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A B S T R A C T

Objectives: Lung Cancer (LC) is a multifactorial disease for which the role of genetic susceptibility has become
increasingly relevant. Our aim was to use artificial intelligence (AI) to analyze differences between patients with
LC based on family history of cancer (FHC).
Materials and methods: From August 2016 to June 2020 clinical information was obtained from Thoracic Tumors
Registry (TTR), a nationwide database sponsored by the Spanish Lung Cancer Group. In addition to descriptive
statistical analysis, an AI-assisted analysis was performed. The German Technical Information Library supported
the merging of data from the electronic medical records and database of the TTR. The results of the AI-assisted
analysis were reported using Knowledge Graph, Unified Schema and descriptive and predictive analyses.
Results: Analyses were performed in two phases: first, conventional statistical analysis including 11,684 patients
of those 5,806 had FHC. Median overall survival (OS) for the global population was 23 months (CI 95 %:
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oncogene, serine/threonine kinase oncogene; CLARIFY, Cancer Long Survivor Artificial Intelligence Follow-up; DAG, directed acyclic graph; EGFR, epidermal
growth factor receptor; EHR, Electronic Health Records; FCC, Familial Cancer Connectedness; FHC, family history of cancer; HER2, human epidermal growth factor
receptor type 2; HUPHM, Hospital Universitario Puerta de Hierro-Majadahonda; IQR, interquartile range; KG, Knowledge Graph; KRAS, Kirsten rat sarcoma viral
oncogene homolog; LC, lung cancer; NFCF, Normalized Familial Cancer Frequency; NFHC, no family history of cancer; NS, non-significant; NSCLC, non-small cell
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21.39–24.61) in patients with FHC versus 21 months (CI 95 %: 19.53–22.48) in patients without FHC (NFHC), p
< 0.001. The second AI-assisted analysis included 5,788 patients of those 939 had FHC. 58.48 % of women with
FHC had LC. 9.53 % of patients had an EGFR or HER2 mutation or ALK translocation and at least one relative
with cancer. A family history of LC was associated with an increased risk of smoking-related LC. Non-smokers
with a family history of LC were more likely to have an EGFR mutation in NSCLC. In Bayesian network anal-
ysis, 55 % of patients with a family history of LC and never-smokers had an EGFR mutation.
Conclusion: In our population, the incidence of LC in patients with a FHC is higher in women and younger pa-
tients. FHC is a risk factor and predictor of LC development, especially in people ≤ 50 years. These results were
confirmed by conventional statistics and AI-assisted analysis.

1. Introduction

Lung cancer (LC) is one of the most important public health problems
in the world due to its high incidence and mortality. According to Siegel
et al, it is estimated that in 2024, it will be the second most common
cancer in US men and women (11 % and 12 % of all estimated new cases
respectively). Additionally, LC will be the deadliest cancer in both sexes,
being responsible of 20–21% of deaths [1]. In Spain, LC is the third most
common cancer in men and women, was the leading cause of death in
2022 and it is estimated that the number of new cases in 2024 will reach
32,768 [2].

LC is classified into two types: small cell lung cancer (SCLC) accounts
for about 15 % and non-small cell lung cancer (NSCLC) for 85 % [3]. It is
a multifactorial disease, mainly associated with extrinsic or modifiable
environmental factors. These include tobacco, environmental tobacco
smoke, radon, occupation and certain leisure activities, environmental
pollution, and diet [4]. There are also other intrinsic or non-modifiable
factors such as age, gender, family, and personal history (previous res-
piratory diseases, and genetic susceptibility) [5]. Smoking is the main
risk factor for LC. Tobacco is estimated to be responsible for around 79%
of LC cases in men and 47 % in women [6], being the most important
modifiable risk factor. Smoking habits differ in different geographics
regions and based on this the proportion of lung cancer attributable to
tobacco smoking varies between countries, from > 80 % for men and
women in the US [7] and UK [8] to 57.5 % for men and 13 % for women
in China [9]. Passive smokers and those exposed to second-hand smoke
also have a higher risk of LC [10]. Residential radon is considered the
second most important risk factor for LC in smokers and the first in
never-smokers [11].

Individuals may differ in their genetic susceptibility to environ-
mental factors, including tobacco. This may also affect incidence [12].
In assessing genetic susceptibility, family history of cancer (FHC) is used
as a surrogate for genetic risk [13,14].

The objective of our study is to explore the role of genetic risk in our
population with FHC, for this purpose, we analyzed characteristics of
patients with LC according to FHC in the Spanish Thoracic Tumors
Registry (TTR). Given the emerging role of artificial intelligence (AI) in
the collection and interpretation of clinical data, we implemented this
framework to perform complementary analysis of the information
collected.

2. Material and methods

2.1. Study design

From August 2016 to June 2020, clinical data was obtained from
TTR. The TTR is an observational, prospective, and multicenter study,
that includes patients with LC and other types of thoracic tumors, which
was developed by the Spanish Lung Cancer Group (SLCG). It was
approved by the Spanish Agency for Medicines and Medical Devices
(AEMPS) in 2016 and is registered in the ClinicalTrials.gov database
(NCT02941458). The TTR is an active database with continuous patient
enrolment, for this reason, the analysis performed in two periods.
Sociodemographic, epidemiological, clinical, molecular and treatment

outcome variables were collected.
For the artificial intelligence-assisted analysis, we had the support

from the collaborators of the Cancer Long Survivor Artificial Intelligence
Follow-up (CLARIFY) of the European Union Horizon 2020 Research
and Innovation Program. The research was conducted according to the
Declaration of Helsinki. Protocol approval was obtained from the
institutional ethical committee of the Hospital Universitario Puerta de
Hierro-Majadahonda (HUPHM).

Informed consent was obtained from all the patients included in both
analyses: statistical analyses and analyses using artificial intelligence
(AI) assistance.

2.2. Patient population and inclusion criteria

Inclusion criteria were patients with lung cancer in active treatment
or without treatment (palliative care only), with no gender or age re-
strictions. Patients with other tumor types and healthy volunteers were
not included. Data collected included age, sex, race, family history of
cancer (FHC), smoking status, Eastern Cooperative Oncology Group
(ECOG) performance status, disease stage, histology and molecular
markers tested.

FHC refers to the presence of cancer in one or more family members.
It may include information on the type of cancer, the number of affected
relatives, and the degree of relationship (first-, second-, and third-degree
relatives).

Smoking status was defined as current smoker (an adult who has
smoked 100 cigarettes in his or her lifetime and who currently smokes
cigarettes), former smoker (an adult who has smoked at least 100 cig-
arettes in his or her lifetime but who has quit smoking more than one
year ago) and never smoker (an adult who has never smoked, or who has
smoked fewer than 100 cigarettes in his or her lifetime). Information on
passive smoking, defined as the breathing in cigarette smoke from
people smoking nearby, was also collected.

2.3. Statistical analysis

Conventional descriptive statistics analysis was performed. Quanti-
tative data were summarized as mean, standard deviation (SD), median
and interquartile range (IQR). Qualitative variables were reported as
frequencies and percentages. The significance level was α = 0.05. Uni-
variate analysis was used to analyze the main objective. Multivariate
analysis using Cox regression was used to determine associations.
Overall survival (OS) was calculated using the Kaplan-Meier method.

2.4. Analysis using AI

Analysis supported by AI was represented using the Knowledge
Graph (KG) and Unified Schema as well as descriptive and predictive
analysis.

Technische Informationsbibliothek (TIB) in Germany merged data
from Electronic Health Records (EHR) and database from HUPHM and
the TTR of the SLCG.
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2.4.1. The TTR Knowledge graph and unified Schema
TTR KG is structured data that represents factual knowledge about

patients as entities and their relationships using a graph data model.
Metadata of TTR dataset is part of the TTR KG, as well as taxonomies of
entities, relationships, and classes. Ontologies and controlled are used to
describe the meaning of relationships and to annotate entities in a
consistent way in the KG. SDM-RDFizer is used to generate the TTR KG.
SDM-RDFizer is a mapping rules interpreter that allows the trans-
formation of data in different formats into KG [15]. Explaining the
process of creating KG is beyond the scope of this paper. However, de-
tails can be found in Vidal et al [16].

TTR unified schema is used to describe the meaning of data collected
and integrated into TTR KG. The integrated view of TTR unified schema
and LC data in TTR KG provides relevant data to support the discovery of
novel patterns that can enhance the understanding of patient conditions.

2.4.2. Descriptive analysis using AI

2.4.2.1. Normalized familial cancer frequency (NFCF). Characteristics of
patients with LC are presented in terms of frequency. For each patient, it
quantifies the normalized frequency of family members with cancer. A
patient with a NFCF of 1.0 has the highest number of family members
with cancer, while a of 0.0 indicates that the patient has no relatives
with cancer.

2.4.2.2. Familial cancer connectedness (FCC). Is a measure to quantify
the co-occurrence between the connections of patients with LC based on
the values of their properties represented in TTR KG. FCC aims to pro-
vide a normalized ratio of the co-occurrence of the connections (or
properties and their values) in which TTR patients participate.

2.4.2.3. Odds Ratio Analysis. Derived using logistic regression. Value
less than 1.0 suggests no association, while the higher the value, the
greater the likelihood of an association.

2.4.3. Predictive analysis using AI

2.4.3.1. Bayesian Networks. It was trained to detect the probability of
mutations in TTR patients based on their characteristics. In addition,
three families of structure learning methods are considered: (1) the
constraint-based method, which discovers causal structure by condi-
tional independent testing; (2) the score-based search method, which
uses a search method to extend the nodes of the directed acyclic graph
(DAG), and a score function to measure the goodness of the DAG; and (3)
the hybrid method, which combines constraint-based and score-based
methods. Causal structures were annotated by clinical collaborator ex-
perts. For the constraint-based method, the following algorithms are
considered: Inferred Causation (IC) algorithm [17] which implemented
in WEKA [18]. For the score-based method, the K2 score (a type of
Bayesian score) is used as the score function. The structure searching
algorithms include: the Tree Augmented Naive Bayes (TAN), the K2
searching algorithm, the Markov Chain Monte Carlo Model (MCMC)
based searching algorithm, the Simulated Annealing (SA) based
searching algorithm. The MCMC based algorithm implemented in the
BNT toolbox [19] is utilized, as well as a score-based method imple-
mented in WEKA. For the hybrid method, the Causal Minimum Message
Length (CaMML) [20] algorithm, is utilized. Four different criteria are
considered: (a) the Area Under the Curve (AUC), (b) Accuracy, (c)
Precision, (d) Recall. All criteria are measured as the average perfor-
mance under 10-fold cross validation. The Explainable Boosting Ma-
chine (EBM) [21] and SHAP (SHapley Additive exPlanation) [22]
provide the explanation of the important features for the predictive
tasks. EBM is a generalized additive model (GAM) with the form: g(E
[y])= β + Pfj(xj)+ Pfij(xi,xj), where “g” is a link function adapting GAM
for classification, and each “f” is a feature function that would be learned

to measure the contribution of features to the final prediction. On the
other hand, SHAP value resorts to cooperative game theory to measure
feature importance. The Shapley value of feature “j” is computed by a
function: ϕj =

∑
S⊆N\{j}

|S|!(|N|− |S|− 1 )!
|N|!

[
fx(S ∪ {j} ) − fx(S , where “N” is the

set of all features, “S” includes all possible set of combination of other
features except “j”, and fx(S)= E[y(x)|xS] is the marginal expectation to
“y” consider a set of features “S”.

3. Results

3.1. Results of the statistical analysis

3.1.1. Baseline characteristics of patients
For the first statistical analysis, 12,351 patients diagnosed with lung

cancer were included between August 2016 and June 2020 from 182
hospitals across Spain. 667 patients had unknown FHC and were
excluded. Of the remaining 11,684 patients, 5,806 had a history of
cancer and 5,878 did not. Baseline characteristics of patients by FHC in
Table 1.

The median age at diagnosis in the global population was 64.31 years
(range: 30–98). According to FHC and no family history of cancer
(NFHC), the median age was 63.74 (standard deviation (SD) 9.98; 95 %
CI: 63.48–63.99; p< 0.001) and 64.87 (SD 10.15; 95 % CI: 64.60–65.12;
p < 0.001, respectively.

The percentage of patients younger than 50 years was 53.16 % in the
FHC group compared to 46.84 % in the NFHC group (χ2 = 4.93; p =

0.026).
The percentage of women with LC was also higher in the FHC group:

28.92 vs 24.35 % (p < 0.001). There were more never smokers (12.30
%) and former smokers (47.41 %) in the NFHC group.

Differences by stage of disease, histological subtype or biomarker
(Table 2).

3.1.2. Overall survival
Median overall survival (OS) for the global population was 23

months (CI 95 %: 21.39–24.61) in patients with FHC versus 21 months

Table 1
Baseline characteristics of patients by FHC.

Characteristics Family history of
cancer

No family history of
cancer

χ2

N¼5,806 N¼5,878 p value

Sex
Male 4,127 (71.08 %) 4,447 (75.65 %) χ2 =

31.34
Female 1,679 (28.92 %) 1,431 (24.35 %) p <

0.001
Race
Caucasian 5,748 (99.0 %) 5,686 (96.73 %) χ2 =

79.23
Other 58 (1.0 %) 192 (3.27 %) p <

0.001
Smoking status
Never smoker 667 (11.49 %) 723 (12.30 %)
Former smoker 2,656 (45.75 %) 2,787 (47.41 %)
Current smoker 2,454 (42.47 %) 2,310 (39.30 %) χ2 =

20.78
Unknown 29 (0.29 %) 58 (0.99 %) p <

0.001
Passive smoking
Yes 1,084 (18.8%) 1,047 (17.97%)
No 810 (14.04 %) 1,043 (17.9 %)
Unknown 3,912 (67.16 %) 3,788 (64.13 %)
ECOG PS
PS 0–1 5,062 (87.19 %) 4,904 (83.43 %)
PS≥2 736 (12.68 %) 969 (16.49 %)
Unknown 8 (0.13 %) 5 (0.08 %) NS

NS: non-significant; PS: performance status.

V. Calvo et al.
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(CI 95 %: 19.53–22.48) in patients NFHC, p < 0.001 (Fig. 1
supplementary).

For the multivariate analysis for survival (performed by Cox
regression) according to histological type (NSCLC, SCLC) and tumor
stage: in SCLC, the increase in tumor stage presented HR 2.958, p =

0.001 and for the presence of FHC HR 0.971, p = 0.821. On the other
hand, in NSCLC, the increase in tumor stage presented HR 1.427, p =

0.001 and for the presence of FHC, HR 1.081, p = 0.123.

3.2. Results of analysis using AI

For the second analyses using AI assistance, we included 15,440
patients. 9,652 patients were excluded for an unknown FHC and re-
ported no FHC. Of the 5,788 patients included, 939 had history of cancer
and 4,849 did not.

3.2.1. TTR Knowledge graph and unified schema
Part of the TTR KG is shown in Fig. 2. Each generic concept of a type

or category is defined as a class in OWL (Web Ontology Language) and is
shown in Table 3 supplementary. The current version of TTR unified
schema consists of 13 classes, 8 object properties, and 15 data type
properties (Fig. 3).

In TTR KG, 7.51 % of patients have ALK translocation. Among these
patients, 71.86 % are older than 50 years, while 29.84 % are younger
than or equal to 50 years; 15.73 % are never-smokers and younger than
or equal to 50 years. Also, 9.53 % of patients with ALK translocation or
EGFR or HER2 mutations have at least one relative with cancer; how-
ever, 12.76% of patients have at least one of these molecular biomarkers
and one relative with breast, colorectal, ovarian, or bladder cancer.

3.2.2. Descriptive analysis using AI

3.2.2.1. Normalized familial cancer frequency (NFCF). 74.03 % and
25.07 % of population were male and female respectively. 37.88 % had
at least one relative with cancer, 38.44 % had NFHC, and the rest were
unknown. Regarding molecular biomarkers, 2 % had ALK translocation,
8.15 % EGFR mutation, and 0.05 % had both mutations. Finally, the
distribution of patients by smoking habits was 41.01 % current smokers,
45.88 % former smokers, 11.62 % never smokers, and 1.25 % of patients
had unknown smoking habits.

Figs. 4 and 5 in the Supplementary Appendix show the age distri-
bution of patients and the correlation between the number of relatives
with any type of cancer and the number of biomarkers.

Fig. 6 and Table 4 (supplementary) show the frequencies according:
age, gender, smoking history, and molecular biomarkers. First, EGFR
mutation and ALK translocation are more frequent in women. In patients
with at least one relative with any type of cancer, the frequency of ALK
translocation is higher than EGFR mutation. ALK translocation is more
common in young female never-smokers, whereas EGFR mutation is
more common in older female never-smokers. Additionally, EGFR mu-
tation is more frequent in young male never-smokers and older male
former smokers.

Fig. 7 (supplementary) shows the normalized frequency of TTR pa-
tients positive for molecular biomarkers by sex, age, and smoking habit.

The incidence of cancers by family degree is also shown in Table 5
(supplementary). The relatives of the TTR lung cancer patients are first-
degree relatives: father, mother, son and daughter; second-degree rela-
tives: brother, sister, grandparents and third-degree relatives: uncles and
aunts and great-grandparents.

Breast, lung, colorectal, head and neck, esophago-gastric and pros-
tate cancers are the most common (major cancers). It was observed that
cancers are more common in first-degree relatives. As expected, the
major cancers were also more common in relatives.

LC is the most common cancer in close relatives of patients with LC
(31.06 %), followed by breast (18.30 %) and colorectal (18.01 %). Fa-
thers (9.96 %) and brothers (7.35 %) with LC are the most common
relatives of male LC patients. Sisters (5.15 %) and mothers (4.58 %) with
breast cancer are the most common relatives of male LC patients.

In female patients, fathers (3.02 %) and brothers (2.09 %) with LC
are also more common, but sisters (2.68 %), aunts (1.96 %), andmothers
(1.89 %) are the most common types of relatives with breast cancer.
Genetic susceptibility to LC is higher in women (58.48 %) than in men
(41.52 %) when considering molecular biomarkers ALK, EGFR, and
HER2.

Table 2
Baseline characteristics of patients by FHC.

Characteristics Family history of
cancer

No family history of
cancer

χ2

N ¼ 5,806 N ¼ 5,878 p value

Stage (NSCLC)
I 483 (8.3%) 467 (7.9%)
II 419 (7.2%) 414 (7%)
III 1414 (24.3%) 1377 (23.4%)
IV 2706 (46.6%) 2877 (48.95%)
Limited stage (SCLC) 292 (5%) 232 (3.94%)
Extensive stage
(SCLC)

447 (7.7%) 461 (7.8%) χ2=24.24

Unknown 45 (0.9%) 50 (1.01%) p=0.187
Histology
Adenocarcinoma 3,098 (53.37%) 3,109 (52.89%)
Adenosquamous
carcinoma

52 (0.9%) 106 (1.8%)

Squamous cell
carcinoma

1,369 (23.58%) 1,442 (24.53%)

Large cell carcinoma 148 (2.6%) 163 (2.8%)
Sarcomatoid
carcinoma

23 (0.4%) 13 (0.22%)

NOS/undifferentiated 133 (2.3%) 126 (2.14%)
Carcinoid tumors 33 (0.57%) 24 (0.41%)
Small cell lung
carcinoma

692 (11.77%) 734 (12.64%) χ2=32.45

Others 258 (4.51%) 161 (2.57%) p=0.002
Biomarkers
EGFR mutated 483 (17.44%) 382 (13.38%)
ALK translocated 126 (5.54%) 155 (6.76%)
ROS1 translocated 35 (3.29%) 30 (2.53%)
KRAS mutated 53 (26.37%) 106 (29.12%)
BRAF mutated 15 (3.96%) 20 (4.07%) χ2=87.91
PD-L1 positive 953 (54.15%) 1000 (52.66%) p=0.281

NSCLC: non-small cell lung cancer; SCLC: small cell lung cancer.

Fig. 1. Overall survival.
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3.2.2.2. Familial cancer connectedness (FCC). The population Pr of the
TTR KG, consisting of female patients, aged 50 or less, and non-smokers.
It has 116 LC patients; 57 with at least one relative with cancer. Of those,
12 have an ALK translocation and 6 of these have female second-degree
relatives with breast cancer. The FCC measure captures the degree of
connectedness of these 6 patients who share an aunt with breast cancer
and ALK translocation.

FCC values calculated, in our population, with respect to gender,
smoking habit and age are shown in Fig. 8 and Fig. 9 (supplementary).

According to results shown in Fig. 9 LC women with ALK trans-
location who are young and never smokers often have relatives with
colorectal, breast, uterine cervical, and skin cancers no melanoma.
However, older female and never-smokers tend to have relatives with
cervical, breast, head and neck, leukemia, colorectal, and lung cancers.
On the other hand, young LC male with ALK translocation who have

Fig. 2. Part of TTR KG.

Table 3
List of classes shown in Fig. 3 and their corresponding descriptions.

Class Name Description of Classes

LCPatient Lung cancer patients from the hospitals in Spain
Age Patients categorized by age as younger≤ 50 years and older>

50 years
Gender Shows both genders as male and female
Biomarker A measurable indicator of a biological state or condition such

as ALK, EGFR, KRAS, PDL1, ROS1, BRAF, HER2
SmokingHabits Represents the patients’ smoking habits as never smoker,

former smoker, and current smoker
FamilialAntecedent Represents the type of direct blood relatives of the patient who

have suffered from any type of cancer
FamilyCancerType Represents cancers suffered by relatives of the patient

Fig. 3. Part of TTR ontological model (unified schema) covering the characteristics of lung cancer patients.

V. Calvo et al.
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never smoked often have relatives with lymphoma, while older patients
have relatives with lung and breast cancer.

Similarly, FCC values are shown for patients with EGFR mutation.
Young female non-smokers often have relatives with lung, breast, and
prostate cancer. However, when these patients are older, colorectal, and
head and neck cancers are also observed. Finally, male with EGFR mu-
tation, young never-smokers often have relatives with head and neck
cancer, while lung, breast, colorectal, and prostate cancers are common
in older never-smokers.

3.2.2.3. Odds-Ratio (OR) Analysis. As observed in Table 6 (supple-
mentary), the highest OR (7.2042) was observed in young, never-
smoker female, suggesting that these patients are more likely to have
ALK translocation or EGFR mutation.

3.2.3. Predictive analysis

3.2.3.1. Bayesian Networks. Figs. 10 and 11 show that smoking history,
gender, and stage are the 3 more relevant characteristics in both
explanatory models (EBM and SHAP).

Furthermore, the local EBM interpretation showed that never
smoking, female gender, and stage IA, accurately described patient with

ALK translocation or EGFR mutation. On the other hand, local SHAP
shows that never-smoking is the most relevant feature, also, the gender
of affected relatives (male and female), LC stage (IA), and familial
degree.

If the patient is a woman never-smoker, the probability of having
ALK translocation or EGFR or HER2 mutations is 42 % versus 17 % of
those with other alterations. If the patient is a man never-smoker, the
probability of having ALK translocation or EGFR or HER2 mutations is
35 % versus 20 %.

With a family history of LC, 35 % and 40 % of patients are current
and former smokers, respectively, while among never-smokers, 55 %
have an EGFR mutation.

Considering LC in relatives of female patients, the probability of
having only male relatives with LC is 77 %, while 16 % have only female
relatives; 53 % and 34 % have only first- and second-degree relatives,
respectively.

4. Discussion

Several studies have reported associations between a FHC and
prognosis in LC. Lin H et al conducted a study of Chinese non-smoker
patients and showed that familial aggregation of cancer or LC was
associated with an increased risk of LC [23]. In another Chinese study of
4,491 patients with stage I-IV NSCLC, frequency of being female, never
smoking, younger age, and adenocarcinoma histology was higher in
patients with a FHC and was associated with a better prognosis in both
early and advanced stage. A Spanish epidemiological study focusing on
female with LC suggested significant associations between a FHC or LC
and a favorable prognosis [24]. In this study, WORLD07, the authors
found that 43 % of patients had a FHC, with a first-degree relative being
the most common category of family member affected in just over half of
patients. In our study, we observed a higher incidence of cancer in first-
degree relatives. The median OS for the global population in WORLD07
was 24.0 (95 % CI: 22.1–26.0) months. The median OS was 23.0 (95 %
CI: 20.7–25.3) months in patients with NFHC versus 25.3 (95 % CI:
21.9–28.8) months in patients with FHC (long-rank p = 0.029). These
data were very similar to our data where median OS was 21 months (95
% CI: 19.53–22.48) months in patients with NFHC versus 23.0 (95 % CI:
21.39–24.61) months in patients with FHC, p < 0.001. Li N et al also
reported that patients with NSCLC and a family history of LC had
improved survival, but only in early-stage disease [25]. In contrast,
Ganti AK et al reported that median survival was lower in patients with a

Fig. 4. Distribution of patients by age.

Fig. 5. Correlation between the number of relatives with any type of cancer
and the number of biomarkers.
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family history of LC than in those without (52 vs 58 months) [26].
In our study, conventional descriptive analysis and complementary

analysis supported by AI, allowed us to identify patterns based on fre-
quency, co-occurrence of variables, and causal associations. Kanwal M
[27] observed that genetic susceptibility to LC is more likely in women
than in men, and that breast, colorectal, bladder and ovarian cancers are
often associated with an inherited predisposition. In our study, we
confirmed these findings, the genetic susceptibility for LC is higher in
women (58.48 %) than in men (41.52 %), whenever the molecular
biomarkers: ALK, EGFR and HER2, but when PD-L1 is included, the
distribution changes, 76.43 % are men and 46.95 % women. 9.53 % of
the patients have ALK translocation or EGFR or HER2mutation and have
at least one relative with cancer. However, 12.76% of patients have ALK
translocation or EGFR or HER2 mutation, and have at least one relative
with breast, colorectal, ovarian, or bladder cancer. Kanwal M et al also
describe that breast, colorectal, bladder, and ovarian cancers are often

associated with a hereditary predisposition in patients with LC. He Y et
al investigate the association between FHC and EGFR mutation status in
NSCLC population. In 538 patients with known EGFRmutation observed
that those with FHC, especially of LC, might have a significantly higher
incidence of EGFR mutation [28].

Evidence from the literature suggests that a family history of lung
cancer is a predictor of an increased risk of developing the disease,
particularly in people under the age of 50 [29,30]. In the TTR KG, 12.05
% of patients under 50 years have two or more affected relatives. At a
cut-off age of 60 years, 41.42 % of patients meet this criterion.

Similarly, among never smokers, the risk of lung cancer has been
shown to be increased in those with a family history of lung cancer [31].
We know that the incidence of familial LC is associated with an
increased risk of LC due to tobacco. The association between an in-
dividualś smoking habits and those of their parents or siblings is well
documented [32]. Smokers with a family history of LC in a first-degree
relative are much more likely to develop LC. Some studies have inves-
tigated the contribution of genetic factors to the risk of lung cancer;
Jonsson S et al investigated this in the Icelandic population [33]. Their
results confirmed the relevance of genetic predisposition in the devel-
opment of lung cancer, especially in patients with early-stage disease.
On the other hand, researchers from the International Lung Cancer
Consortium evaluated nearly 50,000 LC cases and controls and their
family histories [34]. Smoking is a common risk factor in other familial
studies of LC, and it is usually not possible to make an appropriate
adjustment for smoking. It is a limitation of our study that we do not
have information on the dose and duration of the smoking habit, as well
as on other environmental factors such as radon gas. This would have
allowed us to reach better conclusions on the impact of this risk factor.
Even if we do not have this data, nor do we have data on the smoking
habits of the relatives with cancer, or information on other patients who

Fig. 6. Frequency of number of patients with at least one relative with any type of cancer by biomarker and patient smoking habit.

Table 4
Frequency of patients regarding their EGFR/ALK biomarkers, gender, family
history of cancer and smoking habits.

EGFR ALK

Female Male Female Male

18.87 % 4.45 % 4.14 % 1.2 %

Patients with at least one 39.00 % 38.00 % 46.95 % 43.00 %
relative with any
type of cancer

Never
smoker

66.78 % 25.39 % 62.00 % 27.42 %

Former
smoker

21.64 % 49.22 % 25.97 % 51.00 %

Current
smoker

9.49 % 24.87 % 10.39 % 20.97 %

V. Calvo et al.
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do not have LC, Bayesian network inference reveals related patterns. It
can be inferred that 75 % of patients who have relatives with LC are
current or former smokers. This observation may conceal the association
between the smoking habits of relatives with LC. Kanwal M [27] observe
that familial LC is associated with an increased risk of LC due to tobacco.
We observed that with a family history of LC, 35 % and 40 % of patients
are current and former smokers, respectively. In contrast, patients with a
history of LC who are never smokers are more likely to have an EGFR
mutation. Bayesian network inference confirmed in our study that 55 %
of patients with a history of LC and never smokers have an EGFR
mutation.

In addition, gender appears to be a relevant characteristic in patients
with LC and relatives with LC. Isla D et al in the WORLD07 project
showed that among Spanish women with LC, those with FHC or family
history of LC were more likely to be current smokers than those without
[24]. The Bayesian network did not confirm that gender is a relevant
characteristic in patients with LC and relatives with LC. Looking at LC in

relatives of female patients, the probability of having only male relatives
with LC is 77 %, while 16 % have only female relatives. Furthermore, in
this population, 53 % and 34 % had first- and second-degree relatives,
respectively. The number of relatives with cancer was observed to be an
important characteristic.

In relation to other characteristics such as stage of disease at diag-
nosis, Matakidou A [29] observed that people with a FHC were more
likely to be diagnosed with early-stage disease.

Some limitations of this study should be noted. Firstly, the retro-
spective nature of the study and the performance of the analysis in two
phases, considering that the TTR is an active database with continuous
patient enrolment, the number of patients for each analysis was
different. Secondly, the analysis using AI highlights some of the limi-
tations of this technology, so the number of patients analyzed varied
according to the data requested. Thirdly, as we have already mentioned,
another limitation is the lack of knowledge of some data that could affect
some of the results, such as data on smoking habits; we do not have
information on dose and duration of smoking habits, as well as other
environmental factors such as radon gas, occupation and certain free
time activities, environmental pollution and diet, among others.

Despite these limitations, our study has strengths, such as the large
number of patients included from different regions of Spain, the large
amount of epidemiological, clinical and molecular data analyzed, and
the promising role of AI in the collection and interpretation of clinical
data.

These studies are very important because we need to identify sub-
populations for genetic testing, and we need to improve the selection of
candidates for lung cancer screening. There are already studies pro-
posing new screening criteria to identify these populations with a high

Fig. 7. Normalized frequency of TTR patients positive for molecular biomarkers by sex and smoking habits.

Table 5
Incidence of cancers by family degree.

Familial Degree Cancer Type Category Frequency

First-degree Major Cancers
Other Cancers

54.03 %
43.20 %

Second-degree Major Cancers
Other Cancers

17.30 %
10.90 %

Third-degree Major Cancers
Other Cancers

4.14 %
2.66 %

Unknown degree Major Cancers
Other Cancers

1.56 %
0.93 %

V. Calvo et al.



Lung Cancer 195 (2024) 107920

9

prevalence of pathogenic germline variants (PGVs) that may facilitate
the assessment of genetic cancer risk. Genetic susceptibility to LC is
mainly mediated by pathogenic or likely PGVs that are specifically
associated with cancer risk. However, determining an appropriate
population for genetic testing remains uncertain. In the GERMLUNG
study, selection criteria for enrolment included individuals with histo-
logically confirmed lung adenocarcinoma and one of the following
conditions: A) family history of LC, it was defined as having one first-
degree relative or two or more second-degree relatives with LC,
regardless of the age at diagnosis. B) Age at diagnosis ≤ 50 years, or ≤
60 years with a pack-year index < 20. C) Presence of ≥ 1 actionable
genomic alterations (EGFR, ALK, ROS1, KRAS, BRAF, MET exon 14
skipping, or RET) [35].

Compared to other malignancies, there are few studies that have
investigated the role of FHC in LC patients. Furthermore, the results of
these studies are very heterogeneous. Recently, a systematic review of
the literature was conducted according to PRISMA guidelines, searching
PubMed and Scopus databases to identify studies reporting on the role of
FHC in lung cancer patients [36]. FAHIC-Lung is the first cross-
sectional/prospective study specifically designed to identify patterns
of FHC and within-family clusters of other risk factors, including
smoking habit, to guide patients with NSCLC towards systematic genetic
counselling. Recognizing the largely heterogeneous results of this sys-
tematic review and considering the clinical implications of detecting
pathogenic germline variants (PGVs), the FAHIC-Lung study aims to
identify patients potentially enriched for PGVs/likely PGVs to guide
them to germline screening outside the research setting.

5. Conclusions

In our research, patients with a FHC were diagnosed at a younger age
and were more likely to be women. Young lung cancer patients (≤50
years old) had two or more affected relatives with cancer. FHC is a po-
tential risk factor and predictor of an increased risk of developing LC,

especially in people under the age of 50. This association is already well
supported by several studies. We believe that any strategy to prevent LC
should consider the role of FHC. AI-assistance analysis is an emerging
tool that can help us to improve the collection and interpretation of
clinical data and should be further explored and enhanced to be incor-
porated into routine practice.

6. Data sharing

The data analyzed and presented in this study will be available from
the corresponding author upon reasonable request, provided that the
request meets local ethical and research governance criteria after pub-
lication. Patient-level data will be anonymized, and study documents
will be redacted to protect the privacy of study participants. A research
proposal should be included, which will be evaluated by the Spanish
Lung Cancer Group and the Ethics Committee for Clinical Investigation.
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