
INTRODUCTION

Techniques for monitoring bats have changed

rapidly over the past few decades as technology has

evolved. In early bat studies, capture methods such

as mist netting and harp trapping were heavily relied

upon to collect basic community data (Baker and

Ward, 1967; Fleming et al., 1972; Kunz, 1973; Bell,

1980; Barclay, 1991; Kuenzi et al., 1999). As ac -

oustic sampling technologies were developed and

improved, biologists began to study bats in locations

that were otherwise difficult to sample using capture

methods (e.g., Hayes, 1997; Wickramasinghe et al.,
2003; Williams et al., 2006; Brooks, 2008). Acoustic

techniques have been used more heavily in bat mon-

itoring studies over the past two decades because

compared to mist netting and harp trapping, acoustic

sampling is (1) less invasive (no direct capture or

handling of bats required), (2) less time consuming,

(3) can be used to sample a wide variety of habitats,

and (4) can be used to estimate changes in species

richness over time if surveys are repeated (O’Far-

r ell, 1997; Kuenzi and Morrison, 1998; Barclay,

1999; O’Farrell et al., 1999; Murray et al., 1999;

Bar low et al., 2015). However, because individuals

cannot be identified from call data, acoustic surveys

can only produce estimates of activity and not true

abundance (Hayes, 1997, 2000). Additionally, some

species such as several Myotis spp. have very simi-

lar call structures that makes differentiating among

them difficult (Loeb et al., 2015). 

There are two broad categories of acoustic sam-

pling methods in use today, passive and active sam-

pling (O’Farrell, 1998). Active sampling occurs

when a surveyor is present at the survey point and

actively changes the direction of the microphone to

follow the flight path of a passing bat (Menzel et al.,
2002). Active sampling typically occurs from sunset
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to 02:00 hours with each survey period lasting 20–

30 minutes (Johnson et al., 2002; Menzel et al.,
2003; Francl et al., 2004; Milne et al., 2004; Brooks

and Ford, 2005; Coleman et al., 2014). Because the

researcher follows the flight of a passing bat, active

sampling can result in higher quality calls and 

a longer call sequence than other methods, which

can make identification of the call easier (Britzke,

2002; Milne et al., 2004). By contrast, passive 

sampling uses automatic or remote recording 

techniques, where the surveyor is not present at the

time of recording and the detector’s microphone is

fixed in space (one height, direction and orientation

— Britzke, 2002). This can result in lower quality

calls that have fewer pulses than actively collected

recordings (Britzke, 2002; Milne et al., 2004). How -

ever, passive sampling is less labor intensive and

more cost efficient (Coleman et al., 2014), allowing

sampling of multiple sites simultaneously across

large spatial scales and throughout the night. Passive

sampling can be sustained for multiple nights, is

easily repeatable and can be used to measure tempo-

ral variation in activity within and across nights

(Hayes, 1997; Murray et al., 1999; Razgour et al.,
2011; Coleman et al., 2014). Due to these benefits,

biologists are increasingly shifting toward passive

sampling instead of active sampling, but the extent

to which data collected by different sampling meth-

ods can be compared remains unclear.

There is an urgent need to evaluate trends in bat

populations due to widespread declines in bat spe -

cies from disease, habitat loss, and wind energy de-

velopment (Arnett et al., 2008; Jones et al., 2009;

USFWS, 2018) and associated changes in bat com-

munities (Jachowski et al., 2014; Teets, 2018; Thal -

ken et al., 2018). However, if trend analyses rely on

both passive and active datasets, it is important to

determine whether the methods are comparable.

Passive and active acoustic techniques can yield dif-

ferent probabilities that a species is detected during

a survey period given that the site is occupied

(MacKenzie et al., 2006; Coleman et al., 2014). For

example, when using active sampling techniques the

researcher may miss peaks of activity throughout the

night, which can lead to lower detection probabili-

ties (Hayes, 2000). While some studies have at-

tempted to test and compare passive and active

acoustic methods, to our knowledge, these studies

either did not collect passive and active data using

identical methods (e.g., Johnson et al., 2002; Milne

et al., 2004) or did not collect all of their passive and

active data simultaneously (e.g., Coleman et al.,
2014). Further, no such comparative study has been

conducted in the southern U.S. Coastal Plain, which

has a different bat community than those of the pre-

vious studies. 

The objective of this study was to simultaneously

compare passive and active acoustic sampling de-

signs in a bat community in the Coastal Plain of

South Carolina, USA. Specifically, we determined

how sampling method (either passive or active) and

environmental conditions influenced detection prob-

abilities of species groups. In doing so, we generated

information on the comparability of data collected

using different methods, which will help researchers

when they conduct comparative or long-term studies

in other bat communities.

MATERIALS AND METHODS

Study Site and Sampling

We conducted our study on the Savannah River Site (SRS)

which is situated in Aiken, Allendale, and Barnwell counties of

south-central South Carolina, USA. SRS is located in the upper

Coastal Plain physiographic region and is a United States

Department of Energy nuclear weapons production and mainte-

nance facility and National Environmental Research Park

(Menzel et al., 2003). SRS encompasses 80,267 ha of land dom-

inated by upland pine forests (62%) that are actively managed

through pine harvest and prescribed fire for red-cockaded

woodpeckers (Picoides borealis). Other habitat types at SRS 

include bottomland hardwood forests (14.8%), upland hard-

wood forests (3.4%), and mixed pine-hardwood forests (5.2%).

Carolina bays, a unique wetland ecosystem, are also inter-

spersed throughout SRS, as well as man-made structures such 

as utility right-of-ways and production facilities (14.6% — Ford

et al., 2006). We selected sampling points by revisiting a ran-

dom subsample (n = 50) of sites sampled previously by Ford 

et al. (2006): upland pine (n = 18), upland hardwood (n = 2),

mixed pine-hardwood (n = 6), Carolina bay (n = 8), and bottom-

land hardwood (n = 16) in July 2017. All points sampled 

were located from 0 to 192 m (mean = 48 m) from the edge 

of a habitat.

We used Anabat Express bat detectors (Titley Scientific,

Brendale, Australia) to record bat calls in the five habitat types.

When sampling passively, we placed detectors at the top of 

3.7–m poles and set them to record from sunset to sunrise for

two to four consecutive nights. During the passive sampling pe-

riod, the same points were actively sampled using a second de-

tector. When conducting active sampling, we followed the

methods of Ford et al. (2006) and swept the Anabat detector

back and forth to scan for bat activity for 20 minutes from

shortly after dusk to about 01:00 hours. As Anabat Express de-

tectors do not have built-in speakers, we used an Anabat SD2

Bat Detector (Titley Scientific, Brendale, Australia) to follow

the path of a bat when it flew past. We avoided sampling during

periods of high winds or moderate to heavy precipitation (Ford

et al., 2005). 

Calls were downloaded from SD cards using AnalookW

(version 4.1z). We used two custom filters to separate passes 

(≥ one pulse) from noise and to separate low-quality calls 

(< five pulses) from high-quality calls (≥ five pulses) (Loeb 
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and O’Keefe, 2006). We used Kaleidoscope Pro (version 4.1.0a)

to identify calls collected passively to species and manually vet-

ted and corrected misidentified calls. Actively collected calls

were manually identified. Nine species of bats have been previ-

ously documented to occur at SRS (Menzel et al., 2003; Ford 

et al., 2006): Perimyotis subflavus, Myotis austroriparius,

Eptesicus fus cus, Nycticeius humeralis, Lasiurus cinereus, L.
borealis, L. se minolus, Corynorhinus rafinesquii, and Tadari-
da brasiliensis. We grouped species calls into five groups based

on similar echolocation call structure. Eptesicus fuscus and 

L. cinereus were grouped as ‘low frequency bats’; L. borealis
and L. seminolus were in the ‘red bats’ category; and N. hume-
ralis, P. subflavus, and M. austroriparius were in their own 

respective groups. Tadarida brasiliensis was occasionally de-

tected acoustically at SRS (Menzel et al., 2003) but, we did not

record any of this species. We also did not record C. rafine-
squii, most likely due to its low-intensity calls (Clement and

Castleberry, 2011).

Site Data Collection

We recorded basal area of trees and amount of vegetative

clutter at each point sampled. Basal area was measured using 

a JIM-GEM Cruz-All tool (Forestry Suppliers, Jackson,

Mississippi, USA) for trees up to 10 m from each survey point

(BCF, 2016). We visually categorized the amount of clutter as

low, medium, or high based on understory conditions in all di-

rections up to 3 m from the detector (Loeb and O’Keefe, 2006).

Areas with little or no structural obstructions (e.g., branches)

were considered to be low clutter, while areas with enough

structural obstructions that would make it difficult for a bat to

fly through were considered to be high clutter. Any amount of

structural obstructions that fell between low and high clutter

was considered to be medium clutter. We downloaded minimum

nightly temperature (°C) and total nightly precipitation (mm)

for the closest weather station to SRS (http://mesowest.utah.

edu/cgi–bin/droman/mesomap.cgi?state= SCandrawsflag=3). 

Statistical Analyses

Treating each of the three sampling methods as a sampling

occasion, we used the package ‘unmarked’ in program R 

(R Development Core Team, 2010; Fiske et al., 2011) to fit 

single-season site-occupancy models to examine factors that

might influence the detection probability (p) of bat species

(MacKenzie et al., 2006). We developed 10 a priori models

using existing literature (Table 1), where we hypothesized that

clutter amount (low, medium, high), precipitation, minimum

nightly temperature, data collection method (20-minute active,

20-minute passive, or all-night passive), and basal area would

have an effect on our ability to detect bat species. Specifically,

we predicted that as clutter (Ford et al., 2006; Loeb and

O’Keefe, 2006), precipitation (Kunz, 1973), and basal area

(Ford et al., 2006) increased, bat species detectability would de-

crease, and that bat species detectability would increase with

temperature (Kunz, 1973). We also predicted that we would be

more likely to detect bats when sampling passively throughout

the night, and less likely to detect bats when sampling actively

or passively for 20 minutes (Coleman et al., 2014). We included

an interaction model, method * clutter, to test the hypothesis

that certain methods would perform better in different clutter

amounts. We predicted that we would be less likely to detect

bats using passive sampling in medium and high clutter than

when using active sampling. We also included a global and null

model in our model set. Prior to model fitting, we standardized

precipitation, temperature, and basal area to a mean of zero and

standard deviation of 1. We checked the variables within our 

a priori models for correlation by calculating Pearson’s correla-

tion coefficients for continuous variables and ANOVAs for 

categorical and continuous variables. We used Pearson’s chi-

square tests to examine the independence of categorical vari-

ables. None of the variables included in our a priori models

were correlated (Pearson’s product-moment correlation coeffi-

cient < 0.5, ANOVA: P < 0.05, Pearson’s chi-square: P < 0.05),

therefore, all covariates were kept in all models.

Before conducting model selection, we assessed goodness-

of-fit of the global model for each species. Using methods de-

scribed by MacKenzie and Bailey (2004), we determined the

value of the overdispersion factor (ĉ) using 1000 bootstrap sim-

ulations. If ĉ was > 1, we considered our data to be overdis-

persed and used the resulting ĉ to calculate the quasi-likelihood

Akaike’s Information Criterion adjusted for overdispersion and

small sample sizes (QAICC). If ĉ was ≤ 1, we assumed our data

were not overdispersed and used ĉ = 1 to calculate the Akaike’s

Information Criterion adjusted for small sample sizes (AICC —

Burnham and Anderson, 2002). 

We ranked models based on either AICC or QAICC and

Akaike weights (wi) (Burnham and Anderson, 2002) using the

package ‘AICcmodavg’ in R (Mazerolle, 2017). We considered

models that were ≤ 2 ΔAICC or ≤ 2 ΔQAICC units from the top

model to have strong support (Burnham and Anderson, 2002;

MacKenzie et al., 2006). If there was only one top model, we

back-transformed parameter estimates, standard errors, and

95% confidence intervals. To address model selection uncer-

tainty, we calculated model-averaged parameter estimates, stan-

dard errors, and 95% confidence intervals based on all detection

models in our 2 ΔAICC or 2 ΔQAICC confidence set (Burnham

and Anderson, 2002). Covariates with confidence intervals that

did not overlap zero were considered to significantly influence

detection probabilities. Lastly, we calculated detection probabil-

ity estimates of each species group for each data collection

method.

RESULTS

During July 2017, we collected 108 call files

using active sampling, 18 call files using passive

sampling during the same 20-minute time period ac-

tive data were collected, and 1,463 call files using

passive sampling throughout the night. We observed

that each of our five species groups was detected at

least once using each method.

We found that data were overdispersed for some

species groups but not for others, and that models

containing ‘method’ generally performed better at

predicting detection probabilities across species

groups (Table 2). The goodness-of-fit tests for 

N. humeralis and M. austroriparius global detection

models indicated that data for each species were

overdispersed. Therefore, we used QAICC to rank

detection probability models for those species.

There was good fit for the global detection models
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for low-frequency bats, red bats, and P. subflavus;

therefore, we used AICC to rank detection probabil-

ity models for those species. The global model did

not converge for P. subflavus, so we did not include

it in subsequent analyses. The method model was

the top ranked model for low frequency bats, N. hu -
meralis, M. austroriparius, and P. subflavus (Table

2). Detection probabilities for low-frequency bats,

N. humeralis, M. austroriparius, and P. subflavus
were highest when collecting data passively

throughout the night, followed by active sampling,

followed by passive sampling for 20 minutes (Fig. 1

and Table 3). The global model was the top-ranked

model for red bats, followed by the interaction

model (method * clutter). However, the interaction

model did not converge and thus we proceeded with

interpretation from the global model. Temperature,

basal area, clutter amount, and method were the 

parameters within the top model for red bats with 

a 95% confidence interval that did not bound zero

(Table 3). Red bat detection probability increased by

10% for every 1°C increase in minimum nightly

temperature (Fig. 2A), increased by 10% for every

40 m2/ha decrease in basal area (Fig. 2B), was high-

est when collecting data passively all night, fol-

lowed by actively sampling (Fig. 1), and highest 
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Model # Variable Hypothesis Covariates Predicted effects Literature cited

1 Clutter Clutter has an Low, medium, high As clutter amount Ford et al. (2006);

effect on bat p increases, bat p Loeb and O’Keefe, 

decreases (2006)

2 Precipitation (mm) Precipitation has Continuous As amount of precipitation Kunz (1973)

an effect on bat p increases, bat p decreases

3 Minimum nightly Temperature has Continuous As temperature increases, Kunz (1973)

temperature (°C) an effect on bat p bat p increases

4 Method Method of data Passive all night, More likely to detect bats Coleman et al. (2014)

collection has an passive 20 min, active passively all night, less 

effect on bat p likely to detect bats 

passively for 20 min and 

actively

5 Basal area (m2/ha) Basal area will have Continuous As basal area increases, Ford et al. (2006)

an effect on bat p bat p decreases

6 Temperature + Weather variables Continuous Temperature will have 

Precipitation have an additive (°C and mm) a positive effect on bat p
effect on bat p as it increases, but 

precipitation has a negative 

effect on bat p as it 

increases

7 Clutter + Basal Clutter and basal Categorical (low, Clutter and basal area will 

area area have an additive medium, high) and have a negative impact on 

effect on bat p continuous (m2/ha) bat p as both variables 

increase (low to medium 

to high clutter; increasing 

basal area)

8 Method * Clutter Certain methods will Categorical (passive p will be lower when using 

perform better in 20 min, passive all passive all night in medium 

different clutter night, and active; low, and high clutter sites than 

amounts medium, high) using active sampling. 

p will be low when using 

passive 20 min in all clutter 

amounts

9 Clutter + Global model Continuous (mm; °C; 

Precipitation + m2/ha) and categorical 

Temperature + (low, medium, high; 

Method + Basal active, passive 20 min, 

area + (Method * passive all night)

Clutter)

TABLE 1. A priori model variables for detection probability (p) of bats at Savannah River Site, South Carolina, USA. A null model

was included in the analysis. All listed variables were included when comparing passive and active data collection methods



in low clutter, followed by high and medium clutter

(Fig. 2C). 

DISCUSSION

As we predicted, passively sampling throughout

the night performed better in detecting bats than

sampling actively or passively for 20 minutes. Col -

lecting data passively throughout the night yielded

detection probabilities that were consistently two to

four times higher than active sampling across all bat

species. Coleman et al. (2014) found similar 2–4

fold differences in bat detection probability between

active and passive sampling in a different bat com-

munity in New York, collectively suggesting that

passive sampling is a superior sampling method

overall compared to active sampling. However, pas-

sive sampling for only 20 minutes consistently had

lower estimated detection probabilities compared 

to active sampling during the same 20 minutes inter-

val, similar to Johnson et al. (2002). While we can

think of no practical reason to run passive sampling

for only 20 minutes, if time and equipment are 

limited for the researcher to survey a site, active

sampling will improve probability of detection com-

pared to similarly short (i.e., 20 minutes) periods 

of passive sampling.

Higher detection probabilities using full-night

passive sampling compared to active or passive

sampling for only 20 minutes are likely due to the

greater time period available for bats to be detect-

ed during full-night recording. Bats often travel 

over long distances each night and visit various

habitat types in a night (Lacki et al., 2007) and thus,

at least two nights of either mist-netting or acoustic

surveys are necessary to maximize the number of

species detected (Francl et al., 2011). Further, activ-

ity of bats is not constant over the night (e.g., Jones
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TABLE 2. Top-ranked models (ΔAICC or ΔQAICC ≤ 2) for passive vs. active detection probability (p) for bats at Savannah River Site,

South Carolina, USA, July 2017. Data for low-frequency bats, red bats, and P. subflavus were not overdispersed and AICC was used

to rank these species’ models. Data for N. humeralis and M. austroriparius bats were overdispersed and QAICC was used to rank

their models

Species group Model name K LogLik or Q-LogLik AICC or QAICC ΔAICC or ΔQAICC wi

Low-frequency bats Method 4 -71 150 0 0.79

Red bat Global 13 -51 138 0 0.55

Method * Clutter 10 -56 139 0.65 0.40

N. humeralis Method 5 -21 53 0 0.50

M. austroriparius Method 5 -43 97 0 0.88

P. subflavus Method 4 -63 136 0 0.87

FIG. 1. Predicted probability of detection (p) for each species group for each data collection method when comparing passive and

active sampling techniques at Savannah River Site, South Carolina, USA, July 2017. The error bars represent the 95% confidence 

interval



et al., 1965; Adams and Fenton, 2017; Teets, 2018)

and if surveys are not conducted during a particu-

lar species’ peak activity period, it is less likely to 

be detected. Therefore, longer surveys will more

likely record bats as they traverse the landscape 

and allow for varying activity patterns, resulting 

in higher detection probabilities. Maximizing de-

tection probabilities is important for obtaining 

robust estimates of occupancy and minimizing the

number of surveys that are needed to obtain those

estimates (Mac Kenzie and Royle, 2005). For 

example, when detection probabilities are ≥ 0.24,

three nights are sufficient to obtain precise esti-

mates of occupancy for eight species of bats in

California (Weller, 2008). However, far greater ef-

fort would be neces sary to obtain robust occupancy

estimates for five other species with very low detec-

tion probabilities. Fortunately, technological ad-

vances in the amount of memory on memory cards

used in bat detectors and use of solar panels to 

extend battery life now make it possible to leave 

detectors for multiple days, weeks or even months 
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TABLE 3. Parameter estimates, standard errors (SE), and 95%

confidence intervals (CI) of parameters within the top models

for detection (P) models of low-frequency bats, red bats, 

N. humeralis, and M. austroriparius at Savannah River Site,

South Carolina, USA, when comparing passive and active

acoustic sampling methods

95% CI
Parameter Estimate SE

Upper Lower

Low-frequency bats

Intercept (Active) -0.74 0.42 -0.32 -1.16

Passive (20 min) -0.91 0.62 -0.29 -1.53

Passive (all night) 1.98 0.66 2.64 1.32

Red bat

Intercept -1.71 0.64 -1.08 -2.35

Low clutter 1.40 0.64 2.04 0.75

Medium clutter -1.53 0.85 -0.68 -2.38

Precipitation -0.07 0.29 0.22 -0.36

Temperature 0.85 0.33 1.18 0.51

Passive (20 min) -2.03 0.77 -1.26 -2.80

Passive (all night) 1.08 0.54 1.61 0.54

Basal area -0.36 0.33 -0.04 -0.69

N. humeralis
Intercept (Active) -0.76 0.45 -0.32 -1.21

Passive (20 min) -1.49 0.72 -0.77 -2.21

Passive (all night) 1.46 0.59 2.05 0.87

M. austroriparius
Intercept (Active) -0.72 0.52 -0.20 -1.24

Passive (20 min) -0.91 0.81 -1.20 -1.72

Passive (all night) 2.67 1.08 3.75 1.59

P. subflavus
Intercept (Active) -1.25 0.43 -0.82 -1.68

Passive (20 min) -1.70 0.82 -0.88 -2.52

Passive (all night) 2.18 0.63 2.81 1.55

— potentially allowing future researchers to gain 

insights on these species. 

Despite the inclusion of environmental covari-

ates that are known to influence bat detection prob-

ability in other studies (e.g., Yates and Muzika, 2006;

Kaiser and O’Keefe, 2015; Starbuck et al, 2015),

sampling method alone was the most parsimoni-

ous predictor of variation in bat detection probabil-

ity for all bat species except the red bats. Detection

probability of L. borealis and L. seminolus increased

with temperature but decreased with basal area, 

similar to red bats in Missouri (Starbuck, 2013).

However, they were also more likely to be detected

in low and high clutter habitats than in medium clut-

ter habitats. Red bats use a wide variety of habitats

and are considered to be clutter-adapted as well 

as open-space foragers (Menzel et al., 2005; Morris

et al., 2010). The relationships between clutter and

basal area and red bat detection probability suggests

that these variables should be considered in other

models of detection and occupancy as they can

greatly influence the ability of detectors to pick up

echolocation calls as well as the structure of the

echolocation calls emitted (Britzke et al., 2013).

Accounting for differences in detection probabil-

ity among techniques is important in studies that uti-

lize multiple acoustic sampling methods. With the

multitude of threats facing North American bats,

there is increasing need to track trends in bat popu-

lations (Loeb et al., 2015). Further, remnant bat pop-

ulations have been found to change their habitat se-

lection patterns in response to community-level

changes in bat occurrence (Jachowski et al., 2014).

Our findings suggest that failing to account for dif-

ferent probabilities of detection between methods

could bias monitoring data and affect the resulting

inferences of population trends or changes in habitat

selection patterns. For example, 15 years prior to

this study, Ford et al. (2006) collected acoustic data

using active sampling at this site and did not account

for detection probability when examining bat habitat

use. We used passive sampling during 2016 and

2017 at a subset of the points Ford et al. (2006) es-

tablished and observed several differences in bat

species habitat use from their study (Teets, 2018).

Because of differences in detection probability, it is

difficult to tease apart whether these differences

could be due to sampling method or actual changes

in habitat associations by the species over time.

Thus, we caution against attempts to compare his-

torical active sampling datasets with more recent

passive sampling datasets to gain insights in the re-

sponse of bat communities to white-nose syndrome



(WNS) or other recent disturbances without trying

to account for differences in detection probability, as

contrasting results could simply be due to method

rather than actual changes in bat communities. 

Similar to Coleman et al. (2014), while detection

probability varied among species, we still detected

the same total number of species across methods.

However, this could be due to the relatively large

number of sites surveyed using each technique, 

and the resident community of bats at each site.

Else where, studies have observed a difference in the

number of species detected between active and pas-

sive techniques (Johnson et al., 2002; Milne et al.,
2004), suggesting care needs to be taken when try-

ing to assume either active or passive sampling is

sufficient for determining the number of species

within an area. For example, while known to exist in

our study area, neither C. rafinesquii nor T. bra -
siliensis were detected by either method, suggesting

that alternative sampling methods might be needed

to monitor these species over time (Clement and

Castleberry, 2011; Neece, 2017).

Our comparison of active and passive data 

collection techniques demonstrates the pitfalls of

comparing datasets collected using different meth-

ods. As North American bat populations become in-

creasingly vulnerable to threats including WNS,

wind energy development, and habitat loss and

degradation (Arnett et al., 2008; Jones et al., 2009;

USFWS, 2018), monitoring these populations 

becomes increasingly important. To understand the

structure of these bat communities, researchers need

to have the most accurate information that is compa-

rable over time. At a minimum, we encourage re-

searchers to account for variation in species-specific

detection probability between sampling methods.

Because of the issues identified above, we recom-

mend that long-term bat acoustic monitoring pro-

grams adopt the consistent use of passive sampling

throughout the night.
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FIG. 2. Influence of (A) minimum nightly temperature (°C), (B) basal area (m2/ha), and (C) clutter amount on probability of detection

(p) of red bats during July 2017 at Savannah River Site, South Carolina, USA. Covariates are from the top-ranked detection model. 

The dotted lines and vertical lines represent 95% confidence intervals
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