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Abstract

Screwed connections are widely adopted in timber-concrete composite (TCC) structures.
Owing to the diverse connection configurations and complex shear mechanisms, existing
empirical models or theoretical formulas cannot accurately and efficiently predict the shear
modulus of a screwed connection. Therefore, this study develops machine learning (ML)
algorithms to accurately predict the slip modulus. A data set including 222 sets of testing
results was established by collecting the values of the slip modulus and associated ten
features. Four ML methods, including decision tree (DT), random forest (RF), adaptive
boosting machine (AdaBoost), and gradient boosting regression tree (GBRT), are adopted
to develop the ML algorithm. The Shapley Additive Explanation (SHAP) framework
was employed to interpret the effects of related features on the slip modulus. GBRT
demonstrated the best accuracy compared with the other three ML methods in terms of
four popular quantitative metrics. Moreover, all ML methods showed an evident accuracy
advantage compared to existing analytical methods. Through a SHAP analysis, it was
found that concrete strength, screw inclination, timber density, and timber type have a
large impact on the slip modulus of a screwed connection compared to other input features.

Keywords: timber-concrete composite; screwed connection; machining learning; timber
structures; slip modulus

1. Introduction

Timber—concrete composite (TCC) structures consist of an upper concrete slab and
a bottom timber member (beam or slab), as shown in Figure 1. The concrete slab and
timber member are connected using shear connection systems. The TCC structure was
initially formed for the restoration of old wooden buildings by introducing a concrete slab
into the timber floor system [1]. In modern timber buildings, concrete slabs are applied to
wooden floors to form TCC floor systems, aiming to improve the bending performance,
fire resistance, and vibration performance of the floor system compared to a pure timber
floor [2-5]. Compared with pure concrete buildings, TCC structures offer the advantages
of low carbon emissions and high assembly efficiencies [6-8].

The shear connections are designed to provide a longitudinal restriction to constrain
the relative slip and a vertical restriction to prevent the opening gap between the timber
and concrete. The shear performance of shear connection is mostly evaluated by push-out
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tests, with a symmetric push-out specimen shown in Figure 1. Common connection meth-
ods mainly include screwed, notched-screw, and glued-in steel-plate connections [9-14].
Among them, the screwed connection achieved significant attention, owing to its excel-
lent load-carrying capacity, good ductility, convenient processing, and low construction
cost [9,15].

Concrete slab

Shear connectors

Timber beam
Push-out specimen

Figure 1. Diagram of TCC beam and its connection systems.

The typical screw arrangement approaches are depicted in Figure 2. Initially, screws
were drilled vertically into the timber [16], as shown Figure 2a. The shear performance
of a vertically screwed connector depends primarily on the timber foundation modulus
and screw-bending performance [17]. The typical failure modes are timber embedment
and screw-bending failures. Then, to improve the shear performance of a screwed connec-
tion, some studies [18-20] placed screws inclined in the direction of the load, as shown in
Figure 2b, which is called a shear—tension screw connection, and achieved the expected
improvements. This is because the superior pull-out behavior of the screw increases
the shear performance of the shear-tension screw connection. As a bending member, a
negative bending moment action may occur at the TCC member end or under the re-
peated action of seismic loads. Thus, the shear performance of an inverse inclined screw
(shear—compression screw) connection shown in Figure 2¢ was also investigated [21,22],
and it was demonstrated that its shear performance was inferior to that of the shear—tension
screw connection. To satisfy the shear performance in two directions [23,24], the bidirec-
tional screwed connection is also a commonly used connection method, as shown in
Figure 2d.
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Figure 2. Interface diagrams of four typical screw arrangements: (a) vertical screw; (b) shear—tension
screw; (c) shear—-compression screw; (d) bidirectional screws.

The screwed connection is characterized by screw-bending yielding and timber em-
bedment failures [25-27], demonstrating good ductility. Based on the European yield
model, the calculation methods for the load-carrying capacity of each arrangement were
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established [18,26], and they were adopted in the latest design guidelines [15,28]. However,
existing design standards and guidelines, such as FP 1402/WG 4 [15], Eurocode 5 [29],
and Auclair [30], did not specify detailed rules for the calculation of the slip modulus of
TCC screwed connections, owing to the different stress mechanisms of various screwed
connection configurations.

Several analytical methods for predicting the slip modulus of TCC screwed con-
nections have been proposed. There are some limitations to these models in terms of
applicability and feasibility. For example, Di Nino et al. [31] obtained an analytical model
of the slip modulus of an inclined screw connection with an interlayer by ignoring the
interfacial friction between concrete and timber. However, the analytical model proposed
by Di Nino [31] is a closed-form expression, and its calculation accuracy depends on the
determination of the timber foundation modulus. Mirdad and Chui [32] also proposed
a slip modulus prediction model for an inclined screwed TCC connection with a gap by
determining the actual rotation positions of the screw in glulam, in which the timber em-
bedment foundation stiffness and screw axial withdrawal stiffness were key parameters
that needed to be determined through tests.

In recent years, machine-learning (ML) methods have become powerful tools for
solving various engineering problems because they can extract useful patterns and insights
from a large amount of information, reduce the risk of human error, and improve the
consistency and reliability of the work [33]. Because of the advantages mentioned above,
ML methods were applied to solve many structural problems [34], especially concrete-
related ones [35-37].

As to the application of ML in timber fields, existing studies mainly focused on the
physical properties of wood material, such as its time-dependent responses, moisture
content variations, and hygro-thermal behaviors [38—41]. In particular, attempts applying
ML methods to TCC structures have not been reported. This study aims to establish ML
algorithms and evaluate their feasibility and accuracy in predicting the slip modulus of
the TCC screwed connection and to utilize the Shapley Additive Explanation (SHAP)
framework [36] to interpret the effects of related features on the slip modulus of TCC
screwed connections.

This article employs four popular ML methods—decision tree, random forest, Ad-
aBoost, and gradient boosting regression tree—to provide a prediction of the slip modulus
of TCC screwed connections. This study mainly includes four parts: (i) the collection of
push-out testing results and the establishment of a data set, (ii) the introduction of the
ML methods adopted, (iii) the ML prediction accuracy analysis and SHAP interpretation,
and (iv) a comparison of design methods in existing standards and the latest academic
research. In addition to the accuracy prediction, the work in this study provides a reference
for further improvements in related design methods for screwed connected TCC structures.

2. Establishment of Experimental Data Set
2.1. Introduction of Interfacial Shear Tests for TCC Structures

The interfacial shear performance of TCC screwed connections was evaluated using
single or double shear tests. The double shear test on TCC shear connections was conducted
mainly by adopting the loading diagram (see Figure 3a) and procedure (see Figure 3b)
regulated in EN 26891 [42]. Ling et al. [43] compared the effects of test configurations (single
and double shear tests) on the slip modulus of TCC shear connections, and they found that
the test configuration has no obvious regular effect on the slip modulus. Therefore, the
experimental results based on both single and double shear tests were collected to establish
the slip modulus data set in this study. The relative interfacial slip in the middle of the
connection region was measured to calculate the slip modulus. The slip modulus of the
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screwed connection in the serviceability limit state (SLS) was calculated using Equation (1),
according to EN 26891 [42], which was used to calculate the bending stiffness of TCC beams

dfl in the SLS.
and floors in the 0.4F.q,

K= +—77-—"7"— (1)

%(50.4 —50.1)
where Fest denotes the estimated capacity, which is determined through a preliminary test
or theoretical prediction and should be corrected when the error compared to the actual
maximum test load is larger than 20%; sy 4 and s 1 represent interfacial slip when the loads

are 0.4Fest and 0.1F ¢, respectively, at the first loading cycle, as shown in Figure 3b.
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Figure 3. Loading diagram and procedure: (a) diagram; (b) loading procedure in EN 26891 [42].

2.2. Data Set Processing and Determination of Input Parameters
2.2.1. Data Set Collection

Based on the knowledge of the slip performance of TCC structures, experimental
results using TCC screwed connections were collected. Considering the potential charac-
teristic parameters input in ML models, the articles cited in this study provided explicit
information about slip modulus test values in SLS, material properties, and geometric
configuration parameters. Based on this requirement, 222 sets of experimental data were
extracted from 17 studies [18,21,22,26,44-56] to form the data set. Moreover, all experimen-
tal values were adopted by being unified as the slip modulus values provided via a pair of
screws in the data set because the bidirectional screwed connection (see Figure 2d) consists
of at least two screws.

2.2.2. Determination of Input Features

Many researchers focused on the effects of different features on the slip modulus of screwed
connections. Based on the overview of the related investigations [18,21,22,26,31,32,44,46-55,57],
10 features were determined. First, two typical screw arrangement (SA) methods, including
unidirectional and bidirectional screws, were considered, as shown in Figure 2. As shown in
Figure 2a—Figure 2c, the unidirectional screw connection includes vertical, shear—tension, and
shear-compression screwed connections, respectively.

In addition to SA, the determined input features include the screw diameter, d, in
mm, the screw penetration length in timber, I;, in mm, the screw inclination angle, &, in °,
the screw type (ST), the timber density, pt, in g/cm3, the timber type (TT), the interlayer
(plywood) thickness, tj, in mm, the concrete strength, f., in MPa, and the concrete type
(CT). The relevant parameters are depicted in Figure 2.

Under ST, hexagonal head screws and self-tapping screws are considered. Under TT,
glued laminated timber (GLT), laminated veneer lumber (LVL), cross-laminated timber
(CLT), and composite lumber panel (CLP) are considered, among which CLP is made
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of lumber and structural composite lumber [58]. CT includes normal concrete (NC) and
light-weight aggregate concrete (LWAC).

2.3. Processing and Correlation Analysis

Figure 4 shows the frequency of ten features for the collected data set. In the ML
algorithm routine, the experimental data in the data set must be preprocessed to facilitate
the use of the model for mathematical model classification and regression calculation.
For the features of ds, I, «, py, ti, and f, the actual values of the corresponding physical
variables are adopted in the data set. As to the feature SA, the unidirectional screws are
assigned as 1 when the bidirectional screws are 2. For the feature ST, the self-tapping screw
is designated as 1 when the hexagon head screw is designated as 2. As to the feature TT,
the reference symbols of GLT, LVL, CLT, and CLP are 1, 2, 3, and 4, respectively. For the
feature CT, the reference symbols of LWAC and NC are 1 and 2, respectively.
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Figure 4. Frequency of characteristic parameters.

Figure 5 shows the correlation among the input features. There is a moderate correla-
tion between screw diameter and screw types, with a correlation coefficient of 0.54. This
is because the diameter of self-tapping screws mainly ranges from 6 to 13 mm, whereas
that of the hexagonal head screws is 12-18 mm. The concrete type (CT) and f. have the
highest correlation coefficient of 0.71. The NC essentially has a higher compression strength
than LWAC. In addition, the screw diameter exhibits a moderate correlation coefficient of
0.63 with the concrete compressive strength. However, the authors believe the moderate
correlation between the screw diameter and the concrete compressive strength seems to
be coincidental.
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Figure 5. Correlation between each input feature.
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3. ML Algorithms
3.1. ML Methods

This study uses ML methods to develop an explainable model that can effectively
predict the slip modulus of TCC screwed connections. As shown in Figure 6, the research
process can be described as follows: (i) Establishing a data set based on experimental results
from the existing literature; (ii) preprocessing existing experimental data and determining
the input features; (iii) adopting four classical ML models, including DT, RE, AdaBoost,
and GBRT, to predict the slip modulus of TCC screwed connections; (iv) validating the
accuracy of ML models using four evaluation indexes; and (v) introducing SHAP to explain
the effects of different parameters on the slip modulus of screw connections.
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TCC screwed
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Figure 6. Diagram of ML modeling process.

3.1.1. Decision Tree

A decision tree (DT) is an ML algorithm based on a tree structure for the classification
and regression analysis of a data set [59]. The DT algorithm is characterized by good
classification and generalization abilities [60]. In addition, each decision node of the DL
algorithm relies only on partial features, rather than the entire data set. Therefore, the
influence of local noise or outliers on the entire model is relatively small, resulting in
the good robustness of the DT algorithm [61]. DT adopts the Gini index (GI), which is a
measure of impurity, as the criterion to measure the feature selection [35]. The GI represents
the probability that a randomly selected sample in the data set is misclassified, and it can
be expressed as follows:

K
GI(P) =} pc(1—px) @
k=1
where K denotes the total number of ‘classes’, and py denotes the proportion of samples
belonging to class k in the data set P.

3.1.2. Random Forest

A random forest (RF) is a classifier containing many DTs that can be used for both
classification and regression problems, as well as dimension reduction problems [62-65].
It offers a significant advantage in processing massive and high-dimensional data and
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improving the prediction accuracy without significantly increasing the computational
burden of the algorithm [66].

The general steps of RF are summarized as follows: A part of the samples and some
of features are randomly selected from the training set, and a DT is constructed using the
randomly sampled samples and features; the classification and regression tree (CART)
algorithm is adopted to repeat the above steps several times, randomly selecting different
samples and features each time to build multiple DTs. The final classification result for the
classification task is determined through voting. Meanwhile, for the regression task, the
average value of predicted results of all DTs is taken as the final prediction result [67].

3.1.3. Adaptive Boosting Machine

The adaptive boosting machine (AdaBoost) is a popular ensemble learning algorithm.
Its core idea is to iteratively train multiple weak learners and weight them together to
form a powerful learner [68]. The features of the AdaBoost algorithm mainly include the
following [69-71]: (i) The AdaBoost algorithm can adaptively adjust the weight of samples.
In each iteration, the algorithm adjusts the sample weight based on the prediction results of
the previous weak learner. Subsequent weak learners pay more attention to those samples
that are misclassified. (ii) The AdaBoost algorithm builds the final powerful learner by
iteratively training weak learners. In each iteration, a new weak learner is added until a
predetermined error rate or maximum number of iterations is reached. (iii) The weight
of each weak learner is assigned according to its classification accuracy. The AdaBoost
algorithm can be explained as follows:

n
H(x) = sign) | w;h;(x) 3)
i=1
where H(x) denotes the results of a powerful learner, ;(x) is the predicted result for the i-th
weak learner, n represents the number of weak learners, and w; denotes the weight for the
i-th weak learner.

3.1.4. Gradient Boosting Regression Tree

The gradient boosting regression tree (GBRT) method proposed by Fredman [72] offers
significant benefits in solving classification and regression problems [73]. The procedure
of GBRT are summarized as follows: (i) the GBRT algorithm starts by initializing a basic
classifier [74]; (ii) it calculates the residual value of the previous term model using gradient
descent method; (iii) it minimizes the loss function to obtain the root node value based on
the former residual value, as shown in Equation (4); (iv) and it calculates the estimated
result at the m-th RT. The final GBRT model can be obtained via Equation (5).

N
o = argminy_ [, — Bh(x;a)]” (4)
ap i=1

where 4, ; denotes the output parameter at the m-th iteration for the j-th feature unit, 7" is
the residual of the fitting results at the m-th (m =1, .. ., M) iteration for the i-th data (sample),
B denotes the weight value of weak learners [75], h(x;; a) represents the RT function, and a
represents the RT parameter.

M ]

Fn(x) = Z Zam,jl(x € Rm,]-) 5)

m=1j=1
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whereI =1 for x € Rm,j, and otherwise, I = 0; R,,,, i denotes the feature space for leaf nodes
at the m-th RT [74].

3.2. Quantitative Indices

To evaluate the accuracy of the adopted ML models, four quantitative indices are
adopted: R-Squared (R?), the root mean squared error (RMSE), the mean absolute error
(MAE), and the mean absolute percentage error (MAPE). All of these were adopted previ-
ously to assess the accuracy of various ML algorithms [68,76,77]. The higher the value of R?
or the lower the values for the other three indexes, the higher the prediction accuracy for ML
algorithms. The formulas of the four indices are shown in Equations (6)—(9), respectively.

1 2
121 (Xi —Y;)
2 1=
RP=1-%= — (6)
Y (Yi—-Y)
i=1
1 2
Y (Xi—Y)
RMSE =/ =L — 7)
n
Z |Xz’ - Yl|
MAE==L (8)
n
100% (| X; — Y;
MAPE = 1007 i~ Yi 9)
no=l Y

where X; and Y; are the predicted slip modulus and tested slip modulus, respectively; Y
denotes the mean values of all the tested slip modulus, and # is the total sample number.

4. Development and Results of ML Models
4.1. Hyperparameter Tuning

For different data sets, the hyperparameters of each ML model are different, and the
decision on the hyperparameters directly affects the prediction performance of the final
model. Bayesian optimization is a popular hyperparameter optimization method widely
used in various ML tasks. Hyperopt is a Python library for hyperparameter optimization
that features a Bayesian optimization algorithm at its core. In this study, the Hyperopt
library is used for each ML model, where a parameter space is defined and Bayesian opti-
mization methods are used to automatically select the optimal combination of parameters
for optimizing a given objective function.

Figure 7 shows the influence of a hyperparameter on the prediction accuracy. In
Figure 7a, it can be observed that the minimum sampling leaf significantly affects the
prediction accuracy for the DT model. When the minimum sampling leaf is 1, R? is
stable at approximately 0.9. As shown in Figure 7b, with a decrease in the value of the
minimum sampling leaf, the prediction accuracy of the RF model tended to increase. As to
AdaBoost, the prediction accuracy tends to be stable when the learning rate is larger than
0.01. Figure 7d demonstrates that the R? of GBRT tends to be stable with the increase in
the tree. When the learning rate is 0.01, R? tends to be stable at only 0.6. For comparison,
consider that R? reaches 0.9 when the learning rate is 0.3. Therefore, the hyperparameters
of the ML model significantly affect the final performance of the model.



Buildings 2025, 15, 2458

9 of 21

0.8 1

0.6 1

R2

0.0 1

0.7 4

04 4

1.0

0.4 4

0.7

0.4

o~
o 0.1
-0.2
—— min_samples_leaf=1
—— min_samples_leaf=2 m!n_samples_[eaf=1
. —0.5 | = min_samples_leaf=2
—— min_samples_leaf=3 min_samples_leaf=3
—— min_samples_leaf=4 min:samples:leaf=4
y Y Y Y -0.8 T T T T
20 40 60 80 100 0 40 80 120 160 200
Number of max_leaf nodes Number of n estimators
(a) (b)

W& 08+
g

0.6

T 041

02
—— learning_rate=0.01 —— leaming_rate=0.01
0.0 4 —— learning_rate=0.05
—— learning_rate=0.1
—— learning_rate=0.3
2 % PA 0 10 02+ T T T T T
2 Number of ) § 0 0 ) %0 ) 80 100

umber of n_estimators Number of n_estimators
(© (d)

Figure 7. Influence of different hyperparameters on prediction accuracies: (a) DT; (b) RF; (c) AdaBoost;
and (d) GBRT.

Through the parameter search method combined with the Hyperopt library and
10-fold cross-validation, the optimal hyperparameter combinations are determined for each
ML model. The hyperparameter space and optimal hyperparameter combinations are
listed in Table 1, and the optimal hyperparameters are used for model development.

Table 1. Hyperparameter space range.

Methods Hyper-Param1 Hyper-Param2 Hyper-Param3

DT max_depth(1, 20)/13 max_leaf_nodes(1, 100)/69 min_samples_leaf(1, 10)/1
RF n_estimators(1, 500)/18 max_depth(1, 20)/11 min_samples_leaf(1, 10)/1
AdaBoost n_estimators(1, 500)/21 Learning_rate(0, 1)/0.3230 /

GBRT n_estimators(1, 500)/431 max_depth(1, 10)/3 learning_rate(0, 0.5)/0.3096

4.2. Prediction Accuracy

Figure 8 shows comparisons between the experimental values and the prediction
results for all the adopted ML models. By means of simple random sampling, the samples
in the data set are divided into the training set (80%) and the testing set (20%). To compare
the prediction accuracies of the models, Table 2 lists the performance of the ML models
evaluated using different quantitative indices. Figure 8 and Table 2 demonstrate that the
four adopted ML models can accurately predict the slip modulus of the TCC screwed
connection, with R? values larger than 0.80. This indicates that the ML models achieve
good prediction performance.
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Figure 8. Comparisons between prediction and experimental results (kN/mm): (a) DT model; (b) RF
model; (¢) AdaBoost model; (d) GBRT model.
Table 2. Prediction accuracy of ML models adopted.
R? MAE RMSE MAPE (%)
Indexes
Training Testing Training Testing Training Testing Training Testing
DT 0.9872 0.9076 1.5156 4.8574 2.6026 6.7942 7.35 20.09
RF 0.9421 0.8873 2.6902 5.1744 5.5326 7.5037 11.02 23.48
AdaBoost 0.8751 0.8176 6.1825 7.4909 8.1253 9.5454 41.11 54.36
GBRT 0.9879 0.9197 1.3870 4.2255 2.5338 6.3064 6.38 18.71

As shown in Table 2, the scores of the four indices of the GBRT algorithm on the
training and testing data sets are the best among the compared models. The GBRT algorithm
achieves an R? value of 0.9197 on the testing data set, indicating excellent prediction
performance for the slip modulus of TCC screwed connections. In terms of MAE, RMSE,
and MAPE, the GBRT algorithm also exhibits the best prediction accuracy with the lowest
values of these associated indices. Moreover, a high fitting accuracy can explain the changes
in the target variables in the testing data set well, which is valuable when push-out testing
results exhibit high variations. Owing to the best prediction accuracy, the prediction result
based on the GBRT model is discussed below.

4.3. Interpretation of the GBRT Model Using Shapley Additive Explanations

Shapley Additive Explanations (SHAP), proposed by Lundberg and Lee [78], are an
advanced method for explaining ML model prediction results. The SHAP method can
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effectively assess the effects of the input features on prediction results. Hence, SHAP has
been widely used in previous investigations [68,76].

Figure 9 shows the SHAP values of all input features, ordered from the largest to the
smallest value. The concrete compressive strength, f., exerts the greatest influence on the
slip modulus of TCC screwed connections, followed by the screw inclination angle, &, the
timber type, and the timber density, p;. Moreover, the screw diameter, ds, the interlayer
thickness, t;, the screw arrangement method, and the screw penetration depth, Is, show
similar influences on the slip modulus of screwed connections. The effect of the screw type
and the concrete type on the connection slip modulus can be ignored. The SHAP values
are in exact agreement with the experimental results. For example, the experimental results
revealed that, with an increase in the concrete strength and grade, the slip modulus of the
screwed connection was improved [26,54]. Similarly, for the screw inclination angle, «,
the connection with shear—tension screws, which possess a smaller inclination angle, was
demonstrated to achieve better connection performance [21,51].

Features

‘ ,
0.00 005 010 0.15 020 025 030 035
Features Importance

Figure 9. Influence of different input features.

Figure 10 also shows the influence of all input features on the slip modulus of the
screw connections. It can be concluded that the feature values of the screw diameter (ds),
the timber density (pt), and the concrete compressive strength (f.) have a positive effect on
the slip modulus of TCC screwed connections, as shown in Figure 10a,f,i. For example, the
SHAP value has a significant increase when the concrete compressive strength (f) is larger
than 40 MPa. By contrast, with an increase in the screw inclination angle, the slip modulus
of the screwed connections decreases, as shown in Figure 10d. Similarly, the interlayer
thickness (t;) also has a negative effect on the slip modulus of the TCC screwed connections,
as shown in Figure 10h, and lower #; values result in a higher slip modulus.

However, the screw penetration depth (ls) had no regular effect on the slip modulus
of the screwed connection, as shown in Figure 10b. This is because a sufficient penetration
depth is required in the connection system design process. Regarding to screw arrangement
methods, the unidirectional screw connection (eigenvalue 1) showed an approximately
higher slip modulus than the bidirectional screw connection (eigenvalue 2), as shown in
Figure 10c, owing to the contribution of the higher slip modulus of shear—tension screw for
a screw inclination angle smaller than 90°. Figure 10e reveals that the connection using a
hexagonal head screw (eigenvalue 2) basically shows similar SHAP values to those using a
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self-tapping screw (eigenvaluel). As shown in Figure 10j, adopting NC instead of LWAC
obviously improves the slip modulus of the screwed connection.
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Figure 10. Features impact analysis: (a) screw diameter; (b) screw penetration depth; (c) screw
arrangement methods; (d) screw inclination angle; (e) screw type; (f) timber density; (g) timber type;
(h) interlayer thickness; (i) concrete compressive strength; (j) concrete type.

In order to visually observe the influence of the features on the slip modulus, this
paper selects several significant features from the data set and lists comparative cases
under the same study conditions. The examples are listed in Table 3, in which the line
number denotes the positions of the data in the data set uploaded in GitHub (https:
/ /github.com/Lww-creator/Timber-Concrete-ML, accessed on 25 June 2025). It can be
found that the trend of the influence of the features reflected in the testing results is

consistent with the results of the SHAP analysis.

Table 3. Examples of the influence of features on test results.

References Feature Para. 1 Pos. 1 Result 1 Para. 2 Pos. 2 Result 2
Tao et al. [26] fe 40.8 Lines 41-45 42.92 60.0 Lines 26-30 57.91
Jiang et al. [54] fe 18.2 Line 145 16.11 22.8 Line 146 24.87
Du et al. [50] o 45 Lines 5-6 14.39 920 Lines 11-13 9.49
Derikvand [55] n 30 Line 208 64.80 60 Line 210 32.00
Appavuravther [22]  ds 8 Lines 52-54 6.25 10 Lines 55-57 9.62
Marchi et al. [18] ds 8 Lines 122-125 6.91 12 Lines 130-133 8.20
Mirdad et al. [44] Ot 0.574 Line 175 59.74 0.455 Line 190 53.69
Mirdad et al. [44] i 0 Line 187 27.88 5 Line 188 17.18
Jorge et al. [52] t 0 Line 201 10.1 25 Line 202 14.60

4.4. Interpretation of GBRT

Two typical experimental cases reported by Tao et al. [26] (specimen CBIS16-200-4) and
Appavuravther et al. [22] (specimen 5-M8-200-45-B) are shown in Figure 11. The dataset
sample numbers of specimens CBIS16-200-4 and S-M8-200-45-B are No. 43 and No. 58,
respectively. The eigenvalues of testing data samples No. 43 and No. 58 in the SA feature
are 2 and 1, respectively. The red area in Figure 11 indicates that the parameters have a
positive impact on the interfacial slip modulus, whereas the blue area indicates that the
parameters have a negative impact.

As shown in Figure 11a, the predicted slip modulus of specimen CBIS16-2003-4 is
44.35 kN/mm. Comparatively, its experimental value is 41.75 kN/mm, and the average
slip modulus of the group to which it belongs was 42.92 kN/mm. Thus, the GBRT model
demonstrates good prediction accuracy. Moreover, the large diameter, the absence of an
interlayer, the high concrete compressive strength, and the small screw inclination angle
resulted in a specimen with a relatively high slip modulus.

As shown in Figure 11b, the predicted value for the slip modulus of specimen S-M8-
200-45-B is 13.88 kN /mm, and the corresponding experimental value is 13.040 kN /mm.
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20

The large screw inclination angle (135°), the relatively small screw diameter, and the low
concrete compressive strength result in a relatively low slip modulus compared to that of
specimen CBIS16-2003-4.

44.35

25 30 35 40 45 50

ti=0.0

N N

Is=135.0

a=45.0

13.88

14

fe=40.8 ds=16.0 TT=1.0 SA=20| pt=051

(a)

16 I8 20 2 24 26 28 30
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a=135.0 TT=1.0 ds=8.0 fe=145

(b)

Figure 11. Case studies of two typical experimental specimens: (a) specimen CBIS16-200-4; (b) speci-
men S-M8-200-45-B.

5. Compared with Existing Models
5.1. Existing Analytical Methods

In Section 4, the accuracy of the ML models is verified through four quantitative indices
and two actual case studies, and it is demonstrated that the GBRT algorithm achieves the
best prediction result among the models adopted. To further demonstrate the accuracy and
wider applicability of the ML models, the GBRT algorithm is selected for comparison with
existing analytical methods.

(a) Empirical formula suggested in Eurocode 5 [29].

Eurocode 5 introduces the lateral slip stiffness of the screwed connectors in timber
structures, as shown in Equation (10). The formula should be multiplied by 2 when it is
used to predict the slip modulus of vertical and shear-compression screw connections in
TCC structures [18,26,51].

154
Ot s

= 1
Ks 7 (10)

(b) Dias’s model [79].

Based on the theory of the elastic foundation beam model, Dias [79] established a
theoretical model for a vertical screw connection, in which one-element and two-element
models were separately established by assuming that the concrete foundation modulus
is elastic or rigid. Considering that concrete can provide sufficient constraint for screws
and the concrete foundation modulus is relatively difficult to determine, the one-element
theoretical model is selected to predict the slip modulus of a TCC screwed connection,
as follows:

Kg = 4E,IA3 (11)
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where Eg denotes the elastic modulus of the metal screws, and it is determined to be
210 GPa according to Eurocode 3 [80], I5 represents the inertia moment of the screw (mm?),
A = [ke/ (4Esly)] /4 and k; denotes the linear foundation modulus of the timber (N/mm?).

(c) Wilkinson’s model [81].

Wilkinson [81] proposed a semi-empirical calculation method. In this model, the inter-
face slip modulus was affected by the elastic modulus of the screw, the timber foundation
modulus, and the screw diameter, as shown in Equation (12).

=N

K, = ~Egikid, (12)

N =

(d) Theoretical formula proposed by Du et al. [51].

Du et al. [51] established a formula for a unidirectional inclined screw connection
when the screw inclination angle is less than 90°, i.e., a shear—tension screw connection, by
considering the contribution of the pulling-out stiffness of the inclined screws. This concept
was initially proposed by Marchi et al. [18]. The interface slip modulus of the shear—tension
screw connection can be calculated via Equation (13).

KS:Klsirsz—}—K//cosoc2 (13)

where K denotes the slip modulus component provided by the embedment stiffness of
timber, which can be calculated by Equation (10); K, , denotes the slip modulus component
provided via the pull-out stiffness of the screw, which can be calculated by Equation (14).

K,, = 234(dspr) 124 (14)

where [5 denotes the effective penetration length of the screw drilled into the timber.
(e) Theoretical formula proposed by Tao et al. [26]

Tao et al. [26] established a theoretical calculation method for the slip modulus of
a bidirectional inclined screw connection by superposing the slip modulus provided via
the shear-tension and shear-compression screws, as shown in Equation (15). For the
shear—tension screw, the slip modulus calculation method was derived according to the
elastic foundation beam theory. For the shear—compression screw, the slip modulus calcula-
tion method adopted the work of Stamatopoulos and Malo [82].

Ks = Ksl + KsZ (15)

where Kg; and Ky are slip modulus components provided via shear—tension and
shear-compression screws, respectively. Kg; conforms to the idea of Equation (13), in
which K and K/, are calculated by Equation (16) and Equations (17)—(19), respectively.
Ky is calculated via Equation (10).

K. — ki(sin2Alg + sinh2Alg) (16)
L7 Asina(cos 2Als + cosh 27l + 2)
EsA
K, = — 2= tanhw (17)
S
kax
=2 1 1
w E.ds s (18)
9.35
kax (19)

1.5sin?? a 4 cos22 a
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where Ag denotes the cross-sectional area of the screw, kay indicates the pull-out modulus
of the screw pulled out of the timber, which is an empirical regression formula adopted
by Stamatopoulos and Malo [82], and w is a stiffness factor considering the effects of
metal fasteners.

To calculate Equations (11), (12), and (16), the timber foundation modulus, k¢, must
be determined. To uniformly determine the linear modulus of k;, the empirical regression
formula proposed by Mirdad et al. [83] was adopted, as shown in Equation (20).

0.00011p,24434,0044
7.663 cos? a + 2.645sin® «

ke (20)

5.2. Accuracy of Existing Design Methods

Table 4 presents the results of the four evaluation indices for the five design models
and two typical ML methods for the prediction of the connection with a pair of screw.
GBRT and AdaBoost exhibit the highest and lowest prediction accuracies, respectively, in
accordance with Table 2 among the adopted four ML methods. The prediction results of
the five design models are calculated via Equations (10)-(20), respectively.

Table 4. Accuracy comparison between ML and design models.

Methods Data Set R? RMSE MAE MAPE (%)

GBRT Testing set 0.9197 4.2255 6.3064 18.71

AdaBoost Testing set 0.8176 7.4909 9.5454 54.36

Eurocode 5 [29]  ertical and shear- 0.2490 2.8602 2.0440 18.04
CO].’I’IpI‘E!SSlOIl SCrews

Dias [79] Vertical screw 0.1584 6.7453 6.2532 74.63

Wilkinson [81]  Vertical screw —1.4492 11.5094 10.5199 110.65

Duetal [51] ~ vordealandshear— o000 31054 189610 5672
tension screws

Tao et al. [26] Bidirectional screws 0.1028 15.7801 11.2528 19.45

The formula given in Eurocode 5 [29] was used to predict the slip modulus of a vertical
screw connection. However, the R? value of the formula in Eurocode 5 is still lower than
that of the AdaBoost algorithm used in the prediction of the whole testing set. Moreover,
the prediction accuracy of the four other design methods, which are suitable for different
specific arrangements, is lower than that of the formula (Equation (10)) in Eurocode 5. In
addition, two of them show negative R? values, which denote the relatively poor prediction
accuracy. The values of RMSE, MAE, and MAPE also indicate that the existing design
methods cannot accurately capture the real change trend and distribution characteristics of
the corresponding data set.

Moreover, the aforementioned design methods face certain limitations. For example,
they only apply to specific forms of connection arrangements, and most of the aforemen-
tioned design methods cannot be used to predict the screwed connections with an interlayer.
In addition, for the theoretical calculation methods, the determination of k; and k,x based
on the empirical equation may affect the prediction accuracy because of various tree species,
screw dimensions, and penetration depths.

By comparing the prediction results of the ML-based algorithms (Table 2, Figures 8-10)
and the design methods (Table 4), it can be concluded that the ML methods achieve
significant advantages concerning the following aspects:

(i) High accuracy and extensive applicability. The ML-based methods show better pre-
diction accuracy in terms of the four quantitative indices. In addition, the existing
theoretical and empirical models mostly apply to a specific connection arrangement
depicted in Figure 2. ML-based methods can be used for the slip modulus prediction of
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(ii)

(iii)

any potential connection arrangement, as well as connection-dimensional parameters
and material characteristics, which are covered in the data set.

Discovery in the interface slip mechanism of a TCC screwed connection. With the use
of the SHAP framework, the importance of each feature and its influence on the slip
modulus of screwed connections are shown in Figures 9 and 10, respectively. This
provides guidance for the optimal design of TCC screwed connections. Particularly,
the compressive strength, which is largely overlooked in existing design models, has
been verified to exert significantly positive effects on the slip modulus, whereas the
influence of the interlayer thickness may have been overestimated in the past [52].
High feasibility and convenience. The physical characteristics (input features) of the
screwed connection covered in the data set are easy to obtain and determine, which
means that the prediction using ML-based methods is remarkably convenient in the
process of service engineering design. For comparison, the theoretical and empirical
models rely on the determination of the timber foundation coefficient, axial screw
pull-out modulus, and concrete foundation coefficient that need to be determined
through material tests.

6. Conclusions

This study made a new attempt to introduce the ML method to predicting the slip

modulus of a TCC screwed connection. Four ML methods (DT, RF, AdaBoost, and GBRT)
were adopted to establish the prediction algorithm, and the SHAP framework was adopted
to interpret the ML model prediction results and reveal the slip mechanism of the TCC
screwed connection. A total of 222 sets of experimental data from 17 studies were collected
to establish the data set, and they were randomly divided into training and testing sets. The
prediction accuracies of the four ML methods and five analytical methods were compared

using four quantitative indices. The main conclusions are summarized as follows:

(i)

(ii)

(iii)

(iv)

GBRT shows the highest accuracy in terms of R?, RMSE, MAE, and MAPE compared
with the other three ML algorithms. The GBRT algorithm for the training and testing
sets showed R? values of 0.9879 and 0.9197, respectively, followed by the DT algorithm
corresponding to R? values of 0.9872 and 0.9076, respectively.

The ML algorithms demonstrate higher prediction accuracy and applicability than
existing design methods. The empirical formula listed in Eurocode 5 exhibits accept-
able accuracy only when it is applied to predict the slip modulus of vertical screw
connections without interlayers. The theoretical models face limitations in the ar-
rangement of screws, the presence of an interlayer, and the determination of some
physical parameters.

Through the SHAP framework, it was verified that the concrete compressive strength
exerts the highest influence on the slip modulus of the TCC screwed connection, which
is overlooked in existing theoretical models. The SHAP values of the screw inclination,
the timber type, and the density, which also greatly affect the slip modulus, follow
closely behind the concrete compressive strength.

Through an input feature impact analysis and two typical experimental cases, it
was demonstrated that increasing the timber density, concrete compressive strength,
and screw diameter, as well as decreasing the screw inclination angle and interlayer
thickness, can effectively improve the slip modulus of TCC screwed connections,
which can provide diverse choices for the performance-based design of TCC structures.
The machine-learning method tested in this study can be effectively applied to predict
the slip modulus of the screwed connections, providing precise predictions for the
parametric and performance-based design of interface connections in timber—concrete
composite structures.
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The present study can provide a reference for the design of TCC structures with
screwed connections. The code of the four models adopted in this study, as well as the
collected database of the screwed connections, is available via GitHub (https://github.com/
Lww-creator/Timber-Concrete-ML, accessed on 25 June 2025). This article only employed
four common machine-learning methods. In the next step, more advanced ensemble
machine-learning methods will be adopted. Further work will focus on the development
of ML methods to predict the shear performances of other TCC shear connections, such as
the notched-screw and glued-in steel-plate ones.
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