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Significance

Measures of well-being have 
often been found to rise with log 
(income). Kahneman and Deaton 
[Proc. Natl. Acad. Sci. U.S.A. 107, 
16489–93 (2010)] reported an 
exception; a measure of 
emotional well-being (happiness) 
increased but then flattened 
somewhere between $60,000 and 
$90,000. In contrast, Killingsworth 
[Proc. Natl. Acad. Sci. U.S.A. 118, 
e2016976118 (2021)] observed a 
linear relation between happiness 
and log(income) in an experience-
sampling study. We discovered in 
a joint reanalysis of the 
experience sampling data that 
the flattening pattern exists but is 
restricted to the least happy 20% 
of the population, and that 
complementary nonlinearities 
contribute to the overall linear-log 
relationship between happiness 
and income. We trace the 
discrepant results to the authors’ 
reliance on standard practices 
and assumptions of data analysis 
that should be questioned more 
often, although they are standard 
in social science.
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Do larger incomes make people happier? Two authors of the present paper have pub-
lished contradictory answers. Using dichotomous questions about the preceding day, 
[Kahneman and Deaton,  Proc. Natl. Acad. Sci. U.S.A. 107, 16489–16493 (2010)] 
reported a flattening pattern: happiness increased steadily with log(income) up to a 
threshold and then plateaued. Using experience sampling with a continuous scale, 
[Killingsworth, Proc. Natl. Acad. Sci. U.S.A. 118, e2016976118 (2021)] reported a line-
ar-log pattern in which average happiness rose consistently with log(income). We engaged 
in an adversarial collaboration to search for a coherent interpretation of both studies. A 
reanalysis of Killingsworth’s experienced sampling data confirmed the flattening pattern 
only for the least happy people. Happiness increases steadily with log(income) among 
happier people, and even accelerates in the happiest group. Complementary nonlinear-
ities contribute to the overall linear-log relationship. We then explain why Kahneman 
and Deaton overstated the flattening pattern and why Killingsworth failed to find it. 
We suggest that Kahneman and Deaton might have reached the correct conclusion if 
they had described their results in terms of unhappiness rather than happiness; their 
measures could not discriminate among degrees of happiness because of a ceiling effect. 
The authors of both studies failed to anticipate that increased income is associated with 
systematic changes in the shape of the happiness distribution. The mislabeling of the 
dependent variable and the incorrect assumption of homogeneity were consequences 
of practices that are standard in social science but should be questioned more often. We 
flag the benefits of adversarial collaboration.

Well-being | happiness | income | income satiation | experience sampling

Can money buy happiness? Two authors of this article have published contradictory claims 
about the relationship between emotional well-being and income. We later agreed that 
both studies produced valid results and that it was our responsibility to search for an 
interpretation that explains both findings. We engaged in an adversarial collaboration and 
asked Barbara Mellers to be the facilitator. This article reports the outcome of our work.

Kahneman and Deaton [(1); hereafter KD] reported data from “more than 450,000 
responses to the Gallup-Healthways Well-Being Index, a daily survey of 1,000 US residents 
conducted by the Gallup Organization in 2008 to 9.” The survey included several dichot-
omous questions about the emotional experience of the preceding day: “Did you experi-
ence the following feelings during a lot of the day yesterday? How about _____?” KD 
computed for each individual the average incidence (scored 1 or 0) of three happy states 
(happiness, enjoyment, and frequent smiling) and of two “blue” states (worry and sadness). 
A feature of this scoring method is that each measure of emotional well-being is a fraction, 
so the complement is a measure of unhappiness.

The article presented detailed analyses that linked emotional well-being (which we will 
call happiness) to various life circumstances. The two curves in Fig. 1A show the means 
of individual scores on happiness (positive and “not-blue” affect) for different household 
incomes. The main finding of the KD study is the flattening pattern: the average of hap-
piness scores rises up to a threshold income and then levels off. The evidence for flattening 
is that, for both the positive and the not-blue measures, averages in the top two categories 
of income (90 to 120k and 120k or higher) are statistically undistinguishable, despite 
large numbers of observations in each.

KD concluded that “Emotional well-being [also] rises with log income, but there is no 
further progress beyond an annual income of ∼$75,000.” The threshold of $75,000, which 
has been frequently quoted, is simply the midpoint of the “60 to 90K” income category. 
A more precise statement would be that there is no further progress in average happiness 
beyond a threshold at or below 90K.

Matthew Killingsworth [(2); hereafter MK] recruited a large number of participants 
for a study in which he obtained “1,725,994 experience-sampling reports from 33,391 
employed US adults.” The participants were prompted on their smartphones to report 
their current happiness, typically three times per day for several weeks. They answered the 
question, “How do you feel right now?” on a continuous response scale with end points 
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labeled “Very bad” and “Very good.” MK analyzed the means of 
his measure of happiness as a function of income. His conclusion 
is described in the title of his article, “Experienced well-being rises 
with income, even above $75,000.” As shown in Fig. 1B, MK 
found a linear relationship between average experienced happiness 
and log(income) which extended well beyond $200,000. We will 
refer to the steady increase in average happiness with log(income) 
as the linear-log pattern.

We agreed that KD and MK had attempted to measure the 
same construct of emotional well-being. We also agreed that expe-
rience sampling was the gold standard for the measurement of 
emotional well-being, and that MK’s continuous measure of hap-
piness was more sensitive than the average of dichotomous Gallup 
questions. We therefore accepted MK’s conclusion about the con-
sistent linear relationship between average happiness and log 
income. We also agreed that KD had demonstrated the flattening 
pattern as a robust feature of emotional well-being, which should 
be replicated in an adequate study.

How could the two patterns be present in the same data? A line 
of reasoning that eventually proved flawed led us to a hypothesis 
that proved to be correct. The hypothesis consists of two propo-
sitions: 1) There is an unhappy minority, whose unhappiness 
diminishes with rising income up to a threshold, then shows no 
further progress; 2) In the happier majority, happiness continues 
to rise with income even in the high range of incomes. We inves-
tigated these propositions in an analysis of MK’s experience sam-
pling data.

This article consists of two sections. The first confirms that the 
linear-log pattern and the flattening pattern are both present in 
MK’s data. The second section explores the question of why the 
correct solution was not reached earlier. Why did KD overstate 
the scope of the flattening pattern? And why did MK fail to 
observe flattening in his original analysis? The answers point to 
reasonable procedures and standard methodological norms that 
were applied in the original studies. We conclude that these com-
mon practices should be questioned more often.

Results

The goal of our analysis was to search for the flattening pattern in 
MK’s data, but we first had to specify precisely where it would be 
found. As illustrated in Fig. 1A, flattening is characterized by a 
threshold income, beyond which further increases are not associ-
ated with improved happiness. A replication of KD’s results in 
MK’s data should not only demonstrate the flattening; it should 
also reproduce its coordinates.

For the two studies to be comparable, the threshold income 
beyond which happiness is expected to flatten requires an adjust-
ment because KD and MK used different income categories and 
collected data at different times: KD gathered data in 2008 to 
2009, and MK from 2009 to 2015. Adjusting for inflation, the 
threshold of <= 90K observed in KD becomes <=97K. The cate-
gory that contains 97K in MK’s study is 90 to 100K. We, therefore, 
identify two ranges of income, below and above 100k. We use the 
logarithm of income in our analyses as both KD and MK did.

Fig. 2 presents a comprehensive analysis of the relationship 
between happiness and log(income) in the experience sampling 
study. It shows the happiness scores that correspond to five differ-
ent quantiles of the distribution. For example, the 50th percentile 
plots the medians of happiness in the different income categories. 
We used quantile regression to investigate the trends shown in 
Fig. 2, computing separate slopes in the low range of incomes (less 
than $100,000) and in the higher range (above $100,000) for 
each of the five quantiles.

Starting from the low end of the happiness distribution, we 
find flattening for the 15th percentile, consistent with KD. The 
happiness of the least happy 15% rises quickly in the lower range 
of income, leveling off abruptly at $100,000 to a near-zero, sta-
tistically nonsignificant slope in the higher range of incomes.

Table 1 provides a more detailed view of the relationship 
between happiness and log(income) in the lower range (5 to 35%) 
of the happiness distribution in the experience sampling data. We 
see flattening in the three lowest quantiles. Note that the range of 

Fig. 1. (A) Redrawn from KD. Average fraction of population reporting positive affect (happiness, joy, frequent smiling) and average fraction not reporting 
negative affect (sadness, worry). The lines connecting the midpoints of the income categories are reproduced from KD. (B) Average experienced (emotional) 
well-being in experience sampling in MK. (Note: Fig. 1B differs slightly from Fig. 1 in MK. Fig. 1 in MK compared the income trend of experienced well-being to 
life satisfaction in participants who provided data for both measures. Fig. 1B also includes people who were not asked the life satisfaction question. Fig. 1B 
corresponds to the “Main Results” described in MK, Table 1.)
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happiness values for which flattening occurs in Table 1. (up to 15 
to 20%) is quite similar to KD’s observations: In the flat region 
of Fig. 1A, the fraction reporting negative affect was 19%, and 
the fraction not reporting positive affect was 11%.

Also of interest, Fig. 2 shows that the 15th percentile of the 
happiness distribution is close to the midpoint of MK’s continuous 
scale. Approximately 15 to 20% of people frequently experience 
negative affect, and the relationship between happiness and 
income is different in that group and in the happier majority. The 
suffering of the unhappy group diminishes as income increases up 
to 100k but very little beyond that. This income threshold may 
represent the point beyond which the miseries that remain are not 
alleviated by high income. Heartbreak, bereavement, and clinical 
depression may be examples of such miseries.

Fig. 2 shows that a different pattern appears in the 30th and 
50th percentiles, which matches the trend of the overall average. 
A third pattern, which we had not anticipated, appears in the 
70th and 85th percentiles. For the happiest 30% of people in the 

various income categories, happiness rises with log(income) at an 
accelerated rate beyond 100k.

We compared the slopes below and above 100k for each quan-
tile by including an interaction term in quantile regressions. For 
the 15th percentile, the slope flattens above 100k (P = 0.0002). 
For the 85th percentile, the slope accelerates above 100k 
(P = 0.023). The slopes do not differ significantly in the remain-
ing quantiles (30th, 50th, 70th), although the 70th percentile 
approaches significance (P = 0.075). The acceleration at the 85% 
percentile and the flattening at the 15th percentile are contrary 
to the trend that would be expected from floor or ceiling effects 
(e.g., a ceiling effect would predict a diminishing slope at the 
high end of the happiness distribution, not an acceleration). The 
simple linear-log relationship shown in Fig. 1B turns out not to 
be simple after all: it is produced, in part, by complementary 
nonlinearities.

The correlation between income and well-being is much dis-
cussed, both by the public and by social scientists and has been 

Fig. 2. Emotional well-being of the 15th, 30th, 50th, 70th, and 85th percentiles of the person-level happiness distribution in MK, calculated within each income 
category. Slopes were calculated below and above 100k, using quantile regression.
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the focus of considerable research (3–13). Yet is important to note 
that the relationship is weak, even if statistically robust. The cor-
relation between average happiness and log(income) is 0.09 in the 
experience sampling data, for example, and the difference between 
the medians of happiness at household incomes of $15,000 and 
$250,000 is about five points on a 100-point scale. The flattening 
and accelerating patterns are even smaller modulations of a small 
effect. However, the emotional effects of other circumstances are 
also small. KD reported that the effect of an approximately four-
fold difference in income is about equal to the effect of being a 
caregiver, twice as large as the effect of being married, about equal 
to the effect of a weekend, and less than a third as large as the 
effect of a headache.

Errors and Their Origins. We have noted that KD claimed that 
the flattening pattern applies to the happiness of the entire 
population when in fact it is restricted to the lowest 15 to 
20% of the distribution. For his part, MK did not discover 
that the linear-log relationship he observed is due in part to 
offsetting nonlinearities. We think we now know how these 
errors occurred.

How did KD come to overstate the scope of the flattening 
pattern that they discovered? The answer is that they quite reason-
ably believed that the Gallup questions on which they relied pro-
vided a measure of happiness in general, when in fact these 
questions were only useful as a measure of unhappiness in par-
ticular. We now turn to an explanation of this surprising claim.

KD analyzed the relationship between happiness (positive and 
not-blue affect) and income. The orientation of the variable was 
the obvious choice because KD were investigating happiness, not 
misery, just as scholars who study intelligence have tests of intel-
ligence and not of stupidity. But there is an argument against that 
choice.

The critical observation is that Fig. 1A shows the distribution of 
happiness to be markedly lopsided. In the range of high incomes, 
in particular, the average reported positive affect is 89% of a perfect 
score (equivalent to 2.67 on a 0 to 3 scale) and the average of two 
not-blue items is 81% of the maximum. For example, on average, 
each dichotomous positive affect item distinguishes between a 
happier 89% of people and a less happy 11% of people, while the 
composite report combines three such items. We know, of course, 
that happy people are not all equally happy. In MK’s experience 
sampling data, for example, the distribution of happiness was 
approximately normal. The high density of maximum scores in the 
KD items indicates that the items do not adequately discriminate 
among degrees of happiness—there is a ceiling effect.

An example illustrates the relevance of a ceiling effect to the 
naming of a variable. Imagine a test of cognitive functioning 

which consists of items that most elderly patients pass easily, 
with a few exceptions due to inattention or momentary confu-
sion. Such a test would rightly be considered a measure of 
dementia: the number of items failed is an indication of the 
severity of dementia, but the scale does not discriminate among 
levels of normal cognitive functioning because most normal 
people get the same perfect score. A similar argument implies 
that KD’s affect items are best interpreted as measures of 
unhappiness.

The label of the scale is important because it determines the 
interpretation of results. Consider two possible summaries of KD’s 
data. With “emotional well-being” replaced by “happiness,” KD 
write: “Happiness rises with income, but there is no further pro-
gress beyond ~$75,000.” With the scale flipped, the natural sum-
mary would be “Unhappiness diminishes with increasing income, 
but there is no further progress beyond ~$75,000.” The two state-
ments describe the same results and initially appear interchangea-
ble. When read carefully, however, they do not have the same 
meaning.

The difference is in the scope of the assertion. Without further 
qualification, a statement about wealth, intelligence, or happiness 
is taken to apply to the average of the whole population, as in the 
following example: “In this region, there is an East–West gradient 
in (wealth/intelligence/happiness). “With reversed labels, state-
ments about poverty, dementia, or misery are taken to describe 
the poor, the demented, and the unhappy. They do not support 
inferences about other cases.

We believe that if KD had labeled their scale “unhappiness,” 
they could have concluded with confidence that the flattening 
pattern applies to a category of unhappy people. We also believe 
that they would have had no grounds to infer that the happiness 
of happier people flattens in the same way. The narrower statement 
of the flattening pattern is entirely compatible with a linear-log 
pattern in average happiness. Indeed, both patterns were con-
firmed in our analysis of MK’s data. In summary, we suggest that 
KD overstated the scope of flattening because they followed con-
ventional practice in labeling their dependent variable. We are 
surely not the first social scientists to note that ceiling effects and 
labels matter.

The main finding of our reanalysis of MK’s study is that the 
shape of the distribution of happiness changes—slightly, but 
systematically—as income rises. The same increases of income 
have different effects on the happy and on the unhappy regions 
of the distribution. In the low range of incomes, unhappy peo-
ple gain more from increased income than happier people do. 
In other words, the bottom of the happiness distribution rises 
much faster than the top in that range of incomes. The trend 
is reversed for higher incomes, where very happy people gain 
much more from increased income than unhappy people do. 
The upper part of the happiness distribution rises with log(in-
come) at an accelerated rate in that range, while the lower 20% 
is almost completely flat. The middle of the happiness distri-
bution shows approximately linear gains in happiness with 
rising log(income). We use terms such as “increase” and “gain” 
for ease of exposition but, to be clear, we are simply describing 
cross-sectional associations between happiness and income (just 
as KD and MK did).

The results of this analysis violate a homogeneity assumption 
that is routinely made—and rarely checked—in the study of 
bivariate relationships. The assumption is more restrictive than 
the familiar condition of homoscedasticity. It holds if the condi-
tional distributions of the predicted variable retain the same shape 
over the entire range of the predictor. In the present case, homo-
geneity requires the entire distribution of happiness to move in 

Table 1. Happiness at different percentiles in MK
Percentile of 
happiness Slope up to $100k Slope above $100k

5% (least happy) 2.34 (t = 4.7) 0.25 (t = 0.5)

10% 1.75 (t = 6.6) 0.52 (t = 1.4)

15% 1.90 (t = 8.4) 0.34 (t = 1.0)

20% 1.84 (t = 8.5) 0.62 (t = 1.8)

25% 1.52 (t = 6.8) 1.12 (t = 3.3)

30% 1.33 (t = 6.3) 1.21 (t = 4.3)

35% 1.26 (t = 6.8) 1.21 (t = 4.1)
The table displays piecewise quantile regression slopes at the low end of the happiness 
distribution (5 to 35% percentiles). Slopes above $100k were not statistically significant 
(i.e., flat) for the lowest three percentiles (5%, 10%, and 15%) and marginally positive for 
the fourth (20%, P = 0.08). The remaining slopes above $100k and all slopes below $100k 
were significantly positive.
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unison as income changes: If the 44th percentile rises by three 
points, then every quantile of the distribution also rises by three 
points.

Neither KD nor MK investigated the possibility that the dis-
tribution of happiness might change shape as income rises. The 
two panels of Fig. 1 both describe the happiness/income rela-
tionship by plotting conditional means. The choice of display 
implicitly invokes the assumption that these means provide a 
sufficient description. For the means to be sufficient, however, 
homogeneity must hold. MK would have discovered the flatten-
ing pattern if he had studied the joint distributions in detail, 
but the standard practice of social science did not require that 
step.

We have traced KD’s overstatement of the flattening pattern 
and MK’s failure to find it in his data to routine methodolog-
ical practices which should perhaps be questioned more often. 
The choice of the orientation of a variable (in this case, hap-
piness or unhappiness) is not always obvious, nor is it incon-
sequential. In particular, researchers should not take it for 
granted that their measures function as intended. In KD’s case, 
a scale that was interpreted as a measure of happiness turned 
out to be a measure of unhappiness, with much consequent 
confusion. The other source of error in this episode was the 
norm that allows bivariate relationships to be described with-
out detailed inspection of the joint distribution. The conflict 
between the two studies would have been avoided by following 
analytical procedures that are only slightly stricter than current 
standards.

Concluding Remarks

We wish to flag the increasingly popular process of adversarial 
collaboration, in which researchers with different views attempt 
to resolve their disagreement by doing joint research with the help 
of a friendly arbiter (14–19). The surprising results of Fig. 2 would 
not have come to light had we not attempted to understand the 
basis of our conflicting conclusions.

The argument that we have presented is fairly straightforward, 
and it may suggest that we formulated it quickly and only then 
turned to the MK data for confirmation. This impression would 
be misleading. Although we developed the hypothesis that the 
flattening pattern is restricted to unhappy people quite early, the 
details of the current treatment took shape over a long time and 
many versions. Our difficulties were similar to those that affected 
KD and MK. Routine assumptions have a powerful hold, and 
precisely formulating how they fail is not easy.

Finally, we must also note that we benefited from luck. The 
close correspondence that we found between the KD and MK 
studies is a better result than social scientists can reasonably expect, 
even when their hypotheses are correct.

Materials and Methods

Sample Information. Participants were 33,391 employed adults living in 
the United States. The median age was 33, the median household income 
was $85,000/year (25th percentile = $45,000; 75th percentile = $137,500; 
mean = $106,548; SD = $95,393), 36% were male, and 37% were mar-
ried. To reduce confounding effects on the association between income and 

well-being such as unemployment, retirement, and family income trans-
fers, the participants were restricted to employed adults living in the United 
States of working age (18 to 65) who reported household incomes of at least 
$10,000/year.

Experience Sampling Procedure. After providing informed consent, partici-
pants completed an intake survey, which included demographic questions as 
well as two measures of life satisfaction, as detailed below. The participants 
were next asked to indicate the times at which they typically woke up and went 
to sleep, and how many times during the day they wished to report on their 
experiences (default = 3). A computer algorithm then divided each partici-
pant’s day into a number of intervals equal to the number of desired reports, 
and a random time was chosen within each interval. New random times were 
generated each day, and the times were independently randomized for each 
participant. At each of these times, the participants were signaled via a notifi-
cation on their smartphone, asking them to respond to a variety of questions 
about their experiences at the moment just before the signal. The experienced 
well-being question was asked in every survey. Other questions unrelated to 
the present investigation were also asked. The participants received notifica-
tions requesting a report until they chose to discontinue participation. If 50 
samples had been collected, reporting stopped for 6 mo or until the participant 
requested that it be restarted.

Compliance rate was calculated by dividing the number of actual reports by 
the number of notifications sent during a participant’s “active period,” which was 
defined as the interval between a participant’s first and last responses. For exam-
ple, if a participant received 50 notifications but only completed 25 reports, their 
compliance rate would have been 50%. The median compliance rate observed 
was 72%.

Income Measure. Income was measured on an intake survey that occurred prior 
to and on a different occasion from any of the experienced well-being measures. 
Thus, income was not made salient by the study design to participants when they 
were reporting experienced well-being.

Income was measured by asking people, “What is your total annual house-
hold income before taxes?” with response options in $10,000 increments up to 
$100,000/year, followed by “$100,001 to $125,000, $125,001 to $150,000, 
150,001 to $200,000, and over $200,000.

If a person selected “over $200,000,” then an expanded income range was 
offered including $200,001 to $300,000, $300,001 to $500,000, $500,001 to 
$750,000, $750,001 to $1,000,000, $1,000,001 to $2,000,000, $2,000,001 
to $4,000,000, $4,000,001 to $7,000,000, $7,000,001 to $10,000,000, 
$10,000,001 to $20,000,000, $20,000,001 to $50,000,000, $50,000,001 to 
$100,000,000, and more than $100,000,000.

For analysis and visualization, income values were set to the midpoint of the 
income range selected, e.g., the income value for the income band $100,001 to 
$125,000 was set to $112,500. In practice, 90.96% of people indicated incomes 
below $200,000/year. Incomes over $500,000 were quite rare, collectively com-
prising just 1.2% of the sample, and were pooled together and set to a value of 
$625,000/year for visualization and analysis (the midpoint of the income band 
was above $500,000/year).

Informed Consent. At initial sign-up, participants completed an informed con-
sent form electronically. This research was approved by the UC Berkeley Committee 
for Protection of Human Subjects and the Harvard University Committee on the 
Use of Human Subjects.

Data, Materials, and Software Availability. Person-level data are available 
on OSF at https://osf.io/qye4a/. For privacy, person-level well-being values are 
slightly rounded (20).
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