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Income is a primary determinant of social mobility, career progression, and personal

happiness. It has been shown to vary with demographic variables like age and

education, with more oblique variables such as height, and with behaviors such as

delay discounting, i.e., the propensity to devalue future rewards. However, the relative

contribution of each these salary-linked variables to income is not known. Further, much

of past research has often been underpowered, drawn from populations of convenience,

and produced findings that have not always been replicated. Here we tested a large

(n = 2,564), heterogeneous sample, and employed a novel analytic approach: using

three machine learning algorithms to model the relationship between income and age,

gender, height, race, zip code, education, occupation, and discounting. We found that

delay discounting is more predictive of income than age, ethnicity, or height. We then

used a holdout data set to test the robustness of our findings. We discuss the benefits

of our methodological approach, as well as possible explanations and implications for

the prominent relationship between delay discounting and income.

Keywords: income, salary, delay discounting, predictive modeling, machine learning

INTRODUCTION

Money is critically important in shaping human happiness and well-being. Income is a key
predictor of social mobility (Gri�n and Alexander, 1978) and a proxy for career progression and
occupational success (Mitchell et al., 1975). In epidemiology, it has been shown that decreasing
levels of income correlate with increases in morbidity and mortality, as well as a range of health
problems such as heart disease, diabetes, and obesity (Epstein, 2010). Psychiatric disorders are
influenced by income, such that lower income correlates with higher rates of depression and
substance abuse (Zimmerman and Katon, 2005).

Rate of return from investments in higher education is also frequently measured in terms of
income (Hunt, 1963). Indeed, many individuals are influenced by salary outcome when pursuing
additional education and choosing degree programs (Dreher et al., 1985). Similarly income has
also been associated with post-college job choice (Schoenfelder and Hantula, 2003). Perhaps most
importantly, income is an important predictor of happiness and life satisfaction (Blanchflower
and Oswald, 2004). Emotional well-being also positively correlates with income, although this
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Income is a primary determinant of social mobility, career progression, and personal 
happiness. It has been shown to vary with demographic variables like age and 
education, with more oblique variables such as height, and with behaviors such as delay 
discounting, i.e., the propensity to devalue future rewards. However, the relative 
contribution of each these salary-linked variables to income is not known. We found 
that delay discounting is more predictive of income than age, ethnicity, or height.
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Regression: A motivating example

How well can we predict one’s income if we know their IQ and 
discounting score?


Income: measured by survey in SRO


IQ: estimated using Raven’s progressive matrices


Discounting: estimated using Kirby task Would you prefer $54 today, or $55 in 117 days? 


[ ] smaller reward today 
[ ] larger reward in the specified number of days 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How well can we predict one’s 
income if we know their IQ and 

discounting score?


Income is a continuous variable

Regression: A motivating example

?
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Regression

In simple linear regression, we want to find the line:


that best relates two variables x (our “predictor”) and y (our “outcome”)


We define “best” in terms of squared error loss:


L(y, ŷ) =
NX

i=1

(yi � ŷ)2

<latexit sha1_base64="/ZQKTYzQ+KGO3cHofMAxJhCjujk=">AAACGXicbVDLSsNAFJ3UV62vqEs3g0WooCUphbopFN24EKlgH9CkYTKdtEMnD2YmQgj5DTf+ihsXirjUlX9j0gbR6oELh3Pu5d577IBRITXtUyksLa+srhXXSxubW9s76u5eV/ghx6SDfebzvo0EYdQjHUklI/2AE+TajPTs6UXm9+4IF9T3bmUUENNFY486FCOZSpaqXVWiE2hMkIyj5Bg2oSFC14ppU0+G13Elsig8/baHtaRkqWWtqs0A/xI9J2WQo22p78bIx6FLPIkZEmKga4E0Y8QlxYwkJSMUJEB4isZkkFIPuUSY8eyzBB6lygg6Pk/Lk3Cm/pyIkStE5Nppp4vkRCx6mfifNwilc2bG1AtCSTw8X+SEDEofZjHBEeUESxalBGFO01shniCOsEzDzELQF1/+S7q1ql6vNm7q5dZ5HkcRHIBDUAE6aIAWuARt0AEY3INH8AxelAflSXlV3uatBSWf2Qe/oHx8AU5enqQ=</latexit>

ŷi = m ⇤ xi + b

<latexit sha1_base64="X6QBDhEL/Flg1XcatLfuRkplBr4=">AAAB/3icbVDLSgMxFM3UV62vUcGNm2ARRKHMSKFuhKIblxXsA9phyKSZNjTJDElGHMYu/BU3LhRx62+482/MtF1o64HLPZxzL7k5Qcyo0o7zbRWWlldW14rrpY3Nre0de3evpaJEYtLEEYtkJ0CKMCpIU1PNSCeWBPGAkXYwus799j2RikbiTqcx8TgaCBpSjLSRfPugN0Q6S8c+hZeQnz6YfgaDkm+XnYozAVwk7oyUwQwN3/7q9SOccCI0ZkipruvE2suQ1BQzMi71EkVihEdoQLqGCsSJ8rLJ/WN4bJQ+DCNpSmg4UX9vZIgrlfLATHKkh2rey8X/vG6iwwsvoyJONBF4+lCYMKgjmIcB+1QSrFlqCMKSmlshHiKJsDaR5SG4819eJK3zilut1G6r5frVLI4iOARH4AS4oAbq4AY0QBNg8AiewSt4s56sF+vd+piOFqzZzj74A+vzB6ETlI4=</latexit>
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Francis Galton

http://people.duke.edu/~rnau/regintro.htm

Where does “regression” come from?
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Regression to the mean
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if parent was above 105,

76% of children score lower


than their parent

Regression to the mean
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r =
covariancex,y

sx ⇤ sy
=

PN
i=1 (xi � x̄)(yi � ȳ)

(N � 1) ⇤ sx ⇤ sy

<latexit sha1_base64="BC657nt+IZcsIPciAmxZgi5YotE="></latexit>

m̂ =
covariancex,y

s2x

<latexit sha1_base64="6gJ3dV67rBPhCPXntL5sR7kzl5M=">AAACEnicbVDLSgNBEJz1GeMr6tHLYBAUJOyGQLwIQS8eI5gHJHHpncwmQ2Znl5nZkLDsN3jxV7x4UMSrJ2/+jZPHQRMLGoqqbrq7vIgzpW3721pZXVvf2MxsZbd3dvf2cweHdRXGktAaCXkomx4oypmgNc00p81IUgg8Thve4GbiN4ZUKhaKez2OaCeAnmA+I6CN5ObO233QSZDiK9z2JZCEhEOQDAShbjK6GKdpoh6K7ijNurm8XbCnwMvEmZM8mqPq5r7a3ZDEARWacFCq5diR7iQgNSOcptl2rGgEZAA92jJUQEBVJ5m+lOJTo3SxH0pTQuOp+nsigUCpceCZzgB0Xy16E/E/rxVr/7KTMBHFmgoyW+THHOsQT/LBXSYp0XxsCBDJzK2Y9MEko02KkxCcxZeXSb1YcEqF8l0pX7mex5FBx+gEnSEHlVEF3aIqqiGCHtEzekVv1pP1Yr1bH7PWFWs+c4T+wPr8Aba1niU=</latexit>

m̂ = r ⇤ sy
sx

<latexit sha1_base64="9t74ybl5pH7DA+vh1qxKur6kow4=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBHERUmkUDdC0Y3LCvYBTQiT6aQdOpOEmYkYQnZu/BU3LhRx6y+482+ctFlo64F7OZxzLzP3+DGjUlnWt7G0vLK6tl7ZqG5ube/smnv7XRklApMOjlgk+j6ShNGQdBRVjPRjQRD3Gen5k+vC790TIWkU3qk0Ji5Ho5AGFCOlJc88csZIZTyHl1DAM+gEAuFMemmu20Ne9cyaVbemgIvELkkNlGh75pczjHDCSagwQ1IObCtWboaEopiRvOokksQIT9CIDDQNESfSzaZ35PBEK0MYREJXqOBU/b2RIS5lyn09yZEay3mvEP/zBokKLtyMhnGiSIhnDwUJgyqCRShwSAXBiqWaICyo/ivEY6SjUDq6IgR7/uRF0j2v241687ZRa12VcVTAITgGp8AGTdACN6ANOgCDR/AMXsGb8WS8GO/Gx2x0ySh3DsAfGJ8/8S6Yvw==</latexit>

• Remember that Pearson’s r(x,y) is estimated as ratio of 
covariance(x,y) and the product of sx and sy


• Whereas the optimal regression slope for x is estimated as the 
ratio of the covariance and s2x


• Using this, we can show that the regression slope is r times the 
ratio of standard deviations of y and x
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The General Linear Model (GLM) in matrix form

Y = X · b+ ✏

<latexit sha1_base64="SFiliJtLVR4AkvCKmlYPE1s3RFY=">AAACHnicbVBNSwMxEM36bf2qevQSLAVBKLui6EUQvXisYGulW0o2nbWh2WRJZsWy7C/x4l/x4kERwZP+G7e1ilofDLy8N0NmXhBLYdF1352Jyanpmdm5+cLC4tLySnF1rW51YjjUuJbaNAJmQQoFNRQooREbYFEg4SLonQz8i2swVmh1jv0YWhG7UiIUnGEutYt7PsINBmF6mdFD+vVoZNTnHY3fQpDRbepDbIXUqlBoF0tuxR2CjhNvREpkhGq7+Op3NE8iUMgls7bpuTG2UmZQcAlZwU8sxIz32BU0c6pYBLaVDs/LaDlXOjTUJi+FdKj+nEhZZG0/yncsRwy79q83EP/zmgmGB61UqDhBUPzzozCRFDUdZEU7wgBH2c8J40bku1LeZYZxzBMdhOD9PXmc1Hcq3m5l/2y3dHQ8imOObJBNskU8sk+OyCmpkhrh5Jbck0fy5Nw5D86z8/LZOuGMZtbJLzhvH4a0ohU=</latexit>

- Y is the  matrix of outcomes to be predicted (known)

- X is the  design matrix containing the predictors (known)

- b is the  matrix of regression parameters (unknown)

-  is the   matrix of errors (unknown)


NsamplesxNtargets

NsamplesxNfeatures

NfeaturesxNtargets

ϵ NsamplesxNtargets

12



The General Linear Model (GLM) in matrix form

2

664

1
2
3
4

3

775

<latexit sha1_base64="/0odQFWP37KtRjNRSwdI1luFDNI=">AAACL3icbVBNS8NAEN34bfyqevSyWARPJdFCPRYF8ahgVWhC2Wwn7eJmE3YnQgn9R178K72IKOLVf+GmFtHWBzs83pthdl6USWHQ816cufmFxaXllVV3bX1jc6uyvXNj0lxzaPFUpvouYgakUNBCgRLuMg0siSTcRvdnpX/7ANqIVF3jIIMwYT0lYsEZWqlTOQ8kxNgOIugJVSCLcsn0sJAWQ9enQeAeleW4LPWyBKC6P32BFr0+hq7bqVS9mjcGnSX+hFTJBJedyijopjxPQCGXzJi272UYFkyj4BKGbpAbyBi/Zz1oW6pYAiYsxvcO6YFVujROtX0K6Vj9PVGwxJhBEtnOhGHfTHul+J/XzjE+CQuhshxB8e9FcS4pprQMj3aFBo5yYAnjWti/Ut5nmnG0EZch+NMnz5Kbo5pfrzWu6tXm6SSOFbJH9skh8UmDNMkFuSQtwskjGZFX8uY8Oc/Ou/Px3TrnTGZ2yR84n1+HiKd8</latexit>

2

664

2
4
6
8

3

775

<latexit sha1_base64="P1MAxhHRwRnw17EZ6r8BJ20xGfw=">AAACL3icbVBNS8NAEN3U7/hV9ehlsQieSiLFehQF8ahgtdCEstlO2sXNJuxOhBL6j7z4V7yIKOLVf+GmBvHrwQ6P92aYnRdlUhj0vCenNjM7N7+wuOQur6yurdc3Nq9MmmsOHZ7KVHcjZkAKBR0UKKGbaWBJJOE6ujkp/etb0Eak6hLHGYQJGyoRC87QSv36aSAhxl4QwVCoAlmUS6YnhbSYuPs0CNxWWQ7KcliWANTgqy/QYjjC0HX79YbX9Kagf4lfkQapcN6vPwSDlOcJKOSSGdPzvQzDgmkUXMLEDXIDGeM3bAg9SxVLwITF9N4J3bXKgMaptk8hnarfJwqWGDNOItuZMByZ314p/uf1cowPw0KoLEdQ/HNRnEuKKS3DowOhgaMcW8K4FvavlI+YZhxtxGUI/u+T/5Kr/abfarYvWo2j4yqORbJNdsge8UmbHJEzck46hJM78kCeyYtz7zw6r87bZ2vNqWa2yA847x+X5qeG</latexit>

⇥
2

⇤

<latexit sha1_base64="eHEBjbT4sX0hxDL8UJSdpTNAsOU=">AAACIHicbVBNS8NAEN34bfyqevSyWARPJSmFeix68VjBaqEJZbOdtEs3m7A7EUroT/HiX/HiQRG96a9xW4to64OBx3szzMyLMikMet6Hs7S8srq2vrHpbm3v7O6V9g9uTJprDi2eylS3I2ZACgUtFCihnWlgSSThNhpeTPzbO9BGpOoaRxmECesrEQvO0ErdUj2QEGMniKAvVIEsyiXT40JajN0qDQI3ANX7MQIt+gMMXbdbKnsVbwq6SPwZKZMZmt3Se9BLeZ6AQi6ZMR3fyzAsmEbBJYzdIDeQMT5kfehYqlgCJiymD47piVV6NE61LYV0qv6eKFhizCiJbGfCcGDmvYn4n9fJMT4LC6GyHEHx70VxLimmdJIW7QkNHOXIEsa1sLdSPmCacbSZTkLw519eJDfVil+r1K9q5cb5LI4NckSOySnxSZ00yCVpkhbh5J48kmfy4jw4T86r8/bduuTMZg7JHzifX1I/o6g=</latexit>

4 x 14 x 1 1 x 1

Ŷ = X · b

<latexit sha1_base64="pMtbwU1rfPUuDKVGtml5Dlo2Ujo=">AAACGXicbZDLSsNAFIYn9VbrLerSzWAruCqJFOpGKLpxWcFepAllMp20QycXZk7EEvIabnwVNy4Ucakr38bpRdHWHwZ+vnMOZ87vxYIrsKxPI7e0vLK6ll8vbGxube+Yu3tNFSWSsgaNRCTbHlFM8JA1gINg7VgyEniCtbzhxbjeumVS8Si8hlHM3ID0Q+5zSkCjrmk5wO7A89OSMyCQ3mSlDJ/hb9jOsEN7EfwAL+uaRatsTYQXjT0zRTRTvWu+O72IJgELgQqiVMe2YnBTIoFTwbKCkygWEzokfdbRNiQBU246uSzDR5r0sB9J/ULAE/p7IiWBUqPA050BgYGar43hf7VOAv6pm/IwToCFdLrITwSGCI9jwj0uGQUx0oZQyfVfMR0QSSjoMAs6BHv+5EXTPCnblXL1qlKsnc/iyKMDdIiOkY2qqIYuUR01EEX36BE9oxfjwXgyXo23aWvOmM3soz8yPr4A7Zqg5w==</latexit>

=

13



Least squares estimation

In general, we know Y and X, but not b - 

how can we estimate the value of b?

Ŷ = X · b

<latexit sha1_base64="pMtbwU1rfPUuDKVGtml5Dlo2Ujo=">AAACGXicbZDLSsNAFIYn9VbrLerSzWAruCqJFOpGKLpxWcFepAllMp20QycXZk7EEvIabnwVNy4Ucakr38bpRdHWHwZ+vnMOZ87vxYIrsKxPI7e0vLK6ll8vbGxube+Yu3tNFSWSsgaNRCTbHlFM8JA1gINg7VgyEniCtbzhxbjeumVS8Si8hlHM3ID0Q+5zSkCjrmk5wO7A89OSMyCQ3mSlDJ/hb9jOsEN7EfwAL+uaRatsTYQXjT0zRTRTvWu+O72IJgELgQqiVMe2YnBTIoFTwbKCkygWEzokfdbRNiQBU246uSzDR5r0sB9J/ULAE/p7IiWBUqPA050BgYGar43hf7VOAv6pm/IwToCFdLrITwSGCI9jwj0uGQUx0oZQyfVfMR0QSSjoMAs6BHv+5EXTPCnblXL1qlKsnc/iyKMDdIiOkY2qqIYuUR01EEX36BE9oxfjwXgyXo23aWvOmM3soz8yPr4A7Zqg5w==</latexit>

b̂ =
Y

X

<latexit sha1_base64="AvV7AmrVHeY0V2Nw6lNtZkN7N2E=">AAACGnicbZDLSsNAFIYn9VbrLerSzWARXJVECnUjFN24rGAv0oQymU7aoZMLMydiCXkON76KGxeKuBM3vo3TNhRt/WHg4z/ncOb8Xiy4Asv6Ngorq2vrG8XN0tb2zu6euX/QUlEiKWvSSESy4xHFBA9ZEzgI1oklI4EnWNsbXU3q7XsmFY/CWxjHzA3IIOQ+pwS01TNtZ0ggdYA9gOenXpbhC+z4ktC5d5dlc+5kWalnlq2KNRVeBjuHMsrV6JmfTj+iScBCoIIo1bWtGNyUSOBUsKzkJIrFhI7IgHU1hiRgyk2np2X4RDt97EdSvxDw1P09kZJAqXHg6c6AwFAt1ibmf7VuAv65m/IwToCFdLbITwSGCE9ywn0uGQUx1kCo5PqvmA6JDgZ0mpMQ7MWTl6F1VrGrldpNtVy/zOMooiN0jE6RjWqojq5RAzURRY/oGb2iN+PJeDHejY9Za8HIZw7RHxlfP12oolU=</latexit>

we’d like to do: which for matrices would be:

b̂ = X�1 ·Y

<latexit sha1_base64="ffafYl2L2iYaaxiLwf3ajCm+jbs=">AAACHXicbVDLSsNAFJ3UV62vqEs3g0VwY0mkUDdC0Y3LCvYhTS2TyaQdOnkwcyOWkB9x46+4caGICzfi35i0UbT1wIUz59zL3HvsUHAFhvGpFRYWl5ZXiqultfWNzS19e6elgkhS1qSBCGTHJooJ7rMmcBCsE0pGPFuwtj06z/z2LZOKB/4VjEPW88jA5y6nBFKpr1etIYHYAnYHthvbSYJP8ferk9zER2aCLeoE8KNeJ6W+XjYqxgR4npg5KaMcjb7+bjkBjTzmAxVEqa5phNCLiQROBUtKVqRYSOiIDFg3pT7xmOrFk+sSfJAqDnYDmZYPeKL+noiJp9TYs9NOj8BQzXqZ+J/XjcA96cXcDyNgPp1+5EYCQ4CzqLDDJaMgxikhVPJ0V0yHRBIKaaBZCObsyfOkdVwxq5XaZbVcP8vjKKI9tI8OkYlqqI4uUAM1EUX36BE9oxftQXvSXrW3aWtBy2d20R9oH18VT6KF</latexit>

but X is not square -

how can we invert it?

14



Moore-Penrose pseudoinverse

X+ = (XT ·X)�1 ·XT

<latexit sha1_base64="y3jzNL38tiQDqguOGAqTPJxEuuE=">AAACF3icbVDLSsNAFJ34rPUVdelmsAgVsSRSqBuh6MZlhT4CbVIm00k7dPJg5kYsIX/hxl9x40IRt7rzb0wfgrYeuHDmnHuZe48bCa7AML60peWV1bX13EZ+c2t7Z1ff22+qMJaUNWgoQmm5RDHBA9YADoJZkWTEdwVrucPrsd+6Y1LxMKjDKGK2T/oB9zglkEldvdQBdg+ul1ipk5ym+BIXLaeOO7QXArZOnOTMTH9eTj3f1QtGyZgALxJzRgpohlpX/+z0Qhr7LAAqiFJt04jATogETgVL851YsYjQIemzdkYD4jNlJ5O7UnycKT3shTKrAPBE/T2REF+pke9mnT6BgZr3xuJ/XjsG78JOeBDFwAI6/ciLBYYQj0PCPS4ZBTHKCKGSZ7tiOiCSUMiiHIdgzp+8SJrnJbNcqtyWC9WrWRw5dIiOUBGZqIKq6AbVUANR9ICe0At61R61Z+1Ne5+2LmmzmQP0B9rHN7msnb8=</latexit>

for the particular case where X has linearly independent 
columns and more rows than columns

b̂ = (XT ·X)�1 ·XT ·Y

<latexit sha1_base64="dLzd84ivjguqSCbk1VdqXfmG2NA=">AAACKnicbVDLSgMxFM3UV62vqks3wSLUhWVGCnUjVN24rNCXdNqSSTNtaOZBckcsw3yPG3/FTRdKceuHONOHaOuBwMk595DcY/mCK9D1iZZaW9/Y3EpvZ3Z29/YPsodHdeUFkrIa9YQnmxZRTHCX1YCDYE1fMuJYgjWs4V3iN56YVNxzqzDyWdshfZfbnBKIpW72xhwQCE1gz2DZoRVF+Brnm50qNmnPA9w874QXRrS4/eiLwGOU6WZzekGfAq8SY05yaI5KNzs2ex4NHOYCFUSplqH70A6JBE4FizJmoJhP6JD0WSumLnGYaofTVSN8Fis9bHsyPi7gqfo7ERJHqZFjxZMOgYFa9hLxP68VgH3VDrnrB8BcOnvIDgQGDye94R6XjIIYxYRQyeO/YjogklCI201KMJZXXiX1y4JRLJQeirny7byONDpBpyiPDFRCZXSPKqiGKHpBb+gdfWiv2libaJ+z0ZQ2zxyjP9C+vgGCJaYX</latexit>

b̂ =
cov(X,Y)

var(X)

<latexit sha1_base64="KSl5f4DEOBkpn/M7QIW2HHNrdrM=">AAACMHicbZDLSgMxFIYzXmu9VV26CRahBSkzUqgboehClxXsRTqlZNJMG5q5kJwplmEeyY2PohsFRdz6FKY3qK0HAh//fw4n53dCwRWY5ruxsrq2vrGZ2kpv7+zu7WcODmsqiCRlVRqIQDYcopjgPqsCB8EaoWTEcwSrO/3rkV8fMKl44N/DMGQtj3R97nJKQEvtzI3dIxDbwB7BcWMnSfAltl1JaEyDQW6mN5IzPOOHJJ/EAyLnzHySbmeyZsEcF14GawpZNK1KO/NidwIaecwHKohSTcsMoRUTCZwKlqTtSLGQ0D7psqZGn3hMteLxwQk+1UoHu4HUzwc8VucnYuIpNfQc3ekR6KlFbyT+5zUjcC9aMffDCJhPJ4vcSGAI8Cg93OGSURBDDYRKrv+KaY/ouEBnPArBWjx5GWrnBatYKN0Vs+WraRwpdIxOUA5ZqITK6BZVUBVR9IRe0Qf6NJ6NN+PL+J60rhjTmSP0p4yfXz2Yquk=</latexit>

i.e.
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Assumptions

We don’t have to assume much for least squares:

- The response Y is linear in the predictors X

- Expected value of  is zero


- regardless of value of X

- Variance of  is  


- same for all observations regardless of value of X

- Errors are uncorrelated across observations


- Few requirements for X:

- no columns are linear combinations of other columns

-   

ϵ

ϵ σ2I

Nsamples > Nfeatures
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OLS is BLUE

The Gauss-Markov theorem tells us that the least squares 
estimator is the Best (i.e. minimum variance) Linear Unbiased 
Estimator (BLUE) 


This is good if we insist on a linear and unbiased estimator


Later we will see reasons to potentially drop the desire for an 
unbiased estimator…
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Inference for regression: The Gaussian error model

In order to perform inference on regression parameters, we 
need to make further assumptions about the form of the error 
distribution

Generally we assume that the noise is independent and 
Gaussian:

✏ ⇠ N(0,�2)

<latexit sha1_base64="JMHNBQly2XrAl73zf1XOLYuj0Mo=">AAACBXicbZDLSgMxFIYz9VbrbdSlLoJFqCBlphTqsujGlVSwF+iMJZNm2tAkMyQZoQzduPFV3LhQxK3v4M63MdN2oa0/BD7+cw4n5w9iRpV2nG8rt7K6tr6R3yxsbe/s7tn7By0VJRKTJo5YJDsBUoRRQZqaakY6sSSIB4y0g9FVVm8/EKloJO70OCY+RwNBQ4qRNlbPPvZIrCiLBPQU5fCm5JxnNODovnLWs4tO2ZkKLoM7hyKYq9Gzv7x+hBNOhMYMKdV1nVj7KZKaYkYmBS9RJEZ4hAaka1AgTpSfTq+YwFPj9GEYSfOEhlP390SKuFJjHphOjvRQLdYy879aN9HhhZ9SESeaCDxbFCYM6ghmkcA+lQRrNjaAsKTmrxAPkURYm+AKJgR38eRlaFXKbrVcu60W65fzOPLgCJyAEnBBDdTBNWiAJsDgETyDV/BmPVkv1rv1MWvNWfOZQ/BH1ucPPNeXIA==</latexit>

This provides us with sampling distributions for the estimated 
regression parameters (which allows us to do hypothesis 
tests, if we wanted to…)

Note that we are not assuming that Y is normal - instead, we 
are assuming that Y is normal after conditioning on X (i.e. the 
residuals from the model are normal)

18



19


