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Abstract 

The interpretation of clinical laboratory data is greatly influenced by reference ranges. But these 

ranges may result in date-like expressions which can block direct numeric processing and obscure 

the original range limits. In this study, this is explored with the Multi-Center Clinical Laboratory 

Dataset (MCLD) by integration of Rule Based Detection (RBD), Numeric Parsing Validation 

(NPV) and Rule Based Candidate Reconstruction (RBCR). The expression for dates is discovered 

by RBD, the range for interpretation is checked by the NPV, and potential numeric intervals are 

created by the RBCR. The candidates generated are evaluated for consistency and ambiguity within 

the candidates. In 145,288 laboratory records examined, 5,054 (3.48%) had date-like reference-

range expressions, representing 18 different combinations of test name, expression, and 

measurement units. 18 cases were coded as numeric candidates. These candidates matched the 

Normal and Abnormal classifications on 5054 affected records. An additional analysis found 

compatible alternative intervals in 14 of the 18 cases within a limited search grid of integer 

boundaries. The results demonstrate that there is not always a single reference interval associated 

with a particular classification. The framework enables identification of anomalies that fall outside 

of date ranges, some possible numeric corrections, and the assessment of internal consistency and 

ambiguity of those corrections. 

Keywords: Clinical Laboratory Data, Reference Range, Data Quality, Date-Like Anomalies, 

Candidate Reconstruction. 
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1. Introduction 

Reference ranges are very commonly used to interpret clinical laboratory results. These are used as 

a framework to differentiate values that fall within a range of acceptable values from values that 

need more clinical attention. Guidance for establishing and verifying laboratory reference intervals 

is provided by the Clinical and Laboratory Standards Institute (CLSI) [1]. Scientific data may be 

corrupt and difficult to interpret due to data formatting issues [2, 3]. Reference ranges represented in 

date formats in clinical laboratory data can cause difficulty with direct numeric processing and may 

make it hard to determine the true limits of the range. The Multi-Center Clinical Laboratory Dataset 

(MCLD) is a dataset that allows analysis of this issue in real laboratory records [4]. This study 

explores the possible numeric interpretation for the suspected date-like expressions in the reference-

range field, based on the available test results and the recorded classification. The framework is 

based on a combination of Rule Based Detection (RBD), Numeric Parsing Validation (NPV) and 

Rule Based Candidate Reconstruction (RBCR). This study addresses a particular issue of clinical 

laboratory reference ranges, as opposed to general purpose data repair systems with the power to 

repair numerous types of errors. It makes an unprecedented effort to identify expressions suspected 

of being dates, makes a clear distinction between generating candidates for dates and verifying 

them, and analyzes whether the recorded classification can differentiate between the proposed time 

period and other time periods. All of this is not a new general purpose data cleaning algorithm 

introduced in the framework. 

2. Related Work 

Scientific data may be flawed because of data quality issues, and the conclusions drawn from 

scientific data may be incorrect. Van den Broeck et al. [5, 10, 11] defined data cleaning as the 

process of identifying, analyzing and fixing potential errors. Broman and Woo [2, 12] described 

some of the issues that arise with spreadsheet data and gave some rules for formatting the data in a 

consistent way. The examples cited by Ziemann et al. [3] demonstrated that data format changes can 

lead to errors in the date fields of gene names. There are some studies that propose ways to detect 

and repair errors in structured data. Chu et al. [6] surveyed the techniques of data cleaning using 

rules, constraints, patterns and stats. Rekatsinas et al. [7] also proposed a new method called 

HoloClean, which utilizes data constraints and statistical information to facilitate data repair. 

Dallachiesa et al. [13] proposed a data cleaning system (NADEEF) for detecting and repairing data 

errors according to the various types of data quality rules. Abedjan et al. [14] reviewed the current 

data error detection tools and pointed out their shortcomings in detecting different types of errors in 

real-world data. 

Several error detection methods and minimal user input are used to determine whether errors are 

present in tabular data using Raha, a system developed by Mahdavi et al. [8]. Reference ranges are 

directly involved in the interpretation of laboratory test results in clinical situations. Reference 

intervals are highlighted in the CLSI guideline EP28-A3c [1] which sets procedures for establishing 
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and verifying reference intervals. This is important when considering the potential for corrections, 

as the meaning of a reference range is dependent on the test and its clinical context. Heidari et al. 

[15] introduced the machine learning-based framework HoloDetect, which is designed to detect 

errors using few-shot learning and data augmentation. 

These studies could be used to identify and fix errors in structured data. There are a number of data-

quality related tasks that HoloClean and Raha solve, but the present study focuses on a more limited 

problem: expressions related to dates in clinical laboratory reference ranges. In this work, a 

generated interval is not considered a validated correction but rather is assessed against the recorded 

classifications and the ability of other intervals to agree with the classifications as well. This case-

level ambiguity assessment is the main analytical contribution.  

3. Materials and Methods 

The Important section in the study where the dataset is described, the analysis of reference range 

formats is explained, the detection and numeric range validation are described and the 

reconstruction and assessment of candidate intervals are explained. 

3.1 Dataset Description: 

The Multi-Center Clinical Laboratory Dataset (MCLD) was used for this study, which included 

145,288 laboratory records and 168 different test names. Analysis included the reference range 

expression, test name, the measurement unit, the numeric result, and the classification (Normal or 

Abnormal) as recorded. The file released contained two different values in its location field. 

3.2 Reference Range Analysis: 

Reference-range expressions were classified as numeric intervals, one-sided numeric limits, 

qualitative expressions, date-like expressions, or contextual/other expressions. These categories 

help to differentiate expressions that can be used for numeric interpretation from others. 

3.3 Rule-Based Detection: 

Rule Based Detection (RBD) was used to detect expressions that are a one- or two-digit number 

followed by a hyphen and a three-letter abbreviation of a month (in any order). These are such as 

25-Apr and Aug-61. The expressions were flagged as suspected anomalies without changing the 

source records. 

3.4 Numeric Parsing Validation: 

Numeric Parsing Validation (NPV) determined if each reference-range expression could be 

interpreted as a numeric interval or as one-sided numeric limit. The rest of non-parseable 

expressions were captured separately and checked against the date-like patterns that were found by 

RBD. 
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3.5 Rule-Based Candidate Reconstruction: 

Two explicit rules were used to produce candidate numeric intervals using Rule Based Candidate 

Reconstruction (RBCR): the first rule converts the month abbreviators to month numbers, the 

second rule sorts the resulting numeric components in ascending order. For instance, 4–25 was 

created for 25-Apr, but this interval was not confirmed as original reference values. 

3.6 Candidate Assessment: 

The numeric laboratory results were coded as 'with' range if the result was the lower bound and the 

upper bound for each candidate interval. The levels of these classifications were compared with the 

recorded normal and abnormal outcomes to evaluate internal consistency. Ambiguity of the 

candidates was explored by adding integer lower and upper bounds within five units of each bound 

that is generated. Lower limits were specified to be non-negative integers and upper limits were 

specified to be greater than lower limits. An alternative that reproduced all available classifications 

of the recorded case of test–expression–unit was compatible. Figure 1 below shows the scope 

analysis framework reference.  

 

Figure 1. Scope Analysis Framework Reference. 

4. Results 
The distribution of reference-range formats, the date-like anomalies detected, and the candidate 

reconstruction and assessment results are presented in this section. 

4.1 Reference Range Formats and Detection Results:  

Among the 145,288 records, numeric intervals accounted for 81,095 (55.82%), one-sided numeric 

limits for 55,621 (38.28%), qualitative expressions for 3,513 (2.42%), date-like expressions for 

5,054 (3.48%), and contextual/other expressions for five records (less than 0.01%). 8,572 records 

were found by Numeric Parsing Validation (NPV) that could not be parsed numerically. We used 

Rule Based Detection (RBD) and it identified 5,054 suspected date records, which were all part of 

the NPV group. The remaining 3,518 non-parseable records were qualitative or contextual/other 

expressions, and were not counted as suspected date-like corruption. The 5,054 date-like were 
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58.96% of all non-numeric parsing failures, while the other 41.04% were other formats. These 

percentages refer to the parsing failures, not the number of actual errors. 

Table 1. Distribution of reference domain formats. 
Format Records Percentage 

Numeric interval 81,095 55.82% 
One-sided numeric limit 55,621 38.28% 

Qualitative 3,513 2.42% 
Date-like (suspected) 5,054 3.48% 

Contextual/other 5 <0.01% 
Total 145,288 100% 

4.2 Candidate Reconstruction and Assessment:  

All 5,054 date-like records had 16 different expressions and 18 different test expression unit cases 

table 2. For each of the 18 cases, candidate numeric intervals were generated. The candidate 

intervals for all 5,054 records reproduced the recorded normal and abnormal classification. This 

comes from internal agreement and not a separately calculated reconstruction accuracy. All 81094 

numeric interval records for which a similar classification could be done also matched their 

recorded limits, suggesting that the labels are not standalone evidence of the original limits. 1,201 

records are affected by at least one alternative interval found as a result of the local integer-

boundary search, which identified at least one alternative interval in 14 of the 18 cases. The other 

four cases within this limited grid were not made up of alternatives, so this does not mean that the 

candidates for those cases are uniquely correct. 

Table 2. Summary candidate assessment. 
Measure Result 

Date-like records 5,054 
Distinct test–expression–unit cases 18 

Cases with generated numeric candidates 18 
Records agreeing with candidate classifications 5,054 

Cases with local compatible alternatives 14 
Records in cases with local alternatives 1,201 

5. Discussion 

There were 5,054 records (3.48%) in the MCLD reference-range field that were affected by date-

like expressions. These expressions formed a small percentage of the data set, but were not 

expressible as numerical ranges directly. It was important to differentiate them from the non-

numeric expressions so as not to mistake the qualitative reference ranges as formatting errors. The 

comparison between the Rule Based Detection (RBD) and Numeric Parsing Validation (NPV) 

provides a good illustration of why it is important to differentiate the type of errors. NPV found 

8,572 non-parseable records with 5,054 (58.96%) records containing date-like patterns identified by 

RBD. The other 3,518 records were qualitative or contextual expressions. Therefore, counting all 

https://doi.org/10.59992/IJCI.2026.v5n10p3


 
 

41 
 

International Journal of Computers and Informatics, London  Vol (5), No (10), 2026 

https://doi.org/10.59992/IJCI.2026.v5n10p3                                                       E-ISSN 2976-9361 

non-parseable expressions as errors would be an overestimate of the number of possible anomalies 

of the date type. Rule Based Candidate Reconstruction (RBCR) resulted in numeric candidates for 

all 18 cases, which shared the classification with the recorded ones. The same data, had no records 

missing from the eligible eligibility intervals. The recorded labels might thus only represent 

reference ranges established in the source data and not independently confirm the reconstructed 

candidates. The reconstruction results are also difficult to interpret because of the ambiguity 

analysis. The same classifications were obtained in 14 of the tested local grid locations, using 

nearby alternative integer intervals. This finding illustrates that a candidate could be consistent with 

the data, but not uniquely identified by the data. In the other four cases, there is no alternative other 

than the search grid used here.  

An external contextual review was conducted for six of the 18 cases. Published laboratory reference 

values can be used as a guide but cannot be used to set the original reference values of the 

contributing laboratories. For instance, the National Board of Medical Examiners (NBME) specifies 

that the level of free T4 (Free T4) is 12.0–21.9 pmol/L, while the candidate's level was in the range 

of 10–23 pmol/L. It also has sex-dependent limits for its prolactin [9]. No candidate was confirmed 

as the original reference interval without the assistance of other candidates. The external 

comparisons were therefore discussed in the context of clinical context and not in terms of accuracy 

of reconstruction. The benefit of this study is the separation of suspected-anomaly detection and 

structural candidate generation and evidence assessment for a defined laboratory data-quality 

problem. A practical limitation of label-based evaluation is found in the results: classified intervals 

can overlap with a number of candidate intervals. The study here gives a descriptive analysis of the 

anomalies detected in clinical laboratory data sets (MCLD) that are also beginning to outline the 

possibilities for and limitations in data reconstruction verification. Does not contain a direct 

comparison with other data-repair systems, e.g. HoloClean or Raha.. Raha.. 

6. Conclusion 

In this study, we investigated date-like reference range anomalies in the Multi-Center Clinical 

Laboratory Dataset (MCLD) by applying a Rule-Based Detection (RBD), Numeric Parsing 

Validation (NPV) and Rule-Based Candidate Reconstruction (RBCR) interpretable framework. 

There were 5,054 date-like expressions in 145,288 records, in 18 different test expression unit cases 

(3.48%). The 18 cases were internally consistent in terms of their recorded laboratory classifications 

and numeric candidates were generated for each case. The local ambiguity analysis led to the 

identification of 14 alternative intervals that were compatible. This finding is consistent with the 

separation of detecting suspected anomalies and generating and independently verifying possible 

corrections. A further 58.96% of numeric parsing errors occurred for date-like expressions, a 

warning to those who are tempted to assume that anything that looks like a date is actually a date. 
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