No. of research proposal

2018/52/x

Section 2: English Abstract

Full title of research project

Non-alcoholic Fatty Liver and Liver Fibrosis Progression Predictive Analytics: Risk
Prediction and Machine Learning Techniques for Improved Preventive Medicine

Investigators: full name and affiliations

Ofir Ben-Assuli, Ono Academic College, Business Administration

Shani Shenhar-Tsarfaty, Tel-Aviv University, Sackler Faculty of Medicine

Shira Zelber-Sagi, University of Haifa, School of Public Health, Faculty of Social
Welfare and Health Sciences

Key Words

Machine Learning, Risk Prediction, Non-alcoholic fatty liver disease, Predictive
Analytics

Abstract

Scientific Background

Non-alcoholic fatty liver disease (NAFLD) is the most common liver disease
worldwide, with a prevalence of 20-30% in the general population. While most
NAFLD patients are asymptomatic, NAFLD may progress to cirrhosis and
cardiovascular disease and Type-2 diabetes.

Objectives

To stratify patients' risks for NAFLD and advanced fibrosis over time and suggest
preventive medical decisions.

Methodology

The data were obtained from a prospective cohort of apparently healthy volunteers from
the Tel-Aviv medical center inflammation survey (TAMCIS), admitted for a routine
annual health check-up. We stratified the patients' risks for fibrosis from 2007 to 2017
by modeling the risk in 5,579 individuals in 5 main stages: 1. Compilation of TAMCIS
database. 2. Data preparation and computation of time series variables 3. Application of
time-series models (Hidden Markov Models and Group-Based Trajectory Models) to
generate distinct fibrosis risk trajectories. 4. Predictive analytics & Sensitivity Analysis
incorporating trajectory group membership to predict individual patient risk. 5.
Profiling the patients and Recommendations.

Findings

Time-series machine learning models (Hidden Markov Models and Group-Based
Trajectory Models) that profiled fibrosis risk by modeling patients’ latent medical
status generated three groups. The high-risk group had abnormal lab test values and a
higher prevalence of chronic conditions. Classification models with group information
showed that they significantly improved risk fibrosis prediction.

Conclusions

Longitudinal risk assessment (optionally accessed via EMRS/EHRS) may enable early
identification of specific individual groups exhibiting distinct medical trajectories based
on their routine visits.

Policy Recommendations

Thiggggcess can be used to make populatiop-specific medical recommendations g on goid
targeting early detection of high risk patients, to avoid the progression of fibrosis
disease and its complications as well as reduce healthcare costs. The findings contribute
to risk stratification for disease progression and planning future preventive strategies
based on lifestyle modifications and medical treatment implemented to reduce disease
burden.
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Section 5: Comprehensive scientific report - English?
1. Scientific background

Non-alcoholic Fatty liver disease (NAFLD) is becoming a major global health
burden in both developed and developing countries (Loomba & Sanyal, 2013).
NAFLD is the most prevalent liver disease (30% in the general population) and may
progress to liver cirrhosis, liver cancer and can increase the risk for cardiovascular
disease and type-2 diabetes (Younossi et al., 2016; S. Zelber-Sagi, Nitzan-Kaluski,
Halpern, & Oren, 2006). NAFLD covers a wide pathological spectrum ranging from
simple steatosis to steatohepatitis (NASH) with variable degrees of fibrosis and
cirrhosis (European Association for the Study of the, European Association for the
Study of, & European Association for the Study of, 2016). The presence of
significant fibrosis in NASH is known to be associated with mortality (Ekstedt et al.,
2015; Hagstrom et al.,, 2017; Younossi et al., 2016). Since NASH is rapidly
becoming one of the most frequent causes of cirrhosis and liver transplantation
worldwide, it is crucial to identify NAFLD patients at risk of progression, in order to
implement therapeutic interventions that can help prevent/reverse the deleterious
consequences of advanced NASH.

Liver biopsy remains the gold standard for histological evaluation of liver disease;
however, obtaining repeated liver biopsies to identify the histological progression is
difficult clinically and ethically. Therefore, non-invasive methods to identify steatosis
and especially advanced fibrosis are warranted to pre-empt the need for liver
biopsies. Fibrosis serum markers have shown acceptable diagnostic accuracy as
defined by the area under the receiver operating characteristic curve (AUROC) >0.8
(European Association for Study of & Asociacion Latinoamericana para el Estudio
del, 2015). The NAFLD fibrosis score (NFS) and fibrosis 4 calculator (FIB-4) have
been externally validated in ethnically different NAFLD populations, with consistent
results. NFS and FIB-4 predict overall mortality, cardiovascular mortality and liver-

related mortality (European Association for the Study of the et al., 2016). The

1 Many parts of this summery were taken from our forthcoming manuscript “Stratifying Individuals into Non-
Alcoholic Fatty Liver Disease Risk Levels using Time Series Machine Learning Models” (Ben-Assuli et al.,
2022) to be published by Journal of Biomedical Informatics and some parts were taken from our published
manuscript “Non-alcoholic fatty liver and liver fibrosis predictive analytics: risk prediction and machine
learning techniques for improved preventive medicine” (Goldman et al., 2021) by Journal of medical systems.
Those two papers are results of this grant and acknowledged this grant.
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diagnosis and detection of risk factors for steatosis are also important. Besides the
hepatic damage, in recent years NAFLD has emerged as an independent risk factor
for Type- 2 diabetes and cardiovascular disease (Stefan, Kantartzis, & Haring,
2008). Therefore, efforts to prevent NAFLD progression and extra-hepatic
manifestations must include liver fat screening and surveillance strategies. The
occult nature of the disease has led to increased efforts to develop simple and cost-
effective diagnostic methods, preferably quantitative, that would be useful for
screening, follow-up and evaluation of response to treatment in both clinical practice
and research. The Fatty Liver Index (FLI) is a simple validated calculating tool for
the prediction of fatty liver in the general population, and is based on body mass
index (BMI), waist circumference, levels of the liver enzyme Gamma glutamyl
Transferase (GGT) and plasma triglycerides (G. Bedogni et al., 2006; Shira Zelber-
Sagi et al., 2013) .

NAFLD is a multifactorial disease and has many potential reasons for its
progression, some less well-established than others, including genetic background,
weight and weight change, the presence of Type-2 diabetes, medications and
lifestyle factors such as diet, physical activity, coffee and tea drinking and smoking
habits (Romero-Gomez, Zelber-Sagi, & Trenell, 2017) . For example, weight gain by
itself, even if as small as 3-5 Kg predicts the development of NAFLD, regardless of
baseline BMI (S. Zelber-Sagi et al., 2012). Identifying new risk factors and the
elaboration of known ones is extremely important in a preventable and treatable up
to complete remission disease like NAFLD.

The healthcare sector has invested heavily in health technologies that integrate
clinical, demographic and financial data from multiple sources to support medical
decision-making, reduce healthcare costs (Hillestad et al., 2005) and is used
nowadays to collect data for analysis through sophisticated predictive analytics
methods.

However, there are few prediction methods for medical outcomes after a patient's
first visit. Previous works have mostly been based on narrow data, rather than on
patient-level big data derived from rich datasets as in the case of CHF (Mitchell et
al., 2016; Sommerfeld, Althouse, Prince, & Hickey, 2016). Few works have dealt
with predicting NAFLD for FLI patients (Koehler et al., 2013; Lee et al., 2010) or
predicting FLI (Ruhl & Everhart, 2015; Shira Zelber-Sagi et al., 2013). New models

focusing on predicting mortality and readmission risks for chronic patients based on
2020 10 6.0n 091V



No. of research proposal

2018/52/x

data mining tools require large, broad datasets (Krumholz et al., 2009; Tsugawa et
al., 2017; van Walraven et al., 2010; Wang et al., 2014).

Crucially, these predictive analytic tools can help physicians and hospital
management develop early interventions to identify and treat patients at high risk of
frequent readmissions (Bardhan, Oh, Zheng, & Kirksey, 2014). This study applied
a novel machine learning approach for risk stratification by tracking high risk
groups for disease incidence and progression and assessed the potential
protective factors. Our approach is based on a chain of predictive analytics
techniques combined to optimize prediction performance by clustering patient
trajectories over time as the preliminary technique for the advanced classification
methods. Our techniques were applied to the case of FLI accepted thresholds
(Giorgio Bedogni et al., 2006; Cuthbertson et al., 2014; Koehler et al., 2013), and
FIB-4 accepted thresholds (Kim et al., 2010; Shah et al., 2009; Sterling et al., 2006;
Tapper & Lok, 2017).

2. Research objectives

The main goal of this project was to enable physicians and clinicians to stratify
patients' risks for fibrosis disease progression and to suggest possible medical
remedies optimal for preventive medical decisions.

More specifically, we developed an innovative chain of predictive analytic
techniques (including clustering, feature selection and classification) utilizing unique
data of patients having few (or multiple) chronic conditions that manifest over
extended time periods. Our models were developed to identify possible variables
associated with disease scores as well as the progression from low to intermediate
and high disease score categories over follow-up time as well as extra-hepatic

outcomes.
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3. Methodology
3.1 Sample and Data
41,323 visits with all 21,526 visits remain

the values needed to > after deleting the
calculate the FIB-4 latest visit for each

The initial visit file
contained 51,078 visit —>
records

value individual
I
A\
9,609 individuals
after aggregating and 5,579 individuals

converting from the
visit-level to the
person-level

Figure 1. Flow Chart of the Data (Ben-Assuli et al., 2022; Goldman et al., 2021)

Participants - 5,579 individuals presenting at Tel Aviv Medical Center for a

with at least 2 visits

repetitive health checkup from July 2007 to July 2017 during routine medical tests
took part in the TAMCIS. This database includes over six hundred features for each
individual’s visit with at least two annual health assessment visits. We constructed a
FIB-4 panel over time at the individual level. The dataset contained a series of visits
for all individuals where the fibrosis diagnosis appeared or not (Figure 1).
Dependent Variable - The dependent variables were NAFLD baseline markers of
FIB-4. This measurement is a predictor of liver-related mortality (EASL, EASD,
EASO 2016) based on four variables (So-Armah et al., 2020): age (in years),
aspartate aminotransferase (AST), alanine aminotransferase (ALT) in units per liter,
and total platelet sum, measured as 10° per liter (Zhuang et al., 2017). The FIB-4
index was computed (Sterling et al., 2006) as:

Age ASTy

years ©

L
Plateletcount@ . \/ ALTBL
L

1)

The FIB-4 score was dichotomized into two fibrosis levels (low vs. intermediate-
advanced) using the accepted threshold value of 1.3 (Anstee et al., 2019) (FIB-4 <
1.3 as ‘NO’ and FIB-4 = 1.3 as ‘YES’). The individual-level cohorts were constructed
from the annual individual visits, and the dependent variables were measured
based on the previous visit values. For example, if a patient had five visits without
an abnormal FIB-4, all four dependent variable values (previous visits) were
labelled ‘NO’.

The Independent Variables — social determinants, demography, exercise, lifestyle,
metabolic status (e.g. metabolic syndrome, BMI and HbAlc), routine blood count

results, chemistry blood test results, lipid profile, hypertension status, history of

2020 12 6.0n 0910
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diabetes, cardiovascular diagnoses, previous diagnoses of the liver, dyslipidemia
and medication consumption.

3.2 Schematic Process Description

This study implemented a novel non-invasive assessment process for identifying
fibrosis risk levels in terms of time. Figure 2 shows the different stages and the flow
of the process: 1) Retrieve, merge, and integration of the individual-visit data to the
visit level data. Data preparation techniques were implemented to obtain all visits
and features and impute missing values or outliers. 2) Transform the visit level data
into an individual level panel. 3) Product clusters of individuals based on their FIB-4
risk level. This process included two time-series models: HMM and GBTM, to profile
fibrosis risk by modeling patients’ medical status in groups representing the risk
level of having fibrosis. 4) Sensitivity analysis which involved a propensity score
matching (PSM) technique to generate a balanced dataset after which the methods
were re-run. Figure 2 shows the use of HMM and GBTM with (represented by red
lines), and without (represented by broken green lines) the PSM. The PSM
robustness check also supports the validity and accuracy of the process results. 5)
Validity analysis using classification methods (CHAID and XGBoost) based on
latent class modeling to test whether the risk states (obtained from HMM/GBTM). 6)
Profile the groups, analyzing the findings to evaluate the models for each latent

state/trajectory and generating practical medical care recommendations.
Retrieve, merge and integrate the patientvisit data | Adding the medical latent states | Group profiing, ,analysis, robustness checks and recommendations

Individual Visit

Longitudinal Time Series Latent States
Data Risk-+ Je

(Individual Level Data)
______ _:J I Profiling the Clusters and
Transforming the — h 4 Analyzing their Properties
Datainto *

Individual Level 1
—ee———

______ - " [Validation of the Original

Individual Visit _ =" Longitudinal Time Series Trajectories as Results (red lines)
Data P (Individual Lev‘é\Data) ¥ Risk Levels
.

__________ H | ___ classification
Reduced Balanced methods Validation using

Database I classification results

Figure 2. Schematic Process Diagram (Ben-Assuli et al., 2022)
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3.3 Methods

3.3.1 Studying the longitudinal progression of diseases

GBTM (D. S. Nagin, 2005) and HMM (Rabiner & Juang, 1986) are important time-
series models and are described below in detail to model the progression of
NAFLD. These models can take the heterogeneity in the entire population into
account as well, so that interventions can be oriented correctly to the latent
subgroups to enhance desirable outcomes (Ben-Assuli & Padman, 2020).
Combining these two models in our process has several advantages in that they
can augment each other's results and each model supports and validates the other.
3.3.1.1 Latent class modeling using a Hidden Markov Model (HMM)

A HMM expresses the exchanges between observed and hidden stochastic
processes. These processes progress over time via a set of hidden states, a
sequence of observation states, a hidden state transition probability distribution, an
observation state probability distribution, and an initial state distribution (Netzer,
Lattin, & Srinivasan, 2008; Rabiner & Juang, 1986; Zhang & Padman, 2015). In our
case, the latent health status shaped the hidden states using a first-order Markov
process. The upcoming medical state's probability depended solely on the current
state and not on past states (Rabiner & Juang, 1986). HMM, by decoding,
calculates the series of hidden medical states with the uppermost probability given
the series of observations and the probability distribution of the model. Figure 3
depicts the possible hidden or observed medical states in which a patient can be
and illustrates the HMM schematically. Observation refers to data that are known
and can be observed. As shown in Figure 3, the observation variable FIB-4 was the
medical information available about a patient on each visit (O for a normal FIB-4
result and 1 for an abnormal FIB-4 result). The latent medical state representing the
three levels of risk for having fibrosis; i.e., high, medium and low (Shigh, Smedium, OF
Siow, respectively) was hidden. Figure 3 illustrates the relationships between the set
of observation states (FIB-4 index values), the set of hidden states (levels of risk for
fibrosis), the transition probabilities among the hidden states, and the emission

probabilities from the hidden states to the observable states.
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-Piu-Pimv

Figure 3. Representation of the HMM Process (Ben-Assuli et al., 2022)
Note: The hidden states (circles) show the patient's fibrosis risk level, whereas the observable symbols (rectangles) represent
an individual’s FIB-4 values over time

3.3.3.2 Group-Based Trajectory Modeling (GBTM)

GBTM is designed to identify clusters of individuals following possibly distinctive
trajectories toward a certain outcome (D. S. Nagin, 2005). It is based on finite
mixture modeling, to study the developmental course of patients' multiple visits. The
two primary outputs of the model are the shape of the trajectory for each group,
which may differ not only in its level but also in the direction and rate of its
movement, and the size of the group as measured by the proportion of the
population in the given trajectory. This method has been applied to study disease
progression (Burckhardt, Nagin, & Padman, 2016; Daniel S Nagin & Odgers, 2010;
Padman, Nagin, & Xie, 2014). The fundamental concept is the distribution of
outcomes conditioned on a time-related metric such as time from the onset of

treatment; that is, the distribution of outcome trajectories is denoted by P(Y;/z),

where the random vector Y represents individual i's longitudinal sequence of
behavioral outcomes and vector Z; represents the characteristics of i measured at
baseline or otherwise invariant. The GBTM assumes that the population distribution
of trajectories arises from a finite mixture of unknown order J. The likelihood for
each individual i, conditional on the number of groups J, can be written as

PCY, |Z-)=i” PCY, | Z., i:B.)" where 7 is the probability of membership in group j,
j=1

and the conditional distribution of Y; given membership in j is indexed by the
unknown parameter vector S which among other things determines the shape of
the group-specific trajectory. Typically, the trajectory is modeled using a polynomial

function of the time-related metric, such as the sequence of visits; i.e.,
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vl =Bl + B} -FIB4, + B -FIBL + BIFIB4 +&, where for given j, conditional
independence is assumed for the sequential realizations of the elements of Yi, yi,
over the T periods of measurement. Thus, we can write

POV 1Z,, 0:B) =T P | zo» 8, » Where p(.) is the distribution of yir conditional on

membership in group j and the zit (D. S. Nagin, 2005).

See more technical details in the published paper (Ben-Assuli et al., 2022).

3.4 Classification Methods

We used two classification methods (CHAID (Kass, 1980) and XGBoost Tree
(Semenov et al., 2016)) to test whether our risk states (obtained from the clustering)
were helpful and improved individual-level prediction, as done in other works (Ben-
Assuli & Padman, 2020; Gorunescu & Belciug, 2014). We used these classification
methods to develop three classification models for the FIB-4 dependent
dichotomous variables in each classification method: 1. Using all the independent
variables plus HMM risk states (84 variables); 2. Using all the independent variables
plus the GBTM risk states (84 variables) and 3. Using all the independent variables
(83 variables) without the additional variables obtained from the clustering
(identification of risk state/trajectory). The independent variables were defined for
the penultimate visit in each model, and the dependent variable was from the last
visit. We developed the models utilizing 5-fold cross-validation via IBM-Modeler
(Modeler & Guide, 2010). For more technical details, see (Ben-Assuli et al., 2022;
Goldman et al., 2021).

4. Findings

4.1 Descriptive statistics

The descriptive statistics (Table 1) included 5579 individuals who had at least two
visits. The mean age was 45.8 years. The majority of the cohort were men (71.8%).
The majority of the cohort had never smoked (62.3%), and the rest were current
smokers or smoked in the past. The mean years between the last and the first visits

was 4.4 years. The average blood test results were overall in the normal ranges.
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Table 1. Sample Descriptive Statistics at Baseline (Ben-Assuli et al., 2022)

Demographics

Age, years

Gender, n (%) Male

Waist (CM)

BMI (Kg/m?)

Smoking status, n (%) Ever
Never

45.78+10.02
4505 (71.79%)
91.47+12.09
26.39+3.98

2104 (37.7%)
3471 (62.3%)

Years between the last and the first visits 4.40+2.56
Blood Tests

AST (U/L) 23.81+7.71
ALT (UIL) 26.11+13.18
GGT (U/L) 19.72+17.02
Total Cholesterol (mg/dL) 198.76+36.47
HDL Cholesterol (mg/DI) 54.09+13.52
Triglycerides (mg/dL) 118.43+70.30
Glucose (mg/dL) 92.53+14.87
hemAl1C, % 5.36+0.57
High sensitive CRP (mg/dL) 2.55$4.32
Platelets (X109/L) 246.83+57.69
Uric Acid (mg/dL) 5.61+1.31
Albumin 45.25+2.35
Bilirubin 0.79+0.35
Alkaline Phosphatase (IU/L) 59.70+17.85
Diagnoses*

Hypertension, n (%)
Diabetes, n (%)

Metabolic Syndrome, n (%)
Hypertriglyceridemia, n (%)
HDL Cholesterol <LCL, n (%)

802 (14.38%)
385 (6.9%)
301 (5.4%)
1248 (22.38%)
815 (14.63%)

Note: *Metabolic syndrome was defined based on statement of major Federations (Alberti et al., 2009).
Hypertriglyceridemia - high triglycerides. HDL Cholesterol <LCL - low high-density lipoprotein-cholesterol (HDL).

4.2 HMM Results

After model fitting, the three latent HMM states were chosen for maximum

consistency across all visits.
Table 3. FIB-4 Prevalence Distributed according to States (Ben-Assuli et al., 2022)

Visit_3 Visit_4 Visit 5 Visit 6

Individuals FIB4>1.3 Individuals FIB4>1.3 Individuals FIB4>1.3 Individuals FIB4>1.3
HMM (%) (%) (%) (%) (%) (%) (%) (%)
Low 2457 1253 550 293

(77.97%) 10.012% (75.48%) 12.69% (65.32%) 16.36% (70.77%) 27.98%
Medium 155 178 70

(9.34%) 54.2% (21.14%) 59.55% (16.91%) 81.43%

High 694 252 51

(22.03%) 71.47% (15.18%) 82.94% 114 (13.54) 92.98% (12.32%) 96.08%
Total 3151 23.55% 1660 27.23% 842 35.87% 414 45.41%

Table 3 presents the distribution of individuals and the FIB-4 prevalence across the

six visits for each of the latent states and expresses individuals' transitions across

states over time. The low-risk state was the most common latent state for each

period from the third visit. High-risk individuals were the smallest group in each

period beyond visit 2. This group had the highest consistent FIB-4 prevalence

across all visits (shown in the second column in each visit). Individuals could
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change their states from visit to visit depending on their relative risk changes for
FIB-4 as expressed, captured, and evaluated using the HMM. As can be seen in
Table 3, generally, the number of individuals defined as high-risk decreased from
visit to visit (visits: three (22%), four (15.2%), five (13.5%), and six (12.3%)). This
result shows that the HMM became more discriminating as more information was
loaded into the model.

Table 4. Transitions of Individuals across Visits (Ben-Assuli et al., 2022)

Visit 2 to Visit 3 Visit 3 to Visit 4 Visit 4 to Visit 5 Visit 5 to Visit 6
Stayed the same 41.80% (1317) 87.23% (1448) 88.60% (746) 89.86% (372)
Transitioned to a lower state  56.52% (1781) 5.36% (89) 2.02% (17) 10.14% (42)
Transitioned to a higher
state 1.68% (53) 7.41% (123) 9.38% (79) 0
Total 3151 1660 842 414

Table 4 displays that most of the patients stayed in the same risk state across all
visits in order of increasing percentages from each visit to the subsequent one.

The profiling of individuals on the fifth visit (reported in (Ben-Assuli et al., 2022))
showed that individuals in the high-risk group had more extreme laboratory test
values, demographics and diagnoses. Hypertension and Diabetes had the worst
values for the high-risk group followed by the medium risk group. BMI, waist-hip
measurement and Metabolic Syndrome were higher and worse, albeit not
significantly, for the high-risk group, probably due to the small sample size. AST,
Total Cholesterol, Glucose, Platelets, Albumin and Bilirubin were significantly
different.

4.3 GBTM Results

After model fitting, the 3-group model was chosen.

Table 6. FIB-4 Prevalence Distributed according to Groups (Ben-Assuli et al., 2022)

Visit_3 Visit_4 Visit 5 Visit 6
Individuals FIB4>1.3 Individuals FIB4>1.3 Individuals FIB4>1.3 Individuals FIB4>1.3
GBTM (%) (%) (%) (%) (%) (%) (%) (%)
Low 2457 0 1196 o 658 o 291 o
77.98%)  1001% (75050  1162% (751500 218N (75590 27:49%
Medium 347 o 322 o 113 o 83 o
(11.01%) 53.31% (19.4%) 56.52% (13.42%) 78.76% (20.05%) 84.34%
High 347 o 142 0 0 o 0 o
(11.01%) 89.62% (8.55%) 92.25%  71(8.43%) 97.18% 40 (9.66%) 95%
Total 3151 23.55% 1660 27.23% 842 35.87% 414 45.41%

Table 6 shows that the high-risk group was the smallest in each time period, and
had the highest consistent FIB-4 prevalence across all visits. The low-risk state was
the most prevalent latent state for each time period across all visits. There was a
good differentiation between all three risk levels. The number of individuals defined

as high-risk decreased from visit to visit, starting at 14.5% in the second visit and
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ending with 8.4% in the fifth visit and 9.7% in the sixth visit. Compared to the HMM
results (Table 3), the risk level for fibrosis was similar to the HMM for the high-risk
group, but the number of individuals in the high-risk group here was smaller (Table
6). The other levels were more similar (in the HMM and GBTM) in their overall
fibrosis risk as well as the number of individuals in each group.

Table 7. Transitions of Individuals across Visits (Ben-Assuli et al., 2022)

Visit 2 to Visit 3 Visit 3 to Visit 4 Visit 4 to Visit 5 Visit 5 to Visit 6
Stayed the same 88.99% (2804) 91.39% (1517) 93.47% (787) 94.20% (390)
Transitioned to low 4.00% (126) 1.20% (20) 6.53% (55) 0
Transitioned to high 7.01% (221) 7.41% (123) 0 5.80% (24)
Total 3151 1660 842 414

Table 7 displays that most patients remained in the same state across all visits in
increasing percentages from each visit to the subsequent one (89%, 91%, 93%,
94%) in a very similar pattern to HMM (Table 4). Still, unlike the HMM, these trends
started from the first visit.

As shown in (Ben-Assuli et al., 2022), GBTM and HMM had the highest values for
the high-risk group for all demographic characteristics. The proportion of males
increased with the rise in the risk level of fibrosis. The significant diagnosis
characteristics were hypertension and diabetes, similar to the HMM results; both
had the highest values for the high-risk trajectory. The blood test, including AST,
Total Cholesterol, Glucose, and Platelets, were significantly different and quite
similar to the HMM findings.

4.4 Prediction Results Based on Latent Class Modeling

The results of the classification models show the significant contribution of the risk
states (obtained from HMM or GBTM), that significantly (DelLong, DelLong, &
Clarke-Pearson, 1988) improved the individual-level prediction of FIB-4. For
example, in the CHAID model, the AUC without Clustering was 0.665 as compared
to 0.803 for the GBTM risk group identifiers (0.717 for the HMM risk group). In the
XGBoost model, the AUC without Clustering was 0.73 compared to 0.819 in the
GBTM risk group identifiers (0.77 for the HMM risk group). There were higher
results across all evaluation indices when adding the risk state identifiers to the
predictors. Improvements in the AUC were significant based on DelLong et al.
(1988) at p<0.001 for all comparisons. These results illustrate the contribution of
latent class modeling as a pre-stage for probable disease classification-based

predictions.

4.5 Robustness Check
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As in many other works, we faced a lopsided distribution of our main dependent
variables (FIB-4). To account for the distribution of the dependent variable, we
applied the Propensity Score Matching (PSM) econometric procedure (Rosenbaum
& Rubin, 1983). PSM has rarely been used on a NAFLD population. We applied the
PSM econometric procedure to account for the distribution of the dependent
variable. Afterwards, we repeated the whole analytic process for both the HMM and
the GBTM and obtained results that supported and echoed our main results(Ben-
Assuli et al., 2022).

5. Discussion and Conclusion

In today's era of precision medicine, the role of data science applied to large
volumes of healthcare data is destined to grow exponentially. Interventions to
improve patient uptake of chronic disease management services can substantially
reduce medical complications. Unlike previous works that have employed
classification (e.g. feature variables, symptoms, diagnoses and laboratory tests) or
clustering (grouping a set of patient data with inner group similarity and external
heterogeneity) here these techniques were combined to track the same patients
over multiple visits. There is substantial value in finding novel risk factors for NAFLD
and more specifically for fibrosis progression. This was a prospective study with
repeated measures, with a relatively long-term follow-up in contrast to many studies
that have been cross-sectional and lack the kinetics of disease progression and risk
factors over time.

Our results underscore the need to integrate stratification models over time to
assess progressive disease risk by leveraging longitudinal healthcare delivery
procedures.

We used HMM and GBTM independently to develop a longitudinal time series for
fibrosis risk. We described them along with their technical specifications adjusted to
our specific NAFLD context. We verified the goodness of fit measurements for
these methods to assess several HMM states/GBTM trajectories by employing all
known measurements. In addition, we controlled for all visits and time points

(compared to a previous study that only ran the models on the last visit).

6. Policy Implications and Recommendations
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The findings can help in planning future preventive strategies based on lifestyle
modifications and medical treatment which can be implemented to reduce the
NAFLD disease burden.

The implementation of these methods contributes by promoting the functional
integration of machine learning techniques at various points of care. These methods
can improve and promote the field of data science. They can supply forms of
feedback and control that can provide the developers of expert systems with an
additional set of key success factors.

This study contributes to activity and policy decision making in the healthcare
sector. The results can assist policy decision makers in Israel in terms of the
adoption of point of care recommendation systems.

Specifically, this study can help determine policy regarding early detection of
NAFLD and/or advanced fibrosis in primary care settings for individuals with various
medical problems (e.g. obesity or metabolic syndrome or in the setting of diabetes
clinics), which represent high-risk populations for the more advanced forms of
NAFLD. This study enables further refinement of high-risk groups, by identifying
numerous parameters and the interaction between then and detection of potential
low cost markers available in a regular clinical setting (stored in EMRs and EHRS).
In terms of public health, primary prevention policies and actions can be initiated in
patients defined as high risk according to the prediction models, and secondary
prevention can be implemented by early detection. The advantage of such tools is
that they are cost-free and performed with readily available measurements, and
thus can be automatically calculated in computerized medical records (EMRs and
EHRs) and increase the awareness of general practitioners and the public to this
important and prevalent liver disease and promote early treatment. Even though
most of the treatment focuses on lifestyle modification, awareness of liver disease
can increase motivation among patients and greater monitoring on the part of the
physicians and dietitians following these patients. This increased monitoring may
also help in early detection of compensated cirrhosis and hepatocellular carcinoma.
In addition, new medications are on the way, and low cost readily available
prediction models can be used to refer suitable patients for treatment.

The findings can also contribute to medical technology designers (by promoting the
algorithms for the design of new medical recommendation systems and improving

existing ones), physicians (by enhancing the efficient use of predictive analytics),
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patients (by improving healthcare services) and mainly policy makers in the
healthcare sector (the advisability of investing in these advanced decision support

systems).
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