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ABSTRACT

Industry-wide operating experience is a critical source of raw data for reliability and risk model pa
rameter estimations for nuclear power plants. A large portion of operating experience data are fail
ure events stored as reports that contain unstructured data, such as narratives. In current practice, a
failure report is usually reviewed and manually coded by analysts. The coding is based on extracti
ng several event characteristics such as system name, component type, sub-part type, failure mode,
and failure cause. Event narratives are mostly used to help understand events and extract their char
acteristics. In this line of research, we aim to maximize the usage of event narratives by leveraging
natural language processing (NLP) methods to automatically convert an event narrative to a causal
graph. This research has promise to improve physical understanding of failure initiation and propa
gation and to facilitate use of non-failure data (e.g., near-misses and degradations) to complement
the limited data pool of failures. In our previous work, we developed an NLP tool and applied it to
analyze a number of licensee event reports submitted by U.S. nuclear power plants to the Nuclear
Regulatory Commission. In this paper, we will report our recent research progress in aggregating t
he results of multiple reports, developing network model(s), and drawing statistical insights.

Keywords: Nuclear power plant; event narrative; natural language processing; probabilistic risk as
sessment; operating experience data; causal learning

1. INTRODUCTION

1.1. Background and Research Focus

Idaho National Laboratory (INL) has been providing technical assistance to the United States Nuclear Re

gulatory Commission (NRC) in the areas of reliability and risk analysis since the 1980s. The parameters (i
.e., initiating event frequencies, component reliabilities, and common-cause failure parameters) used in th
e standardized plant analysis risk models have been estimated from industrywide operating experience dat
a. The estimations have been based upon classical statistical methods [1,2]; however, the emergence of art
ificial intelligence (Al), machine learning (ML), natural language processing (NLP), and other advanced t
ools and techniques may provide new capabilities. Report NUREG/CR-7294, prepared by some of the aut
hors of this paper for the NRC, discusses five aspects that advanced tools and techniques could contribute
to an increased understanding of safety and risk [3]. The first aspect is that they are capable of processing
unstructured data, and can thus facilitate the usage of more data sources and provide a larger quantity of r
aw data for probabilistic risk assessment (PRA) parameter estimation. This aspect is closely related to the
nuclear operating experience data, a large portion of which are failure events stored as reports that contain
unstructured data, such as narratives. In current practice, a failure report is usually reviewed and manually
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coded by analysts. The coding is based on extracting several event characteristics such as component typ
e, sub-part type, failure mode, and failure cause. Event narratives are mostly used to help understand even
ts and extract characteristics.

In this study, we aim to maximize the usage of event narratives by leveraging NLP for causal learning and
eventually developing a model for causal inference. This study has promise to improve physical understan
ding of failure initiation and propagation and to facilitate use of non-failure data (e.g., near-misses and de

gradations) to complement the limited data pool of failures. To achieve the goal, in this study, firstly we d
evelop a knowledge-based tool to extract the causal information and generate the causal graph from single
event narratives. Expert confirmation is introduced to correct and validate the NLP tool-generated results.

The validated results will be used as annotation data for training the NLP model in the future. Moreover, t
his study provides the causal graph based on multiple reports for the first time, which explicitly unveils th
e relationship among failure initiations and propagations of multiple failure events. Results from this caus
al learning study will be a foundation for future causal inference study.

1.2. Definitions, Literature Review, and Research Novelty

In this study, we use “causal learning” and “causal inference” differently. We define “causal learning” as 1
earning from natural language text, extracting causal information from it, and aggregating all the causal re
lations into one network. We define “causal inference” as inferring or predicting outcome(s) based on an
established causal model, which can be constructed from causal learning. In short, constructing a model fr
om causal learning and using the constructed model for causal inference. Causal learning will help our fir
st motivation (i.e., to help improve physical understanding of failure initiation and propagation). Causal in
ference will contribute to our second motivation (i.e., to facilitate use of non-failure data to complement t
he limited pool of complete failures). In other words, by knowing the likelihood of failure precursors, the
likelihood of failures can be inferred, so that we can push the level of observed data collection from failur
es to precursors, which will be a much larger data pool. Causal learning from natural language text is an e
merging application of NLP. Yang et al., categorized techniques of causality extraction into three types: 1
) knowledge-based (e.g., rule-based, pattern-based); 2) statistical ML-based (e.g., using decision tree,
Naive Bayes, logistic regression); and 3) deep learning-based approaches (e.g., convolutional neural netw
orks) [4]. Causal learning has been explored for several domains such as extracting causal relations from
medical databases [5], pipeline incident databases [6], and disaster-related news [7]. Literature moving on
to causal inference have not been seen yet.

NLP has been applied to nuclear industry and a good review can be found in Smith et al. [8] and Siu et al.
[9]. NLP for the nuclear industry is mostly used for classification and clustering. Causal learning has seld
om been explored. Two threads of known existing works include Mandelli [10,11,12] and Zhao et al. [13]
. Common aspects shared by Mandelli, Zhao et al., and our work include: 1) All are about causal learning
and haven’t moved on to inference and 2) all adopt knowledge-based approaches for extracting causalities
. The differences in all three studies are discussed below. (1) Dealing with different data sources. Zhao et
al. and our study look at licensee event reports (LERs) and Mandelli et al. analyze day-to-day plant record
s. LERs document accidents involving reactor scrams and contain thorough event narratives, which can b
e as long as several pages. Plant records are usually shorter and less thorough than LERs, but can be of a
greater variety (like component health documentation, condition report or notes taken during plant walkdo
wn) and contain a more diverse source of information (e.g., not only failures, but success data as well). (2
) Different scopes of result aggregation. Zhao et al. extract causalities from each sentence and do not aggr
egate the results. Mandelli et al. extract and aggregate the results from a single report. Our study extracts
and aggregates the results from multiple reports, which usually are of the same type, such as LERs related
to motor-operated valves. (3) Different directions for causal inference. Zhao et al. do not mention their pl
an of causal inference. Mandelli et al. and our work both plan for component reliability evaluation but diff
er in the evaluation methods: margin-based method (i.e., how far to failure) based on condition monitorin
g data versus a statistical method (i.e., how likely is failure) based on operating experience data. The appli



cation direction is expected to significantly impact the shape of the causal inference model. For instance,
our work needs to generate statistical insights. That is why we put so much effort into establishing the cap
ability of processing a large number of reports and aggregating the results. It can also be foreseen that, wit
h the expansion of data inventory, the rule-based method may not accommodate our needs well and we wi
11 have to switch to ML-based approach to extract causalities.

2. METHOD

This section introduces an NLP-enhanced approach we developed [14] for causal learning from descriptiv
e incident and accident narratives. The result from causal learning is a network graph, with nodes represen
ting events and directed arrows showing causal relationships. The network graph contains qualitative info
rmation only. Our next-step work is to develop a quantitative, graphical model for causal inference based
on the qualitative network graph. Model candidates include Bayesian belief network and graph neural net
work.

2.1. Causal Learning Approach Comparison: Strategy-Based vs. Machine-Based Learning

In this section, we propose an NLP-enhanced approach to extract and visualize causal relations from porta
ble document format (PDF) reports. The LERs that domestic operating nuclear power plant licensees sub
mit to the NRC are used in this work. A template of an LER is provided in NRC Form 366 [15]. Foran L
ER, the proposed approach selects the following twelve fields for processing: facility name, title, event da
te, report date, cause, system, component, manufacturer, reportability to Industry Reporting and Informati
on System, abstract, event description, and cause description. Note that only the information in three field
s (i.e., abstract, event description, and cause description) are used for learning causal relations. The infor
mation in each of the other fields is extracted as a placeholder for potential future studies, such as report ¢
lassification, report-to-report relevancy, and so on.

ML approaches are widely adopted in NLP; however, they are not yet applied to our LER analysis becaus
e no annotated datasets exist yet to train ML models. Therefore, in this study, we used a heuristic strategy
-based (or rule-based) NLP approach for extracting the causal relations from LERs. The strategy-based ap
proach can be applied to assist in the annotation of causal relations in LERs data. The strategy-based appr
oach is introduced in more detail in Section 2.2. We are now transitioning from the current strategy-based
method into an ML-based method and are establishing of a benchmark dataset as the first step. Preparing
a benchmark dataset requires analyst reviews to identify causal relationships, which can be extremely exp
ensive and time-consuming. To expedite this process, we developed a web-based tool for automating som
e of manual annotating steps. The tool has three major functionalities: 1) it only requires simple user inter
actions to efficiently annotate cause-and-effect events; 2) it enables online document management and sha
ring, records editing, and can export results online; and 3) it enables multiple-user collaboration to annotat
e same datasets.

2.2. Strategy-Based NLP-Enhanced Approach for Causal Learning from Event Narratives

This section introduces the strategy-based approach, which can learn from event narratives, identify causa
1 relationships, and aggregate the relationships into a causal network. The approach first processes a singl

e sentence, then multiple sentences in a single report, and eventually all the sentences in multiple reports.

The aggregation involves identifying and resolving co-references (i.e., two or more expressions refer to th
e same person or thing). The final output from the approach is a graphical causal network. The approach i
ncludes five steps as shown in Figure 1.
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Figure 1. Steps of strategy-based NLP-enhanced method for causal learning.

Step 1: Extract causal sentences. First of all, the tool narrows down analysis scope by identifying and
extracting the sentences containing causal relationships using a set of pre-defined keywords such as
{‘cause,’ ‘causing,’ ‘result,’ ‘attributed to,’ ‘because,’ ‘due to,” ‘in response to,’ ’lead to,” ‘disable,’
‘render,” ‘as well as’}) compiled in [11]. An example of this step is shown in Figure 2a.

Step 2: Parse causal sentences. In this step, the tuple information, along with the sentence number, the
keyword phrase, the index of the phrase starting in the sentence, and the index of the ending, will be
extracted, shown in Figure 2b. If there are n keyword phrases existing in the sentence, n tuples will be
created. Two natural language processing tools, Stanford CoreNLP and Allen NLP, are evaluated to parse
the causal dependencies in sentences. Both tools obtain accurate results on simple sentences. However,
Allen NLP cannot generate accurate results for complex sentences. As shown in Figure 3, Allen NLP tags
‘as well as’ in sentence S, incorrectly and generates the dependencies of ‘function,” which should be
tagged as punctuation; but its dependency is ‘disabled’ in Stanford CoreNLP’s result. Therefore, we
utilize the Stanford CoreNLP to perform text tagging and dependency parsing.

Step 3: Extract cause-effect records. The results of sentence parsing tools could reveal the sentence
structure by using trees as shown in Figure 2c, but they cannot identify the cause-effect relation between
events. We initialize the proposed approach using the tags of the verb keyword phrase and special causal
phrases. If the causal keyword is a non-passive verb (e.g., ‘lead to”), the verb’s left subtree should be the
parent node (cause), and the right one should be the child (effect); if it is a passive verb (e.g., ‘led by’),
flip the parent and child nodes. If the keyword phrase is a causal relator (e.g., ‘therefore’), the dependency
subject from main clause should be the parent node, the whole sentence following causal relator phrase
should be the child. If the keyword phrase is an effect-noun (e.g., ‘consequence’), find the first verb
dependency and label the verb’s left subtree as the child node and the right subtree as the parent node. For
effect-relator keyword phrase, such as ‘due to,” ‘because,” and ‘attributable to,” the left subtree of the first
dependent verb is labeled as the child node, and the right subsentence after the keyword should be the
parent node. For special keywords, such as ‘as well as,’ the left subtree of the first dependent verb is
labeled as the parent node, and the right subsentence after the keyword should be the child node. Finally,
a sentence with n tuples generates n causal records with three elements (i.e., cause event, keyword, and
effect event). The causal relation is presented by a directed graph with two nodes, named parent node
(cause) and child node (effect). Forty-five causal relations were extracted for a sample report.



[' Investigation revealed that the steam dump control relay had failed, rendering all four atmospheric steam dump valves (AS
DVs) inoperable', ' The opening of the fuse resulted in loss of power to the INMI3 scheme, which disabled the automatic fast-
open function, as well as the manual operation, of the ASDVs', ' The cause of the SDCR coil failure is overheating due to th
e age of the relay coil being beyond the vendor recommended life for a normally energized relay’, '  Troubleshooting the circu
it identified that the Bussmann fuse FUZ/IN13-1 [FU], model number FNM-5, was found opened due to the steam dump control rel
ay (SDCR) coil [CL] failure', ' The cause of the SDCR coil failure is overheating due to the age of the relay coil being beyo
nd the vendor recommended life for a normally energized relay', ' The duty cycle of the relay was set at "low duty cycle" whe
n it should have been "high duty cycle" due to the normally energized state of the relay', ' The opening of the fuse resulted
in loss of power to the INMI13 scheme, which disabled the automatic fast-open function, as well as the manual operation, of th
e ASDVs', ' Investigation revealed that the steam dump control relay [RL Y] had failed, rendering all four atmospheric stea
n dump valves (ASDVs) [PCV] inoperable, and causing an entry into a 24-hour shutdown action statement limiting condition for
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Figure 2. An example of identifying and parsing causal sentences.

S,: Investigation revealed that the steam dump control
relay had failed, rendering all four atmospheric steam
dump valves (ASDVs) inoperable

S,: The opening of the fuse resulted in loss of power to
the IM13 scheme, which disabled the automatic fast-
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ASDVs
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Figure 3. Comparison of Stanford CoreNLP and Allen NLP.

Step 4: Refine cause-effect records. This step deals with co-reference resolution. As shown in Figure 4,
the records generated from Step 3 may have the same or similar causes or effects. We developed an
algorithm to remove duplicates. Given two records and , remove the stop words from the descriptions,
and calculate the Cosine similarity of the four event pairs , , , and which are denoted as, , , and ,
respectively. If and , the two records are labeled as duplicated. If , or, or, or, the corresponding events
are treated as the same, and their descriptions are updated to the same. In Figure 4, the green-marked
descriptions are replaced with ‘the SDCR coil relay failure.” The abbreviation would be replaced by its
name (e.g., ‘SDCR’ being steam dump control relay). Eventually, the number of refined causal records
was reduced from 45 to 13 for the sample report.
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10 an internal failure of the electrical coil due to the steam dump control relay failure

12 the duty cycle of the relay was set at "low duty because the age of the relay coil being beyond the vendor recommended life

b) Causal relationships after coreference resolution
Figure 4. Causal relationships before and after coreference resolution.

Step 5: Aggregate and visualize cause-effect records. A visualized causal graph is produced by
aggregating all the cause and effect events using the Graphviz Python package. Each cause or effect event
produces one graph node, and the same events are combined to only generate one node. For each record, a
directional link is produced from the node of the cause event and the node of the effect event.

3. RESULTS

This section introduces the causal graph generated from aggregating the causalities extracted from twenty
LERs related to motor-operated valve failures shown in Table I. LERs are publicly available and can be
searched and accessed at https://lersearch.inl.gov/LERSearchCriteria.aspx.

Table 1. A list of the analyzed licensee event reports related to motor-operated valve failures.

LER Number

3412022004 | 4402022001 | 3212021002 | 3412016002 | 3412017003
4832020005 | 3162020003 | 4162020004 | 4142015001 | 3732017006
2812019001 | 2472018003 | 4612018003 | 4832015001 | 3732017005
2512018001 | 3522018002 | 3732018004 | 2962014003 | 2592015002

3.2. Graph Structures

Using the NLP tool, an event report can be converted to a causal graph visualizing the event initiation and
propagation. As can be seen from Figure 5, a causal graph in this study consists of two graphical
elements—nodes and directed associations. A node represents an event describing what happens. A
directed association (i.e., a directed arrow) represents the causal relationship between child node(s) and
parent node(s). The direction of an arrow from a parent node to a child node means that the occurrence of
the parent node causes the occurrence of the child node.
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Figure 5. Observed graph structures from the analyzed reports.

As shown in Figure 5, four types of causal graph structures are observed from the twenty analyzed event
reports. The structures are simplified versions for a categorization purpose and the real structures may
include a larger number of nodes. Type (A) represents a chain-pattern, one-to-one correspondence type of
causal relationship in which one node leads to another node only. Type (B) represents a fork-pattern type
of causal relationship in which one node leads to more than one node. Type (C) represents a collider-plus-
chain relationship in which multiple nodes contribute to the occurrence of the same node. Type (D) has a
more complicated structure (i.e., collider plus fork plus chain) and can be understood as a combination of
type (B) and type (C) structures. There can be cases in which multiple child nodes lead to the same parent
node, such as those in the type (C) graph structure in Figure 5. It is to be noted that, unlike the fault tree
analysis, the causal graph developed for this study does not show the relationships (i.e., OR [the
occurrence of any child node can lead to the occurrence of the parent node] or AND [the occurrence of
the parent node requires the occurrences of all the child nodes]) between the child nodes leading to the
same parent node. This capability may be added if necessary as this research is further developed.

Finally, of the twenty analyzed reports, Type (A) is the most common structure with thirteen reports
falling in this type; four reports belong to (C), two to (B), and one to (D). With future efforts in analyzing
more event reports, it can be expected that more graph structure types will be observed. It is also expected
that all the potential structures, regardless of their complication levels, will be combinations of the three
basic patterns (i.e., chain, fork, and collider).

3.3. Aggregated Results from Multiple Reports

The causal records learned from the 20 reports were aggregated into one graph shown in Figure 5 with the
nodes illustrated in Table II. In Figure 6, top nodes represent failure modes (e.g., valve failed to open) and
bottom nodes represent root cause (e.g., design deficiency). These two types of information are already
included in the current NRC database; however, a big portion of nodes in between, representing different
levels of failure causes (or “failure precursors”), haven’t been fully utilized. This study, using NLP
techniques, made it possible to identify these in-between nodes and incorporate them as part of model.
The aggregated graph also reveals a lot more potential failure paths besides the observed failure paths.

The aggregated graph is very informative; however, as of now it is still at a “raw” stage since it provides
qualitative information rather than quantitative insights. To pack up this “raw” graph as a model for
inference use, we are now working on the following two topics: 1) how to address logical relationships
(i.e., the AND and/or OR relationships among causal relations); 2) how to estimate quantitative metrics
based on the graph (e.g., the conditional probability of a precursor evolves into a failure).

Table II. Causal events extracted from 20 reports.



No. | Event No. Event No. | Event

1 Valve wrongly opened 22 Torque switch failed to close 43 | Inappropriate manipulation

2 Valve failed to open 23 Shaft disengaged 44 | Loose fuse connection

3 Valve wrongly closed 24 Fatigue 45 | Vibrations

4 Valve status unstable 25 Foreign material in a contactor | 46 | Wrong bolt installed

5 Valve failed to close 26 Weld failed 47 | Foreign materials left

6 Valve leakage 27 Flow switch failed 48 | Valve unable to be closed

at normal force

7 Load driver wrongly activated 28 Relay wires lifted and 49 | Valve coasting further
incorrectly landed opened

8 Positioner failed 29 One phase of power inhibited, 50 | Steam leak from nearby
and other phases experienced
high amps

9 Valve stem rotation 30 Torque switch corrosion 51 | Lack of filtration device

10 | Relay failed 31 Roll/shear pin broken 52 | Inadequate preventive

maintenance frequency

11 | Power supply interrupted 32 Overstress 53 | Contacts between parts

12 | Motor operator control failed 33 Suppressors failed 54 | Binding

13 | Valve grounding 34 Pilot valve stuck 55 | Subpart displacement

14 | Debris from control air 35 Wear 56 | Random failure

15 | Valve actuator failed 36 Contactor susceptible to foreign | 57 | Manufacturing deficiency
material

16 | Vent line crack 37 Inadequate inspection procedure | 58 | Design deficiency

17 | Circuits energized 38 Incomplete preventive 59 | Human error
maintenance procedure

18 | Contactor stuck 39 Inadequate performance 60 | Degradation
monitoring

19 | Torque switch arm disengaged 40 Ineffective troubleshooting 61 | Environmental impact

from stem key
20 | Anti-rotation key dropped out 41 Loose sliding link 62 | Organizational deficiency
21 | Thermal overload device tripped | 42 Internal water leakage 63 | Installation error

4. CONCLUSIONS

This paper introduces an NLP-enhanced method to learn causal relations from textual event narratives and
aggregate the causal records from multiple reports into an integrated causal graph. This paper also present
s the results of analyzing 20 motor-operated valve-related failure event reports. At this stage, the aggregat
ed graph is still “raw” and provides qualitative information only. This paper discusses the path forward to
develop a quantitative model for causal inference.




Figure 6. Graph developed by aggregating the causal relations extracted from 20 reports.
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