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Abstract Background: Primary health care (PHC) is often the first point of contact when

diagnosing colorectal cancer (CRC). Human limitations in processing large amounts of infor-

mation warrant the use of machine learning as a diagnostic prediction tool for CRC.

Aim: To develop a predictive model for identifying non-metastatic CRC (NMCRC) among

PHC patients using diagnostic data analysed with machine learning.

Design and setting: A caseecontrol study containing data on PHC visits for 542 patients >18

years old diagnosed with NMCRC in the Västra Götaland Region, Sweden, during 2011, and

2,139 matched controls.

Method: Stochastic gradient boosting (SGB) was used to construct a model for predicting the

presence of NMCRC based on diagnostic codes from PHC consultations during the year

before the date of cancer diagnosis and the total number of consultations. Variables with a

normalised relative influence (NRI) >1% were considered having an important contribution

to the model. Risks of having NMCRC were calculated using odds ratios of marginal effects.
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Results: Of the 361 variables used as predictors in the stochastic gradient boosting model, 184

had non-zero influence, with 16 variables having NRI >1% and a combined NRI of 63.3%.

Variables representing anaemia and bleeding had a combined NRI of 27.6%. The model

had a sensitivity of 73.3% and a specificity of 83.5%. Change in bowel habit had the highest

odds ratios of marginal effects at 28.8.

Conclusion: Machine learning is useful for identifying variables of importance for predicting

NMCRC in PHC. Malignant diagnoses may be hidden behind benign symptoms such as hae-

morrhoids.

ª 2023 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC

BY license (http://creativecommons.org/licenses/by/4.0/).
1. Introduction

Colorectal cancer (CRC) is the third most common

cancer globally and the second leading cause of cancer-

related death [1]. A five-year-relative non-metastatic

CRC (NMCRC) survival is excellent in Sweden, at

95%, 89% and 68% in stages I, II and III, respectively.

However, the five-year-relative survival rate for those

diagnosed with stage IV cancer, when the disease has
metastasised, is only 15% [2]. Early diagnosis is, there-

fore, of critical importance [2].

Identifying CRC via symptoms and signs is the major

clinical pathway for diagnosing CRC, even in CRC

screening [3]. This requires both recognising and acting

on signs of CRC. Notably, Sweden has high CRC sur-

vival rates despite not implementing national screening

[1] until 2022.
Primary health care (PHC) is often the first point of

contact in the Swedish health care system. Diagnostic

prediction tools (DPTs) based on algorithms for

detecting cancer provide a possibility to create individ-

ual risk profiles in PHC, and help clinicians identify

patients with elevated cancer risk. Several such PHC

DPTs have been developed in Europe [4e11]. There is,

however, insufficient evidence that PHC cancer DPTs
perform better than clinical assessments and whether

DPTs improve clinical outcomes [12,13].

In a recent study comparing a British oesophagus

cancer DPT with different AI methods, the AI

algorithms outperformed the DPT, with higher overall

accuracy and a better ability to identify patients with

cancer [14]. Human limitations in processing large

amounts of information, in contrast to the capacity of
AI-methods, warrant research on AI methods such as

machine learning to further improve PHC cancer

DPTs.
1.1. Aim

To develop a predictive model for identifying NMCRC

among PHC patients using diagnostic data analysed

with machine learning.
2. Methods and material

2.1. Design and setting

The present study is based on a larger population-based

caseecontrol study collecting data on all patients aged

>18 years old, diagnosed in the Västra Götaland Re-

gion (VGR) during 2011, with any of the most common

cancers (prostate, breast, CRC, lung, gynaecological or

skin cancers (including malignant melanoma)). To be

included in the study, the patient had to be alive at the
time of diagnosis, having consulted a general practi-

tioner (GP) at a VGR PHC unit during the year before

the diagnosis (index) date and not been diagnosed with

cancer during the 20 years prior to the index date. Each

cancer patient (case) was matched on age, sex and PHC

unit with up to four controls, who had not been

diagnosed with cancer during the 20 years prior to the

index date of the matched case and had consulted a GP
at a VGR PHC unit during the year before the index

date. Cases with no available control were excluded

from the study.

Eligible participants were identified in the Swedish

Cancer Registry [15] and the VEGA regional adminis-

trative healthcare database, containing all healthcare use

and medical diagnoses from all PHC providers in VGR

[16]. For the present study, only the data for 542 pa-
tients diagnosed with NMCRC and their 2,139 matched

controls were analysed. These patients have previously

been studied by Ewing et al. [10] using logistic regres-

sion. The present study is, thus, a re-analysis of this data

using machine learning.
2.2. Variables

Besides age, sex and PHC unit, data on NMCRC stage

(IeIII) for cases, number of GP consultations during the

year before the index date and all diagnoses reported in
VEGA during the year before the index date, were

collected. Diagnoses were reported as ICD-10 or

KSH97-P codes, the latter being an abbreviated version

of ICD-10 adapted to Swedish PHC [17].

http://creativecommons.org/licenses/by/4.0/


Table 1
Participant characteristics.

Variable Cases Controls

n Z 542 n Z 2139

Male sex, n (%) 272 (50.2) 1074 (50.2)

Age at the index date,

mean (SD)

71.2 (11.7) 71.2 (11.7)

<50 years, n (%) 31 (5.7) 116 (5.4)

50 to <65 years, n (%) 103 (19.0) 409 (19.1)

65 to <80 years, n (%) 278 (51.3) 1108 (51.8)

�80 years, n (%) 130 (24.0) 506 (23.7)

Stage, n (%) N/A

I 118 (21.8)

II 223 (41.1)

III 201 (37.1)

Number of consultations during

the year before the

index date, mean (SD)a

6.3 (5.4) 5.7 (8.0)

Number of diagnoses during the

year before the

index date, mean (SD)b

7.0 (4.6) 6.5 (4.6)

Note: N/A, not applicable; SD, standard deviation. P-value for dif-

ference between cases and controls using the Wilcoxon rank-sum test

with continuity correction: a<0.001, b0.012.
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The >6000 different ICD-10/KSH97-P codes re-

ported for cases and controls were reduced by excluding

codes that occurred in <1% of the participants. For the

remaining codes, four-character codes were merged to

the closest common three-character code, or in some

cases the closest block of three-character codes, ac-

cording to clinical relevance. Four-character codes

deemed to be too different from other codes regarding
clinical relevance were retained as four-character codes.

Diagnoses without clinical relevance, such as those only

concerning children, were excluded. For the present

study, codes in the ICD-10 code block D37-D48 (Neo-

plasms of uncertain or unknown behaviour) and diagnoses

observed among <10 participants were excluded. In

total, 360 codes remained and were included as variables

in the present study. For each patient, these 360 diag-
nostic codes were given the value 1 if the code in ques-

tion had been registered for the patient during the year

before the index date, and otherwise given the value 0.

Finally, a variable giving the number of different diag-

nostic codes reported during the year before the index

date was included.

2.3. Statistical methods

Categorical data are presented as frequencies and per-

centages, n (%), while discrete and continuous data are

given as means and standard deviations (SDs). Tests of

differences between cases and controls were performed
using the Wilcoxon rank-sum test with continuity

correction for discrete data. Stochastic gradient boost-

ing (SGB) applied to classification decision trees was

used for identifying patients with NMCRC (target). All

the 360 specific diagnostic codes, together with the

variable number of consultations during the year before

the index date, were used as predictors (features).

Applying a training-test approach, 75% of the cases
(n Z 407), together with their matching controls

(n Z 1606), were randomly selected for training the

SGB model, with the remaining 25% of the cases

(n Z 135), together with their matching controls

(n Z 533), used for evaluating its performance. The

SGB model was estimated using the R package ‘gbm’

version 2.1.8, applying a Bernoulli loss function fitted to

20,000 decision trees, each having a maximum depth of
5 interactions, a shrinkage (learning rate) of 0.001, a

minimum of 10 observations in the terminal nodes of the

trees, and a subsampling rate (bag fraction) of 0.5. To

estimate the optimal number of trees to use for predic-

tion, a class-stratified 10-fold cross-validation was used.

The SGB model with the optimal number of trees was

applied to the test data set to obtain each patient’s in-

dividual probability of having NMCRC. The cut-off
value for classifying patients as having NMCRC was

defined as the value that maximised the sum of sensi-

tivity and specificity. Patients in the test data set were

then classified as having NMCRC if the individual
probabilities of having NMCRC, obtained from the

SGB model, were larger than this cut-off value, and

otherwise classified as not having NMCRC.

To evaluate the performance of the SGB model,

sensitivity, specificity and area under a receiver operator

characteristics (ROC) curve (area under the ROC curve )

were used. Variable importance was estimated using

normalised relative influence (NRI). Variables withNRIs
>1% were considered having an important contribution

to predicting NMCRC. Odds ratios of marginal effects

(ORME) of having NMCRC were calculated for each

variable using the probabilities of having NMCRC ob-

tained by integrating out the other variables in the model

using a weighted tree traversal method [18]. For diag-

nostic variables, ORME is comparing those with and

without the diagnosis, while for number of consultations,
those at quartile 3 are compared with those at quartile 1.

All statistical analyses were performed using R 4.2.0 (R

Foundation for Statistical Computing, Vienna, Austria),

with two-sided P-values <0.05 considered statistically

significant.
3. Results

Table 1 gives characteristics for the 542 cases and 2,139
controls. A slight majority (50.2%) of the participants

were males, with a mean (SD) age of 71.2 (11.7) years.

Most cases (51.3%) and controls (51.8%) belonged to the

age group �65 to <80 years old. Among cases, stage II

was the most prevalent at 41.1%, followed by stage III at

37.1% and stage I at 21.8%. The cases had a mean (SD)

of 6.3 (5.4) consultations during the year before the

index date, resulting in 7.0 (4.6) different diagnoses,



Table 2
Confusion matrix for prediction of non-metastatic colorectal

cancer status for the 668 patients in the test data set using the optimal

stochastic gradient boosting model from the training data set.

Predicted Observed

Not NMCRC NMCRC Total

Not NMCRC 445 36 481

NMCRC 88 99 187

Total 533 135 668

Notes: Predictions based on 7,969 trees. Sensitivity: 0.733, specificity:

0.835.

Table 3
Variables with normalised relative influence >1% for predicting non-

metastatic colorectal cancer status using the optimal stochastic

gradient boosting model with 7,969 trees, and odds ratios for marginal

effects of having NMCRC.

ICD-10 code Description NRI (%) ORME
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which differed significantly from the corresponding

values of 5.7 (8.0) consultations (P < 0.001) and 6.5 (4.6)
diagnoses (P Z 0.012) among the controls.

3.1. Predictive ability of the SGB model

The optimal number of trees to use for the prediction of

NMCRC status was 7,969. Table 2 gives the confusion

matrix for predicting the NMCRC status of 668 patients

in the test data set using the optimal SGB model from

the training data set. Of the 135 participants known to

have NMCRC, the model correctly predicted that 99
had NMCRC, resulting in a sensitivity of 73.3%. Like-

wise, of 533 participants known to not have NMCRC,

445 were correctly predicted to not have NMCRC,

resulting in a specificity of 83.5%. The area under the

ROC curve was 83.2%, with a 95% confidence interval

of 79.0%e87.4% (Fig. 1).
Fig. 1. Receiver operator characteristics curve for the optimal

stochastic gradient boosting model applied to the 668 patients in

the test data set.
3.2. Variable importance

Of the 361 variables used as predictors in the SGB
model, 184 had non-zero influence. Table 3 gives vari-

ables with NRIs >1%. Taken together, these 16 vari-

ables had an NRI of 63.3%. Iron deficiency anaemia

(ICD-10 code D50) had the highest NRI at 8.72%, fol-

lowed by Other diseases of anus and rectum (K62,

excluding Haemorrhage of anus and rectum (K625)) at

8.00%, and Abdominal and pelvic pain (R10) at 7.68%.

At sixth place, with an NRI of 5.33%, Change in bowel

habit (R194) was the four-character code with the

highest NRI. Number of consultations during the year

before the index date, the only non-diagnostic code

variable, had the seventh highest NRI at 4.88%

Notably, some of the diagnostic codes represent

similar clinical features, and could thus be merged into

common clinical groups. Thus, taking anaemia as a

fusion of Iron deficiency anaemia and Other anaemias

(D64), this clinical group have a combined NRI of

15.17%. Likewise, taking bleeding as a fusion of Hae-

morrhoids and perianal venous thrombosis (K64),

Gastrointestinal haemorrhage, unspecified (K922),
D50 Iron deficiency anaemia 8.72 16.8

K62a Other diseases of anus and

rectum

8.00 22.2

R10 Abdominal and pelvic pain 7.68 6.6

D64 Other anaemias 6.45 6.8

K64 Haemorrhoids and perianal

venous thrombosis

5.43 8.8

R194 Change in bowel habit 5.33 28.8

Number of consultations

during the year before the index

date

4.88 1.3c

K52 Other and unspecified non-

infective gastroenteritis and

colitis

3.17 11.1

K921 Melaena 2.60 12.5

K625 Haemorrhage of anus and

rectum

2.29 12.2

K922 Gastrointestinal haemorrhage,

unspecified

2.13 7.8

D12 Benign neoplasm of colon,

rectum, anus, and anal canal

1.46 8.3

R11 Nausea and vomiting 1.43 7.0

K92b Other diseases of digestive

system

1.40 7.7

M79 Other and unspecified soft

tissue disorders, not elsewhere

classified

1.20 0.7

I10 Essential (primary)

hypertension

1.11 0.9

Notes: Excluding aK625; bK920, K921, and K922. cORME for

comparing quartile 3 with quartile 1.
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Melaena (K921), and Haemorrhage of anus and rectum

(K625), which all had NRIs >2%, this clinical group

have a combined NRI of 12.45%.

3.3. Marginal effects

Table 3 gives ORME:s for the 16 variables with NRIs

>1%. Notably, the 14 variables with highest NRIs all

had ORME:s >1, with the presence of these diagnoses or

a higher number of consultations during the year before
the index date, thus entailing higher risks of NMCRC.

Change in bowel habits, Other diseases of anus and

rectum, and Iron deficiency anaemia had the highest

ORME:s, with 28.8, 22.2, and 16.8 times higher risks,

respectively, of the patient having NMCRC when these

diagnoses were present. The presence of Melaena,

Haemorrhage of anus and rectum, or Other and unspec-

ified non-infective gastroenteritis and colitis (ICD-10 code
K52) also entailed >10 times higher risks of having

NMCRC, with ORME:s of 12.5, 12.2 and 11.1, respec-

tively. Notably, the presence of Other and unspecified

soft tissue disorders, not elsewhere classified (M79) or

Essential (primary) hypertension (I10), with NRIs just

above the 1% threshold, had weak protective effects on

the risk of having NMCRC, with ORME:s of 0.7 and 0.9,

respectively.

4. Discussion

A predictive model for identifying PHC patients diag-

nosed with NMCRC using machine learning on diag-

nostic codes and the number of PHC visits was

developed and tested. The model had a sensitivity of

73.3% and a specificity of 83.5%, with Iron deficiency

anaemia having the largest contribution to the model’s
ability to predict NMCRC, and Change in bowel habit

entailing the highest risk of having NMCRC among

variables having an important contribution to predicting

NMCRC.

4.1. Results in perspective

Several CRC DPTs have been developed based on the

registry data [19], but these have not yet been deemed
fully useful [13]. Most DPTs have used caseecontrol

designs for developing and validating risk models,

mainly relying on diagnostic coding [4e6,8e11]. Con-

cerns of how this impacts test performance have been

raised [20]. As noted in previous studies, GPs are not

coding all symptom diagnoses presented at consulta-

tions [21], and symptom diagnoses may thus not accu-

rately reflect the true incidence of symptoms in
population-based cohorts. Although AI methods

cannot rectify this coding bias, AI methods enable an-

alyses of large amounts of complex data and can identify

relationships that humans cannot discern. There is evi-

dence that AI methods can improve the diagnostic
performance of PHC DPTs [14]. In our study, patients’

frequency of visits had an NRI of 4.88%, which is

consistent with previous research, suggesting that pa-

tients increase their visit frequency before a cancer

diagnosis [22e24].

Notably, our study showed that malignant diagnoses

may be hidden behind apparently benign symptoms,

such as haemorrhoids. Haemorrhoids had an NRI of
5.43% and an ORME of 8.8, suggesting that this diag-

nosis was sometimes given to patients that had NMCRC

and not only haemorrhoids.

Most symptoms identified in previous studies as

signifying CRC [4e11,25] had an important contribu-

tion to predicting NMCRC in the present study. Weight

loss was, however, not one of these, even though pre-

vious studies have showed this variable to be of
importance for CRC [4e11,25]. This diagnosis was rare

in our data, which may reflect that it is seldom used in

clinical settings in Sweden.

PHC systems differ between countries, even though

United Kingdom (UK) and Sweden face the same type

of medical challenges with an aging population, co-

morbidity, lifestyle-related conditions, cardiovascular

diseases and cancer. Both countries have primarily tax-
based health systems, although most GPs in Sweden are

publicly employed, whereas in the UK they are mostly

self-employed [31]. Differences in coding traditions are

less well known. The reimbursement system for PHC

providers in VGR is partly based on the disease burden

of patients, which is identified by diagnostic codes.

There are no known differences between UK and Swe-

den regarding patients’ experiences and awareness of
what symptoms might signify, but a qualitative study

indicates that patients’ willingness to visit and revisit

their GP might differ between the two countries [32].

This indicates that DPTs should be tested in both

countries before being transferred.

4.2. Strengths and limitations

A strength of the present study is the population-based

design including all NMCRC cases in a region with 1.6

million inhabitants, using a real-world healthcare

setting, allowing for generalisable conclusions. Howev-

er, access to data implies certain limitations. The use of
prospectively recorded ICD-10 codes may be considered

both a strength and a limitation. The risk of selection

and recall bias is limited but assumes that all codes have

been correctly registered.

That GPs do not code for all symptom diagnoses

presented in the consultation [21,33], of which weight

loss may be an example, which is a notable limitation.

Unfortunately, data on weight, lifestyle and family his-
tory were missing, as were objective measures of blood

samples. Likewise, it would have been of great value to

include symptoms and signs given in the free text in the

study.



E. Nemlander et al. / European Journal of Cancer 182 (2023) 100e106 105
Chronic diagnoses can be of importance for cancer

risk [34], cancer outcome [26] and cancer detection [30],

but those diagnoses are not coded annually for all

Swedish PHC patients [35]. Since our data only con-

tained diagnoses and symptom codes registered during

the year before the index date, the ability to analyse the

importance of chronic diagnoses for detecting NMCRC

was limited.

4.3. Conclusion

The present study showed how machine learning is

useful for identifying variables of importance for pre-

dicting NMCRC in PHC. Besides symptoms identified

in previous studies, the present study also showed that

apparent benign symptoms such as haemorrhoids may
hide malignant diagnoses and be important in predicting

NMCRC. If this algorithm turns out to work in other

regions or countries, it could be included in electronic

patient records to help GPs identify individuals with

increased risk of NMCRC and expedite the NMCRC

diagnosis.
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