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Abstract: 
Measuring electron transport properties of substrate-supported nanomaterials with the traditional two-point comparison method is difficult at electron energies below 50 eV, where core-level signals are too feeble to be detected against the strong secondary-electron background. Herein, a data-driven spectral analysis technique is used to study the low-energy electron transport properties of substrate-supported target nanomaterials while eliminating the influence from the substrate signal. Applying this technique, the electron transport properties of the effective attenuation length and the inelastic mean free path (IMFP) can be determined with extremely high efficiency over the entire measured energy range of 6–600 eV. Further, these results show excellent agreement with other experimental and theoretical results. Significant differences are observed between monolayer graphene and bulk graphite IMFP, which illustrates the importance of the nanometer effect in the electron transport properties of the material. Furthermore, this technique is readily applicable to any ultrathin material that can be transferred onto a polycrystalline gold substrate.
[bookmark: OLE_LINK32][bookmark: OLE_LINK66]1. Introduction
Surface analysis techniques such as x-ray photoelectron spectroscopy (XPS) and Auger electron spectroscopy (AES) are widely used for a broad range of materials, and provide quantitative elemental and chemical state information from the surface of the material being studied [1–4]. Nowadays, these techniques are intensively employed to study nanomaterials and focus on a sole target, mapping the surface elemental composition of nanomaterial [5–6]. However, the capabilities of these techniques to play a greater role in nanomaterial studies are limited owing to the lack of quantitative knowledge of electron transport properties in the target nanomaterials. Although knowing that the transport properties of nanomaterials must differ from those of its corresponding allotrope in bulk form, physicists working in surface analysis still try to analyze the measured spectra of nanomaterials using its bulk form parameters. Obviously, the information obtained thereby is built upon a false premise, making it unreliable for providing even qualitative information, let alone quantitative information. Even for the most straightforward application of mapping the surface elemental composition of a nanomaterial, the exact depth from which these elemental compositions were obtained is generally unknown. The situation is even worse when studying substrate-supported nanomaterials using any electron-beam techniques that employ low-energy electrons (generally below 50 eV) as information carriers because of the ineluctable disturbance of secondary electron (SE) signals from both the covering nanomaterial and underlying substrate. For instance, we have no idea whether the scanning electron microscope image of a substrate-supported nanomaterial sample displays the nanomaterial itself or the morphology of the substrate beneath the nanomaterial. Undisputedly, this lack of quantitative information concerning the electron transport properties of nanomaterials has significantly blocked the way for further development of nanomaterial study using electron beam techniques. This is especially true for techniques involving low-energy electrons such as next-generation energy-filtered SE microscopy with improved energy resolution [7]. 
[bookmark: OLE_LINK68][bookmark: OLE_LINK75][bookmark: OLE_LINK57][bookmark: OLE_LINK61][bookmark: OLE_LINK64][bookmark: OLE_LINK65]Electron transport properties are generally quantified by the inelastic mean free path (IMFP) of electrons [8], which characterizes the average distance that an electron travels through a solid before losing energy. Much effort has been devoted to measuring the IMFPs of electrons in various materials, generally at kiloelectronvolt-scale energies, using elastic peak electron spectroscopy (EPES) combined with a corresponding Monte Carlo (MC) simulation [9–11]. Recently, X-ray absorption fine structure techniques have been used to determine the IMFPs of bulk materials at electron energies (E) below 120 eV by comparison with a theoretical prediction [12]. However, these two techniques developed for bulk materials cannot be extended to nanofilm samples. The low-energy electron reflectivity from a nanofilm has been used to extract the IMFP of Fe in the energy range from 4 to 18 eV from an Fe film on W(110) [13]. However, such a measurement is difficult to apply to a graphene sample and/or to a wider energy range, because considerable prior knowledge of both the nanofilm and substrate is required.
In addition to the IMFP, an experimentally defined quantification of the electron transport properties that includes the contribution of elastic scattering to their trajectories is given by the effective attenuation length (EAL) [14]. EAL is generally determined using the so-called overlayer method [15] from changes in the AES or XPS core-level signal intensities for overlayer films of various thicknesses deposited on a substrate. A large number of EAL measurements [14,16,17] have been obtained for thin films of various materials with thicknesses ranging from a few nanometres to tens of nanometres at the core-level energies of substrates. However, even using a synchrotron radiation source, this technique does not work at energies below 15 eV, where the core-level signals from the substrate are overwhelmed by the strong secondary electron (SE) background in AES and XPS measurements.
[bookmark: OLE_LINK83][bookmark: OLE_LINK84][bookmark: OLE_LINK74][bookmark: OLE_LINK77]However, in most electron spectroscopic data analyses the SE background signals are neglected as noise and are not quantitatively analyzed. The main reason for this is that the widely used physics-driven spectral analysis approaches on which the analysis is based, describe the measured data in terms of physically meaningful parameters, i.e. physically defined (PD) descriptors designated from an informatics point of view. Therefore, the currently available physics-driven spectral analysis approaches are only able to analyze the peak signal and generally do not make use of the SE background signal owing to the difficulty in modelling accurate physical mechanisms of SE excitation and emission, despite it being known that the SE background signals must involve quantitative information about the electron transport properties. To extract meaningful information from the SE background signal, a new method is required that is fundamentally different to the conventional physics-driven spectral analysis approaches in which only peak signals can be analyzed.
In this work, we propose a new heuristic data-driven spectral analysis technique to overcome current limitations. Instead of interpreting individual measurements in terms of only PD descriptors, analytically defined (AD) descriptors obtained through the data analysis of many slightly different conditions, are used to describe the background data. These AD descriptors are ranked according to specified scores so that those with high scores may be effective for describing the measurements under slightly different experimental conditions.
[bookmark: OLE_LINK82][bookmark: OLE_LINK37][bookmark: OLE_LINK50][bookmark: OLE_LINK55][bookmark: OLE_LINK56][bookmark: OLE_LINK63][bookmark: OLE_LINK67]In the following section, we demonstrate this new technique using an example that aims to measure the electron transport properties of substrate-supported graphene using the SE background in AES spectra, with no influence from the substrate. The implementation of this method comprises three steps: First, the SE spectra of graphene samples with different thicknesses or on different substrates are measured to accumulate information about graphene (Section 2.1). Then, specific combinations of these measurements, termed analytically defined (AD) descriptors, which have a high graphene information content are sorted from the extensive list of candidates (Section 2.2). Finally, the selected principle AD descriptors are further analyzed using a corresponding physical model to quantitatively reveal the electron transport properties of graphene, as described in Section 2.3. In addition, the correctness of the physical quantities of graphene obtained in this work is verified in Section 3. The reliability of the proposed technique in the energy range 50–600 eV is first verified by comparing the extracted EAL and IMFP values of graphene with well-established ones obtained theoretically or experimentally and this is described in Section 3.1. The low energy performance of the proposed technique is then discussed in Section 3.2 and Section 3.3, focusing on the low energy electron transmissivity of graphene, and the resulting EAL and IMFP values of graphene, respectively. All of the evidence presented in this work suggests that the proposed method is able to extract reliable electron transport properties for graphene from SE background signal even when the graphene is supported by a substrate. 
2. Experimental Methods
2.1. Measurements under slightly different conditions
[bookmark: OLE_LINK78][bookmark: OLE_LINK79][bookmark: OLE_LINK36]Because our goal was to extract quantitative information of graphene from SE spectra, the first step was to gather enough SE spectra containing graphene information in different ways. Figure 1a shows a commercial AES setup with a cylindrical mirror analyser (CMA). Focused electrons were incident on the substrate-supported graphene sample and emitted electrons were detected by the CMA to capture SE spectra. A polycrystalline gold (Au) substrate (see Appendix A) was selected to support the target graphene because different types of SE spectra can be measured at different regions of a polycrystalline substrate to accumulate graphene information as a result of its distinct crystallographic orientations. According to the scanning electron microscopy image in the inset of Fig. 1b, four types of SE spectra with sufficient stability and repeatability were measured by selecting incident positions on bright (SB) and dark (SD) regions of the bare substrate and similar regions covered by graphene sheets, as illustrated in Fig. 1b. In these SE spectra, broad SE peaks with some weak features as shoulders were observed, which may originate from the coupling of several physical mechanisms including the diffraction effect and characteristic SE emission, and therefore are generally regarded as part of the uninterpreted SE background. 
[bookmark: OLE_LINK107][bookmark: OLE_LINK71][bookmark: OLE_LINK106][bookmark: OLE_LINK136]Although these four SE spectra measured from different specified regions of the same sample were of suitable quality for use as basic elements to construct candidate AD descriptors, more interrelated SE spectra were needed to implement the proposed data-driven spectral analysis method. Here, two more representative experiment variables were applied to accumulate more graphene information from different aspects; these variables were the energy of the incident electron beam (Ein), which was assessed at three levels, i.e., 10 keV (E10), 15 keV (E15), and 20 keV (E20), and the layer number of graphene (Gn), for which two levels were considered; i.e., monolayer graphene (G1) and bilayer graphene (G2). Taking into account the two possible incident positions (SB and SD), up to 18 different types of SE spectra could be measured from one sample in the energy range of 0–50 eV, as presented in Appendix A. To compare our results with well-established theoretical and experimental approaches that are only available at electron energies (E) above 50 eV, one more group of SE spectra was measured at E of up to 600 eV (see Appendix A). From the viewpoint of mathematics, SE spectra can be interpreted as functions that depend on the selected experimental variables; thereby, the spectra measured for the bare substrate and graphene could be written as JSub(E, Si, Ein) and JGra(E, Gn, Si, Ein), respectively, where Si represents specific regions on the substrate [image: ]. E is omitted below for brevity.
2.2. Determining principle AD descriptors
[bookmark: OLE_LINK119]Based on these SE spectra, candidate AD descriptors for certain combinational math operations of these spectra were randomly constructed with algebra and further defined as a descriptor space. To create an affordable descriptor space, here, the candidate AD descriptors were constructed merely by exhaustively listing all the possible ratios of linear combinations of four SE spectra measured from different specified regions of the same sample, as follows:
	[image: ] 	
where D(a, Gn, Ein) is a candidate AD descriptor as a function of weight factor vector a, Gn, and Ein. The eight components of vector a (a1, a2, a3, a4, a5, a6, a7, and a8) were used as weight factors to construct candidate descriptors and each component ai was restricted to the value of −1, 0, or 1 for simplicity. 
[bookmark: OLE_LINK34][bookmark: OLE_LINK118][bookmark: OLE_LINK98][bookmark: OLE_LINK89][bookmark: OLE_LINK90][bookmark: OLE_LINK87][bookmark: OLE_LINK88]The next step involved identifying the AD descriptors with a large percentage of graphene information from the candidates. Clearly, such AD descriptors should be insensitive to the experiment variable that has almost no effect on the proportion of graphene information in the measured spectra, represented by Ein, and simultaneously sensitive to any slight changes in the experiment variable that strongly affect the proportion of graphene information in the measured spectra, represented by Gn. Therefore, the essence of the selection of requested AD descriptors according to their sensitivities to experiment variables is a typical multi-objective optimization problem, and could be solved by introducing the economic concept of Pareto optimality [18]. The Pareto optimality describes resource allocation in which reallocation to benefit any one individual or preference criterion is not possible without making at least one individual or preference criterion worse off. Here, the sensitivities of AD descriptors to experimental variables are set as criteria in the presented Pareto optimization process to determine the Pareto optimal descriptors that reach an optimal insensitivity to Ein and optimal sensitivity to Gn at the same time. To demonstrate such Pareto optimization processes in a more intuitive way, the sensitivities of every candidate descriptor to Ein (Score1) and Gn (Score2) were calculated using simple statistical arguments (refer to the Methods section for details) and drawn in a descriptor performance map (Fig. 2a) as the x- and y-axis, respectively. In this map, a set of Pareto optimal descriptors (Dn) that could not be improved in either Score1 or Score2 without degrading the other one was found at the upper-left boundary of all candidate descriptors and numbered in this descriptor performance map in order of increasing Score1. The weight factors a of these Pareto optimal descriptors are listed in Table 1.


[bookmark: OLE_LINK1][bookmark: OLE_LINK2][bookmark: OLE_LINK51][bookmark: OLE_LINK53][bookmark: OLE_LINK6][bookmark: OLE_LINK7][bookmark: OLE_LINK8][bookmark: OLE_LINK9]For comparison, three traditional AD descriptors, i.e. JGra(Gn, Si)/JSub(Si), , and , are also presented in this map. The first corresponds to the most widely used spectral ratioing technique. It is located in the central area of deleted candidates, which implies that is not an appropriate solution to provide quantitative information on a substrate-supported graphene sample from the collected SE signals. Meanwhile the latter two are located at the upper left boundary of all candidate descriptors, and are D28 and D33 of the selected Pareto optimal descriptors, respectively. They are the best solutions that were produced completely digitally to extract information on the substrate-supported graphene. Furthermore, D28 and D33 were used as contrast parameters in Refs. [19,20], respectively, to quantitatively analyse the incident beam energy-dependence of the SEM contrast of graphene for various layers. 
[bookmark: OLE_LINK39]Although every Pareto optimal descriptor has a large percentage of graphene information and can be directly used to characterize graphene as D28 and D33 descriptors, some of them contain more graphene information than others and can be further identified by their coefficient of variation (cv). As shown in Fig. 2b, the cv of these descriptors was calculated to evaluate whether the bias of the Pareto optimal descriptors caused by different Gn was sufficiently large to be observed under the disturbance of different Ein (see the Appendix B for details). A total of 12 Pareto optimal descriptors with cv smaller than 15% were found in Fig. 2b, but only nine of them were a suitable distance away from the main area of deleted candidates indicated by a blue dashed oval in Fig. 2a. Considering that the distance between two descriptors in Fig. 2a roughly reflects the difference between them, only nine descriptors; (i.e., D18, D19, D20, D21, D22, D23, D38, D39, and D40, see Appendix B for more details) are of the most interest. This is because these descriptors have a larger probability of providing unique graphene information than those located near the main area of deleted candidates. These descriptors are hereafter named the principle AD descriptors.
2.3. Physical picture of principle AD descriptors
The weight factors a of the principle AD descriptors are listed in Table 2. Careful inspection revealed that a associated with two different substrates (i.e., [a1, a2], [a3, a4], [a5, a6], and [a7, a8]) always appeared in the same combination with opposite signs. Therefore, Eqn. 1 can be rewritten as 

 	
[bookmark: OLE_LINK4][bookmark: OLE_LINK5][bookmark: OLE_LINK150][bookmark: OLE_LINK139]where four components of vector b = [b1, b2, b3, b4] are used to replace the eight-component vector a, as shown in Table 2. This simplification of Eqn. 1 implies that Si-independent terms exist in the measured SE spectra that can be offset through the subtraction of one measurement from another for the principle descriptors. According to this reasoning, the SE spectra measured for graphene, JGra(Gn, Si, Ein), are considered to be the sum of the offset term fOff(Gn, Ein)TFCMA(E), which is independent of the variable Si and the remaining term fRem(Gn, Si, Ein)TFCMA(E). TFCMA(E) represents the CMA transmission function, and is written as TFCMA below for brevity. Because the SE spectra of the substrate JSub(Si, Ein) are the limiting cases of graphene spectra JGra(Gn, Si, Ein), where any Si-independent terms are zero, it follows that JSub(Si, Ein) = JGra(Gn = 0, Si, Ein) = fRem(Gn = 0, Si, Ein)TFCMA. By separating the terms associated with the variable Gn, then fRem(Gn, Si, Ein)TFCMA could be rewritten as fTar(Gn, Si, Ein)fRem(Gn = 0, Si, Ein)TFCMA and then re-written as fTar(Gn, Si, Ein)JSub(Si, Ein), where fTar(Gn, Si, Ein) is equal to 1 when Gn is zero. Therefore, a measurement of graphene could be written as the following formula. 

	 	
Substituting Eqn. 3 into Eqn. 2 gives:

	 	
In Eqn. 4, only fTar(Gn, Si, Ein) depends on Gn, which is the reason for naming it the “target” term. Because the principle descriptors should only be sensitive to Gn, the JSub(Si, Ein) term, which only depends on Ein and is independent of Gn, must be cancelled in the numerator and denominator of Eqn. 4. To this end, fTar(Gn, Si, Ein) is assumed to be independent of Si as fTar(Gn, Ein), so Eqn. 4 can be rewritten as 

	 	
The assumption that fTar(Gn, Si, Ein) is independent of Si was verified by examining the consistency of fTar(Gn, Ein) when substituting different principle descriptors into Eqn. 5. Thus, these principle descriptors only depend on fTar(Gn, Ein). Considering that the selected principle descriptors are insensitive to Ein, fTar(Gn, Ein) should also be insensitive to Ein and can therefore be further approximated as fTar(Gn). To confirm this, fTar(G1) and fTar(G2) at different Ein were calculated and found to be around 5% over the whole energy range as shown in Fig. 3, which is much smaller than the typical deviations between these SE spectra with different Ein of more than 30%.
Using fTar(Gn) instead of fTar(Gn, Si, Ein), the expression of a measurement of graphene could be further updated to

	 	
[bookmark: OLE_LINK76][bookmark: OLE_LINK85][bookmark: OLE_LINK86]Based on Eqn. 6, the physical meaning of fTar(Gn) can be revealed with the help of a phenomenological picture of SE spectral measurement (the inset of Fig. 3). Physically, an SE spectrum of substrate-supported graphene includes contributions from two sources. The first source is the reflection from graphene, which typically contains SEs originating from the interaction of the high-energy monochromatic incident electrons with graphene when the electron beam is first incident on graphene. These SEs are reflected from graphene before interacting with the underlying Au substrate and are thereby functions of Gn and Ein, which match up with fOff(Gn, Ein)TFCMA in Eqn. 6. When the electron beam is incident on graphene, a transmission process also occurs. These transmitted electrons then interact with the underlying substrate and lead to a reflected spectrum. Furthermore, these substrate-reflected electrons subsequently pass through the graphene on the top of the substrate, forming the second source contributing to the obtained spectrum. Because of the complete transmission of high-energy electrons through the graphene film, the spectrum of the substrate-reflected electrons can be reasonably approximated as that without graphene (i.e., JSub(Si, Ein)). In this case, the transmitted spectrum originating from these substrate-reflected electrons should be JSub(Si, Ein) multiplied by the elastic electron transmission of graphene, which should depend on the single variable Gn, which has a value from 0 to 1, and perfectly match fTar(Gn). Therefore, fTar(Gn) is the elastic electron transmission of graphene and quantifies the possibility of energy loss by inelastic scattering when energetic electrons passed through the graphene layer.
It is worth mentioning that D23, which has a b weight factor of [−1, 0, 0, −1], happens to have the same expression as fTar(Gn). Here, D23 was produced completely digitally, but turned out to be a meaningful physical parameter, which in the past has only been obtained by carefully considering the physical picture throughout the whole process of data measurement [21]. In addition, fTar(Gn), as quantitative graphene data, is obtained from the SE spectra, even though the TFCMA of the instrumentation is unknown. That is, even though many instrumental parameters, such as pass energy, bias voltage, and magnetic shielding, could greatly affect SE spectral intensities, they will not affect the intensities of these selected principle descriptors. This is because the instrumental effects are counteracted via subtraction and ratioing between SE spectra measured with the same instrumental parameters.
3. Results
[bookmark: OLE_LINK128][bookmark: OLE_LINK129]3.1. Extracting EAL and IMFP of graphene
The EAL of graphene (λEAL) was determined from fTar(Gn) using the standard relationship of a straight-line approximation [22] by

	 	


where d0 is the thickness of a graphene layer (3.35 Å) and θ is the emission angle. Considering that the expression of D39(Gn) is  which could be further approximated to  Eqn. 7 could be updated to 

	 	
In Eqn. 8, λEAL is the ratio of the electron flight length in graphene (Gnd0/cosθ) to D39(Gn); thereby, in a sense, D39(Gn) produced completely digitally is an undefined important physical parameter related to λEAL. Furthermore, Eqn. 8 also provides a theoretical basis that supports that λEAL is one of the best descriptors to summarize the essential information of a target sample from electron beam-based measurements, even if its definition was created seemingly inadvertently according to several modifications of the definition of attenuation length based on human experience [23].
[bookmark: OLE_LINK24][bookmark: OLE_LINK12][bookmark: OLE_LINK13]The resulting λEAL for both mono- and bilayer graphene are plotted in Fig. 4. At E above 150 eV, the λEAL values determined for mono- and bilayer graphene are broadly consistent with each other except around the C KVV Auger electron energy range, where the disagreement originates from the different levels of overestimation of λEAL caused by the accompanying C KVV Auger electrons in mono- and bilayer graphene. However, at E below 150 eV, marked differences between λEAL of mono- and bilayer graphene are observed. The λEAL values of monolayer graphene are about 20% lower than those of bilayer graphene in the energy range of 10–150 eV. This deviation is probably the result of two factors. One is the difference between the electronic states in monolayer graphene and bilayer graphene. The other is that the accompanying SE contributions excited when the substrate-reflected electrons pass through the graphene layer, which can no longer be neglected in the case of bilayer graphene. This point can be proved by the comparison of the presented λEAL values with other independently measured or calculated λEAL values. The λEAL values predicted by a newly developed hybrid method (see Appendix C) at 50 eV and 100 eV for both mono- and bilayer graphene show excellent agreement with the presented λEAL values for monolayer graphene. Furthermore, the λEAL values measured with the overlayer method using the AES technique for a graphene/nickel sample at 57 eV (Ni MVV spectra) [24], for a graphene/silica (SiO2) sample at 78 eV (Si LVV spectra) [24], and for a graphene/buffer layer/SiC sample at 48 eV, 228 eV, 298 eV and 498 eV (Si 2p spectra) [25], measured using synchrotron photoelectron spectroscopy, also agree well with the presented λEAL values, particularly for monolayer graphene at E below 100 eV. We present the details in Appendix D. Considering the excellent agreement between the presented λEAL values for both mono- and bilayer graphene with those measured by AES at 503 eV (O KLL spectra) for a graphene/SiO2 sample, the present λEAL data for monolayer graphene should be recognized as reliable, at least in the energy range of 50–600 eV. 
[bookmark: OLE_LINK17][bookmark: _GoBack][bookmark: OLE_LINK41]Some principle descriptors can even be further exploited using conventional spectral analysis approaches. Here, the reverse Monte Carlo (RMC) technique [26] was used to extract the IMFP of monolayer graphene (λIMFP) from D23(Gn). The details can be found in Appendix E. The resulting λIMFP values averaged for the three different incident energies are plotted in Fig. 5. For comparison, we also included the λIMFP values for bulk graphite obtained experimentally by EPES [11] and for both bulk graphite and graphene calculated theoretically by the extended Mermin (EM) method [27]. As illustrated in Fig. 5, the presented λIMFP values of monolayer graphene agreed well with the data calculated by the EM method except for at the C KVV Auger electron energy. It is obvious that the λIMFP values of monolayer graphene are much higher than those of bulk graphite. We also included the λIMFP values of a fictitious graphite surface in Fig. 5 in addition to those of bulk graphite, which is roughly estimated from the dielectric response of an individual graphite surface by means of the surface energy loss function Im{−1/ε+1} [28], where ε is the bulk dielectric function of graphite [29]. It is not surprising that the presented λIMFP values of monolayer graphene are somewhere between those of bulk graphite and the fictitious graphite surface. This implies that an inherent property of any nanomaterial is that their character is strongly affected by the associated surface.
[bookmark: OLE_LINK43]3.2. Low-energy electron transmissivity
[bookmark: OLE_LINK101][bookmark: OLE_LINK11]The presented data-driven analysis was performed again for the energy range 0–50 eV, using the corresponding SE spectra included in Appendix A to provide fine structure information. The resulting D23(G1), i.e., elastic electron transmission of monolayer graphene, are plotted in Fig. 6a. They approximate transmission because the electrons are not significantly inelastically scattered in the graphene layer at this low energy range. 
[bookmark: OLE_LINK52][bookmark: OLE_LINK60][bookmark: OLE_LINK73][bookmark: OLE_LINK69][bookmark: OLE_LINK72]In the transmission data, there were significant fluctuations in electron energy that were mainly attributed to the diffraction of the crystal potential at certain energies. These fluctuations become weaker with increasing electron energy because the electrons are elastically scattered to a lesser extent by the potential change at higher energies. Over the whole energy range, three significant high-transmission peaks at E = 0–10 eV, E = 14–22 eV, and E = 28–34 eV (highlighted by red arrows) can be identified. In graphene, these peaks are often low-reflectivity valleys in low-energy electron microscopy (LEEM) [30,31]. For comparison, the transmission of monolayer graphene that was roughly estimated by LEEM of graphene on a SiC substrate [30] are plotted in Fig. 6b. The two data sets are similar with respect to the electron energy, especially over 10–50 eV, where consistently high-transmission peaks can be observed. To further investigate these peaks, an electronic band structure of graphene in the Γ−A direction was calculated via the “graphene pseudo-crystal” [32] first-principles method. The details of first-principles calculations are presented in Appendix G. The graphene interlayer distance was set to 6 Å, rather than the 3.35-Å interlayer distance in graphite, and plotted in Fig. 6c. The peaks observed in both the presented transmission data and from LEEM perfectly correspond to dispersive bands at the same energies over the whole range, except for the 0–5 eV range. At the low energies, deviations between transmission data and the bulk graphite band structure derive from graphene-substrate interactions. Nevertheless, the results reveal that electrons at appropriate energies can couple to the allowed states and have larger transmission probabilities through graphene. 
[bookmark: OLE_LINK104][bookmark: OLE_LINK111]To investigate the contribution of graphene-Au interactions in the presented transmission data, the intensities were compared with those from a suspended graphene sample. For 0–5 eV, the intensities of the presented transmission data are 80–90%, with relatively large error bars because of small SE intensities. Above 5 eV, the transmission intensities decreased sharply up to 10 eV, and then stabilized at 50–60% in the 10–50 eV range. It should be noted that the high transparency of monolayer graphene over the range 0–5 eV is in contrast to previous results that were lower than 2% at E below 5 eV [33]. However, Srisonphan et al. [34] reported 99.9% transparency below 3 eV for monolayer graphene suspended on a trenched metal-oxide-semiconductor diode. Kojima et al. [35] also suggested high transmissivity of quasi-ballistic electrons from a nanocrystalline porous Si cold cathode and a monolayer graphene surface electrode. Scatter in the data at 2.3 eV is due to the plasmon gain phenomenon in the Au substrate [36]. The electron transmissivity of graphene exhibits a maximum at 5 eV, which is consistent with that of Mikmekova et al. [37] for a suspended monolayer sample using LEEM in a scanning transmission electron microscope. The 50–60% intensities over the range 10–50 eV agree well with previous results [38] from a suspended graphene sample. In that case, the graphene transparency was 60% over 10–40 eV using vacuum-three-electrode configurations. 
[bookmark: OLE_LINK115][bookmark: OLE_LINK116][bookmark: OLE_LINK121][bookmark: OLE_LINK122]According to the above discussion, graphene-Au interactions were significant at E below 10 eV, but negligible over the 10–50 eV range. Therefore, quantitative information on suspended graphene can be approximated with an Au-supported graphene sample with acceptable accuracy at E above 10 eV, even though the electronic properties of graphene are affected by the underlying Au substrate. For example, the π-orbitals of the sp2-hybridized graphene atoms are coupled to the d-orbitals of the Au atoms [39], and the graphene surface is reconstructed on an Au(111) substrate [40]. 
3.3. Low-energy EAL and IMFP determination
[bookmark: OLE_LINK35]The λEAL values of monolayer graphene obtained from the D23(G1) in the energy range of 0–50 eV are plotted in Fig. 7 together with those of single-crystal graphite obtained by very-low-energy electron diffraction [41]. In the energy range of 0–6 eV, λEAL of monolayer graphene shows an obvious peak structure at 4-5 eV similar to that of single-crystal graphite. Such peak structure in the λEAL values of graphene perfectly explains the features of the SE main peak observed in the spectra measured for substrate-supported graphene, because the substrate-reflected SEs are modulated by this peak structure when they pass through the covering graphene layer. In the energy range around 2.3 eV, λEAL values of monolayer graphene are scattered because of the influence from surface plasmons of the underlying Au substrate. In this region, one independent λEAL value of graphene at ~2.3 eV can be measured by the overlayer method according to the attenuation of surface plasmons of Au (approximately equalling the attenuation of electrons) by graphene sheets [36]. This independent λEAL data point is also plotted in Fig. 7 and is broadly consistent with the λEAL values determined by the data-driven spectral analysis method, which improves the credibility of the presented λEAL data. 
As for E above 6 eV, although similar fluctuations of E in the λEAL data were observed for both monolayer graphene and single-crystal graphite, the intensity of the fluctuations in λEAL of monolayer graphene was much weaker than that of single-crystal graphite, which is because of the vastly suppressed diffraction effect in monolayer graphene compared with that in single-crystal graphite. 
[bookmark: OLE_LINK18][bookmark: OLE_LINK23]For comparison, the λEAL energy-filtered SEM data for a graphene/nickel sample [42] is also plotted in Fig. 7. These data have larger values than the presented λEAL data in the overlapping energy range, especially for E lower than 18 eV. There are two reasons for the deviations. One reason is that the interactions between graphene and an Au substrate are relatively weak compared with those between graphene and Ni. The other reason is the oversimplified overlayer method used in Ref. [42] to determine the λEAL data, where the elastic electron transmission of graphene is roughly approximated by the ratio of SE signals measured on graphene to that measured on substrate, i.e. JGra(Gn, Si)/JSub(Si). According to Eq. 6, JGra(Gn, Si)/JSub(Si) can be rewritten as the sum of fTar(Gn) and fOff(Gn, Ein)TFCMA/JSub(Si). Although fTar(Gn) is the elastic electron transmission of graphene, fOff(Gn, Ein)TFCMA/JSub(Si) originating from those SEs excited and emitted from graphene when electron beam is first incident is the error source in calculating the λEAL data. This could result in an overestimation of the λEAL data, especially at very low E (18 eV), where the intensity of SEs excited and emitted from graphene sharply increase. 
The λIMFP values of monolayer graphene were also determined from these more detailed SE spectra with the help of RMC calculations at E above 6 eV. The presented λIMFP values of graphene were higher than the λEAL values of graphene because of the removal of the elastic scattering effect from λIMFP. However, it is unusual that the λEAL data showed weak dependence on E whereas the λIMFP data showed strong fluctuations of E at certain energies. In the case of a bulk material, inelastic scattering generally results in a simple dependence of λIMFP on energy as a well-known universal curve [43] and the elastic scattering results in diffraction minima in the λEAL curve. The fluctuations of E in the λIMFP data probably originated from the coupling between the crystal potential of monolayer graphene and that of the surface layer of the underlying Au substrate, which remained in the presented λIMFP data because of the oversimplified RMC program. This conjecture is supported by the observed λEAL data, because similar fluctuations of E were observed in the λEAL values determined for both monolayer graphene and single-crystal graphite. The λEAL and λIMFP of monolayer graphene determined from the presented transmission data correspond to Au-supported graphene over the whole energy range. However, as discussed above, they can be used to approximate those of suspended graphene at E above 10 eV.
[bookmark: OLE_LINK110]Last but not least, it is not surprising that the λEAL values of monolayer graphene were much higher than those of single-crystal graphite at E below 50 eV, which is in accordance with the observations of λIMFP in the energy range of 50–600 eV, as shown in Fig. 5. These results indicate that the possibility of an electron colliding with monolayer graphene is very low compared with that of an electron colliding with graphite, resulting in monolayer graphene possessing an ultralow SE yield, which is consistent with a recent experimental observation [44] and recent theoretical calculations [45].
4. Discussion
Using AD descriptors to separate useful information from collected SE signals has a long history, however, a paradigm for designing useful AD descriptors has not yet emerged. The widely used spectral subtraction and spectral ratioing techniques are the simplest approaches that employ AD descriptors, which entail the subtraction or ratioing, respectively, of two interrelated measurements to highlight interesting spectral features. When these two simple techniques are insufficient to extract useful information from SE signals, more complex AD descriptors are developed via subtraction and ratioing between two interrelated measurements to enlarge small differences between the two measurements, such as D28 in Ref. [19] and D33 in Ref. [20]. When these AD descriptors fail, the complexity can be increased with more than two interrelated measurements. For example, the four-point probe technique in materials science precisely determines electrical resistance by excluding contributions from parasitic contact resistances [46], the chop-nod method in radio astronomy detects faint astronomical sources against the bright, variable sky background using ground-based telescopes [47], and the virtual substrate method in surface analysis characterizes nanomaterials without effects from the underlying substrate [21]. These are examples of three well-designed AD descriptors constructed from more than two interrelated measurements. This paper attempts to provide a paradigm for the construction of well-designed AD descriptors according to the given requirements. The presented data-driven spectral analysis method is an extension of conventional spectral analyses with the goal of comprehensive exploration of AD descriptors. By using this extension, we improve our chance of finding well-designed AD descriptors that meet realistic requirements according to the experience garnered from many measurements under different experimental conditions, which is particularly important for reaching a quantitative understanding of backgrounds.
5. Conclusion
In summary, we developed a data-driven spectral analysis method to measure the electron transport properties of monolayer graphene, which is particularly incisive in the low-energy regime. Instead of focusing on the spectral features observed in an individual spectrum, we used AD descriptors to extract quantitative information about graphene hidden in the interrelationship of absolute intensities of the SE spectra measured under slightly different conditions. This new method measured both λEAL and λIMFP of monolayer graphene over the whole energy range in parallel using one set of SE spectra. In addition, this technique extended the analysable energy scale to the levels of only several electron volts, which allowed the continuous extraction of electron–electron interactions in graphene down to a very low energy scale. This method also holds potential to extract much other useful information hidden in SE backgrounds beyond that of electron–electron interactions when different selection criteria for AD descriptors or different experimental variables are used. The developed method can be readily extended to other 2D materials such as 2D magnets and may provide useful information about electron exchange interactions and dimensional-dependent magnetism. Furthermore, the application of this method could even extend beyond materials science to many other fields where electron interactions play important roles, such as 2D material-based quantum information technology.


[bookmark: OLE_LINK134]Acknowledgements We thank Dr. C. J. Powell, Prof. Tarakura, and Prof. Tanaka for helpful comments and discussions. We thank Prof. M. S. Xu for providing the AES data for graphene on a Ni substrate and graphene on a SiO2 substrate. We thank Prof. Homma for providing the EAL data of monolayer graphene measured using energy-filtered SEM. We thank Dr. Y. Ueda and Prof. K. Watanabe for performing the TDDFT calculation. This work was supported by the “Materials Research by Information Integration” Initiative (MI2I) Project of the Support Program for Starting Up Innovation Hub from the Japan Science and Technology Agency (JST). K.T. was supported by a Grant-in-Aid (grant no. 18K18868) from Ministry of Education, Culture, Sports, Science and Technology (MEXT). J.H. was supported by the U.S. Department of Energy (DOE), Office of Science, Office of Basic Energy Sciences under Award DE-SC0019467. Z.J.D was supported by the National Natural Science Foundation of China (No. 11574289). All DFT calculations were performed on the Numerical Materials Simulator supercomputer at the National Institute for Materials Science (NIMS).


Appendix A: SE spectra of graphene/Au sample 
1. Substrate preparation
Au layers (200 nm) were evaporated at rates of 0.2 nm s−1 on Si(100) substrates with Ti buffer layers (5 nm) pre-evaporated at rates of 0.05 nm s−1 by electron-beam evaporation (RDEB-1206K, R-DEC Co. Ltd., Ibaraki, Japan) with a chamber pressure of ~1.0×10−5 Pa. After evaporation, the samples were annealed by rapid thermal annealing (QHC-P410, Ulvac-Riko Inc., Kanagawa, Japan) under an N2 atmosphere at 300 °C for 30 s. The relative orientation between bright and dark regions on the polycrystalline Au substrate measured by electron backscatter diffraction was about 4°. The SEM, and electron backscatter diffraction (EBSD) images of the polycrystalline Au substrate are presented in Fig. 8. 
2. Graphene fabrication
Graphene flakes were produced on the Au substrates by mechanical exfoliation. These graphene layers on the Au substrates can be considered as quasi-free-standing graphene layers that have ignorable lattice mismatch and similar electronic properties to those of free-standing graphene layers. The number of graphene layers was confirmed by Raman spectroscopy. The SEM images of graphene/Au samples are presented in Fig. 8.
3. SE spectra measurement. 
SE spectra were measured at room temperature with a scanning Auger electron spectrometer (SAM650, Ulvac-Phi, Kanagawa, Japan) with a CMA (Fig. 1a). The take-off angle of the instrument was 42.3±6°. The incident electron beam current for the raw spectra was ~0.87 nA, as calibrated with a Faraday cup before the measurements. To minimize the influence of changes in the stability of the instrument over time, short-term repeated measurements for multiple cycles at different measurement sites were used. Two groups of SE spectra were measured independently from the same sample at similar measurement sites in the energy ranges of 0–50 and 0–600 eV, as shown in Fig. 9 and 10, respectively. Each group contained 18 different types of SE spectra measured at bright and dark regions on the bare substrate and similar neighbouring regions covered by monolayer graphene or bilayer graphene sheets with E10, E15, and E20. Each SE spectrum was averaged from eight different sample regions on the bare substrate as well as on mono- or bilayer graphene samples.
Appendix B: AD descriptors
1. Sensitivities of AD descriptors
[bookmark: OLE_LINK31]Like the measured SE spectra, the AD descriptor D(a, Gn, Ein) is also a function of E but E has been omitted from the expression for simplicity. Furthermore, the expansion of D(a, Gn, Ein) in terms of E is [d1, d2, …, dM] (omitting the variables), where dj is the calculated value at a given E and M is the number of points in the energy axis of spectra.
Score1, which quantifies the sensitivity of the descriptor to Ein, was calculated for every candidate descriptor using the following formula:

	 	(B1)
where Score1[D(a)] is the sensitivity of a descriptor determined by a given weight factor a to Ein and dj(a, Gn, Ein) is the component of the AD descriptor D(a, Gn, Ein) at a given Ej. The coefficient of variation (cv = σ/µ) of the component of descriptor dj(a, Gn, Ein,) with respect to Ein was used to estimate the sensitivity and further averaged over M (M = 600) data points in the measured SE spectra and over the number of different graphene layer numbers N (N = 2).
Score2 was used to quantify the sensitivity of a descriptor to Gn as:

	 	(B2)

where Score2[D(a)] is the sensitivity of a descriptor determined by a given weight factor a to Gn. Here, a variant of the square root of the χ2 formula () was used to estimate the sensitivity where the observed frequencies Oi and expected frequencies Ei were replaced by the component value of descriptor dj(a, Gn, Ein) and the mean value of these dj(a, Gn, Ein) were averaged for different Gn. Furthermore, these calculated sensitivities were averaged from M (M = 600) data points in the measured spectra and L (L = 3) options of Ein. The Pareto optimal descriptors sorted out from the candidates according to their Score1 and Score2 are listed in Table 1.
2. Coefficient of variation of principle descriptors


The coefficient of variation () was used to evaluate whether or not the deviations of the Pareto optimal descriptors caused by different Gn was sufficiently large to be observed under disturbance of the deviations caused by different Ein, where µ1L, σ1L, µ2L, and σ2L are mean values (µ1L, µ2L) and standard deviations (σ1L, σ2L) of the summed descriptor () for mono- (µ1L, σ1L) and bilayer (µ2L, σ2L) graphene with respect to Ein. Nine principle descriptors sorted out from the Pareto optimal descriptors according to its coefficient of variation are presented in Fig. 11 and their weight factors a are listed in Table 2.
Appendix C: Hybrid method to predict λEAL
The λEAL values for free-standing mono- and bilayer graphene samples were roughly estimated at 50 and 100 eV by a hybrid method using a combination of the time-dependent density functional theory (TDDFT) method [48] and MC method [49]. In this calculation, transmitted electrons with both the inelastic and elastic components were modelled using a TDDFT simulation in real time and space by representing the incident electrons as finite-sized wave packets [50]. Subsequently, to determine λEAL, the elastic component was derived with the help of the MC method, from which the proportion of elastic electrons was estimated. The MC simulation of electron trajectories penetrating a sample was based on a description of individual electron scattering processes; i.e., elastic scattering and inelastic scattering. The elastic scattering cross-section of a carbon atom [51] used herein was that described by the muffin-tin potential approximation. Furthermore, the inelastic scattering cross-section was determined by the EM method [27] from the energy loss function of graphene calculated using the WIEN2k package [52].
Appendix D: Overlayer method. 
The λEAL values were measured by the overlayer method. The Ni MVV, Si LVV, and O KLL spectra collected from the bare substrate and covering graphene layer are presented in Fig. 12a, b, and c, respectively, from which the contributions from Auger electrons were extracted using the Tougaard background removal technique [53]. The standard relationship between λEAL and the attenuated Auger signal in Gn layers of graphene is given by

	 	(D1)
where d0 is the thickness of a single graphene layer (3.35 Å); In and I0 are the Auger signal intensities attenuated by Gn layers of graphene and that from a bare substrate (Gn = 0), respectively; and θ is the emission angle with respect to the sample normal. According to Eqn. D1, λEAL can be obtained at 57, 78, and 503 eV, which correspond to the Ni MVV, Si LVV, and O KLL transitions, respectively. Log plots of the Auger signal intensity attenuation of these spectra as a function of Gn are presented in Fig. 12d, e, and f together with their fitting lines. From these plots, it is easy to estimate λEAL at 57, 78, and 503 eV corresponding to the Ni MVV, Si LVV, and O KLL transitions, respectively. The averaged λEAL values estimated from the AES measurements collected for different Gn are 4.6, 6.0, and 22.0 Å for the transitions at 57, 78, and 503 eV, respectively.
Appendix E: RMC method to predict λIMFP
The λIMFP of monolayer graphene was extracted from D23(G1) by the RMC technique [26]. The RMC program used herein can be summarized as an iterative process to improve λIMFP in a conventional MC simulation of electron interaction with monolayer graphene. This improvement was accomplished by minimizing the differences between the simulated and measured elastic electron transmission of monolayer graphene. In this program, we used a fixed elastic scattering cross-section of a carbon atom described by the muffin-tin model potential [52] to approximate the elastic scattering effects in monolayer graphene along the out-of-plane direction. It should be noted that this RMC program is valid only for monolayer nanomaterials, where it is appropriate to neglect the diffraction effect in the out-of-plane direction [54]. A flow chart of this RMC program is provided in Fig. 13a, wherein the MCMC sampling process is omitted for clarity. The algorithm is as follows:
(1) The initial λIMFP values can be chosen as arbitrary positive numbers, but this would result in a much longer convergence time. We started with λIMFP calculated based on the extended Mermin (EM) method from the energy loss function determined by a WIEN2k program package.
(2) 
Based on these λIMFP values, an MC simulation was performed to obtain the elastic transmission spectrum, , where the index j denotes the jth experimental grid value of the electron energy E. The simulation procedure was the same as that previously used to calculate the elastic transmission of graphene (Fig. 13b).
(3) 
The sum of least-squares relative differences between the experimentally measured elastic transmission spectrum, Iexp(Ej), and MC-simulated spectrum, , was calculated

	 	(E1)
where the summation is taken over Ej. The parameter σ(Ej) is an artificially specified weighting factor spectrum whose effect is to accelerate the convergence process. The parameter σ(Ej) can be considered as “temperature” in the simulated annealing and can be set as a constant in this RMC program because of the sufficient accuracy achieved by an initial “temperature” set. This removes the need for a gradual “temperature” decrease such as that used in the conventional simulated annealing method. Each χ2 value defines the “potential energy” to be minimized in an MCMC simulation.
(4) 
The graphene λIMFP values were adjusted at random in a specified range, although the randomness was directed using the known negative correlation between λIMFP and simulated elastic transmission. Specifically, a larger λIMFP leads to a smaller transmission, whereas a smaller λIMFP leads to a larger transmission. New inelastic scattering cross sections were then obtained with the help of the energy loss probability determined by the EM method (Fig. 13c). Based on this new inelastic scattering cross section combined with the unaltered elastic scattering cross section, a new MC simulation was performed with the help of the EM-determined energy loss probability of graphene to derive an updated spectrum, . This step produced a new “potential energy”:

	 	(E2)
(5) 


The change of the potential energy in this MCMC step was calculated as . If , then the move was accepted only with the probability  according to Metropolis importance sampling, where the “temperature” factor in a Boltzmann distribution has already been included in σ(Ej) as its absolute values. Otherwise, the move was rejected, and we repeated step 4 by adjusting the λIMFP with other values. It should be noted that because the λIMFP values are independent of energy, the MCMC sampling procedure for optimizing the λIMFP values at different energies was performed in parallel.
(6) 
Step 4 and 5 were repeated for the next iteration. Successive iterations generated decreasing values of potential energy  until they reached a minimum value. These minimum values possessed only a slight fluctuation where the difference between the simulated elastic transmission spectrum and measured spectrum was negligible.

In this way, our RMC simulation procedure can automatically optimize the λIMFP of graphene to obtain the smallest difference between the simulated and measured elastic transmission data. It is particularly important that this RMC method uses the MCMC principle to accelerate the global optimization of the parameter set, which guarantees that the final results are independent of the initial λIMFP values. Fig. 13d shows the progression as the λIMFP values are updated, as well as the simulated elastic transmission spectra resulting from the RMC process. The change in the normalized least-squares values  with each MCMC step is also given in Fig. 13e. The calculation time necessary to obtain satisfactory convergence (100 successive MCMC steps) was about 1 h with one CPU (Intel Core i7-3520M running at 2.90 GHz). It is obvious that the final simulated elastic transmission spectrum (100 successive steps) fits the experimental spectrum very well. This is true even though the noise in the measured elastic transmission was completely transferred to the determined graphene λIMFP, which was then enhanced in the high-energy range. This enhancement is caused by the dominant role that λIMFP plays in determining the electron transport behaviour at high energies. It was found that the fine structures observed in the determined λIMFP corresponded precisely to the structures in the measured elastic transmission spectrum. This implies that the accuracy of the determined λIMFP is mainly regulated by the accuracy of the measured elastic transmission. It should be noted that the Mott cross sections based on the muffin-tin potential model for describing elastic scattering are well-trusted for electron energies (E) above 50 eV (with reference to the vacuum level), but may be questionable below this energy. Because the Fermi level of monolayer graphene is at 25.4 eV, the limit for trustworthiness will shift to energies below 25.4 eV, where the constant electronic potential (EF+φ) in monolayer graphene is 24.6 eV. To assess the reliability of the determined λIMFP values of graphene below this limit, tests were performed wherein elastic cross sections based on different atomic potential models were used in the RMC program for the same experimental elastic transmission data measured with an incident electron energy of 10 keV. The resulting λIMFP values and corresponding simulated elastic transmission spectra after 50 successive MCMC steps are shown in Fig. 13f and g for the E ranges of 0–600 and 0–50 eV, respectively. The final IMFP values and simulated elastic transmission converged above 25 eV even with different elastic scattering cross sections. This implies that at E greater than 25 eV, the electron transport behaviour inside monolayer graphene is mainly determined by inelastic scattering. The excellent agreement between various atomic potential models for E above 25 eV also provides clear evidence for the reliability of the determined λIMFP in this range. However, elastic scattering plays an increasingly important role in the elastic transmission spectrum when E is below 25 eV, which is evidenced by the observed deviations of the determined λIMFP values between different atomic potential models even though they still predicted the same elastic transmission spectrum. Therefore, the accuracy of the determined λIMFP can only be determined by the accuracy of the elastic scattering cross section, including the selection of atomic potential model. Although there is no direct evidence for its accuracy below 50 eV (25.4 eV refers to the Fermi level), the muffin-tin potential model is one of the best and most popular atomic potentials even at such low E. Therefore, the presented λIMFP values of monolayer graphene in the E range of 10–25 eV are considered to be relatively reliable. This corresponds with the reliability of the elastic scattering cross sections determined based on the muffin-tin model potential in the E range of 35–50 eV (10–25 eV relative to the Fermi level). When E was 6 eV, even the simulated elastic transmissions based on the muffin-tin model potential did not agree with the measured transmissions regardless of any reasonable adjustments of the tentative λIMFP. The reasonableness of the λIMFP value was judged by whether or not a reasonable SE spectrum was obtained by the MC method using this λIMFP value. This result implies that either the calculated elastic scattering cross section or measured elastic transmission at very low E is inaccurate. 
Appendix F: Empirical formulas for λIMFP
The Bethe equation [55] was used to analyse the energy dependence of the presented λIMFP of monolayer graphene at E above 50 eV except for the C KVV Auger electron energy range. The Bethe equation is written as

	 	(F1)
where Ep is the free-electron plasmon energy (in eV) (for carbon Ep = 22.3 eV), and β and γ are material-dependent parameters (β = 0.0098 eV−1·Å−1 and γ = 0.053 eV−1). The fitted curve is plotted in Fig. 5 as a visual guide.
Appendix G: Electronic structure of graphene

First-principles, total-energy calculations were performed within the framework of density-functional theory [56,57], as implemented in the Quantum Espresso code [58]. Projector augmented wave pseudopotentials were used to describe the electron-ion interaction [59]. The valence wave functions and augmented charge density were expanded using a plane-wave basis set with cutoff energies of 60 and 540 Ry, respectively. The electronic structure of a graphite crystal with experimental lattice parameters, and a “pseudo-graphene crystal” with an interlayer distance of 6 Å, were used to calculate the energy band. For a graphene-Au substrate, we used a slab model in which the Au thin film was simulated as a seven-layer Au(111) surface. The Au(111) thin film with  lateral periodicity was coated with a graphene monolayer with 2×2 lateral periodicity, in which the lateral lattice parameters of graphene were fixed to the optimized 2.928-Å lattice parameter of the Au(111) surface. A van der Waals-corrected density functional [60] for the exchange-correlation energy was used to accurately describe the weak binding between the Au(111) surface and the graphene. All atoms were fully optimized until the remaining force acting on each atom was less than 0.0001 Ry/Bohr. The Brillouin-zone integration was sampled by the Monkhorst-Pack (MP) scheme [61] with 42×42×1 k-point grids in the self-consistent field calculations for optimization structures and energy band structures. The corresponding results are presented in Fig. 14.
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Figures and Tables

[bookmark: OLE_LINK130]Fig. 1 Data collection from substrate-supported graphene samples with different incident measurement sites. a Experimental setup for Auger electron spectroscopy, in which graphene flakes were produced on an Au polycrystalline substrate by mechanical exfoliation. b Four secondary electron (SE) spectra, JSub(SB), JSub(SD), JGra(Gn, SB), and JGra(Gn, SD), were measured at the bright (SB) and dark (SD) regions on the bare substrate and bright and dark regions covered by graphene sheets, respectively. The corresponding four regions are marked on the inset scanning electron microscopy image. Each SE spectrum is averaged from eight independent measurements in the energy range from 0 to 50 eV obtained with 0.1-eV energy steps for monolayer graphene on an Au polycrystalline substrate with an incident electron energy of 10 keV, and further normalized by the maximum intensity in these spectra. The standard deviations for the eight groups of measurements are presented as error bars at intervals of 0.5 eV. The incident beam positions of the eight groups of measurements are also presented as green diagonal crosses, ochre upright crosses, red diagonal crosses, and azure upright crosses referring to bright and dark regions on the bare substrate and bright and dark regions on the graphene sheets, respectively. The work function of graphene and that of the bare Au substrate with respect to the cylindrical mirror analyser were used to determine the onset of the spectra.



Fig. 2 Identifying principle analytically defined (AD) descriptors from descriptor space. a Descriptor performance map, in which the sensitivity to the incident electron energy, Ein (Score1), and sensitivity to the layer number of graphene, Gn (Score2), for every candidate descriptor is drawn in this map as x- and y-axes, respectively. The Pareto optimal descriptors (Dn) are highlighted in green and numbered in this descriptor performance map in order of increasing Score1. D18, D19, D20, D21 D22, D23, D38, D39, and D40, which can be expressed by Eqn. 2, are highlighted in red with larger labels. The conventional AD descriptor adopted to analysis the SE signals of graphene, i.e. JGra(Gn, SB)/JSub(SB), [image: ] [19], and [image: ] [20], are labelled as cyan crosses, magenta diagonal crosses, and orange stars. b The coefficient of variation (cv) of Pareto optimal descriptors (Dn) averaged from 600 data points. D18, D19, D20, D21 D22, D23, D38, D39, and D40 are highlighted in red with larger labels.



Fig. 3 Target terms determined from the principle descriptors and their physical meaning. The target terms for monolayer graphene fTar(G1) and bilayer graphene fTar(G2) averaged from incident electron energies of 10, 15, and 20 keV were calculated from the principle descriptors according to Eqn. 5 and are plotted in the energy range of 0–600 eV together with error bars at intervals of 0.5 eV representing one standard deviation. The inset depicts the formation of SE spectra obtained from a substrate-supported graphene sample, in which the SE spectra represent the evolution of a primary electron beam inside a sample driven by the interaction of the sample with moving electrons.



Fig. 4 Effective attenuation lengths (EALs) of graphene. EALs averaged from incident electron energies of 10, 15, and 20 keV for mono- and bilayer graphene using descriptor D39(G1) and D39(G2), respectively, and plotted together with error bars at intervals of 0.5 eV representing one standard deviation. EALs for a graphene/Ni sample at 57 eV (Ni MVV spectra) and a graphene/SiO2 sample at 78 eV (Si LVV spectra) and 503 eV (O KLL spectra) were measured by the overlayer method using AES technique [24]. EALs for epitaxial graphene on SiC at 48 eV, 228 eV, 298 eV, and 498 eV, measured by the overlayer method with synchrotron photoelectron spectroscopy [25], are also presented. EALs of mono- and bilayer graphene were calculated at 50 and 100 eV by a hybrid method.


Fig. 5 Inelastic mean free paths (IMFPs) of graphene. IMFPs of monolayer graphene averaged from incident electron energies of 10, 15, and 20 keV determined from descriptor D23(G1) and plotted together with error bars at intervals of 0.5 eV representing one standard deviation. The IMFPs for monolayer graphene fitted by the Bethe equation [55] at 50–210 and 280–600 eV are plotted as a visual guide (see Appendix F). IMFPs for monolayer graphene, a fictitious graphite surface and bulk graphite above 50 eV were calculated using the extended Mermin (EM) method [27]. The IMFP of graphite measured by elastic peak electron spectroscopy [11] is also presented.



[bookmark: OLE_LINK19][bookmark: OLE_LINK20]Fig. 6 Electron transmission of monolayer graphene. a The elastic electron transmission of monolayer graphene [D23(G1)] averaged from 10 keV, 15 keV, and 20 keV primary electron energies, and plotted together with error bars at 0.2-eV intervals representing one standard deviation. b Transmission data (TLEEM) estimated from the reflectivity spectra (TLEEM = 1 - RLEEM) obtained from LEEM of a monolayer graphene/SiC sample [30]. c The electronic band structure of a graphene “pseudo-crystal” in the Γ−A direction determined using first-principles density-functional theory calculations, in which the interlayer distance between graphene sheets was 6 Å. The electronic band structure is plotted referring to the Fermi level, and shifted to lower energy by the work function of graphene (4.6 eV). 

Fig. 7 Low-energy electron transport parameter of monolayer graphene. Effective attenuation length (EAL) and inelastic mean free path (IMFP) for monolayer graphene averaged for incident electron energies of 10, 15, and 20 keV are plotted together with error bars at intervals of 0.2 eV representing one standard deviation. The energy range below 6 eV where the IMFP of monolayer graphene is absent because the elastic scattering cross-section used in the reverse Monte Carlo program cannot be determined is highlighted (pink rectangle) (see Appendix E). The EAL of graphene measured by the overlayer method for graphene/Au at 2.3 eV associated with Au surface plasmons (overlayer SP) is plotted. The IMFP of graphite measured by the very-low-energy electron diffraction technique [41] is presented. EALs of a graphene/Ni sample in the energy range of 12–39 eV, measured using energy-filtered scanning electron microscopy [42], is presented together with fitted curves as visual guides. 



Fig. 8 Electron backscatter diffraction (EBSD) of graphene supported by a polycrystalline Au film substrate. a, SEM image of the polycrystalline Au substrate. b, Misorientation-axis distributions in ND of the polycrystalline Au sample. EBSD maps for c, ND, d, rolling direction (RD), e, transverse direction (TD), and f, EBSD image quality map (EBSD-Q), for the same region of the sample. Reproduced from Ref. [21]. SEM image of g, monolayer graphene and h, bilayer graphene on a polycrystalline Au substrate. The incident beam positions of the eight groups of measurements are also presented as green diagonal crosses, ochre upright crosses, red diagonal crosses, and azure upright crosses referring to bright and dark regions on the bare substrate, and bright and dark regions on the graphene sheets, respectively.


Fig. 9 SE spectra measured in the energy range of 0–50 eV under slightly different conditions. Raw spectra measured in the energy range from 0 to 50 eV with an energy step of 0.1 eV at bright (SB) and dark regions (SD) of the Au polycrystalline substrate and similar regions covered by monolayer graphene (G1) or bilayer graphene (G2) with incident electron energies of 10 keV (E10), 15 keV (E15), and 20 keV (E20). Spectra are normalized by the maximum intensity of Jsub(SB, E10). Each SE spectrum was obtained from eight independent groups of measurements and the standard deviations of these measurements are presented as error bars at intervals of 0.5 eV.



Fig. 10 SE spectra measured in the energy range of 0–600 eV under slightly different conditions. Raw spectra measured in the energy range from 0 to 600 eV with an energy step of 1 eV at bright (SB) and dark regions (SD) on a polycrystalline Au substrate and similar regions covered by monolayer graphene (G1) or bilayer graphene (G2) with incident electron energies of 10 keV (E10), 15 keV (E15), and 20 keV (E20). Spectra are normalized by the maximum intensity of Jsub(SB, E10). Each SE spectrum was obtained from eight independent groups of measurements and the standard deviations of these measurements are presented as error bars at intervals of 5 eV.



Fig. 11 Nine identified principle descriptors constructed from slightly different measurements. Calculated principle descriptors a D18, b D19, c D20, d D21, e D22, f D23, g D38, h D39, and i D40 in the energy range of 0–600 eV for monolayer graphene (G1) and bilayer graphene (G2) with incident electron energies of 10 keV (E10), 15 keV (E15), and 20 keV (E20).



Fig. 12 Measurement of the effective attenuation length for graphene (λEAL) based on the overlayer method. Plots of a Ni MVV spectra taken on a bare Ni substrate and a monolayer of graphene on top of a Ni substrate, and b Si LVV and c O KLL spectra measured for a bare SiO2 substrate and one, two, three, and six layers of graphene on top of a SiO2 substrate. It should be noted that the Auger spectra for the Ni and SiO2 substrates and monolayer graphene on these substrates are averaged from nine separate measurements from different sample areas. The contributions from Auger electrons are highlighted by coloured bands. Log plots of the d Ni MVV, e Si LVV, and f O KLL spectral intensity attenuation as a function of the number of layers of graphene. The fitting line slope defines exp(−Gnd0/λEAL), where Gn is the number of graphene sheets and d0 is the thickness of monolayer graphene (3.35 Å).






Fig. 13. Reverse Monte Carlo (RMC) program to determine the inelastic mean free path (λIMFP) of graphene. a Flow chart of the RMC program used to extract the λIMFP of graphene from the measured elastic transmission. b Schematic diagram of the conventional MC simulation program, which acts as a single Markov chain Monte Carlo (MCMC) sampling in this RMC method. c Energy loss probability calculated based on the dielectric response theory used in this RMC method. d Updating process of the simulated elastic transmission (top) and corresponding λIMFP (bottom) for monolayer graphene in the RMC process. The resulting simulated elastic transmission is compared with experimental measurements for monolayer graphene with an incident electron energy of 10 keV. e The normalized least-squares  for the ith MCMC step in the RMC method, where , wherein the index j denotes the jth experimental grid values of electron energy E, σ(Ej) is the weighting factor for accelerating convergence,  is the simulated elastic transmission spectrum in the ith MCMC step, and Iexp is the experimentally measured elastic transmission. The simulated elastic transmission of monolayer graphene and the corresponding λIMFP after 50 successive MCMC steps are presented in the E ranges of f 0–600 eV and g 0–50 eV based on the different atomic potentials involved in the elastic cross section. These potentials are the muffin-tin potential (muf); muf + absorption potential (muf+mab); muf + correlation-polarization potential (muf+mcp); and muf+mcp+mab; together with the experimentally measured elastic transmission (Exp). 




Fig. 14. Electronic structure of a graphene/Au(111) system. a, Energy band structure of monolayer graphene on an Au(111) surface. The inset shows the optimized atomic structure of graphene/Au(111), in which the optimized distance between the Au(111) surface and the graphene is 3.4 Å, indicating a weak interaction. The yellow and black balls indicate Au and C atoms, respectively. b, The projected energy band of graphene in graphene/Au(111). c, Energy band of free-standing monolayer graphene. d, Density of states of free-standing graphene and graphene for a graphene/Au(111) surface. The Fermi energy level is set at 0.0 eV.


Table 1. Weight factors a of Pareto optimal descriptors. Expressions describing weight factor a are provided in Eq. 1 in the main text.
	Pareto optimal Descriptor
	Weight factor a
	Pareto optimal Descriptor
	Weight factor a

	D1
	[−1, −1, −1, 1, 0, −1, −1, 0]
	D24
	[0, −1, 0, 1, 0, −1, 1, 0]

	D2
	[−1, 0, 0, −1, −1, −1, −1, −1]
	D25
	[0, −1, 0, 1, −1, 0, 1, 1]

	D3
	[−1, 0, −1, 1, 0, −1, −1, −1]
	D26
	[0, −1, 0, 1, 0, −1, 1, 1]

	D4
	[−1, 1, −1, −1, 0, 0, −1, 0]
	D27
	[0, −1, 0, 1, −1, 1, 0, 1]

	D5
	[−1, 1, 0, −1, −1, 1, −1, −1]
	D28
	[0, −1, 0, 1, 0, 0, 0, −1]

	D6
	[−1, 1, 1, 1, −1, 1, 1, 0]
	D29
	[0, −1, 0, 1, 0, 0, −1, −1]

	D7
	[0, 0, 0, −1, −1, 1, 1, 1]
	D30
	[0, −1, 0, 1, −1, 1, 0, −1]

	D8
	[−1, 0, 0, −1, 0, −1, −1, 0]
	D31
	[0, −1, 0, 1, 0, −1, −1, −1]

	D9
	[−1, 0, 0, −1, −1, −1, −1, −1]
	D32
	[0, −1, 0, 1, −1, 0, −1, −1]

	D10
	[0, 0, −1, −1, −1, 1, 1, 0]
	D33
	[0, −1, 0, 1, 0, −1, 0, −1]

	D11
	[0, 0, 0, −1, −1, 1, 1, 0]
	D34
	[0, −1, 0, 1, −1, 0, 0, −1]

	D12
	[−1, 1, −1, −1, −1, 1, 1, 0]
	D35
	[0, −1, 0, 1, −1, −1, 0, −1]

	D13
	[−1, 1, 0, −1, −1, 1, 1, 0]
	D36
	[0, −1, 0, 1, −1, −1, 1, −1]

	D14
	[−1, 1, 0, 1, −1, 1, 0, −1]
	D37
	[0, −1, 0, 1, −1, 0, 1, −1]

	D15
	[−1, 1, 0, −1, −1, 1, 0, 1]
	D38
	[0, 0, −1, 1, −1, 1, 1, −1]

	D16
	[−1, 1, 1, 0, −1, 0, 0, −1]
	D39
	[−1, 1, −1, 1, −1, 1, 1, −1]

	D17
	[−1, 0, 0, −1, −1, 1, 1, 0]
	D40
	[−1, 1, 0, 0, −1, 1, 1, −1]

	D18
	[0, 0, −1, 1, −1, 1, −1, 1]
	D41
	[0, −1, 1, 0, −1, 1, 1, −1]

	D19
	[−1, 1, −1, 1, 0, 0, −1, 1]
	D42
	[−1, 0, 1, 0, −1, 1, 1, −1]

	D20
	[−1, 1, −1, 1, −1, 1, 0, 0]
	D43
	[−1, −1, 1, 1, −1, 1, 1, −1]

	D21
	[−1, 1, 0, 0, −1, 1, −1, 1]
	D44
	[0, −1, 0, 1, −1, 1, 1, −1]

	D22
	[0, 0, −1, 1, −1, 1, 0, 0]
	D45
	[−1, −1, 0, 1, −1, −1, 1, 0]

	D23
	[−1, 1, 0, 0, 0, 0, −1, 1]
	
	






Table 2. Weight factors (a and b) of principle descriptors. Expressions describing weight factor a and b are provided in Eqs. (1,2), respectively.
	Principle descriptor
	Weight factor a
	Weight factor b

	D18
	[0, 0, −1, 1, −1, 1, −1, 1]
	[0, −1, −1, −1]

	D19
	[−1, 1, −1, 1, 0, 0, −1, 1]
	[−1, −1, 0, −1]

	D20
	[−1, 1, −1, 1, −1, 1, 0, 0]
	[−1, −1, −1, 0]

	D21
	[−1, 1, 0, 0, −1, 1, −1, 1]
	[−1, 0, −1, −1]

	D22
	[0, 0, −1, 1, −1, 1, 0, 0]
	[0, −1, −1, 0]

	D23
	[−1, 1, 0, 0, 0, 0, −1, 1]
	[−1, 0, 0, −1]

	D38
	[0, 0, −1, 1, −1, 1, 1, −1]
	[0, −1, −1, 1]

	D39
	[−1, 1, −1, 1, −1, 1, 1, −1]
	[−1, −1, −1, 1]

	D40
	[−1, 1, 0, 0, −1, 1, 1, −1]
	[−1, 0, −1, 1]
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