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ABSTRACT

!e purpose of this analysis is to examine the impact of two aspects of the Temporary 
Assistance for Needy Families (TANF) policy: sanctions for noncompliance with work 
requirements, and magnitude of the welfare bene"t. !e current debate questions 
whether welfare bene"ts reduce employment among their recipients, and whether strict 
work requirements for these programs are necessary. Over the last decade, several states 
made signi"cant changes to their TANF rules. !is study examines Colorado, which 
signi"cantly increased its maximum bene"ts over the span of one year, as well as Kansas, 
which strengthened its work requirements and sanctions. Synthetic controls and di#er-
ence-in-di#erences estimation take advantage of sudden policy changes in individual 
states, using them to create natural experiments. !is analysis suggests that increasing wel-
fare bene"ts reduces poverty but also reduces work participation, while increased sanctions 
appear to have no e#ect on poverty rates and an unclear e#ect on work participation.

THE IMPACT OF WELFARE POLICY SHIFTS ON POVERTY AND 
WORK RATES

Henry Watson

BACKGROUND
Work-Related Sanctions

Work requirements are a pressing issue shaping modern welfare policy, with 
governmental and nongovernmental actors debating the merit of applying those 
requirements to Medicaid and a!ordable housing programs.  A comprehensive analysis of 
past random assignment studies analyzing work requirements by the left-leaning Center on 
Budget and Policy Priorities found that, overall, work requirements did not result in long-
term stable employment, and did not reduce poverty at the individual level (Pavetti, 2016). 
However, the full report on MDRC’s National Evaluation of Welfare-to-Work Strategies, 
which also used random assignment, does note positive e!ects for employment-focused 
programs, although those e!ects did fade after two years (Freedman et al., 2000). Gains to 
employment and earnings were modest, but statistically signi"cant for most of the programs 
studied (Freedman et al., 2000). One program, Portland, had especially strong outcomes to 
both employment and earnings, even after "ve years, likely due to the rigor of its welfare-to-
work program, experienced sta!, and strong economy (Freedman et al., 2000).

#e MDRC study speci"cally discusses sanctions, quoted here: 
Sanctions or threat of sanctions may also encourage some enrollees 
to complete employment-related activities, thereby strengthening the 
program’s “treatment” e!ect. (Program administrators often state that this 
is the primary goal of imposing sanctions.) Programs that impose sanctions 
frequently may also encourage enrollees to leave welfare sooner, perhaps by 
taking a job that they would not have otherwise accepted, or even to forgo 
welfare without employment (Freedman et. al, 2000, p. 44).

#e results from the random-assignment studies carried out by MDRC did not show a clear 
relationship between level of sanctioning and participation in program activities, although 
they do note that programs with a moderate level of sanctions seemed to achieve the best 
results (Freeman et. al, 2000). #e researchers "nd that programs with especially low levels 
of enforcement seem to yield low program participation (Freedman et. al, 2000). Work 
programs had mixed results on employment rates, with the outcomes varying greatly by 
site. For those still receiving AFDC  bene"ts, the impact of being in the work program 
ranged from a 1.6 percentage point decrease in employment rates to a 2.7 percentage point 
increase in employment rates (average of positive 0.81).  #e impact on employment rates 
for those no longer on AFDC (leavers) ranged from a 0.7 percentage point decrease to a 9.3 
percentage point increase (average of positive 3.29). Most programs had little to no e!ect on 
poverty (Freedman et. al, 2000). 

A separate study conducted by the Urban Institute in 2006 using SIPP data found 
that “as the duration of the most severe sanction increases, mothers’ deep poverty increases, 
although the e!ect is marginally statistically signi"cant at the 10 percent level” (McKernan 
and Ratcli!e, 2006, p. 20) #e magnitude of their "nding was that increasing the length 
of the sanction from “one month” or “until compliance” to a permanent sanction increased 
deep poverty rate of mothers by 1.4 percentage points, or 15.9 percent (McKernan and 
Ratcli!e, 2006, p. 20).

  
Welfare Bene!ts

#e debate over welfare bene"ts is fairly intuitive: more generous bene"ts raise 
the incomes of those who receive them, but some argue that high bene"ts also create a 
disincentive for work, discouraging recipients from becoming self-su$cient and permanently 
improving their "nancial position. High bene"ts could even lower earned income to such 
an extent that increasing bene"ts decreases total incomes. #e Cato Institute claimed in 
2013 that “the current welfare system provides such a high level of bene"ts that it acts as a 
disincentive for work” (Tanner and Hughes, 2013, p. 1). #is analysis was criticized by the 
Center on Budget and Policy Priorities, who noted that welfare shouldn’t discourage work, 
particularly because bene"ts are not immediately lost simply because an individual or family 
gains employment (Pavetti and Parrott, 2013).

#e Urban Institute study cited in the section above found that “[a] $100 increase 
in states’ monthly maximum bene"t is found to reduce the deep poverty rate of children 
by 2.0 percentage points” (McKernan and Ratcli!e, 2006, p. 19). However, the same study 
found that “higher monthly welfare bene"ts lead to higher poverty rates”, speculatively due 
to e!ects on labor supply and earned income, a "nding in line with a paper by Gundersen 
and Ziliak (2004) (McKernan and Ratcli!e, 2006, p. 21). #is is an important "nding for 
state and federal policymakers, and merits an updated analysis.
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Research Question and Hypotheses
#e core research question of this paper is: what are the impacts of di!erent welfare 

policies and regulations within the United States? More speci"cally:
Do harsher and/or permanent sanctions for noncompliance impact work 
participation among TANF recipients, and what is the consequence to poverty 
alleviation? and
Do higher maximum bene"ts help lift more families out of poverty, and what is the 
consequence to work participation?

#ere are four hypotheses: 
Hypothesis 1: Implementing sanctions that retract bene"ts permanently will lead 
to higher work participation and higher earned income among recipients of cash 
assistance.
Hypothesis 2: Implementing sanctions that retract bene"ts permanently will 
increase poverty as more individuals are sanctioned or leave welfare without 
achieving stable employment.
Hypothesis 3: Higher maximum bene"ts will have a negative impact on 
employment and earnings due to a decreased incentive to secure non-TANF 
income.
Hypothesis 4: Higher maximum bene"ts will lead to decreased poverty rates as the 
higher bene"ts will raise more individuals above the poverty line.

DATA
#is analysis makes use of American Community Survey microdata to create a 

traditional di!erence-in-di!erences regression model. #is dataset is publicly available, 
includes individual-level survey response data, and allows for cross-tabulations and variable 
analysis that traditional ACS data would not allow for. #e population of individuals 
receiving TANF assistance can be roughly identi"ed using the “INCWELFR” variable, 
which identi"es the amount of income an individual received from various public assistance 
programs. #e model also includes the following variables: sex, age, race, health insurance, 
educational attainment, employment status, weeks worked in the past year, wage and salary 
income, and total income (including cash transfers) as a percentage of poverty.

#e synthetic control portion of the analysis uses administrative data of work 
participation rates from the US Department of Health and Human Services (HHS. However, 
this data is only publicly available aggregated at the state level. #e HHS data functions well 
for the synthetic control method, the design of which is well-suited to use states as the unit 
of analysis, and doesn’t rely on standard deviations to make estimates and test signi"cance.

 Data on changes in welfare policy are sourced from the Urban Institute’s 
Welfare Rules Database, which provides a comprehensive set of tables on state TANF policy 
which are published in July of each year.

Descriptive Statistics
A simple bivariate analysis can show the association between welfare policies 

and outcomes. #is analysis is necessarily incomplete, however, because the assignment 
of sanction and bene"t policies is endogenous. Other factors which are related to both 
welfare policy and employment/poverty, such as local economic conditions, political 
culture, and state budgetary health will bias the results. For example, states with low 
workforce participation due to a lack of job opportunities in the state may impose harsher 

sanctions, drawing a false relationship between harsh sanctions and low work rates. Or a 
state experiencing generally high poverty may raise their welfare bene"ts, drawing a false 
relationship between high bene"ts and high poverty.

Table 1 shows a summary of sanction policies across 43 states and DC, and how 
their average outcomes di!er. Certain states are not included because they do not have one 
consistent sanction or bene"t policy.  Averages are calculated without weighting for state 
population. Keeping in mind that these policies are assigned endogenously, there does not 
appear to be a clear trend between the length of the worst-case sanction, and outcomes 
related to employment or the poverty rate. #is table shows that states with a permanent 
sanction have participation rates in work-related activities that are 4.5 percentage points 
lower than states that only sanction bene"ts until recipients are in compliance again. #e 
summary data also shows that, on average, permanent sanction states have poverty rates that 
are 1.5 percentage points higher than states that sanction until compliance.

The results of  simple bivariate regressions using maximum welfare benefits as the 
independent variable are shown in Table 2 below. The effects on employment and earnings 
are not significant, which pushes back against Hypothesis 3, and the effects on poverty are 
significant and in the expected direction, which provides some support for Hypothesis 4. As 
stated previously, however, the potential for omitted bias and reverse causality is clear. The 
coefficient on the state poverty rate indicates that each additional dollar in maximum welfare 
benefits is associated with a poverty rate that is .11 percentage points lower. In other words, 
$100 additional dollars in maximum welfare bene"ts is associated with a poverty rate that 
is 1.1 percentage points lower, which is substantial, given that the national poverty rate was 
13.5 percent based on 2015 Census estimates. 
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METHODS: DIFFERENCE!IN!DIFFERENCES AND SYNTHETIC CONTROL 
ANALYSIS

One way to control for endogenous variation is to perform a di!erence-in-
di!erences analysis comparing two similar groups, one that imposed a policy change, and one 
that did not. #is type of analysis compares a treatment and a control group at two points 
in time: before the implementation of the treatment and after. Under the assumption that 
the two groups should follow similar trends absent any treatment, subtracting the second 
di!erence (pre and post for the control group) from the "rst di!erence (pre and post for 
the treatment group) determines a local average treatment e!ect. By comparing di!erences 
between a pre and post period, this method controls for global trends. For example, if 
poverty for all states went up over the study period, but the treatment state went up by less, 
it can be found that the treatment reduced poverty. Di!erence-in-di!erences makes the key 
assumption that, absent any policy di!erences, the trend in the control state is what would be 
expected in the treatment state. An important way to defend this assumption is to argue that 
trends in the outcome for the treatment and control group were similar before the forcing 
variable (the policy change).

#e analysis that follows will examine policy changes in the states of Colorado and 
Kansas. In 2009, Colorado increased their maximum TANF bene"t from $356 to $462. 
Kansas made several signi"cant changes to its sanction policy for non-compliance with work 
requirements between 2011 and 2012. In 2011, the initial sanction for non-compliance 
was removal of the entire bene"t until the recipient was in compliance. #ere was no 
di!erence between the initial sanction and the most severe (worst-case) sanction. In 2012, 
the initial sanction was hardened: the entire bene"t would be removed for three months and 
the recipient had to be in compliance with requirements for two weeks for bene"ts to be 
returned. Also, a worst-case sanction was added wherein the recipient would be sanctioned 
for their entire bene"t for 10 years. Kansas also began including upfront job requirements, 

shorter time limits on receipt of assistance, and shorter work exemptions for parents 
of infants. A new analysis by the Center on Budget and Policy Priorities, which focused 
on families who left cash assistance in the years after the policy shift, found no increase in 
work rates for families leaving assistance, and increases in earnings that were not substantial 
enough to lift families out of poverty (Mitchell and Pavetti, 2018, p. 1). However, this study 
is descriptive in nature, and does not compare Kansas to a control.

For both states, synthetic controls are "rst used to analyze state-level TANF 

administrative data from HHS. #e purpose of the synthetic control method is to generate 
an arti"cial group which is equal in expectation to the treatment group. #is method 
attempts to solve the assumption that the treatment and control group would have followed 
similar trends absent treatment. Data are entered on the outcome variable for each state, 
as well as some independent predictors, which in this case included state unemployment, 
median household income, and the percent of residents receiving cash assistance. #e 
software builds a synthetic state by weighting data from the pool of remaining states.  #is 
synthetic state will match the treatment state on the outcome variable of interest (given the 
independent predictors) as closely as possible up to the year before the "rst year of treatment. 
#e produced graph can then be evaluated to determine whether the treatment state 
diverged signi"cantly from its synthetic control after the treatment year, and if it did so in 
the expected direction. If the treatment state diverges from its equal-in-expectation synthetic 
state, it would suggest that the policy change made a di!erence.  

 #e next stage of the analysis is a more traditional di!erence-in-di!erences 
regression model using American Community Survey microdata. #e theoretic model is as 
follows:

Where “Treatment” is a %ag for whether the state is the treatment state; “Post” is 
a %ag for whether the year is after the year the policy went into e!ect; and the interaction 
between “Treatment” and “Post” yields the overall impact of the policy, i.e. the di!erence 
in di!erences. #e dummy for the treatment state controls for "xed di!erences between the 
two states, and the dummy for the post-treatment period controls for conditions that change 
for both states over time. #e “X” term represents a vector of covariates, speci"cally a white/
non-white dummy, a health coverage dummy, an ordinal measure of education, sex, and age. 
In the ACS microdata dataset, to achieve a su$cient sample of individuals receiving cash 
bene"ts, the state is used as the geographic area of analysis, and the state of interest is chosen 
based on which states were used to construct the synthetic control.

COLORADO " INCREASE IN MAXIMUM TANF BENEFITS
Synthetic Control

Figures 1 and 2 below explore the state-level administrative data using a synthetic 
control. Functionally, these graphs compare Colorado’s data to a weighted average of states 
(the synthetic control) which was selected based on how closely it tracked Colorado on the 
dependent variable before the policy change in 2009. Along with the dependent variable, the 
software considers several independent variables: the general unemployment rate, median 
household income, and the percent of individuals with cash assistance. States that made 
changes to their welfare policies at similar times are excluded from the pool of states that can 
be used to construct the synthetic control. 

Practically, the synthetic control can be thought of as “expected values” for 
Colorado based on data on the other states. Figure 1 shows us that Colorado’s poverty rate 
did not rise in 2009 as much as would be expected based on the synthetic control, and in 
fact remained consistently below the synthetic control until 2016, despite tracking almost 
perfectly before the policy change. However, the magnitude is fairly small; the di!erence 
between treatment and control was .49 percentage points in 2009. #is might suggest 
a modest, negative e!ect on the poverty rate from raising TANF bene"ts, in line with 

!e Public Purpose, Vol. XVI, Spring 2018 Watson, Impact of welfare



[ 60 ] [ 61 ]

Hypothesis 4. #e e!ects on work seem dramatic, but also inconsistent. #e graph for 
Colorado shows a large initial increase in the percentage of work-eligible TANF individuals 
participating in work, followed by a precipitous decrease until 2016. Meanwhile, the 
synthetic control shows a gradual increase over the same time period. In 2009, Colorado 
was 8 percentage points above its synthetic control for work participation, but in 2012, 
it was 11 percentage points below. #is might suggest that raising bene"ts has a strong, 
negative impact on work rates among TANF recipients in the long-run, which is in line with 
Hypothesis 3, but the initial positive impact on work requirements makes this relationship 
somewhat ambiguous.

To test the statistical signi"cance of a synthetic control analysis, “placebo” tests 
are run where every other state in the pool also has a synthetic control model run, with the 
treatment year set the same. #en, the magnitude of the “treatment e!ect” for each of the 
placebo states is tested against the magnitude e!ect for our state of interest (Colorado). In 
this case, seven other states recorded di!erences between their poverty level in 2009 and 
their synthetic control’s poverty level in 2009 that were more negative than Colorado’s. 
#irty-one states recorded di!erences that were less negative than Colorado’s, or positive. 
#e remaining states were dropped because they either made some change to their welfare 
policy between 2008 and 2009, or the synthetic control model could not be successfully 
run. One popular method of quantifying the placebo test is to compare “RMSPE ratios”, or 
“Root Mean Squared Prediction Error” ratios (Johnson, 2013). In this method, root-mean-
squared “errors” between the observed values and the values for the synthetic control are 
calculated for each year, and the ratio between the Root Mean Squared Prediction Errors in 
the pre and post periods is calculated. Because the synthetic control model should create an 
accurate re%ection of the observed values in the pre-period, before allowing for divergence 
due to treatment e!ect in the post-period, error values for the pre-period should be close to 
zero if the synthetic control is a good match, and error values for the post-period should be 
high if the policy change had an impact, meaning higher values of the RMSPE ratio is better. 
Among states with a negative e!ect in 2009 and 2010, eight states had a higher RMSPE 
ratio than Colorado. What all of this suggests is that it is somewhat unlikely (approximately 
a 20% chance) that an e!ect size similar to or greater than Colorado’s may have been 
randomly observed in a state that made no adjustments to its welfare policy, making the 
result marginally signi"cant. Although the work e!ects are extremely unusual for Colorado, 
and thus di$cult to interpret, both the high value in 2009 and low value in 2012 would be 
considered statistically signi"cant under this method. While several placebo states have larger 
treatment e!ects in the same direction in those two years, Colorado achieves an extremely 
large RMSPE ratio because the other states with large e!ect sizes had poor pre-treatment "t.

Another way of running a placebo test is to change the treatment year in the model, 
and see if a similar e!ect is identi"ed regardless. Colorado appears to pass this placebo test. 
If the treatment year is changed to 2008 (one year before the actual treatment e!ect), the 
di!erence in treatment in 2008 is only .13 percentage points, just a quarter of the e!ect size 
observed when the treatment year is correctly set to 2009. #is implies that the year of 2009 
did represent an unusual shift in poverty for Colorado, which provides an argument in favor 
of the signi"cance of the treatment e!ect on poverty.

Di"erence-in-Di"erences Model
#e synthetic control model, when modeling for poverty rates, leaned heavily 

on the state of Wisconsin; it was given 84.7% of the weight for the “synthetic Colorado”. 
One way to explore the results further is to run a traditional di!erence-in-di!erences 
model between Colorado and Wisconsin using the full ACS data. #e results show that the 
change in overall poverty rate is statistically signi"cant, while e!ects on work are unclear, 
mainly because the sample size for individuals receiving public assistance is quite small. #e 
coe$cient on poverty rate for the estimator for the di!-in-di! treatment e!ect is -.0093, 
which can be interpreted as Colorado’s poverty rate rising by about one percentage point less 
than Wisconsin’s over the time period 2008 – 2010, holding constant state, year, race, health 
insurance, education level, sex, and age. #is may seem like a small e!ect size, but consider 
that the mean increase in poverty for Wisconsin from 2008 was 2.7 percentage points (10.33 
to 13.07). Colorado’s di!erence-in-di!erences represents a 34% reduction in that increase.

Measuring work-related outcomes using this data has serious limitations. #e 
sample of individuals who reported receiving public assistance income in the past year is 
very small, which raises standard errors and makes statistical signi"cance di$cult to prove, 
and the ACS does not di!erentiate TANF from other forms of cash public assistance such 
as Supplemental Security Income (SSI). Given that, the results do not show statistically 
signi"cant outcomes on any of the work-related variables, including wage and welfare income 
combined, wage income, employment rates, and a categorical variable for the number of 
weeks worked in the past year.

KANSAS " INCREASE IN LENGTH OF WORST!CASE WORK!RELATED SANCTION
Synthetic Control

Kansas’ results for the synthetic control show no apparent impact of the policy 
change on the overall poverty rate, and a negative impact on work rates among work-
eligible TANF recipients. As can be seen in Figure 3, Kansas’ poverty rate tracks well with 
its synthetic control both before and after the policy change, indicating that increasing 
the length of the worst-case work-related sanction had no real impact in comparison to 
expected values. #e results for work participation can be seen in Figure 4. As is shown 
by the divergence between Kansas and its synthetic control before the policy change, the 
synthetic control method was less successful at estimating a comparable synthetic match. 
#is means the results should be interpreted with caution. What is shown is that Kansas 
showed a negative change in work participation in the year of its policy change, while 
its synthetic control saw an uptick. However, the graph seems to show that Kansas is re-
converging with its synthetic control, and is trending upwards, although these long-term 
e!ects cannot be necessarily be attributed to the policy change. #e di!erence-in-di!erences 
is -12.9 percentage points for the period 2011 – 2013. #e conclusion that can be drawn 
from this particular analysis is that increasing the length of sanctions may actually have some 
negative impacts on work participation. #e reason for this is unclear; one possibility is 
discouragement.

#e immediate, negative work e!ect appears to be signi"cant. No placebo state had 
a larger negative treatment e!ect than Kansas in 2012, suggesting a statistically signi"cant 
result. Only "ve of the placebo states (out of a total of 40) with negative treatment e!ects 
in 2012 and 2013 also had a higher RMSPE ratio than Kansas. One reason some states 
achieved a higher RMSPE ratio is that Kansas had an unusually high pre-treatment RMSPE, 
which gives slightly less con"dence in the results because the initial "t with the synthetic 
control was somewhat poor. #e synthetic control was unable to obtain a perfect match in 
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the pre-period of 2009-2011, as evidenced in Figure 4. #e other placebo test, which uses an 
alternate treatment year to see if an e!ect still emerges, also suggests signi"cance. Changing 
the treatment year in the equation to 2011 only shows a treatment e!ect of .06 percentage 
points in that year, which suggests that the speci"c treatment year of 2012 is signi"cant.

Di"erence-in-Di"erences Model
#e state weighted most heavily for Kansas’ synthetic control, when measuring 

trends in poverty, is Nebraska, at 64.2% of the weight. #e results of the di!erence-in-
di!erences model, however, are not statistically signi"cant. #e e!ect on poverty rate 
is actually similar in magnitude to Colorado (-.007), but the variance is higher, which 
precludes statistical signi"cance. #is matches the result of the synthetic control method 
(no e!ect). If the window is widened to 2010-2014, the e!ect actually reverses direction 
(.002), highlighting the lack of a clear relationship. #e e!ect sizes are also not signi"cant 
with relation to the work outcomes, although the direction of the coe$cients appears to be 
positive for total income and income from wages. #ere appears to be e!ectively no impact 
on employment or hours worked for this sample.
Conclusion and Proposals for Moving Forward

Of the initial hypotheses, support is found for #3 and #4: that higher bene"ts 
will depress employment, and that higher bene"ts will reduce poverty. #e key "nding 
of this analysis is that increasing welfare bene"ts appears to reduce poverty, an e!ect that 
was marginally signi"cant in placebo tests for the synthetic control method, and highly 
signi"cant in the traditional di!-in-di! regression between the states of Colorado and 
Wisconsin. #e synthetic control method also suggests a long-term negative e!ect on 
work participation from increasing bene"ts, although that e!ect is muddied by the short-
term increase in work participation. #e traditional di!-in-di! regression shows positive 
impacts on total income, wage income, employment, and weeks worked, but none of those 
coe$cients are statistically signi"cant.

Both the synthetic control method and the traditional di!-in-di! suggested that 
increasing the duration of sanctions has neither a positive nor negative impact on the poverty 
rate. #e two analytical methods are in con%ict regarding work: the synthetic control method 
suggests that Kansas’ hardening of sanctions decreased work rates among work-eligible TANF 
recipients, at statistically signi"cant levels, while the traditional di!-in-di! using ACS data 
found positive but statistically insigni"cant di!erences with respect to total income, earned 
income, employment, and number of weeks worked among recipients of public assistance. 

#e policy implication is that increasing welfare bene"ts, while overall a net 
positive in the goal of reducing poverty, may depress work participation in the long-run. 
However, the results are ambiguous as to whether or not increasing the length of sanctions 
is the answer. Perhaps work supports, training, and subsidized employment would be more 
e!ective. #ese results are largely in line with the broader literature on this subject.

#ese results should be taken as motivation to pursue further research on this 
important topic, as the policy conclusions are not yet entirely clear. #e suitability of other 
publicly available datasets, such as the Current Population Survey (CPS) and the Survey 
of Income and Program Participation (SIPP), should be explored, but rich, administrative 
microdata would allow for more extensive analyses than are allowed by publicly available 
datasets. Ideally, a panel dataset of TANF recipients would allow for individual "xed e!ects 
that control for all variables, observable and unobservable, that are constant over time for 

the same person. A panel dataset also has the advantage of tracking a consistent group of 
individuals, even if they leave welfare. Other aspects of welfare rules which are not covered 
in this study, such as eligibility criteria, could also in%uence outcomes. Also, external validity 
could be enhanced by extending the analysis to more states. One of the limitations of 
this study is that it is unknown if the relationship between bene"ts (or sanctions) and the 
outcome variables is strictly linear. Bene"ts and sanctions may have diminishing returns at a 
certain point.

#e gold standard, however, would be a randomized control trial that assign one 
group to higher bene"ts or harsher sanctions, while the other group maintains the status 
quo. #e groups could be observed over the course of a year to determine whether the policy 
changes had any e!ect. When assignment is random, all factors other than treatment status 
will be distributed equally between participants in the di!erent groups, and the treatment 
and control groups will be equal in expectation. #is is the best way to ensure internal 
validity of the results. However, running such an experiment would be expensive, and 
possibly impractical, as randomly assigning some families to higher bene"ts could be seen 
as inequitable. Nonetheless, an RCT is by far the most valid method of establishing a causal 
e!ect. 
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