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Abstract: The fundamental period is one of the most important parameters for the design of new
structures , as well as the estimation of the capacity of existing ones. However, its calculation requires
the solution of an eigenvalue problem. Especially for new buildings, this can involve material and
geometric parameters that are not known beforehand. Thus, to estimate it, various design codes
and researchers have adopted a several approximate analytical equations based on a number of
key structural parameters. To this end, the present study introduces a novel methodology for the
derivation of analytical equations for the fundamental period of Reinforced Concrete (RC) structures.
The methodology is based on Machine Learning (ML) explainability techniques and specifically
the so-called SHapley Additive exPlanations (SHAP) values. The novel methodology allows these
equations to be constructed sequentially and in an informed manner, controlling the balance between
accuracy and complexity. An extended dataset comprised of 4026 data points is employed. The results
showed excellent accuracy, with a coefficient of determination R2 ≈ 0.95. This demonstrates the
potential applicability of the proposed methodology in a wide array of similar engineering challenges.

Keywords: fundamental period; masonry infilled framed structures; machine learning; explainability;
SHAP; analytical equations

1. Introduction

The Fundamental Period (FUP) of buildings is a very important parameter in the context of new
structures’ seismic design. Moreover, it is a crucial feature that can be used for the determination of
existing buildings’ seismic capacity [1,2]. The design spectrum of available seismic codes, combined
with the estimated FUP, can lead to the determination of the forces introduced by a seismic excitation
in a building, i.e.,, the calculation of the seismic base shear. Furthermore, FUP is a crucial feature that
can be employed for the near real time estimation of the seismic forces introduced on the buildings, by
a strong seismic excitation (under the corresponding acceleration spectrum). In this way, the level of
seismic damage can be macroscopically estimated and documented [3,4].

However, as it is well known, the calculation of the fundamental period, requires the solution
of an eigenvalue problem. The formulation and solution of this problem, under the finite elements’
framework, requires the knowledge of the values of numerous parameters to be used for the estimations
of the stiffness and of the mass matrices of buildings [5,6]. Furthermore, in the case of designing new
buildings, the values of the above parameters cannot be known before the final design. Therefore, it is
particularly useful to develop approximation methods for the estimation of FUP. This can be achieved
either by considering only some of the problem’s parameters that can be easily calculated at the design
stage of new buildings, or by directly estimating them by working already existing buildings (e.g.,
buildings for which a rapid assessment of their seismic capacity has been performed before or after a
strong seismic excitation).
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In particular, for the case of new reinforced concrete (RC) buildings, the respective design codes [7–
18] have globally incorporated in the last decades approximate equations for the estimation of FUP,
recognizing its usefulness in the design process. However, in addition to the codes, the formulation
of approximate equations for the calculation of the fundamental period has been the subject of a
significant number of research papers [19–33]. These research studies have utilized instrumental
measurements of buildings during strong seismic excitations, as well as measurements of ambient
vibrations. In addition, numerical finite element models have been used in order to increase the
number of buildings based on which the FUP equations have been developed. The obtained results
were used to document the existing approximate equations of the codes and to improve them.

One of the parameters that can significantly affect the value of the fundamental period, are the
masonry infills. It has been shown, through a series of numerical and experimental researches, that
masonry infills can significantly increase the horizontal stiffness of Reinforced Concrete (RC) buildings,
resulting in a significant change in the seismic forces they receive. Thus, the specific research to
assess the influence of masonry infills on the FUP approximation equations, has been the subject of a
significant number of research papers [34–44].

Statistical processing of instrumental measurements or results obtained from computational
analyses is a basic research approach aiming at the formulation of approximate equations for the
estimation of FUP in RC buildings. This can be done with or without masonry infills. Therefore, the
problem is reduced to the processing of available databases, containing values of the fundamental
periods of buildings with different structural characteristics. In this regard, the recent rapid increase
in the use of machine learning (ML) algorithms for solving civil engineering problems [45–49] has
has given a new perspective to the investigation of equations for estimating the fundamental periods
of RC buildings with masonry infills (RCB_MI). The inherent ability of ML algorithms in handling
large volumes of data and their potential in modeling multiparametric cases [50–54]) has led to their
engagement as the main modeling tools for the estimation of FUP in infilled RC buildings.

1.1. Literature Review

Kose [55] developed relationships for calculating the fundamental period of masonry infilled
buildings, using a multiple Linear Regression model. To investigate the structural parameters that most
influence the value of the fundamental period he performed sensitivity analyses using Feed-Forward
Artificial Neural Networks (ANN) with one hidden layer. Thus, he derived models that correlate FUP
with the height, the percentage of RC walls and the percentage of masonry infills of the buildings.

Asteris developed a dataset [56] that was suitable for training ML algorithms to develop simplified
equations for the estimation of the fundamental period of RCB_MI. This dataset has been used by
other researchers and it is briefly described in Section 2.1 of the present paper. Asteris et al. [57] used
the above dataset [56] to train feed-forward ANNs with one or two hidden layers. The developed
model offered values for the fundamental period of infilled RC buildings. These values have been
compared with the ones derived from the equations suggested by the codes. These comparisons
have shown that the correlation between the FUP and the structural parameters (e.g., the buildings’
height, the number and the length of their openings, the strength and the percentage of masonry infills)
leads to more realistic results than the correlation of the fundamental period with the height of the
buildings, that was proposed by most available codes. In a later study, Asteris and Nikoo [58] used the
aforementioned dataset [56] to train feed-forward ANNs which were optimized via an artificial bee
colony optimization algorithm. Using this methodology, they obtained high correlation coefficients
between the considered structural parameters (building height, number and length of openings, as
well as strength and percentage of masonry infills) and the fundamental period.

Charalampakis et al., [59] used the same dataset [56] to train feed-forward ANNs with two or
three hidden layers (which can be considered too complicated to offer a model that can generalize). They also
applied the M5Rules algorithm, which belongs to the group of decision tree learners. They finally
arrived at a set of simplified equations for computing the fundamental period as a function of: the
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number of storeys, the stiffness of the infill walls and the frames’ span length. They derived separate
equations for different masonry infill ratios (opening ratio from 0% for bare frames to 100% for fully
infilled RC frames) and a single equation for all masonry infill rates (opening ratios).

Somala et al., [60] applied a series of ML algorithms (linear regression, ridge regression, k-nearest
neighbors, support vector regression, random forest, decision tree, extreme gradient boosting and adaptive
boosting) using the above training dataset created by Asteris [56]. From their study they reached the
main conclusion that the XGBoost algorithm is the most effective algorithm for predicting the value of
the FUP. Moreover, they also concluded that the number of storeys is the most important structural
parameter. This conclusion is consistent with the choice of most codes to relate the FUP to the height
of RC buildings.

Mirrashid and Naderpour [61] applied a feed forward neural network model with one hidden
layer and a Neuro Fuzzy (ANFIS) one [62] based on the Asteris dataset [56]. They tried to derive
equations for computing the FUP values. For their study they used the dataset developed by
Asteris [56]. One of their most remarkable conclusions was that the most effective parameter for
the calculation of the fundamental period is the masonry infills ratios of the frames (opening ratios).

Yahiaoui et al., [63] used three Boosting ML models (LightGBM, Gradient Boosting Decision
Trees and CatBoost) which they trained with the Asteris training dataset [56]. Moreover, by applying
the “Multivariate Adaptive Regression Spline” technique they arrived at an approximate equation for
computing the FUP values. From the comparisons they made with similar relations available in the
literature, they concluded that the combined use of the LightGBM model and the Multivariate Adaptive
Regression Spline technique leads to the most efficient relation both in terms of the level of Accuracy
and avoidance of Overfitting effects.

Thisovithan et al., [64] used four ML algorithms (Artificial Neural Network, k-Nearest Neighbors,
Support Vector regression, and Random Forest). The results of these models were interpreted
using three different Post-Hoc explanations. We should clarify that Post-hoc explainability methods
analyze and interpret the decision-making process of a trained model after it has made predictions,
providing insights into how the model arrived at its outputs. In addition, they developed an
(Explainability) XAI-based user interface [65] through which it is possible to input the appropriate
structural data/parameters and to obtain the automatic extraction of the estimated fundamental period.
By using this application, it is possible to achieve in real time the selection of structural parameters in
order to optimize the design of the infilled RC frames and to interpret how each structural parameter
influences the final result.

1.2. Novelty and Contribution of the Research

This research has strong elements of novelty, as it introduces an explainable modeling approach
using the SHapley Additive exPlanations (SHAP values). The SHAP Machine Learning explainability
methodologies, are used to provide interpretable, analytical equations that approximate the behavior
of the underlying ML model. They quantify each feature’s importance based on the predictive power
it contributes, accounting for complex feature interactions. They employ Game Theory to assign credit
to each feature, or feature value, resulting in the prediction capacity of the developed model. The
way SHAP works is to decompose the output of a model by the sums of the impact of each feature.
As it will be shown, SHAP values are feature attribution methods, i.e.,, they analyze the predictions
of the ML model into components pertaining to each individual feature. However, in the currently
established literature, this methodology is employed as an explainability tool, i.e.,, to quantify the effect
of each input parameter on the model’s prediction [60,64]. In our proposed formulation, SHAP values
are not only used in this regard, but in addition, departing from the currently established literature,
they have been employed as a basis for the creation of interpretable, simplified, analytical equations
that approximate the behavior of the underlying ML model.

Thus, the benefit of the proposed formulation is threefold. Firstly, the analytical equations are
derived independently and sequentially. Secondly, again by utilizing the SHAP values, features are
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inserted into the simplified model in an informed manner, starting from the most important ones.
Lastly, this allows a controlled tradeoff between accuracy and model complexity, as dictated by the
specific application at hand.

2. Materials and Methods

2.1. Dataset Description

The dataset employed in the present study is the so-called “FP4026 Research Database” introduced
by Asteris in 2016 [56]. The dataset consists of 4026 data points, corresponding to infilled Reinforced
Concrete plane frames. For each frame, five structural parameters were recorded, namely: 1) the
number of storeys 2) the number of spans 3) the length of the spans 4) the masonry walls’ stiffness
and 5) the opening percentage, i.e.,, the percentage of the panel area covered by the infill walls. The
corresponding fundamental period was estimated using the Seismostruct Finite Element Package [66].
The modeling of the infill walls followed the equivalent strut nonlinear cyclic formulation introduced
by Crisafulli [67].

The material properties of the frames as well as their dimensions affect the overall stiffness
and thus, the fundamental period. In this dataset, the concrete corresponded to C25/30 (25MPa
compressive strength and 31GPa modulus of elasticity), while the steel in the reinforcement bars
had a strength of 500MPa (corresponding to B500c). The dimensions of the structural members were
designed based on EN1998-1 [7]. The beams and slabs had constant dimensions (250/600 and 150
mm, respectively) for all frames. The dimensions of the columns varied with the number of storeys,
although this variation is not one of the parameters considered in the present study.

The distribution of the five measured structural parameters as well as the estimated fundamental
period is shown in the following Figure 1. The number of storeys ranged uniformly between 1 and
22, while the number of spans was either 2, 4, or 6, with the majority of the frames (65%) had 6 spans.
The corresponding length of the spans was uniformly distributed between 3, 4.5, and 6 meters, with
a smaller number of structures having 7.5m span length. The masonry wall stiffness ranged from
2.25 to 25 ×105 kN/m, while the corresponding opening percentage ranged from 0 to 100%, with
approximately 46% of the cases corresponding to bare frames.

Figure 1. Distribution of the considered structural parameters and the estimated fundamental period.

2.2. Data Preprocessing

Following the above observations, we preprocessed the available dataset as follows: Firstly,
we scaled the opening percentage to the [0,1] range so that its values are not much larger than the
rest of the features. Subsequently, we transformed the given fundamental period using the natural
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logarithm. This ensures that any regression model will output strictly positive values, by using the
inverse exponential transformation. Finally, even though, as was mentioned, 46% of the cases were
bare frames, the corresponding data points had values for the masonry wall stiffness that covered
the entire range of that feature. However, such data points don’t make physical sense. Thus, from
a mathematical point of view, any regression model trained using these data points is trained on
non-physical data points. To this end, in the present study, we removed the corresponding stiffness
values, treating them as NaN’s (“not a number”, missing value). As we will examine in the sequel, this
modeling decision affects the choice of regression models, as well as the computation of SHAP values.

2.3. Machine Learning Modeling

One can try and compare all available algorithms which have the potential of offering high
accuracy. However, the most important aim of our research team is not to find the “one and only
optimal model” for a specific dataset and another “optimal” one for another dataset. A more realistic
target is to develop a low complexity model, that can effectively generalize with high accuracy, capable
of avoiding overfitting, and easily adjustable. This can be ensured by employing Explainability
techniques and more specifically in this study by estimating respective SHAP values. This can lead to
the potential development of simplified analytical equations. Thus, our trained ML model must exhibit
a high enough accuracy level, so that the obtained SHAP values are reliable, without having overfitted
on the available dataset. To this end, there are many available regression models in the literature.

In this study, we have employed a Gradient Boosting Machine [68], which offers several advantages.
First, it is a powerful algorithm that combines a group of “weak models” to produce an Ensemble
model, in an iterative procedure known as Boosting [68], wherein the errors from each iteration are
used as input in the next. Specifically, the algorithm employs the following learning function seen in
equation (1).

f (x) =
N

∑
i=1

wi fi(x; λi) (1)

In the above equation, fi are the “weak models”, which are usually Decision Trees, although other
models have been employed as well [69]. In addition, λi are the learned parameters of each individual
model, wi are the learned weights used for the ensembling, and N is the user defined maximum
number of base models. In the present study, we used a maximum number of N = 30 trees, each with
a maximum depth of 5.

The models’ hyperparameters were determined typically by using a trial an error approach. As
it has already been mentioned, the aim of this study is not to identify “the best” model, but rather a
model with high enough accuracy and, at the same time, low complexity, to avoid overfitting on the
particular dataset.

One additional advantage of the employed algorithm is that it natively supports Not a Number
(NaN) values, which, as we mentioned, we introduced into the dataset as part of the preprocessing.
These NaN values are somewhat restrictive with regards to the choice of the regression model, as
not all algorithms support them, but they have two distinct advantages. On the one hand, they are
conceptually correct. On the other hand, SHAP values, which are central to our formulation, model
NaN values exactly, as we will discuss in the sequel.

2.4. Shapley Additive Explanations (SHAP)

SHapley Additive exPlanations (SHAP) is a machine learning explainability technique recently
developed by Scott Lundberg [70]. Intuitively, SHAP values decompose the ML model’s predictions
into a summation of terms corresponding to each individual feature. They do this by extending the
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so-called Shapley values [71] from cooperative game theory, proposed by Lloyd Shapley in 1951.
Formally, given a trained ML model f , a local approximation g is defined as follows (equation (2))

g(w) = ϕ0 +
m

∑
i=1

ϕiwi (2)

where m is the number of features, ϕ0 is the mean model prediction, ϕi are the SHAP values, and
w ∈ Rm is the so-called “simplified input” [70] , i.e.,, a binary vector whose ith value shows whether
or not the corresponding feature was missing. Thus, for each data point, the model’s predictions is
decomposed into terms pertaining to each individual term, and a constant term, i.e.,, the average
prediction. In addition, SHAP values satisfy an important property called missingness [70], which
states that features whose value is missing have no contribution to the model, i.e.,,

wi = 0 ⇒ ϕi = 0 (3)

Following the notation of Lundberg and Su-In [70], let M = 1, 2, ..., m be the complete feature set that
was employed and let S ⊆ M be a subset. Then, the coefficients ϕi are given by the following equation
(4)

ϕi = ∑
S⊆M\{i}

|S|! (m − |S| − 1)
m!

( f (S ∪ {i})− f (S)) (4)

The intuitive interpretation of the above equation is that the SHAP values are a weighted average over
all possible feature combinations of the gain in the model’s prediction when feature i is included. From
the above it becomes apparent that if the underlying ML model has a high enough accuracy, the sum
of the corresponding SHAP values will also be close to the true target values.

3. Results

As it has been previously stated, the aim of this study is to employ explainability techniques and
SHAP values in particular to derive simple, analytical, and additive formulas for the estimation of the
fundamental period. To ensure that these SHAP values are reliable, they must be derived from a ML
model that has not overfitted to the available dataset. Similarly, the trained ML model must have a
sufficiently high accuracy, so that its predictions closely resemble the truth.

Thus, in the first part, Section 3.1, we present the results of our fitted ML regression model, that
was presented in Section 2.3. We use well-known regression metrics to measure its performance and
assess its reliability. Subsequently, in Section 3.2, we present the main results of this study and we
demonstrate how SHAP values can be employed to provide simplified, analytical equations that can
be used in lieu of the complex ML model. We also see how these equations can be obtained in an
incremental manner, which is important, as in this way complexity can be added or removed according
to the desired level of accuracy.

3.1. Machine Learning Regression

As it was mentioned in Section 2.3, we employed a Gradient Boosting Machine learning for the
regression task, using a maximum number of N = 30 trees, each with a maximum depth of 5. We
arrived at this configuration using a trial and error approach, as these hyperparameters achieved an
excellent accuracy, without an enormous amount of complexity. We trained the model using a so-called
75-25 split, i.e.,, 75% of the dataset were randomly selected for training, while the remaining 25% was
the dataset used to gauge the model’s performance on truly unseen data. We used the well-known
regression metrics of Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and Coefficient of
Determination R2. Their corresponding formulae are shown in Table 1. Table 2 summarizes their
computed values on both the training and testing datasets, both in the log-transformed space, as well
as in the original space, by using the inverse exponential transformation.
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We can readily observe that the trained ML model achieved excellent performance in both the
Log-Transformed and the original space, with a value of R2 equal to 0.99 and 0.98, respectively. In
addition, the performance is similar in both cases between the training and test dataset, indicating that
the model did not overfit. Finally, the values of MAE and RMSE were low and relatively close to each
other. This indicates that the trained model did not have many large values in its errors. Such errors
are accentuated when squared in the calculation of RMSE and, thus, this effect would manifest via a
large discrepancy between RMSE and MAE which is not present in our case.

Table 1. Formulae of the employed regression metrics. The true and predicted values are denoted by yi

and ŷi, respectively, while N denotes the total number of data points.

Metric Formula

MAE
1
N

N

∑
i=1

|yi − ŷi|

RMSE

√√√√ 1
N

N

∑
i=1

(yi − ŷi)2

R2 1 − ∑N
i=1(yi−ŷi)

2

∑N
i=1(yi−ȳi)2 , ȳ =

1
N

N

∑
i=1

yi

Table 2. Regression metrics on the training and test dataset of the fully trained ML model.

Log-transformed Original space
Training Test Training Test

MAE 0.0487 0.0517 0.0524 0.0545
RMSE 0.0645 0.0723 0.0856 0.0870
R2 0.9943 0.9932 0.9879 0.9879

3.2. Regression Using SHAP

In this Section, we present the main results of our proposed methodology, which focus on
employing SHAP values to obtain analytical equations that approximate the predictions of the trained
ML model. Furthermore, these equations can be constructed in an incremental manner, wherein
accuracy can be increased at the cost of adding more terms and increasing the complexity of the
equations.

To this end, we first obtained the SHAP values ϕi for each feature and for each data point in the
training set. We opted to compute these values on the training and test set separately because we want
to utilize them to “train” our simplified equations and, subsequently, test them on the unseen test
dataset. Subsequently, we aggregated them using the Mean Absolute value and normalized the results
to obtain the percentages, i.e.,, we computed (see equation (5))

ϕ̄j =
ϕ
′
j

∑M
j=1 ϕ

′
j
, ϕ

′
j =

1
N

N

∑
i=1

|ϕij| (5)

In the above equation (5), ϕij are the SHAP values of the jth feature for the ith data point, N is the
total number of data points and M is the total number of features. The results are shown in Figure
2. As it can be readily observed, the most important features by far, were the number of storeys and
the opening percentage of the panels, with an overall importance of approximately 50% and 30%,
respectively. The stiffness of the masonry walls and the length of the spans had an overall effect of
approximately 7-8%, respectively, while the influence of the number of spans was negligible.
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Figure 2. Normalized SHAP values ϕ̄j as in Equation (5).

The core of the proposed formulation lies in providing analytical approximations to the obtained
SHAP values. As it was discussed in Section 2.4, the SHAP values are additive and they sum to the
predictions of the ML model. Thus, the advantage of our proposed formulation becomes apparent: we
can approximate the SHAP values of each individual feature and add as many terms as required to
obtain the desired level of accuracy, guided by the feature importance hierarchy shown in Figure 2. The
form of each individual analytical approximation is determined by the corresponding plot of the SHAP
values. To demonstrate this, Figure 3 present the scatter plots of the top two features, the number of
storeys and the opening percentage, compared with the corresponding plots of the log-transformed
fundamental period. For the opening percentage, we present the SHAP values corresponding to 0,
25, 50, and 75% opening percentage, as the bare frame case will be treated separately, as previously
discussed.

Figure 3. Scatterplots of the SHAP values of the top two features compared with the corresponding
plots of the log-transformed fundamental period.

First, we can readily observe that, while the log-transformed period has a significant variance for
a fixed value of number of storeys, the corresponding SHAP values exhibit a much smaller variance.
Thus, an analytical curve fitted to the SHAP values, instead of the raw data, will be much more accurate
representation of the contribution of this feature to the output. The corresponding SHAP values for
the opening percentage exhibits a somewhat larger variance. This is attributed to feature interaction,
i.e.,, the contribution of one feature can vary, depending on the value of a different feature [72]. Such
interaction effects can be more accurately captured using SHAP interaction values [73]. However, this
adds significant complexity to the derived equations. As we will see, in our case the derived equations
achieved excellent accuracy. Thus, given that our aim is to derive simple analytical equations, this
additional complexity was not justified.
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Given the shape of each individual curve, we experimented with a variety of analytical curves for
each one, including quadratic polynomials, square roots, logarithms, and exponentials. The results are
shown in Table 3. Note that the contribution of the “number of spans” feature was negligible and was
ignored. Similarly, the best fitted curve for each feature is presented in Figure 4.

Table 3. Fitted curves on the SHAP values of each feature. The provided equations for opening
percentage and wall stiffness are valid for non-bare frames.

MAE RMSE
Feature Fitted curve Training Test Training Test

Number of storeys
−0.0056x2 + 0.233x − 1.71 0.0593 0.0623 0.0763 0.0801

0.652
√

x − 2.1 0.0823 0.0837 0.1011 0.1045
0.86 ln x − 1.9 0.0546 0.0575 0.0740 0.0797

Opening percentage −0.653x2 + 1.75x − 0.67 0.0758 0.0778 0.0888 0.0914
1.05

√
x − 0.7 0.0725 0.0763 0.0916 0.0955

Length of spans 0.66x − 0.33 0.0246 0.0308 0.0330 0.0441
0.3

√
x − 0.64 0.0358 0.0350 0.0420 0.0414

Wall stiffness 0.0008x2 − 0.037x + 0.254 0.0450 0.0439 0.0544 0.0533
0.515e−0.11x − 0.213 0.0431 0.0438 0.0535 0.0538

Figure 4. Best fitted analytical curve for each feature.

The equations in Table 3 are valid for non-bare frames, i.e.,, cases where the opening percentage
was <100%. For bare frames, the contribution of the wall stiffness is set to 0, due to the missingness
property (equation (3)). Similarly, when “opening percentage” is equal to 1, as in the bare-frame case,
the SHAP values of this feature range from 0.27 to 0.325. Thus, the contribution of this feature for bare
frames can be obtained using a single value. As it is well known, the median minimizes MAE while
the mean minimizes RMSE. In our case, both the mean and median were very close and approximately
equal to 0.33. From the above equations, we selected those with the overall best performance. Finally,
note that the above equations only approximate the SHAP values ϕi in equation (4). In order for the
local approximation (equation (2)) to be accurate, we need to include the constant ϕ0, i.e.,, the average
model prediction. In our case, this was approximately equal to -0.21.
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Combining the above, we obtain two analytical equations for the prediction of the fundamental
period. Specifically, for bare frames, we obtain

ln T = 0.86 ln N + 0.066L − 2.11, (6)

while for non-bare frames we obtain

ln T = 0.86 ln N + 0.066L +
(
−0.653OP2 + 1.75OP

)
+ 0.515e−0.11WS − 3.323, (7)

where in the above equations N is the number of storeys, L is the length of the spans, OP is the opening
percentage (normalized in the [0,1] range) and WS is the stiffness of the masonry walls.

As it was previously discussed, the benefit of the above formulation is that the number of terms as
well as their complexity can be individually adjusted to achieve the desired balance between accuracy
and simplicity of the derived formulas.

Using the above, we computed the regression metrics shown in Table 1. We computed them both
in the log-transformed space, where the regression was fitted, and in the original space to examine
how the inverse exponential transform affects the results. As can be readily observed (Table 4), the
regression results using these simplified analytical equations are excellent, achieving low MSE and
MAE values and a R2 of approximately 0.97 and 0.95 in the log-transformed and original spaces,
respectively. Thus, the proposed relationships can be confidently employed in lieu of the fully trained
ML model without a significant loss in accuracy. Finally, due to the excellent regression results, the
complexity of adding terms pertaining to SHAP interaction values is not deemed justifiable. However,
these terms can be examined in cases where the interactions are significant and high accuracy cannot
be achieved using SHAP values alone.

Table 4. Regression metrics of the simplified analytical equations.

Log-transformed Original space
Training Test Full dataset Training Test Full dataset

MAE 0.1185 0.1217 0.1193 0.1174 0.1193 0.1179
RMSE 0.1485 0.1515 0.1493 0.1725 0.1707 0.1721
R2 0.9706 0.9681 0.9700 0.9522 0.9510 0.9520

4. Summary and Conclusions

In the framework of the present study, we have utilized ML explainability methodologies,
in particular the so-called SHapley Additive exPlanations (SHAP values), are used to provide
interpretable, analytical equations that approximate the behavior of the underlying Machine Learning
model. We have implemented our proposed methodology on the problem of estimating the
fundamental period of buildings, which is a very important parameter in the context of the seismic
design of new buildings as well as in the context of the methods used for the evaluation of the seismic
capacity of existing buildings.

On the one hand, similar problems of great importance in the engineering community are
addressed by various design codes by providing simplified analytical equations that approximate
the target variable. On the other hand, ML models have demonstrated their capabilities tackle such
problems and to produce state-of-the-art results, with excellent accuracy. This was also demonstrated
in the present paper, wherein the fully trained ML model achieved a coefficient of determination
R2 ≈ 0.99. However, ML models often lack interpretability, which hinders their potential to be fully
adopted by the engineering community.

Thus, the proposed novel methodology bridges this gap. On the one hand, we employ fully
trained ML models, to achieve state-of-the-art results. On the other hand, we utilized the SHAP values
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explainability techniques as a basis for providing interpretable, analytical equations, which offered
distinct advantages compared to the previously established literature.

First, due to the additivity of the SHAP values, the proposed methodology allows for the
incremental addition of terms in our simplified analytical equations. Thus, this allows for a controlled
tradeoff between model complexity and the desired level of accuracy, according to the application at
hand. Second, as Figure 2 demonstrates, SHAP values also allow for a quantification of the percentage
of the influence of each individual parameter. Thus, the controlled tradeoff between accuracy and
model complexity is not carried out blindly, but rather in an informed manner, guided by the feature
importance ranking provided by the SHAP values. Third, due to the fact that SHAP values approximate
the behavior of the underlying ML model, the methodology can provide simplified equations with
comparable accuracy to the fully trained ML model, as demonstrated in Tables 2 and 4. Finally, due to
the attractive missingness property of SHAP values, missing values, which can potentially be found
in many real datasets pertaining to engineering applications, are handled seamlessly and effectively,
invalidating the need of imputing them with potentially misleading values.

Thus, even though the proposed methodology was implemented in the frame-work of estimating
the fundamental period of buildings, it can be confidently applied to various similar engineering
challenges, bridging the gap between the demonstrated power of ML models to produce state-of-the-art
results and the need for simplified, analytical equations that instill confidence in the engineering
community for their implementation.
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