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A data science-based analysis of seasonal patterns in 
outpatient presentations due to olfactory dysfunction*

Abstract
Background: Changes in human olfactory function throughout the year appear to be a common perception due to the seasonal 

oscillations in some etiologies associated with olfactory loss. However, longitudinal data from large cohorts were rarely analysed 

for temporal patterns of human olfaction apart from oscillations in specific etiologies of olfactory loss.

Methods: Temporal patterns in the presentation of patients with olfactory disorders to a single centre were investigated as part 

of a cohort study. The time series analysis performed utilized a power spectrum analysis and an autoregressive integrated moving 

average (ARIMA) model in order to demonstrate repetitive fluctuations or trends in the monthly number of patients reporting 

from January 1999 to December 2017. The analyses additionally addressed temporal changes in the causes to which the olfactory 

disorder was attributed and in the degree of olfactory loss.

Results: A cohort of 7,014 patients was included. Descriptive analysis showed that the presentation of olfactory disorders had 

seasonal variation, high in March, without a trend. Power spectrum analysis showed a general seasonality of the numbers of 

patients, without further pattern in the causes or the degree of olfactory dysfunction.

Conclusions: The yearly periodicity in patient presentations at a specialized smell and taste clinic, was not readily attributable to 

seasonally changing medical causes of olfactory loss such as viral infections. This suggests that in addition to exploring the seaso-

nality of olfactory etiologies, the changes in human olfactory acuity merit further assessments in longitudinal studies..
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Introduction
As many biological processes, human olfaction has been shown 

to display temporal patters such as a circadian rhythm (1, 2). 

Changes in human olfactory function throughout the year also 

appear to be a common observation; however, they are mostly 

attributed to the seasonal oscillations in viral infection or aller-

gy-related rhinitis causing olfactory loss. A PubMed search at 

https://www.ncbi.nlm.nih.gov/pubmed/ for “(((human) AND ol-

faction) AND seasonal) NOT review[Publication Type]” on Febru-

ary 15, 2019, found 68 hits. When adding “AND allergic” to the 

search string, 49 hits remained, and when alternatively adding 

“AND (influenza OR infect*), seven hits remained. The premise 

of removing "allergic" articles and then "infect*” may have led to 

the exclusion of some relevant articles. The remaining hits were 

either reports unrelated to the search intentions, such as public 

health -related problems causing olfactory annoyances, with the 

seasonality of the smell of the human microbiome, with seaso-

nal olfactory performances of insects, seasonal temperatures of 

wine, or with seasonal changes in the composition of flavours. 

Seasonal rhinitis was mainly investigated for its pathophysio-

logy (3) or therapy (4), without addressing the seasonality as the 

topic or research. Similarly, infectious settings of olfactory loss 

were investigated retrospectively with a focus on an association 

with a decreased rate of influenza vaccination in a small group 
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of 84 subjects (5), without a research focus on the seasonality of 

olfactory function. Similarly, a seasonality observed in olfactory 

function was attributed to the seasonality of its infectious cause 

in an independent earlier assessment (6).

Longitudinal olfactory data from large cohorts in which tempo-

ral patterns of human olfaction could be addressed are rarely 

available if at all. The assessments of large olfaction-related 

cohorts seem therefore restricted to cross-sectional data. In the 

present study, a large single-centre cohort of 7,014 patients with 

olfactory disorders observed during a period of 19 years was 

investigated for temporal patterns.

Materials and methods
Study design and setting

This was an observational cohort study performed in outpa-

tients who had presented at the Smell & Taste Clinic, Dept. of 

ORL, TU Dresden, Germany. Collection of patient data during 

routine diagnostics for future scientific evaluation is approved 

by the Ethics Committee of the Faculty of Medicine of the TU 

Dresden (number EK251112006). Written informed consent was 

obtained from all subjects where they agreed to retrospective 

analysis of clinical findings and transfer of anonymized data to 

other academic institutions. The consent form is covered by the 

aforementioned ethic's approval.

Participants

In this retrospective study, all outpatients were included who 

by referral from a doctor or spontaneously had presented at the 

Smell & Taste Clinic, Dept. of ORL, TU Dresden, Germany, with 

the symptom “olfactory loss”, between January 1999 and De-

cember 2017. Inclusion criteria were (i) olfactory loss comprising 

both, quantitative and qualitative olfactory disorders and (ii) 

spontaneous report or referral by a medical doctor. Exclusion 

criteria from the present analysis were (i) congenital olfactory 

dysfunction, (ii) major cognitive deficits or inability to cooperate 

during olfactory testing. Furthermore, (iii) subjects were exclu-

ded who actively responded to flyers or internet advertising to 

participate in specific studies on human olfactory function that 

took place at the same time in the same medical facility.

Objectives

The main objective of the present analysis was the identifica-

tion of a possible temporal pattern in patient presentations at 

the Smell and Taste clinic. As secondary objectives, a temporal 

pattern in the causes of olfactory loss and in the associated 

olfactory diagnosis were analysed.

Variables and measurements

Olfactory function was assessed as described previously (7). 

Specifically, the “Sniffin’ Sticks” (8) test battery (Burghart, Wedel, 

Germany) was used, which uses felt-tip pens filled with solutions 

of odours that are placed, with the cap removed, for approxi-

mately 3 s at 1 - 2 cm beneath the nostrils. The test battery is 

composed of three different sets of pens for the assessment of 

(i) odour thresholds, (ii) the performance in odour discrimination 

and (iii) the performance in odour identification. The level of 

olfactory function was derived from the sum of the three scores, 

i.e., [0,...,16] for discrimination, [0,...,16] for identification, and 

[1,…,16] for thresholds, as follows: Sum scores of TDI (Threshold, 

Discrimination, Identification) ≥ 30.5 in males and TDI ≥ 29.5 in 

females indicated normal olfactory function (9).

Statistical methods

Data were analysed using the R software package (version 3.5.2 

for Linux; http://CRAN.R-project.org/ (10)) on an Intel Core i9® 

computer running on Ubuntu Linux 18.04.1 64-bit).

Quantitative variables

The retrospective analysis focused on temporal patterns in 

monthly patient presentations at the Smell & Taste Clinic, 

Department of ORL, TU Dresden, Germany, between January 

1999 and December 2017. Time series were analysed in (i) the 

numbers of patients who reported each month at the clinic, (ii) 

in the monthly incidence of reduced olfactory function, and 

(iii) in the monthly mixture of specific etiologies to which the 

olfactory loss was attributed. Time series were explored using (i) 

descriptive analysis and (ii) power spectrum analysis. In the case 

of a positive finding, (iii) time series forecasting was added.

Frequency spectrum analysis

Non-parametric spectral analysis was used to decompose the 

time series into sine or cosine functions of different frequencies. 

This aimed at identifying particularly important or predominant 

frequencies in the time series. Frequency, decomposition was 

obtained by means of the Fast Fourier Transformation algorithm 

(FFT (11)). Periodogram visualization was used to identify the 

dominant periods (or frequencies) of the time series. To enhance 

the identification of dominant frequencies, the obtained power 

spectrum was smoothed, for better visibility, using a modified 

Daniell kernel as implemented in the basic R software package.

FFT based analysis was applied on the time series of the 

monthly numbers of patients reporting for olfactory disorders 

from January 1999 to December 2017. In addition, the monthly 

proportion of patients for whom non-normal olfactory function 

was diagnosed were analysed for temporal patterns. Further-

more, it was explored as to whether particular causes of olfac-

tory disorders display seasonal oscillations in their frequency. 

Therefore, for each of the nine etiologies to which the olfactory 

disorders had been attributed (Table 1), the relative occurrence 

among the monthly patient presentations was calculated as the 

percentage of the total patient count of the respective month. 

These percentages were submitted, for each aetiology separa-
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of the original and differenced tie series. These calculations 

were performed using the R library “forecast” (https://cran.r-

project.org/package=forecast (17)). Specifically, parameters were 

identified automatically employing the “auto.arima” function of 

the R library, without and with setting the seasonality parameter 

to “TRUE”, or with setting a seasonal difference to D = 1. In ad-

dition, ARIMA parameters were adapted based on the ACF and 

PACF plots. The final model was selected on the basis of the ACF 

and PACF plots of the residuals, the Akaike information criterion 
(18) and the Box-Ljung test (19), which examines whether there is 

no remaining autocorrelation among the residuals of the model 

fit. In addition, only those models were further regarded for 

which all parameters passed the Wald test (20) as implemented in 

the “coeftest” function of the R package “lmtest“ (https://cran.r-

project.org/package=lmtest (21)) Model building was performed 

using roughly 80 % of the data while the forecasting perfor-

mance was tested at the remaining 20 %.

Results
Participants and descriptive data

A total of 7014 subjects were included in the analysis with an 

age range of 5 to 95 years (mean 55 ± 15.7) and with being 3114 

male and 3900 female was included in the analysis. Patients 

were grouped according to their medical diagnosis made during 

evaluation of the olfactory disorder that caused them to seek 

medical help. Grouping was performed according to the recent 

position paper on diagnostics and treatment of olfactory dys-

function (22). This could be grouped into nine different etiologies 

(Table 1).

Outcome data

All subjects having reported between January and Decem-

tely, to power spectral analysis. Furthermore, as a more global 

measure of the monthly mixture of causes of olfactory disorders, 

the Shannon-Wiener diversity index (12) and Fisher's α measure 
(13) were calculated. Finally, the TDI scores were transformed into 

olfactory diagnoses according to the standard limits described 

above and submitted to spectral analysis. These calculations 

were performed using the R library “vegan” (https://cran.r-pro-

ject.org/package=vegan (14)).

ARIMA modelling

Time series forecasting was employed to assess whether tem-

poral patterns found in the data were consistent and suitable to 

predict future data. Therefore, AIRMA models (15) were created, 

which contain an auto-regressive (AR), an integrated (I), and a 

moving average (MA) component to make use of past values, 

trends or errors, respectively, for forecasting future values. 

Specifically, a seasonal model was implemented as ARIMA (p, d, 

q)(P,D,Q)[S], where p and q denote the order of auto-regression 

and moving average, respectively, and d means the degree of 

trend differencing in the integrated component, q means the 

order of moving average. Furthermore, P and Q denote the 

seasonal lags of auto-regression and moving average, D denotes 

the degree of seasonal difference, and S denotes the length of 

the seasonal component, which was set at a value of S = 12 con-

sidering the focus on the yearly patterns in the monthly patient 

presentations.

The stationarity of the time series, i.e., time-invariant mean 

and variance, was checked by means of the Augmented 

Dickey-Fuller (ADF) unit-root test (16). If necessary, stationarity 

was achieved by differencing the time series. The parameters 

of ARIMA model were estimated based on the exploration of 

autocorrelation (ACF) and partial autocorrelation (PACF) graphs 

Table 1. Demographics of the enrolled subjects, separately for the subjects’ sex and the physiological or pathological (aetiology) condition associated 

with the subjects’ olfactory functional acuity. 

* CNS: indicates mixed causes related to central nervous issues, e.g., stroke, herpes encephalitis, meningeomas of the olfactory bulb. # SD denotes the 

standard deviation.

Aetiology Men Women

n (% within aetiology) Age (mean ± SD#) [years] n (%) Age (mean ± SD) [years]

CNS* 49 (1.6 %) 53.1 ± 15.6 91 (2.9 %) 55.6 ± 13.9

Congenital 118 (3.8 %) 26.4 ± 15.4 167 (5.4 %) 27.1 ± 16.4

Idiopathic 841 (27 %) 60.4 ± 14.9 976 (31.3 %) 59.3 ± 14.5

Sinunasal 600 (19.3 %) 54.7 ± 13.5 566 (18.2 %) 53.9 ± 13

Neurodegenerative 88 (2.8 %) 65 ± 11.7 63 (2 %) 64.8 ± 11.3

Normal 27 (0.9 %) 40.1 ± 14.2 21 (0.7 %) 41.2 ± 13.6

Postviral 692 (22.2 %) 57.4 ± 12.7 1468 (47.1 %) 58.8 ± 12

Toxic 50 (1.6 %) 59.2 ± 12.4 43 (1.4 %) 61 ± 14.5

Traumatic 649 (20.8 %) 46.9 ± 15 505 (16.2 %) 48.9 ± 15.9



154

Lötsch and Hummel

ber 2017 were included in the analysis, which amounted to a 

cohort size of n = n = subjects. They had reported for olfactory 

disorders associated to nine different etiologies comprising the 

central nervous system (CNS) disorders such as stroke, herpes 

encephalitis, meningeomas of the olfactory bulb (n = 140 

subjects), congenital (n = 285), idiopathic (n = 1,817), nasal (n 

= 1,166), neurodegenerative (n = 151), normal (n = 48), postvi-

ral (n = 2,160), toxic (n = 93) and traumatic (n = 1,154). A more 

detailed report is provided in Table 1. A plot of the monthly 

numbers of patients who had presented with olfactory disorders 

at the Smell & Taste Clinic between January 1999 and December 

2017 suggested a seasonal pattern. For example, a clear low 

was observed in December, and in March number of patients 

seemed higher than in the neighboured months, whereas an 

apparent peak in June was just an observation in a single year 

(Figure 1).

Main results

Frequency spectra

Following spectral analysis, the periodogram plot (Figure 2) dis-

played its maximum at a frequency corresponding a period of 

1 year, which indicates the detection of a 12-months rhythm as 

the main characteristics of the temporal pattern of the monthly 

numbers of patients who had presented with olfactory disorders 

at the Smell & Taste Clinic between January 1999 and December 

2017. Additional smaller peaks were observed at the periodo-

gram at localizations that corresponded to oscillations with 

periods of 0.5 and 1/6 years.

The decrease in patient presentations in December (Figure 1), 

which was probably due to the local holidays, was interpreted 

as a possible confounder. To test this whether the observed 

periodic patterns were just caused by this decrease, the number 

of reports in December was replaced (i) either with the median 

monthly number of patient presentations of the remaining 11 

months in the respective year, (ii) or with the number of patient 

report in a randomly chosen other month of the respective year. 

In both scenarios, the yearly cycle prevailed (details not shown). 

Only the two additional cycles became less evident than in the 

original data. Applying the same data replacement to any other 

month had no such effect, i.e., the periodograms kept their ap-

pearance (details not shown). Thus, the low number of patients 

reporting in December could not be identified as the main 

cause underlying the yearly cycle of the reports.

The nine different etiologies to which the olfactory deficits were 

attributed (Table 1) lacked a consistent pattern of their temporal 

appearance (Figure 3 top four rows). The periodogram plots 

obtained following spectral analysis lacked typical peaks at 

the expected periods of 1, 1/2 or ¼ year. Similarly, the diversity 

of etiologies with which the patients presented each month, 

numerically described by either the Shannon-Wiener diversity 

index (Figure 3 bottom left panel) or by Fisher's α measure (not 

shown) did not display a pattern that would have supported a 

consistent seasonal variation. Finally, the olfactory diagnosis of 

non-normal function, which is based on the TDI score as descri-

bed in the methods section, did not show any frequency pattern 

that would have pointed at a seasonal cycle (Figure 3 bottom 

Figure 1. Box and whisker plots showing the monthly number of 

patients who had reported with olfactory disorders at the Smell & Taste 

Clinic between January 1999 and December 2017. The figure has been 

created using the R software package (version 3.5.2 for Linux; http://

CRAN.R-project.org/ (10)) with the libraries “forecast” (https://cran.r-pro-

ject.org/package=forecast (17)) and “ggplot2” (https://cran.r-project.org/

package=ggplot2.

Figure 2. Plot of the results of a Fast Fourier Transformation analysis 

of the time series regarding the monthly number of patient presenta-

tions for olfactory disorders from January 1999 to December 2017. The 

periodogram plots the spectral power (ordinate) against the periods 

of the frequencies (abscissa). The maximum power was observed for a 

frequency with a period of 1 year (red perpendicular line). The figure 

has been created using the R software package (version 3.5.2 for Linux; 

http://CRAN.R-project.org/ (10)) with the libraries “forecast” (https://cran.r-

project.org/package=forecast (17)) and “ggplot2” (https://cran.r-project.

org/package=ggplot2.



155

Seasonal patterns in olfactory dysfunction

right panel). Thus, FFT based analyses of the frequency patterns 

in the monthly patient presentations resulted in a general seaso-

nality of the numbers of patients who report, without a further 

pattern in the causes or the degree of olfactory dysfunction. 

Monthly report counts were therefore further analysed.

ARIMA models

Decomposing the time series monthly numbers of patients 

having reported from January 1999 to December 2014 indicated 

a clear seasonal pattern without a clear non-stationary trend. 

Hence, the ADF test was statistically significant (p = 0.01). Esti-

mation of the ARIMA using the automatic algorithm provided 

in the R library “forecast”, without or with setting the “seasonal” 

parameter to “TRUE” resulted in a ARIMA(0,0,4)(2,0,0)[12] model, 

whereas running the “auto.arima” command with a fixed D = 1 

resulted in an ARIMA(0,0,0)(0,1,1)[12] model, i.e., a model that 

contained only seasonal effects. For setting ARIMA parameters, 

ACF and PACF plots provided no clear-cut identification of 

the most suitable set; however, a decline after three cycles in 

the local plots and a peak at 12 cycles in the differenced plots 

suggested setting p and q to values of 3 and setting P and Q to 

values of 1.

A total of seven models was tested to make the results more 

dependable. All models met the requirements of white noise of 

residual time series (Box-Ljung tests: all p > 0.05). However, the 

automatically recognized model ARIMA(0,0,4)(2,0,0)[12] did not 

meet the selection criterion because of the highest AIC value 

and provided a poor forecast (Figure 4 upper line). ARIMA(3,0,3)

(0,1,1)[12] (Figure 4 lower line) had the lowest AIC and was selec-

ted as the best ARIMA model of this analysis. All of its parame-

ters were differed statistically significantly from zero as indicated 

by the results of the Wald test, which for the values of p1 = 

-1.131, p2 = 0.6713, p3 = 0.8269, q1 = 0.9830, q2 = -0.9817, q3 = 

-0.9994, and Q1 = -0.8592 obtained p-values ranging between 

3.19 · 10-14 and < 2.2 · 10-16, and with confidence intervals of pa-

rameter estimates that did not include the value of zero. While 

Figure 3. Plot of the results of a Fast Fourier Transformation analysis 

based periodogram of different time series, i.e., (i) the percentage of 

each aetiology to which olfactory disorders were attributed (top four 

rows), (ii) the monthly diversity of cases to which the olfactory loss was 

attributed (bottom left panel) and (iii) the monthly fraction of reduced 

olfactory function (bottom right panel). The periodograms plot the spec-

tral power (ordinate) versus the periods of the frequencies (abscissa). 

The figure has been created using the R software package (version 3.5.2 

for Linux; http://CRAN.R-project.org/ (10)) with the libraries “forecast” 

(https://cran.r-project.org/package=forecast (17)) and “ggplot2” (https://

cran.r-project.org/package=ggplot2.

Figure 4. Fit of the time series regarding the monthly number of patient 

presentations for olfactory disorders, using (i) the automatic model 

estimation implemented as “auto.arima” in the R library “forecast” (17) 

(upper line of plots), and (ii) an ARIMA(3,0,3)(0,1,1)[12] model that had 

emerged as the best among several alternatives tested (lower line of 

plots). Left panels: The original values are shown as a black line. The 

ARIMA model had been created using the observation period from 

January 1999 to December 2013. The fitted values are shown as a red 

line. The trained model was then used to forecast the number of patient 

reporting monthly to the Smell & Taste Clinic between January 2014 and 

December 2017. The blue line indicates the mean of the forecast, sur-

rounded by the areas limiting the 95 % and 80 % confidence intervals 

of the forecast. Right panels: Autocorrelation plot of the residuals of the 

ARIMA model and 95 % significance boundaries (blue dotted lines). The 

figure has been created using the R software package (version 3.5.2 for 

Linux; http://CRAN.R-project.org/ (10)) with the libraries “forecast” (https://

cran.r-project.org/package=forecast (17)) and “ggplot2” (https://cran.r-

project.org/package=ggplot2.
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the ARIMA model was built using data from January 1999 to De-

cember 2013, a forecast was possible for the monthly numbers 

of patients having reported from January 2014 to December 

2017 (Figure 4). Hence, the results of the ARIMA supported the 

findings obtained with FFT and hinted at true seasonal pattern 

when patients consulted a specialist due to olfactory loss.

Discussion
Key results

The presentations of patients at a specialized smell and taste 

center due to olfactory loss showed a temporal pattern with a 

one-year period. This was not due to the holiday-associated de-

cease in December patient presentations. Compensating for the 

December-low changed the power spectrum of the time series, 

however, not its one-year periodical component. The results of a 

one-year temporal pattern in patient presentations are suppor-

ted by the ARIMA (3,0,3)(0,1,2)[12] model, which included in its 

D = 1 component the yearly rhythm. All tested ARIMA models 

with parameter D = 0 showed substantially higher values of the 

AIC. The implementation of a forecasting model mainly aimed at 

providing further support for a temporal pattern, rather than to 

provide a general model of patient presentations at an olfactory 

clinical centre.

A possible interpretation of the clearly observed one-year 

rhythmic pattern in patient presentations during the 19-year 

observation period may involve that olfactory complaints 

following a viral infection of the upper respiratory tract had 

occurred at a seasonal rhythm. However, the relative proportion 

of post-viral causes among all different causes attributed to the 

olfactory loss did not change with a temporal pattern. This was 

also true for the other eight different etiologies attributed to 

the olfactory loss although for some of them a temporal pattern 

was not expected anyway such as for congenital anosmia. This 

contrasts with an earlier report of a peak incidence of postviral 

anosmia in March found in an analysis of a six-year period (6). In 

that analysis, the absolute incidence had been analysed in con-

trast to the present analysis, where the incidence of each aetio-

logy of olfactory loss was analysed at a relative level. Hence, the 

present analysis apparently reproduced that earlier finding as 

also showing a peak of patient presentations in March; however, 

this peak could not be attributed to postviral olfactory disorders 

while the accumulation of patients in March seemed to be due 

to several causes not shifting the mixture of etiologies toward a 

specific one.

Limitations

Thus, the findings when compensating for December produced 

the expected results that this apparent seasonal variation owes 

to the low number of subjects reporting in December as the 

clinic is closed during the winter holidays for almost two weeks 

This does not occur at any other time during the year, except for 

one or two-day long periods when the unit is closed throughout 

the year. Indeed, a holiday-based explanation of the higher 

number in March does not come readily to us, and therefore, 

we have focused on December. Thus, the lack of clear causes of 

the yearly pattern in patient presentations may relate to some 

limitations in this study. Firstly, this was a single-center study 

performed in a facility specialized in research and treatment of 

olfactory and gustatory disorders. Patients presented themsel-

ves spontaneously or were advised to do so by their physicians. 

Hence, many patients might have consulted their primary physi-

cian first or solely, and therefore did not present at the specialist 

Smell & taste centre at the onset of the olfactory loss. Therefore, 

the monthly incidence of patient presentations analysed in this 

study might not be identical to the true monthly incidence of 

olfactory loss in the present geographic region. Moreover, only 

the variation in patient presentations, in olfactory function and 

in the attributed causes was considered. A role of other possible 

factors such as environmental conditions including the weather, 

or the incidence of influenza were ignored. Therefore, to better 

understand the seasonal cycles in human olfactory function, fu-

ture data should be continually acquired longitudinally. Finally, 

it needs to be emphasized that the timing of onset not being 

available in the database is a major limitation. Possibly, the delay 

is random with respect to the different etiologies of olfactory 

loss. However, this is uncertain as a presentation with olfactory 

loss following a viral infection may be prompter than a presen-

tation due with olfactory loss due to a stroke or trauma where 

the treatment of the basic disease had priority. Therefore, it is 

conceivable that patterns in olfactory loss would have become 

clearer when the onset information was available.

Interpretation

Considering the sparse information about seasonal patterns of 

human olfactory function, the present analysis of time series in 

a total of 7,014 reports between January 1999 and December 

2017 indicated a yearly periodicity that could be addressed with 

temporal forecasting using an auto-regressive, integrated mo-

ving average model. The present results reflect the observations 

in the highly specialized environment of a smell and taste clinic. 

They indicate that seasonal peaks in patient presentations need 

not be expected with common causes of olfactory loss such 

as viral infections of the upper respiratory tract. The observed 

seasonality in patient presentations was not readily attributable 

to seasonally changing medical causes of olfactory loss such as 

viral infections, the results suggest that fluctuations in the pre-

sentation of olfactory disorders itself merit further assessments 

in longitudinal studies, rather than exploring just the seasonality 

of olfactory etiologies as it has been the focus of most previous 

work on fluctuations in the presentation of olfactory disorders. 

If a particular time series behaviour of human olfactory function 

could be detected, this might impact on the revision of normal 
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values that may possibly need adaptation for seasonal effects.

Generalisability

The present results provide a basis for planning seasonal peaks 

in patient presentation at a specialized olfactory health care 

centre. The limitations of the study such as lack of recording 

of environment factors, e.g., the weather conditions, or the 

absence of specific information about the onset of the olfactory 

loss may provide guidance for the planning of future studies on 

the seasonal patterns in olfactory disorders.
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