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In the past decade, the field of systems neuroscience has increasingly relied on genetic tools to dis-
sect complex neural circuits. Tools such as optogenetics and pharmacogenetics afford neuroscien-
tists the ability to manipulate specific neural populations to investigate their role in various behavioral 
processes. A growing problem in the field has arisen from the quantification of such behavioral data. 
In simple behavioral assays, such as locomotor or feeding behavior, generating an unbiased, repeat-
able quantification is fairly simple. However, many experimental paradigms attempt to answer more 
interesting questions about animal behavior and thus output more complex behavioral data. With in-
creased complexity comes increased variation and bias in quantifying this data, leading to poor re-
peatability across labs. Aiming to alleviate this problem, we developed a program to automate classi-
fication of complex behavioral data.
  
Introduction 
 The continuously expanding field of systems 
neuroscience focuses largely on investigating how 
specific neural pathways influence behavior. A ubiq-
uitously utilized method (primarily in rodent re-
search) for probing these sorts of questions involves 
the use of genetic tools that allow scientists to ma-
nipulate a specific subset of neurons using exogenous 
stimuli. Specifically, these tools utilize the machinery 
of adeno-associated viruses (i.e. AAVs) to insert en-
gineered DNA into a mouse’s genome within specific 
neurons in the brain. The engineered DNA codes for 
proteins that can be manipulated by an experimenter 
to either increase or decrease the activity of those 
neurons. One such tool, termed “pharmacogenetics”, 
introduces a protein that has been biochemically en-
gineered to bind to a single chemical, clozapine-N-
oxide, that is not endogenously present in mice. The-
se receptors, commonly referred to as DREADDs 
(designer receptors exclusively activated by designer 
drugs). By infusing the animal’s brain with clozap-
ine-N-oxide, scientists can either inhibit or enhance 
neuronal of the neurons that express the DREADDs. 
Another set of genetic tools, termed “optogenetics”, 
works by expressing a light-sensitive protein into 
mouse neurons. When exposed to specific wave-
lengths of light, these proteins can also either activate 
or inhibit neuronal firing. Furthermore, the AAVs 
that express the DREADDs or light-sensitive proteins 
can be designed only to integrate into neurons with a 
specific genetic expression profile. These tools offer 
a powerful method for examining the roles of specific 

brain nuclei (and cell-types therein) and neural path-
ways, enabling sophisticated dissection of the roles of 
distinct circuits in the brain. 
 The primary data generated by pharmaco- and 
optogenetics comes from observable changes in 
mouse behavior. For example, one of the earliest 
optogenetic studies investigated how parallel neural 
pathways differentially impacted locomotor behav-
ior1. More recently, pharmaco- and optogenetic ex-
periments have been used to examine which brain 
nuclei send satiety signals that tell a mouse it is full 
and should stop eating2. Given the heavy reliance on 
behavioral output to interpret pharmaco- and optoge-
netic results, it is essential that quantification of be-
havioral assays is both accurate and reproducible. In 
the examples previously described, behavioral quan-
tification is relatively simple; many programs exist 
that can track a mouse’s locomotor behavior, and 
feeding behavior is most often quantified by the total 
amount of food eaten. 
 However, genetic tools are widely being uti-
lized to study much more complex behavioral para-
digms, such as social behavior behaviors”. Quantifi-
cation of these behaviors must be done by hand, 
which inevitably hinders both accuracy and reproduc-
ibility, as quantification across experimenters is al-
ways highly variable and can be biased. We therefore 
aim to develop software that applies machine learn-
ing techniques to quantify and label complex behav-
ior in mice. 
 
  



Related works 
 Groups have attempted to create behavioral 
tracking programs similar to the one we discuss here. 
A group at Janelia Farms has implemented behavior-
tracking software that utilizes single frames as well 
as groups of frames as separate features3, which 
could be useful for our project as well. We adapted 
this concept by subtracting preceding video frames 
from the current frame to provide information about 
the movement of the mouse that a static images alone 
cannot represent (discussed further below in “Image 
pre-processing”). Another paper applied machine 
learning to identify human behavior in movies4. This 
group used support vector machines, scale-invariant 
feature transformation, and histogram of gradients, 
which are common algorithms used in computer vi-
sion that came up repeatedly in our background re-
search. We plan to apply these techniques in our au-
tomated behavior-tracking program. 
 
Development of a programming environment 
 In order to create our automated behavior 
tracking software, we first needed to develop a pro-
gramming environment that could facilitate human 
classification of behavioral data. To accomplish this, 
we utilized OpenCV and Python to create a free-
standing hand classifier program (Figure 1A). The 
program’s script takes in a directory as an input ar-
gument and finds videos in that directory. It then pre-
sents a text box to the human user asking which vid-
eo she would like to score. After video selection, the 
video is displayed in a GUI that includes a guide to 
the functionality of the hand classifier. It includes 
descriptions of which keys code which behaviors, a 
displayed label of which behavior the program cur-
rently thinks is being recorded, and buttons to play, 
pause, slow-down and speed-up the video. The num-
ber of labels and their key assignments can easily be 

changed to suit any behavioral assay. The tool creates 
a text file (Figure 1B) at the beginning of each re-
cording session with the name of the corresponding 
video. It records at which frame a keystroke was 
made and records that frame-label pair. The label “0” 
is reserved for data that the user wishes to discard, 
and is also used to mark the beginning and end of 
each text file. The user may quit the program at any 
point and remaining frames will be labeled “0”. 

After the user has classified the videos of her 
choosing, a label parsing script takes in a text file to 
generate training data for future learning algorithms. 
To compensate for human delay in coding a mouse’s 
changing behavior, the first and last 15 frames of any 
clumps of consecutive frames with the same label are 
discarded. Additionally, to correct for mistaken key-
strokes, any clumps with < 31 frames are discarded. 

 
Image pre-processing 

The videos of behaving mice inevitably in-
clude data that will not inform and may even intro-
duce noise into our learning algorithms, such as the 
environment in which the mouse behaves. To in-
crease our signal-to-noise ratio, we took steps to pre-
process the videos before feeding them into our 
learning algorithms (Figure 2). First, we decided that 
subtracting each frame from its succeeding frame 
would decrease the noise of the data while preserving 
information about the behavior of the mouse. We 
therefore created a dataset of subtracted frames for 
our learners (Figure 2B). Furthermore, in order to 
increase the information about the mouse’s behavior 
in each frame, we created a dataset where we sub-

Figure 1: Software for hand classification of da-
taset. A) GUI that allows for interacting with the video 
file being classified. B) Sample classification text file 
output by the hand classification program 

 
Figure 2: Image pre-processing. A) Raw frame from a video 
of mouse locomotor behavior. B) The same frame with the pre-
vious frame subtracted. C) The same frame with an average of 
the previous five frames subtracted. D) HoG features extracted 
from the averaged subtracted frame. E) SIFT features extract-
ed from the non-averaged frame. F) SIFT features extracted 
from the averaged frame. 



tracted from each frame and average of the five pre-
ceding frames (Figure 2C). In this dataset, a moving 
mouse would leave a long trail behind it, contrasting 
greatly with a stationary mouse. Finally we created a 
mask for each frame centered on the behaving mouse 
that followed the mouse’s movement, further de-
creasing unnecessary aspects of our dataset. 
 
Classification of simple behavior 
 Though our ultimate aim in this project is to 
enable reliable automated classification of complex 
mouse behavior, we first wanted to test our project’s 
design on a simpler behavioral dataset. Attempting to 
automate classification of a simple, binary behavior  
would provide insight as to 1) whether we can classi-
fy behavior at all, and 2) which combinations of fea-
ture extraction and learning algorithms perform the 
best. We therefore chose to initially classify simple 
locomotor behavior in mice. Here, we used videos of 
single mice in an open field, generated by Piper 
Keyes in Xiaoke Chen’s lab (Figure 2A). After hu-
man classification of whether the mouse was moving 
or still, we extracted feature vectors in multiple ways. 
First, we used the averaged subtracted frames as fea-
ture vectors. From the OpenCV and Python libraries 
(including numpy and scikit-learn), we also utilized 
scale-invariant feature transformation (SIFT) and his-
togram of orientation gradients (HoG) to extract fea-
ture vectors from the averaged subtracted frames 
(Figure 2D, F). Finally, as SIFT is best at detecting 
hard edges, we also applied SIFT to the non-averaged 
subtracted frames which display sharper edges than 
the averaged subtracted frames (Figure 2E). As HoG  
produces a gradient of vectors across the entire image, 
we reasoned that the averaged subtracted frames 

would suffice. 
We then used our feature vectors to train on 

various learning algorithms. These include linear 
support vector machines (SVM), decision tree of 
depth 5, random forest of depth five and SVM with 
radial basis function (RBF) kernel, with the exception 
of pairing subtracted averaged frames with SVM with 
RBF kernel due to high computational cost that our 
computers couldn’t process. The first half of the clas-
sification text file was used for training data and the 
second half was used as holdout data. Error analysis 
(Table 1) revealed that, in general, our algorithms 
performed fairly poorly on this dataset. The majority 
of our results generated a test error worse than ran-
dom classification (0.5). This could result from a 
number of factors. First, our dataset was not very 
large. Furthermore, the video was only hand classi-
fied once by a single observer, which likely means it 
includes a substantial amount of human error. Addi-
tionally, we did not spend a relatively large amount 
of time tuning the various parameters of the feature 
extraction methods and learning algorithms. However, 
patterns did emerge from our results that suggested 
which combinations classify the behavior most suc-
cessfully. In particular, using SIFT without averaging 
frames to extract features and learning with either 
linear SVM or a decision tree resulted in somewhat 
high training error but a comparatively low test error. 
Additionally, HoG and the raw averaged subtracted 
frames performed well. We therefore chose to apply 
these four combinations to our complex behavioral 
dataset. 
 
Classification of complex behavior 

The complex behavioral assay from which 

 Subtracted averaged 
frames 

HoG with subtracted 
averaged frames 

SIFT with subtract-
ed averaged frames 

SIFT with subtracted 
non-averaged 

frames 
 Train Test Train Test Train Test Train Test 

Linear SVM 0.000 0.413 0.125 0.469 0.396 0.655 0.441 0.272 

Decision tree (depth = 5) 0.339 0.365 0.398 0.617 0.41 0.612 0.421 0.388 

Random forest (depth = 5) 0.338 0.573 0.331 0.645 0.42 0.629 0.461 0.698 

SVM with RBF kernel N/A N/A 0.497 0.764 0.290 0.620 0.154 0.554 

 
Table 1: Error analysis for classification of simple behavior. Errors generated by each combination of feature extracting method and 
learning algorithm when trained and tested on classifications of locomotor behavior in mice. 
 



our dataset arose was designed and carried out by 
Greg Nachtrab in Xiaoke Chen’s lab. In this para-
digm, the subject mouse has cohabitated with a cage 
mate for at least a year, resulting in a strong social 
bond between the two animals. During the experi-
ment, the cage mate is anesthetized and placed into 
the home cage with the subject mouse. We have ob-
served that, upon recognizing that its cage mate is 
still breathing but unable to be awoken, the subject 
mouse will generally display a constellation of pro-
social, “compassionate” behaviors towards their 
anesthetized cage mate (Figure 3). These behaviors 
include investigation, allogrooming (i.e. grooming 
another mouse), digging out space for building a new 
nest around the anesthetized mouse, building the new 
nest, and huddling. The mouse also engages in non-
social behaviors. In these videos, the mice tend to 
transition through the behaviors linearly. The mice 
initially (i.e. first 20-30 minutes) investigate and al-
logroom their cage mate, while later (i.e. last 20-30 
minutes) the mice will dig/build the nest and huddle. 
We therefore divided the classification text files, 
generated on two different videos, into quarters. 
From the first video, the first and third quarters were 

designated as hold-
out data. From the 
second video, the 
second and fourth 
quarters were desig-
nated as hold out 
data. This strategy 
ensures that both the 
training and holdout 
data contain a repre-
sentative sample of 
the entire range of 
classified behaviors. 

We used the 
four combinations 
of feature extractors 
and learning algo-
rithms described 
above on our dataset. 
Both the SIFT with 

non-averaged 
frame subtrac-
tion/linear SVM 
and the raw sub-

tracted 
frames/decision 

tree combinations 

produced similar training errors around ~0.2. The 
SIFT with non-averaged frame subtraction/decision 
tree combination performed more poorly, resulting in 
a training error of 0.352. The HoG/linear SVM com-
bination produced 0.0 training error, suggesting an 
overfitting of the model. Though these training errors 
are still relatively large, compared to the simple be-
havior dataset they are significantly better. Given the 
six different possible classes, random chance would 
result in ~0.83 error as compared to the 0.5 error in 
the previous binary dataset. Moreover, each pairing 
produces ~0.6 test error, which is still better than 
random and also better than some test errors pro-
duced on the simple dataset. 

Sources of error in this dataset are likely simi-
lar to those in the previous dataset. The behavior was 
again only hand classified by one observer with min-
imal duplicate classifications of specific frames. Ad-
ditionally, as mentioned previously, in order to im-
prove the speed at which the learning algorithms ran, 
we decrease the 
resolution of the 
videos. If we had 
maintained the 
videos at the orig-
inal resolution, 
the regained data 
may have further 
aided the learning 
algorithm. 
 
Conclusion 
 Our pro-
ject aimed to cre-
ate an automated 
behavior classifi-
cation software for mouse behaviors. We applied our 
selected feature extraction methods and learning al-
gorithms to simple behaviors (i.e. locomotion) before 
moving on to complex behaviors (i.e. social interac-
tion). From our learning on simple behaviors, we 
identified the most accurate combinations of feature 
extraction methods and learning algorithms: SIFT on 
non-averaged subtracted frames with linear SVM, 
SIFT on non-averaged subtracted frames with deci-
sion trees, HoG on averaged subtracted frames with 
linear SVM, and raw averaged subtracted frames 
with decision trees. We applied these four combina-
tions to our complex behavioral dataset and found 
that (whatever we end up finding).  

Figure 3: Complex social behaviors in 
mice. Representative images of the 
range of behaviors observed in our da-
taset. White arrows signify the subject 
mouse. Blue arrows represent the anes-
thetized cage mate. 
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Figure 4: Error analysis for classi-
fication of complex behavior. 
Across the four combinations of fea-
ture extractors and learning algo-
rithms, SIFT with linear SVM and the 
raw subtracted frames with decision 
tree performed the best. 



In the future, there are many optimizations we would 
like to apply to our program. First, the reliance of this 
program on human classification is a weakness that 
cannot be completely resolved. However, we plan to 
obtain hand classifications of video files from multi-
ple observers in order to decrease the impact of indi-
vidual observer bias currently present in the training 
data. Furthermore, our raw complex behavioral data 
can be optimized. The current method of data collec-
tion utilizes a single camera viewing the mice from 
one side of the cage. This leads to ambiguities when 
the subject mouse is behind the anesthetized mouse 
that are impossible for a human to classify with 100% 
accuracy and will therefore introduce noise into the 
training and test data. Including a second camera that 
records the mice from an orthogonal angle may alle-
viate this problem. For instance, if an observer comes 
to a point in the video where they cannot resolve with 
confidence what the mouse is doing, she can select 
the “no label” option until the behavior is clear again. 
Then, when watching the same behavior from the or-
thogonal camera angle, this behavior may become 
clear and classifiable. Thus, these ambiguous in-
stances in the behavior are more likely to receive an 
accurate classification. 

Additionally, though our errors generated cur-
rently are quite large, they are not completely inter-
pretable without comparing them to between observ-
er or even within observer error. In order to provide 
an improvement to current behavior classification 
methods, our program need only outperform human 
error. In order to address this, we would need to 
compare human classification of the same video by 
different observers or between two different classifi-
cation sessions within the same observer. This would 
be a simple addition to our program and would vali-
date its usefulness. 

Finally, due to lack of computational power 
and speed, we were unable to test every method of 
feature extraction we wanted to. We discovered that, 
at least for SIFT, using frame subtraction caused is-
sues during the simple behavior: when the mouse was 
completely still, the frame became entirely black and 
SIFT had no features to extract. We therefore rea-
soned that applying SIFT and HoG to the raw, unsub-
tracted frames might yield better results. Furthermore, 
vectorization of the pixels of each frame could also 
potentially serve as good feature vectors as they 
would contain many more sources of data (though 
likely also more noise). With a more powerful com-
puter, these possibilities could be tested. 
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