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Syndromic data sources have been sought to improve 
the timely detection of increased influenza transmis-
sion. This study set out to examine the prospective 
performance of telenursing chief complaints in pre-
dicting influenza activity. Data from two influenza 
seasons (2007/08 and 2008/09) were collected in a 
Swedish county (population 427,000) to retrospec-
tively determine which grouping of telenursing chief 
complaints had the largest correlation with influenza 
case rates. This grouping was prospectively evaluated 
in the three subsequent seasons. The best performing 
telenursing complaint grouping in the retrospective 
algorithm calibration was fever (child, adult) and syn-
cope (r=0.66; p<0.001). In the prospective evaluation, 
the performance of 14-day predictions was acceptable 
for the part of the evaluation period including the 2009 
influenza pandemic (area under the curve (AUC)=0.84; 
positive predictive value (PPV)=0.58), while it was 
strong (AUC=0.89; PPV=0.93) for the remaining evalu-
ation period including only influenza winter seasons. 
We recommend the use of telenursing complaints 
for predicting winter influenza seasons. The method 
requires adjustments when used during pandemics.  

Background
Data source alternatives to mandatory reporting by 
microbiological laboratories and sentinel physician 
practices have been sought to improve the timely 
detection of influenza outbreaks [1,2]. Telenursing is 
defined as call centres staffed by registered nurses 
who perform counselling and patient triage as a means 
of augmenting self-care support and regulating patient 
access to medical services. This strategy is rapidly 
expanding in many countries, with prominent exam-
ples in Sweden, the United Kingdom (UK) and Canada,  

[3] and telenursing call data have been regarded as 
a promising source of syndromic surveillance [4–6]. 
However, a study published in 2009 reported low 
validity of current telenursing data for monitoring and 
predicting influenza outbreaks [7]. Several possible 
reasons for this shortcoming were identified, such as a 
lack of specificity due to broad definitions of influenza-
like illness (ILI) and the use of suboptimal evaluation 
methods. Cough and high fever with rapid onset have 
been known as the symptoms best discriminating influ-
enza infection [8], but recently it has been observed 
that when aggregated at the population level, the inci-
dence of influenza symptoms may differ between age 
groups, status (hospitalised or outpatient), or (sub)
type of influenza virus [9]. In a patient cohort in the 
United States (US) with confirmed influenza A(pH1N1)
pdm09 virus infection, the most common symptoms 
were fever (94%) and cough (92%), followed by sore 
throat (66%), diarrhoea (25%), and vomiting (25%) [9]. 
In contrast with a parallel Singapore cohort of A(pH1N1)
pdm09 virus -infected patients, similar proportions 
with cough (88%), fever (79%), and sore throat (54%) 
were reported, but fewer patients described vomiting 
(1.1%), and diarrhoea (0.7%) [10]. In the latter study it 
was also reported that there were differences in symp-
tom patterns between patients presenting with sea-
sonal influenza (H3N2, H1N1, and B) and the pandemic 
A pH1N1 influenza.

This study examines the use of data from calls to telen-
ursing services as population-level predictors of influ-
enza season activity and its progression. It employs 
data from the Swedish telenursing service Healthcare 
Direct/1177 and an electronic health data reposi-
tory covering an entire county population [11]. The 
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electronic repository collects data from all calls made 
by the county residents to the nation-wide telenursing 
service, and data from all healthcare episodes pro-
vided in the county at primary and secondary levels. 
Specifically, the aim of the study is to examine the pro-
spective performance of chief complaints documented 
during telenursing calls, hereafter referred to as telen-
ursing chief complaints, in predicting influenza activ-
ity on a daily and weekly basis, respectively, during a 
three-year period.  

Methods
This observational study uses an open cohort design 
based on the total population in a Swedish county. A 
detection algorithm was calibrated using retrospective 
data from two years (covering influenza winter seasons 
2007/08 and 2008/09) and then prospectively evalu-
ated during a three-year period (covering the pandemic 
2009/10 and influenza winter seasons 2010/2011 and 
2011/12). The study was based on administrative pub-
lic health databases established for the purpose of 
systematically and continuously developing the qual-
ity of service. In accordance with Swedish legislation 
(SFS 2008:355), personal identifiers were removed 
from the records. The study design was approved 
by the Regional Research Ethics Board in Linköping 
(2012/104-31).

The study was performed in Östergötland (population 
427,000) located in south-eastern Sweden. The daily 
and weekly rates of clinical cases are used as meas-
ures of influenza activity. An account of the age-strat-
ified influenza activity in the county has previously 
been reported [12]. Annual aggregated data on the sex, 
age, and residence of the population were collected 
from Statistics Sweden [13]. Data from Östergötland 
residents who had contacted the telenursing service 
or had been clinically diagnosed with influenza were 
identified from the electronic health data repository 
associated with the county-wide electronic health 
record systems at the County Council. Data from the 
clinical laboratories, however, were only collected 
for this study during the period from 1 January 2009 
to 15 September 2010. Influenza cases were identi-
fied from the electronic health data repository by the 
International Classification of Diseases version 10 (ICD-
10) codes for influenza (J10.0, J10.1, J10.8, J11.0, J11.1, 
J11.8) [14]. For individuals having received an influenza 
diagnosis at both primary and secondary levels of care, 
the diagnosis code recorded at the first contact was 
used for the analyses. If the codes were recorded at the 
same day, only the secondary-level diagnosis code was 
used. ILI-related telenursing call cases were identified 
by the chief complaint codes associated with influenza 
symptoms (dyspnoea, fever (child, adult), cough (child, 
adult), sore throat, lethargy, syncope, dizziness, and 
headache (child, adult)) from the fixed-field terminol-
ogy register.

Case data validation
The influenza case data defined by clinical diagno-
ses were validated against case data from the micro-
biological laboratories for the period 1 January 2009 
to 15 September 2010. In these analyses, both data 
sets were separately adjusted for weekday effects on 
care resource utilization. The correlations between 
the number of cases reported each day in the clinical 
and laboratory data were analysed with 0–6 day lag. 
The results showed a strong correlation between the 
number of clinically diagnosed influenza cases per 
day and the corresponding number of cases verified 
daily by microbiological analyses during the validation 
period. The correlation with largest strength (r=0.625; 
p<0.001) was observed between the clinically and the 
microbiologically verified cases with a two-day lag.

Retrospective algorithm calibration
A calibration procedure [15] was used for determining 
the telenursing chief complaint grouping that retro-
spectively demonstrated the best predictive accuracy 
with regard to the influenza case rates. Data from two 
influenza seasons (2007/08 to 2008/09) were collected 
and used to determine the influenza activity predic-
tion (IAP) grouping having the strongest correlation 
with case rates and the best-performing threshold for 
alerts. Initial calibrations using correlations have been 
suggested to complement the application of a thresh-
old or scan statistic in the analyses of surveillance per-
formance [16]. Correlations between chief complaints 
documented during telenursing calls and influenza 
case rates were, therefore, first examined for all pos-
sible combinations of complaints with a preceding time 
lag to physician diagnosis starting from 0 days and 
until the correlations started to decay, but at least up to 
14 days. The three groupings of chief complaints with 
the strongest correlation to the influenza case rate for 
each time lag were listed. The chief complaint grouping 
with the largest correlation strength was chosen as the 
influenza activity prediction (IAP) grouping to be used 
in the following analyses of predictive performance.

In the second calibration step, a detection algorithm 
was used to examine the prospective performance 
of the selected IAP grouping. A Shewhart-type algo-
rithm [17], where the signal decisions depend on the 
observed measure of activity from the current time 
period was used. The baseline temporal trend of calls 
to Healthcare Direct due to complaints included in the 
IAP grouping was estimated in the retrospective data 
set using the formula b0+b1t, where b0 is the inter-
cept, b1 the slope, and t is time (day). The actual num-
ber of calls to Healthcare Direct was then identified for 
each day and the estimated baseline level value for 
that day was subtracted from the recorded number. If 
the difference was positive, the value was saved, and 
if it was negative it was set to 0. This transformation 
yielded an adjusted set of telenursing data. To detect 
outbreaks on a daily basis we calculated a moving 
average for the adjusted data set (the value for day 8 is 
the average number of calls for days 1-7, the value for 
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day 9 is the average number of calls for days 2-8, etc.). 
The threshold levels for signalling an alert were deter-
mined using Receiver Operating Characteristic (ROC) 
curves. The area under the ROC curve (AUC) calculated 
from plots of the sensitivity and 1-specificity of the 
outbreak predictions and the positive predictive value 
(PPV) of these predictions on a daily and weekly basis, 
respectively, were used as performance indicators [18]. 
The limit for start and end time of influenza outbreaks 
was set to 1.8 cases/100,000 during a floating seven-
day period [19].

Statistical data analysis
The IAP grouping and threshold were prospectively 
evaluated using data from three subsequent seasons 
(2009/10 to 2011-12). During this period, the telenursing 
data were adjusted to the baseline temporal trend with 
the same methods as used in the retrospective algo-
rithm calibration. For the evaluation, correlations with 
influenza case rates were calculated and estimates of 
the AUC and PPV computed as performance indicators. 
The level of statistical significance was set to p<0.05. 
To denote the strength of correlations, limit values 
were applied as suggested by the Cohen Scale [20]. 
This scale defines small, medium and large effect sizes 
as 0.10, 0.30, and 0.50 respectively. The limits for inter-
preting the AUC (or c-statistic) were set to 0.90, 0.80, 
and 0.70, denoting very strong (outstanding), strong 
(excellent), and acceptable discriminatory perfor-
mance, respectively [21]. The analyses were performed 

using SPSS version 19, R Statistical Software version 
2.15.2, and Minitab Statistical Software version 16.1.1.

Results
The highest incidence of influenza cases during the 
study period was recorded for the influenza winter 
season 2011/12 in Östergötland county (1.9 cases/
day/100,000; 8.2 cases/day in the county) (Table 1). 
The average number of telenursing calls recorded 
during an influenza winter season or pandemic with 
a chief complaint in the ILI category increased from 
20.0 calls/day/100,000 (84.4 calls/day) during the B 
and A H1 influenza winter season in 2007/08 to 27.9 
calls/day/100,000 (120.4 calls/day) during the H3N2 
influenza winter season in 2011/12. Correspondingly, 
the calls with a chief complaint in the ILI category dur-
ing the intermittent periods increased from 15.4 calls/
day/100,000 (65.3 calls/day) in May–November 2008 
to 21.1 calls/day/100,000 (90.9 calls/day) in May–
December 2011.

Retrospective calibration
The grouping of chief complaints with the largest cor-
relation strength on a daily basis (r=0.66; p<0.001) 
and longest lead time (14 days) to influenza case rates 
in the retrospective data was fever (child, adult) and 
syncope (Table 2). On a weekly basis, the strength 
of the correlation was larger (r=0.91; p<0.001), while 
the lead time remained at two weeks. The chief com-
plaints cough (child, adult), lethargy, dizziness, and 

Table 1
Numbers of daily influenza cases and telenursing influenza-like illness calls per 100,000, Östergötland country, Sweden, 
winter influenza seasons including the 2009 pandemic, and intermittent periods 2007–2012

Mean daily numbers per 100,000

Influenza 
B and 
A(H1)   

2007/08

May–
November 

2008

Influenza 
A(H3N2) 
2008-09

April–July 
2009

Influenza 
A(pH1N1)
pdm09 

2009/10

January–
November 

2010

Influenza 
B and 

A(pH1N1)
pdm09 
2010/11

May–
December 

2011

Influenza 
A(H3N2) 
2011/12

Influenza cases 1.12 0.07 1.63 0.11 1.34 0.09 1.22 0.08 1.89 
Telenursing calls (%)
Total ILI complaints 20.0 (100) 15.4 (100) 22.4 (100) 16.7 (100) 22.5 (100) 18.6 (100) 27.3 (100) 21.1 (100) 27.9 (100)
Dyspnea 1.67 (8.3) 1.48 (9.6) 1.81 (8.1) 1.42 (8.5) 2.08 (9.2) 1.56 (8.4) 2.09 (7.6) 1.88 (8.9) 2.35 (8.4)
Fever (child) 4.84 (24.3) 3.11 (20.1) 5.95 (26.6) 3.52 (21.1) 5.52 (24.6) 4.04 (21.8) 7.33 (26.9) 4.44 (21.1) 7.38 (26.4)
Fever (adult) 1.48 (7.4) 0.95 (6.1) 2.09 (9.3) 1.36 (8.2) 2.58 (11.5) 1.23 (6.6) 2.51 (9.2) 1.63 (7.7) 2.66 (9.5)
Cough (child) 2.79 (14.0) 1.40 (9.1) 2.64 (11.8) 1.38 (8.3) 2.11 (9.4) 2.38 (12.8) 3.57 (13.1) 2.10 (9.9) 3.54 (12.7)
Cough (adult) 1.70 (8.5) 1.38 (8.9) 2.60 (11.6) 1.45 (8.7) 2.37 (10.6) 1.73 (9.3) 2.58 (9.5) 2.30 (10.9) 3.21 (11.5)
Sore throat 4.09 (20.5) 3.59 (23.3) 3.82 (17.0) 4.04 (24.2) 3.93 (17.5) 3.84 (20.7) 4.49 (16.4) 4.02 (19.1) 4.11 (14.7)
Dizziness 1.22 (6.1) 1.23 (8.0) 1.21 (5.4) 1.31 (7.9) 1.24 (5.5) 1.22 (6.6) 1.55 (5.7) 1.61 (7.6) 1.64 (5.9)
Lethargia 0.46 (2.3) 0.51 (3.3) 0.57 (2.6) 0.58 (3.5) 0.57 (2.5) 0.68 (3.7) 0.82 (3.0) 0.66 (3.1) 0.70 (2.5)
Syncope 0.20 (1.0) 0.19 (1.3) 0.20 (0.9) 0.21 (1.2) 0.22 (1.0) 0.25 (1.4) 0.36 (1.3) 0.30 (1.4) 0.27 (1.0)
Headache (child) 0.28 (1.4) 0.36 (2.3) 0.26 (1.2) 0.27 (1.6) 0.37 (1.6) 0.29 (1.6) 0.42 (1.5) 0.42 (2.0) 0.38 (1.4)
Headache (adult) 1.23 (6.1) 1.25 (8.1) 1.25 (5.6) 1.13 (6.8) 1.47 (6.6) 1.33 (7.2) 1.59 (5.8) 1.72 (8.1) 1.70 (6.1)

ILI: influenza-like illness.
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headache (child) were included in groupings showing 
large correlations strength (r>0.5) with influenza case 
rates. The chief complaints not included in any group-
ing reaching the level of statistical significance were 
sore throat and common cold. Based on these observa-
tions, fever (child, adult) and syncope were chosen as 
the IAP complaint grouping for use in alerts. The alert-
ing threshold was determined to a moving average of 
0.9 calls/day/100,000 above the baseline level (Figure 
1). The performance of alerts on a daily basis (14 days 
lead time) was very strong (AUC=0.94; PPV=0.92); the 
specificity was 0.94 and the sensitivity was 0.85. For 
alerts on a weekly basis, the threshold was determined 
to 4.7 calls/week/100,000 above the baseline level. 
Also for the weekly alerts (two weeks lead time), the 
retrospective performance was very strong (AUC=0.93; 
PPV=0.96); the specificity was 0.97 and the sensitivity 
0.87.

Prospective evaluation
The strength of the correlation between telenursing 
call rates for the IAP grouping and influenza case rates 
was, on a daily basis, slightly smaller than observed 
in the retrospective analysis but still large (r=0.59; 
p<0.001). The correlation strength was smaller dur-
ing the first part of the period (July 2009 to June 
2010) including the 2009 influenza pandemic (r=0.56; 
p<0.001) than in the second part of the period (July 
2010 to April 2012) including only winter influenza sea-
sons (r=0.64; p<0.001) (Figure 2). Similarly, the weekly 
correlation strength was smaller than observed from 
the retrospective data (r=0.80; p<0.001). Here it was 
also smaller during the first part of the evaluation 
period (r=0.76; p<0.001) than in the later part includ-
ing only influenza winter seasons (r=0.86; p<0.001). 
The AUC for the 14-day predictions on a daily basis was 
0.87 (PPV=0.75) for the entire prospective evaluation 
period; the specificity was 0.88 and the sensitivity 
was 0.67 (Figure 3). The performance was acceptable 
for the part of the evaluation period including the 2009 
influenza pandemic (AUC=0.84; PPV=0.58), while it 
was strong (AUC=0.89; PPV=0.93) for the remaining 
period including only influenza winter seasons. On a 
weekly basis, the AUC was strong 0.81 (PPV=0.90) for 
the entire prospective evaluation period; the speci-
ficity was 0.94 and the sensitivity was 0.68. Also on 
a weekly basis, the performance of predictions was 
acceptable for the pandemic outbreak (AUC=0.78; 
PPV=0.79) and strong for the influenza winter seasons 
(AUC=0.83; PPV=1.00).

Discussion
This is the first study of the predictive performance 
of telenursing data in influenza surveillance based 
on recommended standard statistical outcome meas-
ures for evaluations of methods for forecasting infec-
tious disease activity [22]. The complaint grouping 
found in retrospective analyses of two consecutive 
influenza winter seasons to have the longest lead 
time and strongest correlation to variations in influ-
enza case rates was fever (child, adult) and syncope. 

Table 2
Best performing telenursing complaint groupings in 
retrospective analysis displayed by lead time to physicians’ 
diagnosis of influenza, Östergötland, Sweden, winter 
influenza seasons including the 2009 pandemic and 
intermittent periods 2007–2012 

Telenursing chief complaint grouping 
Lead time (days)                                                          Correlation (r)

0 
Fever (child), fever (adult), syncope, headache (child) 0.491

Fever (child), fever (adult), syncope 0.490
Fever (child), fever (adult), headache (child) 0.489

1 
Fever (child), fever (adult), syncope 0.513

Fever (child), fever (adult) 0.512
Fever (child), fever (adult), lethargia, syncope 0.511

2 
Fever (child), fever (adult), syncope 0.549

Fever (child), fever (adult), syncope headache (child) 0.548
Fever (child), fever  (adult) 0.547

3 
Fever (child), fever (adult), dizziness 0.598

Fever (child), fever (adult) 0.598
Fever (child), fever (adult), headache (child) 0.595

4 
Fever (child), fever (adult) 0.575

Fever (child), fever (adult), syncope 0.572
Fever (child), fever  (adult), headache (child) 0.572

5 
Fever (child), fever (adult) 0.581

Fever (child), fever (adult), syncope 0.579
Fever (child), fever (adult), headache (child) 0.573

6 
Fever (child), fever (adult) 0.586

Fever (child), fever (adult), syncope 0.582
Fever (child), fever (adult), headache (child) 0.582

7 
Fever (child), fever (adult) 0.615

Fever (child), fever (adult), syncope 0.614
Fever (child), fever (adult), dizziness 0.606

8 
Fever (child), fever (adult) 0.627

Fever (child), fever (adult), headache (child) 0.626
Fever (child), fever (adult), cough (adult) 0.623

9 
Fever (child), fever (adult) 0.638

Fever (child),fever (adult), syncope 0.638
Fever (child), fever (adult), headache (child) 0.633

10 
Fever (child), fever (adult) 0.627

Fever (child), fever (adult), syncope 0.622
Fever (child), fever (adult), headache (child) 0.619

11 
Fever (child), fever (adult) 0.658

Fever (child), fever (adult), headache (child) 0.657
Fever (child), fever (adult), syncope 0.656

12 

Fever (child), fever (adult), syncope 0.640
Fever (child), fever (adult) 0.638

Fever (child), fever (adult), syncope, headache 
(child) 0.635

13 
Fever (child), fever (adult), cough (adult) 0.630

Fever (child), fever (adult) 0.630
Fever (child), fever (adult), cough (child), cough (adult) 0.629

14 
Fever (child), fever (adult), syncope 0.661

Fever (child), fever (adult) 0.660
Fever (child), fever (adult), cough (child), syncope 0.654

Influenza-like illness (ILI) complaints included in the analysis 
were dyspnoea, fever (child), fever  (adult), cough (child), cough 
(adult), sore throat, dizziness, lethargia, syncope, headache 
(child), and headache (adult).

 P<0.001 for all correlations. 
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The prospective correlation with weekly influenza 
case rates over three consecutive influenza seasons 
was found to have slightly greater strength (r=0.80; 
p<0.001) than the retrospective median correlation 
(r=0.74 (range 0.34–0.89)) reported from a state-level 
US study [7]. The latter study did not include optimisa-
tion with regard to alternative chief complaint group-
ings or prospective evaluation, but it reported that 
the correlation between influenza case rates and viral 
isolate data was strong. In our prospective evaluation, 
the performance of daily telenursing complaint data in 
14-day predictions of influenza case rates was found 
to be strong (AUC=0.87; PPV=0.75). The performance 
was poorer during the first part of the prospective 
evaluation period including the 2009 influenza pan-
demic (AUC=0.84; PPV=0.58) than during the remain-
ing period, including only influenza winter seasons 
(AUC=0.83; PPV=1.00). The poorer performance can 
be explained both by the fact that the symptom pat-
terns during pandemic influenza outbreaks differ from 
the corresponding patterns of seasonal influenza and 
also by differences in healthcare utilisation and health 
seeking behaviour between pandemic outbreaks and 
winter seasons [23,24]. This implies that predictions 

based on telenursing data from influenza winter sea-
sons can be assumed to be less accurate when applied 
during pandemic s. Our results also confirm explora-
tory findings reported from other settings. In a study 
performed within the NHS Direct telenursing service 
in the United Kingdom, alerting thresholds defined 
as 9% fever complaints in the age group 5–14 years 
and 1.2% ‘cold/flu’ complaints of all complaints were 
derived using Poisson regression modelling [25]. In 
a pragmatic prospective evaluation, the thresholds 
were found to provide up to 14 days advance warning 
of seasonal influenza activity. Similarly, a retrospec-
tive study from Canada using data on total call rates 
from the Telehealth Ontario telenursing service and 
case rate data on respiratory illnesses showed strong 
correlations and indicated that, if threshold levels had 
been set for the start of outbreaks, it would have been 
possible to provide up to 15 days advance warnings 
of emergency department visits [26]. No prospective 
evaluation was reported from the Canadian telenursing 
setting.

In previous studies involving telenursing service users 
and clinical outpatients, fever has been found to be an 

Figure 1
Retrospective data used for algorithm calibration from Östergötland County, Sweden, January 2008–June 2009
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early correlate to influenza case rates [27,28]. Requiring 
fever as part of the case definition has been shown to 
increase the specificity of influenza diagnosis among 
clinical ILI cases [29,30]. One explanation of the pre-
dictive performance of fever in influenza surveillance 
could be that the symptom mediates timely outbreak 
detection particularly when the predominant circulat-
ing influenza strain does not initially cause significant 
levels of illness among those infected, while only later 
and different complaints and complications necessitate 
medical care. Cough was not included in the IAP group-
ing in this study, although this symptom has commonly 
been reported from studies of the clinical presentation 
of influenza [8¬–10]. Cough is among the most common 
reason for seeking medical care, and most episodes 
result from a self-limited acute viral upper respira-
tory tract infection [31]. However, particularly among 
older adults, the symptom can also be caused by a 
number of other disorders, such as gastro-oesopha-
geal reflux disease, upper airway cough syndrome, 
and asthma [32]. In our study, cough was included in 
several groupings of chief complaints showing large 
correlations with influenza case rates. Nonetheless, 
unlike for fever, in some seasons, cough was mainly 
reported from children and during other seasons from 
adults. Variations were also found in the age distribu-
tion of clinical case rates as indicated by the relative 
illness ratio (unpublished data). It is thus reasonable to 
assume that the predictive performance of telenursing 
chief complaint groupings in influenza surveillance, 
as these groupings provide a selective representation 
of those infected with symptoms, is both population- 
and season-dependent. Therefore, fever appears to be 
a common denominator among the chief complaints 
with regard to predictive performance. More research 
on the clinical presentation of influenza as well as the 

grouping of telenursing chief complaints for prospec-
tive use in influenza surveillance is warranted.

This study has several limitations that should be con-
sidered when interpreting the results. First, influenza 
cases were defined by clinical diagnosis, and micro-
biological validation was restricted to a limited period 
of the study. However, the strength of the correlation 
between the microbiological and clinical diagnosis 
rates was large during the validation period, and simi-
lar findings have also been reported from other set-
tings [30,33]. Second, the telenursing data were based 
on chief complaint codes defined for Sweden. Some 
complaints, such as fever and cough, were coded as 
age-specific syndromes, while other complaints had 
an age-neutral coding. Internationally standardised 
telenursing complaint codes would facilitate valid and 
reliable recording and comparisons between systems. 
The World Health Organization framework for influenza 
preparedness [34] could provide a forum for imple-
menting such a process. Moreover, the epidemiologi-
cal context for interpreting telenursing data has not 
been established. The majority of calls to telenursing 
systems are about infections, such as colds, influenza 
or diarrhoea [25,35]. A study of the Telehealth Ontario 
telenursing service in Canada showed that the call vol-
ume was weighted for the 0–4 years age group (49%), 
while the outpatient visits during the same period were 
mainly from those 18–64 years old (44%) [26]. An early 
Swedish study reported that about every second call to 
telenursing service is made by a third party on behalf 
of the ill person, mostly by a spouse or parents of 
preschool-aged children, and that another large group 
of callers is young adults living independently [36]. 
According to a recent Canadian study, the overrepre-
sentation of younger age groups among telenursing 

Figure 2
Daily numbers of influenza cases and telenursing calls for fever and syncope above the baseline temporal trend for calls to 
the telenursing service in Östergötland County, Sweden, during the prospective evaluation July 2009–April 2012
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callers can be explained by both epidemiological and 
social factors, that is, the incidence of acute respira-
tory infections is high among young people and that 
first-time parents without previous parenting experi-
ence make more calls for their children [37]. In order 
to further develop the performance of telenursing 
data in infectious disease surveillance, the biases 
associated with using these data in epidemiologi-
cal analyses have to be better understood. Schemes 
such as the Behavioral Risk Factor Surveillance System 
(BRFSS) supplied by the Centers for Disease Control 
and Prevention in the US are needed for longitudinal 
collection and analysis of standardised data on health 
behaviours during and between seasons [38].

Conclusions
In this first prospective study based on standardised 
outcome measures, the telenursing complaints fever 
and syncope were found to be strongly correlated 
to influenza case rates and the complaints grouping 
showed strong performance in predicting winter influ-
enza seasons. The method performed poorer during 
the 2009 pandemic outbreak when health behaviours 
did not follow anticipated patterns. This paper has pre-
sented data from Sweden, but the results have inter-
national relevance, as telenursing services are rapidly 
expanding worldwide [3]. We recommend the use of 
telenursing data in surveillance of seasonal influenza. 
The relationship between the utilisation of the ser-
vice in population subgroups during winter influenza 

Figure 3
Receiver operating characteristic (ROC) curves based on retrospective and prospective data for prediction of influenza case 
rates from telenursing calls for fever and syncope, Östergötland County, Sweden, January 2008–April 2012
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seasons and pandemic outbreaks and the herd immu-
nity associated with different influenza types warrants 
further study. 

Author contributions
TT, OE, AS and EAG conceived and designed the study. OE, 
AS and ÖD analysed the data. TT, ÖD, EH and MS contributed 
materials and analysis tools. TT and AS wrote the paper. OE, 
EAG, MS, EH, JE, ÖD, JH, JMN and HE revised the manuscript 
and provided intellectual content. TT, AS, OE, ÖD, EAG, MS, 
EH, JE, JH, JMN and HE gave final approval of the version to 
be published. TT is guarantor of the content.

Acknowledgments
This study was supported by grants from The Swedish Civil 
Contingencies Agency (2010-2788); the Swedish Science 
Council (2008-5252); and the Swedish Governmental Agency 
for Innovations (VINNOVA) (2011-03231). The funders had no 
role in study design, data collection and analysis, decision 
to publish, or preparation of the manuscript.

Conflict of interests
The authors declare that they have no conflict of interests. 

References
1. Milinovich GJ, Williams GM, Clements AC, Hu W. Internet-

based surveillance systems for monitoring emerging infectious 
diseases. Lancet Infect Dis. 2014;14(2):160-8. http://dx.doi.
org/10.1016/S1473-3099(13)70244-5

2. Timpka T, Spreco A, Dahlström Ö, Eriksson O, Gursky E, Ekberg 
J, Blomqvist E, Strömgren M, Karlsson D, Eriksson H, Nyce 
J, Hinkula J, Holm E. Performance of eHealth data sources in 
local influenza surveillance: a 5-year open cohort study.J Med 
Internet Res. 2014;16(4):e116.

3. Kumar S, Snooks H, editors. Telenursing. London: Springer-
Verlag; 2011.

4. Harcourt SE, Smith GE, Hollyoak V, Joseph CA, Chaloner R, 
Rehman Y, et al. Can calls to NHS Direct be used for syndromic 
surveillance? Commun Dis Public Health. 2001;4:178–82.

5. Espino JU, Hogan WR, Wagner MM. Telephone triage: a timely 
data source for surveillance of influenza-like diseases. Am Med 
Inform Assoc Annu Symp Proc. 2003;215–9.

6. Cooper DL, Smith GE, Regan M, Large S, Groenewegen PP. 
Tracking the spatial diffusion of influenza and norovirus using 
telehealth data: a spatiotemporal analysis of syndromic data. 
BMC Med. 2008;6:16. http://dx.doi.org/10.1186/1741-7015-6-16

7. Yih WK, Teates KS, Abrams A, Kleinman K, Kulldorff M, 
Pinner R, et al. Telephone triage service data for detection of 
influenza-like illness. PLoS One. 2009;4(4):e5260.

8. Monto AS, Gravenstein S, Elliott M, Colopy M, Schweinle J. 
Clinical signs and symptoms predicting influenza infection. 
Arch Intern Med. 2000;60(21):3243-7. http://dx.doi.
org/10.1001/archinte.160.21.3243

9. Dawood FS, Jain S, Finelli L, Shaw MW, Lindstrom S, Garten RJ, 
et al; Novel Swine-Origin Influenza A (H1N1) Virus Investigation 
Team. Emergence of a novel swine-origin influenza A (H1N1) 
virus in humans. N Engl J Med. 2009;360(25):2605-15. 
http://dx.doi.org/10.1056/NEJMoa0903810

10. Tang JW, Tambyah PA, Lai FY, Lee HK, Lee CK, Loh TP, et al. 
Differing symptom patterns in early pandemic vs seasonal 
influenza infections. Arch Intern Med. 2010;170(10):861-7. 
http://dx.doi.org/10.1001/archinternmed.2010.108

11. Timpka T, Eriksson H, Gursky EA, Strömgren M, Holm E, Ekberg 
J, et al. Requirements and design of the PROSPER protocol 
for implementation of information infrastructures supporting 
pandemic response: a Nominal Group study. PLoS One. 
2011;6(3):e17941.

12. Timpka T, Eriksson O, Spreco A, Gursky EA, Strömgren M, Holm 
E, et al. Age as a Determinant for Dissemination of Seasonal 
and Pandemic Influenza: An Open Cohort Study of Influenza 

Outbreaks in Östergötland County, Sweden. PLoS One. 
2012;7(2):e31746.

13. Statistics Sweden. [Accessed August 2013]. Available from: 
http://www.scb.se/en_/

14. World Health Organization (WHO). International statistical 
classification of diseases and related health problems. 
10th Revision. Volume 2. Instruction manual. 2010 ed. 
Geneva: WHO; 2011. Available from: http://www.who.int/
classifications/icd/ICD10Volume2_en_2010.pdf

15. Olden JD, Lawler JJ, Poff NL. Machine learning methods without 
tears: a primer for ecologists. Q Rev Biol. 2008;83(2):171-93. 
http://dx.doi.org/10.1086/587826

16. Dailey L, Watkins RE, Plant AJ. Timeliness of data sources 
used for influenza surveillance. J Am Med Inform Assoc. 
2007;14(5):626-31. http://dx.doi.org/10.1197/jamia.M2328

17. Montgomery DC. Introduction to Statistical Quality Control. 6th 
ed. New York: John Wiley and Sons; 2008.

18. Cook NR. Statistical evaluation of prognostic versus diagnostic 
models: beyond the ROC curve. Clin Chem. 2008;54(1):17-23. 
http://dx.doi.org/10.1373/clinchem.2007.096529

19. Goddard NL, Kyncl J, Watson JM. Appropriateness of thresholds 
currently used to describe influenza activity in England. 
Commun Dis Public Health. 2003;6(3):238-45.

20. Cohen J. Statistical power analysis for the behavioral sciences. 
2nd ed. New Jersey: Lawrence Erlbaum; 1988.

21. Hosmer DW, Lemeshow S. Applied logistic regression. 2nd ed. 
London: John Wiley; 2000. p. 228-30.

22. Unkel S, Farrington CP, Garthwaite PH, Robertson C, 
Andrews N. Statistical methods for the prospective 
detection of infectious disease outbreaks: a review. 
J Roy Stat Soc A. 2012;175:49-82. http://dx.doi.
org/10.1111/j.1467-985X.2011.00714.x

23. Cook A, Chen M, Pin Lin R. Internet search limitations 
and pandemic influenza, Singapore. Emerg Infect Dis. 
2010;16:1647–9. 
http://dx.doi.org/10.3201/eid1610.100840

24. Walter D, Bohmer M, Reiter S, Krause G, Wichmann O. Risk 
perception and information-seeking behaviour during the 
2009/10 influenza A(H1N1)pdm09 pandemic in Germany. Euro 
Surveill. 2012;17(13);pii=20131.

25. Cooper DL, Smith GE, Edmunds WJ, Joseph C, Gerard E, 
George RC. The contribution of respiratory pathogens to the 
seasonality of NHS Direct calls. J Infect. 2007;55:240–8. http://
dx.doi.org/10.1016/j.jinf.2007.04.353

26. van Dijk A, McGuinness D, Rolland E, Moore KM. Can 
Telehealth Ontario respiratory call volume be used as a proxy 
for emergency department respiratory visit surveillance by 
public health? CJEM. 2008;10(1):18-24.

27. Marsden-Haug N, Foster VB, Gould PL, Elbert E, Wang H, 
Pavlin JA. Code-based syndromic surveillance for influenzalike 
illness by international classification of diseases, Ninth 
Revision. Emerg Infect Dis. 2007;13(2):207–16. http://dx.doi.
org/10.3201/eid1302.060557

28. Cooper DL, Verlander NQ, Elliot AJ, Joseph CA, Smith GE. 
Can syndromic thresholds provide early warning of national 
influenza outbreaks?. J Public Health (Oxf). 2009;31(1):17-25. 
http://dx.doi.org/10.1093/pubmed/fdm068

29. Call SA, Vollenweider MA, Hornung CA, Simel DL, McKinney 
WP. Does this patient have influenza?. JAMA. 2005;293(8):987-
97.http://dx.doi.org/10.1001/jama.293.8.987

30. Ong AK, Chen MI, Lin L, Tan AS, Nwe NW, Barkham T, et al. 
Improving the clinical diagnosis of influenza—a comparative 
analysis of new influenza A cases. PLoS ONE. 2009:4:e8453.

31. Dicpinigaitis PV. Thoughts on One Thousand Chronic Cough 
Patients. Lung. 2012;190(6):593-6. 
http://dx.doi.org/10.1007/s00408-012-9420-x

32. Irwin RS, Gutterman DD. American College of Chest Physicians’ 
cough guidelines. Lancet. 2006;367(9515):981. 
http://dx.doi.org/10.1016/S0140-6736(06)68414-6 http://
dx.doi.org/10.1016/S0140-6736(06)68415-8

33. Jhung MA, Swerdlow D, Olsen SJ, Jernigan D, Biggerstaff M, 
Kamimoto L, et al. Epidemiology of 2009 pandemic influenza 
A (H1N1) in the United States. Clin Infect Dis. 2011;52(suppl 
1):S13-S26.

34. Fidler DP, Gostin LO. The WHO pandemic influenza 
preparedness framework: a milestone in global governance for 
health. JAMA. 2011 Jul;13;306(2):200-1.

35. Cooper DL, Smith GE, Hollyoak VA, Joseph CA, Johnson 
L, Chaloner R. Use of NHS Direct calls for surveillance of 
influenza—a second year’s experience. Commun Dis Public 
Health. 2002;5:127–31.

36. Wahlberg AC, Wredling R. Telephone nursing: calls and caller 
satisfaction. Int J Nurs Pract. 1999;5(3):164-70. 
http://dx.doi.org/10.1046/j.1440-172x.1999.00179.x



9www.eurosurveillance.org

37. Rolland-Harris E, Mangtani P, Moore KM. Who uses telehealth? 
Setting a usage baseline for the early identification 
of pandemic influenza activity. Telemed J E Health. 
2012;18(2):153-7. http://dx.doi.org/10.1089/tmj.2011.0110

38. Biggerstaff M, Jhung M, Kamimoto L, Balluz L, Finelli L. Self-
reported influenza-like illness and receipt of influenza antiviral 
drugs during the 2009 pandemic, United States, 2009-2010. 
Am J Public Health. 2012;102(10):e21-6.


