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Configuration Manual of Research Project: Predictive
Modelling for Cost Estimation in Construction
Projects Using Machine Learning Algorithms

Prajwal Shashidhara
x22209077

1 Introduction

The given configuration manual corresponds to the different configuration steps used
that generate the results for the study ”Predictive Modelling for Cost Estimation in
Construction Projects Using Machine Learning Algorithms”. The following states all
the configuration techniques, software and libraries used to build the code and achieve

state-of-the-art results

2 System specifications

e Device name DESKTOP-FRQ155L
Processor Intel(R) Core(TM) i5-8250U CPU @ 1.60GHz 1.80 GHz

Installed RAM 20.0 GB (19.9 GB usable)

System type 64-bit operating system, x64-based processor

Edition Windows 11 Pro Version 23H2

3 Software Requirements

e Anaconda 3
e Python 3.10

e Jupyter Notebook



4 Python Libraries

Major libraries used in the research are:

e Numpy

e Pandas

e Seaborn

e Matplotlib

e Plotly

e Sklearn

e StatsModel

e Keras

e SHAP

Libraries

import numpy as np

import pandas as pd

import matplotlib.pyplot as plt
import seaborn as sns

import plotly.express as px
import shap

shap.initjs()

Ematplotlib inline

import scipy.stats as stats
import statsmodels.formula.api as smf

import sklearn

from sklearn.model_selection import train_test_split

from sklearn.linear_model import LinearRegressionm

from sklearn.metrics import mean_absolute_error, mean_squared_error, ri_score

from sklearn.preprocessing import Standardscaler

from sklearn.impute import MissingIndicator, Simplelmputer

from sklearn.preprocessing import PolynomialFeatures, KBinsDiscretizer, FunctionTransformer
from sklearn.preprocessing import StandardScaler, MinMaxScaler, MaxAbsScaler

from sklearn.preprocessing import LabelEncoder, OneHotEncoder, LabelBinarizer, OrdinalEncoder
from sklearn.feature_selection import RFE,SelectkKBest,f classif

from sklearn.linear_model import LogisticRegression, LinearRegression, ElasticNet, Lasso, Ridge
from sklearn.neighbors import KMeighborsClassifier, KNeighborsRegressor

from sklearn.tree import DecisionTreeClassifier, DecisionTreeRegressor

from sklearn.ensemble import BaggingClassifier, BaggingRegressor,RandomForestClassifier,RandomForestRegressor
from sklearn.ensemble import GradientBoostingClassifier,GradientBoostingRegressor, AdaBoostClassifier, AdaBoostRegressor
from sklearn.naive_bayes import Bernoulling, MultinomialNB, GaussianNB

from sklearn.swm import LinearSVC, LinearSWR, SWC, SVR

from sklearn.neural_network import MLPClassifier, MLPRegressor

from keras.models import Sequential

from keras.layers import Dense

import warnings

warnings.filterwarnings('ignore')

import imblearn

from imblearn.over_sampling import SMOTE

from collections import Counter

from sklearn.model_selection import train_test_split,GridSearchCy

from sklearn import metrics

from sklearn.metrics import accuracy_score, confusion_matrix, roc_auc_score, precision_score, recall_score, fl_score,classification_report
from statsmodels.stats.outliers_influence import variance_inflation_factor

from patsy import dmatrices

import keras

from keras.models import Sequential

from keras.layers import Dense

from sklearn.model_selection import train_test_split

from sklearn.metrics import mean_squared_error

import statsmodels.formula.api as smf

from sklearn.metrics import mean_absolute_error

Figure 1: Library import



5 Data Import

Data was imported using the panda’s package, as shown in Figure 2

Data Ingestion

data = pd.read_excel('Residential-Building-Data-Set-new.xlsx")

Data Understanding

data.info()

<class 'pandas.core.frame.DataFrame’>
RangeIndex: 372 entries, @ to 371
Columns: 1@9 entries, START YEAR to V-1@
dtypes: floats4(94), int64(15)

memory usage: 216.9 KB

data.head()

S;‘;ﬂ QU::’E; COMPLE:Lz': com:;:‘;[;l: Vl' V.2 V-3 V-4 Vs' V-6 .. V.224 V-23.4 24\_’: 25‘_’: zs\: V.27.4 V-284 V.29.4
0 81 1 85 1 1 31500 9200 5985 190 101084 .. 81550 175500 80020 60.74 5426 2978.26 414070 6019881 2
1 24 1 89 4 1 76000 1140.0 3040.0 400 963.81 .. 131630 836478 283930 9095 8979 11379.37 448350 9290271 §
2 78 1 81 4 1 48000 8400 480.0 100 689.84 . 76580 175500 49300 3870 3204 1653.06 379330 3778286 1
3 72 2 73 2 1 6850 2020 137 20 45954 .. 15225 144231 14560 973 834 68616 81940 1220317
4 87 1 50 2 1 30000 8OO0 1230.0 410 631.91 .. 224410 923176 92850 13660 14020 9821.00 48260.0 17349735 5

5 rows = 109 columns

Figure 2: Data Import

6 Data filtering

All the important features are selected in the research based on the business problem,as
shown in Figure 3

X = data.iloc[:,4:31
y = data.iloc[:,187:

data = pd.concat([X,y],axis = 1)
data.head()

V-1 V-2 V-3 V-4 V-5 V-6 V.7 V-8 V-11 vz .. v-22 V.23 V.24 V.25 V-26 v-27 v-28 V-2 V-9 V.10
0 1 31500 9200 5985 190 101084 16 1200 6713.00 562 .. 809.8 1755.00 8003.0 67.81 63.25 375877 42587.00 6281329 2200 410

1 1 76000 11400 3040.0 400 963.81 23 2900 315200 1060 .. 14735 884218 88640 10552 10532 12113.01 4596600 11889958 5000 1000

2 1 48000 8400 4800 100 e89.84 15 830 1627.00 410 .. 6082 173500 7773.0 4591 3834 1537.96 3908600 5247648 1200 170
3 1 6850 2020 137 20 45954 4 140 258093 121 .. 2111 161295 16490 1162 1006 39296 843575 1415426 165 30
4 1 30000 8000 1230.0 410 ©31.91 13 5000 &790.00 203.8 .. 317480 924840 9380.0 15863 16950 1008200 4957200 2318397.0 5500 700

5 rows x 29 columns

Figure 3: Filtering



7 Statistical Data Analysis and EDA

This section includes exploratory data analysis on the review columns. The distribution
of topics across years is displayed in Figure 4.

def continuous_var_summary{x):
return pd.Series{[x.count(), x.isnull{}.sum(), x.sum{}, x.mean{), x.median(},
x.s5td(), x.var(), x.min(), x.quantile(®.81), x.guantile(®.@5),
x.quantile(®.18),x.quantile(®.25),x.quantile(®.50),x.quantile{®.75),
x.quantile{@.98),x.quantile(8.95), x.quantile(8.99),x.max({}],

index = ['N", "MMISS', 'SUM', 'MEAN','MEDIAN', 'STD', TMIN', P17,
'PST , "P25" " y ' s TMAXT])

data.apply(continuous_var_summary).round{2).T

N NMISS SUM MEAN MEDIAN STD VAR MIN P1 P5 P10 P25 P50 P75 P!
v; 3720 00 3619000e+03 973 a.00 6.56 4.302000=+01 1.00 1.00 1.00 200 4.00 a0 17.00 191
\"2- 3720 0.0 6.432045e+05 1720.04 1220.00 1802.37 3.248543=+06 200.00 252.40 370.00 451.00 T20.00 1220.00 2100.00 3269,
\"; 3720 0.0 1585145e+05 426.11 300.00 40008 2.401750=+05 60.00 80.00 100.00 120.00 190.00 300.00 420.50 786
“: 3720 0.0 1.219803e+05 32790 164.70 E63.54 3.175822e+05 370 843 20.22 32.40 67.80 164.70 366.05 T64.
\"; 3720 0.0 6.062000e+04 163.12 140.00 11260 10,00 10.00 30.00 40,00 20.00 140.00 230.00 3090
V‘: 3720 0.0 2062442e+05 £54.42 52245 27511 7.563320e+04 193.08 20263 27383 305.40 301.68 52245 667.90 TOB.
\"?- 0.0 2331000e+032 6.00 210 4.400000=+00 200 3.00 4.00 4.00 S.oo 6.00 7.00 =1
“: 3720 0.0 4.047300e+05 1088.12 805.00 90583 0.016698=+05 40.00 a7.10 170.00 220.00 440,00 805.00 1200.00 23004
:r; 3720 0.0 1566401e+06 4211.00 3629.00 3.156468=2+06 1562.00 1580.00 2028.00 2264.00 2841.75 3629.00 602425 67004
:rz- 3720 0.0 3512720e+04 04.43 T4.90 62.89 12.10 1253 20.72 20.64 45.60 7490 137.40 202.
:r; 3720 0.0 3.275473e+04 88.05 T9.28 4036 2.436830=+03 1003 1112 2312 30.08 51.63 T8.28 125.23 161
:: 3720 0.0 1341180e+032 361 3.25 162 2.610000=+00 0oz 0.9z 134 1.72 247 3.25 472 6.
:r; 3720 0.0 2384035e+08 64111164 44545335 2.8304152+11 3819364 4019717 6767067 02023.07 133726.00 445452335 1059066.20 1612714,
:r‘: 0.0 480555 3819.00 3947.16 1.552004=+07 28720 3z4.40 64328 1163.20 1970.00 3319.00 6622.50 10855
:r?- 3720 0.0 32670815e+04 98.62 87.05 7302 5331250=+03 13.60 14.27 21.63 25.89 39.70 87.05 117.40 2274
:: 3720 182.00 162.75 11071 1.225701e+04 17.03 2390 5220 60.35 93.00 162.75 24227 EER )
:I; 3720 0.0 7.016423e+06 1886135 1044560 2131373 A4A542752=+08 15440 22038 T3z4A0 1622.28 362215 1044560 21723.40 543574

Figure 4: Statistical Summaries



The Y-variable was transformed using log transformation for the OLS method.

[22]: | sns.distplot{datal"Vv-18"])
plt.show()

0.0035
0.0030 1
0.0025 4

2 0.0020

i

E 0.0015 4

0.0010 7

0.0005 A

0.0000 -
800

[24]: |data["1ln_V-18'] = np.log{data['Vv-18"])

[25]: | sns.distplot{data[ ln_V-18'])
plt.show()

In_v-10

Figure 5: Y-Variable Distribution



8 Model Building — Statistical Approach

The first model built in the research was the OLS model.

print{lmd.summary2 ()]

Results: Ordinary least squares

Model: oLs adj. R-squared: B, 979
Dependent Variable: 1n_Wv_18& ALC: -3B5.7449
Date: Zid-gs5-18 21:3i8 BIC: -Z81.9244
KMo. Dbserwvations: 268 Log-Likelihood: 224.37
OF Model: 29 F-statistic: 424.8
O Residuals: 238 Prob (F-statistic): 2.69%e-182
R-squared: @.981 tcale: B.811782
Coef. Std.Err. T Pt [&.a25 a.978]
Intercept 1.93949 a.24a47 B.1537F e.egda 1.5128 Z2.477Fa
W_1 -d.8d51 8. .e88iq -2.5637 B.211a -B.d1les -8.8814
W_de a.eail a.88a3 B.B257F e.egda B.84a15 a8.28IE
W_11 a.egae 8. 208 1.2163 B.2251 -2.8a28 8. egaa
W_12 -a.8823 a.2839 -e.5084 B.3848 -2 . 88998 L
W_13 -a.841e 8.e826 -e.323b B.7165> -2.885l d.e84
W_14 -8, 88394 8.813a -2 .5942 B.4883 -8.8331 8.8173
W_135 a.egae 8. 208 3. 724 B.egaz e.aaeg 8. egaa
W_1o a. egae a8 . egag 1.8339 B.20E8 -2 . 928 d.284L
W_1d -@.8427 da.8811 -2.5895 B.B12E -8.34848 -8.88486
W_13 -da.88a3 B8.e8a3 -1.1981 B.2352 -2 .88988 d.2842
V_19 -@. Bagas . BEa -1l.7eda B.289a -B.da88 d.2E4aa
W_32 a. egae a8 . egag 1.8234 B.1853 -2 . 928 d.284L
V_Ze A.B47rs d.8166 2.Be24 B.2846 B.d8148 d.8881
W21 -8.88a4q a.88al -3.6758 B.egd3 -B.8aea -8.e8ax
W23 a.BEa2 d.88a1 1.4381 B.1548 -B.d3a81 4. 2844
W_23 a. gaag 8. eaae 2.3983 B.2176 B . aaee a.egaa
W24 a. BEae . BEa 1.3643 B.1738 -B.da88 d.8841
W_25 a.ezLe a.e8a53 2.9945 B.eg3a B . 8885 8.28414
W_2o -8.88996 a8.e861 -1.5697 B.11732 -8.8217 8.282%
L a. gaag 8. eaae 1.1458 B.2531 -B.dagg a.egaa
W_Z8 a.egae 8. 208 2.3587 B.2192 e.aaeg 8. egaa
W29 -d. gaag 8. eaae -1.3973 B.1l63F -B.dagg a.egaa
W_3 -a.89al a8.eg9al -1.4355 B.1525% -2 .88a2 8. egaa
W_4 -d.88al a8 . egag -1.397a5 B.2d493 -2 .8aa2 -8 . egda
W_o -a.8821 a.e8a5 -4.5185 e.egaa -2.8a3g -8.8812
W_§E a.8815 d.28al 17 .2774 B.egda B.8al13 a.2817F
W_JF a.e2ey 8.e851 2.2414 e.egaa B.8158 a.a37a
V_E -@.889al d.2889al -8 .Edal B.3765 -2 .3852 d.284L
W@ a. BEae . BEa B.18338 B.32544 -B.d3a81 d.8841
Omnibus: 3B .5448 Durbin-Watson: 2.816
Prob(Omnibus): B .apg Jargque-Bera (JB): @9 ,.417
Skew: B.a78 Prob(JB): a.e8a
Kurtosis: 2.342 Condition MNo.: LI385043

NoTes:

[1] standard Errors assume that the covariance matrix of the
errors is correctly specified.

[2] The conditiom number is large, 5.34e+87. This might indicate
that there are strong multicollinearity or other numerical
problems.

Figure 6: Summary of OLS Method



As the results were not satisfactory, a new model was built using fewer attributes.

1ml = smf.ols{ formula = model param_1, data = train }.fit()

print{lml.summary2(})

Results: Ordinary least sguares

Model: aLs Adj. R-sgquared: B 975
bependent Variable: 1n_V_18 AlC: -359.2639
Date: 28i4-gE-18 21:28 BIC: -312.9751
Mo. Observations: -t Log-Likelihood: 192,63
O Model: 12 F-statistic: g51.8
Of Residuals: 247 Prob (F-statistic): 2.97e-193
R-sgquared: a.9%5 Lecale: B.814805

Std.Err. t P2t [e.e25 8.975]
Intercept 2.8296 #.1639 12,3382 @.eedd 1.7887 2.3525
V_1 -9. 8828 H.8821 -1.3735 B.1788 -2.8d689  d.e8e12
V_1d 8. 8925 . Bga3 d.5867 B.0094 B.8819 d.883a
V_15 g, Bgag o . g8 1.4241 ©.1557 -B.dope d.8e08a
V_2@ 9.8478 H.8118  4.3468 R.e289 2.8281 d.0695
V_21 -9, BE83 H.8881  -4.58098 B.eBE9  -2.H985 -d.8882
V_23 . Baae H.8E82  3.5980 B.eBd4 2. 8908  d.2888
V_25 d.68184 H.8813 14.4341 RB.e888 2.8159 d.8218
v_28 . Baae H.8888 B.3218 B.7479 -2.8888  d.e880
V_4 -9, 8881 H.2882 -1.9547 B.8517 -2.8801 d.2080
V_E -9.8831 H.8884 -3.3188 B.2089 -2.8838 -d.2823
V_& 9.8816 H.8881 19.5324 R.2888  2.8815  9.021E
V_7 d.8245 H.8851 4.7588 B.0BE8 B.8143  d@.8348
Omnibus: 31.271 Durbin-Watson: 2.862
Prob(Omnibus): B, oee Jarque-Bera (JB): 185.989
Skew: -8.428 Prob(JB): i
Kurtosis: o.088 Condition Mo 1ES9B948

Notes:
[1] 5tandard Errors assume that the covariance matrix of the
errors is correctly specified.

[2] The condition number is large, 1.88e+87. This might indicate
that there are strong multicollinearity or other numerical
problems.

Figure 7: Summary of OLS Method-2



Predicting The values

# predict the values on training and testing
train_predict_1lr = np.exp(lml.predict(train))
test_predict_1r = np.exp(lml.predict(test))

Evaluating the model

MSE_train_ols = mean_squared_error(train.V_16,train_predict_1lr).round{2)
MSE_test ols = mean_squared_error(test.V_18,test predict 1lr).round(2)

RMSE_train_ols = np.sqrt(MSE_train_cls).round(2)
RMSE_test_ols = np.sqrt{MSE_test_cls).round(2)

# print the values of MAPE for train and test
print('MSE of training data: ', MSE_train_ols, * ‘s "MSE of testing data: ', MSE_test_ols)

# print the values of MAPE for train and test

print('RMSE of training data: ', RMSE_train_ols, ' | ', 'RMSE of testing data: ", RMSE_test_ols)
MSE of training data: 1387.54 | MSE of testing data: 1923.91

RMSE of training data: 37.25 | RMSE of testing data: 43.868

MAE_train_ols = mean_absolute error{train.V_18,train_predict 1lr).round(2)

MAE_test ols = mean_absolute_error(test.V_18,test predict_lr).round(2}
# print the values of MAPE for train and test
print( "MAE of training data: ", MAE_train_ols, ° ‘s "MAE of testing data: ", MAE_test ols)

MAE of training data: 18.85 MAE of testing data: 24.2

Figure 8: Evaluation of the OLS Method

9 Model Building — ML Based Approach

The next phase of the study uses machine learning models on the same dataset for a
comparative analysis. As there are insignificant variables, the first RFE was done.

RFE

X = data[data.columns.difference(['V_1&']1)]
classifier - RandomForestClassifier(}

rfe — RFE{classifier,n_features_to_select-15)
rfe = rfe.fit(X, datal["V_1e"]]1 )

rfe_feat = list(x.columns[rfe.support_])
list(rfe_feat)

[w_1°,

w1,

w_1s*,

w197,

v = pd.DataFrame{data.V_18)

#spLitting the data for sklearn methods
train_y, test_y. train X, test X = train_test split(y.X. test size=8.3, random_ state=123)

Figure 9: RFE



Random Forest

param_grid = {
‘n_estimators': [18@, 200,
[3, 5, 18,].
‘min_samples_split": [2, 5, 1@],
‘min_samples_leaf': [1, 2, 4],

300],
‘max_depth' :

RF = GridSearchCV({ estimator =

param_grid =

RandomForestRegressor( random_state = 28 ),
param_grid, cv = 5,

scoring = "neg_mean_squared_error',
=il

verbose =

n_jobs =
True)
RF.fit( train X, train_y )

Fitting 5 folds for each of 81 candidates, totalling 4@5 fits

- Gridsearchcv

i » estimator: RandomForestRegressor |

» RandomForestRegressor

RF.best_params_

{*max_depth': 18,
"min_samples_leaf': 1,
"min_samples_split': 2,
“n_estimators’: lee}

RF.best_score_

-1171.9558546592164

train_pred rf = RF.predict(train_X)

test_pred_rf = RF.predict(test_X)

Figure 10: Random Forest

Evaluation

MSE_train_rf =
MSE_test_rf =

mean_squared_error(train_y,train_pred_rf).round(2)
mean_squared_error(test_y,test_pred rf).round(2)

RMSE_train_rf =
RMSE_test_rf =

np.sqrt{MSE_train_rf).round(2)
np.sqrt{MSE_test_rf).round(2)

# print the values of MAPE for train and test

print('MSE of training data: ', MSE_train_rf, ‘| *, "MSE of testing data:

# print the values of MAPE for train and test

print('RMSE of training data: ', RMSE_train_rf, ° ‘s "RMSE of testing data:
MSE of training data: 139.92 | MSE of testing data: 7@9.93
RMSE of training data: 11.83 | RMSE of testing data: 26.54

MAE_train_rf =
MAE_test_rf =

mean_absolute_error(train_y,train_pred_rf).round(2)
mean_absolute_error(test_y,test_pred_rf).round(2)

# print the values of MAPE for train and test

print('MAE of training data: ', MAE_train_rf, | *s "MAE of testing data:

MAE of training data: 7.88 | MAE of testing data: 18.87

", MSE_test_rf)

‘s RMSE_test_rf)

", MAE_test_rf)

Figure 11: Evaluation of Random Forest



One ANN model was also built in the research for the comparative analysis of machine
learning with deep learning.

ANN

sc - StandardScaler()
std_data = sc.fit_transform(train_X)

std_data_train = pd.DataFrame(std_data, columns=train_X.columns, index = train_X.index )}

std_data_train.shape
(268, 15)

std_data test = pd.DataFrame(sc.transform{test X}, columns=test X.columns, index = test X.index)
std_data_test.shape

(112, 15)

# Initialize the ANN model
ANN = Sequential()

ANN.add(Dense (64, input_dim= 15, activation=relu’))
ANN.add(Dense(32, activation="relu’)})
ANN.add(Dense(16, activation="relu’})
ANN.add(Dense(1)) # Output Layer

ANN. summary ()

Model: "sequential™

Layer (type) Output Shape Param #
dense (Dense) 64) 1,824
dense_1 (Dense) 32) ) 2,088
dense_2 (Dense) 16) ) 528
dense_3 (Dense) 1) ) 17

Total params: 3,642 ({14.25 KB)
Trainable params: 3,649 (14.25 KB)

Non-trainable params: @ (&.2@ B)

Figure 12: ANN

Evaluation

MSE_train_ANN = mean_squared_error(train_y,np.round{abs{train_pred_ann))).round(2)
MSE_test ANN = mean_squared_error(test_y,np.round{abs(test_pred_ann)}).round(2)

RMSE_train_ANN = np.sqrt(MSE_train_ANN).round(2)
RMSE_test_ANN = np.sqrt{MSE_test_ANN).round(2)

# print the values of MAPE for train and test
print('MSE of training data: ", MSE_train_ ANN, ° ‘s "MSE of testing data: ', MSE_test_ANN)

# print the values of MAPE for train and test

print({'RMSE of training data: ', RMSE_train_ANN, " | ', 'RMSE of testing data: ', RMSE_test_ANN})
MSE of training data: 1295.85 | MSE of testing data: 1698.45

RMSE of training data: 35.92 | RMSE of testing data: 41.12

MAE_train_ANN = mean_absolute_error(train_y,np.round(abs{train_pred_ann))).round(2)

MAE_test_ANN = mean_absolute_error(test_y,np.round(abs(test_pred_ann))).round(2)

# print the values of MAPE for train and test
print('MAE of training data: °, MAE_train_ANN, °* ‘s "MAE of testing data: ", MAE_test_ANN)

MAE of training data: 28.54 | MAE of testing data: 32.27

Figure 13: Evaluation of ANN

10



10 XAI

The study has incorporated SHAP for the Explainability of features

XAl

explainer = shap.TreeExplainer(kF.best_sstimator_)

shap_values = explainer{test_x)
np.shape(shap_values.values)

(112, 15)

shap.plots.waterfall({shap_values[8])

fix) =222.898

47871 =V 6
80 =V_3 +2.18
970 =V 9 . +1.57
v_7 . +1.48
2584 =V 2 .+1.43
90.95 =V_25 . +1.05
929027.1 =V_29 ' +1.03

11379.37 =V_27 ' +0.63

6 other features . +0.77

2225 2250 227.5 230.0 232.5 2350 237.5 240.0 242.5
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Figure 14: SHAP Values of Features
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shap.plots. force(shap_values[@:188])

2 E 4 B 2

Figure 15: SHAP Summary Plot

shap.plots. beeswarm(shap_values)
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Figure 16: SHAP Summary Dot- Plot
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