Pre prints.org

Article Not peer-reviewed version

Patient Deduplication in Uganda’s
Electronic Medical Records System: A
comparison of Three Classification
Algorithms

Alex Mirugw_e* , Arthur G. Fitzmaurice , Alice Namale , Evelyn Akello , Simon Muhumuza , Milton Kaye ,
Samuel Lubwama, Jonathan Mpango , Paul Katongole , Solomon Ssevvume , Paul Mbaka , Clare Ashaba,
Enos Sande , Kenneth Musenge

Posted Date: 19 November 2025
doi: 10.20944/preprints202511.1450.v1

Keywords: patient matching; deduplication; machine learning; electronic medical record; record linkage

Preprints.org is a free multidisciplinary platform providing preprint service
that is dedicated to making early versions of research outputs permanently
available and citable. Preprints posted at Preprints.org appear in Web of
Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0
license, which permit the free download, distribution, and reuse, provided that the author
and preprint are cited in any reuse.



https://sciprofiles.com/profile/2012905
https://sciprofiles.com/profile/3504678
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 19 November 2025 d0i:10.20944/preprints202511.1450.v1

Disclaimer/Publisher’'s Note: The statements, opinions, and data contained in all publications are solely those of the individual author(s) and

contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting
from any ideas, methods, instructions, or products referred to in the content.

Article

Patient Deduplication in Uganda’s Electronic
Medical Records System: A comparison of Three
Classification Algorithms

Alex Mirugwe *, Arthur G. Fitzmaurice 2, Alice Namale ?, Evelyn Akello !, Simon Muhumuza 1,
Milton Kaye !, Samuel Lubwama !, Jonathan Mpango !, Paul Katongole !, Solomon Ssevvume !,
Paul Mbaka 3,Clare Ashaba !, Enos Sande 2 and Kenneth Musenge 2

I Monitoring & Evaluation Technical Support Program, School of Public Health, Makerere University, Plot
20A Kawalya Kaggwa Close, Kololo, Kampala- Uganda

2 Division of Global HIV & TB, Global Health Center, U.S. Centers for Disease Control and Prevention,
Kampala, Uganda

3 Division of Health Information, Ministry of Health, Kampala, Uganda

* Correspondence: mirugwealex@gmail.com

Abstract

Background: Duplicate patient records pose a significant challenge to healthcare registries and
electronic medical record (EMR) systems in Uganda, primarily due to the absence of a national
unique patient identifier. These duplicates lead to fragmented patient care, misallocation of
resources, and inaccuracies in data reporting, which hinder effective monitoring of disease
progression, disrupt continuity of care, and complicate efforts to track patient outcomes. Objective:
To evaluate the performance of three classification algorithms in identifying duplicate records of
people living with HIV (PLHIV) and to determine a combination of variables that can uniquely
identify a PLHIV. Methods: The study used a six-step deduplication process involving dataset
extraction, preprocessing, indexing, comparison, classification, and performance evaluation. Records
of PLHIV who were active in care between June and November 2022 were extracted from the
UgandaEMR system - an EMR installed at 15 public health facilities in six districts in the Rwenzori
Region. The dataset included demographic variables, i.e., first name, middle name, last name, sex,
age, date of birth, address, and phone number. Three classification algorithms were used to classify
the client scores into matches, potential matches, and non-matches, namely i) a threshold-based
algorithm, ii) a weighted average score-based algorithm, and iii) a decision tree. Due to the absence
of a labeled dataset, the decision tree was trained on data labeled using the two rule-based methods
and evaluated on a synthetic reference dataset. Performance of the algorithms was evaluated using
sensitivity, specificity, and F-score metrics. Results: A total of 44,717 records for PLHIV active in care
in the Rwenzori region from June to November 2022 were extracted. The weighted average score-
based algorithm identified 447 (5.8%) records as duplicates and 2996 (10%) as potential duplicates.
The threshold-based algorithm identified 118 (0.5%) duplicates and flagged 8560 (21.0%) as potential
duplicates. The weighted average score-based algorithm achieved the highest performance:
sensitivity (99.0%), specificity (98.8%), and F-score (98.9%); followed by the threshold-based
classification: sensitivity (95.3%), specificity (89.1%), and F-score (92.1%); and the decision tree
algorithm sensitivity (92.3%), specificity (93.9%, and F-score (93.1%). Conclusions: The weighted
average score-based algorithm achieved the best performance. Findings highlight that a combination
of a few demographic variables can be employed to differentiate PLHIV. However, improving
duplicate record detection at scale will require training these algorithms on a larger dataset that can
generalize the PLHIV population in Uganda.

Keywords: patient matching; deduplication; machine learning; electronic medical record; record
linkage
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Introduction

Electronic medical record (EMR) systems have been widely adopted in the healthcare domain
and have significantly improved patient care and safety while reducing the cost of healthcare delivery
[1]. However, some challenges have arisen alongside these advancements, including data quality
issues such as duplicated patient records. Uganda operates a decentralized system of antiretroviral
therapy (ART) service delivery where people living with HIV (PLHIV) can receive ART treatment at
any accredited health facility across the country, resulting in duplicated records of unique PLHIV
receiving drug refills. Patient record matching across different health facilities is challenging due to
the lack of universally accepted unique identifiers.

While solutions such as fingerprint-based systems and national identification numbers (NINs)
have been implemented to support patient identification, gaps remain in their coverage and
integration with health information systems. Uganda’s National Identification and Registration
Authority (NIRA) has made substantial progress, issuing over 17.5 million IDS and covering
approximately 87.6% of adults aged 16 and above [2]. However, incomplete NIN capture in health
records and technical limitations with fingerprint devices in some settings still pose challenges for
consistent record linkage [3,4].

The patient matching or deduplication process significantly contributes to health data integrity
issues within EMR systems. Unique identification or accurate matching of patient records is also vital
in ensuring the security of patient data, especially as these records are exchanged electronically [6].
It is important to ensure that records are properly matched, because the impact of false positive
matches and false negative non-matches could be medically dangerous. For example, a 2012 survey
by the College of Healthcare Information Management Executives found that nearly 20% of hospital
chief information officers reported their facilities had experienced at least one adverse medical event
related to patient matching errors [7].

Duplicated records are still a significant problem in Uganda’s EMR systems due to the absence
of a national patient unique identifier. This has made it challenging to identify patients or match their
data uniquely. To address this, patient matching uses variables containing partially identifying
information, such as names, addresses, phone numbers, or dates of birth [8]. Accurate and complete
longitudinal patient profiles are essential for better healthcare delivery and data use. Deduplicating
records also supports systems interoperability across HIV programs and facilities by enabling a
unified view of each client.

Several patient identification and record linkage techniques are used to identify patients
uniquely, including the traditional approaches, i.e., deterministic (heuristic), rule-based, and
probabilistic matching methods [9], and most recently, machine learning [12-14,39].

A study by Nagel et al. [38] compared deterministic and probabilistic patient matching methods
within two diagnostic imaging repositories in Ontario, Canada. The deterministic approach relied on
exact matches of health numbers, while the probabilistic method used a scoring system based on
various demographic fields. The study found that the probabilistic method identified more true
matches but also required manual reviews for uncertain cases, whereas the deterministic method was
simpler but less comprehensive.

Another study by Karr et al. [39] evaluated various linkage software programs and algorithms
using real-world data, including deterministic, probabilistic, and machine learning-based methods.
The findings showed that machine learning algorithms, particularly those utilizing inexact matching
techniques, achieved higher sensitivity and positive predictive value compared to traditional
methods.

The above studies explored individual comparisons between deterministic and probabilistic
methods or enhancements of probabilistic matching with machine learning. In this study, we
assessed the level of duplication of PLHIV records in the UgandaEMR by creating two distinct
variants of the probabilistic approach, i.e., threshold-based and weighted-average score-based, and
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compared their performance with a machine learning decision tree algorithm. Additionally, we
identified a combination of variables that would be needed to identify unique PLHIV to validate the
TX_CURR indicator (i.e., number of PLHIV currently on ART) in Uganda.

Methods

Deduplication Approaches

We used the threshold-based classification, weighted-average-score-based matching, and
decision tree algorithms.

Process

The deduplication process was implemented through six stages, i.e., pre-processing, indexing,
comparison, classification, and evaluation (Figure 1). A Python framework was conducted using an
open-source Python Record Linkage Toolkit [15]. This toolkit provides all the tools needed for record
matching and deduplication.

Database

Data Pre- Indexing/
processing Blocking

Record Pair
Comparison

Clerical
review

Non- Potential
matches matches

Classification

Evaluation

Figure 1. The implementation framework. The figure outlines the general steps involved in the patient

deduplication process.

Data Source

We abstracted demographic data of PLHIV active in care during June - November of 2022 from
the UgandaEMR system - an electronic medical records platform used for registering and tracking
HIV clients in Uganda - in 15 health facilities in the six districts that make up the Rwenzori region.
Variables abstracted were: first name, middle name, last name, sex, age, date of birth, address, and
phone number. Due to the absence of a ground truth-labeled dataset, we used a Febrl synthetic
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dataset, which contains 1,000 records (500 original and 500 duplicates with exactly one duplicate per
original record), to further evaluate the performance of the trained algorithms [16]. The Febrl
synthetic dataset is widely used in record linkage studies and provides well-labeled data for testing
de-duplication and entity resolution techniques.

Data Preprocessing

In this step, we cleaned out all the unwanted characters like commas, colons, periods,
whitespaces, and brackets from all the strings and converted all the string variables to lowercase
letters in order to eliminate errors that arise from inadvertent capitalization [17]. To index words by
their pronunciation, we applied phonetic encoding algorithms mainly in the indexing step, as
described below, to ensure that similar records were grouped into the same block, even if they had
some typographical variations [18]. We used the Metaphone phonetic algorithm on both given and
family names, as it performs better than other phonetic algorithms like Soundex on non-English
names [19].

Indexing

After cleaning and standardizing the data, we carried out indexing to remove the obvious non-
matches while maintaining the matching quality. Each record in the data set was compared with all
other records to calculate similarities between two records [8]. Full data set comparison resulted in a
quadratic size of record pair comparisons, hence making the matching process slow and
computationally expensive [20]. Indexing generated candidate record pairs that were compared. We
used the blocking indexing approach, which has outperformed other techniques in a number of
studies [21-23].

Comparison

The candidate record pairs generated by the blocking algorithm were compared using similarity
scores to determine their overall similarity. The similarity scores were calculated using the Jaro-
Winkler [24] and Levenshtein [25] string comparators. Jaro-Winkler was used for string variables
such as names and locations, whereas Levenshtein was applied to numeric-like fields such as phone
numbers. These scores ranged from 0 (no match) to 1 (perfect match). See Appendix A for formulas
and additional details.

The variable comparisons produced similarity vectors, referred to as comparison vectors, which
were used in the classification stage to decide whether a record pair was a match, a potential match,
or a non-match. Table 1 summarizes the methods used to compare the different variables with a 0.75
threshold equivalent to a similarity score of 1.0 for a distance = 0.75 and a 0 otherwise. Different
variables were compared using different comparison methods; Jaro-Winkler is suitable for string
variables [26] and Levenshtein for numerical variables [27].

This threshold was selected through an iterative tuning process that tested multiple cutoffs. The
value of 0.75 consistently yielded the best trade-off between sensitivity and specificity when cross-
validated against partially verified matches. It also performed well on the synthetic test dataset.
Although 0.75 is slightly lower than thresholds used in some other linkage contexts, it was
appropriate here. Data quality challenges, such as inconsistent spelling, name variations, and
typographical errors, made higher thresholds prone to false negatives.

Table 1. Criteria used in comparing the different variables for record matching,.

Variable Comparison Method Threshold
Family Name Jaro-Winkler 0.75
Given Name Jaro-Winkler 0.75

Phone Number Levenshtein 0.75
Date of Birth Exact -
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Sub County Jaro-Winkler 0.75
Village Jaro-Winkler 0.75

Classification

Classification was performed using threshold-based classification, weighted average score-
based classification, and the supervised learning decision tree algorithm described below.

Threshold-based classification was used to classify pairs into three classes, i.e., matches,
potential matches, and non-matches. In this method, similarity scores were summed up into a single
total similarity value, known as SimSum. Record pairs were then classified into lower and upper
threshold values selected through an iterative string. A detailed description of the threshold selection
process and classification formula has been added in Appendix B.

Throughout the study, we distinguish between two levels of duplicates. Pair-level duplicates
refer to record pairs classified as matches or potential matches. Records-level duplicates refer to the
unique patient records involved in those matching pairs. This distinction is important because one
record may appear in multiple matched pairs, but it is only counted once at the record level. We
report both levels in the Results.

50000
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20000
10000
. _III Ill_ff
1 2 3 4 5

Figure 2. A histogram of the summed similarity scores.
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Weighted Average Score-Based Matching

After summing up the weighted similarity scores and classifying pair records into matches,
potential matches, and non-matches, each variable was assigned a weight based on its discriminative
power, where weights quantify each variable’s contribution to the probability of accurately
classifying the records. The weighted sum was calculated by multiplying the variable’s similarity
score by an assigned weight prior to the summation. The summation output was divided by the sum

of the weights to obtain the final score used in classification; see Equation 4.
Y.(Similarity Score X Weight Factor)
Y Weights (4)
We assigned a weight of 2 to the surname, given name, and phone contact variables, and a

weight of 1 to the date of birth, village, and sub-county variables. These weights were based on our
domain knowledge and prior experience with HIV programmatic data. Variables with greater
potential to uniquely identify a patient were assigned higher weights. The final weights were refined
through iterative testing to improve match quality using partially verified data. While this approach
performed well in our context, we acknowledge that weight configurations are not universal and

Weighted Average =

may require recalibration in other settings.
Patient matching was performed after summing up the weight similarities and computing the
weight average scores. Pairs with a score greater than or equal to 0.7 were classified as matches; pairs
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with scores between 0.5 and 0.7 were classified as potential matches, and pairs with scores less than
0.5 were classified as non-matches.

Supervised Learning

We explored the use of supervised machine learning techniques for de-duplication, focusing on
the decision tree algorithm. The algorithm was trained on a dataset labeled using the two rule-based
methods, with partial manual validation from facility-level data officers during routine data cleaning
and quality assurance. While this does not constitute a fully human-verified gold-standard dataset,
it provided a semi-supervised basis to test feasibility under real-world constraints.

The dataset was highly imbalanced, with non-matches significantly outnumbering matches. To
address this challenge, we applied two commonly used strategies for handling imbalanced datasets:
Undersampling and Oversampling [31] and cost-sensitive methods [32].

To refine the decision tree, we performed hyperparameter tuning using a grid search to identify
the optimal combination of parameters. The parameters evaluated included the splitting criterion
(Gini or entropy), the splitting strategy (best or random), maximum tree depth, minimum number of
samples required to split an internal node, and minimum number of samples required to be a leaf
node. The optimal parameters identified were Gini as the splitting criterion, a “best” splitter, no limit
on the tree depth, a minimum of two samples to split a node, and one sample for a leaf node.
Additionally, we applied ten-fold cross-validation to ensure robust model validation. However, even
with these optimizations, the decision tree algorithm struggled to achieve satisfactory performance
in predicting duplicate records, reflecting the inherent difficulty of handling imbalanced datasets in
record de-duplication tasks.

Performance Evaluation

The performance of each algorithm was assessed using true positive matches, true negative
matches, false positive matches, false negative matches, sensitivity, specificity, and F-score metrics.
Sensitivity measures the proportion of actual matches that were correctly identified, while specificity
measures the ability to correctly identify non-matches. The F-score, used as an overall measure of
duplicate detection performance, is the harmonic average of sensitivity and precision [34]. False
positive matches occur when records of two patients are declared matches, while false negative
matches arise when two records belonging to one patient are declared non-matches. We did not use
accuracy since the data set was imbalanced; accuracy is mainly used when the data set categories are
balanced [35].

Ethical Approval

This activity was reviewed by the U.S. CDC and was determined to be research not involving
human subjects and was conducted consistent with applicable federal law and CDC policy, under 45
C.F.R. part46;21 C.F.R. part56;42 U.S.C.§241(d), 5U.5.C. §552a, 44 U.S.C. §3501. It was also reviewed
and approved by the Makerere University School of Public Health, Research and Ethics Committee.

Results

Figure 3 summarizes the matching results achieved by the different algorithms. The
classification was performed on 156,700 reference candidate pairs, which were derived from an initial
1,999,610,089 possible record pairs. These pairwise combinations were generated from the original
dataset of 44,717 records using all-to-all comparisons. Blocking indexing techniques were used to
reduce the number of comparisons by splitting the dataset into smaller blocks based on combinations
of metaphone transformations of given names, family names, and sub-county information. This
approach eliminated the majority of clearly non-matching pairs, significantly reducing the
computational burden while preserving pairs likely to match. The resulting 156,700 candidate pairs
were subjected to detailed comparison and classification. Decision tree results are not shown on the
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graph because the ground truth data set that was used to train and validate the decision tree
algorithm was crafted from the matches and the non-matches of the weighted average algorithm.

The overall best-performing algorithm was the weighted average score-based algorithm, as it
achieved a higher number of matches with fewer false positives and false negatives compared to the
threshold-based algorithm. Specifically, at the pair level, the weighted average algorithm obtained
447 (0.3%) matches, 2,996 (1.9%) potential matches, and 153,257 (97.8%) non-matches. In contrast, the
threshold-based algorithm achieved 118 (0.1%) matches, 8,560 (5.5%) potential matches, and the
remaining 148,022 (94.5%) as non-matches. A subset of matched and potential match pairs identified
by both algorithms was reviewed by the facility data officers during the routine data quality reviews
to assign ground truth labels.

At the record level, out of 44,717 patient records, the threshold-based algorithm identified 223
(0.5%) of the records as duplicates, while the weighted average algorithm identified 2,459 (5.8%) as
duplicates. These counts represent unique patient records involved in matched or potentially
matched pairs, accounting for instances where a single record appeared in multiple duplicate pairs.
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Figure 3. The performance of the threshold-based and weighted average matching algorithms.

To further evaluate the performance of the algorithms beyond the primary dataset, we tested
them on a synthetic gold standard reference dataset. This test dataset comprised 200 true matches
(duplicates) and 320 true non-matches (non-duplicates). The evaluation was conducted using several
key metrics, including sensitivity, specificity, and F-score - results are summarized in Table 2. Among
the algorithms, the weighted-average model demonstrated superior performance with the highest
sensitivity (99.0%), specificity (98.8%), and F-score (98.9%). These results show the robustness and
accuracy of the weighted-average model in identifying duplicates, outperforming the threshold-
based and decision tree algorithms.

Table 2. De-duplication results achieved using a test data set with 200 True matches (duplicates) and 320 True
non-matches (non-duplicates). (TP-True Matches, FP-False Matches, FN-False Non-matches, and TN-True Non-

matches).
Threshold-Based = Weighted-Average Decision Tree

TP 162 188 180

FP 38 4 20

FN 8 2 15

TN 312 316 305
Sensitivity (%) 95.3 99.0 92.3
Specificity (%) 89.1 98.8 93.9
F-Score(%) 92.1 98.9 93.1
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When we examined records flagged as duplicates by all three algorithms, we observed that
many had minor variations in their names. For example, one record might list the name as
“Semaganda,” while another might spell it “Ssemaganda.” There were also some instances where
records for the same client differed in the number of names provided, with one record listing two
names and another listing three. In some cases, two or more records classified as duplicates belonged
to the same individual receiving treatment at different facilities, indicating potential cross-facility
care.

We also observed that duplicates were more readily identifiable among clients with NINs
recorded, suggesting that NINs can improve the accuracy of patient matching.

Discussion

This study represents one of the initial efforts to systematically identify duplicate records of
PLHIV in Uganda by utilizing demographic variables through score-based and supervised machine
learning techniques. We explored three matching algorithms trained to identify duplicates or
potential HIV client duplicates at fifteen health facilities from six districts of the Rwenzori region.
The focus on the Rwenzori region allowed for a controlled and detailed exploration of de-duplication
algorithms using high-quality data. Although this regional focus may limit the generalizability of the
findings, it provides a foundation for scaling this approach to other regions and eventually the entire
country. Future studies should aim to extend this methodology to all regions of Uganda to better
understand duplication patterns and rates nationally, as well as across diverse healthcare settings.

This study revealed that approximately 5.8% of client records were duplicates as identified by
the weighted-average algorithm. While this percentage may appear modest, it translates to
significant inaccuracies when scaled to the national cohort of 1.4 million PLHIV currently receiving
antiretroviral treatment. Duplication in Uganda is compounded by the lack of a national unique
patient identifier, a challenge that is similarly faced by other high HIV-burden countries such as
Kenya [40] and Nigeria [41]. Although limited comparable studies exist, duplication rates in similar
settings without unique identifiers have been reported to range between 4% and 10%, depending on
the context and method used [40].

When choosing the best de-duplication algorithm, it is important to consider the cost associated
with false positive and false negative matches. In health data systems, the cost of high false positive
error rates is particularly significant, as it could lead to merging records of two or more patients who
are not the same person. Such errors could undermine the integrity of client records, potentially
compromising continuity of care, clinical decision-making, and the delivery of accurate and timely
healthcare services. This highlights the importance of algorithms that minimize false positives, even
if they come at the cost of slightly higher computational requirements. Our findings are consistent
with prior studies [38,39] that probabilistic and machine learning methods can achieve strong
performance in patient matching. While we did not include deterministic methods in our
comparison, the weighted average methods demonstrated superior performance among the
approaches evaluated, with fewer false positives and reduced manual review effort.

The weighted-average algorithm, integrating multiple criteria and assigning differing levels of
weights to various variables, has proven to be more effective, resulting in a greater number of true
positives and a reduction in both false negatives and positives. This demonstrates the method’s
strength in handling the complexities of patient data and its increased dependability in identifying
duplicates. The improved sensitivity and specificity rates further emphasize the algorithm’s ability
to accurately identify true matches, while the enhanced F-score indicates its balanced precision and
recall —essential aspects for the effective implementation of de-duplication processes.

However, although the weighted-average algorithm was statistically superior, its
implementation might result in increased computational complexity and, potentially, higher resource
consumption during the de-duplication process. Training this algorithm required nearly two hours,
compared to the 20 minutes and 10 minutes needed for the threshold-based and decision-tree
techniques, respectively. This indicates that significant time and computational resources might be
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necessary to apply this algorithm to the entire cohort of 1.4 million PLHIV currently undergoing
treatment. Therefore, the decision to use this algorithm should be carefully weighed against the
available resources and the specific requirements of the healthcare provider.

Future considerations for refining de-duplication algorithms should focus on enhancing
computational efficiency and further reducing the need for manual verification. The implementation
of machine learning and artificial intelligence could play a significant role in achieving these
objectives. These technologies could provide dynamic learning capabilities, adaptively improving the
algorithms’ accuracy and efficiency as more data is being considered.

Limitations

This study had three main limitations. The low level of completeness of most variables within
the UgandaEMR. This incompleteness poses a challenge when utilizing patient matching algorithms,
as it greatly impacts the accuracy and reliability of the matching process. The lack of completeness in
important variables such as phone numbers, date of birth, addresses, and NIN makes it increasingly
difficult to accurately identify and de-duplicate patients. Incomplete data introduces uncertainty and
ambiguity into the matching algorithm, making it harder to distinguish between different individuals
who may share similar or identical partial details [36]. Consequently, there is a risk of false matches,
where distinct patients are mistakenly identified as duplicates, or of missed potential matches, where
actual duplicates go unrecognized. In both scenarios, the efficacy of the algorithm is undermined,
potentially leading to unreliable matching results. Therefore, it is recommended that the UgandaEMR
development team works closely with various implementing partners and health facilities to ensure
a comprehensive and accurate capture of demographic variables within the system.

The analysis was limited to the Rwenzori region, comprising six districts and 15 health facilities,
primarily due to the availability of high-quality data and resource constraints that would not allow a
national-level study. While this focus limits the generalizability of the findings, it allowed for a
controlled and detailed exploration of de-duplication algorithms. The Rwenzori Region provided an
appropriate testing ground for the methodology, but different regions may face unique challenges
that influence duplication rates, such as variations in data quality and healthcare access. Future
studies should aim to extend this methodology to the entire country to obtain a more comprehensive
understanding of the duplication problem at a national scale. Expanding the scope would not only
improve generalizability but also allow for a comparison of duplication rates and patterns across
different regions, providing valuable insights for targeted interventions.

It should also be noted that these algorithms are not capable of identifying duplicate clients who
have entirely distinct records. For instance, if Client A and Client B are actually the same individuals,
but their records show completely different names, addresses, and phone numbers, the algorithms
will be unable to recognize them as duplicates.

Recommendations

To continue improving the integrity and efficiency of the patient deduplication process in
Uganda’s EMR systems, several measures are recommended. First, efforts should be increased to
capture NINs consistently across all health facilities. Our findings indicate that duplicates were more
readily identifiable among clients who had their NINs recorded. Therefore, improving the capture
and accuracy of NINs can significantly aid in the unique identification of clients, simplifying the
deduplication process.

Secondly, the implementation of robust data validation checks within the UgandaEMR is
important. Specifically, validation checks for key fields such as phone numbers, sex, NIN, and ART
numbers need to be stringent to ensure correct data entry. Enhancing these checks will help in
preventing errors at the point of data entry, which is vital for reducing the occurrence of duplicate
records and ensuring that no individuals share the same identifiers erroneously.
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Lastly, we recommend integrating a weighted average algorithm into the routine operations of
EMRs at the facility level. Most duplicates identified in this study were within the same facilities,
suggesting that an algorithmic approach could effectively reduce duplication by systematically
evaluating the consistency of client data entries. This method would allow healthcare providers to
identify and resolve duplicates more efficiently, thereby enhancing the overall quality of patient data
management and care coordination.

Conclusions

In conclusion, as Uganda continues its search for an optimal national patient unique identifier,
the findings from this study offer a viable interim solution for patient record de-duplication. The shift
from paper-based to electronic medical records across health facilities has required the development
of more sophisticated patient matching and de-duplication algorithms. Our comprehensive
evaluation has determined that the weighted average score-based matching algorithm outperforms
traditional methods, successfully identifying a significant portion of records as duplicates or potential
duplicates. This study also shows the impact of data completeness on the performance of matching
algorithms and underscores the necessity for the UgandaEMR development team to collaborate with
partners to improve data entry practices. While effective in the short term, such algorithmic
approaches remain a workaround in the absence of a nationally implemented and consistently
integrated unique identifier. Continued investment in a UID system will be critical to achieving
sustained improvements in patient-level data accuracy. Therefore, our study reaffirms the promising
capabilities of machine learning techniques in refining patient matching processes, with the potential
for further improvements by increasing the size of the training dataset. This strategy, therefore,
stands as a robust approach for addressing current EMR challenges in Uganda until a more
permanent identification system is established.
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Abbreviation Full Term

EMR Electronic Medical Records
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NIN National Identification Number

NIRA National Identification and Registration Authority
CDC U.S. Centers for Disease Control and Prevention
UID Unique Identifier
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MPI Master Patient Index
PEPFAR President’s Emergency Plan for AIDS Relief
TX_CURR Number of PLHIV currently on ART (Indicator in PEPFAR Monitoring)

Appendix A: String Similarity Metrics

Jaro-Winkler is a string comparison metric that measures the similarity between two strings. The
higher the Jaro-Winkler distance for two strings is, the more similar the strings are. It counts the
number of characters that are common in two strings within a certain window of characters, similar
to the positional g-gram-based comparison approach. Jaro-Winkler scores range from 0 (a non-
matching record) to 1 (a perfect matching record).

The Jaro similarity sim; of two given strings s; and s, is calculated by;

—x, ifm=0

(1)

Sty =12 (E + =+ m—_t) , otherwise
3\Is1l szl m

Where; [s;]is the length of the string s; , m is the number of matching characters, and ¢ is the
number of transpositions.

Levenshtein is a measure of the similarity between two strings, which we are referred to as the
source string (s) and the target string (em). The distance score is the number of deletions, insertions,
or substitutions required to transform s into em. Levenshtein similarity scores are normalised
numerical values, with a similarity of 1.0 corresponding to an exact match between two variables and
0.0 corresponding to a total dissimilarity between two variables.

The Levenshtein distance score between two strings a, b (of length |a| and [b]| is given by

( a ifb=0
b ifa=0
lev(tail(a), tail (b)) ifa[0] = b[0]
lev(a,b) = 4 lev(tail(a), b)) (2)
1+ min lev(a, (b)) otherwise
L lev(tail(a), tail(b))

where the tail of some string x is a string of all but the first character of x, and x[n] is the

n'" character of the string x, counting from 0.

Appendix B: Threshold-Based Classification Details

We used the SimSum score to classify client record pairs into three categories based on two
classification thresholds, t; (lower) and t, (upper) are set, and a record pair (s;,s;) is classified
according to Equation 3, as shown below.

SimSum[si, S]-] >t, = [si,sj] — Match
< SimSum[si,sj] <t,= [si,sj] — Potential — Match
SimSum[si, sj] <t = [si, sj] — Non — Match
®)

The selection of these thresholds is an iterative process until satisfactory matching results are
obtained. Increasing the upper threshold t, and lowering the lower threshold t; will result in fewer
false matches and non-matches but lead to more potential matches that must be inspected and
classified manually. On the other hand, lowering t,and increasing t; results in a smaller number of
potential matches but likely also in an increase.

In this study, we compared seven variables for each record pair, resulting in a maximum
possible SimSum score of 7.0. Based on histogram analysis (see Figure 2), we set classification
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thresholds as follows: record pairs with a SimSum score of 6.5 or higher were classified as matches,
those with scores between 4.5 and 6.5 were classified as potential matches, and those with scores
below 4.5 were classified as non-matches.
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