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Scan Stratified Case-Control Sampling for
Modeling Blood-Brain Barrier Integrity in
Multiple Sclerosis
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Multiple sclerosis (MS) is an immune-mediated neurologichdisease that causes morbidity and disability. In
patients with MS, the accumulation of lesions in the white méer of the brain is associated with disease progression
and worse clinical outcomes. Breakdown of the blood-brain arrier in newer lesions is indicative of more active
disease-related processes and is a primary outcome congie@ in clinical trials of treatments for MS. Such
abnormalities in active MS lesions are evaluatedn vivo using contrast-enhanced structural magnetic resonance
imaging (MRI), during which patients receive an intravenous infusion of a costly magnetic contrast agent. In some
instances, the contrast agents can have toxic effects. Ratg, local image regression techniques have been shown to
have modest performance for assessing the integrity of theldod-brain barrier based on imaging without contrast
agents. These models have centered on the problem of crogssgonal classification in which patients are imaged
at a single study visit and pre-contrast images are used to pdict post-contrast imaging. In this paper, we extend
these methods to incorporate historical imaging informaton, and we find the proposed model to exhibit improved
performance. We further develop scan-stratified case-coml sampling techniques that reduce the computational
burden of local image regression models, while respectindné low proportion of the brain that exhibits abnormal
vascular permeability. Copyright (© 2014 John Wiley & Sons, Ltd.
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1. Introduction

Multiple sclerosis (MS) is an immune-mediated neurololjitsease that causes morbidity and disability. In patieritis
relapsing-remitting MS, the most common first stage of tleease I, Chapter 15], the accumulation of lesions in the
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white matter of the brain is associated with disease prsgmesand worse clinical outcomes. Breakdown of the blood-
brain barrier (BBB) in newer lesions is indicative of mordiee disease processes. Such abnormalities in active MS
lesions are evaluatdd vivo using contrast-enhanced structural magnetic resonaraginign (MRI). Lesions exhibiting
these abnormalities are referred to as enhancing due tdhrintense presentation on T1-weighted (T1w) images af
intravenous administration of a contrast agent. The nurabdrvolume of such enhancing lesions are important for the
clinical management of patients with MS and are primary onnes of clinical trials of treatments for M3, [3].

The standard procedure for assessing changes in the BBB/éisvthe comparison of pre-contrast MRIs with MRIs
acquired after the intravenous infusion of gadolinium, aneic contrast agent. However, contrast-enhanced irgagin
can cost 38% more than taking an MRI without contrd$t Gadolinium-based contrast agents have, in rare casen, be
associated with kidney problems as well as allergic reast[p, 6, 7]. Thus, methodology for assessing the integrity of
the BBB based on contrast-free imaging potentially hasduobiaical implications.

Our contribution is twofold. First, using only pre-contré&mages and historical information, we model the probapbili
that a given voxel in an MRI would enhance if the patient haenbgiven a contrast agent. The model is used to assess
disease activity through BBB integrity using MRI withoutrtmast. Our methodological developments are motivated by
longitudinal data from an ongoing observational study at Mational Institute of Neurological Disorders and Stroke
(NINDS). In this work, we study a subset of high-resolutitnustural MRIs acquired in hundreds of patients with MS on
a monthly basis with no specified end date. The subset ofrtatigas chosen to be an observational cohort-study of the
subjects who had multiple scans over a one year time perithdavesearch-quality contrast-enhanced MRI protocolhEac
image has over one million measurements within the brais;dhta set is growing at a rapid pace and computationally
scalable methods for fitting statistical models are cru€alr second contribution is the proposal of a novel sub-sagp
technique that greatly reduces the computational burdémeagstimation procedure. The proposed model, which esiliz
historical information, shows superior prediction penfi@nce in terms of the receiver operating characteristicGRO
curve when compared to the model that does not use this iatavm Furthermore, using a sample of approximately 750
voxels from each image yields a comparable ROC curve to thewaen the proposed model is fit on the full data set that
consists of one million voxels per image.

The ground truth or ‘gold standard’ for identifying enhamgiwhite matter lesions involves the manual comparison of
pre- and post-contrast T1-weighted imaging conducted bgxaert neuroradiologis8[ 9, 10, 11]. However, there are
image features visible on high-resolution scans acquired tesla scanners that correlate with BBB disruptit® [L3].
Furthermore, 14] showed that in some cases the adjudication of BBB integlitys not require post-contrast imaging.
They used a voxel-level logistic regression model for g enhancement using pre-contrast voxel intensitiddin
and T2-weighted (T2w) images along with the interactiomieein the intensities. To reduce the number of false positive
the model was fit on a subset of the voxels, defined by thresigpte T2w fluid attenuated inversion recovery (FLAIR)
images within each scan, as FLAIR images are known to have \Vatues for lesion voxels. Taking only regions with
FLAIR intensity in the top 1% provides a good set of voxeld ikdikely to include most enhancing lesions. Sensitivity
analysis showed that the method was robust to changes itihthighold valuel4].

While thresholding on the FLAIR images does significantlguee the sample size of the data, one criticism of this
method is that all of the enhancing voxels may not be includetthis sub-sample. However, in the case of MRI data
of patients with MS, enhancement is rare; there are manyrfemeels that enhance compared to those that do not. It
is important for our model that these rare events are allaioet! in the sub-sample. One can think of the data set as
case-control data such that enhancing voxels are labeleabas and non-enhancing voxels are labeled as controfgy Usi
this setting we propose a novel sub-sampling method thastatvantage of well established theory from the caseaontr
study literature 15, 16).

It is known that voxels belonging to new MS lesions are mdkelyi to enhance than voxels in older lesiods][
Subtraction-Based Logistic Inference for Modeling andiriation (SUBLIME) was recently proposed to estimate the
probability that a given voxel is part of a new or enlargingidm between two study visitd§]. The model relies on the
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historical study of patients, as the differences betweegis taken from the same patient at different visits are ased
covariates. Then, for any given voxel in an image, one caaioltcorresponding probability that it belongs to an inntde
or enlarging lesion. Therefore, to predict enhancementdardrast-free MRI study, we propose using SuBLIME voxel
probabilities along with the Tlw and T2w voxel intensitiesa logistic regression model. This allows us to model the
probability that voxels will enhance using only pre-costrinages and temporal information about lesion incidemck a
enlargement.

Section3 presents the proposed model and compares the performatiez tf [L4]. Section4 then proposes how the
MR images acquired as part of the NINDS study can be analyreadcomputationally scalable fashion as case-control
data where the cases (enhancing voxels) are rare eventdtdRfesm the proposed methods are evaluated using cross-
validation on 15 patients who received structural MR scafefveen two through nine visits. In Sectidrthe results of
the new model and sampling scheme are compared to tho%é]pafd we find that the proposed methodology improves
prediction and reduces computational burden by reduciagitimber of voxels the model fits on.

2. NINDS Data

The MRI modalities of interest in this paper consist of FLAlRte-contrast T1w, and pre-contrast T2w images. For
all voxels in the brain, the imaging modalities are nornediby subtracting their mean and dividing by their standard
deviation [L9, 20, 21]. All images were preprocessed using the procedure odtiiméhe Experimental Methods section
of [14] which is outlined in the the supplementary material of {héper.

For the purpose of modeling, we also obtain SUBLIME maps phatide the probability that each voxel in the brain
of a patient is part of a new or enlarging lesion since theepd# last study visit18]. The probabilities are estimated
with logistic regression in which the covariates are TIwwT@roton density-weighted (PDw), and FLAIR normalized
intensities along with the lag time between consecutiviésyithe relative change in these imaging modalities, aed th
interactions with time. SUBLIME maps have not previouslemeised as historical covariates in the context of image
analysis. More details about estimation of these maps aredad in the supplementary material of this paper.

Additionally, we obtain binary radiologist gold standardamual segmentation masks (RGS), indicating where
enhancing lesions exist, and brain masks, indicating wtenebral tissue lies in each image. In order to build the psed
predictive model, we use these RGS masks as the responablgafihe masks are created by a neuroradiologist (D.S.R.)
with over 10 years of clinical experience with MR imaging irBMTo define these masks, the neuroradiologist uses all
available post-contrast imaging modalities including, ot limited to, the post-contrast T1w images. We consibey t
RGS mask to be our ground truth as this is the current staridgsthctice for identification of enhancing voxels. The
details of the pre-processing of the images in this studydeseribed in the supplementary material. For the analysis
presented in this paper we use 77 brain MRIs from 15 indivglwéh MS, obtained under an institutional review board-
approved protocol. Each of these patients was scanned éetwe and nine times. Informed consent was obtained from
all participants.

3. Logistic Enhancement Models

We present a model for predicting voxel enhancement usiegpntrast MRIs by advancing the work dff] and [18].

In [14] it was shown that voxel enhancement can be predicted usangss-sectional logistic model that is fit using the
pre-contrast T1w and T2w voxel intensities along with thieriaction under the assumptions of independence between
scans and voxels. We define enhancement using a binary lead&bw, ¢;;), which equals one if voxel in the brain of
patient: enhances at timg; and zero otherwise. The model presentedlif] hssumes that enhancement across images
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for patient; at timet,; are independent so that,

logit[{ PrE;(v,ti;)}] = Bo + B1Mi (v, tij) + Ba M 2(v, tiz) + BraMi (v, tiz) Mi 2 (v, ti;) 1)
where intensity on imaging modality in voxel v for subjecti at timet;; is denoted as\/; ,(v,t;;) for i =1:mn,
j=1:m;y, andm, is the number of scans using modalityfor subjecti. Here, M; ; and M, 5 refer to the T1lw
and T2w images for patientrespectively.

In Model 1, the fact that new or enlarging MS lesions are more likelyrtoagnce 17] is not taken into account. It is our
assertion that one may include a covariate that descriseslage to improve predictive ability. This informatiomdae
obtained by having a radiologist manually indicate whene pe enlarging lesions exist in an image. However, manual
identification is extremely time consuming and prone to mreven for the most expert neuroradiologists in this field.
Additionally, the process is subject to both intra-obseevad inter-observer variabilitylD]. Therefore, we propose the
use of the SUBLIME method to estimate the probability thadxeeV belongs to a new or enlarging lesidr8].

One of the main contributions of this paper is the develogneéra predictive model that uses information about
temporal lesion behavior to predict the probability of a®oanhancing. The proposed modeling procedure is a two-step
process. First, for each voxel used for fitting the model, egiae historical information about whether the voxel Iogjs
to a new or enlarging lesion. This can either be obtained faamask developed by a radiologist or from the SuBLIME
method [L8], which estimates the corresponding probabilities. I1s théper, we employ the latter technique. For this,
we define the indicator of incidence as a binary varialdg(v, t;;), which is equal to one if subje¢thas new lesion
incidence in voxeb at timet;; and zero otherwise. The SuBLIME probability maps; (v, t;;) := Pr(W;(v, t;;) = 1],
are the probabilities that voxelis with a new or enlarging lesion at tintg. As described in the previous section, these
maps are obtained using longitudinal study informationtalide about the estimation of this covariate using SuBLIME
[18] are presented in the supplementary material for this paper

The second step of our fitting procedure consists of modehegprobability that a voxel enhances by accounting
for T1lw, T2w pre-contrast images, their interaction, anel ¢bvariate describing the new or enlarging lesion incidenc
Specifically we assume the following logistic model,

logit[{PrE;(v,ti;)}] = Bo + BiM;1(v, ti;) + PoM; 2(v, tij) + B3SP;(v, tij)
+B12M; 1 (v, tij ) M; 2 (v, ti5).

)

Note that one implicit assumption of this model is that theac@tes are observed without error. Efforts are made in
preprocessing and estimation to reduce the error as muabsaife. However, any error that does remain may propagate
through the model and impact prediction. Nevertheless, atdese high predictive accuracy as presented in Section 5.
We compare the predictions of Moddl) @nd Model ) by analyzing the classification performance using the eogi
receiver operating characteristic (ROC) curve. We comdidth the full and partial area under the curve (AUC) of theRO
curve, obtained through cross-validation. We also ingas#i the impact of using different sub-sampling technigbes
aim to reduce the computational expense and improve piedlidh the next section, we present a modified case-control
sampling technique, which we show to further improve theljotéons.

4. Sampling on 3D Magnetic Resonance Images

Our data consist of images that each contain over one milbiaels, therefore the data set analyzed in this paper aentai
over 77 million voxels. Furthermore, in this data set, therage proportion of voxels that are known to enhance over all
RGS masks is 0.004, indicating that enhancement is an eglyaare event in these data. Developing a computationally
inexpensive fitting procedure would thus be very benefical researchers. However, it is also important that this
procedure takes into account the rarity of enhancemenhisnsection we propose a procedure that not only accounts
for this, but reduces the computational time by two ordersafinitude and maintains high predictive power. The sub-
sampling method will facilitate large scale analysis of pneposed predictive model in future studies.
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We begin by considering the population of interest to bealkls in all brains of people with MS. The full data set under
study consists of the voxels in the brain scans of the subjadhe observational study. Using case-control termigylo
we refer to the voxels that are identified (by the RGS) as erihgrand non-enhancing by cases and controls respectively.

Sub-sampling without replacement from the total numberadels would often result in a sample that only contains
controls. Therefore, in order to ensure full representeditbthe cases and maintain some of the spatial dependentoe in t
sampling scheme, we propose a scan-stratified case-c¢&8alC) sampling approach. LBIGS;(v, t;;) be the binary
RGS mask, which equals one if voxeln the brain image of patienttaken at time;; is defined as enhancing and zero
otherwise. Denote the mask over all voxels the brain image of patierittaken at time;; asRG.S;;. Furthermore, let
l;; be the number enhancing voxelsid:S;; andn. be the average number of enhancing voxels over all masks. fohe
each image taken of patienat timet;;, the sub-sample of cases consists of all enhancing voxelsfared by theRG S, ;.

The control sample is constructed by taking a simple randammpée from all non-enhancing voxels in each scan with the
following rules:

e If [;; > 0 (the RGS contains enhancing voxels): take a simple randomplseof size five time$;; from the non-
enhancing voxels identified lyGS;;.

e If[;; = 0 (the RGS does not contain any enhancing voxels): take asiraptlom sample of size five times from
the non-enhancing voxels identified B> S;;.

The constant five is recommended 6] for the case of fitting a logistic model to a case control skenfipr rare event
data. LetSSCC;; be the set of all voxels in the case-control sub-sample foepa at timet,; (determined usin®GSiy).
Then the final case-control sub-sample of voxels used todibttbdel isSSCC = Uij SSCCy5.

The SSCC sampling method ensures that all of the cases dudeaaddn the sub-sample used to fit logistic models (1)
and (2). This is desirable because including enough cast isample can reduce the variation of logistic regression
coefficient estimate2p, 23, 24, 16]. However, if only voxelss € SSCC are used to fit the proposed models, 3., and
/312 will be consistent, bug, may be biasedi[5, 16]. Since our goal is to maintain high predictive power whelyarsing
{v:v e 8S8CC} to fitmodels (1) and (2) it is important to address this proble

The bias in this estimate can be easily removed by using tireatoon presented irnLp]. In their paper, they focus on
model estimation when fitting logistic models with a casetoal sample for rare event data. However, they are motivate
by the difficulty of obtaining large amounts of data. Whilesinot difficult for us to obtain a large amount of control data
it does greatly increase the computational expense of ngrthe model with a large number of scans. Therefore, the goal
is the same in both scenarios; to use a case-control samijgi@ fogistic model without loss of prediction power.

Denote the intercept estimate from fitting a logistic modgihg only {v : v € SSCC} as 5S¢, where the super-
script specifies the SSCC sub-sample used for fitting the mbder be the population proportion of cases aptie
the proportion of cases in the sample. Then the bias-cedeotefficient estimate derived ifq] is, 5y = 455°¢ —
In[(1—7/7)(y/1—y)]. We obtain7 by computing the proportion of enhancing voxels i}j; RG'S;;. The number of
enhancing voxels iI8SCC is computed to obtaig. This proposed sampling technique and estimation proeseuguires
a working independence assumption of the case-controllseamyhile this may be incorrect, from Table 1 we find that
using the SSCC sampling scheme does just as well as usingtiredata set (All Voxels) in terms of pAUC. Using this
scheme we maintain prediction accuracy while improving potational efficiency.

5. Enhancement Prediction Results

The full data set analyzed in this paper consists of 77 miNioxels. Using the FLAIR sub-sampling method presented by
[14] reduces the sample size to under 5.6 million voxels. Th@@ed SSCC sub-sampling method further reduces the
sample size to 58 thousand voxels. In this section we contpangredictive performance of both models (1) and (2) when

fitting on the full data set, the FLAIR sample, and the SSCCpanThe estimated ROC curves are used to determine
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which of the six £ x 3) possible model-sampling technique combinations ackiéve best classification in terms of the
false positive rate (FPR) and true positive rate (TPR) taftle

The ROC curves are estimated using cross-validation bymglgag subjects. To accomplish this, we split the 15
subjects into two sets. Allimages from eight randomly sielésubjects are placed in a training set and all images fnem t
remaining seven subjects are placed in the validation seteftimated ROC curve for each model-sample combination is
taken to be the average ROC calculated on the validatiorceess100 bootstrap replications. We conducted a semgitivi
analysis (omitted) to investigate the stability of the aggr ROC curves, and we found 100 replications sufficient. To
ensure proper comparison of the prediction performancéitwes models using each of the three sets of data (all voxels,
1% FLAIR, SSCC), but validate using all brain voxels.

Due to the rarity of enhancement, analyzing FPRs larger tiiiaactual event rate is not of interest. If the event rate is
low, as in this data set, then investigating the ROC curnges;PRs much greater than the event rate, does not give useful
information about the predictive performance of the metimgpractice. To address this, we truncate the ROC curve at a
fixed FPR, a common method of evaluating classification nuslifior rare event dat2§]. To find a reasonable cutoff for
such a partial ROC (pROC) analysis, we first note that in ota dat the average rate of enhancing voxels in the entire
brain over all scans is 4 per 1000. Since the data consist @hdDes, we consider each voxel in the context®fa3 x 3
cube surrounding it; by multiplying .004 with¥ = 27, we thus deem FPRs above 0.108 irrelevant.

Figurel provides plots of the pROC curves comparing models (1) ahavfn fit using each of the three data sub-
sets (full data, 1% FLAIR, and SSCC). The partial AUC (pAUE€)ai useful summary of the pROC reported in Table
1. This value is computed by taking the area under the panialecand scaling it to lie between zero and one for the
corresponding cutoff value. For reference, the full AUCultssare included in the supplementary material. Note that
model (2) outperforms model (1) when each is fit on all threa dats.

We observe that SSCC and full-brain sampling perform coatggrfor both methods, and both outperform FLAIR
sampling. This can also be observed in Fig2ikghich overlays the pROC curves corresponding to the thresesdds for
each model separately. From this pROC analysis, we conthad® using the SUBLIME covariate yields an improvement
in the predictive accuracy of the model; and ii) fitting thedals using the SSCC sampling method maintains predictive
power, while vastly improving computational efficiency.ikiga case-control sample we can find estimates for model (2)
in 1.6 seconds using SSCC compared to 286.8 seconds usiraxals in the full data set.

An example of the improvement in classification of model @piesented in Figurg which displays an axial slice
from one of patient’s images used in this analysis. Fig@#snd 3B display the pre-contrast T1lw and T2w images
respectively. Figure8C and3D display the post-contrast FLAIR and T1w images respelstividne RGS which displays
the location of the lesion defined by the neuroradiologisthiswn in Figure3H. Additionally, we present the resulting
probability maps from models (1) and (2). The lesion (redhmupper right portion of the images is detected in Figure 3F
but notin Figure 3E, which display the predicted probaieifrom model (2) and (1) respectively. However, it is idiéed
as a newly enhancing lesion by the SuBLIME model which isldiged in Figure 3D. Note that the model (1) probability
map (Figure 3E) also shows the ventricular CSF as enharnesngn, indicating extrapolation errors outside of the HRAI
hyperintense voxels, whereas model (2) probability maguie 3F) does not exhibit these distracting artifactd] flid
not observe this artifact as they only predicted on the se@bgéls corresponding to the top 1% of FLAIR histogram.
We see this in our analysis because we predict on all voxa&laoong brain matter. Reducing this type of artifact in the
predictions further motivates the use of the SSCC sampliathad along with model (2). The coefficient estimates for
the model-sample combinations are provided in Tablasd3.

The proposed methodology does require a working indepesdessumption over voxels and scans. We find that with
this assumption the method provides very good performantms of pAUC. To investigate if prediction improves if we
account for some of the inherent dependence in the data weatsider a compound symmetric structure, by assuming
constant dependence over voxels, but ignoring the deperdmrer time. This did not improve the predictions, but the
results are included for reference in Section 4 of the Supeteary Material.
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6. Discussion

We propose a new model that uses a historical covariate wigbrkesion enhancement using contrast-free imaging.
The gain in predictive performance that we observed is wgatented, despite the simplicity and strong parametric
assumptions of the model. Since using the historical catasields such an improvement, future work will focus on
longitudinally modeling enhancement probabilities. Reqg estimation of such a historical covariate imposes piir
scans must have been collected. Therefore, the proposed! isaabt applicable for patients who are only scanned at
one visit. This would not be a limitation in two-arm placetantrolled trials where only post-randomization scans are
relevant, as long as there is a baseline scan.

The proposed SSCC sub-sampling method relies on the estimatt the population parameter. However, this
estimation will change depending on the application. Thavjgles a natural way to calibrate the classifier for a déffeer
population of interest. The results show that by using the GSub-sampling method, we greatly reduce the computdtiona
burden of fitting the model on the high-dimensional data\detare able to fit the models 180 times faster than if we used
the full data set. When using only this sub-sample to fit tlipppsed model, predictive performance comparable to using
the full data set is achieved. This development allows fonfitnext-generation local image regression models, which
have recently shown promise in a variety of image analysblpms [L8, 20, 14], on hundreds or thousands of subjects
observed at many visits.

A B C

—5— Model 1

True Positive Rate

False Positive Rate False Positive Rate False Positive Rate

Figure 1. Partial ROC curves comparing models (1) and (2) ( blue linelés) and solid red line(squares) respectively) for; Avdxels; B-Top 1% FLAIR sub-sampling; and
C-SSCC sub-sampling. The dashed line in all curves correispm having TPR=FPR.
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Figure 2. Partial ROCs curves from using the three data sets undey &idil model (1) (A) and model (2) (B).

Table 1.Partial AUC estimates and corresponding 95% confidencevalte(Cl) for curves in Figure$ and2.

Model 1 Model 2
pAUC 95% ClI pAUC 95% CI
All Voxels 0.52 (0.49,0.55) 0.74 (0.72,0.76)
1% FLAIR 0.29 (0.27,0.32) 0.64 (0.61,0.67)
SSCC 0.53 (0.50,0.56) 0.78 (0.76,0.80)
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Figure 3. (A) T1w pre-contrast; (B) T2w pre-contrast; (C) FLAIR pasintrast; (D) T1w post-contrast; (E) SUBLIME Map ; (F) modgrediction map using FLAIR thresholding
(top 1%) to fit and predicting on the full brain, as per Shimahet al.(2012) ; (G) model 2 prediction map with case corgashpling for fitting and predicting on the full data set;
(H) RGS mask.

Table 2. Coefficient estimates when model 1 is fit using all voxels m¢brresponding sets.

All Voxels
Estimate 95% CI
Bo -10.18 (-10.21,-10.14)
B1 1.08 (1.03,1.13)
B 1.98 (1.96, 2.00)
B12 0.88 (0.85, 0.90)
FLAIR 1%
Estimate 95% CI

Bo ~ -7.81  (-7.85,-7.77)
g T 001 (-0.06, 0.09)

Bs 2.00 (1.98,2.04)

B1o ~ 052 (0.48,0.56)

SSCC
Estimate 95% ClI

By ~— -10.79 (-10.85,-10.74)

B 2.02 (1.93,2.11)

Bs 2.88 (2.82,2.94)

Bio ~ 1.32 (1.27,1.37)
E WWw.sim.org Copyright© 2014 John Wiley & Sons, Ltd. Satist. Med. 2014 001-10
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Table 3.Coefficient estimates when model 2 is fit using all voxels m¢hrresponding sets.

All Voxels
Estimate 95% CI
Bo -10.23  (-10.27,-10.20)
51 0.814 (0.76,0.87)

B 1.53 (1.50, 1.56)
B3 10.03 (9.94,10.12)
P12 0.95 (0.92,0.98)
FLAIR 1%
Estimate 95% ClI

By — 765  (-7.69,-7.60)
8 051  (-059,-0.43)
8, — 1.40 (1.37,1.44)

Bs 6.74 (6.64, 6.83)
B2~ 0.97 (0.92,1.02)
SSCC
Estimate 95% CI
Bo -11.42 (-11.49,-11.35)
B 1.94 (1.83,2.06)
Ba 2.53 (2.46, 2.60)
B;s ~ 37.09  (34.93,39.27)
B2 1.09 (1.03,1.15)
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