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Abstract

Background: Metabolic dysfunction–associated steatotic liver disease

(MASLD) affects ~30% of the US adult population, and its prevalence is

increasing. Early-stage disease is often missed by clinicians as it is largely

asymptomatic until cirrhosis develops. Recent advances in artificial

intelligence (AI) have allowed for expanded electronic health record (EHR)

identification of several diseases. We aimed to develop an algorithm that

utilizes AI to identify patients with MASLD via a large-scale review within

the EHR.

Methods: We created a natural language processing (NLP) algorithm that

identifies patients with hepatic steatosis on abdominal imaging and selects

for patients meeting MASLD criteria. Validation was carried out via manual

review of monthly generated cohorts. The algorithm was then utilized to

retrieve a MASLD cohort for initial analysis. Demographics were summa-

rized, and additional variables pertaining to early MASLD management were

analyzed.

Results: Our algorithm identified patients with MASLD with a positive pre-

dictive value (PPV) of over 93%. The NLP component of the algorithm

identified hepatic steatosis in imaging reports with a PPV of up to 99.4% and

excluded patients with alcohol use with a negative predictive value of ~95%.

From a cohort spanning 6 months, 957 individuals with MASLD were iden-

tified by the algorithm, of which 14.6% (n=140) had a MASLD-related

diagnosis code.

Abbreviations: AUD, alcohol use disorder; AASLD, American Association for the Study of Liver Diseases; AI, artificial intelligence; CT, computed tomography;
DAWG, Data Analytics Warehouse Galaxy; EHR, electronic healthcare records; FN, false negatives; FP, false positives; GI, gastroenterology; HCV, hepatitis C virus;
IRB, Institutional Review Board; LLM, Large Language Model; MASH, metabolic dysfunction–associated steatohepatitis; MASLD, metabolic dysfunction–associated
steatotic liver disease; MRI, magnetic resonance imaging; NAFLD, non-alcoholic fatty liver disease; NLP, natural language processing; NPV, negative predictive
value; PPV, positive predictive value; ‘re’, python regular expression; SQL, Structured Query Language; TN, true negatives; TP, true positives; T2DM, type 2 diabetes
mellitus; US, ultrasound; UWMC, University of Washington Medical Center.
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Conclusions: We developed an AI algorithm that can perform a large-scale

review of electronic health records to identify patients with MASLD with

> 93% accuracy. Our initial analysis suggests that a substantial proportion of

individuals meeting MASLD criteria do not yet carry a MASLD-related

diagnosis. Our work can be adapted by other institutions to enhance the

detection of MASLD and alcohol use patterns, allowing for targeted inter-

ventions to prevent disease progression and improve outcomes.

Keywords: diagnosis, iterative refinement, liver disease, machine learning,
natural language processing

BACKGROUND

Metabolic dysfunction–associated steatotic liver dis-
ease (MASLD) is the leading driver of chronic liver
disease in the United States and globally. With an
estimated prevalence of 31% and 18% in North
American adults and adolescents, MASLD is associ-
ated with increased risk of progression to end-stage
liver disease. It now ranks as the primary contributor to
liver-related mortalities and has become a common
indication for liver transplantation.[1–5] The economic
burden of MASLD has also increased over time,
paralleling its rising prevalence. Recent data estimates
healthcare costs exceeding over $100 billion per year in
the United States alone.[6] This substantial economic
strain is largely attributed to the costs of liver trans-
plantation, including immunosuppressive medications
and long-term disease management. Despite the
significant health and economic burden of MASLD,
there exists no comprehensive population-based strat-
egy to curtail this growing epidemic.

Previously termed non-alcoholic fatty liver disease
(NAFLD), MASLD is the new nomenclature for the
subset of steatotic liver diseases in individuals with
cardiometabolic risk factors.[7,8] MASLD represents a
spectrum of steatotic liver conditions that range from
isolated fat accumulation in hepatocytes (hepatic
steatosis) to severe metabolic dysfunction–
associated steatohepatitis (MASH), which is distin-
guished by active hepatocyte ballooning with lobular
and portal inflammation and/or fibrosis. MASH can
progress to cirrhosis with complications resulting from
end-stage liver disease and hepatocellular carcinoma.
Patients with MASH also have an increased risk of
developing several extrahepatic conditions, including
cardiovascular disease, chronic kidney disease, and
non-hepatic cancers.[9,10] In its early stages, MASLD is
largely asymptomatic or minimally symptomatic, yet
reversible, making early-stage disease a prime target
for screening and management with dietary, medical,

and/or surgical metabolic dysfunction-directed
interventions.[11]

Under the revised criteria, the diagnosis of MASLD
was simplified from the prior criteria for NAFLD, now
requiring only radiographic or histologic evidence of
steatosis alongside the presence of at least 1 of 5
cardiometabolic risk factors, including dysglycemia
(type 2 diabetes mellitus, impaired fasting glucose, or
impaired glucose tolerance), clinical obesity [either
elevated BMI of ≥25 kg/m2 in patients not of Asian
ethnicity or ≥23 kg/m2 in Asian patients or elevated
waist circumference of 94 cm (male) or 80 cm (female),
ethnically adjusted], elevated blood pressure (BP
≥130/85 or on antihypertensive therapy), hypertrigly-
ceridemia (triglycerides > 150 mg/dL), low HDL-choles-
terol (HDL ≤ 40 mg/dL in males or ≤50 mg/dL in
females), or lipid-lowering therapy, in the absence of
alternative causes of steatotic liver disease.[7,11] None-
theless, from a clinical perspective, the diagnosis and
management of MASLD remain challenging.

Steatosis is frequently detected incidentally during
abdominal ultrasound (US), computed tomography
(CT), or magnetic resonance imaging (MRI) performed
for other reasons. Of these incidentally discovered
cases, 10%–26% arise from studies performed in the
emergency department.[12–16] Although this information
is typically noted in the radiology report, it frequently
fails to be incorporated into subsequent clinical
documentation.[17] A retrospective chart review study
at the London Health Science Center’s emergency
department revealed that among the 450 patients who
underwent abdominal CT imaging performed for non-
hepatic indications, 10.7% had incidental findings of
hepatic steatosis. However, none of these patients
received any follow-up within a year.[15] Moreover, the
asymptomatic nature of early-stage disease results in
many cases remaining undiagnosed until advanced
liver disease develops.[18] One study in the emergency
department found that up to 66% of patients with
incidentally diagnosed MASLD cirrhosis had no prior
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MASLD diagnosis,[18] and, in primary care settings,
MASLD is frequently underdiagnosed.[19,20]

The underutilization of ICD codes for both NAFLD
and MASLD within electronic healthcare records (EHR)
adversely affects EHR population-based strategies
aimed at early diagnosis and management.[21,22]

Reviewing radiologic imaging, regardless of the initial
indication, serves as a potential screening method to
identify MASLD within the general population, thereby
enabling the timely implementation of appropriate
management strategies to mitigate disease progression
in asymptomatic or unrecognized individuals.[23–25]

However, radiology alone is insufficient for a confident
diagnosis of MASLD.

To facilitate early identification of patients with
MASLD using current diagnostic criteria and to address
the limitations of ICD-based population health strate-
gies, we developed an artificial intelligence (AI)–based
algorithm that can be implemented across diverse
healthcare systems. AI or machine learning offers
powerful tools for large-scale analysis of EHRs,
enabling automated practices that can address gaps
in clinical care within hepatology.[26] Notably, the
development of natural language processing (NLP)
software has improved the identification of disease
populations by accommodating nuanced variations in
clinical documentation. In the context of MASLD,
several studies have applied data science methodolo-
gies to improve patient identification and care
optimization.[27–36] However, many of these studies
have examined metabolic liver disease under previous
definitions (ie, NAFLD), potentially leaving a gap in
recognizing and characterizing patients who meet the
new MASLD definition. In this context, we developed an
NLP algorithm to identify patients who meet the new
diagnostic criteria for MASLD within our EHR and have
made our source code publicly available to support
adoption by other institutions.

METHODS

Data source

The algorithm was developed utilizing patient records
within the University of Washington Medical Center
(UWMC) health system, which encompasses 4 primary
hospitals and over 300 outpatient locations, including
14 primary care clinics.[37] UWMC also has a compre-
hensive liver transplant program with over 2000 liver
transplants performed to date.[38] UWMC utilizes the
Epic EHR system, and patient charts include all imaging
and laboratory data obtained and reviewed at any
UWMC locations, as well as access to select informa-
tion from outside health systems via the Care Every-
where sharing system. Our project was reviewed by the
UWMC Institutional Review Board (IRB) and

determined to be exempt. All research was conducted
in accordance with both the Declarations of Helsinki and
Istanbul.

Study population: definition of MASLD

The goal of the algorithm was to identify all patients
within the UWMC health system meeting criteria for
MASLD as defined by the recent American Associa-
tion for the Study of Liver Diseases (AASLD) nomen-
clature change.[8] Our definition encompassed any
patient ≥ 18 years old with imaging findings of hepatic
steatosis (US, CT, or MRI) and meeting at least 1 of
the following metabolic criteria: BMI ≥ 25 kg/m2

(≥ 23 kg/m2 if Asian race), hemoglobin A1c ≥ 5.7%
or diagnosis of type 2 diabetes mellitus (T2DM), 2
readings showing blood pressure ≥ 130/85, plasma
triglycerides ≥ 150 mg/dL, plasma HDL-cholesterol
≤ 40 mg/dL for males and ≤ 50 mg/dL for females.
Individuals with imaging evidence of hepatic steatosis
were excluded from the MASLD definition if they had
other non-metabolic causes of liver disease or heavy
alcohol use [defined as ≥ 14 standard drinks/week for
females and ≥ 21 standard drinks/week for males,
alcohol use disorder (AUD)–related diagnosis, or
natural language noting a history of or current heavy
alcohol use]. Of note, we did not include the entirety of
the revised AASLD MASLD criteria (ie, use of blood
pressure or lipid-lowering medication) but favored
maintaining a broader definition to attempt to capture
the majority of the MASLD population. In addition, we
did not include ALT in our definition of MASLD as we
wanted to emphasize the intention of the new
nomenclature to classify diseases based on metabolic
components.

Development of a natural language
processing algorithm to recognize MASLD

A Structured Query Language (SQL) program script
was employed in the UWMC Data Analytics Ware-
house Galaxy (DAWG) program, which allows for data
retrieval from the UWMC Epic EHR. The script pulled
~10,000 imaging interpretation reports from relevant
US, CT, and MRI studies performed within the UWMC
system. A sample of these initial reports was reviewed
manually to create a label set and generate a pattern
search list. This list was then used to process
unlabeled imaging reports through the Python 're'
(regular expression) text processing program (Python
3.11.9), leveraging pattern-recognition techniques to
identify relevant findings. Reports were scored as
negative or positive by the processing script based on
the presence or absence of hepatic steatosis (Sup-
plement 1, http://links.lww.com/HC9/C190). Patient
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charts that received a positive imaging score were
reintegrated into the DAWG program, where an
algorithm utilizing SQL programming to select for
patients who met at least one metabolic criterion was
applied to their entire electronic health record. Patients
with significant alcohol use were excluded via 2
methods: (1) ICD-10 codes for alcohol-associated
liver disease (K70 and related codes) and alcohol
use and complications of alcohol use (F10 and related
codes) were identified using SQL programming within
the DAWG interface and (2) the Python 're' text
processing program was used to characterize natural
language terms found in any note type into “non-
drinking” and “heavy drinking” patterns. “Non-drinking”
patterns included references to infrequent or no
alcohol use, while “heavy drinking” patterns included
references to a history of heavy alcohol use, number
of drinks per week, counseling to decrease alcohol
use, and documented consequences of alcohol use
(Supplement 2, http://links.lww.com/HC9/C191). The
NLP was refined to include or exclude various text
strings throughout multiple iterations based on feed-
back from manual validation (Figure 1).

Manual validation and iterative refinement

The final patient list was published to a secure server for
manual validation, which was conducted by 2 indepen-
dent physicians or physician trainees trained in the new
AASLD MASLD criteria. An attending physician hepatol-
ogist then reviewed the patient list for accuracy. Each
patient entry was then manually assessed in Epic and
classified as either meeting or not meeting the MASLD
criteria. Entries that did not meet criteria were then further
classified by error type: imaging interpretation, inclusion
criteria, or exclusion criteria. Initial validation demon-
strated that alcohol use was the most challenging
exclusion criterion for the algorithm to accurately capture,
leading to its designation as a separate error category.
Any discrepancies between the 2 reviewers were
resolved through consensus and attending physician
review. An error analysis was performed on the scored
results and informed subsequent algorithm refinements.
This process was repeated for multiple iterations until the
algorithm consistently achieved a previously defined
precision rate of >88%, in line with acceptable standards
from the literature (Figure 1).[39–43]

1) SQL Script pulls
~10,000 image

reports into DAWG

2) Python 're' NLP
script is used to identify

hepatic steatosis in
imaging reports

3) SQL script is used to
apply included criteria
to patients who have
hepatic steatosis on

imaging

6) Manual validation by
two reviewers with

consensus
5) Final patient cohorts are

published to a secure server

4) Python 're' NLP
script is used to
recognize and

exclude patients
with "heavy

drinking" alcohol
use patterns

*Repeat for multiple
iterations to optimize
precision

Images without
hepatic steatosis

excluded

F IGURE 1 Diagram depicting the iterative refinement process utilized to develop the MASLD algorithm. Abbreviations: DAWG, Data Analytics
Warehouse Galaxy; MASLD, metabolic dysfunction–associated steatotic liver disease; NLP, natural language processing; 're', regular expres-
sions; SQL, Structured Query Language.
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Initial analysis of MASLD

Once the MASLD algorithm was demonstrated to
perform at a level surpassing the above precision rate,
it was used to generate a cohort of patients meeting
MASLD criteria between December 1, 2023, and May
31, 2024. In addition to the above inclusion criteria,
patient demographic information, including age, sex,
race, and ethnicity, was collected. Other collected
variables were the presence or absence of MASLD-
related ICD-9/ICD-10 diagnosis code (including all
codes related to NAFLD, NASH, and fatty liver), date,
and type of any Epic encounter with a gastroenterology
(GI) or hepatology specialty location within the UWMC
medical system. We also collected data on the
presence or absence of any hepatitis C virus (HCV)
antibody or quantitative PCR lab result as a surrogate
measure of initial MASLD management and preventive
hepatology care, given the guidelines for testing in all
adult patients.

Validation and statistical methods

Precision of the algorithm was evaluated based on
positive predictive value (PPV), which was calculated
as the total number of accurate identifications (as
determined by manual validation) of patients with
MASLD out of the total number of patients identified
by the algorithm in each iterative cohort [true positives/
(true positives + false positives)]. PPV of the algorithm
to accurately interpret imaging and all inclusion criteria
were also evaluated. Negative predictive value (NPV)
for exclusion of alcohol use was also collected and
calculated as the total number of patients not meeting
the alcohol use criteria (as determined by manual
validation) out of the total number of patients identified
as having MASLD by the algorithm in each iterative
cohort [true negatives/(true negatives + false nega-
tives)]. Median and interquartile ranges (IQR) were
calculated for the descriptive characteristics of the
generated cohort. Comparative statistics were calcu-
lated using the Mann–Whitney U test for comparative

variables and the Pearson chi-squared test for categor-
ical variables. Statistics were calculated using R/R
Studio (R Foundation, version 2024.12.1+563) and
Graphpad Prism (Version 10.4.2).

RESULTS

Iterative refinement of the MASLD
algorithm

The initial algorithm identified patients with MASLD with
a PPV of ~83% (less than our goal of > 88%), with
95.1% PPV for identification of hepatic steatosis on
radiologic interpretation using NLP, and 97.5% accu-
racy of the algorithm when filtering for patients who met
metabolic inclusion criteria. Changes were made to the
algorithm throughout multiple iterations to reach a
maximum PPV of 93.4%. Refinement of the NLP used
to identify hepatic steatosis resulted in a maximum PPV
of 99.4%, and alterations to the script used to filter for
inclusion criteria resulted in ~100% accuracy over the
final 2 iterations. Extensive refinement of the NLP used
to exclude patients with significant alcohol use was
required, with improvement to a maximum NPV of
~95% (Table 1).

MASLD cohort

Among patients who underwent hepatic imaging be-
tween December 1, 2023, and May 31, 2024, the
MASLD algorithm identified 957 patients as meeting
MASLD criteria. Our primary objective in developing the
algorithm was to enhance the identification of patients
with MASLD according to the new AASLD nomencla-
ture. Consequently, we assessed the proportion of
patients who had already been recognized as having
MASLD based on MASLD-related ICD codes, which we
observed in only 14.6% of AI-identified MASLD
patients.

For the total cohort, median age was 52 years (IQR
38–63 y). A total of 56% of patients were male, 68% of

TABLE 1 Metabolic dysfunction–associated steatotic liver disease algorithm iterative refinement outcomes

Iteration N
Total PPV [TP/(TP

+FP), %]
Imaging PPV [TP/(TP

+FP), %]
Inclusion PPV [TP/(TP

+FP), %]
Alcohol NPV [TN/(TN

+FN], %]

1 81 67/81 (82.7%) 77/81 (95.1%) 79/81 (97.5%) 76/81 (93.8%)

2 188 163/188 (86.7%) 185/188 (98.4%) 186/188 (98.9%) 169/188 (89.9%)

3 151 141/151 (93.4%) 150/151 (99.4%) 151/151 (100%) 143/151 (94.7%)

4 182 161/181 (89.0%) 180/182 (98.9%) 181/182 (99.4%) 165/182 (91.2%)

Note: Results of manual validation for 4 iterations of the MASLD algorithm, evaluating the total PPV of the cohort, as well as the PPV of the algorithm to identify hepatic
steatosis in imaging reports (Imaging PPV), the PPV of the algorithm to accurately apply inclusion criteria (Inclusion PPV) and the NPV of the algorithm to exclude
patients with significant alcohol use (Alcohol NPV).
Abbreviations: FN, false negatives; FP, false positives; MASLD, metabolic dysfunction–associated steatotic liver disease; NPV, negative predictive value; PPV,
positive predictive value; TN, true negatives; TP, true positives.
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patients were White, 16% were Asian, 6% were Black or
African-American, 2% were American Indian or Alaska
Native, and 1% were Native Hawaiian or other Pacific
Islander. In addition, 12% were Hispanic or Latino/a/x.
Metabolic markers were also evaluated, with a total
cohort median BMI of 31.3 mg/dL and median hemo-
globin A1c of 5.7%. Baseline characteristics and
metabolic criteria were also evaluated for the proportion
of patients with MASLD-related ICD codes, as this
cohort most likely represents the classically studied
MASLD population. No significant difference was found
between this group and the total cohort.

To assess initial MASLD management and general
hepatology care, we also explored screening for HCV
and interaction with a specialist. HCV screening was
conducted in 57.1% and 65.7% of the total and ICD-
diagnosed cohort, respectively, with a non-significant
trend toward higher screening in the ICD-diagnosed
cohort. A significantly higher proportion of ICD-diag-
nosed patients interacted with GI/hepatology than that
of the total cohort (55% compared with 25.6%,
respectively, p<0.0001) (Table 2).

Baseline characteristics of patients in the total
MASLD cohort obtained between December 1, 2023,

and May 31, 2024 (total cohort, n= 957) and the
patients with MASLD-related ICD-9/ICD-10 diagnostic
code (ICD Dx cohort, n= 140). *p-value obtained from
the Mann–Whitney U test for continuous variables and
the Pearson chi-squared test for categorical variables.
All continuous variables were non-normally distributed.

For all patients with a MASLD-related ICD-9/ICD-10
code, the mean time from imaging to diagnosis was
33 days, with a range of 0–145 days. Among those who
had at least 4 months since initial imaging showing
steatosis, we identified 26 patients who had initial
imaging in December 2023 with a median time to
diagnosis of 38 days (IQR 19–99 d). In all, 30.8% of
patients received a diagnosis 4 months or more after
initial imaging (Figure 2).

DISCUSSION

Our initial results demonstrate the utility of utilizing
machine learning techniques—specifically NLP—in
identifying patients who meet criteria for MASLD under
the new AASLD nomenclature within the EHR. Through
iterative refinement, we increased the PPV of our

TABLE 2 Demographics of metabolic dysfunction–associated steatotic liver disease patient cohort

Characteristic Total cohort (n=957) ICD Dx cohort (n= 140) pa

Percent of total 14.6%

Demographics

Age, median (IQR) 52 (38–63) 54.5 (43–65) 0.07

Male, n (%) 417 (43.6%) 63 (45%) 0.82

Hispanic or Latino/a or Latinx, n (%) 117 (12.2%) 13 (9.3%) 0.4

American Indian or Native Alaskan, n (%) 17 (1.8%) 1 (0.7%) 0.57

Asian, n (%) 152 (15.9%) 30 (21.4%) 0.12

Black or African-American, n (%) 57 (6.0%) 4 (2.9%) 0.19

Native Hawaiian or Pacific Islander, n (%) 9 (1.0%) 2 (1.4%) 0.93

White, n (%) 654 (68.3%) 92 (65.7%) 0.59

MASLD criteria n=932 n= 137

BMI (kg/m2), median (IQR) 31.3 (27.3–36.8) 31.8 (27.9–38.4) 0.23

n=651 n= 107

Hemoglobin A1c (%), mean (SD) 5.7 (5.4–6.6) 5.9 (5.4–7.1) 0.33

n=711 n= 123

Triglyceride (mg/dL), median (IQR) 207 (133–309) 209 (149–298) 0.42

n=692 n= 119

HDL (mg/dL), median (IQR) 51 (43–62) 51 (42–61) 0.54

MASLD management n=957 n= 140

HCV ab measured, n (%) 546 (57.1%) 92 (65.7%) 0.065

n=957 n= 140

Interaction with GI/hepatology, n (%) 245 (25.6%) 77 (55.0%) <0.0001

Note: Baseline characteristics of patients in the total metabolic dysfunction–associated steatotic liver disease (MASLD) cohort obtained between December 1, 2023,
and May 31, 2024 (total cohort, n= 957) and the patients with MASLD-related ICD-9/ICD-10 diagnostic code (ICD Dx cohort, n= 140).
ap-value obtained from the Mann–Whitney U test for continuous variables and the Pearson chi-squared test for categorical variables. All continuous variables were
non-normally distributed.
Abbreviations: ab, antibody; BMI, body mass index; Dx, diagnosis; GI, gastroenterology; ICD, International Classification of Diseases.
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algorithm to consistently exceed > 90% in identifying
patients meeting MASLD criteria. Notably, the NLP
component of the algorithm used to detect hepatic
steatosis in imaging reports achieved a PPV as high as
99.4%. This level of nuanced language capture would
not be possible with traditional, non-machine learning
approaches that rely on standardized, discrete
variables.

A key example of the need for flexible language
recognition was evident in refining our algorithm to exclude
patients with significant alcohol use. Manual chart review
revealed that alcohol use was frequently documented in
non-standardized ways, with providers often noting “heavy
alcohol use” or “history of alcohol use disorder” in note text
rather than through structured data fields such as problem
list diagnosis or quantified weekly alcohol intake. With
successive improvements to our NLP script, we were able
to increase the NPV for excluding patients with significant
alcohol use to over 94% (Table 1).

Once the overall accuracy of the algorithm exceeded
88%, we used it to generate a cohort of MASLD patients
for preliminary analysis. Strikingly, fewer than 25% of
patients identified had a MASLD-related ICD-9 or ICD-10
code, suggesting substantial underdiagnosis within our
health system. This is consistent with prior observations
that MASLD-related ICD diagnostic codes are underutil-
ized and that MASLD itself is underrecognized in primary
care settings.[19–22] Contributing factors may include
challenges in symptom recognition, limited provider
awareness of MASLD and practice guidelines, dearth
of approved pharmacologic treatments, and a lack of
consensus on diagnostic screening strategies.[19,20,44–46]

Given the importance of early diagnosis and risk
stratification to prevent progression to end-stage liver
disease,[11] it is concerning that such a small proportion

of patients with AI-diagnosed MASLD received a formal
diagnosis. Furthermore, we found that approximately
one-third of patients were not diagnosed via ICD code
until more than 3 months after imaging first documented
hepatic steatosis (Figure 2). While we acknowledge that
a 3-month delay between imaging and clinical MASLD
diagnosis may not in and of itself be meaningful for
individuals with asymptomatic disease, further research
is warranted to determine if this lack of early recognition
impacts risk stratification and likelihood of disease
recognition only at advanced stages. In addition, fewer
than 75% of patients diagnosed with MASLD received
HCV screening, potentially reflecting gaps in primary
care understanding of MASLD management and
general preventative hepatology care. This is particu-
larly concerning given the U.S. Preventive Services
Task Force Grade B recommendation that all adults
receive HCV screening at least once in their lifetime.[47]

Prior studies have shown that nearly half (47%) of
primary care physicians are unaware of clinical practice
guidelines for the diagnosis and management of
MASH.[48] Moreover, only ~25% of MASLD patients
had documented interaction with GI/hepatology special-
ty care. Unsurprisingly, patients with MASLD ICD
diagnosis had significantly higher rates of specialist
involvement (Table 2). These findings underscore the
need for increased education within the primary care
setting on initial risk stratification and management of
patients with MASLD.

The underdiagnosis of MASLD also has significant
implications for population-based research. It is
standard practice for researchers to identify patients
based on disease-specific ICD codes, including in
hepatology.[17,19,49] However, if only a small proportion
of the total MASLD population carries an ICD code,
we question if those study cohorts are truly repre-
sentative. While baseline characteristics between our
total MASLD population and those with an ICD
diagnosis did not differ significantly (Table 2), our
initial cohort was relatively small, and comparison on
a larger scale is warranted. In addition, ICD codes
themselves are imperfect proxies for disease, with
studies showing PPV of < 92% for MASLD,[22,50] less
than the maximum PPV for our algorithm. These
discrepancies provide further support for medical
researchers to deploy machine-learning–based tools
such as our algorithm to recognize patients based on
objective diagnostic criteria rather than administrative
coding.

Limitations and strengths

While we were able tomanually review of patients identified
by the algorithm as meeting MASLD criteria, allowing us to
determine the algorithm’s positive predictive value, the
algorithm’s design did not capture patients who did not
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meet MASLD criteria (those with hepatic steatosis on
imaging who did not meet inclusion criteria or had
significant alcohol use) or patients who could have met
MASLD criteria but had missing data and were not
recognized by the algorithm. Therefore, we were not able
to determine the negative predictive value, sensitivity, or
specificity of our algorithm. As a result, we cannot account
for the proportion of patients meeting the MASLD diagnosis
in the UWMC population who were inaccurately excluded
by the algorithm. In addition, our decision to use objective
blood pressure and lipid measurements in the algorithm’s
inclusion criteria (rather than incorporating blood pressure-
or lipid-lowering medications) may have inadvertently
excluded patients with MASLD whose values appear
normal due to treatment. We believe this impact was
minimal, as we collected data across all available records
for each patient. This choice was also made to simplify the
algorithm, given the challenges of capturing prescription
data in our tertiary referral center, where many patients
receive medications from outside providers. However, this
aspect of the algorithm could bemodified in future iterations
or by other institutions adapting our approach to include
medication data. Although we achieved our target level of
precision, the variation in the PPV and NPV between the
final 2 iterations (Table 1) highlights the need for continued
refinement. It is also important to note that we were unable
to capture clinical data obtained outside our health system,
which may have led to an underestimation of screening
rates for markers such as HCV ab (antibody) testing.

Our primary intention in the publication of this
methodology is to demonstrate a model for the
integration of machine learning in the form of natural
language processing into existing database structures.
While different institutions may utilize various EHRs or
databases, the language utilized to describe both
hepatic steatosis within imaging reports and patient
alcohol use likely shares universal terminology. There-
fore, we have shared our Python 're' scripts so that
other institutions may, with the application of a similar
iterative refinement process, integrate them into their
own database systems. We feel this is a novel and
accessible approach to facilitate the incorporation of
machine learning techniques into existing healthcare
systems.

While many researchers are understandably turning
to Large Language Models (LLMs) for nuanced capture
of diagnoses, we feel there is still a role for NLP models
such as ours. Many institutions are better situated to
integrate smaller NLP code like the one we created
using Python 're' into their existing databases. This
format also allows for more seamless addition of
inclusion and exclusion criteria, enabling capture of
large sets of data in a format that is more consistent with
that previously utilized in research and patient regis-
tries. However, as these models become more easily
integrated with established institutional databases, we
hope to adapt our model to LLM formats.

Future directions

Our algorithm has the potential to aid in the early
identification of MASLD, allowing for targeted interven-
tions to prevent disease progression and improve
patient outcomes. We plan to leverage this tool in an
educational quality improvement intervention aimed at
increasing recognition and early management of
MASLD in the primary care setting. We also anticipate
a role for integration of the algorithm within the EHR,
allowing for automation of this care. In addition, this tool
will also be instrumental in generating future MASLD
research cohorts, minimizing the need for laborious
manual chart review and reliance on administrative ICD
codes for identification of disease populations.

CONCLUSIONS

Our algorithm utilized NLP techniques to accurately identify
patients meeting the new AASLD MASLD criteria. We also
demonstrated underdiagnosis of MASLD at our medical
center and highlighted the need for further evaluation to
expand the characterization and management of this
population. This augmented intelligence represents a new
frontier in hepatology disease management.
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