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Data Science is Everywhere

data is cheap and ubiquitous
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Ubiquitous Programming Errors

data science means programming
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Python jJuI'a

programming means programming errors
programming errors that do not cause failures can have serious consequences

finance™ : health care
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Anomalously Unused Data
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The Reinhart-Rog

American Economic Review: Papers & Proceedings 100 (May 2010): 573—-578
http://www.aeaweb.org/articles.php?doi=10.1257/aer.100.2.573

Growth in a Time of Debt

By CARMEN M. REINHART AND KENNETH S. ROGOFF*

In this paper, we exploit a new multi-country
historical dataset on public (government) debt to
search for a systemic relationship between high
public debt levels, growth and inflation.! Our
main result is that whereas the link between
growth and debt seems relatively weak at “nor-
mal” debt levels, median growth rates for coun-
tries with public debt over roughly 90 percent
of GDP are about one percent lower than other-
wise; average (mean) growth rates are several
percent lower. Surprisingly, the relationship
between public debt and growth is remarkably
similar across emerging markets and advanced
economies. This is not the case for inflation. We
find no systematic relationship between high
debt levels and inflation for advanced econo-
mies as a group (albeit with individual country
exceptions including the United States). By con-
trast, in emerging market countries, high public
debt levels coincide with higher inflation.

Our topic would seem to be a timely one.
Public debt has been soaring in the wake of the
recent global financial maelstrom, especially in
the epicenter countries. This should not be sur-
prising, given the experience of earlier severe
financial crises.? Outsized deficits and epic bank
bailouts may be useful in fighting a downturn,
but what is the long-run macroeconomic impact,

*Reinhart: Department of Economics, 4115 Tydings
Hall, University of Maryland, College Park, MD 20742
(e-mail: creinhar@umd.edu); Rogoff: Economics Depart-
ment, 216 Littauer Center, Harvard University, Cambridge
MA 02138-3001 (e-mail: krogoff@harvard.edu). The
authors would like to thank Olivier Jeanne and Vincent R.
Reinhart for helpful comments.

"' In this paper “public debt” refers to gross central
government debt. “Domestic public debt” is government
debt issued under domestic legal jurisdiction. Public debt
does not include debts carrying a government guarantee.
Total gross external debt includes the external debts of all
branches of government as well as private debt that is issued
by domestic private entities under a foreign jurisdiction.

% Reinhart and Rogoff (2009a, b) demonstrate that the
aftermath of a deep financial crisis typically involves a
protracted period of macroeconomic adjustment, particu-
larlv in employment and housing prices. On average. public

especially against the backdrop of graying pop-
ulations and rising social insurance costs? Are
sharply elevated public debts ultimately a man-
ageable policy challenge?

Our approach here is decidedly empirical,
taking advantage of a broad new historical
dataset on public debt (in particular, central
government debt) first presented in Carmen M.
Reinhart and Kenneth S. Rogoff (2008, 2009b).
Prior to this dataset, it was exceedingly difficult
to get more than two or three decades of pub-
lic debt data even for many rich countries, and
virtually impossible for most emerging markets.
Our results incorporate data on 44 countries
spanning about 200 years. Taken together, the
data incorporate over 3,700 annual observations
covering a wide range of political systems, insti-
tutions, exchange rate and monetary arrange-
ments, and historic circumstances.

We also employ more recent data on external
debt, including debt owed both by governments
and by private entities. For emerging markets,
we find that there exists a significantly more
severe threshold for total gross external debt
(public and private)—which is almost exclu-
sively denominated in a foreign currency—than
for total public debt (the domestically issued
component of which is largely denominated
in home currency). When gross external debt
reaches 60 percent of GDP, annual growth
declines by about two percent; for levels of
external debt in excess of 90 percent of GDP,
growth rates are roughly cut in half. We are not
in a position to calculate separate total exter-
nal debt thresholds (as opposed to public debt
thresholds) for advanced countries. The avail-
able time-series is too recent, beginning only in
2000. We do note, however, that external debt
levels in advanced countries now average nearly
200 percent of GDP, with external debt levels
being particularly high across Europe.

The focus of this paper is on the longer term
macroeconomic implications of much higher
public and external debt. The final section, how-
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Rogoff, and the Excel Error

That Changed History

By Peter Coy ¥ | April 18,2013

000000

The Excel Depression

By PAUL KRUGMAN
Published: April 18, 2013 | @ 470 Comments

In this age of information, math errors can lead to disaster. NASA’s
Mars Orbiter crashed because engineers forgot to convert to metric
measurements; JPMorgan Chase’s “London Whale” venture went
bad in part because modelers divided by a sum instead of an
average. So, did an Excel coding error destroy the economies of the
Western world?

@, Enlarge This Image L he story so far: At the beginning of
2010, two Harvard economists,
Carmen Reinhart and Kenneth
Rogoff, circulated a paper, “Growth
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in a Time of Debt,” that purported to identify a critical
“threshold,” a tipping point, for government
indebtedness. Once debt exceeds 90 percent of gross
domestic product, they claimed, economic growth drops

Ms. Reinhart and Mr. Rogoff had credibility thanks to a
widely admired earlier book on the history of financial
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english = bool(input()) «.......
‘math = bool(input()) <.l

passing = True

if not english: |
english e ] ERROR: english SHOULD BE passing
if not math: |
passing = False or bonus é
|f not math: S e e e e e S et T T S TS AT e ERROR: math SHOULD BE science
: passing = False or bonus §

english science

® ==
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Unused Data Analysis

mathematical models

of the program behavior
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..............................................................................................

‘passing = True passing = True
: ®

.if not english: | | —o
english = False english = _ english = _
if not math: math = T math = T
passing = False or bonus science = _ science = _
if not math: bonus — _ bonus — _

| passing = False or bonus passing = ? passing = T

passing = True passing = False or bonus passing
@ @ @

False or bonus

english = _ english = _ english = _
math = F math = F math = F
science = science & science —
bonus = T bonus = T bonus = T
passing — ? passing = T passing = T

passing = True passing = False or bonus passing
® @

@
english = _
math = F
science —
bonus = T
passing = T

False or bonus

@ @
english = _ english = _ english = _ english = _
math = F math = F math = F math = F
science = science = science = science —
bonus =+ F bonus = F bonus = F bonus = F
passing — ? passing > T passing = F passing = F

_ Static Analysis for Data Science
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Input Data (Non-)Usage

A, L P € PE*) | Vi e J C L: UNUSED([P]))

A ;is the set of all programs P (or, rather, their semantics [[ P]))
that do not use the value of the input variables in J C I,

UNUSED(TMT) € vy e [Py € 7 1()) # v = 3¢ € [P]

(VO <j<|p|:j# 1= 1)) =t)())
A L) = v
ALt

Intuitively: any possible program
outcome is possible from any value

of the input variable Xo.i

Static Analysis for Data Science



Trace Properties
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Program Properties

p. 23 / 98

- l
Ty y—
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Subset-Closed Properties

[Ty
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..............................................................................................

‘passing = True passing = True

.if not english: o —o

english = False english = _ english = _

if not math: math = T math = T

passing = False or bonus science = _ science = _

-if not math: bonus — _ bonus = _ I[P]]
| passing = False or bonus passing — ? passing = T

passing = True passing = False or bonus passing = False or bonus
@ @ @

o
english = _ english = _ english = _ english = _
math — F math = F math = F math = F
science = science & science — science —
bonus = T bonus = T bonus = T bonus = T
passing = ? passing = T passing = T passing = T

False or bonus

passing = True passing = False or bonus passing
[ _ @ @ @

english = _ english = _ english = _ english = _
math = F math = F math = F math = F
science = science = science = science —
bonus =+ F bonus = F bonus = F bonus = F
passing — ? passing > T passing = F passing = F

_ Static Analysis for Data Science Caterina Urban 18




Input Data (Non-)Usage

;L {[P] € P(Z*) | UNUSED([P])}

A ;is the set of all programs P (or, rather, their semantics [[ P]))
that do not use the value of the input variables in J C I,

f

UNUSED /([[M []) ® Vie[PL,Ve 7 :t(J)# V= 3re[P]:
(VO <i<|Ip|:i&J=iyi) = 1i(D)
AT =V
AT

Intuitively: any possible program
outcome is possible from any value

of the input variables in J

Theorem

PEN,<s {[P} CH,;

_ Static Analysis for Data Science
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Collecting Semanti

Intuition f

Property (by extension): set of
elements that have that property :

Property “being Patrick Cousot”

Property “being program P~
LIPS
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(Another) Hierarchy of Semantics

IM] .. dependency semantics
A
a_,
IM]l, outcome semantics
A
a,
{IM]} collecting semantics

Static Analysis for Data Science Caterina Urban 23



Outcome Semantics  pertioning = <ot o racee

that satisfies input data
(non-)usage with respect to
the program outcome yields
sets of traces that also SEIRY
input data (non-)usage

| | 7 ' terina Urban 24
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Outcome Semantics

d f
E e e P S B B outcomes

Lemma

PEWN,s {[PINO|0€0}C W,

-

(PPET), C)  (PPE),C)

04 (S) {T NO|TeSAOe 0} outcome abstraction
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..............................................................................................

.passing = True passing = True
.if not english: e

english = False english = _

if not math: me_tth - T

passing = False or bonus science = _

-if not math: bonus = _

| passing = False or bonus passing — ?

passing = True passing = False or bonus passing = False or bonus
@ @

english = _ english = _ english = _
math — F math = F math = F
science = science & science —
bonus = T bonus = T bonus = T
passing — ? passing = T passing = T

passing = True passing = False or bonus passing = False or bonus
@ @ @

english = _ english = english = _
math = F math = F math = F
science = _ science = science = _
bonus = F bonus = F bonus = F
passing — ? passing = T passing = F

_ Static Analysis for Data Science




Outcome Semantics

def

(Dl e i outcomes

Lemma

PEWN,s {[PINO|0€0}C W,

-

(PPET), C)  (PPE),C)

a.(S) d=ef ITNO | TeSAOe 0} outcome abstraction

1P1. & a.({IP1}) = (IP1n 0O | 0 € O}

Static Analysis for Data Science Caterina Urban 27




Outcome Semantics
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Outcome Semantics

NST 255

01 =V]14:..40k =V — 01 =7UV1,4..40=Vk

vvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvvv

Theorem 1. The oufcome semantics Aq € P (P (X1°°)) can be expressed as a |
| least fizpoint in (P (P\(X+°)),C, L, M, {2, 0},{0, X+}) as: ;

Ao = Ifp= O,

9)
@.(S) d=6f{001=’v1,...,0k=vk | Vigesss Vg€ V} () {'T ] T | T € S} ( ) f

def
where 51 Sg = {Sljlzvl,...,okzvk U 522_1='v1,...,ok='vk | V1,...,Vk € V}USTUSSJ i

(proof by Kleenian Fixpoint Transfer [Urbani8])




Input Data (Non-)Usage

;L {IP] € P(Z*) | UNUSED([P]))

A ;is the set of all programs P (or, rather, their semantics [[ P]))
that do not use the value of the input variables in J C I,

Outcome Semantics () #V=dr e [Pl
j [) mam / °

i = . @ outcomes 3‘, i tO(l) A tO(l))
|
1  PEWN,e{[PINO|0OEB}C W i
. : ut pData (NO“ e, (1P}
5 (PPE),C)  (PPE™), C.) 1 InP () | UNUSED
E \/ E N = U their S ate ien
£ a, : ¢, rathel, 1cir
] L . 11 ; o o all prog m?t‘:\e(o\nput \Ia\'\ab\e \ . “P“

a(S) = [TNO|TeSAOEeO) outcome abstraction N is the S he value + V

i J a0 \’\0‘ uset c 07‘ . t()(] ) ) i tb(l))
def R - def ;e 1PV ¢ 1= 1ol

[P1. = a({IP1}) = {[PIN 0| O € O} R g

Theorem

g PEX, S HIPI) C Ay @ a((IP1) C A, & [PLC A,

o2 et o \(\:
N\ cer?
L Q‘O%(a
(€ *
P
c
_ . . \65 O(e seﬂ\a
1 of the \“pu‘ : “ Y 2 o x O Sets ) xae’ on v‘Q:a:P 3\\0“‘5(“
2 A0 e
i e Se“ ko™ “\,ro\s“ea -
E : C & .a wed™® et
) o
‘ cN; :
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(Another) Hierarchy of Semantics

IM]] . dependency semantics
A
d_,
IM]. outcome semantics
A
a,
{IM]} collecting semantics

Static Analysis for Data Science Caterina Urban 31



Dependency Semantics

' to reason about input data

(non-)usage we do not need to
consider all intermediate
computations between the
initial and final states of trace
(if any)

| | 7 | Scienc terina Urban 32
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Dependency Semantics

= R

(AT C - TO Py, O

.

-~

a ($) L ({1t ) ETXZ, |tET)|TES)
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..............................................................................................

. passing = True

(if not english: e

~ english = False engiisn =1_
if not math: me_lth - T
passing = False or bonus science = _
-if not math: bonu.s -

| passing = False or bonus passing — ?

english = _
math — F
science =
bonus = T
passing = ?

math = F
science =
bonus = F

@
eng”Sh : .

passing = ?

_ Static Analysis for Data Science




Dependency Semantics

= R

(AT C - TO Py, O

.

-~

a ($) L ({1t ) ETXZ, |tET)|TES)

v () LT e PE) | (1) ELXT, |tET)ES)

[P1. = a_(IP1) = {{{trt,) EEXE | tE[PINO} | O € O)

Static Analysis for Data Science Caterina Urban 35



|
1 O F
Dependency Sem?nt'ic":°§'e Semantics

Theol‘em

Ao = AT UAY =lfp; OF U 1fp{§2w} e
Q;F(S) e {‘901=U1,--.,0k=vk | Vig « v 3 U € V} lJ {,7. : T | T € S} (13) _},m}
©:(8) £ {r;T|T € S} ”
TP T e e ——rem === | | [ 7 i
- Lemma 2. The abstraction AL, = a,(AF) € P(P (X x X)) can be expressed } { }
© as a least fizpoint in (P (P (X x X1)),C, LM, {X x {L},0},{0, X x X}) as:

1 A% =1y, 61
@:(S) d=ef {QO1=U1,...,Ok=vk X Qolz'ul,...,okz'vk | V1,...,Vk = V} e {T O R | R - S} |
i Lemma 3. The abstraction A%, £ a.,(A%) € P (P (X x X)) can be expressed g

T i w [ w i
"""""""""""""" | AL =Uproyiyy O5 (15) ;
0“(S)={roR|Re S} :

Proof (Sketch). By Tarskian fixpoint transfer (cf. Theorem 18 in [12]). O

Caterina urban



Dependency Semantics

def

- Lemma 2. The abstraction AT, = a..(Al) € P(P (X x X)) can be expressed
as a least fizpoint in (P (P (X x X1)),E, L, M, {X x {L},0},{0,X x X}) as:

AL, =1ipfy, 67,
67(5) = {£201=01,....0e=0, X 0,=v1,....06=vi | V1,..., 06 EV}U{ToR|RE S}

Proof (Sketch). By @s a least fizpoint in (P (P (X x X1)),E, L, M, {X x {1},0},{0,%X x X}) as:

w [ w
AL =UpToy iy O

Lemma 3. The abstraction A%, & a.,(A%) € P (P (X x X)) can be expressed |

- Theorem 3. The dependency semantics A, € P (P (X x X 1)) can be expressed |
© as a least fizpoint in (P (P (X x X)), E, LM, {X x {L},0},{0, X x 2}) as: |

i AR VN -

—i @w(s) dz'ef {Qolzvl,...,OkZ’Uk X Qol=vl,...,0k=’vk | U1y ..., Vg € V} O {T = R | R < S} %
(16) |

| Proof (Sketch). The proof follows immediately from Lemma 2 and Lemma 3. O |

_ Static Analysis for Data Science Caterina Urban

62.(5) 2 {roR| R € 5} ,
L Proof (Sketch). By Tarskian fixpoint transfer (cf. Theorem 18 in [12]). O
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Input Data (Non-)Usage

;L {IP] € P(Z*) | UNUSED([P]))

A ;is the set of all programs P (or, rather, their semantics [[ P]))
that do not use the value of the input variables in J C I,

| Dependency Semantics E-O(J )= V= 3dt e [[P]:

« : : siss

A g ) :

3 def . ) (NO“’\US 9

1 o.®= ) EIXX |1eT}|TES] \nput pa - useny P}

:F def [Te PE™) | {1t )EZIXE, |teT] €85) def ([Pl € o) \' otios 1PD

_; - ’ th ,‘the\r = - I

[P1. & a_(P1) = {{{tt,) EEXZ |1 €[PIN O} | O € O) ot e . Al

Theorem

Static Analysis for Data Science



Unused Data Analysis

practical tools
targeting specific programs

algorithmic approaches
to decide program properties

mathematical models
of the program behavior

Caterina Urban
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Input Data (Non-)Usage
Abstractions

Over-Approximation of the Used Input Data
= Under-Approximation of the Unused Input Data

PE N pc; < v (ralllPlla) € N pey

Static Analysis for Data Science Caterina Urban 40
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Secure Information Flow | =

possibilistic non-interference coincides with input data (non-)usage
when the set J of unused input variables contains all input variables:
input variables are high-security variables
output variables are low-security variables

[P]r

: effzle not
58 |20 eleandeleore

.= skj _
SKip [z = I (eXpressions)

(Statements)

Or[skip](S) = S
Orlz=¢](S) ={L~yeS|y#a}U{L~ z|Vr[e]S}

B e . det | OF[51](S) Ur Or[s2](S) if Vr[e]S
- Op[if e: 51 else: s2](5) = {{L w2 €S|z dW(s1)UW(ss)} otherwise

i .
fe.selse:s[whilee:s[ss

Op[while e: s](S) = lfps" Op[if e: s else: skip]
Or[s1 52](S) = Or[ss] 0 Or[s1](S)

L

7|Y|

.............

| {i ECCIiisiaCCLIZISIISCCCD L -» passing, H =* english, math, science, bonus
- passing = True 88 CECYITTICPPERITIOCer L -» passing, H - english, math, science, bonus
if not english:

: english = False 88 (CCEIRTTILCCEIRITALCCEL L -+ passing, H -+ english, math, science, bonus
if not math:

f passing = False or bonus | &-sr=rr=resreereenees H -» english, math, science, bonus, passing

if not math:

| passing = False or bonus @ ®===rrreremrenrenreans H -+ english, math, science, bonus, passing
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Secure Information Flow | '~

possibilistic non-interference coincides with input data (non-)usage

when the set J of unused input variables contains all input variables:
input variables are high-security variables

+ output variables are low-security variables

and the program is terminating | v|z|
3 = xnote[eande[eore

Or[skip](S) = S
Orlz=¢](S) ={L~yeS|y#a}U{L~ z|Vr[e]S}

Or |I81]](S) g @F[[Sz]](S) if Vg [[6]]8
{L~xz€S|xgW(s1) UW(s2)} otherwise

Op[if e: 51 else: s3](S) = {

def

Op[while e: s](S) = lfps" Op[if e: s else: skip]

Or[s1 52](S) = Or[s2] 0 Or[s1](S)

'7|!‘!l!l!|!‘!l\ll|!‘!l\‘_

: e e e et L -» passing, H -» english, math, science, bonus
:passing = True jie CLELIIIMSRCRILEIIac Cerl L -+ passing, H -~ english, math, science, bonus
‘while not english:

: english = False A pa 4 el L -» passing, H -+ english, math, science, bonus

Pr AN < v (ellPlp) € VT
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Strong-Liveness

a variable is strongly live if
it is used in an assignment to another strongly live variable
it is used in a statement other than an assignment

| € =
% le,notelea_ndeleore
s..:skip[g;=elife:

Ox[skip](5) £ 8

Ox[r = €](S) = {

Ox[if b: s1 else: s5](S) = VARS(b) U Ox[s1](S) U Ox[s2](S)
Ox[while b: s](S) = vARs(b) U Ox[s](S)

E @X[[Sl 82]] (S) d=ef @x[[sl]] o @x[[Sz]](S)
T—— 0 = <y (v ([[P]) € N,

(S\{z})UvaRrs(e) z€S amiaaane .. |

S otherwise

Theorem

.passing = True {88 iiaisaaactsisaduasass { bonus, math, english }
-if not english: I CCVTPTTITECPEVITIDECPE { bonus, math, english }
english — False e { bonus, math }

if not math > FETTTTTTT T TPIT TR Ty { bonus’ math }

passing = False or bonus & «-=r=srerreerasrennanss { bonus, math }

if not math: T TR PP PR T TR T { bonUS, math }

’ passing = False or bonus = =+=s=rrrerararmmaiaes { bonus }

T ITTI LI, { passing }
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Syntactic (Non-)Usage o

N
/ \ e U: used in the current scope (or an inner scope) w-0]|w- U
S ' e S: used in an outer scope

\ / » O: used in an outer scope and overridden in the current scope
. « N: not used | 66 [skip](a) = g i I[P]]U
i Oqlz = e](g) = assioN[z = €] (g) '

| _ Oq[if b: 51 else: s3](q) = POP o FILTER[b] 0 Oq[s1] o PUSH(q)
‘passing = True Liq POP o FILTER[b] o Oq[s2] o PUSH(q)
: e Oq[while b: s](q) = Ifp-2 Oq[if b: s else: skip] -

|f not english: def
s Oq[s1 s2](q) = Oq[s1] 0 Oq[s2](q)

english = False e
: e .......................... math, bonus, passing -» S | math, bonus, passing =» U
| @ .......................... math, bonus, passing = U
[if not math:
e .......................... math -+ S, bonus -» U, passing = O iEes
passing = False or bonus
: @ :rrrrrrnsnssssssnsnnnnan .......................... math, bOhUS, passing b S | math, bonus’ passing el
@ rrrssnssnsnsansEa s Es s EsEs R E R nnEnnn .......................... math, bonus, passing -» U
if not math:
s .......................... bonus -* U, passing -» O | passing - U
passing = False or bonus :
| s .......................... passing =» S | passing = U
S TLTTTTTTTT T T T T T T T T I T T T T T, T P P T PP PR T passing - U
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z - N
e U: used in the current scope (or an inner scope) w-0]|w- U
e S: used in an outer scope
e O: used in an outer scope and overridden in the current scope
* N: not usea |['D]]U
| @rererererserersenrnrere e SETTTEETPTI PEEERITRT PR math, bonus -+ U, passing -+ O
.passing = True
@ - rrrrararsssssssar s as s s A AR na .......................... math’ bonus’ paSS|ng SN U
-if not english:
@ - rrsssnsssssssss s s a A a R E .......................... math’ bonUS, paSSIng N S | math’ bonus’ pass'ng S U
english = False
| @ - -rrrrsssrssssssssss s aann s .......................... math’ bonus’ pass'ng ) S | math’ bonus’ paSS|ng ) U
. ........................................... ................. _. -~ wmanath hOI’]US, passing =
T ereeeesesmsseens iR J Colskiplg) g
passing = False or bonus | Oqlz = e](q) = ASSIGN[z = :
@ ---rrrrsssssssssssass s aann s --------------- | @Qﬂlf b: S1 else: def eﬂ(q)
@ rresrrrrmsrrennerrnnr e ————— {RRRSARRRRRRNRAS: j +92](q) = pop o FILTER[}
o y o] o Oq[s1] © PUSH(q)
if not math: ] ~q RoR °FILTER[b] 0 © |
@ rrnrernrmraranrarranrarranrnranas JMqassneRzsaaAn: ﬁ Oq[while b- sl(q) & Ifp=e g 1. Qls2] © PUSH(q) |
passing = False or bonus Oq[s 52](q) % ¢ Oalif b: s e1ge; skip]
@ innini e 7) = 0q[s1] o @Ql[szﬂ(q)
| @mmuussssssessssssammsssssssessassaannnnnnennnsaannansnnnnnnnsnnnnns NACSIAO P CT TN
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Syntactic (Non-)Usage

N
/ \ « U: used in the current scope (or an inner scope)
S o ° S: used in an outer scope
\ / * O: used in an outer scope and overridden in the current scope
U

N: not used |[P]]U

| & fe
‘3 lelnoteleandeleore

) o & = Skl — . .
i Oqlskip](q) = ¢ Plz=e|ife: s elge. [vhile e: g g (expressions)
" gl = €l(g) & assian]z = ¢](q) rer— (statements) |
Oq[if b: 51 else: s3](q) = POP o FILTER[b] 0 Oq[s1] o PUSH(q) | ’ CTTT T TR

Lig POP o FILTER[b] o0 Oq[s2] o PUSH(q) =
Oq[while b: s](q) = Ifp@ Oq[if b: s else: skip] |
Oqls1 s2](a) = Oqlls1] © Oq[s2] ()

: > LCLCICLUTCEETET ey passing SENN®)
épassing — True > PP T T PP PP Y TT TP paSSing - U
‘while not english:

: eng“sh = False S CEETT TR TTPEPPFF TR paSSing - |J

PE W% <y (1y([P1y) € H*
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{0} N {i} U {i+1} O {len}

Piecewise Syntactic o
(NOn-)Usage {0} S {len} | {0} U {len}

e:=v|x|note|eande|eore | ale] | 1len(a) |e @ e|e X e (expressions)

su:=skip|xz=e|if e: s else: s | whilee: s|ss |ale] =e (statements)
grades:||st(map(mt,mput()spht())) |[P]] q
.count =0
S R RRARARANS |-~ <\ k- grades - {O} N {1}?2 U {2}? U {len(grades)}?
| — ] rrrrrreerrnrrse . ........................... ERROR: 1 SHOULD BE 0
‘. ............... grades - {0} N {i}? U {i+1}? U {len(grades)}?
‘while i < len(grades):

@ o grades - {0} N {iR U {i+11? S {i+2}2 S {len(grades)}? | ...

if gradesli] < 4:
count = count + 1
.. ............... grades e {O} N {i+ 1}7 S {I+2}7 S {Ien(grades)}? | |

...; ............... grades -» O} N {i+1}? S {i+2}?S {|en(grades)}? -
i=i+1
..................................................é ............... grades ) {O} N {|}? S {|+1}? S {Ien(grades)}? |
. ............... grades -+ {0} N {len(grades)}?

if 2 * count < len(grades):

; passing = True

else:

; passing = False

.......................................................E ............... grades Y { 0 } N { Ien(grades) }?
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Unused Data Analysis

practical tools

targeting specific programs
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Jupyter Notebooks

localhost

: Ju pyte I Gradebook Last Checkpoint: a few seconds ago (autosaved) P Logout

File Edit View Insert Cell Kernel Help Trusted | Python3 O

B+ = @ D 4 v PRin B C » Code

<«
B

In [1]: import pandas as pd

In [2]: df = pd.read_csv('Grades.csv', index_col=0)
df.head()

Out[2]:

Name Q1 Q2 Q3

)

@ netflixtechblog C
.Com

¥ 1 0 T

@Lr]+

Oper Inapp %

1.0, 'F': 0.0 }
.iloc[:, df.columns.str.startswith('Q')].applymap(grade2gpa.get)

|YHllYll'WHllY'l'WHl’Y'l'YHllY'l‘YHllY'l'\ﬂl’Y'l'\ﬂllY'l'\ﬂ""

] ti @ databricks.com @ ﬂ] + &8
¥
/ B
J Norebo I
acto g¢
| an in . - »
: : Opular; databricks
Pushing e " VUick proogy it amopg 4o atabricks for Data Science |
] use it and “Hdan'es - g and avwi. SClentios.. . I
;]
/ this Visi What they can g An open and unified platform to collaboratively run all types of analytics workloads, from data preparation
1on a reality, 9 Whesperate Walk1780.+:Commanted on: 12 manths:aga @ to exploratory analysis and predictive analytics, at scale.
/ n fhis Post 5 | can tell you that my job with 120+ data scientists + data analysts on our team, we N
com SRS Wwe Share ou use jupyter on centos in prod. It actually is working out very well for us. Everyone n Analy
peﬂmg. W I ) r knows how to use it, we can let jr devs work in prod immediately. We also have a & _© demo-cimw - e J . o Come o QCamwts 0
| eXplore 54, also in trodyld  very wide range of analysis types running from basic sql and pandas to spark o damosae, i et ce, e o e 14 046 bl o . 4o debma Pt we cratad " i o rcbock
e € noy, based machine learning. All in jupyter. Also jupyter is easy to configure to work in [
Ifyo el Ways security guidelines. [
Ure gh
Orto . ] "
n lln]e’ e Sugge 24 upvotes 5 replies " u/EnricoT0 + Commented on 12 months ago @
Motiyqy; . . i S R i i S sl R - e .
IOns My former employer uses notebooks in production for all DS tasks. My current -
Data Powe — employer does not. They are both big companies with large teams. L a4 Mot (S0 1 e hese A A ||
ro A1 o
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Jupyter Notebooks

[1]1
[2]
[3]11

[4]*
2

1
[51,

~

d = genfromtxt('data.csv')

-

selector = SelectKBest (k=25)
x = selector.fit_transform(d)

x = genfromtxt('data2.csv')

.

e

x_train, x_test, y_train, y_test
traln_test_split(x, ...)

lr = LogisticRegression()
lr.fit(x_train, y_train)

y_pred = 1lr.predict(x_test)

P. SuboticC et al. - A Static Analysis Framework for Data Science Notebooks (ICSE 2022)

Static Analysis for Data Science
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Jupyter Notebooks

[1]1rﬂ = genfromtxt('data.csv') J

[2]

lrselector = SelectKBest (k=25)
2|x = selector.fit_transform(d)

r

[3]11]|x = genfromtxt('data2.csv')

.

[4]1 x_train, x_test, y_train, y_test =
2 train_test_split(x, ...)

.

1|1r = LogisticRegression()
[51, lr.fit(x_train, y_train)
3|y_pred = 1lr.predict(x_test)

P. SuboticC et al. - A Static Analysis Framework for Data Science Notebooks (ICSE 2022)
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Jupyter Notebooks

rd = genfromtxt('data.csv') J
rselector = SelectKBest (k=25)
2|x = selector.fit_transform(d)

genfromtxt('data2.csv')

,
X‘
n
~——/

x_train, x_test, y_train, y_test =
train_test_split(x, ...)

93

-

e

4 U

i A
an

1|1r = LogisticRegression()
lr.fit(x_train, y_train)
3|y_pred = 1lr.predict(x_test)

P. SuboticC et al. - A Static Analysis Framework for Data Science Notebooks (ICSE 2022)
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Unexpected Data

Static Analysis for Data Science
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Unexpected Data

missing values

» extra values

A

| T TTH_UV i T !
| (VT
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localhost

: Ju pyte I Gradebook Last Checkpoint: a few seconds ago (autosaved)

File Edit View Insert Cell Kernel Help

B + < @& B 4 v PRn B C MW Code

<
B

In [1]: import pandas as pd

In [2]: df = pd.read_csv('Grades.csv', index_col=0)

] df.head()
Out[2]:
Name Q1 Q2 Q3
: ID
2394 Alice A A A
. 4583 Bob F B B
3956 Carol F A C
9578 Davd D F C

In [3]: grade2gpa = { 'A': 4.0, 'B': 3.0, 'C': 2.0, 'D': 1.0, 'F': 0.0 }

In [4]: df['Mean'] = df.iloc[:, df.columns.str.startswith('Q')].mean(axis=1)

In [5]: es = pd.read_csv('Emails.csv', index_col=0)

In [6]: un

df.join(es)

In [7]: res = un[["Email", "Mean"]]
res.head()

Out([7]:
Email Mean

ID

2394 alice@uni.eu 4.0

L L L L L | L L L L |
T N T N NN |

4583 bob@uni.eu 2.0

3956 carol@uni.eu 2.0

9578 david@uni.eu 1.0

I o

Lesson 7 Static Analysis for Data Science

df.iloc[:, df.columns.str.startswith('Q')] = df.iloc[:, df.columns.str.startswith('Q')].applymap(grade2gpa.get)

ﬁ Logout

Trusted ] Python3 O

!\|1IV|!I1|HH!I\|1IH!I1|1IY|!I1|!IV|!I1|!IY|!!IHIH!II|1IY|!I1HIH!IIHIH!IIHIH!IIHIIHI

I
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wcalhost

eckpoint: a few seconds ago (autosaved)

— Jupyter Gradebook @

File Edit View Insert Cell Ken . localhost

+ x @ B 4 ¥ PR e
i JU pyte I Gradebook Last Checkpoint: a minute ago (unsaved changes)

In [1]: import pandas as pd

— File Edit View Insert Cell Kernel Help Trusted

In [2]: df = pd.read_csv('Grat + % @ B 4+ v PRn B C W Code s

df.head()
Out[2]: 1 In [1]: import pandas as pd

Name Q1 Q2 Q3
D In [2]: df = pd.read_csv('Grades.csv', index_col=0)
df.head()
2304 Alice A A A
Out[2]:

4583 Bob F B B Name Q1 Q2 Q3

3966 Carol F A C ID

9578 David D F C 2394 Alice A

A
. 4583  Bob B
In [3]: grade2gpa = { 'A': 4.
df.iloc[:, df.columns
c

B 9578 David D

'n
>pgm >

B

In [4]: df['Mean'] = df.iloc|
b In [3]: grade2gpa = { 'A': 4.9, 'B': 3.0, 'C': 2.0, 'D': 1.0, 'F': 0.0 }

In [5]: es = pd.read_csv('EméE df.iloc[:, df.columns.str.startswith('Q')] = df.iloc[:, df.columns.str.startswith('Q')].applymap(grade2g;
In [6]: un = df.join(es) In [4]: df['Mean'] = df.iloc[:, df.columns.str.startswith('Q')].mean(axis=1)
In [7]: res = un[["Email", “Nﬂ In [5]: es = pd.read_csv('Emails.csv', index_col=0)
res.head()
Outl[7]: ] In [6]: un = df.join(es)
Email Mean
D In [7]: res = un[["Email", "Mean"]]

res.head()

2394 alice@uni.eu 4.0

0 1 1 1 ) 1 1 1 1 D 1 ) B 1 1 1 B 0

Out[7]:
1 4583 bob@uni.eu 2.0 Email Mean
y 3956 carol@uni.eu 2.0 ID
B 9578 david@unieu 1.0 2394 alice@unieu 4.0

4583 bob@uni.eu 2.0

3956 carol@uni.eu 3.0

9578 david@uni.eu 1.0

L
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0 1 1 1 ) 1 1 1 1 D 1 ) B 1 1 1 B 0

0 1 1

File

Lesson 7

Edit

B + < @2 B 4+ v PRn N

In [1]:

Tn [2]:

Out([2]:

In [3]:

In [4]:

In [5]z

In [6]:

In [71:

Out([7]:

View

Insert Cell Ken

import pandas as pd

df = pd.read_csv('Grat
df.head()

Name Q1 Q2 Q3

ID
2394 Alice A A A
4583 Bob F B B
3956 Carol F A C
9578 David D F C

grade2gpa = { 'A': 4.
df.iloc[:, df.columns

df['Mean'] = df.iloc|

€s

pd.read_csv('Ema’

un = df.join(es)

res = un[["Email™, "Mg
res.head()

Email Mean

ID

2394 alice@uni.eu 4.0
4583 bob@uni.eu 2.0

3956 carol@uni.eu 2.0

9578 david@uni.eu 1.0

: Ju pyter Gradebook Last Checkpoint: 2 minutes ago (unsaved changes)

File

B + < @ B 4+ ¥ PAu

localhost

Edit View Insert Cell

Kernel

In [1]: import pandas as pd

In [2]: df = pd.read_csv('Grades.csv', index_col=0)

" C »

ID Name Q1 Q2 Q3

B
A
E

A A A A

B NaN
C NaN

C NaN

"B 390, Y€ v 2.0,

localhost

Trusted

D'y 1.0, "Fi 0.9 3

df.iloc[:, df.columns.str.startswith('Q')] = df.iloc[:, df.columns.str.startswith('Q')].applymap(grade2gj

pd.read_csv('Emails.csv', index_col=0)

df.head()
Out[2]:
2394 Alice
4583 Bob F
3956 Carol F
9578 David D
In [3]: grade2gpa = { 'A': 4.0,
In [41:
In [5]: es =
In [6]: un = df.join(es)

In [7]: res = un[["Email", "Mean"]]

res.head()

Out[7]:

Email Mean

2394 alice@uni.eu

4583 bob@uni.eu

3956 carol@uni.eu

9578 david@uni.eu

4.0
3.0
3.0

1.0

df['Mean'] = df.iloc[:, df.columns.str.startswith('Q')].mean(axis=1)
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T——

m.

Lesson 7

: Ju pyte I Gradebook Last Checkpoint: 14 minutes ago (unsaved changes)

File Edit
B + x @
In [1]:

In [2]:

Out[2]:

T 3]s

In [4]:

In [5=

In [6]:

In [7]:

Out[7]:

—E : Jupyter Gradebook Last Checkpoint: a few seconds ago (autosaved)
_E File Edit View Insert Cell Kel
i + < @ B 4+ ¥ PR

B In [1]: import pandas as pd

: In [2]: df = pd.read_csv('Gra(
. df.head()

: Out[2]:

] Name Q1 Q2 Q3
I ID

E 2304 Alice A A A
- 4583 Bob F B B

E 3956 Carol F A C
= 9578 David D F C

B In [3]: grade2gpa = { 'A': 4.
; df.iloc[:, df.columns
. In [4]: df['Mean'] = df.ilocl
B In [5]: es = pd.read_csv('Emal
- In [6]: un = df.join(es)

: , v
. In [7]: res = un[["Email", "M¢
. res.head()

. Out[7]:

B Email Mean
H ID

E 2394 alice@uni.eu 4.0
_: 4583 bob@uni.eu 2.0

B 3956 carol@unieu 2.0
. 9578 david@unieu 1.0

View

localhost

Insert Cell

Trusted

Kernel Help

B 44 ¥ PRuin B C MW Code s @

import pandas as pd

df = pd.read_csv('Grades.csv', index_col=0)
df.head()

Name Q1 Q2 Q3

ID

2304 Alice A A A
4583 Bob F B+ B
3956 Carol F A C

9578 David D F C

grade2gpa = { 'A': 4.0, 'B': 3.0, 'C': 2.0, 'D': 1.0, 'F': 0.0 }
df.iloc[:, df.columns.str.startswith('Q')] = df.iloc[:, df.columns.str.startswith('Q')].applymap(grade2gj

df['Mean'] = df.iloc[:, df.columns.str.startswith('Q')].mean(axis=1)

es = pd.read_csv('Emails.csv', index_col=0)

un = df.join(es)

res = un[["Email", "Mean"]]
res.head()

Email Mean

ID
2394 alice@uni.eu 4.0
4583 bob@uni.eu 15

3956 carol@uni.eu 2.0

9578 david@uni.eu 1.0
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Data Expectations Analysis

localhost

f : Jupyter Gradebook Last Checkpoint: a few seconds ago (autosaved) P Logout
{ S
} File Edit View Insert Cell Kernel Help Trusted \ Python3 O
“ B + x & B 4 ¥ PRn B C W Code s @
]
+ In [1]: import pandas as pd
]
! In [2]: df = pd.read_csv('Grades.csv', index_col=0)
‘\ df.head()
| Out[2]:
| Name Q1 Q2 Q3
+ D
} 2304 Alice A A A F
‘\ 4583 Bob F B B [
| 3956 Cardl F A C f
*‘_ 9578 David D F C E
} In [3]: grade2gpa = { 'A': 4.0, 'B': 3.0, 'C': 2.0, 'D': 1.0, 'F': 0.0 } r
df.iloc[:, df.columns.str.startswith('Q')] = df.iloc[:, df.columns.str.startswith('Q')].applymap(grade2gpa.get) r

In [4]: df['Mean'] = df.iloc[:, df.columns.str.startswith('Q')].mean(axis=1) b
T In [5]: es = pd.read_csv('Emails.csv', index_col=0) L
‘ E
| In [6]: un = df.join(es) r
| £ °

In [7]: res = un[["Email”, "Mean"]] I .

res.head() ' °
! Out[7]: £ )
| Email Mean F (]
J D E .
| —_— L °
2304 alice@unieu 4.0 L °
4583 bob@unieu 2.0 ; °

| 3956 carol@uni.eu 20 e
! 9578 david@unieu 1.0 |G

ey
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Data Expectations Analysis

practical tools
targeting specific programs

mathematical models
of the program behavior
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