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Enhancing the Reliability of Compressive Strength
Prediction of Concrete Using Machine Learning
Algorithms and Explainable Analysis Techniques

Dr. Ghousson Andrawes *

Abstract
This study aims to enhance the reliability of predictive models for
concrete compressive strength using machine learning algorithms,
while improving prediction accuracy and understanding the
influence of mix constituents through explainable analysis
techniques. Initially, an XGBoost model was developed as a baseline
reference using Python 3.10.11. Its performance was subsequently
improved by incorporating a set of derived features, resulting in an
enhanced model with a coefficient of determination (R?) of 0.93.
Explainable analysis techniques, including feature importance
analysis, sensitivity analysis, and “what-if”” analysis, were employed
to interpret the model behavior and assess the influence of different
variables on concrete compressive strength.
The results showed that cement content and concrete age, had the
greatest influence on the development of compressive strength,
accounting for approximately 49%, and exhibited the highest
sensitivity compared to the other input variables. In contrast, the
derived features showed a relatively limited impact, indicating that
the model's performance primarily depends on the fundamental mix
components and concrete age, while the derived features play a
supportive role in enhancing prediction accuracy.
The findings highlight the importance of integrating accurate
prediction with explainable machine learning techniques to improve
model transparency and reliability, thereby supporting informed
decision-making in concrete mix design.

Keywords: compressive strength, XGBoost, Machine learning,
importance analysis, sensitivity analysis.
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Feature Importance - Enhanced Model
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XGBoost 7 3sai ¢4l aniis ¢l 358 (1) salal)
import pandas as pd
from sklearn.model_selection import train_test_split
from xgboost import XGBRegressor
from sklearn.metrics import r2_score, mean_squared_error
data = pd.read_excel("mix.xlsx")
X = data.iloc[:, 0:8]
y = data.iloc[:, 8]
X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3,
random_state=42)
model = XGBRegressor(n_estimators=100, learning_rate=0.1,
max_depth=3, random_state=42, objective="reg:squarederror’)
model.fit(X_train, y_train)
y_pred = model.predict(X_test)
r2 =r2_score(y_test, y_pred)
mse = mean_squared_error(y_test, y pred)
rmse = mse**0.5
mae = mean_absolute_error(y_test, y pred)
print("R2:", r2)
print("MSE:", mse)
print("RMSE:", rmse)
print("MAE:", mae)

claleal) Jasda g ASidal) Ciiall aladils XGBOOSE 7z 3gal (pawad 39S (2) (3alal)
import pandas as pd
from xgboost import XGBRegressor
from sklearn.model_selection import train_test_split,
RandomizedSearchCV, cross_val_score
from sklearn.metrics import r2_score, mean_squared_error
from scipy.stats import randint, uniform
import numpy as np
data = pd.read_excel("mix.xlIsx")
X = data.iloc[:, 0:8].copy()
y = data.iloc[:, 8].copy()
X["cement_water"] = X.iloc[:, 0] / (X.iloc[:, 1] + 1e-5)
X["binder"] = X.iloc[:, 0] + X.iloc[:, 4] + X.iloc[:¢5]
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X["agg_ratio"] = X.iloc[:, 2] / (X.iloc[:, 3] + 1e-5)

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.3,
random_state=42)

xgb = XGBRegressor(objective="reg:squarederror”, random_state=42)
param_dist = {

"n_estimators": randint<(600 <1201)

"max_depth": randint«(4 <7)

"learning_rate": uniform«(0.03 <0.04)

"subsample™: uniform«(0.8 <0.2)

"colsample_bytree": uniform«(0.8 <0.2)

"gamma": uniform«(0 <0.2)

"reg_alpha": uniform«(0.2 <0)

"reg_lambda": uniform(1 <1)}

random_search = RandomizedSearchCV(xgb «
param_distributions=param_dist«n_iter=40,
cv=5¢scoring="r2¢"n_jobs=-1«verbose=1:random_state=42)
random_search.fit(X_train, y_train)

model = random_search.best_estimator

y_pred = model.predict(X_test)

r2 =r2_score(y_test, y_pred)

rmse = np.sqrt(mean_squared_error(y_test, y_pred))
print("R2 =", r2)

print("RMSE =", rmse)

print("MAE =", mae)

Enhanced model ¢yusal) 7z 3gaill 430,40 ci)pitiall dsadi Julas 36 (3) (galal)
import joblib
import pandas as pd
import matplotlib.pyplot as plt
model = joblib.load("Enhanced model.pk1™)
feature_names=model.feature_names_in_importances=
model.feature_importances
importance_df = pd.DataFrame({"Feature":
feature_names"<Importance":
importances}).sort_values(by="Importance", ascending=False)
plt.figure()
plt.barh(importance_df["Feature™], importance_df["Importance™])
plt.gca().invert_yaxis()
plt.xlabel("Importance™)
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plt.title("Feature Importance - Enhanced Model™)

plt.show()

print(importance_df)

Enhanced model ¢yuaal) z3saill dxaadl) cfpiiall duadi Julad 36< (4) galal
import joblib

import pandas as pd

model = joblib.load("Enhanced model.pk1")

features = ['Cement (kg/m”3)'<'Blast Furnace Slag (kg/m”3)«'

'Fly Ash (kg/m”3)'<'Water (kg/m”3)'<'Superplasticizer (kg/m”"3)«'
'Coarse Aggregate (kg/m”3)'<'Fine Aggregate (kg/m”3)'<'Age (day)«'
'cement_water'<'binder'<'agg_ratio']

importances = model.feature_importances

df = pd.DataFrame({ "feature": features« "importance": importances})
group_physical=['Cement (kg/m"3)'<'Age (day)' ]

group_basic = ['Blast Furnace Slag (kg/m”3)'<'Fly Ash (kg/m"3)«'
'Water (kg/m”3)'<'Superplasticizer (kg/m”3)'<'Coarse Aggregate
(kg/m"3)«'

'Fine Aggregate (kg/m”3)']

group_derived = ['cement_water'<'binder'<'agg_ratio' ]
physical_importance =
df[df["feature™].isin(group_physical)]["importance"].sum()
basic_importance =
df[df["feature™].isin(group_basic)]["importance"].sum()
derived_importance =
df[df["feature™].isin(group_derived)]["importance™].sum()

total = physical_importance + basic_importance + derived_importance
print("Physical importance =", physical_importance)

print("Basic importance =", basic_importance)

print("Derived importance =", derived_importance)

print("Physical (%) =", physical_importance / total * 100)
print("Basic (%) =", basic_importance / total * 100)

print("Derived (%) =", derived_importance / total * 100)

Enhanced model ¢uaall 7z 3gaill dpwlual) Julas 368 (5) salall
import joblib
import pandas as pd
import numpy as np
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import matplotlib.pyplot as plt

model = joblib.load("Enhanced model.pk1™)

data = pd.read_excel("mix.xIsx")

features = ['Cement (kg/m”3)'<'Blast Furnace Slag (kg/m”3)¢'

'Fly Ash (kg/m”3)'<'Water (kg/m”3)'<'Superplasticizer (kg/m”3)«'
'Coarse Aggregate (kg/m”3)'<'Fine Aggregate (kg/m”3)'<'Age (day)«'
data['cement_water'] = data['Cement (kg/m”~3)"] / (data['Water (kg/m"3)']
+ le-b)

data['binder'] = data['Cement (kg/m”3)] + data['Blast Furnace Slag
(kg/m"37 + data['Fly Ash (kg/m”3)"]

data['agg_ratio'] = data['Coarse Aggregate (kg/m”3)] / (data[' Fine
Aggregate (kg/m"3)7] + le-5)

features += ['cement_water’, 'binder’, 'agg_ratio']

sensitivity{} =

delta = 0.05

y_pred_orig = model.predict(data[features])

for feature in features:

X_mod = data.copy()

X_mod[feature] = X_mod[feature] * (1 + delta)

y_pred_mod = model.predict(X_mod[features])

mean_change = np.mean(np.abs(y_pred_mod - y_pred_orig))
sensitivity[feature] = mean_change

sensitivity_df = pd.DataFrame.from_dict(sensitivity, orient="index’,
columns=['Mean Change'])

sensitivity _df = sensitivity _df.sort_values(by="Mean Change',
ascending=False)

print(sensitivity_df)

plt.figure(figsize=(10,6))

plt.barh(sensitivity_df.index, sensitivity_df['Mean Change'])
plt.gca().invert_yaxis()

plt.xlabel('Average change in predicted compressive strength (MPa)")
plt.title('Sensitivity Analysis of Enhanced Model’)

plt.show()

Enhanced model ¢pusall z3gaill "¢ of 1lla" Lt 468 (6) (salal)
import joblib
import pandas as pd
import numpy as np
import matplotlib.pyplot as plt
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model = joblib.load("Enhanced model.pk1™)

data = pd.read_excel("mix.xIsx")

data['cement_water'] = data['Cement (kg/m”"3)'] / (data['Water (kg/m”"3)]
+ le-5)

data['binder’] = data['Cement (kg/m”3)] + data['Blast Furnace Slag
(kg/m”3'] + data['Fly Ash (kg/m”3['(

data['agg_ratio] = data['Coarse Aggregate (kg/m”3)] / (data[' Fine
Aggregate (kg/m”3)] + le-5)

features = ['Cement (kg/m”3)'<'Blast Furnace Slag (kg/m”3)«'

'Fly Ash (kg/m”3)'<'Water (kg/m”3)'<'Superplasticizer (kg/m”3)«'
'Coarse Aggregate (kg/m”3)'<'Fine Aggregate (kg/m”3)'<'Age (day)«'
'cement_water'<'binder'<'agg_ratio']

sample = data[features].mean().to_frame().T

variables_to_test = ['Cement (kg/m”3)’, 'Water (kg/m”3)']

deltas = np.linspace(-0.2, 0.2, 9)

plt.figure(figsize=(10,6))

for var in variables_to_test: predicted =[]

for d in deltas:

temp = sample.copy()

temp[var] = temp[var] * (1 + d)

temp['cement_water'] = temp['Cement (kg/m”3)] / (temp['Water
(kg/m"3)7] + 1le-5)

temp['binder’] = temp['Cement (kg/m”3)] + temp['Blast Furnace Slag
(kg/m”37 + temp['Fly Ash (kg/m”3)’]

temp['agg_ratio'] = temp['Coarse Aggregate (kg/m"3)'] /
(temp['Fine Aggregate (kg/m”3)'] + 1e-5)

y_pred = model.predict(temp[features])[0]
predicted.append(y_pred)

plt.plot(deltas*100, predicted, label=var)

plt.xlabel('Percentage change in variable (%))

plt.ylabel('Predicted compressive strength (MPa)")

plt.title('What-if Analysis of Enhanced Model (Cement & Water)')
plt.legend()

plt.grid(True)

plt.show()
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