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Background: Reconstructing patient treatment trajectories is important to generate real-world evidence for epidemiological studies. 
The Danish National Patient Registry (DNPR) contains information about drug prescriptions and could therefore be used to reconstruct 
treatment trajectories. We aimed to evaluate and enhance two existing methods to reconstruct systemic anticancer treatment 
trajectories.
Methods: This study was based on data from 8738 consecutive patients with solid tumors treated in the North Denmark Region 
between 2009 and 2019. Two approaches found in the literature as well as two new approaches were applied to the DNPR data. All 
methods relied on time intervals between two consecutive drug administrations to determine if they belonged to the same treatment 
line. MedOnc, a local dataset from the Department of Oncology, Aalborg University Hospital was used as a reference. To evaluate the 
performance of each method, F1-scores were calculated after matching the lines identified in both datasets. We used three different 
matching strategies: stringent matching, loose matching, and matching based on line numbers, controlling for overfitting.
Results: Overall, the two new approaches outperformed the simpler and best performing of the two existing methods, with F1-scores 
of 0.47 and 0.45 vs 0.44 for stringent matching and 0.84 and 0.83 vs 0.82 for loose matching. Nevertheless, only one of the new 
methods outperformed the existing simpler method when matching on the number of lines (0.73 vs 0.72). Large differences were seen 
by cancer site, especially for the stringent and line number matchings. Performances were relatively stable by calendar year.
Conclusion: The high F1-scores for the new methods confirm that they should be generally preferred to reconstruct systemic 
anticancer treatment trajectories using the DNPR.
Keywords: anticancer treatment, epidemiology, patient trajectory, Danish National Patient Register, treatment line

Background
The Danish National Patient Registry (DNPR) contains administrative data from all hospitals in Denmark. These data can 
be reliably linked to other Danish datasets using the civil personal registration (CPR) number.1 The DNPR contains 
information on inpatient, outpatient, and emergency room hospital contacts, including cancer diagnoses and treatments, 
such as drug-based treatments, surgery, or radiotherapy. This facilitates the generation of real-world data for epidemio
logical studies in Denmark.2,3

A key aspect in cancer epidemiology is the ability to reconstruct the patient treatment trajectory to evaluate 
the real-world benefit of such treatments and identify potential long-term side effects of treatments. The primary 
type of medical treatments for oncology patients are systemic anticancer treatments and include chemotherapy, 
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immunotherapy, and targeted and hormonal therapy. As the DNPR is an administrative repository, its validity for 
epidemiological studies is of primary importance. Validation studies on the registration of systemic anticancer 
treatments in the DNPR have been conducted, reporting good overall validity, but have almost exclusively 
evaluated individual drug registrations.4–6 As such, the question of reconstructing the patient systemic anticancer 
treatment trajectory in an aggregated manner has not been directly addressed.

The main challenge in this aggregation process is to group individual drug registrations into treatment lines. This is 
typically done by defining time thresholds between consecutive registrations to determine if they belong to the same 
treatment line (see Figure 1).

Sørup et al developed two approaches for joining codes into treatment lines based on a time threshold strategy.7

Yet, these approaches have some limitations. The first approach does not consider the codes used, which could be 
relevant. For example, for the same time interval, two consecutive drug administrations with the same code are more 
likely to be from the same treatment line than in the case of different codes.

The second approach may not adequately account for certain relatively frequent scenarios. Such scenarios include 
treatment lines with alternating drugs, detecting a new line for every change in drugs, or when two identical lines are 
used after a significant amount of time, leading to merging them into one. Furthermore, the methods were only trained 
and tested on a small cohort (n = 179) and few cancer sites.

The main objective of this work was to optimize and validate in a larger cohort the reconstruction of patient 
trajectories in terms of systemic anticancer treatment from the DNPR.

Materials and Methods
Data Sources
This study was based on data from the DNPR and the prescription software ARIA OIS for Medical Oncology v13.78 

(MedOnc) used at the Department of Oncology, Aalborg University Hospital, including all prescriptions of systemic 
anticancer treatment drugs between 2009 and 2019.

This validation study included data on all patients diagnosed with solid malignancies between 2009 and 2017 
(n = 17,100) at Aalborg University Hospital. Among those patients, 8738 were treated with systemic anticancer treatment 
at the Department of Oncology, Aalborg University Hospital. The treated patients were followed for two additional years 
until 2019 enabling a suitable follow-up time for patients diagnosed in the later years. The 8362 patients who did not 
receive systemic anticancer treatment in the 2009–2019 period were excluded.

The diagnosis and treatment information were obtained from the DNPR based on codes following the Danish Health Care 
Classification System9 (SKS). Diagnoses were mapped to the 10th Edition of the International Classification of Diseases 

Figure 1 Joining consecutive drug prescriptions into lines. Illustration for joining 5 drug prescriptions into 2 lines based on a unique time threshold. In this example we have 
used a time threshold (TT) of 45 days, regardless of the type of drug used. The first three drug registrations are less than 45 days apart so are joined in the same line. The 
time interval between the third and fourth drug prescriptions being more than the time threshold, they are considered as belonging to different lines. The time interval 
between the fourth and fifth drug prescriptions being less than the time threshold, they are grouped together as the second line. 
Abbreviation: SACT, systemic anticancer treatment.
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(ICD-10)10 and grouped according to primary tumor location. The primary tumor locations were defined as gastro-esophageal, 
colorectal, pancreatic, lung, breast, endometrial, ovarian, prostate, urinary, brain, or others (see Supplementary Table 1).

For treatment information, we focused on the SKS codes included in the “Special medical treatments and 
treatment principles” category (ie, SKS codes starting with “BWH”) and “Treatment with antibodies and 
immunomodulatory therapy” category (ie, SKS codes starting with “BOHJ”). These treatment codes were 
mapped to the Anatomical Therapeutic Chemical (ATC) classification11 (see “Mapping SKS procedure codes 
to ATC” in Supplementary Material and Supplementary Figure 1). Only treatment registrations related to anti- 
neoplastic agents (ATC codes starting with “L01”) were considered in this study. SKS codes that were not 
directly relatable to one or a set of ATC codes were considered generic. The high completeness of the mapping 
was confirmed in a previous study.6 For each treatment line, a list of ATC codes was created based on the 
corresponding SKS codes. To assess the validity of the registration in the DNPR, the extracted data were 
compared with the prescriptions found in the MedOnc dataset. This dataset is a direct extract from 
a prescription solution used by oncologists to define treatment plans. The lines from the MedOnc dataset were 
identified using the regimen name, consecutive drug prescriptions with the same regimen name were subse
quently grouped in one treatment line. To avoid grouping repeated treatment lines as one, a maximum of 180 
days was allowed between two drug prescriptions. In rare cases (<1‰), the regimen was not provided, and 
a limit of 30 days was used to group the prescription with existing treatment lines or create a new one. Patient 
data were linked across datasets using a patient identifier, an encoded version of the CPR1 number. Not directly 
using CPR numbers allowed to maintain pseudonymization of the data.

Each treatment line is defined with the patient identifier, a start date, an end date, and a list of ATC codes.

Extracting Treatment Lines
To evaluate the correspondence between the two datasets, we extracted data on treatment lines from the DNPR based on 
the SKS codes. As data on treatment lines are not specified in the DNPR, we used four categories to define two 
consecutive systemic anticancer treatment registrations (see Supplementary Table 2):

● “Same drug” if the SKS codes were identical and neither code was generic.
● “Different drugs” if the SKS codes were different and neither code was generic.
● “Same drug class” if at least one of the SKS codes was generic and the SKS codes were directly related (see Figure 2).
● “Different drug classes” if at least one of the SKS codes was generic and the SKS codes were not directly related.

These categories were used to define four corresponding time thresholds in days (outlined below) to determine if two 
consecutive registrations belonged to the same systemic anticancer treatment line. These time thresholds can be adjusted 
separately to evaluate the concordance for different combinations of values. For each identified line, a sorted list of 
unique ATC codes, excluding generic ATC codes, was generated from the individual systemic anticancer treatment 
registrations. For each time threshold, the systemic anticancer treatment lines were generated from the DNPR dataset, 
each line with a patient identifier, a start date, an end date, and a list of ATC codes.

We implemented the two methods proposed by Sørup et al7 using a combination of the thresholds (see Table 1):

● Time-based method: for this simpler method, all thresholds were set to the same adjustable value.
● Drug-based method:

○ the “same drug” threshold was set at a high value (100,000 days in practice), ie, two consecutive non-generic 
systemic anticancer treatment registrations with the same SKS code were considered the same treatment, 
regardless of the time in between.

○ the “different drugs” threshold was set at 0, ie, two consecutive non-generic systemic anticancer treatment 
registrations with different SKS codes were considered different treatments, regardless of the time in between.

○ the “same drug class” and “different drug classes” thresholds were set to the same adjustable value, ie, an 
adjustable time threshold was used for generic systemic anticancer treatment registrations.
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Additionally, we propose two new methods:

● Mixed method:
○ the “different drugs” and “different drug classes” thresholds set at an adjustable value.
○ the “same drug” and “same drug class” thresholds were set at a high value similar to the drug-based method.

● Grid search method:
○ the “different drugs” and “different drug classes” thresholds were set at an adjustable value, referred to as the 

“different drugs” threshold in the following.
○ the “same drug” and “same drug class” thresholds were set at another adjustable value, referred to as the “same 

drug” threshold in the following.

Pseudocode illustrating the functioning of these methods is presented in Supplementary Figure 2.

Table 1 Threshold Values Used According to Method

Threshold Method Same Drug Same Drug Class Different Drugs Different Drug Class

Time-based method Adjustable threshold Adjustable threshold Adjustable threshold Adjustable threshold

Drug-based method ∞ Adjustable threshold 0 Adjustable threshold

Mixed method ∞ ∞ Adjustable threshold Adjustable threshold

Grid search method Adjustable threshold 1 Adjustable threshold 1 Adjustable threshold 2 Adjustable threshold 2

Notes: For each method, the adjustable threshold value is the same across all cases except for the grid search where two adjustable thresholds are used. 
In practice a value of 100,000 was used for ∞.

Figure 2 Illustration of stringent, loose and line number matchings. In this example, the second treatment for patient 1 using drug 3 as seen in MedOnc is split 
into two treatments according to the DNPR, leaving the second of these two treatments unmatched. For the stringent matching, only the first treatment for 
patient 2 with drug 4 is matched. Following the loose matching criteria, treatments 1 and 2 for both patients are matched. The number at the end of each 
timeline indicates the number of lines identified. The matching on the line number is done at the patient level. 
Abbreviations: N/A, not applicable; PPV, positive predictive value.
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For the time-based, drug-based, and proposed mixed methods, the line extraction was performed for values of the 
threshold between 0 and 360 days.

For the proposed grid search method, a grid search was performed with pairs of values between 0 and 360 days for 
both thresholds.

In both cases, the search was done using large intervals initially and then reducing the intervals between each 
probed value around the best value. The intervals used were 90 days, 45 days, 20 days, 10 days, 5 days, 2 days 
and 1 day. For the non-grid search methods, this meant extracting treatment lines using 0, 90, 180, 270, and 360 
days as threshold for the first step. Based on the value with the best accuracy (see below), for example 90 days, 
the process would be repeated using 0, 45, 90, 135, 180 days and so on. For the grid search, pairs of values were 
used, ie, for the first step [0, 0], [0, 90], [0, 180] … [360, 270], [360, 360], amounting to 25 pairs in total. Based 
on the pair of values with the best accuracy, for example [90, 90], the process would be repeated using [0, 0], 
[0, 45], [0, 90] … [180, 135], [180, 180], ie 25 pairs in total and so on. An example of the results of a grid 
search are shown in Supplementary Figure 3.

Matching Systemic Anticancer Treatment Lines and Evaluating Concordance
The concordance was evaluated using the F1 score which is the harmonic mean of the positive predictive value (PPV) 
and the sensitivity.12

where TP stands for true positives, FP for false positives, and FN for false negatives. The F1 score is a single metric 
which is impacted by both the false positives and the false negatives in addition to the true positives and therefore can be 
interpreted as a balanced evaluation of the performance of the model.

The main objective is to be able to reconstruct the patient trajectory in terms of systemic anticancer treatment from the DNPR. 
Accordingly, the lines from the DNPR and MedOnc datasets were matched following 3 types of matching (see Figure 2):

● Stringent matching: matching on all information available (patient identifier, start date, end date, and ATC codes).
● Loose matching: Matching on the patient identifier, start date with a margin of 30 days and an F1-score for the ATC 

code matching above 0.5. To calculate this F1-score, a matching ATC code between MedOnc and the DNPR was 
considered a TP, a code seen only in MedOnc an FN, and a code seen only in the DNPR an FP. This matching 
approach will be primarily used in the following.

● Line number matching: The number of lines per patient found to generate results comparable to Sørup et al.7

The confidence intervals (CI) were calculated using bootstrapping by resampling the 8738 patients with replacement 
from the cohort and that 100 times. Replaced patients were given a unique identifier to avoid pooling the corresponding 
records when calculating the number of lines per patient.

To evaluate potential overfitting from getting the thresholds from the full dataset and using them on this same dataset, we also 
obtained the optimum thresholds using the data from patients diagnosed between 2009 and 2016 (referred to as training set in the 
following). We used these thresholds to evaluate the performances on the data from patients diagnosed in 2017 (referred to as test 
set in the following). These thresholds and performances were compared to the values obtained using only the full dataset.

SAS Enterprise Guide 71 and Python 3.8 in Jupyter notebooks were used for the data management and statistical 
analyses, respectively.

Approval
This study was approved by the Regional Council of the NDR under the Danish Health Act § 46, sec. 2 with reference 
number 2022-044174 and registered at the NDR’s research project inventory under the number F2022-186 to comply 
with Article 30 of the Danish Data Protection Regulation.
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Results
Study Population and Drug Prescriptions
Breast, lung, and colorectal cancer patients were overrepresented, constituting 57% of all patients (see Table 2). 
After breast cancer patients, lung cancer patients were the second largest group (n=3206); 64% of whom 
received systemic anticancer treatment, often receiving the same regimen (Vinorelbine + Carboplatin, 34% of 
the lines). Lung cancer therefore had a strong impact on the overall cohort illustrated by their main regimen 
being also the main regimen for the overall cohort (8%).

Overall Performances and Evaluating Overfitting
The grid search outperformed the other approaches by a few hundredths in terms of F1 score (see Table 3). The drug- 
based approach had poorer performance than the other approaches with F1 scores around 0.3 below the other approaches. 
The mixed approach was better than the time-based approach but only by around 0.01 in terms of F1 score except for the 
line number matching. The optimum threshold for the time-based approach was between 45 and 50 days while it was 
around 30 days for the mixed approach.

The results for the F1 scores were similar when splitting the data into training and test sets compared with only using 
the full dataset. The thresholds were identical in both cases, except for the drug-based method which performed poorly. 
This illustrates the absence of noticeable overfitting when using the same cohort for finding the thresholds and calculating 
the F1 scores. This simpler strategy, using the same dataset for the thresholds and F1 scores, will be exclusively 
considered in the following.

Additionally, due to the poor performance of the drug-based approach, the results presented hereafter focus only on 
the two new approaches and the time-based approach, for comparison.

Additional information about PPV and sensitivity can be found in Supplementary Table 3.

Matching per Diagnosis
When comparing the performances using the loose matching, separating treatments per diagnosis, and using the thresh
olds found on the whole cohort, some diagnoses had relatively poor performances such as brain and ovarian cancers with 
F1 scores below 0.75 using the grid search method (see Figure 3). On the contrary, for pancreatic and prostatic cancers, 

Table 2 Description of the Study Population of Patients Diagnosed with Cancer Between 2009 and 2017 in 
North Denmark Region, and Corresponding Systemic Anticancer Treatment Lines Given at Aalborg 
University Hospital, Aalborg, Denmark According to the MedOnc Dataset

Diagnosis Patients  
(% of Total  

Patients n=17,100)

Treated with SACT  
(% of Total Patient  
by Tumor Type)

Lines  
(Median, 95th Prct.)

Main Regimen  
(Count, Ratio of Lines)

Overall 17,100 (100%) 8738 (51%) 15,433 (1, 4) Carbo-Vino (n=1253, 8%)

Lung 3206 (19%) 2066 (64%) 3535 (1, 4) Carbo-Vino (n=1196, 34%)

Colorectal 2315 (14%) 1757 (76%) 3367 (1, 5) Fluor-Oxali (n=635, 19%)

Breast 4120 (24%) 1946 (47%) 3051 (1, 4) Cyclo-Doce-Epi (n=923, 30%)

Ovarian 418 (2%) 391 (94%) 1076 (2, 7) Carbo-Pac (n=369, 34%)

Gastroesophageal 668 (4%) 480 (72%) 887 (2, 4) Cape-Epir-Oxali (n=388, 44%)

Brain 422 (2%) 333 (79%) 872 (2, 5) Temo (n=535, 61%)

Pancreatic 551 (3%) 430 (78%) 649 (1, 3) Gem (n=341, 53%)

Prostatic 1722 (10%) 358 (21%) 486 (1, 2) Doce (n=345, 71%)

Urinary 530 (3%) 206 (39%) 327 (1, 3) Cis-Gem (n=129, 39%)

Endometrial 228 (1%) 156 (68%) 269 (1, 4) Carbo-Pac (n=157, 58%)

Other 2920 (17%) 615 (21%) 914 (1, 4) Cis (n=331, 36%)

Notes: “Treated with systemic anticancer treatment” is the number of patients treated with systemic anticancer treatment. “Lines” is the 
number of lines in total and per patient for the median and 95th percentile, as defined in the MedOnc dataset. 
Abbreviations: SACT, systemic anticancer treatment; Cape, Capecitabine; Carbo, Carboplatin; Cis, Cisplatin; Cyclo, Cyclophosphamide; Doce, 
Docetaxel; Epi, Epirubicin; Fluo, 5-Fluoruracil; Gem, Gemcitabine; Oxali, Oxaliplatin; Pac, Paclitaxel; Temo, Temozolomide; Vino, Vinorelbine.
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F1 scores were above 0.9 for this same method. The time-based approach also outperformed the proposed methods when 
using the thresholds found on the whole cohort, notably for gastro-oesophageal cancer. Optimizing the thresholds for 
each diagnosis improved the performance and allowed the grid search approach to outperform the time-based approach in 
terms of F1 score in every scenario.

Matching per Year
The performances were relatively stable across the years (see Figure 4). Nevertheless, a modest decrease in recent years 
can be observed. The proposed two new methods outperformed the time-based approach by few hundredths on average.

Discussion
Main Results
We have proposed two new methods (mixed and grid search) that generally improved upon two methods (drug- and time-based) 
found in the literature for identifying systemic anticancer treatment lines. The drug-based approach did not perform well in this 
study. For the identification of the number of lines per patient, the time-based approach was only outperformed by the new grid 
search approach. The general performance improvements were relatively modest, especially for the mixed method, with an 
increase in F1 scores close to 0.01. Stringent matching on the start date, end date, and ATC codes led to relatively poor 
performances with F1 scores below 0.5, but loose matching allowed acceptable performances with F1 scores above 0.8. Large 
variability could be seen by cancer diagnosis. This was notable for brain and ovarian cancers with poor performances. For brain 
cancer, previously identified reporting issues could be the reason.6 Concerning ovarian cancer, frequent changes in treatment 
regimen could explain the poor performance. Indeed, allergic reactions and toxicities which are common in systemic anticancer 
treatment for ovarian cancer often lead to adjustments in treatment, which could be reported as a new regimen, impacting the 
accuracy of the matching.

Complexity versus Accuracy
The proposed methods are potentially more complex to implement since they rely on thresholds that depend on the type 
of successive drugs and are therefore potentially prone to errors and sensitive to coding practices. Therefore, the time- 
based method could be seen as an acceptable trade-off, generating comparable results with a lower complexity. If 

Table 3 Optimum Thresholds in Days and F1 Scores for the Different Methods with the 3 Matching Types in 
a Training/Test Context, in Which the Training Set is Composed of Patients Diagnosed Between 2009 and 
2016 and Test Set of Patients Diagnosed in 2017, and with the Full Dataset, ie for Patients Diagnosed 
Between 2009 and 2017

Method Stringent Matching Loose Matching Line Number Matching

TT F1 Score TT F1 Score TT F1 Score

Training and test datasets

Time-based 49 0.461 [0.437–0.486] 45 0.815 [0.799–0.832] 45 0.726 [0.702–0.751]

Drug-based 32 0.217 [0.200–0.234] 140 0.563 [0.541–0.585] 43 0.450 [0.420–0.480]

Mixed 33 0.463 [0.436–0.491] 29 0.821 [0.807–0.836] 31 0.693 [0.663–0.722]

Grid search (33, 175) 0.480 [0.452–0.509] (29, 175) 0.828 [0.812–0.843] (31, 65) 0.727 [0.701–0.754]

Full dataset

Time-based 49 0.441 [0.431–0.451] 45 0.818 [0.812–0.824] 45 0.715 [0.705–0.726]

Drug-based 44 0.149 [0.143–0.155] 219 0.486 [0.478–0.494] 40 0.347 [0.336–0.359]

Mixed 33 0.451 [0.440–0.462] 29 0.827 [0.821–0.834] 31 0.701 [0.694–0.708]

Grid search (33, 175) 0.466 [0.459–0.473] (29, 175) 0.838 [0.831–0.845] (31, 65) 0.726 [0.714–0.739]

Notes: TT: Time threshold(s) in days between two consecutive drug prescriptions. The values in parentheses for thresholds for the grid 
search are the “different drugs” and “same drug” thresholds in that order. For the training and test datasets section, the thresholds are found 
on the training cohort and the F1 scores calculated for the test cohort. For the full dataset section, both the thresholds and F1 scores are 
calculated on the full dataset. The values between brackets under the F1 scores are the 95% confidence intervals.
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Figure 3 Accuracy measured with F1 scores per diagnosis and methods. The dashed line shows the potential benefit in using optimized thresholds for the diagnosis instead 
of the ones defined in the whole cohort.

Figure 4 Accuracy measured with F1 scores for the loose matching approach over the years. The thresholds used were those identified for the whole cohort, ie, 45 days for 
the time-based approach, 29 days for the mixed approach, and in the case of the grid search method, 29 days for the “different drugs” threshold and 175 days for the “same 
drug” threshold. The dashed lines represent the mean value over the whole period.
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accuracy is of primary importance, more complex methods such as the new methods should be recommended since they 
allow for measurable improvements.

Strengths and Limitations
The main strengths of this study are the long follow-up period, enabling the analysis of trends and the large spectrum of 
cancer diagnoses. These two aspects allowed us to evaluate the consistency in the data reported in DNPR.

Concerning the generalizability, this work was conducted using data from a single Danish university hospital with 
potentially some local specificities that could diminish the generalizability of the results, such as the frequency and dose 
of some regimens. Still, university hospitals in Denmark follow the same procedures, as cancer treatments are primarily 
administered according to national guidelines. These findings should therefore be generalizable at the national level.

MedOnc has errors such as incorrect regimen names, spelling mistakes in drug names, and prescribed drugs that are 
not administered due to diminishing performance status of the patient. Some of these errors could be addressed through 
manual curation. However, this system is used by oncologists to plan and follow the administration of systemic 
anticancer treatment to cancer patients. The validity should therefore be close to other clinical tools used by clinicians, 
such as patient journals.

Comparison to Other Studies
Our previous work focused on the validity of individual drug registrations in the DNPR and confirmed its high 
completeness but did not address specifically the issue of reconstructing patient treatment trajectories.6

The most comparable study was performed by Sørup et al and published in 2022.7 We used the methods proposed by 
Sørup et al as a benchmark in the current study. For the time-based approach, our results are comparable to those 
observed by Sørup et al, with the same threshold of 45 days and relatively good performance with F1 scores above 0.8. In 
contrast, our findings suggest that the drug-based method did not produce accurate results. An explanation could be the 
presence of treatments using a repeating sequence of different drugs. The drug-based method identifies a new line 
whenever two consecutive drug registrations differ. A repeating sequence of different drugs leads to the incorrect 
detection of a very large number of lines, reducing the overall performance.

Conclusions
This study confirms that for a wide variety of primary tumor locations, patient history in terms of systemic anticancer 
treatment can be extracted from the DNPR, if the precise start date and duration of the treatment is not of primary 
importance. These findings could be used to conduct epidemiological studies to evaluate long-term side effects of specific 
anticancer treatments.
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