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Hodnotici kritérium: Zpusob hodnoceni — ndsledujici skdlou 1 aZ 4:

1. Splnéni zadani 1=zaddni spinéno,
2=zaddni spInéno s mensimi vyhradami,
=zaddni splnéno s vétsimi vyhradami,
4=zaddni nesplnéno

Popis kritéria:

Posudte, zda predloZend ZP dostatec¢né a v souladu se zaddnim obsahové vymezuje cile, spravné je formuluje a v dostatecné kvalité naplriuje. V komentafi uvedte body zadani,
které nebyly splnény, posudte zdvaznost, dopady a pfipadné i pfi¢iny jednotlivych nedostatkd. Pokud zadani svou narocnosti vybocuje ze standardl pro dany typ prace nebo
student pfipadné vypracoval ZP nad ramec zadani, popiste, jak se to projevilo na pozadované kvalité splnéni zadani a jakym zptsobem toto ovlivnilo vysledné hodnoceni.

Komentdr:

1. The survey of data mining techniques is done in chapter 5 (pages 15,16).

2. The implemented algorithms only work with accounts, not transactions.

3. The "improvements" meant to reduce false positives _raise_ false positives (from 90 to 370, 144, 116, respectively)
4. The "interpretability" of the models is never mentioned; we never see a single decision rule.

Hodnotici kritérium: Zpusob hodnoceni — bodové hodnoceni 0 aZ 100 bodi
(zndmka A aZ F):

7 v

2. Pisemna ¢ast prace 55 (E)

Popis kritéria:

Zhodnotte pfiméfenost rozsahu pfedlozené ZP vzhledem k obsahu, tj. zda viechny €asti ZP jsou informaéné bohaté a ZP neobsahuje zbyte¢né &asti. Dale posudte, zda predlozend
ZP je po vécné strance v poradku, pfipadné vyskytuji-li se v préci vécné chyby nebo nepfesnosti. Zhodnotte dale logickou strukturu ZP, ndvaznosti jednotlivych kapitol a
pochopitelnost textu pro ¢tenare. Posudte spravnost pouzivani formalnich zapist obsazenych v praci. Posudte typografickou a jazykovou stranku ZP, viz Smérnice dékana ¢.
26/2017, ¢lanek 3. Posudte, zda student vyuzil a spravné citoval relevantni zdroje. Ovéfte, zda jsou vSechny prevzaté prvky fadné odliseny od vlastnich vysledkd, zda nedoslo k
poruseni citaéni etiky a zda jsou bibliografické citace Uplné a v souladu s citaénimi zvyklostmi a normami. Zhodnotte, zda pFevzaty software a jina autorska dila, byly v ZP pouzity v
souladu s licenénimi podminkami.




Komentdr:

Chapter 2 is an intro to the problem of money laundering, but makes a rather poor case for using machine learning:
"Current systems used by financial institutions are mostly based on rules assembled by consultants.

The rules are based on best practices and experience collected from the clients.

Having a fixed set of rules creates a risk of them being exposed and thus easily circumvented."

How exactly is machine learning better at that? In fact, 2.2.1 says

"Other important feature, that system for detecting suspicious transactions should have,

is an ability to provide a reasoning behind its decision. When producing a SAR,

there needs to be an explanation of why the activity is considered suspicious."

When using ML for these detections, the only explanation is "our model said so".

Chapter 3 is a concise intro to machine learning in general and evaluating the trained models.
Section 3.5 (Imbalanced classes) should probably mention that our intended classes
are extremely imbalanced, assuming the vast majority of transactions will be non-fraudulent.

Chapter 4 describes the dataset, obtained by a simulator:

a set of 500000 transactions among 10000 accounts over a period of 150 days.

The text later talks about "activities" and "entities" (meaning transactions and accounts, which is never stated).
The dataset contains zero-amount transactions (?), as well as e.g.

id,step,type,amount,nameOrig,oldbalanceOrg,newbalanceOrig,nameDest,oldbalanceDest,newbalanceDest,isFraud,alertID
0,1,CASH-IN,80.97,143,0.0,0.0,0,0.0,80.97,0,-1
1,1,CASH-0UT,59.29,0,0.0,0.0,185,0.0,59.29,0,-1

- how exactly do CASHIN and CASHOUT differ then?
(We never see any of these in the text.)

Chapter 5 surveys the existing solutions, and risk scoring is chosen as the method

Section 5.2 (Decision tree) describes the baseline model (the rest of page 17 being empty for some reason).
Note that the eventual decision tree is a finite set of yes/no questions; that's exactly

"a fixed set of rules which creates a risk of them being exposed and thus easily circumvented",

avoiding which was the whole premise.

Chapter 7 (Realization) describes first the preprocessing datasets.
According to 7.1, about 1500 records were transactions of zero amounts,
which makes the original simulation suspicious to say the least.

Why are we using a similator that produces zero transactions?

Only here do we learn that we will _not_ be using the given log of transactions:

they are aggregated as global stats by account number (total in, total out, num of transactions, average balance),
and we will only classify accounts, not transactions; unlike the original transaction log, this set of account aggregates
is _not_ available in plain csv form.

The set of accounts is split into a training set and a testing set, but we don't know how exactly.

The distribution of "target variable" in both parts (probably meaning the attribute of being fraudulent)

is stated to be "similar to the distribution in the original dataset", without saying what the distribution is.
Figure 7.1 provides a needless picture, as opposed to simply stating the numbers.

Table 7.1 (the confusion matrix) reports 265 true positives, 2370 true negatives, 90 false positives, and 257 false negatives.
After "improving" the decision tree, we get 370, 144, and 116 false positives, respectively.

We never see the eventual trained decision tree, i.e. the finite set of yes/no splitting questions,
or an example of a single one. The set of questions is _not_ available in plain form.
The overal table 7.6 only lists false positives, not false negatives.

__

Hodnotici kritérium: Zpusob hodnoceni — bodové hodnoceni 0 aZ 100 bodi
(zndmka A aZ F):

3. Nepisemna cast, prilohy 70 (C)

Popis kritéria:

Dle charakteru prace se pripadné vyjadiete k nepisemné ¢asti ZP. Napfiklad: SW dilo — kvalita vytvoreného programu a vhodnost a pfiméfenost technologii, které byly vyuZité od

vyvoje az po nasazeni. HW — funkéni vzorek — pouzité technologie a nastroje, Vyzkumna a experimentdlni prace
— opakovatelnost experiment(

Komentadr:
The main result is a the trained decision tree, in the form of a Python Pickle.
The inputs are hardwired in the code.




Hodnotici kritérium: Zpusob hodnoceni — bodové hodnoceni 0 aZ 100 bodu
(zndmka A aZ F):

4. Hodnoceni vysledka, 55(E)
jejich vyuzitelnost

Popis kritéria:
Dle charakteru prace zhodnotte moZnosti nasazeni vysledki prace v praxi nebo uvedte, zda vysledky ZP rozifuji jiz publikované znamé vysledky nebo pfinasejici zcela nové
poznatky.
Komentdr:
The model misses about 50% of the fraudulent accounts.
I don't think that would be acceptable in a bank.

Hodnotici kritérium: Zpdisob hodnoceni — nehodnoti se

5. Otazky k obhajobé
Popis kritéria:
Uvedte pfipadné dotazy, které by mél student zodpovédét pfi obhajobé ZP pfed komisi (body oddélte odrazkami).
Otdzky:
1. How many of the simulated accounts partake in fraudulent transactions?
2. Why do you only work with accounts as aggregates, not individual transactions?
3a. How large is the trained (baseline) decision tree, i.e. how many splitting questions?
3b. How exactly does the training decide what questions to use? Is there more than one for a given variable?
(How many questions do we have for e.g. the average balance, given that the question is simply an inequality?)
3c. Can you show a walk of an example account through the tree, for each of TP, TN, FP, FN?
3d. If it's not too large, can you show the rules in full?
4. What are the complete confusion tables for all the models? (Table 7.6 only lists FP)?

Hodnotici kritérium: Zplsob hodnoceni — bodové hodnoceni 0 aZ 100 bodi
(zndmka A aZ F):
6. Celkové hodnoceni 55(E)

Popis kritéria:
Shrrite stranky ZP, které nejvice ovlivnily Vase celkové hodnoceni. Celkové hodnoceni nemusi byt aritmetickym prdmérem ¢i jinou hodnotou vypoctenou z hodnoceni v
predchozich jednotlivych kritériich. Obecné plati, ze bezvadné spInéné zadani je hodnoceno klasifikacnim stupném A.

Text hodnoceni:

Given the premise of the thesis, i.e. replacing expert-crafted decisions to reveal financial fraud
with machine learning, | would expect a thorough discusion of how exactly is the trained model
better suited for that, what the deciding questions are (!), with convincing examples.

Instead, we run a non-descript model over random data, with a 50% failure rate.

Changes to the tree, supposed to reduce false positives (one of the main goals),
in fact raise false positives - the text does not discuss that at all, or revise the
"improvements" in any way.

Podpis oponenta prace:



