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Background: Cancer registries link a large number of electronic health records reported by medical institutions 
to already registered records of the matching individual and tumor. Records are automatically linked using 
deterministic and probabilistic approaches; machine learning is rarely used. Records that cannot be matched 
automatically with sufficient accuracy are typically processed manually. For application, it is important to know 
how well record linkage approaches match real-world records and how much manual effort is required to achieve 
the desired linkage quality. We study the task of linking reported records to the matching registered tumor in 
cancer registries.

Methods: We compare the tradeoff between linkage quality and manual effort of five machine learning methods 
(logistic regression, random forest, gradient boosting, neural network, and a stacked method) to a deterministic 
baseline. The record linkage methods are compared in a two-class setting (no-match/ match) and a three-class 
setting (no-match/ undecided/ match). A cancer registry collected and linked the dataset consisting of categorical 
variables matching 145,755 reported records with 33,289 registered tumors.

Results: In the two-class setting, the gradient boosting, neural network, and stacked models have higher accuracy 
and 𝐹1 score (accuracy: 0.968 − 0.978, 𝐹1 score: 0.983 − 0.988) than the deterministic baseline (accuracy: 0.964, 
𝐹1 score: 0.980) when the same records are manually processed (0.89% of all records). In the three-class setting, 
these three machine learning methods can automatically process all reported records and still have higher 
accuracy and 𝐹1 score than the deterministic baseline. The linkage quality of the machine learning methods 
studied, except for the neural network, increase as the number of manually processed records increases.

Conclusion: Machine learning methods can significantly improve linkage quality and reduce the manual effort 
required by medical coders to match tumor records in cancer registries compared to a deterministic baseline. Our 
results help cancer registries estimate how linkage quality increases as more records are manually processed.
1. Introduction

Identifying records that describe the same real-world entity is called 
record linkage, data deduplication, data matching, or entity resolution. 
Cancer registries collect and link information about cancer patients in 
a particular population. This information is used to: “1) define and 
monitor cancer incidence at the local, state, and national levels; 2) in-

vestigate patterns of cancer treatment; and 3) evaluate the effectiveness 
of public health efforts to prevent cancer cases and improve cancer sur-

vival” [1]. After matching reported records to individuals, cancer reg-

istries link incoming records to the corresponding registered tumor for 
that individual. Reported records match registered tumors either when 

* Corresponding author at: Information Systems and Business Administration, Johannes Gutenberg University, Jakob-Welder-Weg 9, Mainz, 55128, Germany.

all values describing the tumor are identical or when the data meet 
certain criteria. The latter case is of medical interest because tumors 
can change over time, different diagnostic methods describe the tumor 
with varying levels of accuracy, and medical experts may diagnose the 
same tumor differently [2]. Therefore, medical guidelines specify when 
two tumor records match and when they do not match (for the medi-

cal guidelines, see Section 2.2 and Appendix E). Our study focuses on 
linking reported records to registered tumors, as shown in Fig. 1.

We distinguish three different approaches to link records: determin-

istic, probabilistic, and machine learning approaches [3]. The choice 
of record linkage approach typically depends on the variable types of 
the data being linked. For string variables or categorical variables with 
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Fig. 1. A typical process used by cancer registries to collect, link, and analyze data on cancer patients. This study focuses on the second matching step that links 
reported records to matching registered tumors.
few values, deterministic and probabilistic approaches are often used 
(for data examined in related work, see Table 1 and Appendix A). For 
categorical variables with a large number of values, machine learn-

ing methods and deterministic rules are of interest. Since the reported 
records and registered tumors studied mainly contain categorical vari-

ables with a large number of values (for the data of this study, see 
Table 2 and Appendix C), we are investigating deterministic rules and 
machine learning methods.

Domain experts design deterministic rules to identify matching 
records. These rules can either compare attributes for exact matches [4]

or use string distances and phonetic codes to measure similarities be-

tween strings [3,5]. If two records meet enough rules, they are matched. 
Machine learning methods used for record linkage learn the probabili-

ties that records match in a supervised manner from records that have 
already been linked [6–9]. Although supervised machine learning meth-

ods can improve linkage quality [10,11], they have rarely been studied 
for record linkage, as discussed in Appendix A and shown in Table 1.

When possible, record linkage methods decide whether or not a 
reported record and a registered tumor match. Deterministic rules typ-

ically fail to link records if not enough rules are met. Machine learning 
methods fail if the probability of a match does not exceed a certain 
threshold. The remaining undecided records are processed manually. If 
a reported record does not match any tumor of the individual, a new 
tumor is registered. In general, the quality of matched records increases 
as more records that cannot be matched with sufficient certainty using 
record linkage methods are manually assigned. Thus, there is a trade-

off between the linkage quality of automated methods and the effort 
required to manually link records [12,13]. Linkage quality can be mea-

sured by classification metrics such as accuracy and 𝐹1 score; manual 
effort can be measured by the number of records that cannot be decided 
by the record linkage method and are therefore processed manually.

We study the tradeoff between linkage quality and manual effort of 
record linkage methods on a real-world categorical dataset. The dataset 
was collected and labeled by a cancer registry, matching 145,755 re-

ported records with 33,289 registered tumors. We compare machine 
learning methods for record linkage (logistic regression, random forest, 
gradient boosting, neural network, and a stacked approach) to a deter-

ministic baseline designed by domain experts.

To our knowledge, the task of assigning records to tumors in can-

cer registries has not been discussed in the literature. Moreover, the 
quality of record linkage methods is often studied only on synthetic 
2

datasets with limited ability to generalize to real-world datasets [3]. Fi-
nally, the tradeoff between linkage quality and manual effort is rarely 
discussed.

2. Materials and methods

We performed the experiments in the programming language R and 
trained the machine learning models using the package H2O [20].

2.1. Dataset

The dataset of our registry-based study consists of 145,755 reported 
records and 33,289 registered tumors from 31,902 individuals residing 
in the federal state of Rhineland-Palatinate, Germany. The tumors stud-

ied were diagnosed between January 2019 and August 2020, reported 
before February 2021, and include all reportable tumor localizations 
according to national and regional laws in Rhineland-Palatinate of in-

dividuals older than 18 years. Table 2 summarizes the characteristics 
of the variables describing the reported records and registered tumors, 
and gives examples of their values; the variables and their preprocess-

ing are explained in more detail in Appendix C and Appendix D. Fig. 1

and Appendix B describe the data collection and ground truth genera-

tion.

Fig. 2 shows how the binary labeled dataset used to train and test 
the machine learning methods is created. To train the machine learning 
methods, we make pairs of all reported records and all registered tumors 
for each individual. Linked pairs of reported records and registered tu-

mors are labeled match; unlinked pairs are labeled no-match. Thus, for 
a reported record of an individual with 𝑛 tumors, we create one pair la-

beled match and 𝑛 − 1 pairs labeled no-match. As a result, 92.4% of the 
reported and registered tumor pairs were labeled match and 7.6% were 
labeled no-match. The final dataset consists of 157,756 pairs of reported 
records and registered tumors.

Newly reported records are processed by pairing them with all of 
a patient’s registered tumors. Record linkage methods are then used to 
determine whether the pair of reported record and registered tumor 
matches, does not match, or if the pair cannot be decided.

2.2. Record linkage methods

Deterministic rules The deterministic rules compare pairs of reported 
records and registered tumors, as shown in the right part of Fig. 2. 

The output of the deterministic rules for a record-tumor pair is one 
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Table 1

Related work comparing record linkage methods. Publications are sorted by year of publication. If an article studied multiple 
record linkage tasks, we report the number of records from the datasets with the most records in the last two columns.

Reference Year Methods Domain Data origin Variable type # Reported records # Registered entities

[14] 2010 Deterministic Bibliographic Real-world String 2,616 64,263

Probabilistic E-commerce Date

Machine learning

[15] 2011 Deterministic Medical Simulation Categorical 10,000 10,000

Probabilistic Date

[16] 2015 Deterministic Medical Simulation Categorical 10,000 200,000

Probabilistic Date

[17] 2016 Deterministic Medical Real-world String 1,587,120 1,587,120

Probabilistic Categorical

Date

[18] 2019 Deterministic Medical Real-world String 69,523 176,154

Probabilistic Categorical

Date

[19] 2020 Deterministic Medical Real-world String 2,000 17,415

Probabilistic Simulation Categorical

Date

This study 2024 Deterministic Medical Real-world Categorical 33,289 145,755

Machine learning Date

Table 2

Variables describing reported records and registered tumors with the number of unique values, missing rate, example values, and explanation of the variable.

# Unique values Missing rate

Variable Type Reported records Registered tumors Reported records Registered tumors Example Explanation

ICD-10 code Categorical 500 449 0.02 0.00 C18.9 Classification of disease

ICD-O topography Categorical 365 301 0.04 0.00 C50.9 Location of tumor

Tumor laterality Categorical 6 6 0.04 0.00 L Site location for paired organs

ICD-O morphology Categorical 492 427 0.39 0.06 8140/3 Cell type and behavior of tumor

Diagnosis date Date 562 1,509 0.00 0.00 21.01.2020 Date of tumor diagnosis

Fig. 2. Label generation to train and test the machine learning methods (left) and pairwise comparison of unmatched reported records with registered tumors (right). 
Reported records are paired with all registered tumors of a patient. To train the machine learning methods (left), pairs of linked reported records and registered 
tumors are labeled match. Record-tumor pairs that are not linked are labeled no-match. To process unmatched reported records (right), the record linkage methods 
decide whether the reported record and the registered tumor match, do not match, or cannot be decided.
of three values: match if the reported record and the registered tumor 
match, no-match if they do not match, or undecided if the reported record 
cannot be decided and is processed manually. Appendix E describes the 
corresponding medical rules.

Machine learning methods To link the reported records to the registered 
tumors, we use logistic regression, random forest, gradient boosting, 
neural networks, and a stacked method because these machine learning 
methods represent a variety of approaches commonly used for tabu-

lar data [21,22]. The machine learning methods are trained on previ-

ously linked data, as shown in Fig. 2. The trained models then return 
a matching score for each pair of reported records and registered tu-

mors. Appendix F and Table 3 present the machine learning methods 
and their hyperparameters. We selected the hyperparameters by 2-fold 
cross-validation on the training set (80% of the entire dataset), evalu-
3

ated the machine learning method on a separate test set (20% of the 
entire dataset), and repeated the training and evaluation approach 10
times with different random splits for the training and test sets. Ap-

pendix G discusses the detailed training and evaluation approach.

2.3. Evaluation approach

We compare the deterministic rules and the machine learning mod-

els in a two-class (no-match/ match) and a three-class setting (no-match/ 
undecided/ match). The literature often discusses record linkage with 
two classes, as shown in Table 1 and discussed in Appendix A; the three-

class setting typically appears in applications.

Two-class setting evaluation approach To convert the three output 
classes of the deterministic rules (no-match/ undecided/ match) into two 
classes, we restrict the evaluation to record-tumor pairs in the test set 

that the deterministic rules evaluate as match or no-match. A classifi-
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Table 3

Hyperparameters of the machine learning methods. We have highlighted in bold the hyperparameter configurations with the 
highest mean 𝐹1 score during cross-validation. The entries in brackets are the values for the corresponding hidden layer of 
the neural network.

Method Fixed hyperparameters Variable hyperparameters

Logistic regression Penalty mix: 0.0, 0.5, 1.0

Penalty strength: optimized automatically

Random forest Number of trees: 150 Variables per split: 2, 4, 6

(base learner) Sample size ratio: 0.632 Minimal records per node: 20, 40, 60

Gradient boosting Number of trees: 150 Tree depth: 2, 4, 6

Learning rate: 0.05, 0.1, 0.2

Neural network Number of hidden layers: 3 Number of units: [100, 100, 100], [150, 150, 150], [200, 200, 200]

Activation function: rectified linear unit Dropout ratio: [0, 0, 0], [0.25, 0.25, 0.25], [0.5, 0.5, 0.5]

Optimizer: Adadelta

Loss: binary cross-entropy

Batch size: 1024

Epochs: 20 with early stopping

Random forest Number of trees: 50

(meta learner) Variables per split: 4

Sample size ratio: 0.632

Minimal records per node: 50
cation threshold converts the matching scores of the machine learning 
methods into two classes. We chose the classification threshold for each 
machine learning method to maximize the mean 𝐹1 score on the vali-

dation folds during cross-validation.

We measure the linkage quality by accuracy, balanced accuracy, 
𝐹1 score, precision, recall, specificity, area under the precision-recall 
curve (AUPRC), and area under the receiver operating characteristic 
curve (AUROC). The mean and standard deviation of the linkage qual-

ity measures from 10 runs are reported.

In the two-class setting, we test the statistical significance of link-

age quality using a pairwise Wilcoxon rank-sum test [23]. Appendix H

discusses the details of the statistical test.

Three-class setting evaluation approach To compare the record linkage 
methods in a three-class setting (no-match/ undecided/ match), we trans-

form the matching scores of the machine learning models into three 
classes by classifying all records close to the classification threshold of 
the two-class setting as undecided. This means that for a machine learn-

ing model

𝑓 ∶  → [0,1]

that predicts matching scores, we define a model that predicts three 
classes by

𝑓 ∶  → {no-match, undecided, match} with

𝑓 (𝑥) ∶=

⎧⎪⎪⎨⎪⎪⎩

no-match if 𝑓 (𝑥) ∈
[
0, 𝑡− 𝑙

2

)
,

undecided if 𝑓 (𝑥) ∈
[
𝑡− 𝑙

2 , 𝑡+
𝑙

2

]
,

match if 𝑓 (𝑥) ∈
(
𝑡+ 𝑙

2 ,1
]

,

(1)

for the set of record-tumor pairs  as described in Section 2.1, a record-

tumor pair 𝑥 ∈  , a classification threshold 𝑡 ∈ [0, 1], and an interval 
length 𝑙 ∈ [0, 1].

As in the two-class setting, we choose for each method the classifi-

cation threshold 𝑡 that maximizes the mean 𝐹1 score on the validation 
folds during cross-validation. For an interval length 𝑙 equal to zero, the 
machine learning methods decide all record-tumor pairs as in the two-

class setting. The percentage of undecided records increases with the 
interval length 𝑙. When the interval length 𝑙 is large enough, all record-

tumor pairs are evaluated undecided.

In the three-class setting, we evaluate decided and undecided 
records separately. A record is decided if it is labeled no-match or match. 
Thus, each record is either decided or undecided depending on the 
interval length 𝑙 in Equation (1). To evaluate the linkage quality of 
4

the undecided records, each undecided record is labeled no-match or 
match as in the two-class setting or equivalently for an interval length 𝑙

equal to zero in Equation (1). The number of decided and undecided 
records are mutually dependent, since if 𝑥% of the records are decided, 
then 1 − 𝑥% of the records are undecided, and vice versa. The number 
of undecided (or decided) records determines the manual effort since 
all undecided records are reviewed by domain experts.

We measure linkage quality in the three-class setting using accuracy 
and 𝐹1 score averaged over 10 runs.

3. Results

3.1. Two-class setting results

First, we discuss the statistical significance of linkage quality in the 
two-class setting. Table 4 shows the adjusted p-values for the Wilcoxon 
rank-sum test under the null hypothesis, that the linkage quality mea-

sure of two record linkage methods is not significantly different. The 
alternative hypothesis is that the linkage quality measure of the two 
linkage methods is significantly different. For clarity, we only show ad-

justed p-values above 0.01.

Overall, 109 of the 120 linkage quality measures compared pairwise 
were significantly different at the 0.01 significance level. In contrast, 
none of the linkage quality measures for the neural network and gradi-

ent boosting models were statistically different at the 0.01 significance 
level. In addition, the balanced accuracy of the neural network, gradi-

ent boosting, stacked models, and the recall of the random forest and 
logistic regression were not statistically different at this significance 
level.

Next, we compare the linkage quality measures of the discussed 
methods in the two-class setting. Table 5 shows the mean accuracy, bal-

anced accuracy, 𝐹1 score, precision, recall, specificity, AUPRC, and AU-

ROC and their standard deviations over 10 runs. The gradient boosting 
and neural network models have the highest mean accuracy, balanced 
accuracy, 𝐹1 score, and recall. The stacked method performs best in 
terms of balanced accuracy, precision, specificity, AUPRC, and AUROC. 
All linkage quality measures of the deterministic rules exceed those of 
the logistic regression and the mean accuracy, 𝐹1 score, and recall of 
the random forest. The mean recall of the deterministic rules also ex-

ceeds that of the stacked method. For all reported measures, logistic 
regression has the lowest value.

3.2. Three-class setting results

In the three-class setting (no-match/ undecided/ match), we inves-

tigate how the accuracy and 𝐹1 score of the studied record linkage 

approaches depend on the percentage of decided (no-match/ match) and 
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Table 4

Adjusted p-values from pairwise Wilcoxon rank-sum test. P-values are adjusted us-

ing the Holm-Bonferroni correction. For clarity, we only show rows with adjusted 
p-values above 0.01. In total, 109 of the 120 pairwise compared linkage quality mea-

sures were significantly different at a significance level of 0.01. Rows are sorted by 
decreasing adjusted p-values.

Method 1 Method 2 Linkage quality measure Adjusted p-value

Neural network Gradient boosting Balanced accuracy 0.481

Neural network Gradient boosting AUPRC 0.436

Neural network Gradient boosting AUROC 0.315

Neural network Stacked method Balanced accuracy 0.210

Gradient boosting Stacked method Balanced accuracy 0.130

Random forest Logistic regression Recall 0.105

Neural network Gradient boosting Specificity 0.105

Neural network Gradient boosting Precision 0.089

Neural network Gradient boosting Recall 0.023

Neural network Gradient boosting Accuracy 0.015

Neural network Gradient boosting 𝐹1 score 0.011

Table 5

Mean and standard deviation of linkage quality in the two-class setting over 10 runs. We highlighted the highest mean linkage quality values and results that are 
not statistically different from the highest linkage quality at a 0.01 significance level. Record linkage methods are sorted by decreasing accuracy.

Method Accuracy Balanced accuracy 𝐹1 score Precision Recall Specificity AUPRC AUROC

Gradient boosting 0.978 ± 0.002 0.961 ± 0.003 0.988 ± 0.001 0.995 ± 0.000 0.981 ± 0.002 0.94 ± 0.006 0.999 ± 0.000 0.989 ± 0.001

Neural network 0.976 ± 0.002 0.961 ± 0.003 0.987 ± 0.001 0.996 ± 0.000 0.978 ± 0.003 0.944 ± 0.006 0.999 ± 0.000 0.988 ± 0.001

Stacked method 0.968 ± 0.004 0.963 ± 0.002 0.983 ± 0.002 0.997 ± 0.000 0.969 ± 0.004 0.957 ± 0.005 0.999 ± 0.000 0.992 ± 0.001

Random forest 0.953 ± 0.004 0.936 ± 0.005 0.974 ± 0.002 0.993 ± 0.001 0.956 ± 0.005 0.917 ± 0.012 0.998 ± 0.000 0.983 ± 0.002

Logistic regression 0.915 ± 0.007 0.713 ± 0.008 0.954 ± 0.004 0.958 ± 0.001 0.949 ± 0.009 0.477 ± 0.024 0.982 ± 0.001 0.847 ± 0.004

Deterministic rules 0.964 ± 0.001 0.904 ± 0.003 0.98 ± 0.000 0.987 ± 0.000 0.974 ± 0.001 0.834 ± 0.006 0.992 ± 0.000 0.904 ± 0.003

Fig. 3. Linkage quality of decided records (only match or no-match) over the percentage of decided records (depending on 𝑙 in Equation (1)) in the three-class 
setting; the percentage of decided records measures manual effort (since the more records are decided, the fewer records are undecided and the other way around). 
Accuracy (A) and 𝐹1 score (B) measure linkage quality. We evaluate the models on the test set and determine the records to be decided separately for each model. 
Accuracy and 𝐹 score are averaged over 10 runs. Note that the vertical axis does not start at the origin.
1

undecided records since the manual effort increases with the number of 
undecided records and decreases with the number of decided records.

Linkage quality of decided records First, we examine the linkage quality 
for the records decided by the approaches. Fig. 3 plots the mean linkage 
quality of decided records against the percentage of decided records in 
the test set.

The deterministic rules decide on average 99.11% of all records, 
5

leaving 0.89% of all records undecided; they have a mean accuracy 
of 0.964 and a mean 𝐹1 score of 0.980. Thus, gradient boosting and 
the stacked approach have higher accuracy and 𝐹1 scores than the de-

terministic rules for all percentages of undecided records (even if they 
decide 100% of all records).

Comparing the machine learning methods, the neural network per-

forms best if more than approximately 90% of the records are decided. 
If less than approximately 90% of the records are automatically de-

cided, gradient boosting, random forest, and the stacked method have 

the highest mean accuracy and 𝐹1 score. As expected, the mean accu-
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Fig. 4. Linkage quality of undecided records over the percentage of undecided records (depending on 𝑙 in Equation (1)). Linkage quality is measured by accuracy (A) 
and 𝐹1 score (B); the percentage of undecided records measures manual effort. We evaluate the models on the test set and determine the undecided records separately 
for each model. Accuracy and 𝐹1 score are averaged over 10 runs. Note that the vertical axis does not start at the origin. The x-axis is inverted to match the x-axis 
of Fig. 3.
racy and 𝐹1 score of all machine learning methods, except the neural 
network, decrease as the number of decided records increases. The neu-

ral network behaves differently, with a minimum accuracy and 𝐹1 score 
at approximately 10% of decided records.

Linkage quality of undecided records Next, we study the linkage quality 
of the machine learning methods for undecided records. Fig. 4 plots 
the mean linkage quality for undecided records over the percentage of 
undecided records in the test set. The x-axes of Figs. 3 and 4 correspond 
to each other as if 𝑥% of the records are decided than 1 − 𝑥% of the 
records are undecided. We do not report results for the deterministic 
rules because it is not possible to generate the labels match or no-match

for the undecided records of the deterministic rules.

The accuracy and 𝐹1 scores of the undecided records are lower than 
the results for decided records. This is as expected, since the undecided 
records are closer to the classification threshold 𝑡 in Equation (1) than 
the decided records. Furthermore, the linkage quality steadily decreases 
with a smaller number of undecided records until a global minimum 
is reached between approximately 10% and 0% of undecided records. 
For a smaller number of undecided records, both measures of linkage 
quality increase again.

Comparing the machine learning methods, the neural network and 
gradient boosting have the highest mean accuracy and 𝐹1 score on the 
undecided records if more than approximately 10% of the records re-

main undecided. If there are less than approximately 10% of undecided 
records, or even if all records are decided, gradient boosting and ran-

dom forest perform best.

4. Discussion

We find the following: First, in the two-class setting, the gradient 
boosting, neural network, and stacked model outperformed the deter-

ministic rules. Second, in the three-class setting, these machine learning 
methods can automatically process all reported records and still have 
higher accuracy and 𝐹1 scores than the deterministic baseline. Finally, 
the linkage quality of the machine learning methods, except for the neu-

ral network, increases with a higher percentage of manually processed 
6

records. Based on these findings, machine learning can improve link-
age quality and reduce the manual effort required by medical coders to 
match tumor records in cancer registries.

The deterministic rules have a fixed linkage quality and manual ef-

fort (manual processing of on average 0.89% of all records). In contrast, 
one can adjust the linkage quality and manual effort of machine learn-

ing methods. Thus, cancer registries can implement machine learning 
methods depending on the resources available for manual processing 
or the required linkage quality. For example, increasing the manual ef-

fort from 0.89% to 8.90%, which is a factor of 10 increase compared 
to the manual effort of the deterministic rules, increases the accuracy 
of the gradient boosting model from 0.978 to 0.994 and the 𝐹1 score 
from 0.988 to 0.997. To achieve an accuracy of 0.999 with gradient 
boosting, domain experts must manually process 40.00% of the reported 
records; to achieve an 𝐹1 score of 0.999, it is necessary to manually pro-

cess 18.60% of all records.

Fewer models were trained for the logistic regression, random forest, 
gradient boosting, and neural network approaches than for the stacked 
method. For logistic regression, we trained three different hyperparam-

eter configurations using 2-fold cross-validation, and the final model 
was fitted to the entire training dataset, for a total of seven models. 
For random forest, gradient boosting, and neural network, we fitted 
two models to subsamples of the training data during cross-validation 
for each of the nine grid search hyperparameter configurations, and 
the final model to the entire training data, for a total of 19 models 
trained for each approach. For the stacked method, we fit four dif-

ferent methods and the meta learner, for a total of 65 models. Thus, 
if computational resources are not limited and high precision, speci-

ficity, AUPRC, and AUROC are required, a stacked method (mean 
𝐹1 score: 0.983, mean AUROC: 0.992) can be implemented. Otherwise, 
gradient boosting (mean 𝐹1 score: 0.988, mean AUROC: 0.989) or neu-

ral networks (mean 𝐹1 score: 0.987, mean AUROC: 0.988) are good 
choices.

If machine learning methods automatically process almost all 
records in the three-class setting, we observe lower linkage quality. 
This suggests that machine learning models may have problems pro-

cessing records close to the classification threshold 𝑡 in Equation (1). To 
improve the linkage quality of such records, we intend to investigate ac-

tive learning approaches for record linkage in future research [24,25]. 

That is, records that are difficult for machine learning models to de-
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cide will be sent to domain experts for evaluation. We will then use 
these evaluated records to improve the machine learning models. Ac-

tive learning approaches can also reduce the number of records used to 
train the machine learning models and thus reduce the manual effort of 
domain experts to label records [26].

5. Conclusions

Cancer registries link large numbers of electronic health records us-

ing deterministic rules and probabilistic approaches; machine learning 
methods are rarely used. Typically, not all records can be processed 
automatically and are therefore passed on to medical coders. The link-

age quality and how it depends on the manual effort to link those 
records that cannot be automatically decided by record linkage meth-

ods is of great interest. Therefore, this study investigates how linkage 
quality depends on manual effort for five machine learning methods 
and a deterministic baseline. We compare the record linkage methods 
in a two-class (no-match/ match) and a three-class (no-match/ undecided/ 
match) setting, where the record linkage methods do not automatically 
decide a predefined percentage of records.

We find that gradient boosting, neural network, and stacked mod-

els outperform the deterministic baseline in both settings. Even if the 
machine learning methods automatically process all reported records, 
the accuracy and 𝐹1 scores of these three approaches are higher than 
the deterministic baseline. Moreover, the linkage quality of the machine 
learning methods, except for the neural network, increases as the num-

ber of manually processed records increases. Our results help cancer 
registries estimate the increase in linkage quality for different amounts 
of manual effort spent on processing undecided records.

Overall, machine learning can improve linkage quality and reduce 
the manual effort of medical coders to match tumor records in cancer 
registries compared to a deterministic baseline.

List of abbreviations

AUPRC: area under the precision-recall curve; AUROC: area un-

der the receiver operating characteristic curve; ICD-10: international 
statistical classification of diseases and related health problems, 10th re-

vision; ICD-O: international classification of diseases for oncology, third 
edition.

Summary table

What was already known:

• Deterministic and probabilistic approaches, rarely machine learn-

ing, are used for record linkage.

• Machine learning methods for record linkage can outperform non-

learning approaches.

• Records that cannot be linked automatically are usually processed 
manually.

What this study adds to our knowledge:

• Machine learning methods can improve the linkage quality of tu-

mor records in cancer registries.

• Machine learning methods can reduce the manual effort required 
to link tumor records in cancer registries.

• Cancer registries can estimate how linkage quality increases as 
more manual effort is spent on manually processing records.
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Appendix A. Related work

Record linkage methods and their quality on different datasets are 
actively studied. Table 1 summarizes related work by record linkage 
method, problem domain, and characteristics of the selected datasets.

Six of the studies shown in Table 1 discuss record linkage tasks in 
a medical context; only study [14] discusses two other domains. In the 
first task, they matched scientific publications provided by different bib-

liographic sources based on their title, authors, location, and year. In 
the second task, products available on different e-commerce platforms 
are linked based on their product name, description, manufacturer, and 
price. In the medical context, people are often matched based on their 
name, address, gender, and date of birth. This is of interest in hospi-

tal admissions to identify people who have been treated at the hospital 
before [17,18]. Another application is the collection of epidemiologi-

cal data. In [19], data from people with HIV and syphilis are linked. In 
the simulated scenarios of [15] and [19], people are matched. In [16], 
the authors simulated the registration of claims for hospital events. Be-

cause most research studies primarily patients in the medical domain, 
record linkage methods are compared on datasets with strings, dates, 

and categorical variables with few values.
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The datasets studied are either collected in the real world or simu-

lated. In [15] and [16], the datasets are created synthetically by draw-

ing values for records from predefined distributions. Noise and overlap 
are simulated to create different test scenarios. How well results on 
simulated datasets generalize to real-world datasets can be unclear. For 
simulated datasets, the matching records are known. Studies based on 
real-world datasets use different approaches to evaluate the quality of 
record linkage methods. If available, the true matches are linked by a 
unique identifier [18,14]. Otherwise, the ground truth is generated by 
manual verification [17,14], an ensemble of the compared methods, or 
a combination of both [19]. The number of records of the investigated 
datasets varies between 2,000 and 1,587,120.

Existing studies extensively discuss deterministic and probabilistic 
approaches [15–19]. Deterministic approaches either link records that 
match in all compared variables [19], match in a subset of compared 
variables [15], or when the sum of weights for matching variables ex-

ceeds a certain threshold [17]. In the case of numeric or string variables, 
these matches can be either exact [16] or inexact based on similarity 
measures between the variables [18].

Several studies also include probabilistic approaches based on the 
Fellegi-Sunter method [14,16–19,27]. The authors of [15] and [18] dis-

cuss an approach that uses expectation maximization to determine the 
threshold for the Fellegi-Sunter method. The study of [19] includes 
a Bayesian approach that allows to drop the independence assump-

tion of the individual records pairs in the case of the Fellegi-Sunter 
method. In the experiments conducted, this leads to a better detection 
of mismatching records. The results of [15] show that probabilistic ap-

proaches outperform deterministic rules in the studied settings. In [16]

and [19], the authors also discuss the impact of data quality on record 
linkage quality. They show that if data quality is low, probabilistic ap-

proaches outperform deterministic rules. If data quality is high, they 
perform similarly. In addition to the previously mentioned methods, 
the study of [14] discusses machine learning approaches such as sup-

port vector machines and decision trees. The authors find that machine 
learning approaches outperform non-learning approaches in their ex-

periments.

Appendix B. Data collection

Fig. 1 shows the data collection process in cancer registries. After 
an individual develops cancer, hospitals, pathologists, and physicians 
collect information during clinical diagnosis, treatment, and disease 
progression, such as recovery, cancer recurrence, or death, and report 
this information electronically to cancer registries.

Cancer registries first use probabilistic approaches to match in-

coming records to the correct individual. Deterministic rules then link 
reported records to the matching tumor. If existing probabilistic and de-

terministic approaches fail to match reported records, domain experts 
manually process them. In addition, domain experts can adjust the de-

cisions of the probabilistic and deterministic approaches. In the Cancer 
Registry of the Institute for Digital Health Data Rhineland-Palatinate, 
approximately 15 medical coders with at least three years of training 
perform these tasks. Physicians specializing in cancer care review am-

biguous records. Hospitals, researchers, or pharmaceutical companies 
then analyze the collected records to improve existing therapies or de-

velop new ones.

This study focuses on the second matching step in Fig. 1 that links 
reported records to matching registered tumors. Thus, the records stud-

ied are already linked to the matching individual.

Appendix C. Variables

Five variables describe each reported record and each registered tu-

mor: ICD-10 code, ICD-O topography, ICD-O morphology, tumor later-

ality, and diagnosis date. The ICD-10 code is the International Statistical 
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World Health Organization [28]. It is a general system for classifying 
diseases. The ICD-10 codes for tumor diseases consist of four characters 
separated by a period: the first three characters categorize the disease in 
general, and the fourth character describes the disease in more detail. 
The ICD-O topography and morphology are part of the International 
Classification of Diseases for Oncology and are also published by the 
World Health Organization [29]. Both ICD-O codes are tumor-specific 
classification systems. The ICD-O topography describes the tumor’s lo-

cation in the person’s body. The ICD-O morphology characterizes the 
tumor’s cell type and behavior. Tumor laterality indicates the side of 
the paired organs involved: either right or left, both sides, centered, not 
applicable, or unknown. Table C.6 shows the five most frequent values 
for each variable, and Table C.7 shows patient demographics. The Can-

cer Registry of the Institute for Digital Health Data Rhineland-Palatinate 
does not collect information on patient comorbidities, ethnicity, or so-

cioeconomic status.

Appendix D. Variable preprocessing

For the diagnosis date of a reported record and the diagnosis date 
of a registered tumor, we calculate their time difference in days. We 
then group each time difference into four categories: either both tumors 
were diagnosed on the same day, the time difference in days between 
the reported and registered tumor is greater than zero and less than or 
equal to 92 days, the time difference in days is greater than 92 days, or 
at least one of the diagnosis dates is unknown. The threshold of 92 days 
is motivated by guidelines for tumor registration [30].

We fill missing values with a dummy value, rather than completely 
excluding incomplete records or variables. After preprocessing, each 
variable is categorical, and its number of unique values varies between 6
and 1, 509. We one-hot encode the variables for the machine learning 
methods.

Appendix E. Deterministic rules

Domain experts designed the deterministic rules to match reported 
records to registered tumors based on the International Rules for Mul-

tiple Primary Cancers of the International Association of Cancer Reg-

istries and the International Agency for Research on Cancer [31]. More-

over, we considered adaptations and comments from the Association of 
Epidemiological Cancer Registries in Germany [30].

The rules for linking reported records to registered tumors depend 
on the specific tumor characteristics and the diagnosis date. In general, 
one primary tumor per organ and tissue type is registered regardless 
of time. In addition, dependent tumors are matched. For example, re-

currences, metastases, and tumors that have spread from one organ to 
another are linked to one primary tumor. In contrast, tumors of paired 
organs, skin or intestine, and early stages of later invasive tumors with 
different therapies are counted separately [30]. Further detailed guide-

lines are defined in [32] and [33].

A decision tree with a total of 33 nodes and a depth of 28 nodes 
represents the deterministic rules. Each node can have one logical rule 
for one variable up to 12 logical rules for multiple variables. If possible, 
missing ICD-O morphology or ICD-O topography codes are completed 
based on the ICD-10 code of the corresponding record. Furthermore, 
special rules process records with ICD-O topography codes of paired 
organs, ICD-10 codes of death certificates, and ICD-O morphology codes 
of systemic diseases that are difficult to distinguish in clinical practice.

Appendix F. Machine learning methods

The investigated machine learning models calculate a matching 
score for each pair of reported records and registered tumors of an in-

dividual. If the matching score is above (or below) a certain threshold, 

then the record-tumor pair is labeled match (no-match), as described in 
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Table C.6

The five most frequent values of reported records and registered tumors per variable with 
the number (#) and percentage (%) of occurrences.

Reported records Registered tumors

Variable Value # % Value # %

ICD-10 code

C61 19,032 13.06% C61 5,051 15.17%

C50.4 13,014 8.93% C50.4 2,191 6.58%

C50.9 6,376 4.37% C34.1 1,298 3.90%

C34.1 6,041 4.14% C20 1,205 3.62%

C20 5,868 4.03% C50.8 938 2.82%

ICD-O topography

C61.9 19,172 13.15% C61.9 5,057 15.19%

C50.4 13,424 9.21% C50.4 2,283 6.86%

C50.9 6,990 4.80% C34.1 1,302 3.91%

C34.1 6,095 4.18% C20.9 1,244 3.74%

C20.9 5,870 4.03% C50.8 995 2.99%

Tumor laterality

T 50,919 34.93% T 15,684 47.11%

R 37,922 26.02% R 7,675 23.06%

L 35,844 24.59% L 7,304 21.94%

U 7,593 5.21% U 1,243 3.73%

B 5,019 3.44% B 871 2.62%

ICD-O morphology

8140/3 28,430 19.51% 8140/3 9,814 29.48%

8500/3 15,458 10.61% 8500/3 4,083 12.27%

8070/3 3,766 2.58% 8070/3 1,603 4.82%

8520/3 2,736 1.88% 8520/3 685 2.06%

8380/3 2,511 1.72% 8380/3 624 1.87%

Diagnosis date (year-month)

2019-1 15,027 10.31% 2019-1 2,350 7.06%

2019-2 13,689 9.39% 2019-5 2,202 6.61%

2019-3 12,572 8.63% 2019-2 2,136 6.42%

2019-4 11,912 8.17% 2019-3 2,092 6.28%

2019-5 11,839 8.12% 2019-7 1,998 6.00%
Table C.7

Gender breakdown in absolute numbers (#) and in percentage (%) 
and patient demographics with mean and standard deviation of 
age at diagnosis.

Patients Age at diagnosis (in years)

Gender # % Mean Standard deviation

Male 16,128 50.6% 68.4 12.4

Not reported 35 0.1% 61.9 14.7

Female 15,739 49.3% 64.3 15.0

All 31,902 100.0% 66.4 13.9

Section 2.3. If the machine learning models cannot process a record-

tumor pair with sufficient certainty, the record-tumor is marked as un-

decided and forwarded for manual processing (for the undecided records 
of the machine learning methods, see Equation (1)).

Table 3 shows the fixed and variable hyperparameters of the inves-

tigated machine learning methods. Appendix G describes the optimiza-

tion of the variable hyperparameters during training.

Logistic regression fits a sigmoid function to the data. During train-

ing, the parameters of the sigmoid function are adjusted to minimize 
a cost function that includes a penalty term to avoid overfitting. We 
varied the strength and mixture of the 𝐿1 and 𝐿2 penalties.

Random forests and gradient boosting models are both ensembles of 
decision trees. Random forests train multiple decision trees on boot-

strapped data samples and consider only a random subset of input 
variables for each split. Both reduce the dependence of individual de-

cision trees on each other and avoid overfitting. A majority vote of all 
trees gives the final classification [34]. We fixed the number of deci-

sion trees and the sample size ratio for hyperparameter optimization. 
The number of randomly sampled variables for each split and the min-

imum number of records per node to keep the decision tree growing 
were varied.

Unlike the parallel construction of random forests, gradient boosting 
grows decision trees sequentially by multiplying the output of each de-
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cision by a learning rate and adding them up. Each decision tree reduces 
the residuals of the previous model between the predicted matching 
scores and the actual labels. The sequentially grown decision trees have 
a low depth to avoid overfitting [35]. We used the same number of de-

cision trees for gradient boosting as for random forest and varied the 
depth of each decision tree and the learning rate.

Feed-forward neural networks predict by iteratively passing data 
through a sequence of affine linear transformations and nonlinear ac-

tivation functions. The neural network adjusts the parameters of the 
affine linear transformations during training to minimize the observed 
classification loss. Each neural network is trained for 20 epochs or un-

til the average loss over two epochs on the validation set decreases less 
than 5% compared to the average loss over the previous two epochs. 
We use dropout to reduce overfitting by replacing a randomly selected 
fraction of the affine linear transformations with the zero function after 
each parameter adaptation [36]. During hyperparameter optimization, 
we vary the number of nodes in the hidden layers and the dropout ra-

tio.

Stacked models predict in two steps: First, different models, the base 
learners, predict labels for the records. Second, an additional model, 
the meta learner, predicts the final label based on the predictions of 
the base learners [37]. We use logistic regression, random forest, gra-

dient boosting, and neural network models as base learners. Our meta 
learner is a random forest model. The random forest meta learner has 
the same hyperparameters as the random forest base learner, but we 
did not optimize the hyperparameter values of the meta learner during 
training.

Appendix G. Training approach

The machine learning methods are trained and evaluated on differ-

ent datasets to measure the linkage quality independently of the data 
used for training. Before data preprocessing, we randomly divided the 
dataset into a training set with 80% and a test set with 20% of the 
data.

Since the studied dataset contains more record-tumor pairs labeled 

match than record-tumor pairs labeled no-match (for label generation, 
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see Section 2.1), we balance the labels in the training set. Therefore, 
we randomly up-sample the few record-tumor pairs labeled no-match

and down-sample the many record-tumor pairs labeled match. Overall, 
the sampling does not change the size of the training set. We do not 
sample the test set to ensure a realistic evaluation of the record linkage 
methods.

We fit each machine learning method with different hyperparame-

ters on the training set (for the hyperparameters, see Appendix F). For 
each approach, the hyperparameter configurations are generated by the 
values of the fixed and all combinations of the variable hyperparameters 
of Table 3. We evaluate three different hyperparameter configurations 
for logistic regression and nine for the random forest, gradient boosting, 
and neural network approaches. 2-fold cross-validation evaluates each 
hyperparameter configuration by dividing the training set into two sub-

sets of equal size. We train each model on one subset and evaluate 
it on the other. This process is repeated by switching the subsets for 
training and evaluation. Finally, we select the model with the highest 
mean 𝐹1 score over these two evaluations. The stacked approach fits the 
meta learner to the predictions of the four base learners on the training 
set generated during cross-validation. The hyperparameters of the meta 
learners are not optimized.

In the literature, 5-fold or 10-fold cross-validation is often used [38,

39]. On the one hand, increasing the number of folds used for cross-

validation also increases the number of trained models in our exper-

iments. On the other hand, increasing the number of folds used for 
cross-validation also increases the size of the subsamples used for train-

ing. Consequently, the performance of a model trained on a larger 
cross-validation subsample is a better estimate of the model’s perfor-

mance fitted to the entire training set. However, the number of folds 
used for cross-validation may have little effect on our results because 
the dataset studied is relatively large. In our opinion, a 2-fold cross-

validation is suitable to evaluate the performance of the models while 
limiting the computational effort of our experiments.

To evaluate the influence of randomness due to the test and training 
split and the initialization of the machine learning methods, the training 
and evaluation approach is repeated 10 times.

Appendix H. Statistical significance

In the two-class setting, we test the statistical significance of linkage 
quality using a pairwise Wilcoxon rank-sum test [23]. This test ranks 
the runs of two record linkage methods by a measure of linkage qual-

ity, such as accuracy. Then, the ranks of the runs of each record linkage 
method are summed and compared under the null hypothesis that the 
linkage quality of the two methods is not significantly different. If the 
null hypothesis holds, then the test randomly ranks the runs of both 
methods. We test the significance of all examined linkage quality mea-

sures and each pair of record linkage methods.

To address the multiple testing problem, which can increase the 
number of statistically significant hypotheses, we apply the Holm-

Bonferroni correction separately to all hypotheses concerning a linkage 
quality measure [40]. The Holm-Bonferroni correction increases the p-

value of each null hypothesis, depending on the number of hypotheses 
tested and the initial p-values.
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