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Machine Learning (ML) Tools

Platform: Anaconda (https://docs.anaconda.com/anaconda/install/)

Programming Language: Python

Software: Integrated Development Environment (IDE)
Jupyter / Spyder =< J #
JL@I’ < S

Ya
spyder

Library: Pandas (https://pandas.pydata.org/)
Scikit-Learn (https://scikit-learn.org/stable/)

Recommended Lecture®: Prof. Renato Bruni, ‘’Optimization and
Machine Learning for the Imputation of Missing Interconnected Data”

*(strongly suggested before this lecture)


https://docs.anaconda.com/anaconda/install/
https://pandas.pydata.org/
https://scikit-learn.org/stable/
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Directory Structure

original_dataset.xIsx
% Columns_Final_Name.xlsx
ﬁ_smooth_imputation.py \

2_merge_smoothfiles.py

3_donor_imputation.py

> 4 donor_imputation_relaxed.py
5 _smooth_after_donor.py

6_merge_smoothfiles.py

Q_add_ratios_and_trends.py /

N columns_ordered.pkl
columns_ordered_bibliometric.pkl




Python Code Pipeline

1_smooth_imputation.py Trending Smooth

Imputation

,

2_merge_smoothfiles.py

3_donor_imputation.py

4 donor_imputation_relaxed.py Donor & Donor

Relaxed Imputation
5_smooth_after _donor.py

6_merge smoothfiles.py

/_add_ratios_and_trends.py :> Statistical Analysis



Imputation Procedure

In our work we want to reconstruct as much as possible missing
values through the Machine Learning procedures. We
consider 2 different types of missing value: single or small
sequence and almost complete or full sequence. These
different situations are tackled with 2 different methods :
Smooth Imputation or Donor Imputation.

(Impute from the same Institution)
Combination of the weighted average and the linear
regression considering the time series.

. (Impute from the Donor Institution) For each
Institution under imputation, find a similar complete
Institution (Donor) at least for the variable we need,and use
the values of the latter to impute the missing values of the
former.



Smooth Imputation

Main Steps:

1. Data Preparation & Cleaning Part.
2. ETER ID check about Missing Sequence (single, consecutive or full).

3. Extraction of Training and Test Data, computing Linear Regression
Model and Weighted Average.

4. Combination between LR and WA :
v.=(a2/az+1) v;\" + (1/a2+1) v\'®

Coefficient g = 2|m| m = slope of LR model ,

min {V,, } min {V}, } minimum available value
h#i

5. If the result is Negative, really unfeasible, we use the Exponetiation
Operation applied with an exponent in (0,1) to obtain a positive value in
line with the Trend.

6. Add Imputed values in the final Dataset.



Different types of Missing Values

Check Missing Sequence

def checkSequenceMissing{dictionary):

#list of values

lista val = list({dicticonary.values()})

#Index first missing

start_index = lista_wal.index({"m")

#Number of Missing

tot_missing = Counter{dictionary.values{)}}["m"]
#Boolean val for the missing sequence

sequence = "OK"

for 1 in range{tot_missing):

if lista_wal[start_index] != "m":
#Here we detect not g consecutive missing values
sequence = "Not consecutive"®

glse:

start_index += 1

return sequence



Institution Data Extraction

# SMOOTH Function

#Imputed value using Linear regression (ke exploit the implementaiion of Limear Regression model from Scikit-learn)
from sklearn import linear_model

#The yvear are selected according to the doto ovailable. The user can modify the Llist according to the available data.
def imputation missing LR _WA(dataset, wvariable, vear=[2817, 2816, 2815,2814,2813,2812,2811]):

not_consecutive missing = @
tutti_coef = []

# horking considering the ETER ID
for institute in tgdm{sorted(list(set(dataset["ETER ID"]})))}:

print({"Working with this Institute: " + str{institute))

sprint () Select ETER ID

#Extroct a small dotaset about the info of thot ETER ID
a = DataFrame({dataset[dataset["ETER ID"] == institute].copy(})

#Extroct just imfo about the imputed varioble and Reference year
d = DataFrame{a[["Reference year",variable]].copy())

#rictiomary Cregtion {year:value: for instance 2816:31, 2815:28, 2814:m......2911:11}
valorli = dict{d.values.tolist())



Model Preparation

T

#Function transforms missing valoue “m", we need of ab least 2 regl volues To make our prediction
#Check about it and the presence of ot Leost 1 element in the dictionary.
if len{wvalori.keys{)} »= 1 and lend{valori.kevs(}) <=7 and Counter{list{valori.values{i}}["m"] »>=1 and Counter{list{wvalori

print{“we work with: " + stri{institute})
#print{valori)

#theck about the missing typology

if any{i in wvalori.values() for i in replace} == False:
print{“"This Institwe "+ institute + " does not have missing diftferent from m")
seq = checkSequenceMissing{valori)

#Here Institution with missing in diffferent yveors not consecutive
if seq == "Not consecutive™:

#ised in the weighted average
ftattore_peso = 2

T e EE T Type of Missing

=

#orint{valori)

#onseculive Missing

else:
#zed in the weighted average
tattore_peso = 18

#omall datoeselt composed by English Institution Name, Yeor and Imputed Variagble; sorted by the year.
pp = a[["Englizh Institution Mame",“"Reference year",wvariable]]
= pp.sort_values{by=["Reterence year”])

#Linear Regression Part
Test = []
Train = []

#Indexes of the small datafrome

indici = list{pp.index.valuss} °
valori cambiati indici = [] Traln & Test D ata

for i in range{len{pp}}:
#2 iz the column imputed
if pp.ilec[i,2] == "m":
Test.append(1}
valori_ cambiati indici.append(indici[i])}
else:
Train.append({i)




Linear Combination: LR - WA

#Iraining --» ROWS WLTH odta

#Test --» Rows with missing{"m")
#In position 1 there is our X independent varioble (Reference Year).

X _train = pp.iloc[Train,1]
X _test = pp.iloc[Test,1]

y_train = pp.iloc[Train,2]
y_test = pp.iloc[Test,2]

# Cregte Linear regression object
regr = linear_model.LinearRegressicn()
#Make the Reshape, couse X must be

L

a Mo
E Tro = e i b e e
# Train the model Uus1mg the TRoLALng 5

# Make predictions using the testing set

pred = regr.predict{np.array(X_test).reshape{-1,1})

e | = - e
#From an array o L1ST our prediction

pred = [int(elem) for elem in list({pred) ]

Weighted Average

Linear Regression Model

F, o . s
ART accordimg to the Tem

if Test[@] > Trailn[-1]:

numeratore = &
peso = 1
tot_peso = &

for elem im y¥_train:

peso *= fattore_peso
numeratore += pesoc®zlem
tot_peso += peso

#HA Computation

media_pesata = numeratore/tot_peso

elif Test[@] <« Traim[-1]:

numeratore = &
peso = lendy_train}*leaa
tot_peso = &

for elem im y¥_train:

peso = pesoffattore_peso
numeratore += pesoc®slem
tot_peso += peso

FHa Compuiation

media_pesata = int{numeratore/tot_peso)

print{"values from the analysis: LR & WA n")
print{"starting with these wvalues: “n"Y)
print{wvalori}

printy )

print{"Coeff {(sSlope) for LR Model™Y)
print{regr.coef )

print{"Linear Regression Prediction™)
print{pred)

print{"weighted Awverage Prediction™)
print{media_pesata)

printg )



Smooth Value Computation

e meed to normolize the angular coefficient for the growth, going Ffrom I to 1809 is dijfferent
#Frespect to go Ffrom 1888 1o 2008

normalizzatore = mindy_train)
#Here we make a check jfor the infinite valwes, in cose where the min 1s 8

if normalizzatore == @:
normalizzatore = 1

HFur CoefFicient i Limear Combingtion between LR and

Hiome varigbile = :aeff_d

#ALL vorighles except FhD (( a )) COEffiCient

coeff_a = 2% abs{regr.coef_) / normalizzatore

T a3
LE
a3
1L

#PhD Students
#HooefF = 4% abs{regr.coef_ ) /S mormolizzagtore

tutti_ coef.append{coeft_a)

#FroefF = absfregr.:aef;)

print{"Ccur 'coeff _a' is: " + stricoeff_a[al]))

#Limeagr Combinmation beiween Limear Regression{lR) and kWeighted Average{a)

Fomooth = [a~2 F (g2 + 1}Jfka) + [2 5 (a2 + 1J1J(LR)

& if g -->» @ LR will have g coefficient equals to 1, otherwise WA increases its weilght.

fimal_wal_imputed = []

for i in ramgedlendpred)):
ww = pred[i]
if vww < & &
fimal_wal_imputed.append{wwe)
else:
limear_comb = {coeff_a[e]**2/(coeff_a[a]®**2 +1 ))y*media_pesata + (1/{coeff_a[a]*=2 +1 J)*¥pred[i]
final_wal_ imputed.append{linear_comb)

printd)

print{"™value Imputed™}
print{final_wal_imputed)
print{)

printd)

for 1 in rangeflen{valori_camblati_imdici)):
dataset[variable] [valori_cambiati_indici[i]] = rocund{final_wal_imputed[i],2)}



Exponentiation Operation

# &2 Sweeten

Negative Prediction

#ismoothExponent
smoothExponent = 8.6

def changeNegativevalues{prova):
indici negativi = []

for ind, wvw in enumerate(prova):
if vww not in missing _completi and ww <8:
indici negativi.append{ind)

if len{prowa)-1 im indici negatiwi:
for i in rangedlen{indici_negativi}):

#provalindici_megativifi]] = imt{provalindici
proval[indici_mnegativi[i]] = int{proval[indici_m
else:

Emultiple = 1

Sy '_- =

for i in range{len{indici negativi)-1,-1,-1}):

#provalindici _megativi[i]]
pruua[indlcl_negatlvl[l]

— TR
= Lkl

[

I
#multiple += 1

return prova

t{provalindici_negativi[i]+1 J*{SmoothExponent**(multiple)}))
{prnva[1nd1c1 negat1u1[1]+1]'(5rnnthExpcnenth

Avoid Negative Values

o
|

; . -
negativi[i]-1J*{smoothExponemt**{i+1))]

Egﬁtlvl[lj-1]'(5rnnthExpcnent]W

'



Smooth Example - Students

Eter ID: FRO026

Working with this ETER ID Institution: FR@@&26
This Institution does not have missing different from 'm’

Starting Values:

Year - Studets
2017 - 18728
2016 - 'm’
2815 - 'm’
2814 - 17283
2013 - 16888
2012 - 16618
2811 - 16143

Values from the analysis LR and LA
Coeff (Slope) for LR Model: 425.85
Linear Regression Prediction: [17788 , 18285]
Weighted Average Prediction: 16192

Our "coeff _a': @.853
Value Imputed: [2015:17776, 2816:18199]



Smooth Example - Students

Eter ID: S10022

Working with this ETER ID Institution: SIee22
This Institution does not have missing different from 'm'

Starting Values:

Year - Studets
28l - 19
2815 - 24
2814 - 26
2813 - 'm’
2812 - 'm’
2811 - 'm’

Values from the analysis LR and WA

Coeft (Slope) for LR Model: -3.5

Linear Regression Prediction: [37, 33, 3@]
Weighted Average Prediction: 25

Our 'coeff a": ©.3868
Value Imputed: [2811:35, 2812:32, 2913:29]



Donor Imputation

Main Steps:

1. Data Preparation (add Country Similarity) & Cleaning Part.

2. ETER ID check about Missing Sequence (almost complete or full).
3. Creation of the container for all possible Donor Institutions.

4. “Window?” filter on categorical variables and Size, Trend and Ratios.

5. Computation of the Distance Function based on multiple features, with
the extraction of the nearest Donor Institution.

6. Value imputation, if possible with the application of a normalization
method.

7. Add Imputed values in the final Dataset.



Initial set of Donors

e — — R R e

# selection of DoworR Imstitutions

#
HFDONATORT with volid wvolwues in gll variagbles considered.
values good_donor = 5

rEplaCE — [Ilall-.l II}:I'J II}:CI" leﬂl'-’ "r-l':": II{II} IIS"J, I'q__‘ullll]

I °
#Create g dictionmary with all the variables that we can donaote Donor Se ECtlon

donatori_diz_poss = {"completi":[], "non_completi“:[]7}

for i in set{imputation_test["ETER ID"]}:

#The Fla

g "buorno” counts the number of varigbles g donor can donate.
buono = &

for var in variabili_imputazione:

valori = list{imputation_test[imputation_test["ETER ID"] == i][war]}
if any(i in walori for 1 in replace} == False:
#add check for the number of 8 missing wvalues
if counter{valori)["m"] == & and (len{wvalori} == & or len{wvalori)} == 7}:

buono += 1

if buono == len{variabili_ imputaziocne}:

donatori_diz poss["completi"].append{i)
#Specify number of variables to consider an Institution as "gooad"™ Donar in the
if buwono > wvalues_ good donor:

#At Least 5 wvariagbles completed

donatori_diz_poss[“non_completi”].append{i}

#Check to maintoin the number of times an Institution will be selected as Domor
#Choose the typology of Institution that canm be Donor

#donatore_scelto = { An:e Ffor Aan in dongtori_diz p

oss [ “completi™ ]}
donatore_scelto = { nm:@ for nn in donatori_diz_poss[

‘mon_completi™]}
#ror the moment we work with Institutions complete in all the variables.

#donatori_completi = donmatori_diz_possf "completi™]
donatori_completi = donatori_diz_poss["non_completi®]

print{"Total Mumber of Donor selected: " + stri{len{domatori_completil}}}

list "mon_completi™




Applying filters on the initial set of Donors

Categorical Window

#Caotegorical Window Anmalysis

def finestralategorical(dataset, lista_war_categoriche, donatori, imputato):

data_work = dataset[dataset["ETER ID"] == imputato].copy()
diz_finestra = {}

for var in lista war_categoriche:
#iwe take the fFirst value for the categorical feature cause should be the
#same for each yvear.
diz_finestra[var] = list(data_work[var])[e]

s -
#print{diz_finestra)

#"dongtori”™ has to be a List.
data_donatori = dataset[dataset["ETER ID"].isin{donatori’]

for var_controllo in lista_var_categoriche:
data_donatorl = data_donatori[data_donatori[var_centrollo] == diz_finestra[var_controlle]]

donatori_finali = list(set{data_donatori["ETER ID"]})
return donatori_finali

var_categoriche_check = ["Institution Category standardized™,"Country Code"]




Filters on the set of Donors

I - e (] - y o | = - e
#min part Window Filter Anaglysis

diz final_id size = {}
diz_fi

_final_id _trend = {}

Initial Set of Selected Donors

primt(}
print{"Identification of feasible Donors"}
primt()

for univ_imputata in tgdm{diz_eterid _da_imputare):

" . L
+ strfuniv_imputata))

L = oy T AT 1= - 3 g
#print("Working with
iy, W8 - R
Aprint{Len{donatori))

# 1 - Window jor the cotegorical ffilter

donatori_prima_finestra = finestraCategorica{imputation_test, war_categoriche_check, donatori, wuniv_imputata )
#orint{ Llen(dongtori_prima_finestral )

i . e o~ O 5 e . -
# heck about the number of domor Institutions we Find out

if len{donatori_prima_finestra)
#print{"NMo Donor respects t
#print()

LAy f

_ ;
= :

- ; -
he CATEGORTCAL Window™)

#print()

[N

Set of Selected Donors is reduced

#print{"Go on - SIFE Window™)

# 2 - Window for the size fi

I
donatori_seconda_finestra, di

=
_=ize_id_wal = finestrasize{imputation_test, wvariabili_correlazione, donatori_prima_finestr
univ_imputata )

+
=

#print{lenidonotori seconda Ffimestra))
#print(}

diz_final_id_size[umiv_imputata] = diz_size_id wval
#print{diz_size id wal)

#print({}

#Check about the number of donor Insti

5
if len{donatori_seconda_ finestra) == &
#orint"No Donor respects the SIZF hWindow™)



Filters on the set of Donors

# 3 - Window fFor the Trenmd Filter

donatori_terza_finestra, diz_trend_id_wval = finestraTrend{imputation_test, wariabili_correlazione, donatori_seconda_f
univ_imputata )

. e
#print(Len({donotori_terza_finmestra))

diz_fimal_id trend[univ_imputata] = diz_trend_id_wal
#print{diz_trend id wal)
#print()

AT

if len({donatori_terza_finestra) == @:

Reduced Agai

#print{"No Donor respects the TREND Window"} e uce galn
#arimt()
#orimt}

pass

else:

# 4 - Window for the Rotios Filter
#orint{"Go on - RATIOS Window")

donatori_gquarta_finestra = finestrafRatioc{imputation_test, colomne_rapportec, donatori_terza_fimestra,
univ_imputata )

r

I ! ~ £ = 1 T £ iy

s#prunt(Len donatort quartd_funestra))
. = %

Er e F

#RAPLAT

s
Er e F
FRPLAT] )

diz_accoppiamento_imputato_donatori[umiv_imputata] = donatori_guarta_finestra



Distance Function: using Country

# SIMILARITY NATIONS - Add Feature
#This part is useful fFor the computation on the distance to choose a possible Donor
#considering also the fFeature about Geogrophical region

similarity_country = {}

#FALL possible Country Code
country = set(list{starting_data
country = ["NL", "BE", "“LU", "CH
".':ll_“_l "BGI-J IIH%I',IIhIE II,I'

for naz im country:
if naz in ["WL", "BE", "LU",
similarity_country[naz]
elif maz in ["DE", "AT"]:
similarity_country[naz]
elif maz im ["IT", "ES", "GR
similarity_country[naz]
#EST del Nord
elif maz in ["HU", LT
similarity_country[naz]
#EST del sUD
elif maz inm ["AL","B&","HR",
similarity_country[naz]
elif maz in ["mo", "SE™, "DK
similarity_country[naz]
elif maz in ["uUKk", “IE™, "MT
similarity_country[naz]
elif maz in [“FR"]:
similarity_country[naz]
elif nmaz in ["Cv","TR"]:
similarity_country[naz]
else:
#Check for the mation

printi{naz)

I ==
b 3

e
WL

I
Thout 4

set["Country Code"]1))

||ll||LI|--.I ||DE|--.I ||i_;h| |--.I ||IT|-: ||E5|--.

SI"J_I-r'I_F:II-I";SIIJ"?DI-J "r'.IDI-J IISEI-J
||EH|-J||_1"] :

=1

= 2

||ll ||PT||]:

= 3

||ll IIL"‘I.II.I ||PL||-.I ||EE||-.I ||5K|-]:

= 4

IIhIE ":I-SI":I-r'I,I': II‘l "RS”_.. n ;l:ll'] :
s
II‘I "F]:”_I"]:SI-]:
[
1:
7

a

9

= c
S5peciylic région.

"E?",
"DKI-,

“PT": ||HL|||-I| ||CZ||: ||_-|-||-I| ||_,'.I|||-I| ||F|_||: ||EE||*|'5|‘:||*
II:]:“:“:SIIJ. “-..K"J. “:E"J. I'Il_llTII} I-FH."J, I-E.V"}"TR“]

Country Similarity




Distance Funct. : using Size, Trend, ...

def creareveltore Knnlname imputato,

‘Big weclor For all the distances

distanze = | |

missing = “aT, TET. "kKeT, KT,

for nome in licta domatorl:
FerinCf "MMoerkEing width " + mose

lista donatorl,

diz walori_imputatao,

dizr size,

diz_

indice_ donatore =

imputation_Test|imputation_test|

"ETER 1IC

"l

ome | - inedlex| 8 )

distanza_singola wnlv =

L1

Lrend):

o _walori_ imputato:

KNN Vector

War == "S5ira

distanza_singola wniv.apgend(calcoloMaxWVarlazione{diz_csize|noms | )]

Spr-int{ "SIZE"

gpr-int {12 L anrpa

3 (e Lo Lo e fdiz_csize[noms])]

if war == "Trend”™:

distanza_singola wniv.apgend(calcoloMaxVariazione]{diz_ trend| nome] )

'TREND™ )

arinl{calcoloMaxVoriazione{diz_ trend] nomes |
if war == "Hum_WVal_ Sslected’
FThis furmction compulTe the pumber of variaobles the Donor can give o Che

FTres CEtution fmpulted

distanza_singola wnlv.apgpendlcalcaloNuneradissing] nane_imputata,monea} b



Distance Funct.: other variables

if war == "Institution Category standardized"™ =

wvalore donat = ImpulTation test.loc] indice donatore || "TInstitution Category standar-dized”™ |
Seprint (waolar-e dormrl )

Yopr-inC{diz_wvalori imputatof earf )

i walore domnat == diz_walorli impultato] war ] =
dizstanza singaola_ univ.append(&)
elif walore donat in missimg:

Nadistarnza SLmgolooeriv. apperrsd . Mas ) KN N V

distanza_ singola_ univ.append(3) ec O r
[ =

dizstanza singala_ univ.append(3)

if war- == "Institution Category - English™
walore donat = Impuatation_test.loc|| indice donatore |["Institution Category - English™])

Herint (walare  dormrd )

Yoprint{diz_valori_ impotaotaf war

i walore domnat == diz_walorli impultato] war ] =
distanza_ singola uniwv.appendi(&)

elif walore donat im mEissing:
distanza_ singola uniwv.appendi 3 )
ddistansza Simgel o oeriv. apperd o . Nai )

el g
diz=tanza singola univ.append(3)

iFf war == "Distance esducation Iinstitwtion™

wvalore donat = ImpulTation Test.loc] indice donatore || "Distance education institution™ |

gLt vl or-e  dorma )

Yopr-inC{diz_wvalori imputatof earf )

if wvalore donat == diz_walori Imgpuatato]war]:
dizstanza singaola_ univ.append(&)
elif walore donat in missimg:
dizstanza singala_ univ.append(3)
Nodistanza SLimgelo_oerlv. appeed { . a2
el s -
distanza_singola_ univ.appendi 3 )



Donor Example — All Variables

Working with ETER ID DE@256

Possible DOMOR Institutions: S@8

Categorical Filter
Available Categorical Variables
DONOR Institutions selected: 89

Sizre Filter
Available Size Variables: {}
DONOR Institutions selected: 89

Trend Filter
Available Trend Variables: {}
DONOR Institutions selected: 89

Ratio Filter
Available Ratio Variables: {}
DONOR Institutions selected: 89

Working with: DE@256
Possible DOMOR Institutions: 89

Imputed: DE0256 = Donor: DE0245

: {'Institution Category standardized': 2, 'Country Code': 'DE'}

Donors after Filtering

[ DE@337 DES341 DE®211 DEG13% DE@312 DE®315 DE@3cs DEO333 DE@232
DE@316 DEG382 DEB334 DES234 DE23@9 DE@247 DE8271 DEO226 DE&3a87

DE2224 DE®36% DE@372 DE@265 DE@227 DE@248 DE2312 DEG2RS DE2295]

Variables Awvailable for Distance Computation:
{'Institution Category standardized': 2, "Institution Category- English': ‘university of applied sciences’,
"Country Code': 'DE', 'Distance education institution': @, 'Legal status': 1, 'Mum Val Selected': 8}

Best DOMOR available: DEB®245 (Katholische Stiftungsfachhochschule Minchen) , Distance: 2.@



Donor Example — Rescaled Values

Imp.: FI0024 = Donor: FI0021

kWorking with this ETER ID Institution: FIeezd

(After Domor Imputation - No Avallable Institutions)
Start Relaxed Donor Imputaticn

Best DOMNOR avallable: FI2@21, Distance: 6.2

Normalization
Start Normalization

Available variable:{Students_aftersmooth, Graduates aftersmocth}
Selected variable Normalization: Students aftersmocth

FI2824 - Studentsq{year:vValue}
{2816:824, 2815:548, 201£:861, 2813:788, 2812:774, 2011:55%%

FI2821 - Students{year:value}
12816:4228, 2015:4832, 2814:4202, 2913:4242, 2@12:4338, 2811:45177F

FI2@21 - Academic Staff FTE{Year:value}
12816:385.295%, 2015:297.3551, 2814:295.7779, 2013:384.2254, 2812:293, 2811:284.445%

Final Imputaticn for Academic Staff FTE - FIe224 -
12816:63, 2815:52, 2814:64, 2812:57, 2812:52, 2811:41 ImpUtEd Value




Conclusions

Fast imputation of several types of missing values.
Different imputation techniques for short or full sequences.
Really flexible according to the request of the user.
Applicable to every ETER variable.

Could be easily adapted to other educational data, or other
Interconnected data with different origin.

Code avialble in Python, can take advantage of several
libraries for instance Pandas to handle with Excel files and
Scikit-learn with many Machine Learning Tools.




Further Developments

For many incomplete Institutions, we have scarcity of Donors:
missing values are often too much and they are concentrated on
some types of Institutions, so those types are very difficult to
Impute. Possible other sources for data integration ?

Smooth Imputation works initially with a univariate model, and
later Ratios are used to connect the different variables. Maybe a
native multivariate extension is possible ?

If a Donor contains errors, Iits errors are propagated when it is
used for imputation. We plan to study further filtering techniques
for Donors.

Full Parallelization ?



THANK YOU

for your attention!
Any Questions ?



