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Abstract

Background: ChatGPT and other large language models (LLMs) are trained on extensive text data; they learn patterns and
associations within the training text without an inherent understanding of underlying causal mechanisms. Establishing causation
necessitates controlled experiments and observations, and as of May 2024, ChatGPT lacks access to experimental data and the
capacity to learn analytical models from data. Recent advancements from OpenAl enable the creation of custom Generative Pre-
trained Transformers (GPT) models using their GPT Builder. These custom GPTs can be tailored with causal knowledge from
Causal Bayesian Networks (CBN), thereby producing a knowledgeable, health-recommender system with causal expertise. This
system is not only easily accessible for patients, clinicians and other users, but also has the potential to significantly improve
healthcare outcomes.

Objective: This paper presents a practical solution —a custom GPT model integrated with Causal Bayesian Networks (CBNS)
informed by Authoritative Medica Ontologies (AMOs) as prior foundational knowledge. AMOs are robust biomedical
ontologies that encapsulate the expert knowledge of their creators. By utilizing structured information contained within these
ontologies, we can generate an informed CBN which can be used to improve a custom GPT as a health recommender system.
These enhanced GPTs offer profound insights into cause-and-effect among co-morbid symptoms within the disease domain.

M ethods: To demonstrate our recommender system, we learn a CBN using NIMH data for patients of Alzheimer’s Disease and
augment this with causal knowledge from the International Classification of Diseases Version 10 Clinical Modification
(ICD-10-CM). We compute the CBN using the Max-Min Hill-Climbing (MMHC) algorithm. We generate two separate CBNs
using MMHC to compare predictive accuracies between a basdine and a CBN modified with causal mechanisms from
ICD-10-CM. Our previous research using this method has resulted in a modified CBN that reflects the causal claims in the
AMOs and agrees with both the AMOs and the observational dataset. With this causal model, we build a custom GPT using
OpenAl’s GPT Builder.

Results: The custom GPT contains both potentially causal and correlations among symptoms, as well as conditional probabilities
for these relationships. The GPT will also contain knowledge of causal mechanisms from ICD-10-CM, extended information
regarding symptom variables, and references to existing literature regarding comorbid Alzheimer's Disease symptoms.
Furthermore, because the modified CBN model establishes potentially causal relationships among symptoms which can be
verified in existing epidemiological research, we can verify that the custom GPT also establishes these causal relationships. This
creates a GPT that agrees with the modified CBN, which is a representation of existing subject matter expertise in the disease
domain.

Conclusions: To obtain our CBN, we've used a previous methodology which obtains ordered variable pairs from authoritative
ontology 1CD-10-CM as prior expertise. In our past research, a CBN that is learned using MMHC can be improved significantly
by considering prior sources of knowledge, if the algorithm is modified appropriately. This source of prior knowledge can be
validated in existing literature as a sequence of events in AD progression, specific causal mechanisms among comorbid
symptoms, and conditional probabilities from a Bayesian Network. The resulting modified network provides insight into the
causal relationships expressed in the AD data and takes advantage of the expertise and knowledge contained in the AMOs. Since
inferring causality from a CBN does not exist in a vacuum, the relationships within the CBN, regardless of the strength of the
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conditional probabilities, must be explored further. A custom GPT extends the causal knowledge within a CBN with general
knowledge of symptoms and diseases, providing a tool capable of suggesting causal inference based on the analysis of real
patient data. With a LLM, uncertainty is present but reasoned with, as it is present but reasoned with in the prior, posterior, and
likelihood in Bayes Theorem. Moving forward, we would like to explore using ChatGPT to produce ordered variable pairs and to
automate the validation of potentially causal information.

(IMIR Preprints 15/06/2024:63297)
DOI: https://doi.org/10.2196/preprints.63297
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Abstract— ChatGPT and other large language models (LLMs) are trained on extensive text data; they learn patterns and
associations within the training text without an inherent understanding of underlying causal mechanisms. Establishing
causation necessitates controlled experiments and observations, and as of May 2024, ChatGPT lacks access to
experimental data and the capacity to learn analytical models from data.

Recent advancements from OpenAl enable the creation of custom Generative Pre-trained Transformers (GPT) models
using their GPT Builder. These custom GPTs can be tailored with causal knowledge from Causal Bayesian Networks
(CBN), thereby producing a knowledgeable, health-recommender system with causal expertise. This system is not only
easily accessible for patients, clinicians and other users, but also has the potential to significantly improve healthcare
outcomes.

This paper presents a practical solution —a custom GPT model integrated with Causal Bayesian Networks (CBNs)
informed by Authoritative Medical Ontologies (AMOs) as prior foundational knowledge. AMOs are robust biomedical
ontologies that encapsulate the expert knowledge of their creators. By utilizing structured information contained within
these ontologies, we can generate an informed CBN which can be used to improve a custom GPT as a health recommender
system. These enhanced GPTs offer profound insights into cause-and-effect among co-morbid symptoms within the disease
domain.

To demonstrate our recommender system, we learn a CBN using NIMH data for patients of Alzheimer’s Disease and
augment this with causal knowledge from the International Classification of Diseases Version 10 Clinical Modification
(ICD-10-CM). We compute the CBN using the Max-Min Hill-Climbing (MMHC) algorithm. We generate two separate
CBNs using MMHC to compare predictive accuracies between a baseline and a CBN modified with causal mechanisms
from ICD-10-CM. Our previous research using this method has resulted in a modified CBN that reflects the causal claims
in the AMOs and agrees with both the AMOs and the observational dataset.

With this causal model, we build a custom GPT using OpenAI’s GPT Builder. The custom GPT contains both potentially
causal and correlations among symptoms, as well as conditional probabilities for these relationships. The GPT will also
contain knowledge of causal mechanisms from ICD-10-CM, extended information regarding symptom variables, and
references to existing literature regarding comorbid Alzheimer’s Disease symptoms. Furthermore, because the modified
CBN model establishes potentially causal relationships among symptoms which can be verified in existing epidemiological
research, we can verify that the custom GPT also establishes these causal relationships. This creates a GPT that agrees
with the modified CBN, which is a representation of existing subject matter expertise in the disease domain.

Keywords—Patient data, data mining, data management, Bayesian networks, causal inference, causal networks, causality,
healthcare data, healthcare information technology, health recommender system, ontology, Alzheimer’s Disease

LIntroduction

A Custom Generative Pre-trained Transformers and Causal Limitations of
Large Language Models

A custom Generative Pre-trained Transformers (GPT) are a type of Large Language Model (LLM)
specifically tailored to cater to a specialized function [1]. Unlike a standard ChatGPT model that is trained
on a broad range of internet text to handle a wide variety of topics, custom GPTs are fine-tuned with
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targeted datasets. This fine-tuning process involves training the pre-trained model further on a
specific set of text that is reflective of additional expertise. This expertise could be legal language,
technical manuals, or even advanced analytical models such as a Bayesian Network and conditional
probabilities. This specialization allows the custom GPT to excel in specific domains or applications,
thereby providing more accurate and relevant outputs when dealing with specialized content such as
causality and causal mechanisms [2].

GPTs and other LLMs are great tools for natural language processing, but they have well-known
limitations in establishing causality, thereby impacting their effectiveness [3], [4], [5]. This is rooted
in how Artificial Intelligence (AI) and Machine Learning (ML) deal with pattern recognition in text
rather than explicit causal mechanisms and direct cause-and-effect relationships. A GPT does not
understand causation because its responses are based on correlations in text. It makes causal
statements based on correlations in its training data, but it has no inherent understanding of
causation. For example, ChatGPT might say “smoking causes heart attacks” because smoking is a
well-established risk factor for heart attacks. However, it does not inherently understand the
confounding that occurs within the domain of vascular diseases. In this case, heart attacks are
confounded by a multiple exogenous variables such as high cholesterol (atherosclerosis), high blood
pressure, hypertension, cardiovascular disease, diabetes, and smoking — all of which are comorbid
and causes of heart attacks which are well-documented [6], [7], [8].

Furthermore, ChatGPT can interpret and perform math calculations by converting text-based
questions into mathematical operations [9] but cannot learn from any new experimental data without
a computational API extension such as Wolfram [10]. This means it cannot learn a Bayesian Network
with conditional probabilities if we give it new data. It also means that it cannot provide textual
answers to new, qualitative mathematical problems. For example:

| have a 3 gallon bucket and a 5 gallon bucket. How do | get 2 gallons of water
in the 5 gallen bucket?

Fig. 1a: Simple Causal Query to GPT-40

The correct answer requires understanding a simple cause-and-effect problem where the 5-
gallon bucket is filled first. Since a LLM does not inherently understand causation, we receive a very
long and convoluted answer from ChatGPT-40 based on text correlation from its training set:
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ChatGPT
To get exactly 2 gallons of water in the 5-gallon bucket using a 3-gallon bucket and a

5-gallon bucket, you can follow this method:

1. Fill the 3-gallon bucket to the top.

2. Pour the water from the 3-gallon bucket into the 5-gallon bucket.

3. Fill the 3-gallon bucket again to the top.

4. Pour the water from the 3-gallon bucket into the 5-gallon bucket until the 5-
gallon bucket is full. Since the 5-gallon bucket already contains 3 gallons, it can only
take 2 more gallons. This means you will have 1 gallon left in the 3-gallon bucket.

5. Empty the 5-gallon bucket and pour the 1 gallon of water from the 3-gallon bucket
into the 5-gallon bucket.

6. Fill the 3-gallon bucket to the top again and pour all its contents into the 5-gallon

bucket. Now, the 5-gallon bucket contains exactly 4 gallons (1 gallon previously + 3

gallons now).

7. Empty the 5-gallon bucket, and pour the 4 gallons from the 5-gallon bucket back
into the 3-gallon bucket (filling it once and leaving 1 gallon in the 5-gallon bucket).
8. Fill the 3-gallon bucket again to the top and pour it into the 5-gallon bucket until
the 5-gallon bucket is full. This action requires only 1 more gallon to fill the 5-gallon
bucket, which leaves exactly 2 gallons in the 3-gallon bucket.

9. Pour the 2 gallons from the 3-gallon bucket into the 5-gallon bucket.

MNow, the 5-gallon bucket contains exactly 2 gallons of water. This method uses

sequential filling and transferring steps to achieve the exact measurement.

Fig. 2b: Convoluted response to Simple Causal Query in GPT-40

GPTs generate responses based on patterns and associations from its large dataset and lacks an
understanding of its contents. Without a general understanding of cause-and-effect, it may generate
plausible but factually incorrect or nonsensical responses called hallucinations [11]. Since GPTs do
not inherently grasp causality, responses may sound correct given the context of the question but are
not logically consistent with any understanding of a sequence of events.

Finally, the performance and reliability of GPTs are heavily dependent on the quantity, quality,
and diversity of the training data [10]. Poor or limited training data can lead to gaps in knowledge,
reduced accuracy, and a failure to generate appropriate responses in less common or unexpected
scenarios. While ChatGPT-40 has a very large text training set, it will not contain any new insights
into areas where we lack data or understanding of the data. GPT may present information in a
different way based on correlations in the LLM, but not provide new insights or any new
understanding of that information [12].

B. Causal Inference and Causal Bayesian Networks

Determining causality for diseases, comorbidities, and treatments requires an understanding
beyond interpreting correlation and association, which is at the center of the data vectorization
process in ChatGPT and LLMs [13]. While statistics gives us insight into the collected data, they do
not address the underlying causes of the diseases, or the underlying causes of the adequacy of
treatment. Statistics alone cannot measure: 1) causes and effects, and 2) how or why causes influence
their effects [14]. Traditional statistical methods do not address the causal mechanisms behind why a
treatment is successful, what caused the population to be sick, or if one symptom causes another as
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the disease progresses. Statistics alone are insufficient for establishing causality [15], [16].

There are three criteria that are generally viewed as necessary for identifying a causal
relationship: 1) association (or correlation) between the variables, 2) proper sequencing based on a
time order (or ordering of variables), and 3) the absence of confounding (non-spuriousness) of the
associations [17], [18], [19], [20]. Establishing a causal relationship is further strengthened by the
identification of a causal mechanism and the context for the relationship. A gold standard for
inferring causality between two events is to determine which occurred first [21], [22], [23]. This is
important for data modeling where there are internal (endogenous) variables to the model and
external (exogenous) variables [14].

A classic understanding of correlation and regression is that association (or correlation) does not
imply causation [24]. Having a correlation between two variables does not mean that a change in one
variable causes change in another — as defined in Pearl’s definitions of causality. While establishing
correlation is straightforward with classical methods such regression analysis, establishing cause-
and-effect is much more difficult. Having a strong correlation, however, establishes a relationship
between a dependent and independent variable and provides an opportunity to investigate causality.
For example, a dataset may show a correlation between smoking and drinking, but we don’t know if
smoking causes drinking or visa-versa. This relationship will need to be further examined to
determine if a cause-and-effect relationship can be established.

In 1998, Judea Pearl described how causal relationships can be inferred from cross-sectional data
if certain assumptions are made regarding the underlying process of data generation [25]. If the data
variables are observed in a linear sequence, we can assume that a variable X preceding another
within that sequence is a causal indicator of the second variable Y. The causal indicator X in this
case, has the potential of being a cause of Y or assigning a value to Y. In our research, we adopt
Judea Pear!’s definition of causation [14]:

1. Variable X is a cause of variable Y, if Y in any way relies on X for its value.
2. Variable X is a direct cause of variable Y if X appears in a function that assigns values to Y.

For example, the question “which symptoms are indicators for dementia for an Alzheimer’s
patient?” requires a causal model exploring causal relationships [26]. To explore causal relationships,
we need: 1) a method to articulate causal assumptions, 2) a way to link structures of causal models to
data, and 3) a method to draw conclusions based on causal assumptions in a model and in the data.
The desire to infer causal relationships from structures such as a directed acyclic graph (DAG) has
led to the creation of different inference models. Causal graphs generated from data can capture the
probabilistic and causal properties of multivariate distributions [27]. These graphs capture a joint
probability distribution using a graphical representation, which is used to visualize conditional
dependence and independence [28].

A DAG capable of capturing probabilistic relationships among random variables is a Bayesian
Network (BN). BNs are composed of a set of random variables X Z{X,-,i :1,...,n} and a DAG,

denoted G=|V,A| where V is the set of nodes and A is the set of arcs [29], [30]. Each node in V
represents one variable in the data, and they are referred to interchangeably. The directed arcs in A
that connect nodes in V are denoted as “—” and represent direct dependencies between nodes. If
there is no arc connecting two nodes, the corresponding variables are either marginally independent
or conditionally independent, given a subset of the rest of the variables. As a result, each local

distribution depends only on a single node X; and on its parents, and P|X ):H 66 .
i=1
From a Bayesian perspective, given a Bayesian Network B = (G, X;) and a dataset D, we can
compute the posterior probability P(B|D|=P|G,8|Di « P|G|Di*P[6|G,D¢, where P|G|D¢ is the
learning of the BN structure, and P(0|G, D¢ is the learning of the BN parameters. Fitting a BN to the
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data (learning) consists of two main steps [31]: 1) Structure learning: a single DAG structure is
discovered which best fits the data according to a specific algorithm used, and 2) Parameter learning:
determining the probability distributions of arcs A among nodes V in the DAG.

To determine the structure of a network based on data, conditional independence tests are
used. Conditional independence is a key concept in Bayesian Networks [25] due to factorizations of
joint probability distributions. Given a variable set V, two random variables X, Y are conditionally
independent given Z, or (X LYVZ) if Vx,y,z:P(X=xVY=y,Z=z)=P(X=xV Z=z); provided
that Yz:P(Z=z)>0. Since conditional independence is a concept based on traditional statistical
independence, if two variables X, Y are independent, then the joint distribution is the product of the
marginals: P(X=x,Y=y)=P(X=x)P(Y=y). If the two variables X, Y are dependent given
conditioning on Z, then: P(X=x,Y=yVZ=z)=P(X=xVZ=z)P(Y=yVZ=z)

When a BN is used to infer causality and combined with known causal probability distributions
between pairs of nodes, it produces a Causal Bayesian Network (CBN). CBNs are extensions of BNs
in which potentially causal relationships are represented as conditional probabilities between nodes
[32], [33]. For example, a directed edge X — Y indicates a single causal relationship between a pair
of variables, from variable X to variable Y. Causal models which are used to infer causality are
limited by the interpretation of causal mechanisms external to the data. A directed edge X — Y may
denote a correlation (BN) or a causal relationship (CBN) with prior knowledge or additional
verification.

c. National Alzheimer’s Coordinating Center’s (NACC) Uniform Data Set
(UDS)

This experiment uses the National Alzheimer’s Coordinating Center’s (NACC) Uniform Data Set
(UDS). The NACC UDS contains longitudinal data collected since September 2005 during
standardized annual evaluations conducted at the National Institute on Aging (NIA)-funded
Alzheimer’s Disease Research Centers (ADRCs) across the country. Participants in the study
represent the entire Clinical Core enrollment of the ADRCs, with cognitive status ranging from
demented to mild cognitive impairment to cognitively normal.

NACC

NACC UNIFORM DATA SET (UDS)
Form B9: Clinician Judgment of Symptoms

ADCname: e SubjectID: e Formdate:

Visit#: «« «  Examiner'sinitials: .« o

INSTRUCTIONS: This form is to be completed by the clinician. For additional clarification and examples, see UDS Coding
Guidebook for Initial Visit Packet, Form B9. Check only one box per question.

Declines in memory reported by subject and co-participant

1. Does the subject report a decline in memory (relative to Oo Ne
previously attained abilities)? 1 Yes

& Could not be assessed/subject is too impaired

2. Does the co-participant report a decline in the subject's Oa Ne
memory (relative to previously attained abilities)? O Yes

& There is no co-participant

Cognitive symptoms

3. Based on the clinician’s judgment, is the subject currently [[Jo Mo «f No, SKIP TO QUESTION 8)
experiencing meaningful impairment in cognition? O Yes

ES

. Indicate whether the subject currently is meaningfully impaired, relative to previously
attained abilities, in the following cognitive domains, or has fluctuating cognition:
| No Yes  Unknown

4a. Memory For example, does s/he forget conversations and/or dates, repeat questions D ) D 1 |:| g
and/or statements, misplace things more than usual, forget names of people s/he
knows well?

4b. Orientation For example, does s/he have trouble knowing the day, month, and year, or
not recognize familiar locations, or get lost in familiar locations?

Oc 0O: [Oo

4c. Executive function — judgment, planning, problem-solving Does s/he have trouble ‘ o O Oe
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Fig. 3: Form B9 Clinician Judgment of Symptoms for NACC UDS Dataset

The raw dataset provided by NACC has been pre-stratified to include only Alzheimer’s Disease
(AD) as the primary cause of their visit. The dataset spans 15 years and is collected using 18
individual forms', consisting of both self-reported historical patient data and etiologic diagnosis from
clinicians. The raw data provided by the NACC is pre-stratified to include only variables where AD
is the primary cause of the doctor’s visit. This dataset contains over 74,000 patient entries and 720+
variables. From the raw data, a subset was selected which focuses on the clinician’s assessment of
the patients of AD. The following filters are applied:

e Selection of any records in the timeframe of September 2005 (the beginning of the UDS) to
November 2020.

¢ Only variables obtained from Form B9: Clinician Judgment of Symptoms, and Form D1:
Clinician Diagnosis are used. Form B9 generates a variety of variables focusing on cognitive,
behavioral, and motor symptoms diagnosed by a clinician. Form D1 provides us with a
diagnosis of dementia, which will be the target variable to test model accuracy.

® Only variables which are directly determined by a clinician in Forms B9 and D1 are used.
Variables which are self-reported by the subject/patient are not used.

¢ Only complete records are used and any records which are coded “9 = Unknown” or “-4 =
Not available” are excluded

¢ Non-binary variables, such as text descriptions, are excluded.

¢ Only variables collected using the original UDS questions are used. “NACC derived
variables”, or variables which are derived based on other UDS questions, are excluded.

® Variables for “Other” changes in cognition and behavior, where the specific symptom is not
identified and the variable has a single value for “No” and “Unknown”, are excluded.

* Summary variables, e.g., Question 3 in Form B9, “...is the subject currently experiencing
meaningful impairment in cognition?” are excluded because the specific symptoms diagnosed
by the clinician are listed in Questions 4a. — 4g.

Post-stratification, 26 variables and 4422 patient records remain. Each binarized variable for
the symptoms pertains to the clinician’s assessment of a patient of AD. Age is the only non-binary
variable. The variable names and related description pertaining to Form B9 and D1 are listed in Table
1.

Table 1: Selected NACC UDS Variables for Patients of Alzheimer’s Disease

Variable Name | NACC UDS Description

SEX | Gender, 1 = Male, 0 = Female

AGE Age of patient at diagnosis, the difference between two other variables: BIRTHYR (year of patient’s birth) and
VISITYR (year of patient’s visit).

Subjects who met the criteria for all-cause dementia have a positive diagnosis. Subjects with normal cognition who

DEMENTED did not meet the criteria for dementia have a negative diagnosis

COGMEM | Indicate whether the subject currently is meaningfully impaired, relative to previously attained abilities, in memory

COGORI | Indicate whether the subject currently is meaningfully impaired, relative to previously attained abilities, in orientation

Indicate whether the subject currently is meaningfully impaired, relative to previously attained abilities, in executive
COGJUDG . . - .
function - judgment, planning, or problem-solving

COGLANG | Indicate whether the subject currently is meaningfully impaired, relative to previously attained abilities, in language

COGVIS Indicate whether the subject currently is meaningfully impaired, relative to previously attained abilities, in
visuospatial function

Indicate whether the subject currently is meaningfully impaired, relative to previously attained abilities, in attention

COGATTN -
or concentration

BEAPATHY | Subject currently manifests meaningful change in behavior - Apathy, withdrawal

BEDEP | Subject currently manifests meaningful change in behavior - Depressed mood

BEVHALL | Subject currently manifests meaningful change in behavior - Psychosis - Visual hallucinations

! https://naccdata.org/data-collection/forms-documentation/uds-3
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BEAHALL | Subject currently manifests meaningful change in behavior - Psychosis - Auditory hallucinations

BEDEL | Subject currently manifests meaningful change in behavior - Psychosis - Abnormal, false, or delusional beliefs

BEDISIN | Subject currently manifests meaningful change in behavior - Disinhibition

BEIRRIT | Subject currently manifests meaningful change in behavior - Trritability

BEAGIT | Subject currently manifests meaningful change in behavior - Agitation

BEPERCH | Subject currently manifests meaningful change in behavior - Personality change

BEREM | Subject currently manifests meaningful change in behavior - REM sleep behavior disorder

BEANX | Subject currently manifests meaningful change in behavior - Anxiety

MOGAIT | Indicate whether the subject currently has meaningful changes in motor function - Gait disorder

MOFALLS | Indicate whether the subject currently has meaningful changes in motor function - Falls

MOTREM | Indicate whether the subject currently has meaningful changes in motor function - Tremor

MOSLOW | Indicate whether the subject currently has meaningful changes in motor function - Slowness

MOMOPARK | Were changes in motor function suggestive of Parkinsonism?

MOMOALS | Were changes in motor function suggestive of amyotrophic lateral sclerosis?

p. Algorithms and Algorithm Selection for learning Causal Bayesian
Networks (CBN)

The first step in generating a BN is structure learning, which consists of an algorithm that
generates a DAG which best represents the conditional independencies present in the data. This has
been discussed in the literature using constraint-based, score-based, and hybrid algorithms [29], [34].
The second step is parameter learning. Parameters of the BN are calculated based on available data
and by assigning joint densities to the edges between nodes of the DAG. A single edge is a
conditional density based on parameters that are estimated using Bayesian estimation techniques
(minimize loss or maximize utility in the posterior) and regularized maximum likelihood [33].

Since the 1980s, three approaches have emerged as viable methods for causal learning: 1)
constraint-based, 2) score-based, and 3) hybrid. Constraint-based approaches search the data for
conditional independence between variables and attempt to find a DAG that captures the
corresponding d-separations [35]. In score-based methods, Bayesian approaches attempt to find a
DAG which maximizes the likelihood of the posterior given a prior dataset [36], [37]. A third hybrid
approach combines both approaches.

These algorithms share common assumptions, including: 1) a correspondence between nodes
V and random variables X (two nodes cannot correspond to a single variable), 2) arcs between
variables represent conditional dependencies, 3) all possible combinations of X are valid events, and
4) observations from X are independent and identically distributed (i.i.d), because a sequence or
collection of random variables is i.i.d [38]. We now explore several established approaches that
mitigate the difficulty of learning a CBN.

Constraint-based algorithms are based on the seminal work of Pearl on causal graphical
models and his Inductive Causation (IC) algorithm [39], which provides a framework for learning
the DAG of a BN using conditional independence tests under the assumption that graphical
separation and probabilistic independence imply each other (the faithfulness assumption). All
constraint-based structure learning algorithms share a common three-phase approach inherited from
the IC algorithm. This can be summarized as: 1) optional learning of Markov Blankets, 2) learning
neighboring nodes (e.g. parents and children), and 3) network construction and learning arc
directions [35].

Score-based learning algorithms uses heuristic optimization techniques. A candidate DAG is
generated then scored based on how well they fit the data. A typical method for constructing a DAG
is to acquire Bayesian posteriors from a set of priors. In this method, the posterior probability of the
DAG given the dataset is calculated using Bayes’ rule where the score of the DAG given the data:

p(DAG v Data)= p(DataV DAG )* p( DAG)
p(Data)
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Examples of score-based learning algorithms include: efficient caching using decomposable
scores [40], parallel meta-heuristics [41], and integer programming [42]. Hybrid algorithms use both
conditional independence tests and network scores. The former to reduce the space of candidate
DAGs, and the latter to identify the optimal DAG among them. Some examples are Parent-Children
(PC) [43], Grow-Shrink (GS) [29], [44], Incremental Association (IAMB) [45], Max-Min Hill-
Climbing (MMHC) [46], [47], and Max-Min Parents & Children (MMPC) [47].

We will determine an algorithm to use to learn the BN by performing a k-fold (k=5) cross-
validation for a set of popular BN learning algorithms. Using the bn.cv function in bnlearn and
the NACC data selected from the previous section, we will use Log-Likelihood Loss [48] (1logl):
also known as negative entropy or negentropy, it is the negated expected log-likelihood of the test set
for the BN fitted from the training set. A lower log-loss value means better predictions.

Table 2: Log-Likelihood Loss Scores for NACC dataset

Algorithm | Logl Score
Grow-Shrink | 15.752
Hill-Climbing | 14.612
Tabu | 14.623
Max-Min Hill-Climb | 14.493
Restricted Maximization | 14.564
Hybrid HPC | 14.468
Incremental Association | 14.642

For the following experiment, the Min-Max Hill Climbing (MMHC) algorithm has been chosen
due to its popularity as a hybrid algorithm for learning Bayesian Networks [46], [47]. MMHC is a
popular hybrid (score and constraint-based) algorithm. It uses very little memory and can find
models for very large datasets and state spaces. MMHC is a hybrid structural learning algorithm
which utilizes the Max-Min Parents Children (MMPC) to restrict search space, and regular Hill-
Climb (HC) to find the optimal network structure.

e. Orienting BN arcs for Causal Inference

The algorithms discussed in the previous section determine the structure of the network, the
direction of the arcs within the structure, and the conditional probabilities of arcs between nodes.
When a BN is used to infer causality and contains causal knowledge, it becomes a CBN where the
arc direction between two nodes can specify a causal relationship where one node is the cause and
the other is the effect. One of the unique challenges of orienting arcs within a CBN is obtaining a
prior sequence or ordering among the symptom variables. There are several methods of reliably
obtaining prior knowledge to assist in orienting arcs within a CBN. They can be categorized into
three groups:

1. Time-based, longitudinal sequencing of variables. This is the most intuitive method where the
diagnosis of each symptom variable has a recorded time period, time stamp, or some other time-
based sequence [49]. This method is very common in epidemiology where the progression of a
disease happens in a sequence over time [50]. Recent research has shown that the fit and
accuracy of score-based CBNs improve noticeably with prior time-based sequencing information
[33], [50], [51], [52]. This is done by obtaining a prior time-based sequence of symptoms from
the data, then altering the algorithm used to generate the CBN based on the temporal sequence.

2. Logical ordering of variables. This method requires logical analysis and ordering of cross-
sectional data variables where time-based sequencing is not available. Ordering can be intuitive,
e.g. symptom progression based on age [53], or it can be logical. For example, symptoms
variables precede treatments, but other demographic variables such as race, ethnicity, gender,
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etc., precede symptoms.

3. Other data-based methods. These methods establish temporal sequencing or logical ordering
based on the data, and includes collider testing [54], human perception of causal strength [55],
and Error Reduction [56]. A patient’s age can also be used determine the sequence of events [57].

Once a prior orientation of potentially causal relationships is established, it can be used to
significantly improve conditional probabilities within a causal network learned from data by up to
20% in certain studies [51], depending on the accuracy of the prior orientation and the available data.

F. Authoritative Medical Ontologies (AMOs): ICD-10-CM

An ontology is commonly defined as a “specification of a conceptualization” in the context of
knowledge and data sharing [14]. Information stored in modern ontologies are repositories for
specific application domains, such as healthcare. AMOs contain lexicons used throughout the
healthcare industry for patient diagnoses, medical research, regulation policies, and product
development. Examples of AMOs include the Gene Ontology, NCI Thesaurus, SNOMED CT, ICD-
10-CM, and MedDRA. These ontologies provide a method of standardizing domain knowledge in a
variety of different but related biomedical fields. This paper utilizes causal information from ICD-
10-CM?, a system used by physicians and other healthcare providers to classify and code all
diagnoses, symptoms and procedures recorded in conjunction with hospital care in the United States.
ICD-10-CM is based on the International Classification of Diseases 10" revision (ICD-10) published
by the World Health Organization. It uses unique alphanumeric codes to categorize diseases and
symptoms. Clinicians, information technology experts, and other healthcare professionals in the U.S.
use ICD-10-CM to store and retrieve diagnostic information of symptoms, diseases, and treatments.
The current ICD-10-CM repository contains over 71,000 classes as of September 2019.

This paper utilizes our prior research of obtaining ordered variable pairs from ontological
subsumption hierarchies and indexed terminologies in one or more Authoritative Medical Ontologies
(AMOs). Ordered variable pairs from an AMO contain prior knowledge which can then be used to
orient the arcs/edges in a CBN. Orienting arcs occurs after the baseline network has been established.

This is a data-driven methodology, which contrasts with existing methodologies to create CBNs
directly from ontologies [58], [59], [60] instead of from data.

c. Arc Agreement and Measuring Predictive Accuracy of Bayesian
Networks
For the quantitative assessment, we will compare the CBNs based on the following:

1. Agreement of arcs between models: Use compare() function in the bnlearn package in R [61] to
measure agreement between Modified and Baseline CBNs. This function counts the number of
directed arcs that are the same (or different) between two networks.

2. Predictive accuracy: We compute the cross-validated Area Under the ROC Curves (AUC) of the
Baseline and Modified CBNs. AUCs are used to summarize the Receiver Operating
Characteristics (ROC) curve, which checks a model’s predictive performance. The ROC is a
probability curve, and the area under it represents a measure of separability. It tells us how much
a model is capable of distinguishing between classes. At higher AUCs values, the model is better
at predicting negative diagnoses (0s) as negative diagnoses, and positive diagnoses (1s) as
positive diagnoses.

The compare() function utilizes a “target” network and “current” network. The “target”

? https://www.cdc.gov/nchs/icd/icd10cm.htm
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network is taken to be “true” or as the “golden standard” network, and the “current” network will be
compared to it. Three metrics are returned:

1. True positive (tp) arcs appear both in target and in current
2. False positive (fp) arcs appear in current but not in target
3. False negative (fn) arcs appear in the target but not in current

In order to visualize the performance of the CBNs, we can use the ROC (Receiver Operating
Characteristics) curve and the AUC (Area Under the Curve) [62]. The ROC curve is a performance
measurement for the classification problems at various threshold settings. ROC is a probability curve
and AUC represents the degree or measure of separability. This metric measures how well the model
is capable of distinguishing between classes. For binary datasets of patient diagnoses, Os mean a
negative diagnosis class and 1s mean a positive diagnosis class. The higher the AUC, the better the
model is at predicting Os as Os and 1s as 1s.

FPR tells us what proportion of the negative class was incorrectly classified by the classifier.
A higher TNR and a lower FPR is desirable since we want to correctly classify the negative class. In
a ROC curve, a higher X-axis value indicates a higher number of False positives than True negatives.
While a higher Y-axis value indicates a higher number of True positives than False negatives. The
choice of the threshold depends on the ability to balance between False positives and False negatives.
If the plot of the ROC curve (and the AUC) is higher in one model vs. another, then we can say that
the model with the higher AUC score did a better job of classifying the positive class in the dataset.

H. Prior work in Causal Modeling, Methodology, and Generalizability

In our research, we have captured patient symptoms in an ontology module [63], stored
associations (non-causal) among symptoms as relationships in a modular ontology [64], created a
CBN to demonstrate its compatibility and translation to an ontology [65], and proposed
improvements to medical ontologies by analyzing causation in patient data [66]. We have also
established a methodology that utilizes an AMO as prior causal knowledge for learning a CBN [67].

BNs and ontologies have intrinsic compatibilities which enable them to be modeled after each
other. For example, we can create a BN using the semantic information found in ontologies [68],
[69], [70]. Even though a viable CBN can be derived directly from an ontology, this method relies on
the accuracy of the ontology rather than an accurate representation of patient data. Deriving a BN
from an ontology is possible because semantic representation of knowledge can be translated into
components of a BN:

1. Nodes are represented as ontology classes;
2. Edges and structure are represented as relationships between classes, and;
3. Probability distributions are derived from data instances.

Conversely, ontologies can also be created from the structure of BNs [71]. This is achieved by
extending the standard OWL ontology language to express conditional, probabilistic relationships
between classes. Three extensions currently exist: BayesOWL [71]°, PROWL [72]* and OntoBayes
[73]. BayesOWL is a framework which extends OWL capabilities for modeling and reasoning with
uncertainty. OntoBayes improves upon BayesOWL by supporting random variables with multiple
values. Finally, PROWL further extends OWL where probabilistic concepts can co-exist with regular,
non-probabilistic concepts. In each of these extensions, a set of rules is applied to transform the class
hierarchy defined in an OWL ontology into a Bayesian network.

? http://semanticweb.org/wiki/Bayes_ OWL.html
* http://www.pr-owl.org/
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Methods for learning BNs directly from ontologies have also been proposed [33], [53], [58],
[74], [75]. These methods discover causal structures depicted in ontologies, and then test the
accuracy of the structure using observational data. To obtain a CBN directly from an ontology, the
taxonomical structure is examined and then used to infer causality. This creates a CBN model based
on ontology classes, relationships, and instances. The conditional probabilities in the resulting model
are based on the number of instances, class properties, or the number of definitions in other
ontologies. This method creates a CBN model that is based on pre-defined ontologies, rather than
learned from data. Since they are based on a pre-defined ontology and not learned from data, it is not
possible to measure them for conditional probabilities among symptoms or for predictive accuracy.

There are inherent limitations to our proposed methodology using BNs, prior knowledge
from ontologies, and adaptability and generalizability to other datasets. CBNs are expressed as
DAGs, which are acyclic by definition and incapable of expressing any “feedback loops” which are
present in complex diseases [52]. Every arc in the model presumes that one event precedes the other;
while excluding a potential situation where comorbid events A and B can both be the cause and the
effect. For the Bayesian network, the algorithm will choose the best arc direction based on a scoring
mechanism and exclude other potentially causal arc directions. However, it is possible to force the
calculation of the conditional probabilities for both A->B and B->A given a learned network
structure. If we force a direction in a model that is contrary to what is learned from the data, the rest
of the model will also be reoriented to compensate for the directional arc changes. Counterfactual
studies (the “what-ifs”) of causal models may be included in future research as prior knowledge of
potential “causal loops” are presented the AMOs of the disease domain.

The methodology proposed in this paper requires 1) a significantly robust dataset, 2) an AMO
with prior causal knowledge, and 3) an algorithm capable of generating a BN with whitelisted or
blacklisted arcs which represent prior causal knowledge. Moreover, the prior knowledge presented in
the ontology must be useful in identifying or explaining a potential causal mechanism between two
variables in the dataset.

I. Extracting and Applying Prior Causal Knowledge From
ICD-10-CM

A. Acquiring Prior Causal Knowledge from ICD-10-CM

The ICD-10-CM ontology contains “Other Vital Details”, as well as other object properties for
indexed symptom terms. These symptoms are related to other symptoms, which can be used to infer
causality between two variables and create an ordered variable pair. ICD-10-CM is a formal
hierarchical ontology organized using a straightforward alphanumeric code structure®. Since medical
coding is not available for any of the forms administered in the NACC UDS, the diagnostic codes are
matched manually to the closest ICD-10-CM symptom. All 24 variables in the NACC dataset
(excluding age and gender) have been matched, together with notes and the full ICD-10-CM
symptom if it is different from the name of the main symptom in Table 3.

Table 3: NACC UDS Form B9 Alzheimer Symptom Variable Names and corresponding ICD-10-CM
Codes

xil;ible Main Symptom(s) Ic(f)];;::)_CM Notes

DEMENTED | Dementia F03 FO03 — Unspecified dementia

BEAGIT Agitation R45.1

BEAHALL Auditory Hallucinations | R44.0

BEANX Anxiety F40, F41 F40 for Phobic Anxiety, F41 for Other

> https://www.cdc.gov/nchs/icd/icd10cm.htm

https://preprints.jmir.org/preprint/63297

[unpublished, non-peer-reviewed preprint]




JMIR Preprints Huet &
BEAPATHY Apathy, Withdrawal R45.3 R45.3 Demoralization and apathy
BEDEL Delusional Beliefs F22 F22 for generic delusional disorders
BEDEP Depression F32, F33 F32 for single episode, F33 for recurrent
Impulsiveness R45.87 is an approximation. Disinhibited term occurs under
BEDISIN Disinhibition R45.87 childhood disorders (F94.1), which does not align with the development of AD
and is excluded
BEIRRIT Irritability R45.4 Irritability and anger R45.4
BEPERCH Personality Change F07 Personality and behavioral disorders due to known physiological condition FO7
BEREM Sleep Disorder G47
BEVHALL Visual Hallucinations R44.1
. . Attention and concentration deficit R41.840. Attention-deficit hyperactivity
COGATTN Adtention, Concentration | R41.840 disorders (ADHD) F90 is related to childhood and excluded.
Judgement. Plannin Frontal lobe and executive function deficit R41.844. Symptom is also under
COGJUDG Proglem-SE)l in & R41.844 “Frontal lobe and executive function deficit following nontraumatic
ving subarachnoid hemorrhage 169.014” which is excluded.
COGLANG Language R47 Speech disturbances R47
R41.1,
COGMEM Memory R41.2, 3 types of amnesia: Anterograde R41.1, Retrograde R41.2, and Other R41.3
R41.3
COGORI Orientation R41.0 Disorientation R41.0
COGVIS Visuospatial Function R41.842 Visuospatial deficit R41.842
MOFALLS Falling R29.6 Repeated falls R29.6
MOGAIT Gait Disorder R26 Abnormalities of gait and mobility R26
G12.21 Primary lateral sclerosis G12.23, Amyotrophic lateral sclerosis (ALS) G12.21.
MOMOALS Lateral Sclerosis G 12'23’ While variable name suggests ALS, no clarification is given in NACC UDS
) data dictionary
MOMOPARK | Parkinson G20
MOSLOW Slowness R46.4 Slowness and poor responsiveness R46.4
MOTREM Tremor R25.1 Tremor, unspecified R25.1

Many of the NACC UDS variables have direct matches to ICD-10-CM definitions. For
example, Parkinson’s Disease (MOMOPARK), Sleep Disorder (BEREM), and Delusional Beliefs
(BEDEL) all have dedicated ICD-10-CM classifications. Other symptoms have precise translations
when codified:

¢ Impairment of memory (COGMEM) is matched to different types of amnesia (R41.1, R41.2,

R41.3)
¢ Impairment of language (COGLANG) is matched to speech disturbances (R47)
e Symptoms without direct matches are approximated.

Question 4C on Form B9 assesses executive function: “Executive function — judgment, planning,

https://preprints.jmir.org/preprint/63297

problem-solving. Does s/he have trouble handling money (e.g., tips), paying bills, preparing meals,
shopping, using appliances, handling medications, driving?” The resulting variable COGJUDG
focuses on multiple main symptoms (judgment, planning, problem-solving) which are not codified in
ICD-10-CM or other AMOs. Executive function, however, is listed but does not specify context for
the symptoms experienced.

Question 9C in form B9 for Disinhibition (BEDISIN) asks: “Does the subject use inappropriate
coarse language or exhibit inappropriate speech or behaviors in public or in the home? Does s/he talk
personally to strangers or have disregard for personal hygiene?” The main symptom of disinhibition
is classified under “Disorders of social functioning with onset specific to childhood and adolescence”
(F94) as Disinhibited attachment disorder of childhood (F94.1). However, since AD does not develop
until adulthood®, this classification is excluded from the experiment. Finally, disinhibition

® https://www.nia.nih.gov/health/what-are-signs-alzheimers-disease
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(BEDISIN) and the symptoms described under the question is approximated as Impulsiveness
(R45.87). Using diagnostic clinical information in the https://www.icd10data.com browser, we
determine that the following 10 causal relationships potentially exist among the 24 variables:

Table 4: Ordered Variable Pairs for NACC UDS CBN from ICD-10-CM

Edge Notes on Causality from ICD-10-CM

COGATTN - BEDISIN Impulsivity is a main feature of ADHD, along with inattention and hyperactivity.

COGORI - BEVHALL Disorigntgtion is characterized by distortions of visual and auditory perceptions, including illusions and
hallucinations

COGORI - BEAHALL }11);151?1121?;3232 is characterized by distortions of visual and auditory perceptions, including illusions and

DEMENTED - COGLANG Dementia causes problems in two or more brain functions, such as memory and language

DEMENTED - COGMEM Dementia causes problems in two or more brain functions, such as memory and language

DEMENTED - COGJUDG Dementia affects executive judgment

MOGAIT - MOFALLS Irregular gait causes stumbling and falls

MOMOALS - MOFALLS Tripping and balance issues are caused by ALS as leg muscles weaken

MOMOPARK - MOTREM Parkinson’s is a progressive motor disability which causes tremors, shaking, and muscular rigidity

MOMOPARK — MOGAIT ggzlr(;g:z)r;’fs gs;zresiggsitrllliiigzitfigg,g ir;d gait abnormalities. This is due to a loss of neurons and a

B. Applying Prior AMO Causal Knowledge using Min-Max Hill Climbing
Algorithm (MMHC)

Applying prior expertise of causal knowledge is possible by identifying and applying variable
pairs, as we previously established in [67]. We identified the MMHC algorithm as being one of the
most accurate in terms of log-loss score and will use it to learn both a baseline BN and an improved
CBN incorporating the variable pairs in Table 4. MMHC is comprised of two algorithms in stages:

Stage 1: The Max-Min Parents & Children (MMPC) [47] algorithm is used to learn the parents and
children nodes of a variable X (PCx), as a subset of the variables (V) in the data (D).

Stage 2: A greedy hill-climbing algorithm is applied to the PCx discovered using MMPC. A random
symptom Y is selected, and neighboring symptoms are searched for associations using the Dirichlet
likelihood-equivalence uniform score (BDeu) [47] within PCx. The BDeu score aims at maximizing
the posterior probability of the directed acyclic graph (DAG) based on the dataset, while assuming a
uniform prior distribution over possible DAGs.

During the second stage of the MMHC algorithm, the conditions in which the add-edge
operator is modified to consider prior ordered pairs. Previously, an edge is added if Y € PCx. For
the algorithm to consider the ordered variable pairs, the conditions for using the add-edge
operator within MMHC must now satisfy two conditions:

1. Y € PCx (this is an original condition for the MMHC algorithm, and will remain); and
2. Yto X does not violate the direction of any ordered variable pairs previously discovered in
the AMO.

Condition 1) remains from the original MMHC algorithm, and states that edge Y to X may only be
added if it exists in PCx. Condition 2) is an addition to the MMHC algorithm. This modification
checks the edge addition against a list of previously established ordered variable pairs. The
pseudocode for the modified algorithm is as follows:

Procedure MMHC with Ordered Variable Pairs(D)
Input: dataset D with variable set V
Output: DAG based on the variables in D
For every variable X € V: PCx = MMPC(X,D)
Start with an empty graph and perform greedy hill-climb (add/delete/reverse edge).
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Only try add-edge operator for Y to X if Y € PCx AND if Y to X conforms to a list of
apriori ordered variable pairs

Return the highest scoring DAG

End procedure

For Y to X to consider prior knowledge in the form of ordered pairs, the edge direction of Y to
X cannot violate a previously established ordered pair. For example, if a prior sequence suggests that
a directed edge exists from X to Y, then the edge Y to X will not be added by the greedy hill-climbing
algorithm, regardless of whether Y € PCx or if there is a high BDeu score for Y to X. The
pseudocode for the modified greedy hill-climbing algorithm with previously ordered variable pairs is
as follows:

Procedure Greedy HC with Ordered Variable Pairs (PCx)
Input: Parent-Children sets from MMPC
Output: An DAG X with highest overall BDeu Score
Start with an empty graph
For every PCx graph:
add-edge Y to X if Y € PCx AND if Y to X conforms to a list of apriori ordered
variable pairs
delete-edge Y from X if higher score from PCx exist
reverse-edge Y from X if a reversal results in a higher score
Return highest scoring DAG X

End procedure
MMPC to learn Greedy Hill-Climb Baseline BN
PCx for BN Structure based on PCx and BDeu

Greedy Hill-Climb
MMPC to leam based on PCx, BDeu, and Modified CBN
PCx for BN Structure Ordered Pai
rdered Pairs Custom GPT

A A

NACC Data

A 4

ICD-10-CM Prior
Knowledge as
Ordered Pairs

NACC Variable
Descriptions

Fig. 4: Process for Creating a Baseline and Modified CBNs

Since these modifications alter the structure of the learned Bayesian network, the conditional
probability parameters of the edges in the network will also change. The changes depend on which
edges have been generated, and the conditional dependencies that are formed within the network. A
baseline CBN model without prior ordering can be generated by applying the unmodified MMHC
algorithm. An unmodified MMHC algorithm in the bnlearn package in R can be used to learn the
structure of the network in conjunction with the bn.fit function to learn the parameters of the
structure.

c. Comparative Analysis of Baseline vs. Modified CBNs

Modifying the algorithm with prior ordered variable pairs removes the possibility for the
algorithm to learn any arcs which contradicts prior ontological knowledge. Furthermore, since the
arcs are oriented based on prior pairs, new BDeu scores are calculated resulting in new relationships
being formed. Previously, these ten ordered variable pairs are translated into a blacklist for the
modified CBN:

blist = data.frame(
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from=c("BEDISIN", "BEVHALL", "BEAHALL", "COGLANG", "COGMEM", "COGJUDG"
, "MOFALLS", "MOFALLS", "MOTREM", "MOGAIT"))

to=c("COGATTN", "COGORI", "COGORI", "DEMENTED", "DEMENTED", "DEMENTED"
, "MOGAIT", "MOMOALS", "MOMOPARK", "MOMOPARK" ),

The Modified CBN model is learned with the blacklist (b1ist) as prior knowledge:

netsmart2 = mmhc(x=df, whitelist = NULL, blacklist = blist)

Finally, we will blacklist reversed AMO variable pairs and examine the agreement of arcs, and
area under the ROC curve (AUC) for MMHC and regular HC, between Baseline (netb) and Modified
(netm) models.

> compare(netb,netm)

$tp $fp $fn
[1] 42 [1] 7 [1]
8

With the following false positive (fp) and false negative (fn) arcs:

$fp $fn
from to from to
[1,] "MOMOPARK" "MOGAIT" [1,] "MOGAIT"
[2,] "MOTREM"  "MOSLOW" ""MOMOPARK"
[3,] "GENDER" "MOMOPARK" [2,] "MOMOPARK" "GENDER"
[4,] "MOGAIT" "MOFALLS" [3,] "MOFALLS" "MOTREM"
[5,] "MOTREM" "MOFALLS" [4,] "MOSLOW" "MOTREM"
[6,] "GENDER" "MOTREM" [5,] "MOTREM" "GENDER"
[7,] "MOMOALS" 'MOMOALS" [6,] "BEDEP" "GENDER"
[7,] "COGVIS"
"MOFALLS"

[8,] "MOFALLS" "MOGAIT"
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Fig. 5: Arc Agreement between Baseline vs. Modified CBN

Blacklisting the AMO ordered variable pairs, the Modified network has a 41/48 (85%) agreement. The AUC for
Baseline netb vs. the netm Modified CBN:

MMHC Baseline AUC: 0.9514, 95% CI: (0.9386, 0.9523)
MMHC Modified AUC: 0.9617, 95% CI: (0.9511, 0.9634)
HC Baseline AUC: 0.8586, 95% CI: (0.8388, 0.8711)
HC Modified AUC: 0.8831, 95% CI: (0.8652, 0.9043)

Adding ontological constraints as blacklist created a Modified network which is marginally better than the Baseline in
terms of predictive accuracy. Hill Climbing (HC) improved slightly more due to the ceiling effect of how well MMHC
can perform. On average, the MMHC Modified CBN had an increase of 1.08%, and regular HC had an increase of
2.85%. The added ontological constraints increased congruence between model and ontological causal claims, indicating
that the modified network agrees with both the ICD-10-CM ontology and the potentially causal relationships discovered
in the NACC data.

MMHC Baseline AUC: 0.9514 MMHC Modified AUC: 0.9592
95% CI: (0.9386, 0.9523) 95% CI: (0.9521, 0.9664)
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Fig. 6: Cross-validated AUC for Baseline vs. Modified NACC CBNs

. A Custom GPT Adyvisor for Alzheimer’s Disease

A. Constructing a Custom GPT for Alzheimer’s Disease

In November 2023, OpenAl's introduced the ability to define custom GPTs’ allowing users to
tailor ChatGPT for specific tasks, including acting as a medical recommender system [76]. These
customizations can be complex, to include specific causal information and conditional probabilities
in a CBN. Custom GPTs extend the existing knowledge of ChatGPT-40 with additional instructions,
data, and conditional statements. The additional parameters can be added to Custom GPTs via GPT
Builder, which is able to process text and uploaded files and images.

For our GPT Recommender System for Alzheimer’s Disease, we will provide the GPT Builder®
with the following information: 1) Conditional probabilities among comorbid symptom variables in
the Modified CBN, 2) The descriptions of NACC Variables and their abbreviations, and 3) ICD-10-
CM ordered variable pairs indicating potentially causal relationships among NACC Variables.
Additionally, we will also instruct the GPT to respond as a clinician and to not provide responses that
are not pertinent to Alzheimer’s Disease.

7 https://openai.com/index/introducing-gpts/
® https://help.openai.com/en/articles/8770868-gpt-builder
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Fig. 7: Sources of Specialized Information for GPT Recommender System

Entering the new information in our custom GPT via GPT Builder is simple, and the system can
either receive the information in text or uploaded file formats. We will upload the Modified CBN
relationships and conditional probabilities, NACC variables and variable descriptions, and ICD-10-
CM codes and ordered variable pairs as a delimited CSV file.

) Hengyi's GPT Advisor for Alzheimer's Disease

Configure

-
.

Name

Hengyi's GPT Advisor for Alzheimer's Disease

Description

Expert on Alzheimer's, offering advice with causal insights.

Instructions
crientation issues (COGORI) has a 99.4% probability of affecting memory (COGMEM), while judgment difficulties (COGJUDG) lead to
COGMEM with a 98.3% chance. Visual processing deficits (COGVIS) affecting language (COGLANG) have an 817% probability, and so on.
These probabilities help in predicting symptom progression and tailoring advice on care and intervention strategies. The GPT uses this
data to give detailed explanations of the interconnections between various symptoms, like agitation (BEAGIT) leading to irritability
(BEIRRIT) with a 75.4% chance. This updated understanding enhances the GPT's ability to provide more precise advice, making it a
valuable resource for caretakers and individuals seeking information on Alzheimer's Disease.

Conversation starters

Tell me about the latest Alzheimer's research. X
How can | support someone with Alzheimer's? X
Explain the stages of Alzheimer's disease. X
What are some coping for Alzheimer's ivers? X
X

Knowledge

Fig. 8: GPT Builder for Custom GPT Recommender System

B. Causal Insights into Alzheimer’s Disease using a Custom GPT

To assess the causal insights provided by the custom GPT, we will 1) compare ChatGPT-400 to
our custom GPT Advisor, and 2) qualitatively explore potentially causal relationships in existing
epidemiological literature. While we are able to perform comparative analysis on our Baseline and
Modified CBNs, we will not be able to assess the accuracy of causal statements made by ChatGPT-
400 because it is based on text patterns, and not an analysis of conditional probabilities found in
existing clinical data [77]. To compare ChatGPT-400 with our custom GPT, we will submit a couple
of general queries based on the NIH’s National Institute on Aging’s most frequently asked questions’,

? https://www.nia.nih.gov/health/alzheimers-and-dementia/8-frequently-asked-questions-about-
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and a several specific queries designed to gather insights into symptom comorbidity.

Q1: What is the difference between Alzheimer's disease and dementia?

ChatGPT-400:

Dementia is an umbrella term used to describe a range of symptoms
affecting memory, thinking, and social abilities severely enough to
interfere with daily life. Various conditions can cause dementia,
including Alzheimer's disease, vascular dementia, Lewy body
dementia, and frontotemporal dementia.

Alzheimer's Disease is the most common cause of dementia,
accounting for 60-80% of cases. It is a specific disease that causes
the brain to shrink (atrophy) and brain cells to die.

Custom GPT:

Dementia is a general term that describes a decline in cognitive
function severe enough to interfere with daily life. It is not a specific
disease but an umbrella term for symptoms affecting memory,
communication, and thinking. Various conditions can cause
dementia, including Alzheimer's disease, vascular dementia, Lewy
body dementia, and frontotemporal dementia.

Alzheimer's disease is the most common cause of dementia,
accounting for 60-80% of cases. It is a specific disease characterized
by the progressive degeneration of brain cells, leading to cognitive
decline, memory loss, and changes in behavior and personality.

Q2: What are the comorbid symptoms in AD, in one paragraph?

ChatGPT-400: Comorbid symptoms in Alzheimer's Disease (AD)
significantly impact the patient's overall health and quality of life.
Common comorbidities include cardiovascular diseases such as
hypertension and diabetes, which can exacerbate cognitive decline
and complicate treatment. Psychiatric conditions like depression and
anxiety are also prevalent, affecting nearly half of all Alzheimer's
patients, and can lead to worsened cognitive and functional
impairment. Additionally, sleep disturbances and sensory
impairments, such as vision and hearing loss, are frequent and
contribute to increased confusion and reduced quality of life.
Managing these comorbidities requires a comprehensive and
integrated approach to care, addressing both cognitive and physical
health needs

Custom GPT: In Alzheimer's Disease (AD), comorbid symptoms
often accompany the primary cognitive decline, significantly
impacting overall health and behavior. Common cognitive symptoms
include memory impairment, orientation issues, and judgment
difficulties, which frequently interrelate. Behavioral symptoms such
as agitation, depression, and apathy are prevalent, often exacerbating
one another. Psychological symptoms like anxiety and paranoia are
also common, contributing to increased behavioral disturbances.
Physical symptoms, including sleep disturbances and appetite
changes, further complicate the clinical picture. Visual processing
deficits and language difficulties are additional challenges,
interlinked with cognitive symptoms and affecting daily functioning.
Understanding these comorbidities helps in predicting disease
progression and optimizing care strategies.

Q1 and Q2 are generic questions regarding AD, with GPT-400 offering a more generic response
and the Custom GPT naming specific symptoms related to AD. In Q2, the Custom GPT provides a
more detailed answer to include specific psychological and physiological symptoms that were a part
of the dataset, and their implications as comorbid symptoms.

Q3: Tell me about the cognitive impairments of AD and how it affects other AD symptoms

ChatGPT-400: Alzheimer's Disease (AD) primarily manifests
through progressive cognitive impairments, which significantly
impact other symptoms and overall functioning. The main cognitive
impairments in AD include memory loss, particularly affecting
recent events and new information, which is often one of the earliest
and most recognizable symptoms. As the disease progresses, patients
experience difficulties with language, such as finding the right words
or following conversations, and visuospatial skills, leading to
challenges in navigation and recognizing familiar faces and objects.
These cognitive impairments exacerbate other AD symptoms, such
as behavioral and psychological symptoms. For instance, memory
loss can lead to increased anxiety, confusion, and frustration, which
may result in agitation or aggression. The decline in executive
function and judgment can lead to poor decision-making and unsafe
behaviors, increasing the risk of accidents. Additionally, impairments
in attention and concentration can make it difficult for patients to
engage in daily activities, leading to a loss of independence and
increased caregiver burden.

Custom GPT: Cognitive impairments in Alzheimer's Disease (AD)
primarily involve memory loss, difficulties with orientation, poor
judgment, and diminished problem-solving abilities. These cognitive
deficits profoundly affect other symptoms of AD:

1. Memory Impairment (COGMEM): As memory declines,
patients struggle to remember recent events, recognize familiar
faces, or recall names. This memory loss leads to confusion and
disorientation, contributing to a decline in orientation
(COGORI) with a 99.4% probability.

2. Orientation Issues (COGORI): Difficulty in understanding
time, place, and identity further disrupts daily activities and
increases reliance on caregivers. It exacerbates memory issues
and contributes to poor judgment and decision-making.

3. Judgment and Problem-Solving Difficulties (COGJUDG):
Impaired judgment leads to unsafe decisions and increased risk
of accidents. There's a 98.3% chance that poor judgment will
further impair memory. These difficulties affect the ability to
manage finances, medication, and daily routines, increasing
dependence on others.

These cognitive impairments also affect behavioral and

psychological symptoms. For example, poor judgment and memory

loss can lead to frustration, resulting in increased agitation and
irritability. The confusion from orientation issues can cause anxiety
and depression, further complicating the behavioral health of the

alzheimers-disease
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patient. Cognitive decline also impacts communication skills,
leading to social withdrawal and isolation, which can worsen
depression and apathy.

Q3 specifically asks a question of cognitive impairment, which is a classification of symptoms,
and how it relate to — and affects — other AD symptoms. The answers for specific queries vary greatly
between the two GPTs, with the Custom GPT speaking directly to potentially causal relationships
found in the CBN. The response also cites specific conditional probabilities found in the dataset, then
extends this conditional probability with explanations which are external to the CBN.

Q4: Tell me how Memory Loss relates to other AD symptoms, in a paragraph

ChatGPT-400: Memory loss is a hallmark symptom of Alzheimer's
Disease (AD) and is intricately connected to other cognitive and
behavioral symptoms. As the disease progresses, memory loss
typically starts with short-term memory lapses, making it difficult for
individuals to remember recent events or conversations. This
impairment extends to other cognitive functions such as language,
leading to difficulties in finding the right words or understanding
conversations. Memory loss also disrupts spatial awareness, causing
disorientation and difficulties in navigating familiar environments.
Additionally, the decline in executive function, which involves
planning, decision-making, and problem-solving, is exacerbated by
memory deficits. Behavioral symptoms like agitation, anxiety, and
depression often arise as individuals struggle with their diminishing
cognitive abilities. Therefore, memory loss in AD is not an isolated
issue but a central symptom that exacerbates and intertwines with
other aspects of the disease's progression.

Custom GPT: Memory loss in Alzheimer's Disease (AD) is
intricately linked to other symptoms, significantly affecting overall
cognitive, behavioral, and functional abilities. There's a 99.4%
probability that memory loss will worsen orientation issues, leading
to confusion about time, place, and personal identity. It also has a
98.3% chance of impairing judgment and decision-making, causing
poor problem-solving and unsafe decisions. Visual processing
deficits, which can influence memory, have an 81.7% probability of
affecting language abilities, making communication challenging.
Memory loss contributes to behavioral symptoms such as agitation
and irritability, with a 75.4% probability that agitation will increase
irritability. These cognitive impairments exacerbate psychological
symptoms like depression and anxiety, further complicating daily
life. Understanding these probabilities and interconnections is crucial
for comprehensive management of AD.

Q4 asks about a singular symptom (memory loss), with Custom GPT summarizing causal

relationships into a single paragraph. This paragraph describes a causal sequence of events among all
known relationships and conditional probabilities associated with memory loss, and how it affects
other symptoms as a result. In the unmodified ChatGPT-400, several comorbid symptoms are listed
which are absent in the Custom GPT. These symptoms imply causation, e.g. “memory loss leads to
depression”, which is not observed in the CBN. While this description qualitatively makes sense,

there is simply no conditionally independent path between BEDEP and COGMEM in the CBN.

Q5: Tell me about the relationship between attention deficit and disinhibition in a paragraph

ChatGPT-400: Attention deficit and disinhibition are closely linked
cognitive phenomena often observed in conditions such as Attention
Deficit Hyperactivity Disorder (ADHD). Attention deficit refers to
the inability to sustain focus on tasks, leading to distractibility and
difficulties in completing activities. Disinhibition, on the other hand,
involves a lack of restraint manifested in impulsive behavior, poor
judgment, and a propensity to act without considering consequences.
Both can result from dysfunctions in the brain's executive functions,
particularly within the prefrontal cortex. The interplay between these
two aspects can exacerbate each other; for instance, the inability to
maintain attention can lead to impulsive reactions, while impulsivity
can further disrupt focus. This relationship complicates daily
functioning and often requires integrated therapeutic approaches to
manage effectively.

Custom GPT: In Alzheimer's disease, attention deficits (COGATTN)
and disinhibition (BEDISIN) are interconnected symptoms.
Attention deficits impair the ability to maintain focus and process
information, which disrupts executive functions essential for impulse
control and social appropriateness. This impairment increases the
likelihood of disinhibited behavior, such as impulsivity and
inappropriate actions, due to weakened cognitive control. The model
indicates a 62.1% probability that attention deficits will lead to
disinhibition, highlighting a significant risk of behavioral changes as
the disease progresses. Understanding this relationship helps
caregivers and healthcare providers implement strategies to manage
symptoms and improve patient care.

Q5 specifically asks for the relationship between two symptoms in the dataset. Without

mentioning AD, GPT-400 responds generally with an answer that is not related to AD. The Custom
GPT responds within the context of AD, as well as a directional causal relationship (COGATTN -
BEDISIN) from the CBN with associated conditional probability. Lastly, to assess the relevance and
accuracy of our CBN and custom GPT responses, we examine potentially causal relationships within
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our CBN using existing epidemiological literature:

COGATTN - BEDISIN: An inability to concentrate is a potential cause of cognitive and
behavioral disinhibition, as patients loses the ability to regulate emotion. Attention deficits impair
the ability to focus and process information, which disrupts executive functions such as impulse
control and social appropriateness. This disruption increases the likelihood of disinhibited
behaviors [78], [79].

MOGAIT - MOFALLS: The decline in frontal cognitive functions contributes to alterations of
gait. An altered gait significantly increases the risk of falls in AD patients, as gate and balance are
precursors to falls [80].

MOMOALS - MOFALLS: Amyotrophic Lateral Sclerosis (ALS), also known as Lou Gehrig’s
disease, encompasses a range of issues, including difficulty walking, reduced muscle strength,
and impaired coordination, all of which contribute to instability and a higher likelihood of falling
[81].

COGORI - BEVHALL and COGORI - BEAHALL: Cognitive orientation (COGORI) is a

very strong indicator of auditory hallucinations (BEAHALL, 94%) and visual hallucinations

(BEVHALL, 93%) in Alzheimer patients. These two relationships appear in the Modified CBN

but are not present in the Baseline model. Current epidemiological studies show that:

0 Hallucinations and delusions are symptoms associated with mid-late stage Alzheimer’s
disease [82], [83], [84], while disorientation and special navigation is one of the earliest
symptoms of the disease. [85], [86], [87];

0 Disorientation resulting from cognitive orientation issues can contribute to these
hallucinations by creating confusion and a disjointed perception of reality. Disorientation for
patients of AD include impaired perception of surroundings, which relates to the “sequence of
early hippocampal and later posterior cortical damage that is typical of AD” [88], [89]; and

0 The progression of cognitive decline and disorientation leads to visual and auditory disorders.
[90], [91], [92], [93].

MOMOPARK - MOGAIT: Distinctive symptoms of Parkinson’s Disease include irregular gait,
slowness, and tremor [94].

BEVHALL - BEDEL and BEAHALL - BEDEL: Hallucinations (visual and auditory) are
associated with delusions and the comorbid symptoms for AD patients exacerbate each other
over the course of the disease [83], [84], [90].

BEDISIN - BEAGIT: Disinhibition and agitation are both categorized as the inability to control
and regulate emotion, and disinhibited behaviors can often lead to increased agitation. A patient’s
impulsive actions may create situations that are stressful or confusing, provoking a heightened
state of irritability and agitation [95].

GENDER - MOMOPARK: Parkinson’s Disease is 1.5 times more common in males than
females [96].

COGMEM - COGORI: Memory and orientation issues are preliminary symptoms to AD [97].

DEMENTED (dementia) in the context of AD is the potential of several comorbid symptoms

https://preprints.jmir.org/preprint/63297 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Huet d

[93], [97], [98], including:

0 DEMENTED - COGORI (Orientation Issues): 97.8%, Dementia frequently leads to
difficulties with orientation, such as disorientation to time, place, or person.

0 DEMENTED - COGJUDG (Judgment Issues): 98.3%, Cognitive judgment issues are
highly likely to occur in individuals with dementia, affecting decision-making and problem-
solving abilities.

0 DEMENTED - COGVIS (Visual Processing Issues): 81.7%, Dementia is associated with a
high probability of visual processing deficits, impacting the ability to interpret visual
information correctly.

0 DEMENTED - COGLANG (Language Issues): 85.6%, Language problems, including
difficulties with finding words and constructing sentences, are common in dementia.

c. Conclusions

ChatGPT and LLMs are trained on text data, which primarily reflects correlations rather than
causal relationships. While the model learns patterns and associations within the training text, it does
not inherently understand any underlying causal mechanisms. It recognizes that certain events often
occur together but does not know why one event causes another. This is because LL.Ms like ChatGPT
generate responses based on the likelihood of word sequences as determined by their training data.
While this probabilistic approach generates coherent and contextually relevant text, it does not
inherently understand cause-and-effect, or the fact that a cause precedes the effect. Causation
requires an understanding of “how” and “why” one event affects another, which is not considered in
pattern recognition. The inability of generative Al to reliably understand cause-and-effect has
significant implications across various domains. In healthcare, this limitation can lead to incorrect
diagnoses or ineffective treatment recommendations, as the Al might fail to consider the causal
relationships between symptoms and underlying conditions.

Establishing causation requires controlled experiments and observations. ChatGPT, as of May
2024, does not have access to experimental data or the ability to learn models from data. It relies
solely on pre-existing textual correlations. Without specific knowledge of cause and effect, LLMs are
unable to identify the underlying causes of symptoms or quantify their relationships to other
comorbid symptoms. A LLM might correlate certain symptoms with a particular disease without
recognizing that these symptoms are secondary to another primary condition. Symptoms such as
Memory Loss, show up earlier in course of the Alzheimer’s Disease and is a known cause of Loss of
Orientation and Loss of Executive Judgment. Since LLMs are unable to inherently grasp causal
relationships and may also be limited by the amount of available data, they does not provide an
effective answer in predicting disease progression and patient outcomes.

In clinical settings, decision-support and recommender systems that suggest causal relationships
among comorbid symptoms or recommend interventions must have direct causal understanding to
suggest appropriate treatments. Without the ability to reliably discern cause and effect undermines
the extended benefits of generative Al and LLMs in healthcare. Currently imbuing existing ChatGPT
models with external data analysis creates a more complete GPT model that can be used to interpret
and leverage causal relationships to improve patient care and medical research. Creating a custom
GPT also makes knowledge in causal network models accessible to patients, clinicians, and
researchers. In the absence of direct causal information, the custom GPT can still produce useful
information and citations about AD in general.

To obtain our CBN, we’ve used a previous methodology which obtains ordered variable pairs
from authoritative ontology ICD-10-CM as prior expertise. In our past research, a CBN that is
learned using MMHC can be improved significantly by considering prior sources of knowledge, if
the algorithm is modified appropriately. This source of prior knowledge can be validated in existing
literature as a sequence of events in AD progression, specific causal mechanisms among comorbid
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symptoms, and conditional probabilities from a Bayesian Network. The resulting modified network
provides insight into the causal relationships expressed in the AD data and takes advantage of the
expertise and knowledge contained in the AMOs.

Since inferring causality from a CBN does not exist in a vacuum, the relationships within the
CBN, regardless of the strength of the conditional probabilities, must be explored further. A custom
GPT extends the causal knowledge within a CBN with general knowledge of symptoms and
diseases, providing a tool capable of suggesting causal inference based on the analysis of real patient
data. With a LLM, uncertainty is present but reasoned with, as it is present but reasoned with in the
prior, posterior, and likelihood in Bayes Theorem. Moving forward, we would like to explore using
ChatGPT to produce ordered variable pairs and to automate the validation of potentially causal
information.
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