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RANDOM FOREST PERMUTATION FEATURE IMPORTANCE FOR FEATURE 
SELECTION IN ION MOBILITY SPECTROMETRY 

 
 
1. INTRODUCTION 

 
Machine learning (ML) is a field of science that can drastically improve false 

alarm rates of chemical detectors. ML provides a set of tools for curating data sets. The tools are 
used to train powerful algorithms to learn from data and thereby make more accurate predictions 
as compared with traditional techniques. One important factor of curating data sets is feature 
selection, which is used to reduce the size of a data set to the most relevant inputs, thus 
increasing model accuracy and performance. Features can be selected by manual or automated 
methods. The overall goal is to eliminate irrelevant features that provide less differentiating 
capabilities.1,2 Ion mobility spectrometry (IMS) is an analytical technique for separating and 
detecting ions that can be used to identify chemical vapors in the air, such as those due to 
explosives or chemical warfare agents.3,4 Although fielded IMS detectors have a small form 
factor and rapid response, research has shown that without calibration, IMS is prone to high false 
alarm rates because of interferent peaks that appear within detection windows.5  

 
IMS detectors rely on the calculated reduced mobility (K0) of an ion peak to 

identify unknown compounds. K0 is determined from the relationship between ion drift time (td) 
along a path length (L), and the temperature (T) and pressure (P) of the drift gas: 

 𝐾଴ ൌ
௅మ

௏௧೏
ቀଶ଻ଷ.ଵହ

்
ቁ ቀ ௉

଻଺଴
ቁ     (1) 

 
However, the location and shape of a particular peak is dependent upon factors 

such as concentration of the analyte, water content of the drift gas, and resolving power of the 
detector.6 As a result, many fielded IMS systems do not produce a sharp peak in a consistent 
location easily identifiable by a single K0 value; instead, they produce a Gaussian curve for 
which a K0 value is calculated. Figure 1 provides a typical IMS spectrum of a fielded system and 
shows the Gaussian shape of three typical IMS peaks: the reactant ion peak (RIP), the monomer 
peak, and the dimer peak (i.e., peaks 1, 2, and 3, respectively).  
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Figure 1. Example IMS spectrum for fielded system showing RIP, monomer, and dimer peaks. 

 
 

 The raw spectral features are represented by a measurement of current, which is 
expressed as amplitude (y axis) at given intersecting coordinates of drift time or K0 (x axis), as 
shown in Figure 1. The spectrum of a fielded IMS detector contains thousands of high-
cardinality drift time bins with amplitudes in the range of 0 to 8000 counts. To develop an 
accurate classification model, this large number of features must be downselected to eliminate 
raw spectral features where amplitude values mainly represent noise and provide no 
differentiation between chemical vapors of interest. In addition, fielded IMS systems are 
typically used for detecting a specific range of hazardous compounds such as explosives in an 
airport. By reducing the total number of drift time bins to analyze and focus on features in 
regions where peaks are likely to occur, computational resources can be conserved, and the time 
to classification can be improved. Presented here is a semi-automated feature-selection technique 
that uses random forest (RF) classification and permutation feature importance for downselecting 
the most important drift time bins in an IMS data set. This reduced feature set is then used to 
train a simple neural network (NN) classification model, which is used to evaluate the resulting 
change on the train/test accuracy of the model across feature sets of 300, 600, and 1676 spectral 
features.  
 
 
2. METHODS 

 
2.1 Data Set 

 
The IMS training data set consisted of 30,530 positive and negative detection 

mode spectra. Each detection mode spectrum was composed of 1021 spectral bins and 
represented the features for training the various models described in this study. Initially,  
183 spectral bins were dropped to remove spectral noise that can occur before the RIP. This left a 
total of 838 spectral bins from each detection mode, and the final dimensions of the combined 
data set were 30,530 rows × 1676 columns. Each spectral bin had an identifier (p_ or n_, 
respectively) assigned to it to differentiate between bins from the positive and negative detection 
modes. This allowed for training of the RF classifiers on only the positive or negative detection 
mode data. The labels of the data set were equally distributed across 10 chemical compounds 
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consisting of RIP only (none); dimethyl methylphosphonate; 2,6-di-tert-butylpyridine; triethyl 
phosphate (TEPO); di(propylene glycol) monomethyl ether (DPM); 1-chloro-2-[(2-
chloroethyl)sulfanyl]ethane; methyl salicylate; (RS)-propan-2-yl methylphosphonofluoridate; 
3,3-dimethylbutan-2-yl methylphosphonofluoridate; and cyclohexyl methylphosphonofluoridate. 
These labels were processed using the Panda’s get_dummies functioni to create a multi-hot 
vector for each label in the data set. Finally, the data set was split using the scikit-learn 
train_test_split function:ii 80% for training and 20% for testing of the model. The split was 
performed using a random seed of 42, and it was stratified to ensure labels were equally split 
across the data sets.7,8 
 
2.2 RF Model Design 

 
RF classification is a ML technique that fits an ensemble of decision tree 

classifiers. Each decision tree is fit to a different subset of the data set, and the decision scores 
are averaged to improve accuracy and prevent overfitting.9,10 The RF algorithm is well suited to 
large data sets and multiclass classification problems, and outputs feature importance, giving 
model interpretation. It has been demonstrated that RF classification is useful in a number of 
applications to include detection and identification of peaks for IMS detectors.11,12 

 
Two RF classifiers were optimized to produce the highest accuracy classification 

on IMS spectra of positive and negative detection mode data, thus ensuring that the output 
feature importance would show the spectral bin corresponding to the peaks from the two separate 
detection modes. To optimize the RF classifiers, out-of-the-box (OOB) error was calculated 
using a variable number of decision trees in a forest. The parameter for the number of trees 
(n_estimators) ranged from 75 to 500, and OOB error was calculated using three different 
variations of the maximum number of features RF is allowed to try in an individual tree 
(max_features) as shown in Figure 2.  

 
 

                                                 
i https://pandas.pydata.org/docs/reference/api/pandas.get_dummies.html (accessed 7 June 2022). 
 
ii https://scikit-learn.org/stable/modules/generated/sklearn.model_selection.train_test_split.html (accessed 7 June 
2022). 
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Figure 2. OOB error rate for positive detection mode data for three different values of 

max_features, given variable number of decision trees (n_estimators). 
 
 

OOB error provides a measurement of prediction error for the model by removing 
several rows of data from training and predicting the result of these rows given a subset of the 
training data. OOB error should eventually converge to equal the cross-validation error when it 
stabilizes. Figure 2 shows that a minimum value resulted in the error at approximately  
325 n_estimators, and when max_features was set to “sqrt”, these hyperparameter settings were 
used to build the RF classifier model to determine important features. 

 
2.3 RF Model Feature Importance Calculation 

 
A significant aspect of the RF classifier is the calculation of feature importance, 

which can be used to rank a particular feature when the model makes a classification providing 
interpretability of the model. The default measurement of feature importance in RF classification 
is mean decrease impurity or Gini importance. Gini importance is calculated by the frequency (fi) 
of a label (i) at a node given a number of unique labels (C): 
  
 ∑ 𝑓௜ሺ1െ 𝑓௜ሻ

஼
௜ୀଵ  (2) 

 
However, when features of high cardinality are used in training a RF classifier, 

Gini importance has often incorrectly assigned importance to features based on domain 
knowledge.13,14 When dealing with features of high cardinality for a time-series data set, 
permutation feature importance should be used to obtain a more accurate representation of true 
feature importance. Permutation feature importance in scikit-learn is defined as the relationship 
between the decrease in a model’s score and the shuffling of a random feature value. Permutation 
feature importance provides a more accurate estimation of feature importance. However, due to 
the costly computation time of permutation, feature importance must be predetermined and hard-
coded when a model is deployed. 
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2.4 NNs for Classification 
 
Deep NNs have been adapted to a number of classification tasks that include IMS 

data.15,16 The popularity of deep neural techniques such as NNs, convolutional NNs, and long 
short-term memory have been used in the classification of chemical data.17,18 In particular, these 
techniques have been shown to be extremely accurate when classifying from raw, spectral 
data.19,20  

  
To test how the downselected IMS spectral features impact a model’s accuracy, a 

classification NN was built using TensorFlow (Google Brain Team; Seattle, WA) and trained on 
data sets consisting of positive and negative mode data where the number of features (n) was 
equal to 300, 600, or 1676 spectral bins.21,22 These values represent an equal quantity of features 
from the positive and negative detection modes. Thus, each detection mode had 150, 300, and 
838 features, which first included the RIP and the monomer, then the dimer, and subsequently, 
all other features, respectively. The optimizer chosen for NN was root-mean-square propagation 
or RMSprop, and the loss was calculated with categorical cross entropy. The NNs were 
composed of four fully connected layers, where the input layer, dense layer 1, dense layer 2, and 
output layer consisted of n_units=n_features, n_units=n_features/2, n_units=n_features/4, and 
n_units=n_labels, respectively. The activation functions for the first three layers were all 
sigmoid, and the output layer was a softmax function. An example of this fully connected NN is 
shown in Figure 3. 

 
 

 
Figure 3. Densely connected NN schematic. 
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3. RESULTS 
 

3.1 RF Feature Selection 
 
The trained RF classifier for the positive and negative detection data sets had 

validation scores of 0.93 and 0.87, respectively. Figure 4a shows the top 25 most important 
features as selected by Gini importance for the positive and negative detection modes. The 
selected features are shown to be the most important, in descending order of spectral bin. Our 
results confirm that Gini importance was not suitable for feature selection due to the high 
cardinality of the data. 
 

Figure 4b shows the top 25 most important features as selected by permutation 
feature importance for the positive and negative detection modes. The selected features are 
shown to be a mixture of spectral bins focused on a specific span of bins. 

 
 

 
 

 
 

 
Figure 4. Gini (a) and permutation (b) feature importance for the top 25 features from the 

positive and negative detection modes. 
 
 

(a) 

(b) 
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Figure 5a,b shows the span of important features as selected by permutation 
importance and plotted in groups of 100 onto a positive and negative detection mode spectrum of 
TEPO and DPM, where feature 1 is most important and feature 500 is least important. The 
positive mode spectrum for the two chemicals shows that the top 200 most important features are 
for the monomer peak and the RIP. The dimer and trimer spectral bins are selected between the 
top 300 and 400 most important features. The negative detection mode selected feature shows 
that the RIP is in the first 100 most important features, and the monomer peak region is in the top 
200 most important features.  

 
 
 

 

 
 
 

Figure 5. (a) TEPO and (b) DPM positive and negative mode spectra displaying the RF 
permutation-based drift time bin selection for the first 100, 200, 300, 400, and 500 features 

(shown in blue, orange, green, red, and purple, respectively). 

(a) 

(b) 
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The selected features in order of importance were not unexpected and match the 
domain knowledge used when designing traditional IMS alarm algorithms. The RIP is always 
present, representing the ions, which are available to cluster around other chemicals, whereas the 
monomer peak will almost always be present across a range of concentrations when a chemical 
of interest is within the detector. In a traditional detection algorithm, the monomer peak is often 
the focus of the alarm design and is critical in determining the presence of any chemical 
compound. On the other hand, the dimer and trimer peaks only occur at high concentrations and 
are typically not reliable for use in traditional alarm algorithm designs. 

 
3.2 Testing Features in an NN Model 

 
The F1 scores and losses of the three resulting NN models were compared to 

evaluate the impact of the various quantities of features that were used to train an NN 
classification model. The Table shows the NN train and validation results. The resulting 
accuracy, loss, and the harmonic mean between precision and recall (F1 score) corresponding to 
each set of features are compared. 
 
 

Table. Variable NN Classification Accuracy, Loss, and F1 Score Using 300 and 600 RF 
Permutation-Selected Features and All 1676 Available Features 

Number of 
Features 

NN Results 
Train Validation 

Accuracy Loss F1 Score Accuracy Loss F1 Score 

300 0.9807 0.0601 0.9806 0.9744 0.0873 0.9743 
600 0.9742 0.0823 0.9741 0.9652 0.1268 0.9649 

1676 0.9593 0.1237 0.9594 0.9085 0.4159 0.9083 
 
 
Although they are close, the resulting accuracies and F1 scores demonstrate that 

reducing the feature set through RF permutation feature importance can reduce the spectral 
features to a more focused data set, and thereby improve training accuracy over the use of all 
IMS spectral features. The loss, as displayed in Figure 6, shows improved generalization of the 
model over fewer epochs for the reduced feature set. 
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Figure 6. Loss comparison of NNs trained for 100 epochs. Reducing the number of features 

improved the generalization of the trained model. 
 
 
4. CONCLUSIONS 

 
Typically, classification from IMS spectra is impacted by the number of features 

in a data set. These features represent data of high cardinality, which leads to poor feature 
selection by impurity-based methods, and all features for classification training time and 
classification accuracy are negatively affected. However, our study shows that an RF 
classification model can be trained to downselect features with permutation-based feature 
importance. The drift time bins selected by permutation feature importance match the intuitive 
knowledge of IMS corresponding to the monomer, RIP, dimer, and trimer, in that order of 
importance. These downselected features were used to train an NN with higher accuracy over the 
use of all features. The result is a deployable model that requires less data for making 
predictions. Furthermore, we show that individuals without IMS domain knowledge could train 
an RF classifier to machine select features and thereby improve downstream model performance. 
The impact of total features on model accuracy may vary across various NN techniques, and 
future work will examine an optimized classification pipeline of IMS data.
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ACRONYMS AND ABBREVIATIONS 
 

  
C 
DPM 
fi 

F1 score 
i 

number of unique labels 
di(propylene glycol) monomethyl ether 
frequency of a label at a node 
harmonic mean between precision and recall 
label at a node  

IMS 
K0 

L 

ion mobility spectrometry 
reduced mobility 
path length 

max_features  maximum number of features random forest 
is allowed to try in an individual tree  

ML 
n 
n_estimators 

machine learning 
number of features 
parameter for number of trees 

NN 
OOB 
P 
RIP 

neural network 
out-of-the-box  
pressure 
reactant ion peak 

RF 
RMSprop 
T 
td  
TEPO 
 

 

random forest 
root-mean-square propagation 
temperature  
drift time 
triethyl phosphate 
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