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ABSTRACT

Systems-level analysis of an engineered structure demands robust scientific and statisti-
cal protocols to assess model-driven conclusions that are often non-traditional and causal in
their content. The formal mathematical, statistical, and philosophical foundations of causal
inference on which such protocols are based are, nevertheless, not widely understood. The
aim of this paper is to communicate the essentials of graph-based causal inference to the
civil engineering community, to demonstrate how rigorous causal conclusions — and formal
quantification of uncertainty regarding those conclusions — may be obtained in a typical
engineered system application and to discuss the value of this approach in the context of

engineered system assessment. The concepts are illustrated via a river-weir ecosystem case
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study, as an example of decision-making for engineered systems in the built environment.
In this setting, we demonstrate how rigorous predictions can be made about the outcome
of decisions, that take a lack of prior knowledge about the system into account. The find-
ings highlight to end-users the value in applying this approach, in providing quantitative,
probabilistic outputs that counter decision uncertainty at system level.

Keywords: causal inference; directed acyclic graph; river-weir ecosystem; systems engi-

neering

INTRODUCTION

The vast majority of scientific hypotheses are not statistical, but are causal. One example
of such a causal construct that surrounds a system in the built environment is the changing
response of a structure to external loading conditions over time, as a consequence of the
natural evolution of internal characteristics such as strength and stiffness, or the interven-
tion on these properties. Protocols to test such hypotheses are well-understood and codified
in the modern scientific method, typically a combination of in silico model simulations and
in situ experiments targeted at replicating the causal mechanisms at work. An experimen-
tal approach will often seek to produce high quality data to describe only a single causal
relationship, through controlling surrounding physical conditions.

A systems-level approach, on the other hand, aims to describe real-world systems by
simultaneously assessing en masse a collection of causal statements, through employing a
protocol of codifying numerous causal hypotheses in the form of a single mathematical or
computational model. The model can be produced without experimental data pertinent to
every causal statement, able to be constructed from combinations of empirical formulae and
first principles, and supplied with elicited quantitative information. The model is then used
to produce predictions about the real-world system, either under specified constraints or as
the outcome of interventions. The model’s performance can further be assessed against a
real-world dataset, with strong predictive capability interpreted as evidence in support of the

collection of causal statements taken together, which is then used to guide future hypothesis
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refinement.

The technique aims to establish multiple causal conclusions, using a holistic mixture of
mathematical models, statistical techniques and diverse datasets. In doing so it offers the
user a route to rigorous prediction about the real-world system, produced via accessible
analytical methods and able to function with imperfect and incomplete data. This is useful
in the case of engineered systems in the built environment, where data may be limited for
structures situated in real environments if such structures are not endemic in the area.

Of central importance in the effort to use systems-level approaches are mathematical and
statistical theories of causal inference. These enable the engineer to establish which causal
statements are testable from observational data, to adjust for external factors that might
confound parameter estimates and model-based predictions, to reason about the transfer of
causal conclusions across the engineered system and its physical surroundings, and to provide
an honest quantification of the epistemic uncertainty that accompanies all causal conclusions.
Our experience is that, while the correlation-causation distinction is appreciated (e.g. Bell et
al., 1992; Salvaneschi et al., 1997; Suraji et al., 2001; Cotter, 2015), the useful and powerful
logico-deductive theories of graph-based causal inference are not yet well-understood in this
trans-disciplinary research field. The aim of this article is to communicate a clear, explicit
and practicable introduction to causal inference via a real-world case study from the field
of the built environment. The intention is that this presentation will help to accelerate the
adoption of formal causal reasoning in the field.

The real-world motivation for this research was to study the Clerkington Weir, an his-
toric river barrier on the river Tyne in south-east Scotland, under the jurisdiction of the
Scottish Environmental Protection Agency (SEPA). The weir, which dates from the early
19th century, has been identified as an inhibitor of fish migration and there is an ongoing
conversation with a wide variety of stakeholders regarding possible weir removal or modifica-
tion, such as via the addition of a fish passage structure. T'wo aspects frustrate this decision

landscape; firstly that removal is typically technically complex and costly, and may also be
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hindered by other factors such as historic weirs being protected (listed) structures. In this
case uncertainty regarding the long-term prosperity of the current physical weir-river system
is a factor. Secondly, that if weir removal is carried out the impact on the performance of
the remaining elements of the system is challenging to predict due to its complexity, and
hence there is epistemic uncertainty about the consequences of removal. These could include,
for example, changes to river ecology health and river re-routing in the case of removal, or
increased flood risk under increased precipitation in the case of non-removal.

To date no formal quantitative probabilistic attempt has been made to predict the con-
sequences at system level of removal or non-removal. The Clerkington Weir is therefore an
ideal case study on which to demonstrate the applicability of the concepts of causal inference
to a real-world context, as well as highlighting aspects in which these techniques are limited.
This presents an opportunity to assess the value of applying causal inference methods to
this real world engineered system, where a challenging decision context is being played out,
and where addressing uncertainty about system response to intervention is key to moving
forwards. Across the system a large number of causal mechanisms are at play. For example,
to assess the impact of extreme rainfall events on the structural integrity of a weir it is
necessary to posit causal hypotheses for how rainfall affects flow in the river, for how the
weir responds to different flow conditions and for how flow induced erosion and scour might
act to undermine the integrity of the weir.

The assessment presented here seeks to address three features of the decision landscape;
the impetus for the decision (that there is a barrier to natural fish migration), a cause of un-
certainty relevant to non-removal (weir condition and design), and an uncertain consequence
of removal (alteration of flood risk). Thus we deploy causal techniques to estimate fish
passability on the weir, to estimate the unknown weir density and embedment depth, both
pertinent to the stability of the weir, and to assess the change in risk of upstream flooding as
a result of weir removal. The results deliver distributional and risk based predictions, derived

from an explicitly causal model. Using a subset of observed datasets a new set of numeric
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outputs is presented that describes both currently unknown features and future performance
measures of the river-weir system pertinent to the ongoing decision making effort.

The main body of the paper is given to first presenting the elicitation of the causal
model used with the case study, then the formal reasoning associated with the questions
used to make predictions about the system, and the predictive results derived from them.
This is followed by a discussion of the practical and technical challenges faced, the novelty
of the approach, and a comparison of the work with other possible methods for obtaining
probabilistic predictions of system performance. The conclusions focus on the value-added
offered by the causal inference approach over other available methods, especially in the
context of generating impact in society, and to highlight the potential gains that more
widespread use of these methods would provide. Two appendices are provided with the
paper; the first contains an overview of the underpinning frameworks of causal graphical

models, the second presents the full extent of the causal model construction.

A CAUSAL GRAPHICAL MODEL OF AN HISTORIC RIVER-WEIR SYSTEM

There are several competing mathematical and philosophical frameworks that attempt
to formalise the process of causal deduction, including counterfactuals (Morgan and Win-
ship, 2014), structural equation models (Kline, 2015) and the decision-theoretic approach of
Dawid, 2000. This work applies one such framework, due to Pearl, 1995, that is based on
a directed acyclic graph (DAG) representation of causal inter-dependencies in the system of
interest. The DAG framework has received considerable theoretical attention and is perhaps
the approach to causal inference that is most widely-used (Pearl, 2009). Even within the
context of DAGs, the term ‘cause’ has historically received diverse usage. In this paper we
adopt a domain-specific (and expert-elicited) notion of causation.

Full details of the mathematical and statistical foundations of the causal inference that
leads to the causal DAG presented below can be found in Appendix I. The aim of this section

is to illustrate how the mathematical and statistical content of Appendix I can be applied
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to perform rigorous causal inference in a civil engineering context specifically in relation to

an historic river-weir.

The Case Study: Clerkington Weir

Clerkington Weir is a barrier on the river Tyne in south-east Scotland. It is located
approximately 1.5 km to the south-west of Haddington and is one of a total of 12 weirs on
the river (SEPA, 2018). The River Tyne has a total drainage area of 318.27 km?; it is sourced
in the Moorfoot and Lammermuir Hills and flows in a general north-eastward direction to
enter the outer Firth of Forth at Tynemouth. The stream network for the Tyne catchment
is shown in Figure 1.

The impact of the weir on fish passage has been highlighted by stakeholders and the
possibility of weir modification or removal has been discussed. Conversely, the age of the
weir and its perceived cultural and historic significance in the local landscape means it is
considered an important feature and, as for other barriers on the Tyne, the added protection
of having listed status renders removal a challenging and emotive issue. One impediment to
resolution is the absence of quantitative measures of the physical, hydrological and ecological
impact, positive or negative, weir modification or removal might result in.

The river-weir ecosystem is complex, containing a large number of components across
different domains and multiple inter-dependencies. This hinders the generation of reliable
outputs to produce these measures of impact by standard, non-causal statistical methods.
For example, it is likely that the Clerkington weir differs in several important respects to
other weirs on which data may have been collected and it is therefore unclear how conclusions
of a statistical nature, drawn from structures with possibly quite different characteristics,
can be meaningfully extracted.

In seeking to determine the best decision for the Clerkington weir, causal links that
represent the whole system, must be considered simultaneously in order to prevent inaccurate

reasoning about the system. For example, although statistical analysis of fish passage over
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barriers indicates that the height of a barrier is negatively associated with fish passability (e.g.
King and O’Hanley, 2016), it would not be appropriate to reason that removal of Clerkington
weir would therefore lead to increased fish stock in the Tyne. This is because such reasoning
considers only one causal mechanism in the system, where other causal mechanisms may also
exist. It may be the case that weir removal changes the flow in the river in a way that leads
to bank erosion and vegetation loss, to the overall detriment of the fish stock. Alternatively,
if the face of the weir is supporting denitrifying microbes then removal of the weir may result
in increased levels of nitrogen in the river, leading indirectly to a reduction in fish stock.
The Clerkington Weir will be used as a case study, allowing us to demonstrate how causal

graphical models can be applied in the context of managing the built environment and its
relationship with the surrounding landscape. In particular, we considered three questions in
detail:

Q1: To what extent can fish pass over the weir?

Q2: What can be said about the un-observable aspects of masonry structure of the weir?

Q3: To what extent does weir removal reduce the upstream flood risk?

In order to provide clarity in the presentation of our argument regarding the value of applying
the causal graphical model to this real world context, we have deliberately limited our
attention to a subset of key random variables (RVs) and datasets. This allows for focused
discussion of the complex real-world interactions across these variables, that underpins the
case for a causal inference approach, and their formal representation in a causal graphical
model. It does also determine that the results presented in this paper are illustrative only,
and that further development of the model would ideally need to be undertaken if it were to
be used as the basis of a real-world decision making tool.

In the remainder of this section, first the main RVs relevant to the river-weir ecosystem
are elicited and described. These are then assembled into a causal DAG and the conditional
distributions associated with the DAG are described. This is followed by a demonstration

of how the causal DAG allows for explicitly causal hypotheses on the river-weir ecosystem
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to be reasoned about and investigated.

Elicitation of the Causal DAG

The first task in constructing a causal graphical model is to elicit the RVs that will
form the vertices in the causal graphical model. These will be generically denoted X, for v
ranging over an index set V', and include RV’s that are physically relevant across the system
in relation to the questions being asked, and any associated datasets on which inferences are
to be based. In this case study, elicitation was conducted based on discussion with both the
stakeholders and various domain experts, including geologists, ecologists and engineers. Note
that the set of RVs Xy := {X, },ev presented is a subset of all elicited RVs, to encourage
clarity of communication of the analysis and results. These RVs are partitioned into those
related to the geometry of the weir, the condition of the weir, the environmental RVs and

the available datasets.

Geometry of the Weir

The first RVs elicited were intended to characterise the geometry of the Clerkington Weir,
derived from visual observation of the structure on site (Figure 2) and historic documentation
regarding the typical design of weirs of a similar age to Clerkington Weir, highlighting
features such as the stacking of masonry units on the weir face (Figure 3a) and the use
of piled foundations (Figure 3b). To this end, the profile of the weir was assumed to be a
non-symmetric trapezoid, characterised by a length X1, (m), a weir height Xwn (m), a slope
up Xgu and a slope down Xgp. All geometric RVs are shown in Figure 4.

No inspection of the below-ground structure was undertaken, hence engineering judge-
ment was relied upon to elicit the foundation design in use at the weir. Documentary evidence
suggests that piled foundation solutions were employed for the purposes of ensuring stabil-
ity in weir structures at the time at which the case study weir was originally constructed,
however it was not possible to confirm this directly for the Clerkington weir. Considering
the complexity associated with articulating pile behaviour within the causal framework, a

simplified approach was taken wherein the foundations were modelled as a rectangular sec-
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tion with an unknown embedment depth Xgp (m). This reflects the fact that massing below
river bed level will almost certainly be present in the weir structure, directly contributing to
its stability, without seeking to represent additional frictional aspects of pile performance,
which go beyond the scope of the geomorphological and geotechnical information available
to the case study. This approach seeks to ensure a worst case stability situation is provided
for this first stage assessment.

The masonry construction of a weir of this age would not typically have included the pres-
ence of mortar, with inclined bedding of rough, interlocking blocks used to provide shearing
resistance across the weir mass. Over time as the weir was continually exposed to the dy-
namic effects of hydraulic loading and other environmental effects (e.g. bank expansion and
contraction), it can be safely assumed likely that the masonry units would have moved rela-
tive to each other. As such the presence of voids and other imperfections such as vegetation
in the weir structure that lead to a reduction in overall density, from the value that was
initially ensured via the masonry laying technique, is anticipated. This is supported by the
visible and not insignificant presence of vegetation on the weir face (Figure 2), although the
exact location and extent of voiding was not measured. This uncertainty was modelled as

an RV, weir density Xwpr (Nm~2), homogeneous across the weir body.

Condition Variables
Engineering expertise was used to elicit RVs contributory to potential failure modes of
the weir, utilising available assessment tools (Pickles et al., 2014; Kennard et al., 1996).

Four failure modes were identified; failure due to overturning (EQU1), failure due to sliding

(EQU2), failure due to uplift (UPL) and failure due to piping (PIP). These failure modes
were each represented by the binary RVs Xgém,Xgém,Xg%L,X&)P, with O representing
non-failure and 1 failure occurence, and an index 7 used to represent the date on which
failure is being considered. (Here i runs over an index set that will be denoted Z.) Not all

failure modes are modelled and in particular internal failure of the weir structure, for example

due to fracturing, was not considered. This limits the causal model to that of considering
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external stability of the weir as a rigid body, whilst enabling the interaction with the river
water forces to be fully resolved. A further condition assessment binary RV ng)x was taken

to equal 1 if, on day 7, any of the four failure modes occurred.

Environmental Variables

Several environmental RVs are required to properly characterise the river conditions at
the weir. Hydrological considerations motivated the the inclusion of: bank height Xgy (m),
channel width Xcw (m), flow XP@ (m®s™1) on day i, upstream water depth X[(Ji\),VD (m) on day
t and downstream water depth X](Di\),VD (m) on day i. A further binary RV X&)T was used to
indicate whether an upstream flood had occurred on day 7, with 1 representing a flood event.
Full designation of the conditions used to classify a flood event are described in Appendix II.
Additionally, to represent the failure mode EQU2 it was necessary to include RVs X and
Xsra respectively representing the soil cohesion (Nm™2) and the soil friction angle (deg).

Ecological considerations led to the inclusion of RVs representing fish passability XI(;?) on
day i. Here the passability of the weir for brown trout, one of the species of fish known
to populate the Tyne, is considered, such that Xk(fg, takes one of the four categorical values
{total, high, medium, low} defined in Baudoin et al., 2014 as indicative of the degree of pass-

ability of the weir, according to the weir geometry, flow conditions and fish characteristics

(e.g. jumping capacity).

Observed Variables

A limited number of datasets were collated to provide statistical information related to
the physical RVs just described. The geometric RVs X1, = 6.3 (m), Xgy = 04, Xgp =
0.4, Xcw = 50 (m) could be directly observed. The weir height Xwy = 1.2 (m) was
measured using differential GPS data, shown in Figure 5, obtained on 28th September 2018.
In addition, the bank height was denoted Xpy and was observed as 1.5 (m).

Measurements of flow Xg) were obtained from the National River Flow Archive (NRFA,
2019). These consisted of mean daily flow measurements taken from 1981-2000 at three

upstream locations, one upstream at Spilmersford on the Tyne and two at intermediate
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tributaries (Lennoxlove on the Coulston and Saltoun Hall on the Birns) that contribute to
the total flow arriving at the weir. The values Xb(f) were calculated as the sum of these three
contributors to the total flow at the weir with the index set Z containing approximately 7,300
days in total. The date range used derives from the fully overlapping portion of the three time
series that constitute our dataset, in order that additional technical development to handle
missing data was not required. Finally, a condition appraisal of the weir indicated that no
failure mode has occurred, so that ng)x = 0 for all days ¢ in the dataset. In the following
we denote by X where O = {L, WH, SU, SD, CW, BH, SSD, F®), CA®”}, the subset of RVs
which together constitute observed nodes in the DAG.

This completes specification of the RV index set V. It remains to specify any causal
relationships among the RVs, in a real-world qualitative sense at the level of the DAG and
in quantitative terms at the level of conditional and interventional probability distributions.
Full details of these relationships, as they derive from physical and empirical functions, are

presented in Appendix II. The full DAG model is displayed in Figure 6.

Scientific Reasoning Using the Causal DAG

To illustrate how the causal graphical model enables rigorous and automatic reasoning
about scientific hypotheses, the three scientific questions Q1, Q2 and Q3 are considered. Of
these, Q1 and Q2 concern the distributional nature of the RVs involved and are not causal in
nature; the purpose of these is to demonstrate the type of mathematical calculation involved
when using the causal DAG to determine the conditional distribution of a given RV. The
third question, Q3, is explicitly causal and relies on the Pearlean interventional structure
that we have endowed on the causal DAG to measure the effect of an intervention on the

river-weir system.

Q1: Fish Passability
The Clerkington weir is recognised as being as a barrier to fish passage on the Tyne, but
to date no quantitative analysis of the river-weir ecosystem has been performed that draws on

observed data specific to the physical nature and situation of the weir in the river. As a first
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example of reasoning based on the articulated graphical model, we consider how the observed
data described so far can provide quantitative information concerning the impedence to fish

passage posed by the weir. This is formalised as the following question:

Question 1. What is the conditional distributions of fish passability p(XP(fE, | Xo) on each

day 7, given the observed datasets X7

In what follows we explain how the DAG in Figure 6 enables this question to be precisely
answered. First we apply the law of total probability to express the desired conditional

distribution as the integral

p(Xip | Xo) = / P(Xip Xy ougrroy | Xo) Ay ougepooy)-

Then we leverage the definition of the conditional density as

(i)
i p(Xpp, X\ (OuIFP®Y) Xo)
px 1 Xo) = e (5 S
1
= p—(XO)/p(XV) dXV\(()u{FPW}) (1)

where in (1) we recognise that the RVs Xy are not being integrated. At this point we can
exploit the conditional independence structure of the DAG using the Markov property in (2)

of Appendix I to obtain

; 1
Y@ | x X .|X X
b O - / p v (v d (%)
(Xep | ) (Xo) vlevl (X ()> V\(OU{FP(®})

Each of the terms appearing in the product has been elicited. The term p(Xp) does not
depend on Xé?, and can be considered to play the role of a normalisation constant. Numerical
techniques, such as implemented in the software discussed in Appendix I, can be used to
numerically evaluate these conditional distributions. For the purposes of this paper we

implemented a standard Markov chain Monte Carlo method.
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Results are displayed in Figure 7. The left panel displays a superposition of the condi-
tional probability distributions p(X](Di\);VD|XO) for each of the days ¢ in the dataset. These
indicate that, given the geometry of the weir and the observed variation in river flow con-
ditions, the downstream water depth typically does not exceed 0.2 (m) and therefore that
the air gap XI(}\),VD — ]()i\)sz is typically at least Xwy — 0.2 = 1 (m). It follows that fish
passability is rarely better than medium or low in the sense of Baudoin et al., 2014. The
right panel displays a superposition of the conditional probability distributions p(Xlgl))|Xo)
which confirms the barrier effect of the weir on fish passage. The automatic computation of
these multiple conditional distributions from the same DAG structure provides for efficient
prediction across system variables, and from this greater awareness of the system’s state.

It is important to emphasise that these results are driven by all of the observed datasets
in X and not just a small portion of the available data, and that the correct integration
of these multiple and diverse strands of evidence is performed automatically and efficiently
through the DAG. This simultaneous conditioning against multiple observed datasets, allows

the user to bring all the “knowns” to bear on the posited question and output rigorous and

reliable new information from it.

Q2: Density and Embedment Depth

A major source of uncertainty regarding the performance of the river-weir system is the
state of the weir itself. The original design of the weir and the extent to which its condition
has deteriorated since construction dictates its stability and safety as a structure today,
which influences decisions around possible interventions to the system. If the weir is in a
state where even minor interventions would instigate weir instability or collapse, then the
site works required to modify the weir to install a fish passage, for example, may not be
practically possible. Or, if long-term system stability is desired with the weir in-situ, and
works to ensure the longevity of the weir against increased flows are extensive, they may not
be cost effective.

There is therefore interest in assessing and quantifying the state of the weir. However, a
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lack of observable features limits the capacity to achieve reliable assessment via survey, as
values required to fulfil a majority of the variables needed to determine weir state through
consideration of the physical interactions contributing to it are missing. Q2 considers infer-
ence across these unobserved variables relating to stability and condition, on the basis of the

information that is available, Xo. This is posed in particular as:

Question 2. What is the conditional distribution of the weir density and embedment depth

p(Xwnpr, Xep|Xo) given the observed datasets Xo7

The observed data includes the knowledge of the weir geometry and environmental con-
ditions. It additionally includes the information that failure has not occurred, through the
condition assessment RV Xg/l. This knowledge of the capacity of the weir to withstand the
loading conditions to which it has previously been exposed provides important insight into
the state of the weir. Being able to condition on this knowledge via the DAG, in combi-
nation with the other observed information, allows for a prediction of the unobserved weir
density and embedment depth that draws on this knowledge of historic system state. Formal
computation of unobserved variables via historic systems level knowledge represents a new
offering in the context of decision making around complex engineered systems, especially
in relation to historic structures where so many variables are unknown. Proceeding in an

analogous manner to Q1, we arrive at the formula

p(XWDIaXED’XO) o8 /Hp(lexw('u)) dXV\(Ou{WDLED})a

veV

with proportionality up to an implicit normalisation constant.

Results are displayed in Figure 8, indicating the probable upper and lower bounds of
embedment depth Xwp and weir density Xwpr that are consistent with the fact that the
weir has not failed under the system conditions contained in the observed nodes in the DAG.
It is apparent that Xwpy (for which a uniform distribution was elicited) is relatively well-

informed by the dataset, with a minimum density of around 10,000 (Nm~3) being plausible
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under the model. Similarly the model provides a plausible minimum value for Xgp of around
0.5 (m). For very small values of either Xwp; or Xgp the model anticipates a larger value of
the other to compensate and to ensure stability of the weir, as would intuitively be expected.
The contour plot also provides the joint conditions attributable to the worst case that the
weir might plausibly be considered to be in, in terms of its overall stability. Meanwhile the
“soft” nature of the plot reflects uncertainty with respect to RVs such as the downstream
water depth which play a causal role in failure of the weir.

Again, these results are driven by all of the observed data Xy, with correct integration of
these different strands of evidence being performed automatically through the DAG. Such a
computation of the jointly probabilistic nature of variables from partial, high level knowledge
of a complex real world engineered context is not traditionally available to decision makers,
and the ease by which the DAG can compute these represents a significant opportunity to

improve the quality of information available in these contexts.

Q3: Weir Removal

Neither Q1 nor Q2 require causal semantics, since they do not countenance an interven-
tion on the system. Intervention is also at the root of the decision context being considered
for the weir. A more realistic situation is now considered, where causal semantics are es-
sential, specifically the effect of weir reduction or removal on upstream flood risk. This is
an explicitly causal question that can be cast as an intervention on the weir height, Xwgy,
whereby it is set to some other fixed height h > 0. To make this precise, we now let X\(,?H
be indexed by day 7 and consider the effect of removal on a future day, denoted *, not in the

earlier index set Z.

Question 3. If an intervention was performed that sets the weir height to h, what is the
interventional distribution of an upstream flood p(X[(J*EZ | Xo,dO(X\(;%{ = h)), given the

observed datasets X7

To address this question we extend the index set Z to include %, leading to a larger causal

DAG. Here an intervention is considered on a day * not in the index set Z, which can be seen
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as a degenerate case of Balke and Pearl, 1994. This is a simpler method of approach than
other alternately available ones. The intervention could have been posed as a counterfactual
question where it is asked what would have happened on a day ¢ € Z in the dataset if the
weir height had been intervened on during that day; such questions are rigorously addressed
in the counterfactual network approach of Balke and Pearl, 1994.

Now it is required to specify a marginal probability distribution for the newly introduced
source node X§*>, which was taken to be a log-normal distribution fitted to the observed
Xb(f). Fits that are consistent with the flow dataset are displayed in the left panel of Figure

9. Then, from the Pearlean structure in (3) of Appendix I:

p(XI(J*F)‘ | XOa dO(X\(Z\t%{ = h)) X /H p(Xv|X7r(v))|X\(;%{:0 dXV\(OU{UF(*)})‘

veV

Results in the middle panel of Figure 9 indicate that complete removal of the weir (h = 0)
reduces the per-day risk of an upstream flood event substantially, from 1072 with the weir
in situ to around 10~ with the weir removed. Utilising the causal DAG to compute this
reduction in risk provides the end-user with clarity and confidence regarding the scale of
impact associated with undertaking a specific intervention within a larger system of interac-
tions. This is a powerful tool with regards situations where there is a need to make decisions
without prior knowledge of their effect. Methods that work to counteract vague and uncer-
tain knowledge contexts explicitly address this real world problem. Additionally, the setting
out and structuring of the causal DAG enables multiple causal roots to be explored in the
context of interventions, and their impact updated as more data and knowledge is supplied.

For illustration the average causal effect (ACE; see Appendix I) of weir height RV X\(,{'})H
on the upstream flood RV XI(J*PZ is also computed, shown in the right panel of Figure 9. This
demonstrates the intuitively sensible fact that there is greater impact achieved on flood risk
from reduction in height of a tall weir (X\(;;H > 1.3 (m)) compared to reduction in height of

a smaller weir (X\(;%{ < 1.3 (m)). On the other hand, the ACE is zero for values of X\(;%{
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greater than the bank height Xgy = 1.5 (m), since a weir higher than the bank guarantees

an upstream flood.

DISCUSSION

Causal graphical models constitute a rigorous framework in which deductive causal rea-
soning can be performed that simultaneously takes all of the identified causal mechanisms
into account. The purpose of this study has been to demonstrate the value of applying a
causal graphical model framework in an engineered-systems decision appraisal context. The
outputs from the DAG-based causal analysis provide explicit insight into system perfor-
mance, that might otherwise have remained as vague assertions. Without such an approach
the answering of the three questions posed (Q1-Q3) would have been reliant on non-causal
inference from statistical data (e.g. historic flood occurrence) and fragmented by the use
of disparate, localised interaction models within the system (e.g. river flow over a barrier).
This represents a valuable change in approach to overall engineered-systems assessment.

It is emphasised that the case study is illustrative only, and does not seek to provide
validated proof of the specific case study’s system state in the future. For example, the
results reported account neither for changes that may have occurred in the flow profile of
the Tyne since the flow dataset was obtained, nor for the possibility of more extreme future
flow events due to climate change. Detailed justification and criticism of modelling choices
would be essential if the conclusions drawn from the causal model are to be used as part of
a decision-making tool in the future.

The following section discusses where future developments of the approach could be
directed, and the impact of these. This includes refinement of the system assessment to in-
crease the resolution of the causal relationships being articulated; expansion of the approach
to situations where the causal structure is itself uncertain; and application of the work to

cases where new system knowledge can be uncovered by experimentation.
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Physical Model Assertions

Underpinning the validity of the DAG are the physical causal models with which it is
constructed. Whilst full causal fidelity in the physical and engineering model structure
has been sought for as much as is possible, for reasons of feasibility there remain some
approximations and gaps. The list of failure modes used is not exhaustive, and the focus
in this first stage assessment was to look at those modes where some degree of observation
contributory to the causal structure could be undertaken, such as with the geometry of the
weir. Additionally, with some of the failure models less resolute numerical techniques have
been applied, such as in the specification of the model for piping failure. These stemmed
from a desire to produce a model of the system that was more accessible to end-users than a
fully resolute one might be, whilst also seeking to ensure confounding effects were avoided.

Further simplifications come from ignoring certain physical features of the natural system,
especially those observed over time periods orders of magnitude greater than the immediate
decision context. For example, the possibility of dynamic re-routing of the river, which is
known to have historically occurred, was not considered. Changes in the course of the river
Tyne through the site have been identified by comparison in a GIS system of: (i) historical
Ordnance Survey maps (surveyed in 1855 and 1895); (ii) aerial photographs dating from
1946, 1988 and 2009; and (iii) a GPS survey of the river centreline undertaken in September
2018. An overview of these changes is presented in Figure 10; over the past 150 years the
river has clearly migrated across the flood plain at several locations across the site. To
properly account for uncertainty with respect to the future route of the river appears to be

difficult, yet this has a direct bearing on the possible consequences of weir removal.

Estimation of Causal DAGs

This work presents the situation where all relevant causal mechanisms are elicited from
experts (e.g. an engineer) and data is used only to quantify uncertainty with respect to pa-
rameters of the mechanisms involved. For engineered systems this situation can be justified,

as the causal relationships are by definition designed into reality in the artifact. This provides
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a strong argument in favour of DAG-based causal deduction, compared to, say, epidemiology
where the notion of a “direct cause” may need to be clarified. However, in some applications
the edge structure of the causal DAG is itself an unknown object of interest. For example,
in this case study this would be relevant to assertions about the system that relate to the
down-scaling of very large scale causation into locally observed effects. Such as if climate
change were to be explicitly considered, scaling from global temperature rise observations
through catchment rainfall accumulation to flow specifically at the weir structure would be
a consideration. That scale of model extent is beyond the scope of this assessment however.

Statistical methods have been developed to estimate causal DAGs from so-called “obser-
vational” data that arise. These methods require the so-called (causal) Markov and faithful-
ness conditions to hold (see Appendix I) and are often classified as either “constraint-based”
or “score-based”. Popular constraint-based methods include the PC algorithm of Spirtes et
al., 2000 and Bayesian hybrids of these methods (Claassen and Keskes, 2012), and popular
score-based methods include (Meinshausen and Biithlmann, 2006; Biithlmann et al., 2014;

Bartlett and Cussens, 2013).

Application to Experimental Design

Once a (causal) DAG has been produced, it can be used to guide the design of future
experiments to optimally reduce uncertainty with respect to some (causal) statement(s) of
interest related to the (causal) DAG. For instance, if it was desired to reduce uncertainty
surrounding the unknown embedment depth Xgp but there was no option to undertake
a direct measurement then, from the DAG, it is apparent that one could instead seek to
obtain information on the weir density Wywp; (for example by conducting an ultrasound
experiment), which would in turn provide information on the conditionally dependent RV
Xgp. The statistical literature on experimental design is large and we refer the reader to

standard sources (e.g. Chaloner and Verdinelli, 1995) for further detail.

CONCLUSIONS

The presentation of this case study serves to highlight the potential benefits of the causal
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graphical model framework for systems-level engineering assessment. Without such an ap-
proach reliance on observed datasets for prediction and subsequent decision becomes the
norm for this context. Whilst empirically robust, these approaches do not in general ac-
commodate the deeper logico-deductive causal inference that is afforded in the causal DAG
framework. Furthermore, the general lack of observed data that underpins much charac-
terisation of engineered-systems in the built environment, hinders adoption of empirical
approaches. As such, methods such as that presented here, offer a significant opportunity
to overcome current epistemic uncertainty that surrounds decision making and intervention
strategies in engineering situations, such as weir removal. These methods further represent an
opportunity to capture and utilise the knowledge and information that does exist, currently
confined largely to human expertise, which cannot assimilate and integrate so explicitly with
purely data-derived predictive methods.

The deductive frameworks for causal inference that are presented in this article provide
the mathematical, statistical and philosophical tools to address this challenge and to enable
the honest quantification of the causal content of a model. New outputs produced by this
work quantify the epistemic uncertainty accompanying causal conclusions drawn from the
model. The case study of the Clerkington weir demonstrates the potential for these analytical
techniques to deliver value in a real-world context, but nevertheless it is clear that further
model criticism and refinement would be required for the work to form part of a decision-
making tool. It is hoped that this article will help to stimulate further research effort toward

adopting and tailoring formal causal models in these engineered-systems contexts.
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APPENDIX I. APPENDIX I: CAUSAL GRAPHICAL MODELS: AN OVERVIEW

The aim of this section is to communicate the essentials of causal inference based on a
DAG. Before we begin, we note that other excellent introductions to causal inference are
available and include Spirtes, 2010; Pearl, 2010; Dawid, 2010. Our article differs in its presen-
tation, being focused toward causal inference in civil engineering applications, but we were
nevertheless heavily influenced by these earlier authors, who have each made fundamental

contributions to the field.

Non-Mathematical Definitions

Causal inference blends both mathematical and real-world considerations in a unified
framework. This means that the definition of certain non-mathematical terms will require
context-specific semantics that must be specified. Examples will be provided below, while
in the immediate development we follow Dawid, 2010 by indicating non-mathematical terms
with teletype font.

Denote the collection of all relevant quantities in the engineered system of interest ab-
stractly as Xy = {X, }vev, with each quantity X, being indexed by an element v in some
suitable index set V. Our aim below is to build a graphical model that describes causal
interdependencies among these quantities. To proceed, we must make precise the following

non-mathematical terms:

e adirect cause among the Xy

e a common cause of the Xy,

The semantics that are attached to these non-mathematical terms will be context-dependent.
For example, when the X; represent river level measurements, a direct cause between Xj;
and X; may be understood to mean that location ¢ is upstream of location j, so that increased
river level at ¢ implies more water must also be present at location j, since water flows
from upstream to downstream. In this same example a common cause may be an external

stimulus X*, such as rainfall across the catchment area, that promotes increased river levels
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simultaneously at both locations ¢ and j. In the case where X* is latent (i.e. not included
in the set Xy ), then variation in X* can induce a spurious association between X; and X;
that cannot be explained at the level of the quantities Xy,. Such latent common causes can
be problematic as they require special treatment when performing causal deduction and, in
order to simplify our presentation, these will be explicitly ruled out. That is, we will make
the strong assumption that all relevant variables have been explicitly included in the set Xy, .
Finally, it is convenient to call X; an indirect cause of X; if X, is not a direct cause of

X but there nevertheless exists a sequence of direct causes that connect X; to Xj.

Graphical Calculus

Once the above non-mathematical terms have been defined for the relevant engineering
context, one can formulate a causal graphical model. Recall that a DAG G = (V, E) is
comprised of a variable index set V and an edge set £ C V' x V with the property that there
does not exist a directed path starting and ending at the same vertex (e.g. 1 -2 — 3 — 1).
Such a DAG @ is said to be “causal” if (a) an edge (i,7) € F exists if and only if X; is a
direct cause of X, and (b) there are no latent common causes of the Xy,. A causal DAG
is distinct from, for example, correlation networks or other types of probabilistic graphical
model, though the latter have to some extent been exploited in engineering applications
(Fienen et al., 2013; Wu et al., 2015a; Wu et al., 2015b; Tong and Tien, 2017; Bhandari
et al., 2017). Rather, we restrict attention to formal causal models in order that rigorous
causal conclusions can be derived.

For the moment we assume that the DAG G has been elicited from an expert and is
treated as fixed. Practical approaches to elicitation are discussed below, in addition to a
discussion of how the assumption of perfect expert elicitation can be relaxed.

In the framework of Pearl, 2009 each X; holds the status of a random variable (RV),
with randomness reflecting either epistemic uncertainty regarding these quantitites within
a particular engineered system, or reflecting the fact that many similar engineered systems

are being considered, of which the behaviour of a typical, randomly selected member of that
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population is being studied. The joint probability density function of the RVs is denoted
p(Xy). In order to relate causal DAG models to the RVs we assume in this work the (causal)
“Markov” property (Spohn, 1980; Spirtes et al., 2000). This states that, for a (causal) DAG

G, the following factorisation of the joint density holds:

p(Xv) = [[ (X Xnw)) (2)

veV

where 7(v) denotes the set of parents of vertex v according to the DAG G and Xg denotes
the set of RVs {X, : v € S}. For example, under the Markov property the DAG in Figure
11 implies that the joint density p(X;, Xa, X3) can be factorised as p(X;)p(Xz|X1)p(X;5]|X32).
It further follows from this factorisation that the RV X is conditionally independent of the
RV X3 given X,, written X 1l X3|X5. (In general a “conditional independence relation” is
a statement of the form

X4 AL Xp|Xe

for some index sets A, B, C' C V, meaning that the RVs X 4 and Xpg are de facto independent
once the value of X is observed.) In order to simplify the presentation in what follows,
the converse of the (causal) Markov property, called (causal) “faithfulness”, is also assumed.
This states that (2) is a maximal factorisation of the joint distribution, meaning that a
conditional independence relation X; Il X;(Xg, 4,5 ¢ S for some set S C V, implies that
there does not exist an edge X; — X in the DAG, and hence X; cannot be a direct cause
of X (Spirtes et al., 2000).

Note that, although the name “random variable” is used, this framework also includes
the possibility that a RV X, is deterministically related to its parents Xy, in the DAG,
perhaps explicitly through a mathematical formula or implicitly through a computer model.
In this case the conditional density p(X,|Xz(,)) should be interpreted as probability mass
function whose mass is confined to a single point.

The power of the graphical representation G is due to an extensively developed graphical
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calculus for causal DAGs. That is, there exist algorithmic manipulations of the graph which
can be used to determine whether certain probabilistic and causal statements follow as a
logical consequence of the elementary causal statements that are encoded in the individual
edges of the graph. This can be illustrated with the motif in Figure 12, from which we may
conclude that X; is an indirect cause of X,. Moreover, X, cannot be an indirect cause
of X;, since this would imply that there exists a cycle in GG, which is in contradiction to
the definition of a DAG. In the case of general G, an important algorithm that we highlight
is “d-separation” (Geiger et al., 1990), which allows all implied conditional independence
statements among the RVs Xy, to be deduced from the graph G this provides a convenient
data-driven check on the statistical (i.e. non-causal) assumptions that are encoded in a DAG
model. The criterion are implemented in software including Daggity (www.dagitty.net).
These automatic methods for logical deduction, together with the ease of communication
that is afforded by the graphical representation, have helped to contribute to the popularity
of DAGs in a variety of research fields, most notably epidemiology (Rothman and Greenland,
2005).

Panel Notation

In applications of graphical models it is common for multiple RVs to appear in parallel
in the DAG, as illustrated in the left part of Figure 13. In our case study, for example, each
day 7 in the dataset is associated with a RV representing flow conditions in the river on day .
Such large numbers of RVs can make graphical representations unwieldy and it is therefore
common to adopt so-called panel notation. An explicit example is given in the right part of
Figure 13, wherein the dashed panel is used as a shorthand to indicate that copies of the

graphical motif in the panel should be included for each of the indices i € {2,3,4}.

The Reification Fallacy
At this point the opportunity is taken to emphasise the distinction between DAG models,
in the general sense of a probabilistic graphical model, and causal DAG models in the

specific sense that we have outlined. In particular, while every probability distribution can
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be factorised as in (2) for some DAG G, it is only causal DAGs for which an edge can
be interpreted as a direct cause and therein associated with additional context-specific
semantics. To assign a causal interpretation to edges in a non-causal DAG is known as the
“reification fallacy” and is in general both scientifically and philosophically incorrect (see
Section 4.3 of Dawid, 2010).

The reification fallacy is frequently overlooked, both in the over-interpretation of edges in
a general (non-causal) graphical model, such as Gaussian graphical models and (non-causal)
Bayesian networks, and in the assignment of meaning to higher-order graphical motifs. Fur-
ther discussion on the mis-understanding of causal inference was provided in Imai et al.,

2008.

Expert Elicitation of the DAG

The expert elicitation of a causal DAG can be broken down into three main stages: the
elicitation of the variables which form the nodes of the graph, the elicitation of the edges of
the DAG, and the elicitation of the conditional probability distributions associated to the
DAG, as appearing in (2).

In the engineering context, it is usually most efficient to encourage the expert to work
backwards from the relevant failure mode(s) of the engineering system. The initial RVs
considered will be called Level 1 RVs. The expert now considers other features of the
problem that might be a direct cause of at least one of these failure mode(s). These are
Level 2 RVs. The elicitation process continues to trace back these direct causes to their
sources. The next layer, called Level 3 RVs, will contain RVs that are a direct cause
of a Level 2 RV (and therefore also an indirect cause of a failure mode). This process
continues until the expert is content that all RVs pertinent to the failure mode(s) have been
traced back. The resulting structure is sometimes called a trace-back graph (Smith, 2010).
It is important at this stage to ensure that each of the RVs have a clear and unambiguous
meaning, and could in theory be observed. The vertices of the DAG are taken to be the

collection of all RVs just identified, denoted Xy .
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For each RV, X,, the expert identifies a subset Xy, of the remaining RVs that are
considered to be direct causes of X,,. The set m(v) may be empty, in which case there are
no direct causes of X,. The set 7(v) is interpreted as the index set of the parents of the
RV X, in the DAG. For more information on the elicitation of edges in a DAG, see Chapter
7 of Smith, 2010 and Wilkerson and Smith, 2019.

The third stage, the elicitation of condition distributions for RVs, has been extensively
studied in the literature (e.g. Garthwaite et al, 2005; O’Hagan et al, 2006). The aim is to
translate the domain knowledge of an expert regarding a RV X, (conditional on its parents
X () in the DAG), into a probability distribution object. To do so, the expert is usually
asked a series of questions about quantities that could, at least in theory, be observed.
Questions should also be asked to minimise psychological biases exhibited by individuals
when they express probabilistic judgements (O’Hagan et al, 2006). If domain knowledge is
to be elicited from multiple experts, then an additional step of attempting to resolve multiple
judgements into a single probability distribution representing the group is required. There
are two main approaches to this: mathematical aggregation, which uses a mathematical rule
to combine probability distributions, and behavioural aggregation, which attempts to bring
the experts to a consensus. For more information see Cooke, 1991; O’Hagan and Oakley,

2014; Wilson and Farrow, 2018; Barons et al., 2018.

Pearlean Causal DAGs

One of the main purposes of causal inference is to predict how the engineered system
might behave when it is manipulated. To be precise, we introduce the non-mathematical
concept of an intervention, to which context-specific semantics must be associated. For
example, in the context of a weir, an intervention might constitute removal of the weir, in
effect setting the RV X; = 0 when X; represents the height of the weir.

Pearl, 2009 popularised a specific class of causal DAG models that behave in a particu-
larly simple way under intervention. To make this precise, we consider a subset S C V

of the RVs on which an intervention may be performed, and denote by do(Xs = x) the
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intervention that sets the RVs Xg to the fixed value xg. Then we say that a causal DAG

G is “Pearlean” if the distribution of the RVs Xy, g under intervention satisfies

p(Xins | do(Xs =xs)) = [ P(XoXnt)]xov, (3)
veV\S

The notation here means that each instance of a RV in Xg on the right hand side is held
fixed equal to the associated value in xg; in particular, the behaviour of the joint RV Xy,
under an intervention is assumed to be a straight-forward transformation of (and only of)
the joint distribution p(Xy ) of Xy describing Xy in the non-interventional context. In the
Pearlean framework it is only necessary for (3) to hold for the specific subset S of the RVs on
which an intervention is actually being considered. For a full discussion of Pearlean causal
DAGs relative to more general causal models in which an intervention can change conditional
distributions in respects that are not captured by a Pearlean causal DAG, see Section 7 of
Dawid, 2010. The effect of intervention for a Pearlean causal DAG can also be generalised
to interventions that change the distributional nature of the RVs Xg, but details are reserved
for standard references (e.g. Eaton and Murphy, 2007; Pearl, 2009).

The additional structure that is encoded in a Pearlean causal DAG is sufficient to allow

prediction of the effect of an intervention on the engineered system, as explained next.

Estimation of Causal Effects

An important task in the causal context is to quantify “how much” one RV depends on
another. Equivalently, an understanding of the strength of causal dependencies is crucial in
the design of a targeted intervention with a causal objective, such as in weir modification or
removal, where a minimal, cost-efficient intervention is preferred. Here we demonstrate how

this is achieved with the intervention semantics that are provided in the Pearlean DAG

framework. The “average causal effect” (ACE) of RV X; on RV Xj is defined as the function

0
ACE(z) = 97 /Xj p(Xigy | do(X; = ;) dXyn (33 (4)

27 Stephenson, August 7, 2020



695

696

697

698

699

700

701

702

703

704

705

706

707

708

709

710

711

712

713

714

715

716

The integral in (4) represents the expected value of X; under the intervention do(X; = ;);
this is then differentiated with respect to x; to obtain the sensitivity of this expectation with
respect to x;, which is the ACE. Several alternative measures of causal dependence to the
ACE are also widely-used (e.g. Rosenbaum and Rubin, 1983; Pearl, 2001; Hudgens and
Halloran, 2012).

Causation in Time

The causal DAG presented in this article does not refer to an explicit time-dependence
in the engineered system, yet in many applications the causal semantics are premised on one
event being the trigger for another subsequent event. There is therefore a need to distinguish
between discrete and continuous time models.

A straight-forward extension to the causal DAG model that captures time-dependence is
the “dynamic Bayesian network” (DBN; Ghahramani, 1997). In a DBN, RVs are endowed
with a second index n € N such that X, , represents the value of the RV X, at the nth
discrete time point. Often the time points tq,%,,... are constrained to be evenly spaced,
with increment A = t,,1 —t,. A direct cause X, of X, is represented in the DBN by
a collection of edges X, — X, 41 for each n € N. The DBN has close connections with
vector autoregressive models from econometrics, where the causal framework is related (but
not identical) to the Granger causality framework (Granger, 1969). Weir removal at time
ng, for example, in the context of the DBN corresponds to an intervention do(Xwu, =
0V n > ng) that fixes the height of the weir to zero at all subsequent time points. Estimation
of causal effects in DBNs is discussed in Brodersen et al., 2015.

The A | 0 limit of a DBN model is a continuous time model that can, in some cases, be

described by a stochastic differential equation (SDE):

Here f, g are drift and diffusion coefficients and B is a Brownian motion. The analogous
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notion of a weir removal intervention for the SDE is denoted do(X,(t) =0V ¢ > ty). In
this case, Sokol and Hansen, 2013 argued that a natural definition for the continuous time

dynamics under intervention is

dXy = £(Xy | do(X,(t) = 0V t > ty))dt + gdB (5)

where

f(XV | dO(XU(t) =0Vt Z to)) = f(XV>|XU:0-

In particular the definition given here can be recovered by applying a fine time discretisa-
tion A = ¢; —t;_; << 1 to the original SDE to obtain a DBN, then using the definition
of a Pearlean causal DBN and taking the limit A | 0 to obtain (5). This provides a nat-
ural generalisation of Pearlean causal DAGs to model engineering systems that evolve in

continuous-time.

Other Causal Graphical Models

The causal DAG is a specific example of a causal graphical model, but other classes
of causal graphical model have been developed. In general, a causal model is based on
certain non-mathematical definitions and formal axioms for causal reasoning and deduction
are stated. Such a model is “graphical” when the causal model can be represented as a
graph and the deductive process of drawing conclusions based on the stated axioms can be
represented as a sequence of graphical manipulations. Examples of causal graphical models
include nested Markov models (Shpitser et al., 2014), chain event graphs (Thwaites et al.,
2010; Yu et al., 2020) and graphical models that are induced as the margins of causal DAG
models (Evans, 2016); each of these can be used to reason about the presence of unmeasured

confounders.

Summary
This completes our brief exposition of causal graphical models in the abstract; the in-

terested reader is directed toward the more technical introductions of Spirtes, 2010; Pearl,
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2010; Dawid, 2010 for further detail.

The actual calculation of various probability distributions implied by a DAG can be auto-
mated with dedicated software, such as Bayes Fusion (www.bayesfusion.com) and Agena Risk
(www.agenarisk.com), along with purpose-built (Perov et al., 2019) and generic probabilis-
tic programming software such as STAN (mc-stan.org). However, most software presumes
that all RVs are of the same mathematical type (e.g. discrete, continuous, categorical) and
in practice this can impose restrictions on the statistical model in order to fit into such a
homogeneous framework. For this reason, as well as to improve the pedagogy, we include

explicit probabilistic derivations in the main text.
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APPENDIX Il. APPENDIX 1l

This appendix contains full details of the causal DAG model that was used.

Direct Causes and Elicitation of the DAG

Once the RVs Xy, have been specified, the edges of the DAG can be elicited. This
is equivalent to specifying the parents of each RV in the DAG. Recall that these represent
direct causes, as opposed to mere statements about correlation. Certain edges are trivially

included; for example an edge Xé%m — ng should be included since the weir is defined to

have failed the condition assessment whenever one of the failure modes, such as X]%Ul, has
occurred. In what follows we identify the parents for nodes related to failure modes EQU1,
EQU2, UPL and PIP, which draws on traditional techniques from engineering assessment.

Description of the remainder of the DAG structure will be deferred to the next section, where

the associated conditional distributions are specified.

EQU1: Failure Due to Ouverturning

The first failure mode we considered was overturning of the weir due to rotation about the
toe, as shown in Figure 14a. The assessment here is similar to that used for other engineered
retaining structures, with the weight of the structure being resolved into downward forces
at the centre of gravity of the structure, resisting the overturning moment instigated by the
water pressure behind the back face of the weir.

Two kinds of moment must be resolved; horizontal moments due to water pressure and
vertical moments due to weight. The horizontal force exerted by the depth of water on the

weir was assumed to be

pwatergh2

fi =
orce B

Xew (N)

where pyater = 9970 (Nm™3) is the density of water, g = 9.81 (Nkg™!) is the gravitational
constant and h (m) is the height of the body of water. The force was resolved at one third

of the height h of the water, acting at the centroid of the triangular pressure distribution.
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The vertical forces due to weight were assumed to be
force = p‘;}—aXCW (N)

where p = puater (KNm ™) in the case of water or p = Xwpr (kNm~3) in the case of weir
material and a (m?) is the cross-sectional area of the body being considered.

The failure mode EQUT1 is defined to have occurred when the total clockwise moment
about the toe of the weir is > 0. It follows that the parent nodes of X}%Ul in the DAG must
include the geometric RVs X1, Xwu, Xsu, Xsp, Xgp involved in the moment calculations,
in addition to the weir density Xwpr, that are needed to determine whether failure mode
EQUT has occurred. Note that, since all moments are proportional to Xcw, it is clear that
this failure mode occurs independently of the channel width Xcw and there is therefore no

edge Xcw — Xé%m in the DAG. (This is the case for all four failure modes considered.)

EQU2: Failure Due to Sliding

The second failure mode that we considered was failure due to sliding, which occurs when
the friction of the weir and its embedment is overcome by the horizontal force exerted by

the water. The friction force was modelled as
force = Ntan(Xgpa) (N)

where N (N) is the total downward force due to the combined weight of the weir and water,
as resolved above in EQU1, and Xgga is the soil friction angle (Novak, 2014). Failure mode

EQU2 is defined to have occurred when
T > Xy, XcXow + Ntan(XSFA)

where T is the total horizontal force, as resolved above in EQU1, and X¢ is the cohesion

of the soil. The parents of Xgque in the DAG therefore include the same geometric RVs
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required in EQU1, together with Xgpy and X¢.

UPL: Failure Due to Uplift

The third failure mode considers that the upward water pressure is high enough to ver-
tically displace the weir. This is illustrated in Figure 14b. Uplift pressure is determined
through calculation of the hydraulic gradient as

P Pwaterd(Xwr — Xpwp) Xow
uplift — 2XL .

The total pressure downward due to the weight of the floor of the weir is

XWDI19weir X W

P oor —
fl XL

where @y, (m?) is the cross-sectional area of the weir. The density of the floor material and
its thickness dictate the resisting pressure. Meanwhile the floor length X7, contributes to the
hydraulic gradient (Novak, 2014).

The failure mode UPL is defined to have occurred if Phoor < Pupiite - The parents of Xuypr,
in the DAG therefore include the geometric RVs X1, Xwnu, Xsu, Xsp and Xgp required to

compute cross-sectional area of the weir, along with Xl()i\),VD and Xwpr.

PIP: Failure Due to Piping

The final failure mode considered is due to piping, which describes the action of seepage
under the floor of the weir. The relationship between the seepage streamline lengths and the
hydraulic head in the system defines the exit gradient of the weir system

Xwg — X
G, — 2w DWD)
XL,

which arises from a simple linear model, more sophisticated methods based on partial dif-

ferential equations can also be used (Khosla et al., 1954). Different bed soils have different

permissible exit gradients and we define failure due to piping to have occurred when G, > G
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where G is a constant specific to a given soil type. This constant can be determined from
literature using the sediment size distribution Xggp. Inspection of sediment samples from
Clerkington weir suggested that a value G = 0.22 be used. The parents of Xprp in the DAG

(4)

therefore are Xywu, Xpywp, X1 and Xggp.

Elicitation of Conditional and Interventional Distributions

To each unobserved RV X,, v € V' \ O, we must specify the conditional distribution
P(Xy| Xr(w)) of X, given its parents Xy, in the DAG. In the case where there are no parents,
this is simply the marginal distribution p(X,) that must be specified. Several conditional
distributions are deterministic and have already been specified when we elicited the edges of

the DAG. The remainder of the conditional distributions are now elicited.

Source Nodes

A maximal value for the weir density Xwp; was informed by information available for
similar material (MacGregor, 1945). In particular, we assumed that Xwp; is uniformly
distributed between 0 and 0.9 x 26,000 (Nm™2) where the factor of 0.9 accounts for visually
determined voiding in the weir. The lower bound of 0 allows for the possibility that large
sections of the interior of the weir are completely voided. The soil properties Xspa, Xc
were informed from sediment samples and geology tables. For Xgpa an elicited uniform
distribution of between 0 and 65 degrees was used, representing a range from pure clay to
compact sandy loam. For the embedment depth Xgp a uniform distribution between 0 (m)

and 3 (m) was elicited.

Intermediate Nodes
For X¢ we took p(Xc|Xsra) to be Gaussian with mean (5000/35) x Xgpa (m) and stan-
dard deviation 250 (m). For the upstream water depth, seepage under the weir is a possibility,

which means that the embedment depth Xgp may be relevant. For the present paper we
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neglect this possibility and simply related X[(JQ,VD to the flow Xb(j) on day 7 as follows:

o\
@0 F
Hown = At (m)

where ¢4 is the discharge coefficient, taken to be 0.9 for our weir. The “crump” model most
closely represents the geometry that we studied and we therefore used the associated flow
equation from Novak, 2014. An upstream flood is defined to have occurred (XI(}% = 1) when
the upstream water depth Xg\)ND exceeds the bank height Xpy.

The relationship between upstream and downstream water levels is challenging to charac-
terise due to dependence on the downstream flow characteristics of the river (Novak, 2014),

and demands hydrological expertise beyond the scope of this project. We proceed with a

simple statistical model for p(Xg\),VD|Xg\),VD, Xwn), namely the approximation
X]()i\)ND + Xwn — X[(}\),VD ~ Gamma(1,0.1) (6)

was used. Here the gamma distribution is in the shape-scale parametrisation and we empha-
sise that (6) would need to be replaced with a model driven by hydrological considerations
in the context of a decision-making tool.

The fish passability RV is determined by two aspects; (i) the overflow head at weir
X[(JQ;VD — Xwn and (ii) the air gap Xg\)ND — X]()i\),VD. As discussed in the main text, the RV

Xlg?, is categorical and its value is determined as follows:

(

total head > 0.1, gap < 0.5

0 high head > 0.1,0.5 < gap < 0.9
Xpp = ’
medium head > 0.1,0.9 < gap < 14

low otherwise

\

based on the detailed analysis of Baudoin et al., 2014.
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Interventional Distributions

Beyond eliciting conditional distributions, to address an explicitly causal hypothesis we
must specify how these conditional distributions change under an intervention on the
system. For this purpose we endow our causal graphical model with the Pearlean structure
that was previously described. Thus (3) defines the collection of interventional distributions
that were used as the basis for causal inferences about the river-weir ecosystem. This crucial

final step completes the specification of the causal DAG model.
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Right: The average causal effect of weir height h on the probability of an
upstream flood event. [In each of panel several blue curves are shown, each
based on a different log-normal fit to the dataset and representing the fact
that several such distributions could plausibly have given rise to the observed
dataset.] . . ...
Dynamic re-routing of the Tyne river over the last 150 years, based on histor-
ical Ordnance Survey maps (surveyed in 1855 and 1895), aerial photographs
dating from 1946, 1988 and 2009, and a GPS survey of the river centreline un-
dertaken in September 2018. The colour of the river centre lines go from white
(oldest) to dark blue (most recent). Image from Getmapping ple, courtesy of
Google Earth. . . . . . . . ..o
[lustration, a 3-variable causal directed acyclic graph (DAG). If the causal
Markov property holds, then we may conclude that X is conditionally inde-
pendent of X3 given X, written Xy 1L X3|Xo. . . . ..o
[lustration, part of a causal DAG. From this motif we may conclude that
X has an indirect causal dependence on X;, but that X; does not causally
depend on Xj. This is a demonstration of logico-deductive reasoning based

on a causal DAG. . . . .
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figures/figd.pdf

FIG. 1: The stream network for the Tyne catchment. This network was extracted using
ArcGIS hydrology tools and an assumed 0.1 km? area for stream initiation, which matches
well with water courses shown on Ordnance Survey maps. The main branch of the River
Tyne can be described as a 6th order stream, using the terminology of Strahler (1952).
Clerkington Weir is located approximately one third of the distance down this main branch,
at an elevation of 48 m above Ordnance Datum. The weir lies approximately 400 m downriver
from where the 5th order Gifford Water joins the Tyne, which creates a sharp rise in its
contributing drainage area. At the Clerkington Weir, the river captures a total area of
approximately 250 km?, which represents 79% of the entire Tyne catchment.
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FIG. 2: Clerkington Weir, as observed in 2018. (Image: Stephenson, 2018.)
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igures/figl2a.p figures/figl12b.pdf

(a) Original drawing of the 18th Century Carron (b) Original drawing of the Saltersford Weir in
Dam in Scotland. Cheshire, constructed in the 1820’s.

FIG. 3: Historic weir construction in the UK.
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FIG. 4: A geometric characterisation of the river-weir system. The random variables anno-
tated on the diagram are defined in the main text.
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figures/fig7.pdf

FIG. 5: Data collected on the 28th of September 2018, using a Leica GS08 GPS system.
The river bed elevation and water surface elevation was measured with an average interval
spacing of 12.5 m.
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FIG. 6: The elicited DAG for the river-weir ecosystem. [Dark nodes indicate observed
random variables and light nodes indicate latent random variables that must be inferred.
The index set Z runs over each day from 1981-2000.]

51 Stephenson, August 7, 2020



figures/fig8.pdf

FIG. 7: Q1: Fish Passability. Left: A superposition of the conditional probability distri-
butions p(X](DZ\);VD|XO) over downstream water depth X](DZ\)ND for each of the days ¢ in the

dataset. Right: A superposition of the conditional probability distributions p(XE(fEJXO) over
fish passability X&), for each of the days i in the dataset.
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FIG. 8: Q2: Density and Embedment Depth. Contours of constant conditional probability
density p(Xwpr, Xgp|Xo) are displayed.
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figures/figl0.pdf

FIG. 9: Q3: Weir Removal. Left: Empirical distribution of upstream flow Xg) from the

dataset indexed by Z (bars), together with a log-normal distribution (blue) fit to this dataset.
Middle: The probability of an upstream flood event (X((I*F) = 1), computed under the inter-
ventional probability distribution p(X[(J*F) | do(X\(,{;H = h),Xp), based on a modified height
h for the weir. Right: The average causal effect of weir height A on the probability of an
upstream flood event. [In each of panel several blue curves are shown, each based on a dif-
ferent log-normal fit to the dataset and representing the fact that several such distributions

could plausibly have given rise to the observed dataset.]
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FIG. 10: Dynamic re-routing of the Tyne river over the last 150 years, based on historical
Ordnance Survey maps (surveyed in 1855 and 1895), aerial photographs dating from 1946,
1988 and 2009, and a GPS survey of the river centreline undertaken in September 2018. The
colour of the river centre lines go from white (oldest) to dark blue (most recent). Image from
Getmapping plc, courtesy of Google Earth.
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FIG. 11: Tllustration, a 3-variable causal directed acyclic graph (DAG). If the causal Markov
property holds, then we may conclude that X; is conditionally independent of X3 given Xj,

written X; 1L X3|Xs.
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FIG. 12: Tllustration, part of a causal DAG. From this motif we may conclude that X} has
an indirect causal dependence on X;, but that X; does not causally depend on Xj. This is
a demonstration of logico-deductive reasoning based on a causal DAG.
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FIG. 13: Illustration of panel notation. For instances of “parallel” random variables in a
DAG, such as X5, X3 and X, in the left hand DAG, panel notation provides a compact
shorthand, as exemplified in the right hand DAG.
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figures/figl2a.pdf

(a) Equilibrium failure modes (EQU1, EQU2)

figures/figl2b.pdf

(b) Uplift and piping failure modes (UPL, PIP)

FIG. 14: The four failure modes considered.
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