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Abstract

Purpose: Monoclonal Gammopathy of Undetermined Significance (MGUS) is a prevalent yet 

largely asymptomatic precursor to multiple myeloma. Patients with MGUS must undergo regular 

surveillance and testing, with few known predictors of progression. We developed an algorithm to 

identify MGUS patients in electronic health data to facilitate large-scale, population-based studies 

of this premalignant condition.

Methods: We developed a four-step algorithm using electronic health record and health claims 

data from men and women aged ≥50 years receiving care from a large, multispecialty medical 

group between 2007 and 2015. The case definition required patients to have at least two MGUS 

ICD-9 diagnosis codes within 12 months, at least one serum and/or urine protein electrophoresis 

and one immunofixation test, and at least one in-office hematology/oncology visit. Medical charts 
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for selected cases were abstracted then adjudicated independently by two physicians. We assessed 

algorithm validity by positive predictive value (PPV).

Results: We identified 833 people with at least two MGUS diagnosis codes; 429 (52%) met all 

four algorithm criteria. We randomly selected 252 charts for review, including 206 from patients 

meeting all four algorithm criteria. The PPV for the 206 algorithm-identified charts was 76% 

(95% CI: 70%–82%). Among the 49 cases deemed to be false positives (24%), 33 were judged to 

have multiple myeloma or another lymphoproliferative condition, such as lymphoma.

Conclusions: We developed a simple algorithm that identified MGUS cases in electronic health 

data with reasonable accuracy. Inclusion of additional steps to eliminate cases with malignant 

disease may improve algorithm performance.
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Introduction

Monoclonal gammopathy of undetermined significance (MGUS) is a largely asymptomatic 

precursor (1, 2) to multiple myeloma, an incurable malignancy of clonal plasma cells with a 

5-year survival rate of 50.7%.(3) MGUS is clinically defined by the presence of detectable 

serum monoclonal protein (M-protein) at concentrations less than 3 g/dL and <10% clonal 

plasma cells in the bone marrow, in the absence of the end-organ damage characteristic of 

multiple myeloma.(4) MGUS is often diagnosed incidentally; however, retrospective studies 

of stored blood specimens estimate that 3% of all US adults aged ≥50 years have laboratory 

evidence of MGUS, with higher rates among the elderly.(5) Although individuals with 

MGUS progress to MM at an estimated rate of 1% per year,(6, 7) they are also at an 

increased risk for other serious health outcomes, including lymphoproliferative disorders, 

and may experience a shorter lifespan compared to people without MGUS.(8) However, few 

biological or clinical markers, including M-protein level, immunoglobulin subtype, and 

serum free light chain ratio, may predict progression from MGUS to MM,(8–16) resulting in 

the MGUS patient experiencing heightened anxiety, repeated clinical assessment and testing, 

and associated medical financial costs.(1, 9, 17)

Most population-based studies of MGUS have relied on testing stored blood specimens or 

chart review to ascertain diagnoses,(1, 2, 18, 19) an expensive and inefficient process that 

makes large-scale studies of MGUS difficult to initiate. A study of the Danish National 

Patient Registry reported a relatively high positive predictive value (PPV; 82.3% (95% 

Confidence Interval [CI]: 78.1%–86.4%)) associated with the presence of an ICD-10 

diagnosis code for MGUS, suggesting electronic health data may reliably identify MGUS 

cases.(20) However, this has not yet been tested in electronic health data from US healthcare 

systems. In the current study, we aimed to develop and evaluate an algorithm to accurately 

identify patients diagnosed with MGUS in a community-based healthcare setting using 

longitudinally collected automated healthcare claims and electronic health record data from 

2007–2015. For purposes of clarity, and the years of the study period, the present study 
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incorporates ICD-9 codes used prior to the transition to ICD-10. A valid and reproducible 

algorithm would allow for the efficient identification of true MGUS patients to facilitate 

large, longitudinal, population-based studies of this prevalent, premalignant condition for the 

study of patient outcomes. To align with this goal, we calculated the positive predictive value 

(PPV) for the MGUS algorithm.(21)

Methods

Data Sources

This study was conducted in a large multispecialty medical group located in Massachusetts, 

using healthcare data organized according to a common data model (the Health Care 

Systems Research Network [HCSRN] Virtual Data Warehouse [VDW]) with additions from 

state and national registries. The VDW follows standards, definitions, and specifications set 

by the HCSRN and the Cancer Research Network (www.crn.cancer.gov), and uses a 

common data dictionary allowing for efficient extraction of standardized information and 

pooling of data across health systems participating in the HCSRN.(22–24) Cancer diagnoses 

in this population were primarily derived from the Massachusetts Cancer Registry (1999–

2015) and supplemented by an internal tumor registry maintained by the medical group 

(2012–15). All EHR data were de-identified, and records anonymized, before chart 

adjudication.

The Institutional Review Board at the University of Massachusetts Medical School approved 

this study. Data from the Massachusetts Cancer Registry were provided with approval from 

the Massachusetts Department of Public Health.

Study Population

Study participants were selected from all men and women aged 50 years or older (5) who 

received care from the medical group between January 1, 2007 and December 31, 2015. 

Eligible participants received care from the medical group for at least one year prior to the 

first MGUS diagnosis code in their EHR and had evidence of care for at least 6 months 

following the first MGUS diagnosis code to allow for follow-up. Patients were excluded if 

they were diagnosed with multiple myeloma prior to, or within 3 months after, the first 

MGUS diagnosis code, as they likely had multiple myeloma when the MGUS diagnosis 

code was entered into their medical record, and are unlikely to be a true MGUS case. 

Multiple myeloma diagnoses were identified through tumor registry data (International 

Classification of Diseases 9th Revision, clinical modification [ICD-9-CM] code 203.0; or the 

ICD for Oncology, 3rd edition [ICD-O-3] morphology code 9732).

Case Identification

We developed a four-step algorithm to identify MGUS cases using EHR- and claims-derived 

datasets (Figure 1). The first appearance of the ICD-9 diagnosis code for MGUS (273.1) in a 

patient’s EHR was considered the index date for potential cases identified by the algorithm. 

We did not incorporate ICD-10 diagnosis codes in this analysis, as ICD-10 was not adopted 

until October 2015. Cases were first required to have at least two MGUS diagnosis codes 

relating to healthcare services provided on different dates within 12 months. We further 
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required potential MGUS cases to have had two key diagnostic laboratory tests that 

contribute to a clinical diagnosis of MGUS. Specifically, among patients with two eligible 

MGUS diagnosis codes, we identified those who had a serum or urine protein 

electrophoresis test (defined by CPT codes 84165, 84166, 84155, and 84156) within 90 days 

of the index date. We then identified patients who also had a serum or urine immunofixation 

test within 90 days of the index date (defined by CPT codes 86334 and 86335). As a last 

step, we excluded potential MGUS cases who did not have an in-office (ambulatory) 

hematology/oncology visit within 90 days of the index date to eliminate patients for whom 

the tests were conducted to rule out an MGUS diagnosis.

Because protein electrophoresis and immunofixation test results are often reported as free 

text and are presently not incorporated in the VDW database, we did not know the actual 

reported levels or type of M-protein. Thus, these two algorithm steps were met if a patient 

had completed protein electrophoresis and immunofixation tests recorded in their EHR. We 

considered requiring other tests that are often used in the diagnosis of MGUS patients, 

including serum free light chain tests (SFLC; CPT code 83883), quantifiable 

immunoglobulin assays (CPT code 82784), and bone marrow biopsies (CPT codes 38220 

and 38221). However, SFLC is a relatively recent test, and did not appear consistently in the 

database. In addition, because we did not have complete access to the results of 

immunofixation tests without chart review, and thus could not electronically identify specific 

abnormal immunoglobulins, the results of quantifiable immunoglobulin assays were not 

informative to the algorithm. Finally, we were unable to reliably detect bone marrow 

biopsies in the electronic health data through CPT codes. For these reasons, we did not 

include these tests in the final MGUS case-finding algorithm.

Case Confirmation

We designed a standardized data abstraction form (Supplement 1) with input from study 

clinicians (JG, AR), and randomly selected 252 charts from MGUS cases identified by the 

algorithm for EHR review. One of three trained nurse abstractors reviewed all EHR data 

available from each patient during the study period, focusing on the period of 12 months 

before and after the first MGUS diagnosis code, and completed one data abstraction form 

per chart. Abstracted data included diagnosis dates; dates and results of relevant laboratory 

tests, including protein electrophoresis, immunofixation, and SFLC testing; results from 

bone marrow biopsies, relevant imaging studies, and genetic and molecular tests; and 

additional blood test results, including hemoglobin, serum calcium, and serum creatinine. 

Two pilot chart review sessions were conducted with 10 charts reviewed in each session, and 

the abstraction form was revised accordingly. Of the 252 charts reviewed, 206 charts (82%), 

were randomly selected from the 429 patients meeting all four algorithm criteria, and these 

patients represent the population in which the positive predictive value (PPV) was 

calculated. To investigate the utility of identifying cases by diagnosis codes alone, 31 charts 

were abstracted from patients meeting only the first algorithm step (two MGUS diagnosis 

codes) for a secondary, pilot analysis. Furthermore, 15 charts were randomly selected from 

patients meeting only the first 2 or 3 algorithm criteria in order to validate EHR data at all 

steps of the algorithm. A comprehensive coding manual was developed to assist nurse 

abstractors and serve as a resource for physician adjudicators.
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A chart adjudication form was developed to assist three study clinicians (JG, KF, SS) in 

adjudicating the abstracted charts (Supplement 2). Adjudicators were provided with 

completed chart abstraction forms and de-identified copies of reports detailing results of 

bone marrow biopsies, imaging studies, and genetic and molecular tests relevant to the 

MGUS diagnosis. Each abstracted chart was independently adjudicated by two clinicians 

and assigned a status as: 1) definite MGUS; 2) probable MGUS; 3) possible MGUS; 4) no 

evidence of MGUS; or determined to be 5) smoldering myeloma; 6) multiple myeloma; or 

7) another disorder. Adjudicators could also select “unable to determine.” MGUS status was 

confirmed if both adjudicators classified the case as definite or probable. For this study, we 

classified smoldering myeloma cases as true positives. If the two adjudicators did not agree 

on case status, the adjudicators convened to attempt to reconcile. Consensus was reached for 

all cases.

Statistical Analysis

The initial adjudicated case status was compared between adjudicators; percent agreement 

and Cohen’s kappa statistic were calculated to assess inter-rater reliability.

The algorithm was assessed by calculating the PPV among cases that met all four algorithm 

criteria. The PPV is the number of algorithm-identified MGUS cases who were confirmed 

through chart review divided by the total number of potential MGUS cases identified by the 

algorithm. In a secondary, pilot analysis, we decided a posteriori to also calculate the PPV 

for a small selection of cases meeting only the first step of the algorithm (two MGUS 

diagnosis codes within 12 months). We calculated 95% confidence intervals (CI) around all 

estimates. Based on the literature evaluating similar algorithms based in administrative 

health data,(25–28) we set a target PPV of 75% for the application of the MGUS algorithm 

to this patient population. Descriptive statistics were calculated for all algorithm-identified 

cases and adjudicated true and false positives. Data analyses were conducted using SAS 

version 9.4 (Cary, NC).

Results

A total of 833 patients were identified with at least two MGUS diagnosis codes on different 

dates within a 12-month period between 2007 and 2015 in the standardized electronic VDW 

database among 119,627 eligible members of the provider group (Figure 1). This suggests a 

prevalence of 0.70% in our population according to diagnosis codes alone. Of these, 516 

(62%) had at least one serum or urine protein electrophoresis test within 90 days of their first 

MGUS diagnosis code (index date), and of those patients, 479 (93%) also had at least one 

immunofixation test during that period. Among individuals meeting the first three algorithm 

criteria, 429 (90%; or 52% of the original population) also had documented evidence of an 

ambulatory hematology/oncology visit within 90 days of index date. We observed a trend of 

increasing use of SFLC tests over time, ranging from 15% of MGUS cases diagnosed in 

2007, to 74% of MGUS cases diagnosed in 2015.

The 429 patients satisfying all four algorithm criteria were 49% female and mostly 

Caucasian (85%), with a mean age at diagnosis of 74.5 years, and about six years of 

enrollment in the health system prior to their first MGUS diagnosis code (Table 1).
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Of the 206 patients randomly selected for chart review who met all four algorithm criteria, 

157 (76%) were adjudicated to be definite or probable MGUS cases, or determined to have 

smoldering multiple myeloma, and were classified as true cases. Forty-nine cases (24%) 

were judged to be false positives (Figure 2). Ten of the false positive cases were classified as 

possible cases or lacking sufficient data, and an additional six cases had no evidence of 

MGUS in their EHR. The adjudicators determined that 15 cases had clinical evidence of 

multiple myeloma and another 18 cases had clinical evidence of a different condition, 

including B-cell lymphoma (N=7) or Waldenstrom macroglobulinemia (N=6).

The percent agreement among clinician adjudicators following chart review was 79% for all 

adjudicated cases, and for the subset meeting all four algorithm criteria. Cohen’s kappa 

suggests fair inter-rater reliability across all 252 charts reviewed (κ=0.37) with three 

experienced physician adjudicators. Patients confirmed to be true MGUS cases were slightly 

more likely to be female (50% vs. 45%; p=0.56) and had a similar age at diagnosis (75 vs. 

74 years; p=0.56) compared to those incorrectly identified by the algorithm (Table 1). True 

positive cases also had slightly more codes for serum protein electrophoresis tests in their 

EHR than false positives (12.7 vs. 10; p=0.06).

The PPV for the four-step algorithm was 76% (95% CI: 70%–82%), indicating that among 

all potential MGUS cases identified by the algorithm, 76% were true cases. In the pilot 

analysis of the one-step algorithm, we examined the ability of the algorithm to correctly 

identify MGUS cases meeting only the first algorithm step (two diagnosis codes within a 12-

month period). Of the 31 patients selected for chart review, 25 were adjudicated to be true 

MGUS cases, resulting in a similar, yet imprecise PPV of 80.6% (95% CI: 67%–95%).

Discussion

We used a large, standardized electronic database of claims- and EHR-derived datasets to 

develop a four-step algorithm that can identify cases of MGUS in a community-based setting 

with reasonable accuracy. The calculated PPV slightly exceeded our initial target of 75%, 

and suggests that about three-quarters of all MGUS cases identified by the algorithm will be 

true cases. The four steps of the algorithm were defined by the presence of MGUS diagnosis 

codes and relevant procedure codes in patients’ electronic health data collected over a nine-

year period. We were unable to include test result data in this algorithm as the results did not 

appear in an informative format in the electronic database. However, this may be considered 

a strength of this algorithm, as it may be applicable to a broader range of datasets that 

contain only claims-type data.

The algorithm required procedure codes for two essential diagnostic tests: protein 

electrophoresis and immunofixation. In our database, 93% of the patients who had an 

electrophoresis test also had an immunofixation test, as the health system serving as the 

setting for this study often orders an immunofixation test as a reflex test following abnormal 

protein electrophoresis; this practice may differ in other clinical settings. Also, we found that 

both true and false positive MGUS cases had multiple codes for protein electrophoresis tests 

in their EHR, representing frequent use of this diagnostic test. Future iterations of the 

algorithm using more contemporary data may include the SFLC test to increase accuracy. 
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The SFLC test has increased in utilization in recent years, although it was uncommon early 

in our study period.(29) Because the long-term goal of this algorithm is to identify true 

MGUS cases for inclusion in follow-up studies of patient outcomes, we acknowledge that 

we may have erroneously excluded some true MGUS cases by requiring cases to meet all 

four criteria. For example, we may have excluded MGUS cases who were referred to a 

hematologist-oncologist but did not attend the appointment. However, we believe that we 

also minimized the number of false positives through the inclusion of these criteria, since the 

majority of true MGUS cases would be diagnosed through these laboratory tests and through 

consultation with a hematologist-oncologist.

The kappa statistic for this study, 0.37, suggests fair inter-rater reliability among three 

experienced physician adjudicators. Disagreement between adjudicators was more likely for 

algorithm-identified cases that were ultimately judged to have another condition, including 

multiple myeloma and other cancers. Despite the relatively low kappa value, the agreement 

rate between clinician adjudicators was high (79%), illustrating a paradox where agreement 

may be high, and kappa low, due to the low prevalence of the condition (MGUS) in the 

population.(30) Thus, both measures of inter-rater reliability should be considered when 

interpreting the results of this study.(31)

We excluded patients diagnosed with multiple myeloma prior to, or within 3 months of 

MGUS diagnosis based on tumor registry data. We were unable to determine whether some 

of those cases truly had smoldering multiple myeloma, an intermediate precursor condition 

between MGUS and multiple myeloma that lacks its own diagnosis code, and may be coded 

as multiple myeloma or as MGUS. Future versions of the algorithm could be improved by 

including further steps to rule out malignant disease and reduce misclassification. In 

addition, we could not access results of key diagnostic tests, namely protein electrophoresis 

and immunofixation, in our electronic health database. Actual test result data may improve 

the ability of the algorithm to distinguish true MGUS cases from patients receiving a rule-

out MGUS diagnosis code. However, due to the text-based nature of these test results, more 

sophisticated methods, such as natural language processing, may be required to extract 

essential information.

A preliminary secondary analysis suggests that a simple one-step algorithm requiring two 

MGUS diagnosis codes within 12 months may also perform well, with a PPV of 80.6%, 

although wide confidence intervals (67%–95%) reflect the imprecision of this analysis. This 

observation is in line with a recent study of the Danish National Patient Register, which 

observed a PPV of 82.3% (95% CI: 78.1%–86.4%) for patients registered with an ICD-10 

diagnosis code for MGUS.(20) However, since this pilot analysis was not adequately 

powered to draw definitive conclusions, a larger study population is required to validate this 

simpler algorithm, which could potentially have greater generalizability to settings without 

EHR data.

Because an MGUS diagnosis must occur in a clinical setting, and thus to someone with 

access to care, the results of this study are generalizable to other healthcare systems with 

similar data structure. The algorithm does not detect undiagnosed MGUS, a large percentage 

of total MGUS cases, as undiagnosed patients would lack the requisite diagnosis codes. In 
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the future, specific test result data may allow us to detect clinically relevant, undiagnosed 

MGUS. We may have also underestimated the prevalence of MGUS in our population by 

requiring two diagnosis codes; the estimated prevalence of 0.70% is slightly less than 

published estimates from comparable populations.(32, 33)

We restricted our study population to adults aged 50 and older since this age is clinically 

relevant to the development and increasing prevalence of MGUS. Since the algorithm PPV is 

influenced by disease prevalence, we chose to limit our study to adults aged 50 and older as 

a balance between the lower prevalence of MGUS experienced by younger adults, and the 

higher prevalence experienced by older adults.(5, 34) If the analysis was restricted to adults 

aged 70 and older, the PPV would likely increase, reflecting a higher prevalence of disease 

in this age group.

In addition, our study population was largely white. Future studies should apply the 

algorithm to more diverse populations to assess generalizability across race/ethnic groups 

since the risk of MGUS varies by race, including a two to three-fold increased prevalence in 

people of African descent compared to Caucasians.(18, 35–37) Lastly, our study, conducted 

using data from 2007 to 2015, utilized ICD-9 diagnosis codes to identify MGUS patients. 

Future iterations of the algorithm that encompass time periods after October 2015 should use 

ICD-10 codes to identify all potential MGUS cases (ICD-10-CM code D47.2).

MGUS is a prevalent, yet understudied, premalignant condition that requires repeated 

clinical follow-up for diagnosed patients. Current guidelines from the International 

Myeloma Working Group recommend initial follow-up with serum protein electrophoresis 

testing at six months post-diagnosis, and then annually for life, although low-risk patients 

may be seen less often.(4) As few reliable markers of progression to multiple myeloma or 

other diseases are known,(6, 7) patients live with uncertainty regarding their risk of a 

malignant diagnosis. Larger population-based datasets are needed to expand research into 

this important condition and identify patterns of care and potential markers to distinguish 

patients at risk for progression, and of equal importance, patients who may not require 

frequent monitoring. Because MGUS is not reportable to cancer registries, applying the 

algorithm developed in this study to large electronic health databases with similar data 

structure could identify large series of MGUS cases for prospective study. A strength of the 

current study is the use of healthcare data organized according to a common data model via 

the HCSRN VDW. Successful cancer algorithms have previously been developed in the 

setting of the VDW,(38–40) which lends support for validating this MGUS case-finding 

algorithm at other HCSRN sites.

In summary, we developed a simple four-step algorithm that can identify patients with 

MGUS with reasonable accuracy in electronic health data sources, including health claims 

and EHR data. Since MGUS is an understudied condition, it is essential to develop tools to 

identify large numbers of MGUS patients for population-based research. The current 

algorithm is a first step towards identifying a cohort of MGUS patients for future 

longitudinal studies that can lead to insights about MGUS etiology, progression, and health 

service utilization.
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Five key points:

1) This study developed an algorithm to identify monoclonal gammopathy of 

undetermined significance (MGUS) patients in electronic health data to 

facilitate large-scale, population-based studies of this premalignant condition;

2) The algorithm incorporated diagnosis and procedure codes, as well as 

provider type data, to identify MGUS cases;

3) The positive predictive value of the algorithm was 76%, suggesting more 

than three-quarters of MGUS cases identified by the algorithm were true 

cases.

Epstein et al. Page 12

Pharmacoepidemiol Drug Saf. Author manuscript; available in PMC 2021 January 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



Figure 1. 
Flowchart depicting four-step algorithm to identify cases of monoclonal gammopathy of 

undetermined significance (MGUS) in electronic health data

Abbreviations: MGUS - monoclonal gammopathy of undetermined significance
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Figure 2. 
Results of adjudication of 206 electronic health records from potential cases of monoclonal 

gammopathy of undetermined significance identified by a four-step algorithm

Abbreviations: MGUS - monoclonal gammopathy of undetermined significance; SMM - 

smoldering multiple myeloma

†Other conditions include B-cell lymphoma (N=7), Waldenstrom macroglobulinemia (N=6), 

other lymphoma or leukemia (N=5)
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Table 1.

Characteristics of the study population, potential cases of monoclonal gammopathy of undetermined 

significance identified by an algorithm using electronic health data, 2007–15

Characteristic

Algorithm positive 

(N=429)
†

Algorithm negative 

(N=119,198)
‡

True Positive (N=157) 
§

False Positive (N=49)
¶

Male, N (%) 217 (51%) 54,163 (45) 79 (50%) 27 (55%)

Female 212 (49) 65,035 (55) 78 (50) 22 (45)

Caucasian 365 (85) 74,727 (63) 132 (84) 37 (76)

Age at first MGUS diagnosis, 
years (mean ± SD, range)

74.5 ± 10.4 (50–97) -- 75.0 ± 10.3 (51–95) 74.0 ± 10.0 (52–95)

Number of SPEP codes in 
complete record

12.9 ± 10.3 (2–56) 0.07 ± 1.39 (0–134) 12.7 ± 9.3 (2–42) 10.0 ± 8.3 (2–37)

Years of enrollment prior to 
MGUS diagnosis

6.1 ± 4.8 (1–35) -- 5.9 ± 4.6 (1–30) 6.2 ± 4.2 (1–20)

Abbreviations: MGUS - monoclonal gammopathy of undetermined significance; SD standard deviation; SPEP - serum protein electrophoresis

†
Individuals meeting all four algorithm criteria

‡
Eligible individuals from the source population who did not meet algorithm criteria

§
Cases judged to be true positives following adjudication of 206 charts from participants meeting all four algorithm criteria

¶
Cases judged to be false positives following adjudication of 206 charts from participants meeting all four algorithm criteria
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