arXiv:1207.2039v2 [astro-ph.CO] 16 Nov 2012

Improved determination of the WIMP mass from direct detection data

Bradley J. Kavanagh^∗ and Anne M. Green^† School of Physics & Astronomy,University of Nottingham, University Park, Nottingham, NG7 2RD, UK (Dated: 19^{th} November, 2012)

Direct detection experiments searching for weakly interacting massive particle (WIMP) dark matter typically use a simplified model of the Galactic halo to derive parameter constraints. However, there is strong evidence that this Standard Halo Model is not a good approximation to our Galaxy. We discuss previous attempts to extract the WIMP mass, cross-section and speed distribution from direct detection data and show that these lead to significant biases in the reconstructed parameter values. We develop and test an alternative model-independent method based on parametrising the momentum distribution of the WIMPs. This allows us to limit the analysis only to those regions of momentum space to which the experiments are sensitive. The method can be applied to a single experiment to extract information about the distribution function, as well as information on the degenerate WIMP mass and interaction cross-section combined in a single parameter. This degeneracy can be broken by including data from additional experiments, meaning that the WIMP mass and speed distribution can be recovered. We test the momentum parametrisation method using mock datasets from proposed ton-scale direct detection experiments, showing that it exhibits improved coverage properties over previous methods, as well as significantly reduced bias. We are also able to accurately reconstruct the shape of the WIMP speed distribution but distinguishing between different underlying distributions remains difficult.

PACS numbers: 07.05.Kf,14.80.-j,95.35.+d,98.62.Gq

I. INTRODUCTION

A large abundance of particle dark matter (DM) is required in our Universe to explain many observations on scales from the galactic to the cosmological (for a review, see e.g. Ref. [1]). Thus far, these particles have only been observed via their gravitational interactions and there are many experiments - completed, in progress and in development - which aim to directly detect Galactic dark matter through its non-gravitational interactions in the laboratory. While there is no lack of well-motivated DM candidates (e.g. Ref. [2–5]), the nature of the dark matter particles remains an open question. Different classes of experiment are sensitive to different candidates and it is necessary to rely on a wide range of experiments to constrain the exact properties of the dark matter.

We focus here on the search for weakly interacting massive particle (WIMP) [6] dark matter. WIMP direct detection experiments aim to identify and measure the energies of nuclear recoils induced by WIMP-nucleon collisions [7, 8]. Excesses above the expected backgrounds have been observed in the CoGeNT [9, 10] and CRESST- II [11] experiments. In addition, an annual modulation in the event rate has been observed at 8.9σ significance by the DAMA/LIBRA collaboration [12]. While these tentative signals have been cited as evidence for a light WIMP of mass ∼ 10 GeV, the various results are difficult to reconcile in simple models of dark matter [13– 15] and are in significant tension with the null results presented by CDMS [16] and XENON100 [17]. It is im-

∗ Electronic address: ppxbk2@nottingham.ac.uk † Electronic address: anne.green@nottingham.ac.uk

portant to accurately extract the properties of the WIMP from such experiments in order to check consistency with other detection channels (such as indirect detection [18] and constraints from colliders [19]), as well as to provide constraints on the underlying models of supersymmetry [20].

WIMP direct detection experiments are typically analysed within the framework of the Standard Halo Model (SHM) in which the velocity of galactic dark matter particles is assumed to follow a Maxwell-Boltzmann distribution. This is a highly simplified assumption and can lead to a bias in the values of the WIMP mass and cross-section measured in direct detection experiments (see Ref. [21, 22] and references therein).

There have been several attempts to develop model independent analysis schemes in order to avoid this bias as well as directly measuring the WIMP velocity distribution. Frandsen et al. [22] attempt to factorise out the astrophysical uncertainties, allowing a upper bound to be placed on the WIMP cross-section, while Alves et al. [23] parametrise the velocity distribution in terms of Legendre polynomials and attempt to reconstruct the polynomial coefficients from directional experiments. However, these techniques must be applied at a given WIMP mass, which would need to be measured independently (for example, in a collider experiment). Drees & Shan [24, 25] have proposed calculating moments of the velocity distribution function directly from data and using this to obtain the WIMP mass. However, the inclusion of finite energy windows in the mock experiments leads to significant bias and unreliable error estimates. Strigari & Trotta [26] suggest using a simplified model of the Milky Way halo and simultaneously fitting the WIMP and halo parameters. However, the effectiveness of this method depends on how closely the actual Galactic halo can be described by such a model.

Here, we develop further the methods of Peter [27, 28] (see also Ref. [29]), who has attempted to reconstruct the WIMP mass, cross-section and distribution function simultaneously by using a simple empirical parametrisation of the velocity distribution. The analysis of mock datasets using this method indicates a significant bias in the reconstructed parameters even for simple velocity distributions. We present an alternative method based on parametrising the momentum distribution of the WIMPs, which allows us to probe only that region of parameter space to which the experiment is sensitive. We test the method using mock datasets from proposed ton-scale direct detection experiments to assess its effectiveness.

Section II of this paper presents the current framework under which direct detection data is analysed, highlighting the need for alternative methods. Sec. III details the Markov Chain Monte Carlo techniques which will be used to assess the proposed model-independent methods, as well as the benchmark parameters used to generate mock datasets. The statistical properties of previous speed parametrisation methods will be explored in Sec. IV. We then present the new proposed momentum parametrisation method and how it can be applied to a single experiment (Sec. V) and to combined datasets from several experiments (Sec. VI). The results of large numbers of parameter reconstructions are also presented in these Sections, before moving on to summarise the significance of this study in Sec. VII.

II. DIRECT DETECTION ANALYSIS

The differential event rate per unit detector mass for nuclear recoils of energy E_R due to WIMP elastic scattering is given by [20]:

dR dE_R = ρ_0σ_p 2μ^2_{χp}m_χ A^2F^2(E_R)η(v_{min}) , (1)

where ρ_0 is the local DM mass density, m_χ is the WIMP mass, σ_p is the DM-proton cross-section (at zeromomentum transfer) and μ_{χp} is the WIMP-proton reduced mass, μ_{χp} = (m_χm_p)/(m_χ + m_p). Here, we have considered only the spin-independent contribution to the rate, which dominates for targets with large atomic mass number, A. Assuming that the coupling to protons and neutrons is identical, this leads to an A^2 enhancement in the scattering rate [20]. Finally, the loss of coherence due to the finite size of the nucleus is accounted for by the form factor, F^2(E_R), which we take to have the Helm form [30].

The local velocity distribution of galactic WIMPs enters into the event rate through η(v_{min}), the mean inverse speed:

η(v_{min}) = ∫_∞ v_{min}

f(v) v d^3v , (2)

where f(v) is the normalised velocity distribution in the Earth frame and v_{min} is the minimum WIMP speed required to produce a recoil of energy E_R. For a detector of nuclear mass, m_N , and reduced WIMP-nucleon mass, μ_{χN} = (m_χm_N )/(m_χ + m_N ), this minimum required speed is

v_{min}(E_R, m_χ, m_N ) = √ m_N E_R 2μ^2_{χN} . (3)

Each experiment is then sensitive to a particular range of WIMP speeds, v ∈ [v_{min}(E_{min}), v_{min}(E_{max})], where E_{min} and E_{max} are the lower and upper limits of the signal window respectively. WIMPs with speeds below v_{min}(E_{min}) do not have sufficient kinetic energy to induce nuclear recoils above the threshold energy of the detector. WIMPs with speeds above v_{min}(E_{max}) will contribute to recoils in the detector, but this contribution will be a constant offset to the rate and as such the experiment will not be sensitive to the exact form of the speed distribution above this speed.

Data from direct detection experiments are typically analysed using the Standard Halo Model (SHM), in which the galactic halo is modelled as an isothermal sphere with Maxwellian velocity distribution:

f(v) = 1 (2π)^{3/2} σ^3 exp ( −(v − v_{lag})^2/2σ^2 ) . (4)

A typical value for the velocity dispersion is σ ≈ 156 km s^{−1}, in order to match the peak speed to the local circular speed: v_0 = √ 2σ ≈ 220 km s^{−1}. The motion of the Earth with respect to the Galactic halo is encoded in v_{lag}, which incorporates the Sun’s motion within the Galaxy and the Earth’s orbital motion about the Sun. Here, we neglect the time variation of v_{lag} and use an average value of |v_{lag}| ≈ 230 km s^{−1} [20].

We consider only non-directional detectors, for which it is useful to define the directionally averaged local speed distribution, f(v): f(v) = ∮ f(v) dΩ_v. (5)

We also define the ‘3-dimensional’ (3-D) speed distribution, f_3(v) = v^2f(v), such that f_3(v) dv is the fraction of WIMPs with speeds between v and v + dv.

Despite the Standard Halo Model’s frequent use, there is strong evidence that the true distribution function of galactic WIMPs is non-Maxwellian. Even assuming the Standard Halo Model, there remains a great deal of uncertainty in the correct parameter values which should be used (see e.g. [31, 32]). In addition, high resolution N-body simulations suggest that there can be significant deviations from the maxwellian velocity distribution [33–35], including features in f(v) especially at high velocity. Some simulations also show evidence for a dark disk, corotating with the baryonic disk of the Milky Way, caused by the tidal distruption of satellites which are preferentially dragged into the disk plane [36, 37]. It is therefore necessary to consider the presence of additional velocity structure beyond the SHM and the impact this may have on parameter reconstruction.

III. PARAMETER ESTIMATION METHOD

We now present the benchmark experimental and theoretical parameters which will be used to test various reconstruction methods as alternatives to the simple SHM assumption. The Markov Chain Monte Carlo methods used to explore the posterior distribution of the parameters are also introduced.

A. Benchmark Parameters and Experiments

As noted in Ref. [25], it is impossible to estimate the WIMP mass from a single experiment if no assumptions are made about f(v), so we consider three nextgeneration detectors, modelled on experiments which are currently in development. Each experiment is characterised by a single (suitably averaged) target nucleus mass, m_N , a total detector mass, m_{det}, an effective exposure time, t_{exp}, and a pair of energies, E_{min} and E_{max}, which mark the extent of the signal region. We focus on a particular set of experimental parameters in order to provide a concrete example of how the WIMP parameters can be estimated accurately. Table I shows the experimental parameters used in this work, which are chosen to approximately match those used by Peter [28].

We assume perfect and uniform detection efficiency - that is, all signal events and no background events survive analysis cuts. We also assume perfect energy resolution. For a real experiment, these assumptions will almost certainly not hold, for example due to variations in the relative scintillation efficiency of Xenon [41], but the results presented here should be viewed as a proof of principle in the ideal case.

Figure 1 shows the minimum and maximum accessible WIMP speeds for each experiment. All three experiments rapidly become insensitive to WIMPs with speeds less than ∼ 1000 km s^{−1} as the WIMP mass drops below m_χ ∼ 10 GeV. According to the RAVE survey [42], the local galactic escape speed lies in the interval v_{esc} ∈ [498, 608] km s^{−1}. The fastest WIMPs impinging on an experiment will then have speed v = v_{lag} + v_{esc}. This is consistent with results from N-body simulations which indicate local escape velocities (in the Earth frame) of around 800 km s^{−1} [33]. This suggests that the exper-

FIG. 1. Range of accessible WIMP speeds for each of the three mock experiments: XENON1T-like (solid blue), SuperCDMS-like (dashed green) and WArP-like (dot-dashed red). Each pair of lines corresponds to the maximum and minimum accessible WIMP speeds for a given experiment. The outermost dotted red lines show the accessible speeds for the adjusted parametrisation range described in Sec. VI.

iments considered here generically have a low sensitivity to such light WIMPs, producing too few events for accurate parameter reconstruction.

We therefore use benchmark masses of 50 GeV and 100 GeV. For WIMP masses heavier than this, v_{min} becomes roughly independent of m_χ, leading to large degeneracy in the m_χ − σ_p plane [25, 43, 44]. This will mean that for very heavy WIMPs, it will only be possible to place lower bounds on the WIMP mass. In fact, at the statistical precision presented here this is also true for most mock datasets generated with m_χ = 100 GeV. As a benchmark cross-section, we use the value σ_p = 10^{−44} cm^2, which is still a factor of several below current exclusion limits. We assume that the local dark matter density is known exactly and use the value ρ_0 = 0.3 GeV cm^{−3}. As will be explained in Sec. VI, the precise values of σ_p and ρ_0 are not particularly important due to the degeneracy between these two parameters. The total number of events from all three detectors combined typically ranges from around 300 to 600 for the benchmark parameters considered here.

In order to ensure the robustness of the method, we use three benchmark models for the velocity distribution:

(i) the Standard Halo Model (SHM), with σ = 156 km s^{−1} and v_{lag} = 230 km s^{−1};

(ii) a 50% Standard Halo Model with a 50% contribution from a dark disk (DD);

XENON1T [38] SuperCDMS [39] WArP [40] Detector Target Xe Ge Ar Nuclear Mass, mN/amu 131 73 40 Detector Mass, m_{det}/kg 1000 100 1000 Exposure Time, texp/days 60.8 109.5 365 Energy Range, [Emin, Emax] /keV [2,30] [10,100] [30,130]

TABLE I. Parameter values for the three mock experiments used in this work, chosen to closely match those used in Ref. [28]. The meanings of the experimental parameters are described in Sec. III A.

(iii) rescaled Via Lactea II data (VL-2).

We model the dark disk velocity distribution as a Maxwellian with σ = 50 km s^{−1} and v_{lag} = 60 km s^{−1}, similar to the typical values obtained by Ref. [45]. A 50% contribution from the dark disk is at the upper limit of the range presented by Ref. [37] and we consider this as an extreme case. The third benchmark is the distribution function as extracted from the Via Lactea 2 (VL-2) Nbody simulation [46] and presented in Ref. [33]. It is averaged over galactic radius in the range 7.5 < R < 9.5 kpc and measured in bins of width 10 m s^{−1}. VL-2 is a DMonly simulation and thus leads to a lower peak speed than the SHM. Including the effects of baryons should deepen the galactic potential and raise this peak speed closer to that observed in the Milky Way. In order for a fairer comparison, we therefore rescale the VL-2 data such that f_3(v) peaks at the same speed as in the SHM, allowing us to probe the departures from Maxwellian form which appear in N-body simulations.

These benchmark velocity distributions are illustrated in Fig. 2. The VL-2 data has the flattest velocity distribution with a tail extending beyond 800 km s^{−1}. This leads to a flatter spectrum and a larger number of events at higher energies than for the other two benchmark models. The SHM distribution produces roughly the same number of events as the VL-2 distribution, but with fewer events at high energy. In the dark disk model, however, the value of v_{lag} is much smaller. This means that WIMPs typically have much lower speeds and many have insufficient energy to overcome the thresholds of the detector. This results in fewer observed events and a steeper recoil spectrum.

B. Parameter Exploration

We generate mock datasets for each set of benchmark WIMP parameters and then analyse these using Markov Chain Monte Carlo (MCMC) techniques. For a given set of physical parameters, θ_{true} = {m_χ, σ_p, f(v)}, we calculate the expected number of events for each detector, N_e, to an accuracy of 0.1 events:

FIG. 2. 1-D and 3-D speed distributions, f(v) and f3(v), and mean inverse speed, η(v), for the 3 benchmark speed models with parameter values as given in Sec. III A : Standard Halo Model (SHM - solid blue), Standard Halo Model + Dark Disk (DD - dashed green) and Via Lactea 2 (VL-2 - dotted red).

N_e = m_{det}t_{exp}

∫_{Emax}

E_{min} dR dE (E) dE. (6)

For each experiment, the number of events actually observed, N_o, is drawn from a Poisson distribution with mean N_e. Energies for the N_o events are then drawn from the normalised differential event rate:

P (E) = m_{det}t_{exp} N_e dR dE (E). (7)

We then use the publicly available CosmoMC code [47] to generate Markov chains to explore the posterior distribution of the parameter space. This parameter space typically comprises m_χ, σ_p and additional parameters associated with the speed or momentum distribution of the WIMPs. The likelihood function used to generate the Markov chains is the same form used by CDMS [48] and XENON100 [49], which for a single experiment is:

L_1 =

N^{No}_e e^{−Ne} N_o!

N_o∏

j P (E_j ). (8)

The full likelihood, L, is then the product of the likelihoods for the three separate experiments.

For each set of benchmark parameters, we generate 250 mock datasets. For each realisation, we perform 3 × 10^5 Markov chain steps using the Metropolis-Hasting algorithm. Each chain is then thinned by a factor of 50 and the initial 10^4 chain positions removed as burn-in. The results obtained were robust to doubling of either the thinning factor or the number of positions taken as burn-in. For a well-mixed chain, the distribution of chain positions as a function of the parameters, n(θ), should be proportional to the local likelihood: n(θ) ∝ L(θ). For flat priors, this is then proportional to the posterior probability of the parameters θ. However, in order to ensure that the posterior is well-explored (particularly in cases where it may be multimodal), we perform the MCMC at a temperature T = 2, using the high temperature likelihood function L_T = L^{1/T} [50]. The distribution of chain positions obtained at the higher temperature is then n_T(θ) ∝ L^{1/T} (θ). We recover the distribution of positions at T = 1 by ‘cooling’ the chain:

n(θ) = n_T(θ)L^{1−1/T}(θ). (9)

In order to obtain parameter limits from the mock datasets, we construct minimal credible intervals for the parameters of interest [51]. In order to construct a p% confidence interval, we find a value of the marginalised likelihood for which p% of chain samples exceed this value. All parameter values for which the marginalised likelihood exceeds this limit are included in the confidence interval. This allows us to investigate the coverage properties of different methods and parameters. For each mock dataset, we record whether or not the true parameter value lies within this confidence interval. If a method produces consistent error estimates, the true parameter value should lie within the p% confidence interval for p% of realisations. This is referred to as exact coverage.

We note that MCMC is typically poor at finding the best-fit point in parameter space [47], so in order to obtain an estimate of parameters, we use the mean likelihood, as described in Ref. [47]. We bin the parameter of interest and average the likelihood of all points within each bin. This mean likelihood is then smoothed on the width of the bins and the parameter value which maximises the mean likelihood is taken as a best estimate of the underlying parameter.

As an estimate of an error on a parameter, we calculate its standard deviation within a chain, σ. While this does not correspond to the Gaussian error on the parameter (particularly in the case of multimodal and skewed posterior distributions), it can be used as a rough estimate of the uncertainty of a particular reconstruction. We can also use this to calculate the ‘pull’ statistic Δ (see e.g. Ref. [52]), Δ = θ_{rec} − θ_{true} σ , (10)

where θ_{rec} and θ_{true} are the reconstructed and true values of the parameter of interest respectively. The Δ statistic quantifies the statistical deviation of the reconstruction from the true value. For a large number of mock datasets, the distribution of Δ should have a mean of zero and a standard deviation of unity.

We sample the WIMP mass and cross-section logarithmically in the ranges [10, 1000] GeV and [10, 10000] × 10^{−47} cm^2 respectively, with log-flat priors on both. Unless otherwise stated, parameters associated with the WIMP distribution are sampled linearly between zero and their maximum possible value allowed by normalisation, with linearly-flat priors.

IV. SPEED PARAMETRISATION

We follow the method of Peter [28] and parametrise the WIMP speed distribution (in the Earth frame), as a series of N bins of constant value, with bin edges {ṽ_i}:

f(v) = N∑ i=1 g_i W (v; ṽ_i, Δv) , (11)

where the top-hat function, W, is defined as:

W (v; ṽ_i, Δv) = { 1 v ∈ [ṽ_i, ṽ_i + Δv] 0 otherwise

. (12)

Here, we consider N = 5 bins, and take the bins to be of constant width, Δv = 200 km s^{−1}, covering the range v = 0 − 1000 km s^{−1}. Imposing normalisation of the speed distribution, we obtain the following constraint on the {g_i}: N∑ i=1 g_i [ (ṽ_i + Δv)^3 − ṽ^3_i ] /3 = 1 . (13)

FIG. 3. WIMP masses reconstructed using the speed parametrisation method from 250 realisations. The benchmark speed distribution is the SHM. The true mass of 50 GeV is shown as a dashed vertical line.

For notational convenience, we also define

ĝ_i = g_i [ (ṽ_i + Δv)^3 − ṽ^3_i ] /3 , (14)

such that the normalisation condition becomes N∑ i=1 ĝ_i = 1. (15)

A. Results

For comparison with later methods, we consider here a single benchmark model: m_χ = 50 GeV and the SHM. Fig. 3 shows the fitted values for the WIMP mass, m_{rec}, obtained from 250 mock datasets. This distribution shows a peak around 45 GeV, as well as a significant number of datasets reconstructed at ∼ 100 GeV. As pointed out by Ref. [53], some mock datasets will not be representative of the underlying benchmark parameters, having more events at high energies than expected, for example. This can lead to ‘bad’ reconstructions with a fitted WIMP mass higher than the benchmark value. Thus, the reconstructions near 100 GeV do not necessarily signify a failure of the reconstruction method.

However, a coverage study of 68% and 95% confidence intervals for this method shows significant undercoverage: 36 ± 3% coverage and 63 ± 3% coverage respectively for the two intervals. This indicates that while the mass reconstructions appear to be distributed close to the true value, the corresponding error estimates must be too small. Fig. 4 shows the Δ distribution for the 250 realisations of this method. The standard deviation of Δ is σ_Δ = 3.5, which is significantly greater than unity,

FIG. 4. Distribution of the Δ statistic, defined in Sec. III B, for 250 realisations using the speed parametrisation method. The benchmark speed distribution is the SHM, with a 50 GeV WIMP.

showing that the speed parametrisation method significantly underestimates the errors on reconstructed values. As demonstrated in Ref. [28], the problem of poor reconstructions using this method does not appear to be significantly improved by increasing the number of bins in the speed parametrisation and worsens for more complicated speed distributions.

Fig. 5 shows the reconstructed speed distribution for a typical realisation using this method. The reconstructed mass value is log_{10}(m_{rec}/ GeV) = 1.48 ± 0.06, compared to the benchmark value log_{10}(m_χ/ GeV) = 1.699. The mean inverse speed is under-estimated in the range 0 − 200 km s^{−1} and slightly over-estimated at higher speeds. However, the reduced m_{rec} increases the minimum accessible speed of the experiments, meaning that the experiments are less sensitive to the shape of the speed distribution at low speeds. Moreover, a reduced value of the reconstructed mass serves to steepen the spectrum, reconciling the flattened η(v_{min}) at high speeds with the data. This is because varying the mass of the WIMP ‘rescales’ the spectrum, due to the relation E_R ∝ μ_{χN} v^2_{min}.

In Fig. 6, we plot η/m_χ as a function of recoil energy, E_R, for the SuperCDMS-like experiment. We rescale η by 1/m_χ because this factor appears in the event rate and we are then able to compare the spectra of events from different models. The solid line shows the mean inverse speed in the SHM, using the true WIMP mass of 50 GeV. We also show a binned approximation to the SHM (dashed line) obtained using the true values of the bin parameters {g_i} and the true WIMP mass. Finally, we show the reconstructed mean inverse speed (dot-dashed line) using the reconstructed WIMP mass of 30 GeV. We see that the binned approximation to the SHM, which should represent a ‘good’ reconstruction, actually recovers the spectrum poorly compared to the reconstructed

FIG. 5. Reconstructed speed distribution, f(v), and mean inverse speed, η(v), using the speed parametrisation method. The benchmark model used was a 50 GeV WIMP with an SHM speed distribution. The upper pane shows the underlying SHM speed distribution (solid blue) and the fitted values of the speed bin parameters (red points). The errors on the bin values are within-chain standard deviations as described in Sec. III B. The lower pane shows the mean inverse speed corresponding to these fitted values (dashed red line) and the true mean inverse speed (solid blue).

values. In particular, we note the energy range of the experiment spans two bins in the binned approximation to the SHM, but three bins in the MCMC reconstruction, allowing a closer approximation to the true spectrum.

Thus, the speed distribution parameters can be explored to provide a good fit to the data, with the reconstructed mass varying to compensate. As can be seen from Fig. 6, for a fixed bin width in velocity space, the size of bins in energy space can be reduced by moving to lower masses. This should allow a closer fit to the data and may explain why there appears to be a bias towards lower mass values.

V. MOMENTUM PARAMETRISATION FOR A SINGLE EXPERIMENT

When considering the speed distribution of the WIMPs, we see that each experiment has a different range of sensitivity and that varying the WIMP mass changes this range. However, we can instead consider a ‘reduced WIMP-nucleus momentum,’

p_N = μ_{χN} v , (16)

FIG. 6. The rescaled mean inverse speed, η/mχ, measured in the SuperCDMS-like experiment as a function of recoil energy, ER. The same mock dataset was used as in Fig. 5. The underlying Standard Halo Model distribution (solid blue) uses the true WIMP mass of 50 GeV, as does the binned approximation to the SHM (dashed red). The reconstructed mean inverse speed (dot-dashed black) uses the reconstructed value of 30 GeV.

defined separately for each target nucleus. We now note that the accessible range in p_N for each experiment is independent of the WIMP mass:

p_{min}(E_R) = μ_{χN} v_{min}(E_R) = √ m_N E_R 2 . (17)

We therefore rewrite the differential event rate in terms of the new momentum variable: dR dE_R = ρ_0σ_pμ_{χN} 2μ^2_{χp}m_χ A^2F^2(E_R)η̃(p_{min}) , (18)

where η̃ is the mean inverse momentum associated with the reduced momentum distribution, f̃(p):

η̃(p_{min}) = ∫_∞ p_{min}

f̃(p) p d^3p = 1 μ_{χN} η(p_{min}/μ_{χN} ). (19)

The event rate can be rewritten as: dR dE_R = ρ_0 2 D(σ_p, m_χ, m_N )A^2F^2(E_R)η̃(p_{min}) , (20)

where we have defined

D(σ_p, m_χ, m_N ) = σ_pμ_{χN} μ^2_{χp}m_χ , (21)

which encodes all information about the WIMP mass and cross-section and controls the overall scale of the event rate.

We can again define a directionally averaged momentum distribution, f̃(p) = f(p/μ_{χN} )/μ^3_{χN} , and parametrise this in terms of 5 constant bins, with bin values {h_i}. We parametrise f̃(p) only over the range of sensitivity of the experiment: p ∈ [p_a, p_b], where p_{a,b} = p_{min}(E_{min,max}). This means that we need not make any assumptions about the distribution function outside the range of sensitivity of the experiment. However, we still wish to impose some normalisation constraint on the momentum distribution parameters. Each experiment now probes a well-defined (but unknown) fraction of WIMPs, α_N , given by

α_N = ∫_{pb} p_a f(p) p^2dp . (22)

The momentum parameters are therefore normalised according to N∑ i=1 ĥ_i = α_N , (23)

where ĥ_i is defined analogously to ĝ_i in Eq. 15. We absorb the unknown α_N into D, such that the momentum distribution parameters, {ĥ_i/α_N }, are normalised to unity and D(σ_p, m_χ, m_N ) = α_N σ_pμ_{χN} μ^2_{χp}m_χ . (24)

Finally, it is necessary to introduce a parameter A which models the constant contribution to η from WIMPs with momenta greater than p_b:

A = ∫_∞ p_{min}(E_{max})

f̃(p) p d^3p . (25)

Because the precise form of f̃(p) above the upper energy threshold is undetermined by the experiment, the contribution of A to the normalisation, α_N , cannot be calculated and is therefore not considered. Instead, we include conservative constraints on A such that its contribution alone cannot exceed the normalisation of f̃(p):

A < (p_{min}(E_{max}))^{−1}. (26)

We also note that ∫_{pb} p_a f̃(p) p d^3p ≤ α_N p_b , (27)

and thus impose the following additional constraint on the paramaters: 1 α_N [η(p_a) − η(p_b)] ≤ 1 p_b . (28)

We therefore perform parameter reconstructions using the parameters D, {h_i/α_N } and A/α_N . Because the fraction of high momentum WIMPs is expected to be relatively low, we sample the parameter A logarithmically, with a log-flat prior.

FIG. 7. Reconstructed values for the scale parameter, Drec, for the Argon experiment using the momentum parametrisation method from 250 realisations. The benchmark speed distribution is the SHM. The value of Dtrue = 75.6 × 10^7 cm^2 kg^{−2} is shown as a dashed vertical line.

A. Results

We consider again a single set of benchmark parameters, namely a 50 GeV WIMP with an SHM speed distribution. We apply the momentum parametrisation to mock datasets from the WArP-like Argon experiment. The reconstructed D values, D_{rec}, are shown in Fig. 7 in units of 10^7 cm^2 kg^{−2}. In all reconstructions, the posterior distribution is unimodal, having separate parameters to describe the scale (D) and shape ({h_i}) of the event rate. The number of reconstructions is peaked at the correct value, however, the distribution does not appear to be symmetric. In fact, the average reconstructed value is log_{10}(D)_{rec} = 1.865 ± 0.004, compared to the input value of log_{10}(D)_{true} = 1.878. This represents a slight bias (of less than 1%) towards smaller values of log_{10}(D).

However, this is smaller than the typical statistical uncertainty in a single reconstruction, which is ∼ 4%. In addition, this method results in overcoverage of the true parameter, with values of 76 ± 2% and 98 ± 1% respectively for the 68% and 95% confidence intervals. This method therefore allows us to place reliable conservative estimates on the parameter D.

We show in Fig. 8 the reconstructed momentum distribution and mean inverse momentum for a typical realisation, for which the reconstructed D value is 1.81^{+0.09}_{−0.05}. The underlying momentum distribution has been rescaled by 1/α_{Ar} to allow a comparison to the reconstructed values. We see that the the momentum distribution is well reconstructed and the mean inverse momentum is accurately recovered at low and high momenta. In the middle of the momentum range, however, η̃(p_{min}) exceeds the true value. Because only a single

FIG. 8. Reconstructed momentum distribution for a single Argon experiment using a benchmark of a 50 GeV WIMP and the SHM. The upper pane shows the SHM momentum distribution (solid blue) and reconstructed bin values (red points). Because the posterior is unimodal, we also display vertical errorbars showing the extent of the 68% confidence region for each bin. Note that these errors are strongly correlated. The lower pane shows the corresponding reconstructed mean inverse momentum (dashed red) and the mean inverse momentum in the SHM (solid blue). The underlying distribution has been rescaled by 1/αAr for comparison to the reconstructed values.

experiment is being used, the measured spectrum is particularly susceptible to Poisson fluctuations. The mock dataset used here has a slight excess of events around E_R ≈ 60 keV, corresponding to p_{Ar} ≈ 30 MeV, which may explain the reconstructed excess.

In addition, this may be a consequence of the particular parametrisation. The constant-bin parametrisation of f̃(p) leads to a parametrised η̃(p_{min}) which is concave downwards in each bin, while the underlying function is strictly convex downwards in this region. Thus, η̃(p_{min}) tends to be slightly overestimated, leading the scale parameter D to be reduced to compensate for this. With datasets containing more events, the number of bins could be increased, in order to reduce this bias on D and maintain it at below the level of the statistical uncertainty.

VI. MOMENTUM PARAMETRISATION FOR SEVERAL EXPERIMENTS

The reduced momentum method allows us to extract information from a single experiment, making no assumptions about the underlying velocity (or momentum) distribution. However, information about the mass and cross-section are encoded in the parameter, D, and cannot be extracted using a single experiment alone.

Because a different momentum variable p_N can be defined for each experiment, it is necessary to choose a single experiment and parametrise the momentum distribution defined with respect to that experiment. It may be necessary to adjust the lower and upper limits of the parametrisation (beyond the values of E_{min} and E_{max} used in the experiment) to accommodate as much of the data as possible from all experiments. In the single experiment considered in Section V, the WIMP-Ar momentum was parametrised in the range p_{Ar} ∈ [23.6, 49.2] MeV, to match the sensitivity of the Argon experiment. However, as can be seen in Fig. 1, this sensitivity window does not match that of the other experiments. If we extend this interval, and parametrise in the range p_{Ar} ∈ [3.6, 53.0] MeV, we can enclose the sensitivity regions of all three experiments as closely as possible, as shown by the dotted curves in Fig. 1. We again use 5 bins in momentum space, with an additional parameter to control a constant offset.

In theory, any of the three experiments could have been chosen to define the momentum variable. However, some choices of experiment are less practical. For example, in order to use the XENON1T-like experiment, it would be necessary to parametrise the momentum over the range p_{Xe} ∈ [11, 162] MeV. This is because at high WIMP masses the remaining two experiments have maximum accessible speeds of ∼ 500 km s^{−1}. This corresponds to very high values of the WIMP-Xe reduced momentum because of Xenon’s comparatively higher mass. A large number of bins would be required to cover this wide momentum range and accurately model structures in the distribution function. Owing to the Galactic escape speed, many of these bins would have a value of zero, making parametrisation with respect to the XENON1Tlike experiment a poor choice.

By comparison, using the WArP-like Argon experiment allows us to parametrise only as much of the momentum space as required to accommodate data from all three experiments. In the speed parametrisation method, the WIMP mass could be varied to adjust the range of speeds accessible to the experiments. This reduces the sensitivity of the likelihood to some of the speed bin parameters, meaning that these parameters can be adjusted with little effect on the likelihood value. This results in a spurious freedom in the remaining bin parameters, which can be varied to achieve a good fit to the data. As demonstrated in Sec. IV, this results in a bias towards lower values of the reconstructed WIMP mass in order to reduce the size of the bins in energy space. Using the momentum parametrisation method, we reduce this effect by ensuring that the likelihood is sensitive to all momentum bin parameters as much as possible, as the accessible speed range of the analysis tracks more closely the accessible speed range of the experiments. In addition, for a fixed bin width in momentum space, the bin width in energy space is much less sensitive to the WIMP mass.

Unfortunately, this method does not allow the WIMPnucleon cross-section to be extracted; because the contributing WIMP fraction, α, is unknown, we can only obtain a lower bound. This is a fundamental limitation of any method which makes no assumptions about the underlying speed distribution. Without knowing the fraction of WIMPs with speeds within the signal window of the experiment, we cannot determine the cross-section. However, the cross-section appears in the event rate only through the degenerate combination σ_pρ_0. Estimates of ρ_0 from mass modelling of the Milky Way and from stellar kinematics tend to have a large uncertainty, with ρ_0 typically lying in the range 0.2 − 0.4 GeV cm^{−3} (e.g. Ref. [54, 55]). More recent analyses have found somewhat larger values, though still with large uncertainties. Salucci et al. [56] find ρ_0 = 0.430 ± 0.209 GeV cm^{−3}, while Garbari et al. [57] obtain the value ρ_0 = 0.85^{+0.57}_{−0.50} GeV cm^{−3}. Thus, any estimate of the WIMP-nucleon interaction cross-section would have an inherent uncertainty in any case.

A. Results

We first compare results for the momentum method to the speed parametrisation method presented in Section IV. We use the same mock datasets generated for the 50 GeV, SHM benchmark presented previously. The results of both the momentum and speed methods are shown in Fig. 9. In the case of the momentum method, the distribution of realisations is now more closely peaked around the true mass of 50 GeV. Furthermore, the momentum method produces substantially improved coverage properties, as summarised in Table II. It should be noted that compared to the speed method, the momentum method leads to a larger number of reconstructions at high WIMP mass. It is not clear whether this signals a failure of the momentum method in certain cases or whether these are representative of ‘bad’ reconstructions, as will be discussed shortly.

Fig. 10 shows the reconstructed WIMP-Argon momentum distribution using the same mock dataset as used for Fig. 5. The benchmark distributions have been rescaled by α so that they can be compared to the reconstructed values. In this case, α = 0.995, so we can reconstruct both the mass and cross section accurately: log_{10}(m_{rec}/ GeV) = 1.62 ± 0.31 and log_{10}(σ_p/10^{−47} cm^2) = 2.99 ± 0.18, compared to the true values of log_{10}(m_{true}/ GeV) = 1.699 and log_{10}(σ_p/10^{−47} cm^2) = 3.0. While there is no way to

FIG. 9. WIMP masses reconstructed using the speed and momentum parametrisation methods from 250 realisation. The benchmark speed distribution is the SHM. The true mass of 50 GeV is shown as a dashed vertical line.

Speed Method Momentum Method 68% Coverage 36 ± 3% 71 ± 3% 95% Coverage 63 ± 3% 92 ± 2%

TABLE II. Coverage statistics for the speed and momentum parametrisation methods for a 50 GeV SHM benchmark model.

know a priori whether α will be close to unity, the accurate reconstruction of the mass, cross-section and momentum distribution show that momentum parametrisation can offer a significant improvement over the speed parametrisation method.

We now present the results of the momentum method for all six sets of benchmark parameters, 50 GeV and 100 GeV WIMPs, with Standard Halo Model, dark disk and Via Lactea-2 distribution functions. The distributions of reconstructed masses are shown in Fig. 11 for the 50 GeV WIMP and Fig. 12 for the 100 GeV WIMP.

For the 50 GeV benchmark, the distribution of reconstructions is peaked at the true value, though in all three cases there are a number of datasets reconstructed at higher masses. For some of the mock datasets, the posterior distribution for the WIMP mass is multimodal, with a peak near the true value as well as a peak above ∼ 100 GeV. For reconstructions using a fixed speed (or momentum) distribution, these may correspond to ‘bad’ reconstructions, as mentioned previously, in which the spectrum of events is flatter than expected. When the momentum distribution is allowed to vary, as here, the

FIG. 10. Reconstructed momentum distribution from all three mock experiments using a benchmark of a 50 GeV WIMP and the SHM. The upper pane shows the SHM momentum distribution (solid blue) and reconstructed bin values (red points). The errors on the bin values are withinchain standard deviations as described in Sec. III B. The lower pane shows the corresponding reconstructed mean inverse momentum (dashed red) and the mean inverse momentum in the SHM (solid blue). The reconstructed values have been rescaled by α for comparison to the true distribution.

event rate can be well fit by more than one region of the mass parameter space. We also note a larger number of reconstructions at high masses in the case of the VL-2 benchmark. This is because of the flatter recoil spectrum in this case, which is more easily mimicked by a higher WIMP mass.

For the 100 GeV benchmark, the SHM and VL-2 models show similar structures, with a broad peak of reconstructions at or near the correct values, as well as a smaller tail up to masses of 1000 GeV, the upper limit of the prior. The 100 GeV datasets contain fewer events than their 50 GeV counterparts, so we would expect the spread of reconstructed values to be broader. Also, as previously noted, as the WIMP mass exceeds the mass of the target nucleus, the shape of the event spectrum becomes roughly independent of the WIMP mass. The largest nuclear mass used here is A_{Xe} = 131, meaning that for values of m_{rec} significantly above m_χ ≈ 131 amu ≈ 122 GeV, the posterior distribution becomes roughly flat. Reconstructions in the high-mass tail occur when the maximum of the posterior occurs in this approximately flat region, and we expect the tail to extend

FIG. 11. Distribution of reconstructed masses, mrec, using the momentum method for 250 reconstructions. The true mass of 50 GeV is shown as a dashed vertical line.

up to arbitrarily high masses. In this case, we can only place a lower bound on the WIMP mass and when calculating coverage statistics, we use 1-tailed limits (i.e. a p% confidence limit encloses^1_2 (1 + p)% of the marginalised posterior).

We report coverage statistics for the various benchmark parameters in Table III. For the Standard Halo Model, there is approximately exact coverage for both 50 and 100 GeV WIMPs, while for the VL-2 benchmark exact coverage is observed for the 100 GeV WIMP. The remaining benchmark parameters display some undercoverage, though still much improved over that achieved by the speed parametrisation method. The poorest coverage is achieved for the 100 GeV DD benchmark, for which the 68% confidence interval has a coverage of 58 ± 3%. This is to be expected from the poorly distributed reconstructions shown in Fig. 12. For the 100 GeV dark disk benchmark, there appears to be a significant bias in the distribution of reconstructed values, which peaks around 70 GeV. We explore the origin of this bias in the next section, where we examine the speed distributions reconstructed using this method.

FIG. 12. As Fig. 11 for mχ = 100 GeV.

WIMP Mass 50 GeV 100 GeV

SHM 71 ± 3% 65 ± 3% 92 ± 2% 94 ± 1%

DD 61 ± 3% 58 ± 3% 94 ± 1% 91 ± 2%

VL-2 72 ± 3% 65 ± 3% 90 ± 2% 94 ± 2%

TABLE III. 68% and 95% confidence interval coverage results for the momentum parametrisation method using a variety of benchmark parameters, as defined in Sec. III A.

B. Recovering the speed distribution

We will now consider how the speed distribution can be reconstructed from the momentum parametrisation. For a set of constant bins in momentum space, the positions and widths of bins in velocity space is dependent on the WIMP mass. It is therefore difficult to extract precise statistical information on the speed distribution, as the bin values will be very strongly correlated with the WIMP mass. Instead, we take the reconstructed WIMP mass as fixed and use this to obtain a speed distribution

FIG. 13. Reconstructed speed distribution from all three mock experiments using the momentum parametrisation method. The benchmark is a 50 GeV WIMP and the SHM distribution function. The upper pane shows the underlying SHM speed distribution (solid blue) and the fitted values of the speed bin parameters (red points). The errors on the bin values are within-chain standard deviations as described in Sec. III B. The lower pane shows the mean inverse speed corresponding to these fitted values (dashed red line) and the true mean inverse speed (solid blue). The underlying distributions have been rescaled by α for comparison to the reconstructions.

from the momentum distribution parameters. Without treating the covariance of the WIMP mass and the bin parameters in full, the reconstructed speed distribution will depend strongly on the reconstructed mass value. However, this naive approach should give an indication of whether accurate reconstructions are possible.

First, we consider a 50 GeV WIMP with SHM distribution, as an archetypal WIMP model with a wellbehaved distribution function. We show a typical reconstructed speed distribution in Fig. 13, using the same mock dataset as Fig. 10. In this case, the reconstructed value of m_{rec} is 42 GeV and the speed distribution appears to be accurately reconstructed within the error estimates.

Next, we consider a reconstruction for a 100 GeV WIMP with DD distribution function. One example is shown in the left-hand panes of Fig. 14, for a dataset with reconstructed mass log_{10}(m_{rec}/GeV) = 1.83 ± 0.15, compared to the true value of log_{10}(m_χ/GeV) = 2. The speed distribution appears to be well recovered at all speeds. However, there is a significant discrepancy in the

FIG. 14. As Fig. 13 for a 100 GeV WIMP with DD distribution function using 5 momentum bins (left panes) and 7 momentum bins (right panes).

FIG. 15. Distribution of reconstructed masses using the 7-bin momentum method for 250 reconstructions for a DD benchmark distribution. The true mass of 100 GeV is shown as a dashed vertical line.

mean inverse speed below ∼ 150 km s^{−1}. This is because the DD distribution function is very rapidly varying at low v, meaning that the ansatz of constant bins can no longer be applied. As observed in the speed parametrisation method, the event spectrum can be steepened by moving to lower mass values and this may explain why there is significant bias and poor coverage for this set of benchmark parameters.

In the right-hand panes of Fig. 14, we show results from the same mock dataset reconstructed using 7 bins in momentum space. The reconstructed mass is now log_{10}(m_{rec}/GeV) = 2.21 ± 0.27, with the mean inverse momentum more closely reconstructed than for the 5 bin case. Figure 15 shows the distribution of reconstructed masses for a 100 GeV WIMP with a DD distribution function using 7 bins in momentum space. The reconstructed masses are now more broadly distributed around the benchmark value, with improved coverage compared to the 5 bin case: 67 ± 3% and 94 ± 1%. We have found that increasing the number of bins for the 50 GeV SHM benchmark leaves the coverage properties and distribution of reconstructions largely unchanged, indicating that increasing the number of bins can be used to check the robustness of the reconstructions.

Finally, we consider the discriminatory power of the reconstructions. Returning to the 50 GeV SHM benchmark, we plot a single speed distribution reconstruction in Fig. 16, as well as all three benchmark speed distributions for comparison. The reconstruction is reasonably consistent with both the SHM and VL-2 models and displays only mild tension with the DD model. In addition, the benchmark distributions in Fig. 16 have been rescaled by the true value of α for comparison with the reconstructed values. In a real experiment, the value of α is unknown, further reducing the potential to discriminate between different models. Only in the case of more extreme distribution functions, such as a dark disk, might it be possible to make a distinction between the many possible underlying models. Thus, while the momentum parametrisation method can provide good constraints on the mass of the WIMP, it remains difficult to probe the speed distribution function.

VII. CONCLUSION

We have presented a novel method of analysing direct detection datasets which aims to reconstruct as much information as possible about the WIMP mass, crosssection and distribution function while making no assumptions about the shape of the underlying speed distribution. To do this, we parametrise the WIMP momentum distribution using a simple empirical parametrisation. This ensures that we do not parametrise those regions of velocity space to which the experiments are not sensitive, thus preventing spurious reconstructions, as seen previously in the use of speed parametrisation methods.

In the case of a single experiment, this method can be applied exactly and allows one to extract information about the shape of the distribution function, at the cost of losing access to information about either the WIMP mass or cross-section separately. The overall ‘scale’ parameter D, defined in Eq. 24 which encodes information about both the mass and cross-section, can be recon-

FIG. 16. Reconstructed speed distribution from all three mock experiments using a benchmark of a 50 GeV WIMP with SHM distribution. The reconstructed values have been rescaled by α for comparison to the true distribution. The three different benchmark speed distributions defined in Sec. III A have been overlaid: SHM (solid blue), DD (dashed green) and VL-2 (dotted red).

structed with only a small bias, and conservative limits can reliably be placed on D. The D values from many different experiments can then potentially be used to place bounds on the values of the WIMP mass and crosssection. The momentum distribution is also accurately reconstructed, though an increased number of parameter bins may be required as the number of signal events increases.

For multiple experiments, the range of the parametrisation must be extended to cover the sensitivity regions of all experiments. For estimation of the WIMP mass, this allows us to achieve significant improvements in coverage and reduction in bias over previous methods, though the momentum parametrisation method still suffers from some under-coverage for more extreme distribution functions, such as the dark disk. In these cases, the coverage properties can be improved by using more bins in momentum space, though at the cost of significantly broadening the distribution of reconstructed masses. Without making any assumptions about the WIMP speed distribution, however, we cannot estimate the interaction cross-section due to its degeneracy with the fraction of WIMPs accessible to the experiments. This is an unavoidable problem, but is rendered somewhat irrelevant by large uncertainties in the local DM density.

Reconstruction of the WIMP speed distribution remains difficult. The finite sensitivity window of direct detection experiments means that information on the normalisation of f(v) is lost, making comparison to theoretical models difficult. At the event rates studied here, it does not appear to be possible to distinguish between different distribution functions. If a clear dark matter signal is observed at next-generation ton-scale detectors, however, it should still be possible to accurately estimate the WIMP mass in a model-independent fashion.

ACKNOWLEDGMENTS

BJK and AMG are both supported by STFC. AMG also acknowledges support from the Leverhulme Trust. We are grateful to Juerg Diemand for access to the VL-2 data.

[1] G. Bertone, D. Hooper, and J. Silk, Phys. Rep. 405, 279 (2005), hep-ph/0404175.

[2] M. S. Turner, Phys. Rep. 197, 67 (1990). [3] S. Dodelson and L. M. Widrow, Phys. Rev. Lett. 72, 17 (1994), hep-ph/9303287.

[4] J. L. Feng, S. Su, and F. Takayama, Phys. Rev. D 70, 063514 (2004), hep-ph/0404198.

[5] D. E. Kaplan, M. A. Luty, and K. M. Zurek, Phys. Rev. D 79, 115016 (2009), arXiv:0901.4117.

[6] G. Steigman and M. S. Turner, Nucl. Phys. B 253, 375 (1985).

[7] M. W. Goodman and E. Witten, Phys. Rev. D 31, 3059 (1985).

[8] A. K. Drukier, K. Freese, and D. N. Spergel, Phys. Rev. D 33, 3495 (1986).

[9] C. E. Aalseth et al. (CoGeNT Collaboration), Phys. Rev. Lett. 107, 141301 (2011), arXiv:1106.0650.

[10] C. E. Aalseth et al. (CoGeNT Collaboration), Phys. Rev. Lett. 106, 131301 (2011), arXiv:1002.4703.

[11] L. Stodolsky et al., (2012), arXiv:1203.6835.

[12] R. Bernabei et al., Eur. Phys. J. C 67, 39 (2010), arXiv:1002.1028.

[13] M. Farina, D. Pappadopulo, A. Strumia, and T. Volansky, JCAP 2011, 010 (2011), arXiv:1107.0715.

[14] M. Fairbairn, T. Douce, and J. Swift, (2012), arXiv:1206.2693.

[15] C. Kelso, D. Hooper, and M. R. Buckley, Phys. Rev. D 85, 043515 (2012), arXiv:1110.5338.

[16] Z. Ahmed et al. (CDMS Collaboration), (2009), arXiv:0912.3592.

[17] E. Aprile et al. (XENON100 Collaboration), Phys. Rev. Lett. 107, 131302 (2011), arXiv:1104.2549.

[18] J. Lavalle and P. Salati, (2012), arXiv:1205.1004. [19] M. Battaglia and M. E. Peskin, “Supersymmetric dark matter at colliders,” in Particle Dark Matter: Observation, Models and Searches, edited by G. Bertone (Cambridge University Press, 2010) Chap. 14.

[20] G. Jungman, M. Kamionkowski, and K. Griest, Phys. Rep. 267, 195 (1995), hep-ph/9506380.

[21] A. M. Green, JCAP 2010, 034 (2010), arXiv:1009.0916.

[22] M. T. Frandsen, F. Kahlhoefer, C. McCabe, S. Sarkar, and K. Schmidt-Hoberg, JCAP 2012, 024 (2012), arXiv:1111.0292; M. T. Frandsen, F. Kahlhoefer, J. March-Russell, C. McCabe, M. McCullough, and K. Schmidt-Hoberg, Phys. Rev. D 84, 041301 (2011), arXiv:1105.3734.

[23] D. S. M. Alves, S. E. Hedri, and J. G. Wacker, (2012), arXiv:1204.5487.

[24] M. Drees and C.-L. Shan, JCAP 2007, 011 (2007), astro-ph/0703651.

[25] M. Drees and C.-L. Shan, JCAP 2008, 012+ (2008), arXiv:0803.4477.

[26] L. E. Strigari and R. Trotta, JCAP 2009, 019 (2009), arXiv:0906.5361.

[27] A. H. G. Peter, Phys. Rev. D 81, 087301+ (2010), 0910.4765.

[28] A. H. G. Peter, Phys. Rev. D 83, 125029 (2011), arXiv:1103.5145.

[29] S. K. Lee and A. H. G. Peter, JCAP 2012, 029 (2012), arXiv:1202.5035.

[30] R. Helm, Physical Review 104, 1466 (1956). [31] M. J. Reid et al., Astrophys. J. 700, 137 (2009), arXiv:0902.3913.

[32] P. J. McMillan and J. J. Binney, Mon. Not. R. Astron. Soc. 402, 934 (2010), arXiv:0907.4685.

[33] M. Kuhlen, N. Weiner, J. Diemand, P. Madau, B. Moore, D. Potter, J. Stadel, and M. Zemp, JCAP 2010, 030 (2010), arXiv:0912.2358.

[34] M. Fairbairn and T. Schwetz, JCAP 2009, 037 (2009), arXiv:0808.0704.

[35] S. H. Hansen, B. Moore, M. Zemp, and J. Stadel, JCAP 2006, 014 (2006), astro-ph/0505420.

[36] J. I. Read, L. Mayer, A. M. Brooks, F. Governato, and G. Lake, Mon. Not. R. Astron. Soc. 397, 44 (2009), arXiv:0902.0009.

[37] J. I. Read et al., in AIP Conference Proceedings, edited by V. P. Debattista and C. C. Popescu (2010) pp. 391– 394, arXiv:0901.2938.

[38] E. Aprile, (2009), http://xenon.astro.columbia.edu/ presentations/Aprile SJTU09.pdf.

[39] T. Bruch (CDMS Collaboration), (2010), arXiv:1001.3037.

[40] A. M. Szelc, in AIP Conference Proceedings, edited by S. Khalil (2009) pp. 105–110.

[41] E. Aprile, L. Baudis, B. Choi, K. L. Giboni, K. Lim, A. Manalaysay, M. E. Monzani, G. Plante, R. Santorelli, and M. Yamashita, Phys. Rev. C 79, 045807+ (2009), arXiv:0810.0274.

[42] M. C. Smith et al., Mon. Not. R. Astron. Soc. 379, 755 (2007), astro-ph/0611671.

[43] A. M. Green, JCAP 2008, 005+ (2008), arXiv:0805.1704.

[44] A. M. Green, JCAP 2007, 022 (2007), hep-ph/0703217. [45] C. W. Purcell, J. S. Bullock, and M. Kaplinghat, Astrophys. J. 703, 2275 (2009), arXiv:0906.5348.

[46] J. Diemand, M. Kuhlen, P. Madau, M. Zemp, B. Moore, D. Potter, and J. Stadel, Nature 454, 735 (2008), arXiv:0805.1244.

[47] A. Lewis and S. Bridle, Phys. Rev. D 66, 103511 (2002), astro-ph/0205436.

[48] Z. Ahmed et al. (CDMS Collaboration), Phys. Rev. Lett. 102, 011301 (2009), arXiv:0802.3530.

[49] E. Aprile et al. (XENON100 Collaboration), (2011), arXiv:1103.0303.

[50] M. P. Hobson, A. H. Jaffe, A. R. Liddle, P. Mukherjee, and D. Parkinson, eds., Bayesian Methods in Cosmology (Cambridge University Press, Cambridge, 2010).

[51] J. Hamann, S. Hannestad, G. G. Raffelt, and Y. Y. Y.

Wong, JCAP 2007, 021 (2007), arXiv:0705.0440. [52] L. Demortier and L. Lyons, (2002), www-cdf.fnal.gov/ physics/statistics/notes/cdf5776 pulls.ps.gz.

[53] C. Strege, R. Trotta, G. Bertone, A. H. G. Peter, and P. Scott, (2012), arXiv:1201.3631.

[54] R. Catena and P. Ullio, JCAP 2010, 004 (2010), arXiv:0907.0018.

[55] M. Weber and W. de Boer, Astron. Astrophys. 509, A25+ (2010), arXiv:0910.4272.

[56] P. Salucci, F. Nesti, G. Gentile, and C. Frigerio Martins, Astron. Astrophys. 523, A83+ (2010), arXiv:1003.3101.

[57] S. Garbari, C. Liu, J. I. Read, and G. Lake, Mon. Not.

R. Astron. Soc. 425, 1445 (2012), arXiv:1206.0015.