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Configuration Manual

Mubeen Ali Mohammed
X18180370

1 Introduction

This manual lists all the Software , Hardware requirements and the underlying code used
to implement the research project titled

” Alzheimer Disease Detection and Prognosis from Clinical Data using Ma-
chine Learning Techniques”

2 System Configuration

2.1 Hardware

RAM : 8GB minimum( 25.51GB GPU , TPU available on Google Colab Pro)
GPU : T4 and P100

System OS : Windows 10

Hard Disk Storage : 100GB (Google Drive Storage)

2.2 Software

Software Computing Tools Used : Python 3 Jupyter Notebook (Google Colab), Overleaf,
Microsoft Excel, Tableau

Browser Engine : Google Chrome/ Firefox

Email : Gmail login to access Colab Pro.

3 Project Development

As mentioned we perform major steps in Design process Stagell: Data Collection Stage
2: Data Pre-Processing Stage 3: Building Regression and Classification models Stage 4:
Evaluation of Models
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Figure 1: Alzheimer Disease Detection - Design Flow

3.1 Data Collection

The dataset name is TADPOLE which is downloadable from ADNI website as shown
below we have to apply for ADNI database access after we can download Alzheimer’s
TADPOLE data using the link [[] which looks like this

'https://ida.loni.usc.edu/login.jsp?project=ADNI#

514
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Regression Metric
RZ, RMSE

(Classification Metric|

Accuracy, Precision,
Recall, AUC Scores
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Visualisation

Seaborn
matpl tlib

+ableau



https://ida.loni.usc.edu/login.jsp?project=ADNI##
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Figure 2: ADNI Login with credentials

Code Text

ﬁ from google.colab import drive
drive.mount( " /content/drive")

URL in & browser: https://accounts.google.comfo/oauth2/auth?client i

a0 to this

Enter your authorization code:

Figure 3: Mounting Google Drive in Colab

Click on URL and input authorisation code to mount drive and use Input data files

in drive
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Figure 4: LONI Databases list

Shows all repository access , we need to select ADNI database and click on ”Go”
option
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Figure 5: Selection of TADPOLE Challenge data

It shows under Download/ test data, we need to click on Tadpole data and load in
Google Drive



o import numpy

import
import
import
import
import

from
from
from
from

from
from
from
from
from
from

sklearn

sklearn.
sklearn.
sklearn.

sklearn
sklearn

as np

sklearn

pandas as pd

xgboost as xgb

seaborn as sns
matplotlib.pyplot as plt

import ensemble,tree,linear_model
metrics import r2_score, mean_squared_error
preprocessing import OneHotEncoder,MinMaxScaler, StandardScaler
ensemble import (RandomForestClassifier, AdaBoostClassifier,
GradientBoostingClassifier, ExtraTreesClassifier,GradientBoostingRegressor)

.neighbors import KNeighborsClassifier
.svm import SVC

sklearn.
sklearn.
sklearn.
sklearn.

linear_model import LogisticRegression

metrics import roc_curve, auc, accuracy_score

utils import shuffle

model_selection import train_test_split,cross_val_score

import tensorflow as tf

import warnings

import plotly.offline as py
import plotly.graph_objs as go
import plotly.tools as tls

py.init_noteboock_mode(connected=True)
%reload_ext autoreload

%autoreload 2

¥matplotlib inline
warnings.filterwarnings( ignore’)

pd.options.display.max_columns=99

Figure 6: List of Important libraries imported

sklearn is the most important Machine learning and deep learning library along with
visualisation libraries seaborn, matplotlib are used



~ Data Cleaning by dropping constant value coloumns

#0ropping coloumns with mostly unigue constant values
# format date, drop constant columns + null PTID rows
def Input_prep(data):

data[ 'EMAMDATE'] = pd.to_datetime(data(’EXAMDATE'], errorss‘coerce’)
data[ "EXAMDATE_bl"] = pd.te_datetime{data[ ' EXAMDATE_b1'])

# We will remove all columns where we have a unigue value {constants)

# It is wseful because this columns don't give ws none information
discovering_consts = [col for col in data.coluens if datafcel).nuniguel) == 1]
# printing the total of cclumns dropped
print(lenfdiscovering_censts), “columns are dropped *)

# Get the shape of the processed dataset

data = data.drop(discovering consts,axisa=1})

primt("After dropping constants, the shape of the data set is:",data.shape)
data=data.dropnalsubsets[ 'PTID_Key"])

primt("afier dropping missing PTID_Key, the shape of the dataset is: °, data.shape)
return data

= Dropping Coloumns with null values more than 60% threshold

[1]

[1]

= DI‘IIIFI BOosT null culmns, threshald in X
def drop_maj{data, threshold):

total - data.isnull().sum().sort_values{ascending = False) & getting the sum of null values and ardering
percent = (data.isnull{}.sum({} / data.isnull(}.coumt{) * 188 }.sort_values(ascending = False) #getting the
df = pd.concat([total, percent], axis-1, keys=['Total", 'Percent®]) # Concatemating the total and percemt
nost_mame [idx for Ldx in dF[~(df["Total'] == @)}].index if df[~(df["Total'] == @)}].loc[idx,’'Percent” ]athre
primt(“Thers ars =, len{most_nan),”columns with =,threshold, "% missing values®)

data = data.drop(most_nan,axise1)

primt("4fter dropping most null columns, the shape of the dataset is: ", data.shape)

return data

Input_Data=Input_prep(Input_Data)
Input_Data = drop_maj(Input_Data,sa)

i8¢ columns are droppsd

After dropping constants, the shape of the data set is: (8717, 1728)

After dropping missing PTID Key, the shape of the dataset is: (8716, 1728)
There are 1818 column: with &8 % missing values

After dropping most null columns, the shape of the dataset is: (EF1S, 716}

Figure 7: Dropping redundant coloumns



+ Code  + Teu

[ ] # Get x,¥ for training data
data_conm = ['ADAS1Z", "Vemtricles_Morm® , "MMSE" ]
data_cat=["'n_Diag", "MCI_Diag', 'AD_Diag"]
train_final=prep_for_models{Input_pata,train_proc)
¥_train=train_final.drop{data_con,axis=1).drop(data_cat,axis=1)
y_train_adasil=train_final['aDasi3”]
y_train_ventricles=train_final['ventricles_Morm']
y_train_mmse=train_final[ "MMSE']
# Diagnosis
y_train_diag = train_final[['CH_Diag", "MCI_Diag',"'AD_Diag']]
y_train_diag['CM_Diag"] = y_train_diag[“CN_Diag'].astype( int'}
y_train_diag['mCI_Diag"] = y_train_diag["WCI_Diag'].astype('inmt'}
y_train_diag['aD_Ding"] = y_trein_diag[Ap_piag'l.astype{"int')
# Encode one-hot encoding back to label encoding (8: CN_Diag, 1: MCI_Disg, 2: AD Diag)
y_train_diag['Disg"] = np.argmax(y_train_diag[['CH_Disg", "MCI_Diag',"AD_Diag']].values,axis=1)
y_train_diagl = y_train_diag['Diag"]
y_train_diag? = y_train_diag[['CN_Diag®,"MCI_Diag',"AD_Diag']]

[ After merging input and output, the shape of the data is: (6716, 288)
Adding the month iaterval, the shape of the data is: (6716, 2E9)
Removing FTID_Key and Date columns, the shape of the data is: (8718, 285)

o # Get x,y for validation data
data_com = [‘ADAS13", "Ventricles_Morm® , "MMSE "]
data_cats[ ' _Diag", "McI_pDiag', 'AD_Diag"]
val_final-prep for_models{Input_Data,wal_proc)
¥_valsyal final.drop(data_con,axiss1).drop{data_cat,axis=1)
y_val_adasl3=val_final[‘ADas13']
y_val_wentriclessval_fimal[ ‘wentricles_Worm']
y_val_mmse=val_fimal[ “MMSE"]
# Diagnosis
y_val_diag = val_fimal[[ " _Diag’, 'MCI_Diag','aD _Diag']]
y_val_diag['cu_Diag"] = y_wal_diag['cu_Diag'].astype('int")
y_val_diag'Mm{I_Diag"] = y_val_diag[ "WCI_Diag').astype( int")
y_val_diag['AD Diag*] = y_wal_diag['AD_Diag'].astype('int’)
# Encode one-hot encoding back to label encoding {@: CN_Diag, 1: MCI_Ddag, 2: AD_Diag)
y_val_diag['Diag'] = np.argmac({y_val_diag[['cH_Diag", 'MCI_Diag',"AD_Diag"]].valwes,axis=1}
y_val _diagl = y_wal_diag| ‘'Diag']
y_val _diag2 = y_wal_diag(['Cw_Diag®,"MCI_Diag’, 'aD_Ddag"]]

[+ after merging input and output, the shape of the data is: (2238, 288)
Adding the month interwval, the shape of the data is: (2238, Z89)
Removing PTID_Key and Date columns, the shape of the data is: (2238, 286}

Figure 8: creating train and validation data split for ML



3.2 Machine Learning Models

 Elastic Net Regressor

[ 1 # Elastic met
def eNet{x_train,yv_train,x_val,y_wal}:
ENSTest = linear_model.ElastichetCv{alphas=[ ],11_ratic=[.®1, .1, .5, .3, .3%], max_iter=5888
trein_test(EnsTest, x_train,x_wal,y train,y_wval}

# average RZ score and stendoard devistion of 5-fold cross-validation
scores = cross_val_score{EMsTest, x_train, y_train, cw=5)
prinmt{'accuracy: X8.2f (+/- E8.2¢)" X (scores.mean(), scores.std(}*z2))

[ 1 print{"ADA513")
enet (x_train,y_train_sdasi3,x vel,y_val_sdssid)
pr int [ “ventric ].ES_HI:HI ':I
enet(x_train,y_train_ventricles,x_val,y_wval_wventricles)
print{"sMsE")
emet(x_traln,y train_mnse,x val,y val sase)

[+ AD4s13

ElacticMatcv(alphac=[S.0881, 0. 8005, 9.001, &.61, 6.1, 1, 18], copy ¥=-Trua,
Cw=Mone, eps=8.e@1, fit_intercept=True,
11 ratige[@.21, 8.1, 8.5, 8.9, 8.9%], max_liter-Sesd, n_alphas-1@a,
f_jobi-mone, nornalize-False, positive-ralie, precompute="auta’,
ramndom_state=None, selection="cyclic', tol=@.8681, verbose=d)

R2: B.7637561972169721

RMSE: 4.761452357771426

Test

RZ: ®.127I5824224593132

RMSE: 7.762828@55598533

ACCUrBCY: B.58 (+/- ©.22)

wentricles_Morm

ElastichetCw{alphas=[@.8081, ©.8885, &.991, &.01, #.1, 1, 18], copy X=True,
cw=MNone, eps=8.881, fit_intercept=True,
11 ratice[@.81, 8.1, 8.5, 8.9, @.99], max_iter-5808, n_alphas=1d@,
n_jobs=mone, normalize=False, positive-ralse, precompute="auto’,
random_statesNone, selections‘cyclic’, Tol=8.80881, verbose=a)

R2: 2.92582855T03 M5 ll

RMSE: B.882638125551292867

Test

R2: B.8323787155%680148

RAMSE: 2.00473195995055887

AcCuracy: .38 (+/- 8.87)

MMEE

ElasticnetCvialphas=[0.2081, ©.9885, @.891, @.81, &.1, 1, 18], copy_x=True,
Cw=Mone, eps=8.881, fit_intercept=True,

Figure 9: Elastic Net regressor to predict MMSE, Ventricles Norm, ADAS13



Gradient Boosting for regression

[ 1 # Gradient Boosting
def geoost{x_train,y_traln,x_val,y_val}:
GE&st = ensemble.GradientBoostingregressor{n_sstinators=3228,learning rate-2.05,max_depth=3,max_features="sqrt",
min_samples_leaft=15,min_samples_split=12,loss="huber').Fit(x_train,y_t
train_test{eBast,x_train,x_train,y_train,y_train)
# Average A2 score and stendard deviation of S5-fold cross-validation

scores = cross_val_score(cBest, x_traln, y_traln, cws=S)
prinmt(‘accuracy: X8.2f (+/- X0.2f)" X (scores.m2an(), scores.std(}*2))

x_train. head()

[ 1 print{~aDAs13")
gBoost{x_train,y_train_adasi3,x_val,y_val_adasli)
print("ventricles_Nora®)
gBocostix_train,y_train_vemtricles,x val,y_wval_wventricles)
print{=MMse")
gBcost{x_train,y_train_nnse,x_val,y_val_mnse)

O+ ADpasi3

GradientBoostingRegressor(alpha-8.%, ccp_alpha=8.8, criterion=‘friedman_pse®,
init=none, learning rate-e.e5, loss="huber’',
max_deptha3, max_features='sgrt®, nax_leaf_nodes=None,
min_impurity_decrease=8.8, min_impurity_split=Nons,
min_samples_leaf=15, min_samples_split=1e,
min_weight_fraction_leaf«8.8, n_estimatorse-380a,
n_iter_no_change=None, presort="deprecated’,
random_state=Mone, subsample«1.8, toled.eedl,
validetion_fraction=0.1, verbose=e, warm_start=False)

R2: 8.9179328741282223

AMSE: 3.11428423654£19143

Test

R2: @.9178328741302233

AMSE: 3.11425426546121=3

ACCUracy: B8.58 (+/- 8.89)

ventricles_norm

GradientBoostingRegressor(alpha=0.%, ccp_alpha=8.8, criterion="friedman_nse®,
inilt=hone, learning rates@.@5, loss="huber',
max_depth=3, max_features='sqrt”, max_leaf_nodes=Mone,
min_impurity decrease«@.8; min_impurity splitehone;
min_semples_leaf=15, min_semples_split-=18,
min_weight_fraction_leaf-8.8, n_estimators=31884,
n_Eter_no_change=None, presort="deprecated’,
randrm state=Mnne. subhcamnlee1 /. tnlef AEa1.

Figure 10: Gradient Boosting Regressor model building process



+ Code <+ Text

ﬂ def NH{x_train,y traim,x_wval,y val}:
# Convert y_train shape to ¥l
y_train = y_train.values,.reshape(-1,1)
y_val = v_val.values.reshapel-1,1)

n_input = ¥_train.shape[1]
f_hiddenl = 128

n_hidden? = 512

n_hidden3 = 1824

n_output = 1

learning_rate = 2.@81
epochs = 288

batch_size = 25
REGULARTZATION_RATE = .82l

X = tf.compat.vil.placeholder(tf.floataz, [Mone,n_input])
y_gt = tf.compat.vi.placenolder(tf.float3a, [None,n_output])

initializer = tf.comtrib.layers.variance_scaling_initializer(factor=2.8, mode='FaN_II
Wi = tf.variable(initializer([n_input,n_hiddenl]})

bi = tf.variable(tf.constant(@.1,shape=[n_hiddeni])}

Hi = tf.nn.reluftf.matmul(d,Wl)+bl)

W2 = tf.variable(initializer([n_hiddenl,n_hidden2]}}
b2 = tf.variable(tf.constant{@.1,shape=[{n_hidden2]}})
H} = tf.nn.relu(tf.natmul (Hi, W2 )e02)

W3 = tf.variable(initializer({[n_hidden2,n_hiddenz]}}
b2 = tf.variable(tf.constant{g.1,shapes[n_hiddenz2]}}
H3 = tf.nn.relultf.matmuliH2, 2 )+b3)

W_out = tf.variable(initializer([n_hiddend,n_output]))
b_out = tf.variable(tf.constant(9.1,shapes=[n_output]))
y_pred = tF. matmul (H3 W_out )=b_out

tr_lossesa[]

te_lossesa[]

lpss = tf.reduce_mean{tf.losses.mean_squared_error(labels=y_gt, predicticns=y_pred})
optimizer = tf.train.AdamOptimdzer(learning_rate)}

train_step = optimizer.minimize(loss)

sess = tf.InteractiveSession()
tf.global_wvariables_initializer().run()

Figure 11: Neural net regressor model building process
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Iter 184, training loss 5.3219%5%3, wvalidation loss 96.3397934
Iter 185, training loss S.25616%, velidetion loss 95.605354
Iter 185, training loss 5.154328, validation loss §5.787552
Iter 187, trainlng loss 5.133657, valldation loss 95.825951
Iter 188, training loss 5.87328%, validation loss 95.866382
Iter 189, traimlng loss S5.813788, wvalldation loss B&6.212733
Iter 112, training loss 4.955192, validetion loss 96.1@<819
Iter 111, training loss 4.85824%, validation loss S6.@92224
Iter 112, training loss +.5+1685, validation loss 96.121586

rhm— &A= T e e P T v T dmde s e Vo ey -

tr_loss, te less=plot_NN{epochs, tr_losses, te_losses)

print(“Best epoch number 1is: ", te_loss.index{min({te_loss))}

print{~The lowest validation loss 1s: *, min{te_lass})

print{~at the same gpoch, the tralning loss is: ", tr loss[te loss.index{min{te_loss}}])

0 — frainireg o

— walidarnn o

2

1o 4 P —

0 B W T 10 W3 159 15 M0
epoch
Best epoch number is: &2
The lowest validetion loss is: 9.511843673687862
At the same epoch, the training loss is: 3.1821537525168684

Figure 12: Neural net regressor loss vs Epoch
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r Suport Vector Classifier

[1]

sve = SWC{probebility=True}

sve. Fit{x_train_disg,y_train_diag}

scores = cross_wval_score{svc, x_train_diag, y_train_diag, cv=5)

print( "Training Aaccuracy: Re.2f (+/- X8.1F)' X (SCOrSS.meBA(), Scords.std(i*i1))
y_validetion_pred = sve.predict{x_wval_disg)

Bt = dccuracy_score(y_validation_pred,y_val _diag)
print( "validotion Accuracy: E8.2f (+/- X8.2F)" X (ecc.mean(d, &cc.std()*2))

Training Accuracy: @.75% (+f- B.84)
vValidation Accuracy: R.61 (=/- @.82)

en_cls,mcl cls,8d cls,cn_pred,mcl pred.ad pred = transfors(y val_dizg.y validat
BEtrics{"CM_Diag' svc,x_wal_dieg.cn_cls,cr_pred)

print("="*32)

metrics("MCI_Diag’ ,sve,x val diag.mcl cls. nci_pred)

print("="*3a)

metrics{ "aD Diag',svc,x_wval_diag,ad cls,ad_pred)

CH_Dipg Accuracy! 74,71
CHN_Diag Precision: 73.81%
CH_Didg Recall: 58.72%
CN_Diag AUC: 33,25%

o o o o o e o -
MCI_Diag Accuracy: &4.168%
MCI_piag Precision: 56.15%
MCI_Dieg Recall: 89.27%
MCI_Diag AUC: 72.68%

LA ER L L LTI LR R L Ll LTS
AD_Diag Accuracy: B21.22%

AD Diag Precision: 5&.51%
AD_Diag Fecall: 35.18%

AD Dilag AUC: 39.26X

Figure 13: Support Vector classifier modelling process
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* Neural Network for Classification

[ 1 x_train = x_trein_diag
y_train = yv_train_diag:.values.reshape(-1,32)

%_wal = x_val_disg
¥_wal = y_val_disg:.values.reshope(-1,3)

© r_irput = x_train.shape[1]
I'I_hiﬂﬂtl'l] = 128
n_hiddenz = 512
ﬂ_H!.ﬂI’EI'I!- = 1844
n_sutput = 2
lﬂﬂl"l'lf.l'll_l"ﬂtﬂ' = ig.8al
BpoOchs = 188  £188,209,180
batch_size = 32 #18@,32,35

¥ = tf.placeholder(tf.floati2, [Mene,n_input])
y_gt = tf.placeholder(tf.fleat3a, [None,n_output])

initializer = tf,contrib,layers,variance_scaling initializer(factor=1.8, mode='FaN_IN', uniform=F
Wl = tf.variabla(initializer{[n_input,n_hidden1]})

bl = tf.variabla(tf.constant{a.1,shape=[n_hiddeni]))

Hl = tf.nn.relultf.mataul (x,Wl)+b1}

W2 = tf.variable(initializer{[n_hiddeni.n_hiddeni]})
b2 = tf.varlable(tf.constant({a.1,shape=[n_hldden2]})
H2 = tf.nn.relultf.satmul (+1,W2)+b2)

W3 = tf.variabla(initializer{[n_hidden2,n_hidden3]})
Bs = tf.varlable(tf.constant(a.1,shape=[n_hlddens]})
H2 = tf.nn.relultf.satnul(H2,W3)+02)

W out = tf.variable(initializer{[n hidden3,n_cutput]))
b_out = tf.varlable(tf.constant{@.1,shape=[n_ocutput]}})

y_pred = tf .matmul (H3,W_out)+b_out

loss = tf.reduce_mean(tf.nn.sofimax_cross_entropy_with_logits_v2(labelsey_gt,logits=y_pred))

optinizer = tf.train.adamoptimizer(lsarning_rate)
train_step = optimizer.minimize{loss)

Figure 14: Neural Net Classifier model building

3 hidden layers with neurons 128,512,1024 is built with output=3 AD classes, lowest
learning rate=0.001, epochs=100, activation=ReLU, optimiser=Adam

13



Iter 61, training loss @.852806, training accurscy @.367994
Iter 61, wvalidation loss 1.643588, validation accuracy @.534853
Iter 62, training loss 9.873913, tralining accuraly @.968285
Iter 62, validation loss 1.661281, validation accuracy 8.53261E
Iter &3, training loss @.@7505@, tralning accuracy @.969178
Iter 63, validation loss 1.68B35%5, validetion accuracy 8.538874
Iter &4. trainime loss @.872375. trainine accuracy &.969478

import matplotlib.pyplot as plt
epoch=1ist{range(1,2pachs+1})

plt.Figural)

plt.plot{epoch,tr_losses,label="training accuracy')
plt.plot{epoch,te_losses,label="validation sccuracy")
plt.legend()

plt.show()

print{"gest epoch number f5: ", te_losses.index(max(te_losses))
print{"The hightest wvalldation sccuracy Is: ", max{te_losses))
print(~aAt the same epoch, the training accuracy 1s: =, tr_losse

1

09 -

LR

06

s

04 -

03

o ] & & &0 1
Best epoch number is: 91

The hightest validation accuracy is: ©.5536193
AT the same epoch, the training accuracy is: @.5977218%57

Figure 15: neural net classifier accuracy
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+ Gradient Boosting Classifier

[ 1 eBoost = erodientBoostingClossifier(n_sstinators=3eee, learning rote=a.8s5,nax_depth=3,max_features="sqrt"
nin_samples_leaf=15,min_samples_split=18})
aBoost. Fit{x_train_diag,y_trein_diag)
§Cores = Cross_val_score(GBOOst, x_train_diag, v train_diag, <v=5)
print{"Training Accuracy: %e.2f (+/- ¥8.2F)' X (scor&s.medn{), Scorss.std(i*2))
y_validetion_pred = Geoost.predick(x_wal_disg)
8EC = Bccuracy_score(y_validetion_pred,y wal_disg)
print{"validation Accuracy: %8.2f (+/- Xp.2F)" X (acc.méan(), &cc.s5td()"2))

[+ Training Accuracy: @.84 (/- 8.67)
validation Accuracy: @.73 (=/- &.82)

[ 1 encls,meci_cls,ad cls,cn_pred,mci_pred,ad pred = transform(y_val_diag,y_validation_pred)
metrics{ "CW Diag’,GBoost,x_val,cn_cls,cn _pred)
print( " *2a)
matrics{ "'MCI_Dlag” ,GBoost,M wval,mci cls . mcl pred)
print{ " ="*2a)
matrics{ AD _Diag',GBo0st,x_val,ad_cls,ad pred)

= ©M_Dpinag Accuracy: §42.67%
CH_Diag Precision: 84.28%
CH_Diag Recall: 71.36%
CH_Diag AUC: 26.11%
EEEEEE AR EEEAEEEREA EERERARE
MCI_Diag Accuracy: 77.52%
MCI_Dilag Precision: 74.89%
MCI_Disg Recall: 71.668%
MCI_Diag AUC: 79.58%
R
AD_Diag Accuracy: 77.86%

AD Dlag Precision: 44.21X%
AD_Diag Recall: 55.12%
AD_Diag ALUC: 38.50X

Figure 16: Gradient Boosting Classifier

Overall validation accuracy of 73% is obtained with shown parameters
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o & Alzheimer_ Preprocessing & Dynamic LSTM.ipynb <7
"0 File Edit View Insert Runtime Tools Help Al changes saved

% + Code + Texi

e

Table of contents

Impart Libraries

~ Preparing data for training

Preparing data far training
Prepare data Ini this part, first we normalize the time interval to be uniform as 6 months, and we use the nearest history visit data to fill in the training data
SH]U_'TL&:-: sampling each and their corresponding label of the disease classification as well as the regression results for ADAS13, Ventricles and MMSE.
mini-batc
i For the time series data formation, assume the time interval between two consecutive visit is & months, and according to our problem, we try fo
8 Section predict the future 8 visits results based on current record, Here the future 8 visits comes as a hyper-parameters which we would tune by cross-
validation,
[1

def delet_short_visit{df_data_re,train_target_re):

time_interval = &

ID_train = Ap.unique(train_target_re.PTID_Key.values)

for 10 in ID_traim:
past_visit - of_data_re[df_data_re[ 'PTID_Key']--ID][*Month®].values
idx = df data_re[df_data_re['PTID_Key"]==1D].index.values

visit_time = @
index_delete = []
index = @
month_record = past_visit//time_interval
for record in momth_record:
1f record == V1S1t_time:
visit_time = 1
elif record < visit_time:
index_delete.append(idfindex])
elif record > wisit time:
visit_time = record
visit_time 2= 1
index #= 1

df_data_re = df_data_re.drop{index_delete).reset_index(drop=True)

future_wisit =« train_target ref[train_target_re['PTID_Key®]==ID][ 'Month®].values
idx = train_target_re[train_target_re["'PTID_Key' ]==ID].index.values
if future_visit[e]//time_interval <= visit_time-1:
train_target_re.loc[(train_target_re[ 'PTID_key']==ID)
B (train_target_re['Month']//tine_intervalcavisit_time.1},
*vonth'] = int{visit_time*time_interwval)

Figure 17: Training data prep for LSTM
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+ Code  + Text

n d=f

def

reset_graph():

if ‘sess’ in globals() and sess:
sass.close()

tf.reset_default_graphi)

build_graph(
num_layersal,

feature_size - records.shape[l],
state size - &4,

batch_size = B4,

pred_times = 8,

num_classes = I}

resst_graph()

# Placeholders

¥ = tf.placeholder(’float®, [batch_size, Mone, feature_size]) # imput:
seqlen = tf.placeholder(tf.int32, [batch_size])

¥y = tf.placeholder{tf.inta2, [batch_size, pred_times])

keep_prob = tf.placeholder(tf.fleat3z,[])

# ANN single cell
cell = (state_size}

# Run dynamic_rnn to get all the output sequences

# init_state: shape= (batch_size,cell.state_size) with all @

init_state = tf.get_variable('init_state', [1, state_size],
initializerstf.constant_initializer{@.a)}

imit_state = tf.tile{init_state, [batch_size, 1])

shapes (batch_size,

ron_autputs, final state = tf.nn.dynamic_rnn(cell, inputs=x, seguence_length=seglen,

initial_statesinit_state}
# rmn_output: shape={(batch_size, time_steps, cell.output_size})

# Add dropowt, as the model otherwise guickly owerfits
ran_autputs = tf.nn.dropout (rnn_cwtputs, keep_prob)

# Get the output
# Reshape ron_outputs to a 2d tensor for softmax processing
ide = tf.range({batch_size}*tf.shape{rnn_outputs)[1] + (seglemn - 1)

last_ron_owtput = tf.gather(tf.reshape(rnn_outputs, [-1, state_size]), idx}

W_nn = tf.get_variable({ W_nn", [state_size, state_size]}

b_nn = tf.get_variable("b_nn", [state_size], initializer=tf.constamt_initializer{a@.8))

nn_output = tf.tanh{if.matmullast_ron_output, ®_nn} + b_nn)

Figure 18: Dynamic LSTM model building step
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[ 1 impeort matplotlib.pyplet as plt
epochs=1list(range(l,num_epochs+1))
plt.figure(}
plt.plot{epochs,tr_losses,label="training accuracy'}
plt.plot{epochs,te_losses,label="validation accuracy')
plt.xlabel("epoch")
plt.ylabel( accuracy")
plt.legend(}
plt.show()

C 10 {

09

= Rraining accuracy
03 — walidation accuracy

D 500 1000 1500 7000 7500 3000 3500 4000
epach

[ 1 print{"The highest validation accuracy is: ", max(te_losses))

print(“At the same epoch, the training accuracy is: ", tr_losses[te_losses.index(max{te_losses))])

[+ The highest walidatiom accuracy is: @.775398625
At the same epoch, the training accuracy is: ©.9821428571428571

Figure 19: LSTM Accuracy vs Epoch

Dynamic LSTM which is a type of Recuurent Neural network outperforms all other
classifiers with a validation accuracy of 78%

References
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