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I, Ali Saad, declare: as foliows:

1. I am the: Managing Partner 0fResalufion Economics Group LLC, a consulting

firm that performa aconomic and statistical analyses. A3 a consuitant, I have extensive

cxperience in empimyment matters including perfonning statistical and econumic analyses in

discfimifiafion matters, wags and ham" matters, and calculating employment damages.

2. I hold a FILE. in Economics from The University ofChicago, 3nd a BA. in

History and Economics from The Univamity of Pennsyivania. I am a member 0f the American

Bccnomic Association.

3. Prior to beginning my consulting practice, I worked as a profassor in the

ecommim and finamze dupanmcnt 0f Baruch Collcga ofThe City University ofNew “York. I

have alga served a3 an adjunct profeasor in the ecunomics department 0f thc University 0f

$011ow Cafifnmia. X haw: taught labor economics, micro and macmeconomics, economcfirics,

and econamic history. I 3139 previously worked at Deloitte 8:. Touche, LLP, where I way, a

Farina; Alachuier, Melovin and Glasser LLP, where I was a Partner; Friar: Waterhwac LLP,

where I was a Senior Managar; and Olympia :S’c York Companies (USA), where I was an

Assistant VP and Senior Economist.

4. As a labm aconomist, I hav: cxtansive axpefience pmviding statistica} and

manomic maiyses in connection with company pay cquity studies, evaluations ofcompcnfiafion

systems, and class action emplaymem cases. I have previously performcci a number 0fconsulting

analyses invalving the Caiifomia Fair Pay As: and haw significant experience in analyzing

complex data far {11¢ purpasa af litigatinn‘ I have been qualified a5 an expert witness in both

federal and state courta.

5. 1 have been asked by counsai for Oracle: America, Inc. w rcspond-to the mpert

repom submittcd by Dr. Davié Neumark yin support of Plaintifi‘s’ mofian far ohms certification,

and Dr. Ncumaxk’s subsequent deposition testimony.
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6. Attached hereto as Exhibit A ig a true and correct capy of the report I wrote

cantaining my findings in rcsponsa to Dr. Neumakfi report, methodology, and analysis.

I declare under!“ penalty of pezjiury under the laws ofthe State of California that the

foregoing is tmc and correct.

Executed in Les Angclcs, California 2m Marchi 2019.

-2.“

SAAB DECL. 150 OMCLB‘S OPP.T0 PLSX‘ MOT“ F011 CLASS CERTIF‘CA’HOW
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ASSIGNMENT

1. Iwas retained by counsel for defendant Oracle America, Inc. to respond to the expert

report submitted by Dr. David Neumark 0n behalf 0f Plaintiffs in the case ofRang Jeweit, Sophy

Wang, andXian Murray, et a1. v. Oracle America, Inc. Plaintiffs allege that “Oracie has

discriminated against its female employeas by gystematically paying them lower wage rates than

Oracle pays to male amployees performing equal and Subgtamially Similar work under similar

working conditions?” I was provided with electronic human resources data, payroll data,

performance review system data, and other documents related to Oracle, including depositiong

and company policy documenta, in order t0 canduct my assignment. My report responds t0 the

analyseg and opinions gummarized in Dr. Neumark’s report and agsociatcd backup materials, as

well as his depogition testimony. I may supplement this: report at a later date if additionai

relevant infonnation is made available t0 me.

QUALIFICATIONS

2. I am the Managing Partner 0f Resolution Economics Group LLC, a firm whose activities

include performing economic and statistical analyafis in connection with litigation and other

consulting matters. Before beginning my conaulting career I wag in academia as a member 0f

the faculty 0f the economics and finance department at Baruch Coilege of The City Uni‘vemity 0f

New York. Whiie there I taught labor economics, micro and macroeconomics, ecanometrics,

i

Fourth Amended C1333 Action Complaint, in the matter ochmg Jewett, Sophy Wang, Xian

Murray, Elizabeth Sue Petersen, Marilyn Clark, and Manjarz’ Kant, individually and 0n behalfof

themselves and others similarly situated, v. Oracle America Inca, Superior Court 0f the State of

California, County 0f San Mateo, filed Saptember 7, 201 8, p. 2.



and economic history In connection with my consulting, Ihave extensive experience providing

statistical and ecanomic analyses in connection with company pay equity studiea, evaluations 0f

compensatian systemg, and class action employment cases, including employment discrimination

and wage and hour matters. I have 21130 published and lectured 0n these topica. A particular

focus ofmy work has involved economic and statistical analysis related t0 claims 0f systemic

gender discrimination, as well as claims brought under thee California Equal Pay Act. I have also

performed a number 0f consulting analysas involving the California Equal Pay Act for

companies intercsted in understanding their circumgtances relative to the new law. In thé:

litigation context, lhave significant experience in analyzing complex data for the purpose of

assisting counse} in evaluating class certification anti liability. Ihold a Ph.D‘ in Bconemics from

The University 0f Chicago, and a BA. in History and Economicg from The: University 0f

Penngylvania. I have been qualified as an expert witness in both Federal and State Courts. My

ragtime, including all publications and testimony over the paat four years, is attached t0 this

report as Attachment A. My firm bills for my sawices at my current houriy rate 0f $750 per

hour.

DATA AND DOCUMENTS

3. I was provided by Counsel with databasea, depositions, and other documants. In

addition, I collected publicly available data, and reiied 0n additional secondary materials. The

materials I considered in connection with my analysis and Opinions are Hated in Attachment B.



INTRODUCTION AND SUMMARY OF FINDINGS

4. Ihave been asked to respond to the statistical analyses and opinions 0f Dr. David

Neumark as presented in his expert report dated January 18, 201 9, and during his depoaition that

took place on February 8, 2019. In gum, it is my profegsiona} opinion that Dr. Neumark’s report

does not provide support for his conclusions regarding the relationghip 0f gender t0 pay at

Grade, became his regression model c1068 11m compare emplayees performing substantiaily

similar work from a labor economics; pergpective. The key flaw in Dr. Neumark’a statistical

work is that by uncritically adopting the: Oracle job codas found in the data, he: has not

constructed an analytical approach that statigticafly controls for the nature 0f the work different

employees at Oracle perform. l show below that there are very Substantial differences between

employees within the same job code and job grade. In addition, because Dr. Neumark’s analysis

c1065; not compare employees doing substantially aimilar work, there are large and unexplained

variationg in pay between ostensibly equivalent ampioyees. In addition t0 using inappropriate

statistical controls far the nature of the work being performezd, the large variation I find in

employee: level statistical} outcomes is compounded by the fact that Dr. Neumark’g anaiygis is

aggregated in a single regression model that combines all emplayees working at all Oracle

locations and in all years.

5. The putative class in this case is incredibly diverge, spanning hundredg 0f different job

titles from entry-level to Executive Vice Preaidentg. There are 13,324 unique employees in Dr.

Neumark’s data, ofwhom 4,1 32 are putative class members? The putative class, membarS have

2
Dr. Neumark reported 4,201 class members but he did not account for emplmyees who move

betweenjob functions in his count, Le. in Dr. Neumark’s; report, employees who move batween

the Support job function and the Product Development job fumtion are counted twice. He has

also incorrectly limimd his data and includes many years not worked by emplcyeefi within the

propoaed putative class as; defined by Plaintiffs (1.6., years worked outside 0f California, 0r



occupied 180 different job codes, acrosg 23 California locations (not counting thoae who work

from home) and have worked in hundreds»; of different organizations in the company on hundreds

0f diffarent product‘s, over the coume of more than five years. There are 265 job code/job grade

combinations3 acrass a1} employees in the data for 2013—2018, for which annual base salaries for

full time, full year employees range from- and for whom total annual

compensation ranges from -

6. Against this backdmp, Plaintiffs” expert, Dr. Neumark, presents a Series ofmultiple

regression compensation modem aggregated across this entire employee population in order to

measure the average difference in several measures 0f pay between all 0f these men and all 0f

them women at Oracle. A ragression model can almost always be eatimated if a data Sat is large

enough; it is simply a mathematical way t0 100k at the average relationship between female

statua and pay while taking other factors into account. But that does not mean a regression

aiways yields analytically meaningful results}. For the regulta t0 be meaningful — in the current

context, for the estimated average gander pay difference: t0 form the basis for a reasonable

inference ofdiscriminatimn -— the model hag t0 be designed t0 group together, by virtue of‘the

factorg used in the statistical analysis, employees working in the same 0r gimflar poaitiona, and

control for the appmpriate get 0f atlm‘ bcma fide factors that influence pay,

7. Dr. Neumark regresges varimus pay measures on what he calls “job characteristicg,”

which are statistical control variables including job code and job grade, zip code, line 0f business

outgide 0fthe three job functions). However, in much 0fmy analysis, I will take Dr. Neumark’g

data and analytical approach ai face value and use them t0 demonstrate the probiema inherent in

his approach.
3 Dr. Neumark controls for job code/job grade combinations in his analyses. Job codes are

associated with standard job tithes. Jab grade indiaates what salary hand a job title is associated

with. Multiple job titles may share a grade and salary ranges. (Deposition of Katc Waggoner

(PMK) Valume 1, July 26, 2018, Exhibit 24, Bates N0. 00000407-00000409‘) 1n the data, a job

cock: is assigned One grade per fiscal year but may be reassigned t0 a new grade over time.



(defined by the head 0f that line 0f businesas), and part time 0r hourly statua. Sevaral 0f these

contmlg are not particuiafly important. For reasens that are not explained, he uses; home zip code

t0 identify the “work iocation” for employees who report working at homa Part time and part

year flagg are not the mast important variables in thinking about jobs became they reflect

employee decisions about how much to work at Oracle in a year. Ths real action in Dr.

Neumark’s Statistical models comes from the job code, job grade, and line 0fbugmess head

control variables. Thus, the fundamental} question i3 whether job code, job grade, and line 0f

buainess head are sufficient, from a labor economics perspective, t0 group empleyees doing

substantially simflar wmk. My conclugion is that they are not.

8. My analysig 0f Dr. Neumark’s data and madfil leach»; me t0 believe theSe variables are n01;

sufficient measureg to group employees doing substantially Similar work, and therefore Dr.

Neumark’s results d0 not establish any sound basis t0 infer that women are paid Iower than

subatantially Similar men. In addition, the statigticai outcomes under Dr. Neumark’s model are

highly variable, and do not provide a consistent 0r statistically common picture 0f the pay

outcmnes for women at Oracle. On the contrary, there are Substantial differences between the

thousands 0f women. Dr. Neumark also analyzes the relationship between prior pay and starting

pay at Oraci‘e. Hi9, analyaig 0f the relationghip 0f Oracle starting pay t0 appficants’ prior pay is

flawed on 30 many levels 21$ t0 be completely unreliable. Finally, there are a number 0f data and

analytical errors in Dr. Neumark’s work, which I discuss below.

9. I have 86mm} major catagories 0f critiquea 0f the work Dr. Neumark hat; presented in hi3

report. First and perhaps moat fundameutally, his mode} is misspecified in that it (1063 not

contain adequate contmls for type ofwork perfonned, as the data and other detailed informaticm

available in this case makes clear.



a. There: are enormous differences in pay within the samejob titIe/job grade “bucket.” This

suggegtg t0 me — and I believe would suggest t0 any reasonable labor economist w that

very differem types 0f work are being perfmmed by What can be thousands 0f empioyees

sharing a common job title and grade. Yet Dr. Neumark asserts, with no further analysis

0r gupport, that “[i]ncluding this high§y~detailed act 0f [job title] controls in my
regreggion model allows me to compare women’s and men’s pay within very narrowly

definedjabx (emphasis added)?“

b. The data and documentg available for analysis in this case includa large amounts 0f

detailed inflammation describing the different work performed by emplayees in different

positions within the job codes he 1,1363 in hi5 1110:1615, but Dr. Neumark did not utilize: any

of that information. This information includes thousands ofjob requigitions with detailed

descriptiong 0f work, as wall as thousandg 0f detaiied hiring manager notes and

perfibmanca reviewg that would haw: aflowed him t0 refine his meaaures 0f work. and t0

test his agsumption that job title “very narrowly defindsjjobs.”

c. Because his model does not make comparigons that are “apples to apples” in terms of

employaes doing Substantially similar work, Dr. Neumark’s inference that the statisatical

relationghip between gender and pay identified in his analyais is consigtent with unequal

pay for women i3 not scientifically supported.

10. Second, as a metlmdological issue, it is not clear that Dr. Neumark’s regression approach

is answering the quegtion that I understand t0 be reEevam at this stage of thia case — namely, is

there statistical evidence congistent With an inference: that the many individual women at Oracle

share a Gammon circumstance 0f being underpaid relative t0 men who am performing

Substantially similar work? I use his data t0 predict “expected” bage pay for each female and

male employee using hi3 model but excluding gender, so that gender 11$ not among the factors

predicting pay basad on jab and worker characterimics (such a3 tenure). I then compare each

employee’s actual pay t0 the benchmark pay predicted by Dr. Neumark’g model. I find that:

a. Overall, about 2.2% 0f women 6am statiStically significantly more than hi3 model

predicts and about 3.5% earn Statistically significantlym than his medal predicts.

Another 51 .8% cam less than predicted but: not t0 a statiatically significant extent, and the

remaining 42.5% earn more than predicted though again, not t0 a statistically Significant

4
Expert Report 0f David Neumark in the Matter of Jewett ct al. v. Oracle America, Inc. January 18,

2019, pp 13-14, paragraph 27.



extant. The difference batween actual and predicted pay rangeg from actuai pay 120%
higher than predicted t0 actual pay 56% lower than predicted.

b. In addition, tha spraad between the predicted and actual pay for woman within the 94.3%

of women whose individual pay did not differ significantly from what was expecwd i3

quite large —— the: difference between actual and predicted pay for this; group 0fwomen
ranges from actual pay 29% higher than Dr. Neumark’s model predicts t0 23% lower.

c. Roughly 1,100 t0 1,400 women each year earn more than Dr. Neumark’s model predicts.

They comprise 43%-45% of ali wamen depending 0n the year. Relative t0 the

benchmark get by Dr. Neumark’s regression modfi}, there are a substantiai number of

women who d0 not appear t0 have been underpaid, according t0 the factors he decided t0

includs and control for.

d. What Dr. Neumark’s regregsion model cannot answer i3 whether any particular woman
could identify a man doing substantiafly similar work who i3 paid more than she i3. T0
better understand this, Irandomly gelacted a woman in each 0f the tan largest female job

titles in the data Who have at least two male comparators as defined by Dr, Neumark’s

mode]. The “comparators” for purpose of thiS exercige am emplayam who are simiiar in

all 0f his regression model variables: experience within two years, Oracle tenure within

two years, job tanurc within two years, job code and gradfi, part time and hourly atatuses,

zip code and line 0f business head. I observed a variety 0f Qutcomeg. In same gmups,
women are both the highest and lowest earners. In Other groups, women cam less 0r

more in general, and yet ethar groups exhibit n0 pattern by gender. Women d0 11m

appear t0 be; systematically lower earners, even within groupg defined by Dr. Neumark’g

model as comparators.

e. These outcome variationg are the rule, not the exception. Taken as a whole, them are the

highly variable and inconsistent outcomea I would expect t0 see in a made! that (106:8 not

compare pay among employees doing substantialw similar work.

11. Third, Dr. Neumark’s analysis Of‘prior pay is methodologically flawed. The igsue 0f the

correct benchmark t0 x136 in making comparisons; is also evident here. Dr. Neumark does not

claim there is any atatistical evidence that Oracle specifically relied upon prior pay when setting

starting pay. Instead, he states that the gender gap in starting pay “reflects” the gap in prior pay,

and that hi3 evidence “i3 congigtent wit
”
the gender gap in annual} pay being related t0 gaps in

starting pay. These are not statemeznts about causality, only correlation. (A papular and

instructive example of this phenomenon is that higher ice cream sales in the Summar are



correlated with higher murder rates in the summar. This does not mean that ice cream 0311363

homicidal behavior.)

a. Dr. Neumark fails; to note that his. abservation 0f a “strong retafimship” between prior

and starting pay i3 fully expectad. In the economy at large, thrs extent 0f correlation

between prior and atarting pay 13 also very high. This is fully expectfid. Dr. Newark
faila t0 egtablish the correct benchmark against Which t0 test the Oracle finding, and

simply conciudes that the correlation between Oracle starting pay and prior pay is so

strong that gush a correlation has less than a (me in a billion prabability 0f occurring by

chance. Such a Maternent compares to a hypothesis of 263m correlation, which is of

course absurd given that prior pay and starting pay would be expected t0 co-vary, even if

a new employer had no knowledge at all 0f applicants” prior pay.

b. My analysis 0f national data cm people changing jobs shows high correlation rates

between prior pay and gtarting pay across the labor market. That the two measums 0f pay

are highly correiated at Oracle: is not unique t0 Oracle 0r even t0 the technology 360ml“,

c. The data Dr. Nsumark relies 0n for his prior pay analyais is also seriously flawed. This is

because the prior pay variable in the hiring data is not Btandardized; some people list

annual base salary, othars list total cmmpengation, and yet others Mat game mix of the two,

and it is not always clear which is Which. A3 Dr. Neumark states 0n page 26 of his

raporty “E. . .1 i attempt t0 use: prior bage pay whenfiver base pay is axpiicitly reported (425

employees). However far most employees (23:58), it is; ambiguoua whether the salary

number given ix»; base pay 0r total compensation.” In gpite 0f this observatian, Dr.

Neumark does net limit his analygis t0 the sample 0f425. He instaad uses the full data

sample 0f 2,783, even though he cannot tell if he is comparing “apples; t0 apples” for 85%
0f the data.

d. When I follow Dr. Neumark’s advice t0 campare “apples t0 appies,” and I restrict his

analysis; t0 the; 425 employerss and use his data as: i3, the gap in matting pay remains

similar t0 the gap in hi3 report: womenfi starting pay i3 2. l 6% less, than men’s, basad m1

hi8 model. Hawever, the gender gap in prior pay is much larger: wcmen’g prior pay is

4.91% less than men’s using Dr. Neumarks model. The differenca between Starting pay

and prior pay regressed on the same controlg showg that women actually d0 2.74% better

than men when moving t0 Oracle, according t0 Dr. Neumark’s mmiel. Thug: Dr.

Neumark’s, suggesgtion that the two pay differcncas are essentially the game falls apart,

and with it, his argument that Oracle is carrying into the company pay disparities from

the outside: labor market in some consistent, formulaic way.

e. Furthermore” Dr. Neumark’s dataset 0f 425 contains abvioua data errors, including typos

and interpmtativa errors for the measure 0f prior pay. Dr. Neumark’s prior pay model,

which covers hires, over a six year period, aim dues not atatisticaily account for year w a

serious oversight considering the pace 0f change yearvtO-yesar in the technology labor

market and significant changes over time in Oracle’s annual perfmmance a3 a business}.

Fixing Dr. Neumark’s data errors within the sample 0f 425 and controlling for year laads

10



me t0 estimate that the gender gap in prior pay is; under 1% and is not atatistically

significant. In short, aging the corrected data for the sample of 425 and adding one

important variable shaws that there is n0 gap in prior pay that cauld then explain any

aapect 0f starting pay for female Gracia employees.

f. By his own admission Dr. Neumark cannot rely upon the prior pay variable for 2,358 0f

the 2,783 hires he analyzeg due t0 data problems, and the sampie 0f 425 he states; contain

ccmsistent data d0 not Support the conclusiong he reaches using the flawed Iarger gample.

12. Dr. Neumark’s gtarting pay and prior pay analyses are not the only fragile estimateg he

relies upon. Rather, many 0f his analysas guffar from serious data congtruction errors; among

these are that he includes employee data from outside the putative proposed class, fails t0

correctly 0r completely exclude collegs hires, and overstates compensation for employees Who

worked only part 0f a year.

13. Of particular note, Dr. Neumark’s total ccmpematien pay measure is, completely

uninterpretabie because 0f the inconsistent and mistaken way ha valued the stock award part 0f

total compengation. Regarding the analygis 0f base pay (which is mt impacted by that particular

error):

a. When I analyze base pay, even if I fully aggregate acrogs all jobs and yaars like Dr.

Neumark did (without agreeing that approach is cormct), adding a few readily available

variabias and fixing a couple 0f mistakes he makes; with the: variables he does include,

immediatfly cuts the measured pay difference he: reports almost in half. This is without

doing anything to fizrther differentiate within job codes, but Simply using them just as Dr.

Neumark does.

b. 1f one were able t0 obtain further detail 0n the specific naturé: 0f the work being

performed by employees ~— aa well as additional differentiamrg that individual managers

used in making pay deaisions «a and incorparate this mformatian, it is my profagsional

judgment that the balance 0f the measured pay differance wound likely disappear. Dr.

Neumark did none of this work.

11



OVERVIEW 0F STATISTICAL METHODS

14. The primary method used by Dr. Neumark in his work, and by me in my response to him

i3 multiple regression anaiysias Muhiple regressian is a technique that 13 used t0 understand the

impact of a number 0f factors, typically called variables, (m 801m: phenomenon 0f intcrest. The

phenomenon, or variable 0f interest is referred t0 as the “dependent variable” and the factors

uged t0 explain this variable are referred t0 as independent variableg. In this case, various

measures of pay congtitute the dependent variable, and the mdependent variabiea used t0 explain

pay are things like job tenure, job code, agra, and other facmm. There are a number 0f different

types 0f regresgicm msthodg, but they all share the structure of indczpendent variables; being used

t0 explain a dependent variable. If a statigtician has correctly measured the dependent variable,

and has accurate lneaaures ofall the independent variables needed t0 explain the dependent:

variable, then the results 0f a regression analysis are typicaliy straightforward to undemtand and

interpret.

15. The: result 0f running the regression procedure will be a set 0f “coefficientg,” which

represent the average quantitative magnitude 0f the impact of each independent variable cm the

dependent variable. F01" example, having one additional year 0fwmk experience may increase

pay, 0n average, by 4.9%. T0 take another example, holding job A relative to a baae job may be

agaociated with 13.5% higher pay. m a multiple regression context, we interpret each wefficient

a3 having the measured effect, 0n average, hoiding constant ali other variables in the made]. In

a gender pay context, the coefficient 0n female would repregent the average difference between

male and femala pay, holding a}! other factors in the model constant. Note that the regression

5
This diacusgion is by necessity brief. For a more thorough definition, there are many

econometric textbooks that deacribe the mathadology in great detail. See, for example, Greene,

W. (1993) Econometric Analysis, 2nd Edition, NY: Macmillan Publishing Campany.
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caefficient represents only the average effect — we have t0 probe further t0 understand the

variations surrounding that average. A coefficient can be positive, meaning women earn more,

all other things; held constant, 0r it can be negative, meaning women eam less. While “more”

and “less” are indicated by the magnitude and sign 0f the coefficient, we alga want t0 know

whether the coefficient is what is referred to as “statigticafly significant.” In other words, the

effiect measured by the regreasion may be due Simply to random fluctuation. We determine if a

coefficient is meaningful by conducting a test 0f statistical} significance. This test Will tell 113 if a

variable should be conaidered “meaningfully” related t0 the dependent variable. The results of

these tests are typically noted by the analyst.

l6. Of courge, in the real world, it is not always easy t0 measum any variable correctly,

whether dependent 0r independent, and it is not always the case that the analyst knows which

independent variables are the ones that Should be included in a regression model. For example,

if an analyst left measures 0f relevant work experience out 0f a pay regrassion modal, this; is

likely to create problems, because the coefficients on correlated variableg that have been included

will be biaged because they include 801m: 0f the correlatien properly associated With the omitted

variable. In the context of using regression methodg t0 study a gender equal pay claim, there i3 a

particular problem that the Statistician mum deal With. If there i3 a variable that c2068 in fact

relate to pay and i3 left out of the mode] - 16., it i3 “omitted” — then the queation is; haw this

affects the magnitudes; Oftha other coefficientg in the medal. It turns out that many variables are

correlated to each omen such that 0mitting a variable fmm a regression, 0r including it when it

was; previously omitted will change tha value Ofthe caefficients 0n other variables. For

example, if wemen had more work experience than men 0n average, and yen omitted work

experience, the measured effect 0n pay of being female would b6 biased upwards by that

13



amigsion. This is what is cafled “omitted variable bias.” This is a pergistem issue in multiple

regression analysia in the real world, where it can be difficult t0 know What factors; matter, and

difficult t0 obtain measures for variables you know are important.

17. Now, suppoae we want t0 sea how W611 our regreszaion model predicts pay. We can uSe

the commonly derived set of average impact regregsian coefficisnts together with each

employee’s individual values fer the model’s variablea. Because the regression coefficients are

common, they represent the average impact across all employees, and thus there is one set 0f

regression coefficients that i3 applied t0 each employee in the data t0 compute each prediction.

W63 compute thé: pay the model predicta for each employee, and compare that predicted pay t0

their actual pay. If the model is; well Specified, meaning we have captumd most 0r all important

factors that impact pay and we have measured them correctly, the model Should more 01" less

predict what an employee actually earned. If we have left out variablas, 0r measured them

poorly, we will not get a good set 0f predictions, and there cauid be wids digcrepancies between

the actual and predicted pay. Thig procedure is called “iwsample prediction,” 0r analygis of

residualg, because we am using the mode] computed cm a sampie t0 predict values; within that

same sample. This i3 a common way t0 assess; the quality of a regression modeL

18. Another problem in applying regression analysis; in real world situaticma i3 that the

measures 0f both dependent and independent variables are not always accurate. Below I discuss

at Some length problemg with Dr. Neumark’s use ofOracle’s job codes. In thig cage Dr.

Neumark attempts t0 use regression methods to ccmpare men and women who he Claima are

parfbrming Bubgtantiafly similar work, and t0 then test t0 see ifwomen are paid differently than

men. If the variables that are criticai to thig are overly broad, and include many types and levels

0f wark within the same job code, uge 0f these jab codea with n0 further refinemant can lead t0

14



misbading and biased conciusions regarding female pay. Dr. Naumark also analyzes

miameasured dependent variables, for total compensation and for prior pay. T116 consequence is

that neither analysis; can be Viewed as reliable.

VARIABILITY

19. In thig section, I use the dataset created by Dr. Neumark for his analysis to show that his

“(me size fits all” regresgion models glow over Significant variation in job responaibilitiea, scope?

and skill demands: among employees at Oracle. I will elsewhere document the shortcomings in

this data, but for now, I will get agide thoae issues and uge exactly the data he relies; upon in

reaching his conciusions. Dr. Neumark has propoged a model that he represents 0r that Plaintiffs;

agsert is adequate t0 demonstrate a Statistically common circumstance among the members; 0f the

putative C1358, and it is that hypothegis that I examine. My conclusion is that the highly variable

and inconsistent outcomes I Observe are not consiatent with a mode} that compares pay among

employees doing substantially similar work.

The proposed class i3 quite diverse

20. As muted above, according t0 Dr. Neumark’a data, the proposed 01328 contains 4,132

women employed at Oracle in three job functiong (Product Development, Informatian

Technology, and Support) from June 201 3 through the present. There are 265 job code/job grade

combinations, for which annual base salaries for full time, full year employees range from

. The range in total annual compensation for thege full time, full year

empioyees is . The prepased class memberg in Dr. Neumark’s data,

includa everyone from hourly employees working 213 Buginess Serviceg Representatives t0
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Product Development Executive Vice Fragments overseeing organization? employing thousands

0f profegsionals. The propoged 4, 1 32 class members ciirectly reported t0 3,409 managers; 0f the

2,190 managers for Whom the data contains; gender information, 5 1 4 are women.7

21. Oracle is a large company that developg and markets a wide variety 0f buainsss software

and data managemmt technologies.8 My understanding is that their scope includes both

maintaining legacy softwars solutions and creating new scfiware solutions and aofiware delivery

systems in response t0 market demand. My fimher understanding i5 that there are emplayees

who build the backbone 0f such systems, as well as those th build applications 0n top 0f that

backbone, and yet other empioyees who design thé customer interface and work with clients t0

implement tha mfiware and iron out problems? Some employees»; arrive at Oracle straight from

school, others previously worked at one 0f 72 companiea acquired by Oracle as reflected in the

data, and still others arrived at Oracle afier starting their careers elsewhere‘ The latter category

worked at a variety 0f companies, such as IBM, Apple, Bank 0f America, Gap 1116., and

Herbaiife, 0r were QeIf-emplayad. The college majors ofputative class members in the data

include not jugt engineering and computer science but algo art, biolfigy and philosophy.

22. 1n the Product Development job function, the data contains cmployaes in Individual

Contributor career level 0 (“1C0”), 6aming- on average in total compensation (all salary,

6’

It is my understanding from the Steven Miranda declaration and from the cormspondence

betwean Mantoan and Finberg regarding the data that products and services; are mrmlated at

least roughly with a variable in the data called organization. See: Declaratim} of Steven Miranda

in Support 0f Defendant Oracla America, Inc.’s M'mions for Summary Judgment 0r, in the

Aitemativa, Summary Adjudication, January 17, 201 9, paragraphs 3 and 8; Augugt 17, 201 8

letter to James Finberg, [Oracle] Mamoan ltr t0 [Jewett] Finberg in resp t0 data Q3 21, 22,

26.pdf, page: 3.
7
This is based 0n supervisor ID in the assignment data. Gender is not available for all

supervisors, as they d0 not always; fall into the population definitions used for data productian

where gender i3 recorded (for example, became they warked outside California). There are

1,219 direct managers for whom gender information is not available.
8
Oracle Fact Sheet (http://www.oracle.com/us/corporate/omcle—fact-sheet~079219.pdf).

9 See Miranda Declaration, paragraph 2.
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no bonus 0r stock) up through a handful of employees in career level Manager 8 (“M8”) with

average total compensationof— 1n the Support job functian, total compengation

ranges from an average0f- t0 an averageof— In the informaticm

Technology job fimction, total compensation ranges from averages:of-
(comprised only ofbase salary) t0— Indcad, the: cmmposition 0f total

compengation i3 markadiy difffirfint by Gama 1cm}, with

In the Individual Contributor Career Levels, Tami Compensation is

- Dr. Neumark's Data, 2013~2fl17, F1211 Time Fukl Year Employeesa Individual

Cantribumrs By Career Level -

I Basm Pay m Bonus W Stack

Percent

0f

Tats!

Campensatios

1C3

Caregr Level

Exhibit 1
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At Higher Manager Career Levels,

- Dr. Neumark's Papulation, 2013—2017, Full Time Fail Year Employees, Managers By
Career Level -

I Base Pay I Bonnie M 840614
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0f

"Fatal

Campensatian

20%
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0% ‘
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Career Level

Exhibit 2

23. It i1; my underatandmg based on materials produced in the casa that the kinda ofjobs at

iasue in thig matter draw 0n a Wide range ofskills and experience, not jugt various types 0f

computer programming. F01” exampie, job pogtingg for some Layout/Mask Designers indicate

that they create and model integrated circuits relatetd t0 wmk 0n Sun Systems Hardware, a

computer hardware company which was acquired by Oracle in 2010.10 10b postinga far some

”Th6: requisition data includm a pogting for an 1C2~ievel Layout/Mask Deaigner:

IOOSZOLayout/Mask Designer 2.}3’RODEVENGSVCSJC2, Vacancy name: 111C} 353472.:

“Develops and prepares. muiti~dimensional layouts and detailed drawings 0f the samiconducter

devices from fichematics am} related geumetry pmvicied by Design Engmeers. Work may be:

completed through the use ofCAD equipmant‘ Checks dimensionfi, writes; apecifications and

varifies completad drawings 0r digitized plots. Perfams and may pian maak design work.”

“Preferred akiIIS include: proficient in SPAM related layout knowledge and skins; related t0
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Technical Analysts; indicate that they assist customers with their technical issuea.” Technical

Writers may have majored in English in college, and work 0n manuals and publications.” Thay

may all have: callege degreea, but their spaciaitieg are quite different.

Job code and grade mask differenceg in the: work employees den contrary t0 Dr. Neumark’s

assumgtion that job code and grade “veg narrowty” defines work

24. A3 noted, Software: Develapers, who are spread among career leveig I to S, comprige the

largest job category in the data. From a labor economics perspective, my examination 0f the

requiaitions that describe openings leads me to believe that there are differences in the focus and

damands 0f their wark. There are Software Developers tasficed with deaigning and guiding new

28mm process tachnology and/or beyond; excellent understanding 0f layout dependant

parameters (LDP), DFM and ERC; aelf~motivat€¢ mam player with good interpemonal,

leadership and wmmunicatiens skilla; familiar With Sun envimnment, P; R and SKILL acripting

arc: great pluses; intimate working knowledge Offoflowinggz Cadence: Virtuoso, Virtuoso-XL;

Mentor: Calibre DRC/LVS; Unix environment”
H

901 20.Technical Analygt 1~Supp0rt.SUPP,PRODSUPP.IC1. Vacancy Name IRCI 895672.

“AS a member Ofthe Support organization, your focus is £0 deliver post—sales support and

solutivzmg t0 tha Oracle cugmmer base whilé serving as an advocate for cuatomer needs. Thia

involves mashing post~saies non~technica1 customer inquiries Via phone and eiactmnic means,

as well as, technical questions regarding the use 0f and troubleshooting for 0m" Electronic

Support Sawices. A primary point 0f contact for customam, you am responsible for faciiitating

cuatomer relationships with Support and providing advice and asaiStance to internal Oracle

emplayees 0n diverse customer situations and escalated Ewes.” “Work involves Some probiem

golving With aafiistance and guidance in undemtanding and applying campany paliciea and

procedures. As this i2; an entry-level technical position at Oracle, a technical degree is preferred

Lew BS Computer Science/Managmnent Infermation Sygtems/Science/

EngineeringMath/Physicg/Chemistry with a 3.0 GPA. OR functional dagree + technical highar

degree 0r in lieu 0f dagree may subatitute 4 years professional experience & professional

certification (£63., CNS, MCSE, CPA, Oracle, em)?”
12
13520Technical Writer 2~ProdDamPRODEV.TECHWR.IC2. Vacancy Name IRC2007631.

Technical Writera document the products; an ICl—level job requisition deacribes it as: “Createa,

develops, plans, writag and edits operational, ingtmcztional, maintenance, {mt 0r 11361” manuals for

paper, multimedia 0r webvbased pubfications. Contributeza t0 the timely dagign, production and

delivery/ccmpletion of product documentation and document sets.” The position requirefi; certain

skills: “Knowledge of infomation development ami publication toola, such as FrameMakfir and

VisioExcellent; rematch skills; Ability t0 understand and document complex concepts; Ability t0

write clearly and canciaely using (3017601 grammar, gpelling, and punctuation about higlfly [. . .1

Undergraduate degree in Engliah, journalism, or computer Science.”
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products, and others charged With maintaining exiating syStems and products, and, thoae Who test

existing praducta‘ For example, this Software Developar 1 is working 0n a new product within

Oracle and will med t0 bring artificial intelligence and machine learning gkills t0 baar. The

starting base pay for the person hired through this requisition wag-

25.

“‘SOftware Deveioper 1C}: Oracle Intelligémt BOTS is a newly formed group within

Oracle working 0n salvmg Some really hard problems like a platform for computar

programs that leverages machine learning, artificial, intelligenca t0 enable natured

convarsations with people. We are like a start—up inside a large company with a big

charter and lot 0f creative freedom. We have assembled some 0f the smarteat paople in

the induatry and are growing this team. If ycvu are looking for an exciting new
opportunity, build new pruducts from the ground up with staten-of-the—art technology,

high Icvei creativity then we are the right fit for you. [. . .} You will get the opportunity t0

apply your knowledge in AI, Machine Learning, NLP etc. t0 our Chatbot Piatform.

You will also work cm designing and creating a new highly available, scalabm, and

perfbrmam architecture [. .
.].””

Other job descriptions for entry level Software Developers call for no particular

programming skills, The starting pay for the individual hired through the following Software

Developer 1 requisition wag-14 and the deacription emphaaized testing existing products:

26.

“Saftwam Developer ICl: “A8 a QA Analyst in Configuration Engineering, you Win be

part of a team that is a collaborative, global organization mmisting 0f developers; and

analysts with a deep understanding 0f Oracle Hardware Producm and Oracla's E~Busineas

Suim. You Wifl develop and execute test piam ta enfiure quality 0f configurator

software releases. You will aISO be responsible: for test planning? test plan generation,

handa-on testing and problem reporting. N0 prior experience with Ormle
Configummr or other Oracle products is required. flue to the specialized nature 0f

the work, training 0n essential tools and processes is provided. Some basic

programming experience is helpful?”

This example of two Software Developer Is, and many other such examples in the data I

reviewed, undermines the idea that these individuala am performing substantially similar work;

instead, they likely differ not juSt in terms 0f the content 0f their work at Oracle but in their

outside Opportunitiea in the market. The “price” that their skills carry may differ depending 0n

13 Vacancy IRC3537583. Emphasis added.
M

In 201 7 doflara using Dr. Neumark’s CPI canversion.
15 Vacancy IRC2485625. Emphasis added.
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the other companies in the industry that are competing in thoae product areas and thus 3180

competing for workers. For example, a Icgacy software product might have gmailer future profit

opportunities from a discounted cash flow perspeciive, and therefore empiayees working cm

these products might earn less relative t0 employees working 0n new products for which the

company has or anticipates high current and/or future profits.” And the “price” of these

different skills wauId be expected t0 vary over time, as both the demand for and supply 0f those

particuiar skills fluctuate: in the market because 0f changes t0 interest in a particular technology,

the number 0f universities 0r other training programs teaching individuals those skills, the

number 0f companies participating in (and thug trying t0 hire in) the market for those

technologieg, and 80 0n.

27. The control variables in Dr. Neumark’s regreasion mode] d0 not ensure appropriaté

comparisons of employeeg performing substantially similar work from a labor economics

pempective. For examplm in Dr. Neumark’g data, there are 2,517 unique employees who held

the title 0f Software Developer 4. The queation is Whether all 2,517 employees are indexed doing

substantially similar werk 01* whether Dr. Neumark has failed to incorporate control variables

that would account for meaningful differences in their skills 0r responsibilities. In his data,

annual b21863 galariea for fim time full yaar Software Dévelopm‘ 48 range from-
16

In labor aconomifis, wages in the short run are influancad by wagea in the market, the demand
for the company’g jpmduct and the structure offlm market they compete in. (See for example,

Cahuc and Zylberberga Labor Economics, Cambridga: The MIT Prisms, 2001 ,
p. E75, though the

principle is much older than that.) Dr. Neumark cancisely summarized tha relationship between

productivity and pay in prior testimony, noting that “pay is based 0n a wmker’s productivity. In

fact, their marginal productivity [. . .] the worker adds this; much revenue t0 the firm, the firm
isn’t going t0 pay you more than that becausa then they’d lose money on you. And they’re

probably, in equiiibrium, not going t0 pay you less, than that became selnezbody 6136 would pay

you that much.” (Depositim Testimony 0f Expert David Neumark, Rabin and Chapman el a1. v.

Pricewa:erhousewopers, LLP, United States Diatrict Court Northam District 0f California San

Francisco Division, Case N0. 16—cv-02276-JST, January 12, 201 8, 100: 1640M.)
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Narrowing t0 employees within Mr. Kurian’s line 0f buaineaa, for example, and t0 employees

with 8 t0 10 years 0f Oracle tanure, the differences arc ,
and—- for base and total compensation respectively. Likewige, among employees in Mr.

Kurian’s line 0f buginesa with 4 t0 6 years 0f tenure in their jobs, the differenceg are-
-, and for base and total compensation respectively. A pay range

that wide suggesw that Software Developer 4s d0 in fact engage in very different kinda 0f work.

From a labor economics perspective, it would be very surprising if employees with subgtantially

tha Same set 0f skills, duties, and regponsibilities as others were willing to accept- the

pay of others performing substantially the same work.

28. Job requisitions for specific Software Davelaper 4 positiong in the Taleo Applicatim

systam reflect those differences. For example, one such requisition describes the poaition this

way:

“A3 a Software Test Automation Enginesr, (me i3 reaponaible for developing backend

automation tests caseg (from scratch). Will perform a wide variety 0f testing from

perfmrmance, functianal, load and reliability taming. Enginaers will report? analyze,

troubleshoot bugs and work with development team for resolution. Must b6 highly

pasaionate about tearing software apan and finding defects bugs.”

The posting further specified: “We are seeking seagoned engineers with a minimum Of 3+ yrs

991
software develewmmt automation and testing amerience.

hired into this; pogitian wag-.18
29. In contrast, a posting for a different Software: Devaloper 4 position for whom the

succesaful candidate earned a 19) indicated that:

“As a Sr. Principal Safiware Architect Engineer you will own and lead softwara

architacture anti dcvelopment for major components 0f Oracle’s cloud infrastructure. You
should be a distributed systems generafist, able t0 architect broad Systema interactions,

7
Starting pay for the individual

‘7
See Tame requisition 140009113.

‘8
Ln 2017 dollars.

‘9
1n 2017 dollars.

22



whila being very handa-on, able t0 dive deep mm any part 0f the stack and lower level

system interactions.” This; position also called for “8+ mam” experience delivering, and

oparating Iarge 36316, highly available distributed systems.”
20

30. Again, both positions were for a Software Developer 4 in the line ofbusiness headed by

Executive Vice Preaidem Thomas Kurian.“ Dr. Neumark controls for line 0f business head in

dim” only by controlling forhit»; modem, which he describes as the “reporting chain 0f comman

tha highegvleve} manager in that line (in this case, Mr. Kurian) -— but Dr. Neumark does; not

claim t0 have studied theme lines of business, 0r Whether there are further differences in the type

ofwork performed within sub—divisions 0r subunits 0f these lines 0f business.” Dr. Neumark

further testified that he did not study job postings, narrative information from performance

reviews, promotian justificationa, 0r hiring justificationg, t0 gupport his agaumption that the:

variables in his model effectively grouped employees doing substantially Similar work.” He

apparently ignored this readily available mfonnation. In my professional opinion, one should at

least evamate this additional detailed information in order t0 test the assumption that job

code/grade “narrowly” defines work.

The repregentativeness or anvlicabilitv 0f an average depends on the extant 0f the variation

around it

31. By estimating only a single, aggregate regresgion model over all emphyem, all years and

all jobs, Dr. Ne‘umark hat»; aasumed that women at Oracle are a cohcgive group best summarized

2”
See Tam requisitien 14001409,

21 My underatanéing is that Thomaa Kurian 13 n0 longer employed by Oracle (ami thus i3 n0

longer a line 0f business; haad), but that he was through thee end date of the data praduced in the

case. See https://www.linkedin.com/in/thomas—kurian-469b62 1 9/.
22 Newark Depgsition, 1 16:7—8.
23 “Q. DOGS the line Ofbusiness structure at Oracle relate in any way t0 the products 0r

services; 0n which an empioyee is working? “A. You've already asked me {hats I —~ I w 1* don‘t

know, sitting here, what the relationghip is; It wouldn't surprise me if there was some-

re1ati0nship.” Neumark Deposition, 123: 1 2-1 8.
24 Neumark Deposition, 62:19-64:24.
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by a Singla common model that averages over a1} their expariences.” As floted above, regression

coefficients; degcribe aggregate average differcancas in pay. When there i8 not much underlying

variation in the data and asaociated analytical outcomes, then an average i3 potentially a useful

summary measure. If there is a lot of variation - both in the ranges 0f pay levels across; 0r within

job categories, 0r in the individual} statistical outcomas - an average can b6 misleading.

32. T0 illustrata this; point, in a dcgcriptive statistics context, imagine a group 0f 100

empleyeea who earn $100,000 on average. If all of thsse employees earn between $90,000 and

$1 10,000, then thrs average 0f $100,000 is a good gummary measure of income in that group and

the difference, 0r “error” between that average and any individual’s actual pay when using the

average t0 eStimate the pay of a particular persan will be relatively small. Now imagine mgtead

that half of the 100 employeas earn $50,000 a year and half earn $1 50,000. Average earnings are

still $100,000 but as a summary measure, the average doas not capture “typical” earnings very

well and the Single statistic obscureg the fact that there are two distinct and very different

eaminga gmups in the population. At isgue in a setting with thousands 0f employees is whether

the average captures; something meaningful for all the members 0f the group, such that

extrapolating the mean expérience: t0 everyone is reagonably accurate. In the first example,

25
It is my undemtanding that the California Equal Pay Act (Labor Code section 1197.5) was

amended effective 1/1/2016. My understanding i5; that, prior t0 1/1/2016, the act appfied to pay

differences between employees performing “equal work 0n jobs; the parfmrmance 0f Which

requires equal 3km, effort, and responsibifity, and which are performed umier similar working

conditions” in the “game establishment.” After that date, my undarstanding is that the language

changed t0 apply to pay diftkrences between employees; performing “Subgtamially simiiar wark,

when viewed as a mmposite of skill, effort, and r&sponsibility, and performed under Similar

working conditiong” without the establishment—based limitation. From a technical atatistical

perspective, these are two different analytical standards for a statigtiaal analysis. T0 a labor

ecanamist “equal work” weuld suggest that the analysis mum focus more narrowly. Dr.

Neumark has not addressed this issue in hi3 report, and became I am responding to him, I have

n01; addresged statistically how one could 0r Should break the: analytical approach in this cage into

two parts. But beca‘uael conclude that his model does not have Sufficient controls t0 compare

emplaycea performing similar work, if some portion 0f the: class pariod is subject t0 a stricter

comparator standard, his model necessarily would fail there as well.
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where: everyone earned Close t0 $100,000, extrapolating the average to everyone would be

reasonably accurate. Extrapolating from the avwage 0f $100,000 t0 all members; 0f a group

Where $01116 eam $50,000 and some cam $1 50,000 would lead t0 highly inaccurate eStimates for

all individuals in that group.

33. 1n the regregsion context, the single regression coafficient 0n female represents the

average difference in pay betwean women and men, taking into account all 0f the characteriatics;

in the model. Thia average: difference may not characterize the experience 0f a substantial

number ofwcmen m the analysis. Dr. Neumark’s model is; estimated by averaging gender

differences across ail empioyees, even though gender differences in pay among hourly

employeeg may b6: quita different from gender pay differences among Exacutive Vice Presidentg

who have congiderably more advanced skilla and more complex regponsibilitiea, and whose pay

combines salary, bonuses and stock awardg.

34. His aggregate mode] also only averages the: effect 0f other variableg’ impact 0n pay. For

example, a regression coefficient 0n years 0f Oracle tenure wil} represent the average impact 0f

Oracle tenure over all empleyees and all jobs. Hewever, the underlying rdationships Ofthe

Employees to the impact 0f tenure: might vary widely; for examplé, tenure may be more: relevant

far 3011160116 warking 0n a legacy product than for someone working 0n a team trying t0 design a

new and innovative product. Consequently, the computad average affect 0f a Single regression

coefficient does mt speak t0 the extent 0f variation in the underlying data used t0 estimate that

aVel‘agfi.
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A single coefficiant 0n gender in a Dav regression is only an averaga and does mt in and 0f itself

answer the cmestion 0f whether, from a statistical, perspective. the circumstances"; 0f Dav outcomas

0f female empiovfiea at Oracle: arc amenable t0 common analvticai treatmémt acmss all c1333

membem

35. MuItiple regresgion statiatical methods are usad t0 study whether there i3 on avcrage a

relationship between pay and gender once the factors that the model 11363 to reflect other

characteristicg that determine 0r influence compensation are taken into account. The estimated

coefficient on gender can be characterized by its gign, ita magnitude, and its statistical

significance. Ifwomen are paid 1633 on average than men holding gimilar jobs, defined as work

involvmg Similar gkills, effort and responaibility, and performed undsr similar working

conditions, then the regressien coefficient 0n gendczr will be negative: H1 other words, women

would be observed being paid less 0n average than expected based 0n their work~related

Characteriatics. If the coefficient 0n gender is pogitive, it indicates that women are paid more 0n

average than men doing similar wark. The gize 0f 1:116 coefficient apeaks t0 the practical

significance - in other words, the substantive impact 0r real—world implication -~ 0fthe

relationship between pay and gender.26 Finaliy, if the regression coefficient is mt Statistically

significant, then sex is not statistically related in a meaningfu} manner t0 pay 0n average, holding

26’
“Practical significance means that the magnitude 0f the affect being studied iS not de

minimis—i.e., it is Sufficienfly important Substantively for the court t0 takfi: notice. For example,

if the average waga rate; is $10.00 per hour, a, wage differentiai between men and wmnen 0f

$0. 10 per hour 13 likely m be deemed practically insignificant became the: differential represents

only 1% ($0.10/$10.00) 0f the average wage rate.” Rubenfald, Daniel, “Raference Guide cm

Multiple Ragresgion,” Rejérence Manual cm Scientzfflc Evidence: Third Editian (p. 318),

Waghingmn D.C.: The National Academies Press. There i3 also a Sizcabla statistics and

econametricg literature 0n the issue 0f “practicai Significance.” See McCloakey, Donald N‘

(1985). The Loss Function Hag Been Mislaid: The Rhetoric 0f Significance Testg. American

Economic: Review Papers and Proceedings, 75(2), pp. 201 ”205. Also see Learner, Edward,

Specification Searches: Ad H06 Inferences with Nan-Experimemal Data, Maw York, Wiley,

1978. Also see Piette, Michael J‘ and Paul F. White (1999). Approaches; for Dealing with Small

Sample Sizes; in Employment Discrimination Litigation. Journal af‘Forensic Ecanomics, 12(1),

pp. 43-56,
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work-related characteristias constant.” A coefficient can be statistically significant without

being large in any meaningfui, practica} same; Similarly, a coefficient can be large but not

statistically significant, particularly if the population 0n which tha estimate is based is small.

36. A11 that said, a regmsgion coefficiant is simply an average. Some women will have been

paid less than the model predicts braised 0n their n0n~gender characteristics; such as; education,

experience, and job title. Same women will be paid about what the made] predictg, and some

will earn more than the model predicts based 0n {hair individual characteristics. An average

alwayg can be estimated; that in and 0f itself does not mean it is necessarily the best summary

statistic t0 deacriba the data. A 9in With separatv: hot and cold taps will produce warm water 0n

average, but neither tap £3 accurate]y deacribed as; warm.

The fixtengive variation in outcomes among emmlavees W110 Dix Neumark’s; model conaiders

observationallv similar suggests that the model is miasnecified and does; not comvare enmloverss

doing substantiallv similar work

37. It is my understanding that the legal issue currently before the Court i3 t0 cansider

whether class certification is appropriate, Which from a gtatistical perspective would ask whether

there are patterns in pay eutcomes that are “common” amcng the individual members 0f the

putative clasa. In thie; section, I use Dr. Neumark’g data and variables, t0 examine pay outcomea

and thereby gauge: how sensitive his conciusions are t0 being aggregated into a aingie number

with a single conclusion regarding the pay 0f women at Oracle. One way t0 examine thia

variability is t0 study employees’ actual earnings relative t0 what Dr. Neumark’s model predicts

for each person. The statiStical software itself eggentially automatically predicts pay for

27
The t-statistic typically mad t0 calculate the statistical significance 0f a coefficient i3 bassd 0n

part cm the underlying variability Ofthe data but speaks t0 whether the coefficient’s size could be

explained by chance (assuming the correct modal has been estimated). It does not addrem

whether the data are appropriately analyzed in one: big group 0r if it would be more Sensible t0

mode} subsets of the data separately.
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everyone in the data as part of itg calculations that generate the regregsion results. It is a 81mph?

matter t0 modify Dr. Neumark’s computer code to retain and View each empleyee’s predicted

pay~28

38. In developing these predictions, the other adjusflnent t0 Dr. Neumark’s computer code is

t0 remove the gander variable from the model that predicts pay. The idea hare is; t0 predict pay

based only on job and empioyee characteristics other than gender. What would an empEoyee

earn regardless 0f gender based 0n their characterigtics? Thug, I re-egtimated Dr. Neumark’a

regression model, dropping gender as a control variablej and then examined each person’s actual

and predicted pay.

39. The graph balow plow actual base pay for each female employee 0n the vertical axis and

what their predictsd base pay would be basad on the non—gender variablea in Dr. Neumark’fi

analysis 0n the horizontal axia. Because Dr. Neumark aggregated everyone from every year into

a Single model, each dot in the graph indicates a perswmyear. The dashed line indicates where

actual pay equals predicted pay. Dots above the dashed line indicate employees whe are paid

above what his modal predicts; dots below the line: indicate employees who are paid less than his

model predicts. By design, because regression modefs estimate the average effisct, roughly half

0f a1! the points Sha‘uld be Scattered randamly abova the line: and half beiow. However, if

women are systematically underpaid, they should “leap out” visually 0n the graph by being

predaminately below the dashed line. The graph hag only female data points,

28
Dr. Neumark uses the inverge hyperbolic Sine: tranafomaticn for base a and total

com ensatiun became in his anal gig of

Also, I run a linear least Squares model instead 0f

the “reghdfe” 11131:th hfl 1159233 t0 absmb multiple fixad effectg. These technicalitieg make
virtually no difference t0 the results.

28



Actual Base Pay vs. Predicted Base Pay
~ Predietion Based (m Dr‘ Neumark's Data and Made}, Wiflwut a Gender Control -

- Female Incumbents in Dr. Neumark's Dataset, 2013-2018 ~

0 Female - - Actualmpredicted

Than Predicted

Actuai

?ay

Earns Less

Than Pradicted

Predicted Pay

Exhibit 3

40. Dr. Neumark”s regregsion medal cannot explain wide pay differenms in (employeess it

canaiders similar. For example, take the point along the harizontal axiS at-, which is

where predicted pay equam- If one were t0 draw a straight line vertically from that

point upwards, whiah intgraected with a dot for an employee below the dashed line, that would

indicate someone Whosa actual pay was below the predictad amount of- If (ma were t0

continue that same line up from- and mtemect it with an employee dot above the dashed

line, that i3 someone Whoae aetual pay was; higher than the predicwd- Both 0f thoge

dots reprasent woman who based on their observabla characteristics, wem predicted by Dr.

Neumark’g model to be paid-j but one woman is paid more than the expected-
and the other woman i3 paid less. The employees: in the (Iata - both men and women ~— who are

predicted to earn about- using Dr. Neumark’s model actually earnad between—
29



and.29 This wide variation in actual pay between employees that the model congiders

similar is unexplained by the regression madel, becauae the mode} makes the same average

prediction for all 0f them.

41. The next graph displays the same information but portrays it somewhat differently. As

before, an employee whom actuai pay is graater than her predicted pay is plotted above the

horizontal axis and an employee Whose actual pay i8 1633 than her predicted pay is plotted below

the axis. The haight of the bar measures for each female empioyee, the percentage: by which

actual pay differs from predicted pay.” Employee Outcomes are sorted from highest to lowest.

If most 0r all women were: adveraely affficted by Oracls’s pay policies and practiceg, they would

}argely appear below the harizontal zero axis; ~ i.e., their parcentagee; would be negative When

comparing actual m predicted “should have been paid” pay. The graph shows ingtead that 43,6%

0f women are not gystematically adversely situated relativca t0 men, using Dr. Neumark’s model;

the point at which the bars flip from positive t0 negative i8 116211" the middie 0f the graph, not over

toward the left?
I

That the height 0f the bars ranges from roughly positive 120% t0 negative 56%

shows that a one size fits all regression model is likely inappropriate, and that a gingle regression

coefficient is only a summary measure that masks; a great deal 0f variation in what Dr. Neumark

claims are tightly circumscribed regressiomcontmlltzd outcomes in the underiying data far

WOmfin.32

29 N0 one was pradicted to earn exactl
‘ for the u (mass, 0f éiscuasion, I looked at

employees predicted to earn betwam
30

This is calculated as (exp(residual)-1)*100.
3 I

Technically, each point rapresenta a woman-year abservation became Dr. Neumark aggregates

all years together in his modal.
32

Economists; (including Dr. Neumark) have argued for 118mg benclnnark regremicm models

combining both gendem bacause {hay rcquires Iess regtrictive assumpticmg abcmt employem’

decisions about marginal product and pay. Sea Neumark, David (1998). Employers’

Discriminatory Behavior and thx: Eatimation 0fWagé Discrhninatian. Jaumal offrhzman

Resources 279-295. Cotton, Jeremiah (1988). On the Decompogition 0f Wage Diflerentials. The
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Percent Difference Between Actual Base l’ay and Predicted Base Pay
- Prediction Based 0n Dr. Nenmark’s Data and Madel, Without a Gender Control ~

- Female Incumbents in Dr. Neumark's Dataset, 20134018 -
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“60% Earns Lgss

Than Predwted
—80%

400%

420%

Exhibit4

42. Finally, whether 63011 woman i8 paid more 0r less than expected according t0 Dr.

Neumark’s own data and model can be tested statigtically, t0 detarmine whether thay are paid

Statigtically Significantly more than expectad, about what was expected, 0r gtatistically

Significantly less them expected based on hi3 mode}. The graph belmw Shaws that over all years,

jugt 3.5% 0f woman earn statiatically significantly less than predicted and that 2.2% 0fwomen

earn statigtically significantly more than predicted. Another 5 18% 0f women cam somewhat

fess than predicted but their actual pay was not statigtically gignificamly less than predicted, and

42.5% whose actual pay was above their predicted pay but not t0 a statistically gignificam

degree. And even within the range that is not statistically significant, actual pay can still be as

much as 29% higher than predicted 0r 23% lower than predicted.

Review QfEconomics and Statistics, 236243.
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Distribution of Differences Between Predicted and Actual Base Pay Based

0n Applying Dr. Neumark‘s Made] t0 Female Employeeg
100% - - Prediction Based 0n 20134018 Female Incumbents in Dr. Neumark’s Dataset w

90% -

80% -

m 70% ~
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§ 40% _ / fy/3m
30% ~ Efimg mafii‘rfimlly Earns Statisticafly

Sngnificanfly Lizss Significantly More
than Predicted than Pradictfld

20% '

J, J/
10"/ —

‘o
3,48% // / 2’ 17%

0% m...— ,

A
,

19’
, W

Negative Significant Negative Not Significant Zara 0r Pmitive: Not Pogitive Significant
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Studentizefi Residual Eucket

Note: Dr, Neumark‘s regressian model was estimated by year without gender controls.

Exhibit 5

43. Looking at the data year by year shows that over 1,100 women each year earn more than

the predicted amount baged (rm Dr. Neumark’s data and model. In 201 3, the 1,309 women were

43% of a1} women in the data. Every year thereafter, 45% 0fwcmen in the data 621de at 0r

above the predicted amount. Those numbers and percentages would be expected t0 rise if the

flaws in his model were corrected, provided that variablea reiated to the work being performed

are diatributed diffarenfly by gender.
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Number ofWomen By Year Whose Actual Base Pay Is At or Above
Their Predicted Pay Using Dr. Neumark‘s Model

1’600 a

m Equal 0r Above but Not Significant I Significantly Higher Than Predicted

1,400 n
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Note: D1". Neumark‘s; regression mode] was; estimated by year without gender contralg.

Exhibit 6

It is not claar what conciuaions can be drawn from a ragression model for individuai wcmen

44. The statistiaal issue in this case i3 whether women doing aimilar work to men are paid

1638. A regresgion modal answers this question by predicting pay based on an individual’s job

and personal characteristics (as reflected in the variables the analyst choases) and then

comparing that predictian to actual pay. In that sense, everyone: predicted t0 6am Say, $1 60,000,

is doing equally “valuable” work when considered as the combination 0f factors included in the

medal. This; approach hingeg 0n having the correct control variables, becauge otherwisa it is not

comparing “apples t0 apphas.” What the variabifity charts Ehow i8 that relative t0 the average

benchmark set by the regression model, “10an can be paid we}! above what Dr. Neumark’s

33



model predicts 01" well below that amount, and hie; report does not address; why thair pay diverges

30 much fimm that benchmark if they are supposedly doing Similar work.

45. Is the average: (i.e., predicted pay) the correct benchmark? The chart below takea; a

narrow slice of data —~ employees predicted 1:0 earn between AS a group,

the cemmonly appiiad model predicts the: company should value and pay these employeas

equally. It is hard m know What conclusion t0 draw: can everyene earning less than the highest

earner in this group claim that they are underpaid, even if they themgelves earn more than the

model predicts? Does it matter that the highest earner (a woman) is a Product

Management/Strategy VP, and the other employeas in the chart inclucie not only Product

Managemam/Strategy VPS but also IT Senior Directors, a Hardware: Deveiopmem Senior

Director, and Software Developer-Architects?
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Actual Rage Pay vs. ?redicted Base Pa :

?redicted Pay Range
- Prediction Based on Dr. Neumark'g Data and Made}, Without a Gender Camrol -

~ Incumbents in Dr. Neumark‘s Dataset, 2013-2018 -

OFemaEe XMaIe

Predicted Pay

Exhibit 7

46. The proper banchmark question is not one that can be addressed simply by adding

whatever variables are at hand t0 his aggmgate model, though certainly the mode} could d0 a

better job 0f capturing subatantive differences; in the 3km requirements; and responsaibilities of

various jobs as dascribed in the job poatings, perfmmance revicws and hiring manager

narratives. Similarly, disaggregating the model into various geparate subgroups; if; still mfiy

eatimating the average effect and gauging women’s outcomes relative t0 a predicted average.

Instead 0f one overall average for women, as; Dr. Neumark has provided, there would be 3

averages: 0r 5 averages 0r 30 0n. Attachment C contains; additional graphs Similar to those in

Exhibit 3 above, remicted t0 various subgroupa in the population. What they show is that
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explaining women’s; pay outcomes at Oracle is not as simple as dividing the data into some

number 0f aubgroups and re~estimating the same model. Fundamentally, his; regression model i3

not an effective approach for answering the question 0f whether women at Oracle are paid less

than men deing subgtantially similar work. This is t0 be expected if hi3 model does not

adequately control for the Skills, effort and responsibifity related, t0 the work being dame.

4?. More éetailed information about what these jobs require in wring 0f Skill, effort and

reaponaibility is contained in the thousands. 0f requisitians, hiring manager comments, and

resumes produced in this case. T0 understand whether two jobs; are similar, one needs t0

understand What it means t0 compare jobs; in which, as tha general portion 0f the postings

themseives State, “[w]0rk i5; non-«routine and vary complex, involving the application 0f

advanced technicaI/business skills in area 0f apecialization.”33 Dr. Neumark has not establiahed

that a Software Develeper 3 job that requires a “BS 0r MS degree 0r equivalent experience

relevant t0 functional area. 4 years 0f software engineering 0r related experience”34 is

comparable t0 a Seftware Déveloper 3 job asking for “'BS/MS/th) in computer science or othar

relevant technical degree; 5+ years 0f experience in user interface development for web

applicationa; Deep knowledge 0fHTML, JavaScript, CSS (SASS a plus), DHTML, DOM, Ajax

and Java; [. . .] Expertiae using Spring MVC and other frameworka; Familiarity with J'avaScript

frameworks such as; Ext IS and jQuery; Expartise trcubleshooting cross-browaer and cross»

platform 1331163; Familiarity with XHTML, XML and XSLT; Familiarity with Agile Scrum 0r

Similar methodology a p105; Familiarity with SASS a plus?“

33 See Vacancy ID 2456850 for Software: Developer 3 in jab requisition data.
34

Sac Vacancy 1D 2456850 for Software Devaloper 3 inij requigition data.
35

See Vacancy II) 2491 842 for Software Developer 3 in job requigition data.
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48. The hiring manager comments are another possible source for understanding the: extent t0

which specific skills are calied for, as opposed to general programming knowledge 0r broad

educational background. For example, 0116: candidate: for one QA Analyat 3 position was

selected over twc; other candidates because the permn “has very good Java, Database, jZee and

plsql and strong Web development skills; [...} proficient in unix shell scripting E. . .]. working in

lead r016 and 1133 gOOd exposure m SDLC [, . .]” while another candidate “[h]as very minimal

JAVA/JZE’E experience [. . .1 expertise d069, not suit 0m" requirement,” and the third “[h]as only

manual taming experience and lacks product development lifecycle knowledge [. . .] (1063 not

have any development experience.”36 This hiring manager sought particuiar kinds 0f experience;

it is likely that a different hiring manager hiring someone into the same job title but: t0 work on a

different team might prioritize different skillg. Them differences abservablc in thé data illustrate

what Steven Miranda, Executive Vice President 0f Oracle Applicationg Product Developmant,

stated: “Oracle’s wide array of products and services translates to a similariy diverse set 0f

skills, duties, and respongibilities among Oracle employees depending upon the product or

service (or the component 0f a product 0r Service) 0n which an employee works. Stated

another way, juat as the technologies: themselves differ, 30 d0 the skills, duties and

reaponsibilities naeded t0 fiavelap, enhance, modify, support 0r gewice theme producta and

servicea. This can be true whether 0r not employeeg share the Same job titla.”37 Dr. Neumark’s

model gbsses (war these differences without ever teSting their importance 0r relevance.

36
These comments come from OFR APPROVAL CQMMENT HISTORY

in ORACLENJEWETT~00007304wnativaxlsx for vatsancy ID 1719823.
37 Miranda Declaration, paragraph 3. [Emphasia added]
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Thaw is evidence that emnlovces sharing a ieb coda do a wide varietv 0f tvnes of work“ navimz

widely differing amounts

49. That a single job title may encompags a wide variety 0f skills and reaponsibilities is

further evident fmm a statigtical perspective when Dr. Neumark’s regregsion model results are

restricted t0 a Single jab. The next two exhibitg Show Dr. Neumark’s results»; for female Sofitware

Developer 4 employees only. Again, there are a aubstantial number 0f wcvmen earning more than

his model predicts.

Software Developer 4: Actual Base Pay vs. Prediated Base Pay
- Prediction Based on Dr. Neumark‘s Data and Modal, Without a Gender Control ‘

- Female Incumbents in Dr. Neumark’s Dataset, 2013-2018 -
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Exhibit 8
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Software Developer 4: Percent Difference Between Actual Base Pay and

Predicted Base Pay
- Predictim’n Basad on Dr. Neumark's Data and Model, Without a Gender Cantrol -

- Female Incumbents in Dr. Neumark's Dataset, 2013-2018 ~
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Exhibit 9

50. As illustrated below, outcomes differ a great deal by organization for Software Developer

4s, suggesting that the experiences 0f women in one part 0f the company may net explain what 18

experienced by women in another part 0f tha company.” This calls into question the use 0f Dr.

38
Organizations indicate cost centem. “Oracle organizeg its businesg, teamg, and employeag

through a financial and accounting hierarchy. This financial and accounting hierarchy mirrors

the managerial hierarchy at a high level but often diverges from the managerial hiérarchy at a

more granuiar levei. That divergence 006nm because managars may oversee: more than one

product team, as that mam is defined for the purposas 0f {he financial and accounting hierarchy.

Conversely, What is a single product team for financial and, accounting purposss may haw:

multiple managers. At the mnst granular ievel 0f the financial and acwunfing hierarchy,

“coat center” (sometimes {tailed “organizations”) are mam! for purposes 0f tracking budget

and other financial outmmes. A cost center can encompass a single praduat 0r service

team, but not every product 0r service team hag its own coat center.” Miranda Declaration,

paragraph 8.

This; i3 also discusged in the data corregpondence between Ms. Mantoan and Mr. Finberg: “Cost
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Neumark’s fully aggregated model a5 a basis; for the pay practices 0f Grade as they relate t0

women. The exhibit below Shows the variation in the percent 0fwomen within organizations

who earn mare than Dr. Neumark’s model predicts for them.

Percent of Female Software Developer 4s by Organizatitm Whose
Actual Base Pay i3 Above Predicted Pay

- Prediction Based on Dr. Neumark‘s Dam and Model, Without a Gender Control -

- Female Incumbents in Dr. Neumark's Dataset, 2013-2018 -
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Note: Chart is; iimited m organization units with at leagt IO fmale Software Developer 4 observatians in the

base galaxy regresszion populatian ami acccmnts far 62.6% 0f femaie Software Developer 4 observations.
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Exhibit 10

centers are developed, altered, or deleted in partnership between finance, the business, and
HR. These groupg wark together to Grganize jobs by product 0r service, and L156 the remnant

cost centers for purposes; 0f tracking budgat, allocating pools 0fmoney that can be used far

salary increases or bonuaes, and tracking other financial outcomea. Not every product or Service

team at Oracle has itg own “Organizatioaname,” however.” August 1’7, 201 8 lettczr t0 Jamea

Finberg, [Oraclfl Mantoan Itr t0 [Jewett] Finberg in reap t0 data QS 21
, 22, 26.pdf, p. 3.
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5}. The charactcristics 0f the differences»; between actual and predicted pay for women, and

whether that difference is Statistically significant, can be dapicted by organization. The pie chart

below 10mm, by organization, at the sign and significance 0f unexplained pay differences that

come directly frem Dr. Neumark’s model. I regtrict the analysis; t0 organizations; 0f at least ten

employees; and two women for convenience, but there m n0 isaue with smali sample Sizes: the

power 0f the gtatistical tests depends; on Dr. Neumark’s model and data, not the number 0f

employees in an organization.”

52. The results show that in moat organizationg, all women earn about what Dr. Neumark’s

model predicts (i.e., the differance between actual pay and the pay predicted by his aggregated

model is not statiatically aignificant).40 This is shown in the light blue slice 0f the pie chart

below. The small, Somewhat darker blue indicateg organizationa in which there are equal

numbers 0f women who earn significantly more than predicted and who earn significanfly less

than predicted. The darkegt blue alice represents organizations in which more women earn

Statistically significantly above the model’s prediction than there are earning significantly below

predicted. The red Slice indicates, the share of organizations in whiczh more women earn

significantly less than predicted than earn significantly more. These resulm are generated using

Dr. Neumark’s medal with ita flaws included, but even in that modal, it is apparent that

organizations; with more nagative than positive results for women are in the minority.

39
His regreasion i3 cstimated by year so that statistical mists can be run without having to be

concerned about multiple obamationg on this: same pemon. 0mm the results are satimated by

year, the data are aggregated again 30 that the pie chart covars ail, years.
40 The high spreaé of the data and that moat are not smtigtically significantly different from

predicted is mt incompatibia Thare is an expected 95% 0f normally diatributad data within the

confidence: interval around a mean, but it is notable that men and women d0 not have Wildly

different proportiona, and that the error betwean actual and predicted pay is large for many
observationg.
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Organizations: Base Pay Outcomes fur Women Clasgified by
Relationship ofActual to Predicted Base Pay

- Dr. Neumark's Model Applied to Dr. Neumark's Data —

Organizatiuns With
an Equal Number of

Women with

Significant Adverse
and 3ignificant

Positive Outcomes, 8

Org v
'

Chart i3 Iimited t0 mganization units with at leagt 10 amplayees and 2 femalea, acmunting for 96.4%
0f female employees.

Exhibit 11

53. When the pie chart is instead r&drawn t0 Show the: percent 0f woman instead 0f the

percant 0f organizationa in which more women d0 better 0r worse than Dr, N‘eumarfls model

predicts, it remains; the case that fewer than half 0f women are in Qrganizationg where more

wamen are paid significantly teas than Dr. Neumark’s mode} predictg.
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Base Pay Outcomes far Wmnen by Organization Classified by
Relationship ofActuaZ t0 Predicted Base Pay

- Dr. Neumark’s Model Applied t0 Dr. Neumark’s Data -

Warner; in

Organizatium With
an Equal Number of

Women with

Significant Adverse
and Significant

Positive Outcomes,
250

Chart is limiwd to Organization units with at least 10 empleyeeg and 2 females, acwuming for 96.4%

0f female employeefi.

Exhibit 12

54. When the same exercise is conducted for total compensation, the results are even more

pranounced. Only a gmafl aliver 0f organizationa have more women who earn significantly legs

than predictad than who earn significantly mars than predicted.
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Organizations: Total Compensation Outcomes for Women Classified by
Reiationahip ofActual to Predicted Base Pay

~ Dr. Neumark‘s Model Applied t0 Dr. Neumark's Data ~

Organizatinns Where
More Wamen Have a

Significant Adverse
Outwma Than

Significant ?osfitive

Outcome, 39

Organizatiam With
an Equal Number 0f

Women with

Significant Adverse
and Significant

Payitive Outcomes,
12

Chart is limited t0 organization units with at least 10 emplayees and 2 females, accounting for 95.8%

0f famale empioyees.

Exhibit 13
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Total Compenfiation ()utcomes for Women by Organizatian Classified

by Relationship ofActuaI t0 Predicted Base Pay
a Dr. Neumark's Model Applied w Dr. Neumark‘s Data —

Women in

Organizations Where
Mare anen Have a

Significant Adveme
Outcome Than

Significant Pusitive

Outcome,
114]

1485

Chart is; limited t0 organization units with at least 10 employees and 2 femaleg, accounting for 95.8%

0f female emniovees.

Exhibit I4

55. This; is true even when the pie Chart is redrawn t0 ghow the percent 0fwomen who work

in organizations in which more women do significantly worse than predicted (according t0 Dr.

Neumark’s; model) than do significantly better. This; is not a surprise, considering the wide

underlying variation in total campensatiom Th6 quegtion is what drives that variation.

56. The data Suggests: that specific skills are being called for, not general experience (like the

age minus 22 meaaure 0f experience aged by Dr. Ne‘umark). Consider the relationship between
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age and starting pay for Softwarc Developers at various Career Levela.“ In many industries and

occupations, one sees pay rigmg with age and experience. However, a3 the graph below ahows,

starting pay for Software Havelopar 38 ranges between roughly and

average starting pay bears no clear and obvious relationship t0 age.”

Software Developer 3: There i5 N0 Strong Relationship Between
Starting Pay and Age

- Dr. Neumark's Starting Pay Data ~

O

r;
" 0

CV

Q»:

m *0 O
«E,

FE
‘ o ' 0

‘0

47 52 57 62 67 72

Age

Exhibit 15

41
Because: of the flawed way Dr. Nfiumark defined college hires}, similar graphs for IC2~level

employees would be mostly made up 0f college hires that he failed t0 remove from hi3 data.

Thus, I d0 not present thaws: charm.
‘12 A regression 0f flaming pay 0n age reveals a coefficient 0f 0.002, maanmg that starting pay is

associated with a 0.2% increage for each year of age. Whila statistically significant, a coefficient

this»; small indicates that there is no meaningful relatianship between age and starting pay. The
model explains legs than 1% 0f ths variability in starting pay.
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57. The? same patterns hold far Software Devalepex 4s and Software Devsloper 53.43 Fifty

year 01d applicants being hired d0 not tend t0 cam meaningfully more than 25 year Ulda. Rather,

an alternative hypothesis; is that new hires; 0f 311 ages are paid differently based 0n thesir particular

skilla rather than baged 0n the number of years they have worked in the labor market.

Software Developer 4: There is N0 Strung Relationship Between
Starting Pay and Age

m Dr. Neumark's Starting Pay Data -

é“

m 6
m}
.S
t;

£3
U}

67 7222

Exhibit 16

43 Among Software Developer 4s, the regreasion coefficient, 0n agfi i5 0.002, far a 0.2% change

in starting pay for aach year 0f age. Like the Software Developer 3 results, the coefficiant is

statisticaily significant but not practically gignificant in a real world sense. For Software

Developer 53, the coefficiant 0n age is ~0.0001 and is not statistically significant.
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Software Developer 5: There is N0 Strong Relationship Between
Starting Pay and Age

- Dr. Neumark's Starting Pay Data ~

O
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Age

Exhibit I7

58. That specific Skills might be more important than simply age and gmeral yeara 0f

experience is suggessted by the graph below whiah color codes; observations; for Software

Developer 4s whO were hired into two different organizations}. The red dew indicate those hired

into OCI Development. The blue dots indicate thoge hired into Corp Architecture -

Development.
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Organizatiun May Be Mare Relevant for Starting Pay Than Agé
~ Dr. Neumark’s Starting Pay Data, Software Developer 4 —

0613131 * OCI Development w ORCL USA O0U30 ~ Corp Architecture — Development ~ ORCL USA
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Exhibit 18

59. T0 View these highly varying outcomes using Dr. Neumark’s model another way, I used a

statiatical algorithm to random}y sampla 0116 woman in (each 0f the ten largest job titles in the

data Who have at least two: male comparators and plotted their base pay amounts in 2016 uging

Dr. Neumark’s data. The comparatorg are 0103er matched 0n his regrassion model variables:

expericnce withifl two years, Oracle tanure within two yeara, job $0616 tenure within two years,

job code and grade, part time and hcmrly stamges, zip code, and line 0f businefis head. The

horizontal axis is jab tenure, and the vertical axis 13 bags salary for 201 6. The red dot i3 the

randomly selected woman. The blue XS are men With regression—mode] characteristics matched
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t0 the selected woman. The blue dots are other women with similar regressiommodel

charactaristics. I Shaw four charts below but a1} ten are includcd in Attachment D.

- and Matched Comparatars Using Dr. Neumark's Regression

Variables to Create the Match, 2016
- Software Davelaper 3, Grade Elm -

- Average Age: 26.0 Years u

I- XMale OFezmaIe

X
X

XX
o x

X
x ‘

3K

x x
x
% e
>4 Xx >4 ,

ix
x " 4 o4 * a fl m X X 4 XX x X x ><

X >41

Nome: Companion ware matched within 2 yearg on the

varioug tenure and expflricnce variablcsy and full time

Status, galam'ed status, LOB head, zip coda, andjob code

grade interaction,

0.5 I 1.5 2 2.5

Years in Current Jab Code

Exhibit 19
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Exhibit 20

Exhibit 21

and Matched Comparators Uging Dr.

Neumark's Regression Variables to Create the Match, 2016
- Product Manager/Stmtegy 5-Pmdbev, Grade E.01 I -

- Average Age: 43.2 Years ~I- xMaIe «Female

><

I

X

Note: Comparamm were matched within 2 ysars cm the

various tenure and experimca variables? and full time

statug, salaried amma, LOB head, zip code, and job code

grade interaction.

0.2 0.4 0.6 0‘8

Years in Current Job Code

and Matched Camparatorg Using Dr. Neumark’s
Regression Variables to Create the Match, 2016

a Technical Analyst 4~Suppom Grade £3.12 -

- Average Age: 52.] Years -

I- XMaIe QFemale

1%:

Note: Camparamrs mam matched within 2 wars 0n

tbs various tamm: and expcfienwc variamcs, and

fut} time: mama} 931mm 513mg, LOB head, zip fl
code, and job code grade intaraction.

10.5 I1 11.5

Years in Current Job Code

12
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— and Matched Camparators Using Dr. Neumark's Regressinn

Variables t0 Create the Match, 2016
a Software Heveloper 4, Grade E9 ~

- Average Age: 39.6 Years -

I- XMaie GFemale

IX:

X.

O
>41

' 6
Note: Ciemparamrs were matchcd within 2 years 0n

{ha various ttmure and experienct: variabies, and

full tima status, salaried Status? LOB head, zip

code, and job code gradc interaciicm,

2.5 3 3.5 4 4.5

Years in Current Job Code

Exhibit 22

60. What we See are a variety 0f outcomegz packets wharf: women am both tha highest and

lowest camera, others in Which women 6am less 01" more in general, and yet others with n0

pattern by gender. Women d0 not appear t0 be aygtematically lower «eamem even in these groups

defined by Dr. Neumark a5 comparators. For example,- earns less than Emma men with

the Same 0r less experience in the job code, but 3316 21130 earns more: than men with more

experience in the jab code. Earns 1633 than a man with several months Iess

experience, but earns; censiderably more than a man with roughly the same experience. -- earns more than a man with similar experience and legs than a man With less experience,

but the highwt eamtzr 0n the chart i3 a woman.- i3 the lowest earner in her group, but

another woman is the higheat earner,
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61. The queStiOn is; how much 0f the obgerved variation is due t0 genuine unexplained

variation in outcomas among women, and how much is due t0 deficiencies in Dr. Neumark’s

regregsion model — in particular, cieficiencies in the way he defineg “subatantially aimilar” work.

Dr. Neumark agread that employees with different marginal productivity would understandably

receive different pay“ but beyond job code/job gracie contmIs, he did not account for this other

than purpomedly in his lint: 0f business head control.“ Yet as the graph b&fow Shows, the

starting pay for Software: Develeper 4 hireg in Thomas Kurian’s fine 0f buginess during the 2013

through 201 8 period varies; significantly, from just over across

different organizatians.

Average Starting Base Pay for Software Deveioper 4 in Thomas
Kurian‘s Line of Business, by
Organization Within hi2; LOB
4 u I.

’
,

‘
t

V‘
r, i e v.

t i

A136 - Java GDP] - 6MB} - 8616 w Public (3904K? « Public 613130 - 613m ~ 0C1 63331 ~ Ciaud

Platform - Identity Cloud Reaponsys Clmud Cloud Infragtmcmre Development - Infmgtmcture -

ORCL USA Services - Development - Platform Platfomu Management ORCL USA ORCL USA
ORCL USA ORCL USA Development — Development m Servicw —

ORCL USA ORCL USA ORCL USA

Organimmm

Chart i3 limited to organizations with at least 10 Sofiware Deveioper 4 employew in Mr. Kurizm’s Line 0f

Businesa in Dr. Neumark’s starting pay data.

Exhibit 23

44 Neumark Deposition. 11}:16-I 13:16.
45

Ibid, 12021—12210.
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Within iob titles 3kills and responsibilities vary widely

62. According t0 Drw Nsumark, work location, job cwde/grade and line 0f business head

gmup “similar workers in similar jobg.”46 Although job code and line ofbusinass head can be

used t0 segment the: data t0 a certain extent, it appears that employees performing dissimilar

work continua t0 be grouped together using this approach. Organization, 0r cost center, was

user! above t0 group employees as an example but may not be weil suited t0 group employeets

doing similar work, due t0 its dual businefis and accounting function.“ 1n order t0 teat Dr.

Neumark’g theary that job content does not vary within a job code/grade and line 0f business

head, a Subget 0f tha new hire requigitions was anaiyzed t0 determine whether there are other

wayg t0 think about the differenceg between thejab requirementa within one of B12 Neumark’s

largest gmupinga.”

63. Several studies have used clustering algorithms to extract gkill requimmentg from tha text

ijob requisitiong, With a particular emphasis 0n identifying the specific Skills required for

different types 0f IT jobs. Much 0f this research stems from a need t0 identify high demand

skills in the face of rapid change in the types 0f skills required by IT jobg.

64. Woweczkw (201 5) analyzed Online job advertisements in keland to extract information

0n skills needs fmm job deficrip’cions, and presents; word clouds” Showing the top bigramssm for

46 Neumark Report, paragraph 34. The notes t0 his; Exhibit 13 provide: a list of variables he calla

“jab characteristics.” These include job cede and job grade interaction (codes generally map to

only one grade per year), zip coda, and dummy variabkea far whether the pergon wag paid on an

hourly bafiis or was part4ime.
47“At the most granular level of the financial and accounting hierarchy, “cost centar” (sometimas

called “‘organizatioxm”) are used for purposas of tracking budgett and ether financial outcomeg. A
cost center can encampass a singie product or servica team, but not every precinct 0r service

team has its own 00m center.” Miranda Daclaration, paragraph 8.
48 The requisition data cantains information relating to job ligtings and included generic company
information, as wall ag detailed text that dascribad thr: specific job requirements. The generic text

was nut analyzed. Rather, the job Specific detailed text was analyzed for thia analysis.
49 “Word cloud” is a term 0f art used t0 viSually depict the importance 0f each word, Where
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seven different IT occupations. Woweczko concludes that the skills extracted using {big method

are more detailed than what would be found in standard occupational dascriptians.“

65. Litacky, et 31. (20] O) examined online: liatmgs for software engineers 0n Monster.com,

HmJobs.com and SimplyHired.com, finding that “even a brief examination 0f these tools shows

that US job titles vary substantially and that job definitions are often misleading.’”52 Their Study

uged clustar analysis ofjob Skill terms fQund in the listing, text and identified 20 IT job categories

and associated skill gets. They found that among the advertisements analyzed there ware five

clusters for sofiware developers: “The software deveiopers group consists 0f five clusters of

traditional non~Web~based development, with moderate demandg far programming in general,

sofiware development, and objecboriented programming skills}, plus; specific language, skills; such

as C/C++, Java, or C#. For example, two clusters focus 0n C/C++ and generic pmgramming

skill?» The two clusters are distinguighed through the supplementary skills required for those

jabs. C/C++ programmer jobs focus primarily 0n programmmg-language Skills}, whereas tha

system-level C/C++ programmer jobs 3180 require Ekflls in general programming, SOfiwam

development, operating systemg, security, and Perl. This indicates that the latter cluater

undertakes; work at the operating systems level a3 well as supporting traditional Perl—based

work?” In this cage, the word cloud analyais revealed differencee; in skill requirements far

different Segments 0f tha softwam developer job spectrum.

importance is meagured using word frequency within and across documents calculated by the

clustering technique. Less frequent words may appear larger if the algorithm determines they are

more important.
50 A bigram is a pair 0f consecutive written elemants, in this case two consecutive: words in a

field of text»
5] Woweczko, Izabaila A. (2015) Skills and Vacancy Analysig with Data Mining Techniques,

Injbrmatics, 2, pp. 31-49.

::
Litecky, Chuck, et al. {January/Febmary 2010), Mining for Computing Jobs, [BEE Sofmmre.

Ibid, p. 80.
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66. Creating ewnomic variables from text based sources is not new. Economists have a long

histcrry 0f utilizing eoded text data in their analygeay One familiar exampie is the data 0n

workem’ occupations; and industries; collected by the US Censua Bureau.“ The census

questionnaire asks; respondents “What kind 0f work was thig person doing?” and “What ware thiS

person’s most important activities and duties?” with a “fill—in—the-blank field” that allows a free—

form response. Them is n0 drop down menu option for rcspondentg to choose from. Rather than

kit respondents decide what their occupational category is, the Census Bureau applies thair

expertise in the nature 0f work and What, occupation it conatitutes t0 convert frea form text

descriptions 0f what people say they d0 at work t0 a census OCC code. In the case 0f the

(36113113, the written respongm are then reviewed and coded into atandardized occupation

Clagsifications, which can then be included as catégorical or stratifying variables in quantitative

anaiyses. Similarly, the quegtionnaire asks about the industry in which one: workg using both

free-f‘onn and check~b0x questions which are then clerically coded by Census Bureau staffifi

The rewiring coded occupations and induatries can then be utilized by économigts and other

researchers in their anaiyses.

67. I have in my previous work performed convergion 0f detailed textual degcriptive material

into job categoriea. For example, in a hiring 0333 I and my team precessed 30,000 handwritten

employment applications and created a set ofjob categories. These categorieg were then used in

statistical analysis 0f hiring. In another case, I and my team procesaed tens 0f thousands 0f

promotion job pogtings, ané converted qualitative material into data that would be subjected m

statistical analysis. In shmt, processing of text and ether qualitative material into quantitative 0r

categorical} formats is nothing new.

54
United States Census Bureau: Industry and Occupation

(httpsz/fwww.census.g0v/topics/amployment/induStry-occupation/about/occupation.htmi).
55 ~

bed.
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68. Economists and other professionals have increagingly incorporated in their research

analysis 0f textvbased data gets t0 extract and classify textual mformationéé Some 0f them

Studies haw: foamed 0n using textual analysis t0 examine media sentiment,” pelicy

uncertaintyfg and the health and stability 0f financial 3y3tems.59 Economists have utilized text

data derived from analysis; of Google searches,” Yelp reviews,“ and Twitter megsagesw in

empirical anaiyseg.

69. Here, I use these techniques to analyze the 1,053 detailed text job requisitions for the

Software Developer 4 job code at Oracle. Following methadology that is typical in the

application 0f text processing, the job posting text was prepared for analysia by removing what

are referred t0 as stop words, as well as punctuation and irregular charactem that are not ugeful

56
See, for exampltz: Einav, Liran and Jonathan D. Levin (2014) The Data Revolution and

Ecanomic Analysig. Innovation Policy and the Economy, 14, pp. 1~24g and Gentzkow, Matthew,

Bryan T. Kelly and Matt Taddy. (Forthcoming) Tfixt as Data. Journai afEcanomic Literature.
57

See, for example: Gentzkow, Matthew, Jesse M. Shapiro and Michael Sinkinson (2014).

Competitian and Ideological Diversity: Historical Evidence from US Newgpapers. American

Ecmmmic Review, 104(10), pp. 307381 I4; Gentzkow, Matthew and lease M. Shapiro (2010),

What Drives Media Slant? Evidence from U.S. Daily Newapapsra. Econometrica, 78(1), 35~7 1;

and Grosecioae, Tim and Jeffrey Milyo, A Measure 0f Media Bias}. The Quarterly Journai of

Econamics, 120(4), pp. 11,91 4237.
58

See Baker, Scott R., Nicholas Bloom and Stevcn J. Davis (201 6), Measuring Economic Policy

Uncertainty. The Quarterly Journal QfEconomics, 131(4), pp. 159341 636.
59
Sea for example: Romer, Chrigtina D. and David H. Romer (2017) New Evidence: 0n the

Afiermath 0f Financial Crisas in Advanced Countries. American Emnomic Review, 107(10), pp.

3072-31 18; and Born, Benjamin, Michael Ehrmann and Marcel Fratzschm‘. (201 3) Central Bank
Ccmmunication 0n Financial Stability. Th6 Ecommic Journal, 124, pp. 701—734.
60

Sea, for axampla: Chae DH, Clouston S, Hatzenbuehler ML, Kramer MR, Cooper HLF,
Wilson SM, et a}. (201 5) Asgeciation between an 1ntemet«Based Measure 0f Area Racism and

Black Mortality. PLOS ONE 10(4):620122963; and Saiz, Albert and Uri Simonsohn (201 3)

Proxying for Unobgarved Variables with Intcmet Document~Frequency. Journal thhe European

Ecanomic Association, 11(1 }, pp. 137—1 65.
6]

Taddy, Matt. (2015) Diatributed Multinomial Regmsaion. The Annals oprplied Statistics,

9(3), pp. 13944414.
62

Taddy, Matt. (201 3) Measuring Political Sentimant 0n Twitter: Factor Optimal Design for

Multinomia‘l Inverse Regression. Technometrics, 55(4), Special Issue (November 2013), pp. 415w

425.

5’7



for analysi3.63 Hierarchical Clustering, a type ofmachine learning algorithm, was applied t0 the

text in the qualifications gection Ofthe requisitions; data to identify similarities and differences

between wards umd t0 describe tha job requirements 0f each requisition.“ The algorithm

calculates these aimilaritiea and differencas found in the text by determining the uniqueneas 0f

words wing a mathematical equation. N0 anaiyst judgement is applied at the requisition level.

70. The measure used here to evaluate the importance 0f a specific term 0r word i3 calied

“Term Frequency, Inverse Document Frequency” (TF-IDF). The TD—IDF is equal t0 the term

frequency weighted by the fraction 0f documents the word appears in. Technically, the TFJDF

score 0f a word equals the fraquency 0f word multiplied by the 10g 0f the ratio 0f the number 0f

documents t0 the number of documents with that ward. The algorithm places a higher vaiuc 0n

words that from their frequency appear t0 dalineate required Skim; within aubgats 0f requigitions

- such as “cloud” or “fugion.”

71. For exampiefi the word “Oracle” appears in aimost a1] requisitions and thus; does mt

provide any information for distinguishing amang requisitions. A word’s “impartance” is scored

by combining the frequency 0f a word in a document, adjusted ‘by the frequency with which it

appears in thé other documents. Suppose we have a sample 0f 100 raquisitions. Suppose the

requisition we are looking at inciudes the word “camputer” 10 times and the word “manage”

twice; assume 97 0f the ather requigitions for this»; jab cocie also inciude the word “computer” and

jUSt 9 include the word “manage.” We calculate the TF-IDF scare 0f the word “computer” by

computing “1 0 * Ina 00/97)” which is equal to 0,274. The TF—IDF gcore 0f the word “manage”

is calculated as “2 *
1n(1 00/9)” which is equal t0 4.81 6‘ [fa particular term appears in every

(’3
Stop word?» are commonly used words such as “a,” “the,” “is,” etc.

6’4 The clustering algmithm was applied t0 all Software Developer 4 requisiticms before

regtricting the data t0 Mr. Kurian’s fine ofbuginags.

58



document then it is not useful for distinguishing between subaeta 0f documenm; the TF-IDF

score for that word equals zero and it is not given any weight.

72. Ultimately the algorithm clusters gimflar requisitions into groups that are moat simflar

baged 0n the importance and frequency 0f the specific terms; contained in the dascriptions. The

anaiysis applied t0 the Software Developer 4 requisitions; resulted in the creation 0f 15 unique

clusters.

73. The first indication 0f differencea betwean the clusters can be scan by examining the

average Starting salary acmss clusters in the graph below. If one were t0 place all fulltimc

Software Developer 4 requisitions from Mr. Kurian’s line 0f buginess into one group, the overall

average Starting salary wouid be mughly- Hewever, after clustm'ing the requisitions by

the degcriptions, it is evident that there are distinct differences in atarting pay within the Software

Developer 4 requigitions working in Mr. Kuriank line of busineas. AS the chart Bhows, there is a

range 0f average starting salaries: batween employeea in each 0f the clusters ranging from an

average starting salary 0f- in Cluster 9 t0 an average starting salaryof- in

Cluater 14.
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Average Starting Salary

By uisition Cluster

Average
‘kCiuster

S Salary

15*

* N0 empiwyees from clusters 13 0r 15 worked in Thomas Kurian’g line 0f businesa.

Exhibit 24

74. The differences between the clusters can be aeen When the text in the qualificatians

partion 0f the requisitions is depicted by importance 0f worda in a eluater in a Visual “word

cloud.”
65 The word clouds for all 15 Clugters 0f requisitions for Software Developer 4s are in

Attachment E but I will diacuas tWG cluaters hare a8 examplea. Each word cloud below pregents

the 50 moat important wmda per cluster, with the most important terma being preaemed in large

blue 0r purpla font, and the 1633 important terms being presented in small red font. When

visuafly comparing the ward ciouds, it is evident that there are distinct differences in the

importance 0fmung that appear in each 0f the Clustars.

65
For the; purpose of prasenting terms 0r words in a word Cloud, important terms are identified as

those with the highest proportion in a clugter minus their proportion across all Clusters.
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Exhibit 25

75. The word doud above i5; based 0n ths 52 requisiticms in Cluster 7, which has an average

gtarting salaryof— The moat term with the greatest weight that appears in Cluster 7 is

“test,” which guggests that this cluster 0f requiaitiom relates t0 testing appiicationg that are

dcvcfloped by others. (310361" manna} impaction of the text in the qualifications sacticm 0f the

requisitiona supportg {big finding. A3 just one example, a portion 0f the responsaibilities Section

0f requisition ‘IRC2487806 in Cluster 7 states, “As a Software test automation enginaer, one is

reaponsibie for developing backend automation tests, cages (fi‘om scratch). Will parfann a wide

variety 0f testing from perfomnance, functional, load and reliability testing. Engineers will report,

analyze, troubleshoot bugs and work with development team for resolution. Must be highly

pasaionate about tearing software apart and finding defects bugs.”
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Exhibit 26

76. The average atartmg salary of Cluster 14 is highar, at- The chart above shows

that the incidence 0f terms for Clugter 14 is different than those that appear in Cluster 7. The

highest weighted term in Cluster 14 is “syatems,” with “diatributed” and “iaas” also being

common termsfié The prominent terms that appear in Cluster 14 indicate that this gmup 0f

requisitiona is associated with develcyping Oracle’s cloud based infragtructure. For example, an

excerpt 0f requisition IRC3037555 in Cluster 14 states, “Oracle's Infrastructure Cloud Container

Service is Hiring Software Engineers Oracle is building a from scratch Infrastructure~as~a-

Service (IaaS) Public Cloud, and a Iarge part 0f that effort i3 a container service targeting modem

66 My undemtanding is that IaaS stands for infrastructure as a service and is a form 0f cloud

computing that pmvides virtualized computing resources over the intemet. (See

https://www.oracle.cchloud/infmstructura.htm] )
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DevOpS engineers. We are looking for exceptionai distributed gyatems and operating Systems

engineers to join this; effort.”

77. The duster analysis; is consigtent with the idea that controliing only for job title and line

0f business head and not more detailed aspects 0f work does not group employees doing

substantially similar work. Because ifwomen are distributed across thege ciustem differently

than men are — for example, women were 29.8% 0fnew hires in Cluster 7 in Kurian’s LOB and

7.7% 0fnew hireS in muster l4 in Kurian’s LOB —- then not accounting for within-job title

differences in skillg and regponsibilities will lead to omitted variable bias. Because Dr. Neumark

does not accurately 0r fuily central for the nature 0f the work employees are 60mg, his analysis

suffers fi‘om meaaurement error.

PRIOR PAY AND STARTING PAY

Dr. Naumark’s nrior nav analysig does not show that gsndar 2am in nrior Dav muse gendcar gaps

in starting gay at Gracia

78. Piaintiffs allege that Oracle has a practica 0f re1ying upon applicants’ prim‘ pay when

Setting their starting pay upon joining Oracle. Specifically, in their Class Certification Motion,

Plaintiffs claim that “inequities from this illegal practice [0f using prior pay t0 set starting pay]

persist. Plaintiffs will prove through common evidence that Oracle’s policy 0f tying galaxies t0

prior pay, and failing t0 rectify imbalances [that are present and adverse t0 women generally in

the labor market from which Oracle’s applicants are derived} violated FEHA and the UCL.

Piaintiffs will prom this inegal policy and practice through company documents, testimony 0f

Oracle’s persons most knowledgeable, and expert analygis of company data?“

67
Representative Pfaintiff‘s* Memorandum 0f Points 3nd Autherities in Support 0f Motion for
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’79. Dr. Neumark presents an analysis 0f the remtionship between prior pay and Starting pay.

His analysis i8 flawed and inconclugive, however, bacause it does not identify an empirical

relationship between prior and starting pay raflecting causality flflwing from prim“ pay t0 Starting

pay. It i3 entirely possible that both prior and starting pay are associated with employee and

employer/job characteristicg, and that ail Dr. Neumark has dona is identify a correiation, and not

a causal relationfihip between prior and starting pay. Dr. Neumark simpiy 21331121169. that prior pay

is collected at Oracle in order to explicitly set starting pay a8 same sort 0f direct function 0f prior

pay, but without evidence t0 support that assumption.“

80. Dr. Neumark’s Exhibit 39 depicted a scatterplot 0f prior and starting pay for all

applicants far which he states; he hag the data needed t0 conduct the: analygisa Dr‘ Neumark than

summarizea the reaults 0f a simple regressien analySiS 0f prior pay 0n starting pay in his Exhibit

40. In the Table Note at the: bottom 0f his Exhibit 40, Dr. Neumark identifies the results 0f the

regression 0f Gracia Starting pay on applicants’ prior pay. In his report, ha statea the following

conclusion:

“The line [representing the regression line batween 1:113 two variableg] 13 strongly

upward sloping, as is the cluster 0f plotted poimsg indicating that starting pay i3 tightly

linked t0 prior pay. On averages, prior pay being higher by $1 predicts that starting pay
is higher by $.75. Alternatively, prior pay explains 74% 0f thfi variatiqn in Starting pay.

Th6 likelihood that this strong relatiomahip between prior pay and starting pay accurs by
chance is legs than 1 in 1 billion, as reflected in a t—statistic 0n the coefficient on prior

pay in the starting pay regression 0f 89.9 (or an effect 0n prior pay 0f 89.9 Standard

deviations“)?

81. Dr. Neumark is careful never to state explicitly that he i3 inferring that thia “analysis,” of

a correlation between prior and starting pay demonstrates that Oracle relied upon prior pay in

setting starting pay, because from a scientific perspectiva, he cannot. Yet Dr. Neumark states hie;

findings 0n statistica} significance in terms that wouid make the reader infer that it must be the

Class. Certification, January 17, 201 8, p. 9.
68 N'eumark Deposition, 296: 15-24.
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case that Oracle relied upon prior pay, because the relationship between prior pay and starting

pay i8 extremely strong. Indexed the relationship i3 Strong, but why? Dr. Neumark’g Statistical

test is agaimt the hypothesis that there i3 zero relationship. ThiS 0f course is not the appropriate

alternative hypothesis t0 evaluate the starting pay/prior pay relationship at Oracle. The correct

alternative hypotheais, 0r benchmark, would be a comparison to what would be expected. No

one expects there t0 be zero relationahip between prior pay and naxt obaerved Starting pay for

any job, at any emplayer, in any economy anywhere at any time. That wauld be an absurd

benchmark.

82. According t0 Piaintiffs’ theory, if female prior pay hag embadded within it labor market

bias against women, such that it fonows logically that Oracle hag simply embedded that bias in

its own initial pay for its female employeeg. However, Dr. Neumark’s regults are also congistem

with a hypothesis that Oracle does set pay based cm the human capital and specific job

experience an applicant brings t0 the job, and that the “disparitiw” in bath prior and initial pay

that Dr. Neumark claims t0 have found in hi5; Exhibit 41 reflect that Dr. Neumark baa not

included any 0f the: detailg 0f prior employment experience 0r sufficient job 001111013 in hi5

regreasions. Dr. Neumark assumeg his conclusions, by asauming that somehow an R-squared 0f

0.74 is high enough t0 “prove” that Oracle did rely causally (m prior pay, and further assuming

that the appmximately 2% femak: difference in pay found in both his prim and Matting pay

regressions shown in his Exhibit 4] reflect outcomes dua t0 being female, rather than gender

differences in other characteristics, Such as the companies they came fiom, for example.

83. It i3 worth examining Dr. Neumark’s implied premiae, based 0n hi3 Exhibit 40 that

Oracle reliea formulaically on prior pay to set starting pay. Dr. Neumark discusaes tha issufi of

statistical hypothesis testing in various places throughout hi3 report, and in fact conducts dozemg
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0f hypothesis tests againgt banchmarks he notes are appropriate for the Claims in the cage. For

axample, in each 0f his pay regressions, he teats the female ceefficient for statistical significanca.

Bach of these tests i3 a test againat a benchmark value 0f 0 ~ i.e., the teat is one where the analyst

seeks t0 know if the numerical value estimated for the gender coefficient differs meaningfully

from no value or n0 relaticmship at, all - that is, that it differs from a value 0f O. This is what is

referred to as a nuli hypothesis test. However, there are many other benchmarka which are relied

upon in the gtatistical analySiS 0f empiaymem practices. For example, in a hiring cantext, one

might want t0 tegt the percentage 0f women hired into a job againgt the: benchmark 0f the rate at

which men are hired. Of course this benchmark is saidom equal t0 zero. Or the ana§yst may

wiSh t0 test the rats: 0f promotion for women reiative to men, which would mean a female

promotion benchmark equal t0 the rate ofpromotion for mfin.

84. While Dr. Neumark carefully describes the many rcsults 0f the hypothesis tests he

performs on a variety 0f compensatien meaaureg using a variety 0f different regreggion

specifications, he is; notabiy ailent 0n what benchmark is used in his Exhibit 40 compariwn of

starting pay t0 prior pay. Clearly, one would not expect this regregsion coefficient benchmark t0

be zero. One would also not expect the relationship t0 be exactly the same (equal t0 a

benchmark 0f I). These are the two extremeg ~— eithet‘ staining pay is compietely unreiated t0

prior pay (practically an impossibility, since employee human capital does not evaporate when

moving from job t0 job, and workerg seldom 100k for jobs completely unrelated t0 their

accumulated human capital), 0r it is perfectly related to prior pay (also vary unlikely, given that

job seekers seldom move between jobs identical in avery single respect). If neither 0f {11638

extremes is what one would expect, then what exactly should one Expect? Dr. Neumark fails to

disclose anything in this regard, and is careful in his wording not t0 imply it either.
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85. Starting pay and prim pay are strongly correlated throughout the economy. This is not

unique t0 Gracie. For example, Ireviewed National Langimdinal Survey (NLS) data 0n prior pay

and gtarting pay for people who changed 30133.69 The correlation between starting pay and prior

pay is 0.75 acrOSs all individuals in this data. Dr. Neumark himself appears t0 undemtand this.70

Nothing about Dr. Neumark’s simple presentation 0f ths relationghip 0f starting pay and prior

pay at Oracle is anything other than what (me would expect in any company.

Not only is Dr. Neumark’s mior pawstarting pay mseamh design wrong. but Dr. Neumark’s

analvsis is also incorrectly flerformed. and fixing 1113 errors combletelv changes; the conclusions

86. Dr. Neumark fmdg a 2.4% gender gap in starting pay at Oracle and a 2.2% gender gap in

prior pay» and uaeg that t0 argue that “Oracle may be mimicking the gender pay gap reflected in

the prior pay of employees who came t0 Oracle from Other employers m— especially if the gender

gap in prior pay and gtarting pay is similarim However, the results Dr. Neumark obtains d0 not

hold up when one follaws hi3 own advice to use the correct data and foam 0n “appleg t0 apples”

comparisons»

69 The National Langitudinal Surveys (NLS) started in 1997 with 1448 year 01633 and surveys

them every year about a wide range 0f tcpics (the most recent year was 201 6). My analysis

examines job changers; and the difference between the: ending pay 0f the prior job and the Starting

pay of the new job. After limiting the data t0 exclude people changing occupation, changing

partutime/fuil-tims gtatus, 0r who have fixtreme valuas 0f the reported hourly ratea, I analyze data

for 3,488 respondenta. .

70 When asked, “Would you expect t0 see that the prior pay . .. would be highly predictive ofthe

starting pay ...?” Dr. Neumark answered, “L . .}the worker has some characteristicgs how good

they are at the job, and maybe the jobs are related: They'm probably being hired w» at least in w
in a big, complex organization, probably being hired t0 do a job that has game relationghip m the

prior job, 0r the 3kills they learned 0n their prior jab, and Some 0f those may be —— you know, you
take -- yOur skills g0 with yau, your abilities go with you, 30 it’s not surprising at all.” Neumark

Deposition, 295:1»«24.
71 Neumark Report, p. 26, paragraph 64.
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87. Dr. Neumark warns that the measures. 0f prior pay in the Oracle data can include a variety

0f possible pay elements: baae pay, 13011118, and the value 0f Stock. However, for a gubset 0f 425

new hirea, he Claims that the prior pay measure is; clearly identified in the data as ralating t0 base

pay. The compensation measuré for Oracle starting pay is base pay. For the sample 0f 425, Dr.

Ne‘umark states that he has “apples t0 appleg” measures for the pay figures he wishes to compare.

For the other 2,358 applicants; in his analysia, there is n0 indication whether the prior pay

provided in the data is bage pay 0r total compensation. His Appendix Table (3.1 (page A—30 0f

hi3 report appendix) gives examples 0f the issues here. One person reported $1 35K+25K bonus,

and presumably the $} 35K is just base pay‘ But the: parser} who reported $1 18,1 12.48

(inclu3ive 0fbonus) cannot hr: asgigned a base pay amount. It is 11m clear if the person who

reported “1 05000 / 20% bonus” i5; including the 20% 13011113 in that dollar amount 0r if the 20%

bonus is an additional amount. Someone who reparts just “I 35,000” may 0r may not be

including bonuses. The person who reported “$1 90K (baSe + on—target bonus)” clearly

combinad the two.

88. Dr. Neumark Stateg, ‘°[.
. .] t0 create an appleS—to-apples comparison with the current

measure 0f starting pay (which uses base pay), I attempt t0 use prior base pay whenever baSe pay

is explicitly reponed (425 employees). However, far moat employeeg (2,358), it i2; ambiguous»;

whather the salary numbar given is base pay 0r total compensation.”72 Yet he navel" presents any

statistical results using just the 425 employees for whom he says he has an “apples to apples”

comparison.” Instead, the results in his Exhibit 41 are based 0n all 2,783 observations. His

Appendix D, which is intended t0 test the robustness 0f his results, only drops observatiang for

which prim pay wag; in a foreign currency and 62 Observations where “prior pay was ambiguous”

72 Neumark Report, p. 26, paragraph 67.
73

In other words, even among the 425 “apples; to apples,” it is not entirely clear Whether the

dollar amount is just base pay 0r includes; bonuses, stock 01* any other compensation.
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without explaining Why they were ambiguous.“ In other words, in the text 0f his report, he

describes 2,358 prior pay abservations a3 “ambiguous” but only drops 62 as “ambiguous” in his

sensitivity tsst. Below, I test his Exhibit 41 results using the group 0f 425 employees he claimed

wou1d present an “apples; t0 apples” comparison.

89. The first three columns in the table below show Dr, Neumark’s resuhs, ag reported in hi3

Exhibit 3 0n page 34 0f his; report. The next threat columns repeat his analysis, but restrict the

population t0 “apples t0 applés.”?5 The resultg are quite different when uging the “apples t0

apples” base pay measures. None 0f the results are statistically significant but the point I want t0

emphasize is about the relative Sizes 0f the coefficients, which are what Dr. Neumark uses; to

faahion his argummt. The gap in Starting pay among the “apples t0 applea” group is similar t0

the gap in his full 2,783 population: women’s starting pay is 2.16% less; than men’s, baged on his

model. However, the gender gap in priorpay is much larger: women’s prior pay i3 4.91% less

than mafia. The third column shows that the difference between starting pay and prior pay

regreased 0n the game controls Shows that women actually d0 2.74% better than men upon being

hired by Oracle, according t0 the way Dr. Neumark has get up his analysis.

74 Neumark Report, page A31.
75

Three obaervationa drop from the analyais because they are missing information in one 0r

more 0f the control variables, leaving 422 for analysis.
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Dr. Neumark’s Prior Pay Results are Driven by Measurement Error
Dr. Neumark’s "Apples t0 Apples"

Neumark Ex. 41 Analysis Sample
Subset

(1) (2) (3) (4) (5) (6)

Regression Dependent Variabfc [u(Starting) In{Prior) mfgggxg} ln(Starfing) [u(Prior) infiggfifigy

Coefficient —0.0242*** $0218” 43.0025 43.02 1 6 -0.0491 0.0274

smurm (0.0057) (0.0108) (0‘0091) (0.0221) (0.0341) (00261)
Female

Twsmt «4.24 ~2.02 -U.27 -0.98 —1 .44 1.05

p-value 0.0000 0’0439 0.7874 0.3280 0.1509 0.2930

Sample Sim 2383 2,783 2,783 422 422 422

Adjusted R—squared 0.8523 0.6702 0.3526 0.8045 0.6853 0,4521

l , A1} madam comm)! far empen‘ence, a dummy far whmher foreign cunendm wme cmwerted, and dummies for data ambiguity in

the prior pay dam (unclear aurrenciezs, unclear fidmons, unclear hourly, andundwmm] compensatian). Job ccmmfls include

cammls fm‘job code-jab grade intfl‘actions, zip code, DOB head and pan—time statm.

2, Caluma 1 t0 3 replicate:Nwmmk Ex. 41 Columns 2 u) 4.

3. *** denotes a significance level 0f 1%, ”W denotw a significance lave} 013%, * demms a significance Ievel 0f 10%.

Exhibit 27

90. The results in Dz". Neumark’s report appear to be a coincidence due to meawremem error,

and not evidence that Oracle “mimics” hypothesized gender discrimination in the labor market

writ large. The bigger picture, as noted above, is that nothing in his analysig demomtrates that

prior pay has a causal effect 0n starting pay at Oracle.

91. Simply put, 85% of the data Dr. Neumark relied 0n t0 draw conclusions; about starting

pay and prior pay are “ambiguous” in that he stateg that it cannot be determined ifwhat is being

modeled is prior base pay 01‘ prior total compensation. However, upon carefu} impaction, even

the 425 obaewations Dr. Neumark conaiders “apples t0 apples” have problema. The table below

lists 12 cases where Dr. Neumark’s data i3 compared t0 the actual variable he uses to measure

prior pay. AS seen, Dr. Neumark’s mismeasurement of prior pay ranges from a $1 10,000 undm‘u

calculation t0 a $1 30,000 aver-calculation. For example, the first row shows that Dr. Neumark

recorded the emplayee’s prior baae pay a3; $290,000. Hewever, in the variable that stores prior

pay, it clearly indicates that base pay i8 $1 60,000. In the second row, it is not clear Where his
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$1 I 8,000 value comes from. In the third and fourth rows, it appears that a 263m was migtakenly

dropped in creating a numeric prior pay variabla suitable for analyzing quantitatively out 0f the

prior pay text provided in the data.

Inspection 0f Dr. Neumark's 425 "Apples to Apples" Subset Indicates that Dr. Neumark
Incorrectly Identified Baae Pay far 12 Members in this Subset

Starting

Oracle
Neumark‘g

Company Data'
corrmed

Extent of
Person ID Prior Base CANDIDATE CURRENT SALARY ATV Prmr Base

Pay ~ ‘ -' Pay

1 393816829 290,000 Egg
(160K Em + 28K 30m + 108K

160,000 130,000

2 893432257 118,000 228000 with RSUs 228,000 —1 10,000

3 887184502 125000 120000 + 10% average bcmug 120,000 408,000

4 893741761 10,000 $100k + 0T 100,000 90,000

u ( __
o

5 889969072 180,000
$128K base “1“” + 35% 5 A’ bonus (188‘

128,000 52,000
year he got 4.5%)

6 891674199 186,000 $1 62k base, $1 86 total 162,000 24,000

7 894217345 230,000 $210K Salary + $20K Annual Bonus 210,000 20,000

a 891(W6369 253,000 $235k base + $500K unvested equity 235,000 18,000

9 893720364 240,000 $295K (includeg a $45k bums) 250,000 40,000

10 891927319 150,000 155k + 75k Rsus + 15% bonus plan 155,000 -1000

n 890778700 127,000 $127,500 + $5000 bonus 127,500 -5oo

12 891938057 159,000 1595K plus bonus; of around 12 m 20K 159,500 -500

Note: Neumark'g Prior Base Pay carries from "BasewUSD"

Exhibit 28

92. Another problem i3 that Dr. Neumark’s prior pay and starting pay models <30 not control

for year, which is especially probiematic given how quickly things change in the tech 3:301:01“.
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The hires in his analysis gpan a period 0f six years. While: inflation (which Dr. Neumark tracks

aging the CPI) ranged from less than 1% t0 2. 1% during the 201 34201 8 period, median hourly

wage growth in the San Francisco / San Mateo / Redwomi City region ranged from 3.1% t0

5.3%.76 When I correct the 12 prior pay errors in his; “apples t0 appleg” data and add a year

control, the results now show that there is n0 gender gap in prior pay among new hires at Cracks.

The famale coefficient in the prior pay regresaion is under 1% and i3 not even remately Close t0

being statistically significant. In Sum, Dr. Neumark’s analysis 0f prior pay fails; to demanstrate a

purposeful 0r causal linkage between prim and starting pay, and fails t0 support the conclusion

he draws that Oracle relies, upon prior pay t0 the detriment 0f female applicants hired into

Oracle.

When the flata Errors in Dr. Neumark's Sample of 425 are Fixed, the Statistical Results,

Change a lot, and Adding a Control for Year Essentially Eliminates Gender Differences in

Bage Pay

Female
Description N Cuefficient t-value

Estimate

Dr. Neumark‘e; Full Prior Pay Sample (As Reported in His Exhibit 3) 2,783 —0.021 8 -2.02

Limited to “Apples; to Applets" Subset with n0 Correcticm fer Data Errors 422 43.049] -1.44

Correcting for Prior Base Fay Data Errors 422 -0.0230 4186

Add Year Control 422 "0.0090 «0.34

Exhibit 29

76
Dru Neumark adjusts all compengation meaaurea based on the CPI. However, that adjuatmem

underestimates the real salary growth for ralevant Gccupations in this: Siliccm Valiey geographical

area. An examinaticm of the Occupational Employment Statisticas survey used by the State: 0f

California Empioyment Development Department ghows that the madian wage growth in Silicon

Valley for Computer and Mathematical Occupationa (SOC code 15—0000) during the class; period

far exceedad the CPI. (EDD Stata 0f California - OBS Employment and Wages,
httpa://www.labormark6tinf0.edd.ca.g0V/data/oeS-empl0yment-and-wages.htmI#OBS).
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Relevant axperience and starting bay

93. Dr, Neumark’s atarting pay data includes a variable called

APPLICANT_CURRENT_EMPLOYER that indicates the new hirefis, former company. There

are a number 0f familiar companias in the technology sector (Cisco, Apple, Microgaft, IBM, HP,

and 30 on), as well as; less wen known technoiogy companies; (Violin Sysatems, Happiest Minds,

Hoopla Software, etc.) and some companies that are not in the tech sector (Gap Ina, Bob Evans

Farms, Bay Area Vidao Coalition, among others). When Dr. Neumark refers to “relevant”

experience in his analyses and in the information he “scraped” from resumm, what he means is

just education ievel and years of experience since graduating from latest education.” He does

not use the resumes; to identify the quality 0r the: nature 0f prior experience. A programmer

coming from Apple quite likely had a very different experience than a programmer coming from

Bo‘b Evans Farms. Hi3 analyses do not take these factors into account.

There is wide variation in the relationshin betwetfm vrior and starting Dav at Oracle

94. Implicit in Dr. Neumark’s analygis i8 the idea that Oracle gem starting pay by agking

about prior pay and then adding Some fixed percent (for example, prior pay plug 5% 0r 10%).”

If there is; such a formula, then when I Examine the relationship 0f starting pay to prior pay in the

“appies t0 applea” papuiation, I would expect t0 see more 0r less a narrow horizontal band across

77
In the population of 16,201 employeayéars in Dr. Neumark’s; Exhibit 42, the correlation

coefficient betwean acraped experience and age or experience (that he measured as age minus

22) is 0.84509. The correlation between his scraped experience and hi3 gcraped “relevant”

experience is 0.9868. In effect, n0 new information 0r refinement is being addad by his reaume

procegsing.
78
For example, Sri‘vidhya Subramanian submitted a daclaratinn that mated” “Ag part ofmy job

duties a5 a Software Devalopment Director and Software Development Senior Direamr, I was

invclved in hiring new employees and setting the initial pay at Oracle for these new employees.

The primary ”factor I used for setting starting pay for nsw employees; was prim salary. I wag
trained by my manager, Palanivelu Nagarajam who was an Oracle Vice President, to get starting

pay within 10% 0f the applicant’s then current pay.” Declaration of Srividhya Subramanian in

Suppm’t of Repreaentative PlaintifTs’ Motion for C1333 Cemification, November }3, 201 8.
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the graph. The 5 graphs below depict the ratio 0f gtafiing pay t0 prior pay for the: 5 largest job

titles in the starting pay data. The graphs demonstrate that there is n0 apparent fbrmuia:

applicants’ starting pay outcomes vary a great deal even when hired into the same: job code.

Also, each job shows new hires with a wide range 0f prior pay, and it does; not appear t0 b6 the

case that women’s prior pay is below that 0f men. In short, contrary t0 Plaintiffs? Suggeation

there: does; not appear ta be any lockstep procesg in which female: new hires. earned less at their

jobs before coming t0 Omaha, which then resulted in lower Starting pay.
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Software Developer 5: Ratio 0f Starting Pay t0 Prior Pay
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Software Developer 3: Ratio of Starting Pay to Prior Pay
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Product Manager/Strategy 5~PmdDev: Ratio of Starting Pay to Prior Pay
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Product Manager/Strategy 4-ProdDev: Ratio af Starting Pay w Prior Pay
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95. Considar, {005 that in addition t0 the prior pay entries for which it i5; not possible t0

decipher what is being recorded, the iRecruitmcm data from 2010 through 201 7 (Lea, b&fore the

fime period during which I undarstand questiong about prior pay were banned by tha California

Equal Pay Act) includtzs 845 entries out 0f a total 7,040 cntriea ( 12%) which either record “0” 0r

have n0 numeric value. Them: include 198 entries labeled not applicable and 6 entries indicating

that the candidate did not providw the information.

NAMED PLAINTIFFS

96‘ Dr. Neumark performs a regresgion analysis in which he estimateg pay ghortfalls for the

three Named Plaintiffs for five distinct measures 0f pay: Baae Pay, Medicam Wages, Bonuges,

Stock Grants, and Total Compensation.” His regresaiml contmls in thase madeis are the same,

but the variable for female codes all female employws other than the named plaintiffs? and he

then adds indicamr variables for each 0f the named plaintiffs. Th6 results show that the:

coefficient fm‘ each named piaintiff i3 negative and statistically significant.” Dr. Neumark

remarks that the regulm 0f theme regresgions‘, indicate that the three proposed class;

representativestarilyn Clark, Manjari Kant, and Biizabeth Sue Petersenmreceived

significantly lower campansation than comparable male employee‘s (bagged 0n his definition 0f

employees doing substantially similar work).
8‘

79
See Exhibit 4 0f the Naumark Report.

80 One exception i3 the model for Stock Grants, where Named Piaintiff Petersen’s results Show a
surplus 0f Stock grants given to her when compared to male employees, though this surplus i3 not
statistically significant.
81 Neumark Report, p. 6, paragraph 86.
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97. However, thase msultg have n0 bearing 0n the ciags as a wholes. T0 ilIugtrate that point, I

selected three additional women in the data and re~estimate the regression added an indicator

variabie far eaah, just .215 Dr. Naumark did for the named plaintiffs. The three women I selected

are
a and_*2 The resulw show that the

regregsion aoefficiems for the three women are pasitive and Significant, meaning thatI
, and- ware all paid significantly more than men deing

substantiaily similar work according t0 Dr. Neumark’s model. Their estimated compensation

premiums ranga fmm a 23% t0 49.7% premium in base pay, and a 26% t0 76.1% premium in

Medicare wageg. Ail 0f these premiums are highly Statigtically significant for these three

women. Simply became Dr. Neumark eatimates coefficiénts that indicates; that the named

plaintiffs were paid less than predicted by his madel dejes not automatically make them

representative 0f outcomes for all women, and his analygis certainly does mtsupport the

cenclusion that all women in the class are underpaid when compared t0 mm who he defines a3

perfmrming substantialky similar work.

82
Their IDs are 889997603, 5013, and 88851 1678, regpectively.
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Adding Three Additional Female Employees t0 Dr. Neumark’s Exhibit 4 Regarding Named
Plaintiffs Indicates That There are Also Women Who are Paid More Than Dr. Neumark’s

Model Predicts

Base Pa
Medicare

Bonuses}
Stack Total

y Wages Grants Campensation

(1) (2) (3) (4) (5)

0.4974W 0294mm 1.4045*** 1.2709 0.371 8*,”

(0.0486) (0.0742) (0.2501) (1.3239) (0.0661)

Standard deviations 10.24 3‘96 5.62 0.96 5.62

0‘23882‘“ 0.7511W 1.4883*** 6.5968*** 0.7699***

(0,0193) (0.0285) (0.1479) (0.3095) (0.0268)

Standard deviationg 12.35 26.73 10.06 21 .31 28.67- 0.3523*** 0.2604W 0.3925” 8.0301*** 0.1435M
(0.0353) (0.0448) (0.153) (0.3934) (0.0433)

Standard deviations 9198 5.81 2.48 20,41 3.31

Clark, Marilyn J, ~0.]317*** ~0.2194*** 2.250%” ~3.4035*** -0.1400***

(0.013 1) (0.0189) (0.1372) (0.3292) (0.0181)

Standard deviations; — 1 0.08 ~1 1.62 16.41 ~ I 0.34 —7.73

Kama Manjari ~0.1458*** 41285599” ~1.6584*** 6969”” ~0.2442***

(0.0155) (0.033) (0.14m) (0.4176) (0.031 1)

Standard daviationg -9.42 ~8.64 «I 1.35 "9.50 57,84

Petersen, Elizabeth Sue ~0.2474*** ~0.3552*** 0.5364’M’“ 0.2020 433292’3’1‘3‘

(0.0082) (0.0139) (0.0785) (0.1599) (0.0124)

Standard deviatiens 30.01 “25.49 6.83 1.26 -26.46

I
Observations

i

66,928 57,066 58,256 58,256 58,256

Note: Thia axhibit correfiponds m Dr. Neumark’s Exhibit 4.

Exhibit 35

Named Plaintiffs’ Comparators

98. Dr, Neumark’s regressien mode] compares the Named Plaintiffs to employees in the

same job code/grade, linc 0f businegs head, and zip code, with similar tenure profiles. T0 100k

more closely at what this means, I flagged an individual in the data as a “comparator” if he 0r she

his similar valuea t0 the Named Plaintiffg for the following Characteristica from Dr. Neumark’s
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model in a particular year: 1) same part-‘time status, 2) same haurly status, 3) same line 0f

buginess head, 4) same zip code, 5) same job code and job grade, and 6) three different measures

of tenure within two years 0f the Named Plaintiff‘s” correSponding meaaures of tenure.”

99. The following charts; {show salaries for Ms. Clark’s, Ms. Kant’s and Ms. Petersen’s

comparators, respectively, for each year the individua} Namad Plaintiff is present in the data. In

the followiflg graphs, the individual Named Plaintiff is denoted by a red square, female

comparatorg are denoted by a blue dot, and male comparatom are denoted by a blue X‘

Ms. Clark’s Comgaratorg:

100. MS. Clark waS employed during three years 0f the reievant period as a Databaae

Administrator 4~IT. The charts below Show her base pay, as welI as that 0f her comparators for

each year from 201 3 through 201 5.

83 The three maasures 0f tenure used are: tenure in job, which £3 the length 0f time: spent in the

current jab code; Oracle tienure, which is the length 0f time spam at Oracle; and ovarafl tenure,

which is the kength 0f time spent at Oracle and any company acquirad by Oracle. Note that I did

not also gubset camparatorg within two years 0f hie; general experience variable (age: minus 22).

This is because Elizabeth Petersen would then have n0 comparamm in any yaar, Marilyn Clark

would have just one comparator in each yaar for 201 3-201 5, and Manjari Kant would have seven

comparators in 2013, juat one comparator in 2014 and 201 6, two comparatam in 2015, and none

in 201 7. Of the tenure meagures adopted by Dr. Neumark, age i5 the mast relevant, and thus that

13 the one I dropped. However, when I d0 keep the age meaaure m define comparamrs to the

Named Plaintiffs, there is n0 pattern that emerges among the handfui of compammrs that remain.
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Plaintiff Marilyn J. Clark and Dr. Neumark's Regression Model Comparators,
2013

ICIark MMale WFemale

X

i?» X 3%X fi I
W

fl
n.
a
Zém

4 5 6 7 8 9 10
Years in Current Jab Code

Exhibit 36

101. {n 2013, Ms. Clark hat} 13 comparamm selected based 0n the criteria degcribed abovs.

Mg. Clark’s salary was; $963 l 5 in that year; her wmpamtors were paid salarirss between-
and- That i5 a saiary range 0f almost—, which is very wide especially when

considering that comparators have the nearly ail same job attributes as those controlled fm by Dr.

Neumark in his regresgioxm As can be seen in the chart, there were comparators; in 2013, both m

ale and female, that were paid less than Ms. Clark, as we“ a5 male and female comparators that w

ere paid more than Ms. Clark. The lowest and highegt salaries for a female comparator in 2013

were
, mpectively.
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Plaintiff Marilyn J. Clark and Dr. Neumark’s Regression Model
Comparamrs, 2014

ICIark’ ><Male OFemaie

5 6 7 8 9 IO

Years in Current Job Code

Exhibit 37

Piaintiff Marilyn J. Clark and Dr. Neumark's Regression Model
Comparators, 2015

IC1ark XMak‘: ¢Female

X0
x X

X O >4

I
Q

5 6 7 8 9 10

Years in Current Job Code

Exhibit 38
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102. En 2014 and 2015 the ranga 0f salaries for Ms. Clark’s comparators i5; also very wicks,

appmximately— in, 2014 (with the Iowegt salary at- and the highcfit at—
and- in 2015 (with the lowest salary at- and the highest atu Note that

in both 2014 and 201 5, the highest salary paid t0 Ms. Clark’s comparamr group wag paid t0 a

femaIe comparator.

103. Ms. Clark, identified faur male colleagues whom she considered t0 be her aomparamrg.

Three 0f the four identified comparatorg are pregent in the comparator group seiected based on

Dr. Neumark’s regression criteria,“ AH threa are paid more than she was.

Ms. Kant’s Comgarators:

104. Ms. Kant wag employad during five years of the relevant period. The next Set 0f charts

show her salary, as; well as that 0f her comparators for each year from 201,3 thmugh 2017. In

20 k 3, Ms. Kant held a QA Analygt 4~PmdDevjob title. In that year, using the criteria degcribed

above, 18 comparators were gelected for Msv Kant. Ms. Kant was paid $89,896 in base salary in

20E 3; her cmmparators wgre paid salaries between The: highest salary is

over- higher than the lowest salary. There were comparators, both male and female,

that were paid more than Ms. Kant in 201 3, and the highest salary far a female comparator was

84 The three mmparamrs are: 1) Michael Burrows in 201 3 and 20M; 2) Tuan Karsavar in 201 3,

2014, and 2015; and 3) Alejandro Espinosa in 2015.
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Exhibit 39

Plaintiff Manjari Kant and Dr. Neumark's Regression Model Comparamrs,

O *0

2013

IKant XMaIa OFemale

26.33%

n v I z

7 8 9 10 1} 12

Years in Current Job Code

105. In 2014, Ma. Kant became: a QA Analyst 5-Pr0dDev, and as a reault the number ofher

comparators selected basad 0n the criteria discugged dropped. In 2014, there: were two othcr

comparatms t0 Ms. Kant, and both 0f them were female. Whiie M3. Kant’s salary was $94,396

in that year, one 0f her comparators had a galary lwwer than hers_) and one had a salary

that was higher than hersM Similarly, in 201 5, 201 6, and 201 7, Ms. Kant had a

smaller number of comparamrs, all female, with salaries gametimes lower and sometimes higher

than her own.
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Plaintiff Manjari Kant and Dr. Neumark's Regression Model Camparamrs,
2014

[Kant XMale Ochale

I‘

r 1 u !

0‘5 1 L5 2 2.5 3 3.5 4 4.5 5

Years in Current Job Code

Exhibit 40

Plaintiff Manjari Kant and Dr. Neumark's Regression Made} Comparators,

2015

IKant XMale OFemale

IQ

l t

0.5 I 1.5 2 2.5 3 3.5 4 4.5 5

Years in Current Job Code

Exhibit 41
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Plaintiff Manjari Kant and Dr. Neumark'g Regressian Model Comparators,
2016

IKant XMale OFemaIe

; t

0.5 I 1.5 2 2.5 3 3.5 4 4.5

Years in Current Job Code

s z o

Exhibit 42

Plaintiff Manjari Kant and Dr. Neumark‘s Regression Made} Comparators,
2017

IKant X MaEe O Female

I z

0.5 1 1.5 2 2.5 3 3.5 4 4.5

Years in Current Job Code

Exhibit 43
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206. Ms. Kant idantified three: male colteaguea Wham sha considered t0 be her comparatorsflw

None of‘them appear in thé group of‘comparators; Selected bamd 0n Dr. Neumarkh regression

criteria.

MS. Petersen’s Cmmnarators:

107. M5. Petersen was employed during gix years; of the: relevant period. The next charts; ahow

her galaryfi as well 33 that of her comparators for each yaar from 2013 through 201 8. Evaiuated

against her comparators, Ms“ Petarsen was paid a lower salary than all 0fthem in every year

($78,000 in 2013, $80,000 in 2014 and 2015, and $8} ,600 in 20] 6, 201,7, and 2018). She had

three comparators in 2013, two women and one man, who were: a1} paid more than she was, with

the male comparator being paid the salary closecst t0 1161‘s- and the two female

cum aratorg ‘aid a mximatel than she "was aid (both female 00m arators wemP P M3 y P P

paid->-

85
MS. Kant’s three comparators are: 1) “Ed,” 2) “Ram,” 3) Raymond Winther.
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Plaintiff Efizabeth Sue Petersen and Dr. Neumark's Regression Mode!
Comparators, 2013

IPetersen XMaIe OrFemale

Base

Fax?

I x

I 2 3 4

Years in Current Job Code

5 6 7 8

Exhibit 44

108. From 2014 through 201 8, only one persml was a comparamr m Ms Petersen, based 0n

the criteria discusaad above. This comparator (who was a woman) was paid considerably more

than Ms. Petersen was paid in all 0f the years.
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Plaintiff Elizabeth Sue Petersen and Dr. Neumark's Regression Mode!
Camparators, 201 4

IPetersen XMale OFemale

6

u c

1 2 3 4 5 6 7 8

Years in Current Jab Code

Exhibit 45

Plaintiff Elizabeth Sue Petersen and Dr. Neumark's Regression Model
Comparators, 2015

[Peter‘gen XMaIe OFemale

O

t I 1 e 1 :

i 2 3 4 5 6 7 8

Years in Current Job Code

Exhibit 46
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Plaintiff Elizabeth Sue Petersen and Dr. Neumark's Regression Model
Comparamrs, 2016

IPetersen XMale OFemaIe

4*

r i : r

1 2 3 4 5 6 7 8

Years in Currant Job Code

Exhibit 47

Plaintiff Elizabeth Sue Peteraen and Dr. Neumark's Regression Model
Comparators, 2017

IPetersen KMale 4176111316

I v x

I 2 3 4 5 6 7 8

Years in Current Jab Cede

Exhibit 48
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Plaintiff Elizabeth Sue Petersen and Dr. Neumark's Regregsion Model
Comparamra, 2018

IPetersen XMale Wpemale

1 2 3 4 S 6 7 8

Years in Current Job Code
~

Exhibit 49

109. MS. Peterfien identified three male colleagues whom she considered t0 b3 her

comparatorsfif’ None 0f thfim appear in the group 0f comparatora selected baged 0n Dr.

Neumark’s regregsion criteria.

86 The comparators she aelected are David Manes, Owen Richards, and Victor Cecena.
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ADDITIONAL CRITIQUES OF DR. NE‘UMARK’S PAY ANALYSES

110. I have reviewed Dr. Neumark’s computer programs and I have many conccrna about how

he constructed his dataset, as well 33 concerns abcmt the variables he selected for his analyais.

Dr. Neumark (1063 not properly define the relevant 1209111216011

111‘ Dr. Neumark includes 1,979 non—Califomia obaervationg —— that i3, years when the

employee at issue did not work in California - in his analyses and in his damageg estimates. My

understanding i5 that Oracle produced complete records for all employees; who were ever

employed in Prcduct Development, Informatian Technology, and Support in Califbmia during

the class period. This means: that if, for example, in one year the individual wag in Califm‘nia but

in the next yaar they moved t0 Washington, their employment history for the time that they were

in Waghington wag included in Dr. Neumark’g anafysis. Dr. Neumark dorm not limit his analysig

fiEe t0 employment spans in California, 33 he should have done.

112. The second problem with Dr. Neumark’s analysis. is that he does not analyze the correct

population. His programs incorrectly identify college hires. He excluded 777 college hires from,

2010 through the end 0f the data baaed cm a variable called “ChangeflReason” reflecting a valua

”g7
In his report, he notes that CR Qtands for College Recruiting,” but he did0f “Campus Hire.

not exclude observationg for which the “Change‘Reason” variable was coded as “CR— Dev

Hire.” In the notes to Exhibit 4, he States that Xian Wang is not coded as a campus; hire. Had he

examined the variable “Juatifjorgt’hisflhire,” which is in the same: data file: as ‘°Change_Rea80n,”

he would have Seen that her data Showg “Juatifjormthisjire” reflecting a value 0f “College

Hire.” In another data me, the variable HIREWTYPE also includeg the codes “CR — Dev Hire”

87
This; variable appears in ORACLEMJEWETTHOOOOI } 80.

88 Neumark Repcfl, p. 26,} paragraph 6S: “Other types, guch as CR (college recruiting) d0 not

have any information about prior pay [...].”

92



and “Campus Him?” Had Dr. Neumark also used those variableg t0 identify college hires, he

would have excluded another 1,3 1 3 Gbservations fmm hi3 data. Mareover, it is n0t possible t0

identify college hirer; hired prior t0 201 0, meaning that they remain in the data even though thay

are not part 0f the proposed class a5 defined. The erroneous incluaion of these college hires

means that his reaults do not provide reliable eatimates fur the proposed clams as defined by

PIaintiffs‘

Dr. Neumark’s failure t0 mntml for all leaws 0f absence takfin bv various Oracle emblovees

ovarestimates tenure, sagecially for women

113. A third problem with Dr. Neumark’s data conatruction i5 that he (1063 n0: account for

leaves 0f absenca that occur prior t0 the current position, which he asknowledgeg in hi5

testimony should be donago This is surprising because incorrect tenure measures fm‘ women are

a well—documented problem in the; economics literature, a3 he testified and as he: noted he has

done in his other work?! and it is a Significant data canstmction problem.”

1 14. Dr. Neumark caiculates tenure as the difference betwean the; Oracle hire date and the date

0f the salary observation. He experimentg with using “continuous service” hire date, which

includes any time Spent in other Oracle entities (fike Oracle India) 01‘ at a firm that was acquired.

He c1063 not, howmzer, subtract time on leave from these tenure variablag. The only way he

accounts for time not warked is in a pergon’s current job cede — if they happened t0 take their

3? 0RACLE_JEWETT_00007304
9’“

Neumark Depogition, 260; 1-2624.
9] Neumark Depoaition, 260:] 7-20. “If it’s true that there’g actually a meaningful poaitive effect

0f a company tenure question that dmesn’t account for Ieave, then yes, I would expect the gap 1:0

be reduced ifI w if I measure it.” Neumark Deposition, 261 :15—1 9.
92

Mincer, Jacob, and Solomon Palachek (1 9’7 8). An Exchange: The Thesory 0fHuman Capital

and the Earnings 0fWemm: Wamen's Earnings R&examined. The Journal QfHuman
Resources 13(1), pp.?i 18~1 34. Bertrand, Marianne, Claudia Goidin, and Lawrence F. Kata

(201 0). Dynamics 0f the Gender Gap for Young meeasimals in the Financial and Carparate

Sectors. American Ecommic Journal: Applied Ecanomics, 2(3), pp. 228—55.
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ieave 0f absence while in their current job code, he subtracts those days from their tenure. If

they took leave at any prior time, ha does not. The reason mishandling leaves 0f absence is

espaciafly problsmatic when egtimating gender gaps; in pay is because, cm average, woman take

more leave than men at Oracle, as the data that was available to Dr. Neumark shows. By not

accounting for tenure preperly, his eatimated gender coefficient is thereby biased.

115. The graph below Shaws average leave taken by gender, dfipanding {m whether someone

wag hired directly by Oracle 0r came thmugh one 0f the 72 acquisitions reflected in the data. It

shows that women hired directly into Oracle averaged 79.2 days 0f leave at Oracle and women

who came through acquisitions averaged 56.9 days 0f leave at Oracle; for men, these numbera

ware 7.8 (133/8 0f leava and 8.7 days 0f Eeave, reapectively. For acquiaitiom, the availabla data

indicates their original hire date at the acquired firm but does not record leave histories; thus, the

record is incomplete for both men and women who were at acquired firms. That Dr. Neumark’s

model does not take cumulative leave into account i8 clearly pmblematic, Since leave is not

evenly diStributad batween men and women in this; population 0f Gracie employees and thug

failing t0 control for leave biases the reaults he obtaina for gender.
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Difference in Average Number 0f Cumulative Days 0n Leave as 0f 2017
~ By Gender and Whether Acquisiticm Hire ~

79.2
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Exhibit 50

Dr. Neumark uaes 2m coda t0 group 61111210314365 rather than establighmant

1 16. A fourth data construction issue is that Dr. Neumark uses zip code as his location variable

rather than the estabiishment. My understanding is that prior t0 201 6, Califamia Equal Pay Act

comparisons were t0 be made within an “establighment.” In any given year, about 6% 0f

employees work from home in California, and in Drv Neumark’s analysis, their home zip codes

will be used t0 identify the work location. They nonethelasa work on teams basad at Oracle

locations that may or may not be located anywhere near this; zip code. Comparing these work

from home employees, t0 other individuals who 3130 happen t0 work fmm home and live in the

game zip code as thsm, 0r wha work at phyaical egta‘bliahments that happen m be nearby w

regardless 0f the managers t0 whom they report 0r teams they wark on — leads t0 inappropriate
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comparisons. Dr. Neumark thus does not properly account for location, and its; patential impact

0fpay scales; and compensation rates, in his modeia.

Dr. Naumark ovamstimatas mm} comgenaatian for part year emgloyecs

117. Dr. Neumark builds his total compensation measure: by adding together regular earnings,

stock awards and bonua amounts.93 He then “grossea up” that total for employees who only

w0rked part 0f the year by dividing total compensation by the proportion of the year that they

werked. For example, for someone who only wmked half the year, Dr. Neumark would double

their tom} compensation. This method assumes that not only were regular earnings; half as much

as they would have been had the individual worked for the entire year, but 30 also were stock

awards and bonuses. This asgumption is problematic.

1 18. T0 gee why, imagine that Oracle acquires; a company in the month 0f July, and brings 0n

the founder of that company with a base salary plug $2 minim dollars 0f stock. Dr. Neumark’s

extrapolatien method would assume that the: foundar would have received $4 million in stock

had the: company been acquired in January instead of July. Similariy, if Oracle hires someone

and needs; t0 grant them stock in order t0 “make thsm whole” (for example, because they walked

away from an impending Mock award with their previous emmoyer), that 0ne~time payment

wouid also be scaled up using Dr. Neumark’s method. Thig is trues as employees axit the firm as

wen.- (?ERSON ID 8505 8), for example, worked only 3% of 2016 because he left

Gracie 0n January 11, aftar receiving what was (for him) an unusually large Stock award. Dr.

93 He uges the file ORACLE‘JEWETTMOOOOI 167 for "Regular Earnings." From the: same file, he

estimates total atock amount using the variable“ balancejame t0 identify “NonQuaI Stock Opt,"

and "Regtricted Stack Units." He estimates bonuses by cumulating anything that has the word
“bonus” in it fmm that file and combines it with the amountg in the bonuz; tab in

ORACLEflJEWETTMOOO30955”Jewettmgsi‘compflhistory_native (excluding severance pay}.

After he adds regular earnings, stock and bonus amounts m calculate total compensation, he: then

scales up the total compengation for employees who worked part year.
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Neumark takes his total compensation and scales it up based 0n- waking 3% ofthe

year. As a regult, Dr. Neumark’s data ccdes- 33 earning over- in 201 6.

Dr. Neumark's Adjustment for Part Year Work Creates Serious Measurement Error Problems

in Total Compenzmtion
- Persun ID: 85063, Seftware Development VP ~

119. This; decision t0 extrapolate compensation far part year wmrkers is 3130 a problem for

dafining annual equity compensation. Restricted gtock units; (“RSUS”) vest once a year, typically

at the same time each year. Stock Options would unlikely be exerciged more than Gnce par year.

Consider an employefi who exercised stock options 0n January 2 0f a given year. Whether the

employee leaves the company 0n January 3 0r cm December 1, it is inappropriate to extrapolate

equity income events in the same manner that one would extrapolate base Salary, 39 equity

income occurs as infrequent, discrete events, whereas; baae salary i3 typically earned in equal

increments thmughcmt the year. In other words, if an employee worked at Oracle for half a

year, and exercisad $10,000 in taxable Stock optima that year, Dr. Neumark would grow up the

equity income t0 $20,000. In this; example, the extrapolation 0f the same stock award would

100k very different if the employee left in January as opposed t0 in December.
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Dr. Neumark incorrectly values Stock awards

120. More generally, Dr. Neumark does not calculate equity compensation correctly because

he inappropriately combines taxable equity income with actual base and bonus earnings within

the same calendar year. Exhibit 10 of his report is titled “Adjusted Total Stock Grants (RSUS +

Options) (201 3—2017)?“ Hewever, this exhibit repregems the actual taxable equity income in

each calendar year, Which is not the Same a3 the year in which the equity awardg were granted t0

(and thus earned by) the employee. This distinction is important for several reasens.

121. Oracle grants two different types 0f equity awards: stock options; (“SOS”) and restricted

stock units. It is my undemtanding that employees have at times had the cheice 0f receiving SOS

0r RSUS. 95 There are basic differences between theae twa typea 0f awards. A stock option gives

an employee the right to purchase a number 0f company shares by a future date (the “expiration

date,” typically ten yeam) fer a specific amount per share (the “strike price”). Typically, there i5

alga a vesting schedule, prior t0 which an SO cannot be exerciged.
96

If the price 0f the

company’g stock is higher than the strike price at a future date, thfi empioyee cam exercisa hi3

SOs; and profit from the difference. This pmfit would be reported as taxable income in the: year

in which the: options are exercised. If the price 0f this company’s stock faila and the SOS are

about t0 expire, tha SOS become worthlegs, and the employee would not axarcise them.

Alternatively, an amployee might not exercise his Options for other reasons, such as when he 0r

she leaves the company before their SOS vest, 0r ifhe 0r She Chose simply not t0 pay thc strike

price required t0 exercise the SOS.

122. A11 RSU is different in that at the time of the grant, the company awards a specific

number 0f company shareg that will be distributed t0 the employee in the future, pending certain

94 Neumark Report, Exhibit 10.

:5 See, for example, Equity Choice FAQ (WANGpOOOl).
6 .

Hm.
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vegting requirements. That is, the employee oniy receives: the awarded shares once they are fully

vegted. At Oracle, the typical mating schedule is four years, with one-fourth 0f the RSUS being

veated each year.
97

Thug, even ifthe share price fang? the vegted RSUS still have value. Again,

Only the fraction 0fRSUQ that vest in a given year are typically reported as taxable income in

that game year.

123. By using “Medicare wageg” and “total compengation” in his analyses, Dr. Neumark

combines the actual base and boring pay an employee earned in a given year with exercised 803

and vestéd RSUS in the same calendar year. He i9 thsrefore combining earnings that were earned

ova: different time periods Within the same: annual measure of income.

124. Consider this: example: Employee A is granted stock options in 2004, Which he exercises

ten yaars later in 2014 and which are worth $10,000 0n the exerciae date, Employee B is

awarded an RSU grant in 2013, 0f which one-fourth vests in 2014, With the vested amount also

worth $1 0,000. The “Medicare wages” and “total compensation” analygis would Show this

$10,000 income ass having been earned in the same year by each cmpioyea, whereas in reaiity, it

was earned nine years apart (2004 versus 201 3). What Dr. Neumark calls “stock grants,” in

reality i8 “taxable equity incame.”

125. Consider another example: Employees X and Y Each receive an award 0f 100 Stack

options in 2007. Employee X exercises his options in 201 3 and earns $5,000 0f taxable equity

income in that year. Employee Y does not exercige his options and they expire. Dr. Neumark’s

analyaes weuld treat Employee X as having been granted (01‘ eamad) $5,000 worth 0f stock

options in 201 3, and Employea Y was; granted (0r earned) mm stock options in any year

(stemming from the original grant). The reality is, however, that both Employee X and Y earned

an equal amount in equity compensation in 2007. This would not be reflected at all in Dr.

97
Ibid.
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N'eumark’s analyseg. Further, by using data that combines equity income earned over different

years with actual bags: and bonus earnings far posaibly a different year, Dr. Neumark’s analyses;

using Medicare wages and total compenaation cannot possibly provide an actual portrayal 0f

total earnings in any given year.

126. It i3 clear that Dr. Neumark does not fully appreciate how equity compensation works at

Crack. When asked at hi3 depositiong “I befieve, you evaluated two different kinds 0f equity

compengation at Oraclefi correct?” he responds, “Everything I d0, I believe, aggregates them.

What I was saying was that I'm gomewhat 163$ sure about how thew—the non-RSUS should be

reflected in pay, which I think is -- that's one of the: reasons; I’m — I
w makes {Sic} a lot Oftablea,

but I keep doing multiple pay measurea, including pay measures that don’t include stocks, and

including pay measures that don‘t include mocks for the people who never get stocks, for whom

this simply can't be an issue.”98 Further, when asked, “Do you know whether employees at

Oracle, who were awarded equity, muld choose whether t0 receive that equity as gtock options

versus RSUS?” Dr. Neumark regponds, “I don't know that?” Interestingly, When given a

hypothetiaal example asking him how he wcyuld treat a grant in 2014 that would vest over four

years, he respondgg “So the RSUS, I treat as the — a3 exact m as ~ a8 the vesting And there’s n01 a

—
I don't think there’s; a good answer t0 this. I would Say two things: One i8, from the point 0f

what the government considers income, that i3 w that is income, 50 that's why u— that’s why it’s —

that’s one reason to d0 it that way. The second thing I would say is, you know, it‘s; not at all

obvious t0 me why there would be a gender difference in any of this stuff, but who kmws.”m

He also agrees that the year in which a stock grant is considered a taxable Medicare wage may

98 Neumark Deposition, 310:3-12.
99

mid, 310:13-16.
‘0"

mid, 315:16-25.
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not be the same a3 tha year in which it was earned.m Dr. Neumark even concedes that “the

taxable svents fmm the n0n~RSUs may depend, in part, 0n decisiona employeea maka. And in

that gense, those ~ that variation should not be viewed directly a3 a measure of compensation.”m

It is clear from his testimony that Dn Neumark is aware of some 0f the potential isaues in the

way in which he includes equity income in his analyses, yet he nevertheless ignores; them.

Dr. Neumark’s line 0f bufiiness head variabla is too high in the comgany t0 damarcate grougs oi

employeea doing subatamially similar work

127. - 0f the 68,510 observations in Dr. Neumark’a data rdate t0 work in a single line 0f

business that wag led by Thomas Kurian. AS the garner analygis ghowed, even Wham restricted t0

a single job title, employees in Mr. Kurian’s line ofbusinegs work 0n very different products and

accordingly, their starting pay exhibits variationm

128. For example, below I compare two employees hired in 2016. Both were hired as Product

Managers/Strategy in 1C2 in Mr. Kurian’s Iine of business. They have similar tenures and

similar ages. This is what Dr. Neumark’s model would control for. Discretionary jab titles are

not fully populated in the data, giving them limited use for comparing all employees, but both

employeea discuased hare have a discreticnary titie that provides more detail 0n the kind 0f work

they d0. Employee I is in buainess operations while Employee 2 has a creative: function,

“’1
Ibid, 313:19—25.

‘02
Ibid, 309:12—16.

m3
It: alse c1063 not appear to b6 the case that tht: haadg 0f lines»; 0f bugmesg are making day t0 day

pay decisions evan if their names appear in the list 0f potential approvers, as Ms. Waggoner

testified. (See Waggcmer Dfiposition, 191 11-6: “Q. And it has to get approved all the way back up

t0 the CEO level? A. individual racommendations aren’t really reviewed and approved Again,

it’s about, did they stay in the budget”) I examinad the 20] 3-2017 audit data for fecal pay

decigiona. Of the 7 heads 0f lines 0fbugmess Dr. Neumark controls for in his made}, 6 do not

appear as aver having changad a pay deaision. The exception is Mr. Screven, W110 is recorded as

having made pay decisions for 9 high level employcss in the relevant population, all M6 or

higher, in his chain Ofcommand. This is not relevant t0 lower level emplayees like Software

Developer 33 0r 4a, among others.
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according t0 the discretionary titles. Their educational backgrounds; differ not $0 much in

quantity {both have a BA.) but in the details - Employee I has a degree in Government and

Economics from Harvard anci Employee: 2 has a mare creative background, with a degree in

Broadcast and Electronic Communication Arts from San Francisco State: University and prior

experience as a Video producar. Yet Dr. Neumark treats them as equivalent in his; model.

Employee 1 Employee 2

Person ID: 894031109 Person I3): 894048892
Wm

Age 24.8 25.3

Product Managar/Strategy 2~

‘

Product Manger/Strategy

ProdDev PmdDev

0r anization
B616 ~ Public Cloud Platform P1407 ~ Fusion Davalopmem

g Develo mew: - ORCL USA Manaammt » ORCL USA
r,» um

Participated in a rotaticnal

program at Linkedln as Businass

Leadership Program Assaciate

Previous; xperience after graduation
- Internship at a start-up

campany generating clients and

creating businefig plans;

1+ yeam 0f other company
experience at Tribune Media —

KTXL FOX4O as; a Creative

Servicefi Producer/Editor
- 2+ years of experience as

freelanceflvidao producer

Exhibit 52
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Dr. Neumark’s resultg show no gender difference in performance ratings

129. Dr. Neumark claims that performance ratingg are a “directly Obgervable measure 0f

productivity?“ But he concedeg that this is not based 0n any objective evidence, and is Only his

“expert, as well as common 361186 understanding, 0f what a performance review i3 supposed to

be.” He continues, “I’ve had performance reviews myself, and they’re meant t0 b6 rel ~ tell you

something about my productivitymm With regarci to including parformance scores in hi3

”’06 and listsanalysia, Dr. Neumark acknowledgeg that he has “Same reservationg about doing this

numerous reagom why he beiieves that Oracle perfbrmance data are inadequate. In particular, he

expresses the hypothetical concern that perfbrmance Scores can, in some mgtanceg, be

suaceptible t0 bias. Yet in his models of Oracle, where ratings at Oracle are taken into account,

the gender coefficient on pay does not change. In ather words, there is n0 meaningful gender

gap in performance measures becausa if there wens, it would have affected the gender gap in pay

in his madels. Moreover, if there are different kinds; 0f work being done within a job code, then

t0 the extent that men and women perform different kinda 0f work, even if they will 0n average

receive the game performance ratings they may earn differential pay because the work they are

doing is different. A3 ha noted in his deposaition, a distinguished professm in the English

department does not cam the same as a digtinguished profassor in hifa department (Econmnics),

because the pay is not set by the work that makeS them “digtinguished” alone but a3 much if not

more by their department“

”’4 Neumark Deposition, 35723-25.
‘05 Neumark Deposition, 35822—359: 1.

106 Neumark Rsport, p. 15, paragraph 31. He 21130 notes that “there is not a regular performance

appraisal process at Oracle; managers are not requimd t0 give formal performance appraisala,

and frequently d0 mt d0 $0.”m Neumark Deposition, 107:1 1-21: “Pay at the university is not set across departmenta, right

Pay i3 set by department. So just ~- I -- I may have a very different salary from a distinguiahed
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“Deciding whether residual wage estimates capture discrimination max be more an act 0f faith

than an act 0f acience”: Fundamentally. Dr. Neumark’s regregsion medal aims not compare naV

outwmes among amgicvyeea (10ng $ubstm1tiaiiy $imi1ar work

130. Discrimination itself can nevm be directly observed in any data and aimply included in

pay models as a control variable. Instead, researchers seek t0 usa control variables t0 compare

employees that are 33 simiiar as the data allows in terms 0f their skill, effort and Ievei of

reaponsibility, and working cm su‘bgtantially similar work taaks, and may if appropriate then thay

infer that any remaining and thus unexplained variation in pay that is cormlated with gender may

be due t0 discrimination. These analyses are always, howsvar, subject t0 the criticism that the

mode} is not i1": fact comparing employees who are econamically aimilar and thug that n0 such

inferénce 0f discrimination can be made. A3 Dr. Néumark hag written, “Deciding whether

residual wage estimates capture discrimination may be more an act 0f faith than an act 0f

science.” ‘08

13 1. As outlined above, Statisticians and econometricians cal} the faiiure t0 include variables

that are correlated with variables in the regression model that are of" interest (e.g‘, gender)

“omitted variable bias.” 1n the human capital literature, a considerable amount of‘research has

focused 0n the biaae’s sawed by omitting important statigtica] determinants of aanlings when

conducting atudies deaigned t0 measure the impact on earnings 0f Other specific variables 0f

intarest.‘°9 For example, some 0f the early Studies, in the human capital literature sought t0

professor in another department. Thare’s no w there's no -- there's; n0 pretame that there‘s this,

you know, assistant pmfeasor, associate profegaor. These other ranks is the way that u it‘s; -- it‘s

a ladder Within a field, but it doesn't determine your pay.”
108

Hellemtein, Judith K1,, and David Neumark (2006). Using Matched Bmplayepfimployee Data

t0 Study Labor Markat Diacrimination. In Handbook 0n the Economics ofDiscrimz‘natian, ed.

William Rodgers (pp. 29—60). Cheitenham, UK: Edgar Elgar.
109

Mincer, Jacob, Schoaiing, Experience and Earnings, National Bureau 0f Economic Research,

1974, 131383-96. Griliches, Zvi, (1977) Estimating the Returns t0 Schooling: Some Econemetric

Problfims. Ecanometrica, 45(1 ), pp.1-22. Willis, Robert, (1986) Wage Detemina‘nts: A Survey

and Reinterpretation ofHuman Capital Earnings Functions, Chaptezr 10, Handbwk ofLabor
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estimate the financial return 1:0 schooling. The interfist in this area was partly t0 understand if

schooling, and in particular higher education, wag a good investment, nm just for an individual,

but for society. hfitial estimates were that there was a strong and highly poaitive impact 0f

college education 0n earnings. The: policy implication was that significant public fundg should

be devoted t0 increaging the numbers 0f persong attending coHege. Subsequently, labor

économiats determined that there was an important omitted variable that biased upwards; the

estimated rate 0f return t0 college education. According t0 the (economic thwry, those who can

earn most from investing in a college education are the same ones who would be the moat likely

t0 do 30. And in fact, it wag clear that they did 30. These individuals am likely t0 have higher

intelligenca, 0r abiiity. In ather werds, in thia case the omitted variable in estimating the true

return t0 schooling was ability m when measures 0f ability are inserted into earnings regressions

that seek t0 estimate the return to schooling, the regression coefficient cm schooling fans

considerably. While in retrospect this is an obvious»; example 0f omitted variable biaa, the

principle applies equally t0 analysis in a diacrimination context. Indeed, {me of Dr. Neumark’s

contributions t0 the discrimination literature has been t0 suggest researcham move away from

sole relianca upon pay regression modem of exactly the type he magenta in his report and toward

other methods that are not subject to the same concerns abaut omitted variable bias.

132. When confronted with his own writings in this area, Dr. Neumark claimed them is n0

contradiction between the opinions expressed in hi3 publications and what he does in this case,

became he claims that the Oracle data are “even more detailed” than the usuanOb-Ieve} data

available to labor economist?” and that “a researcher would die to have thi5 much detail. .. 0n

Economics, Volume 1 , Edited by Orley Ashenfeltar and Richard Layard. Elsevier Science

Publishers; BV.
”0 Neumark Dapogition, 181 :4-5.
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workers and jobg at the same company.” “ The implication appears t0 be that company data am

much more detailed than what is ugualiy available t0 labor econamista, and therefore Oracle’s

company data must be Sufficiently detaiied t0 understand which employeeg are daing

substantially similar work. As I have shown above, Dr. Neumark may have indeed had a lot 0f

infarmation with Which to work in this case when compared with having t0 rely upon census 01'

other public data, but he failed to utilize much 0f it. In addition, ha utilized variables that simply

d0 not stand up t0 scrutiny a3 variables that hold the nature and circumstancea 0f work constant

such that reliable inferences regarding the maaning 0f hi8 gender coefficients. Just becauge the

data he uaed here comes from one campany does not mean that an relevant variableg have been

accounted far.

133. Consider Exhibit l3 in Dr. Neumark’s report. The first column ghows the results 0f a

regression model with n0 other control than gender. The table reports that the prabability 0f

finding a coefficient 0n female 0f ~O.1469 under a null hypothegis 0fno gender gap is less than 1

in 1 biilian. Yet not even Dr. Neumark would sariously argue that this is evidence 0f

discrimination, because discrimination is left a3 samething t0 be inferred (mly after accounting

for the r&lavant variableg. Dr. Neumark does; not claim that this “raw” regult means anything, but

importantly, he reports it and faiis to state that it means esgentially nothing. Every variable is

omitted except female in thig “model,” and the “I in a billicm” statistic i5 therefore meaningless).

134. However, in this matter, Dr. Neumark appears to Simply “asgume away” any iSsues with

regard t0 whether jobs properly group employeea in terms 0f skill, effort, respongibility, and

working conditiong. He claims that “we adjugt the pay gap fm differences in the jobs employees

hold, and the skills they have, so that we are comparing pay betwean women and men in similar

“1
Ibid, 16535—18.

106



jobs with similar skills.”m In ethar words, Dr. Neumark Simply assumes that 80ftware engineers

in the: same job code have thr-J same skills and, more importantly, are perfomling simiiar work.

But he hag providad 1:10 test 0f that assumption, and therefore he has, n0 baaig for concluding that

his job code, grade and line 0f buginess head controis are sufficient t0 group employeeg doing

substantially similar work. In the work described above I Shaw, for example, an enonnouz; range

in compensation between people doing what Dr. Neumark describea as substantially similar

work, Simply became their jab coda/grade and line 0f business head are held constant.

E3sewhere in his academic regearch, he has described this a3 a “fundamental” problem.” He

writes; “[. . .] perhaps the mast fundamental problsm is that the control variabiea that are included

in X may not fully capture marginal productivity differenceg. [. . .] The bottom fine, in our View,

is that became one can always tell a story about an unobsarvable that is related t0 productivity

E. . .], deciding whether residual wage eatimateg capture discrimination may be more an act 0f

faith than an act 0f gcience.” ”3

135. Dr, Neumark did not perform any investigation 0f the job codes that he believes are

sufficiently detailed t0 account for “differences in the job's employees hold?“ He states that

“Jab code fully encompasses title, function, apecialty araa, and glabal carear lave?” and

includes dummy variabiea for other jmb-related factors not includad 0n that list, concluding that

“including this highly—detailed get 0f contrels in my regrassion model allows me t0 compare

women’s and men’s pay within very narrowly definedjam?” But simply stating that the job

“2 Neumark repon, paragraph 11.
“3

Hellerstein, Judith K, and David Neumark (2:006). Uaing Matched Empioyernfimployee Data

t0 Study Labor Market Discrimmation. In Handbook 0n the Ecmwmics Qf‘Discrimination, ed.

William Rodgem (pp, 29—60). Cheltenham, UK: Edgar Elgar.
”4 Neumark Report, p. 7, paragraph 11.
”5

Ibid, p. 13, paragraph 27.
“6‘

mid, p. 13—14, paragraph 27.
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codes reflect “narrowly defined jobs” does not make it so. Dr. Neumark provides n0 qualitative

0r quantitative anaiygis m back up this statement.

136. A3 ahown elsewhere in this; report, there i3 a wide range 0f Salary outcomes Within the

Oracle job codes. If, as Dr. Neumark claims, all workers within a job code are “performing

substantially aqua} work in jobs the performance 0f which required Substantialiy equal skill,

effcxrt, and regponaibiiity, performed under similar working conditions,“
‘7
then one wouid not

expect t0 see such variation in the pay outwmes for those Gstensibly similar workerg. He claims;

that he “treated persons in the same job code and grade as performing subgtantially the same 01'

similar wmk, which i3 how Grade treats such permna,””8 but provides n0 detail 0n what he

means by “treats.” He certainly cannot mean that Grade pays suah peraons the game, as we

observe wide variation in the pay 0f individuals in the same job code and grade. It appears; that

he Simply assumes that Oracle must agree that they are “performing Substantially the same 0r

similar wor ” without any basis for that assumption.

137. My review 0f the data in thig case instead gaggegts that Gracie, like many large

employers, utilizes; a job code nomenclature in order t0 organize their workforce into buckats for

varicmg purposes. Howevar, one: cannot simply aasume them categcrizations are for the purpose

0f allowing a labor eeonomiat t0 identify employees; who are in fact, performing work similar

enough to be deemed comparatorg in an equal pay 0r pay discrimination context without looking

further at the actual content of the jobs themselves..

I38. Dr. Neumark, however, takes all 0f these jobs; and aggregates them into a single model.

As I showad earlier, different jobs face diffamnt pay stmcturea. For cxample, amployees; in the

Manager Career Lavels have a

H7

118
Ibid, p. 4, paragraph 8.

Ibid, p. 4, paragraph 8.
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than employees in the IC Career Levels, and a3 the exhibits showed, this varies dramaticaily

between lower 169x61 managers anti higher Ievel managers. It is not necessarily only the

composition 0fpay that diffsrs. If some joba, for example, prize cutting edge prograxmning and

product design skills that are ram, then tenure might be less important in explaining pay for those

jobs. Certainly them d0 appear m be varying returns t0 tanure in the data. The graph below

shows the regresaion coefficient (m tenure after emanating Dr. Neumark’g model Separately by

system job title.‘
l9

Distribution 0f the Magnitude of Regression Coefficients 0n the Job Tenure
Variable in Dr. Neumark's Model Indicates a Wide Variation in the Impact 0f

Tenure in Different System Job Titleg
~ By System Jab Title -
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”9
These systam job title's have at least 100 observations in the incumbent base: pay regresaion

population.
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A gtatistical test, the F-test, can be used t0 test Whether 0r not the magnituda of the139.

regression coefficients differ in a gtatisticafly significantly manner between any two Subgroups.

This makes it possible t0 compare the coefficient 0n tenure in one system job title t0 each ofthe

tenure coefficients in other system job tificam An F—tegt indicates whether the pair 0f

coefficients i3 Statistically significantly different. This test i3 repeated for all pairs, and the

reguItS are shown in the chart below.

ficant Differences 0n the Return 0f Job
c

zgm
q

Percent 0f Job Title Pairs With S
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140. The results; 0f this analysig show that the sizes 0f the coefficients vary widely acrosa

different subafitg 0f employeeg. It is entirely posaible that this i3 a result of different parts 0f the

company rely 0n different factors in setting pay. And yet Dr. Neumark’s one~size~fits-all mode}

fails t0 allow for 01‘ appropriately reflect thig variability.

Dr. Neumark’g reaults are wt almost in half simply by adding a handful 0f readily—availabla

variables

141. In my variabiiity analysig, I took Dr. Neumark’s data and regression model as a given.

However, that ghould not be read as an endorsement 0f hi3 method 0r his model. Even with the

data at hand, I am able to reduce hiss estimated gender pay gap by 43% simply by including

rcadiiy avaiiable variablaa that more closely group employees by what they d0, anci correcting

some 0f the other mistakas he manila. The first cel‘umn 0f the graph below indicates Dr.

Neumark’s estimated gendar pay gap for base pay from hi3 Exhibit 2. After I replace his zip

codes; with a variable for working in the Bay Ame: (became Bay Area employees receive a Salary

12 I

and replace line 0f businasg head withbump relative t0 those elsewhere in California),

organization (which is more closely correlated with specific products and services; than LOB

head), the gendar gap in pay is reduced down to 2.91%, with n0 other changes whatsoever t0 the

structure 0r content 0f hia mode}. This i8 depicted by the middle blue bar in the graph. The third

bar shows the estimated grander pay gap (2.29%) after I adé variable that account for all leaves; of

abSence and a squared term, and a flag for acquisition hires (because their leave: information is

not carried over during the“: acquisition).

m Waggoner Deposition, 174:12—175220.
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1. Dr. Neumark’g 3am: Pay Madel 2. Dr. Neumark'é: Modal but control 3. Aiso add 00mm} far cumulative

and Population for Bay Area cost afiiving leave, and acquisition hire

adj uatment instead 0f zip code and

control for organizatian instead 0f

LOB head

Nata: Dr‘ Neumark‘s base pay 113(9ch controls far female, hourly, partwtime, Oracle US tenure, Overall Tenure, Tenure in

Job, experience” zip code, jab code and grade interaction, and LOB head.

Exhibit 55

142. A similar axerciae can be performed 0n Dr. Neumark’s total compensatim regreasion

model (keeping in mind that Dr. Naumark’s treatment of stock awardg makes his; measure 0f

total compensation highly dubious), The first bar 0n the chart below shows the gender gap

according t0 Dr. Neumarws model. Simply controlling for organization and whather the:

employee is in thE: Bay Arfia rather than f0r line 0f businegg head and home zip coda reduces the

gender gap by 21%. Adding cumulative leave anci acquiaition statua t0 the mode} reduces the

gap by an additional 6%. The 12181: bar 0n the right shows the effect 0f undoing Dr. Neumark’s

flawed annualizaticm 0f total compensation. If instead 0f inflating everything for part—year
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empioyees, 1 simply use their actual total compensation as the dependent variable to be @xplained

by the regresssion and include a set 0f indicator variables 0n the right hand side wntrofling far

what portion 0f the year thfiy worked, the eatimated gender gap is reduced by an additional 15%.

Regresgian-Adjuated Female Pay Difference in Total Compengation Making
Only A Handful 0f Changes m Dr. Neumark’s Model
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6.00%

5 .0096 4.56%
4.26%

4.00% 3.59%

3 .€)O% “4

2.00%

1.00%

0.00% v

l. Dr. Neumark'g Total 2. Dr. Neumark‘s Mode} 3. A130 add comm} for 4. Remove Dr. Nwmark‘s

Compensation Made} zinc? but comm} far Bay Ania cumulative leave, and partial wars wmked data

Pupulation cost 0f living adjustment acquisitiun hire adjustmam and imatead

ingtetad of zip code and control for it

control for organizatian

inatead 9fLOB head

Note: Dr. Ncumark‘s total compensafim mania} controlg for female, pamtimm Oracle US tenure, Overall Tenure, Tenure in

Job, experience, zip cade, job cade and grade interaction, and L08 head.

Exhibit 56

143. T0 be clear, I d0 not believe that organizatimg, daya not worked, and fraction 0f the: year

worked aicme are gufficient t0 fully identify the productivity 0f individual employees or t0 group

them according t0 the skilla 0r responsibilities their jobs require, for the magma I datail above.
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Nor do I trust Dr. Neumark’a definition 0f total compensation given the igaues deacribed at

iength above: with how hf: valued them Thege “tweaks” t0 his model are": presented gimply t0

Show, using a hanclful of readily available data already at hand, that Dr. Neumark’s models are

flawcd and greatly ovemtate the extent 0f any difference in pay between men and women, and

for that further reason d0 not support an inference that women are discriminated against by 0r

paid legs than Similar men at Oracle even if one aggregates ail 0f the: data a3 he has. done.

CONCLUSION

144‘ In this finai section 0fmy report, I summarize some 0f the key conclusians I have

reached after considering Dr. Neumark’s report againgt the «33m, docummta, and other

information available about work at Oracle. Dr. Ncumark’g anaIysia 0f compengation i3 flawed

in a number of ways, and does not support the infcrence that a1] women in the propcsed class are

paid {ass than men “perfmming substantially equal work in jobs; the pcarformance 0f which

required Substantiaily aqua} akin, effert, and responsibility, performed under similar working

conditions.”122 Applying Dr. Neumark’s aggregated company—wide common statistical mode} t0

individuals»; in the putativa class produces wide variations in pay outcomea. For example, his

model shows that almost half the woman analyzed were paid more than other emplayeag

considemd under his mods} t0 b6 performing subatantially similar work. This wide variation in

outcomes i3 inconsiatent with the notion that a common model can be usead to explain and

meaningfully anaiyze the claims 0f a1} 0f the individual women that the putative 612193 in thiS case

would encompass.

145. Dr. Neumark does not include sufficient factora in his multiple regression modem to

allow him t0 compare employees who are performing “substantially similar” work. His use of

m Neumark Report, p. 4, paragraph 8.13.
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job code/job grade together with line 0f businesa head 01063 not, contrary t0 his claim, “very

narmwly define” the wark that Oracle empleyees are daing. This is evident from the wide

spread in compensation within each 0f the job code/job grade: bucketg within each 0f the line 0f

business heads he analyzeg. It is very unlikely from a labor economics perspective that two

individuais sharing the identical job code/grade, with one paid double what the other earns, are

doing substantially similar work. Yet for virtually ail job codés in Dr. Neumark’a data, one sees;

wide ranges in pay. The Oracle job codeg are apparenfly not dagigned t0 “narrowly define” the

nature of work from the perapective 0f a labor economist. That Oracle organizes its workforce

with a particular hierarchical and task-type structures does not mean that thia structura aicme is

sufficient for a labor Economist agkeé t0 anaiyze this data in an aqua} pay context, These are

crude measurea from an anaiytical perspective.

146. Reviewing the thousands 0f detailed descriptiong 0f the work tasks associated with job

requisitions for tha same job code reveak; wide differenceg in the nature of” them taaks. Dr.

Neumark did not r&view any 0f these materials. Paralieiing the wide variation in the tasks and

duties called for by different requisitions, thoge hired into the company into positions with

identical job codes earn widely varying amounts. This variation has littls t0 d0 with years 0f

labor market experience 0r age; instead, it, appeara that if a aucces‘afu} candiéiate has the requisite

spacific skim, thay can be hired and paid commengurate with the skills and ragpongibilitieg that

the position requires. For Software Developer 4 jobs, the largefit single jab code in the data, the

range 0f ages hired at the game pay level Spams from 25 t0 60, and at any given age, the range 0f

pay is almogt a two m one ratio. 30b titIe/coée algae tells you almost nothing here. Dr.

Neumark’s additional job-related variablcg, like line ofbuginess head and job grade, also d0 nm

adequately digtinguish the type 0f work being done.
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147 . What I take away from this is that there are very likely t0 be systematic differences

withifl theij codes, that Dr. Neumark assumes are: “very narmWIy defined.” Dr. Neumark

testified that he did mt raview the thousands 0f pages, 0f additional, ralevant material that was

available. As a result, Dr. Neumark’s regression model i3 not correctly specified, and does not

compare employees perfamling substantially simfiar work.

148‘ Dr. Neumark 3150 analyzed the relationship between prior pay and startmg pay for those

employees hired into Oracla from other employem. He concludes that his analysis is confluent

with Oracle relying upon prior pay in setting starting pay, and claims; that his results are Evidence

congistem With the notion that women hired by Oracle suffered discrimination in the wider labor

market, and further that Gracle’e; presumed practiae 0f re§ying upon prior pay imported this label“

market digcrimination into Oracle. His analysis supports none of these conclusions, due: t0

technical flaws, that once corrected, totally change the statistical results.

149. Dr. Naumark steam hi8 analysis 0f prior pay by observing that there is a high correiation

betwaen prior and starting pay for Oracle. Whika careful not t0 directly infer cauaality from this

observation, he nevertheless states in a Table that this correlation i3 so high as t0 have a less; than

one in a billion prababifity 0f arising by chance. This statement 1’3 extranely misiaading. It

impiies there is something worth taking mute 0f. Team 0f statiatical gignificance must use a

benchmark againfit which the observed outcomes are compared. His; “one in a billion” tests the

hypothesis 0f n0 relationship whatsoever between prior and starting pay‘ This is an

impossibility; it implies that them is n0 expected cannection whatswever between workers’ prior

and new pay when they change jobs. This is ofmums untrue, a3 Dr. Neumark acknowledged in

his deposition testimony. An appropriate hypothesig would be to test the Oracla correlation

against a benchmark like the observed correlation at other firms, 0r the: observed correlation in
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the economy as a wholc. Such a comparigon woulci still not indicate anything about causality,

but it would be at 163m: more appmpriate t0 test whether the correlation at Oracle i3 different than

one would expect in any company. I looked at thé: correEaticm between pay meagures in adjacent

employee jobs using a nationwide longitudinal data sample, and found results Similar t0 thoge for

Oracle. Dr. Neumark’s impiication that a correiation between prior and starting pay means

anything regarding Oracle’3 use 0f prior pay should be entirely disccxunmd.

150. Once I correct the data used t0 support his prim" pay analysis and add a year control

variable t0 account for the almost six years covered by the data, the results completely change

and n0 longer support Dr. Neumark’s conclusion that Oracle “importa” gender discrimination

from the extm‘nal labor markrzt into the campany.

I, 51. Finally, there are: a number 0f data errors and other technical issueg in D1: Neumark’s

data. Them include incorrect measures 0f tenure that d0 not account for Ieaves 0f absence

correctly (as he tastified he does in his academic work). Another deeply problematic error is Dr.

Neumark’s definition of total compensation. He valued Stack on an annual basis (essentially

attributing it t0 Wham it was taxed and not When it was earned) which causes; him t0 incorrectly

agsign stock Caminga to years ethar than the year they were earned. Dr. Neumark’s total

compensation remlta are uninterpretable, because Stock awards make up sizeabla percentages 0f

campensation, egpecially in the higher career 163/613 and in management in particular.

152. For the reamns enumerated herein, it is my opinion that Dr. Neumark’s analyses are mis~

specified, auffer from omitted variable bias, and have a number 0f important methodalogical

flaws; A3 a result, my opinion is that Dr. Neumarl-z’s analyaes d0 net permit the inferences he

seeks to make.
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L05 Angeles, CA, 90067
Office: 3132753137

Fax: 310.943.3529

ALI SAAB, Phil, MANAGING PARTNER

Dr. Saad is, the Managing Partner 0f Resolution Economics LLC. Hf: has a P111). in Ewnamica; fmm the

Univarsity of Chicago. Prior t0 Rcaolution Economics, Dr. Saad was a partner at Deloitte 82: Touche LLP and at

Altschuler, Melvoin and Giaager LLP. Before that he was in tha disputas consulting group at ?rica Waterhouae,

first in New York, and than in L03 Angelcs. Prior t0 hi3 consulting career, Dr. Saad aewed as an Asgigtant

Prefessor 0f Economics a1: Baruch College 0f the City Univsrsity 0fNew York (CUNY).

Professional Experience

Dr. Saad’s experience is cxtensivc in the: am: of statisticai and economic analysis 0f liability and damages

related to employment litigation matters. His experience is»; extensive in tha application 0f ecommicg and

statigtical mathodg t0 912mg aaticm employment dimrimination matters. He is 3130 experienced in designing,

implementing, and analyzing surveya and abservation Studie$ a3 W611 as»; conducting ampirical analyses relatad

t0 exempt/non—exempt status, hours; worked, uncwmpensated time, meal and rest braaka, rounding, and other

wage and hour iasues. H43 hag also parformad Statistical and damages analyges far a bmad range: 0f commercial

litigation matters including brcach 0f contract, insurance coverage, environmental claims, patent infringement,

antitrust and r6211 estate financing. Dr. Saad hag testified a number 0f times at dfipogition and trial. Dr. Saad

aim regulariy consults; {0 clientg regarding business issueg relateé to employment practicm.

Empiayment Matters

Dr, Saad providag a variaty of aervicas mlated to employment litigation. His; expérience is extensive in

conducting gtatigtical and eccnamic anaiysis reiated to issues; 0f liability for employmmt discrimination mattars.

H6 alga has designed and mnducted many auways and obsarvational studies mlated t0 wage: and hour issues.

Dr. Saad hag 3180 perfarmefi analysas of economic: damages in both (21335; action and single plaintiff mattera.

Statistical and Economic Analysis in Discrimination Matters

Assignmants representative of D12 Saad’s experience in perfomning analyses in connection with employment

diacrimination matters include the following:

It Consulting and expert witnesg serviceg in national clasa action race discrimination matter involving igsues 0f

pay, promotion, work assignmeng and a variety 0f other challenged employment practices. Services;

included creating databasas from diverse and voiuminoua 301mm materiala, anti conducting extensive

gtatiatical analyges.

t Conaulting and expat witnega serviceg in national class actifln gender discriminatien matter involving issues

ofjob assimcmt and promotion. Servicgs included creating databageg from diverse and voluminous mum?
materials, and conducting extensive atatistical analysas,



R
i Conaulting and expert wimsgs servicea in a class action case alleging that contracts; were misleading.

Sewicas included procaggmg and analyzing large quantities of data, and performing statistical analyais 0f

the criteria detarmining class membamhip.

II Cansulting and axpm Witneas services in connection with a major class action allaging ggndar

diacrimination in pay and pramotion at a larga high»tech emmoysr. Services mcmded cmating analytical

databases, and developing cmnomic and statistical arguments concerning the relationship between

productivity~mlated variables, pay/promotion, and gender.

v Consulting and expert Witness servicaa in an antitrust and discrimination matter in which a group 0f

businesges alleged violaticns 0f antitrust am} diacrimination laws by another group 0f businesses. Serviceg

included data construction, and statistical analysis related t0 igaues 0f liability.

o Consulting and expert witness acwices on behalf of plaintiffs” counsel in a Series pf cases alleging race:

discrimination in hiring. Services included creating analytical databaaes, studying tha ralationship between

race and hiring, and examining the fetatures 0f the external labor market.

t Consulting and expert witneas services in connection With a class, astion claim of discrimination baaed 0n

age in connection with a series 0f iayaffs; resuhing fmm the wmbinatiwn 0f two large retail Chaim. Scrvicag

included creating analytical databases, studying the relationship between layoff and age, and examining the

relationghip betwaen age: and workforce compogition over.

0 Consulting and expert witnesg services in connection with EEOC allegations 0f race discrimination in

recruiting, hiring, and initial placemam at a large Service pmviding company. Services included devaloping

databases fmm diverse paper and électronic gources, and providing statiatical argumentg concerning the

relationship between race and varioua other factors.

t Conaulting and axpert witness 3erviws to defendant’s wunsel in connection with a major class action

alleging gender discrimination in multiple emplement praeticaa at a national retail chain. Starvices

included developing a database from voluminous; paper documents, and cmducting analysis related t0

hiring, initial placement, and initial pay.

0 Consulting and expert witncgs serviaaa t0 dafendant’a comma} in connectian with an EEOC investigation 0f

racial discrimination in hiring by a major acrvice providing organization. Sewiceg included develaping a

databage, and conducting Statigtical analysia related t0 hiring.

v Consulting servicas t0 ciefendant’s counsel in comedian with a {ML flepartmant 9f Labor OFCCP
investigation 0f pay equity at a highatech company. Serviceg insiuded design and oversight 0f a statistical

analysis 0f pay equity, 2133635th 0f the OFCCP methodology, and participation in conciliation discussions

between the campany and the OFCCP.

0 Consuiting and expert witneas services to defendant’s comm! in wnneation with an ailcgation of age

discrimination in terminations ramming from a Eeries 0f masg layoffs, Servicea provided included

developing statistical arguments concerning the relationship between age and tennination.
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R
o Censulting sawices t0 defendant’s counsel in cannectian with a Department of Justice investigation

ragarding allegations 0f racial pmfifing by a large city police department. Analyzed departmental data

related t0 oval" 130,000 traffic stow, pedcmtrian steps, and other typcs 0f pofica cantacts that occu‘rmd in

four selected waeks in 1, 997 and four selected weakg in 1999. Crosa—refarenced traffic Stops data with other

infomation sources including human resources data, precinct level paper recordg, and thfi: officer discipline

syStem t0 test various, hypotheaes.

¢ Consulting services and expert testimony m dcfendant’s counsel in connection with a muitiuplaintiff matter

alleging race amfi gendar diacrimination in promotion and placement into covateci peaitions by a large city

police: dapartment. Performad statistical analysis 0f promotion and placement into coveted pnsitiong.

Quantified economic damages for several plaintiffg under failure to promote and wrongfui termination

theories.

0 Consuiting 361%!in in a case against a city govmmmmt alleging discrimination in recruiting and hiring 0f

palice and fimfighters. Servicea inciuded using Camus and 0mm largewacale data 301111363 t0 333633 labor

market characterisfics by detafiezd geographic location, and conducting extensive analysia of" the impact of

employment team 0n hiring.

t Conaulting and expert witneas services m dcfendant’s cmmsei in a matter Wham plaintiff alleged that

defendant’s hiring practicczs discriminated against women, Services included converting diverge papar

source materiala into a 11331316 database, and deveioping Etatistical evidance concerning plaintiff’s allegation

o Conwlting sarvicea in gevaral class action recruiting and hiring matters. Services includad use 0f detailed

census and (ather data t0 aatimate labor markat availabilitieg by geographic location, and analyzing

employment practices in fight 0f theme availability findings.

t Consulting serviceg to a major bank involvad in an analysis 0f its fair lending practices. Serviceg inciudad

uaing bank data 0n appiiwnts for mortgages and other loans, and adding various; demographic and

geographic information t0 assess if the bank made 103m 011 the bagis of race, or contmliing far other,

obsarvable factora could Explain patterns in loan making.

G Cansulting sawiceg on behalf of defendant’s counssl in a majm‘ class action matwr invokving allegations 0f

gender diScrimination in promotion. Ssarvices includad building analytical database from many sources,

using the database to conduct extenaive statiatica] analyais of piaintiffs’ ailegations, and sstimafing damages;

resuming from non-promotion far approximately 3,000 women occupying different jobs over a ten—year

period.

t Consulting and expert witness services 0n behaif 0f defandant’a counsel in two related cases afleging age

discrimination in terminatian. Prior to plaintiffs’ vasting for certain long term benefits. Services included

using defendant’s human resource data m test plaintiffs” specific allegations, deveioping statistical

argumanm concerning the relationship between age and termination, and performing analysea 0f plaintiff’fi

damages in Each case.

o Conanlting servicea on behalf 9f plaintiff’s counsel in distribution of award in an age discrimination matter

with 75 plaintiffa. Serviwa included developing a method t0 efficiently compute: damagas for all plaintiffs,

and working with counwl, an arbitrator, and plaintiffs’ committae t0 explain the pmwss to plaintiff? group,
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Wage and Hour Matters

Agsignmenta representative 0f Dr. Saad’s experience in wage: and huum matters include:

0 Ccmsulting and expert witneas aewiceg to défense counsel in a national claswaetion wage and hour mafia
alieging that aeveral thousand ioan originators at a large: financial instituticsn were: miaclassified under

FLSA. Conducted statistical analyses; of hours werkad records, compensation data, plaintiffs” dcciarations,

and other data t0 determine if select groups of plaintiffs; would be represantative 0f the claim.

0 Consulting and expert wimafis services to defense €0unsel in a wage and ham” matter allfiging {hat swam}

thcmaand General Managers; and Assistant Managem at a large office: suppfy retailer ware migclamified as

axempt amployaes. Services incmded deaigning and conducting a survey to axamine whethcr class

mem’bars were appropriately eiassified, analyzing the aompany’s labor modal and human resources data,

and conducting Statistical analyaes related to a variety 0f class; certification issues.

v Consulting and expert Witncss servines; t0 défenae counsel in a wage and hour mattar aileging that swam}

thousand A‘saiatant Managers at a large gmeral merchandise retailer were miaclassificed as exempt

employees. Services included degigning and aonduming both a survey and an obgmational Study, to

examine whether m: mi 01353 membars wera appmpriately classifiad. Servicsg also included wnducting

extensive statistical analyses 0f the data collectad by the survey and the obgervational study, and preparing

matsrials for uge in {21333 certification proceadings.

4 Conwlting servicea t0 defame 001111361 in a class action matter alleging failum m pay overtime: wages t0

indapendent 83163 and servica repreaentativm for a large national 1:001 franchigfir. Services includeéi

designing and implementing an houm survey t0 determine whether the additionai hours worked claimed by

acme plaintiftia was repreaentativa 0f the additional hours, wmked by the 012133 a8 a whale. Determined that

the probiem was isolated to certain geographic areas rather than nationwide.

¢ Conaulting and asxpart witness smiceg to defénge counsel in a wage and hour mattm‘ alleging that saveral

hundred store managers and assistant store managem at a chain of retail dismunt atomg wem misciassified.

Services includcad creating and implementing a survey t0 Examine whather claas mfimbm‘s were: classified

appropriately and conducting statisticai analyses related t0 commonality 0f claag—members and other clam

cefiificatian issues.

0 Congulting aervices t0 defame aounsel in a multi-plaimiff wage and ham" matter alleging that the defendant

employer failed 1:0 compenaate security guards for uniform changing time and other claims of off—thc—clock

work. Servicas included designing and conducting an obamation 3tudy t0 measure time assaciated with

various activities.

v Consuiting services m defame 001111861 in wage and hour matter allaging that 3mm managem at a chain of

canvenience store/ gag station oparations were miaclasaified 33 exempt workers. Services»; included

designing and canducting a random sampling scheme and Observational study t0 evaluate: the amount 0f

time that clasg members spent 0n exempt and non-exempt duties.

o Consulting services t0 défense counsel in a clasa-action wage and hour matter alleging uncompensated meal

perioda and bmaka, unpaid overtime wagea, and minimfim wage Violatians at a flak} maintenanca compaliy.
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Servicas included creating a database 0f hours worked from paper and eiectronic recorda, and then

pmviding damages estimates based 0n a variety 0f aswmptions and legal theories.

o Consuhing Services t0 defmw counsel in a class action matte]: alleging a variaty 0f wage and ham
vielaticms for hourly workers at a chain 0f warehouse stores. Serviceg included anaiyzing data m test

allegations 0f impropar time: adjustmants, miased meal and rest pcriods, unmmpensawd spiit shifts,

reparting time violationg, ovemime and regular rate issues, and off—the»c10ck work.

Employment Damages

Agsignmanta representatiw 0f Dr. Saad’s experience estimating economic damages include the foilewing:

¢ Consuiting serviws i0 piaintiffs 001mm} in a cam invalving a breach 0f employment contract ailsgatian by
a high~level exgcutive in the emerging communications; induatry. Services included damageg analysis based

0n valuation of stock options and eatimation of future earnings.

t Consulting serviceg to dafendant’s counsel in a case involving a wrongful termination ailcgation by a high~

lava} Executive in the: talemmmunication induatry. Services inciuded damages analysis baacd 0n valuatim

0f stock aptions using the BlackuScholes; Option Pricing Framework and a Monte Cam) Simulation Model.

0 Consulting and expan witnesa sawices on behalf of defendant’s counsel in a matter brought by a fomar
executive who alleged wrongful tennination and age discriminatian againgt a major defmga contractor

follvwing a reduction in farcei Critiqued work product of the opposing expert, evaluated mitigation issuers,

calculated 1033 0f earnings damages and valuad 105363 related t0 Stock optiong,

O Conguiting and expert Witncsa servicea cm behalf 0f defendant’s counsel in a madical malpractice actien

where tha underlying damagw issue was valuing an income stmam from a £10363}; held cagh buainem

Performed acmunting of plainfiff’s financial reccrdg m detenninc the existence and the extent of fraud.

Created financial modem t0 C&Ecuiam (iamagss under a variety 0f scenarios.

t Congulting and expert witnesa services to dafendant’s counse! in a wrongful termination matter brought by
geniar @xccutiva 0f a high»tech company who aileged aga digcriminatim. Performed analysis 0f mitigation

factors, calculated loss 0f earnings, and valued future stock opticms.

Commercial Litigafinn

Dr. Saad has agsiatad clients in a variety 0f commamial litigation mattera, inaluding patent infiingemem,

insurance Coverage, antitrugt, braach 0f contract, and real estate financing. Agsignmenta; representative 0f Dr.

Saad’s experience in these arms include the following:

0 Commuting and expert witness services in a seriae; 0f cams involving the ma} property titlc insurance

industry. Services included perrforming extensive 3tati3tical analyses; in connection with both liability and

damagas issuea
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v Consulting and expert witnesg gewices in a case alleging breach 0f 10am commitment t0 a commercial real

estate mncem, Services inciudad censtructmg financial modem, developing economic arguments; relating t0

fixed vcrsus variable rate loans, and assisting counsel in deposing the opposing expert.

0 Consulting and expert witnegs services in a cage invaiving a breach 0f cnntract allegation in {he cmmputer

hardware industry. Services consisted 0f parforming a damages calculation, and rebutting the opposing

expert’s analysis.

v Cansulting and expert Witness services in a cage alleging that one entity caused another entity’s property to

be miguaed. 362:?in included database maation, and statistical analysis mlated to issusza 0f aausation.

Results indicatad that there was a fitatisticafly significant relationghip between défendant’s actions and

plaintiff’s economic condition.

c Consulting servicas 0n behalf 0f defendant’s mums} in a breach 0f contract matter in the context of natural

resource: raw materials shipping. Serviaes; included dévelaping economic arguments regarding the butufor

pricing 0f both thfi Shipping service as well as the material being shipped.

¢ Cansulting and expert witness services on behalf 0f defmdam’s counsci in a majar ingurancg coverage cage,

in Which 131a undcrlying claims msulted from tens 0f thcrusands 0f agbeams claims}. Sarvicas inducted

devsloping strategy for dealing with large amounts. 0f paper infomaticn, creating a database for analysis,

am} psrfonning a variety 0f 3tati8tical analyges.

t Confiulting aewices cm behalf 0f piaintiff‘s counsel in an antitrust matter in the consumer electmnica

precinct market. The antitrust practice alleged wag preéatory pricing. Serviceza included preparing a damage

analyfiis.

v Consulting services cm behalf 0f defendant’s comma} in a patent infringement matier in the computer

hardware: industry. Services includsad researching tranafar pricing issues and analyzing complex company

P&L data in preparation for damages calculatim}.

¢ Conaulting mrviseg 0n behalf of defendant’s counsgl in a real estate financing dispute. Dispute revolved

around the financing 0f a major New York office property. vaices included analysis; 0f intfirest rafeg and

their relationahip t0 potential damages; at varicus paints in time, as well as the cunatruction of a financial

model of the property with the but-for financing in plaw.

o Consulting services 0n behalf of plaintiff’s counsel in an antitrust matter involving allegations of non-

competitivc practicas and predatory pricing in 1hr“: horns cablfi talevisicm market. Servicea included an

analysia 0f “raising rivals costs”, as well as a amtistical analysig ofpricing 0f camplex producm over time.
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Summary 0f Employment Experience

Resolution Economics LLC:
Managing Partner, October 1998 t0 date.

University 0f Southern California

Adjunct Associate Professor in the Department 0f Economics, January 1999 t0 September 200].

Daloitte & Touche, LLP:
Partner, Dispute Consulting Services, (L03 Angales), 1998.

Altschuler, Melvoin and Glasser LLP:
Partner, Economics and Litigation Services, (L03 Angeiea), 1995 t0 1998.

Price Waterhouse LLP:
Sanior Managcr, Manager, Litigazion and Corporam Recovery Services Group, (New York and L05; Angeleg),

January 1989 ~— November 1989, June 19.90 to 1995.

Olympia 8; York Companiag (USA):
Asaistant VP and Senior Ecanomist, (New York), November 1989 ~ June 1990.

Baruch College, City University ofNew York (CUNY):

Instructor and Asaistant Professor 0f Economics, Department 0f Eccmomics and Finance, 19824 988; Center for

the Study of Business and Gowmmem, Research Associate, 1983—1986; U153. Smafl Businegs and Veterans

Administrations, Consuitant, 19854986.

Education

Phil, Economicg, The University of Chicago.

8A., History, Economicg, The University 0f Pennsylvania

Publicafiang

Financial Success and Buyinem Ownership amvng Vietnam and 01km" Veterans (With S. Luatgarten) SBA ~

7210 - VA —~ 83, 1986.

"Schooling and Occupatiana} Choice in 19th Century Urban America", Jamal of Economic Higtory, v01. 49,

n0. 2, June 1989.

"Employment Discriminatian Litigation", chapter ”1n Litigation Services Handbook? ed. by Roman Wei}, et a1.,

1995, 2001, 2006, 2012, 2017.

“Employment Discrimination”, chapter in Litigaticn Samar: Ream: Writing, eci, by Jack P. Friedman, 6t a],

2003.

www‘resecanfiom Page 7



R
Fau} Grossman, Paui Cane, and Ali Saad, “Lies, Damnad Lies, and Statistics: How tbs Peter Principle Warm
Statigticzal Analysis 0f Age Discrimination Claims”, Th6 Labor Lawyer, v01. 22, n0. 3, Winter/Spring 2007, pp.

251-268.

833d, Ali, “Bayond the Peter Principle w How Unobaervad Heterogeneity in Employw Populatiom Affacts

Siatistical Analysis in Age Discrimination Cases: Application to a Teminaticn/RIF Case”, AELC Cunfcrence

Volume, 2007.

Saad, Ali, “Filling the Data Vacuum in Wage and Hour Litigation: The Example of Misciassification (33563,

Emphasis on Class Certification”, SIOP Annual Conference Pmcecdings, 2009.

Saad, Ali, “Wage and Hour Cams ~— Filling the Data Vacuum: Misclassification Cases; and Other Observational

Studias”, SIOP Annual Conference Proceedingsfi 2012.

Presentations

Dr. Saad hat»; delivered many prasentations at professional conferences, t0 law firing and to industry groups.

Academic Honors

Finalist, Allan Having National Dmmral Dissartation Award
NIMH Doctoral Fellowahip, The Univeraity of Chicago

Magma Cum Laude, The: Univemity ofPenngylvania

Henors in History, Economicg, The Univemity 0f Pcnnsylvania

Omicron Delta Epsilon, Honor Society in Ecanomics

Professional Affiliations

Amarican Emnomic Asgociatim

American Bar Association (associate membership)
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Ali I. Saad, Ph.D.

Attachment t0 Resume

Testimtmv. Expert Reports. a_nd Declarations:

In thee matter 0f Smfleta, at 31., v. Walgreen ComQanyfl et 231.: C3136 No: RG47862495 (Superivr Court for the

State 0f California) in connection with wage and hour claims. Repcrt filed February 22, 2019, deposition

teatimony February 25,, 2019‘

In the matter ofKennard v. Reeves Cass No: BI) 604 788 (Superior Court; for the State 0f California) in

connection With reassemble compensatien igsueg. Report‘s; filed January 28, 2019 and February 4, 20] 9.

Arbitration TeStimmy February 22, 201 9.

In tbs matter ofPAntimne at a1. v. The School Board of Colliar County, Fiorida cat 31., Case N0: 2:] 642v-

00379—SPC-MRM, United States: Diatrict Court for the Middle Digitict 0f Florida) in connection with

employment dificrimination claims. Report filed February 5, 201 9.

In the matter 0f Pineda v. Abbm Labmawriea m a1. Case No: CV] 83395 SVW (RAOX) (United States

District Court for the Central Diatrict of California) in connection with employment diacrimination claims.

Repart filed November 16, 201 8.

In the matter QfEEOC» ct 31.1 v. Jackson National} Life Insurance at 31. Case No: 16~CV-2472—PAB~SKC3

(United States Dism'ct Court fur the District of Colorada) in commotion with class action diatcrimination claims.

Reports filed Augusat 31 ,
201 8 and October 26, 201 8.

In the matter 0f Florida Education Asgociation, ct aL, v. State of Florida Degartment of Education, at a1, Case

N9: 4-1 7—cv—4 14»RH/CAS, (United Statefi Dimict Court Fm the— Northcm Digtrict 0f Florida) in cannection

with class action discrimination claims. Reports filed September 28, 201 8 and July 5, 201 8Q

In tht: matter 0f Leanna Delgado V. California Commerce Club Inc. et a]. Case ”No: BC 586727, (Superior

Court for the {State of California for thé County 0f L03 Angeles) in connection with ailegatiana of aga

discrimination. Depoaition July 25, 20] 8.

In the matter of Hall v. Rite Aid Comoration, Case N0. 37-2009-00087938«CU~OE-CTL, (Superior Court fm

the State 0f Califomia for the Cauntry 0f San Diago) in connection with suitable Seating claima. Depogition

January 20, 2012, Repart filed 0n June 11, 201 8”

In the matter 0f Harris et 31.. v. Union Pacificw Case No: 8:16-0V—381
, (United States District Court For the

District ofNBbraaka) in connection with class actian digcfimination claims. Report filed May 3, 201 8.

Deposition May 23, 2018.

1n the: matter of Henéarson 6t al. v. J? Morgan Chase” Cage N0. 11-OV-03428 (PLAX), (United States; District

Court For the Central District 0f California) in comedian with wage and hour claima. Report filed February

26, 201 8. Deposition March 21 , 2018.

In the; matter of Mougsouris. et al. v‘ Microsoft Case N0. 15—CV~1483 (JLR), (United States. Distriext Court for

the Wegtem District of Washington) in cannectiwn with clags acticm claims 0f gender digcrimination in pay,

performance and promotions. Reports filed January 5, 201 8, April 6, 201 8 and April 25, 201 8. Depesition

January 30, 201 8.
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1n the: mattar 0f Creativa Artists Agency LLC v. Martin Legakfl ct a]. JAMS Refnog. 120032335, 336 and 337

(Arbitral Tribunal 0fJAMS) in connection with breach 0f contract claimg. Depmition January 16 and 21 , 20] 8

and March 19, 201 8. Arbitration testimony March 26, Aprii 16, and September 7, 201 8.

In the matter 0fNegretefi ct ELL, v. Canagm Foodfi, Ina, Cage N0. 2: 1 6—cv~63 1-FMO-AJW, (United States

Digtrict Court Far the Central District 0f California) in connection with 01383 action wage and hour claims.

Report filad February 28g 201 8‘ Deposition April 18, 201 8. Revised report filed (m June 18, 2018 t0 respond

to a revised report flied by plaintiffs expert.

In the matter Gowdsa et 31.3 v. JFK Memorial Hospital, Ina, Cage N0. INC 1205209, (Superiar Cgurt 0f

Califamia, County 0f Rivemide), in connection with waga and hour ciaimg. Report mad October 13, 2017.

Depogition November 29, 201 7.

In the matter 0f BridewalLSIedcre ct a1” V. Blue Cross 0f California at aim Case N0. BC 477 451 c/w BC 48]

586, (Superior Court of California, Cmmty of L05»; Angalefi), in connaction With employmernt diacrimination

claims}. Reports med September 7, 2017 and June 13, 201 8. Deposition October 30, 2017’

[n the matter of Stewart et a] v. Hat World at 211., Casa N0. CIV 5336]?, (Superior Ceurt 0f California,

County 0f San Mates), in connection with wage and hour claimg. Report filed Septamber 7, 2017’

In the mattczr 0f Truitt et alq v. Atlanta Independent Schaol System, Case N0. 1:15ucv4295wSCJ-WEJ, (United

Staten»: District Ceurt, Northern District cf Georgia, Atlanta Divitsien), in connection with allegations 0f

employment dificfimination. Repart flied Augum 31, 2017, Deposition Saptember 20, 2017.

In the matter 0f Williamgn est 31.3 v, TGI Fridays: Inc. Cage N0. 15~cv~0426, (Unified States; Diatrict Court,

Narthem Digtrict 0f Hlimis), in connection with allegations; of wage: and hour Violatfieng. Report filed Augugt

4, 20] 7, depogition August 25, 2017.

In the matter of Whitaker 6t aI. v. US. Renal Care Inc. e: a] Cage Na, 1:] 7~cv-02661 431834), (United Statcas

District Court, Central District of California), in connection with allegations 0fwage and hour violations.

R&port filed July 17, 2017.

In the matter ofVictor Ceika et a1. v. Vectrus Svatems» Comoration” et a1. Case No. 15—cv-0241 8—MEH,

(United Stateé; Diatrict Court? District 0f Calorado), in connectioa with aileged employment damages. Report

filed July 17, 2017, Rebuttal report filed Augufit 14, 2017‘ Trial teatimony June 18, 2018.

In the: matter 0fEEOC v. GMRI Inc. Case No. IS—cv—ZOSGI-JAL, (United States Digtrict C&urt, Southern

Dimict of Florida, Miami Divisicm), in connection with allegations; of empiayment digcrimination. Report filed

April 2], 20] 7, depogition June 8, 2017.

1n the matter 0f Coordinated Pmaeedingfi, Special Title, Staglfis Wage and Hour Cages (Included Actions:

Lawmn, et a1, “v: Stagles Cantract and Commercial: 1116., L03 Angela‘s: County Superior Court, Cash? N0.

BC542237, and Rosales v. Stagieg Contract and Commercial}, 11w, San Bemardino Superior Court, Cage N0.

CIVDS 1505 146), in connectian with wage and hour allegations. Report filed May 16, 20W.

In tha matter 0f Curtifl Patten et al. v. Dollar Tree Stores“ ct a1. Case N0, 2:]5-cv—03813 MWF-PJ‘W, (United

States; Diatrict Court, Central District 0f California), in carmection with wage and hour ailagations, Rebuttal

Report filed May 15, 2017.
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In the matter 0fBowerman 6t a1. v. FAS Civil Action N0. 13-00057-WHO, (United Stateb; District Court,

Northern Dimict 0f Califmnia), in connectien with wage: and hour aliegations. Rebuttal Report filed April 6,

2017, depogition April 1}, 2017.

In (hr: matter of Romero, 6t a1” V. Allfitate Insurance Comganya 6t 211., Conaolidated Cases, Civil Actim No. 01~

3894-MAK, (United States“ Diatrict Court, Ea‘stem District 0f Pennsylvania), in connactian with employment,

discrimination allegatiom. Rebuttal Report filed March 20, 201 ’7, depogition March 29, 201 7.

In the matter of Wall V. HP Inc. et a1. Case N0. 30-2012-00537897—CU~BT~CXC, (Superior Court 0f the State

0f California, County of Orange), in connection with wage and hour aliegationg. Declaraticn March 14, 201 7.

In the matter of Controuiis at al. v. Anheuser-Bugah LLC 6t al. Case N0. BC~51 85 1 8, (Superior Calm 0f the

State of California, Ccmnty 0fLag Angczles), in connection with wage and hour ailegations. Report filed

December 12, 201 6.

In the matter ofUrbano, et 31., V. SMG Holdings: et 211., Case N0; 5:15~cv~00603~MW (MRW), (United

Stateg District Court far the (Samral District 0f California), in cannectian with wage and hour allegationg.

Report filed October 14, 2016, deposition October 26, 2016.

In the matter of William, et aL, v1 Baker Hughes; Oilfield Operations Cage N0; 1:15-cv-00049~.RRE~ARS,

(United States; District Court for District ofNorth Dakota), in connection with wage and hour allegations‘

Reports filed June 24, 20169 January 12, 201 7.

In the matter of In re: AutoZone, 1110., Wage and Hour Emgloymcznt Practiceg Litigation, Cage No: 3 :10—cv-

021 59-CRB (13C), (Uflited Siam; DiQU‘ict Court fer the Northern District 0f Califamia}, in connection with

wage and hour allegati0n9¢ Report filed April 29, 2016, depogition May 2’7, 2016.

1n the matter ofEEOC V. Texas Roadhouga Inca” ct a1. Cage NO.:I :1 l—cv-l 1 732 (Unitad Stateg District Court

for the District of Mamas‘hugetts), in cannection With allegatians 0f age discriminatian. Reports flied April 22,

2016 and July 20, 201 6. Deposition June 17, 2016; trial tagtimony January 26, 2017.

En the matter ofLuanna Scott et a1. v. Familv Dollar Stores; Inc, Case N033 :08-cv«540 (United SW63 District

Court far the Wefitem District ofNorth Carolina), in wnnection with allegations of gender discrimination.

Reports filed January 28, 2016, May 31, 2016. Depogiticm February 10, 2016.

In the matter ofBrown, et a1. v. In-NwOut Burger. Inc. Cage NO.:RG12646351 (Superior Court far the State of

California, County 0f Alameda), in connection with allegations of age discrimination. Repay“: filed December

23, 201 S.

In tha matter Gf Valerie Hmvath v. Wastam Refining Wholesala, Ina, Cage n0. Case N0.:CIV~dsI 31 1846

(Superior Court for the State afCafifomia, County 0f San Bemardino), in connection with allagatians 0f age

discrimination. Report filed Novcmber 19, 2015. Depogition January 14, 201 6.

In the matter 0fCmtina et 211.. v. North American Title Companv Case no. O7 CB CG 0] 169 3H, (Superior

Court 0f the State 0f California, Caunty of Frame), in connection with clam action amplaymem matter.

Repartg filed May 1 1 , 2012, J1me: 25g 2012, and August: }3, 19, 21 , and 26, 2015. Depogition Septembar 8 and

9, 2015. Tria} testimcmy Decambar 3 and December 10, 201 5. Hearing testimcmy March 14, April ‘12, May 18,

July 12, 2018, September 18, 201 8 and November 26th, 201 8.
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In the matter 0f Curlew, at al. V. Savemart ct a1. Case n0 R013685740, (Superior Court 0f California, County

of Alameda), in connection with class action waga and hour matter. Report filed September 2, 201 5.

Depogition December 18, 201 5 and January 20, 201 6.

In the matter 0f Gamble, 6t 31.1 v. Boyd Gaming Comoratim, ct 31.: Cage no. 2:13-cv—01009~JCM—PAL, (US

District Court, District ofNevada), in cannectim with class acticm wage and hours claim. Report filed January

26, 201 5.

In the matter 9f (Shea, et a1“ v. Best Bug Storm. Case n0 4:14-cv-0020~PJH, (United Stanza District Court,

Northern Digtrict of California, Oakland Division), in cannection with clam action wage and hour matter.

Report filed March 13, 201 5.
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Attachment B -— Data and Documents Considered

Court Documents

Second Amended Class Action Complaint, in the matter 0f Rang Jewett, Smphy Wang, and

Xian Murray, individually and 0n behalfofmammlves and others similarly situated,

v. Oracle America Inc. Superior Court affine State 0f California, County 0f San

Mateo, filed October 16, 2017

Fourth Amended Class Action Complaint, in the matter ofRong Jewett, Sophy Wang, and

Xian Murray, individually and 0n behalf 0fthemgelves and others. similarly situated,

V. Oracle America Inc. Superior Court 0f the State 0f California, County of San

Mateo, filmed September 7, 201 8

Case Management Order 2, filed August 16, 201 8

Compendium 0f Evidence in Support 0f Defendant Oracle America, 111033 Motions for

Summary Judgment, 0r, in the Altsmative, Summary Adjudication V01 VI, January

18, 2019

Plaintiff Elizabeth Sue Paterscn’s Amendad Reaponses t0 Defendant’s Special

interrogatories to Plaintiff Sue Petemen (Set One), September 24, 201 8

Plaintiff Manjari Kant’s Respongeg t0 Defendant Oracle America, Inc.’3 Special

Interrogatorieg to Plaintiff Manjari Kant (Set One), October 8, 201 8

Piaintiff Marilyn Clark’s Responsas t0 Defendant Oracle America, Inc’s Special

Intarmgatories t0 Plaintiff Marilyn Clark (Set One), Augugt 31, 2018

PlaintiffRang Jewett”3 Amended Respongas t0 Gracia Americafi Inefs Special

Interrogatories t0 PlaintiffRang Jewen (Set One), January 22, 201 8

Plaintiff Sophy Wang’s Amended Reapanses m Defendant Gracie America, Incfg Special

Interrogatorieg t0 Plaintiff Sophy Wang (Set One), January 22, 201 8

Plaintiff‘Xian Murray’g Amended Responses t0 Defendant Grade America, Inc.’s Special

Interrogatoriea t0 Plaintiff Xian Murray (Set One), January 22, 201 8

Representative Plaintiffs’ Memorandum 0f Points and Authorities in Support Of'Motion for

Class Certification, January 18, 2019

Bl



II. Depositions and Declarations

Videotaped PMK Depogition 0f Oracle America, Inc.” By: Anja Dodgcm, July Y7, 20] 8

i Exhibits 1 - 22

Videotaped PMK Deposition 0f Oracle America, 1110., By: Kate Waggoner Volume 1, July

26, 201 8

0 Exhibits; 23 t0 46

Videotaped PMK Depoaition 0f Oraclc America, 1110., By: Kate Waggoner Volume 2, July

27, 201 8

0 Exhibitaz 47 to 64

Videotaped PMK Depoaition 0f Oracle America, Ina, By: Kristina Karatengson Edwards,

Octmber 16, 2018

6 Exhibits 65 t0 73

Videotaped PMK Deposition 0f Oracle America, Ina, By: Chad Wayne Kidder, October 23,

20] 8

o Exhibits 74 t0 75

Videotaped Deposition 0f Elizabeth Peterson, September 26, 201 8

Videotaped Depogition 0f Manjari Kant Volume 1, Octaber 19, 201 8

Videutaped Depcrsition 0f Manjari Kant Volume 2, November 2, 201 8

Videotaped Deposition 0fMarflyn Clark, September I4, 201 8

Videotaped Deposition of Rang Jewett, March 23, 201 8

Videotapcsd Deposition 0f Sophy Wang Voiume 1, March 9, 2018

Videotaped Depogition of” Sophy Wang Volume 2, March 30, 201 8

Videotaped Depogition 0f Xian Murray, May 11, 201 8

Declaration of Srividhya Subramanian in Support 0f Representative Piaintif‘f‘s* Motion for

Class Cartification, filed January 22, 2019

Videqtaped Deposition of David Neumark, Ph.D., February 8, 2019

t Exhibitg 1 t0 19

132



III.

Videotaped Deposition 0f Leaetta M. Hough, Phil, January 30, 201 ,9

v Exhibits I t0 10

Videotaped Deposition 0f Expert David Neumark, Rabin and Chapman cat a1. V.

Pricewatarhousecoopem, LLP, United States Diatrict Court Northern Digtrict 0f

California San Francisco Divigion, Case N0. 16-cv-02276~JST, January 12, 201 8

Oracle Documents

ORACLEJEWETTfiOOOl 550_Reference Guide ~ Allocations and Changes in Workforce

Compengationpdf

ORACLEMJEWETT‘OOOOZJSEE 1_A1temate Equity Awards HR Presantation 201 40430

V2.13th

ORACLEJEWETTMOOOOS276_Native__USWorkforceCempHRTrainingFocaI‘13th

ORACLEWJEWETTfiOOOS426HNativewWOrkforceCempManagerTrainingEquity.pptx

ORACLEJEWETTHOOOOS427_Native_WarkforceC0mpHRTrainingFocal.pptx

Documentg from Production 22:

0 ORACLEJEWETTflOOO30956flNative_Talecx and iRecruitment—How to Create

Offenppt

v ORACLEWJEWETTmOOOBOQS’J’mHiring ProcessfliRecmitment 2009.pdf

‘ ORACLEflJEWETTflOOO30961Nativewfliring Manager Racmiting Process start to

Fmishpptx

0 ORACLEWJEWETT_00030968“RPM Training Manualpdf

‘ ORACLEWJEWETTMOOWOQ94MNativeuMODULEQRecmitI—IirewflowToCreata an

OfferJRacruitWOS201 7 .ppt

0 ORACLE_JEWETTHOOO30995QCandMate Semen FormeSmCanadamJuIyml 8.pdf

¢ ORACLEMJEWETTfiOOBW97WCompen$ation Collection T001~User Guidelinespdf

o ORACLBWJBWETTfiOOZfi 1007_C0mpe:nsati0n Collection T1301 Changespdf

0 ORACLE‘JEWETTfiOOB 1OOSWCOMPENSATION COLLECTION TOOL_User

Manualpdf

t ORACLBMJEWETTmOOOS 1 0 I 6mNativemGlobal Rehire GuidelineTraining June 201 8

V&pptx

0 ORACLEMJEWET'ILOOO?) 1 017$Role Checklist for a Succeasfiil Hire~New US
IfigiflatiOfipdf

o ORACLE_JBWETT_OOO31472wAugust_201 7».pdf

B3



IV.

o 0RACLE_JEWETT_00031475W1rec_.pdf

u ORACLBWJEWETLOOO?)1478_1Rec2__.pdf

- ORACLEMJEWE'I‘Tfiooa1480~01d_8creen3hm.pdf

ORACLEJEWETTM00068776_Amendeci~and Restate&_2000_LTfl3__2. 1 . 1 8.pdf

ORACLEWJEWETT_OOO6881 lwAmendedfland RestatedjOOQLTIPWS fl 3 1 . 1 1 .pdf

ORACLE_JEWETT__000688SBMAmendedmand RestatedJOOOwLTIPMé‘. 1 4. 1 4.pdf

ORACLEHJEWETTfiOOéS897_Amméed_and RestatedWZOOOMLTIPjBO. l 6.pdf

ORACLEWJEWETT_OOO6893SwAmendedjmd RestatedWZOOOWLTIPwI 2. I . 17.pdf

Equity Choice FAQ (WANGWOOOOI)

Opposing Expert Reports

Declaration ofDaVid Neumark in Support 0f Plaintiffs” Motion for Class Certification,

January 16, 2019

Expert Report 0f David Neumark in the Matter 0f Jewett et a1. V. Oracle America, Inc.

January 20 1 9

o NEUMARKOOOO 1NEUMARKOOI I 2: Backup production files

«b NEUMARKOOl 1 3—NEUMARK001 16

¢ Neumark Cross~Reference.xlsx

Declaration 0f Leaetta M, Rough, Ph.D., in Support 0f Representative Plaintiffs” Motion for

Class Certification, January 15, 2019

Expert Report of Leaetta M. Haugh, 1"th In the Matter 0f: Jewett, Wang, and Murray 0n

behalf 0f themgelves, and Petarsen, Clark, & Kant, 0n behalf Ofthem‘selves and a

preposed ciass V. Oracle America, 1110., January 15, 2019

Data Correspondence

201 8.04. 13 [Oracle] Mantoan ltr to Finberg re Initial Data Production

(ORA_JEWETTWOO7).pdf

201 8.04.25 Hewett] {Finberg} Email t0 [Oraclel Mantoan w Data Questions Nos 1-6.pdf
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201 8.04.25 [Oracle] Mantoan Emaii {0 [Jewett] Finberg re Questions re Dampdf

2018.0501 [Oracle] Mantoan Ltr t0 [‘Tewatt} re 13!: Suppl Data Productionpdf

201 8.05.02 Hewett] [Finberg} Email t0 [Oracld Mantoan Another Data Questionpdf

2018.05.03 [Jewett] {Finberg} Email t0 [Oracle] Mantoan w add‘l Data Questionspdf

2018.05.04 {Jewett} [Finberg] Email t0 [Oracle] Mantoan w Data Question N0 10.pdf

201 8.05.04 {Oraclfl {Manman} Email m [Jewatt] Finberg re add’l Data Questions Nos 7»

9.pdf

201 8.05.07 [Jewett] [Finberg] Email t0 [Oracle] Mantoan w add’l data questions nos. 1]—

I7.pdf

2018.05.31 [Finberg Email t0 [Oracle] Mantoan re Data Quastionspdf

20f 8.05.3} [Pinberg} Emai} to [Oracle] Mantoan~ATTACHMENT~Qu63tion3 fer Attya

5‘31} 8..xlsx

201 8.05.31 [Jewett] [Finberg] Email to {Oracla} Mantoan re Additional Data Questionspdf

201 8.05.3] [Jewett] Finberg Email t0 [Oracle] Mantoan re Add'l Data Questions; Nos 18-

19,pdf

201 8.06.01 Hewett} [Finberg] Email t0 [Oracle] Mantoan w add'l Data Questions Nos. 20—

21 .pdf

201 8.06.06 {Oracle} Mantoan Ltr t0 [Icwett] Finberg reap to data Q3 N03. 1—1?.pdf

201 8.06.15 [Jewett] [Finberg] Email to [Oracle] Mantoan w add‘l Q3 Oracle datapdf

201 8.06.21 [Jewett] [Finberg} Email t0 [Oracle] Mantoan R6: Add‘l Data Q&pdf

2018.06.29 [Oracle] Mantoan ltr t0 Finberg re responses t0 Data Q3 (N0. 22).pdf

201 8.07.01 Hewett] [Finbarg] Email t0 [Oracle] Mantoan Rt: Data Question Prioritypdf

201 8.07‘06 [Oracle] Mantoan Itr to [Jewett] Finbcerg Continuing Respg t0 Data Qs.pdf

201 8.07.17 Hewett] Finberg email t0 [Gracie] Mantoan r6 Data Q5»: Nos, 24, 25, 26, 27.pdf

201 8.08.03 [Jewett] Finberg email to Mantoan re data questionspdf

201 8.08.03 {Oracle} [Mantoan] Email t0 Hewett] Finberg re Remaining Data Qspdf

2018.08.03 {Gracie} Mantoan ltr t0 [Jewett] Finberg continued reap t0 Data Qapdf

BS



201 8.0833 {Jewett} [Finberg] Email to [Oracle] Mantoan re: Data Questionspdf

201 8.08.13 [Jewett] [Finberg] Email t0 {Oracle} Mantoan-List 0f Oracle Questions Pending

as 0f 8.10.] 8.docx

201 8.08.14 [Oracle] [Mantoan] Email t0 [Jewett] Finberg, ct al re Data Questionspdf

2018.08.17 [Oracle] Mantoan Itr t0 Hewett] Finberg resp t0 data Qs 21, 22, 26, prod V01

17.pdf
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Exhibit C2
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Exhibit C3
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Exhibit C4
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Exhibit C9
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Exhibit C10
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Exhibit C 12
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Exhibit C I 5
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Exhibit C 1 8
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Exhibit C28
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Exhibit C21
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Exhibit C35
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Exhibit (13?

2016: Actual Base Pay vs. Predicted Base Pay
- Prediction Based {m Dr. Neumark‘s Data and Model, Withent a Geader Central -

— Femaie inmmbents in Neumark‘s Dataset, 2013-2fi18 ~

§ Femaie - - Actuai=Pradicied

I
a

A
I

I
Rams Mare Than Prefiicted x

’
Q I
I

x
i

I
( Q

I
I

>2
Qm
Ts

EU
4

Earns Less Than Predicted

Predicted Fay

CS?



Exhibit C38
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Exhibit C39
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Exhibit D2
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