
Learning from meta-analyses and open questions on 
casual mechanisms, scalability and long-term effects 

Tim Kaiser

G53 Financial Literacy & Personal Finance Bootcamp
Stanford University

June 25th, 2025



Learning from meta-analyses of RCTs



Meta-Analyses in Economics

• Until late, meta-analyses have been rarely conducted in economics. Yet, this has changed 
drastically!

• With the expansion of field experiments, aggregating estimated treatment effects from 
mutliple studies has become increasingly relevant

• Recent examples are meta-analyses on:

• Active Labour Market Programs (Card et al. 2018, JEEA) 
• Microcredit expansions (Meager 2019, AEJ: Applied; Meager 2022, AER) 
• Gender differences in response to performance pay (Bandiera et al. 2021, AER: Insights)
• US K-12 public school spending (Jackson and Mackevicius 2024, AEJ: Applied)
• Informational nudges (Dellavigna and Linos 2022, ECTA)
• Present bias and loss aversion (Imai et al. 2021, EJ; Brown et al. 2024, JEL)
• Impact evaluations of development interventions (Vivalt 2020, JEEA)
• …



Previous meta-analyses on financial education

• The first meta-analysis by Fernandes, Lynch, and Netemeyer (2014, ManSci) has been 
widely cited to provide evidence of ineffectiveness of financial education in general: 

• “We find that interventions to improve financial literacy explain only 0.1% of the variance 
in financial behaviors studied” (page 1861)

• “Intervention effects may decay over time – the case for ‘just in time financial 
education’.”(page 1866)

• Other meta-analyses with different foci (specific outcomes and target groups) (Miller et al. 
2015, Kaiser and Menkhoff 2017, 2020) have been published since, but have not moved the 
priors of sceptics 



Negative priors reflected in the news



A primer on meta-analysis

§ Consider a set of j randomized experiments, each of them reporting i estimates 
of treatment effects 

§ Allow different experiments to result in different true effects as opposed to 
estimating a fixed parameter

§ Goal of this aggregation is to arrive at a “general effect” (mean of a distribution) 
and a scale parameter 

à choose weights for each observation (treatment effect estimate) that reflect the 
precision ot the estimate (as function of random sampling error) and the differences 
in site-specific results (heterogeneity in true effects)



Meta-Model

• We observe both !𝑦!"and !𝜎!"# from the data (we assume  𝜎!"# = !𝜎!"#)
• 𝜏# needs to be estimated (e.g., via Restricted Maximum Likelihood)
• We next run WLS with weights defined
• We cluster the standard errors at the study-level for inference

!𝑦!" = 𝛽# + 𝜐" + 𝜖!"

!𝑦!" is the 𝑖th
treatment effect 
estimate within 
each study 𝑗. 

𝛽# is the mean of the 
distribution of true 
effects of interventions 

𝜐"is a study-level random 
effect with 𝜐" ~𝑁(0, 𝜏$), 
i.e., the true effects can 
vary between (but not 
within) studies.

𝜖!"~𝑁(0, !𝜎!"$ )  is the 
residual of the 𝑖th
treatment effect estimate 
within each study 𝑗



Comparison of the updated evidence to the result in Fernandes et al. (2014)



Aggregated treatment effects by outcome domain



What about publication bias?

• Publication bias refers to the problem of authors (or journal editors) favoring the publication 
(selection) of statistically significant results

• Leaving this selection unadressed can lead to a biased assesment of a mean effect in a 
given literature

• Andrews and Kasy (2018, AER) develop a method for identifying and correcting publication 
bias using a step function approach



Results of Andrews and Kasy (2018) approach to this literature
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Results of Andrews and Kasy (2018) approach to this literature



How large are the effects?

• Effects of financial education on financial knowledge are comparable to studies on 
math and reading (Hill et al. 2008; Cheung and Slavin 2016; Fryer 2016).

• Effects of financial education on financial behaviors are comparable to meta-
analyses of behavior change  interventions in other domains

• anti-smoking (Rooney & Murray 1996)
• tailored printed health interventions (Noar et al. 2017) 
• energy conservation (Karlin et al. 2015)



Interpreting effect sizes from causal studies (Kraft 2020, p. 250)



Costs and effect sizes of financial education interventions



Are interventions cost-effective?

• Using Kraft’s (2019) scale of educational interventions, effects are "medium/large.”
• Average intervention has low cost per participant (mean costs are $60.40 and 

median costs are $22.90)
• With the data we have, for "medium effect sizes," Kraft’s educational intervention 

scale would say average cost per participant of $60 implies "low cost.”



Are effects fading out?



Estimated posterior distribution of treatment effects on financial behaviors



What works in financial education? Some observations from the literature (1/2) 

• Treatment effects depend on responses from heterogeneous consumers (Lusardi, 
Michaud, and Mitchell 2017, JPE)

• Implementation matters: Long-term impacts depend on teacher training and delivery 
quality (Bruhn et al. 2016, AEJ: Applied; Brown et al. 2016, RFS; Urban et al. 2018, EconEdRev).

• Keep it simple?: “Rules of thumb” approaches yield larger effects (Drexler et al. 2014, AEJ: 
Applied, Skimmyhorn et al. 2016).

• Tailoring interventions: Targeted content improves relevance and outcomes (e.g., Doi et al. 
2014; Seshan & Yang 2014; Abarcar et al. 2020, JDE).



What works in financial education? Some observations from the literature (2/2) 

• Personalization helps: Counseling and individual feedback enhance effectiveness 
(Carpena et al. 2017, ManSci).

• Innovative delivery formats:
• Mass media for broader reach and attitude shifts (Berg & Zia 2017, JEEA, Chopra 2023)
• Experiential learning and debiasing approaches (Abel et al. 2020, WBER)
• Digital tools and gamification (Attanasio et al. 2019; Sconti 2022)
• …

• Pedagogical innovations: Active learning and group exercises outperform traditional 
lectures (Kaiser & Menkhoff 2022, JDE).

• Decentralized delivery: Localized instruction can be effective (Hakizimfura et al. 2020, JDE).



Open questions

• What works, for whom, and – most importantly - why? 
• What are the causal mechanisms for behavior change? (Sayinzoga et al. 2016; Carpena and Zia 2020; 

Horn et al. 2020; Kaiser et al. 2022 WP)

• Why are some behaviors easier to change then others? (Kaiser et al. 2022, JFE)

• How sustainable are effects? (Horn et al. 2023, REStat, Bruhn et al. 2022; Frisancho 2025)

• What about scalability? 
• What about general equilibirum effects? (e.g., Kosfeldt and Schuewer 2017, Ferreira ERC grant)

• Beyond directional changers in behavior: What are the welfare implications? (Ambuehl et al. 
2022, AER; Boyer et al. 2022; REStat)) 

• … 



Experiment on Scalability



Financial education programs are implemented worldwide…

• The implementation of financial education programs has become a high priority for 
policymakers around the world (OECD 2015).

• Most evidence is from randomized controlled trials (RCTs) in developing economies, often 
with self-employed individuals (Kaiser, Lusardi, Menkhoff and Urban 2022, JFE)

• Financial education programs in developing economies are effective in… 
• improving financial practices of firms (Drexler et al. 2014, AEJ: Applied)
• stimulating investment into micro-enterprise and diversification 
• fostering household saving and shifting savings to formal financial products (Doi et al. 

2014, JDE, Bruhn et al. 2016, AEJ: Applied; Carpena et al. 2017, ManSci; Attanasio et al. 
2019; Horn et al. 2023, ReStat)

• improving borrowing behavior and credit outcomes (Berg and Zia 2017, JEEA; Bruhn et 
al. 2022)



…but RCTs are usually run on a small scale

• Median sample size is about 840 individuals in previous meta-analysis of 76 RCTs (Kaiser, 
Lusardi, Menkhoff and Urban 2022, JFE)

• But how do effects change when programs are run at a larger scale? 
• Evidence for smaller treatment effects at scale (i.e., “voltage drop”) in a variety of 

contexts (DellaVigna and Linos 2022, ECTA), Al-Ubaydli et al. 2017, 2019, 2023, Banerjee et al. 
2017, Muralidharan and Niehaus 2017)

• Threats to scalability : 
• Statistical inference (e.g., small study effects and publication bias) (Andrews and Kasy 

2018, AER, DellaVigna and Linos 2022, ECTA)
• External validity (i.e., differences in response to treatment, take-up etc.)
• Spillovers on the non-treated and the treated (Mckenzie and Puerto 2020, AEJ Applied)
• General equilibirum effects 
• …



New paper

• Two-stage randomized saturation experiment evaluating a 
financial education program in rural Uganda

• We exogenously vary the share of treated respondents relative to 
the target population

• In an affine model of treatment saturation, we find large effects on 
mobile mone use, business investment, and saving behavior
on the uniquely trated but effects decline with increasing saturation

• We find no evidence of spillovers on the non-treated but the above 
phenomenon suggests externalities on the treated (i.e., a 
specific form of “voltage drop”). 
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The financial education intervention
• Cluster-RCT in 108 villages in Uganda
• Randomized half of the villages to a full-

day financial education intervention 
developed by GIZ and Bank of Uganda 
with the following topics: 

• (i) budgeting and personal financial 
management, 

• (ii) saving and future consumption
• (iii) credit and borrowing decisions
• (iv) business investing
• (v) mobile payments

• Training of trainers by Bank of Uganda
• Activities include group problem-solving 

and sharing of personal experiences 
• Pilot previously evaluated in a separate 

sample RCT (efficacy trial) (Kaiser & 
Menkhoff 2022, JDE)



Impressions from the field



Field experiment setting



Randomized Saturation Experiment



Distribution of true saturation by assigned saturation 
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Timeline



Empirical strategy (see Baird et al. 2018, REStat)

• Pooled Intention to treat and spillover effects 

𝑦!,%(') = 𝛼) + 𝛽*𝑇!,% + 𝛽#𝑆!,% + 𝛿*𝑦!%('+*) + 𝜆𝑋,,!,% + 𝜀!%'

• Non-parametric analysis

𝑦!,% ' = 𝛼) + 𝛽*𝑇!,%×1(𝜋% = 50%) + 𝛽#𝑆!,%×1(𝜋% = 50%) + 𝛽-𝑇!,%×1(𝜋% = 75%) + 𝛽.𝑆!,%×1(𝜋% =
75%) + 𝛽/𝑇!,%×1(𝜋% = 100%) + 𝛿*𝑦!%('+*) + 𝜆𝑋,,!,% + 𝜀!%'

• Linear saturation analysis 

𝑦!,% ' = 𝛼) + 𝛽*𝑇!,% + 𝛽#𝑆!,% + 𝛽-(𝑇!,%×	Π%) + 𝛽.(𝑆!,%×	Π%) + 𝛿*𝑦!%('+*) + 𝜆𝑋,,!,% + 𝜀!%'

Partial endogeneity of true saturation (due to oversampling of population in smaller clusters). Thus, We run the above 
models in an IV-Setup where we instrument the true saturation Π! with the assigned saturation 𝜋!.



Results



Pooled ITT and Spillover Effects on Aggregate Indices

(1) (2) (3) (4) (5) (6)
Mo. Money Savings Investment Budgeting Borrowing Summary 

Panel A: Pooled Intention to Treat and Spillover Effects 

Assigned to Training 0.040 0.149*** 0.103* 0.037 -0.045 0.092
(0.073) (0.054) (0.054) (0.061) (0.046) (0.058)

Spillover Group -0.135* -0.041 -0.021 -0.037 -0.077 -0.101
(0.076) (0.060) (0.063) (0.065) (0.053) (0.064)

Test of equality (p − value) 0.031** 0.004*** 0.034** 0.183 0.499 0.002***

Notes: The dependent variables in column 1-6 are all standardized to have a mean of 0 and a standard deviation of 1 in the pure 
control group. Panel A shows intention to treat, and spillover effects pooled across all saturations (see Figure 2 for the distribution 
and support of the saturations).



Non-Parametric Analysis of True Saturation
(1) (2) (3) (4) (5) (6)

Mo. Money Savings Investment Budgeting Borrowing Summary 
Panel C: Non-Parametric Analysis of True Saturation 

Assigned to Training × 0.193 0.214** 0.194** 0.069 -0.002 0.232**
1(Π% ≥ 12% < 30%) (0.128) (0.087) (0.080) (0.084) (0.069) (0.102)
Spillover Group × 0.061 0.067 0.207* 0.108 -0.052 0.145
1(Π% ≥ 12% < 30%) (0.135) (0.114) (0.115) (0.097) (0.083) (0.118)
Assigned to Training × 0.033 0.183 0.144 0.138 -0.106 0.132
1(Π% ≥ 30% ≤ 45%) (0.143) (0.121) (0.143) (0.170) (0.119) (0.133)
Spillover Group × -1.535 -1.243 -1.767 -1.523 -0.292 -2.223
1(Π% ≥ 30% ≤ 45%) (1.419) (1.089) (1.343) (1.141) (0.680) (1.498)

Assigned to Training × -0.235* -0.025 -0.043 -0.012 -0.121* -0.174
1(Π% > 45% ≤ 64%) (0.126) (0.116) (0.124) (0.141) (0.071) (0.134)
Spillover Group × -0.250 0.191 -0.432** -0.056 0.209 -0.059
1(Π% > 45% ≤ 64%) (0.281) (0.249) (0.193) (0.178) (0.188) (0.252)
Notes: Panel C shows a non-parametric analysis of intention to treat and spillover effects for three bins of true saturations
(Π!≥ 12% < 30%), (Π!≥ 30% ≤ 45%), (Π!> 45% ≤ 64%). In this analysis, the true saturation (Π!) is instrumented 
with the randomly assigned saturation (𝜋!)



Affine Model of True Saturation

Notes: Panel D shows results of a parametric analysis of treatment saturation, i.e., an affine model of how intention to treat and spillover 
effects change linearly with increasing true saturation. The true saturation (Π!) is instrumented with the assigned saturation (𝜋!).



In economic terms





Understanding the “voltage drop” in our setting

Selection
• Scaling is faced with potentially negative effects from selection of individuals, i.e., as a larger 

share is invited, peer effects may lead individuals to attend the sessions but be inattentive 
(i.e., driving down ITT and LATE) à no evidence in out setting.

Quality of training
• As a larger share of the population is being treated and the absolute number of treated 

increase, the quality may deteriorate. à Classroom data does not suggest differences in 
quality by saturation

• Class-size is not correlated with saturation in our setting, as we offered multiple sessions in 
high-saturation clusters

• Some evidence for lower quality venue



Understanding the “voltage drop” in our setting

Crowding out
• Improved financial practices may give micro-enterprises a competitive advantage
• Firms can improve their product and marketing activities in sectors allowing such 

differentiation (i.e., non-homogenous goods)
à Saturation effect is stronger for firms in service and manucfaturing relative to firms in retail. 



Summary

• Large effects if few individuals are treated per cluster (i.e., mobile money use, savings, investments)
• Evidence for a “voltage drop” in effectiveness if program is operated at a larger scale
• No evidence for negative spillovers on untreated peers
• Voltage drop likely the result of both social dynamics as well as institutional constraings



Understanding causal mechanisms



New paper

1) We conduct an RCT studying the effects of a financial education 
intervention on time-preferences of both youth and adults in 
Uganda using the CTB protocol (Andreoni and Sprenger 2012, 
AER). 
• Study heterogenous treatment effects by age of respondents 

2) We combine our data with data from 10 earlier field 
experiments studying the causal effects of (financial-) education 
interventions on impatience measured in incentivized tasks. 
• Meta-Analysis 
• Study the role of student age (and contextual features of the 

intervention) in explaining the heterogeneity in treatment effects 
across studies

• Study the generalizability of (heterogenous) treatment effects

DISCUSSION PAPER SERIES

IZA DP No. 16399

Tim Kaiser
Lukas Menkhoff
Luis Oberrauch

Is Patience Malleable via Educational 
Intervention? Evidence on the Role of 
Age in Field Experiments

AUGUST 2023



Preview of results

Field experiment:
• Heterogenous effects by age: adults’ impatience measured in incentivized tasks is 

unaffected by the intervention after 15 months follow-up, but we observe large effects on 
impatience, estimated discount factors, and field saving behavior for youth in our 
setting

Meta-study:
• On average, the effect of interventions on reducing impatience may be positive but 

uncertain (-0.05 sigma). The age of students and fade-out appear to explain a large 
share of between-study heterogeneity in treatment effects.



Age distributions are balanced 



Time preference elicitation design (Carvalho et al. 2016, JDE)

• Conducted via phone and using mobile money 
• Adding “thank-you payments” in two installments (500 UGX sooner and 500 UGX later) 

regardless of the experimental choices to equalize transaction costs

• Outcome variables: 
i. Share of the budget allocated to the sooner payment date
ii. Binary indicator of choosing the early option (at the-choice-level)
iii. Estimated individual discount factor B𝛿 (and present bias B𝛽) from a standard beta-

delta utility function (Laibson 1997, QJE)



Treatment effects on allocation behaviors



Heterogenous treatment effects on allocation behaviors by age



Treatment effects on utility parameters (Andersen 2008)



Heterogenous treatment effects by age: estimated individual discount factors



Treatment effects on field saving behavior



Treatment effects on field saving behavior



Ruling out alternative mechanisms 

ü No effects on choice consistency 
ü No evidence for decrease in narrow bracketing (intertemporal arbitrage)
ü No treatment effects on financial numeracy 
ü Generally high trust, no evidence for treatment effects on trust, robust to excluding the few 

participants with low trust in payment
ü No effects on income or background consumption (liquidity constraints)
ü No difference in take-up or attendence by age 
ü No average or differential effects on mobile money use

ØMost plausible: A change in deep parameters? If so, is this finding general?



Are these results generalizable across contexts? Meta-Analysis

Inclusion criteria
• RCT studying the effect of an educational intervention on a measure of impatience elicitied 

via incentivized decision experiments

Dataset:
• 11 RCTs and 45 treatment effect estimates
• Intensity ranges from 1 hour to 16 hours of classroom exposure
• Within-study average age ranges from 8 to 49 
• Countries: Bangladesh, Germany, Italy, Liberia, Philippines, Spain, Tanzania, Turkey, Uganda
• Sample sizes from 165 to 4100
• Delay between treatment and measurement of time preferences from immediately after to 

about five years after



Meta-Analysis: Forest Plot (Aggregated) (DV: TE on Impatience)

Lührmann et al. 2018
Alan and Ertac 2018
Bover et al. 2018
Horn et al. 2020
Migheli and Moscarola
Sutter et al. 2020
Bjorvatn et al. 2020
Berge et al. 2015
Breitkopf et al. 2022
Blattman et al.  2017
Kaiser et al.  2023

Overall
Heterogeneity: τ2 = 0.01, I2 = 40.00%, H2 = 1.67
Test of θi = θj: Q(10) = 16.18, p = 0.09
Test of θ = 0: z = -1.32, p = 0.19
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Meta-Regression Analysis



Predicted treatment effects by age from the meta-analysis model



Conclusion

• (Financial-) education interventions appear to be generally successful in fostering 
non-cognitive outcomes (i.e., time-preferences of children, youth and young adults)

• We find causal effects on measures of impatience and estimated discount factors for 
youth

• In contrast to Lührmann et al. 2018: 
• No effect on time-inconsistency (i.e., present bias) 
• No effect on choice consistency
• No decrease in narrow bracketing

• This could be an important mechanism explaining part of the treatment effects of 
financial education on saving behavior documented in previous literature  (Lusardi 
and Mitchell 2014, JEL; Kaiser et al. 2022, JFE)



Thank you!
Prof. Dr. Tim Kaiser
RPTU, IfW Kiel, CESifo & IZA
tim.kaiser@rptu.de


