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1.0 Abstract

While artificial intelligence (Al), and by extension machine learning (ML), continues to be adopted
in parallel engineering disciplines, the integration of AI/ML into the structural engineering domain
remains minutus. This resistance towards Al and ML primarily stems from two folds: 1) the fact
that coding/programming is not a frequent element in structural engineering curricula, and 2) these
methods are displayed as blackboxes; the opposite of that often favored by structural engineering
education and industry (i.e., testing, empirical analysis, numerical simulation, etc.). Naturally,
structural engineers are reluctant to leverage AlI/ML during their tenure as such technology is
viewed as opaque. In the rare instances of engineers adopting AI/ML, a clear emphasis is displayed
towards chasing goodness metrics to imply “viable” inference. However, and just like the notion
of correlation does not infer causation, forced goodness is prone to indicate a false sense of
inference. To overcome this challenge, this paper advocates for a modern form of Al, one that is
humanly explainable; thereby eXplainable Artificial Intelligence (XAI) and interpretable machine
learning (IML). Thus, this work dives into the inner workings of a typical analysis to demystify
how Al/ML model predictions can be evaluated and interpreted through a collection of agnostic
methods (e.g., feature importance, partial dependence plots, feature interactions, SHAP (SHapley
Additive exPlanations), and surrogates) via a thorough examination of a case study carried out on
a comprehensive database compiled on reinforced concrete (RC) beams strengthened with fiber-
reinforced polymer (FRP) composite laminates. In this case study, three algorithms, namely:
Extreme Gradient Boosted Trees (EXGBT), Light gradient boosted trees (LGBT), and Keras Deep
Neural Networks (KDNN), are applied to predict the maximum moment capacity of FRP-
strengthened beams and the propensity of the FRP system to fail under various mechanisms.
Finally, a philosophical engineering perspective into future research directions pertaining to this
domain is presented and articulated.

Keywords: Explainable artificial intelligence (XAIl); Interpretable machine learning (IML);
Structural engineering; Concrete; FRP.

2.0 Introduction

Common methods used for the analysis and design of structures are a reflection of our
understanding of the physics of structural engineering phenomena and describe such
understanding, or causal effects, through symbols fitted into expressions [1]. In a way, such
methods are primarily developed as a result of mathematical derivation, empirical or statistical
analysis of experimental findings, or numerical simulations that infer the relationship between
predictor variable(s) and response variable(s) [2,3]. Despite their origin, these methods share a few
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characteristics in common; 1) they are transparent as they comprise of formulae, 2) they establish
a procedure with iterative steps, 3) they are universal and mostly region-independent, 4) they have
built-in reliability to favor conservativeness, and 5) they are often accepted via a community effort
(i.e., voting committees) and tend to be regularly updated and disseminated as codal provisions.

Given the above, structural engineers are trained to appreciate the transparency of commonly
adopted methods for analysis and design. And hence, any deviation from this norm is expected to
be faced with inertia, which explains why the construction industry is often reluctant to adopt new
technologies [4,5]. A prime example of such technology is artificial intelligence (Al) and machine
learning (ML). AI/ML capitalizes on novel algorithms to map features governing a phenomenon
to the outcome of interest to that particular phenomenon [6]. As one can see, a typical analysis
fundamentally comprises of three stages: input observations — mapping — deploy on new data
[7-10]. While the first and last stages are easy to follow as they require little effort to visualize,
most structural engineers are not well versed with the “mapping” stage despite being tackled by
various works over the past years [11-17].

However, a key component within this stage that continues to be vague revolves around answering
the following questions, 1) why does a model predict the way it does? 2) what to make out of a
typical model’s predictions? And, 3) how to trust a model’s predictions? These questions are
elemental to adopt AI/ML into engineering fields that traditionally favor transparent methods,
which most importantly, allow cross-checking, authentication, and contestability [18].

In the realm of computer science, explainability and interpretability can often be used
interchangeably [19]. However, there are subtle differences between these two concepts. Simply
put, explainability is generally coined for “models that are able to summarize the reasons for
neural network behavior, gain the trust of users, or produce insights about the causes of their
decisions, ” while interpretability is “loosely defined as the science of comprehending what a
model did (or might have done)” [20]. In a way, explainability entails relating the inner
mechanisms of a model and their influence upon a model’s prediction, while interpretability
implies a determination of cause and effect. Ultimately, an explainable model represents a complex
function that may not be understood on its own but instead requires additional methods or
techniques to be understood. On the other hand, a model can be interpretable if humans can
understand it without aid (see Table 1). Other definitions and philosophical arguments concerning
explainability, interpretability, transparency, justifiability, and XAl are discussed in Sec. 2.0 and
can be found elsewhere [21-24].
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Table 1 Level of explainability in common models.

Model type

Can humans easily
understand this

Types of mechanisms used in a
model.

Need

explainability/interpreta

bly methods?

Linear/Logistic
Regression

model?

Yes.

Mathematical based.

Simple/basic models that

are inertly explainable.

Tree-like (Decision
Tree, Random
Forest)

Yes, by displaying a tree
formation.

Rule-based that display how the
decisions are taken at each step.

Not necessary.

k-Nearest Neighbors
(k-NN)

Yes.

Tackles a large number of variables via

mathematical/statistical representations.

Mostly visually
explainable.

General Additive
Models (GAM)

Mostly, and especially if
interactions between
features are smoothened.

Genetic Algorithms
(GA)

Yes, since they resemble
a tree-like structure.

Needs mathematical/statistical
representation.

No, unless interactions
turn complex.

Mostly readable.

Tree Ensembles
(ExGBT, LGBT)

Support Vector
Machines (SVM)

Neural Network
(NNs)

Unlikely.

Blenders of weaker models.

Categorize data via hyperplanes in N-
dimensional space.

Layers containing neurons and
transformation functions

Very complex models
that require further
analysis via agnostic or
specific methods.

A closer look into existing literature shows that publications utilizing AI/ML continue to rise in
this domain and are expected to continue to do so [25]. This implies that the structural engineering
community is interested in this technology. Building upon trends in parallel engineering fields
extrapolated to a few years from now, Al-based methods will comprise a considerable portion of
the developments within this area. As such, facilitating the integration of AlI/ML is of our utmost
importance [26]. From this perspective, a survey of literature shows that AI/ML has been used in
a collection of structural engineering problems [27-31]. At the writing of this work, these
technologies have been applied to explore properties of construction materials [27,28,32],
prediction of structural responses of elements such as walls [33], bridges [34], beams [14], among
others [35-37]. In addition, AI/ML has also been used to examine the quality of constructions and
inspections [38-44].
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A deep dive into the open literature shows that the bulk of AI/ML works applied these techniques
to: 1) tie a group of features to a needed outcome (e.g., link concrete mix ingredients to expected
compressive strength, etc.), and 2) be primarily designed to attain a certain level of goodness;
thereby declared to having a permissible prediction capability, and generalizability. However, little
is ever mentioned to that of how or why a model predicts the way it does. It is the view of this
author that satisfying a selected performance metrics does not effectively imply that an AI/ML
model captures the physics behind a phenomenon but rather infers the suitability of such model to
predict the outcome described within the examined database, which is assumed to present a holistic
view into the physics behind the phenomenon being investigated [45]. In other words, correlation
does not always suggest causation, for which causation requires a display of a deep level of
understanding that may go beyond satisfying selected measures of goodness [46].

From this perspective, understanding why a model predicts the way it does can open up new and
exciting opportunities to structural engineers. For instance, and going back to our earlier example
of tying concrete mix ingredients to the expected compressive strength, developing an AlI/ML
model that can truly capture this phenomenon might, in fact, be beneficial as it may infer hidden
relation(s) between the examined ingredients (i.e., features) that are new to us. This concept, once
extended beyond this particular example, can help engineers discover new mechanics to some of
their common problems and may indeed open up new solutions to existing or long-lasting
problems [47].

The above brings in the important question of how to infer a model’s understanding of a
phenomenon? Or better yet, of an engineering phenomenon? Despite XAI/IML being a relatively
new research area, a few methods exist to explore the reasoning behind an AlI/ML model
predictions [48,49]. These methods vary in terms of nature (e.g., intrinsic [simple models i.e.,
trees] vs. post hoc [complex models i.e., deep networks]), type (model-agnostic [i.e. applied to any
AI/ML model] vs. model-specific [i.e. particular to family of models]), and scale (local [i.e.
explain individual predictions] vs. global [i.e. explain model behavior as a whole]) [50].

Of interest to this work are methods that have been usually grouped under “model agnostic” and
“model specific”. On one hand, model agnostic methods can be used across algorithms and
platforms (which provides the user (a structural engineer) with an advantage of comparing
different models following a consistent approach), while model-specific methods are only
applicable to a specific AI/ML model due to the nature behind such methods’ developments
[51,52]. Model agnostic methods include feature importance, partial dependence plots, feature
interactions, SHAP (SHapley Additive exPlanations), surrogates, and local interpretable model-
agnostic explanations (LIME). On the other hand, model-specific methods include: generalized
linear models and tree-based ensemble models [50,53,54].

This work advocates for implementing a humanly plausible (i.e., explainable) form of Al; thereby

eXplainable Artificial Intelligence (XAl), and by extension, Interpretable Machine Learning
(IML). To provide the reader with an arsenal to demystify how model predictions can be
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interpreted, this paper examines a collection of agnostic methods (e.g., partial dependence plots,
feature importance, feature interactions, SHAP, and surrogates), together with commonly accepted
performance metrics. A case study on reinforced concrete (RC) beams strengthened with fiber-
reinforced polymer (FRP) composite laminates is selected for demonstration. In this case study,
the Extreme Gradient Boosted Trees (EXGBT), Light gradient boosted trees (LGBT), and Keras
Deep Neural Networks (KDNN) are applied to predict the maximum moment capacity of FRP-
strengthened beams and the propensity of the FRP system to fail under a variety of modes (e.g.,
debonding, steel yielding, concrete cover separation, mixed-mode, and FRP fracture).

3.0 A Philosophical Engineering Perspective into XAl and IML

Every profession is molded by its people. As such, structural engineers get to shape how their
domain transforms in the coming years. It is only natural for a domain to be influenced by advances
occurring in parallel domains. Since the design of structures is an involved process that requires
interaction with engineers from other fields (presumably those who are leveraging AI/ML at the
moment (e.g., mechanical engineers, etc.)), then it is only a matter of time before such interactions
bring in the notion of AI/ML into our domain. Noting the tremendous improvements (work quality,
revenue generation, etc.) such technologies are attributing to other fields, then perhaps we ought
to consider adopting Al/ML into ours.

In this pursuit, the author hopes that we do not have to go through the same cycles of integration
other domains have gone through, thereby avoiding the pain of trials and errors associated with re-
inventing the wheel. A more thought of integration of AI/ML that learns from experiences in other
fields is expected to ensure safe and attractive integration of these technologies into our domain.
This work sheds some light on the future of XAl and IML in structural engineering. A deep dive
into the big ideas behind XAl and IML shows that they fall in line with principles relevant to the
structural engineering practice and industry, much more so than that of traditional Al and ML.
However, such ideas are not properly articulated from an engineering perspective, and hence these
are conveyed herein.

Engineers need to trust their methods and tools — especially those to be deployed in real scenarios
(which in our domain involves the lives and well beings of occupants and the surrounding
environment, etc.). Since XAl and IML strive to deliver a high level of trust between engineers
and AI/ML, then these technologies do provide an improvement over those of traditional Al-
nature. Still, one must be cautious of the degree of explainability provided by a model, as the
degree of “required” explainability can be different in practical scenarios (i.e., design of a high-
rise building vs. design of a storage unit), as well as to that anticipated by the practicing
engineer/stakeholder/building official [55]. In other words, explainability is fluid and is highly
context-dependent. This particular idea of establishing a “required” degree of explainability
mirrors the rules of thumbs practiced in structural design. For example, an engineer trusts that
following codal provisions will lead to a favorable performance under stressful conditions.

Building on the above, the notion of trusting Al is complicated since it requires to first define what
trust is to structural engineers? As trust can be subjective, this notion does bring the idea of
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transparency [56]. This concept implies that an engineer has some understanding of the means by
which an Al/ML model operates (e.g., a decision tree model splits the examined dataset into a tree-
like format, etc.) in a similar manner to her/his understanding of how local buckling checks
examine the propensity of a structural shape to buckle.

In addition, a transparent model can also be thought of as a favorite for stakeholders since they can
easily visualize its working mechanisms. Besides, the ability to easily visualize the works of a
model makes it easy for those of limited technical background to understand Al/ML predictions,
or at the very least see why a model predicts the way it does. A parallel to trust and transparency
is confidence. In engineering terms, attaining confidence can be achieved by developing reliable
models; those with the capability to disclose a quantifiable level of confidence in line with their
predictions (e.g., the expected shear capacity of a W-shaped steel beam with specific properties
and under a confidence level of 95% is 100 kN + 5 kN and).

One of the fundamental premises for Al/ML is that it can provide us with data-driven valuable
insights that existing methods fail to provide or may not realize due to assumptions used in deriving
such methods or simply due to their limited extrapolatibity. A structural engineer is primarily
interested in identifying causes and effects (say, how does a load-bearing configuration resists a
particular load condition). While traditional analysis and design methods for common elements
(e.g., beams, columns, frames) can capture such effects with high accuracy, one is reminded that
such methods took decades of experimentation to arrive at this level of accurately capturing the
aforenoted causation [57]. Both XAl and IML have the potential to realize such a degree of
inference, not only for simple elements but also for more complex designs, and hence these are of
merit to structural engineers. If the stars align, XAl and IML can at the very least elucidate areas
of high merit for exploration between features pertaining to realizing true causation within the
realm of the structural design.

Oftentimes, data is limited [58]. That does not imply that we do not have data from years of
engineering practice, but rather the data we have access to and can use to train AI/ML models is
limited. This brings in a limitation not only to train models but also to train models capable of
proper generalization beyond their training data points. As such, it will be foolish to solely rely on
such a model as it may lead to serious consequences. An XAI/IML can be helpful in which it could
be designed to provide examples as to why it made its predictions (e.g., in a given connection
design that falls beyond the range of codal provisions, a model may layout a preliminary
connection type with an estimated number of bolts, etc. while attributing its decision to an
analogous connection of similar properties to the one on hand but used at a sister project). In this
instance, while the model may not have arrived at a “prediction” per se, it did, however, direct us
to a sort of solution that can jump-start our design. This is often referred to as analog
informativeness or simply explainability by examples.

A look into engineers’ role in society shows that one of their primary goals is to address social
problems [59]. From a structural engineering perspective, this goal can be achieved by creating
safe, suitable, and affordable structures for all. In most settings, certain decisions can be undertaken
without regard to social status since, at the end of the day, a structural design is to satisfy an array
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of conditions. Applying an AI/ML model to such scenarios is expected to be naturally
straightforward (“math is math, and physics is physics”). However, in instances where
stakeholders belong to weaker/forgotten sections of our society, then in addition to satisfying codal
design provisions, we must also adhere to additional “social attributes” to realize socially just
structures. XAl and IML can be integrated with fairness and inclusivity to identify affordable
alternatives to new constructions, eco-friendly building materials, etc. The same can also generate
designs that leverage novel initiates such as green constructions, adaptability, and circular
economy [60,61].

The reader should note that the philosophical discussion on XAl and IML grows beyond the scope
of this work to that which may cover autonomy, biasness, accessibility, interactivity, privacy, the
trade-off between accuracy and explainability, and others [55,62].

4.0 Model Agnostic Methods for Explainability and Interpretability

This section briefly describes five commonly used model agnostic techniques in detail. The
methods described herein can be used to explain a model’s predictions on the global (all dataset)
or local (a portion of the dataset) levels. These methods are applied to post the development of a
model and completion of an AI/ML analysis and can be plugged into any Al/ML model — hence
becoming useful on a larger scale. The reader is to note that information regarding the history,
mathematical derivation, and the background of each technique can be found in their perspective
references and in [48]. All these techniques will be examined via the presented case study in a later
section.

4.1 Feature Importance

A typical AI/ML model comprises multiple features, wherein each feature makes a unique and
likely quantifiable contribution towards the response (prediction) of such a model. As a result, a
model can be interpreted by understanding the influence of each of its own features. Herein where
feature importance comes in handy. Feature importance is a generic term for the degree to which
an AlI/ML model relies on a particular feature in its prediction, and hence this method measures
the extent to which a given feature influences the outcome of an AI/ML model. This can be
measured by evaluating the increase of a model’s prediction error after permuting the involved
features systematically [63]. In a way, the concept behind feature importance is to measure the
entropy in the change of predictions, given a perturbation of a given feature. In this process, a
feature is declared “important” if permuting its values increases the model error, effectively
indicating that the model relied on this particular feature to arrive at a good prediction. Similarly,
a feature is deemed “not important” if its permutation maintains the prediction error unchanged.

4.2 Partial Dependence Plots

The partial dependence plot (PDP) depicts an individual feature's marginal effect, or group of
features, on the prediction of an AlI/ML model while holding other features constant within the
same model [64]. Such a plot can also be used to infer the type of relationship between the
feature(s) and response(s), e.g., linear, nonlinear, or complex. Overall, the PDP accounts for all
observations in a database to give inference to the global relationship of a feature on the predicted
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outcome. A PDP helps determine the transition in a model’s predictive performance to the change
in the feature(s). The result of partial dependence describes the impact of a feature on a model’s
prediction (similar to how a coefficient reflects weight in a regression model). Unlike in regression,
when a PDP is applied to a classification problem, this method gives the probability for a particular
class given different values for feature(s) in a database. One should note a fundamental assumption
in PDP relates to feature(s) of interest not being correlated with other features. An extension to
PDP is known as Individual Conditional Expectation (ICE) plot [65]. An ICE plot displays how a
prediction changes when a feature changes. Unlike a PDP, ICE does not average the relationship
between features and predicted responses.

4.3 Feature Interaction

Feature interaction involves two or more features influencing each other (or interacting) during an
AI/ML analysis. It is due to the existence of such interaction that the overall prediction
performance of an AI/ML model is not equal to the simple sum of all features. For example, in a
given AI/ML model, two features are said to interact when the effect of one feature on the response
of the model is not constant but also depends on the value of the second feature [66]. In a simple
AI/ML model that has two features (X1 and X2), a given prediction from such a model can be
broken down into four component terms; a constant term, a term for the first feature, a term for the
second feature, and a fourth term that contains an interaction between the two original features
[67]. Feature interactions can be evaluated via methods such as correlation matrix?, association
matrix, Cramer’s Phi, or heat maps [68]. This method can also be used to select features during
the processing stage.

4.4 SHAP (SHapley Additive exPlanations)

The SHAP method is considered as a unified agnostic method that can be applied to explain
individual responses (i.e., output/predictions) of any AI/ML model [52,69]. SHAP is based on a
game theory approach to additively accumulate the contribution of all features involved in a model.
As such, this method assigns each feature an “importance value” within a set of conditional
expectations for a particular prediction. The results of this additive procedure are called “SHAP
values”. These values can be spread across from a “base value” (which represents the average of
the observations). Then, the SHAP method would graphically list the contribution of all features
to the SHAP value, identifying which feature(s) contributed to such value being larger or smaller
than the “base value” in order. As one can see, since the SHAP method accounts for all features
and randomness of their order, this method can be quite computationally expensive for large
models, yet necessary to understand the logic behind Al/ML models.

! For example, the Pearson correlation matrix is a visual aid in the form of a table that lists the “linear” correlation
coefficients between features. Such matrix summarizes the degree of correlation between features and can be used to
explain the selection of highly independent features and deselection of dependent features or those of limited impact.
Still, one of the limitations of such matrix is that is relies on “linear” correlation between variables which may not be
of high merit if the relationship between variable is of a complex nature — as such the use of other feature selection
methods become more beneficial.
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4.5 Surrogates

In this method, an external secondary AlI/ML model is used to proxy (or simply explain) the
prediction of an existing model. The external model is often simple in nature, or one that we have
a clear understating of its inner mechanisms (e.g., a linear model); thereby, and once augmented
into the complex model, the surrogate may be used to give us insights into why the complex model
predicts the way it does [70]. In practice, the choice of a surrogate model is decoupled from the
complex model; as technically, all that a user needs is a model that is simple in nature and can
capture the predictions of the original model with good accuracy (such as additive models, genetic
algorithms, tree-like models [71-73]). Note that accuracy, in this context, could refer to attaining
an adequate performance metric (e.g., coefficient of determination).

5.0 Description of Database
This section describes the examined database to be used in this work as a case study.

5.1 Database on Reinforced Concrete (RC) Beams Strengthened with Fiber Reinforced Polymer
(FRP) Composite Laminates

The adopted database herein was compiled in a companion work [74] and collected comprehensive
data from 103 experimental tests carried out on RC beams strengthened with FRP composites.
This database includes full information on compressive strength of concrete (fc), yield strength of
steel reinforcement (fy), ratio of steel reinforcement (rs), FRP ratio (rf), modulus of FRP (E),
moment arm (a), and strengthening type (T). All features were collected from the following works
[75-92] and are compiled into this database. The outcome/response of this database resembles the
magnitude of moment capacity, and failure mode observed in each corresponding test (i.e., steel
yielding/concrete crushing, debonding, concrete cover separation, mixed-mode, and FRP rupture).
In a way, this database can be used in a regression problem (to predict the magnitude of moment
capacity at failure), or in binary- (failure through FRP system vs. steel yielding), or multi-
classification problem (failure due to a collection of causes such as debonding, steel yielding,
concrete cover separation, mixed-mode, and FRP fracture).

A deep examination of Table 2 shows that the compiled database and range of features used cover
practical scenarios in which FRP-strengthened members are often used and agree with that
identified in design building codes [93-96]. It can then be inferred that the developed database
represents scenarios a structural engineer can face in practice and hence can be used with
confidence. Table 2 and Fig. 1 list the selected features and their ranges. One should note that 42
beams failed via steel yielding, and 59 beams failed due to FRP system failure (debonding: 18
beams, concrete cover separation: 18 beams, mixed-mode: 16 beams, and FRP rupture: 7 beams).
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Table 3 shows further statistical insights into the compiled database. For example, the minimum
and maximum compressive and yield strength of the compiled beams range between 31-80 MPa
and 352 and 788 MPa, respectively. The steel and FRP ratios have a maximum range of 2.5% and
3.1%, respectively, typical of that used in RC beams design. The modulus of FRP ranges from low
stiffness (11.7 GPa) to high stiffness (240 GPa). The same table also shows a sensitivity analysis
to identify the correlation between all features compiled in this database. The outcome of this
analysis shows that moment arm has a strong positive correlation with the moment at failure and
also shows that beams’ material properties and geometric features seem to have a medium
correlation with the observed moment at failure.

Table 3 Key statistics.

Section Features = fc (mm) (n’]}n) rs (%) r(%) Ex(GPa) a(mm)

Min 310 | 3520 | 0.0 0.0 117 | 3000 | 1.0 6.0
Max 800 | 7880 | 25 3.1 2400 | 18300 | 20 | 5850
FRP- Average 43.0 530.6 0.7 0.4 129.0 881.3 1.3 119.9
Sté?%?;rgid géf‘/?st?gﬂ 89 | 1165 | 04 05 656 | 4446 | 05 | 1427
Median | 0.7 0.8 15 3.0 0.2 11 0.9 2.0
Skewness | 310 | 3520 | 0.0 0.0 117 | 3000 | 1.0 6.0
1 N N
Parameter fe fy rs It Efr a T M
fo 1.000
f, 0315 | 1.000
I, -0.007 | -0.399 | 1.000
I 0102 | -0256 | 0.039 | 1.000
Ex 0.180 | 0.277 | -0.092 | -0550 | 1.000
a 0489 | -0596 | 0.39% | 0139 | -0.174 | 1.000
T 0181 | 0.230 | 0274 | -0291 | 0052 | -0.082 | 1.000
M 0471 | -0457 | 0430 | 0.041 | -0.083 | 0907 | -0.169 | 1.000

6.0 Selected Machine Learning Algorithms

As mentioned earlier, the primary goal of this work is to showcase the application of the Al/ML
explainable methods described in an earlier section. In this pursuit, three algorithms are selected
for showcasing the applicability of these methods, namely, Extreme Gradient Boosted Trees
(ExGBT), Light Gradient Boosted Trees (LGBT), and Keras Deep Residual Neural Network
(KDNN)), and these are briefly discussed herein with the full description being found in their
respective references, as well as in [97,98].

6.1 Extreme Gradient Boosted Trees (EXGBT)
The EXGBT algorithm re-samples the collected data points into a tree-like format, where each tree
sees a boostrap portion (a sampled dataset with replacement) of the database in each iteration [99].
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EXGBT fits each successive tree to previous residual errors obtained from previous trees, thereby
focusing the prediction effort of each iteration on the most challenging responses to predict, which
becomes a good practice for the algorithm to yield high prediction accuracy (see Eq. 1). The
EXGBT brings two techniques to improve the performance of a GBT; a weighted quantile sketch
(an approximation algorithm for determining how to make splits candidate in a tree) and the
sparsity-aware split finding (which works on sparse data, as well as data with missing values). The
ExXGBT uses a pre-sorted algorithm and a histogram-based algorithm for computing the best split
[54].

Y = Z%:lfk(xi)'fk €EF = {fx = Wqx) 4- RP > T,we RT} (1)

Where, M is additive functions, T is the number of leaves in the tree, w is a leaf weights
vector, wi is a score on i-th leaf, and q(x) represents the structure of each tree that maps an
observation to the corresponding leaf index [100]. The code of the used EXGBT can be found
online at [101,102]. This algorithm incorporates the following pre-tuned settings of learning rate
of 0.015, maximum tree depth of 3, subsample feature of 0.8, and 500 for the number of boosting
stages.

6.2 Light Gradient Boosted Trees (LGBT)

Light gradient boosted trees is an algorithm that requires little processing and resembles that of
the random forest algorithm (which contains a series of tree-like elements) [103]. The LGBT
successively fits the trees and fits the residual errors from all the previous trees combined [104].
This is advantageous, as the model focuses each iteration on the most challenging examples to
predict. Similar to the EXGBT, the LGBM algorithm introduces two new techniques to further
improve its the performance. These techniques are gradient-based one-side sampling (which
identifies the most informative observations and skips those less informative), and exclusive
feature bundling (which groups features in a near-lossless way) [105]. The used algorithm can be
found at [106] with the following default settings: learning rate = 0.05, maximum depth = “none”,
number of boosting stages = 500.

6.3 Keras Deep Residual Neural Network (KDNN)

Keras is a high-level library for developing neural networks [107]. In a residual network, a direct
connection exists linking data points to the outputs. Such a connection smoothens out the loss
function and enables better optimization of the network. In the used KDNN, default settings of a
learning rate of 0.03 was used, along with a Prelu activation function, one layer containing 64
neurons. KDNN can be readily found at [108].

7.0 Model Performance
A proper AI/ML analysis aims to minimize flaws within selected models. This is often handled by
randomly shuffling and splitting the database into three sets (T: training, V: validation, and S:
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testing). A model is then trained and validated on the first two sets, respectively, and then
independently checked against the last set (since it was not involved in the training and validation
procedure). In all cases, 10-fold cross-validation was also employed.

In addition to the above, and in order to verify the adequacy of the selected models, model
predictions were first cross-checked against performance metrics. Such metrics pertain to
mathematical constructs intended to measure test measurements' closeness to that predicted by a
model [109-111]. In this work, metrics from two domains, regression, and classification, are
selected (see Table 4). These listed metrics are frequently used within the structural engineering
domain, among others [7,12,112,113]. The regression metrics include Mean Absolute Percentage
Error (MAPE), Root Mean Squared Error (RMSE), and Coefficient of Determination (R?). Briefly,
MAPE measures the error between continuous variables as a percentage, while RMSE measures
the standard deviation of residuals and describes the errors in a scale-independent order. R? is a
scale-free score that measures the degree of association between observed and predicted values.

For classification, three metrics are also presented, including; Balanced accuracy (BACC), Area
under the ROC curve (AUC), and Log Loss Error (LLE). The BACC is useful in scenarios
involving imbalanced features and multi-classes. The AUC measures the area under the Receiver
Operating Characteristic (ROC) curve, with a value of unity indicating an accurate prediction. The
LLE measures a classification model's performance whose output is a probability value between 0
and 1, with values approaching zero inferring perfect performance.

As one can see from the results listed in Table 4 and Fig. 2, the EXGBT algorithm seems to
outperform that of the LGBT and KDNN in most comparisons and for all selected performance
metrics. This implies that this algorithm did indeed capture the two examined phenomena provided
by the database (i.e., regression to predict moment capacity at failure and classification to predict
mode of failure). As such, only the EXGBT is augmented with methods of explainability to
understand its reasoning behind its predictions better.
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Table 4 List of selected performance metrics.

Problem | Name | Metric ExGBT LGBT KDNN
Mean Absolute 100 n T \/ S T \/ S T \/ S
Percentage Error MAPE = — ZlEil/lAl-l
(MAPE) n & 35.29 | 21.79 | 2756 | 54.03 | 38.6 | 50.59 | 51.45 | 38.56 | 26.97
é Root Mean nE?
2 Squared Error RMSE = |— — 21.35 | 26.16 | 41.19 | 49.30 | 40.86 | 67.17 | 33.39 | 49.50 | 39.41
§ (RMSE)

Coefficient of 2 _ 4 BEURY Z o 2
Determination | ® 1 Z(Pl A%/ ) (Ai = Amean)™ | 098 | 096 | 091 | 091 | 095 | 091 | 096 | 085 | 0.90
i=1 =1

(LLE) c=1 _
where, M: number of classes, c: class label, y: binary

indicator (0 or 1) if ¢ is the correct classification for a 0.42 0.36 0.61 0.55 0.49 0.53 0.52 0.49 0.56

given observation.

(R?)
1 M

.. r
g BACC = — z Tm 0.68 0.44 0.52 0.48 0.36 0.61 0.42 0.37 0.49
£ Balanced M o]
a accuracy (BACC) | where, M = number of classes, ny- data size belongs to
o class m, rp=number of data accurately predicted 0.84 0.85 0.49 0.61 0.72 05 0.51 057 0.53
< belonging to class m.
F=R
m [%2}
5 5 Area under the et ) 083 | 080 | 084 | 081 | 075 | 0.87 081 | 078 | 0.70
o= ROC curve AUC= Z 5 (FPry = FP) (TPyyy = TPY)
= (AUC) - 092 | 093 | 075 | 081 | 0.8 | 075 | 075 | 0.78 | 0.76
o
I
Ef_; Log Loss Error LLE= _Z A;logP, 1.03 1.09 1.11 121 1.25 1.13 1.28 1.28 181
3
)

A: actual measurements, P: predictions, n: number of data points, E = A-P, P (denotes the number of real positives), N (denotes the
number of real negatives), TP (denotes true positives), and FP (denotes false positives).
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8.0 Evaluation of Explainability and Interpretability
In this section, the five previously described model agnostic methods are applied to the ExXGBT
model.

8.1 Feature Importance

Feature importance showcases the degree to which an Al/ML model relies on a particular feature
and hence measures the extent to which a given feature influences the outcome of an AI/ML model.
In the developed regression model, the feature importance of moment arm (a) was shown to be
dominant, followed by the ratio of steel reinforcement (16.67%), FRP ratio (10.62%), yield
strength of steel reinforcement (10.25%), modulus of FRP (5.76%), compressive strength of
concrete (5.06%), and strengthening type (2.35%).

On the binary classification front, the importance of features varies from that observed on the
regression front. In this instance, the dominant feature is the ratio of steel reinforcement, followed
by moment arm (54.47%), yield strength of steel reinforcement (41.77%), modulus of FRP
(25.91%), compressive strength of concrete (24.14%), strengthening type (15.38%), and FRP ratio
(13.57%). Then, on the multi-classification front, the dominant feature is the ratio of steel
reinforcement, followed by the yield strength of steel reinforcement (78.81%), FRP ratio (52.24%),
moment arm (38.77%), compressive strength of concrete (34.66%), modulus of FRP (28.61%),
and strengthening type (17.39%). This analysis shows that despite using the same database and
algorithm, the type of analysis can affect the importance distribution of selected features involved
in the database.

Figure 3 shows a graphical distribution of the importance of all features in the above three analyses.
The same figure also shows the considerable variation in feature importance between moment
prediction (i.e., regression problem) and failure prediction (classification problem). Simply put,
the reasoning behind EXGBT prediction of the moment capacity of a given beam is primarily
governed by the length of the moment arm. Similarly, a model’s prediction of classifying failure
of beams is influenced by the degree of reinforcement ratio, followed by the yield strength of
reinforcement and FRP level of strengthening. Besides, a close examination of this figure shows a
general agreement between the importance of features in the case of binary and multi-classification
of the failure phenomenon in FRP-strengthened RC beams, with the exception of yield strength of
steel reinforcement and FRP ratio.
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Fig. 3 Explainability through feature importance values

The reader is reminded that this analysis does not aim to justify the model’s predictions or to
declare validity, but rather this analysis aims to explain why a model is behaving the way it does.
From a structural engineering perspective, and for identical beams, a larger moment arm is
expected to generate a high moment magnitude (in a simply supported configuration), thereby
significantly influencing the attained moment. Furthermore, in classifying a failure mechanism, a
balance between steel and FRP materials primarily dictates the expected failure, as noted by a
number of researchers [79,114]. From a practical view, if an engineer aims to identify important
features in a given problem, then perhaps a good practice is to compare feature importance results
across a collection of parallel models to identify features highly ranked by different models.

8.2 Partial Dependence Plots

As discussed earlier, a PDP depicts the marginal effect of an individual feature, or group of
features, on the prediction of an AlI/ML model while holding other features constant within the
same model [64]. Thus, Fig. 3 shows PDPs for all features used in the moment capacity prediction
analysis, as well as the binary prediction of failure (as developing PDPs for multi-classification
problems can be cumbersome, yet can be found elsewhere [115]).

In Fig. 4a, and with regard to moment prediction, one can see that the dominance of the moment
arm feature towards the prediction of a larger moment at failure exceeds all other features for
moments exceeding 135 kN.m. In other words, larger moment arms of 1280 mm (computed as
0.70x1830 mm) tend to generate higher moments, and hence the model’s reasoning for tying this
feature with larger values of moments at failure. Furthermore, smaller moment arms of less than
900 mm do not seem to affect model prediction as compared to the other features significantly.
Additional insights into the impact of each of these features on the increase in a moment (when all
other features remain constant) can also be drawn. For example, this figure shows how all other
features seem to slightly influence the model’s decision-making process, which meshes with that
observed in the low degree of feature importance these features display.
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Fig. 4 Explainability through partial dependence plots (PDP) plots

On a similar note, Fig. 4b plots the variation in partial dependence for features used in the
classification AI/ML analysis. This figure shows that lesser values of moment arm, ratio of steel
reinforcement, and steel yield strength are directly related to an increase of failure through FRP
debonding. This also agrees with experimental observations wherein shorter moment arms tend to
intensify shear effects, and smaller reinforcement amplifies the utilization of FRP systems under
loading, making it vulnerable to debonding [116]. Also, a clear transition phase at around 40-60%
of the maximum values for moment arm (1830 mm) and steel reinforcement ratio (2.5%) is

20


https://doi.org/10.1016/j.autcon.2021.103821
https://doi.org/10.1016/j.autcon.2021.103821

491
492

493
494
495
496
497
498
499
500
501
502
503
504

505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531

This is a preprint draft. The published article can be found at: https://doi.org/10.1016/j.autcon.2021.103821

Please cite this paper as:

Naser M.Z. (2021). “An Engineer’s Guide to eXplainable Artificial Intelligence and Interpretable Machine Learning:
Navigating Causality, Forced Goodness, and the False Perception of Inference.” Automation in Construction.
https://doi.org/10.1016/j.autcon.2021.103821

apparent. This figure can become a crucial element to minimizing premature failure of FRP
systems by avoiding scenarios that may trigger debonding failure.

8.3 Feature Interaction

The correlation matrix of the used database in this case study has already been presented and
discussed in Table 2. Thus, Table 5 lists the interaction between features using mutual information
association which measures how much information the presence/absence of a term contributes to
making the correct prediction. This table shows the existence of a strong association between
moment arm and material properties (compressive strength, yield strength, and modulus of FRP),
as well as a slightly strong association with FRP ratio and steel ratio. Other noteworthy
associations also exist between other features such as yield strength and FRP modulus, and
compressive strength, and yield strength. The moment capacity seems to have a good association
with all features (>0.500), with the exception of the strengthening method. Similar observations
can also be made for both cases of classification. A complimentary discussion on feature
interaction is revisited in the surrogate section.
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Table 5 Explainability through association matrix

Regression M a fc fy = ft

M 1.000
a 0.551 1.000
fe 0.517 0.737 | 1.000
fy 0.560 0.854 | 0.762 | 1.000
Efr 0.534 0.735] 0.684 | 0.762 | 1.000
ft 0.560 0.596 | 0.560 | 0.624 | 0.651 | 1.000
r 0.538 0.649 | 0.608 | 0.669 | 0.581 | 0.493 | 1.000
T 0.160 0.389 | 0.203 | 0.245 | 0.219 | 0.207 | 0.243 | 1.000
Binary classification Debonding
Debonding 1.000
r 0.238 1.000
T 0.019 0.238 | 1.000
fo 0.211 0.600 | 0.202 | 1.000
a 0.198 0.628 | 0.350 | 0.721 | 1.000
Efr 0.167 0.575] 0.219 | 0.681 | 0.721 | 1.000
fr 0.123 0.486 | 0.209 | 0.544 | 0.583 | 0.652 | 1.000
fy 0.177 0.679 | 0.293 | 0.787 | 0.862 | 0.779 | 0.637 | 1.000
Multi classification Debonding |
Debonding 1.000
fe 0.302 1.000
r 0.305 0.600 | 1.000
fy 0.316 0.787 | 0.679 | 1.000
Efr 0.330 0.681 | 0.575 | 0.779 | 1.000
T 0.055 0.202 | 0.238 | 0.293 | 0.219 | 1.000
fr 0.273 0.544 | 0.486 | 0.637 | 0.652 | 0.209 | 1.000
a 0.279 0.721 ] 0.628 | 0.862 | 0.721 | 0.350 | 0.583 | 1.000

8.4 SHAP (SHapley Additive exPlanations)

The “base value” for the SHAP method was calculated at 111.73 kN.m. To showcase why did the
ExGBT algorithm arrives at a particular prediction, one prediction for a given beam is examined
herein. This beam (P3) was tested by Kotynia [92] and was made from concrete with a compressive
strength of 44 MPa, yield strength of steel reinforcement of 541 MPa, ratio of steel reinforcement
of 0.502, with FRP ratio of 0.24, modulus of FRP of 163 GPa, moment arm of 1400 mm and NSM
strengthening type. For this particular beam, the EXGBT predicts a moment at failure of 112.6
kN.m (with a measured moment of 106 kN.m). Using the SHAP method, we can then see that the
model predicts 112.6 kN.m as a result of the SHAP values calculated for the contribution of
individual features. These contributions add up at +0.432 for moment arm, +0.026 for

22


https://doi.org/10.1016/j.autcon.2021.103821
https://doi.org/10.1016/j.autcon.2021.103821

544
545
546
547
548

549
550

551

552
553
554
555
556
557
558
559
560

561
562
563
564
565
566
567
568
569

This is a preprint draft. The published article can be found at: https://doi.org/10.1016/j.autcon.2021.103821

Please cite this paper as:

Naser M.Z. (2021). “An Engineer’s Guide to eXplainable Artificial Intelligence and Interpretable Machine Learning:
Navigating Causality, Forced Goodness, and the False Perception of Inference.” Automation in Construction.
https://doi.org/10.1016/j.autcon.2021.103821

strengthening type, -0.253 for compressive strength of concrete, -0.103 for ratio of steel
reinforcement, -0.056 for yield strength of steel reinforcement, and -0.038 for all other features
(see Fig. 5). As expected, the algebraic summation of these values adds to the difference between
the prediction and the “base value”. As such, the summation of the contributions with the
prediction values adds up to Zero.

others

fy

fc

-0.2 -0.1 0 0.1 0.2 0.3 0.4 0.5
Contribution (kN.m)

Fig. 5 Explainability through the SHAP method (Note: causes behind difference in model
prediction (112.6 kN.m) and SHAP base value (111.73 kKN.m))

8.5 Surrogates

A surrogate model is one that is simple, and is then used to augment predictions from a more
complex model. Once the surrogate model passes the training procedure with good performance,
then this model is said to be able to explain the predictions from the complex model. In this study,
two models are used, one that is the generalized additive model (GAM) and another that is based
on genetic algorithm (GA), to surrogate the EXGBT model. The GAM model was able to augment
the EXGBT model with the following metrics; MAPE (37.16/2.03/41.35 kN.m), RMSE
(32.45/31.40/52.69 kN.m), and R? (0.96/0.94/0.85) for training/validation/testing, respectively.
These metrics show the validity of the GAM model.

Due to its simplicity, the GAM model can be represented by a linear formula. This formula applies
the inverse of the link function used in the GAM model (i.e., exponential function), being
multiplied to the sum of all standardized features multiplied by computed coefficient (see Eq. 2)
in addition to an intercept (if any). Thus, Eg. 2 now augments the rationale of the ExXGBT model
and hence can be used directly without the need to re-run the EXGBT model for each moment
capacity prediction. Equation 3 shows a logistic regression model (a simple model used to
surrogate a complex classification-based model) for the case of binary classification [117]. This
model achieved the following metrics BACC (0.75/0.87/0.68), AUC (0.68/0.85/0.58), and LLE
(0.60/0.47/0.71).
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Predictiong,y = link function [(asmndamized X 63.31) + (Ystandardizea X 16.84) +

(fystandardized X _5'83) + (fcstandardized X _20'44) + (ﬁ’standardized X _1'22) +
x =2.28) + (Tytandardizea X —7.28) + 94.10) @)

frstandardized

Prediction;z = logit [(astandardized X —1.03) + ("standardizea X —1.74) +

(fystandardized X 0'24) + (fcstandardized X _0'0002) + (ﬁ’standardized X 0'82) +

(Err sy X 1.06) + (Totandaraizea X 0.10) + 1.39)] 3)

Another surrogate that can be used to augment an AI/ML model is genetic algorithms (GA). In
this surrogate, and similar to GAMs, a string of representations can be formed [118]. In this
analysis, a GA model was developed and achieved the following performance in MAPE
(66.86/35.72/29.91 kN.m), RMSE (50.38/37.38/48.52 kN.m), and R? (0.91/0.92/0.87) for
training/validation/testing, respectively. The generated representation is shown in Eq. 4. As one
can see, this GA representation only contains five features, as the rest of the features were dropped
as they were not deemed to be of importance. Interestingly, this expression also shows the direct
but minor interaction between yield strength and FRP ratio, as well as additivity between all other
features®. Also, another GA model for the binary classification model is shown in Eq. 5 with the
following metrics BACC (0.82/0.82/0.78), AUC (0.85/0.84/0.75), and LLE (0.52/0.48/0.55).
Further details with regard to using GA in this database can be found elsewhere [74]. One should
note that there is an ongoing debate on the benefits vs. drawbacks of surrogates [21], and additional
discussion on surrogates is provided in the next section.

Predictiong,,, = exp (3.48+ 0.312r + 0.0015a — 0.0006f, — 0.002E;, — 0.0007f, f,)
(4)
Predictiongag,, ..., = logistic (1.2 X lesser of [r,0.74] — 0.056 — 0.0003 X a) (5)

9.0 Insights into Explainability Methods

The first four discussed explainability methods provide insights into the working of complex
models such as EXGBT. These methods tend to be informative and showcase why a model predicts
the way it does. While the use of surrogates may also help explain such models, this method may
not be as neat as that observed from other methods [119].

As shown in Fig. 6a, extracted feature importance of GAM and GA are not identical to that
obtained from ExGBT. This is expected as GAM and GA are unique models on their own and do

2 A more complex representation was also identified as:

Predictiong,,, = exp (7.64+ 0.68ff; + 0.00657Ep, + 0.0014f7 + 6.09 x 10~>f.a + 1.38Ef, + 5.45 x
107°f,E;, — 0.012Ef, — 0.165f, — 0.65f; — 1.21f,,a — 0.40r?)

This representation was not further examined as the goal of this work is to articulate simple surrogates. However, this
representation shows more complex interaction between features than that displayed in Eq. 4.
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not aim to validate EXGBT, but rather to explain its behavior. From this view, explaining the
ExGBT’s behavior does not necessarily rely on having the same importance for all features, but
rather it aims to use the simplicity of the GAM/GA models to understand EXGBT predictions.
When evaluating both surrogates herein, one must keep in mind; 1) surrogates are applied to a
dataset that has the same features as that of the original dataset, but with an outcome (response)
obtained from ExGBT predictions (i.e., in a way, the new dataset is a derivative of the original
one), and 2) GAM and GA have their own inner working mechanisms and hence do not necessarily
need to oblige or follow that of the EXGBT.

Importance (%)
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error range with 700 KN.m as maximum moment]
Fig. 6 Comparison between EXGBT, GAM, and GA predictions

To further emphasize the above notion, the plots shown in Figs. 6b and 6¢ are thought to be
interesting to discuss as they present GAM’s and GA’s response when compared to the measured
values, as well as to ExGBT’s predictions. These figures complement the performance of both
surrogates, which also attained good performance metrics [GAM; MAPE (37.16/2.03/41.35
kKN.m), RMSE (32.45/31.40/52.69 kN.m), and R? (0.96/0.94/0.85), and GA, MAPE
(66.86/35.72/29.91 kN.m), RMSE (50.38/37.38/48.52 kN.m), and R? (0.91/0.92/0.87)]. A closer
look into these two figures also shows how GAM and GA seem to capture the phenomenon on
hand well, especially in beams with moments reaching around 200 kN.m. Beyond this range, both
GAM and GA deviate their predictions (unlike that observed by EXGBT, the original model used
in this study). This case study shows the need for a deeper dive into surrogates and their behavior
worth further investigation across the range of all datasets. This is best suited for a future work.

In lieu of the observations as triggered by Fig. 6, a question then arises, why would a user not
apply simple models like GAM or GA directly instead of more complex models? The answer is
simple. A user can indeed apply such models. In fact, and ceteris paribus, a user is advised to try
to apply simple models first. If such models fail or do not achieve the required degree of goodness,
then a user may opt to apply more complex models [120]. At the time of this work, the use of
multi-search models, ensembles, and others seem to be worthy of exploring. One should be
cognizant of the fact that selecting a model to explore a given phenomenon via Al/ML does not
follow a standardized procedure simply because we do not have such a procedure yet. On a more
positive note, the open literature does contain a set of recommendations obtained via domain-
specific and expert-guided examinations, which can be used to pave the way towards a more
standardized AI/ML application procedure [121-123].

A similar notion can also be argued for the quality of explanation. While an explanation, or a
method of explainability, can satisfy a user, the same degree of reasonability of explainability may
not provide enough evidence to satisfy others [124-126]. In a way, there could potentially be a
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tradeoff between the degree of explainability to that expected level of satisfaction a user is looking
for (e.g., given their background, or need to comply with rules or societal expectations, etc.). Thus,
future works in our domain are invited to explore the notion of XAl and IML and develop
explainable models that best suit our problems, expectations, and norm.

10.0 Conclusions

This paper showcases the applicability of five explainability methods (feature importance, partial
dependence plots, feature interactions, SHAP (SHapley Additive exPlanations), and surrogates)
via a thorough examination of a case study carried out on reinforced concrete (RC) beams
strengthened with fiber-reinforced polymer (FRP) composite laminates. In this case study, three
algorithms, namely: Extreme Gradient Boosted Trees (EXGBT), Light gradient boosted trees
(LGBT), and Keras Deep Neural Networks (KDNN), are applied to predict the maximum moment
capacity of FRP-strengthened beams and the propensity of FRP systems to fail through debonding
mechanisms. The following list of inferences can be drawn from the findings of this study:

e Structural engineers remain reluctant to adopt AI/ML methods as primary tools of analysis
and design of structures due to a few issues related to the opaque nature of AI/ML and to
the limited coding/programming educational experience in typical curricula.

e Current efforts in AI/ML can benefit from focusing on explainability and interpretability,
thereby clearing the blackbox reputation of common AI/ML methods in the structural
engineering domain.

e Of all algorithms showcased herein, the Extreme Gradient Boosted Trees (EXGBT) ranked
the best performance in examining the maximum moment capacity and failure mechanism
of FRP-strengthened beams.

e Using simple surrogate models such as GAM and GA can help augment more complex
models such as EXGBT.
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