
Zayed et al. 
BMC Medical Informatics and Decision Making          (2024) 24:245  
https://doi.org/10.1186/s12911-024-02652-7

RESEARCH

lab2clean: a novel algorithm for automated 
cleaning of retrospective clinical laboratory 
results data for secondary uses
Ahmed Medhat Zayed1,2*, Arne Janssens1, Pavlos Mamouris1 and Nicolas Delvaux1 

Abstract 

Background  The integrity of clinical research and machine learning models in healthcare heavily relies on the qual-
ity of underlying clinical laboratory data. However, the preprocessing of this data to ensure its reliability and accuracy 
remains a significant challenge due to variations in data recording and reporting standards.

Methods  We developed lab2clean, a novel algorithm aimed at automating and standardizing the cleaning of ret-
rospective clinical laboratory results data. lab2clean was implemented as two R functions specifically designed 
to enhance data conformance and plausibility by standardizing result formats and validating result values. The 
functionality and performance of the algorithm were evaluated using two extensive electronic medical record (EMR) 
databases, encompassing various clinical settings.

Results  lab2clean effectively reduced the variability of laboratory results and identified potentially erroneous records. 
Upon deployment, it demonstrated effective and fast standardization and validation of substantial laboratory data 
records. The evaluation highlighted significant improvements in the conformance and plausibility of lab results, con-
firming the algorithm’s efficacy in handling large-scale data sets.

Conclusions  lab2clean addresses the challenge of preprocessing and cleaning clinical laboratory data, a critical 
step in ensuring high-quality data for research outcomes. It offers a straightforward, efficient tool for researchers, 
improving the quality of clinical laboratory data, a major portion of healthcare data. Thereby, enhancing the reliability 
and reproducibility of clinical research outcomes and clinical machine learning models. Future developments aim 
to broaden its functionality and accessibility, solidifying its vital role in healthcare data management.
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Background
Garbage in – garbage out, this phrase is widely recog-
nized in computing and information systems and under-
scores the necessity of ensuring the quality of the data 
you provide a system to prevent flawed or nonsensical 
outputs [1]. This concept also applies to clinical research 
where the absence of high-quality input clinical data risks 
that research outcomes are unreliable or misleading. 
Such discrepancies can obstruct the effective translation 
of research findings into actionable evidence in clinical 
practice. Specifically, in clinical ML model development, 
high-quality data is non-negotiable. Notably, data prepa-
ration can command up to 80% of a project’s time, leav-
ing only 20% for data analysis [2].

While clinical data primarily originates from daily 
healthcare interactions tailored to address immedi-
ate patient needs, the rise in the utilization of EMR sys-
tems has made this data increasingly accessible in digital 

formats. However, repurposing this data from its primary 
clinical role to secondary research applications brings 
forth a lot of challenges [3]. Clinical laboratory data, 
a significant and mostly structured subset of EMRs, is 
indicative of these challenges. Despite the quality man-
dates that the clinical laboratories have in producing 
accurate and precise diagnostic reports, the laboratory 
data migrated for secondary uses remains messy and 
not entirely clean [4]. A primary concern is the lack of 
standardization, especially when integrating data from 
diverse clinical labs, each with its unique naming or cod-
ing conventions [3]. Furthermore, a majority of clinical 
laboratories do not adhere to consistent standards for 
result formatting and unit reporting [5]. Consequently, 
researchers find themselves investing a lot of time in pre-
processing and cleaning laboratory data. Despite these 
efforts, optimal data quality remains elusive because 
most researchers, while skilled at data handling, are not 
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experts in laboratory medicine. To the best of our knowl-
edge, there is no comprehensive framework that could 
act as a guiding reference for preprocessing any labora-
tory dataset intended for secondary use.

Clinical laboratory data are typically structured in a 
tabular format. In addition to the unique patient identi-
fier and the timestamp, several variables characterize 
each lab test record. Among the most crucial are the test 
identifier, the test result value, and the test result unit for 
quantitative results. Collectively, we refer to these five 
elements as the fundamental variables integral to any lab-
oratory dataset. Various standards have been established 
to address the test identifiers such as the Logical Obser-
vation Identifiers Names and Codes (LOINC) standard 
[6]. Similarly, the Unified Code for Units of Measure 
(UCUM) standard code system [7], has been created to 
standardize the units of measure. Given these established 
standards, the scope of this work has been narrowed 
down to primarily focus on the laboratory result values.

While some studies have explored automated meth-
ods to clean retrospective laboratory result values, they 
often focus on specific aspects, such as format [5] or 
plausibility [8, 9]. Moreover, these studies predominantly 
detail methods rather than offering ready-to-use tools for 
researchers. Consequently, there’s a noticeable absence of 
a comprehensive automated tool tailored to address vari-
ous data quality challenges of laboratory result values. 
Our work aims to bridge this gap by proposing a novel 
algorithm to automate and standardize the cleaning of 
clinical laboratory results. The presented lab2clean algo-
rithm is available as an open-source R-package on CRAN 
[https://​CRAN.R-​proje​ct.​org/​packa​ge=​lab2c​lean]. To 
evaluate its capacity, we tested the developed functions 
on the laboratory data tables from two EMR datasets, 
comparing the relevant data quality metrics before and 
after applying the tool’s functions.

Methods
For improving the data quality of the laboratory result 
values, our focus was on improving the conformance and 
the plausibility Data Quality (DQ) categories as outlined 
by Kahn et  al. in the harmonized data quality assess-
ment framework tailored for secondary use of electronic 
health record data [10]. To achieve this, we programmed 
algorithms targeting these specific data quality dimen-
sions and implemented them as two R functions; one to 
clean and standardize result formats (to improve con-
formance), and the other is to validate quantitative result 
values (to improve plausibility). Supplementary file 1 is 
added to guide users through the use of the package, pro-
viding clear examples of the 2 functions. Prior to apply-
ing the functions to the data, checking the structure of 
the laboratory data table is essential.

Tidiness check: laboratory data table structure
Checking for tidiness in laboratory data table structure 
is crucial. Our algorithm focuses on rectifying quality 
issues related to data content, and as such, is best applied 
to already tidy laboratory data tables. Therefore, input 
laboratory tables should be structured appropriately 
according to the criteria of tidy [11]. Firstly, every type of 
observational unit should have its own table. This means 
that all data associated with clinical laboratory tests 
should reside within one table, which exclusively contains 
clinical laboratory data, excluding other measurements 
like body weight or vital signs as the scope of the lab-
2clean algorithm is to clean only clinical laboratory test 
data. Secondly, every variable should be represented by 
a single column. This necessitates one column for at least 
each of the five fundamental variables; patient identi-
fier, result timestamp, test identifier, result value, and the 
result unit. Finally, each observation should have its own 
row. This implies that every result value for a specific 
lab test on a particular date/date-time for an individual 
patient should be represented by a single record.

Function 1: clean_lab_result ‑ improving conformance
Conformance refers to the extent to which data aligns with 
established internal or external formatting standards [10]. 
While LOINC and NPU provide standard result or scale 
types for laboratory test results, they don’t prescribe specific 
standards for the format of these results. This grants labo-
ratories the freedom to choose their preferred format for 
reporting result values, leading to a diverse range of formats 
of the same result such as ‘+’, ‘P’, or ‘positive’, and sometimes 
descriptors like ‘canceled’ in place of a true result value [12].

To address this, we developed a three-step approach 
utilizing R’s base regular expression functions, like ‘grep’ 
and ‘gsub’ [13]. Regular expressions, often abbreviated 
as regex, are powerful patterns used to match character 
combinations in strings. Our function employs these pat-
terns to perform three key tasks: cleaning, categorizing, 
and standardizing result formats (Table 1). The initial step 
involves cleaning the data by identifying and removing 
extraneous variables accompanying the result value. These 
variables, such as measurement units (e.g., “%”) or inter-
pretative flags (e.g., “high” or “low”), violate the first rule 
of data tidiness mentioned earlier by representing multiple 
variables in a single column.

Subsequently, the function categorizes distinct result 
format into specific result types, adhering to LOINC’s 
standard scale types such as Quantitative (Qn), Ordinal 
(Ord), Nominal (Nom). Within these scale types, our 
function does further subcategorization, such as differ-
entiating simple numeric results (Qn.1) from inequalities 
(Qn.2), range results (Qn.3), or titer results (Qn.4) within 
the Quantitative scale.

https://CRAN.R-project.org/package=lab2clean
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The final step involves standardizing the various for-
mats detected for each result type (on the subcategory 
level) into a single, standard format. This standardiza-
tion is based on the formatting guidelines developed by 
Hauser et  al. [14], which describe preferred, acceptable, 
and discouraged reporting formats for each subcategory. 
Our function strictly converts acceptable or discouraged 
formats into their preferred counterparts as per these 
guidelines.

Moreover, this function is designed with a global per-
spective, supporting 19 distinct languages in represent-
ing frequently used terms such as “high,” “low,” “positive,” 
and “negative.” Furthermore, it addresses the variations 
in number formats with different decimal and thousand 
separators that arise due to locale-specific settings used 
internationally [15]. We chose to standardize these varying 
languages and locale-specific settings to English (EN).

Function 2: validate_lab_result ‑ improving plausibility
Plausibility examines the credibility or truthfulness 
of data values [10]. In this context, atemporal plausi-
bility is assessed by the value of a variable, especially 
when juxtaposed with another related variable. On the 
other hand, temporal plausibility is evaluated based on 
the sequence of values or transition of states. To rein-
force the plausibility of laboratory data, this function 
executes three distinct checks (Fig.  1). The first two 

predominantly address atemporal plausibility, while the 
third delves into temporal considerations by leveraging 
a delta analysis to pinpoint notable variations in result 
values over time. Those result values that fail to adhere 
to the criteria set by these three checks are promptly 
flagged by the function. It’s important to note that this 
function’s checks validate the result value variable, 
within the context of the four other fundamental labo-
ratory data variables: test identifier, result unit, patient 
identifier, and result timestamp.

An initial cleaning step was undertaken to identify and 
flag duplicate result values for the same lab test at a par-
ticular timestamp for the same patient. These duplicate 
records breach the previously mentioned third data tidi-
ness rule.

1)	 First Check: Setting boundaries with reportable 
limits.

We aimed to identify and flag any extremely low or 
high values for specific laboratory tests. To achieve this, 
we employed the reportable intervals of lab tests, which 
delineate the boundaries beyond which lab results of each 
test are considered incompatible with life and should ide-
ally not be reported [16].

2)	 Second check: Logic consistency rules.

Table 1  The three-step approach of the first function to clean, categorize, and standardize explained by some example lab result 
values
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The second check focuses on the logical consistency 
of test records. When multiple tests are conducted for a 
specific patient at the same timestamp, there’s an inher-
ent logical relationship between the results of these tests. 
For instance, when both total bilirubin and direct bili-
rubin tests are ordered simultaneously for a patient, it’s 
expected that the total bilirubin value isn’t less than the 
direct bilirubin. To ensure such logical consistencies are 
maintained, our function adopts four established logic 
rules as introduced by Zhu et  al. in the context of their 
application within auto-verification systems used in 
clinical laboratories [17]. Furthermore, while the func-
tion currently operates on these specific rules, we have 
designed it with scalability in mind. This ensures that as 
new insights or logic rules emerge, the function can be 
updated to accommodate them.

3)	 Third check: Delta change limits.

For over 50 years, laboratories have utilized delta 
checks by comparing changes in lab test result values 
from two sequential separate samples of the same patient 
against predefined thresholds to detect potential errors 
[18]. Our function utilizes delta checks to emphasize the 
temporal plausibility of laboratory test results data. It cal-
culates both the absolute value difference and the time 
interval between consecutive result values of the same 
tests for specific patients. These time intervals are then 
categorized into short intervals suitable for hospitalized 

patients (7 days or less) and longer intervals fitting for 
outpatient follow-ups (8–90 days). For tests with more 
than 1000 consecutive results in a time category, delta 
change limits are defined based on extreme percentiles 
for that time interval, flagging both the topmost and 
lowermost 0.25%, thus flagging an overall 0.5% (5/1000) 
of sequential results of the test that is eligible for a delta 
check. While this approach is effective in identifying 
potential data quality issues, we acknowledge that it may 
also flag clinically relevant changes. Therefore, it is cru-
cial that users interpret these flagged results in conjunc-
tion with the patient’s clinical context.

Evaluation datasets
We evaluated the functions of our algorithm on labora-
tory data tables from two contrasting retrospective clini-
cal datasets spanning both sides of the Atlantic. The first, 
the INTEGO database, is a Flemish general practice-
based morbidity registration network involving over 400 
general practitioners (GPs) who utilize CareConnect® 
EMR software. Coordinated by the Academic Centre of 
General Practice (ACHG) at KU Leuven, Belgium, this 
network delivers a comprehensive view of primary care 
across Flanders [19, 20]. On the other hand, the Medi-
cal Information Mart for Intensive Care (MIMIC-IV v 
2.0) offers a perspective from critical care. This dataset 
provides deidentified EMR data for more than 300,000 
patients who were admitted to the intensive care units at 
the Beth Israel Deaconess Medical Center (BIDMC) in 

Fig. 1  Outline of the three validation checks of function 2
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the US [21–23]. The juxtaposition of these datasets not 
only bridges transatlantic healthcare systems but also 
provides insights spanning the continuum from primary 
to critical care.

The INTEGO database is multicentric, sourcing lab 
data from numerous participating laboratories within its 
network. This characteristic makes it particularly suited 
for evaluating our first function aimed at improving 
conformance to standardize formats of lab results from 
diverse sources. In contrast, the MIMIC database is sin-
gle-centric, with results stemming from a single labora-
tory. This structure makes MIMIC an optimal choice for 
evaluating the secondary function, which seeks to vali-
date result values. This validation largely hinges on other 
fundamental variables like the test identifier and unit of 
measure. Notably, these variables are more consistently 
standardized in the MIMIC database due to its single-
centric nature.

Results
After developing the functions of lab2clean, the capacity 
of the developed functions was evaluated applying them 
to the laboratory results data of the evaluation datasets.

Tidiness check results
We assessed the structure of the laboratory data tables 
from both the MIMIC and INTEGO datasets using the 
predefined tidiness rules (Table 2). Both datasets include 
columns capturing the five essential variables of labora-
tory data. In the MIMIC database, result values are split 
into two columns: one presenting raw results and another 
reflecting these results in numeric formats. Surprisingly, 
records exhibiting NULL values in these two columns 
often contained text result values (e.g. positive, nega-
tive) within the ‘comments’ column. This distribution 
means that the result values span across three columns. 
Such an arrangement goes against the second tidiness 
rule, which necessitates that all result values (as one vari-
able) -whether quantitative, ordinal, or any other type 

- should be consolidated into a single column. To address 
this tidiness issue, we merged the numeric values with 
the text-based results from the ‘comments’ column, only 
for records with missing numeric values. This approach 
ensured a unified column for result values, ensuring no 
missingness.

Impact of Function 1 on the conformance of lab results
From the INTEGO database, we obtained around 218 
million lab result records (Table  3). After de-duplica-
tion, 927,838 distinct result values remained. Function 1 
processed these records in less than 5 min, successfully 
cleaning, classifying, and standardizing 394,337 distinct 
values (42.5% of the distinct result values). This stand-
ardization affected 94.5% of the total result records (fre-
quency-based; 206 million records out of the initial 218 
million).

The cleaning process involved the removal of extrane-
ous variables such as interpretative flags or units, affect-
ing 27,300 distinct result values. A significant majority, 
90.8%, of the standardized result records were classified 
as Quantitative results, with the most common subtype 
being simple numeric results (Qn.1). Ordinal results 
comprised 3.6% of the total standardized records. For a 
comprehensive evaluation of the data quality improve-
ment, we evaluated the rates of conformance (percentage 
of raw result values confirmed by the function to match 
the standard format) and standardization (percentage 
of non-standard result values standardized by the func-
tion) of both the distinct result values (presented as con-
formance and standardization rates) and the total result 
records (presented as frequency-based conformance and 
standardization rates) as shown in Fig. 2. It is important 
to note that result values which could not be classified 
or standardized by the function are not represented in 
Fig.  2; these unclassified values are further analysed in 
Table 3.

Table 2  Tidiness check of the evaluation datasets

Intego MIMIC-IV

Tidiness rule #1
One table for all laboratory results Yes Yes

Tidiness rule #2 8 variables 15 variables

One column for each variable Yes Three columns 
for the result 
value

Columns for the five fundamental 
variables

Yes Yes

Tidiness rule #3
Records (rows) ~218M records ~123M records

Table 3  Standardization results of function 2

Result records Distinct values

Total results 217,917,631 (%) 927,838 (%)

Total standardized 206,033,234 94.5% 394,337 42.5%
Total not standardized 11,884,397 5.5% 533,501 57.5%
  No result 451,927 0.2% 398 0.0%

  Multiple results 53,259 0.0% 4,182 0.5%

  Test not performed 449,870 0.2% 24,960 2.7%

  Not standardized result 
values with <100 records

1,452,961 0.7% 497,929 53.7%

  Not standardized 
result values with >=100 
records

4,962,801 2.3% 6,030 0.6%

  "volgt" 4,513,579 2.1% 2 0.0%
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–	 Different result types include simple numeric results 
(Qn.1), inequalities (Qn.2), ranges (Qn.3), titres 
(Qn.4), simple ordinal results (Ord.1), grades of posi-
tivity (Ord.2), and blood group types (Nom.1).

–	 Conformance rates represent the percentage of raw 
result values that were confirmed by the function to 
match the standard format.

–	 Standardization rates represent the percentage of 
non-standard result values that were standardized by 
the function (= 100% - Conformance rates).

Across all result types, the overall frequency-based 
conformance rate among the total result records was 
62%, indicating that standard results were more fre-
quently encountered than non-standard ones. In con-
trast, the standardization rate among the distinct result 
values reached 76%. Typically, the frequency-based con-
formance rates exceeded the conformance rates for dis-
tinct results because non-standard result values were less 
frequent than standard ones—a reflection of the effec-
tiveness of the standardization process.

Notably, the highest standardization rates were 
observed within ordinal result types, which can be attrib-
uted to their inherently limited standard formats (e.g., 
“Pos,” “Neg,” or “Normal” for Ord.1, and “+1,” “+2,” “+3,” 
or “+4” for Ord.2). This restriction in variability inher-
ently simplifies the standardization process for these 
types of results, as opposed to more complex quantita-
tive measures. The function achieved a 72% reduction in 
overall variability among the standardized records. Prior 
to standardization, there was an average of 19 distinct 
result values per 10,000 records. Following the applica-
tion of the function, this variability decreased, resulting 
in an average of only 5 distinct values per 10,000 records.

The result values that the function could not classify 
and standardize were further analyzed in Table 3. In the 
cleaning process, after removing typographical errors 
and extraneous characters, some values became empty 
of characters, so they were considered to have no result. 
Other non-standard values included multiple results (e.g. 
negative and positive words in the same value) indicating 
long text result reports. Words that suspect that the test 

Fig. 2  Improved conformance (standardization rates) of result values by applying function 1 on the INTEGO database. Color map: ‘bamako’ by Fabio 
Crameri [24]
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was not performed (e.g. describing sample or specimen) 
marked 2.7% of the result values. The majority of result 
values that were left unstandardized by the function had 
a frequency of less than 100 records, which indicates 
the rare formats representing 93% of the unstandard-
ized distinct result values. Out of the result values that 
had a frequency of more than 100 records, we observed 
that the unstandardized text value “volgt” - a Dutch 
word recorded to denote that the result value will follow 
- represented 2% of the total result records. This obser-
vation highlights that in certain healthcare systems, spe-
cific words or abbreviations can be frequently utilized 
to express the status or value of lab results. If these spe-
cific words are identified and standardized, it can further 
improve the standardization rate.

Impact of function 2 on the plausibility of lab results
From the MIMIC database, we obtained 100,870,373 
quantitative lab result records. The function processed 
these records in less than 2 h, flagging 409,921 records 
(0.406%) as potentially inaccurate. The specifics of these 
flagged records are comprehensively detailed in Table 4. 
This demonstrates the function’s capacity to validate a 
vast majority of the dataset, with 100,460,452 records 
(99.594%).

The initial step of Function 2 involved systematically 
identifying duplicate records. It flagged 333,574 records 
(0.331% of the total dataset), accounting for 81% of all 
flagged records. This high number of duplicates indicates 
potential issues in the mapping of test identifiers that 
may lead to assigning the same LOINC code to different 
tests, a violation of data tidiness principles. Ensuring no 
duplicate values for the same test, timestamp, and patient 
is crucial for data integrity.

After addressing duplicates, Function 2 conducted 
three detailed validation checks across the dataset. The 
check that resulted in the most flags was related to delta 
change limits, which accounted for 72,004 records (18% 

of flagged records). This finding is particularly relevant 
considering MIMIC’s nature as a critical care database 
where close monitoring of patients is a standard practice. 
The other checks, including logic consistency rules and 
reportable limits, flagged a smaller percentage of records 
but were nonetheless essential for maintaining data accu-
racy and consistency.

Discussion
In our study, we describe the development and assess 
the capacity of the lab2clean algorithm to address the 
challenges of utilizing clinical laboratory data for sec-
ondary research purposes. lab2clean aims to automate 
and standardize the complex process of cleaning clini-
cal laboratory results, improving data quality. This focus 
is critical in optimizing the potential of clinical labora-
tory data in both clinical research and clinical ML model 
development.

By automating the cleaning process, lab2clean saves 
time and effort, typically expended in data preprocessing. 
Testing the developed functions on substantial laboratory 
datasets, encompassing over 300 million records in total, 
demonstrated the algorithm’s fast performance and effi-
ciency, completing tasks in less than 2 h. This efficiency 
allows clinical and ML researchers to shift their focus 
to more complex analytical tasks, thereby accelerating 
the research process and fostering greater productivity 
across various studies. However, it should be noted that 
a direct comparison of lab2clean with other tools for 
cleaning clinical laboratory data was not conducted due 
to the absence of comparable methodologies available for 
analysis.

The standardization of data cleaning across differ-
ent datasets is another cornerstone of lab2clean. This 
uniform approach to handling vast amounts of lab data 
improves consistency in data quality, regardless of its 
source, which is crucial for the reproducibility of research 
outcomes and clinical ML models. The importance of 

Table 4  Validation results of function 2

Result records

Total results 100,870,373 (%)

Total validated 100,460,452 99.594%
Total flagged 409,921 0.406%
  Duplicate records (Preprocessing check) 333,574 0.331%

  Result values with extreme delta change values (Check 3)

    Short interval delta flag (<=7 days) 55,397 0.055%

    Long interval delta flag (8-90 days) 16,607 0.016%

  Records violating logic consistency checks (Check2) 4,479 0.004%

  Unreportable values (Check 1)

    Extremely low 428 0.000%

    Extremely high 56 0.000%
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lab2clean is further emphasized by the high volume of 
clinical laboratory data, estimated to comprise 70% of 
EMR data [25], highlighting its vital role in improving the 
quality of a major portion of healthcare data.

The scope of this work has focused on the laboratory 
result values assuming that the test identifiers and the 
units of measure are compliant with the LOINC and 
UCUM standards, respectively. This assumption, how-
ever, poses challenges in heterogeneous, multi-centric 
databases like INTEGO, where such standardization is 
often lacking. Consequently, the evaluation of function 2 
for validating lab result values was impeded by the diver-
sity in unit formats and test identifiers. To address this 
current limitation in the lab2clean package, future devel-
opments include additional functions for cleaning and 
standardizing result units and mapping test identifiers to 
LOINC codes. These developments aim to transform lab-
2clean into a more comprehensive tool for clinical labo-
ratory data cleaning, meeting a wider range of research 
needs and standards.

In parallel, expanding the Lab2clean package to other 
programming languages other than R, notably Python, 
addresses a current limitation in its accessibility to 
researchers preferring Python. Future work includes 
expanding lab2clean into a Python library. Moreover, 
the potential integration of lab2clean algorithms into 
different software applications may broaden its applica-
bility beyond retrospective data cleaning. These applica-
tions may include real-time data monitoring and quality 
control in clinical decision support systems (CDSS) that 
rely on accurate and consistent data for effective analysis 
and decision-making to generate accurate recommenda-
tions and support. Additionally, its use in healthcare data 
integration projects could facilitate better interoper-
ability between different healthcare information systems, 
improving overall healthcare data management. The pub-
lication of lab2clean as an open-source software package 
under a general public license [26] furthers its potential 
for wide adoption and adaptation in various healthcare 
data management scenarios.

Conclusions
The lab2clean algorithm represents an advancement in the 
field of medical informatics, offering an automated, stand-
ardized approach to cleaning clinical laboratory results. Its 
capacity to improve data quality, as demonstrated in the 
study, underscores its potential to facilitate the utilization 
of clinical laboratory data for more reliable and reproduc-
ible clinical research outcomes and clinical ML models. 
Future work will focus on expanding its functionality and 
accessibility, further improving its role as a tool in health-
care data management.
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