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1 Predictions Two and Three from Aghion et al. (2016)

In the theoretical framework section of their paper, Aghion et al. (2016) provide theoretical predic-

tions that motivate their empirical strategies. Prediction one was presented in the main manuscript

of this paper. Prediction two states: A higher job creation rate increases well-being, whereas a

higher job destruction rate decreases well-being. Prediction three states: A higher turnover rate

increases well-being more, whereas a higher job destruction rate decreases well-being less the more

generous the unemployment benefits. Aghion et al. (2016) find empirical support for these pre-

dictions. In this section I test the robustness of these empirical findings to reasonable monotonic

increasing transformations. Recall from Figure 2, that the LMA curves for the job creation coef-

ficient in prediction two and both coefficients of interest in prediction three cross the horizontal

axis. This suggests that it is theoretically possible for a monotonic increasing transformation to

change the sign of these coefficients. At the same time, the economic significance of the empirical

findings testing predictions two and three from Aghion et al. (2016) may not be robust to such

transformations.

Figures A1 and A2 show the simulation results for these theoretical predictions, respectively.

The first insight from both of these figures is, even though the LMA curves do cross the horizontal

axis, in practice there is no reasonable monotonic increasing transformation that changes the sign

on any of these coefficients. Therefore, empirical findings supporting theoretical predictions two

and three qualitatively persist. Despite this finding, the magnitude of the effects and the statistical

significance do change meaningfully over all reasonable transformations.

In particular, Panels A and C in Figure A1 show the coefficients on the job creation rate for
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prediction 2, without and with additional MSA-level controls, respectively. These simulation results

show the coefficient ranging from between just above zero to just below two. Additionally, with

the exception of some concave transformations, these effects are statistically significant. Note that

the magnitudes of effects presented by Aghion et al. (2016) suggest that a one standard deviation

increase in the job creation rate is associated with an increase in SWB of about 0.12 standard

deviations. The simulation results in Panel C of Figure A1 suggest that a one standard deviation

increase in the job creation rate is associated with an increase in SWB of between 0.01 and 0.17

standard deviations. Therefore the economic significance of this effect is not robust to reasonable

transformations.

Panels B and D in Figure A1 show the coefficients on the job destruction rate for prediction

2, without and with additional MSA-level controls, respectively. The simulation results show the

coefficient ranging from -0.043 to -0.73. In terms of statistical significance, reasonable transforma-

tions cause the effect to become statistically insignificant more often than not. This is especially

the case when additional MSA-controls are added into the regression, shown in Panel D of Figure

A1. In fact, assuming a reporting function that is largely linear, which is represented by transfor-

mations with σ values around one, is the only case when the coefficient on the job destruction rate

is statistically significant. This is enough to suggest that this result is not robust to reasonable

monotonic increasing transformations.

Similar results follow for tests of prediction three in Figure A2. The most notable features of these

simulation results is the lack of robustness, in terms of statistical significance, of these results to

monotonic increasing transformations. The empirical results presented by Aghion et al. (2016) are

only statistically significant at the 10% level, when additional MSA-control variables are included.

Each of the Panels in Figure A2 show, however, that for most reasonable transformations these

results are statistically insignificant. Although it is worth noting that the coefficient estimates are

slightly more stable in prediction three, these results still are not robust to reasonable monotonic

increasing transformations.
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Figure A1: Simulation Results for Prediction 2 in Aghion et al. (2016)

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with standard errors clustered by MSA-level. Each panel
refers to a different specification used to test prediction 2. Panel A refers to the coefficient on the job creation rate in
column (1) of prediction 2, which intentionally omits additional MSA-level controls. Panel B refers to the coefficient
on the job destruction rate in column (1) of prediction 2, which again intentionally omits additional MSA-level
controls. Panel C refers to the coefficient on the job creation rate in column (2) of prediction 2, which includes
MSA-level controls. Finally, panel D refers to the coefficient on the job destruction rate in column (2) of prediction
2, which again includes MSA-level controls.
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Figure A2: Simulation Results for Prediction 3 in Aghion et al. (2016)

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with standard errors clustered by MSA-level. Each panel
refers to a different specification used to test prediction 3 in Aghion et al. (2016). Panel A refers to the coefficient
on job turnover × unemployment insurance generosity in column (1), which intentionally omits additional MSA-level
controls. Panel B refers to the coefficient on job turnover × unemployment insurance generosity in column (2),
which includes additional MSA-level controls. Panel C refers to the coefficient on job destruction × unemployment
insurance generosity in column (3), which intentionally omits additional MSA-level controls. Finally, panel D refers
to the coefficient on job destruction × unemployment insurance generosity in column (4), which includes MSA-level
controls.
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2 Comparing Marginal Effects Across Transformations

Comparing interpretations of the marginal effects calculated from transformed ordinal scales to

original (or linear) ordinal scales may be challenging. The transformation of the dependent variable

sometimes changes the interpretation of regression coefficients. For example, in some specifications

taking the natural log of the dependent variable allows regression coefficients to be interpreted as

percentage changes. Therefore, this may complicate the comparison of regression coefficients across

monotonic increasing transformations. One way to overcome this challenge is to manually calculate

the marginal effect (Cameron and Trivedi 2010) and express the marginal effect in terms of the

original linear ordinal scale. Table A1 shows both the raw marginal effects (in row i of each panel)

and the marginal effects expressed in terms of the original linear scale (in row ii of each panel)

for each of the coefficients of interest in Aghion et al. (2016). Column (1) shows marginal effects

given σ = 1, that is the transformation is linear. Columns (2) and (3) show marginal effects at the

extremes of the domain of σ, 0.1 and 10, respectively.

Panel A shows that when expressing the marginal effects in terms of the original linear scale, the

effect size still ranges from close to zero to an effect size that is considerably larger than reported

by Aghion et al. (2016). Therefore, the lack of robustness of the effect size persists even when

converting marginal effects, calculated with different σ values, back into terms of the linear zero

through ten scale. The other panels also show considerable variation in the marginal effects, for

discrete values of σ, even when expressed in terms of the original linear ordinal scale.
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Table A1: Marginal Effects in Terms of Transformed and Linear SWB Scales
(1) (2) (3)

Dep. Variable: Gallup SWB log (σ) = 0 log (σ) = −1 log (σ) = 1

A: Prediction1, Job Turnover
(i) Raw Marginal Effect 0.521 -0.021 0.950***

(0.237) (0.088) (0.221)
(ii) Marginal Effect on Linear Scale 0.521 -0.139 0.701***

(0.237) (0.548) (0.158)
Additional MSA controls No No No
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 556,300 556,300 556,300

B: Prediction 2, Job Creation
(i) Raw Marginal Effect 1.274*** 0.131 1.549***

(0.445) (0.168) (0.404)
(ii) Marginal Effect on Original Scale 1.274*** 0.847 1.137***

(0.436) (1.135) (0.289)
Additional MSA controls Yes Yes Yes
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 461,054 461,054 461,054

C: Prediction 2, Job Destruction
(i) Raw Marginal Effect -0.702** -0.245* -0.043

(0.306) (0.142) (0.306)
(ii) Marginal Effect on Original Scale -0.702** -1.584* -0.031

(0.326) (0.926) (0.237)
Additional MSA controls Yes Yes Yes
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 461,054 461,054 461,054

D: Prediction 3, Job Turnover × UI Generosity
(i) Raw Marginal Effect 0.675** 0.322** 0.284

(0.310) (0.129) (0.297)
(ii) Marginal Effect on Original Scale 0.675** 2.086** 0.209

(0.315) (0.829) (0.222)
Additional MSA controls No No No
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 556,300 556,300 556,300

E: Prediction 3, Job Destruction × UI Generosity
(i) Raw Marginal Effect 0.620* 0.388*** 0.248

(0.329) (0.148) (0.322)
(ii) Marginal Effect on Original Scale 0.620* 2.511*** 0.183

(0.317) (0.969) (0.249)
Additional MSA controls No No No
Individual controls Yes Yes Yes
Year and month fixed effects Yes Yes Yes
Obs. 556,300 556,300 556,300

Notes: Within each panel, row (i) shows the raw marginal effect given the discrete σ
value and row (ii) shows the marginal effect given the discrete σ value that is trans-
formed back into terms of the original zero through ten linear ordinal SWB scale.
Standard errors are shown in parentheses. In rows (i) standard errors are calculated
by clustering at the MSA level. In rows (ii) standard errors are bootstrapped with
1,000 replications. *** p<0.01, ** p<0.05, * p<0.1.
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3 OLS results from Nunn and Wantcheckon (2011)

Before showing instrumental variable results, Nunn and Wantcheckon (2011) perform an OLS

regression testing the relationship between the slave trade and present day trust in sub-Saharan

Africa. These results are shown in Table 2 of Nunn and Wantcheckon (2011). Although, the OLS

results could be biased by omitted variables, it may be informative to examine the robustness of

these results to reasonable monotonic increasing transformations. These results are shown in Figure

A3. In general the core finding from the simulations of the instrumental variable results holds with

the OLS results as well. Namely, that the empirical findings are largely robust, in terms of effect

size and statistical significance, to all reasonable transformations.

For the sake of comparison with the instrumental variable results, recall that a statistic mea-

suring robustness of from Panel B in Figure 5 is 0.096. Now consider the analogous result from

Panel B in Figure A3. The overall change in the test score gap is 0.06 standard deviations for

all reasonable transformations. The confidence interval around these coefficient estimates has a

maximum difference of 0.15. Taking the ratio of these two numbers provides a statistic measuring

robustness of a specific empirical result of 0.4 (= 0.06/0.15). Although the instrumental variable

results are more robust than the OLS results, both robustness statistics are well below a value of

one, indicating that both results are relatively robust to monotonic increasing transformations.
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Figure A3: Simulation Results for OLS Estimates from Nunn and Wantcheckon (2011)

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with standard errors clustered by ethnicity. Each panel
refers to a different specifications used in Table 2 of Nunn and Wantchekon (2011). Panel A refers to column (1)
with the dependent variable trust of relatives. Panel B refers to column (2) with the dependent variable trust of
neighbors. Panel C refers to column (3) with the dependent variable trust of local council. Panel D refers to column
(4) with the dependent variable intra-group trust. Finally, panel E refers to column (5) with the dependent variable
inter-group trust.
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4 Prediction One from Aghion et al. (2016), Zero - Five Scale

Comparing the simulation results from Aghion et al. (2016) with those from Nunn and Wantcheckon

(2011) leads to the question: Does the number of categories included on an ordinal scale impact

the robustness of results to monotonic increasing transformations? To test this idea, I redefine the

scale used to measure SWB in Aghion et al. (2016) as being defined by six categories, rather than

11. This nearly cuts the number of categories in half. To do this I re-coded responses of 1 and 2

to be 1, 3 and 4 to be 2, 5 and 6 to be 3 and so on. This leads to a scale that is defined from zero

through five, rather than from zero through 10. Next, I re-run the exact same simulations on the

empirical specifications testing prediction one from Aghion et al. (2016).

These results are presented in Figure A4. Several insights require discussion. First, similar to the

use of the zero through ten scale, these results only change sign for relatively few cases and when

additional MSA-level control variables are included in the specification the result never changes

sign. Second, although the magnitude continues to change depending on the functional form of

the transformation, the range of the coefficient estimates is roughly half the range of coefficient

estimates when using the original zero through ten scale. In particular, the coefficient estimate

varies from close to zero to just above 1, in Panel C of Figure 3, and this same coefficient varies

from close to zero to just above 0.5, in Panel C of Figure A4. This result is theoretically reasonable,

since re-coding the scale by cutting the number of categories roughly in half will effectively cut the

overall variation in the variable roughly in half.

This result suggests that, although there may be an implicit trade-off between the number of

categories on an ordinal scale and robustness to monotonic increasing transformations, limiting

the number of categories is not a panacea. Even ordinal scales with relatively few categories may

produce empirical findings that are relatively fragile to monotonic increasing transformations.
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Figure A4: Simulation Results for Prediction 1 in Aghion et al. (2016) with Zero - Five Scale

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with standard errors clustered by MSA-level. Each panel
refers to a different specification used to test prediction 1. Panel A intentionally omits the unemployment rate and
additional MSA-level controls. Panel B includes the unemployment rate but intentionally omits additional MSA-level
controls. Finally, panel C includes the unemployment rate and additional MSA-level controls.
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5 Additional Test Score Gap Analysis from Bond and Lang (2013)

The analysis by Bond and Lang (2013) provides two additional applications to test the validity of

the method developed in this paper. Both of which replicate the core findings of Bond and Lang

(2013) and therefore add to the credibility of the methodology developed in this paper.

The first illustration is to perform the same analysis as shown in Figure 7, but control for

socioeconomic factors that may explain some of the early elementary racial test score gap. This

more closely examines the result from Fryer and Levitt (2004) suggesting that the black-white test

score gap in kindergarten through third grade can be explained by a relatively small number of

socioeconomic factors. Bond and Lang (2013) examine the robustness of this finding in Table 5

of their paper. They find that, when controlling for the same socioeconomic factors as Fryer and

Levitt (2004), the test score gap in the fall of kindergarten is robust to reasonable transformations.

This result is largely replicated in Panel A of Figure A5. Although the racial test score gap is

not statistically significant, in the fall of kindergarten, the coefficient estimate is largely robust to

reasonable monotonic increasing transformations. In contrast, the racial test score gap in third

grade depends on the transformation of the test score scale. Bond and Lang (2013) report a range

of between a 0.17 and a 0.31 standard deviation test score gap in the spring of third grade. This

finding is again replicated in Panel D of Figure A5 where the test score gap ranges from between

0.17 and 0.32 standard deviations for reasonable transformations.

The second illustration uses an additional data source for early education test scores: the Peabody

Individual Achievement Test (PIAT). These test score gaps are calculated without the inclusion of

additional socioeconomic control variables and are presented in Table 3 of Bond and Lang (2013).

The authors report that the gap in kindergarten varies between a statistically insignificant 0.05

and a statistically significant 0.24 standard deviations. Panel A of Figure A6 largely replicates this

result, with a range of the gap between a statistically insignificant 0.06 and a statistically significant

-.25 standard deviations in kindergarten. In third grade, Bond and Lang (2013) report the racial

test score gap ranging between a statistically insignificant 0.06 and a statistically significant 0.63

standard deviations. Panel D of Figure A6, for the most part, replicates this finding with a racial

test score gap ranging between 0.15 and 0.61 standard deviations. The results in Panels C and

D in Figure A6 are the most different from those presented in Table 3 by Bond and Lang (2013).

Nevertheless, the implications are qualitatively similar.

In addition to similar results presented in the main manuscript, these results lend credence to
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the credibility of the methodology developed in this paper. This is highlighted by the fact that the

results from column 2 and 3 in Table 5 of Bond and Lang (2013) can be found within the range of

results shown in Figure A5. Additionally, the results from Table 3 in Bond and Lang (2013) are

for the most part replicated in Figure A6.
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Figure A5: Simulation Results for Bond and Lang (2013) - ECLS Test Score Gap with Controls

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with robust standard errors. Each panel refers to a test
scores from different grades as shown in Table 5 of Bond and Lang (2013). Panel A refers to the test gap in the fall
of kindergarten, panel B the spring of kindergarten, panel C the spring of first grade, and panel D the spring of third
grade.
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Figure A6: Simulation Results for Bond and Lang (2013) - PIAT Test Score Gap

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with robust standard errors. Each panel refers to a test
scores from different grades as shown in Table 3 of Bond and Lang (2013). Panel A refers to the test gap in
kindergarten, panel B refers to grade 1, panel C to grade2, and panel D to grade 3.
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6 Transformations with an Inflection Point

An alternative class of transformations are those with an inflection point. Rather than being either

concave or convex, this class of transformations are convex below and concave above an inflection

point. The motivation for this class of transformation builds off of the intuition of Oswald (2008),

where people are reluctant to report the highest values of some ordinal scale. If the “true” reporting

function is one with an inflection point, this would imply that people are also reluctant to report

the lowest values on the scale. Said differently, it takes a relatively larger marginal gain or loss to

move an individual off the mid-point of some scale.

One way to define such a class of reporting functions is to transform various cumulative distri-

bution functions as follows:

T (Y ) = YMax × F
(X − YMid

σ

)
(A1)

In equation (A1), F (·) is the cumulative distribution function (CDF) with a mean of YMid and

a standard deviation of σ. The domain of σ is dependent by the range of the ordinal scale. In

general, if the scale is zero through YMax and σ = YMid, then F (·) will essentially be linear. Note

that although this line will be linear, it will not exactly replicate empirical results that assume a

linear reporting function. In practice, CDF transformations do not preserve endpoints at zero and

YMax, respectively. Indeed this is one reason for preferring the class of transformations used in

the main manuscript. If σ is relatively close to zero, then F (·) will look increasingly like a step

function, with the step at YMid. These details are visualized in Figure A7 for a zero through ten

scale.

The following figures use equation (A1) to define a class of transformations used in the Monte

Carlo simulations for the results presented in the main manuscript. Figure A8 shows simulation

results for prediction 1 of Aghion et al. (2016). Panel A shows results corresponding to column

1 in Table 2 from Aghion et al. (2016). This shows that the coefficient is positive for linear

transformations, with σ close to five, but becomes negative for transformations that approach

a step-function, with σ close to zero. Coefficient estimates are statistically insignificant for all

transformations. Panel B and C, show simulation results corresponding to columns 2 and 3 in

Table 2 from Aghion et al. (2016). For linear transformations the coefficient estimate is positive

and statistically significant. Additionally, similar to the empirical results reported by Aghion

et al. (2016), the coefficient estimate is larger in Panels B and C than the estimate in Panel
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A. This suggests that the qualitative result, that creative destruction increases SWB more when

the unemployment rate is accounted for, persists for all transformations. Similar to the results

presented in the main manuscript of this paper, however, the quantitative result does change

depending on the form of the transformation. Most notably, for transformations approaching a step-

function, with σ values close to zero, the coefficient estimates in Panels B and C become statistically

insignificant. Although, it is worth pointing out that the coefficient estimates themselves remain

relatively constant for the class of transformations defined by CDFs.

Figure A9 shows simulation results for the instrumental variable estimates of the effect of the slave

trade on trust in sub-Saharan Africa, from Nunn and Wantcheckon (2011). Similar to the results

presented in the main manuscript of this paper, the empirical findings of Nunn and Wantcheckon

(2011) are relatively robust to a class of transformations defined by CDFs. For all transformations,

none of the coefficient estimates change sign. This is consistent with the theoretical conditions of

Schroder and Yitzhaki (2017). With the exception Panel A, referring to the effect on trust with

neighbors, all coefficient estimates are statistically significant for all CDF transformations. In Panel

A, the estimate becomes statistically insignificant for σ values close to zero, when the transformation

resembles a step-function and is essentially a binary indicator variable identifying if respondents

trust their relatives or not. Finally the coefficient estimates themselves are also relatively robust

to reasonable transformations, this is again similar to the simulation results presented in the main

manuscript.

Finally, Figure A10 shows simulation results for the results from Bond and Lang (2013) on the

black-white test score gap between kindergarten and third grade. Although the motivation for a

reporting function with an inflection point may seem less credible in the case of test scores, I find

results similar to those presented in the main manuscript. In short, the empirical findings of Bond

and Lang (2013) are qualitatively replicated. In particular, the growth of the test score gap could

be relatively large and meaningful with a growth of about 0.3 standard deviations or relatively

small and insignificant with a growth of less than 0.1 standard deviations. Therefore, empirical

results on the black-white test score gap in kindergarten through third grade are also not robust

to a class of transformations defined by CDFs.
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Figure A7: Specific Parameter Values of CDF Transformation

Notes: This figure shows various transformation functions, given specific parameter values. The functions map the
original variable, Y, into a transformed ordinal variable, T(Y). In this figure the scale is assumed to run from 0 - 10.
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Figure A8: Simulation Results for Prediction 1 in Aghion et al. (2016), CDF Transformation

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with standard errors clustered by MSA-level. Each panel
refers to a different specification used to test prediction 1. Panel A intentionally omits the unemployment rate and
additional MSA-level controls. Panel B includes the unemployment rate but intentionally omits additional MSA-level
controls. Finally, panel C includes the unemployment rate and additional MSA-level controls.
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Figure A9: Simulation Results for Nunn and Wantcheckon (2011), CDF Transformations

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with standard errors clustered by ethnicity. Each panel
refers to a different specifications used in Table 5 of Nunn and Wantchekon (2011) presenting IV estimation results.
Panel A refers to column (1) with the dependent variable trust of relatives. Panel B refers to column (2) with the
dependent variable trust of neighbors. Panel C refers to column (3) with the dependent variable trust of local council.
Panel D refers to column (4) with the dependent variable intra-group trust. Finally, panel E refers to column (5)
with the dependent variable inter-group trust.
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Figure A10: Simulation Results for Bond and Lang (2013), CDF Transformations

Notes: The dark lines represent the point estimates for a given specification with the corresponding sigma value.
Lighter lines represent 95% confidence interval calculated with robust standard errors. Each panel refers to a test
scores from different grades as shown in Table 4 of Bond and Lang (2013). Panel A refers to the test gap in the fall
of kindergarten, panel B the spring of kindergarten, panel C the spring of first grade, and panel D the spring of third
grade.
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