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A B S T R A C T

Ignitable liquids (IL) are complex mixtures whose chromatographic profiles may vary considerably across 
chemical compound classes. Dynamic vapor microextraction (DVME) is an emerging technique with potential 
application for extracting and concentrating IL from fire debris. A previous study assessed the effects of 11 
instrumental and debris factors on DVME performance by collecting chromatographic data from a designed 
experiment, but did not investigate whether factor effects had differential expression within individual chemical 
classes. In this study, that experimental data is reanalyzed to assess factor effects individually in each of five 
chemical classes relevant to IL identification (alkanes, cycloalkanes & alkenes, aromatic-alkylbenzenes, indanes, 
and polynuclear aromatics), and effects are compared to the results previously reported from the original 
analysis. Two new instrument settings (capillary vapor trap coating and temperature) are found to have sig
nificant class-specific effects, providing additional avenues of improving DVME performance, while the effect of 
collection volume is found to be discordant in one class (alkane) compared to all others. Effects from uncon
trollable debris factors on DVME performance are also found to be partially mitigated in certain classes through 
optimal instrument settings, though “optimal” may depend on the sample being analyzed. This analysis offers 
new insight into DVME optimization and robustness, and provides a discussion on how experimental conclusions 
drawn from aggregate chromatographic data, without consideration of class-specific effects, may be incomplete.

Introduction

Identification of ignitable liquid (IL) residue in recovered fire debris 
can provide valuable evidence in the investigation of structural fires. 
Following a fire, IL may only be present in small concentrations, so 
methods of recovery involve the extraction and concentration of vapors. 
The method most commonly used to extract and concentrate ILs from 
fire debris in the United States is passive headspace concentration [1], 
where a strip of activated carbon is hung in the debris headspace and 
trapped vapors are removed from the strip with solvent, typically carbon 
disulfide (CS2). Other less common extraction and concentration tech
niques include dynamic headspace concentration [2] and solid-phase 
microextraction [3]. Additional methods still being developed include 
capillary microextraction [4], headspace sorptive extraction [5], and 
dynamic vapor microextraction (DVME). DVME concentrates vapors by 
directing a precise quantity of the debris headspace through a chilled, 
adsorbent capillary vapor trap, and may be preferred to alternative 

extraction methods as it uses less hazardous acetone rather than CS2 as 
an elution solvent.

Whether or not DVME is used for the extraction, vapors recovered 
from fire debris are analyzed using gas chromatography-mass spec
trometry (GC-MS). GC-MS can operate in two different modes, full-scan 
mode, where all ions within the mass spectrometer’s working range are 
collected, or selected ion monitoring (SIM) mode, where only selected 
ions are monitored by the MS. Whether data are collected in full-scan or 
SIM mode, both result in a chromatogram of ion intensities versus time. 
In the fire debris field, five different chemical classes are typically 
examined by extracted ion profiling of the full-scan data to aid in IL 
identification [6]. Here the IL does not need to be identified and SIM was 
chosen to provide improved analytical precision for the following clas
ses: alkanes, cycloalkanes & alkenes, aromatic-alkylbenzenes, indanes, 
and polynuclear aromatics (Table 1). Chromatographic data of complex 
mixtures, like ILs, will typically exhibit large variations in ion intensity 
magnitudes across class. For example, in gasoline, the combined 
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aromatic-alkylbenzene ion intensities may be more than 25 times that of 
the polynuclear aromatic ions. Furthermore, these chromatographic 
profiles vary by IL; e.g., while gasoline contains abundant quantities of 
aromatics, isoparaffinic products contain none. Therefore, consideration 
of chemical class provides important information when identifying IL 
from chromatographic data.

Emerging techniques, like DVME, require insight into their efficacy. 
While DVME had been previously studied in the context of fuels and fire 
debris [7–11], no work had been done to broadly evaluate DVME 
capability under realistic scenarios. With this goal, an experiment was 
recently conducted to assess the effects of 11 factors on DVME extraction 
of weathered gasoline from simulated fire debris [12]. This study 
investigated six controllable instrument setting factors related to DVME 
implementation and five debris factors reflective of authentic fire debris 
variation. Of the considered factors, three instrument settings and three 
debris characteristics were found to significantly affect DVME perfor
mance. These results inform the optimal operation and robustness of 
DVME – foundational knowledge for practical adoption of this 
technology.

In this previous work, extracted vapors were analyzed with GC-MS in 
SIM mode monitoring the 17 ions listed in Table 1. The effects of the 11 
factors were evaluated using the aggregate chromatographic data from 
these ions without consideration of their chemical class. However, factor 
expression may not manifest uniformly due to different properties and 
volatilities inherent to the chemical classes. As different ILs vary in their 
chemical class compositions, knowledge in how the factor effects vary 
across chemical classes informs DVME applicability and may provide 
additional insight on DVME optimization. For example, the experiment 
studied DVME performance related only to gasoline samples. However, 
insight into DVME performance for other ILs might be inferred by 
looking at class-specific results for chemical classes that feature most 
prominently in the IL of interest. In this paper we revisit the previously 
collected data and reassess the 11 factor effects individually by chemical 
class. Interpretation of chemical class data is recommended by ASTM 
E1618 [13] for IL classification and is used widely in chemometrics for 
this same purpose [14], but has not been used to evaluate performance 
of an emerging extraction technique. We relate class-specific effects to 
the overall factor effects reported in the original publication, noting 
class-specific conclusions that disagree with those drawn from the 
aggregate data. We identify two new instrument settings that optimize 
IL extraction and find two debris characteristics whose effect on DVME 
performance differ by chemical classes. These discoveries prompt a 
discussion of the metric used to quantify the experimental results and its 
relationship to the imbalances in ion intensities often exhibited in 
chromatographic data.

Materials and Methods

Complete details on the experiment, including further explanation 
on the 11 factors and greater detail on the simulated fire debris, can be 
found in Berry et al.(2023). A brief summary is presented here.

DVME, a low flow rate, positive pressure purge-and-trap method for 
headspace concentration has been extensively described elsewhere 
[10,12] and is described briefly in the supplemental file (Figure S1), 
which includes a schematic of the instrument and its controllers. After 
operation, the capillary vapor trap contains the extracted vapors, which 

are collected by eluting the capillary with acetone into an autosampler 
vial. The original study, whose data are reanalyzed here, used a classical 
fractional factorial experiment design with 128 experimental runs to 
study the effect of 11 factors on DVME performance. Table 2 lists these 
factors and their respective settings. Each experimental run resulted in 
an eluate sample, obtained from the simulated fire debris, and a refer
ence sample. Reference samples were IL weathered from the same batch 
as were contained in the simulated fire debris, diluted in acetone. The IL 
volume in the reference was proportional by a tenth of the volume used 
in the simulated debris for each experimental run (e.g., 100 μL in 
simulated debris, 10 μL in reference).

Eluate and reference samples were analyzed sequentially by GC-MS 
in SIM mode. For SIM mode, the ions listed in Table 1 were moni
tored. An average chromatogram of all 128 references split into chem
ical class and percent weathering is shown in Fig. 1. This figure visually 
shows the difference in volatilities between 50 % and 80 % weathered 
gasoline and their respective chemical classes. While the relative 
abundance of each class does not change much, the distribution of the 
volatilities of the chemical constituents does shift. 80 % weathered 
gasoline has proportionally more low volatility compounds (i.e., high 
retention times) than 50 % weathered gasoline due to the loss of high 
volatility compounds during weathering. For example, while both types 
of weathered gasoline have roughly 15 % of their total abundance 
explained by alkanes, the distribution of alkanes is shifted to higher 
retention times, and therefore lower volatilities, for 80 % weathered 
gasoline.

Quantifying DVME Performance

DVME performance was quantified by comparing the chromato
graphic data from each eluate to that of its reference sample using a 
metric that has previously been used to distinguish between different 
sources and types of IL [15,16]. Each of the 128 experimental runs 
resulted in two retention time-ion abundance matrices: one from the 
eluate, Y, and one from the corresponding reference, Yʹ. Retention time- 
ion abundance matrices have rows corresponding to retention time (ti), 
columns corresponding to m/z (mj), and elements containing the ion 
abundances. In this study, all Y and Yʹ had 949 rows and 17 columns, 
with each column corresponding to one of the m/z contained in Table 1. 
The normalized covariance map of Y, denoted Zrun, was obtained by 
scaling Z = YTY such that its sum was 1.0. A similar matrix, Zref , was 
obtained from the corresponding reference sample, Yʹ, and the distance 
between the eluate and its reference was calculated through 

D =

∑

i

∑

j

⃒
⃒
⃒
⃒
⃒
zrun

(

i, j

)

− zref

(

i, j

)⃒
⃒
⃒
⃒
⃒

2
,

where z(i, j) correspond to elements in the respective normalized 
covariance maps. Values of D are constrained between [0, 1], with 
smaller values representing a higher degree of similarity between the 

Table 1 
The 17 m/z monitored in the SIM analysis and their chemical class.

Chemical class m/z

Aromatic-alkylbenzenes 91, 105, 119
Alkanes 57, 71, 85, 99
Cycloalkanes and alkenes 55, 69, 83
Indanes 117, 118, 131, 132
Polynuclear aromatics 128, 142, 156

Table 2 
List of factors and respective levels studied in the original experiment.

Factor Number Factor Name Low value (-) High value (+)

x1 Debris processing unburnt burnt ​
x2 Debris quantity 5 g 50 g ​
x3 IL volume 10 μL 100 μL ​
x4 IL weathering 50 % 80 % ​
x5 Water addition no yes ​
x6 Sorbent PDMS Al2O3 ​
x7 Oven temperature 60 ◦C 80 ◦C ​
x8 Equilibration time 10 min 30 min ​
x9 Capillary temperature 3 ◦C 20 ◦C ​
x10 Inlet flow rate 5 sccm 10 sccm ​
x11 Collection volume 47.3 scc 94.6 scc ​
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eluate and its reference. We refer to this distance metric as the “inverse 
similarity index”.

The original analysis of this experiment assessed DVME performance 
by calculating D from the complete retention time-ion abundance 
matrices containing all 17 columns, referred to here as the “aggregate 
data”. In this paper, DVME performance by chemical class was assessed 
by calculating class-specific D values, Dk, from submatrices containing 
only the columns corresponding to the m/z belonging to class k. For 
simplicity, when referring to a particular class, the subscript in Dk will be 
replaced with the first three letters of the class name. For example, 
DVME performance for the aromatic-alkylbenzene class was assessed 
using Daro, which was calculated using the subset of the retention time- 
ion abundance matrices containing only the three columns corre
sponding to m/z 91, 105, and 119.

Estimation of factor effects

The orthogonality of the design matrix inherent to a fractional 
factorial experiment simplifies estimation of factor effects [17]. The 
least-squares estimate of the main effect of factor f within class k is 
Ek,f = Dk,f(+) − Dk,f(− ), where Dk,f(+) is the average class-specific experi
mental response from the runs in which factor f was set to its “high” 
level, and Dk,f(− ) similarly defined for the “low” level [18]. The inter
action between factors f and g is estimated as Ek,fg = 1

2
[(

Dk,f(+)g(+) +

Dk,f(− )g(+)

)

−
(
Dk,f(+)g(− ) + Dk,f(− )g(− )

)]

, where Dk,f(+)g(+) is the average 

experimental response when factors f and g are both set to the high level, 
Dk,f(− )g(+) is the average experimental response when factor f is at the 
low level and factor g is at the high level, and so forth. This expression of 
Ek,fg may be interpreted as one-half the difference of the conditional 
main effects of factor f given the level of factor g [17].

The relative effect size for factor f is given by |Ek,f |
Dk

∗ 100, where Dk is 
the class-specific overall average experimental response, and represents 
the factor’s effect as a percentage change in average response. The 
relative effect size for the interaction between factors f and g is similarly 
calculated by replacing 

⃒
⃒Ek,f

⃒
⃒ with 

⃒
⃒Ek,fg

⃒
⃒.

Results and discussion

The relative factor effects for each chemical class are shown in Fig. 2. 

In this figure, 
(

Dk,f(− )

Dk
− 1
)

∗ 100% and 
(

Dk,f(+)

Dk
− 1
)

∗ 100% are plotted at 

the “-” and “+” levels respectively, illustrating how the experimental 
response changed across the low and high factor setting for each of the 
five classes (as well as the aggregate data), expressed as a percentage 
change from the overall average. The lines in this plot are colored by 
class and their magnitudes correspond to the class-specific relative effect 
sizes for the given factor. The relative effect sizes for each factor are 
reported in the text annotations in Fig. 2. Important factors are identi
fied by lines with steep slopes, indicating that a change in the factor 
settings resulted in a large change in the average response. The optimal 
factor setting is the level that resulted in the lower average response, as 
this corresponds to eluates that more closely resembled their references.

Fig. 2 qualitatively assesses relative factor importance and optimal 
settings based on the magnitude and direction of the lines. Lenth’s 
method [17] was used to determine significance of the 11 main effects 
and 55 two-term interactions. This method identifies a threshold value 
which, when scaled by the overall class average (Dk) and expressed as a 
percentage, represents the minimum relative effect size that is consid
ered significant using a significance level of α. Each chemical class was 
analyzed separately and has its own individual significance threshold. 
All thresholds were calculated using α = .05 and Bonferroni adjusted 
using α5 to control the error rate across the five classes. These thresholds, 
along with a summary of the factor main effects for each class that were 
determined to be significant in Berry et al. (2023), are reported in 
Table 3.

Class-specific factor effects may differ from factor effects determined 
from the aggregate data in a few important ways. The “dark horse” 
factor appears inert when considering the combined data, but is 
discovered to have a significant effect within a specific class(es). Such a 
factor is evident in Fig. 2 when the aggregate class data line is relatively 
flat, but at least one class-specific line exhibits a steep slope (e.g., Fig. 2a 
sorbent). The second important way class-specific effects may differ is 
with a “discordant” factor: when a factor that expressed a given effect in 

Fig. 1. Average chromatograms from 64 reference samples of 50 % weathered gasoline and 64 reference samples of 80 % weathered gasoline split into the five 
monitored chemical classes. The boxed numbers to the side of each chromatogram indicate the average proportion of total ion intensity belonging to each chemical 
class. More heavily weathered gasoline results in higher abundance of compounds with a larger retention time and lower volatility.
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the original aggregate analysis is found to have the opposite effect in at 
least one class. A discordant factor would be evident in Fig. 2 by a (steep) 
class-specific line that has the opposite slope as the (steep) aggregate 
data line (e.g., Fig. 2b IL volume). A factor has a concordant effect when 
the factor affects DVME performance the same way in all classes in 

which it is active (all steep lines point in the same direction), and is 
consistently inert when it has no effect in any class (none of the lines are 
steep).

Fig. 3 shows select two-term interactions, whose conditional main 
effects are expressed as a change in the average class-specific response. 

Fig. 2. Main effects plot illustrating the relative effect size and direction of (a) instrument setting and (b) debris characteristic factors on DVME performance. Each 
panel shows the average Tf for the low value (-) and high value (+) of the respective factor for each class (denoted by line color). Lines are scaled such that their 
magnitudes correspond to the relative effect size for the given factor and class, and these values are reported in the text annotation in each panel. Optimal factor 
settings are those that result in the minimal value.

Table 3 
Comparison of factor significance when assessed using the aggregate data (top row) and by individual class. Significant factors are indicated by cells containing “X”. 
The RES threshold indicates the minimum relative effect size required for a factor to be determined “significant” for the given class.

Debris characteristics Instrument settings

Class x1 x2 x3 x4 x5 x6 x7 x8 x9 x10 x11 RES threshold

Aggregate class data ​ X X X ​ ​ ​ X X ​ ​ X 17.8 %
Aromatic-alkylbenzenes ​ X X X ​ ​ ​ X X ​ ​ X 13.0 %
Alkanes ​ ​ ​ X ​ ​ ​ ​ ​ X ​ X 24.8 %
Cycloalkanes & alkenes ​ ​ X ​ ​ ​ X ​ ​ ​ ​ ​ 35.2 %
Indanes ​ X X X ​ ​ ​ X X ​ ​ ​ 16.9 %
Polynuclear aromatics ​ X X ​ ​ ​ ​ X ​ ​ ​ X 19.9 %

Fig. 3. Class-specific effects of x7-x10 (a), x3-x6 (b) and x4-x11 (c) interactions expressed as conditional main effects. The relative effect size of the interaction is 
given in the text annotation, and the relevant class is indicated in the panel header.
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As with the main effects, the significance of an interaction is based on 
comparing the relative effect size of Ek,fg to the Lenth’s method signifi
cance threshold. Relative effect sizes for these interactions are reported 
in the text annotation. A large interaction indicates that the effect of one 
of the two factors (f or g) depends on the level of other. Interpretation of 
a significant interaction is aided by plotting the individual terms of Ek,fg, 
as is done in Fig. 3. This plot graphically represents how the effect of one 
factor, f, represented on the x-axis, depends on the level of the second 
factor, g, represented by the line type.

DVME Instrument settings

The analysis of the aggregate data, presented in Berry et al.(2023), 
identified three instrument settings that significantly affected DVME 
performance: oven temperature (x7), equilibration time (x8), and 
collection volume (x11). This is reflected by the large relative effect sizes 
for the aggregate data in the x7, x8, and x11 panels of Fig. 2a (41 %, 30 
%, and 22 %, respectively). When considered by class, the effect of these 
three factors remains generally consistent. Oven temperature and 
equilibration time have concordant effects across the classes. Higher 
oven temperature and longer equilibration broadly improved DVME 
performance across the individual classes, with no class having signifi
cant preferential recovery at the opposing settings. For collection vol
ume, the majority of the classes obtained optimal recovery at the higher 
value, but the alkane class had preferential recovery at the lower 
collection volume. This discordance illustrates how DVME settings may 
need to be tuned depending on the prominence and importance of ion 
classes within a sample. All classes considered equally, the optimal 
choices for x7, x8, and x11 remain in accordance with those determined 
by Berry et al.(2023), while the general effect of these factors across the 
classes further affirms the relevance of these instrument settings.

In the aggregate data, the remaining three instrument setting factors 
- sorbent (x6); capillary temperature (x9); inlet flow rate (x10) - were 
found to be inert, reflected in Fig. 2a through the low relative effect sizes 
of 2 %, 1 % and 3 %, respectively. The class-specific analysis, however, 
reveals a more nuanced picture. Two of these controllable instrument 
settings are dark horse factors, significantly affecting DVME perfor
mance within specific classes. The most dramatic of these effects is that 
of the sorbent coating of the capillary vapor trap. As seen in Fig. 2a, 
choice of sorbent is immaterial for four of the five classes (in line with 
the original conclusion on this factor), but in the cycloalkane & alkene 
class this selection is of extreme importance. The relative effect size of 
131 % was the largest instrument setting effect and the second largest 
effect from any of the considered factors. Minimal distance between 
eluates and references in the cycloalkane & alkene class was obtained 
when using PDMS sorbent. One possible explanation for this effect is 
that cycloalkanes & alkenes were more likely to irreversibly adsorb to 
the Al2O3 coating of the vapor trap as compared to a PDMS coating. This 
would result in lower abundance of this class in the eluate and therefore 
a larger distance between eluates and references. While all DVME 
studies previous to Berry et al. (2023) have used Al2O3 coated capillary 
vapor traps, a PDMS coated capillary vapor trap would align with the 
PDMS coating recommendation for SPME to extract C10 to C25 volatiles 
by ASTM E2154 [3].

The second dark horse instrument setting is capillary temperature 
(x9). While this factor’s class effects fail to reach the dramatic height of 
the sorbent effect, it does induce a large change in DVME performance 
within the alkane and cycloalkane & alkene classes, with relative effect 
sizes of 40 % and 35 % respectively. Although the cycloalkane & alkene 
relative effect size is shy of the 35.2 % significance threshold for this 
class, performance was optimized in both classes when capillary tem
perature was actively cooled to 3 ◦C rather than kept at room temper
ature around 20 ◦C. The preference for this setting is unsurprising, as 
headspace vapors with higher volatilities are more likely to break
through the capillary vapor trap when temperatures are higher. The fact 

that this effect is selective to only the alkane and cycloalkane & alkene 
classes is likely due to their higher volatilities (Fig. 1).

The final instrument setting factor, inlet flow rate (x10), was 
consistently inert across all classes. The analysis of Berry et al.(2023) 
recommended use of a low inlet flow rate after examining interactions 
between the instrument setting factors (x10 with x7, x8, and x11). In the 
class-specific analysis, an interaction between x7 and x10 is significant 
in the aromatic-alkylbenzene class (Fig. 3a). At a high oven temperature, 
the response is optimized (minimized) in this class when using a low 
inlet flow rate. This supports the conclusion made in the original anal
ysis, although no similar effects are found in other classes.

Debris characteristics

In the aggregate data, DVME performance was affected by three 
debris characteristics: debris quantity (x2), IL volume (x3), and IL 
weathering (x4). This is reflected in Fig. 2b by relative effect sizes of 35 
%, 43 %, and 31 %, respectively. When analyzed by class, the effect of 
debris quantity on DVME performance was concordant: a smaller 
quantity of debris resulted in eluates more closely matching their 
reference within the aromatic-alkylbenzene, indane, and polynuclear 
aromatic classes. This might be expected, as a higher quantity of debris 
in the sample offers a greater opportunity for IL vapors to be lost to 
surfaces and leads to a smaller concentration in the headspace, partic
ularly for low volatility species like those chemicals found in the indane 
and polynuclear aromatic classes.

In contrast, the effect of IL volume (x3) was discordant. For the 
aromatic-alkylbenzene and indane classes, DVME performance was 
optimized when the simulated debris contained a small amount of IL, 
but this was reversed in the cycloalkane & alkene and polynuclear ar
omatic classes. The discordant nature of this factor may be partially 
related to discrepancies in ion intensities across the chemical classes 
(Fig. 1). A significant interaction between IL volume and sorbent (x3 and 
x6) in the cycloalkane & alkene class indicated the effect of IL volume on 
DVME performance can be mitigated in this class when PDMS is used as 
the capillary coating (Fig. 3b). That is, in the cycloalkane & alkenes 
class, DVME performed almost equally well regardless of IL volume 
when using a PDMS sorbent. Until Berry et al.(2023), all previous work 
developing DVME for IL extraction and concentration exclusively uti
lized capillaries with Al2O3 sorbent. An interaction between IL volume 
and sorbent was also identified within the alkane class (not shown), but 
as neither IL volume nor sorbent had a significant main effect within this 
class, the interpretation of this interaction is ambiguous and of little 
practical importance.

The effect of IL weathering (x4) was similarly discordant. Within the 
aromatic-alkylbenzene and indane classes, the headspace from samples 
containing 50 % weathered gasoline more closely aligned with their 
references than from those containing 80 % weathered gasoline, while 
the opposite was true for the alkane class. A significant x4-x11 inter
action in the alkane class found the effect of weathering was partially 
mitigated through use of a lower collection volume (Fig. 3c). This result 
highlights the differential behavior among the classes, particularly in the 
alkane class which is the driver of the discordance of the x4 and x11 
effects. This interaction is an example of how DVME performance across 
uncontrollable factors may be mitigated through optimal instrument 
settings, while underscoring how “optimal” may be conditional on the 
sample being collected.

Debris processing (x1) had no significant effect on DVME perfor
mance within any class. This suggests that there was no preferential loss 
of IL vapors due to charring of the matrix. However, the debris in this 
experiment was limited to hardwood and further study is needed to 
evaluate DVME performance across more complex debris matrices 
containing softwood or synthetic materials. DVME performance was 
similarly robust to the addition of water (x5) across all classes. While 
limited in scope, the stability of DVME performance across these un
controllable debris factors suggests this method of IL extraction and 
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concentration can produce reliable results across some of the varying 
states inherent to authentic fire debris samples.

Necessity of class-specific analysis

The analysis in this paper reveals significant class-specific factor ef
fects that were obscured in the original analysis. This is evident in the 
effect of sorbent, which has a relative effect size of 2 % when considering 
the aggregate data, but a 131 % relative effect size when considering the 
cycloalkane & alkene class data alone. The discovery of such a dramatic 
discrepancy prompts the question of how such a compelling effect in one 
class, without any balancing discordant effect in another class, is absent 
when assessing the factor’s effect using the aggregate data. This query is 
answered by examination of the inverse similarity index.

For a given eluate, Y, and its reference, Yʹ, the inverse similarity 
index, D, is the distance between the normalized covariance maps of Y 
and Yʹ. The class-specific similarity index, Dk, is computed from the 
subsets of Y and Yʹ containing only the columns corresponding to the 
m/z belonging to class k. Since Y is the concatenate of its class subsets 
(similarly so for Yʹ), D might be expected to have some simple rela
tionship to the individual Dk. However, this is not the case. Each of the 
128 experimental runs produced a Y and Yʹ, from which D was calcu
lated, and from the subsets of which the class-specific Dk were obtained. 
Fig. 4 plots these Dk against D for each of the five classes. The revelation 
in Fig. 4 is the strength of the linear relationship between Daro and D. The 
near-identity relationship between Daro and D indicates D is not a simple 
sum or average of the individual Dk, but instead driven almost entirely 
by Daro.

The relationship between D and Daro can be explained by the domi
nance of the aromatic-alkylbenzene class within the ion abundances. 
Fig. 1 illustrates the imbalance in ion intensities across chemical class in 
the gasoline samples studied in this work. On average, approximately 
two-thirds (69 %) of the total ion abundance in the aggregate data 
belonged to the aromatic-alkylbenzene class, meaning that most of the 
total mass of Y was concentrated in m/z 91, 105, and 119. In the 
calculation of D, the covariance map of Y is first obtained from Z = YTY, 
and then normalized by the total mass of Z, making the elements in the 
normalized Zrun representative of proportions. The elements of Z are the 
sum of the products of the column vectors in Y. Consequently, columns 
that contain a large share of the overall mass of Y will contribute to an 
even larger share of the total mass in the corresponding Z. The result is 
that the preponderance of the aromatic-alkylbenzene class becomes 
further augmented through covariance mapping. In turn, D, which is 
one-half the sum of the element-wise absolute differences in the ’pro
portions’ contained within the normalized covariance maps, favors the 
differences occurring between the larger elements.

The near one-to-one relationship between Daro and D shown in Fig. 4
means that effects estimated from the aggregate data are driven pri
marily by the effects within the aromatic-alkylbenzene class. This is 
evident in Fig. 2 in how the magnitude and direction of the effects from 
the aggregate data are mirrored in those of the aromatic-alkylbenzene 
class. The relationship between D and ion abundance is not neces
sarily indicative that the inverse similarity index is a poor metric. A 

measurement of similarity between an eluate and its reference should 
reflect, to some degree, any changes relative to their importance on the 
overall scale of the data. A change in an ion that accounts for 1 % of the 
total ion mass should not, necessarily, be weighted equivalently to the 
same change occurring in an ion accounting for half the ion mass. 
However, this does mean that in the context of this experiment, without 
an analysis by individual class, little additional information about DVME 
performance is gained by monitoring the additional fourteen m/z 
beyond those belonging to the aromatic-alkylbenzene class, as the in
verse similarity index calculated on the aggregate data fails to capture 
the systematic differences occurring in low-intensity ions. This explains 
why large effects within certain classes, such as sorbent, are obscured in 
the analysis of the aggregate data, and supports the necessity of evalu
ating the classes individually.

Conclusions

In this work, we reconsidered the data of Berry et al. (2023), inves
tigating whether factors that affect DVME concentration of IL vapors 
from simulated fire debris had effects that varied by chemical class. This 
class analysis confirmed the importance of oven temperature, equili
bration time, and collection volume on DVME concentration of IL vapors 
from simulated fire debris. Additionally, this analysis revealed the 
importance of sorbent and capillary temperature within the cycloalkane 
& alkene and alkane classes – dark horse effects that were obscured 
when considering the aggregate data. Their identification allows further 
optimization of the DVME process. While not all active factors were 
active in all classes, there was little disagreement across classes on 
favored settings, making optimal instrument operation straightforward. 
Oven temperature and equilibration time were concordant factors, with 
higher temperature and longer equilibration times generally improving 
DVME performance, while chilling the capillary vapor trap and using 
PDMS for the sorbent coating optimized the headspace concentration for 
a few classes without detrimental effects to the others. The only in
strument factor that expressed a significant discordant effect across class 
was collection volume, where all but the alkane class had optimal DVME 
performance at a higher collection volume. A higher collection volume is 
recommended when all classes are considered equally important, but 
lower collection volume should be considered if the alkane class is to be 
prioritized.

DVME is an emerging headspace extraction method and is not 
currently implemented in practice. Additional research assessing the 
efficacy of DVME across a broad range of IL types, especially less volatile 
liquids such as kerosene or torch fuel, is necessary before this technology 
might be adopted in practice. However, the conclusion that the optimal 
collection volume (the only divergent instrument setting factor) may 
depend on IL type raises the question of how DVME might be applied in a 
lab setting, where the type of IL (if any) present in casework samples is 
inherently unknown. A reasonable choice in this scenario would be to 
use a higher collection volume, as it optimizes recovery of a larger 
number of ion classes. This choice may, however, compromise the 
ability to archive the extracted fire debris sample.

The analysis in this paper additionally confirmed the influence of 

Fig. 4. Plot of Dk versus D for the five classes. Each panel shows the relationship between D (calculated from the aggregate data) and the class-specific Dk indicated in 
the panel header. Each panel contains 128 points corresponding to the 128 experimental runs; grey dashed line indicates the identity relationship y = x.
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debris quantity, IL volume, and IL weathering on DVME performance. In 
contrast to the instrument settings factors, some debris characteristic 
factors were discordant. While an increase in debris quantity consis
tently decreased DVME performance, likely due to increased amount of 
surfaces for vapors to be lost to, the effect of IL volume and IL weath
ering varied by class. Ideally, a method of IL residue extraction would be 
robust to variations inherent in authentic debris samples, and this 
analysis showed that debris processing and added water had no effect on 
DVME performance within any class. Additionally, in some classes, in
fluence from active debris characteristics were mitigated through 
optimal choice of instrument settings. Specifically, in the cycloalkane & 
alkene class, DVME performance remained robust to IL volume when 
PDMS was used as sorbent of the capillary vapor trap, while lower 
collection volumes diminished the effect of IL weathering in the alkane 
class. While limited in scope to a simple hardwood debris matrix, these 
results encourage the further development of DVME for use in fire debris 
analysis.

Eluates obtained by DVME are analyzed using GC-MS, which pro
duces retention time-ion abundance matrices. An assessment of DVME 
performance requires quantitative comparison of these matrices, and 
methods by which to gauge their relative quality are not obvious. The 
original work addressed this challenge by pairing each experimental 
eluate with a reference and assessing their similarity using a distance 
metric based on covariance mapping. In this reanalysis of the data, the 
same metric – the inverse similarity index – was used to assess the class- 
specific factor effects. An examination of the inverse similarity index 
revealed its dependence on relative class abundance and explained how 
the class-specific analyses are informative, as factors effects in low- 
abundance classes are missed through the analysis of the aggregate 
data. In an experimental setting, it is necessary to make quantitative 
comparisons of the multivariate, time-dependent chromatographic data 
that result from GC-MS analysis. Despite its limitations, the inverse 
similarity index facilitates the development of emerging IL extraction 
and concentration methods by enabling this comparison though a 
straightforward calculation. A review of other suitable metrics and their 
relationship to variations in ion intensities would be of use for re
searchers looking to optimize or compare other developing methods that 
result in chromatographic data.

The differentiated chemical class analysis in this paper clarifies the 
relationships between DVME performance and various controllable and 
uncontrollable factors. Identification of new class-dependent factor ef
fects permits further optimization of DVME instrument controls, while 
an examination of the concordant/discordant nature of effects 
strengthens conclusions about robustness. If the inverse similarity index 
D is used to optimize other developing IL extraction and concentration 
methods, a full analysis of both the overall response and chemical class 
response to different instrumental and debris settings should be per
formed. As shown in this work, an analysis of just the overall response of 
a method may overlook systematic changes in performance inherent to 
classes represented by low-intensity ions, which may lead to a poorly 
optimized method or incomplete conclusions. Class-specific knowledge 
is of particular importance in the context of fire debris analysis, as 
ignitable liquids can vary greatly in their chemical compositions.
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