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Objective: Computer aided diagnostics (CAD) systems can automate the differentiation of maxillary sinus (MS) with and
without opacification, simplifying the typically laborious process and aiding in clinical insight discovery within large cohorts.

Methods: This study uses Hamburg City Health Study (HCHS) a large, prospective, long-term, population-based cohort
study of participants between 45 and 74 years of age. We develop a CAD system using an ensemble of 3D Convolutional Neural
Network (CNN) to analyze cranial MRIs, distinguishing MS with opacifications (polyps, cysts, mucosal thickening) from MS
without opacifications. The system is used to find correlations of participants with and without MS opacifications with clinical
data (smoking, alcohol, BMI, asthma, bronchitis, sex, age, leukocyte count, C-reactive protein, allergies).

Results: The evaluation metrics of CAD system (Area Under Receiver Operator Characteristic: 0.95, sensitivity: 0.85, spec-
ificity: 0.90) demonstrated the effectiveness of our approach. MS with opacification group exhibited higher alcohol consump-
tion, higher BMI, higher incidence of intrinsic asthma and extrinsic asthma. Male sex had higher prevalence of MS
opacifications. Participants with MS opacifications had higher incidence of hay fever and house dust allergy but lower incidence
of bee/wasp venom allergy.

Conclusion: The study demonstrates a 3D CNN’s ability to distinguish MS with and without opacifications, improving
automated diagnosis and aiding in correlating clinical data in population studies.
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INTRODUCTION
Morphological changes in paranasal sinuses, often seen

in magnetic resonance imaging (MRI) scans and computed
tomography (CT), have been extensively studied. Research
shows a correlation between these changes and factors like
allergies and smoking habits.1 Furthermore, the relation-
ship amongst patients with and without sinus opacifications

have been explored in different patient groups: both symp-
tomatic and asymptomatic,2 exclusively symptomatic,3 only
asymptomatic,4 and nonselected5 individuals. However, in
all the aforementioned studies, clinicians manually
reviewed multiple MRI or CT slices to determine the pres-
ence or absence of paranasal opacification.

This manual process can strain clinicians and escalate
their workload, leading to fatigue and potential misdiagno-
ses.6 Deep learning (DL)-based computer-aided diagnosis
system (CAD) presents an opportunity to enhance diagnos-
tic accuracy and alleviate clinician workload by automating
the classification of incidental findings. CNNs have demon-
strated effectiveness in various aspects of paranasal
opacification analysis, including screening, sinusitis classi-
fication, and tumor subtype differentiation. Existing stud-
ies often employ a two-stage methodology, first localizing
sinuses and then classifying anomalies. For example, one
study cropped x-ray images to classify anomalies7 but
failed to distinguish between left and right maxillary sinus
anomalies. Another study segmented CT images and clas-
sified anomalies,8 demanding pixel-level annotations for
localization. Alternatively, a different approach used a
CNN to detect key slices within CT images containing
maxillary sinus volumes and subsequently classify maxil-
lary sinus anomalies.9 In our prior work, we explored
unsupervised learning10, contrastive learning11, and multi-
ple instance ensembling,12 with multiple instance
ensembling yielding the most promising results.
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We implemented an ensemble model (EM) of the
multiple instance ensembling approach12 based on
the hypothesis that ensembling will improve model per-
formance even more. We evaluated this EM on an
unlabeled cohort within our population dataset to classify
the presence or absence of opacification within the
MS. Subsequently, we demonstrate a potential applica-
tion for this EM which is rapid clinical insights of expan-
ding cohorts which is typical in prospective population
studies. To this end, we assessed the model’s predictions
by examining its relationships with various available fac-
tors, including smoking habits, alcohol consumption,
BMI, chronic asthma, chronic bronchitis, sex, age, leuko-
cyte count, highly sensitive C-reactive protein, and aller-
gies and further assess if the discovered associations
using our DL-based CAD are in accordance with previous
literature which performed manual diagnosis. Overall,
our research contributes to a better understanding of the
prevalence of paranasal anomalies and further substanti-
ates the potential of DL-based CAD to automate and
enhance the efficiency of population studies, which have
traditionally relied on labor-intensive methodologies.

METHODS

Study Design and Participant Collective
Hamburg City Health Study (HCHS)13 is a single-center,

prospective, population-based cohort study. A subsample
(N = 2619) of the planned 45000 had cranial MRI scans recorded.
MRI scans were recorded between February 08, 2016, and
November 30, 2018, on individuals aged 45–74 years. Images
were acquired using a 3-T Siemens Skyra MRI scanner (Siemens,
Erlangen, Germany). 3D T2-weighted fluid attenuated inversion
recovery (FLAIR) images were measured with the following
sequence parameters: TR = 4700 ms, TE = 392 ms, 192 axial
slices, ST = 0.9 mm, and IPR = 0.75 � 0.75 mm. Participant data
included laboratory measurements of leukocytes/μL (LK) and
high-sensitivity CRP (hCRP). Additionally, participants com-
pleted self-reported questionnaires documenting alcohol con-
sumption per day (unit: grams/day [g/day]), smoking habits,
diagnosis of chronic bronchitis or chronic obstructive pulmonary
disease (COPD), and diagnosis of allergic bronchial asthma. Addi-
tionally, BMI, age, sex, and allergies of each participant were also
recorded. The dataset comprised 2619 participants (56.05% men,
43.95% women) with a mean age of 63.98 (SD 8.32) years. Among
these, 1069 participants (56.64% men, 43.36% women) with a
mean age of 63.90 (SD 8.25) years were manually annotated to
train a CNN. Among the annotated participants, 489 exhibited
no opacifications in both left and right MS, while 580 showed at
least one MS with polyp, cyst, or mucosal thickening (mucosa
thickening >2 mm) opacification. These diagnoses were
established by two ENT specialists and one ENT specialized radi-
ologist. Figure 1 shows the flowchart of our study. Figure S1
shows exemplary MRIs exhibiting different pathologies.

DL Training, Validation and Test Dataset
Detailed explanation of our data processing pipeline is

reported in supplementary material sections 1, 2, and 3. We
extract 30 MS volumes from each participant. Our dataset used
to train the 3D CNN consisted of 19215 (59.91%) MS exhibiting
no opacifications, 4815 (15.01%) MS exhibiting mucosal thicken-
ing, 6315 (19.69%) MS containing polyps in MS, 1185 (3.69%) MS

exhibiting cyst opacification, and 540 (1.68%) MS containing
polyps or cysts encompassing the entire MS volume. While con-
structing the test set, we considered two criteria: (i) accurate rep-
resentation of opacifications in training, validation, and test set
(ii) multiple volumes extracted from each participant does not
occur in training, validation, or test set simultaneously. The test
set contained 30% of the overall dataset. Table I contains the
overall statistics of the training, validation, and test dataset.

Development of 3D Convolutional Neural
Network

Our CNN is a 3D implementation of a 264-layer con-
volutional neural network called DenseNet.14,15 Figure 2 and
Figure S2 shows illustrations of our deep learning method.

Fig. 1. Flowchart of our study.
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Implementation details are available in supplementary material
section 3.1.

Training Protocol
Our deep learning pipeline is discussed in the supplemen-

tary material section. The MS volumes are input into a 3D CNN
for classification into two classes: “opacification” or “no
opacification”. The “opacification” class encompasses MS
exhibiting mucosal thickening, polyps, or cysts. To ensure robust-
ness, we employ a three-fold cross-validation strategy, training
three distinct 3D CNNs. Subsequently, an EM is constructed by
aggregating the predictions of these three 3D CNNs, and the
final predictions are obtained by averaging the predictions of
these models.

Statistical Analysis
The McNemar test was used to test for statistically signifi-

cant differences between the predictions of two 3D-CNN classi-
fiers. We checked for statistical significance between 3D CNNs
trained using single fold against EM. We performed χ2 test
to check for statistically significant associations between cate-
gorical variables. We checked the point-biserial correlation,
which is a special case of Pearson correlation, to measure the

relationship between a continuous variable (BMI, alcohol con-
sumption) and a dichotomous variable (participants with MS
opacifications and participants without MS opacifications). A
two-sided paired p-value <0.05 was considered significant.
McNemar test was performed using MLxtend library16 version
0.22.0, χ2 and point-biserial correlation was performed using
SciPy17 version 1.2.1. Python version 3.8.10 was used for our
experiments.

RESULTS

Performance Evaluation on Test Set
The outcomes of our analysis are presented in

Table II, where “CV” represents the cross-validation set,
and all reported results pertain to the test set. The analy-
sis reveals that ensembling contributes noticeably to the
classification of MS anomalies, yielding an AUROC of
0.95, precision of 0.85, sensitivity of 0.85, and specificity
of 0.90. In contrast, second-best model based on AUROC,
a 3D-CNN trained on the first fold, achieves an AUROC
of 0.93 in the same task. Using McNemar test, p = 0.15,
p = 0.01, and p = 6.8 � e�4 was computed using the
predicted labels of CV 1, CV 2, and CV 3 against the

TABLE I.
Distribution of Opacifications in Dataset. The Percentages Are Reported Within Parenthesis.

Dataset Normal Mucosal thickening Polyp Cysts Fully occupied

Train 10740 (59.86%) 2700 (15.05%) 3540 (19.73%) 660 (3.67%) 300 (1.66%)

Validation 2700 (60%) 675 (15%) 885 (19.66%) 165 (3.66%) 75 (1.66%)

Test 5775 (59.96%) 1440 (14.95%) 1890 (19.62%) 360 (3.73%) 165 (1.71%)

Fig. 2. Data processing pipeline showing how a single MRI is processed for inferring opacifications within the left and right MS of a single
patient. As an illustration, 3 MS volumes are extracted from left and right side of MRI. Confidence score of 3 extracted MS volumes from the
respective side are ensembled to create a single confidence score. In practice, we extract 15 MS volumes from left and right side of the MRI.
The ensembling strategy is termed as multiple instance ensembling.
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predicted labels of EM, respectively. We achieve an accu-
racy of 0.90 for MS without opacification, 0.83 for MS
with mucosal thickening, 0.88 for MS with polyp, 0.75 for
MS with cyst, and 1.0 for fully occupied MS using EM on
the test set.

Class Activation Maps
Figure 3 presents activation maps exemplifying vari-

ous scenarios of MS with and without associated
opacifications. These activation maps generated using
Guided Grad CAM18 predominantly localize in clinically
significant regions. Specifically, when the 3D-CNN classi-
fier detects no anomalies, the activation maps are primar-
ily concentrated along the boundaries of mucosal walls.
In contrast, for cases of MS with opacifications, the acti-
vation maps tend to be focused within the mass of the
opacifications.

Characteristics of Participants with
Opacification and Without Opacification

The objective of this experiment was to demonstrate
a practical application of CNNs in automated diagnosis

and the expedited generation of clinical insights through
correlation studies between expanding cohorts in popula-
tion studies, aiming to identify pertinent considerations.
To simulate an expanding cohort, we leveraged our
unlabeled dataset. The EM, trained on our labeled
dataset (N = 1069), was applied to our unlabeled dataset
(N = 1550). We implemented an inclusion criterion to
select participants for further analysis by excluding MRIs
where the EM confidence was <0.90 for at least one of the
MS. From 1550 unlabeled MRI scans, only 1360 MRI
scans satisfied the inclusion criteria. To both the groups,
participants from the labeled dataset were added. Com-
bining the labeled and unlabeled MRI scans, we consid-
ered 2429 MRIs for subsequent processing. A schematic
drawing of our data handling strategy is presented in Fig-
ure 1. The 2429 MRIs were divided into two cohorts. The
first cohort comprised participants for whom left and
right MS had “no opacification” which is our control
group. The second cohort consisted of participants with at
least one MS having opacification which is our case group.
Subsequently, we conducted a comparative analysis of
these two groups, utilizing both self-evaluated question-
naires and blood reports available from the HCHS for
each participant. Detailed results of these comparisons
are presented in Tables III and IV. case group showed a
higher mean alcohol consumption (20.65 (95%
[CI] �34.83–76.15) vs. 15.56 (95% [CI] �30.18–61.31);
p < 0.001) and BMI (27.11 (95% [CI] 18.99–35.33)
vs. 26.26 (95% [CI] 17.33–35.21); p < 0.001).

Incidence of intrinsic asthma (9.24% [99 of 1072]
vs. 6.75% [78 of 1156]; p = 0.03) and extrinsic asthma
(8.45% [89 of 1053] vs. 5.68% [66 of 1162]; p = 0.01) were
higher in the case group. Male participants were observed
more in the case group (68.24% [795 of 1165] vs. 43.55%
[544 of 1249]; p < 0.001). Case group showed higher inci-
dence of hay fever allergy (25.07% [272 of 1085] vs. 19.1%
[224 of 1173]; p < 0.001) and house dust allergy (11.82%

TABLE II.
Performance Metrics.

Metric CV 1 CV 2 CV 3 EM

Precision 0.82 0.86 0.83 0.85

Sensitivity 0.85 0.77 0.77 0.85

Specificity 0.88 0.91 0.89 0.90

F1 0.84 0.81 0.80 0.85

AUROC 0.93 0.92 0.92 0.95

Fig. 3. Sagittal plane images and corresponding activation maps (white pixels meaning high activation and black pixels meaning no activation)
of MS exhibiting no opacification, mucosal thickening, polyp, cyst, and fully occupied cyst. In. (A) Normal MS – the high activation is concen-
trated on the walls of the MS. (B) MS with mucosal thickening – high activation localized on the thickened mucosa. (C) MS with mucosal
thickening – high activation localized on the thickened mucosa. (D) MS with polyp – activation inside the polyp mass. (E) MS with
cyst – activation inside and on the edges of the cyst mass. (F) MS with fully occupied cyst – activation inside and on the edge of the fully
occupied cyst mass.
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[124 of 1049] vs. 8.91% [102 of 1145]; p = 0.02) but lower
incidence of bee/wasp venom allergy (3.56% [37 of 1038]
vs. 5.68% [63 of 1110]; p = 0.02). CI denotes confidence
interval. No significant statistical correlations were found
regarding smoking habits, chronic bronchitis, COPD, LK,
hCRP, age, food allergy, animal hair allergy, contact
allergy, medication allergy, or other allergies. Figure 4
shows the visualization of all variables with p < 0.05 for
control and case group. We analyzed the MRI scans
excluded from our study to determine the main factors
behind their exclusion. Our findings indicated that bor-
derline cases of mucosal thickening, particularly those
around the 2 mm mark, exhibited lower confidence by
EM. Additionally, the presence of dental accessories led
to the removal of image features around the MS, thereby
contributing to decreased confidence in diagnosis. Partici-
pant motion during MRI acquisition introduced noise to
the data, further lowering confidence. Moreover, albeit
rare, certain anatomical variations of the MS, such as
those associated with Haller cells, prominent uncinate
processes, hypoplasia, or surgical intervention, also con-
tributed to diminished confidence scores. Finally, a few
cases involving polyps smaller than 4 mm exhibited low
confidence levels. Figure S3 shows bar chart of the image
conditions which promotes low confidence score while
Figure S4 shows coronal view images of maxillary sinus

conditions which promote 3D CNN’s low confidence
scores. Figure S5 shows maxillary sinus conditions which
cause 3D CNN to misclassify. For a more comprehensive
understanding of our analysis and potential solutions,
please refer to supplementary material section 4.

DISCUSSION
To our knowledge, after Hansen et al. (HUNT-

MRI),5 this is the largest MRI study reporting incidental
findings in the paranasal sinuses in an adult, nonselected
urban population, recruited for study purposes only.
Numerous studies have emphasized the importance of
comprehending and addressing the prevalence of par-
anasal anomalies within the general population. These
studies often rely on manual diagnostic methods,1–5

where clinicians manually record opacification, requiring
substantial time and effort. Subsequently, meaningful
clinical hypotheses based on available participant data
can be tested for statistical significance. In our work, we
leverage 3D CNNs to enhance the efficiency of population
studies involving large participant cohorts and use it to
derive rapid clinical insights, thus reducing the workload
of clinicians.

In our study, we focused on the development and val-
idation of an EM, building upon our previous research in

TABLE III.
Comparison of Participants With No Opacification and Participants With Opacification in at Least One MS with Respect to Health and

Lifestyle Factors.

Variable Participants with no MS opacification Participants with MS opacification p-value

Smoking habits N = 1245 N = 1162

Yes 218 (17.51%) 202 (17.38%) 0.97

No 1027 (82.49%) 960 (82.62%)

Alcohol consumption (g/day) N = 1170 N = 1089

Mean (95% CI) 15.56 (�30.18–61.31) 20.65 (�34.83–76.15) 6.79 � 10�8

BMI N = 1210 N = 1126

Mean (95% CI) 26.26 (17.33–35.21) 27.11 (18.99–35.33) 3.85 � 10�6

Intrinsic asthma N = 1156 N = 1072

Yes 78 (6.75%) 99 (9.24%) 0.03

No 1078 (93.25%) 973 (90.76%)

Extrinsic asthma N = 1162 N = 1053

Yes 66 (5.68%) 89 (8.45%) 0.01

No 1096 (94.32%) 964 (91.55%)

Chronic bronchitis or COPD N = 1155 N = 1069

Yes 67 (5.8%) 74 (6.92%) 0.31

No 1088 (94.2%) 995 (93.08%)

Sex N = 1249 N = 1165

Male 544 (43.55%) 795 (68.24%) 5.5 � 10�34

Female 705 (56.45%) 370 (31.76%)

Age (years) N = 1249 N = 1165

Mean (95% CI) 63.97 (47.5–80.44) 64.01 (47.83–80.2) 0.90

LK N = 1220 N = 1134

Mean (95% CI) 6.19 (2.24–10.15) 6.21 (2.77–9.66) 0.76

hCRP N = 1214 N = 1126

Mean (95% CI) 0.22 (�0.64–1.1) 0.23 (�0.54–1.0) 0.91
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multiple instance ensembling for the classification of MS
opacifications.12 To further improve classification accuracy
and prediction reliability, we employed a strategy of train-
ing three distinct CNNs on various cross-validation folds,
coupled with an additional ensemble approach, a tech-
nique beneficial to DL-based CAD.19 The robustness of
our prediction model was visually demonstrated through
the creation of attention maps, as seen in Figure 3. These
maps revealed the CNN’s focused activation on clinically
significant regions during prediction processes. Notably,
for cases lacking opacification, the CNN showed activation
predominantly in the bottom wall, while in opacification
cases, it highlighted areas such as thickened mucosal
walls, polyps, and cyst masses. The precision of these
attention maps played a crucial role in enhancing the reli-
ability of our predictions, ensuring that the CNN’s accu-
racy was not compromised by irrelevant image
correlations. To show our CNN’s effectiveness in deriving
rapid clinical insight, we segregated participants into two
categories: control and case. This separation allowed for a
detailed analysis of the association between these groups
and a range of clinical variables, encompassing both
health and lifestyle factors as well as allergic reactions
and sensitivities.

Our analysis unveiled that 48.33% (1174 of 2429)
exhibited MS opacifications, comprising 13.50% (328 of
2429) with only right MS opacifications, 14.53% (353 of
2429) with only left MS opacifications and 20.29% (493 of

2429) with both left and right MS opacifications. In com-
parison, Hansen et al.5, reported 66% (648 of 982) dis-
played opacifications in their population study. Table III
presents associations related to health and lifestyle factors.
Males in the case group displayed more MS opacifications
(68.24% [795 of 1165] vs. 43.55% [544 of 1249]). This trend
aligns with other studies finding similiar statistical signifi-
cance with respect to sex.1,3,5,20 The higher prevalence of
MS opacifications among males may be attributable to an
increased risk of allergic rhinitis.21

Recognizing the predominant male representation in
our case cohort, we conducted a sex-controlled case–control
analysis as elaborated in supplementary material section 5.
Furthermore, participants diagnosed with bronchial
asthma exhibited a heightened prevalence of MS
opacifications, a trend consistent with findings reported by
Hamilos et al.22 and Zamarron et al.23 Our study, akin to
prior studies1,3,5,20, did not find a link between smoking
and MS opacifications. Our results also did not indicate a
significant correlation between age and blood parameters
in relation to MS opacifications. No existing literature was
found correlating blood parameters with MS opacifications.

With respect to allergy related variables presented
in Table IV, participants with MS opacifications also had
a higher incidence of hay fever and house dust allergy.
Although the literature did not show good prospective
studies to address the coexistence of allergic rhinitis and
rhinosinusitis (acute and chronic), many studies describe

TABLE IV.
Comparison of Participants With No Opacification and Participants with Opacification in at Least One MS with Respect to Different Allergies.

Variable Participants with no MS opacification Participants with MS opacification p-value

Hay fever N = 1173 N = 1085

Yes 224 (19.1%) 272 (25.07%) 0.0007

No 949 (80.9%) 813 (74.93%)

Bee/wasp venom allergy N = 1110 N = 1038

Yes 63 (5.68%) 37 (3.56%) 0.02

No 1047 (3.56%) 1001 (96.44%)

Food allergy N = 1134 N = 1053

Yes 102 (8.99%) 107 (10.16%) 0.39

No 1032 (91.09%) 946 (89.84%)

House dust allergy N = 1145 N = 1049

Yes 102 (8.91%) 124 (11.82%) 0.02

No 1043 (91.09%) 925 (88.18%)

Allergy to animal hair N = 1152 N = 1065

Yes 85 (7.38%) 96 (9.01%) 0.18

No 1067 (92.62%) 969 (90.99%)

Contact allergy N = 1132 N = 1052

Yes 73 (6.45%) 49 (4.66%) 0.08

No 1059 (93.55%) 1003 (95.34%)

Medication allergy N = 1110 N = 1027

Yes 154 (13.87%) 132 (12.85%) 0.52

No 956 (86.13%) 895 (87.15%)

Other allergies N = 1094 N = 1006

Yes 93 (8.5%) 81 (8.05%) 0.76

No 1001 (91.5%) 925 (91.95%)
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a correlation between these two entities.24–28 Limited
research has explored sinus inflammation postallergic
nasal inflammation. Baroody et al.29 and Pelikan et al.30

demonstrated sinus inflammation through antigen-based
nasal challenges. Later, Baroody et al.31 found MS
inflammation correlating with allergy seasons. Allergic
rhinitis typically peaks between the second and fourth
decades and diminishes thereafter,32 notable in the con-
text of our study’s 45–74 age range participants. Slavin
et al.33 used imaging techniques of the sinuses during the
ragweed season and found no changes in the sinuses.

In conclusion, our study shows methodology to
develop a CNN for classifying paranasal sinuses and
shows a potential application of enhancing case–control
analysis in population studies. Our application reaffirms
existing correlations (sex, asthma) and refutes any signifi-
cant link with smoking habits, consistent with prior
research. Additionally, we have uncovered previously

unexplored associations (alcohol consumption, BMI, hay
fever, bee/wasp venom allergy, house dust allergy) not
found in the current literature. These findings underscore
the potential of deep learning-based CAD, not only in
enhancing MS opacifications diagnosis but also in expe-
diting large-scale population studies. Analysis of the
excluded MRIs shows the pertinent issues to consider
such as noisy data, anatomically diverse MS and chal-
lenging pathological morphologies with potential tech-
niques to redress them (see supplementary material
section 4. By replacing time-consuming manual diagnosis
with rapid automation, our work enables swift access to
critical clinical insights. The potential for rapid acquisi-
tion of insights may enable real-time monitoring of
changes across various variables as the cohort size
expands, especially in a prospective study. Such capabili-
ties are essential for effective long-term health monitor-
ing of large populations.

Fig. 4. Box plots and bar charts for continuous and categorical valued variables with p < 0.05. The variables compared are mentioned in the
respective figure.
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LIMITATIONS
This study has limitations. First, the training data

came from one centre, potentially limiting CAD generaliz-
ability. Using multicenter, multiethnic data can enhance
the reliability of our 3D CNN. Second, we only had MRI
and reported clinical data. There were no data on sinonasal
symptoms at the time of the MRIs, so we were unable to
relate findings to current symptoms. We added questions
about symptoms including the Sino-nasal Outcome test
(SNOT)34 to the protocol for the next 10000 participants, to
relate the opacities specifically to sinonasal symptoms in
the next evaluation. Finally, our model focuses on MS
opacifications, excluding other sinuses. Future research
should consider a broader sinus opacification classification.

CONCLUSION
We present a CAD system employing CNN to clas-

sify MS opacifications and compare them with clinical
data. While studies have explored prevalence of MS
opacifications,7–11 they have not been integrated into the
broader context of correlating with clinical data using
CAD. Our approach offers a less labor-intensive solution
for detecting and classifying MS opacifications, leveraging
one of the largest datasets available for studying par-
anasal incidental findings. We demonstrate the effective-
ness of our 3D CNN model by generating attention maps,
illustrating its ability to focus on clinically significant
regions during the diagnostic process.
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