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Summary 

1. A recent study claimed small cash transfers to the parents of newborns improved their 

babies’ brain activity. The study was lauded in the media and by D.C. policymakers who 

argued its results supported redistributive policies, most notably the child tax credit. 

2. Closer inspection of the baby brainwaves study reveals its claims to be wildly overstated 

and its methodology to be suspect, as is common for policy relevant social science. 

3. Authors Troller-Renfree et al. committed numerous bad research practices, including: 

• Deviating from their analysis plan, and justifying it by referencing studies that did not 

support and even contradicted their results. 

• Highlighting results obtained through typically unimportant methodological decisions 

that weren’t preregistered.  

• Ignoring that larger and more prolonged interventions typically generate smaller 

effects than they found, meaning their results were likely due to chance or error. 

4. Looking beyond the study in question, the theoretical and empirical basis it claims to 

build upon is largely a house of sand. The evidence that is purported to show a link 

between brain waves and cognitive outcomes is extremely weak, and most interventions 

seeking to improve cognitive ability in children have small to nil effects. 

5. Despite its inconclusiveness, the study was portrayed as relevant to child tax credit 

policy, vigorously promoted in media outlets like Vox and The New York Times, and 

championed by think tanks and policymakers. 

6. These issues are not unique to the baby brainwaves study. Social scientists frequently 

engage in questionable research practices and exaggerate the strength and implications of 

their findings. Policymakers capitalize on low-quality social science research to justify 

their own agendas. This is particularly true when it comes to research that claims to 

improve cognitive and behavioral outcomes.  

7. Thus, we ought to be skeptical of social scientists’ ability to reliably inform public policy, 

and of policymakers’ ability to evaluate social-scientific research objectively, particularly 

when it is “policy relevant.”  

Introduction 

On January 24th, 2022, The New York Times published a piece that went out as a news 

alert titled “Cash Aid to Poor Mothers Increases Brain Activity in Babies, Study Finds.”2 The 

article discussed Troller-Renfree et al. (2022), a study published in the Proceedings of the 

National Academy of Science (PNAS) that purported to show a monthly subsidy of $333 yielded 

considerable improvements in children’s brainwave activity.3 Vox also covered the story, opining 

that “we can be reasonably confident the cash [parents received] is a primary cause of these 

changes in babies’ brains. And we can be reasonably confident it will be a causative factor in 

whatever future outcomes the… researchers find.”4 They weren’t alone: think tanks, medical 

news aggregators, and other mainstream outlets like NBC and Forbes all praised the study and 

the alleged psychological benefits of brainwave improvements.5 

 Laudatory coverage was accompanied by claims that the study had special relevance to 

expanding child tax credits. The study authors even put out a pro-child tax credit press release on 

their website: “This study’s findings on infant brain activity… really speak to how anti-poverty 

policies – including the types of expanded child tax credits being debated in the U.S. – can and 

should be viewed as investments in children.”6  
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High praise and lofty implications aside, a closer examination of the study reveals its 

results to be dubious and its methods severely flawed. While the authors’ public statements 

portrayed the study as strong, reliable, and policy relevant, none of these claims hold up to 

scrutiny. The study and its portrayal stand as excellent examples of what can go wrong when 

political desire supersedes scientific reasoning, and why we ought to be skeptical of social 

scientists’ ability to reliably inform public policy with their research. A deeper dive into the 

problems with this study and the literatures it purports to build upon are therefore warranted. 

 Several academics and public intellectuals pointed out flaws in Troller-Renfree et al.’s 

(2022) study shortly after it was released. Psychologist Stuart Ritchie noted the article’s 

potentially-dubious peer review status, the disconnect between observations made by the study’s 

authors and outcomes that matter, the potential for fade-out effects, deviations from preregistered 

methodology, and the nonsignificance of the reported effects of cash transfers on any of the 

study’s main outcomes.7 Statistician Andrew Gelman found that the significance of results was 

not robust and that the graphs produced by the authors could be replicated even if the children in 

the sample were randomized into artificial treatment and control groups.8 Finally, psychiatrist 

Scott Alexander offered further commentary on the article to the effect that the results seemed 

unlikely for various reasons, alongside a summary of what other people had said.9  

 In this article, I show that Troller-Renfree et al.’s results were even less robust than 

critical commentators said they were. The study’s results not only reveal sloppy methodological 

choices, but indicate that the authors took extra steps to portray their findings as more policy 

relevant than was warranted. And even if their findings were wholly accurate, which is highly 

unlikely, their policy suggestions would not follow from their results. While this essay assumes 

only a passing familiarity with the study in question, I have also written a full-length report that 

contains a longer and more technical discussion of the study and expands upon some of the work 

from Ritchie, Gelman, and Alexander.10 

Problems With the Literature Linking EEGs to Psychological Outcomes 

 For the results of Troller-Renfree et al.’s study to be important, changes in 

electroencephalography (EEG) power11 would need to be causally linked to changes in its 

psychological correlates, such as IQ or language skills. The study’s authors cited several pieces 

of research that supposedly linked EEG power to their desired, preregistered cognitive outcomes, 

and studies relating EEG power to socioeconomic status (SES). Cumulatively, Troller-Renfree et 

al. argued that these studies linked absolute power in mid-to-high frequency bands to linguistic, 

cognitive, and social-emotional development, while simultaneously arguing that low-frequency 

band power was linked to behavioral and learning issues.  

However, these studies suffered from many major problems: failing to deal with the issue 

of multiple comparisons, small sample sizes and low power, inconsistent results, confounding 

with genes and family environments, representativeness problems, various reporting errors, and 

nonsense models. The relevant descriptive statistics for their cited studies relating EEG power to 

cognition are provided in Table 1, and the studies relating it to SES are in Table 2. I cover the 

problems with these studies in greater depth in the full-length report, but here I give a short 

overview of some of the basic flaws in their literature:  

Multiple Comparisons 
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 When too many tests are run, the likelihood of getting a false-positive significant effect 

increases. This is the problem of multiple comparisons, and it is amenable to a graphical 

explanation. Figure 1 illustrates the relationship between the number of statistical tests and the 

probability that at least one of the results is significant if there is no true effect, based on a 

significance level of 0.05.  

 

 
Figure 1 

 

The typical study in Tables 1 or 2 below had well over ten tests, but most also did not correct for 

multiple comparisons, so the risk of false positives was high in the literature cited by Troller-

Renfree et al. 

Small Samples and Low Power 

Small sample sizes are a serious problem in scientific research because studies that rely 

on them lack statistical power: the probability that a statistical test detects a real effect of a given 

size at some level of significance. If I have a sample size of 20 and I need to find a correlation 

between X and Y that has a p-value below 0.05, the lowest significant correlation would be 

Pearson’s r = 0.44. If I quintuple my sample size, the lowest significant correlation is 0.20. This 

does not mean that a small sample cannot yield small correlations, only that, when it does, they 

will not be significant.  

The issue with small sample sizes is also open to graphical explanation. Figure 2 

illustrates the relationship between sample sizes and the average sample correlation conditioned 

on reaching a 5% significance threshold (the mean significant correlation) in simulated data with 
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different true underlying correlations. The mean sample sizes in Tables 1 and 2 were 89 and 67, 

respectively. If the true correlation is typical of the correlations observed in large, reliable studies 

in neuroscience (closer to 0.10), we can infer that the correlations in the studies Trolley-Renfree 

et al. cited were exaggerated by 2.6 to 3 times.12 
 

 
Figure 2 

 

There is some evidence in Tables 1 and 2 that suggests these effect sizes were 

exaggerated, because smaller studies had larger effects. Moreover, there was a significant 

negative correlation between the size of correlations and their precision,13 an indication that 

researchers were probably trying to find significant results and, as such, had to find and publish 

exaggerated effects because their samples were too small.14 
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Table 1. Study Descriptives for Cited Cognitive Ability-EEG Studies15 
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Table 2. Study Descriptives for Cited SES-EEG Studies16
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Unrepresentative Samples 

 The studies cited by Troller-Renfree et al. had problematic and unusual sampling. Some 

of the studies featured samples of people with congenital heart defects,17 some of the samples 

had very high average IQs, in another 85% of the sample’s parents belonged to the highest 

socioeconomic strata and a third of the involved families had histories of language impairment, 

and so on. The samples were often decidedly unrepresentative of the general population, so it is 

difficult to generalize from them. 

Problems With the Study Itself 

Gaming Preregistration 

 Small studies lead to inconsistent and overstated effects. Combined with an editorial bias 

towards papers with statistically significant results, they encourage scouring datasets for 

significant relationships (commonly known as p-hacking). One way to limit the pernicious 

effects of searching for significance is for researchers to preregister the hypotheses they intend to 

check, forcing them to report specific outcomes they may have decided not to publish due to a 

lack of significance. 

Troller-Renfree et al. preregistered that they were going to examine effects on theta, 

alpha, and gamma power. Respectively, these are brainwave frequency bands ranging from 4 – 8, 

8 – 13, and >35 Hz. Curiously, their largest effect was in the beta band (13 – 35 Hz). They 

preregistered their intention to investigate only alpha, gamma, and theta because, when they 

formulated the study, the literature showed effects on those bands – not beta. However, “between 

2018 and the present investigation,” they wrote, “evidence has emerged linking income to beta 

activity, including from the first and senior authors’ lab.”18 Two studies were cited to support 

that claim. 

 The first study they cited linking beta to income was by Brito et al. (2020). It was entirely 

cross-sectional and featured, at most, correlations in a study of 60 kids. It yielded no significant 

relationships between SES and beta or gamma power, either by region or in total, and it also 

showcased no relationship between SES and a child’s auditory or expressive communication 

abilities. The second study by Jensen et al. (2021) was the largest study among those cited, with 

a sample size of at most 187. If this study is taken seriously, it contradicts Troller-Renfree et al. 

because it found no relationships between SES and EEG power for their sample of 160 6-month-

olds, and negative relationships between SES and both beta and gamma power among their 187 

36-month-olds.  

Troller-Renfree et al. found a positive effect of their intervention on both beta and 

gamma, despite their cited beta evidence being consistent with no effect or a negative one. If 

Troller-Renfree et al.’s reasoning was truly informed by these two studies, they should have been 

alarmed to find that two high-frequency bands, gamma and beta, within which power may have 

been negatively related to SES were increased by their experiment, indicating kids may have 

been harmed by the intervention.  

 Moreover, Troller-Renfree et al. did not preregister their choice of robust estimator or 

treatment effect size. They used regression to estimate the effect of treatment, and to avoid their 

estimates being affected by violations of any of the several assumptions involved in regression, 

they utilized robust estimation, a way of running their regressions while obviating issues with its 

assumptions. There are many types of robust estimators and different statistical software uses 
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different default estimators. In Stata, the analysis program they used, the default is HC1 – a 

robust estimator that is common by virtue of its default status rather than its performance. More 

advanced robust estimators exist, and they ought to be used to deliver accurate results when, for 

example, samples are not very large, like theirs. Using HC5, a more modern alternative, I found 

that their significant results became wholly nonsignificant (i.e., p > 0.05 before correction).  

The effect size of their treatment was computed by dividing their adjusted treatment 

effect by the standard deviation (SD) of their control group; a common method for computing 

standardized treatment effects. However, they could have also divided by the pooled SD, either 

weighted by each group’s sample size or not. That they did not use the pooled SD would not 

normally be an issue, but out of all the effect size computation methods they could have chosen, 

they picked the one that delivered them two significant results prior to multiple comparison 

correction. 

Similar Magnitudes Don’t Matter 

 Troller-Renfree et al. wrote that, “[d]espite the limitations in statistical power, the pattern 

of impacts, which resulted from a rigorous random assignment study design, were consistent 

with hypotheses, were similar in magnitude to effects on cognitive outcomes from other scalable 

interventions, and were largely robust to various tests, leads us to conclude that these findings 

are important and unlikely to be spurious.” But they never explained why these similarities 

mattered. If several studies show that giving children iron improves growth by five centimeters 

(d = 0.25), I wouldn’t be able to use that finding to show that teaching children chess and finding 

that they had more theta wave activity (d = 0.25) was more plausible just because we can draw 

vague links between them and the effect sizes are the same. The studies have no necessary 

relationship with one another. They deal with different interventions and outcomes, so the effect 

sizes in each domain probably should differ. The mere fact that it’s possible to generate a likely 

chance finding about one does not vindicate its comparison with another. 

Long-Term Treatment Effects and Parental Responsibility 

 Despite its weak evidentiary basis, effusive support for Troller-Renfree et al.’s article has 

been common. Representative Suzan DelBene (D-Wa.) was quoted by The New York Times 

saying it showed “investing in our children has incredible long-term benefits.”19 In the same 

venue, Duke economist Lisa Gennetian – one of the study’s co-authors – claimed the study 

showed parents could be trusted to spend money well. Neither piece of commentary finds any 

support in the study. The former is nonsensical because the study only covered a single year, not 

the long term, and the latter is simply not viable because, for one, the study did not examine how 

well money was spent, and our only way to assess this was to look at the money’s effect on 

children. 

Moreover, because the authors of the study controlled for variables that indicated parental 

misbehavior – smoking and alcohol consumption during pregnancy, marital status, and maternal 

mental health – they removed the ability to draw inferences about how well parents used the 

money in the same way that controlling for the quality of the venue, service, preparation, and 

ingredients makes it difficult to accurately compare McDonald’s and a five-star restaurant. It 

would have been reasonable to adjust the data if there were no systematic differences in attrition, 

and randomization between the treatment and control groups was satisfactory, but their controls 

remove our ability to draw certain conclusions. 
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Most Interventions Have Small to Nil Effects 

Troller-Renfree et al. exaggerated the sizes of the effects from other studies that they 

used to validate their own. The citation they provided for the similarity of their experimental 

effect with other interventions was Kraft (2019), who performed a large meta-analysis of 

educational interventions and found a meta-analytic effect size of 0.16 d.20 However, Kraft’s data 

was typical of meta-analyses in that it suffered from a bias towards studies with significant 

effects that were typically small. The weighted effect size was 0.04 d - one-fourth as large, and 

not significant. Lortie-Forgues and Inglis (2019) conducted a similar study, but theirs did not 

suffer from the same problems as Kraft because they analyzed studies funded by organizations 

that required the trials they supported to be published in a standardized fashion.21 The effect size 

they found was 0.06 d, and the median study in their analysis was consistent with anecdotal 

evidence for no effect; that is, the quality of the evidence for the median study should not have 

been regarded as substantial enough to support change in belief about intervention 

effectiveness.22  

Other interventions have also had similarly minor effects. The 2010 Head Start Impact 

Study conducted by the Office of Planning, Research and Evaluation looked at effects elicited by 

the Head Start program for three- and four-year-old children.23 Using a p-value cutoff of 0.10, it 

found significant positive effects on eight of fourteen cognitive tests given in the year of the 

program for the three-year-old children, and this reduced to two of 14 by the next year, at age 

four. In kindergarten, there were 19 tests administered, with one significant positive effect, and 

one significant negative one, while, in the first grade, only one effect of twenty-two remained 

significant. Because this was not significantly affected during Head Start and its effect only 

became significant amongst a pile of nonsignificant ones, it was probably noise. For the four-

year-old group, seven of 14 scores were significantly positively affected in the Head Start year, 

but effects disappeared in kindergarten, and one effect became significant again in first grade. 

Relatedly, Duncan and Magnuson (2013) found that the effect sizes associated with childcare 

programs declined over time.24 When I repurposed Duncan and Magnuson’s data, there was a 

negative relationship between a study’s precision and how large an effect it produced – 

publication bias!25  

Studies of nutritional interventions have fared similarly. Dulal et al. (2018) ran a double-

blind RCT in Nepal where groups of mothers were given prenatal multiple micronutrient 

supplementation in the treatment group, and iron and folic acid only in the control group.26 At 12 

years of age, there were no effects on children’s cognitive ability. Behrens et al. (2020) reviewed 

whether vitamin B affected rates of cognitive decline and found no effects, despite well-defined 

mechanisms and plausible effects at the time of writing.27 Similarly, a large-scale follow-up of 

two double-blinded, placebo-controlled, cluster-randomized trials of vitamin A effects on 

prenatal and newborn children by Ali et al. (2017) yielded nonsignificant effects across the 

board.28 

Even when the intervention is medical in nature, effects are often minute. Welch et al. 

(2018) reported the results of a systematic review of deworming effects on a variety of outcomes 

including cognitive ability, height, and weight.29 Despite parasitic worms often being debilitating 

and the mechanisms through which they should impede development being abundantly clear, 

there were no significant meta-analytic effects on weight, height, or cognitive ability. Welch et 

al. (2018) compared their results to earlier systematic reviews by Taylor-Robinson et al. (2015) 
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and Welch et al. (2016), which, altogether, found one marginally significant meta-analytic effect 

on weight and none for height or cognitive ability.30  

Analyses of cash transfers specifically have not yielded large effects either. Zimmerman 

et al. (2021) evaluated the effects of cash transfers on psychological distress and depression and 

found evidence consistent with no effect.31 There may have been effects on variables like an 

individual’s outlook, hope, and feelings of power in their sexual relationships, but these would 

have nonetheless been modest, imprecise, and insufficiently replicated. Manley et al. (2020) 

examined cash transfer effects on more plausible outcomes – height, weight, dietary diversity, 

the consumption of animal-based foods, etc.32 Among published studies, smaller studies had 

larger effects, indicating a small study bias, but there was a significant effect (p-value between 

0.05 and 0.01) on stunting. Among unpublished studies, there was more concentration of effects 

around zero, and the aggregate effect on growth stunting was nonsignificant. With some 

evidence for publication bias, the strongest interpretation of that meta-analysis is a marginal 

effect on meaningful growth parameters. The full-length report contains additional details on 

several other relevant studies. 

Perhaps if the cash transfers were massively scaled up, they might have an effect. Certain 

studies do seem to look like extremely extensive and large-scaled interventions. For example, the 

Moving to Opportunity program that relocated people from low- to high-quality neighborhoods 

had an extraordinary economic value, but it failed to elicit an effect on measured mathematical 

and reading skills.33 Perhaps that was because family inside the home has a much greater effect 

than the location of the home. Adoption puts people into new homes and families that are 

generally much wealthier and better educated than their birth families or the general population, 

amounting to a natural experiment in giving people comprehensively high SES. The effects from 

good adoption studies generally span between nil (Ericsson et al., 2017) and just over the effect 

size Troller-Renfree et al. observed (Kendler et al., 2015).34  

Some people object to adoption studies on the grounds that we cannot properly control 

for preadoption circumstances and their persistent effects on children. But when Korean adoptees 

in Sweden were examined, there was no relationship between age at adoption and subsequent 

cognitive ability.35 The reason for this appears to be that Korea would not allow people to select 

which baby they wanted, so in the absence of parental selection, the relationship between age at 

adoption and subsequent performance breaks down.36 With the size of adoption effects noted, we 

can plot how they compare to the cross-sectional association between parental SES and cognitive 

performance. Figure 3 does this and shows that despite adoption affecting how well people score 

(their performance), the effect is not strong enough to generate the same relationship between 

SES and performance that we see in the general population, where SES is tied not only to 

people’s environments, but also to their genes.37 
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Figure 3 

 

 The issue of genetic confounding is extremely important. Cross-sectional studies like the 

ones discussed here are generally not informative for Troller-Renfree et al.’s purposes because 

associations between variables like SES and specific brainwave patterns may occur due to a 

common cause or correlated causes. In the case of comparisons between members of different 

families, the issue may be genetic confounding – where genes explain the relationships among 

different outcomes, like EEG power and family income. The relationship between intelligence 

and brain white and gray matter volumes is accounted for by shared genes.38 Similarly, the 

relationship between socioeconomic status and intelligence has been found to have a substantial 

genetic component, and the link between the two is virtually severed when genetics are 

accounted for.39 Even EEG power is heritable, with most relationships among EEG power at 

different frequencies attributable to shared genes.40 

 As a result of substantial genetic influence and other potential forms of confounding, how 

are we to generalize from experimental effects on EEG parameters to cross-sectional samples or 

vice versa? Troller-Renfree et al. were at least somewhat aware of these facts, as evidenced by 

their citation of Wax (2017), who argued that “the so-called neuroscience of deprivation has no 

unique practical payoff… Because this research does not, and generally cannot, distinguish 

between innate versus environmental causes of brain characteristics, it cannot predict whether 

neurological and behavioral deficits can be addressed by reducing social deprivation.”41 

Policy Conclusions Were Unwarranted 

 Troller-Renfree et al. have attempted to sell their results as relevant to the ongoing debate 

over child tax credits. Their press release for the study said as much, and mainstream sources 
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have used their results to justify child tax credits on the grounds that they will make kids’ brains 

work better.42 Since the strong interpretation of their results is unwarranted, so is the conclusion 

that the child tax credits are justified by brain improvements. Insofar as the results were basically 

uncertain, it was wrong to frame them as policy relevant. 

 But child tax credits do present an interesting opportunity for study, albeit outside of the 

context of Troller-Renfree et al.’s flawed work. If their conclusions were totally correct and we 

could generalize the largest of their effects on EEG power to some psychological trait like 

intelligence, we should be able to pick that up in children’s achievement now. Children whose 

parents received child tax credits can be identified, and we should see a major boost in their 

achievement down the line. Those who believe interventions timed earlier in life have larger 

effects have an appropriate test in the form of credits to families with kids of varying ages, and 

people who believe effects should persist should expect the ability distribution of those whose 

families received cash when they were younger to be raised. If the case for child tax credits 

based on cognitive improvement is as strong as Troller-Renfree et al. and others suggested, the 

effects will be extremely noticeable. To get an idea of how big this could be, if the IQ of the 

population increased by 0.26 SDs, we would have almost three times as many people with IQs of 

160 or greater, and almost half as many with IQs of 70 or less.43 

 After their study was published, Troller-Renfree et al.’s work received immediate 

pushback. Many who were quick to give the study plaudits recalibrated their judgements upon 

learning about its flaws. The UBI Center removed their posts about the study, the Niskanen 

Center put up a disclaimer, and even Vox updated its coverage to feature critical commentary.44 

Unfortunately, Vox also published a dubious response from the study’s lead author, Kimberly 

Noble.45  

 She confronted criticisms with a curious argument, arguing that the results were robust 

because the authors observed predicted region-specific relationships. This was obviously untrue, 

as the prior literature does not and could not adequately suggest region-specific associations 

unless she failed to cite it in the article. Moreover, the associations did not survive when I 

corrected for multiple comparisons (i.e., p became greater than 0.05 universally), which were 

done incorrectly for this section of the paper. As discussed, work claiming to find region-specific 

associations requires a lot of power that studies in this literature lack. Noting that you can 

perform a bunch of tests and recapitulate your initial results does not mean they were supported, 

it means you think transforming your data and finding the same things you did prior to 

transformation bolsters your initial conclusions. Anyone could do this and claim any finding is 

robust, regardless of topic. All it signals is a desire for the study to be considered important 

rather than its quality. 

Conclusion 

 Troller-Renfree et al. conducted an intervention where poor families were given 

$333/month; income subsidies equal to around 20% of their prior incomes. Their results were 

nonsignificant impacts on infants’ EEG parameters. They inferred that if there were effects, they 

might have been important because other literature linked some of the ostensibly affected EEG 

parameters to important cognitive outcomes and did so with magnitudes apparently comparable 

to educational interventions.  

Troller-Renfree et al. needed two things to be true for their study to be important. First, 

they needed a treatment effect on EEG power. Second, they needed specific changes in EEG 

power to causally impact important psychological traits like cognitive ability, depression, 
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ADHD, etc. The evidence for a treatment effect was absent from their study and the evidence in 

favor of any link, much less a causal one, between specific bands’ EEG power and desirable 

psychological outcomes was tenuous at best. The groundwork needed for their results to be 

treated as if they were meaningful or to even treat their inferences as more than a passing flight 

of fancy was not provided and may not exist. For results based on a chain of reasoning about 

previous findings to be taken seriously requires that chain be strong, and this one was not. 

 The authors had the opportunity to test if manipulating an aspect of SES impacted 

cognitive outcomes, and they did so via proxy. Per their theory, SES impacts the brain, which 

impacts cognition, but the links between SES and EEG parameters – much less EEG and 

psychological ones – were so tenuous as to render the theory not only unevidenced, but wholly 

useless. Given that their paper was systematically tilted towards a positive interpretation of 

essentially null results, it was, in essence, an explanation of their theory, rather than a test of it. 

 Using weak science to advocate for policy is a frequent occurrence. Most social science 

is weak, and journalists and activists are often looking for evidence that confirms what they want 

to believe. Troller-Renfree et al. provided a case study in many of the most typical mistakes 

made by people who want to support a cause without doing the legwork. They asked us to not 

only accept their methods, but their interpretations and theories relying on a chain of strong 

relationships that have yet to be shown to exist. Those who believe this study has any policy 

relevance should start placing bets that there will be a massive uptick in rates of genius and 

plummeting rates of mental disability in the U.S. because of recent child tax credits. There won’t 

be. 

The public arena is at least somewhat self-correcting, in that the findings in Troller-

Renfree et al. were quickly scoured in the popular press. The bigger problem, however, is that if 

it had not gotten a write up in the New York Times accompanied by a news alert, and if the 

study’s topic and author’s framing had not been so palpably absurd, the paper may have never 

been carefully checked and the results may have turned into conventional wisdom. Bad science 

is the norm; correcting it is not. 

Cases like this ought to make us reconsider the role social science plays in our public 

policy debates. Political bias and confirmation bias are heuristics that plague us all, and we have 

no reason to think that social scientists or policymakers are immune. Flashy results that support a 

popular policy are usually untrustworthy, and large effects are usually exaggerated, p-hacked, or 

due to chance. The reality is that most social interventions and policies have a negligible impact 

when it comes to improving cognitive ability or behavior. Until researchers and the educated 

public come to grips with this fact, we should be skeptical of policymakers’ ability to evaluate 

research objectively and social scientists’ ability to reliably inform public policy with their work. 
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