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SO]UUOI’IS homework lesson 2 Consider the following model: Minimize

Z = 4‘OX1 + SOXZ

subject to
le + 3.7C2 Z30
Xq + x2212
2x1 + Xy < 20
and
X1 ZO
X2 ZO

There are four CPF in red (0,20), Z = 1,000; (7.5,5), Z =
550; (6,6), Z = 540; (0,12), Z = 600. The minimum is in
(6,6), Z =540
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Solutions homework lesson 2

The nut—mix problem

The nut-mix problem of Charnes and Coaper (1953):

A manufacturer wishes to determine an optimal program for mixing three grades
[A. B, D] of nuts consisting of cashews [C], hazels [H]. and peanuts [P] according
to the specifications and prices given in table 1. Hazels may be introduced into the
mixture in any quantity, provided the specifications are met. The amounts of each nut
available each day and their costs are given in table 2. Determine the pounds of each
mixture that should be manufactured each day to maximize the gross return (contribu-
tion margin),

Page 94 Gass, S. 1., & Assad. A. A. (2006). 4n Annotated
Timeline Of Operations Research: An Informal His(o,p-
(1st Corrected ed. 2005. Corr. 2nd printing 2006 edition).
Springer-Verlag New York Inc.
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Solutions homework lesson 2

Table 1
Mixture Specifications Selling price:
¢/pound
A Not less than 50% cashews 50
Not more than 25% peanuts
B Not less than 25% cashews 35
Not more than 50% peanuts
D No specifications 25
Cashew

upf.

https://www.nutsforlife.com.au
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The nut—mix problem

Hazels

Source: https://www.woodlandtrust.org.uk/

Table 2
Inputs ' Capacity: pounds/day | Price: ¢/pound
C 100 65
H 60 35
P 100 25
Total 260




Solutions homework lesson 2

Table 1
Mixture Specifications Selling price:
¢/pound
A Not less than 50% cashews S0
Not more than 25% peanuts
B Not less than 25% cashews 35
Not more than 50% peanuts
D No specifications 25
Table 2
Inputs | Capacity: pounds/day | Price: ¢/pound
’ C 100 65
H 60 35
P 100 25
Total | 260

Hint 1

Reckon in terms of pounds per
day of the three nuts type

Hint 2

C pounds cashew/day

H pounds hazels/day

P pounds peanuts/day
C_A pounds cashew/day in A
C_B pounds cashew/day in B

C_P pounds peanuts/day in D
(nine variables)



Solutions homework lesson 2 My solution

Maximize
7=50(C_A+H_A+P_A)-(65C_A+ 35H_A+ 25P_A)+

Table | 35(C_B+H_B+P_C)-(65C_B+ 35H_B+ 25P_B)+
Mixture Specifications Selling price:
¢/pound Subject to
A Not less than 50% cashews 50
Not more than 25% peanuts C_A+C_B=100
B Not less than 25% cashews 35 H_A+H_B<60
Not more than 50% peanuts P_A+P_B=<100
D No specifications 25

where is D?
Table 2

Inputs | Capacity: pounds/day | Price: ¢/pound
C 100 65
H 60 35
P 100 25 + No point in producing D

Total 260




Solutions homework lesson 2

Table 1
Mixture Specifications Selling price:
¢/pound |
A Not less than 50% cashew;—_’S()
Not more than 25% peanuts
B Not less than 25% cashews ] 35
Not more than 50% peanuts
D No specifications 25
Table 2
l " :
Inputs | Capacity: pounds/day | Price: ¢/pound
c | 100 65
H { 60 35
P 100 25
Total 260

My solution

Maximize
7=50(C_A+H_A+P_A)-(65C_A+ 35H_A+ 25P_A)+
35(C_B+H_B+P_C)-(65C_B+ 35H_B+ 25P_B)+

Subject to -~ how about these %
specifications?

C_A+C_B=<100

H_A+H_B=60

P_A+P_B=<100

C_A C.B
4\ C AT AFDP A 00 CB+OB+P B 020

P_A
C_A+H_A+P_

P_B
C_B+H_B+P_

A =0.25 5 <0.50

+ non-negativity constraints for all C’s, H's and P’s

Solution :

C_A=100, H_A=50, P_A=50
C_B=0, H_B=0, P_B=0
Z=500 cents/day



4.48 A statistical experiment has 10 equally likely outcomes that are denoted by 1,2, 3,4, 5,6, 7, 8, 9,
and 10. Letevent 4 = {3, 4, 6, 9} and event B = {1, 2, 5}.

a. Are events 4 and B mutually exclusive events?

b. Are events 4 and B independent events?

c. What are the complements of events 4 and B, respectively, and their probabilities?

Yes, No, A = {1,2,5,7,8,10}, B = {1,4,6,7,8,9,10}, P(A) = 1—60,13(5) = %

4.70 Find the joint probability of 4 and B for the following.
a. PA) = 40 and P(B|A)= 25
b. P(B) = 65 and P(4|B)= 36

P(ANB) = P(A | B)P(B) = P(B | A)P(A) for Bayes
a) .40%.25=.1
b) .65%.36=.234

4.76 Given that P(4) = 30 and P(4 and B) = .24, find P(B | 4).
P(ANB) = P(B | A)P(A) so P(B | A)=.24/.30=.8
4.99 Suppose that 20% of all adults 1n a small town live alone, and 8% of the adults live alone and have

at least one pet. What 1s the probability that a randomly selected adult from this town has at least one pet
given that this adult lives alone?

P(aloneNpet) = P(pet | alone)P(alone) so P(pet | alone)=8/20=.4



7. List the name of the four main
assumptions of linear programming

Solution:
Proportionality
Divisibility
Additivity
Certainty
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What should we recall from the previous lesson?

We solved this graphically by identifying the feasible region, then
= drawing some possible lines for Z

Z=36=13x + 50 First we need to note that Z grows from bottom up.

Then to note that if we must respect Z = 3x, + 5x, the best point is (xy,x;)=(2,6)
l=20=3.:| + 5x3

Then we just plug (x,.x;)=(2,6) into Z=3x; +5xtoget Z=3+2+5+6 =36

Z=10=73x + 53

0 2 4 O |
Zw 20 = 3y + Sy
Z = 10 = 3x; + Sy
s 10 n
7] SCHOOLOF up] SORGOLOF
upf. -
MANAGEMENT —— “
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What should we recall from the previous lesson? : o
The beauty of linear programming is

in that the solution i1s on the frontier
of the feasible region, and more
specifically 1t will touch one or
more Corner Point Feasible (CPF)

A
A1

&

\‘- e
A ’f‘/‘ N
e, y s
N < 7 %
s
" Vv

2 touches oon COF
—_— - (P

A "hand waiving” explanation:

In two dimensions the corner points generated by the
constraints and the straight line representing the
> objective function touch one another

\

2 touches two CPF'y

This will not be the case in integer
programming where the solution
points will be ‘hidden’ inside the
feasible region

AARCTELONA
SCHOOL OF

MARAGE LN
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What should we recall from the previous lesson?

P(ANF) = P(A and F), Bayes’ formula
P(ANF) = P(A | FH)P(F) = P(F | A)P(A)

Table 4.4 Two-Way Classification of Employee
Responses with Totals

In Favor (A) Against (B) Total

Male (M) 15 45 60 4 4 40

Female (F) 4 36 40 100 40 100 19100
Total 19 81 100

In favour or against higher pay for CEQ’s?

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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One step more: what about P(AUF) = P(A or F) No. it is:

sit P(A) + P(F) = pumie il P(A) + P(F) - P(ANF)
— 9

(40 + 19)/100 . . — (40 + 19 — 4)/100 =

55/100
Why?
Table 4.4 Two-Way Classification of Employee
Responses with Totals
In Favor(A)  Against(B)  Total Otherwise this would have
Male (M) 15 M/ been counted twice
Female (F) 4 36 40

Total 19 81 100

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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A useful summary
Note the notation A’for the
complementary set of 4

(In our Mann stats textbook the
com_plementary set of A is indicated
as A)

Source: https://www.tuitionwithjason.sg/tag/venn-diagram/

BARCELONA
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MANAGEMENT
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Using Excel Solver 2 YouTube

How to instal and open EXCEL SOLVER?

upf.

BARCELONA
SCHOOL OF
MANAGEMENT

In MAC

https://www.youtube.com/watch?v=ge4FMyZEUFO

In Windows
https://www.youtube.com/watch?v=W6tIS4JZ5J0

16



1) Open a white excel sheet; 2) Create a table as this:

: rmrm i) . A compiled version available at
2
3 Doors Windows . . .
~ ol et Bath 5000 500 http://www.andreasaltelli.eu/file/repository/
B Wyndor_Input_raw_data.xlsx
6 Hours Used Per Batch Produced  Hours Used Hint Hours Avaitable - - -
Plant 1 1 0 <= 4
8 Plant 2 Y 2 <= 12 — )
g Plant 3 3 2 < 18 ﬂ AutoSave (._Off) IO - = Wyndor_Input_raw_dataxlsx ~
10
11 Dears Windows Total Profit File Home Insert  Page Layout Formulas Data  Review View Help ACROBAT
12 Batches Produced N —
13 & Cut [calibri Ao A A = == 25 Wrap®
[y . . . =
& Copy B I &vﬁv = = = = == Merge
<¥ Format Painter
Clipboard ] Font ] Alignment
Suggestion: use the same cell D13 v f
numbers throughout, e.g. Profit per 4 L : Z E : £ =
batch in cells C4, D4 >
3 Door Window
4 | Profit per batch 3000 5000
. . 5
We Shall flrSt lntrOduce data (nOW)’ 6 Hours used per batch produced Hours available
then equations/relations 7 [Plant 1 1 0 4
8 |Plant2 0 2 12
9 |Plant3 3 2 18
10
11
12 Door Window
13 Batches produced i
14
15

17



3) Insert the following
Excel formulae

In the cell E7 write: =C7*C12 + D7*D12

In the cell E8 write: =C8*C12 + D8*D12
In the cell E9 write: =C9*C12 + D9*D12

In the cell G12 write: = C4*C12 + D4*D12

Introducing relations

A compiled version available at

http://www.andreasaltelli.eu/file/repository/
Wyndor_Input_relations.xlsx

1 Wyndor Glass Co. Product-Mix Problem
2
3 Doors Windows
q Proft Per Batch 5000
)
6 Hours Used Per Batch Produced  Hours Used Hint Hours Available
7 Plam 1 1Y > 0 <= 4
8 Plant 2 2 Q<= 12
9 Plant 3 2 0 <= 18
10
11 Dears Windows Total Profit
12 Batches Produced 0
13

E7 ~ Fx— =C7*C12+D7*D12

Q) Autesne @ o) B <D - A - D
Fle Home Fsort Page La
] A Ca 2l 1 A & - Al
[[% Copy - =
e I 5 A - = @ Note that C12 and
Clippoard T Algnment D12 are Stlll ethy
I D12
[ They will be filled by
the solver
; 300X ;L‘C'.‘
f DA1Ch producad )
1 cL_z;l 3

18



4) Open the solver In Windows (different versions)

In MAC

1serisel Formato Strumenti Dati

Dimmi

Controllo errori

Traduci

rTTTeTTee——— \Verifica accessiblita

Windows Mastra modificne
3000 000

Jsad Por Batch Produced
1 0 H
0 I Protezione
3 2 = S ETE— az ) g
Ricerca oblattiva. .. .;3# e [t 2. AutoSum = 'y O
Windows Scenarl... ITira- g e
irsert  Delete Foomat s Son&k Fnd & Add s Selven
Controlio - - v & Clear~ Filter v Select ~
Risolutoce... Cells faeing Add-ans Saiver -
Macro
ralo, poi aprilo da strume 3 3 2
Companenti agguntivi di Excel... - y : . . y A o

Parsonalizzazions tastiera,

19



. = o - . — o x
= Commre: (2 commare: | RS

it « A ) oo y
wm oy O [BH %

. . . mam - v O B &
5) In Set objective insert the cell G12 o i e | sas i e |
{ Solver Vi . i Solver v X
=’ Qo= | ol QOW».
(e
To
® Maemize ) Mokngs
2 Nwus Of
1obes (Piek Inpwt rarge) e
nstrants (Add formuda cedls wath Hmess

Viedp L namspie, Upgeades

Next, select the option Maximize

20



6) How? Changing Variable Cells
insert the cells C12:D12

Solver

Qomy. W QOo®»

axta
Rl aoed tha rarkibie s -

Click variables,
then click add

And this
appears

21



7) In Constraints click Add and Insert that cells E7:E9 <= G7:G9 And this

appears

Click constraints, ,[
then click add

v

- AdAEdR Conutemint AddEdr Constrawnt
Lt Hand Side Left Hand Side
Cich and select the calls 30 constrain A and eded Mie CaBls T CONET
e Redation a Retation e
= - «= -
Right Hand Side / Right Hand Swde

A and sedact B gt Mand wds A and sadect M right hand wds
=3

Mesded [Tyre kol Sr o Modet (1

v
E
g
$
E
-

o




8) Select under Engines
Simplex LP

Vv X
Then to solve Stower

click the arrow e =

Objective (Maximize G12 )

Constraints (e7:e9 <= g7:.g%) Variables (C12:D12)

Sklp » Model (Type: Click to Diagnose) Constraints (e7:¢9 <= g7:g9)
— > Engines (Standard LP/Simplex) ‘ Model (Type: Click to Diagnose)
Engine: .
_ .
Standard LP/Simplex v Engines (Standard LP/Simplex) e

[ Automatically Select Engine

Help, Examples, Upgrades
Insert Example

Help, Examples, Upgrades

23



u AutoSave E "5) G’ -

...and see the results in the cells C12:D12 and G12

Wyndaor_Input_relations.xlsx ~

File Home Insert  Page Layout Formulas Data Review View Help ACROBA
fﬁ & cut [ Calibri du A == B
Paste (@ Copy ~ BE I U - v | = = = |e= 3z
M ﬁFormatPainter - - -
Clipboard ] Font Alignment
w22 v o fx
A B T D E F G H
1
2
2 Door Window
4 |Profit per batch 3000 5000
o
6 Hours used per batch produced Hours available
7 |Plant1 1 o 2 4
& |Plant2 1] 2 12 12
9 (Plant3 3 2 18 13
10
1 Door Window Total profit
12 Batches produced 2 8 36000
13
14
15
16

24

The vector X=(x1, x2)
that maximize the profit
is (2 doors, 6 windows)

and the total profit is
36000

Solver Add-in
Solver found a solution. All constraints and o . '

conditions are satisfied.

H E

<
*

Solver
w7 QOE)

Objective (Maximize G12 )

W

Variables (C12:D12)
Constraints (e7:e9 <= g7:g9)
Maodel (Type: Click to Diagnose)

Engines (Standard LP/Simplex) e

Insert Example
Help, Examples, Upgrades

b4

- 1 + 1008
= b -—a—+ 100m




A compiled version available at

http://www.andreasaltelli.eu/file/repository/

Wyndor_Input_SOLVED.xIsx

BARCELONA
upf.| SCHOOL OF
MANAGEMENT

ﬂ AutoSave E:,:' \N

|

Wyndor_lnput_SOLVED(1).xlsx = Saved to

File Home Page Layout  Formulas Data  Review  WView  Hel|
ﬁ & Cut | Calibri oA A === 8
Paste L3 CopY B I U~ e On. = ==&
M <¥ Format Painter N T
Clipboard l= Font T
G12 fx| =ca*c12+Da*D12
A C D E G H
1
2
3 Door Window
4 |Profit per batch 3000 5000

Plant 2

3
]
7 |Plantl
8
8 |Plant3

25

Hours used per batch produced

1 0 2

0 2 12

3 2 18
Door Window

2 ]

Hours available
4
12
18

Total profit
| EEEH:H:I'.l
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In this set of slides:

09 Introduction to uncertainty and sensitivity analysis
10 What is a model?
11 Methods for uncertainty and sensitivity analysis

26
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Introduction to uncertainty and sensitivity

analysis

Sensitivity analysis as performed in linear programming
relies often on local, one— at-a-time (OAT) methods. This
vision can be complemented by vision of SA coming by other
disciplines. From shadow prices to global sensitivity analysis.
Hillier 2014, chapter 7.



upf.

Linear programming and sensitivity analysis

Linear programming viewpoint: testing which
parameter, when changed in 1solation, lead to a change
in the optimal solution

Global SA viewpoints: explore the distribution of the
optimal solution when all uncertain coefficients are
allowed to vary over their plausible range

BARCELONA
SCHOOL OF
MANAGEMENT
28
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3

After discussing the standard one factor at a time approach that Oﬁgifﬁ'iione
1s standard in OR Hiller says Research

“However, the situation is quite different when dealing with the
larger linear programming problems that are typically
encountered in practice. For example, Selected Reference 1 at
the end of the chapter describes what happened when dealing
with the problems in a library of 94 large linear programming
problems (hundreds or thousands of constraints and variables).

p. 265

Selected reference 1 of Hillier is: Ben-Tal, A., L. El Ghaoui, and A. Nemirovski: Robust Optimization,
Princeton University Press, Princeton, NJ, 2009.

upf.
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]

- . Oi;gifﬁ'iions
Hillier, continued: Research
“It was assumed that the parameters could be randomly in
error by as much as 0.01 percent. Even with such tiny errors
throughout the model, the optimal solution was found to be
infeasible in 13 of these problems and badly so for 6 of the
problems”

p. 265

Selected reference 1 of Hillier is: Ben-Tal, A., L. El Ghaoui, and A. Nemirovski: Robust Optimization,
Princeton University Press, Princeton, NJ, 2009.

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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Let us try the standard one—factor—at—a time analysis
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Linear programming: Compute shadow prices

The shadow price for resource i (denoted by y;) measures the marginal value of this
resource, 1.e., the rate at which Z could be increased by increasing the amount of this
resource (b;) being made available

upf.

TABLE 3.1 Data for the Wyndor Glass Co. problem
s |

Plant

Production Time
per Batch, Hours

Product

Production Time
Available per Week, Hours

|
2
3

-
S AN

WO =
NN

4
12
18

Profit per batch

$3,000 $5,000

BARCELONA
SCHOOL OF
MANAGEMENT
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x1 <4
ZXZS].Z

For example
we change this
constraint

/

3x1 + 2x2 < 18



In our classicl example the structural constraint b, for decision variable x, was 2x, <
12; imagine we change 12 into 13 i.e. we are willing to allow one more hour in plant two

X1 <4 X1 <4
2x, < 12 > 2x, <13 Optimize Z = 3x; + 5x,
3x; + 2x, < 18 3x; +2x, <18

TABLE 3.1 Data for the Wyndor Glass Co. problem

Production Time
per Batch, Hours
Product
Production Time
Plant 1 2 Available per Week, Hours
1 1 0 4
2 0 2 12 <«
3 3 2 18
Profit per batch $3,000 $5,000

BARCELONA

upf.| SCHOOL OF

MANAGEMENT
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Optimize Z = 3x; + 5x,

X1 <4

2x2 < 12
3x1 + 2x2 < 18

Find the new intercept
between the old constraint
line 3x;+2x, = 18 and the
new constraint line 2x, = 13

. . 5 13
This 1s =+ =
3 2

With the new constraint Z
becomes 37.5 instead of 36

So the shadow price 1s

y; =375-36=15

BARCELONA
SCHOOL OF
MANAGEMENT

>

X1 < 4
2.'X'2 <13
3x; +2x, <18

New constraint line

12w

Il
-t
re

Old constraint line

34
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TABLE 3.1 Data for the Wyndor Glass Co. problem

-
Production Time
per Batch, Hours

This is neat, but how
many input parameters
does this problem have?

Product

Production Time

Plant 1 2 Available per Week, Hours
1 1 0 -
2 0 2 12 <
3 3 2 18
Profit per batch $3,000 $5,000

Six a;’s, three b;’s, two ¢;’s

=11 inputs

As a manager, I might want to explore more broadly; computing is relatively inexpensive

while error in the production planning can be expensive

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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Also interesting to
explore what should
not happen — what
conditions might
jeopardize the firm

BARCELONA
upf.| SCHOOL OF

MANAGEMENT

"Oh, Honey - our first bankruptcy!”

36
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Dynamic instead of static. Systemic properties. Chase things that gain
from disorder (= covexity), avoid strategies with high probability of
small gains and rare massive losses

An approximate model can be sufficient to detect convexity

Things that Gain from Disorder
Taleb's Convexily vs Concavity
A0
'l . "i | I T I l :' : — “v:__.-"'
Autheor of Tt testsade ) phenomence The Bisck Swan = B e B
Nassim N. Taleb i
Born 1960
-40
g : 1 ¢ ] ]
I (Randammess, Valstity, Snock)
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McNamara’'s fallacy: ‘if it cannot be measured, it is not important’

“The first step is to measure whatever can easily be measured.
This is OK as far as it goes. The second step is to disregard that
which can’t be easily measured or to give it an arbitrary
guantitative value. This is artificial and misleading. The third step
is to presume that what can’t be measured easily really isn’t
important. This is blindness. The fourth step is to say that what
can’t be easily measured really doesn’t exist. This is suicide.”
(after sociologist Daniel Yankelovich, see
https://en.wikipedia.org/wiki/McNamara_fallacy)

Source: www.history.com

As Secretary of Defense (1961-1968), McNamara brought operations research and
statistical control into military planning; the infamous ‘body count idea’; see documentary
“Fog of War” https://www.dailymotion.com/video/xw68h9  (music of Philip Glass)

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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https://www.dailymotion.com/video/xw68h9

McNamara’'s fallacy: ‘if it cannot be measured, it is not important’

See also chapter on the Vietnam War
in Jerry Z. Muller book

Reason for caution using metrics; TYRANNY

E.g. Metrics privilege abstract and < OF I I I
formulaic knowledge against il

practical and tacit knowledge ME'I'RI
(Michael Polanyi) I

v

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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Models

Why this section. Modelling as a craft or an art. Model
versus straight physical laws. Models and their memory.
Models in economics. Maps and the territory.
Underfitting versus overfitting. Uncertainty versus
ignorance.



Models are fragile
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Models are fragile

“..- inferences from mathematical models of phenomena to real physical applications must also
be demonstrated to be approximately correct when the assumptions of the model are only
approximately true” [1]

Pierre Duhem (1861-1916)
and his ‘Principle of

stability’

[1]S. C. Fletcher, ‘The Principle of Stability’, Philosopher’s Imprint, vol. 20, no. 3, 2020, Accessed: Sep. 08, 2024. [Online].

42



“models are most useful when they are PREDICTION
used to challenge existing formulations,
rather than to validate or verify them”

Science, Decision Making,

Naomi Oreskes

and the Future of Nature

Edited by Daniel Sarewitz,
Roger A. Pielke, Ji., and Radford Byerly

N. Oreskes, K. Shrader—Frechette, and K. Belitz, “Verification, Validation, and Confirmation of Numerical Models
in the Earth Sciences,” Science, 263, no. 5147, 1994.

Oreskes, N., 2000, Why predict? Historical perspectives on prediction in Earth Science, in Prediction, Science,
Decision Making and the future of Nature, Sarewitz et al., Eds., Island Press, Washington DC
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“I---1 to be of value in theory testing, the
predictions involved must be capable of
refuting the theory that generated them”

“When a model generates a prediction, of
what precisely is the prediction a test? The

laws? The input data? The
conceptualization?” (N. Oreskes)

44
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Models are fragile
Duhem’s principle of stability [1], and the occurrence of either Butterfly [2] or

Hawkmoth effects [3].

The accumulation of parametric error in a model, the so-called uncertainty

cascade [4], that is the subject of global sensitivity analysis studies.

A

[1] S. C. Fletcher, “The Principle of Stability’, Philosopher’s Imprint, vol. 20, no. 3, 2020, éi“

Accessed: Sep. 08, 2024. [Online].

[2] H. G. Schuster, Deterministic Chaos: An Introduction, 2nd Rev edition. Weinheim: Vch
Pub, 1998.

[3] E. Winsberg, ‘Appendix: Structural Stability and the “Hawkmoth Effect”’, in
Philosophy and Climate Science, Cambridge: Cambridge University Press, 2018, pp. 232-246.
doi: 10.1017/9781108164290.016.

[4] M. Christie, A. Cliffe, P. Dawid, and S. S. Senn, Simplicity, Complexity and Modelling.

Wiley, 2011.
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“I have proposed a form of organised sensitivity analysis that [ call
‘slobal sensitivity analysis’ in which a neighborhood of alternative
assumptions is selected and the corresponding interval of inferences is
1dentified.

Conclusions are judged to be sturdy only if the neighborhood of

assumptions 1s wide enough to be credible and the corresponding
interval of inferences is narrow enough to be useful.”

Edward E. Leamer, 1990, Let's Take the Con Out of
Econometrics, American Economics Review, 73

(March 1983), 31-43.
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“One reason these
methods are rarely
used 1s their
honesty seems
destructive;”

Tantalus on the Road to Asymptopia, Edward E. Leamer, 2010 Journal of
Economic Perspectives, 24, (2), 31-46.
27 years

Edward E. Leamer, 1990, Let's Take the Con Out of
Econometrics, American Economics Review, T3

(March 1983). 31-43,
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Peter Kennedy, A Guide to
Econometrics.
Anticipating criticism by applying
sensitivity analysis. This 1s one of
the ten commandments of applied
econometrics according to Peter
Kennedy:

<<Thou shall confess in the
presence of sensitivity.
Corollary: Thou shall anticipate
criticism >>

48
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F.conometrics



http://books.google.it/books?id=B8I5SP69e4kC&printsec=frontcover&dq=a+guide+to+econometrics&psp=1

Modelling 1s a craft more than a science
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Modelling as a craft rather than as a science for Robert Rosen

LIFE
— ITSELF

A Comprebensive
N F Inquiry into the
Entailment! Entailment q ’D’l Y
Natural Formal Nature, Origin,
system system and Fabrication

N Qg7 i

ROBERT ROSEN

R. Rosen, Life Itself: A Comprehensive Inquiry Into the Nature, Origin, and Fabrication of Life. Columbia University
Press, 1991.

Louie, A.H. 2010. “Robert Rosen’s Anticipatory Systems.” Edited by Riel Miller. Foresight 12 (3): 18—29.
https://doi.org/10.1108/14636681011049848.
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m

N F . ;
Entailment Entailment Robert Rosen
Natural Formal (1934-1998)

system system

What 1s a model ?
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Models have little memory



“I---] The process of constructing and validating [value—at risk| models
1s time consuming and detail oriented; normally even the people who
produced the model will not remember many of the assumptions
incorporated into it, short of redoing their work, which means that the
client cannot simply ask then what went into it.”

Elijah Millgram
Born 1958
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The Great Endarkenment.

Philosophy for an Age of Hyperspecialization
By Eljjah Millgram

Describes a world in which all knowledge and products are the
result of some form of extremely specialized expertise, and in
which expertise 1s itself highly circumscribed, since experts
depend in turn on other experts whose knowledge claims and
styles of argumentation cannot be exported from one discipline
to the next. = “serial hyperspecializers” (p. 26)

Experts thus become “logical aliens” (p. 32)
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Caeteris are never paribus

Ceteris paribus or caeteris paribus (LLatin) = "all other things being
equal" or "other things held constant" or "all else unchanged”
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The case of DSGE, dynamic stochastic
general equilibrium models

Rational expectations of agents
Efficient market hypothesis

Philip Mirowski ,*\

Philip Mirowski, 2013, Never let a serious crisis go wasted, Verso Books.
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The US senate and Queen Elisabeth perplexed:--- = + o
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Philip Mirowski, 2013, Never let a serious crisis go wasted, Verso Books.
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What 1s a model? What is modelling? Operations

Research

IDEAS IN CONTEXT

I A of Mot g

T

Models
Mediators

PERSPECTIVES ON NATURAL
AND SOCIAL SCIENCE

“A mathematical model forms a
bridge to the use of high—-powered
mathematical techniques and
computers to analyze the problem...

The proper criterion for judging the
validity of a model is whether the
model predicts the relative effects
of the alternative courses of action
with sufficient accuracy to permit a
sound decision.” p. 14

EDITED BY

MARY S. MORGAN AND
MARGARET MORRISON

',‘ \
Foster Morrison
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Don't confuse the map with the territory

If you do, sensitivity analysis will not save you
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<<It 1s important, however, to recognize that the
sensitivity of the parameter in the equation is what
1S being determined, not the sensitivity of the
parameter in nature>>

Orrin H. Pilkey

useless ar.i_trhme'ti_c

Wy Eriroarnental Sciontists

LCORT PG D Fitind

Useless Arithmetic: Why Environmental Scientists Can't Predict the Future
by Orrin H. Pilkey and Linda Pilkey-Jarvis, Columbia University Press, 2009.
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<<---If the model is wrong or if it 1S a poor
representation of reality, determining the sensitivity of
an individual parameter in the model 1s a meaningless
pursuit>>

uselessarithmetic

Wy Erlroarotaial SOortitts -

SR PreduT [ FitEnd
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One of the examples discussed concerns the Yucca
Mountain repository for radioactive waste. TSPA model
(for total system performance assessment) for safety
analysis.

TSPA 1s Composed of 286 sub—models.

useless anthmetuc

U. y Ervvlroe varoental $ Sclontist

C"flfrr




Oreio 1 Blieoy & Uda Pileey-Joevis

TSPA (like any other model) relies on
assumptions =2 one 1s the low permeability of
the geological formation =2 long time for the
water to percolate from surface to disposal
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useless-arithmetic

Wy Eiroaroeaial SContes - ts

The confidence of the stakeholders in TSPA was not helped when
evidence was produced which could lead to an upward revision of
4 orders of magnitude of this parameter

(the 36Cl story)
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In the case of TSPA (Yucca mountain) a range of 0.02 to 1
millimetre per year was used for percolation of flux rate.

-2+ SA useless if it is instead ~ 3,000 millimetres per year.




“Scientific mathematical modelling
should involve constant efforts to
falsify the model”

= Organized skepticism (as per CUDOS)

Communalism, Universalism, Disinterestedness, Organized
Skepticism, from sociology of science, Robert K. Merton.
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Beware the size of your model

Mind the conjecture of O’Neil



Model error

Source: Saltelli, A. (2019). Statistical versus mathematical modelling: A short comment.
Nature Communications, 10, 1-3. https://doi.org/10.1038/s41467-019-11865-8

—

Invsdactiouds |
Operations

“In developing the model, a good approach is to begin with a very simple version Research

and then move in evolutionary fashion toward more elaborate models that more
nearly reflect the complexity of the real problem. This process of mode/
enrichment continues only as long as the model remains tractable.” Hillier, p. 14

Model

inadequacy Model error |
error Propagation

error

Model complexity



Simple principles of responsible modelling

69



Mind the assumptions (——

Assess uncertainty and sensitivity

Mind the hubris

Complexity can be the enemy of relevance

Mind the framing

Source: A. Saltelli, G. Bammer, |. Bruno, et al., Five ways to ensure that
models serve society: a manifesto, Nature 582 (2020) 482-484.

Match purpose and context

Mind the consequences

Quantification can backfire,

Mind the unknowns

Acknowledge ignorance
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Mind the assumptions

Assess uncertainty and sensitivity —

--- models require input values for which
there 1s no reliable information...

Source: A. Saltelli, G. Bammer, |. Bruno, et al., Five ways to ensure that
models serve society: a manifesto, Nature 582 (2020) 482-484.
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Models ask as input information which we don’t have -
The case of WEBTAG

LN OECISIDN- MAKIN o
% BEVOND

2 THENUMBERS .

John Kay



WebTAG: Annual Percentage Change in Car Occupancy
(% pa) up to 2036

S _ ~ Weekday _
y 7am- 1l0am- Weekday Weekend | All Week
Purpose 4pm-7pm 7pm-7am
10am  4pm |  Average
~ Work | -0.48 -04 | -0.62 -0.5 -0.44 -0.48 -0.45
Non - Work
(commuting | -0.67 @ -0.65 -0.53 -0.47 -0.59 -0.52 -0.56
and other) |

Source: J. A. Kay, “Knowing when we don’t know,” 2012,
https://www.ifs.org.uk/docs/john_kay_feb2012.pdf
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Mind the assumptions

Assess uncertainty and sensitivity

Mind the hubris

Complexity can be the enemy of relevance

Mind the framing

Source: A. Saltelli, G. Bammer, |. Bruno, et al., Five ways to ensure that
models serve society: a manifesto, Nature 582 (2020) 482-484.

Match purpose and context

sl Mind the consequences

Quantification can backfire,

Mind the unknowns

Acknowledge ignorance
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Mind the consequences

Quantification can backfire.

Back 0 Arnck

WIRED MAGAZINE: 17.03

Recipe for Disaster: The Formula That Killed Wall Street

By Polix Salmon  02.29.00




Pr{T<1,T<1] = §,(@"(E(L), ¢"(E(]

Here's what killed your 401 l ) Dmid X Li's Caassian copuia foicrion s firss pubiished m 2000 Irvestors

X - 4 \ " > et - B whie AR nawre 2 thie mismthAs 2 «M1"
[y ."J."u. 1 as @ quick—ana JAIN| ‘. TAGA—WQAY 10 QTIE55 TI5k. A Thorier version AU V1 [T MG 3 CNer & Wired

Here is what kllled your 40l(k)

[.i’s Gaussian copula function ---

Wassim Micholas Taleb, hedge fund manager and author of The Black Swan, i3 particulatly harsh when it comes to the
copula. "People got very excited about the Gaussian copula because of its mathematical elegance, but the thing never
worked,"” he says. "Co-association between securities 1s not measurable using correlation,” because past history can never
prepate you for that one day when everything goes south. "Anything that relies on correlation is charlatanism "

Felix Salmon, Wired, February 2009 m I m E E

Source: https://www.wired.com/2009/02/wp-quant/
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Mind the assumptions

Assess uncertainty and sensitivity

Mind the hubris

Complexity can be the enemy of relevance

Mind the framing

Source: A. Saltelli, G. Bammer, |. Bruno, et al., Five ways to ensure that
models serve society: a manifesto, Nature 582 (2020) 482-484.

Match purpose and context

Mind the consequences

Quantification can backfire,

s> Mind the unknowns

Acknowledge ignorance
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Mind the unknowns

Acknowledge ignorance

T ) Lo
S

'4{.‘) 0:_—""'“' it o it
v 7

Source: A. Saltelli, G. Bammer, |. Bruno, et al., Five ways to ensure that
models serve society: a manifesto, Nature 582 (2020) 482-484.

From Socrates’s “knowing of not
knowing” to Nicolaus Cusanus’ Docta
[gnorantia, ignorance was a virtue until
Descartes
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BARCELONA
SCHOOL OF

MANAGEMENT

Methods for Uncertainty and sensitivity analysis

Uncertainty analysis versus sensitivity analysis; sensitivity

analysis made simple; Type 1 and type 2 errors. About
‘fishing expeditions’. A trivial Monte Carlo with Excel. Mostly

based on Saltelli, A. et al. (2008) Global sensitivity analysis :
the primer. John Wiley.



A. Saltelli, M, Ratto,

T. Andres, F. Campolorigo,
J. Cariboni, D. Gatellj,

M. Saisana, S. Tarantola

GLOBAL

SENSITIVITY
ANALYSIS

The Primer

WWILEY




Uncertainty analysis:

the study of the
uncertainty in model
output—see also
uncertainty cascade

The cascade of uncertainty

GHG
emissions

Climate
model

Regional
scenario

Adaptation
responses

81

€——— The envelope of uncertainty ———>

Source: https://www.climate-lab-book.ac.uk/2014/cascade-of-uncertainty/



Sensitivity analysis: the study of the relative importance of
different input factors on the model output
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Sensitivity analysis can:

e surprise the analyst,
 uncover technical errors in the model,
* 1dentify critical regions in the space of the inputs,

Source: The Simpson, 20th Television Animation

b aVOId type II errors - (The Walt Disney Company)

BARCELONA

upf.| SCHOOL OF

MANAGEMENT
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Sensitivity analysis can:

e avoid type Il errors ---

Type | Error

You're
pregnant!

BARCELONA
upf.| SCHOOL OF
MANAGEMENT

Type Il Error

You're not |
— pregnant!

-
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Tests are normally set in the negative, the so called null hypothesis (here: you are not pregnant).
Erroneously rejecting a true null hypothesis is a Type one error (the man is indeed not pregnant)

Erroneously accepting a null hypothesis that is instead false is a Type two error

Type | Error Type Il Error
A

%

||

L080|

|

You're \
pregnant! You're not |

pregnant!

_

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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Type one and two have different implications: e.g. null hypothesis= chemical X is not
carcinogenic

If X is not carcinogenic, but I reject the true null hypotheses (Type one error), this is bad
for the firm producing the chemical and for innovation

If X is carcinogenic, but I accept the false null hypotheses (Type two error), this is bad for
consumers/patients

Type one = erroneously rejecting a true null hypothesis

Type two = erroneously accepting a false null hypothesis

BARCELONA
upf.| SCHOOL OF
MANAGEMENT

86



Philosopher Richard Rudner used this example to make the
point that scientists do need to make value judgments

Philosophy of Science

voL. 20 January, 1953 NO. I

THE SCIENTIST QUA SCIENTIST MAKES VALUE JUDGMENTS*

RICHARD RUDNER

R. Rudner, “The Scientist Qua Scientist Makes Value Judgments,” Philosophy of Science, vol. 20. The University of Chicago
Press Philosophy of Science Association, pp. 1-6, 1953. http://www.andreasaltelli.eu/file/repository/00_Rudnerphs53.pdf

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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“How sure we need to be before we accept a hypothesis
will depend on how serious a mistake would be”

Philosophy of Science

voL. 10 January, 1953 No. 1

THE SCIENTIST QUA SCIENTIST MAKES VALUE JUDGMENTS*
RICHARD RUDNER

R. Rudner, “The Scientist Qua Scientist Makes Value Judgments,” Philosophy of Science, vol. 20. The University of Chicago
Press Philosophy of Science Association, pp. 1-6, 1953. http://www.andreasaltelli.eu/file/repository/00_Rudnerphs53.pdf

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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Sensitivity analysis can :

surprise the analyst,

uncover technical errors in the model,

1dentify critical regions in the space of the inputs,
avoid type Il errors

establish priorities for research,

simplify models

falsify models (show that a model is false or irrelevant)
defend against your own model being falsified

upf.

BARCELONA
SCHOOL OF
MANAGEMENT
89



Sensitivity analysis can:

verify whether policy options (or marketing strategies) can be distinguished from
one another given the uncertainties in the system, ---

04

Policy B

” 4
o

Probability

02

0o

2 3 4

BARCELONA ' ! chlicy outc’ome

upf.| SCHOOL OF

MANAGEMENT
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What method would one choose to perform sensitivity analysis?

upf.

BARCELONA
SCHOOL OF
MANAGEMENT

Source: iStock by Getty images
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What method would one choose to perform sensitivity analysis?

Most of the sensitivity analysis found in the literature are local or
otherwise OAT (One factor At a Time)

BARCELONA

upf.| SCHOOL OF

MANAGEMENT
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What method would one choose to perform sensitivity analysis?

Most of the sensitivity analysis found in the literature are local or
otherwise OAT (One factor At a Time)

y = f(le X2, "'xk)

x; Oy

0 .
" 0x; xi=x}

<«—— [ ocal

BARCELONA

upf.| SCHOOL OF

MANAGEMENT
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What method would one choose to perform sensitivity analysis?

Most of the sensitivity analysis found in the literature are local or
otherwise OAT (One factor At a Time)

y = f(x1, X2, .. X))

std(x;) dy | Hybrid
std(y) 0x; xy=x?

l

BARCELONA

upf.| SCHOOL OF

MANAGEMENT
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upf.

std(x;) dy

std(y) 0x; .

BARCELONA
SCHOOL OF
MANAGEMENT

—-0
=X;

Effect on y of perturbing x; around its nominal
value

Effect on y of perturbing x; both ‘normalized’
(divided by their nominal value)

Effect on y of perturbing x; both ‘standardized’
(divided by their standard deviation)
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errors

/i

Resolution levels model structures

uncertainty analysis

Simulation

output sensitivity analysis

feedbacks on input data and model factors J

96
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Bevyond ‘one factor at a time’

An introduction to variance based methods



Input variable x;

Plotting the output as a function of two
different input factors:

The model has been run 1,000 times sampling all uncertain factors; two of
them are shown here, x; (Ieft) and x; (right). The output variable has first

been sorted by increasing x; then by increasing x;.
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4

Input variable X;

o0

Same point

The points are always the same, only sorted differently
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Plotting the output as a function of two
different input factors

Which factor 1s more important?

100



~1,000 blue
points

Divide them
in 20 bins of

~ 50 points

Compute the
bin’'s
average
(pink dots)
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AO—
A9

€Output variable

Each pink point 1s ~ EX
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Taking the variance

of the pink points VX- (EX | (Y‘Xi ))
one obtains a ! !
sensitivity measure
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AO——
ou

€Output variable

104

Which factor
has the highest

VX

(Ex.(v]X,))



V(B (Y]X))
| V(Y)

The partial variance divided by the total

variance 1s the so—called sensitivity index of
the first order
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There are terms which capture
two—-way, three way, -+ interactions
among variables

All these terms are linked by a
formula



Variance decomposition (ANOVA)

V(Y)=

ZV + D Vi 44V

i, j>i



Variance decomposition (ANOVA)

The total variance can be decomposed
into main effects and interaction effects
up to the order k, the dimensionality of
the problem (only for independent
factors)



[f fact interactions terms are
awkward to handle: just the second
order terms for a model with k
factors are as many as k(k=-1)/2 -

(10 factors=45 second order terms)



How about a single ‘importance’ terms for all
effects?



In fact such terms exist and can be
computed easily, without knowledge of
the individual interaction terms



Thus given a 3-factor model (X, X,, X3)

Where the variance decomposition would

read 1 = Sl + Sz 53 512 S13 523

We compute Tl — Sl T 512 T 513 + 5123

Tyl= 5, + 512 + 523 + 5123

I3|= 53 + 513 + 573 + 5723

112
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V, (Ex, (Y]X))
V (Y)

S, =

Known as:

— Pearson’s correlation ratio (Pearson)
— First order effect (Sobol’ & disciples)
- Top marginal variance (Jansen)



Vi (Ex (VX))

Top marginal variance=

= the expected reduction in variance
than would be achieved if factor X1 could
be fixed.

Why?



Because:

Vo, (Ex, (X)) +
+E, (Vi (Y[X,))=V(Y)

One of the exercise in the book: prove this
using V(o )=E(*F-E?(°)



= reduction 1n variance
Because: if X. could be fixed.

Vo (Ex, (Y[X )y
+E, (Vi (Y[X,))=V(Y)

T

What variance would be left (on
average) if X. could be fixed



For additive systems one can
decompose the total variance as a
sum of first order effects

vai (Ex..i (Y‘Xi))zV(Y)



How to get from first order to total order

From

in (EX~i (Y ‘ X )) Main effect of factor X;

replacing X, with X_,

Gives the main effect of V)(~i (EXi (Y ‘X~i ))

non-—JX;



But again:
V, (E, (Y
Ex~i (in (Y




Main effect on non—X;

By (Vs (Y[X)
Vi (E; ([}

-+ all remaining variance must be due to X;
and 1ts interactions; this divided the total
variance gives the total effect T;




How to compute S; and T; ?

If k is the number of factors we need n(2 + k)
simulation where n is the size of a ‘base’ matrix.

What is needed is a design (as in statistical DOE
theory)
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Building a Monte Carlo analysis

X11  X12... X1k e e ‘ -
X21 X22... Xk o ! N -
XN1  XN2 XNkl R e e o D Sy
. : “ e T p
Input matrix: each column is a o w
sample of size N from the - e -
distribution of a factor i i
Each row is a sample trial of ; o ”
size kto generate a value of y e 1 LAl L—dAllh,

Examples of distributions of input factors

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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il / /
Xir ¥ <= B Y11 A2 oo Xk

i / /
X5i X35 ... Kok M, Xo1 Xop oer Xy

/ / /
Anl X2 .-+ Xnk Xnl *n2 o0 Kk
Base matrix M, Base matrix M,

/ / . .
x11 x12 . . xlj . . A]-k

/ / . /
NJ s X9 Agp oo AL sew Agp <«Kof these are needed
/ / o N,
.xnl .xnz /\Hj ./\nk

. . ‘quasi’ because all
Matrix i-M,, for <
atrix quasi-M, fo columns are from M,

factor | but column j from M,
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o / /
Sx B ... Emp 11 X2 oo ik

/ / %
X i 2 cee EaE X X TT
M, = | 21 22 2k M, =| "21 *22 2k
= / ol /
Xnl Xn2 -+ Xnk X1 X2 o Kk
Base matrix M; Base matrix M,
SJ\ /Tj
/ / ) /
x11 .xlz . . .xlj . . xlk
5! 5 o 1 x! k of these are needed
N, =|"2t "2 v 2j e 2k <
/ i L W
Xog Xgg wes Bpf ses X

Matrix quasi-M, for
factor |
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The measures and their ‘settings’
= when to use them

Journal of the American Statistical Association > Enter keywords, authors, DOI, ¢
M | | Volume 97, 2002 - Issue 459
' x Journal homepage
979 Primary Article " .
v On the Relative Importance of Input Factors in
202 Mathematical Models
o Safety Assessment for Nuclear Waste Disposal
§ Andrea Saltelli & Stefano Tarantola

ages 702-709 | Published onling: 31 Dec 201
&6 Download citation https://doi.org/10.1198/0162145023886 18447
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The measures and their ‘settings’
= when to use them

126



Computer Physics

Communications
Volume 145, Issue 2, 15 May 2002, Pages 280-297

Computing the
indices
efficiently

Making best use of model evaluations
to compute sensitivity indices

Andrea Saltelli = @

Higher order Sobol' indices

Art B, Owen &, Josef Dick, Su Chen

Information and Inference: A Journal of the IMA, Volume 3, Issue 1, March 2014, Pages 59-81, https://doi.org/10.1093
/imaiai/iau001
Published: 01 March 2014  Article history v
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Plenty of code available in R, MATLAB, and Phyton

https://cran.r—project.org/web/packages/sensitivitv/sensitivity.pdf

https://cran.rstudio.com/web/packages/sensobol/index.html

https://www.uglab.com/ (in MatLab, by Bruno Sudret and his team)

---but there i1s more, In

SALib https://salib.readthedocs.io/en/latest/ O
R, Phython, Giulia -




Journal of Statistical Software

Information on Mission Information for Authors Style Guide Volumes ~ About =

Home Archives Vol. 102 (2022) lssue b

sensobol: An R Package to Compute Variance-
Based Sensitivity Indices

Arnald Puy (), Samuele Lo Piano (), Andrea Saltelli (), Simon A. Levin
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Advantages with variance based methods:

 graphic interpretation scatterplots
e statistical interpretation (ANOVA)
e expressed plain English
« working with sets
 relation to settings such as

factor fixing and factor prioritization
 give the effective dimension

Chapter 1 and its
exercises

130



-+ but there are other methods that can be used for different
settings, e.g. moment independents methods, Shapley coefficients,

reduced spaces, VARS ---

90 = -'_- :,r
- ’“',* Environmental Modelling & Software -

80} - Volume 24, june 2012, Pages 105-115 '}

| —
b i
gsog , Model emulation and moment-
- %, & s 1l - . e, o = -
2.l Y d; := 3Ex, [si (Xi)] independent sensitivity analysis: An
5 3 : ; . ;
8 ;7 B application to environmental modelling
| & ] v where
H . ‘.‘ 0%, W. Castaings % © S. Tarantoh 1 3
o
g i v Ao ) o— . .
S b ] % si(@i) = [|fy () — fyixi== ()| dy

! | o~ 52)
10+ ‘. y ‘~'Q,.
i aﬁ,..~'
0‘—“ Il A i - ..-'._l-cn--.uu-a-.-—.—
0 o0 002 003 D04 005 006 oor 008

|maxmum dose)'*
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Don't use One factor At a
Time (OAT)

A geometric proof



Environmental Modelling & Software 25 (2010) 1508—1517

Contents lists available at ScienceDirect

Environmental Modelling & Software

F1 SEVIER journal homepage: www.elsevier.com/locate/envsoft

How to avoid a sensitivity analysis

Andrea Saltelli*, Paola Annoni

Joint Research Center, Institute for the Protection and Security of the Citizen, via E.Fermi, 2749, Ispra VA 21027, Italy

133



11

Directions spanned
by OAT methods

Area CerIe
/ area

square =?

~3/4
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OA'T 1n 3 dimensions

-}1
7
'I

. /I Volume sphere /
- volume cube =7

~1/2



http://images.google.it/imgres?imgurl=http://yaroslavvb.com/research/reports/curse-of-dim/pics/sphere.gif&imgrefurl=http://yaroslavvb.blogspot.com/2006/05/curse-of-dimensionality-and-intuition.html&h=287&w=265&sz=11&hl=it&start=3&um=1&tbnid=WwtgUyNpRPBdwM:&tbnh=115&tbnw=106&prev=/images?q%3Dcurse%2Bdimensionality%26um%3D1%26hl%3Dit%26rls%3DGGLD,GGLD:2004-34,GGLD:it%26sa%3DN

OAT in 10 dimensions; Volume

hypersphere / volume ten dlmensmnal
hypercube =7 ~0.0025 :
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volume of n—ball inscrnbed in the unitary hypercube

OA'T in k dimensions

D.El—':'-.;-:----------:--

0ar

L U OO W SURORIYS ST A e, e, U S b
11| SRR T R A Lo, S e e b -

1] SO \ __________ A e, A A SRR S i

2 4 G i 10 12 14 16 18 20
numker of dimensions
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OA’T does not capture interactions

=» The resulting analysis 1s non
conservative



How would you test the scaffolding?

How to shake coupled
ladders

How coupled ladders are
shaken in most of
available literature

FLAW
AVEF\’AG ES
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Quasi random sequences
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k=)
@ Cornell University

arXiv.org > stat > arXiv:1505.02350

Statistics > Applications
[Submitted on 10 May 2015]

Exploring multi-dimensional spaces: a Comparison of Latin Hypercube and Quasi Monte
Carlo Sampling Techniques

Sergei Kucherenko, Daniel Albrecht, Andrea Saltelli

Sobol’ LP-TAU
are used 1n high
frequency trading

Source: https://www.youtube.com/watch?v=z4nCTdQIH
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0.4- sample.method
S 0.3- — LHS
= 02- — QRN
O'O-l I I
100 1000 10000
sample.size

Root mean square error with different designs
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Don't run the model just once

There 1s much to learn by running the model
a few times, especially during model building



[LLubarsky's LLaw of Cybernetic Entomology:
there 1s always one more bug!




Model routinely used to produce point
estimates may becomes non

conservative when the uncertainty is
plugged 1n



Current Models Underestimate Future Irrigated Areas

* How much land will need
to be irrigated by the year

20507 . ) X
 Here the dashed lines 9000 7 1 Projection
represent deterministic 1 Alesrmo ot al. 9005

model predictions from .

different models and

Alexandratos and
Bruinsma 2012

[
|
[
w2 (N | I
dataS.etS. (fro.m FAO & others = 6000 A 1 | ischer ot al. 2007
organizations); = 11 I
e An uncertainty analysis 8 : : : Molden 2007
(grey histogram) reveals [
that the models are non- : : : Rosegrant et al. 2002
conservative: the need 3000 - '
might be much larger 11

Citation: 0 _

oy, AL Lo Pano, 5, & Saltelli, A
(2020). Current models underestianae 1

future Irrigaied srcas, Goophystoud 1

g 1029 G NT380 300 1000 3000
Area irrigated 2050 (Mha)



Don’t sample just parameters and
boundary conditions

Explore thoroughly the space of the
assumptions



One can sample more than just factors:
* modelling assumptions,

* alternative data sets,

* resolution levels,

* scenarios ‘-
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Assumption Alternatives

Number of indicators = all six indicators included or

one-at-time excluded (6 options)

Weighting method = original set of weights,

= factor analysis,

equal weighting,

data envelopment analysis

Aggregation rule additive,

multiplicative,

= Borda multi-criterion




Space of alternatives

Weights Missing data

Aggregation Pillars

Including/ Normalisation
excluding variables

)

60—

50

407

30—

20—

10—
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Country 1

Country 2

Country 3
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NEVER vary all factors of the same amount

Be 1t 5%, 10%, or 20%
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New WHO estimates: Up to 190 000 people could die of
COVID-19 in Africa if not controlled

07 May 2020

Brazzaville — Eighty-three thousand to 190 000 people in Africa could die of COVID-19 and 29 million to 44 million could
get infected in the first year of the pandemic if containment measures fail, a new study by the World Health Organization
(WHO) Regional Office for Africa finds. The research, which is based on prediction modelling, looks at 47 countries in the

Specula.tivoe scenario ig Which ten gg@ N World Health
uncertain mput probabilities are \'L\ ,}’ Organization
increased by an arbitrary 10% — as if resone ornce on Africa

they were truly equally uncertain — with
no theoretical or empirical basis for
such a choice
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In a numerical experiment relating to a real-life
application the range of uncertainty of each input is
crucial input to the analysis, and often the most

expensive to get
_j

Oﬁé'i:';i“tions
Research

“OR teams typically spend a surprisingly large amount of time
gathering relevant data about the problem”, Hillier, p. 12
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Application to ML

Example use SA to ascertain that an algorithm does not
make implicit use of protected attributes

More reading for the Machine

. PROTECTED ATTRIBUTES:
Learning students Age
Vannucci, G., Siciliano, R., & Saltelli, A. (2024). Enhancing glast?:r:l:IyOrigin
Variable Importance in Random Forests: A Novel Application of
Global Sensitivity Analysis (arXiv:2407.14194). arXiv. Race/color
http://arxiv.org/abs/2407.14194. Religion
Sex
Bénesse, C., Gamboa, F,, Loubes, J.-M., & Boissin, T. (2022). (From the US Equal Opportunity

Fairness seen as Global Sensitivity Analysis. Machine
Learning. https://doi.org/lo.1007/310994-022-06202-}/55

Employment Commission)




Sensitivity analysis made easy

e Taylor & Francis Journals Search v Publish v 8 Login

Online

Technometrics »

ﬂ Volume 66, 2024 - Issue 3
: N Jou " wpagle

Submit an article

1.819 B d lsten »

Discrepancy Measures for Global Sensitivity
Analysis

Arnald Puy @8 0, Pamphile T, Roy © & Andrea Saltelli

M) Gt e iqnimion

66 Cite this article https//doi.org/10.1080/0040 1 706. 2024 2304341
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Do we need to compute indices?

Can we do without statistics and calculus using the

a Iy Lo
14 53 a5
AP RN e
A TR Al 4
= 0.5 P By
o X 2

0 T R

0 0.5 0 0.5

scatterplots we have met already?

0.5- ,o.c'.y’ | g
‘ﬁt‘n s L ,: $"..,~
;' I I I I - .l
0 0.5 0 0.5 1
T
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‘Stupid’ scatterplots in the
x;, vy plane, both in [0,1], for different y = f(x;)

9
., .;' .’
gAY L T
= >t
— T T
0 0.5 1
T




Smaller
‘holes’

=less
important important
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Another way to bypass statistics and calculus

W INFORMS
TRANSACTIONS
B ON EDUCATION
d b, J P
/ §
IE BB
: e =
W 'l
D B ]
BEEEY
( y

INFORMS Transactions on Education

Publication details, including instructions for authors and subscription information:
http://pubsonline.informs.org

Monte Carlo Enhancement via Simulation Decomposition:
A “Must-Have” Inclusion for Many Disciplines

Mariia Kozlova, Julian Scott Yeomans

10Y



Colouring the output histogram can
give sensitivity insights -
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.-+ without computing sensitivity indices

RESULTS

Min 100€ Probabiiity of negative NPV 0%

Expected mean 1855¢€ Probability of positive NPV 100 %

: pEand
DISTRIBUTION O F

scl

P 2

sc3

‘]Hi'f scd

J’jﬂja H S¢S

sch

\\\\\\\\\\\\\\
\\\\\\\\\\\\

tight
tight

pessimistic
realistic
optimistic
pessimistic
realistic
optimistic



.-« without computing sensitivity indices

sy — What is done here? We

have two variables /

options:

« Investment= ‘tight’ or
‘loose’

e Price=‘pessimistic’,
‘realistic’ or ‘optimistic’

Combing the 2 levels of
investment with the three
=» The possibility of very low returns (dark levels of price gives 2*3=6
blue) corresponds to loose investment and ‘scenarios’

pessimistic prices
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C1 r E ft :":{{311& 1+2*B1}18},0,3*A 1+5¢B1} TABLE 3.1 Data for the Wyndor Glass Co. problem

Production Time
A B C D E F G per Batch, Hours
1| 1.651002 4.&55432| 23.23-:115_| 34.36541 i .
2 | 1.478468 2.061764 14.74423 _Production Time
Plant 1 2 Available per Week, Hours
3 | 1.674181 4.737859 28.71184
4 | 1703888 4.639651 28.30992 : ! g =
5 | 3.109333 0.87437 13.69985 3 3 2 18
& | 2.315889 1.154514 12.72023 Profit per batch $3,000 $5,000
7 | 1.351515 0.454423 6.326662
8 | 2558368 1.10653 13.20806 [ can search for the solution of our classic
9 | 3432163 543912 0 example generating x; and x, in the feasible
10| 3.905425 1.372251 18.57753 ; p ‘g ) & X1 =2 :
11| 2.530352 0.411757 9.649842 region, finding an approximate solution for Z
12| 2.453387 1.612121 15.42077
rand() returns a number between
t t zero and one
X, = 4+ rand() Z in the feasible region Clipboard - ot
Bl v i fx  =6*RAND()
X, = 6 * rand
2 0 _ A B C D E
1 | 1.?1?929' 2.4453211 17.38289 33.92752
BARCELONA 2 | 2.291004 5.367087 33.70845
up‘f‘ SCHOOL OF b S MY ACCH 4 1 ECAT AC I ETE
MANAGEMENT
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cl

X2
v 10 7 fx o =IF([3*A1+2*B1>18),0,3*A1+45%B1)

A B & D E F G (0, 6)

(=== R = T ¥ RS VO R % ]

[ p—y
=]

—
ra

1.651002 4.555432| 28.23016| 34.36541
1.478468 2.061764 14.74423
1.674181 4.737859 28.71184
1.703888 4.639651 28.30992
3.109333 0.87437 13.69985
2.315889 1.154514 12.72023
1.351515 0.454423 6.326062
2.558368 1.10659 13.20806
3.432164 5.439122 o
3.905425 1.372251 18.57753
2.530352 0411757 9.649842
2.453387 1.612121 1542077

(0, 0) 4,0 v

X, =4 xrand() 7 in the feasible region

upf.

X, = 6 * rand() c1 v i x| =IF((3*A1+27B1>18),0,3*A1+5*B1)

A~ B | C | D E  F

BARCELONA 1 | 1.651002 4.655432| 28.23016| 34.36541
SCHOOL OF
MANAGEMENT
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c1 v i Jx  =IF([3*A1+2*B1-18),0,3*A1+5%B1)

Syntax of IF in Excel

1.651002 4.&55432| 23.230151 34,36541 Return the value of O or
1478468 2.061764 14.74423 3xA1+ 5%B1 for Zdepending

1.674181 4.737859 28.71184

1.703888 4.639651 28.30992 upon Whether 3>!<A1+ 2>!<B1 iS

3.109333  0.87437 13.69985
2,315889 1.154514 12.72023 larger that 18 or not
1.351515 0.454423 6.326662
2558368 1.10659 13.20806
3.432164 5.439122 D E——
3.905425 1.372251 18.57753
2.530352 0.411757 9.649342
2453387 1.612121 15.42077

f t '

X1 =4 xrand() Z in the feasible region

"]

[ —
M_.‘:.LDUJ“-]D\UI-ILW[\J—E

c1 v i Jfx  =IF((3*A1+2*B1>18),0,3*A1+5%B1)

A B C D E F

X, = 6xrand()
1 | 1.631002 4.655432' 28.23016_' 34.36541

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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D1 v 1

A E

C

=MAX(C1:C100)

D K E

1.651002 4.655432
1.478468 2.061764
1.674181 4.737859
1.703888 4.639651
3.109333 0.87437
2.315889 1.154514
1.351515 0.454423
2.553368 1.10659
3.432164 5.439122
3.905425 1.372251
2.530352 0.411757

T

X1 =4 *xrand()

WD 00 = o oLh e W PRI =k

—r b
B

28.23016
14.74423
28.71134
28.30992
13.69385
12.72023
B.3266062
13.20806

0
18.57753
9.649842

T

34.36541!

Z in the feasible region

X, = 6xrand()

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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(0, 6)

0,0) 4.0) x

Find the maximum
over the 100
points tested



C1

w b

A B

L

C

2
=IF{(3*A1+2*B1>18),0,3*A145*B1)
D E F = (0, 6)

(=T R = T T T R TE R ]

i
Ml o=t

1.651002 4.655432

28.23016

1.478468 2.061764
1.674181 4.737859
1.703888 4.639651
3.109333 0.87437
2.315889 1.154514
1.351515 0.454423
2.558368 1.106559
3.432164 5.439122
3.905425 1.372251
2.530352 0.411757
2453387 1.612121

T

X1 =4 *xrand()

14.74423
28.71184
28.30092
13.69985
12.72023
b.3266602
13.20806

0
18.57753
9.649842
15.42077

T

34.36541

(0, O) (4. 0) xl

Z in the feasible region

X, = 6xrand()

upf.

BARCELONA
SCHOOL OF
MANAGEMENT

In this case I find Z=35.9 for x; = 1.9 and x, = 5.9

Not terribly useful in this case but with this
approach one can change the 11 uncertain inputs
simultaneously exploring the uncertain in Z
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4
S -t Sr (AL BIEEL0. )AL "EY)
A s c o £ £ a (), &)

This 1s just for illustration! We

treat genetic algorithms later in

the course, but the literature on

metaheuristic is vast (Chapter
— 14 in Hillier)

10 245087 161121 1542077

t t

xy =4« rand(} Z in the feasible region

i, m (ERU] 1y

in this case [ find Z=35.9 for x;, = 1.9 and x, = 5.9
x; =6+ rand()

Not terribly uséeful in this case but with this

approach one can change the 11 uncertain inputs

woiolwg: simultaneously exploring the uncertain in Z
MANAGE g
BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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169

Back to hypothesis testing and the P—-test

Tests are normally set in the negative, the so-called null hypothesis (here: you are not pregnant).
Erroneously rejecting a true null hypothesis is a Type one error (the man is indeed not pregnant)
Erroneously accepting a null hypothesis that is instead false is a Type two error

Type | Error Type Il Error

You're ' , ' '-—7
pregnant! & . You're not |
.. Ppregnant!
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The P-test saga



Downloaded from http://rsos.royalsocietypublishing.org/ on January 13, 2017

ROYAL SOCIETY  Ap investigati
OOEN SeIENGE  Aninvestigation of the false
discovery rate and the

misinterpretation of
Review a c@k p -values

rsos.royalsocietypublishing.org

Cite this artide: Colquhoun D. 2014 An David Colquhoun

investigation of the false discovery rate and
the misinterpretation of p-values. 8. Soc. open
sci. 1. 140216.
http//dx.doi.org/10.1098/r50s,140216

Department of Neurosclence, Physlology and Pharmacology, University College
London, Gower Street, London WC1 6BT, UK
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P values by way of an example

Two groups, one with a placebo, one with the treatment
Random allocation to groups (+more!)

The ditference 4 between the means of the two groups is
tested (s it different from zero?)

»=0.05 implies that if there were no effect the probability of
observing a value equal to 4 or higher would be 5%
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“At first sight, it might be thought that this procedure
would guarantee that you would make a fool of
yourself only once in every 20 times that you do a
test”

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R. Soc.
Open sci. 1: 140216. http://dx.doi.org/10.1098/1s0s.140216 -,



“The classical p-value does exactly what it says. Butitis a
statement about what would happen if there

were no true effect. That cannot tell you about your long-
term probability of making a fool ot yourselt,

simply because sometimes there really is an effect. In order
to do the calculation, we need to know a few

more things”

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R. Soc. Open sci.
1: 140216. http://dx.doi.org/10.1098 /1s0s.140216
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A classic exercise in screening
You test positive for AIDS (one test only). Time for despair?
Only one 1 in 100,000 has AIDS in your population
The test has a 5% talse positive rate

Already one can say: in a population of say 100,000 one will have
AIDS and 5,000 (5% of 100,000) will test positive

=» Don’t despair (yet)
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Another exercise in screening (Colquhoun 2014)

You test positive for mild cognitive impairment (MCI) (one test only).
Time to retire?

MCI prevalence in the population 1%, i.e. in a sample of 10,000 then 100
have MCI and 9,900 don’t

The test has a 5% false positive rate; of the 9,900 who don’t have MCI
495 test (false) positive and the remaining 9,405 (true) negative

The test does not pick all the 100 MCI but only 80; there will be 20 false
negative. So we see 80+495=575 positive of which only 80 (a 14%) are
true and the remaining 86% false

=» It does not make sense to screen the population for MCI!
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The number 86% = 495/(495+80) is our false discovery rate
sensitivity =0.8
80% detected

(80 true pos tests)
w=to0l—

people
evalence = 0.( have
prevaignce =0l cgnditi - 20% not detected
(20 false neg tests)
tle(i?e(c)lo people specificity =0.95

95% give test neg

999 — =9405 true neg
9900 do L tests

not have
condition

5% pos tests
=495 false positives

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R. Soc.
Open sci. 1: 140216. http://dx.doi.org/10.1098/1rs0s.140216
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The same concept of false discovery rate
applies to the problem of significance test

178



We now consider tests instead of individuals

power=0.8 | 80% test positive

(80 true pos tests)
real effect /

in 10% =
100 tests

20% test negative
P(real) :V (20 false neg tests)

1000 tests

2458 i 95% give negative
‘sig’level =0.05 4 A

/ = 855 true neg tests
no effect

in 90% =
900 tests

\ 5% pos tests

=45 false positives

Colquhoun D. 2014 An investigation of the false discovery rate and the misinterpretation of p-values. R. Soc. Open
sci. 1: 140216. http://dx.doi.org/10.1098 /1s0s.140216
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=> We see 125 hypotheses as true 45 of which atre not;
the false discovery rate is 45/125 = 36%

Significance p=0.05 = false discovery rate of 36%

We now know that p=0.05 did not correspond to a chance
in twenty of being wrong but in one in three

How many numbers did we need to know to reach this
conclusion?
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I Unlikely results

How a small proportion of false positives can prove very misleading

False B True

1. Of hypotheses
interesting
enough to test,
perhaps onein
ten will be true.
Soimagine tests
on 1,000
hypotheses,

100 of which

are true.

Source: The Economist

B False negatives

2. The tests havea
false positive rate
of 5%. That means
they produce 45
false positives (5%
of 900). They have
a power of 0.8, so
they confirm only
80 of the true
hypotheses,
producing 20 false
negatives.

M False positives

3. Not knowing
what is false and
whatis not, the
researcher sees
125 hypotheses as
true, 45 of which
are not.

The negative
results are much
more reliable—but
unlikely to be
published.
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The false discovery rate is
~the dark area divided by
the green+dark one



“20% of the faculty teaching statistics in
psychology, 39% of the professors and
lecturers, and 66% of the students” don't
understand what the P—test 1s about

Gigerenzer, G., 2018, Statistical Rituals: The Replication Delusion and How
We Got There, Advances in Methods and Practices in Psychological
Science, 1-21
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FiveThirtyEight

Politics Sports Science Podcasts Video Interactives

WAR. 7, 2016, AT 10:23 AN Want top have fun? Read Christie Aschwanden’s

Statisticians Found One Thing They piece at FiveThirtyEight

Can Agree On:It'sTime To Stop https://fivethirtyeight.com/features/statisticians—
found-one-thing—-they—-can—agree-on-its—time—
Misusing P-Values

to—stop—misusing-p-values/

By Christie Aschwanden

Filed under Scientific Method

How many statisticians does it take to ensure at least a 50 percent chance of a
disagreement about p—values? According to a tongue—in—cheek assessment by
statistician George Cobb of Mount Holyoke College, the answer is two - or one”
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https://www.mtholyoke.edu/acad/facultyprofiles/george_cobb

An introduction to the multiverse
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Sensitivity auditing : “Sensitivity auditing is a wider
consideration of the effect of all types of uncertainty,
including structural assumptions embedded in the model,
and subjective decisions taken in the framing of the
problem” (European Commission, 2021).

European Commission. November 2021. “Better
Regulation: Guidelines and Toolbox.”

A= https://ec.europa.eu/info/law/law—making -
% process/planning—and-proposing-law/better-
S regulation-why-and-how/better-regulation-
TOOLBOX guidelines—and-toolbox_en
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https://www.nature.com/articles/s41599-023-01704-z#ref-CR24

Normative quality

Multiverse analysis

Physics Ensemble +—<=—

Technical Quality

Exploratory
modelling analysis (EMA)
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ot U_ Futures

144 December 2022 103041

Vindajournal  Pubdadwithus  Track yow rosasech Q) search SPR"IIEER NnTuRE L]_nk Y

v Statistical Methods & Applicatinns » Actkche

Robustification of structural equation
modelling via global sensitivity analysis

Unpacking the modelling process via
sensitivity auditing

Samuele Lo Piano * & 8 Raxn Sheikholesiami ® Amaid Puy ©** Andrea Saten'

D 2022

Statistical Methods & Applications

aw it e subsianlon chechlive »

| Modelling of the

SAUD/MOMP

Alvyvo Laei (), Josep Uimeh jordl ocommon, Machwln tiacoms & Andens Samedl

Risk Analysis

< U_ Environmental Science & Policy

A2, Aprd 2020, Pages 891

Kish Analysis

PERSPECTIVE 3 Open Accens @ ®
Unpacking the modeling process for energy policy making

Impact assessment culture in the European
Union. Time for something new? el Lo Piano @ Math s Lorincz. Arakd Puy. Steve Pys. Andrea Saste. Stefan Thor Sma
P : ] ¢

Andiea Sagen "' 2 B Marts Kuc-Cawnecks “B Samuete Lo Pisno *B3
14 November JO23 hit /1d AUNEANYY 14240
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Stetan Thor Smith V82 Jeroen  van der Sluijs * "= 2023
2023
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Why a sociology of models? TR vavavavavaran

State of exception

 Overinterpreted and underexplored ‘W' l%.

e High epistemic authority Iﬁ‘li ﬂﬁ’ﬂi ‘
+ Purported neutrality and ‘speaking truth to power’ W !W““l
* Opacity : '

«  Asymmetry users/developers - .

« Silos / bridges needed <

v

Source: https://helloartsy.com/

2025 2024
° I..-‘\:: h Franch [ bodieh Wil v ¢

: [L Environmental Modelling & Software

e 1 Aprd 2024 106430

lalmu‘u-nul Weview of Applood Loomembey ©

Models and the common good
204 B s »
Andres Saltel & '
s Malhemahcal models a state of exception
SHoW more v Avadrea Satals @ 0. Arrabd & Mk 04 7
+ Add 10 Mondeley 1:: Share % Cie 2 BOowna stor B oo o ) NGO e TSy R

Pt 1 910 10164 erveaf 20245 1084 » el ngits and contend »
B b Atk e & Gty & Wetvrweres b (it & Moy © Ixwry  w epents & STy
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The multiverse



Global se
anal

The universe of
uncertainty that didn’t
hide: reaching out to
multiverse analysis

i Modelling of the
modelling process

v

Leamer reloaded: a long-neglected suggestion is rediscovered to apply
global sensitivity analysis to a quantification before publishing it

P
- s i - s
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Fishing expeditions and forking paths -




JORGE LUIS BORGES

EL JARDIN - :

DE SENDEROS Tak}ng dlffer.ent

QUE SE BIFURCAN narratives within the
same novel like Ts'ui Pén

Jorge Luis Borges sln
(1899-1986)

The garden of forking paths: Why multiple comparisons can be a problem,
even when there is no “fishing expedition” or “p-hacking” and the research
hypothesis was posited ahead of time*

Andrew Gelman' and Eric Loken?
14 Nov 2013



The garden of forking paths: Why multiple comparisons can be a problem,
even when there is no “fishing expedition” or “p-hacking” and the research
hypothesis was posited ahead of time*

Andrew Gelman' and Eric Loken?
14 Nov 2013

Can global SA help? =

pNAS . : SOCIAL SCIENCES

Observing many researchers using the same data and
hypothesis reveals a hidden universe of uncertainty
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Global se
anal

The universe of
uncertainty that didn’t
hide: reaching out to
multiverse analysis

i Modelling of the
modelling process

v

Leamer reloaded: a long-neglected suggestion is rediscovered to apply
global sensitivity analysis to a quantification before publishing it

P
- s i - s
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Many multi—analyst studies ongoing, e.g.:

“Are soccer players with dark skin tone
more likely to receive red cards from
referees?”, Silberzahn et al. 2018

[ standard
: s.‘?g%rtefec

(14 .
[s there an impact of compulsory

schooling on teenage pregnancy rates?’,

Huntington—Klein et al (2021) Source: BBC https://www.bbc.com/sport/football/68435064

“There are at least twenty multi—analyst experiments brewing”

- some large! 343 authors of Menkveld et al. (2024)”

HUNTINGTON-KLEIN, N., ARENAS, A., BEAM, E., BERTONI, M., BLOEM, J. R., BURLI, P., CHEN, N., GRIECO, P., EKPE, G., PUGATCH, T. et al. (2021). The influence of hidden researcher
decisions in applied

microeconomics. Economic Inquiry 59 944—-960.

MENKVELD, A. J., (2024). Nonstandard Errors. The Journal of Finance 79 2339-2390. https://doi.org/10.1111/jofi.13337.

SILBERZAHN, R., UHLMANN, E. L., MARTIN, D. P., ANSELMI, P., AUST, F., AWTREY, E., BAHNIK, S., BAI, F., BANNARD, C., BONNIER, E. et al. (2018). Many analysts, one data set:
Making transparent how

variations in analytic choices affect results. Advances in Methods and Practices in Psychological ]?ggsnce 1, 337-356.



pNAS RESEARCH ARTICLE SOCIAL SCIENCES of' OPEN

Observing many researchers using the same data and
hypothesis reveals a hidden universe of uncertainty

We take this =———

The question to be answered was the
effect of migration on public attitude
toward social policies

Literature says: negative correlation but Brady and
Finnegan (2014) test 3 hypotheses:

* ethnic and linguistic heterogeneity make class—based
solidarity more difficult

» competition for jobs increases support for social policy
(compensation hypothesis)

* the chauvinism hypothesis, no to policies that benefit
immigrants

Source: Britannica https://www.britannica.com/topic/human-
migration

BRADY, D. and FINNIGAN, R. (2014). Does immigration undermine public support for social policy? American sociological review 79 17-42.

BREZNAU, N., RINKE, E. M., WUTTKE, et al. (2022). Observing many researchers using the same data and hypothesis reveals a hidden universe of uncertainty. Proceedings of the National Academy of
Sciences 119 e2203150119.

ENGZELL, P. (2023). A universe of uncertainty hiding in plain sight. Proceedings of the National Acafggw of Sciences 120 €2218530120.



“Will different

0.50 4 95% Confidence Interval } feSearChel"S [73
INCLUDES POSITIVE teams| converge
0.05% £ERO . Al
' on similar findings
Point Estimates when analyzing the
i OO S same data?

R

Average Marginal Effect (AME)

-0.05% I 4 Weighted % of Distribution ---teams’ results
5151 7\ “ varied greatly,
e | el @j) ranging from large
' ' ' ' ' _ negative to large
’ ~ Wodels Didared bCZME o " positive effects”

“A universe of uncertainty hiding in plain sight" (Engzell, 2023)
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In the original multi—analyst study the
normative (political) orientation of the
analysts was found not to explain the
variance

The modelling variables were found to
explain at most a few percent of the
variance of the results -+ where does the
variance come from?
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k, Variable Description

| age Inclusion or non-inclusion of the covariates age and square age of participants

2 all -~ ethnic Inclusion or non-inclusion of a covariate that takes into account all ethnic categories

3 bootstrap Inclusion or non-inclusion of the bootstrap procedure

4  cont - europe  Inclusion or non-inclusion of continental Europe countries in the analysis

5 continent Inclusion or non-inclusion of different continents in the analysis

6  education Inclusion or non-inclusion of the covariates level of education

7 female Inclusion or non-inclusion of the covariates gender as self-reported by respondents in the survey
8 GINI Inclusion or non-inclusion of the covariates related to the Gini indexes

9  income Inclusion or non-inclusion of the covariate related to the income

10 pop - wh Inclusion or non-inclusion of the covariate related to the information about country-specific numerosity of population
11 rich —« dems Inclusion or non-inclusion of rich democracies in the analysis

12 SE Inclusion or non-inclusion of clustered standard error

13 socr — oeed Inclusion or non-inclusion of the covariate related to social expenditure

14 X1 Inclusion or non-inclusion of the covariates related to the migration indexes

15 Y Choice of policy dependent variable

Table 1. Descriptions of variables included in the analysis.

We simulate different paths using triggers
then we do a global sensitivity analysis

https://www.istockphoto.com/
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AME

negative includes zero —— positive

~ 0.50 95% Confidence Interval |
uSJ NEGATIVE INCLUDES POSITIVE
=z
~ ZERO
0.05

S
E Point Estimates

-1 73 0.00 R
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250 500 750 1000 1250
. . . Models Ordered by AME
0 50 100

Models Ordered by AME

Sobol' index

(=]

Sobolindices [ & [ ™ Uncertainty analysis reproduces the
results of the multi—analyst
experiment

Our sensitivity analysis explains where
the missing variance went: interactions
J— = o= = — &= o= == <

<

T T T T T T T T T T T T T T T
age bootstrap continent female income rich_dems socx_pecd A
al_ethmic cont_surope education GIMI pop_whb SE x1
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In the classroom

Compute the chance of having exactly b heads throwing a coin 8 times.

The following table gives a two—way classification of all basketball players at a state
university who began their college careers between 2001 and 2005, based on gender
and whether or not they graduated. If one of these players is selected at random, find

the following probabilities:

P(female),

P(male), Graduated Did Not Graduate
P(graduated),

P(non graduated), Male 126 55
P(female and graduated)

=P(femaleN)graduated Female 133 32

P(male and did not graduate)

=P(male N did not graduate)

P(graduated and did not graduate) = P(graduated N did not graduate)
P(female or did not graduate) = P(female U did not graduate)
P(graduated or male) = P(graduated U male).

BARCELONA
upf.| SCHOOL OF
MANAGEMENT
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3.

upf.

In the classroom
A certain state’s auto license plates have three letters of the alphabet followed by a
three—digit number.
a. How many different license plates are possible if all three—letter sequences (letter
can be repeated, English alphabet=26 letters) are permitted and any number from
000 to 999 i1s allowed?
b. If a witness of a hit—and-run accident says that the first letter on the license plate
of the offender’s car was a B, that the second letter was an O or a Q, and that the
last number was a 5, how many of this state’s license plates fit this description?

BARCELONA
SCHOOL OF
MANAGEMENT
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upf.

In the classroom

4. Show graphically that this is true

BARCELONA
SCHOOL OF
MANAGEMENT
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In the classroom
Disease A affects one person in 100,000 in a given population and a test has a rate of
false positive of 5%. If B denotes the event of having the test positive and using the
formula of Bayes P(A | B)P(B)=P(B | A)P(A) which is the probability of a person having
the disease if she tests positive? Assume P(B | A)=1, meaning that there are no false
negative: all people with disease A test positive.

BARCELONA

.| SCHOOL OF

MANAGEMENT
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In the classroom
For each of the following constraints, draw a separate graph to show the nonnegative
solutions that satisfy this constraint.

x1+3x2S6
4x1+3x2S12
4x1-l—x2S8

Now combine these constraints into a single graph to show the feasible region for the
entire set of functional constraints plus nonnegativity constraints.

BARCELONA

.| SCHOOL OF

MANAGEMENT
206
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3. Which of the following constraints
are not linear

a) 9x; + 3x,x3 < 6
b) 4x; +2x3= 9
c) x;+3x, <6

d) 54/x7 +3x, +2x3 < 25
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BARCELONA
SCHOOL OF
MANAGEMENT

Thank you
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www.andreasaltelli.eu
https://orcid.org/0000-0003-4222-6975
@AndreaSaltelli@mstdn.social
https://www.youtube.com/channel/UCz267K04xchekUy4GevA3DA



http://www.andreasaltelli.eu/
https://mstdn.social/@AndreaSaltelli
https://www.youtube.com/channel/UCz26ZK04xchekUy4GevA3DA
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