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Abstract
Cytokine release syndrome (CRS) can occur following cancer immunotherapies, but is 
most often mild and of limited duration. International Classification of Diseases (ICD)-10 
codes allowing identification of CRS were introduced in 2020 but may be underutilized. 
We evaluated the performance of a published claims-based algorithm to detect CRS (any 
grade) and high-grade CRS (HG, grades 2-5), as well as identified indicators of HG CRS 
in retrospective data. Adults with low-grade and HG CRS during an encounter coincid-
ing with administrations of blinatumomab or chimeric antigen receptor-T therapy were 
identified in three types of retrospective databases (hospital chargemaster data, elec-
tronic health records, and administrative claims). The algorithm's sensitivity in detecting 
any CRS and HG CRS was reported. A least absolute shrinkage and selection operator 
(LASSO) regression model was developed to identify indicators of HG CRS. Performance 
of the model was evaluated using area under the curve (AUC). The sensitivity of the 
algorithm to detect any grade CRS ranged between 77%–100% and between 8%–80% 
for HG CRS, depending on the type of database. The LASSO model identified hypoten-
sion, positive pressure (including mechanical ventilation), tocilizumab, and vasopressors 
as indicators of HG CRS. AUC varied between 60% and 75%. The algorithm accurately 
detected any grade CRS for over three-quarters of instances, but was not as reliable for 
HG CRS. Results varied based on database attributes. Hypotension, vasopressors, posi-
tive pressure, and tocilizumab were associated with HG CRS and may be methodologi-
cally helpful signals of CRS severity in retrospective data.
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1  |  INTRODUC TION

Cytokine release syndrome (CRS) is a systemic inflammatory re-
sponse caused by a high-level activation of the immune system fol-
lowing infection (e.g., COVID-19) or as an adverse event of certain 
immunotherapies, including bispecific antibodies (BsAbs) and chime-
ric antigen receptor T cell (CAR T-cell) therapies.1–3 Increased serum 
cytokine levels, particularly interleukin 6 (IL-6), can induce symp-
toms characteristic of inflammation, including fever, rash, headache, 
arthralgia, hypoxia, hypotension, myalgia, and fatigue. Severe cases 
may result in uncontrolled systemic inflammatory response.3

The American Society for Transplantation and Cellular Therapy 
(ASTCT) has established consensus criteria to define CRS and cat-
egorized its severity based on the progression of hypotension and 
hypoxia.4 Grade 1 CRS is characterized by fever only and cases often 
resolve with minor intervention.4,5 Increasingly severe grades (i.e., 
grades 2 to 5) are associated with more therapeutic requirements 
(e.g., hypoxia requiring positive pressure airway support and/or hy-
potension requiring treatment with multiple vasopressors is indica-
tive of “grade 4”).4 Though not a component of consensus grading, 
treatment with an IL-6 receptor inhibitor (i.e., tocilizumab) or corti-
costeroids may also be required.5

Rapid advancements in the treatment of hematologic malignan-
cies have led to the Food and Drug Administration (FDA) approvals 
for numerous immunotherapies, which have been associated with 
CRS.6–8 Clinical trials of BsAbs and CAR T-cell therapies for hemato-
logic malignancies have shown CRS as a prevalent side effect, espe-
cially at the initiation of the therapy, with incidence rates dependent 
on the therapeutic agent, dose, and patient population (though only 
up to a quarter of these cases were classified as severe CRS).7,9

Understanding the rate and severity of CRS using retrospective 
databases is important to estimate the real-world safety outcomes 
of novel cancer therapies, including BsAbs and CAR T-cell thera-
pies.9,10 To date, claims-based studies aiming at identifying CRS are 
limited to Keating et  al. (the “Keating algorithm”), which used ad-
ministrative claims among patients recently treated with CAR T-cell 
therapy to evaluate the incidence of CRS. That study preceded the 
addition of an International Classification of Diseases, 10th Revision, 
Clinical Modification (ICD-10-CM) code (D89.83) in October 2020.11 
However, due to its novelty, this ICD-10-CM code may be underuti-
lized. Moreover, the code for an “unspecified” grade poses chal-
lenges when evaluating CRS severity and determining the impacts of 
mild and severe adverse events on outcomes in a real-world setting.

With the recent introduction of CRS diagnostic coding in ret-
rospective data, this study aimed to measure the performance 
of the Keating algorithm to identify cases of any CRS and high-
grade (grade ≥2) CRS among patients with a diagnosis of CRS per 

ICD-10-CM coding. The second objective was to develop and val-
idate a least absolute shrinkage and selection operator (LASSO) 
regression model to identify severity indicators of high-grade CRS 
among patients receiving treatment associated with CRS in retro-
spective databases.

2  |  METHODS

2.1  |  Data source

For the first study objective, the performance of the Keating algo-
rithm was evaluated across three data sources. The first data source 
was the PINC AI™ Healthcare Database (“PHD,” 01/01/2020 to 
11/04/2021). PHD is a large health system-based, geographically 
diverse, all-payer administrative database that contains diagnosis, 
procedures, healthcare utilization, and financial data on inpatient (IP) 
discharges and health system-based outpatient visits and covers over 
244 million unique patients.12 The second data source was Merative™ 
MarketScan® Research Databases (04/01/2020–04/11/2021) which 
represents nearly 240 million covered lives including employees and 
their dependents, self-insured employers, and Medicare-eligible retir-
ees with employer-provided Medicare supplemental plans. The third 
data source was the Optum® de-identified Electronic Health Record 
data set (“Optum® EHR”, 04/01/2020–03/31/2022). Optum® data 
acquisition model aggregates de-identified Electronic Health Record 
(EHR) data from providers across the continuum of care.

For the second study objective, the LASSO model was devel-
oped using the PHD data and subsequently applied in the Merative™ 
MarketScan® and Optum® EHR databases to assess model per-
formance in external data sources. All data were de-identified and 
complied with the patient requirements of the Health Insurance 
Portability and Accountability Act (HIPAA).

2.2  |  Study design

A retrospective cohort study design was employed. In PHD, unique 
hospitalizations with an ICD-10-CM code for CRS (D89.83x) were 
identified. Patients were followed from their admission date to their 
discharge date. If a given patient had multiple hospitalizations with 
an ICD-10-CM code for CRS, only the first hospitalization was re-
tained for analysis. Hospitalizations were included in the analysis if 
they met the following criteria: an ICD-10-CM code for CRS was re-
corded, information during the hospitalization was complete (i.e., no 
missing data due to data cut-off date, 11/04/2021), and the patient 
was ≥18 years old as of the admission date.

K E Y W O R D S
administrative claims, bispecific antibodies, chimeric antigen receptors, cytokine release 
syndrome, drug-related side effects and adverse reactions, electronic health records, 
healthcare, systemic inflammatory response syndrome
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Hospitalizations were assigned a severity based on ICD-10-CM 
codes (i.e., “low-grade”: grade 1 [ICD-10-CM code: D89.831], “high-
grade”: grade ≥2 [ICD-10-CM code: D89.832/D89.833/D89.834/
D89.835] or “unspecified grade”: ICD-10-CM code: D89.839). 
Hospitalizations with more than one ICD-10-CM code observed 
were assigned to the highest severity achieved during the hospi-
talization. To identify patients with an ICD-10-CM diagnosis of CRS 
associated with a treatment (as opposed to other causes, such as 
COVID-19), hospitalizations during which blinatumomab or CAR  
T-cell therapies were administered formed the “Treated sample.”

In Merative™ MarketScan® and Optum® EHR, patients were 
followed for 14 days on and following the first observed ICD-10-CM 
code for CRS. Adult patients were included in the analysis if they had 
an ICD-10-CM code for CRS (severity assigned as above), ≥6 months 
of continuous enrollment before ≥14 days after the diagnosis, and 
had received a treatment associated with CRS (i.e., blinatumomab 
or CAR T-cell therapy) within 14 days prior to the diagnosis. Since 
patients in Merative™ MarketScan® and Optum® EHR had all re-
ceived a treatment of interest, these were also considered “Treated 
samples.”

2.3  |  Variables and analyses

2.3.1  |  First objective: Performance of the Keating 
algorithm among hospitalizations/patients with a CRS 
diagnosis

In the Keating algorithm, a patient is identified as having “any CRS” if 
they had CRS symptoms (i.e., fever, fatigue, malaise, headaches [with 
a fever], arthralgias, tachycardia, hypotension, or hypoxia) within 
14 days of a CAR T-cell infusion. In addition, “severe CRS” is further 
characterized by a combination of fever with hypotension/hypoxia 
and CRS management (i.e., use of tocilizumab, corticosteroids, or va-
sopressors [see Table S1 for algorithm]).

Based on the Keating algorithm, the proportion of hospitaliza-
tions (in PHD) or patients (in Merative™ MarketScan® and Optum® 
EHR) with CRS symptoms and management, and those with “any 
CRS” and “severe CRS” were reported. CRS symptoms were iden-
tified through ICD-10-CM codes and text search strings. Fever was 
defined either through an ICD-10-CM code or use of acetaminophen 
(without concurrent antihistamines on the same day to avoid falsely 
classifying other conditions such as allergy, cold, sleep issues or pre-
treatment prophylaxis) since ICD-10-CM codes for fever may be un-
derused in real-world data. CRS management was identified through 
Common Procedural Terminology (CPT), Healthcare Common 
Procedure Coding System (HCPCS), and ICD-10 Procedure Coding 
System (ICD-10-PCS) codes.

The sensitivity of the Keating algorithm to detect CRS (any grade) 
was calculated as the number of hospitalizations/patients with CRS 
per algorithm and confirmed by ICD-10-CM codes (true positives) 
divided by the number of hospitalizations/patients with CRS as per 
ICD-10-CM codes (true positives + false negatives). Similarly, the 

sensitivity to detect high-grade CRS was calculated as the num-
ber of hospitalizations/patients with severe CRS per algorithm and 
high-grade CRS by ICD-10-CM codes (true positives) divided by the 
number of hospitalizations/patients with CRS grade ≥2 as per ICD-
10-CM codes (true positives + false negatives).

2.3.2  |  Second objective: Indicators of high-grade 
(grade ≥2) CRS in the Treated sample

For the second objective, a LASSO logistic regression model was de-
veloped and trained to identify indicators of high-grade CRS (grade ≥2) 
observed during hospitalizations among the Treated sample in PHD 
with a known grade of CRS based on ICD-10-CM codes (i.e., excluded 
patients with unspecified grade). The LASSO regression is a penalized 
regression that uses shrinking as feature selection approach to iden-
tify the most relevant variables likely associated with the outcome of 
interest. This approach was chosen for its ability to identify parsimo-
nious models with fewer parameters. Five-fold cross validation was 
conducted, and performance metrics of the model (i.e., area under the 
curve [AUC], accuracy, sensitivity, specificity, positive predictive value 
[PPV], and negative predictive value [NPV]) were reported.

Candidate indicators of high-grade CRS arising from cancer 
treatments considered for the LASSO regression were informed by 
descriptive analyses and clinical advice, and included age, gender, 
length of stay, Quan-CCI comorbidities, CRS symptoms, and CRS 
management during the hospitalization (Table S2). To validate the 
model in external databases, the LASSO model developed in PHD 
was applied in the Treated samples in Merative™ MarketScan® and 
Optum® EHR, and model performance was reported.

3  |  RESULTS

A total of 7388 hospitalizations had an ICD-10-CM diagnosis for 
CRS and met selection criteria in PHD. Among them, 860 hospitali-
zations (12%) had an ICD-10-CM code for grade 1 CRS, 2014 (27%) 
had an ICD-10-CM code for grade ≥2 CRS, and 4514 (61%) had an 
ICD-10-CM code for CRS of unspecified grade (Figure 1). Of these, 
146 hospitalizations (2%) were for patients who received treatment 
for blinatumomab or CAR T-cell therapies and formed the Treated 
sample (81 grade 1, 52 grade ≥2, 13 unspecified grade CRS).

The Treated sample in the Optum® EHR database consisted of 
37 patients (11 grade 1, 15 grade ≥2, 11 unspecified grade CRS). In 
Merative™ MarketScan®, the Treated sample consisted of 35 pa-
tients (16 grade 1, 12 grade ≥2, 7 unspecified grade CRS).

Characteristics of hospitalizations in PHD are presented in 
Table  1. In all hospitalizations with an ICD-10-CM code of CRS, 
mean age was 61.0 years old, and 44% of patients were female. The 
mean length of stay was 11.2 days and 93% reported a diagnosis of 
COVID-19. In the Treated sample, mean age was 56.9 years old, and 
34% of patients were female. The mean length of stay was 15.2 days 
and 5% had a concomitant diagnosis of COVID-19.
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3.1  |  First objective: Performance of the Keating 
algorithm among hospitalizations associated with a 
CRS diagnosis

Across all hospitalizations included in PHD, the most common CRS 
symptoms were hypoxia (74%), fever (64%), and tachycardia (24%). 
In the Treated sample, the most common CRS symptoms were fever 
(92%), hypotension (26%) and tachycardia (24%; Table 2). Most pa-
tients used corticosteroids (89% overall, 65% in the Treated sample), 
while tocilizumab was used in 29% of hospitalizations (49% in the 
Treated sample).

In the two additional data sources, the frequency of symptoms 
and management observed differed. In the Optum® EHR database, 
frequent symptoms included fever (97%), arthralgia (84%), tachycar-
dia (76%), fatigue (73%), and headache with a fever (57%). The use 
of corticosteroids (81%), tocilizumab (62%), and vasopressors (46%) 
was frequently reported. In Merative™ MarketScan®, symptoms 
were less frequent (fever [60%], tachycardia [23%], hypoxia [23%]) 
as were management strategies (corticosteroids [23%], tocilizumab 
[3%], vasopressors [0%]; Table S3).

In PHD, the algorithm's sensitivity to detect CRS of any grade 
was 95% both in the overall and the Treated sample (Figure  2). 
Among hospitalizations with high-grade CRS, 52% of the overall 
sample and 44% of the Treated sample were correctly identified as 
grade ≥2 CRS.

Among patients in Optum® EHR, the algorithm's sensitivity in 
detecting any CRS was 100%, and 80% were correctly identified as 
grade ≥2 CRS. Among patients in Merative™ MarketScan®, the al-
gorithm's sensitivity in detecting any CRS was 77%, and 8% were 
correctly identified as grade ≥2 CRS.

3.2  |  Second objective: Indicators of high-grade 
(grade ≥2) CRS in the Treated sample

Among hospitalizations in the Treated sample of PHD, differences 
were noted in the prevalence of certain candidate indicators con-
sidered for the LASSO regression between low-grade and high-
grade CRS, including hypotension (16% in low-grade vs. 42% in 
high-grade), positive pressure (including mechanical ventilation, 
7% vs. 23%), tocilizumab (43% vs. 67%), and vasopressors (1% vs. 
17%). Other candidate indicators, for example, acetaminophen, 
showed less discrimination between the severity of the CRS event. 
(Table S2).

The LASSO regression model identified hypotension, use of va-
sopressors, positive pressure (including mechanical ventilation), and 
tocilizumab as indicators of high-grade CRS (Table 3). The AUC of the 
holdout test dataset was 75%, which indicated acceptable performance 
of the model in identifying likely cases of high-grade CRS.13 (Table 4).

The performance of the LASSO model was assessed in the two 
external data sources (Table 4). Among patients in Optum® EHR, the 
AUC was 70% (acceptable model performance).13 Among patients in 
Merative™ MarketScan®, the AUC was 60% (less than acceptable 
model performance).13

4  |  DISCUSSION

The Keating algorithm identified CRS of any grade with relatively 
high sensitivity in PHD (95%), Optum® EHR (100%), and Merative™ 
MarketScan® (77%), demonstrating the potential of the algorithm 
to identify any grade CRS when ICD-10-CM coding is inconsistent 

F I G U R E  1 Sample selection in the 
PINC AI™ Healthcare Database. CAR T-
cell: Chimeric antigen receptor T-cell; CRS: 
Cytokine release syndrome; ICD-10-CM: 
International Classification of Disease, 
Tenth Revision, Clinical Modification. 
Source: PINC AI™ Healthcare Database 
(From 01/2020 through 10/2021). 1CRS 
was identified using ICD-10-CM codes 
D89.83 (Grade 1: D89.831; Grade 2: 
D89.832; Grade 3: D89.833; Grade 
4: D89.834; Grade 5: D89.835; Grade 
unspecified: D89.839).

Unique inpatient stays during the  

study period (i.e., 01/2020 - 10/2021) 

N = 13,986,209 

Information during the hospitalization was complete  

(i.e., no missing data due to data cut-off date) 

N = 7,388 (100.0%) 

≥18 years of age as of hospital admission 

N = 7,388 (99.4%) 

Inpatient stay with ≥1 ICD-10-CM diagnosis code for CRS
1

N = 7,431 (0.1%) 

Low-grade CRS 

N = 81 (55.5%) 
High-grade CRS 

N = 52 (37.7%) 

Low-grade CRS  

(i.e., grade 1) 

N = 860 (11.6%) 

High-grade CRS  

(i.e., grade ≥2) 

N = 2,014 (27.3%) 

Unspecified CRS 

N = 4,514 (61.1%) 

Treated with blinatumomab or CAR T-cell therapies during the hospitalization (Treated sample) 

N = 146 (2.0%)

Unspecified CRS 

N = 13 (8.9%) 
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or unavailable. The relatively high sensitivity appeared driven by 
the high proportion of fever cases in all three datasets, a key pa-
rameter in CRS diagnosis and the only constant throughout grades 
1–4.4 Relative to other databases, Merative™ MarketScan® had the 
lowest sensitivity, also driven by the lower proportion of fever cases 
observed. In PHD, supplementing the operational definition of fever 
as “acetaminophen without concurrent antihistamines on the same 
day,” in addition to using ICD-10-CM codes, was critical in identi-
fying a higher and likely more accurate proportion of symptomatic 
patients.

Conversely, the Keating algorithm showed a relatively lower 
sensitivity to detect high-grade CRS in PHD (52%), indicating that 
symptoms and management strategies used as flags for high-grade 

CRS were not often used concurrently with the ICD-10-CM diag-
nosis code in administrative datasets. Poor sensitivity to high-grade 
CRS was also shown in Merative™ MarketScan® (8%), where only 
one of 12 patients with high-grade CRS per ICD-10-CM was accu-
rately identified by the Keating algorithm. This poor performance is 
likely due to the lack of details regarding the administation of CRS 
treatments and procedures in the IP setting that are not directly asso-
ciated with a reimbursement (e.g., corticosteroids). By contrast, sensi-
tivity of the Keating algorithm to identify high-grade CRS in Optum® 
EHR was higher (80%), potentially driven by the inclusion of compre-
hensive CRS symptom and management information in this type of 
data. All patients with high-grade CRS in Optum® EHR had mentions 
of althralgia and use of corticosteroids, and most had mentions of 
fever or fatigue. This suggests that the level of granularity available 
in Optum® EHR, as opposed to other types of restrospective data 
sources, improves the accuracy of the Keating algorithm. Together, 
findings indicate that the applicability of using the Keating algorithm 
to identify cases of high-grade CRS in retrospective data is limited, 
and other means to qualifying severity of CRS are warranted.

While ICD-10-CM codes for CRS include severity-level granu-
larity, a large proportion of all CRS events (61% for all CRS hospital-
izations, 9% for the Treated sample), were reported using the code 
for an unspecified grade. The use of an ICD-10-CM code with an un-
specified grade may be appropriate when there is a lack of available 
clinical information about the encounter or when there is uncertainty 
about the definitive diagnosis. However, this creates challenges when 
evaluating the burden of CRS among patients receiving certain treat-
ments, as CRS varies widely in severity and its implications cannot be 
inferred from the diagnostic code alone. While the Keating algorithm 
showed notable performance in detecting any grade CRS, it had rel-
atively poor sensitivity to classify high-grade CRS. The LASSO algo-
rithm developed in this study proposes an alternative to identify likely 

F I G U R E  2 Sensitivity of Keating et al.1 for identifying CRS in retrospective databases. CRS: Cytokine release syndrome; Optum® EHR: 
Optum® de-identified Electronic Health Record data set. 1 Keating SJ, Gu T, Jun MP, McBride A. Health Care Resource Utilization and Total 
Costs of Care Among Patients with Diffuse Large B Cell Lymphoma Treated with Chimeric Antigen Receptor T Cell Therapy in the United 
States. Transplant Cell Ther. 2022 Jul;28(7):404.e1-404.e6. doi: 10.1016/j.jtct.2022.03.021. Epub 2022 Mar 27. PMID: 35354101.
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TA B L E  3 Coefficient estimates for associations between 
indicators identified by the LASSO model and high-grade CRS 
among patients with treatment-related CRS.

LASSO coefficient 
estimate

Standard 
errorsa

Intercept −0.55 -

Vasopressors 0.31* 0.94

Hypotension 0.30* 0.52

Positive pressure (inc. 
mechanical ventilation)

0.09* 0.73

Tocilizumab 0.07* 0.70

Abbreviations: CRS: cytokine release syndrome; LASSO: least absolute 
shrinkage and selection operator.
*p < 0.05.
aStandard errors were generated using the following calculation: (Upper 
confidence interval–lower confidence interval)/3.92. (Reference: 
https://​handb​ook-​5-​1.​cochr​ane.​org/​chapt​er_7/​7_7_​7_2_​obtai​ning_​
stand​ard_​errors_​from_​confi​dence_​inter​vals_​and.​htm).

https://doi.org/10.1016/j.jtct.2022.03.021
https://handbook-5-1.cochrane.org/chapter_7/7_7_7_2_obtaining_standard_errors_from_confidence_intervals_and.htm
https://handbook-5-1.cochrane.org/chapter_7/7_7_7_2_obtaining_standard_errors_from_confidence_intervals_and.htm
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cases of high-grade CRS within retrospective data. The model iden-
tified hypotension, use of vasopressors, positive pressure, and tocili-
zumab as variables likely associated with high-grade CRS. This aligned 
with the ASTCT consensus grading, whereby greater CRS severity 
is associated with increasing hypotension and hypoxia and progres-
sive vasopressor and oxygen requirements.4 Though the preferred 
timing for administration of anti-cytokine therapy is not included 
within the grading criteria, tocilizumab is typically administered early 

in the management of severe CRS and often preferred over the use 
of corticosteroids.4,5 While performance of the LASSO model was 
good in the PHD and Optum® EHR databases (AUC:75% and 70%, 
respectively), the LASSO model performed poorly in Merative™ 
MarketScan® (AUC:60%). This, once again, is likely due to the lack of 
details available in administrative claims regarding all components of 
a patient's presentation and received treatments during hospitaliza-
tion. Symptoms or treatments that are not directly associated with a 
reimbursement may not be available in administrative-only IP claims, 
which represents a challenge when qualifying CRS severity.

Significant advancements in immunotherapies have provided 
great benefit to patients with hematologic malignancies, notably in 
B-cell malignancies and multiple myeloma. A better characteriza-
tion of CRS in the real-world setting is important to help clinicians 
balance the risks of adverse events with benefits of treatment. This 
will serve as an important tool to supplement findings from clinical 
trials, as the applicability of clinical trials in the real world is limited 
to a carefully selected patient sample and a strict treatment proto-
col.14 The current findings detail a methodology that can be used to 
further inform the incidence and severity of CRS, especially in the 
context of new upcoming treatments, including CAR T-cell thera-
pies and BsAbs, which represent important treatment options for 
patients with hematologic malignancies.9

4.1  |  Limitations

Limitations of this study included the lack of timestamps for diag-
noses and treatments in the PHD data, limiting visibility into the 
temporality of diagnoses posed and procedures received during the 
hospital patient journey. It is therefore possible that diagnoses or 
medications may have been administered prior to the occurrence of 
CRS but were assumed to be CRS-related in the analysis. Similarly, it 
was not possible to distinguish between prophylactic and therapeu-
tic uses of some treatments (e.g., tocilizumab). Furthermore, results 
from this study should be interpreted with caution as the sample 
sizes of the Treated sample in all databases were fairly modest (<150 
patients in PHD and <40 patients in Optum® EHR and Merative™ 
MarketScan® data).

Inherent to any study conducted using retrospective databases, 
data may be subject to coding errors or omissions. ICD-10-CM diag-
nostic codes were used as the “gold standard” against which to assess 
the Keating algorithm. However, it is possible that some cases of CRS 
were not recorded using ICD-10-CM coding. The analysis was also lim-
ited to variables that could be identified in the data source. Physician 
notes on patient presentation and other unobserved variables, which 
could have helped to further inform the analysis, were not available.

5  |  CONCLUSION

Given the novelty of the ICD-10-CM diagnostic code for CRS, 
using the Keating algorithm to identify any grade of CRS in 

TA B L E  4 Performance metrics for identifying high-grade CRS 
among patients with treatment-related CRS.

Performance metrics

PINC AI™ 
Healthcare 
Databasea

Optum® 
EHR

Merative™ 
MarketScan®

Model parameters - -

λ regularization 
parameterb

0.11 - -

Cutoff associated with 
the maximum Youden 
indexc

0.39 - -

Maximum Youden index 0.39 - -

Threshold-independent

AUC (c-statistic)d 0.75 0.70 0.60

Log Loss 0.62 0.68 0.67

Threshold-dependent

Accuracye 0.69 0.69 0.68

Sensitivityf 0.67 0.80 0.25

Specificityg 0.71 0.55 1.00

PPV (precision)h 0.55 0.71 1.00

NPVi 0.80 0.67 0.64

Abbreviations: AUC, area under the curve; CRS, cytokine release 
syndrome; FN, false negative; FP, false positive; LASSO, least absolute 
shrinkage and selection operator; NPV, negative predictive value; 
Optum® EHR, Optum® de-identified Electronic Health Record data 
set; PPV, positive predictive value; TN, true negative; TP, true positive.
aPerformance metrics for the LASSO models in the PINC AI™ 
Healthcare Database were evaluated in the holdout test dataset.
bThe λ parameter was evaluated using 5-fold cross-validation within the 
training dataset.
cThe cutoff was determined by selecting the probability cutoff 
associated with the maximum Youden Index value calculated in the 
training dataset. The Youden index is calculated as Sensitivity + 
Specificity - 1 based on the training dataset.
dThe AUC, or c-statistic, is generated by plotting the true positive rate 
(i.e., sensitivity) versus the false positive rate (i.e., specificity) resulting 
from different threshold values.
eAccuracy refers to the proportion of correct identifications (true 
positives and true negatives).
fSensitivity is calculated as TP ÷ (TP + FN), and refers to the proportion 
of actual positives correctly identified by the algorithm.
gSpecificity is calculated as TN ÷ (FP + TN), and refers to the proportion 
of actual negatives correctly identified by the algorithm.
hPPV (precision) is calculated as TP ÷ (TP + FP), and refers to the 
proportion of positive predictions that were actually positive.
iNPV is calculated as TN ÷ (TN + FN), and refers to the proportion of 
negative predictions that were actually negative.
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retrospective real-world data continues to be a suitable option 
but may not be reliable in identifying high-grade CRS. Our re-
search suggests that evidence of hypotension, vasopressors, posi-
tive pressure, and tocilizumab are signals of high-grade CRS and 
may be methodologically useful to inform CRS severity in retro-
spective data. A critical appraisal of the level of detail available in 
the data source is necessary, particularly when using administra-
tive claims.
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