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ABSTRACT
Objective  Accurate identification of lupus nephritis (LN) cases 
is essential for patient management, research and public 
health initiatives. However, LN diagnosis codes in electronic 
health records (EHRs) are underused, hindering efficient 
identification. We investigated the current performance of 
International Classification of Diseases (ICD) codes, 9th and 
10th editions (ICD9/10), for identifying prevalent LN, and 
developed scoring systems to increase identification of LN that 
are adaptable to settings with and without LN ICD codes.
Methods  Training and test sets derived from EHR data from 
a large health system. An external set comprised data from 
the EHR of a second large health system. Adults with ICD9/10 
codes for SLE were included. LN cases were ascertained 
through manual chart reviews conducted by rheumatologists. 
Two definitions of LN were used: strict (definite LN) and 
inclusive (definite, potential or diagnostic uncertainty). Gradient 
boosting models including structured EHR fields were used 
for predictor selection. Two logistic regression-based scoring 
systems were developed (‘LN-Code’ included LN ICD codes 
and ‘LN-No Code’ did not), calibrated and validated using 
standard performance metrics.
Results  A total of 4152 patients from University of California 
San Francisco Medical Center and 370 patients from 
Zuckerberg San Francisco General Hospital and Trauma Center 
met the eligibility criteria. Mean age was 50 years, 87% were 
female. LN diagnosis codes demonstrated low sensitivity 
(43–73%) but high specificity (92–97%). LN-Code achieved 
an area under the curve (AUC) of 0.93 and a sensitivity of 0.88 
for identifying LN using the inclusive definition. LN-No Code 
reached an AUC of 0.91 and a sensitivity of 0.95 (0.97 for 
the strict definition). Both scoring systems had good external 
validity, calibration and performance across racial and ethnic 
groups.
Conclusions  This study quantified the underutilisation of LN 
diagnosis codes in EHRs and introduced two adaptable scoring 
systems to enhance LN identification. Further validation in 
diverse healthcare settings is essential to ensure their broader 
applicability.

INTRODUCTION
Real-world data from electronic health 
records (EHRs) and medical claims have the 
potential to provide valuable information in 

the study of lupus nephritis (LN), including 
its epidemiology, the quality of care provided 
to patients, renal outcomes and even missed 

WHAT IS ALREADY KNOWN ON THIS TOPIC

	⇒ Diagnosis codes for lupus nephritis (LN) are signifi-
cantly underused in real-world data sources, making 
identification of this patient population challenging. 
Research studies focused on creating algorithms to 
identify LN in real-world data are limited. Currently, 
there are no externally validated algorithms to iden-
tify adult patients with LN from electronic health re-
cord (EHR) or claims data.

WHAT THIS STUDY ADDS

	⇒ The present study quantifies the limitations of using 
International Classification of Diseases (ICD) codes 
for LN diagnosis and introduces novel scoring sys-
tems tailored to different data availability scenari-
os and desired levels of accuracy, for prevalent LN 
identification from EHRs, offering practical solutions 
for healthcare providers and researchers. The study 
addresses the external validity, calibration and per-
formance of these scoring systems across different 
racial and ethnic groups, facilitating assessments of 
their applicability in diverse patient populations.

HOW THIS STUDY MIGHT AFFECT RESEARCH, 
PRACTICE OR POLICY

	⇒ LN identification in real-world data is feasible and 
can be achieved with good accuracy, with important 
applications for patient management, research and 
public health initiatives. While text-mining methods 
and language models have the potential to perform 
exceptionally for prevalent LN identification from 
clinical notes, the implementation of these meth-
ods in real-world settings is challenging due to the 
complexities of unstructured clinical text and the 
need for advanced natural language processing. 
Therefore, adaptable scoring systems that use data 
from structured EHR fields, while upholding predic-
tive performance, offer a practical approach to LN 
identification for both clinical and research applica-
tions in diverse healthcare settings.
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diagnoses if these cases could be correctly identified. 
In clinical practice, accurate identification of prevalent 
cases of LN is essential for timely patient monitoring, 
treatment and informing public health initiatives for the 
management of LN.

Several high-quality population-based studies esti-
mate the prevalence of LN to be between 20% and 
65%1–4; however, diagnosis codes for LN are significantly 
underused in real-world data sources, making identifi-
cation of this patient population challenging. A recent 
analysis of the national Rheumatology Informatics System 
for Effectiveness Registry, a large EHR data repository, 
demonstrated that among 13 416 patients with SLE iden-
tified using International Classification of Diseases (ICD9 
and 10) codes, only 689 (5.1%) patients had codes indi-
cating LN.5 Given the known prevalence of LN, these data 
suggest significant undercoding of this manifestation in 
rheumatology practices.

Research studies focused on creating algorithms to 
identify LN in real-world data are limited. One prior study 
published over 12 years ago showed that a combination of 
lupus and renal ICD9 codes and nephrologist encounter 
claims had a positive predictive value (PPV) of 88% for the 
identification of patients with LN from a single medical 
centre.6 However, this study was small, predated ICD10 
coding, did not use EHR data and did not include an 
external validation in other health systems. Another study 

from 2013 showed significant variability in the number of 
LN cases identified from Impact, a commercial insurance 
claims database, depending on the approach used for 
LN identification; this study did not include clinical vali-
dation.7 In a recent study, an algorithm including both 
utilisation and diagnostic criteria was validated using data 
from PEDSnet, a national healthcare systems network, 
achieving 90% sensitivity and 93% specificity, for identi-
fying paediatric patients with LN.8 Currently, there are no 
externally validated algorithms to identify adult patients 
with LN from EHR or claims data.

The gold standard for diagnosis of LN is demonstration 
of characteristic inflammatory findings on renal biopsy.9 
However, data suggest that biopsies are not always available 
either because the diagnosis was made clinically or because 
pathology reports may not be available in EHR data, espe-
cially if biopsies were done remotely or at outside facilities. 
Therefore, identification of LN in EHR data often requires 
detailed chart reviews to confirm physician reasoning or 
to find notes referencing remote procedures. Algorithms 
developed using data from structured fields in the EHR 
(including laboratory results, medications, diagnostic 
codes, referral orders) have the potential to address under-
coding of LN diagnoses and to identify incident and preva-
lent cases of LN; such algorithms could reduce the need for 
chart review, making large-scale research more efficient and 
helping clinicians with population health management.

Figure 1  Data partitioning and an overview of methodology for the development of the training, test and external validation 
sets. Inclusion criteria: adults with SLE, defined as having one or more International Classification of Diseases (ICD) 9/10 codes 
for SLE, and available notes from June 2012 to January 2022. *Possible LN was defined as either (1) documentation of any 
ICD codes for chronic kidney disease, or (2) documentation of one or more urine protein-to-creatinine ratios ≥0.5 g/g. EHR, 
electronic health record; LN, lupus nephritis; UCSF, University of California San Francisco; ZSFG, Zuckerberg San Francisco 
General.
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In this study, we aimed to quantify the performance 
of ICD9 and 10 codes for identifying prevalent LN using 
a manual chart review of the EHR as the gold standard. 
We also aimed to develop simple-to-use scoring systems 
to identify patients with prevalent LN for use in settings 
where LN diagnosis codes are available as well as those 
where LN diagnosis codes are unavailable or heavily 
underused.

METHODS
Data source
We used structured data and clinical notes from the EHRs 
of the University of California San Francisco Medical 
Center (UCSF), and Zuckerberg San Francisco General 
Hospital and Trauma Center (ZSFG), two large health 
systems in the San Francisco Bay Area. Eligible patients 
included adults with SLE, defined as having one or more 
ICD9/10 codes for SLE,10 and available notes from June 
2012 to January 2022. We followed the Transparent 
Reporting of a Multivariable Prediction Model for Indi-
vidual Prognosis or Diagnosis statement for prediction 
model development and validation.11

Data partitioning
Data were partitioned into a training set, test set and 
external validation set. The training set included patients 
with SLE from UCSF (excluding those in the test set; 
n=2038). To achieve a balanced distribution of LN, the 
training set included all eligible patients who were iden-
tified as having prevalent LN and an equal number 
of eligible patients without LN selected at random 
(figure 1). In the training set, we used regular expressions 
(‘lupus nephritis’ and related terms) with negation (of, 
for example, ‘family history of LN’, ‘no evidence of LN’, 
etc) to loosely tag prevalent LN.

The test set and the external validation set comprised 
random samples of 100 patients meeting the eligibility 
criteria from UCSF and ZSFG, respectively—none of 
the patients in the test set or external validation set were 
included in the training set. For each health system, we 
included a random sample of 50 patients and a random 
sample of 50 patients with ‘possible’ LN defined as 
either (1) documentation of any ICD codes for acute 
or chronic kidney disease, or (2) documentation of any 
urine protein-to-creatinine ratio (UPCr) >0.5 g/g; these 
‘possible’ cases were included to ensure good representa-
tion of LN in the samples.

Outcome ascertainment
Prevalent LN, which included current or previous disease, 
was defined as documentation of LN diagnoses within 
EHR notes. A structured manual chart review was used to 
identify patients with prevalent LN in the test set and the 
external validation set. The chart review was performed 
by two rheumatologists; a third rheumatologist adjudi-
cated any discordant results. Patients were classified as 
having ‘no LN’, ‘definite LN’ (an available biopsy report, 
or reference to a biopsy report demonstrating WHO12 or 

International Society of Nephrology/Renal Pathology 
Society13 LN class III, IV or V), ‘potential LN’ (no biopsy 
report or reference, but physician-diagnosed LN based on 
clinical presentation) and ‘diagnostic uncertainty’ (physi-
cian states LN is possible but not certain). We chose to 
focus on class III, IV and V LN since these forms require 
treatment and can be associated with renal decline if not 
addressed. For the purposes of this study, LN was defined 
using a ‘strict’ (definite LN vs all other categories) and an 
‘inclusive’ (definite LN, potential LN or diagnostic uncer-
tainty vs no LN) definition.

Data preparation
Dichotomous (yes, no) variables were derived from struc-
tured fields of EHRs of both health systems to indicate 
any documentation of LN diagnoses (ICD10: M32.14, 
M32.15, or ICD9: 710.0 plus 580–583), or acute or chronic 
kidney disease (ICD10: N00–N08, N17–N19 and R80, or 
ICD9: 580–586 and 791.0), or proteinuria (ICD10: N00–
N08, N17–N19, R80, or ICD9: 580–586, 791.0). Similarly, 
dichotomous variables were derived to indicate any docu-
mentation of face-to-face nephrology encounters, dialysis 
procedure codes, diagnoses of hypertension, as well as 
abnormal laboratory test results and medications poten-
tially related to the treatment of LN. Abnormal labora-
tory results included urinalysis tests positive for protein or 
red blood cells, UPCr or urine albumin–creatinine ratios 
>0.5 g/g or timed urine protein measurements >0.5 g/24 
hours, two consecutive readings of estimated glomerular 
filtration rate <60 mL/min, detected anti-double-stranded 
DNA, low C3 or C4 levels, and low serum albumin levels. 
Medications included any use of intravenous methyl-
prednisolone, cyclophosphamide (oral or intravenous), 
mycophenolate or mycophenolic acid, belimumab (intra-
venous or subcutaneous), voclosporin, tacrolimus, azathi-
oprine, rituximab, obinutuzumab, hydroxychloroquine, 
and oral prednisone or equivalent oral glucocorticoid. 
Since individuals with LN often require moderate or 
high doses of steroids for treatment, use of prednisone-
equivalent glucocorticoid doses >10 mg/day, >20 mg/day 
and >40 mg/day was also separately coded as dichoto-
mous variables. Demographic variables included age (as a 
continuous variable), race and ethnicity, and sex. Number 
of face-to-face nephrology encounters, maximum UPCr 
ratio and maximum prednisone-equivalent glucocorti-
coid doses were also included as continuous variables. 
Patients with no documented UPCr ratios or prednisone-
equivalent glucocorticoid doses had their maximum 
UPCr ratio and maximum prednisone-equivalent gluco-
corticoid dose imputed to 0.

Predictor selection
We used machine learning for predictor selection since 
the approach is suited to data with high dimensionality, 
as well as an ensemble classifier that has been shown to 
perform well with clinical data.14–16 A series of gradient 
boosting models (GBMs) including various predictor 
subsets were used for predictor selection. The most 
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comprehensive model included 40 predictors that covered 
diagnosis codes, nephrology encounters, procedure 
codes, comorbidities, laboratory test results, medications 
and demographics (input variables described above). 
GBMs were trained on prevalent LN using three repeats 
of 10-fold cross-validation for hyperparameter optimisa-
tion. All analyses were performed in R V.3.6.1, using the 
Classification and Regression Training package.17

Development of the LN scoring systems
We chose to develop scoring systems that would be adapt-
able to the desired accuracy in applying them.18 19 The 
scoring systems were based on multivariable logistic 
regression models that included predictors ranked by 
order of importance by GBM.20 To maximise model sensi-
tivity (recall), predictors were added to the logistic regres-
sion model in order of importance, until there were no 
further incremental gains in sensitivity. To improve regres-
sion fit, we assessed linearity in the relationship between 
continuous predictors and the outcome and used catego-
risation or truncation (of values exceeding 95th percen-
tile) when necessary. In addition, all two-way interactions 
were tested and incorporated in the model if statistically 
significant (p<0.05).

To facilitate the clinical and research application of our 
findings, we developed two point-based scoring systems 
(LN-Code and LN-No Code) in which points were 
assigned to each predictor by multiplying each β coeffi-
cient (log OR) from the logistic regression model by a 
constant arbitrary number and rounding (to the nearest 
integer for points 1–5 and to the nearest fifth integer for 
points >5) to facilitate total risk score calculation. A total 
risk score was assigned to each patient by summing the 
points for each predictor in the scoring system. Mean 
predicted probabilities of LN corresponding to total 
risk scores were reported; this approach was intended 
to facilitate application of the scores depending on data 
availability and the desired predicted probability for the 
application.

Performance evaluation
For the test set and the external validation set, sepa-
rately, we determined the sensitivity (recall), specificity, 
PPV, negative predictive value (NPV), and accuracy of ≥1 
ICD9/10 code and ≥2 ICD9/10 codes ≥30 days apart, for 
identifying patients with a strict or an inclusive definition 
of LN. The above metrics and area under curve (AUC) 
were used to evaluate the predictive performance of multi-
variable logistic regression models used for the develop-
ment of the scoring systems. In addition, we assessed cali-
bration of the regression models by comparing the mean 
predicted LN probabilities with the mean observed prob-
abilities within every decile of predicted risk in the test set 
and the external validation set. Predictive performance 
of the regression models was additionally evaluated across 
races and ethnicities for identifying patients with a strict 
definition of LN, using pooled data from the test set and 
the external validation set. This was performed to ensure 

that the algorithm performed in an equitable manner by 
race and ethnicity.

RESULTS
The random samples for manual chart review (forming 
the test set and external validation set) were selected 
from a total of 4152 patients from UCSF and 370 patients 
from ZSFG who met the eligibility criteria for inclusion 
in the study. Mean (SD) age of patients meeting the eligi-
bility criteria was 50.4 (18.6) years and 49.5 (15.5) years, 
at UCSF and ZSFG, respectively. As expected, the majority 
of patients were female (87.4% at UCSF, 84.6% at ZSFG). 
The most prevalent race or ethnicity was non-Hispanic 
white (37.0%) at UCSF, and Hispanic or Latino (33.0%) 
at ZSFG (table 1).

Performance of LN ICD codes
A majority of chart-reviewed cases had definite LN and 
were identified with the ICD10 codes M32.14 or M32.15, 
or ICD9 code 710.0 in combination with ICD9 codes 
583.81, 581.81 or 583.89. The total number of chart-
reviewed cases meeting the strict and inclusive definitions 
of LN was 34 and 41 (out of 100) from UCSF (test set), 
and 40 and 46 (out of 100) from ZSFG (external valida-
tion set). In order to quantify their underutilisation, we 
evaluated the sensitivity of LN ICD codes. The sensitivity 
of ≥1 LN ICD9/10 code based on strict and inclusive 
definitions of LN was 56% and 51% in the test set, and 
73% and 65% in the external validation set. The spec-
ificity, PPV and NPV of ≥1 LN ICD9/10 code based on 
a strict definition of LN was 94%, 83% and 81% in the 

Table 1  Demographic characteristics of the study 
populations

Patient demographics

University 
of California 
San 
Francisco
N=4152

Zuckerberg 
San 
Francisco 
General
N=370

Age*, mean (SD) 50.4 (18.6) 49.5 (15.5)

Sex, N (%) Female 3629 (87.4) 313 (84.6)

Male 520 (12.5) 56 (15.1)

Other or 
unknown

3 (0.1) 1 (0.3)

Race/
ethnicity, N 
(%)

Asian 688 (16.6) 94 (25.4)

Hispanic or 
Latino

802 (19.3) 122 (33.0)

Non-Hispanic 
black

473 (11.4) 76 (20.5)

Non-Hispanic 
white

1534 (37.0) 35 (9.5)

Other or mixed 413 (10.0) 41 (11.1)

Unknown 242 (5.8) 2 (0.5)

*Current age, at data extraction.
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test set and 92%, 85% and 83% in the validation set. The 
diagnostic criterion of ≥1 ICD9/10 LN code used with 
the strict definition of LN yielded the highest accuracy 
in both health systems (table 2). In summary, across both 
health systems, LN codes were specific when present, but 
sensitivity was inadequate. This finding led to the focus 
of algorithm development, discussed below, to prioritise 
sensitivity.

Scoring systems
Scoring system 1, including LN diagnosis codes: ‘LN-Code’
The top 20 important predictors were identified by 
GBM (online supplemental figure 1). In addition to 
more specific diagnosis codes for LN, presence of 
diagnosis codes for acute or chronic kidney disease or 
proteinuria, younger age at first SLE diagnosis code, 
and use of mycophenolate mofetil or mycophenolic 
acid were identified as key predictors and included 
in the final logistic regression model. UPCr >0.5 g/g, 
abnormal C3 levels, any use of hydroxychloroquine, 

azathioprine or rituximab, and glucocorticoid dose 
were also identified as important predictors but were 
omitted from the final logistic regression model as 
their inclusion did not further improve sensitivity. 
The final logistic regression model had an AUC, 
sensitivity and PPV of 0.93, 0.88 and 0.84, respectively, 
for identifying LN using the inclusive definition, in 
the test set. The model performed similarly (although 
a lower PPV of 0.70) with a strict definition of LN 
and had good external validity when tested in the 
second health system (online supplemental table 1 
and online supplemental figures 2 and 3). Predicted 
and observed probabilities of LN had good calibra-
tion (online supplemental table 1). Model sensitivity 
ranged from 0.83 among Hispanics and Asians to 1.00 
among white patients, with differences not reaching 
statistical significance (p>0.434; online supplemental 
table 2). The first scoring system was derived from 
this model (table 3).

Table 2  Diagnostic performance of lupus nephritis (LN) International Classification of Diseases (ICD) codes

Test set Diagnostic criteria LN definition Sensitivity, % Specificity, %
PPV,
%

NPV,
%

Accuracy, 
%

UCSF ≥1 ICD code Strict 56 94 83 81 81

Inclusive 51 97 91 74 78

≥2 ICD codes, ≥30 days apart Strict 50 96 85 79 80

Inclusive 43 95 85 71 74

ZSFG
(external set)

≥1 ICD code Strict 73 92 85 83 84

Inclusive 65 93 88 76 80

≥2 ICD codes, ≥30 days apart Strict 55 95 88 76 79

Inclusive 50 96 92 69 75

Performance of LN diagnosis codes for identifying prevalent cases of LN.
Inclusive, definite LN, potential LN or diagnostic uncertainty; NPV, negative predictive value; PPV, positive predictive value; Strict, definite LN 
only; UCSF, University of California San Francisco; ZSFG, Zuckerberg San Francisco General.

Table 3  Scoring system 1: LN-Code

Patient characteristic
All patients are required to have at least one diagnosis 
code (ICD9 or ICD10) for SLE

Points
(add unless stated) Total score Predicted probability

One diagnosis code (ICD10) for LN
Or
Two or more diagnosis codes (ICD9 or ICD10) for LN

35 <80 <50%

115 80–110 50–60%

One diagnosis code for acute or chronic kidney disease or 
proteinuria
Or
Two or more diagnosis codes for acute or chronic kidney 
disease or proteinuria

70 110–140 60–70%

95 140–175 70–80%

Any use of mycophenolate mofetil or mycophenolic acid 45 175–230 80–90%

Age (in years) at first SLE diagnosis code Subtract age >230 >90%

Diagnosis codes for LN included ICD10 codes: M32.14 or M32.15, or ICD9 code 710.0 in combination with ICD9 codes: 583.81, 581.81 or 
583.89. Diagnosis codes for acute or chronic kidney disease or proteinuria included ICD10 codes: N00–N08, N17–N19 and R80, or ICD9 
codes: 580–586 and 791.0.
ICD, International Classification of Diseases; LN, lupus nephritis.

https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
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Scoring system 2, excluding LN diagnosis codes: ‘LN-No Code’
A second scoring system was developed after omitting 
LN ICD codes as predictors for use in settings where LN 
diagnosis codes are unavailable or largely underused. 
GBM identified the top 20 important predictors (online 
supplemental figure 4). Diagnosis codes for acute or 
chronic kidney disease or proteinuria, UPCr ≥1 g/g, 
urinalysis positive for protein and younger age at first 
SLE diagnosis code were identified as key predictors for 
identifying patients with prevalent LN and included in 
the final logistic regression model. UPCr was categorised 
to <1 g/g, ≥1 and <3 g/g, and ≥3 g/g, to improve model 
fit. The final logistic regression model had an AUC, sensi-
tivity and PPV of 0.91, 0.95 and 0.72, respectively, for iden-
tifying LN using the inclusive definition in the test set. 
Consistent with the first scoring system, PPV was lower, at 
0.61, with a strict definition of LN. The model had good 
external validity when tested in ZSFG and performed 
comparably with the first scoring system (online supple-
mental table 3 and online supplemental figures 2 and 
3). Predicted and observed probabilities of LN had good 
calibration (online supplemental table 3). Model sensi-
tivity ranged from 0.86 among Asians to 1.00 among black 
and white patients, with differences not reaching statis-
tical significance (p>0.194; online supplemental table 2). 
The second scoring system was derived from this model 
(table 4).

DISCUSSION
This study addresses the challenge of accurately identi-
fying prevalent cases of LN using structured EHR data. We 
first characterised performance of LN ICD codes docu-
mented in EHRs of two large health systems and found 
high specificity (92–97%) but low sensitivity (43–73% 
across health systems). We then went on to develop two 
scoring systems using a broader range of EHR data, 

prioritising sensitivity. Given the morbidity and mortality 
associated with LN, accurate identification of this mani-
festation of SLE is vital for patient management, clin-
ical research and public health initiatives, but has been 
hampered by underutilisation of specific LN diagnosis 
codes. Prediction of prevalent LN using structured data 
elements available in EHRs was feasible, had good accu-
racy and external validity. The scoring systems proposed 
have the potential to identify prevalent LN accurately 
across different health systems.

We found that the specificity of LN diagnosis codes was 
high, but their sensitivity was low. We were able to quan-
tify the impact of underutilisation of LN ICD codes on 
the ability to accurately identify patients with prevalent 
LN. LN diagnosis codes are associated with a high false-
negative rate as the code does not discern a diagnosis of 
‘no LN’ from the lack of a documentation of LN diag-
nosis. The sensitivity of diagnosis codes for LN was subop-
timal in both health systems examined, especially when 
using an inclusive definition of LN. This finding suggests 
that relying solely on these codes may result in missing a 
significant proportion of prevalent LN cases (up to 52% in 
this study) and underscores the importance of combining 
multiple data elements and refined algorithms for accu-
rate LN identification.

We developed two scoring systems, each designed to 
enhance LN identification in different settings. LN-Code, 
which includes LN diagnosis codes, demonstrated strong 
predictive performance with an AUC of 0.93 for the 
inclusive definition of LN and good sensitivity (0.88). 
This system is valuable when specific LN diagnosis codes 
are routinely used and could be employed to improve 
the accuracy of prevalent LN identification in EHRs. In 
this scenario, patients with two or more LN codes and 
two or more codes for kidney disease or proteinuria 
have a high predicted probability of having LN; use of 

Table 4  Scoring system 2: LN-No Code

Patient characteristic
All patients are required to have at least one diagnosis code 
(ICD9 or ICD10) for SLE

Points
(add unless stated) Total score Predicted probability

Highest urine protein–creatinine (UPCr) ratio test greater than or 
equal to 1 but less than 3 g/g
Or
Highest UPCr ratio test greater than or equal to 3 g/g

25 <35 <50%

30 35–55 50–60%

One diagnosis code for acute or chronic kidney disease or 
proteinuria
Or
Two or more diagnosis codes for acute or chronic kidney disease 
or proteinuria

50 55–70 60–70%

80 70–90 70–80%

One or more urinalysis tests positive for protein 35 90–125 80–90%

Age (in years) at first SLE diagnosis code Subtract age >125 >90%

Diagnosis codes for LN included ICD10 codes: M32.14 or M32.15, or ICD9 code: 710.0 in combination with ICD9 codes: 583.81, 581.81 or 
583.89. Diagnosis codes for acute or chronic kidney disease or proteinuria included ICD10 codes: N00–N08, N17–N19 and R80, or ICD9 
codes: 580–586 and 791.0.
ICD, International Classification of Diseases; LN, lupus nephritis.

https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
https://dx.doi.org/10.1136/lupus-2024-001170
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mycophenolate acid and younger age further increase 
this probability. LN-No Code, excluding LN diagnosis 
codes, was designed to address situations where LN codes 
are underused or unavailable. This model achieved a 
remarkable sensitivity of 0.95 for the inclusive definition 
of LN (0.97 for the strict definition) while maintaining a 
high AUC of 0.91. While other clinical indicators, such 
as diagnoses of chronic kidney disease, proteinuria and 
higher UPCr, lack the specificity of LN ICD codes, their 
inclusion in this scoring system offers a practical solution 
for identifying LN in cases where specific LN codes are 
lacking.

We chose to develop a scoring system rather than a 
binary system (diagnosis present vs absent) to permit a 
more granular assessment of LN diagnosis. This approach 
allows investigators to apply definitions according to the 
use case and the degree of accuracy required for the 
intended task. Such an approach permits adjustment 
of the threshold for classification based on clinical or 
operational needs. The scoring systems outline which 
data elements are required for high accuracy and high-
light where more limited data might compromise accu-
racy. Moreover, the scoring systems provide transparency, 
allowing users to directly observe how different variables 
are weighted, making the model more interpretable and 
clinically relevant.

Investigators may choose to apply these scoring systems 
separately or together based on their needs. For example, 
whether for research or clinical work, if high sensitivity 
is desired and at least some LN codes are available, 
investigators may choose to use LN-Code first to identify 
patients with LN; this may then be followed by the appli-
cation of LN-No Code to identify any additional patients 
who do not have codes for LN to increase sensitivity. In 
another use case, an investigator may be interested in 
applying a system with very high specificity; in this case, 
using LN-Code alone may be preferred.

As evident by receiver operating characteristic curve 
plots, differences in performance between the two 
scoring systems were more subtle in the ZSFG health 
system (our external validation set) than at UCSF (the 
test set). We observed greater improvements in sensitivity 
by both scoring systems (compared with LN diagnosis 
codes alone) in UCSF than ZSFG. This may be explained 
by a higher sensitivity of LN diagnosis codes in ZSFG, 
which is an integrated public health system, leaving fewer 
unidentified true positives. Another reason may be differ-
ences in workflow within EHRs as well as documentation 
differences of laboratory results, diagnosis or procedure 
codes across the two health systems. In addition, patient 
demographics differed significantly across the two health 
systems.

We see many clinical applications of these scoring 
systems to identify individuals with LN. LN is a condi-
tion associated with significant morbidity, causing 2% 
of all end-stage renal disease in the USA. While there 
has been some progress in treating LN, with two new 
drug approvals in 2020–2021, there are few comparative 

effectiveness studies using real-world data. Tools for 
disease surveillance of LN are also lacking. Application 
of the scoring systems presented here could facilitate 
such studies. The scoring systems could also help iden-
tify eligible patients for clinical trials requiring identifi-
cation of prevalent disease. Moreover, in clinical settings, 
individuals with LN may be lost to follow-up or not under 
appropriate specialty care. Using algorithms such as 
those presented here for population health management 
and quality improvement may be useful for ensuring all 
patients receive timely and appropriate care.

This study employed a rigorous methodology involving 
chart reviews conducted by rheumatologists, machine 
learning techniques to optimise predictive performance 
and evaluation of a comprehensive range of metrics to 
validate the scoring systems. We also acknowledge the 
limitations of our study. First, our research was conducted 
using data from two academic health systems in the San 
Francisco Bay Area, potentially limiting generalisability. 
Future studies should validate the scoring systems in 
community healthcare settings. Second, our scoring 
systems rely on structured EHR data and therefore may 
not fully capture the complexity of LN that is included 
in clinical notes. Incorporating unstructured clinical 
notes and imaging data could further improve accuracy, 
although many large datasets lack unstructured data, and 
even when available, health systems and clinics may lack 
the infrastructure or resources to analyse clinical notes.

In conclusion, our study corroborates previous studies 
demonstrating that LN diagnosis codes are underused in 
EHRs and presents two novel scoring systems to enhance 
LN identification. These systems, tailored to different data 
availability scenarios, offer practical solutions for health-
care providers and researchers. Improving the accuracy 
of LN identification has potential to facilitate patient 
care, inform research and facilitate public health initia-
tives in the field of LN. Further research and validation 
are warranted to ensure the robustness and applicability 
of our scoring systems across diverse healthcare settings.
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