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A  R  T  I  C  L  E I  N  F  O 

Concrete is one of the most widely used materials in the construction industry. Quality 

control of ready-mixed concrete is important due to the many factors that influence its 

quality from the production phase to placement and curing. Slump, temperature, density, 

and compressive strength are commonly used tests for evaluating the quality of concrete. 

Since the compressive strength test requires 28 days, predicting it using site-specific in situ 

tests can help engineers assess on-site conditions. To develop a prediction model for 

compressive strength, 92 samples of ready-mixed concrete were collected in collaboration 

with the National Standard Organization of Iran in accordance with the relevant national 

standards. The samples were divided into two groups of training and testing datasets, 

including 83 and nine randomly selected samples, respectively. According to the proposed 

model, compressive strength can be predicted from a twelve-term polynomial function in 

terms of powers of density, slump, and temperature, and their products. The performance 

of the model was assessed by calculating statistical indicators for the training samples as 

well as external validation with testing samples not used during model development. The 

model predicted the 28-day compressive strength with a mean absolute error (MAE) of 

0.849 MPa and a coefficient of determination (R²) of 0.744 for new samples. 
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1. Introduction 

Ready-mixed concrete is produced in a plastic, fresh, and workable state by the manufacturer under standard conditions, then 

delivered to the consumer by truck mixers. Evaluating the quality of ready-mixed concrete is challenging, as numerous factors, such 

as transportation conditions, ambient temperature, and curing methods, can influence its properties from production to placement. 

Compressive strength is a key factor in determining the quality of ready-mixed concrete that strongly affects the durability and load-

bearing capacity of structures. This strength is determined through standard compressive strength tests on concrete specimens. These 

tests require waiting until the conventional 28-day testing age to obtain the strength. Current standard criteria have some limitations, 

making the development of alternative evaluation methods necessary [1]. Various parameters can be used to estimate this strength 

at the time of concrete placement. Some studies focus on pre-production factors to optimize the mix design of concrete. However, 

studying in situ parameters, such as slump, temperature, and density of fresh concrete, is necessary to control the quality of concrete.  

Slump is a widely used test for evaluating the workability of concrete [2]. Recent studies have used machine learning methods 

to predict concrete properties, including slump [3]. Both the temperature of fresh concrete and the curing temperature significantly 

influence compressive strength. Since higher temperatures accelerate the hydration process, early strength develops faster, but long-
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term strength is reduced [4-6]. Density is another important parameter that affects compressive strength. In general, denser concretes 

have higher compressive strength, although the type and gradation of aggregates may alter this relationship [7-9].  

However, many existing models predict compressive strength using production-phase characteristics such as the cement-to-

water ratio or aggregate type. Based on these characteristics, Nguyen and Phan generated a hybrid adaptive boosting-particle swarm 

optimization (AB-PSO) model to predict high-performance concrete strength [10]. According to Mahajan and Sharma, aggregate 

type and cement content can be used in random forest and reduced error pruning tree (REPTree) models to predict compressive 

strength [11]. Brahmeswari and Rao also utilized machine learning models such as gradient boosting and XGBoost to predict 

compressive strength using production-stage parameters [12]. Some recent research has utilized fresh concrete test results, 

particularly slump, in machine learning-based models to improve the accuracy of compressive strength estimation [13]. Reviews of 

empirical prediction models for high-strength concrete indicate that the majority of these models are based on mix design variables 

and laboratory testing, rather than on in situ parameter measurements [14]. While some of these methods are effective, developing 

models that use real-time, in situ parameters of fresh concrete is necessary to support practical decision-making during construction. 

Predicting concrete strength before 28 days allows an early decision on the need for corrective or remedial actions. While this skill 

is crucial, only a few research models utilize in situ characteristics for real-time decision-making during construction. 

 In contrast, the aim of the present study is to fill this gap by developing a comprehensive predictive model using slump, 

temperature, and density as key parameters measured directly on-site. This model is based on field data from multiple projects 

across North Khorasan province, Iran. In the development of the model, real-world data from various construction sites were used 

to make rapid and evidence-based decisions about concrete management. This approach, unlike laboratory-based models, includes 

the variety of conditions and variability found in the field, making predictions accurate and actionable in real time. 

2. Sampling and testing methods 

A sampling and testing program was conducted to develop a prediction model for the compressive strength of ready-mixed 

concrete. For this purpose, 92 samples were collected and tested with the support of the Provincial Standard Offices of North 

Khorasan. All sampling and testing, including slump, fresh concrete temperature, density, and compressive strength, were conducted 

following the relevant Iranian National Standards [15-19], which are aligned with the corresponding internationally recognized 

standards, including ISO, ASTM, EN, and BS EN standards [20-24]. Results from 83 samples were used to develop the rapid 

prediction model for compressive strength based on slump, temperature, and density. The remaining 9 samples, randomly selected 

from 92 samples, were used for the final evaluation of the developed model.  

Tables 1 and 2 provide the specifications of the 83 samples used for modeling and the 9 samples used for evaluation, respectively. 

The complete experimental dataset is provided in Table A1 (Appendix A). Tables 1 and 2 display the mean, standard deviation, 

minimum, maximum, and units for slump, temperature, density, and compressive strength. In the data used for modeling (Table 1), 

slump ranged from 45 to 140 mm, temperature from 7 to 32°C, density from 2037 to 2430 kg/m³, and compressive strength from 

19.6 to 31.5 MPa. These tables show that the samples cover a wide range of different conditions well, which helps to investigate the 

effect of different variables on the compressive strength of concrete more comprehensively and accurately. Fig. 1 presents the 

histograms of the variables used in the model. Data normality was examined using the Jarque–Bera, Lilliefors, and Kolmogorov–

Smirnov tests at α = 0.05 [25]. Based on these tests, compressive strength values approximately followed a normal distribution, 

slump and density showed non-normal behavior, and temperature showed mixed results across the tests. Slump and density are 

operational field variables, and temperature is affected by local environmental conditions. Therefore, some departure from normality 

in the raw input variables of slump and density is practically understandable in field-based concrete data. A key strength of this 

dataset is that it comes from various construction projects in the North Khorasan province using standardized sampling and testing 

procedures. The model can accurately represent field conditions because it was developed based on field data rather than laboratory 

or simulated data. 

Table 1. Data specifications of 83 samples used for developing the prediction model. 

Unit Maximum Minimum Standard Deviation Mean Type Abbreviation Parameters 

mm 140 45 21 83 Input S Slump 

̊C 32 7 7 24 Input T Temperature 
3Kg/m 2430 2037 79 2296 Input D Density 

MPa 31.5 19.6 2.7 26.4 Output P Compressive strength 
 

Table 2  .Data specifications of 9 samples used for evaluating the prediction model. 
Unit Maximum Minimum Standard Deviation Mean Type Abbreviation Parameters 

mm 90 65 11 79 Input S Slump 

̊C 32 10 8 22 Input T Temperature 
3Kg/m 2390 2233 52 2341 Input D Density 

MPa 30.4 23.3 2.7 27.4 Output P Compressive strength 
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3. Development of the prediction model 

Slump, temperature, and density are the input variables for the compressive strength prediction model. To identify an appropriate 

form of the prediction model, the correlation between concrete compressive strength (as the output) and different functional forms 

of the input variables was examined, including exponential, logarithmic, radical, trigonometric, and power functions. 

An initial analysis of the results indicates that the highest correlation coefficient with compressive strength exists for first-, 

second-, and third-order power terms, as well as selected products and ratios of input variables, as summarized in Table 3. The 

corresponding p-values are also reported in Table 3, and most of the correlations are statistically significant at p < 0.05. However, 

a few combinations, such as D/(S·T) and 1/T, are not statistically significant and were therefore not considered in the final model. 

Based on these results, all effective parameters were included in developing a polynomial regression model for predicting the  

compressive strength of concrete. The influence of each term was examined during the regression process, and terms with negligible 

effects on prediction accuracy were removed. The final model, obtained by the least squares method, is shown in Eq. 1. In this 

equation, the compressive strength is expressed as a polynomial function of slump (S), temperature (T), and density (D): 

𝐹𝑐
′ = 𝑎1 + 𝑎2𝑆 + 𝑎3𝑆2 + 𝑎4𝑆3 + 𝑎5𝑇 + 𝑎6𝑇2 + 𝑎7𝑇3 + 𝑎8𝐷 + 𝑎9𝑆. 𝐷 + 𝑎10𝑇. 𝐷 + 𝑎11𝑆. 𝑇 + 𝑎12𝑆. 𝑇. 𝐷 (1) 

 

  
(a) (b) 

  
(c) (d) 

Fig. 1. Normal distribution of the data: (a) Density (kg/m3), (b) Slump (mm), (c) Temperature (°C), (d) Compressive strength (MPa). 
 

Table 3. Correlation coefficients between different forms of input variables and concrete compressive strength. 

3D 3T 3S 2D 2T 2S D T S Parameters 

0.219 -0.391 -0.468 0.223 -0.354 -0.419 0.227 -0.303 -0.357 Correlation coefficient 

0.034 0.009 0.002 0.031 0.004 0.003 0.028 0.003 0.004 P-value 

D/(S.T) S/(T.D) 1/D 1/T 1/S S.D.T T.D S.D S.T Parameters 

-0.029 -0.481 -0.230 0.157 0.217 -0.455 -0.274 -0.334 -0.468 Correlation coefficient 

0.784 0.009 0.023 0.131 0.036 0.004 0.008 0.001 0.002 P-value 

Fig. 2 shows a diagram of the overall modeling procedure. This includes preparing the database, selecting the input and output 

parameters, dividing the data into training and testing sets, conducting the regression process, and evaluating the model. This 

diagram provides a visual summary of the main steps from the raw data to the final prediction model. 

In Eq. 1, 𝐹𝑐
′ is the compressive strength in MPa, and the coefficients a1 to a12 are the unknown coefficients of the model. All 

parameters for the data samples are set in the form of a matrix according to Eq. 2: 
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[𝐹𝑐
′] = [1 𝑆 𝑆2 𝑆3 𝑇 𝑇2 𝑇3 𝐷 𝑆. 𝐷 𝑇. 𝐷 𝑆. 𝑇 𝑆. 𝐷. 𝑇 ] [

𝑎1

..

.
𝑎12

] (2) 

According to the least squares method, the vector of unknown coefficients (X) can be calculated from Eq. 3: 

𝑦𝑛×1 = 𝐴𝑛×12𝑋12×1 ⇒ 𝑋 = (𝐴𝑇𝐴)−1𝐴𝑇𝑦  (3) 

Then the residual vector can be obtained from Eq. 4: 

𝑒 = 𝑦 − 𝐴𝑋 (4) 

 

 
Fig. 2. Schematic overview of the modeling process, from data preparation and input and output parameter selection to regression 

analysis and model evaluation. 

If a singularity occurred in the inverse matrix of Eq. 3, Tikhonov's method of regularization was used to solve it. A secondary 

factor variance test was used to ensure error adjustment and correct estimation of coefficients. The test is based on the chi-square 

distribution at a 95% confidence level [26] and was applied in this study as Eq. 5: 
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2 <
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𝛼
2

2

𝑑𝑓
 (5) 

In this equation, 𝜎0
2  is the estimated variance factor, df is the degree of freedom (equal to the number of observations minus 12 

unknown coefficients), and α is the significance level (Type I error). This inequality gives the confidence interval for the variance. 

Also, to evaluate the stability of the coefficients of each model, the intentional error method was applied to each coefficient to test 

the residuals on the estimated observations through error simulation [27].  

Table 4 presents the coefficients, their standard deviations, and corresponding p-values of the twelve-term prediction model. Most 

coefficients are statistically significant, and their small standard deviations indicate precise estimation. Although the ninth 

coefficient (slump × density) is not individually statistically significant, it was retained for structural and predictive reasons. Because 

of the limited sample size and the resulting ill-conditioning (near-singularity) of the design matrix associated with the model 

structure, the coefficient estimates may become unstable. Therefore, the p-value of this term was not used as the sole criterion for 

exclusion. Since the model includes the three-way interaction term (slump × temperature × density), retaining the slump × density 

term preserves the hierarchical structure of the polynomial model. In addition, this term showed a non-negligible negative correlation 

with compressive strength relative to the other transformed input variables (Table 3), and its removal increased the overall mean 

squared error by 0.469%, indicating a slight reduction in predictive accuracy.  
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Table 4. Coefficients and standard deviations of the compressive strength prediction model. 

Coefficients Values Standard deviation P-Value 

𝑎1 -0.01223751 0.005117 0.0194 

𝑎2 -0.58810606 0.246722 0.0198 

𝑎3 0.00852123 0.002610 0.0016 

𝑎4 -0.00003820 0.000009 0.0000 

𝑎5 -0.11111143 0.046205 0.0187 

𝑎6 -0.08002689 0.029171 0.0076 

𝑎7 0.00093905 0.000456 0.0433 

𝑎8 0.01114784 0.003672 0.0033 

𝑎9 0.00000556 0.000089 0.9505 

𝑎10 0.00090258 0.000255 0.0007 

𝑎11 0.02373212 0.010056 0.0210 

𝑎12 -0.00001050 0.000004 0.0171 

4. Evaluating the efficiency of the proposed model 

The efficiency of the proposed model and its prediction accuracy were evaluated in two stages. First, the internal performance 

of the model was assessed by calculating statistical indicators. Second, external validation was carried out using data not employed 

during model development.  

To evaluate the error via statistical indicators, the residuals of the model are provided in Fig. 3. In this figure, the residual values 

are presented to display both the general trend and the variations corresponding to each of the samples. The residuals are small and 

mostly distributed symmetrically around zero, showing that the model’s predictions are generally reliable and free from systematic 

bias. In addition, other indicators were calculated to better assess the accuracy of the predictions. The considered indicators include 

mean absolute error (MAE), mean squared error (MSE), root mean squared error (RMSE), the coefficient of determination (R²), 

and the minimum and maximum prediction errors (differences between the predicted and observed values). Table 5 presents the 

evaluation results for both training and test datasets. The p-values of the coefficients are reported in Section 3, where they are shown 

to be statistically significant and within acceptable ranges. Therefore, they are not discussed further in this section. 

The mean absolute error (MAE) for the training dataset was 1.237 MPa, roughly 4.7% of the average compressive strength, 

reflecting the average size of the prediction errors. The mean squared error (MSE) reached 2.155 MPa², while the residual variance, 

adjusted for degrees of freedom, was 1.578 MPa². Both values are low compared with the variability in compressive strength, 

indicating that the average prediction errors are relatively small. The coefficient of determination (R²) was 0.699, showing that 

69.9% of the variation in the observed data is captured by the model, while 30.1% remains unexplained. This conclusion is also 

supported by the comparison graph (Fig. 4), where the fitted line is close to the ideal y = x line, and most points lie near it.  

To evaluate the external performance of the model, nine data points that were randomly set aside at the beginning and not used 

during model training were employed. The MAE and RMSE for the nine testing samples are 0.849 MPa and 1.285 MPa, respectively. 

These values are slightly lower than the corresponding values for the training dataset. This observation indicates that the model can 

effectively predict the unseen data. The coefficient of determination, R² = 0.744, confirms that the model can capture a substantial 

proportion of the variance. Furthermore, the minimum and maximum prediction errors are -3.48 MPa and 0.89 MPa, respectively. 

These values show limited variation and are smaller than those observed for the training data. A closer look at the residuals indicates 

that the model can predict samples with compressive strengths below 25 MPa more accurately. Since such low early-age strengths 

are undesirable, the model’s ability to estimate the 28-day compressive strength from initial measurements (slump, density, and 

temperature) can help guide decisions on-site. 

 
Fig. 3. Residuals of model predictions for all samples. 

The main objective of this model is to offer a fast and simple method for estimating compressive strength based on basic slump, 

temperature, and density tests. Thus, the observed errors mainly reflect natural variations in concrete quality and uncertainties in 

production, transportation, and placement. Considering these, the proposed model can be used as a useful and efficient tool for rapid 
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and practical prediction of the compressive strength of ready-mixed concrete in real conditions and on-site projects. It should be 

mentioned that this model is applicable to the range of input parameters considered in this study. According to Table 1 and 

considering the accuracy of the prediction model, the recommended ranges for input parameters are 50 to 140 mm, 7°C to 32°C, 

and 2040 to 2430 kg/m3 for slump, temperature, and density, respectively. At the same time, one limitation of this study is the 

relatively small number of training and testing samples. This was mainly due to the need to use only sufficiently reliable and well-

documented data for modeling and validation. Therefore, a smaller but more reliable dataset was preferred. Future work should 

validate the model using larger independent datasets when such reliable data become available. 

Table 5. Model performance metrics for the training and testing datasets (MAE, MSE, RMSE in MPa; R² unitless). 

Dataset MAE MSE RMSE R² Min Error Max Error 

Training dataset 1.237 2.155 1.468 0.699 -3.68 2.67 

Testing dataset 0.849 1.651 1.285 0.744 -3.48 0.89 

 

 
Fig. 4. Comparison of observed and predicted compressive strength values. 

5. Effects of temperature, density, and slump on the compressive strength of ready-mixed concrete 

After developing the prediction model, the influence of key input parameters on compressive strength is considered. In this 

section, the effects of temperature, density, and slump on the compressive strength of ready-mixed concrete are analyzed using the 

proposed model. Fig. 5 provides a clearer analysis of how variations in temperature, density, and slump affect compressive strength. 

To illustrate parameter interactions, graphs were created by varying two parameters along the axes while holding the third constant. 

Based on the adopted approach, the following parameter values were chosen for constructing the interaction graphs: Density: 2000, 

and 2400 kg/m³, Slump: 40 and 120 mm, and Temperature: 15 and 35°C. 

5.1. Effect of temperature and slump on compressive strength 

The contour plots in Figs. 5a and 5b show an approximately circular region in the temperature–slump space where the predicted 

compressive strength reaches its highest values. For both densities of 2000 and 2400 kg/m³, the peak region is observed around 

slump values near 91–103 mm and temperatures approximately 14–21°C. Moving away from this region in either direction, whether 

by increasing or decreasing the slump or by changing the temperature, is associated with a gradual reduction in predicted strength. 

For example, at a density of 2000 kg/m³, increasing slump to 140 mm at 15°C corresponds to a decrease in predicted strength from 

26.6 MPa down to 20.7 MPa. A similar trend is seen at 2400 kg/m³, where predicted strength decreases from near 30.4 MPa to 21.4 

MPa under comparable conditions. Likewise, fixing slumps and increasing temperatures tend to reduce predicted strength. After 

observing the patterns in Figs. 5a and 5b, the optimal ranges for slump and temperature were calculated using the prediction model 

across the studied density interval (2000-2450 kg/m³). The optimal ranges for slump and temperature that lead to maximum 

compressive strength are found to be 89–105 mm and 17–18°C, respectively. The optimum temperature range is close to the standard 

curing temperature of 20 ± 2 °C used in the Iranian and European standards and is also consistent with ASTM practice and previous 

studies [5, 19, 23, 28].  

It is recognized that workability (as indicated by slump) and temperature affect hydration and compaction, and as a result, 

influence compressive strength. While earlier studies such as Neville emphasize the influence of mixture proportions and curing on 

strength, they do not prescribe a single optimum for slump and temperature under all conditions [6]. Our results similarly show a 

peak region in the parameter space where predicted compressive strength is highest. 

5.2. Effect of density and temperature on compressive strength 

Figs. 5c and 5d show the effects of density and temperature on compressive strength at two fixed slump levels, 40 mm and 120 

mm, respectively. As can be seen in these figures, increasing density leads to higher compressive strength. For example, at a slump 

of 40 mm and within the temperature range of 14–21°C, raising density from 2000 to 2400 kg/m³ increases the predicted strength 

from about 22.5 MPa to roughly 30.3 MPa, a 35% increase. At the higher slump of 120 mm, the same amount of change in density 

results in a smaller increase of about 8%, from around 25.7 MPa to 27.8 MPa. This indicates that the influence of density on 

compressive strength is more evident at lower slump levels. 
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As observed in Figs. 5a and 5b, the effect of temperature follows a similar trend, with an optimal range identified between 14 

and 21°C. Moving outside this range reduces the predicted strength. Unlike the slump–temperature plots, there is no distinct optimal 

density, and higher density consistently improves strength. This conclusion is consistent with the finding of other research, such as 

that of Mehta and Monteiro, that concrete density significantly affects compressive strength [7]. These observations highlight that 

both density and temperature are important parameters, while the magnitude of density effects depends on the slump level. 

The effect of temperature on strength reduction is investigated at a representative density of 2400 kg/m³. At this density, the 

maximum compressive strength of 30.37 MPa occurs at a slump of 92 mm and a temperature of 17°C, according to Eq. 1. Keeping 

slump and density constant, increasing the temperature to 32°C reduces the predicted strength by 11.2% to 26.98 MPa. Decreasing 

the temperature to 7°C reduces the strength by 17.8%, resulting in a new value of 24.96 MPa. These results show how deviations 

from the optimal temperature range can reduce the compressive strength. 

  
(a) (b) 

  
(c) (d) 

  
(e) (f) 

Fig. 5. Effect of key parameters on the 28-day compressive strength of ready-mixed concrete: (a and b) density fixed at 2000 and 2400 

kg/m³, (c and d) slump fixed at 40 and 120 mm, and (e and f) temperature fixed at 15 and 35 °C. 

5.3. Effect of density and slump on compressive strength 

Figs. 5e and 5f show the combined effect of density and slump on compressive strength at fixed temperatures of 15°C and 35°C, 

respectively. The general shape of these plots is similar to that observed in Figs. 5c and 5d. In contrast to Figs. 5a and 5b, no distinct 

optimum region is observed for slump and density. Instead, compressive strength consistently increases with an increase in density 

in both figures. For example, at a slump of about 100 mm, increasing density from 2000 to 2400 kg/m³ raises the compressive 

strength from approximately 26.3 MPa to about 30 MPa at 15°C and from around 22.7 MPa to nearly 25.3 MPa at 35°C. At the 

same time, the influence of slump follows a pattern similar to that of Figs. 5a and 5b. Slump values in the range of approximately 
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90–100 mm lead to higher compressive strength, and deviations from this range reduce the strength. These results confirm that an 

intermediate slump range remains favorable across different temperature conditions. 

Similar to section 5.2, the effect of slump is investigated at a representative density of 2400 kg/m³. Increasing slump to 140 mm 

from the optimum value of 92 mm at a constant density and temperature of 2400 kg/m3 and 17 °C reduces the compressive strength 

by 30.3% to 21.4 MPa. Conversely, decreasing slump to 50 mm reduces the compressive strength by 3.2%. These results show that 

increasing slump is more effective in reducing the compressive strength, and the effect of reducing the slump is negligible. The 

asymmetry in the predicted effect of slump is seen across the studied slump range in Fig. 5(a) and Fig. 5(b), not only at the extreme 

values. Therefore, it is not interpreted as a boundary effect of the model and may be explained as follows. At high slump, strength 

decreases due to an increase in the water-cement ratio. In contrast, at low slump, the mix becomes less workable and harder to 

compact, but the lower water-cement ratio partly balances this effect. 

6. Conclusion 

In this study, a prediction model was developed for the 28-day compressive strength of concrete based on density, slump, and 

temperature of fresh concrete. Non-time-consuming tests can be used to predict the results of time-dependent compressive strength 

tests, enabling engineers to make quick decisions about concrete quality control. For this purpose, 92 ready-mixed concrete samples 

were tested from real projects in North Khorasan province. Using real samples instead of laboratory ones increases the validity and 

reliability of the model for use in the construction industry. Results from 83 samples were used to develop the rapid prediction 

model for compressive strength, while the remaining randomly selected 9 samples were used for the final evaluation of the developed 

model. 

• A prediction model consisting of twelve terms was developed to estimate the compressive strength of concrete based on 

slump, temperature, and density. For this purpose, different combinations and functional forms of these variables were 

examined. The model includes a constant term, polynomial terms up to the third order for slump and temperature, a linear 

density term, and product terms of slump–density, temperature–density, slump–temperature, and the product of these three 

variables. The prediction model is applicable to the considered range of input parameters, 50 to 140 mm, 7°C to 32°C, and 

2040 to 2430 kg/m3 for slump, density, and temperature, respectively.  

• The performance of the proposed model was evaluated for both training and testing datasets. Statistical indicators included 

p-values of the coefficients, mean absolute error (MAE), mean squared error (MSE), root mean squared error (RMSE), 

coefficient of determination (R²), and maximum and minimum prediction errors. In all cases, the model predicted the results 

with good accuracy. It is notable that the performance of the model on the testing data was close to and slightly better than 

the training data. This evidence shows that this model can estimate the compressive strength in terms of density, slump, and 

temperature for new samples. 

• It was found that the optimal ranges for slump and temperature across all studied densities leading to maximum compressive 

strength are 89–105 mm and 17–18°C, respectively. 

• In contrast to slump and temperature, density does not have a specific optimum range, and increasing density increases the 

compressive strength. 

• The prediction model demonstrates that the optimum values for slump and temperature at a density of 2400 kg/m³ are 92 

mm and 17°C. At these conditions, the compressive strength reaches 30.37 MPa. Keeping density and slump constant and 

increasing the temperature to 32°C reduces the strength by 11.2%, while decreasing it to 7°C causes a 17.8% reduction. 

These findings indicate that the impact of temperature deviations on compressive strength is significant. 

• In a similar manner, keeping density and temperature constant and increasing the slump to 140 mm reduces the strength by 

30.3%, whereas decreasing slump to 50 mm reduces it by only 3.2%. These results show that the effect of increasing slump 

on compressive strength is considerable, while the effect of reducing the slump is negligible. 
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Appendix — Supplementary Experimental Data 

Table A1. Experimental results of 92 concrete samples used for model development (slump, temperature, density, and 28-day 

compressive strength).   

No. 
Slump 

 (mm) 

Temperature 

 ( C̊) 

Density  

(kg/m3) 

Compressive strength 

 (MPa) 

 
No. 

Slump 

 (mm) 

Temperature 

 ( C̊) 

Density  

(kg/m3) 

Compressive strength 

 (MPa) 

1 70 22 2212 27.8  47 95 12 2390 25.4 

2 80 26 2283 29.3  48 90 28 2292 28.9 

3 75 27 2297 24.1  49 95 29 2300 29.1 

4 70 25 2402 29.8  50 100 26 2308 29.8 

5 100 18 2303 27.8  51 90 7 2265 25.2 

6 100 18 2243 31.5  52 70 10 2360 26.5 

7 90 26 2272 29.6  53 70 32 2233 21.8 

8 120 32 2192 24.8  54 45 13 2137 25.2 

9 110 27 2244 25.4  55 85 22 2338 30.3 

10 70 30 2314 27.0  56 90 17 2390 30.2 

11 80 21 2330 30.7  57 130 32 2365 20.5 

12 80 18 2273 28.1  58 70 25 2380 25.5 

13 100 25 2188 24.9  59 75 25 2039 23.1 

14 100 18 2196 25.7  60 70 30 2380 25.1 

15 125 32 2310 21.8  61 50 22 2370 28.0 

16 90 24 2233 26.9  62 60 25 2380 26.8 

17 70 27 2197 23.0  63 70 28 2390 27.5 

18 70 15 2282 28.5  64 135 29 2360 20.4 

19 100 12 2238 27.3  65 70 27 2370 28.6 

20 70 13 2252 26.9  66 70 29 2350 25.9 

21 70 12 2276 28.2  67 90 29 2430 25.5 

22 125 30 2350 22.3  68 90 30 2350 25.0 

23 80 18 2266 25.9  69 125 32 2350 21.3 

24 80 13 2288 28.5  70 100 31 2360 27.2 

25 70 30 2360 27.0  71 80 31 2350 27.6 

26 80 32 2280 24.2  72 80 25 2268 26.9 

27 110 25 2303 28.5  73 90 13 2207 29.0 

28 65 22 2281 29.8  74 90 27 2263 26.3 

29 75 32 2236 24.3  75 70 23 2350 27.9 

30 75 20 2360 30.7  76 70 31 2350 26.4 

31 140 22 2360 21.5  77 80 31 2350 27.2 

32 80 12 2350 27.7  78 70 30 2370 27.8 

33 130 32 2280 19.6  79 70 29 2350 25.8 

34 60 23 2314 25.1  80 70 32 2390 25.2 

35 140 14 2370 21.5  81 70 29 2360 25.6 

36 65 10 2350 23.3  82 70 32 2350 27.2 

37 80 18 2236 28.7  83 80 29 2290 25.2 

38 105 26 2266 27.8  84 50 32 2310 26.4 

39 90 22 2300 30.7  85 80 22 2325 28.5 

40 80 32 2263 23.6  86 90 18 2380 30.4 

41 50 32 2304 24.0  87 55 14 2037 23.2 

42 85 23 2164 26.4  88 70 12 2410 30.1 

43 70 32 2250 25.2  89 65 20 2037 22.7 

44 70 27 2320 27.4  90 80 20 2264 25.7 

45 60 28 2233 24.9  91 65 16 2350 30.1 

46 90 13 2390 30.0  92 65 22 2350 29.4 
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