be interpreted descriptively,

as evidence that the earnings penalty is not fully accounted for by occupational sorting, rather than

as a clean causal estimate of a distinct channel operating on valued worker attributes in isolation.

Panel B of Figure 3 in the main paper shows that the wage penalty does not disappear after

conditioning on detailed occupation. Among men in the same occupation, those who grew up

in Pure Lead × High Leaching Risk towns earn 2.6% less than those from Non-Lead × High

Leaching Risk towns (p < 0.05). The within-occupation penalty is larger in High Leaching Risk

environments than in Low Leaching Risk environments for Pure Lead towns, consistent with the

chemistry channel operating on valued worker attributes as well as occupational sorting. The Non-

Lead chemistry contrast (β1) remains near zero, confirming that water chemistry does not affect

within-occupation wages in the absence of lead pipes. These results indicate that the earnings

consequences of childhood lead exposure extend beyond occupational sorting: even conditional

on working in the same occupation, men raised in environments with greater lead leaching earn

measurably less.

Table 6: Occupation Sorting and Within-Occupation Wages

(1) (2)

Below Median Occup. Ln(Income)

Low Leaching Risk 0.004 0.013

(0.006) (0.011)

Pure Lead 0.005 -0.015

(0.005) (0.010)

Mix Lead 0.001 -0.002

(0.004) (0.011)

Pure Lead × High LR 0.015* -0.011

(0.008) (0.015)

Mix Lead × High LR -0.007 0.001

(0.008) (0.016)

Observations 5,675,407 4,896,348

Adj. R-squared 0.115 0.360

Non-Lead Mean 0.414 974.503

Notes: Table reports IPW-weighted estimates from equation 6 within-pipe-type chemistry contrasts (High LR minus Low LR)
computed as linear combinations of coefficients. Standard errors clustered at the pipe district level. Significance levels are
denoted by * p < 0.10, ** p < 0.05, *** p < 0.01.
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5.4 Childhood SES and Adult Earnings Across Exposure Environments

The main labor market results document average earnings penalties from childhood lead exposure.

A natural question is whether these penalties vary by childhood socioeconomic status, and in

particular whether families with greater economic resources could partially shield their children

from the consequences of exposure.

Measuring Childhood Socioeconomic Status. We proxy for childhood socioeconomic

status using the father’s predicted income rank when the individual was ages 0–10. Because the

Census did not collect individual income data before 1940, we follow the approach developed in

the recent intergenerational mobility literature [Abramitzky et al., 2021, Collins and Wanamaker,

2022, Ward, 2023, Buckles et al., 2023b] and predict father’s income from observable characteristics

recorded in the childhood census.

Following the methodology in Abramitzky et al. [2021] and Collins and Wanamaker [2022], we

use the 1940 full-count Census, the first to report wage and salary income, to regress log earnings

on father’s detailed 1950-basis occupation code, a quadratic in age, state × race interactions, metro

× race interactions, and occupation × region interactions. We then apply this model to predict

income for fathers observed in the 1900, 1910, and 1920 Censuses based on their occupation, age,

state, race, and metropolitan status. This approach captures geographic and demographic variation

in the returns to a given occupation, rather than assigning a single national income value to all

workers in the same job. We additionally adjust predicted values for self-employment and farming

income using occupation × class-of-worker scalars constructed from the 1960 5% sample, following

Collins and Wanamaker [2022]. Our primary measure uses the version that adjusts for both self-

employment and local labor market conditions.

Fathers are then ranked within the full-count Census distribution in their respective census wave

(1900, 1910, or 1920) on a 0–100 percentile scale and divided into quartiles, where Q1 represents

the lowest 25% and Q4 the highest 25%. This rank-based approach is standard in the historical

mobility literature and is less sensitive to changes in the shape of the income distribution over

time than level-based measures [Collins and Wanamaker, 2022, Ward, 2023]. We use a single

observation of father’s occupation from the earliest linked census rather than averaging across

multiple observations. Ward [2023] shows that averaging reduces classical measurement error and

improves estimates of permanent income. Our interest, however, is in the household’s economic

position during the period of childhood lead exposure, not in a permanent income measure. The

single-observation rank better reflects the resources available to the family at the time of exposure,

which is the relevant margin for assessing whether household circumstances could buffer against

lead’s developmental effects. Because the predicted income values are based on occupation ×
geography × demographic cells rather than individual earnings, fathers in the same occupation,

state, and demographic group receive the same predicted value. The quartile classification therefore

captures broad differences in household economic standing rather than fine-grained individual-level

variation.

Empirical Specification. To examine how the earnings penalty varies across the SES dis-
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tribution, we extend the main specification by interacting the full set of pipe type × leaching-risk

categories with indicators for father’s income quartile. The quartile index runs from q = 1 to q = 4,

with a single omitted category of Non-Lead × High Leaching Risk × Q1. Every coefficient therefore

measures earnings relative to that common baseline, allowing direct comparisons of both levels and

gradients across all six town types:

Yic =

4∑
q=1

ϕ1q NonLeadc × LowLRc × 1[Qi = q] +

4∑
q=2

ϕ2q NonLeadc ×HighLRc × 1[Qi = q]

+

4∑
q=1

ϕ3q PureLeadc × LowLRc × 1[Qi = q] +

4∑
q=1

ϕ4q PureLeadc ×HighLRc × 1[Qi = q]

+

4∑
q=1

ϕ5q MixLeadc × LowLRc × 1[Qi = q] +
4∑

q=1

ϕ6q MixLeadc ×HighLRc × 1[Qi = q]

+X ′
iγ + Z ′

cθ + αr + εic, (9)

where 1[Qi = q] indicates father’s income quartile, and the summation for the Non-Lead × High

Leaching Risk group begins at q = 2 because the q = 1 cell is the omitted category. The vectors

Xi, Zc, and αr are identical to those in equation 6. Each group’s Q1 indicator enters as an explicit

regressor (except the omitted cell), so the level of Q1 earnings varies freely across town types.

Because all 23 included cells are measured against a common baseline, the specification reveals

both how earnings levels differ across town types at each quartile and how the SES gradient (the

slope from Q1 to Q4) varies with pipe material and water chemistry.

Figure 9 displays the results from equation (9). Panels (A) and (B) show earnings levels at

each father-income quartile for all three pipe types, separately for High and Low Leaching Risk

environments. Panel (C) plots the within-pipe-type chemistry contrast: the difference in earnings

between High and Low Leaching Risk environments at each quartile, holding pipe type fixed.

In High Leaching Risk environments (Panel A), the three pipe types start at comparable Q1

earnings levels, confirming that the baseline is similar after conditioning on town characteristics.

The Non-Lead gradient then rises sharply: Q4 sons earn 10% more than Q1 sons (p < 0.01). The

Pure Lead gradient is compressed: Q2 and Q3 sons show no earnings advantage over Q1, and Q4

sons earn only 4% more (p < 0.05). Mixed Lead towns fall between the two, consistent with partial

pipe coverage.

In Low Leaching Risk environments (Panel B), all three pipe types show upward-sloping gradi-

ents of similar magnitude: Non-Lead Q4 = 11%, Pure Lead Q4 = 7%, Mixed Lead Q4 = 10% (all

p < 0.01). The parallel structure across pipe types when water chemistry does not promote leaching

confirms that lead infrastructure alone does not compress the SES gradient. The compression in

Panel (A) is specific to environments where chemistry promotes lead dissolution.

An important caveat applies to the across-pipe-type comparisons in Panels (A) and (B). The

quartile composition of father’s income rank differs across treatment cells. Lead pipe towns, which
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Figure 9: Earnings by Father’s Income Quartile Across Exposure Environments
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tend to be larger and more industrial, have fewer Q1 families: Q1 represents approximately 5%

of the Pure Lead × High Leaching Risk cell compared to 18% of the Non-Lead × High Leaching

Risk cell. “Bottom quartile” therefore describes a different population in lead vs. non-lead towns,

and cross-pipe-type comparisons at Q1 should be interpreted accordingly. This compositional

concern does not apply to Panel (C), which compares within the same pipe type across chemistry

environments: Q1 families in Pure Lead × High Leaching Risk towns and Q1 families in Pure Lead

× Low Leaching Risk towns are drawn from the same types of cities and face the same compositional

selection. The within-pipe-type chemistry contrast is therefore the more reliable basis for assessing

how lead exposure interacts with childhood SES.

Panel (C) isolates the chemistry effect within each pipe type. For Pure Lead towns, high-

leaching chemistry reduces earnings at Q2 (−4%, p < 0.01), Q3 (−5%, p < 0.01), and Q4 (−3%,

p < 0.01), with a small and insignificant penalty at Q1. The Non-Lead placebo is near zero at

every quartile, confirming that chemistry matters only in the presence of lead pipes. Mixed Lead

towns show a significant penalty at Q4 (−5%, p < 0.05) but no clear pattern at lower quartiles.

The concentration of Pure Lead penalties at Q2 and Q3 indicates that corrosive water chemistry

in lead-pipe cities harms sons from the broad middle of the SES distribution most severely, while

Q1 sons, who face the weakest intergenerational earnings transmission even absent lead exposure,

experience a smaller penalty.

The within-pipe-type chemistry contrast in Panel (C) applies the same identification logic as

the main labor market results: holding infrastructure fixed, variation in water chemistry generates

the earnings penalties. That this pattern extends across the SES distribution, compressing the

earnings gradient in lead-pipe cities with corrosive water but not in lead-pipe cities with protective

water chemistry, provides evidence that actual lead exposure, not city characteristics correlated

with pipe adoption, drives the observed compression of intergenerational earnings transmission.

6 Additional Results

6.1 Educational Attainment

The clinical literature documents that childhood lead exposure impairs cognitive development, re-

duces IQ, and lowers academic performance [Canfield et al., 2003, Bellinger et al., 1992, Needleman,

2004]. A natural question is whether these effects translate into reduced educational attainment in

our sample. We examine two margins: school attendance during childhood (ages 6–10, observed in

the 1900, 1910, or 1920 Census) and completed years of education (observed in the 1940 Census).

Why Additional Education Controls. Lead-pipe towns were the largest and wealthiest

cities in the sample, and these cities had substantially better school infrastructure than smaller

non-lead towns. The bottom row of Figure 10 illustrates this: unconditional attendance rates and

mean years of completed schooling are both higher in lead-pipe towns than in non-lead towns at

every age. Without additional controls for education supply, the regression would absorb the lead

chemistry penalty into this school-access advantage, potentially masking a true negative effect.

34



We therefore augment the baseline specification (equation 6) with three additional town-level

controls that capture local education supply and norms. First, a five-category fixed effect for

teachers per 100 children ages 6–20 (<1.5, 1.5–4, 4–6, 6–10, and 10+), measured from the childhood

census. Second, an eight-category fixed effect for the number of college faculty in the town (0, 1–

4, 5–10, 11–25, 26–50, 51–100, 101–200, and 200+), also from the childhood census. Third, for

the completed years of education specification, a five-category fixed effect for the average years of

schooling among rural residents in a 10–50 km ring around each town (<7, 7–8, 8–9, 9–10, and 10+

years), measured from the 1940 Census. This donut-ring measure captures the education norms of

the surrounding rural population, net of urban composition effects. The third control is omitted

from the childhood attendance specification because it is measured in 1940, after the attendance

outcome is observed.

Childhood School Attendance. Panel (A) of Figure 10 displays estimates of childhood school

attendance (an indicator for whether the child was reported as attending school in the childhood

census, restricted to ages 6–10). The primary treatment cell, Pure Lead × High Leaching Risk,

shows a negative and marginally significant effect: children in high-leaching lead-pipe towns were

2.3 percentage points less likely to be attending school (p = 0.065), a 2.8% decrease relative to the

baseline attendance rate of 83%. The Non-Lead chemistry contrast (β1) is near zero, confirming

that water chemistry does not affect attendance in the absence of lead pipes. Mixed Lead × High

Leaching Risk shows a smaller and insignificant effect (−1.0 pp), consistent with lower doses from

partial pipe coverage.5

Completed Years of Education. Panel (B) of Figure 10 displays estimates using completed

years of education in 1940 as the outcome. The primary treatment cell, Pure Lead × High Leaching

Risk, is near zero and statistically indistinguishable from the omitted group. The remaining cells

show no coherent pattern. Lead exposure through the water supply does not appear to have reduced

the quantity of schooling that affected cohorts ultimately completed.

Interpreting the Contrast. The pattern across panels of Figure 10 suggests that lead expo-

sure reduced school attendance during childhood but did not reduce completed years of education

by adulthood. Several features of the institutional environment during this period are consistent

with this pattern. Compulsory attendance laws, enacted and strengthened by states throughout

this period, required attendance until age 14–16 and were actively enforced in the urban, lead-

pipe cities where our treatment effects are concentrated [Clay et al., 2012, 2021, Goldin and Katz,

2008a]. The rapid expansion of secondary education during the High School Movement further

compressed educational attainment across the population, driven by local institutional investment

and community wealth rather than individual cognitive capacity [Goldin, 1998, Goldin and Katz,

2008b]. These institutional forces may have pushed lead-affected children through the schooling

5The attendance variable is drawn from the childhood census (1900, 1910, or 1920), and the definition of school
attendance varies across waves. In 1900, the reference period was the past 12 months; in 1910, approximately 7.5
months (since September 1); and in 1920, approximately 4 months. The shorter reference period in 1920 would tend
to understate attendance gaps, since children who attended school earlier in the fall but withdrew by January would
still be counted as attending. Birth cohort fixed effects absorb level differences across census waves.
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system despite lower attendance rates during the early grades.

An alternative possibility is that the attendance gap reflects measurement rather than behavior.

The childhood attendance variable captures a point-in-time snapshot from the census enumeration,

while completed years of education reflects cumulative attainment over two decades. A child who

was temporarily absent at the time of enumeration, whether due to illness, seasonal labor, or other

disruption, would appear as not attending without experiencing any reduction in lifetime schooling.

We cannot distinguish chronic absence from temporary disruption in these data.

Regardless of the explanation, the contrast between the two panels bears on the interpretation

of the main labor market results. The null result on completed years of education does not rule out

differences in the quality of learning during the same reported years of schooling, but it indicates

that the earnings penalty is not explained by differences in reported educational attainment. The

labor market effects of childhood lead exposure in this setting are consistent with evidence linking

lead to reduced cognitive functioning [Needleman, 2004, Bellinger, 2004] and behavioral problems

that persist into adulthood [Billings and Schnepel, 2018, Reyes, 2015, Gazze et al., 2024].

Figure 10: Lead Exposure and Education
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In School (Age>5)

(a) School Attendance, Ages 6–10
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Mix Lead × Low LR

Mix Lead × High LR

-.2 -.1 0 .1 .2
Years of Education

(b) Completed Years of Education

Notes. Coefficient estimates and 90% confidence intervals from equation (6) augmented with education supply
controls. Panel (A) uses an indicator for school attendance during childhood (ages 6–10, observed in the 1900, 1910,
or 1920 Census). Panel (B) uses completed years of education measured in the 1940 Census. Standard errors clustered
at the pipe district level. Omitted category: Non-Lead × High Leaching Risk. * p < 0.10, ** p < 0.05, *** p < 0.01.

6.2 Differences by Race

In the linked sample, nonwhite men are sparsely represented. In the primary group of interest

(Pure Lead × High LR), only 1 of 55 towns has any linked nonwhite residents, and nonwhite

men comprise 2.6% of that cell in the raw linked sample. IPW weights correct for differential

Census linkage rates at the individual level based on observable characteristics, but their capacity

to remedy sparseness is limited when so few nonwhite individuals were successfully linked in these

towns in the first place. The near-absence of nonwhite men in the linked treatment cell reflects

the limits of the linked sample rather than a structural zero in the underlying population. Race

heterogeneity analysis is not feasible in this setting: there is insufficient linked data in the relevant
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cells to estimate differential treatment effects by race, regardless of the weighting scheme applied.

6.3 Back-of-Envelope Cost Calculation

To illustrate the economic magnitude of the estimated effects, we combine the wage and unemploy-

ment results into a per-person measure of annual earnings losses. Because the log wage specification

conditions on positive earnings, the 4.7% wage penalty and the 1.1 percentage point unemployment

effect capture separate margins: the intensive margin (lower wages when working) and the extensive

margin (higher probability of earning nothing in a given year). Expected annual earnings combine

these two channels:

E[earnings] = Pr(employed)× E[wage | employed] (10)

We present calculations using two baseline populations and two treatment effect estimates,

yielding a range of per-person costs. For the baseline, we use either the Non-Lead town means (W =

$974.50; unemployment rate = 8.2%), which represent the counterfactual for the omitted category,

or the full sample means (W = $1,139.48; unemployment rate = 9.5%). For the treatment effect,

we use either the across-pipe-type estimate (−4.7% wage penalty) or the more tightly identified

within-pipe-type chemistry contrast (−3.6%). Table 7 reports the resulting annual earnings losses

in both 1940 and 2026 dollars (CPI multiplier = 22.34).

Table 7: Annual Earnings Losses from Childhood Lead Exposure

Non-Lead Baseline Full Sample Baseline

1940 $ 2026 $ 1940 $ 2026 $

Across-pipe-type (−4.7%, +1.1pp) $52 $1,168 $60 $1,350
Within-pipe-type (−3.6%, +1.1pp) $43 $950 $49 $1,099

Notes. Each cell reports the annual expected earnings loss per exposed individual: E[earnings]baseline −
E[earnings]exposed, where expected earnings = Pr(employed)× E[wage | employed]. The across-pipe-type row applies
the Pure Lead × High Leaching Risk coefficients from the main specification (−4.7% wage penalty, +1.1 percent-
age point unemployment). The within-pipe-type row uses the chemistry contrast within Pure Lead towns (−3.6%,
+1.1pp). CPI adjustment uses Bureau of Labor Statistics CPI-U, 1940 to 2026 (×22.34).

The annual per-person earnings loss ranges from approximately $950 to $1,350 in 2026 dollars,

depending on the baseline and treatment effect estimate used. To scale these annual losses over a

working career, the relevant horizon depends on the persistence of the effect across the lifecycle.

Our sample observes men at ages 20–50; the estimates therefore reflect average effects across this

age range. If the penalty persists at similar magnitudes beyond age 50, cumulative losses over a

full working life would be correspondingly larger. Applying the annual losses over the 30-year win-

dow directly observed in our data yields cumulative per-person losses ranging from approximately

$28,500 to $40,500 in 2026 dollars.

Several features of this calculation make it conservative. The sample includes only men; women

are excluded because fewer than 20% report positive wage income in 1940. The estimates cap-

ture only waterborne lead from municipal pipes, excluding exposure from lead paint, occupational
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sources, or other environmental pathways. The calculation reflects earnings losses only, omitting

health costs, reduced life expectancy, and behavioral consequences documented in other studies.

The ITT design assigns treatment at the town level; individual-level exposure almost certainly

varied within towns, so the per-person cost for those with higher actual consumption of municipal

water would exceed these estimates. Finally, the calculation does not account for selective mortality

prior to 1940: if lead exposure increased childhood or early-adult mortality, the surviving sample is

positively selected and the estimated wage penalty understates the average effect across all exposed

individuals.

7 Robustness

7.1 Unweighted Results

To confirm that the IPW weights are not driving the main findings, Table 8 reproduces the main

specification (equation 6) without inverse probability weights. The pattern of results is qualitatively

similar to the IPW-weighted estimates, though some coefficients are slightly attenuated, consistent

with the unweighted sample over-representing groups with higher baseline linking rates.

Table 8: Lead and Labor Market Outcomes: Unweighted

(1) (2) (3) (4)

Ln(Income) Weeks Worked Not in Labor Force Unemployed | LFP=1

Low Leaching Risk 0.016 0.310 -0.002 -0.001

(0.016) (0.213) (0.003) (0.003)

Pure Lead × Low LR -0.012 0.260 -0.002 -0.001

(0.011) (0.168) (0.001) (0.003)

Pure Lead × High LR -0.040** -0.587** -0.000 0.009**

(0.017) (0.230) (0.002) (0.004)

Mix Lead × Low LR -0.002 0.178 0.001 -0.001

(0.013) (0.156) (0.001) (0.003)

Mix Lead × High LR 0.010 0.362 -0.002 0.001

(0.018) (0.237) (0.003) (0.004)

Observations 4,896,348 6,006,388 6,006,388 5,706,425

Adj. R-squared 0.204 0.052 0.005 0.029

Non-Lead Mean 974.503 40.460 0.052 0.082

Notes: Significance levels are denoted by * p < 0.10, ** p < 0.05, *** p < 0.01.

7.2 Alternative Chemistry Cutoffs

Robustness: Median Threshold. As a robustness check, we also estimate specifications using

the median (50th percentile) predicted lead concentration as the classification threshold. This

alternative rule divides towns into equal-sized High and Low leaching risk groups. Panel A of

Table 9 reports results using this median cutoff. Estimated effects are generally smaller and less
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precisely estimated than in the main specification, which defines high-leaching towns as those in

the top quartile of predicted lead concentrations. This attenuation is expected because the median

cutoff groups together towns with moderate and high predicted lead leaching potential, reducing the

contrast between treatment and comparison environments. Nevertheless, the signs of the estimated

coefficients remain broadly consistent with the main specification.

Alternative Classification: pH Only. Prior literature examining lead exposure from water

infrastructure has often classified towns based solely on water pH, without accounting for alkalinity

or hardness [Clay et al., 2014]. To facilitate comparison with this earlier work, we also estimate

specifications using a classification based only on water pH:

• High Leaching (pH only): pH < 6.5

• Medium Leaching (pH only): 6.5 ≤ pH < 7.2

• Low Leaching (pH only): pH ≥ 7.2

Panel B of Table 9 presents results using this pH-only classification. The largest effects appear

in towns with highly acidic water, where prior chemistry research predicts the greatest potential

for lead dissolution. However, the pH-only classification collapses substantial variation in buffering

capacity across towns with similar pH values. The predicted solubility model that incorporates

both pH and hardness therefore provides a more nuanced measure of lead leaching potential, cap-

turing variation in exposure within the intermediate pH range where water chemistry differences

meaningfully influence lead release.

7.3 State Fixed Effects

The main specification controls for seven Census region fixed effects. Within a given region, how-

ever, states differ in both the prevalence of lead pipe adoption and the distribution of water chem-

istry. Lead pipe infrastructure was more common in states with established foundry industries and

larger municipal water systems, and the geology governing water acidity and mineral content varies

across state boundaries even within the same Census region. If these state-level patterns in pipe

adoption or water chemistry correlate with state-specific labor market conditions or industrial com-

position, region fixed effects alone may not absorb the confound. To address this, we re-estimate

the main wage specification replacing region fixed effects with state fixed effects.

State fixed effects partial out the state mean, so the treatment coefficients reflect within-state

covariation between pipe type, chemistry, and wages. The between-state component of this varia-

tion, which may correlate with state-level labor market conditions or industrial structure, no longer

contributes to identification. Combined with the existing town-level controls for population, indus-

trial composition, and metropolitan proximity, the identifying variation is limited to towns within

the same state that differ in pipe type or chemistry but share similar structural characteristics.

Figure 11 reports the results. The Pure Lead × High Leaching Risk coefficient is −0.037

(p < 0.01), compared to −0.047 in the main specification, an attenuation of approximately 21%.
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Table 9: Lead and Labor Market Outcomes Across Alternative Chemical Property Cutoffs

(1) (2) (3) (4)

Ln(Income) Weeks Worked Not in Labor Force Unemployed | LFP=1

Panel A: Median Leaching Risk Cutoff

Low Leaching Risk 0.004 0.022 0.001 0.002

(0.014) (0.194) (0.003) (0.002)

Pure Lead × Low LR -0.018 0.055 -0.001 0.001

(0.015) (0.197) (0.002) (0.003)

Pure Lead × High LR -0.032*** -0.260 -0.002 0.005*

(0.012) (0.209) (0.002) (0.003)

Mix Lead × Low LR 0.012 0.131 0.001 -0.002

(0.015) (0.175) (0.001) (0.003)

Mix Lead × High LR -0.010 0.110 -0.000 0.003

(0.013) (0.191) (0.002) (0.003)

Observations 4,896,348 6,006,388 6,006,388 5,706,425

Adj. R-squared 0.222 0.047 0.006 0.026

Non-Lead Mean 974.503 40.460 0.052 0.082

Panel B: pH Acidity

Ln(Income) Weeks Worked Not in Labor Force Unemployed | LFP=1

Med. Acidity 0.002 -0.256 0.005 0.003

(0.019) (0.357) (0.005) (0.004)

Low Acidity 0.004 -0.049 0.002 0.003

(0.019) (0.299) (0.002) (0.004)

Pure Lead × High Acidity -0.050** -0.904** 0.003 0.015***

(0.021) (0.386) (0.003) (0.005)

Pure Lead × Med. Acidity -0.031** -0.165 -0.004 0.004

(0.015) (0.300) (0.004) (0.004)

Pure Lead × Low Acidity -0.016 0.077 -0.001 0.000

(0.013) (0.181) (0.002) (0.003)

Mix Lead × High Acidity 0.007 -0.095 0.002 0.010

(0.024) (0.507) (0.003) (0.007)

Mix Lead × Med. Acidity -0.015 0.027 -0.001 0.005

(0.015) (0.250) (0.004) (0.003)

Mix Lead × Low Acidity 0.010 0.235 0.001 -0.003

(0.015) (0.160) (0.001) (0.002)

Observations 4,896,348 6,006,388 6,006,388 5,706,425

Adj. R-squared 0.222 0.047 0.006 0.026

Non-Lead Mean 974.503 40.460 0.052 0.082

Notes: Table reproduces main specification, equation 6, using the median leaching risk cutoff in Panel A, and for pH Acidity
cut offs in Panel B on the main labor market outcomes of interest. Significance levels are denoted by * p < 0.10, ** p < 0.05,
*** p < 0.01.
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This reduction is consistent with some state-level factors being correlated with both lead adoption

patterns and labor market outcomes within regions. The estimate remains economically meaningful

and statistically significant. Pure Lead × Low Leaching Risk is −0.017 (p < 0.10), indicating that

lead pipes impose some wage penalty even in low-leaching environments once state-level hetero-

geneity is absorbed. The Non-Lead chemistry contrast (β1) remains near zero and insignificant,

confirming that water chemistry variation does not affect wages in the absence of lead pipes even

within these narrower within-state comparisons. Both Mixed Lead coefficients are near zero and

insignificant.

Figure 11: Replacing Region with State Fixed Effects
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Notes. Main wage specification with state fixed effects replacing region fixed effects. 90% confidence intervals.
Standard errors clustered at the pipe district level.

7.4 Excluding Finished Water and Modern Pipe Assignment

Two features of the data construction warrant direct sensitivity checks. First, water chemistry

measurements for 32 towns (3% of the sample) reflect finished (treated) water rather than raw

source water. Because water treatment, particularly lime addition, raises pH and increases alkalin-

ity, finished water measurements may understate the corrosiveness of the raw water that historically

entered lead service pipes. If treated-water towns are systematically misclassified into lower leach-

ing risk categories, the main estimates could be biased. Second, pipe material classifications for

74 towns come from modern lead service line inventories rather than the Baker Manual (see Sec-

tion 1.2). Although the classification rules are conservative, modern inventories may not perfectly

reflect historical pipe materials if lead lines were replaced at different rates across towns.

Figure 12 addresses both concerns. The left panel re-estimates the main specification after drop-

ping all towns with finished water chemistry measurements. The right panel drops towns classified

using modern LSL inventories. In both cases, the Pure Lead × High Leaching Risk coefficient is

−0.047 (p < 0.01), identical to the full-sample estimate. The remaining coefficients are also stable.
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These results confirm that neither the inclusion of treated-water chemistry measurements nor the

use of modern pipe inventories drives the main findings.

Figure 12: Excluding Finished Water Towns (left) and Modern Pipe Assignments (right)

-.047***

Low Leaching Risk

Pure Lead × Low LR

Pure Lead × High LR

Mix Lead × Low LR

Mix Lead × High LR

-.1 -.05 0 .05
Wage and Salary Income

-.047***

Low Leaching Risk

Pure Lead × Low LR

Pure Lead × High LR

Mix Lead × Low LR

Mix Lead × High LR

-.08 -.06 -.04 -.02 0 .02
Wage and Salary Income

Notes. Main wage specification excluding towns with finished (treated) water chemistry measurements (left panel)
and towns with pipe classifications from modern lead service line inventories (right panel). 90% confidence intervals.
Standard errors clustered at the pipe district level.

7.5 Leave-One-Out for Highest Exposure Locations

The Pure Lead × High Leaching Risk cell contains 55 towns organized into 50 pipe districts. If the

main result were driven by a single large or unusual pipe district, the finding would be less credible

as evidence of a general relationship between lead exposure and labor market outcomes. To assess

this, we sequentially drop each of the 50 pipe districts and re-estimate the main specification on

the remaining sample.

Figure 13 reports the distribution of the 50 leave-one-out coefficients. The estimates range

from −0.053 to −0.043, tightly clustered around the full-sample estimate of −0.047. No single pipe

district, when removed, shifts the coefficient by more than 0.006 log points in either direction. The

result is not driven by any individual location.
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Figure 13: Leave-One-Out: Pure Lead × High Leaching Risk Pipe Districts
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Notes. Distribution of Pure Lead × High Leaching Risk coefficients from 50 leave-one-out regressions, each dropping
one of the 50 pipe districts in the highest exposure cell. Red dashed line indicates the full-sample estimate (−0.047).
Main specification with IPW weights. Standard errors clustered at the pipe district level.
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