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Abstract. The aim of this study was to develop a methodology to link mortality
data from Internet sources with administrative data from electronic health records
and to assess the performance of different record linkage methods. We extracted
the electronic health records of all adult patients hospitalized at Rennes
comprehensive cancer center between January 1, 2010 and December 31, 2015 and
separated them in two groups (training and test set). We also extracted all available
online obituaries from the most exhaustive French funeral home website using web
scraping techniques. We used and evaluated three different algorithms
(deterministic, approximate deterministic and probabilistic) to link the patients’
records with online obituaries. We optimized the algorithms using the training set
and then evaluated them in the test set. The overall precision was between 98 and
100%. The three classification algorithms performed better for men than women.
The probabilistic classification decreased the number of manual reviews, but
slightly increased the number of false negatives. To address the problem of long
delays in the publication or sharing of mortality data, online obituary data could be
considered for real-time surveillance of mortality in patients with cancer because
they are easily available and time-efficient.
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Introduction

Cancer is among the leading causes of death worldwide and cancer-related statistics are
closely monitored in many countries. Several key statistics such as incidence,
prevalence, mortality, survival and type of cancer, are used to assess the impact of
cancer in the general population.[1] To collect these metrics, two types of data sources
are generally used: cancer registries and mortality databases. Population-based cancer
registries collect data on all new cases of cancer that occur in a well-defined
population[2] (regional or nationwide). Mortality data come from different sources
such as civil registration systems[3] or reimbursement claims. [4]. However, given the
sensitive nature of these data, these databases are not available for public use or for
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routine use, and investigators must obtain specific approval to access them for clinical
research purposes. Moreover, cancer surveillance statistics are usually national rather
than local, and are available with a few years of delay because in most cases, they are
manually reported and need to be reviewed before publication. Mining web content,
such as web queries or social media, allows near real-time digital surveillance. Studies
using Internet based-data identified trends that are comparable to those obtained using
established indicator-based surveillance methods.[5] However, most studies based on
web data have focused on reproducing mortality trends,[6] or on comparing patient-
reported outcomes with traditional health records.[7].However, cancer studies
involving death rates and/or survival rates use traditional sources of data such as
national cancer registries[8,9] or reimbursement claims to link their medical record to
mortality statistics. Nevertheless, it has been shown that obituaries might provide
reasonably reliable mortality data that could be used to generate study hypotheses for
future epidemiological studies.[10] Therefore, we hypothesized that it should be
possible to match medical records to death announcements to calculate mortality data,
although these data sources are incomplete and do not entirely overlap. The aim of this
study was to develop a methodology to link mortality data from online obituaries at
funeral home websites to administrative data from electronic health records and to
assess the performance of different record linkage methods.

1. Material and Methods
1.1. Data Sources

We used two data sources: the patients’ electronic health records (EHR) from the
Rennes Comprehensive Cancer Center (Centre Eugéne Marquis, CEM) database, and
obituaries from French funeral home websites. We extracted ten fields from the CEM
database that were necessary for the linkage: First Name, Middle Name, Maiden Name,
Last Name, Date of Birth, Birthplace, Last known address, Zip Code, Sex, and
Hospitalization Dates. For patient with multiple hospitalizations, we only kept the most
recent stay, and considered it as the last known date when the patient was alive. We
then randomly divided the patients included in the CEM database in two datasets:
training set (82% of all patients) and test set (18% of all patients). Obituaries were
extracted from the most exhaustive French funeral home website: www.avisdedeces.net
using an online third-party service for web scraping[11] (www.import.io). For
confidentiality and safety reasons, we downloaded the scraping result files and matched
them locally with the EHR data. The following data were extracted from the obituaries:
First Name, Middle Name, Maiden Name, Last Name, Date of Death, Age of Death,
City and Zip Code.

1.2. Linking model

Our approach included four steps (Figure 1): i) data cleaning and standardization; ii)
indexing and creation of candidate record pairs; iii) comparison of candidate record
pairs; and iv) classification of the candidate record pairs into matches and non matches.
The first step was carried out to improve data quality and transform both databases in a
common standardized form. To match two databases that contain » and m records, m x
n comparisons are required. As both databases were quite large, the aim of the indexing
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step was to reduce the number of record pairs that were compared and accelerate the
linkage process. For this, we used a block search and applied the following blocking
key: Sex (male/female) concatenated with the first three letters of the Last Name.
Record comparison was based on similarity. For each candidate record pair generated
in Step 2, we compared several record fields and used different approximate string
comparison functions, depending on the field type. For each field, a similarity score
ranging from 0 (total dissimilarity) to 1 (exact match) was generated. In-between scores
corresponded to some degree of similarity. If a field was empty, its similarity score was
arbitrarily noted as “0”. In the final step, we assessed whether each candidate record
pair belonged to the same person and classified the record pairs into matches and non-
matches, based on their overall similarity score. As women, but not men, can have a
maiden name (and therefore a supplementary record field), we separated our record
pairs by sex before their classification. We optimized our matching approach in the
training set, and then evaluated them using a random sample from the test set. We
reviewed manually the classification algorithm with one medical expert. Uncertain
pairs were reviewed again by two other investigators
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Figure 1. Study design.
1.3. Ethics approval

This study was approved by National Commission for Informatics and Freedom (CNIL,
Commission Nationale Informatique et Libertés) who agreed to give a waiver of
consent for the study. However patients were collectively informed of the study on the
hospital website and in the patients’ book.

2. Results

The CEM database included 74,257 patients hospitalized between January 1, 2010 and
December 31, 2015. The training set had 60,672 patients (82% of the CEM database)
and the test set 13,585 patients (18% of the CEM database). The obituary database
included 1,885,816 subjects deceased between January 1, 2010 and December 31, 2015.
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The overall precision was between 98 and 100%. For women, the three algorithms
displayed the same Positive Predictive Value (PPV) (100%). For men, the exact
deterministic algorithm showed the best PPV (100%). Overall, the three classification
algorithms performed better for men than for women. The Negative Predictive Value
(NPV) was around 99% regardless of the sex. In both cases, the probabilistic
classification decreased the number of manual reviews, but slightly increased the
number of false negatives (Table 1).

Table 1. Algorithm Performance

Women Men
Exact Approximate Proba- Exact Approximate Proba-
deter- deterministic bilistic deter- deterministic bilistic
ministic ministic

PPV 100 % 100 % 100 % 100% 98% 98%
Manual 34% 9% 9% 4%
review
NPV 100% 99 % 99% 99%

PPV: Positive Predictive Value. NPV: Negative Predictive Value.

3. Discussion

All classification approaches showed very high precision (between 98 and 100%) and
NPV (around 99%), which are highly sought in identity matching. The approximate
deterministic and probabilistic approaches outperformed the exact deterministic method,
especially for men (who had fewer classification fields than women). The probabilistic
method did not improve precision and recall for the single-threshold classification, but
greatly reduced the number of manual reviews in the dual threshold situation,
especially for women (from 34.3% to 8.9%).

Our study has several limitations. First, obituaries came from a unique digital
source (funeral homes). However, it was rather exhaustive because we estimated that it
covered more than half of the absolute number of deaths nation-wide and 86% in
Brittany where most of our patients lived (data not shown). Second, we chose to adjust
our thresholds to obtain the highest possible specificity. Previous studies [12] showed
that for record linkage, it is the most pertinent choice, although it automatically
increases the false negative results. Women with a missing name field (missing maiden
name or married name) were particularly affected by this methodological choice. As
we gave a “0” similarity score also to empty fields, we did not differentiate between
missing and totally dissimilar data, and these women were classified as non-matches,
although they were matches for all the other fields. Finally, we only used a limited
number of methods for record linkage. Most record linkage studies use several
combinations of blocking variables.[13] We might have missed potential record pairs
because we only had one combination for our blocking variable, but we were limited
by the available information: inferred sex and last name were the most reliable
attributes, while other combinations were risky.

Most studies using mortality data from external sources have tried to reproduce
mortality trends or used more conventional sources for record linkage.[14] This study
moves one step further by linking obituary data to real patient records. Despite the
limitations and the relatively low number of variables, we still managed to match
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accurately a good number of records. Furthermore, our source is almost real-time,
whereas most mortality data from conventional sources are only available on an annual
basis.[1] Therefore, this method can be applied for real-time monitoring of death rates
of patients with cancer without the usual delay of the traditional methods.

This system cannot make the same claims of completeness as official mortality
registries, but it could become a supplemental and reliable source of information for
routine vital status surveillance.

4. Conclusion

Our study demonstrated that online obituary data could be considered for real-time
surveillance of mortality in patients with cancer. This information is easily available
and time-efficient and addresses the problem of long delays in the publication or
sharing of mortality data. Next, we would like to compare our results to the mortality
data from the National Directory of Identification of Natural Persons (the French gold
standard) to confirm the accuracy of our findings.
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